AutomaticRecognitionofGestures

DeanHarrisRubine

December,SubmittedinpartialfulfillmentoftherequirementsforthedegreeDoctorofPhilo=0A= sophyinComputerScienceatCarnegieMellon.

Thesis Committee:

Roger B. Dannenberg, Advisor

Dario Giuse

Brad William A. S. Buxton, University of TCop=0A= yright

c 1991 Dean Harris

Abstract

interfaces, which the user specifies commands by simplefreehand d= rawi=0A= ngs,

ofan alternative to traditionalkeyboard, menu, and direct manipulationinterfaces. to specify objects, an operation, and additional paramete= =0A= rs with a single intuitive gesture systems appealing to both novice and experienced users.

Unfortunatelythedifficultyingesture-basedsystemshaspreventedsuchsystemsbeing adequately explored. dissertation work that attempts to alleviate two of difficulties: construction of gesture classifiers and the integration of gestures into manipul=0A= ation interfaces. example gesture-based were built to demonstrate this

Gesture-b=0A= ased systems require classifiers to distinguish between possible gestures a user

may enter. past, classifiers have often been hand-coded for each = new application, making

difficult to change, and maintain. dissertation applies elementary statistical recognition techniques to gesture classifiers that are trained by example, simplifying

their creation and Bothsingle-pathgestures(drawnwithamouseorstylus)a= nd

gestures(consistingofthesimultaneo=0A= uspathsofmultiplefingers)maybeOna 1MIPS workstation,a 30-classsingle-pathtakes175millisecondstotrainthehavebeenentered),andclassificationtakes9millisec= onds=0A= ,typicallyachieving97%

accuracy. method for classifyinga gesture as soon as it is unambiguousalsoThis dissertationalso describes GRANDM=0A= A, a toolkit for building gesture-based based onSmalltalk’s Model/View/ControllerUsin=0A= g GRANDMA, one associates sets gesture with individual views or entire view classes. gestur=0A= e class can be specified at

by entering a few examples of the class, typically 15. seman=0A= tics of a gesture class can specified at runt=0A= ime via a simple programming interface. for easy with gesture-based GRANDMA sports a novel input architecture, capable of su= ppor=0A= ting

input devices and multi-threaded dialog=0A= ues. The notion of virtual tools and feedback are shown to arise naturally from s approach.

ii

Acknowledgments

andIwishtoexpressmyenormousgratitudetomy,RogerDannenberRoger was always there I needed him, never failing to come up with a idea. In

I should have availed mysel=0A= f more than I did. In his own work, Roger always ad= dres=0A= ses

fundamental problems, and his solutions alwa=0A= ys simple and elegant. try to follow Roger ’example in my own work, usually falling far short. Roger, thank you for your insight and example. Sorry for taking so I was incredi=0A= bly lucky that Brad Myers showed up at CMU while I = was working on this His seminar on user inte=0A= rface software gave me the knowledge and breadth I to approach problem of software architectures for gesture-based Furthermore, his extensive on drafts of this document improved it immenselyof the merit in this work is due to him.

Thank you, Brad. am also grateful to Bill Buxton and Dario Giuse, both of whom criticism and excellent suggestions during the course thi=0A= s It was Paul McAvinney’s influence that led me to my thesis topic; had I never met him, would have been a dissertation on compiler technolog=0A= y. is an inexhaustible source of ideas,

and this thesis is really the second idea Paul’s that I’ve spent multiple years pursuing. Paul’s ideas could easily be the life’s of hundreds of researchers. Paul, you madman

My wife Ruth Sample deserves much of the credit for the existence of this She me immeasurably, fed me and clothed me, mad=0A= e me laugh, motivated me to finish, tolerated me the whole Honey, I love Thanks for I could not have done it with the love and support of my parents, Shirley Stanley, my Scott, my uncle Donald, my grandma Bertha. years they encouraged me be a doctor, they were not the least dismayed when they found out the kind of doctor I wa= nted to be. They

even balked when another year ” turned out to be six. folk=0A= s, you’re the best. I

you all very My friends Dale Amon, Josh Bloch, Blaine Paul Crumley, Ken Goldberg, Klaus Keim, Charlie Krueger, Kenny Nail, Eric Nyberg, Pearlmutter, Todd Rockoff, TNeuendorfferMarie-Helene Serra, Ellen Siegal, Kathy Swedlow, Paul Vranesevic, Peter Velikonja,

BradWhiteallhelpedmeininnumerableways,fromtechnicalassis= tanc=0A= etomakinglifeworth

living. and Klaus deserve special thanks for all the time and aid given me over the

years. Mark Maimone John Howard provided valuable criticism which helped me for my oral examination. I am grateful to you all.

wishtoalsothankmydogDisma=0A= l,whowaspresentatmyfeetduringmuchoftheimplementation,andwritingefforts,andwhoonallopinions. Dismal, however, object=0A= s to this dissertation’s focus on human I also wish to acknowledge the excellent environme=0A= nt that CMU Computer Science none of work would have been possible without their In particular, I’d like to Nico Habermann and the faculty for supporting my work for so long, my dear friends Burks, Sylvia Berry, Edith Colme=0A= r, and Cathy Copetas.

Contents

1 Introduction 1.1 An Example Gesture-based Application : : : : : : : : : : : : : : : : : : : 2

1.1.1 from the user’s perspe=0A= ctive : : : : : : : : : : : : : : : : : : : : 2

1.1.2 GRANDMA to Design GDP’s Gestures : : : : : : : : : : : : : 4

1.2 Glossary : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : = :7

1.3 Summary of Contributions : : : : : : : : : : : : : : : : : : : : : : : : : : : 8

for Gestures : : : : : : : : : : : : : : : : : : : : : : : : : : : :9

1.5 Primitive Interactions : : : : : : : : : : : : : : : : : : : : : : : : : : : : 12

1.6 Anatom=0A= y of a Gesture : : : : : : : : : : : : : : : : : : : : : : : : : : : : 12

1.6.1 Gestural motion : : : : : : : : : : : : : : : : : : : : : : : : : : : 12

1.6.2 meaning : : : : : : : : : : : : : : : : : : : : : : : : : : : 1.7 Gesture-based systems : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 14

1.7.1 four states of int=0A= eraction : : : : : : : : : : : : : : : : : : : : : : 15

1.8 Comp=0A= arison with Handwriting Systems : : : : : : : : : : : : : : : : : : : 1.9 Motivation for this Research : : : : : : : : : : : : : : : : : : : : : : : : : : 17

1.10 for Gesture-ba=0A= sed Systems : : : : : : : : : : : : : : : : : : : : : : : Meaningful gestures must be specifiable : : : : : : : : : : : : : : : : : 1.10.2 Accurate recognition : : : : : : : : : : : : : : : : : : : : : : : : : 18

1.10.3 Evaluation of : : : : : : : : : : : : : : : : : : : : : : : : : 19

Ef=0A= ficient recognition : : : : : : : : : : : : : : : : : : : : : : : : : : :19

1.10.5 On-line/real-time recognition : : : : : : : : : : : : : : : : : : : : : 19

1.10.6 quantitative appl=0A= ication interface : : : : : : : : : : : : : : : 19

1.10.7 feedb=0A= ack : : : : : : : : : : : : : : : : : : : : : : : : : : 1.10=0A= .8 Context restrictions : : : : : : : : : : : : : : : : : : : : : : : : : 20

1.10.9 Efficient training : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

Good handling of misclassifications : : : : : : : : : : : : : : : : : : 1.10=0A= .11 Device independence : : : : : : : : : : : : : : : : : : : : : : : : :20

1.10.12 Device utilization : : : : : : : : : : : : : : : : : : : : : : : : : : 21

1.11 Outline : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : = :21

1.12 What Is Not Covered : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 22 vi CONTENTS

2 Work 25

2.1 Input Devices : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : Example Gesture-based Systems : : : : : : : : : : : : : : : : : : : : : : : : :28

2.3 for Gesture Classification : : : : : : : : : : : : : : : : : : : : : 34

2.3.1 Representers : : : : : : : : : : : : : : : : : : : : : 35

Altern=0A= atives for Deciders : : : : : : : : : : : : : : : : : : : : : : : : 37

2.4 Direct Manipulation Architectures : : : : : : : : : : : : : : : : : : : : : : : 41

2.4.1 Toolkits : : : : : : : : : : : : : : : : : : : : : : : : : 43

Statistical Single-Path Gesture Recognition 47

Overvi=0A= ew : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 47

3.2 Single-path Gestures : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : Features : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 49

3.4 Classification : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3.5 Classifier Training : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 55

the linear classifier : : : : : : : : : : : : : : : : : : : : : : : 3.5.2 Estimating the parameters : : : : : : : : : : : : : : : : : : : : : : 58

3.6 Rejection : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3.7 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 61

3.7.1 The : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3.7.2 Training considerations : : : : : : : : : : : : : : : : : : : : : : : 63

3.7.3 The covariance : : : : : : : : : : : : : : : : : : : : : : : : : 63

Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 65

4 Eager Recognition 4.1 Introduction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 67

4.2 of the Algorithm : : : : : : : : : : : : : : : : : : : : : : : : : 68

4.3 Incomplete Subgestures : : : : : : : : : : : : : : : : : : : : : : : : : : : 69

4.4 First Attempt : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : :71

4.5 Constructing the Recognizer : : : : : : : : : : : : : : : : : : : : : : : : : : 72

4.6 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 76

4.7 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 78

Multi-Pa=0A= th Gesture Recognition 79

5.1 racking : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 79

5.2 Path Sorting : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 5.3 Multi-path Recognition : : : : : : : : : : : : : : : : : : : : : : : : : : : : 83

5.4 Ta Multi-path Classifier : : : : : : : : : : : : : : : : : : : : : : : : 5.4.=0A= 1 Creating the statistical classifiers : : : : : : : : : : : : : : : : : : : = :85

5.4.2 Creating the decision tree : : : : : : : : : : : : : : : : : : : : : : : 86

5.5 Features and Global Features : : : : : : : : : : : : : : : : : : : : : : : 5.6 A Further Improvement : : : : : : : : : : : : : : : : : : : : : : : : : : : 87

5.7 Alternate Approach:PathClustering : : : : : : : : : : : : : : : : : : : : : 88

CONTENTS vii

5.7.1 feat=0A= ures without path sorting : : : : : : : : : : : : : : : : : : : 88

recognition using one single-path classifier : : : : : : : : : : : Clustering : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 89

5.7.4 the decision tree : : : : : : : : : : : : : : : : : : : : : : : 92

5.8 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : :93

5.9 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 94

Architecture for Direct Manipulation 95

6.1 Motivation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 95

6.2 Overview : : : : : : : : : : : : : : : : : : : : : : : : : : : : 6.2.1 An example: pressing a switch : : : : : : : : : : : : : : : : : : : : 96

6.2.2 Tools : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 6.3 Objective-C Notation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 99

6.4 Two Hierarchies:: ::: ::: :: ::: ::: :: ::: ::: :: ::: :: 6.5 Models : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 101

6.6 Views : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : = :103

6.7 Event Handlers : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : Events : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 105

6.7.2 Raising an Event : : : : : : : : : : : : : : : : : : : : : : : : : : : : 106

Acti=0A= ve Event Handlers : : : : : : : : : : : : : : : : : : : : : : : : : : 107

6.7.4 The View Database : : : : : : : : : : : : : : : : : : : : : : : : : 109

6.7.5 Passive Event Handler Search Continues : : : : : : : : : : : : : 110

6.7.6 Handlers : : : : : : : : : : : : : : : : : : : : : : : : 6.7.7 Semantic Feedback : : : : : : : : : : : : : : : : : : : : : : : : : = :113

6.7.8 Generic Event Handlers : : : : : : : : : : : : : : : : : : : : : : : : 115

6.7.9 Drag Hand=0A= ler : : : : : : : : : : : : : : : : : : : : : : : : : : : 6.8 Summary of GRANDMA : : : : : : : : : : : : : : : : : : : : : : : : : : 120

7 Recognizers in GRANDMA 125

7.1 A Note on Terms : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 7.2 Gestures in MVC systems : : : : : : : : : : : : : : : : : : : : : : : : : : 126

7.2.1 and the VClass Hierarchy : : : : : : : : : : : : : : : : 126

7.2.2 the View Tree : : : : : : : : : : : : : : : : : : : : : : 7.3 The GRANDMA Gesture Subsystem : : : : : : : : : : : : : : : : : : : : :128

7.4 Gesture Event Handlers : : : : : : : : : : : : : : : : : : : : : : : : : : : 130

7.5 Clas=0A= sification and Training : : : : : : : : : : : : : : : : : : : : : : 139

7.5.1 Class Gesture : : : : : : : : : : : : : : : : : : : : : : : : : : : 139

7.5.2 Class Gestur=0A= eClass : : : : : : : : : : : : : : : : : : : : : : : : Class GestureSemClass : : : : : : : : : : : : : : : : : : : : : : 141

7.5.4 Class Classifier : : : : : : : : : : : : : : : : : : : : : : : : : : 142

7.6 Gesture Handlers at Runtime : : : : : : : : : : : : : : : 145

7.7 Semantic=0A= s : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 148

7.7.1 Gesture Semantics Code : : : : : : : : : : : : : : : : : : : : : : : : 148 viii CONTENTS

7.7.2 User Interface : : : : : : : : : : : : : : : : : : : : : : : : : : : : 150

7.7.3 Interpreter Implementation : : : : : : : : : : : : : : : : : : : : : : = :156

7.8 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 162

8 Application=0A= s 163

8.1 GDP : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 8.1.1 GDP’s gestural interface : : : : : : : : : : : : : : : : : : : : : : : : 164

8.1.2 GDP Implementation : : : : : : : : : : : : : : : : : : : : : : : : : 164

8.1.3 Models : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 166

8.1.4 Views : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 166

8.1.5 Handlers : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 167

8.1.6 Gestures in GDP : : : : : : : : : : : : : : : : : : : : : : : : : : : : 168

8.2 GSCORE : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 170

8.2.1 brief description of the interface : : : : : : : : : : : : : : : : : : : : 170

8.2.2 and : : : : : : : : : : : : : : : : : : : : : : 173

8.3 MDP : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : :181

8.3.1 Internals : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 181

8.3.2 ges=0A= tures and their semantics : : : : : : : : : : : : : : : : : : : : 8.3.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 193

8.4 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 194

Evaluation 195

9.1 single-path recogni=0A= tion : : : : : : : : : : : : : : : : : : : : : : : : : : 9.1.1 Recognition Rate : : : : : : : : : : : : : : : : : : : : : : : : : : : 195

9.1.2 Rejection parameters : : : : : : : : : : : : : : : : : : : : : : : : : : 201

: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 205

9.1.4 Varying orientation and size : : : : : : : : : : : : : : : : : : : : : : 205

9.1.5 variabili=0A= ty : : : : : : : : : : : : : : : : : : : : : : : : : : 9.1.6 Recognition Speed : : : : : : : : : : : : : : : : : : : : : : : : : : : = :213

9.1.7 Training Time : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9.2 recognition : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 218

9.3 Multi-finger recognition : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9.4 GRANDMA:::::::::::::::::::::::::::::::::= :222

9.4.1 author’s experience GRANDMA : : : : : : : : : : : : : : : 222

9.4.2 user uses GSCORE GRANDMA : : : : : : : : : : : : : : : : 223

10 and Directions 225

10.1 Contributions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 225

10.1.1 New interactions techniques : : : : : : : : : : : : : : : : : : : : : : 225

10.1.2 T: : : : : : : : : : : : : : : : : : : : : : : : : 226

Integrating gestures into interfaces : : : : : : : : : : : : : : : : : : : : 10.1.4 Input in Object-Oriented User Interface Toolkits : : : : : : : : : : : : : : 10.2 Future Directions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 228

CONTENTS ix

10.3 Remarks : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : = :233

A for Single-Stroke Gesture Recogn=0A= ition and Training 235

A.1 Calcul=0A= ation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 235

A.2 and Using the Linear Classifi=0A= er : : : : : : : : : : : : : : : : : : : : : 243

A.3 functi=0A= ons : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 255 x CONTENTS

List of Figures

Proofreader ’s Gesture (from Buxton [15]) : : : : : : : : : : : : : : : : : : : 1

1.2 GDPagesture-baseddrawingprogram : : : : : : : : : : : : : : : : : : : : 2

1.3 GDP’s View class hierarchy and associated gestures : : : : : : : : : : : : : 4

Manip=0A= ulating gesture handlers at runtime : : : : : : : : : : : : : : : : : : : 5

1.5 Adding examples of the delete gesture : : : : : : : : : : : : : : : : : : : : 5

1.6 Finder, MacD=0A= raw, and MacWrite (from Apple [2]) : : : : : : : : : : 10

2.1 Frame : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : :27

2.2 DataGlove, Dexterous Hand Masterand PowerGlove (from Eglowstein [32]) 2.3Proofreading symbols (from Coleman [25]) : : : : : : : : : : : : : : : : : :28

2.4 gestures (from Buxton [21: : : : : : : : : : : : : : : : : : : : : : : 29

2.5 (from Minksy [86]) : : : : : : : : : : : : : : : : : : : : : : : : 30

2.6 gesture-based spreadsheet (from Rhyne Wolf [109]) : : : : : : : : : : 30

2.7 flowchart : : : : : : : : : : : : : : : : : : : : : : : : 31

2.8 langu=0A= age recognition (from Tamura [128]) : : : : : : : : : : : : : : : : 32

2.9 a group of objects in GEdit (from Kurt=0A= enbach and Buxton [75]) : : : : : 33

2.10 GloveT(fromFelsandHinton::::::::::::::::::::: 33

2.11 PenPoint gest=0A= ures (from Carr [24]) : : : : : : : : : : : : : : : : : : : : Shaw’s Picture Description Language : : : : : : : : : : : : : : : : : : : : = :39

3.1 Some example gestures : : : : : : : : : : : : : : : : : : : : : : : : : : : 48

calculation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : = :51

3.3 Feature vector computation : : : : : : : : : : : : : : : : : : : : : : : : : : 54

3.4 Tdifferent gestures with identical feature vectors : : : : : : : : : : : : : : : 3.5 A potentially troublesome gesture set : : : : : : : : : : : : : : : : : : : : 64

4.1 recognition : : : : : : : : : : : : : : : : : : : : : : : : : : 68

Incompl=0A= ete and complete subgestures of U and D : : : : : : : : : : : : : : : : : 70

4.3 first attempt at determining ambiguity of subgestures : : : : : : : : : : 71

4.4 Step 1: complete and incomplete sets : : : : : : : : : : : : : : : 73

Step2: Moving accidentally complete subgestures : : : : : : : : : : : : : : : 75

4.6 complete subgestures have been : : : : : : : : : : : : : : : 76

4.7 Step 3: Building the AUC : : : : : : : : : : : : : : : : : : : : : : : : : : : 76 xii LIST OF FIGURES

Step 4: Tweaking the classifier : : : : : : : : : : : : : : : : : : : : : : : : : 77

4.9 of subgesture=0A= s of U and D : : : : : : : : : : : : : : : : : : : : : Some multi-path gestures : : : : : : : : : : : : : : : : : : : : : : : : : : 80

5.2 in path sorting : : : : : : : : : : : : : : : : : : : : : : : : : 82

Class=0A= ifying multi-path gestures : : : : : : : : : : : : : : : : : : : : : : : : :84

5.4 Path Clusters : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 91

GRANDMA’s Architecture : : : : : : : : : : : : : : : : : : : : : : : : : : = :97

6.2 The Event Hierarchy : : : : : : : : : : : : : : : : : : : : : : : : : : : : 7.1 ’s gesture subsystem : : : : : : : : : : : : : : : : : : : : : : : : 129

7.2 Passive Event Handler Lists : : : : : : : : : : : : : : : : : : : : : : : : : 146

7.3 Gesture Event Handler : : : : : : : : : : : : : : : : : : : : : : : : : : : : 147

7.4 Window of examples of a gesture class : : : : : : : : : : : : : : : : : : : : : 147

7.5 interpreter window editing gesture semantics : : : : : : : : : : : : : 152

7.6 empty and a selector browser : : : : : : : : : : : : : : : : : : : Attributes to use in gesture semantics : : : : : : : : : : : : : : : : : : : : 154

8.1 GDP gestures : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : GDP’s class hierarchy : : : : : : : : : : : : : : : : : : : : : : : : : : : : 165

8.3 GSCORE’cursor : : : : : : : : : : : : : : : : : : : : : : : : : : : : GSCORE’s palette menu : : : : : : : : : : : : : : : : : : : : : : : : : : : : 171

8.5 GSCORE gestures : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : A GSCORE session : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 174

8.7 GSCORE’class : : : : : : : : : : : : : : : : : : : : : : : : : : : : 8.8 example MDP session : : : : : : : : : : : : : : : : : : : : : : : : : : = :182

8.9 MDP internal structure : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 184

gestures : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 189

9.1 gesture classes used for evaluation : : : : : : : : : : : : : : : : : 196

9.2 rate vs. number of classes : : : : : : : : : : : : : : : : : : : : : 9.3 Recognition rate vs. training set size : : : : : : : : : : : : : : : : : : : : : : 197

9.4 GSCORE : : : : : : : : : : : : : : : : : : : : : : : : : 199

9.5 corner : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 200

9.6 Rejection parameters : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9.7 Countingcorrect and incorrect rejections : : : : : : : : : : : : : : : : : : : : 203

9.8 Correctly classified gestures with d

2 � 90 : : : : : : : : : : : : : : : : : : : Correctly classified gestures with

P � :95 : : : : : : : : : : : : : : : : : : : Recognition rates for various gesture sets : : : : : : : : : : : : : : : : : : = :206

9.11 used to study variable size and orientation : : : : : : : : : : : : : : : : 207

9.12 rate for set containing classes that vary : : : : : : : : : : : : : : 208

Mistak=0A= es in the variable class test : : : : : : : : : : : : : : : : : : : : : : = :209

9.14 Tprogram (user’s gestu=0A= re not shown) : : : : : : : : : : : : : : : : : : 209

LIST OF FIGURES xiii

PV’s misclassified gestures (author’s set) : : : : : : : : : : : : : : : : : : : 211

9.16 PV’s gesture : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 212

9.17 performance of the eager on easily understood data : : : : : : 219

9.18 performance of the eager recogniz=0A= er on GDP gestures : : : : : : : : : : : 220

9.19 PV’s task : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 223

9.20 PV’s result : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 223 xiv LIST OF FIGURES

List of Tables

Speedofvariouscomputersusedfortesting : : : : : : : : : : : : : : : : : : 214

9.2 Speed of feature calculation : : : : : : : : : : : : : : : : : : : : : : : : : 214

9.3 of Classifi=0A= cation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 215

9.4 Speed of classifier training : : : : : : : : : : : : : : : : : : : : : : : : : : : 217 xvi LIST OF TABLES to Grandma Bertha xviii LIST OF TABLES

Introduction

naturally use hand motions to communicate with othe=0A= r people. This dissertation explores use human gestures to communicate with House [122] defines “gesture” as “the movement the body, head, arms, hands, face that expressive of an idea, opinion, emotion, is a rather general definition, well what is generally thought of as gesture. mig=0A= ht eventually be possible computer vision for machines to interpret gestures, as defined above, in = real time. Currently an approach is well beyon=0A= d the state of the art in computer Becaus=0A= e of this, the term “gesture” usually has a restr= icte=0A= d connotation when used in the context

human-c=0A= omputer interaction. gesture refers to hand markin=0A= gs, entered with a stylus mouse, which to indicate scope and commands [109]. gives a fine reproduced here as 1.1. this dissertation, such gestures are to as single-path

Recentlyinput devices able to track the paths of multiple fi= nger=0A= s have come into use. The

Frame ] and the DataGlove [32, 130] are two The human-computer interaction

has extended the use of the term “gesture” to refer hand motions used indicate commands and entered via such multiple finger input are referred to

here as multi-path gestures.

than defining gesture more precisely at this point, the following section describes

Figure 1.1: Proofreader ’Gesture (from Buxton [15])

2 CHAPTER 1.

Figure 1.2: GDPagesture-b=0A= aseddrawingprogram

applicationwithagestu=0A= ralinterface. more technical definition of will be

presented in section 1.6.

An Example Gesture-based Application

GRANDMA a toolkit used to create gesture-based systems. was built by the author and described in detail in the pages that follow. was used to crea=0A= te GDP, a drawing editor based on DP [42]. provides for the and manipulation of lines,

ellipses, text. this section, GDP is used as an gesture-based system.

GDP’operation is first, followed by a description of how GRANDMA was = used to create

GDP’s gestural interface.

GDP from the user’s perspective

GDP’operation from a user’s point of view will now described. (GDP’s design and is presented in detail in Section 8.1.) is to give the reader a concrete example a ges=0A= ture-based system before embarking on a general of such systems. Furthermore,

description GDP serves to illustrates many of GRANDMA’capabi=0A= lities. A new technique, which gesture and direct manipulation in a single is also introduced

in the description.

1.1. EXAMPLE GESTURE-BASED APPLICATION 3

1.2 shows some snapshots of in action. first started, GDP presents the user

with a blank window. (a) the rectangle gesture being entered. is drawn

like an “L.” 1 The user begins the gesture by positioning the mouse and pressing a button. The user then the gesture by moving the The gesture shown on the screen as is being entered. techni=0A= que is called inking [109and provides valua=0A= ble feedback to the user. the figure, is shown with dotted lines so the gesture may be distinguished from the objects in the GDP, the inking is done solid and disappears as soon as the gesture has been recogni= zed.

The end of the rectangle gesture is in one of two ways. the user simply the mouse button immediately after drawing “La rectangle is created, one corner of which is the start of the gesture (where the button was pressed), with the opposite corner at the end the gesture (where the button was way to end the gesture is to stop moving mou=0A= se for a given amount of time (0.2 seconds works wel= l), while still pressing the mouse In this case=0A= , a rectangle is created with one corner at the of the gesture, and the opposite at the cur=0A= rent mouse location. long as the button is that corner is dragged by the enabling size and shape of the rectangle to be determined inter= acti=0A= vely.

(b)offigure1.2showsrectanglethathasbeencreatedandtheellipsegestur=0A= e. This

creates an ellipse with center at the start of the gesture. point on the ellipse tracks mouse after the gesture has bee=0A= n recognized; this gives the user interactive control the size and

eccentricity of the Panel (c) shows the created ellipse, and a line gesture. to the rectangle and the ellipse, start of the gesture determines one endpoint the newly created line, and the mouse position after the gesture has been recognized determines the other en= dpoi=0A= nt, allowing the line to be Panel (d=0A= ) shows all three shapes being encircled by a pack gesture. This gesture packs all objects which it encloses into a single composite which can then be manipulated as

a Panel (e) shows a copy gesture being made; the composi=0A= te object is copied and the copy dragged the mouse.

Panel (f) shows the gesture. object is made to rotate around the point of the gesture; a point on the is dragged by the mouse, allowing the user to determine the size and orientation of the object.

Panel (g) shows the delete gesture, essentiall=0A= y an “X” drawn with a single stroke. object the gesture start is deleted, as shown in pan=0A= el This brief description of GDP a number of features of gesture-based the most striking feature is that each gesture corresp=0A= onds to a high-level operation. The class of gesture determines the operation; attributes of the determine its scope (the operands) any addition=0A= al parameters. For example, the delete gesture spec=0A= ifies the object to be deleted, the

pack ges=0A= ture specifies the objects to be combined, and the lin=0A= e gesture specifies the endpoints the line.

1 It is often convenient to describe single-path gestures as if they were handwr= itte=0A= n letters. This is not meant to gesture-based systems can only recognize alphabetic or even that they usually recognize alphabetic symbols.

The many ways in which gesture-based systems are disti=0A= nct from handwriting-recognition systems will be in

section 1.8.

4 CHAPTER 1.

Figure 1.3: GDP’s View cla=0A= ss hierarchy and associated gestures

A period indicate=0A= s the first point of each gesture.

It possible to control more than positional parameters ges=0A= tural attributes. For one version of GDP uses the length (in pixels) of the line to control the thickness of the new

how gesturing and direct manipulation are combined a new two-phase interaction

technique. phase, the collection of the gesture, ends when the stops moving the mouse

holding the that time, the gesture is recognized and a of parameters to

application command are determi=0A= ned. recognition, a manipulation phase is which the user can control additional parameters interactively.

additiontoitsgesturalint=0A= erface,GDPprovidesamoretraditionalclick-and-dragThisismainlyusedtocomparethetwoofinterface,andisfurtherdiscussedinSection8.1.

Thegesturalinterfaceisgraftedontopoftheclick= -and=0A= -draginterface,aswillbexplainednext.

Using GRANDMA to Design GDP’s Gestures

the current work, the gesture designer creates gestural interface to an application out of existi=0A= ng click-and-drag interface to the application. the click-and-drag interface and application are using the object-oriented toolkit GRANDMA. designer only

the way input is leaving the output mechanisms A system buil=0A= t using GRANDMA utilizes the object-oriented programming pa= radi=0A= gm to resent windows and the graphics displayed in windows. example, figure 1.3a shows

GDP’s View class hierarchy.

This hierarchy shows the relationship of the classes c= on=0A= cerned output. The task of the gesture is to determine which of these classes are to have a= ssoc=0A= iated

and for each such view class, design a set of gestures that intuitively expresses to

allowable operations on the view. shows the sets of gestures associated with GDP’GraphicObjectView and GdpTopView GraphicObjectView collectively

2 expositional purposes, the hierarchy shown a simplified version of the actual hierarchyof the that follow have also been simplifie=0A= d. Section 8.1 tells the truth in gory detail.

1.1. EXAMPLE GESTURE-BASED APPLICATION 5

Figure 1.4: gesture han-

dlers at

Figure 1.5: examples of the

delete gesture

to the line, rectangle, and ellipse shapes, while GdpTopView represent=0A= s the window in

which GDP GRANDMAisaModel/View/Controller-likesystem[70]. GRA=0A= NDMA, an input event

(a in MVC terms) may be associated with a view class, = and thus shared all instances of the class (i=0A= ncluding instances of subclasses). adds while a major overhead of Smalltalk MVC, where one or more controller objects are associated each

view object that expects gesture designer adds gestures to GDP’s initial click-a= nd-d=0A= rag interface at runtime. The

step to create a new gesture handler and associate it GraphicObjectView class,

done using GRAND=0A= MA. 1.4 shows the gesture handler window a number of

have been created the “new class” button), and figure 1.5 shows window in which

examples of the delete gesture have been entered. examples of each class typically

suffice. a gesture to vary in size and/or orientation, the examples reflect Clicking on the “Semantics” butto=0A= n brings up a window that the designer uses to semantics of each gesture in the handlers set. window is a structured editing and browsi=0A= ng

to a simple Objective-C [28] interpr=0A= eter, and the designer enters three expressions: recogevaluated when the gesture is first recognize=0A= d; manip, evaluated on subsequent mouse points; and

doneevaluated when the mouse button released. In this case, the delete semantics simpl=0A= y

the mouse cursor to a delete , providing feedback to the user, and then delete view

at which the gesture was aimed. expr=0A= essions entered are 3

3 Objective C syntax is used throughout. [view delete] sends the delete to the obj=0A= ect referred to

by the variable view. [handler mousetool:DeleteCursor] sends the mousetool: message to the referred to by variable handler the value of the variable DeleteCursor as an argument. Section 6.3

for more information on Objective C notation.

6 CHAPTER 1. INTRODUCTION

rec=0A= og =3D [_Seq :[handler :[view delet=0A= e]];

manip =3D nil;

done =3D nil;

designer may now immediately try out the delete gestur=0A= e, as in figure The designer repeats the pro=0A= cess to create a gesture handler for the set of gestu= res associated

with class GdpTopView, the view that refers to the window in which GDP runs. deals with the gestures that create graphic objects, the pack gesture (which creates a set out the enclosed graphic objects), the dot gesture (which repeats the last command), and the also han=0A= dled by GraphicObjectView’ s gesture handler when made at a GdpTopView

change the cursor with=0A= out operating directly on a graphic The attr=0A= ibutes of the gesture are directly available for use the gesture semantics. For the of the line gesture are:

=3D :[handler mousetool:LineCursor]

:[[view setEndpoint:0 x:<startX> manip =3D setEndpoint:1 x:<currentX> done =3D nil;

semantic expressions execute in a rich environ=0A= ment in which, for example, view is the view at which the gesture was directed (in cas=0A= e a GdpTopView) and handler is to the current gesture handler

. Note that Seq executes its arguments sequentially

, returning value of the last, in this case the newly created l= ine. This is bound to recog for later use in the

manip expression.

example shows the gesture attributes, shown in angle brackets, are use= ful in the semantic

expressions. The attributes <st=0A= artX> and <startY>, coordinates of the fir=0A= st point in gesture, are used to determine endpoint of the line, while <currentX> and <currentY>the mouse coordinates, determine the other Many other gesture attributes are useful in seman=0A= tics. The line semantics could be to control the thickness of the line from the speed or total path length of the gesture.

The rectangle semantics could use the initial angle of rectangle gesture to determine the

of the rectangle. The attribute <enclosed> is espe=0A= cially noteworthy: it contains list of enclosed by the gesture and is used, for example, the pack gesture (figure When the semantics can simulate input to the click-and-drag i= nter=0A= face, rather than

directly with applicati=0A= on objects or their views, as shown the first point of a gesture is over more than gesture-handling view

, the of the set gestures recognized by each handler is used, with given to the foremost

views. example, gesture made at a GDP GraphicObjectView is made

over the GdpTopView. A delete gesture made at a graphic object would be handled by the GraphicObjectView while a line at the same place would be handled by the

GdpTop=0A= View. union also occurs when gestures are (c=0A= onceptually) inherited via the class hierarchy

. example, the gesture designer might create a new gesture handler for the

GobjSetView class conta=0A= ining an unpack gesture. set of gestures reco=0A= gnized by

1.2. GLOSSAR Y 7

s would then consist of the unpack gesture well as the five gestures handled by

GraphicObjec=0A= tView.

1.2 Glossary

defines and clarifies some terms that will be thr=0A= oughout the dissertation. It safely be skippe=0A= d and referred back to as needed. of the terms (click, drag) have their common

in human-computer interaction community

, while others move, drop) are given

definitions solely for use here.

class this “class” is used in two ways. class” refers to a set of gestures of which intended to be treated the same, for example, the of delete gestures. (In the names of gesture classes will be shown in serif typeface.) The job a gesture rec=0A= ognizer is, given an example gesture, to determine its = clas=0A= s (see also “Class” is used in the object-oriented sense, referring to the (loosely speaking) of a

software should be clear from context which of these meanings intended.

click click consists of positio=0A= ning the mouse cursor and then pressing and releasing mouse

button, with no intervening mouse In the Macintosh, a click is generally used select an object on the screen.

click-and-dragclick-and-drag interfaceisadirect-manipulation inter=0A= faceinwhichobjectsthe screen are upon using mouse clicks, drags, and sometimes double-click= s.

direct manipulation interface is one in which the user manipulates a representation of the underlying data by at and/or moving them with an such as a mouse with buttons.

double-click A double-click is two clicks in rapid drag drag consists of locating the mouse cursor and pressing the mouse button, moving cursor while holding the mouse button, and then the mouse button. Drag

are used in click-and-drag interfaces to, for example, move objects a= roun=0A= d on the

screen.

drop part of a drag (or click) interaction in which mou=0A= se button is released.

eager recognition kind of gesture recognition in which gestures are recognized without end of the gesture to be explicitly signaled. Ideally an eager recogniz=0A= er will a gesture as soon as enough it has been seen to determine its class .

gesture a freehand used to indicate a command and all its De-

on context, the term maybe used to refer to an example gesture or a class of e.g. “a delete gesture” means an example gestur=0A= e belonging to the class of delete Usually “gesture” refers to the part of the intera= ctio=0A= n up until the input is recognized as one

8 CHAPTER 1. INTRODUCTION

a number of possible gesture classes, but sometimes the= entire interaction (which a manipulation phas=0A= e after recognition) is referred to as a move component of drag interaction during the mouse is moved while a mouse is down. is the presence of a move that distinguishe=0A= s a click from a drag.

multi-path multi-pa=0A= th gesture is one made with an input device that more than one to be indicated simultaneously (multiple pointers). may make multi-path with Sensor Frame, a multiple-finger touch or a DataGlove, to name a few such devices.

off-l=0A= ine an algorithm to be a sequence operations, an off-line algorithm is one examine=0A= s subsequent operations before producing output for the c= urre=0A= nt operation.

on-line on-line algorithm one in which the output of an operation is produced = befo=0A= re any

subsequent operations are read.

pick initial part of a drag (or click) interactio=0A= n consisting of positioning the mouse cursor the desired location and pressing a mouse button.

press refers to the pressing of a mouse real-time real-time algorithm is an on-line algo=0A= rithm in which each operation is processed bounded by a constant.

release the releasing of a mouse button.

segment segment is an approximately linear portion of a For example, the letter “L

” two segmen=0A= ts, one vertical and one horizontal.

single-path single-path gesture is one drawn by an input device, such as a mouse or capable of only a single point over time. single-path may consist multiple strokes (like the character “X”).

single-str oke gesture is a single-path gesture that is one Thus drawing “L is a single-stroke gesture=0A= , while “X” is not. this dissertation only single-path considered are gestures.

stroke stroke is an curve made by a single movement of a pen, stylus, mo= use, or other

instrument. Generally strokes and end with explicit user actions (e.g. , up, mouse button down/mouse button up).

1.3 Summary of Contributions

dissertat=0A= ion makes contributions in four areas: interaction techniques, new algorithms gesture recognition, new way of integrating gestures into user interfaces, a new for input in object-oriented toolkit=0A= s.

1.4. MOTIV

ATION FOR GESTURES 9

first new interaction technique is the two-ph=0A= ase combination of single-stroke gesture followed by direct manipulation, mentioned In the GDP example discussed the between the two phases is an interval of Eager recognition, the ond new interaction tec=0A= hnique, eliminates this interval by recognizing the single-= stro=0A= ke gesture entering the manipulation phase as soo=0A= n as enough of the gesture has been seen to do ously

, making the entire interaction very smo=0A= oth. third new interaction technique is the two-phase

interaction applied to multi-path a multi-path gesture has been recognized, ual paths (i.e. fingers, possibly including fingers not involved in making the gestur=0A= e) may be assigned to manipulate independent par=0A= ameters simultaneously .

second is a new trainable, single-stroke recognition algorithm ta= ilor=0A= ed for

recognizing gestures. is based on meaningful features, which in addition to being useful for recognition are also suitable for pass= ing to application routines. The set features used has been shown to be suitable for different gesture sets, and is easily

restricted to features that can be updated incrementally in constant time per

point, arbitrarily large gestures may be handled. single-stroke recogniti=0A= on algorithm been extended to do eager recogniti=0A= on (eager recognizers are automatically generated from gestures), and also to multi-path gesture recognition=0A= .

a new paradigm for creating gestural int=0A= erfaces is also propounded. As seen in exa=0A= mple, starting from a click-and-drag implementation of int=0A= erface, gestures are with classes of views (display objects), with the set of gestures at a particular screen

dynamically determine=0A= d by the set of overlapping views at the location, by up the class hierarchy of each such view

. classification and attributes of map directly application operations and parameters. creation, deletion, and manipulation of gesture gesture classes, gesture examples, and semantics all occur at runtime, enabling quick easy experimentation with gestural GRANDMA, as an object-oriented user interface toolkit, some contributions the area of input handler objects are associated with particular views or entire view

classes. single event handler may be shared between many different objects, eliminat= ing a major

overhead of MVC systems. handlers may be associated with a single object, enablin= g

object to support multiple interaction techniqu=0A= es simultaneously including the use of multiple input

Furthermore, a single mechanism handles bot=0A= h mouse tools

(e.g. a delete cursor deletes clicked-upon objects) and virtual tools (a delete icon that is dragged around and upon objects to delete them). Additionally

GRANDMA provides support for semantic and the runtime creation and manipulation of event handlers.

1.4 Motivation for Gestures

At this point, the reader should have a good idea of the sc= ope of the work to be presented in dissertation. back, this section begins a general discussion of gestures by examining motivation for and studying gesture-based interfaces. of the discu=0A= ssion is based on that

of Buxton Comp=0A= uters get faster

, bitmapped displays produce ever increa= sing information rates, speech and

10 CHAPTER 1.

Figure 1.6: Finder

MacDraw

, and MacWrite (from Apple can be generated in real-time, yet input just seems plod along with little or no This regrettable because, in Paul McA vinney’ s words mos=0A= t of the useful information in world resides in humans, not computers. people who interact computers spend of their time entering information [22]. to this input bottleneck, the total to do many

would hardly improve even computers became infinitely fast. improvements in technology are a major factor in improving the productivity of computer users in Of course, progress has been made. has progressed from bat=0A= ch data entry

, to line editors, to two-=0A= dimensional screen editors, to mouse-based systems with bit= mapp=0A= ed Pointing with a mouse has proved a usef=0A= ul interaction technique in many “Click drag” interfaces, where the user directly manipulat=0A= es graphic objects on the screen with a

are often very intuitive to use. of direct manipulation interfaces have despite being rather dif ficult to the Macintosh [2], generally regarded as having a dir=0A= ect-manipulation As shown in figure the screen has on it a number of graphic objects, in= clud=0A= ing file icons, folder

sliders, buttons, and pull-down menu names. one is generally a rectang=0A= ular which may be clicked, sometimes double-clic=0A= ked, and sometimes dragged. The Macintosh Finder which may be used to access all Macintosh and documents, is almost entirely via these three interaction techniques.

4

The click and double-click interactions have a single object loc=0A= ation) as parameter

. The drag

4

Obviously this discussion ignores keyboard of text and commands.

1.4. MOTIV

ATION FOR GESTURES 11

interaction has two parameters: object location where the mouse button is first pressed, another object or location at the release point. Having= only these three interaction techniques is reas=0A= on the Macintosh is simple to operate. is, howe=0A= ver

, a cost: both the application and user must express all operations in terms of these interaction An application that provides mor=0A= e than three operations on any given object (as do=0A= ) has

several design alternatives. exemplified by the Finder

, relies heavily on selection. In

Finder

, a click interaction sele=0A= cts an object, a double-click opens an object (the mea= ning which depends upon the object’ s type), a drag moves an object (the meaning of which is als= o

object-type specific). an object a double-click is a means for invoking the most common=

operation on the object, e.g. opening a MacWrite document starts the MacWrite application on document. is used for adjusting sliders (such as those which scroll windows), window size or position, moving files between folders, and menu All other operations are done in least two steps: the object to be upon is and then the desired operation is chosen from a menu. example, to print an object=0A= , one it (click) then chooses “Print” from the appropriate menu (drag); to move some one selects (drag), chooses “Cut” (drag), selects an insertion point (click), and chooses “Pas= te=0A= ” (drag). The of only having interaction techniques is that some operations are necessa= rily performed via a

sequence of user must adjust her mental model so that she in terms of the

component An alterna=0A= tive to the selection-based click-and-drag approach is based on modes. Consider

[2], a draw=0A= ing program. user is presented with a palette offering choices such as text, rectangles, circl=0A= es, and so on. on the “line” icon puts the program into line-drawing

mode. drag operation in the drawing window cause lines to drawn. In MacDraw

, the drag the program reverts back to selection mode. the program upon which is based, is except that it remains in its current mode until it explicitly changed. occur when the believes he is in one mode but is actually in . The claim that manipulation derive their power from being modeless is not really t= rue. Good direct

interfaces simply make the modes very visible, which helps to alleviate the = prob=0A= lems

of modal By mandating sole use of click, double-click, and drag interactions, = the Macintosh paradigm necessarily causes conceptu=0A= ally primitive tasks to be divided into a sequence pri=0A= mitive

interactions. intent of gestural interfaces is to avoid this division, by packing the basic with all the parameters necessary to complete the entire transaction. Ideally each primitive task the user ’ s model of the application is execute=0A= d with a single gesture. interfaces would less modeness than the current so-called modeless interf=0A= aces.

Macintosh discussion in the previous secti=0A= on is somewhat oversimplified. Many allow variations on the basic interaction techniques; example “shift-click” (holding the shift clicking the mouse) adds an object to the set of selected objects. Other systemsallowdifferent mouse buttonstoindicateddifoperations. There is a tradeoff having a small number and a large number of applied) interaction techniques. The

result=0A= s in a system whose primitive operations are easy to = lear=0A= n, perform, and recall, but single natural may be divided into a sequence of operations. the latter case, the primitive

12 CHAPTER 1. INTRODUCTION

are harder to learn (because there are more them), but each one can potentially

entire natural The motivation for gestural inter=0A= faces may also apply to interfaces which combine modaliti= es

(e.g. speech and pointing). As with one potential benefit of multi-modal interfaces is gestures, different modalities allow many parameters to be speci= fi=0A= ed simultaneously

, thus eliminating the modes. “Put-That-There” system is one [12].

1.5 Primitive Interactions

The discu=0A= ssion thus far has been vague as to what exactly be considered a “primitive” The Macintosh has three: double-click, and dra=0A= g. It is interesting to ask criteria be used for judging the “primitiveness” of interaction Buxton [14] suggests tension as a criterion. user

, starting from relaxed state,

a primitive interaction by tensi=0A= ng some muscles. interaction is over when the use=0A= r again

relaxes those muscles. cites evi=0A= dence that “such periods of tension are accompanied a heightened state of attentiveness and improved perform=0A= ance.” The three Macintosh all satisfy this concept of primitive (Presum=0A= ably the user remains tense

a double-click because the time between clicks is Buxtonlikensthe primitive interactionto a musical Each consists of a period of

by a return to a state where a new phrase may int=0A= roduced. In interaction, such a is used to accomplish a chunk of a task. is to make each of chunks a primitive in the user ’ s model of the application This is what a interface attempts to do.

1.6 The Anatomy of a Gesture

this section a technical definition of gesture is deve= lope=0A= d, and the syntactic and semantic of gestur=0A= es are then discussed. dictionary definition gesture, “expressive motion,” has been seen=0A= . can the notion of gesture in a form suitable for sensing and processing by be captured?

1.6.1 Gestural motion

The motion of gesture is formalized as follows: gesture consist=0A= s of the paths of multiple

points over points in question are (conceptually) affixed the parts of the body perform the hand gestures, the points tracked might include fingertips, knuckles,

and wrist of each hand=0A= . the course of a gesture, each point a path in Assuming enough points to the body in appropriate places), these paths the

essence of the gestural motion. computer with appropriate hardware can rapidly sample along the paths, thus conveniently capturing the positions

The idea of gesture as the motion of multiple points over time is a generalization of may be considered the simplest gesture: a single position at an instance of

1.6. THE ANA

TOMY OF A GESTURE 13

time. is generalized to allow for the movement of the point over time, i.e. a A further

generalization admits multiple paths, i.e. the movement of multiple points over 5

gesture-sensing hardware limits the number of points which may be and the dimensionality of the space in which points travel. Gestures limited the of a single point are referred to here as gestures. Most previous research focused upon gestures made with a stylus and tablet, m= ouse=0A= , or single-finger touch The gestures may be made with such devices are two-dimensional, singl= e-pa=0A= th An additional feature of existing hardware is that the points are not tracked at all For

a touch pad can only determine position when the finger is touching the Thus,

path of the point will have a beginning (when the finger first makes contact) and an end finger

the finger is lifted). apparent limitation of certain gesture-sensing hardware may be delineate the start and possibly the end of each gestu= re, a necessary function in systems. Mousebuttons may beusedtosimilareffect.

6

In all the work reported here, a gesture (includingthe manipulationphase after recognition) a primitive interaction. gesture begins with the use=0A= r going from a relaxed state to of tension, and ends when the user again relaxes. is further assumed that the or of the user is directly indicated by some aspect of = the sensing hardware. For gestures, the is considered in a state of tension if and only mouse button is pressed. Thus,

the work a double-click is not considered a is certainly a limitation, but that could removed, for example by having a minimum time that button needs to be before the user considered to have relaxed. added complication has not been explored The space in which points of the gesture move is typically physical and thus a is represented by a set of poin=0A= ts (x; y; z; tconsi=0A= sting of three spatial Cartesian coordinates time. However there are devices which measure gestural parameters; hence, consisting of path=0A= s through a space where at least some of the coordina= tes are not lengths are

possible. example, touch pads can sense force, and for this hardware a = gest=0A= ure path consist of a set of points (x; y; f

; t), being the force measurement at time tThe formalization of gesture as multiple paths is just among many possible representations.

is a good representation because it coincides nicely with most the existing hardware, and it is a usefu=0A= l form for efficient processing. multiple-snapshot representation, which each snapshot gives the pos=0A= ition of multiple points at a single instant, is possibility ,

in some sense may be consid=0A= ered the dual of multiple paths. a representation be more suitable for gestural data from hardware (such as video cameras) which are not

considered in this dissertation.

Ges=0A= tural meaning

addition to the physical asp=0A= ect of a gesture, there is the content or meaning the gesture

to consider

. a gesture contains two kinds of information: categorical and

5

A configurat=0A= ion of multiple points at a single instance of time be termed postur e. recognition is

commonly used with the DataGlove.

[17] presents a model of the discrete signali=0A= ng capabilities of various pointing devices and a list the

requirements for common interaction tec=0A= hniques.

14 CHAPTER 1. paramet=0A= ric. the different motions between people meaning “come here” gestures), “stop=0A= ” (prohibiting gestures), and “keep going” (encou= rage=0A= ment gestures). These are

difor classes, of gestures. W each a gesture also can indicate parametric

example, a parameter of the beckoning gesture is the gency of the request: “hurry up” your time.” general, the category of the gesture must be determined before the can be Parametric information itself comes in two forms=0A= . first is the kind of information that be culled at the time the gesture is example, the position, size and orientation of the

gesture fall into this category

. second kind of parametric gestural information is inform=0A= ation. After the gesture is recognized, the user can this kind of parametric information continuously comm=0A= unicate information. example would be the directional information nicated by the gestures of a perso=0A= n helping a driver to back up a truck. from GDP Section 1.1) is the rubberbanding a line after it is created, where the user manipulates

one endpoint.

term “gesture=0A= ” as used here does not exactly correspond to is normally thought

of as gesture. cannot currently be processed by machine due to limitati= ons of

existing gesture-sensing hardware. conside=0A= r what might be referred to as gestures.” person turning a knob would not normal=0A= ly be considered to be gesturing. However similar motion used to manipulate the graphic image knob drawn on a computer display considered be a gesture. Actually the difference here is more illusory than real: a person the knob-turning gesture at another person, in effect as= king the latter to turn the knob. The

is simply to point out the very broad class of considered herein to be While the of gesture developed here is very general (multiple pat= hs)=0A= , in practice, gestures have hitherto always been limited to finger and/or hand Furt=0A= hermore, paths have largely been to two dimensions. concentration on gesturing is a result of the available gesture-s=0A= ensing hardware. course, such hardware was built because it was believed that hand and fingers are c= apab=0A= le of accurate and diverse gesturing, yet amenabl=0A= e to practical detection than facial or other body moti= ons. W ith the appearance of new devices, thre=0A= e (or more) dimensional gesturing, as well as the of parts of the body other than hand, are bec=0A= oming possible. this dissertation largely on hand gestures, assuming tha=0A= t by viewing gesture simply as multiple paths, the described be applied to non-hand gestures, or gen=0A= eralized to apply to gestures in three or more dimensio= ns.

1.7 Gesture-based systems

A gesture-ba=0A= sed interface, as the term is used here, is one in = whic=0A= h the user specifies commands

by T ypi=0A= cally gesturing consists of drawing or other motions. Excluded the class of interfaces are those in which input is done solely keyboard, menu,

or click-and-drag other words, while pointing is in some sense the basic

those interfaces in which is the only form of gesture are not considered here be

gesture-based interfaces. gesture-based is a program (or set of programs) with which user interacts via a gesture-based interface.

1.7. GESTURE-BASED SYSTEMS all but the simplest gesture-based systems, the may enter a gesture belonging to one different gesture categories or classes; the difclasses refer to dif ferent commands to system. important component of gesture-based systems is the gesture r ecognizer or classifiermodule whose job is to classify the user ’ s as the first step toward inferring its This dissertation addresses the implementation of gesture = reco=0A= gnizers, and their incorporation gesture-based syste=0A= ms.

1.7.1 four states of interaction

User interaction with the gesture-based systems in this dissertation may be using the foll=0A= owing four state model. The states–W

AIT, COLLECT, MANIPULA

TE, EXECUTE–usu=0A= ally

occur in sequence for each � The W

AIT state is the quiescent of the system. system is waiting for the to

initiate a gesture.

� The COLLECT state is entered when the user begins to gestur=0A= e. While in this state, the gestural data from the input hardware in anticipation classifying the gesture. For

gesturing hardw=0A= are, an explicit start action (such as pressing a button) the beginning of each gesture, and thus causes the system to enter this state.

=0A= � The MANIPULA

TE state is entered once the gesture is classified. occurs in one of three

ways:

1. end of the gesture indicated explicitly

, e.g. by releasing the mouse button;

2. end of the gesture is indicat=0A= ed implicitly

, e.g. by a timeout which indicates the has not moved the mouse for

, say

200 milliseconds; or

3. system classification because it believes it has now seen eno= ugh of the

to classify it unambiguously (eag=0A= er recognition).

When the MANIPULA

TE state is entered, the system should provide feedback to the as the classification of the gesture and updat=0A= e any screen objects accordingly

. in this the user can further manipulate the screen objects with his motions.

� The EXECUTE state is entered when the user has completed his in the interaction, and has

indicated such (e.g. by releasing the mouse button). this point the system performs final actions as by the user ’ s gesture. Ideally this state last=0A= s only a very short after which the display is updated to reflect the current state of the syst= em, and the system

reverts back to the W

AIT This model is suf ficient to describe most current systems which use pointing devices. simplicity

, keyboard input is on the system, the COLLECT or MANIPULA state may be omitted from the cycle. interface will usually omit the MANIPULA TE

sta=0A= te, classifying the collected characters and executing resulting command. Conversely , a

16 CHAPTER 1. INTRODUCTION

dire=0A= ct-manipulation system will omit the COLLECT state (a=0A= nd the attendant classification). The

example described above has both COLLECT and MANIPULA

TE phases. The result is the two-phase interactio=0A= n technique mentioned earlier .

1.8 Comparison with Handwriting Systems

this section, the freq=0A= uently asked question, “how do gesture-based systems fer from handwriting

systems?” addressed.

Handwriting systems may broadly be grouped into two cla= sses=0A= : on-line and off-line. recognition simply means characters are recognized as are drawn. Usually

, characters are with a stylus on a tablet, thus the recognition takes as input a of successive points or segments. problem is thus considerably difthan off-line

recognition, in which characters are first drawn on paper

, and then optic= ally scanned

and represented as two-dimensional Berthod, and Mori review the literature of on-line and off-line handwriting systems [125], whil=0A= e T appert, Suen, and W akaha [129] give a rasters.

review of on-line handwriting systems. intention here is to contrast gesture-based systems on-line handwriting recognition systems, as these are the most = clos=0A= ely Gesture-based systems have much in common with systems which employ on-line recognitio=0A= n for input. use freehand drawing as the primary means of user input, and both depend

recognize=0A= rs to interpret that input. However there are some important dif ferences between two classes systems, differences that illustrate the merits of gest= ure-=0A= based systems:

� may be in two, three, or more dimensions, whereas handwriting s= yste=0A= ms

are necessarily two-dimensional. Similarly single-path and multiple-path gestures are possibl=0A= e, whereas handwriting is always a single � alphabet used in a handwriting system generally well-known and fixed, and users gene=0A= rally have lifelong experience writing that ith gestures, it is less likely users will have preconceptions or extensive experience.

addition to the command itself, a single can specify parameters to the The proofreade=0A= r ’ s gesture (figure 1.1) discussed is excellent example. Another

also due Buxton [21], and used in GSCORE (Section 8.2), is musical score

editor in which a single stroke indicates the location, pitch, and duration of a to be added

to the score.

� stated, a command and all its parameters may be speci= 256e=0A= d with a single gesture. The ical relaxat=0A= ion of the user when she completes a gesture the conceptual completion

of a command � of a given class may vary in both size and orientation. T handwriting recognizers expect the characters to be of a particular and oriented in the usual manner successful systems will necessarily be able to cope with at small variations in size and

However some gesture commands may use the size and orientati=0A= on to specify

1.9. MOTIV

AFOR THIS 17

gesture recognizers must be to recognize such gestures in whatever size orie=0A= ntation they occur

. [67] discusses augmenting handwriting recognition system as to allow it to recognize some gestures independently of their size ori=0A= entation. 3 discusses the approach taken her=0A= e toward the same end.

� Gestures can hav=0A= e a dynamic component. systems usually the input

character as a static a gesture-based system, the same stroke may have difmeanings if drawn left-to-right, right-to-left, quickly

, or slowly

. recognizers may such directional and temporal information in the recognit= =0A= ion In summary

, gestures may deal in dimensions other than the two commonly used in=

be drawn from unusual alphabets, entire commands, vary in size and have a dynamic component. while ideas from on-li=0A= ne handwriting recognition algorithms

be for gesture recognition, handwriting recognizers generally r= ely on assumptions make them inadequate for gesture recognition. ideal gesture recognition algorithm shou=0A= ld adaptable to new gestures, dimensions, additiona=0A= l features, and variations in size and and should produce parametric information in addition classification. Unfortunately

, the for this generality is the likelyhood that a gesture recogn= izer

, when used for handwriting will less accurate than a recognizer built and tuned speci�= 6cal=0A= ly for handwriting recognition.

for this Research

In spite of the advantages of gesture-based systems, only a handful bee=0A= n Examples include Button Box [86], using proofreader ’ s symbols [25], the Char-rec noteinput tool [21], and a spreadsheet application built at IBM [109]. These and other systems are discussed in section 2.2. recognitio=0A= n in most existing systems has been by writin=0A= g code to recognize the particular set of gestures by the system. This code is complicated=0A= , making the systems (and the set of gestures difficult to create, maintain, modify difficulties are the reasons more systems have not been built.

goal of present work is to eliminate hand-coding as the way create gesture recognizers.

gesture are specified by giving examples of gestures in the = clas=0A= s. From these

recognizers are automat=0A= ically constructed. a particular gesture class to be in any size or orientation, examples of the class should reflect , by making all the examples of a class the same size or orientation, the system learns = that gestures in class must appear in the size or orientation as the examples. first half of this is concerned with the automatic construction of gesture Even given gestur=0A= e recognition, it is still difficult to build direct= -man=0A= ipulation systems which

incorporate is the motivation for the second half of this disserta= tion=0A= , which GRANDMA–Gesture Recognizers Automated in a Novel Direct Manipulation Architecture.

18 CHAPTER 1. INTRODUCTION

1.10 Criteria for Gesture-based Systems

of this research was to produce tools which aid in construction of gesture-based systems.

efficacy of the tools may be judged by how well the tools = and resulting gesture-based satisfy the following cri=0A= teria.

1.10.1 gestures must be speci=0A= fiable

meaningful gesture may be rather complex=0A= , involving simultaneous motions of a number points. complex gestures must be easily T wo methods of specification are

spec=0A= ification by example, and specification by In the former, each has a training session in which examples of the different gestures are subm= itte=0A= d to the system. result of the training a representation for all gestures that the system rec=0A= ognize, and representation is used to drive actual gesture recognizer that will run as part of In the latter method of a description of each gesture is written in a description

which is a formal language in which the “syntax” of each gesture is For

a set of gestures may be specified by a context-free grammar, in which the represent primitive motions (e.g. line seg=0A= ment”) and gestures are non-terminals terminals and other All else being equa=0A= l, the author considers specification by example to superior to specification

by order to specify gestures by description, it will be n= eces=0A= sary for the specifier learn a description Conversely

, in order to specify by example, specifier need only be

able to a system in which gestures are specified by the possibility for end users to train the system directly either to replace the existing with ones more their liking, or to have system improve its recognition accuracy by adapting to particular

of a given user ’ s One potential drawback of specification by examp=0A= le is the difficulty in specifying the variations between gestures of a given class. description language, it can be made to declare that gestures of a given class may be any size or of any orientation. same information

be conveyed to a specify-by-example system having multiple examples of a single vary size or orientation. system would then have to infer that the size or orientation of gesture class was irrelevant to the classification of = the gesture. Also, training classifiers take lon=0A= ger

, and recognition may be less accurate, when examples as specifications, this is by means necessarily Similar issues arise in demonstration=0A= al interfaces [97].

1.10.2 recognition

An important characterization of a gesture recognitio=0A= n system will be the frequency with fail to be recognized or are recognized incorrectly

Obviously it is desirable that these

made as small as possible. pertaining to amount of inaccuracy to people are dif=0A= ficult to answer objectively

. will likely tradeoffs between the of gestures, number of dif ferent gestures to be disambiguated, tim=0A= e needed for and the accuracy of recognit=0A= ion.

1.10. FOR GESTURE-BASED 19

speech recognition there is the that the accuracy of recognition decreases as user population grows. the analogous problem in gesture recognition is not as easy gauge. people speak the same words dif ferently due to inevitable dif ferences in anatomy

upbringing. way a person says a word is largely determin=0A= ed before she encounters speech recognition system. contrast, most people have few preconceptions the way to

gesture at a machine. most likely be able to adapt themselves to gesturing ways

the machine understands. recognition syst=0A= em may similarly adapt to each user ’ s It

be interesting, though outside the scope this dissertation, to study the fraction of incorrectly recognized gestures as a function of a person’ s expe= rien=0A= ce with the system.

1.10.3 of accur=0A= acy

It should be possible for a gesture-based syst=0A= em to monitor its own performance with respect accuracy of recognition. is not necessarily , since in general it is impossible to which gesture the user had intended to make. good gestu=0A= re-based system should some method by whic=0A= h the user can easily inform the system when a has been classified

incorrectly

. Ideally this method should be integrated with the undo or abort fe= atur=0A= es of the (Lerner [78] gives an alterna=0A= tive in which subsequent user actions are monitored to = dete=0A= rmine the user is satisfied with the results of system heuristics.)

1.10.4 ecognition

The goal of this work is to the construction of applications that use gestures as in= put, the

being that gesture input will human/computer interaction. of recognition is important–a slow system would be frustrating use and hinder rather than enhance Speed is a very important factor in the success or of user interfaces in general. Baecker

Buxto=0A= n [5] state that one of the chief determinants of satisfaction with interactive systems is respo=0A= nse time. performance in a direct-manipulation syste=0A= m is particularly bad, any noticeable delay destr=0A= oys the feeling of directness. recognition is essent=0A= ial to the success

gesture as a medium human-computer interaction, even if achieving it means sac= ri=0A= ficing

features or

, perhaps, a amount of recognition accuracy .

On-line/r eal-time recognition

When possible, the recogni=0A= tion system should attempt to match partial inputs pos=0A= sible It may also be desirable to the user as soon as possible when the input does seem to match

any possible gesture. on-line/=0A= real-time matching algorithm has these desirable The

recognition algorithms discussed in Chap=0A= ters 3, 4, and 5 all do a small, bounded amount not= work given each new input point, and are thus on-line/real-time algorithms.

1.10.6 quant=0A= itative application interface

An application must spe=0A= cify what happens when a gesture is will often take the

of a callback to application-specific routine. is an here to relay the

20 CHAPTER 1. INTRODUCTION

data contained in the gesture to the application. This includes the parametric data can derived when the gesture is first recognized, as as any manipulation data which follows.

Imm=0A= ediate feedback

In certain applications, it is desi=0A= rable that the application be informed immediately once is recognized but before it is An example is the turning of a knob: recognizes that the user is gesturing to a knob it can monitor the exact details of a gesture= ,

relaying quantitative data to the application can respond by immediately varying the parameter which the knob controls (for exam= ple the volume of a musical

instrument).

Context restrictions

gesture sensing should be able, within a single application, to sense = different sets of gestures

different example of a context is a particular area of display screen. Difareas could respond dif ferent sets of gestures. set of gestures to which the responds should also be variable over time–the application program entering a new could

cause a dif ferent set of gesture=0A= s to be The idea of contexts is related to the idea of using gestures to manipulate gr= aphi=0A= c Associated with each picture of an on the screen will be an area of the screen whi=0A= ch

gestures refer to the object. good recognition system should allow the application to make this association explicit.

Efficie=0A= nt training

An ideal system would allow the user to experiment with different gesture classes, and adapt the user ’ s gestures to improve recogniti=0A= on accuracy

. would be desirable if the immediately to any changes in the specifications; a system that took several hours to itself would not be a good platform for experiment=0A= ation.

1.10.10 handling of misclassification=0A= s

of gestures are a fact life in gesture-based systems. typical system have

a recognition rate of 95% or 99%. mean=0A= s one out of twenty or one out of one hundred gestu= res

will be misunderstood. gesture-based system shou=0A= ld be prepared to deal with the possibility miscl=0A= assification, typically by providing easy access to and undo facilities.

1.10.11 independence

Certain assumptions about the form of the input dat=0A= a are necessary if gesture systems are to be As previously stated, the assumption made here is the input device will supply position as of time for each input “path” (or supply data f= rom which it is convenient to calculate positions). (A path may be thought of as a continuous curve dr= awn by a single finger

.) This form of

1.11. OUTLINE 21

is sup=0A= plied by the Sensor Frame, and (at least for the sin= gle finger case) a mouse and a can be to supply similar data. recognition systems do their recognition based the position time data; in this way other input devices may also = bene=0A= fit from this research.

1.10.12 utiliza=0A= tion

particular brand of input hardware used for gesture sensing will have characteristics other brands of hardware will not have. would be unfortunate not to take advantage of all specia=0A= l features of the hardware. example, the Frame can compute finger angle finger velocity .

7

While for device independence may be desirable that the gesture matching depen=0A= d on the value of these inputs, there should be facility for passing these parameters the applicati=0A= on specific code, if the application so Baecker [4] states the case strongly:

portabi=0A= lity is facilitated by device-independence, interactivity usability are enhanced

by device dependence.”

1.11 Outline

following describes previous related work in gesture-based This is divided into

four 2.1 discusses various hardware devices suitable for input. Section

discusses existing gesture-based systems. 2.3 reviews the various approaches to pattern

in order to determine potential for gesture recognition. 2.4 examines

software systems and toolkits that used to build direct-manipulation interfaces. such systems will be generalized in order to incor=0A= porate gesture recognition into such Everything after Chapter 2 focuses on various aspects of the ges= ture=0A= -based interface creation

built by the . a tool makes it easy to 1) specify create classifiers, and 2) gestures classe=0A= s and their meanings with graphic objects. The former g= oal is addressed in 3, 4, and 5, the latter in 6 and 7.

discussion of the implementatio=0A= n of gesture recognition begins in Chapter 3. the

of classifying single-path, two-dimensiona=0A= l gestures is tackled. This chapter assumes the start and end of the gesture are known, and statistical pattern recognition to derive efgesture classifiers. training of such classifiers from example gestures is also covered.

3 shows how to classify single-path gestures; Chapter shows when. This addresses problem of recognizing gestures while they are being without any explicit

of the end the gesture. approach taken is to define construct another classifier

This classifier intended solely to discriminate between ambiguous and unam= bigu=0A= ous subgestures.

5 extends the approach to the recognition of multiple-path This

useful for utilizing devices that can the positions of multiple fingers simultaneously in

particular the Sensor Chapter 6 pre=0A= sents the architecture of an object-oriented toolkit for = the construction of direct-

manipulation Likemany othersystems, thisarchitecture is based onMod=0A= el-V iew-

7

describ=0A= es the SensorFrameasoriginally envisioned. Theis capable of producingafewbitsof velocityandangleinformation, althoughto datethis not been attempted.

22 CHAPTER 1. INTRODUCTION

Cont=0A= roller paradigm. to previous toolkits, input model is considerably in for the incorporation of gesture recognition into a dire= ct-m=0A= anipulation system. The

of virtual tools, thr=0A= ough which input may be generated by software objects the same manner

by hardware input devices, introduced. feedback will be shown to naturally

from this Chapter 7 shows how gesture recognizers are incorporated into the direct-manipu= lati=0A= on archi-

tecture presented in Chapter 6. gestu=0A= re handler may be associated with a particular view object on the screen, or at any level in view hierarchy

. this manner

, dif ferent objects will

respond to dif ferent sets of The communication of parametric data from gesture to application is also Chapter 8 three gesture-based systems built using these GDP

, GSCORE,

and MDP. first GDP and GSCORE, use mouse gestures. GDP as alre=0A= ady is the drawing editor based on is a musical score editor , based on s SSSP

work

[21]. is also a drawing edi=0A= tor

, but it operates using multi-path gestures made a

Sensor Frame. design and implementation each system is discussed, and the gestures Chapter 9 evaluates a number of aspects this work. particular recognition algorithms are tested for recognition accuracy

. the performance of the gesture classifiers the applications is presented. an informal study assessing the utility of is discussed.

Finally

Chapter 10 concludes thi=0A= s dissertation. contributions of this are cussed, as are the directions for work.

1.12 What Is Not Covered

This dissertation attempts to cover many topics relevant to = gest=0A= ure-based systems, though by means all of particular

, the issues involved in the and suitability of based systems applied various task domains have not been studied. is opinion of the author

such issues can be studied after the tools have been made available wh= ich allow creation of and experimentation with systems. intent of the current work is to provid=0A= e

such tools. research is needed to deter=0A= mine how to use the tools to create the most usable gesture-based systems possible.

course, have had to be made in the implementation of such to= ols. By avoiding

problem of determining kind of gesture-based systems are best, the work its=0A= elf charges of possibly “throwing the out with the bath-water

.” claim is that general produced is capable of implementing syst=0A= ems comparable to many existing gesture-based the example applications implemented (see Chapter 8) sup= port this claim. Furthermore, the where restrict=0A= ive choices have been made (e.g. two-dimensional gest=0A= ures) have been indicated, extensible and scalable methods (e.g. linear discrimination) have been used wherever There are two major of the current work. first is that multi-stroke

gestures (e.g. handwritten characters=0A= ) are not handled. existing gesture-based use

single-path multi-stroke gestures. limitation is that the start of a gesture must be

1.12. WHA

T IS NOT COVERED 23

explicitly indicated. rules out (at at first glance) using devices such as the least

lack buttons or other explicit signaling hardwar=0A= e. However one result of the current work is that these apparent limitations give rise to certain ad= vant=0A= ages in gestural interfaces. For the lim=0A= itations enforce Buxton’ s notion of tension and mentioned above.

Gestural output, i.e. a gesture in response to a query

, is also not cov= ered=0A= . For an

of gestural output, ask the author why he has taken so long to complete this di= sser=0A= tation.

24 CHAPTER 1. INTRODUCTION

Chapter 2

Related W chapter discusses previous work relevant to gesture recognition. This includes hardware

suit=0A= able for gestural input, existing gesture-based systems, pa= tter=0A= n recognition and software systems for bui=0A= lding user Before delving into it is worth mentioning some general work that to define

as a technique for with computers. [87] examines the distinctio=0A= n

gestural and lexical commands, and further discusses problems and advantages commands. W and Rhyne [140] integrate into a general taxonomy of direct

int=0A= eractions. and W olf [109] discuss in general terms human-factors of gestural as well as hardware and software The of gesture as an interaction technique is justified a number of studies. W olf [139] forme=0A= d two experiments that showed gestural interfaces fav=0A= orably to keyboard interfaces.

W [141] showe=0A= d that many dif ferent people naturally use the same = gest=0A= ures in a text-editing

context. demonstrated a similar result for an image manipulation = task=0A= , further

that people prefer to gesture and speech rather than use either modality alone= .

2.1 Input Devices

A number of inp=0A= ut devices are suitable for providing input to a recognizer

. This concentrates on devices which provide the position of one or more over time, or data is easily converted that representation. intention is to list the type=0A= s of devices can potentially be used for ges=0A= turing. techniques developed in this dissertation be directly or with some generalization, to the devices A large variety of may be used as two-dimensional, single-path gesturing devi= ces. graphical input devices, such as mice [33], tablets and styli, light pens, joysticks, trackballs, tablets, thumb-wheels, and single-finger touch screens [107, 124], have been in common use year=0A= s. common are foot controllers, knee eye trackers [12], and may potentially be used for gestural input, ergonomically some are better

for than others. and Buxton [5], Buxton [14], and Buxton, Hill and [18] discuss the suitability of many of the above devices for various Buxton further points out

26 CHAPTER 2. RELA

TED that two different joysticks, for example, may ver=0A= y different properties that must be respect to the For gesturing, as with pointing, it is useful for a device to have some signaling ca= pabi=0A= lity in

addition to the pointer

. a mouse usually has one or more buttons, the which can be used to indicate the start of gesture. Similarly tablets usually indicate when stylus makes or breaks contact with the tablet (though= with a tablet it is not possible to posit=0A= ion the screen cursor before contact). a does not have this signaling capacity

, it necessary to simulate it somehow

. how is done can have a large impact on not the device will be suitable for 3SP

ACE Isotrack system, developed by Polhemus Sciences Division of Mc-

Douglas Company [32], is a device which measures the position = and of a stylus or a one-inch cube magnetic fields. Polhemus sensor

, as it often called, is full six-degree-of-freedom sensor returning x, y, and z rectangular coordi=0A= nates, as well as altitude, and roll angles. is potentially useful for single path in three positional dimen-

sions. the angular dimensions, 4, 5, or 6 dimensional may be entered. It also possible to one of the angular dimensions for signaling Bell Laboratories has produced prototypes of a clear capable of detecting the position and

many fingers [10, 99]. position information two-dimensional, and there is third dimension well: finger pressure. author has seen device reliably track 10 fingers

.pressuredetectionmaybeusedforsignaling purpose=0A= s,orasathirddimension

for inventor of the multi-finger touch plate has invented = anot=0A= her device, the Drum [11], which can sense the position of multiple antennae in three T o date, the

have been embedded in tips of drum sticks (thus the name), but it would = also be possible

make a glove containing the antenn=0A= a which would make the device more suitable for detecti= ng

hand The Sensor Frame [84] is a fram=0A= e mounted on a workstation screen (figure consists a light source (which frames the screen=0A= ) and four optical sensors (one in each The Frame computes the two-dimensional of up to three fingertips in a plane parallel to, = and

slightly above the screen. net result similar to a multi-finger touch screen. used the Sensor Frame to verify the multi-finge=0A= r recognition algorithm described in Chapter 5. Sensor Cube [85] is a device similar to the Sensor F= rame but capable of sensing finger in dimensions. It is currently under V ideoHarp [112, 111] is a based on the same sensing technology and is design=0A= ed to capture parametric gestural

The Data=0A= Glove

[32,

130] is a glove worn on the hand able produce the positions of fingers as as other points on the hand in three dimensions.

itself it can only output relative

Howeve=0A= r in combination with the Polhemus sensor , finger positions can be

computed. a can translate gestures as complex as American

Sign

Langu= age

[123] a multi-path form suitable for processin=0A= g. DataGlove, the similar Dexterous Hand Master Exos, and the Power Glove from Mattel, are in figure The DataGlove comes with which may be trained to recognize certain static confi= g-

urations of the glove. example, the DataGlove hardware might be trained to recognize a fist,

2.1. INPUT DEVICES

Figure 2.1: The Sensor The Sensor Frame is a frame mounted on a display consisting of a r ectangular light source and=

four sensors, one in each corner

. is capab=0A= le of detecting up to thr ee fingers its field view

. (Drawing Paul McA vinney .)

Figure 2.2: DataGlove, Dexterous Hand Master

, and PowerGlove (from Eglowstein [32])

The DataGlove, Dexterous Hand Master and PowerG=0A= love are thr ee glove-like input devices capable of

the angles of various hand and joints.

28 CHAPTER 2. RELA TED

Figure 2.3: symbols (fr=0A= om Coleman [25])

The operations intended by are as follows: a) delete text (fr om a single = line=0A= ), b) insert text, c) swap d) move e) join (delete space), f) insert space, g) scrup, h) scroll down, and i) delete multiple lines = of

text. of the marks convey additional paramete=0A= rs to the operation, e.g. the text to be moved deleted.

signaling the host computer whenever a fi=0A= st is made. static hand positions are not to be gestures, since they do not involve moti=0A= on. glove hardware recognizes “posture” than gesture, the distinction being that posture a static snapshot (a pose), while gesture motion over time. it is a rather elegant way to add signaling capability to a without buttons or The V ideodesk [71, is an input device based on a constrained form of vi= deo input. The

V consists of a translucent tablecloth over a glass top. the desk is light source,

over the desk a video Theuser ’ shandsareplacedoverthedesk. tabl=0A= ecloth dif fuses light, the net effect that the camera receives an image of the silhouette the hands. hardware is used to and track the user ’ s Some researcher=0A= s have investigated the attachment of point light to various points the body or hand to get posi=0A= tion information as a function of time. of a camera (or of cameras for three dimensio=0A= nal input) can be used as input to a gesture .

2.2 Example Gesture-based Systems

This section describes a number of existing systems that have been described in system must both classify its gestural input and use information other than the class

(i.e. paramet=0A= ric information) to be included in this survey

Theorderisroughly chronological.

2.2. EXAMPLE GESTURE-BASED SYSTEMS 29

2.4: Note gestures (from [21])

A single gestur e indicates note duration (fr om the shape of the str oke as shown) as as pitch and time, both of which ar determined fr om the position of the start of the ge= stur e.

Coleman [25] has created a text editor whi=0A= ch used hand-drawn proofreader ’ s symbols to specify editing commands (figure 2.3). example, a sidew=0A= ays “S” indicated that two sets of should be interchanged, the characters themselves being de= limi=0A= ted by the two halves of the The input device was a touch tablet, and the gesture classifica= tion was done by a hand-coded

net (i.e. a loop-free flowchart).

1

Buxto=0A= n [21] has built a musical score editor with a amount of gesture input using a 2.4). system used simple gestures to indicate not=0A= e durations and scoping operations.

considered this system to be more a character recognition tha=0A= n a gesture-based the characters being from an alphabet of musical Since was derived only from the classification the characters, but their positions as well, the considers this to a gesture-based system in the true sense. Buxton’ technique was later incorporated into Notewriter

a commercial music program. and Buckley [76] describe a gesture-bas=0A= ed music

editor usable by MarMinsky [86] implemented a system called Button Box, whi= c=0A= h uses gestures for lection, movement, and path specification to provide a complete Logo programming en= viro=0A= nment

(figure 2.5). input device was clear plate mounted in front of a display

. device sensed position and shear forces of single finger touching the plate. proposed the use of fingers for gesture input, never experimented with an actual multiple-finger input In Minsky’ s system, buttons for each Logo ope=0A= ration were displayed on the screen. T a button caused it to execute; a button dragging it caused it to be moved. needed to distinguish between a touch and tap was programmed by hand. There

buttons used for copying other buttons and for grouping sets buttons together

. A path be drawn thro=0A= ugh a series of buttons–touching the end of a cau=0A= sed its constituent buttons execute .

[72] is a system based on V ideodesk. As stated above, the silhouette of user ’ s hands are monitored. a hand is place=0A= d in a pointing posture, the tip of the index finge= r

1

Curiously

, this resea=0A= rch was done while Coleman was a graduate student at = Carn=0A= egie Mellon. Coleman never received Ph.D. from CMU, and it would be twenty years before = anot=0A= her CMU graduate student (me) would near topic of gesture recognition.

30 CHAPTER 2. RELA TED

Figure 2.5: Box (from Minks=0A= y [86])

T apping a displayed button causes to execute its assigned function while touching a and dragging it

causes it to be

Figure 2.6: gesture-based spreadshe=0A= et (from Rhyne and W olf [109])

The Paper-Like Interface pr oject pr oduces systems which combine e and handwriting. The input here a gr oup of cells and r equests they be moved the cell beginning at location “G5.”

2.2. EXAMPLE GESTURE-BASED SYSTEMS 31

Figure 2.7: symbols

Recognizing flowchart symbols (fr om Mura=0A= se and W akahara [89]). system takes entir e fr eehand

of a flowchart (lef=0A= t) and r ecognizes the individual flowchart symbols (= righ=0A= t), pr oducing an repr esentation the flowchart (as nodes and edges) and a pictur e in which the fr eehand ar r eplaced by machine generated line-drawings drawn fr the alphabet of symbols. This system shows style of interface in which pattern recognition is for something other than the detection of gestur es or=

characters.

may be used for menu After selection, the fingertips may be used to manipul= ated objects, such as the controlling points a spline A group at IBM doing research int=0A= o gestural human-computer systems has produced a gesture-

based spreadsheet application [109]. simil=0A= ar to Coleman’ s editor

, the user the spreadsheet by gesturing with a stylus on a tablet (= fi=0A= gure 2.6). For example, deletion is done an “X” over a cell, selection by an “0=0A= ”, and moving selected cells by an arrow

, the of indicates the destination of the application is interesting in that it combines recognition (isolated letters and numbers) with gesturing. For example, by using handwriting user can enter numbers or text into a cell without = usin=0A= g a keyboard. The portion of the which classifies letters, numbers, and gestures of a = 256x=0A= ed size and orientation has (presumably) traine=0A= d by example using standard handwriting recognition techniq= ues. However

, the of gestures vary in size or orientation requires hand coding [67].

Murase and W akahara [89] describe a system which freehand-drawn flowcharts symbols recognized by machine (figure 2.7). T and Kawasaki [12=0A= 8] have a system which sign-language ges=0A= tures from video input (figure HITS MCC [55] and Artkit from the University of Arizona ] are both systems that be used to construct gesture-based interfaces. author has seen a system built with HITS similar

32 CHAPTER 2. RELA

WORK

Figure 2.8: language recognition (from T amura [128])

This system pr an image fr om a video camera in or der to reco= gniz=0A= e a form of Japanese sign language.

to that Murase; in it an entire control panel is drawn and then the freehand symbols segmented, classifi=0A= ed and replaced by icons. work is by Martin, et. al [82], from Artkit has much in common with the GRANDMA system desc= ribe=0A= d in this and will be mentioned later (Sections 4.1 and 6.8). systems to be similar to created using GRANDMA, that gesture commands are executed as soon as they entered.

and Buxton [75] have implemented a drawing program based on (figure 2.9). have used the program to study

, among other things, issues of scope systems. T the present author

, GEdit’ s interesting attribute is the use of gestures, as shown in the figure. GEdit’ gesture recognizer is The Glove-talk system [34] uses DataGlove to control a speech synthesizer (figure 2.10= Artkit and the work described in Chapter 4, Glove-talk performs eager recognition: gesture is and acted upon without its end being indicate=0A= d explicitly . W eimer and Ganapathy [136describe a system combining DataGlove gesture and The use of the circling gesture as an alt=0A= ernative means of selection is considered in Jackson speech

Roske-Hofstrand [61]. their system, the of the circling gesture is detected automatically i.e.

the mouse buttons are not is also used for selection in the JUNO system from

X= erox

Corporation

[142A number of computer produ=0A= cts offer a stylus and tablet as their sole or input

These systems include

GRID

Systems

Corp.’ s GRIDPad

[50],

Active

Book

Company’ s new Pencept

Inc.’ s computer

[59],

Scenario’ s riter , T oshiba’ s PenPC,

Sony’ s Mometa’ laptop,

MicroSlate’ s Datalite, DFM System’ s T rave=0A= Lite,

Agilis

Corp.’ s system, and Corp.’ s PenPoi=0A= nt system

[81,

24]. details of the interface of many of these systems are hard find of these systems have not yet been released), the aut= hor suspects that many use For further reading, please see [16, 106, 31].

2.2. EXAMPLE GESTURE-BASED SYSTEMS 33

Figure 2.9: a group objects in GEdit (from Kurtenbach and Buxton Note the compound gesture: initial closed curve does selection, and the final “C” indicates dat=0A= a

should be copied rather than

Figure 2.10: GloveT alk (from Fels and Hinton [34])

GloveT alk connects a DataGlove to a speech synthesizer thr ough several neural Gestures root wor ds (shown) modifiers. the dir ection of the hand moti=0A= on causes a wor d to be fr om the synt=0A= hesizer as well as indicating the start of the next g= estu=0A= r e.

34 CHAPTER 2. RELA

WORK

Figure 2.11: Basic PenPoint gestures (fr=0A= om Carr [24])

Recently

, of Go Corp=0A= oration’ s PenPoint system have been Each

of a notebook-sized computer with a display

. sole input device is a stylus, is used for gestures and handwriting on the displa=0A= y itself. Figure 2.11 shows the basic recognized; depending on the context, additional gestures = and handwriting can also be As can be seen, PenPoint gestures may consist of multiple Althoug=0A= h it seems that recognition algorithms used internally at the present time the user canno=0A= t add any new gestures

to the existing

The hardware is able to sense pen pr oximity near the stylus is to the which is to help detect the end of multi-stroke gestures and ch= arac=0A= ters. PenPoint include a drawing progra=0A= m, a word processor

, and a form-based data entry Many of the above systems combine gesture and direc=0A= t manipulation in the same interface. example, appears to treat mouse input as gestural beg=0A= un on the background window

, drags objects when mouse input begins on the object. combine gesture and direct

in the same interaction. One exception, PenPoint, uses the dot gesture (touching stylus to the tablet and then not moving until recognition has been indicated) to graphic Button Box does something similar for dragging objects. [52] uses eager more

or less crediting the idea to me.

2.3 Approaches for Gesture Classification

[40] states that “the problem of pattern usually denotes a discrimination or of a set of processes or events.” recognition, in which the input is considered an event to be classified as one of a particular of gestures, is a problem of pattern recognition.

2.3. FOR GESTURE CLASSIFICA

TION 35

this dissertation, known techniques of pattern recognition are applied to the problem of sensi= ng

The general pattern recognition problem consists of two subproblems: representation and decision making [40]. implies that the archi=0A= tecture of the general pattern consists of two main parts. First, the r epr esenter takes the raw pattern as input and outputs representation of the pattern. Then, the decider takes as input the output of the representer and outputs a classification (and/or a description) of This section reviews the pattern work relevant to gesture recognition. In particular the on-line recognition of handwritten characters is discu= ssed whenever possible, since that is closest problem to gesture recognition. a good of handwriting systems in

general, see Suen et. al. [125] or T appert et. al. [129].

The review is divided into two for representers and alternatives for alternative is briefly explained, usually by reference an existing system which uses the

advantages and disadvantages of the alternative are dis=0A= cussed, particularly they apply to single-path gest=0A= ure recognition.

2.3.1 for esenters

The representer module takes the raw data from the input device and transforms it into a sui=0A= table

for classification by the decider the case of single-path gestures, as with on-line handpr= int, raw data consists of a sequence of The representer outputs featur es of the input Representers may be grouped in terms of the kind=0A= s of features which they output. The kin=0A= ds of features are: global zones, and geometric features. While representer may combine different kinds of features, re= pres=0A= enters are discussed here as each only one kind of feature. will make clearer the dif ferences between the kinds of

in practice most representers do depend largely on single kind of feature.

T emplates.

emplates are the simplest features to are simply the input data in its raw a path, a template would simply consist of the of points which make up the Recognition syste=0A= ms based on templates require the decider to do the ficult work; namely ,

the of the input pattern to stored example templates for e= ach T emplates have the obvious advantage the features are simple to compute. is that the size of the feature data grows the size of the input, making the features unsuitable = as

input to certain kinds of deciders. temp=0A= late features are very sensitive to changes in the location, or orientation of the input, classifiers which attempt to allow for of these within a given class. of systems are mentioned in the discussion matching below .

36 CHAPTER 2. RELA

TED Global T ransformations.

of the of template features are addressed by global of the input

data. transformations are mathematically defined so as to be invariant under e.g. translation, or scaling of the input data. example, the Fourier transform will result in invariant with respect to rotation of the pattern [46]. Global transformations generally a fixed number of features, often smaller than the i= nput A set of fixed features allows for a great=0A= er variety in the choice of deciders, and obviously invariance properties allow for variations within a class= =0A= . Unfortunately

, there is no way to off ” these invariances in order to disallow intra= -cla=0A= ss variation. Also, the global genera=0A= lly take as input a two-dimensional raster

, making technique awkward to use for data (it have to first be transformed into raster Furthe=0A= rmore, the computation of the

may be expensive, and the resulting features do not usually a useful parametric

(in the of Section 1.6.2), requiring a separate pass over dat=0A= a to gather

parametric information.

Zones.

Zoning is a simple way of deriving features from path. Space is divided into a number of and an input path is transformed into the sequence zones which the path traverses [57]. on this scheme incorporates the direction each zone is entered into the encoding [101]. with templat=0A= es, the number of features are not fixed; thus cer=0A= tain deciders may be used. The

of zoning schemes are their simplicity and efficiency = .

the recognition is to be size invariant, zoning schemes generally require the input to normalized ahead of time. a zoning scheme invariant is more difficult. make it impossible to compute zones incrementally as input data is received. small changes to pattern might cause zones to be missed entirely

, resu= ltin=0A= g in And again, the features not usually hold any useful parametric Geometric Features.

Geometric features are the most commonly used in handwriting recognition [125]. features of a path (such as its length, total angle, number of times it crosses total etc.) global properties of the path. properties, such as the sequence of basic strok=0A= es, may also be

It is to use combinations of geometric features, each under some tions of the input pattern but not others. example, the initial angle of a path may be a feature, all other features might be invariant with respect to rotation of the this fashion, may potentially be which allow different variations on a per-class basi= s.

features often carry useful parametric inf=0A= ormation, e.g. the total path length, geometric feature, is potentially a useful parameter geometric features can be fed to which expec=0A= t a fixed number of features (if only global features are used), or to which expect sequence of features (if local features are used).

2.3. FOR GESTURE CLASSIFICA

TION 37

features tend to be more compl=0A= ex to compute than the other types of features W ith care, however

, the computation can be efficient and incremental. all these reasons, the current work concentrates on the use of global ge= omet=0A= ric features for the single-path in this dissertation (see Chapter 3).

Alternatives for Deciders

a vector sequence of features output by a representer

, it the job of the decider to

the class the input pattern with those features. methods for deciders may

be dictionary lookup, a discrimination net, statistical matching,

linguistic matching, connectionism, and hocSome of the methods are suitable to only one of representer

, while others are more general=0A= ly applicable.

T emplate-matching.

A templat=0A= e-matching decider compares a given input template to or more prototypical templates

each class. T ypically the decider is based on function which measures the (or dissimilari=0A= ty) between pairs of templates. input is classi=0A= fied as being a member of the class the prototype to which it is most similar there is a similarity threshold, below

input will be rejected as belonging to none of the p= ossi=0A= ble classes.

similarity metric may be computed as a correlation function between the input and the prototype [69]. programming techniques may used to efficiently warp the input in better match up points in the input template to in the prototype [133, 60, T emplate syst=0A= ems have the advantage that the prototypes are simply e= xamp=0A= le templates, making

the system easy to order to accommodate large variations, for in the orientation

a given gesture, a number of different prototypes of various orientation must specified.

Unfortunately a large of prototypes can make the use of template matching expensive, since the input pattern must compared to every

Lipscomb

[80] a variation on template matching used for recognizing ge= stur=0A= es. In scheme, each training example considered at different resolutions, giving rise to mul= tipl=0A= e templates

per example. algorithm thus similar to multiscale algorithms used in image proc= essi=0A= ng

[138].) has applied the multiscale technique to stroke data by using an angle filter in

dif ferent resolutions correspond to dif ferent thresholds applied to the angles in the T o represent a gesture at a given points are discarded so that the remaining angles are

all below the threshold. T classify an gesture, first its highest resolution representation is

(conceptually) compared to each template (at resolution). Successively lower resolutions the input are tried in turn, until an exact match is fo= und. Multiple matches are decided in favor template whose resolution is closest to the current reso= luti=0A= on of the input.

Dictionary lookup.

When the input features are a sequence of tokens taken a small alphabet, lookup may be is often how zoning features are classified [101]. The advantage is efficient

38 CHAPTER 2. RELA

TED since binary search (or similar algorithms) may be used to lookup patterns in . some allowance is made for non-exact matches, since otherwise classification sensitive to changes in the input. with such allowances, dicti=0A= onary systems are brittle, due to the employed (e.g. sequences of zones). course, a dictionary is initially

from example train=0A= ing input. is also a simple matter to add entries for rejected

thus the system can adapt to a given user .

nets.

discrimination net (also called a decisio=0A= n tree) is basically a flowchart without Each

node contains a boolean condition on features, and is connected to two other nodes “true” branch and a “false” leaf node is labeled with a class name. set is classified by starting at the note, evaluating each condition encountered and taking appropriate branch, stopping and outputting the classific= =0A= ation when a leaf node is Discrimination net=0A= s may be created by hand [25], or derived from inputs [8]. They

more appropriate to class=0A= ifying fixed-length feature vectors, rather than of length, and often result in accurate and efficient classifiers. However discrimination nets trained example tend to become unwieldy as number of examples grows.

Statistical In statistical matching, the statistics of example vectors are used to derive classifiers. T cally statistical matchers operate only on feature vect=0A= ors, not sequences. Some typical statistics are: feature vector per class, per-class vari=0A= ances of the individual features, and correlat=0A= ions within features. method of statistical matching is to compute the distance of input vector to the average feature vector of each class, ch= oosi=0A= ng the class which is the clos-

est. method uses the statistics to derive per-class discrimi= nati=0A= on functions over the Discrimination are like evaluation functions: discrimination functio=0A= n is applied the input feature vector

, the cla=0A= ss being determined by the largest Fisher ] showed how create discrimination functions are simply linear combinations of the input features, thus

particularly efficient. Arakawa al.[3used statistical classification of features for handwriting recognition; Chapter of the present work uses statistical classification geo=0A= metric

features.

statistical such as the Fisher classifier

, make assumptions the distributions

features within a class (such as multivariate normality); those tend to perform when the

assumptions are violated. classifi=0A= ers [48] make no such assumptions, but instead to

the form of the distribution from training examples. classifiers tend to require man=0A= y

examples before they function . The former approach is adopted in the work, with the feature set carefully chosen so as not violate assumptions about the distribution too drastically .

2.3. FOR GESTURE CLASSIFICA

TION 39

Figure 2.12: Shaw’

Picture Descri=0A= ption Language

PDL enables line drawings to coded in string form, making it possible to apply text= ual parsing to the r ecognition of line dra=0A= wings. component line segments and combining operatio=0A= ns ar e shown the left; the right shows the letter “A” can be described using these pri= miti=0A= ves.

Linguistic matching.

The approach attempts to apply automata and formal language = theo=0A= ry to the problem of

pattern recognition representer outputs a sequence of tokens which composed of a set pattern primitives and composi=0A= tion operators representing the relation between the primit= ives=0A= . The

has a grammar for each possible pattern class. takes as input the sentence attempts parse it with respect to each class grammar

. Ideally exactly one of the parses is and the pattern is classified thus. useful side effect of the syntax analysis is parse tree (or parse trace) which the internal structure of the Linguistic rec=0A= ognizers may be classified based on the form of rep=0A= resenter output. If output is a string the=0A= n standard language recognition technology such regular expressions context-free grammars, may used to parse the input. error-correcting may be used order to robustly deal with errors in the input. Alternatively the output of representer may be tree or graph, in which case the decider could use graph matching algorithms to the The token sequence could come from a zoning representer , a representer based on local properties, or from the output of a lower-level clas= si=0A= fier

. latter is a hybrid approach–where, example, statistical recognition is used to paths (or path segments), and linguistic used to classify based on the relationships paths. This approach is similar to that by Fu in a number of applications [40, 39, Shaw’ s picture description language (PDL, see 2.1=0A= 2) has been used successfully to describe

classify line drawings [116, 40]. another syste=0A= m, Stallings [120, 37] uses the composition

40 CHAPTER 2. RELA

TED operators left-of, above, and surr ounds to describe the relationships between strokes of Chinese=

A major problem with linguistic recogniz=0A= ers is the necessity of supplying a grammar for pattern class. usually represents considerably effort than simply supplying examples each class.some research has been doneon automaticallyderivi=0A= nggrammars from this research appears to be sufficiently advanced to be of use in a g= estu=0A= re recognition Also, linguistic systems are best for patterns with substantial internal structure, while g= estu=0A= res to be atomic (but not always [75]).

Connectionism.

Pattern recognition based on nets has received much research attention recently [65104,

132, 134]. neural net is a configura=0A= tion of simple processing elements, each of which is super-

simplified version of a neuron. numb=0A= er of methods exist for training a neural network patte= rn

recognizer from examples. any of the ferent kinds of features listed above could as input to a neural net, though best results would be achieved with vectors of some statistical discrimination functions may be impl=0A= emented as simple neural

networks.

have been applied successfully to the recognition of drawings [55, 82], [47], and gestures [34]. Unfortunately they tend to a large amount of processing

power to train. now appears likely that neural will, in the future, be a

method for gest=0A= ure recognition. The chief advantage is that neural like template-based

are able to take the raw sensor data as input. neural network can lear=0A= n to extract

features for use in The disadvantage is that many labeled (often

thousands) are needed in statistical classification method discussed in this disser= tati=0A= on may be considered a one-level

has the advantage over multilayer neural networks, in that it may be trained

using few examples per class (typically 15). training time is important a system that is used prototyping gesture-based systems, since it allows the sys= tem designer easily experiment with different of gestures for a given application.

Ad hoc method=0A= s.

If the set of patterns to be recognized simple enough, a classifier may be programmed by Indeed, this was the case in many of the gesture-bas=0A= ed systems mentioned in Section 2.2. Even

having to program a recognizer by hand can be dif

�= 56cu=0A= lt and makes the gesture set difficult modify

. author believes that the dif ficulty of creatin=0A= g recognizers is one major reason why gesture-bas=0A= ed systems have not been built, and why there is a = dear=0A= th of experiments which the effect of varying the gestures in those systems which have been The major goal of this

is to the building of gesture-based systems easy by making rec= ogni=0A= zers by example, and incorporating into an easy-to-use direct manipulation framework.

2.4. MANIPULA

TION 41

2.4 DirManipulation Ares

A direct manipulation system is one in the user manipulates graphical representations object=0A= s in the task domain directly

, usually with a or other pointing device. In the words Shne=0A= iderman [117],

central ideas seemed to be visi=0A= bility of the object of interest; rapid, actions; and replacement of complex command lan=0A= guage syntax by manipulation of the object of interest–hence the term “direct As examples, he mentions display editors, V isicalc, games, computer

-aided design, and an automobi=0A= le, among For many application domains, direct manipulation paradigm results in programs which are=

easy to learn and use. course there are task=0A= s for which direct manipulation is not appropriate, due to the fact that the abstract nature of the domain is not easily mapped onto concrete objects [58]. example, direct manipulation systems for the abstract task of programming been rat=0A= her dif ficult to design, though much progress has made [98].

is not intended here to the merits and drawbacks of direct manipulation systems.

Instead, it is merely noted that direct has become an increasingly important style of user interface. all existing gestu=0A= re-based systems may be systems. reason is that graphical objects on screen are natural tarof gesture and updating those objects is an intuitive way of feed= ing back to the the effect of his this section, existing approaches for constructing direc=0A= t manipulation

systems are reviewed. Chapter=0A= s 6 and 7 it is shown how some of these may be

to incorporate gestural While direct manipulation systems are easy to use, the=0A= y are among the most difficult kinds interfa=0A= ce to construct. there is a great interest software tools for creating such [96] gives an excellent overview of the various tools = whic=0A= h have been proposed for purpose. Here, is sufficient to divide user-interface software into three The lowest software level potentia=0A= lly seen by the direct manipulation system programmer tool= s

usually the window manager. managers include X [113], News [127], W

[126], and Display Postscript [102]; see Myers [94] an overview

. For current it is sufficient to consider the window manager as providing set of routines (i.e. a interface=0A= ) for both output (textual and graphical) and input = (ke=0A= yboard and mouse or other Programming direct manipulation interfaces at the window manager level is usually avoided, since

large amount of will likely need to be redone for each application worke.g. menus will to be implemented for each=0A= ). from scratch this way will probably result in different inconsistent interfaces for application, making the total system dif ficult to rec= all and use.

The next software level is the interface toolkit. T come in two forms:non-object-

oriented and object-oriented. toolki=0A= t provides a set of procedures or objects for menus, scroll bars, and other standard techniques. Most of the toolkits come and it is up to the programmer to decide how to use the components. Some nota=0A= bly MacApp [115] and GWUIMS [118], come partially asse= mble=0A= d, making it easier for programmer to customize the structure to fit the application. this reas=0A= on, some authors have

42 CHAPTER 2. RELA

TED referred to these systems as User Interface Sys=0A= tems, though here they are grouped the other A non-object-oriented toolkit is simply a of procedures for creating and manipulating interact=0A= ion techniques. saves the programmer the efinvolved in programming these action directly

, and has the added benefit that all created using a single will look and act sim=0A= ilarly

. problem with non-object-oriented is that they usually not give much support the programmer who wishes to create new interaction tech= niqu=0A= es. a programmer typically cannot reuse any exi=0A= sting code and thus finds himself bogged down many low-level details of input and screen Instead of procedures, toolkits a class (an object type) for each of

standa=0A= rd interaction techniques. T use one of the interac=0A= tion techniques in an interface, programmer an instance of the appropriate class. using inheritance mechanism the object-oriented language, the programmer can create new classes which like existing classes except for modifications speci=0A= fied by the programmer

. This subclassing the programmer a method of customizing each interaction = tech=0A= nique for the particular It also assistance to the programmer wishing to create new inter= acti=0A= on techniques–he almost always subclass an existi=0A= ng class, which is usually much easier than the new

technique from scratch. problem with obj=0A= ect-oriented toolkits is their complexity; often pro=0A= grammer needs to be familiar with a large part of = the class hierarchy before he can the functiona=0A= lity of a single class.

Interface Systems (UIMSs) form the software level above [96].

are systems which provide a method specifying some aspect of the user interface that at a higher level than simply using the base language. For example, the system uses state transition diagrams to specify the structure user input, the Syngraph [64] uses context-free grammers similarly

, and the Cousin system [51] uses declarative Such systems encourage or a strict separation between the user interface specifica= tion and

the application code. having modularity advantages, it is becoming increasingly such a separation may not be appropriate for direct ma= nipu=0A= lation interfaces [110].

UIMSs which employ dir ect graphical specification of interface components are becomi=0A= ng in-

creasingly popular

. these the UIMS is itself a direct manipulation user

designer thus uses direct to specify the components of the direct interface he himself desires to build. NeXT Int=0A= erface Builder [102] and the Andrew Environment W orkbench (ADEW) [100] allow the and properties of interface components to specified via direct manipulation. However new inter=0A= face must be programmed in the object-oriente=0A= d toolkit In addition to the direct of existing interface components, Lapidary [93] Peridot [90] enable new interface to created by direct graphical UIMSs generally built on top of user interface TheUIMSs thatsupportthecon-

ofmanipulationinterfaces, suchas theoneswhichusegraphicaltend to be built upon object=0A= -oriented toolkits. object-oriented toolkits are curr=0A= ently the ferred vehicle for the creation direct manipulation systems, this dissertation concentrates the problem of integrating gesture into such toolkits. In preparation for this, the architectures of

2.4. MANIPULA

TION 43

existing object-oriented toolkits now reviewed.

2.4.1 T oolkits

object-oriented approach is often used for the construction of direct manipulation Using obje=0A= ct-oriented programming techniques, graphical objects on screen can be made to

quite with software objects internal to the system. ways in which a object can be manipulated corres=0A= pond to the messages to which the corresponding object

responds. is assumed that the of this dissertation is familiar with the concepts of = obje=0A= ct-

oriented programming. [27, 28], Stefik and Bobrow [121], Horn [56], Goldber g and Robson

[44], and Schmucker [115] all present excellent of the The Smalltalk-80 system [44] was first object-oriented system that ran on a personal co= mput=0A= er

with a mouse and bitmapped display

Fromthis system emergedtheModel-V iew-Controller paradigm for developing direct manipulation Though MVC literature is only now

appear in print [70, 63, 68], the MVC paradigm directly influenced every oriented user inter=0A= face architecture since its creation. this the review of object-oriented

for dire=0A= ct manipulation systems begins with a discussion of use of the MVC

in the Smalltalk-80 The terms “model,” “view

,” and “contro=0A= ller” refer to three different kinds of objects a role in the representation of single graphic object in a direct manipulation interface. A is object containing application specific data. objects encapsulate the data and computation the task domain, and generally make no to the user interface.

A view object is respo=0A= nsible for displaying application data. Usually view is associated with single model, and communi=0A= cates with the model in order to acquire the datathatitwill

render on the single model may have multiple views, each potentially d= ispl=0A= aying different

aspectsoftheV implementthe“look” ofauserAcontr ollerobjecthandlesuserinteraction(i.e. input). Depending on the input, the may communicate directly with a model, a view

, or b= oth. A controller object is generally paired a view object, where the controller handles input to model and the view handles output. Internally the controller and view objects typically contain to each other and the associated and may directly send messages to each other and the model= .Controllers implement the of a When the application programmer codes model object, for modularity purposes he does include references to any particular The result is a separation between application (the models) and the user interface (the views con=0A= trollers). There does need to be connection from a model to a view–otherwise how the view be notified the state of the changes? connection is accomplished in a fashion through the

use of dependencies.

Dependencies work as follows: object may register its=0A= elf as a dependent of any other T ypically a view object, when first created, registers a dependent of a model object. Generally is a list of dependents associated with an object; in= this way multiple views may be on single model. an object that potentially has depe=0A= ndents changes its state, it sends the messag=0A= e [self changed]. Each dependent d the object will then get sent the message [d

44 CHAPTER 2. RELA

TED update], informing it that an object upon which is dependent has changed. Thus, a model to communicate to its views the fact that has changed, without referring to the explicitly .

views display rectangular regions on the screen. A view may have subviews, each typically results in an object displayed within the rec= t=0A= angular region of the parent view

. may themselves have subviews, and so on recursively

, = givi=0A= ng rise to the view hierar chyT a subview’ s display is clipped so as to appear within the rectangular region of A subview generally occludes part of its parent’ s .

common criticism of the MVC paradigm is that two objects (the view and controller) to implement the user interface for a model where would suffice. This, the argument

not only inefficient, but also not modular implement the look and feel separately in practic=0A= e they always go The reply to this critici=0A= sm states that it is useful (often or occasionally) control look and feel

separately [68discusses the usefulness of a single view having controllers; implementing different abilities (i.e. beginning, intermediate, and advanced) different controllers, and having the adapt to the user ’ s ability at runtime is one ex= ampl=0A= e.

Knolle’ s examples may not be very persua=0A= sive, there is an important application of from controllers, namely

, the ability to multiple input devices. Chapters 6 and further the benefits accrued from the separation views and Nonetheless, there is a simplic=0A= ity to be had by combining views and controllers object, giving rise to object-oriented based on the Data-V iew (DV) paradigm. terminology varies, MacApp [115, 114], the Andrew T oolkit [105], the NeWS [108], and InterV iews [79] all use the DV paradigm= .In this paradigm, data objects

application specific data (and thus are identical to MVC while view objects the functionality of view and controller objects. DV systems, the and feel of an object

very tightly and detailed assumptions about the input hardware (e.g. a three button

get built into view .

toolkits also vary in method by which they determine which objects get informed of a particular input event, and also the details of that communication.

T input events (such as mouse clicks) are passed down = the view hierarchy

, with a view

its subviews (and so on recursively) to see if one of them wis= hes to handle the event deciding to handle event itself. variations on this scheme are Controllers may be written to have methods messages such as leftButtonDown. style,whileconvenientfor the programmer, hasthe efof wiringindetailsof the inputall thro=0A= ughoutthe system [115, 68]. NeXT AppKit ], passes input events to the object a more general form. is generalized even further in Chapters 6 and Controllers are a very gener=0A= al mechanism for handling input. [92], a system, takes a dif ferent approach, interactors [95, 91]. key insight interactors that there are only several different kinds of interactive behavior

, and a interactor

can be built for each. user-inte=0A= rface designer then needs only to choose the for each interaction technique he Gestural input is not currently handled by the existin=0A= g interactors. It would be interesting to see

2.4. MANIPULA

TION 45

the interactor concept in Garnet is gener=0A= al enough to handle a gesture interactor

Unfortunately ,

author was largely unaware of Garnet project at the time he began the research descr= ibed in

Chapters 6 and 7. it been a rather different method for incorporating gestures direct manipulation systems than the one here might have been The Artkit system [52] has a considerably more general input mechanism than MVC systems

discussed thus far

. the GRAN=0A= DMA system discussed in this dissertation, Artkit integrate= s

gesture into an object-oriented developed simultaneously and independently

, and GRANDMA have startlingly similar input The two systems will be compared more in chapter 6.

46 CHAPTER 2. RELA

TED WORK

Chapter 3

Statistical Single-Path Ges=0A= tur e

Recognition

3.1 Overview

chapter address the problem of recognizing single-path gestures. A single-path gesture is can be input with a single pointer

, such as a mou= se, stylus, or single-finger touch pad. It further assumed that the start and end of the input = gest=0A= ure are clearly delineated. When a mouse, the start of a gesture might be indicated the pressing of a mouse button, and end the release of the button. Similarly contact the stylus with the tablet or of a finger the touch screen could be used to delineate the endpoi= nts of a Baecker and Buxton[5] warn against using a mouse as a gestural input device for ergonomi= c

reasons. the research described in chapter

, the author has chosen to ignore that warning= .

mouse was the only pointing device available when the work began. it was

only pointing device that is widely available–=0A= an important consideration as it allows others utilize the present work. addition, it is probably the case that any trainable recognizer that well given mouse input could be made to work even be= tter on devices more suitable for such a stylus and The particular mouse used labeled DEC Model VS10X-EA, revision A3. has three on top, and a metal trackball coming of the bottom. the mouse on a flat surface causes

its trackball to roll. the mouse=0A= , the trackball motion is mechanically divided into x and y

and the mouse sends pulse to the computer each time one of its changes

by a certain amount. windowing soft=0A= ware on the host implements mouse acceleration, meaning that the faster the mouse is moved a given the farther the mouse cursor will travel on screen. metal mouseball was rolled on a table, resulting it what might be termed “host=0A= ile” system for studying gestural the work described in this chapter was developed on Digital Equipment Corporation

MicroV II.

1

The software was written in C [66] runs on top of the MACH operating system

1

MicroV AX is trademark of Digital

Equip=0A= ment

Corporation.

48 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE

Figure 3.1: Some example The period indicates the start of the gestur actual mouse points that make up the gestur es e indicated

as well.

[131], which is UNIX

2

4.3 BSD compatible. X10 [113] the window system used, though is a layer software designed to make the code easy to port to o= ther window systems.

3.2 Single-path GesturThe gestures considered in this chapter consist of two-dimensional path of a single point Each gesture is represented as an array g of P time-stamped sample points:

g

p

=3D (x

p

; p ; t

p

) 0 =0A= � p < P:

The points are time stam=0A= ped (the t

p

) since the interface to many gestural input does not deliver input points at regular intervals. In this dissertation, two-dimensional gestures are considered, but the methods described may be genera= lize=0A= d to the

three-dimensional case.

input point is very close to the previous input it is ignored. This simple

the input results in features that are much more relia= ble, since much of the especially at the of a gesture, is eliminated. result is a ge increase in recognition accuracy .

the par=0A= ticular mouse used for the majority of this work, “v= ery close” meant within three

pixels. threshol=0A= d was empirically determined to produce an optimal recogn= itio=0A= n rate on a

number of gesture Similar

, but more complicated preprocessing was done by et. al., in their Pittman’ recognition system[77]. difference in preprocessin=0A= g in Leedham’ s system and current work largely from the difference in input devices used an instrumented

indicating that preprocess=0A= ing should be done on a per-input-device Figure 3.1 shows some example gestures used in the drawing editor

. The first point (0

) each gesture is indicated by period. Each subsequent point (g

p

) is connected by a line segment the previo=0A= us point (g

p�1

The time stamps are not shown in the gesture recognition problem is stated as There is a set of C gesture numbere=0A= d 0 through C � 1. classes may be specified by description, or

, as is done in the = pres=0A= ent

2

UNIX is a of Bell Laboratories.

3.3. FEA

TURES 49

example gestures for each class. an input gestur=0A= e g, the problem is to determine to which g belongs (i.e. the class whose mem=0A= bers are most like g). classifiers have a

reject option: if g is suf ficiently different so as not to belong to any of the gesture = clas=0A= ses, it should

be rejected.

es

gesture recognition is done in two steps. a set of features is extracted the input

gesture. set is represented a feature vector

, f =3D [ f

1

; . . . ; f

F

]

0

. (Here and throughout, prime denotes vector transpose.) feature vector is then classified as one of the possible The set of features used was chosen accordi=0A= ng to the following criteria:

The number of featur=0A= es should be small. the present scheme, the amo=0A= unt of time it takes classify a gesture the feature vector is proportional to the product of size of the

feature vector (i.e. the number of features) and the number of dif ferent gesture cl= asse=0A= s. for efficiency reasons, the of features should be kept as small as possible being able to distinctly represent the ferent classes.

Each feature should be efficiently

. is essential that the calculation of the feature

itself not be too expensiv=0A= e: amount of time to update the value of a fea=0A= ture when an

input point g

is received should be bounded by a constant. particu=0A= lar

, features that all previous points be examined for each new input point are In this mannervery large gestures consisting of many points) are recognized as efficie= ntly as smaller

In practice, this increm=0A= ental calculation of features is often achieved by comput= ing auxiliary

features not used in For example, if one feature is the average x valu=0A= e of input points, an auxiliary feature consisti=0A= ng of the sum of the x values might be This would require constant time (one per input point. When the feature vector needed (for classification) the average x feature is computed in constant time by the above sum by the number of input points.

Each feature should have a meaningful interpretation. Unlike simple handwriting systems, systems built here use the features not only for clas= s=0A= ification, but also for

parametric example, a drawing program might use the initial of gesture to orient a newly created rectangle. While it is possible to extract such independent of classification, it is potentially less efficient to do Meaningful also provide useful information to the designer of a of gesture classes

a particular understanding the set of features, the designer a idea of what kind of gestures the system can and cannot distinguish; she is thus more likely to design gestures that can be classified accurately

50 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE RECOGNITION

Individual should have Gaussian-like distributions. classifier described in this chap-

is optimal when, amo=0A= ng other things, within a given class each feature a distribution. This is because a class is essentially represented by its mean feature vector

, classification of an example takes place, to first approximation, by determining the mean feature vector is closest to the example’

Class=0A= ification may suffer if a feature a given class has, for example, a bimodal whereby it tends toward of two different This requirement is satisfied when the is stable, meaning a small change in the gesture results in a small change in the value the feature. general, this rules out features that are small integers, since presumably some small ch= ange in a gesture will cause a unit step the feature. possible, features that depend thresholds should also be

for similar reason=0A= s. Ideally a feature is a real-valued function of the input

Note that input preprocessing is essentially a thresholding and does have effect that a seemingly small change in the gesture can cause big changes in the = feat=0A= ure vector .

However eliminating this preprocessi=0A= ng would allow the noise inherent in the input device

to seriously affect certain features. thres=0A= holding should not be ruled out per-se, tradeoffs must be considered. alternative to use multiple thresholds to a kind multiscale representation of the input, thus avoiding prob= lems inherent in using a

single threshold The particular set of features used here evolved over = the creation of two classifiers, the first a subset of GDP gestures, the second being a of upper-case letters, as handwritten the author

. the current version of the recognition program, thirteen features are employed. 3.2 depicts gra=0A= phically the values used in the feature The features Cosine and sine of initial with respect to the X axis:

f

1

=3D cos � =3D (x

� x 0

)=3Df

2

=3D sin � =3D (y

2

� y

0

)=3Dd

where d =3D p(x

2

� x

0

)

2

+ (y

2

� y

0

)

2

:

Length of the bounding box diagonal:

f

3

=3D q

(x

max

� x

min

)

2

+ (y

max

� y

min

)

2

where x

max

; x

min

; y

max y

min are the maximum and values

for x

p and y

p respectively .

of bounding box:

3.3. FEA

TURES

�

�

p

(x

0

; 0 )

(x

2 y

2

)

(x

p�1

; y

p�1

)

(x

p

; y

p

)

(x

p+1

; y

p+1

(x

P�1

; P�1 )

(x

min

; y

min

(x max

; y

max

)

f

3

f

f

5

3.2: Feature calculation

Gestur e 6 of figur e 3.1 is shown with relevant lengths and angles labeled with the used to compute featur es or the es themselves wher e possible.

f

4

=3D arctan y

max

� y

min

x

� x min

Distance between and last point:

f

5

=3D q

(x

P� x 0

)

+ (y

P�1

� y

0

)

2

Cosine and sin=0A= e of angle between first and last point:

f

6

=3D cos � =3D (P�1 � x

)=3D f 5

f

=3D sin � =3D (y P�1

� y

0

)=3D f

5

T otal gesture �x

p

=3D x

p+1

� x

p

�y

p

=3D y

p+1

� y

p

52 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE RECOGNITION

f

8

=3D

P�2

X

p=3D0 q

�x p

+ �y

2

p

T otal angle traversed (derived from the dot and product definitions[73 ]):

�

=3D arctan

�x

p

�y

p�1

� �x p�1

�y

�x

p

�p�1 + �y

�y p�1

f

9

=3D

P�2

p=3D1

�

p

f

10

=3D

P�2

p=3D1

j�

p f

11

=3D

P�2

X

p=3D1

�

2

p

Maximum speed (squared):

�t

p

=3D t

p� t p

f

=3D

P�2

max

p=3D0

�x

2

+ �y

2

p

�t

2

p

Path dura=0A= tion:

f

13

=3D P�1 � t

0

Features f

12 and f

13 the gesture recognition to be on temporal factors; thus have a dynamic com=0A= ponent and are not simply static Some featu=0A= res ( f

1

, f

2

, f

6

, and f

7 are sines or cosines of while others ( f

5

, f

10

, f

11

, f

12

)

on angles dir=0A= ectly and thus require inverse trigonometric functions com=0A= pute. A fourquadrant arctangent is needed to compute �

p

; the arctangent func=0A= tion must take the numerator and

as sepa=0A= rate parameters, returning an angle between � and � . For efficient would be desirable to use just a single feature to r= epre=0A= sent an angle, rather than both the sine cosine. However the recognition algorithm requires that feature have approximately a distribution; this poses a problem when a small change in a gesture ca= uses a large change in measurement due to discontinuity when near � . matter=0A= ed for initial angle, and the between the star=0A= t and end point of the gesture, so each of these an= gles is represented by its sine and

cosine. boun=0A= ding box angle is always between 0 and � =3Dso there was no discontinuity problem

for it.

3.4. GESTURE CLASSIFICATION 53

For features dependent on �

i

, the angle between three successive input points, only occurs when the gesture stroke back upon itself. practice, likely due to the few gestures

which have such changes, the recogni=0A= tion process has not been significantly hampered the potential discontinuity (but see Section The feature f

9 a of the total traversed; in a gesture consistin=0A= g of two clockwise loops, this feature might have a v= alue near 4� If the gesture was a clockwis=0A= e loop followed by a counterclockwise loop, 9

would be close to zero.

featu=0A= re f

10 the value of instantaneous angle; in both loop gestures, its=

value would be near 4� . feature f

11 a measure of the “s=0A= harpness” of Figure 3.3 shows the of some features as a function of p, the point, for gestures 1 and

2 of figure Note in particular how the value for f

11 sharpness) increases at the of the

gesture. feature values at the last (rightmost) input point are the ones that are used classify

the gesture. intent of the is to show how the features change with each new All the features can be computed incrementally

, with a constant amount of work being done each new input point. utilizing table lookup the square root and inverse trig functions, amou=0A= nt of computation per input point can be made quite A number of features were tried and found to be as good as the features For example,

instead of the sharpness metric f

11 initially a count of the number of times �

p exceeded a thres=0A= hold was used. idea was to count sharp angles.While this worked fairly well, the continuou=0A= s measure of sharpness was found to give much better = resu=0A= lts. In general, features are discrete coun=0A= ts do not work as well as continuous features that at= temp=0A= t to quantify the same

phenomena. for this is probably that continuous features more satisfy the

normality criterion. other word=0A= s, an error or deviation in a discrete count tends be much significant than an error or deviati=0A= on in continuous Appendix A shows the code for incrementally calculating the feature vector gesture.

3.4 Gesture Given the feature vector x computed for an gesture g, the classification algorithm is quite

simple and efficient. with each gest=0A= ure class is a linear evaluation function over features. Gesture class c has weights ^ c

i for 0 � i =0A= � F, where F is the number of currently

13. variables will be writt=0A= en using superscripts with hats to indicate the These not and should not to be with The evaluation functions are calculate=0A= d as

follows:

v

^ c

=3D w

^ c

0

+

F

X

i=3D1 w

^ c

i x

0 � c < C (3:The value v

^ c

evaluation of class c. classifier determines the c for which v

^ c

is a

maximum; this c is classification of the gesture g. possibilit=0A= y of rejecting g is discussed Section 3.6.

of pattern recognition will this classifier as the classic linear [35, 30, 62, 74]. W the correct of weights w

^ c

, the linear discriminator is known to optima=0A= l when (1) within a class the feature vectors have multivariate normal distribution, and (2)

54 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE

Figure Feature vector computation

These graphs show how featur e vectors change with each new input Theleft graphsreferto feat=0A= ur esgestur e 1of3.1(an“M”),rightgraphstogestur e 2(an“L

”). The �= 56na=0A= lvaluesofthefeatur es (p =3D 21gestur e 1, p =3D 12forgestur e 2) ar the onesused forThe instantaneous angle �

p and velocity

v p

have been included in the figur e, althou=0A= gh they ar e not part of the featur e vector .

3.5. CLASSIFIER TRAINING per class feature covariance matrices are (Exactly what this means is discussed in nex=0A= t section. continuous distributions for which linea=0A= r discriminant functions are optimal by Cooper [26].) conditions do not hold most sets of gesture classes the feature described; thus weights calculated assuming these will not be even among linear (and even the optimal linear classifier can be outper= form=0A= ed by non-linear classifiers if the above cond=0A= itions are not satisfied). However given the above set features, linear discriminators computed if the conditions are valid have been found to perform=

quite acceptably in practice.

Classifier T raining

Once the decision has been made to use linear discriminators, the only problem that is determination of the weights from example ges=0A= tures of each class. is known as the training

T wo methods for computing the weig=0A= hts were tried. first was the multiclass training procedure described in Sklansky and assel[119]. hope was that this method, does not depend on the aforementioned conditions choose weights, might perform better methods tha=0A= t did. this method, an initial guess of the weig=0A= hts was made, which are then to classify the first example. each class whose evaluation functi=0A= on scored higher than the

class, each wei=0A= ght is reduced by an amount proportional to the corresp= ondi=0A= ng feature of example, while the correct has its weights increased by the same is similar back-propagation learning procedures neural nets [34]. this manner

, all the examples are tried,

multiple times if method has the advantage of being simple, as well nee=0A= ding very few example to achieve However

, the behavior of the classifier depen=0A= ds on the order in which

examples are prese=0A= nted for training, and good values for the initial weig= hts and the of proportionality are difficult to determine in advance but have a large effect the success training efficiency of the metho=0A= d. number of iterations of the examples is anothe=0A= r whose optimum value is difficult determine. the most serious problem is a bad example might seriously corrupt classifier .

Eventually the perceptron traini=0A= ng method was abandoned in favor of the plug-in estima-=

tion method. plug-in estimation method performs approximately equally to the classifiers, and has none of the vagueness associa=0A= ted with perceptron training. In

the means of the features for each class are from the example gestures, as the common feature covariance matrix (all classes are assumed to have same one). The are then used to app=0A= roximate the linear weights that would be optimal the aforementioned

conditions were true.

3.5.=0A= 1 Deriving the linear classifier

The derivati=0A= on of the plug-in classifier is given in detail in = Jame=0A= s [62]. James’ explanation of is particularly good, though unfortunately the derivation = itse=0A= lf is riddled with typos and

56 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE RECOGNITION

other [74] gives a similar derivation (with no error=0A= s), as well as a good description of multiva=0A= riate The derivation is summarized here for Consider the class of “L

” drawn starting from the top-left. example of this class

is gesture 2 in figure 3.1. is eas=0A= y to generate many more examples of this one rise to a feature vector

, considered be a column vector of F real numbers ( f

0

; . . . ; f

F�1

)

0

f be the random vector (i.e. a of random variables) representing the feature of a given class of gestures, say “L gesture=0A= s. Assume (for now) that f has a multivariat=0A= e normal

distribution. multivariate normal dis=0A= tribution is a generalization to vectors of the distribution for a single variable. single variable (univariate) normal distribution is specified its mean value and variance. Analogously a multivariab=0A= le normal distribution is specified by its

vec=0A= tor

, � , and covariance matrix,

� . a multivariate normal distribution, vector element

has a univariate distribution, and the mean vector is simply a vector c= onsi=0A= sting of

the means of the individual Thevarianceofthe featuresform thediagonalofthematrix; the off-diagonal elements represent correlat=0A= ions between Theunivariatenormal distribution hasa densityfunctionwhichisthefamiliar curve.

analog in the twovariable (bivariate) case is a three-dimensionalbell shape. this case, the

of equal probability (cross sections the bell) are concentric ellipses. axes of are parallel to the feature axes if only if the variables are uncorrelated. analogy in the dimensional cases, the distribution a hyper

-bell shape, and the equiprobability are

A more in-depth discussion the properties of the multivariate normal would take

us too far afield here. reader unfa=0A= miliar with the subject is asked to rely on the with univariate case, or to refer to a text, such as Krzanowski [74The multivariate nor=0A= mal probability density function is the multivariate to the bell-shaped

curve. is written as a conditional probability density

, i.e. the densit=0A= y of the probability of

getting vector x x comes from multivariate distribution L with F variables, mean � , covariance matrix � .

p(x j L) =3D (2� )

�=3D2

j� j

�1=3D2

e

�

2

(x� )

0

�

�1

(x� � )

(3:2)

that this involves both the determinant and the inverse of the c= ovar=0A= iance The interested reader should verify it reduces to the standard bell-shaped curve in the un= ivar=0A= iate

case (F =3D 1; � =3D [�

2

In the case, to determine the probability that the value of random variable lie within a given interval, sim=0A= ply integrate the probability density function over that = inte=0A= rval.

in the multivariate case, given interval for each of the variables (i.e. a perform a multiple integral, integrating each var=0A= iable over its interval to determine the probability random vector is within the hypervolume.

this is preparation of the derivation of the linear classi�= 56er

. Assume an example feature

vector x to be classified is given. Let C c

the event that a random vector X is in class

c, and x, when used as an event, denote the event that ran=0A= dom feature vector X has value xW are interested in P(C

^ c

j xthe probability that the particula=0A= r feature vector x is in group C c

. A

classification rule is to assign x to the class i whose probabili=0A= ty P(C

^ {

x) is greater that of the other classe=0A= s, i.e. P(C

^ {

j x) > P(C

|

j x) for all j 6 =3D i. This rule, which assigns the example

3.5. CLASSIFIER TRAINING the class with the highest conditional , is known as Bayes’ ruleThe is thus to determine P(C

^ c

j x) for all classes cBaye=0A= s’ theorem tells us

P(C

^c

j x) =3D

P(x j C

^ c

)P(C

^ c

)

X

all k

P(x j C

^

k

)P(C

^

k

)

(3:Substituting, the assignment rule now assign x to class i if P(x j C

^ {

)P(C

^ {

) > P(x j C

^ |

)P(C

^ |

)

for all j 6 =3D i.

The terms of the form (C

^ c

) are the priori probabilities that a random example vector is class

c. a gesture recognition system, these prior probabilities would depend on the tha=0A= t gesture command is likely to be used an application. any better information, let assume

that all gestures are equally ,resulting in therule: assign x to class if P(x j C

^ {

) > P(x j C

^ |

)

for all j 6 i.

A conditional probability of the form P(x j C

^ c

) is known as the likelihood of C

^ c

with respect

to x [30]; assuming equal priors essentially replaces Bayes’ rule one that gives the maximum

Assume now that each C

^ c

multivariate normal, with mean vector =0A= �

^ c

and covariance mat=0A= rix

�

^ c the multivariate normal density functions

3.2) for the probabilities the assignment rule=0A= : assign x to class i if, for all 6 =3D i,

(2� �F=3D2 j�

^ { j

�1=3D2

e

�

1

2

(x� �

^ {

)

0

�

�1

^ {

(x� �

^ {

)

> � )

�F=3D2

j�

^ | j

�1=3D2

e

�

1

2

(x�

�

^ |

)

0

�

�1

^ |

(x� �

^ |

)

T the natural log both sides, canceling, and multiplying through by �1 (thus reversing inequality) gives the assign x to class i if, for all j =3D i,

d

^ (x) < d ^

(x);

where d c

(x) =3D ln j^ c j + (x

�

^ c

0 �

�1

^ c

(x � �

^ c

) (3:4)

d

^ c

(xthe discrimination function for class c applied to x. This is quadratic since d

^ c

(x) is quadratic in elements of x (the The discriminant computation involves sum of the pairwise products of features, as well ter=0A= ms linear in the features, and a

Making the further assumption that all the per-cl=0A= ass covariances matrices are equal, i.e. ^ {

=3D

�

^ |

=3D � , the assignment rule takes the for=0A= m: assign x to class i if, for all 6 =3D i,

ln j� j (x � �

{

)

0

�

�1

(x � �

^ {

) < ln j� j + (x � ^ | )

0

�

�1

(x � �

^ |

)the subtractions and multiplying through by �

1

2 gives rule: assign x to class i if, all j 6 =3D i,

^ { (x) > ^

| (x); �

^ c

(x( �

^ c

)

0

�

�x � 1

2

( �

^ ) 0

�

�

�

^ c

(3:5)

Note that the discrimination functions �

^ c

(xare linear in the features

(i.e. the elements of x), the

weights being ( �

^ c

)

0

�

�1

the constant term bein=0A= g �

1

2

( �

^ |

)

0

�

�1

�

^ |

.

58 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE RECOGNITION

equation=0A= s 3.5 and 3.1 it is seen that to have the cla=0A= ssifier (given the

assumptions) we take

w

^ c

j

=3D

F

X

i=3D1

�

�1

ij

�

^ i

1 � j � F

w

^ c

0

=3D �

1

2

F

i=3D1

w

^ c

�

^ c

i

all classes c. is not possible to the �

^ c

and � ; these must be estimated from the examples

as described in the next section. will be that the w

^ i

will be estimates of the weights.

The possibility of a tie for the largest has thus far neglected. If �

{

(x) =3D � k

(x) >

�

|

(x) for all j 6 =3D i and j 6 =3D k, it is clear the classifier may arbitrarily choose i or k as the class of

x. However this a prime case for rejecting the gesture x , since it is ambiguous. This

of rejection is generalized in Section 3.6.

Estimatingtheparameters

The linear classifier just is optimal

(given all the assumptions) in the sense

= that it the probabilityof correct classification=0A= . However the parameters needed to operate the clas=0A= sifier ,

namely the per-class mean

�

^ c

common covariance matrix � , are not known priori.

must be estimated from the traini=0A= ng examples. simplest approach is to use the plug=0A= -in

estimates for these statistics. the equa=0A= tions that follow actually need to be programmed, matrix notation is discarded in favor of writing the s= ums out explicitly in terms of the Let f

^ c

ei be the i th

feature of the e th

example of gesture class c, 0 � e < E

^ c

where E

^ c

is of training examples of class c. estimate of

�

^ c

, the mean feature vector is denoted

f

^ c

i

. is simply the average the features in the class:

f

^ c

i

=3D

1

E

^ c

E

^ �1

X

e=3D0 f

^ c

ei

s

^ c

ij is the plug-in estimate of �

^ c the feature covariance matr=0A= ix for class c:

s

^ c

ij

=3D

E

^ �1

X

e=3D0

(f

^ c

ei

� f

^ c

i

)(f

^ c

ej f

^ c

j

)

convenience in the next step, the usual

1=3D(E

^ c

� factor has not been included in s

^ c

ij

.) The s c

ij

are averaged to give ij , an estimate of the common matrix � .

s

ij

=3D

P

C�1

c=3D0 s

^ c

ij

�C +

P

C�1

c=3D0

E

^ (3:6)

3.6. REJECTION 59

plug-in estimate of the common covariance matrix s

ij is then inverted, the result of which denoted (s

�1

)

ij

.

The v

^ are estimates of the optimal evaluation functions � ^ c

(x). wei=0A= ghts w

^ c

j computed

from the estimates as follows:

w

^ c

j

=3D

X

i=3D1

(s

�1

)

ij

^ c

i

1 � j � F

and

w

^ c

0

=3D �

1

F

X

i=3D1 w

^ c

i f

^ c

i

mentioned before, it is assumed that all gesture classes are equally likely to occur

= .The

constant terms w

^ 0

may be adjusted if the a priori prob=0A= abilities of each gesture class are known advance, though the author has not found this to be for good results. If the derivation classifier is carried out without assuming equal probabi= liti=0A= es, the net result is, for each class, ln P(C

^ c

to w

^ c

0 similar correction may be made to the constant terms if dif fering percosts for misclassificati=0A= on must be taken into account

[74the covariance matrix involves estimating its F(F + 1)=3D2 elements. matrix will be

singular if, for example, less than approximately examples are used in its computation. Or a given

may have zero variance in every class.thesecases, theclassifierisRather then give up (which seems an inappropriate res=0A= ponse when underconstrained) an attempt madefix a singularcovariance matrix. any diagonal element is replaced by a number

. the matrix is still singular

, a search is made to eliminate features.

search starts with an empty set of features=0A= . At each iteration, a feature i is added the and a covariance matrix based only the features in the set is constructed (by taking singular

F � F covariance matrix using only the rows and columns of those features the set). If constructed matrix is , feature i is removed from the set, otherwise i is kept. Each is tried in turn. result is a covariance matrix (and its inverse) of dimensionality smaller than

F � F. inverse covariance matrix is expanded to F � F by adding rows and columns zeros for each feature not used. resulting matrix is used to compute the Appendix A C code for training classifiers and classifying vectors.

3.6 Rejection

an inpu=0A= t gesture g, the classification algorithm the evaluation v

^ c

for each class c.

The class k evaluation v

^

k is ger than all other v

^ c

is presumed to be the class of g,

are two cases that might cause us doubt the correctness of the classifier

. gestur=0A= e g may

be ambiguous, in that it similar to the gestures of more than one Also, g may be an outlierdiffrom any of the expected gesture classes.

wou=0A= ld be desirable to get an estimate of how sure the = clas=0A= sifier is that the input gesture unambiguouslyin class i. Intuitively one might expect that if some v

^ m

, m 6 =3D i, is close to ^

{ , then

60 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE RECOGNITION

the classifier is unsure of its classification, since it almost picked m instead of i. This intuition born=0A= e out in the expression for the probability that the = feat=0A= ure vector x is in class ^

{Again normal features, equal covariances, and equal prior probabilities, substitute the multivariate density function (equation 3.2) into Bayes’ Theorem (eq= uati=0A= on 3.3).

P( ^

{ j x) =3D e

�

1

2

(x� ^ { )

0

�1 (x� �

^ {

)

C�1

X

j=3D0 e

�

1

2

(x� �

^ |

0 �

�1

(x� �

^ |

)

The common factor (2� )

�F=3D2

j� j

�1=3D2

has been canceled from the numerator and denominator . W e

further factor and cancel e

�

1

2

x

0

�

�1

x

and substitute equation 3.5, yielding

P( ^

{ j x=3D e

�

^ {

(x)

C�1

j=3D0

e

�

^ (x)

Substituting the estimates v

^ c

for the �

^ c

(xand incorporating numerator into the yields an estimate the probability that i is the correct class for x:

~

P( ^

{ j x) =3D

1

C�1

X

j=3D0 e v

^ |

�v

^ {

)

value is computed aft=0A= er recognition and compared to a threshold

P . If below the of accepting g as being in class i, g is rejected. The effect of varying T

P will be evaluated

in Chapter Thereisatradeoffbetweenwantingtorejectasmanyam= bigu=0A= ousgestures asand not wanting to unambiguous gestures. Empirically , T

P

=3D 0:95 has been found to be reasonable value for a number of gesture sets (see Se= ctio=0A= n 9.1.2).

The expression for

~

P( ^

{ j xbears out the intuition that if two or more classes evaluate to nea= r

the same result the gesture is ambiguous. suc=0A= h cases the denominator will be significantly larger than unity

. that the denominator is at least unity due to the j =3D i term the sum. Also

that all the other the exponents (v

^ |

�v

^ {

) for j 6 =3D i will always be negative, because x has

been classified as class i by virtue of fact that v

^ {

> v

^ |

for j 6 i.

~

P( ^

{ j xmay be computed efficiently by table-lookup for the exponentiation. The need not be very extensive, since any time v

^ |

� v

^ is sufficiently negative (less than �say) the

term is In practice this wil=0A= l be the case for almost all j.

linea=0A= r classifier will give no indication if g is outlier

. Indeed, most outliers will considere=0A= d unambiguous by the above measure of

P. T o test if g is an outlier a separate metric is

needed to compare g the typical gesture of class k. approximation to the Mahalanobis [74] works well for this purpose.

Given a gesture with feature vector x, the Mahalanobis distance between x and class is defined

as

�

=3D (x �

�

{

)

0

�

1

(x � �

^ {

)

3.7. DISCUSSION 61

�

2

is used in the exponent the multivariate normal probability density function (equat= ion

3.2). It plays the role that ((x � �)=3D� )

2

plays in the univariate normal distribution: the distance �

2

essentially measures the (square of the) number of standard deviations that is away

from the mean �

^ {

.

If �

1

happens to be the identity matrix, the Mahala=0A= nobis distance is equivalent to the distance. general, the Mahalanobis distance normalizes the eff=0A= ects of dif ferent scales for the

diffea=0A= tures, since these presumably show up as dif ferent mag= nitu=0A= des for the variances s

ii

, the

diagonal elements of the common covariance The Mahalanobis distance also normalizes

the fect of correlations between pairs of features, the off-= diag=0A= onal elements of the covariance

As alwa=0A= ys, it is only possible to approximate the Mahalanobis = dist=0A= ance between a feature vector

x and a class i. the plug-in estimators for the pop=0A= ulation statistics and writing out matrix multiplic=0A= ations explicitly gives

d

2

=3D

F

X

j=3D1

X

k=3D1 s

�1 jk

(x

j

� f

^ {

j

)(x

k

� f

^ {

k

:

In order to reject outliers, compute d

2

, an approximation of the Mahalanobis distance from

the feature vector x to computed class i. the distance is than a certain threshold T

d

2

the gesture is rejected. 9.1.2 evaluates various settings of T

d

; here it is noted that setting

d 2 =3D

1

2

F

2

a good between accepting obvious outliers and rejecting compromise

Now that the underlying mechanism rejection has been explained, the question arises to whether it is desirable to do rejections at The answer depends upon the application. with easy to use undo and abort the reject option should probably be ofcompletely

. is because in either failure (rejection or misclassification) the user have to redo the gesture (probably about the same amount work in both cases) and turning rejection merel=0A= y increases the number of gestures that will have to In applications in which it is deemed desir=0A= able to do rejection, the question arises as to how interface should behave when a gesture is rejected. The system may prompt the user with an message, possibly listing the top possibilities for cla=0A= ss (judging from the discriminant and ask=0A= ing the user to pick. Or the system may to ignore the gesture and any input unti=0A= l the user indicates the end of the proper response presumably on the application.

3.7 Discussion

goal of the pre=0A= sent research was to enable the implementor of a gestur= e-ba=0A= sed system to gesture recognizers without the need to resort to hand-coding. original plan to try a of pattern recognition of increasing complexity until one powerful enough to re= cogn=0A= ize

gestures was found. author was pleasantl=0A= y surprised when the first technique he tried, linear

produced accurate and efficient class=0A= ifiers.

62 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE

Figure 3.4: T dif ferent gestur=0A= es with identical feature The efficiency linear recognition is a great asset: are reco=0A= gnized virtually instanta-

neously and the system scales well. incremental feature calculation, each new input resulting in a bounded small) amount of computation, is also essential for ficiency

, the system to handle largestures as efficiently as small ones.

The featur es

The particular feature set reported on here has worked fine discriminating between the ge= stur=0A= es in three sample applications: a simple drawing program, the uppercase letters in the alphabet, and a simple score editor . T using the gesture of the score editor application are the most significa= nt,

the recognizer was developed and tested the other two. 9 studies the effect training set size and number of classes on the perfo=0A= rmance of the recognizer

. A classifier recognizes thirty gestures classes had a recognition of 96.8% when trained with 100 per and a rate of 95.6% when trained with 10 examples class. The misclassifications were

larthe control of the recognizer: were problems usi=0A= ng the mouse as a device and problems usin=0A= g a user process in a non-real-time system (UNIX) collect the data.

would be desirable to someho=0A= w show that the feature set was adequate for representi= ng

difbetween all gestures likely to be enco=0A= untered in practice. The measurements in show good results on a number of dif ferent gesture=0A= s sets, but are by no means a proof of adequ=0A= acy of the features. However the mapping from gestu=0A= res (sequences of points) to vectors is not one-to-one. fact, it can easily be that there are apparently different

give rise to the same feature vector

. shows one such pair of gestures.

none the features in the feature set depend on the order which the angles in the are encountered, and the two gestures are alike in every other respect, have identical feature

vectors. Obviously classifier based on the current feature set will it impossible to between these Of course, this particular deficiency of the set can be fixed by adding a feature that depend on the order of the angles. then, would be possible to generate two gestures have the same angles in the same order

, which difsay

, in the segment lengths between the but nontheless give rise to the same feature vector

A new feature could then be added to handle case, but it seems that there is still no way of b= eing sure that there do not exist two different this

giving rise to the same feature vector adding features is a good way to deal with ges=0A= ture sets containing ambiguous

3.7. DISCUSSION 63

Eventually the number of features might grow the point such that the recognizer

ficiently; if this happens, one of the algorithms chooses a good subset of could be [62,

103]. not done in the present work=0A= , the contribution of features for a given classifier can be found using the statistical of principle analysis and analysis of varia=0A= nce [74].) However given the good coverage can be had with features, 20 features would mak=0A= e it extremely unlikely that grossly dif ferent with feature vectors would be encountered practice. recognition time is proportional to number of features, it is clear that a 20 feature recognizer does not entail a significant burden on modern hardware, even for large (40 gesture sets. There still may be good to employ fewer features when possible; for example, reduce the number of training required.

The problem of detecting when a classifier has tra=0A= ined on ambiguous classes is of practical signi=0A= ficance, since it determines if the classifier will p= erfo=0A= rm poorly

. One method to run the training examples through the classifier

, noting how many classified incorrectly .

Unfortunately may fail to find ambiguous classes since the classi�= 6er is naturally biased recognizing its examples correctly

. alternative is to compute the pairwise distance between the class means; potentially ambiguous classes will be near each other .=

3.7.2 T raining considerations

is a potential problem in the training of even when the intended classes unambiguous. problem arises when, within a class, the training do not have suf variability in the featur=0A= es that are irrelevant to the recognition of that For example, consider distinguishing between two class=0A= es: (1) a rightward horizontal and (2=0A= ) an upward vertical segment. all the training examples of the rightward class are and all those of the upward segment class are long. = If the resulting classifier is to a long rightward segment, there is a significant proba= bili=0A= ty of This is not the training examples, there was no way for classi=0A= fier to know being a rightward segment the important feature of class (1), but that the len= gth of the segment

was irrelevant. same traini=0A= ng examples could just as well have been used to indi= cate that elements of class (1) are short The problem is that, by not varying the length of the training examples, the trainer does not give the system significant information to produce the classifier

. is not clear what can be about this problem, except perhaps to impress upon the people doing the training that they need the irrelevant features of a class.

The covariance matrix

An important problem of linear recognition comes from the assumption that the matrices

for each class are a classifier meant to distinguish between three classes

named C, U, and I (figure 3.5). Examples of class C all like the letter “C”, and of class U all look like the letter “U.” Assume that examp=0A= le C and U gestures are drawn similarly

64 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE

Figure A potentially gesture set

This figur e contains examples thr ee classes: C, U, and I.I varies in orientation while C and U depend

upon orientation to be etically there should be a pr oblem r gestur es in set with the curr ent algorithm, but in practice this has been shown not to be cas=0A= e.

except for the initial orientation. Examples class I, however

, are strokes which may in any

initial orientation.

point of thi=0A= s set of gesture classes is that initial orientation essential for distinguishing

between C and U gestures, but must be ignored in the case of I ges=0A= tures. This information is

in the per-class covariance matrices s

C

ij

, s

U

ij

, and s

I

ij

. particula=0A= r

, consider the variance

of the feature f

1

, which, for each class cis proportional to s

^ c

1

. the initial angle is almost the same for each example C gesture, s

C

1 1 will be close to , s

U

1 1 will also be close to

zero. However since the examples of class I have different orientations, I

1 1 will be non-zero.

Unfortunately the information on the variance of f

1 lost when the per-class covariance

matrix estimates s

^ c

ij averaged give an estimate of the common covariance matrix s

ij

(equation

3.6). it was suspected this would cause a problem resulting in significantly recognition rates, but practice the effect has not been too The classifier has no

distinguishing the above gestures correctly

A more extensive test where some gestures vary in size and orientation others depend size and orientation to be recognize=0A= d is presented in Section 9.1.4. recognition rates achieved

the classifier has no special ficulty handling such gesture sets. there a problem, the plan was to experiment with imp=0A= roving the linear classifier

, say by a few iteration= s

of the perceptron training method [119]. this not worked, using a quadratic (equation 3.4) was another possible area of exploration.

3.8. CONCLUSION 65

Conc=0A= lusion

chapter discussed how linear statistica=0A= l pattern recognition techniques can be to the problem of classifying single-path gestures. By using these techniques, of gestur=0A= e-based systems no longer have to write application-speci�= 56c gesture-recognition code. It

hoped that making gesture recognizers easier to create and the promising field of

systems be more widely explored in the future.

66 CHAPTER 3. ST A SINGLE=0A= -P A TH GESTURE RECOGNITION

Chapter 4

Eager 4.1 Introduction

Chapter 3, an algorithm for classifying single-path gestures was algorithm that the entire input gesture known, i.e. that the start and end of the are clearly For some applications, restriction is not a problem. others, however the need to the end of the gesture makes the user interface more awkward than it need the use of mouse gestures in the GDP editor (Section 1.1). T o create rectangle, the user presses a mouse button at one corner of rectangle, enters the “L

” gesture,

(while still holding the button), waits for the rectan= gle to appear

, and then positions the . would be much more natural if the user did not have to stop; i.e. if the system the rectangle gesture while the user was making it, and then created the rectangle, allowing the user

to drag the corner

. began as a changes to a rubberbanding interaction with no explicit

signal or timeout.

example, previously is the manipulation of the image of knob on the

screen. us suppose that knob responds to two it may be turned it may be It would be awkward if user , in order to turn the knob, needed to begin to turn the knob

(entering the turn gesture), then stop turning it (asking the system rec=0A= ognize the turn and then continue tur=0A= ning the knob, now getting feedback from the system image of the knob

now rotates). would be better if the system, as soon as enough of the ’ s gesture has been so as to unambiguously indicate her intention of turning the knob, begins tur=0A= n the knob.

The author has coined the term eage=0A= r r ecognition for the recognition of gestures as as they

are unambiguous. Henry mention that Artkit, a system similar to be used to build applications that perform eage=0A= r recognition of mouse gestures. is no information published as to how gesture or eager recognition is implemented Artkit. Glo=0A= veT

[34] does something similar in the of DataGlove gestures. GloveT alk

to use the deceleration of the hand to indicate that gesture in progress should be

recognized. utilizes four neural networks: first the deceleration, the last three

the gest=0A= ure when indicated to do so by the Eager recognition is the automatic recognition of the end a gesture. For many applications, it

68 CHAPTER 4. RECOGNITION

Figure 4.1: recognition overview

Eager r ecognition works by collecting points until the gestur e is unambiguous, at which point the e classified by the techniques of the previous chapter and the manipulation phase is enteras to whether the gestur e seen far is ambiguous is done by the AUC, i.e. the ambiguous/unambiguous

classifier not a problem to indicate the start of a explicitly by pressing a mouse button for In the present work, no attempt is made to the problem of determining the start of a Recognizing the start of a gesture automatically is espe= cial=0A= ly important for gesture-based thatusedevices withoutany explicitsignalingcapability(thePolhemussensor orthe

DataGlove). a device, sudden changes in speed or direction might usedtoindicatethe

start of a complex techniques for determining the start of a are outside the

scope of this hasbeen some workon theautomatic recognitionthe startof gestures. Jackson

Roske-Hofstrand’ s system [61] recognizes the start of a circling g= estu=0A= re without an explicit

indication. GloveT alk, the user is always gesturing; thus the end of one g= estu=0A= re indicates the

start of another

. related is the automatic segmentation of characters in [125, 13], especially the online recognitio=0A= n of cursive writing [53].

4.2 of the Algorithm

In order to implement eager recog=0A= nition, a module is needed that can answer the “has

of the gesture being entered seen so that it may be unambiguously (figure

4.1). insight here is to view this as a classification problem: a given gesture in progress

(called a subgestur e below) an ambiguous or unambiguous gesture Thi=0A= s is the approach taken independently in GloveT alk. the recognition techniques in the

previous chapter are used to build the ambiguous/unambiguous classifier wo main problems need to be solved with this First, training data is needed to the Second, the AUC must be powerful enough to accurately = disc=0A= riminate between and unambiguous subgestures.

4.3. INCOMPLETE SUBGESTURES GloveT alk, the training data problem was solved by explicitly labeling snapshots of a in progres=0A= s. gesture was made up of an average of snapshots (samples of the DataGlove Polhemus sens=0A= ors). each of 638 gestures, the snapshot indicatin=0A= g the time at which the should recognize the gesture had to be indicated. is clearly a sign=0A= ificant amount of work the trainer of the In order to avoid such tedious tasks, the pres=0A= ent system constructs training examples for the from the gestures used to train the main gesture recog= nize=0A= r

. The system considers each subgesture each example gesture, labels it either ambiguous or not, uses the labeled subgestures as training

It seems there is a chicken-and-egg problem order to create the training data, system needs to perform the very task for which it is trying create a classifier

. However

, creation of the training data, the system has access a crucial piece of information that the proble=0A= m tractable: determine if a given subgesture ambiguous the system can examine entire from which the subgesture came.

the data has been created, a classifier must be constructe= d. In GloveT alk presented no particular difficulty

, for two reasons. the was trained to decelerations that, as indic=0A= ated by the sensor data, were similar between dif gesture Also, neural networks with layers are better suited for recognizing classes with no= n-Ga=0A= ussian

distributions.

the present the training data for the AUC consists of two sets:unambiguous

subgestures and ambiguous subgestur=0A= es. distribution of feature vectors within the set of

unambiguous subgestures will likely be wildly non-Gaussian, since the member subgestures from many different gesture classes. example, in GDP the unambiguous delete tures very different from the unambiguous pack etc., so there will be a of feature vectors in the unambiguous set. , the distribution of feature in the ambiguous set will also likely be Thus,alineardiscriminatorofthedeveloped the previous chapter will surely not be adequate to di= scri=0A= minate between two classes

ambiguousand unambi=0A= guoussubgestures. must be done is to this two-class problem

(ambiguous or unambig=0A= uous) into a multi-class problem. is done by breaking up the biguous subgestures multiple classes, each of which has an approximately nor= mal The unambiguous subgestures must be simi=0A= larly partitioned.

details of the creation the training data and the construction of the are now

presented. a failed attempt the algorithm is considered, during which the aforemention= ed

problems were uncovered. a working version of the algorithm is presented.

IncompleteSubgestures

Asinthelastchapter

, wearegivenasetofCgestureclasses,andaofexamplesofeach

class,g c

e

, 0 � c < C, 0 � e < E

^ , where E ^ c

number of examples of class c. algorithm

described in this chapter produces a function which when given a subgesture returns a indicating whether the subgesture is unambiguous with resp= ect to the C gesture classes. When funct=0A= ion indicates that the subgesture is unambiguous, the rec= ogni=0A= tion algorithm described in previous chapter used to classify the gesture.

70 CHAPTER 4. RECOGNITION

Figure 4.2: and subgestures of U and D

The character indicat=0A= es the classification (by the full classifier) of e= ach subgestur e. Uppercase characters

compl=0A= ete subgestur es, meaning that the subgestur e and lar ger subgestur es ar e correctly Note that along the horizontal segment (where the su= bges=0A= tur es are ambiguous) some subgestur es are comple= te

while others are not.

The algorithm of the previous chapter showed how

, given gesture g, to calculate

a feature vector x. linear discriminator was then used to class=0A= ify x as a class c. much of chapter

, the classifier can be considered to a function C : c =3D C (g). In other words, C (g) is the

class of g as computed by the classifier Chapter 3.

The function C was produced the statistics of the example gestures of each class c, g

^ c

e

. The

described in this chapter work bes=0A= t if only the example gestures that are in fact correctly by the computed classifier are used. Thus, in this chapter it is assumed that C (g

^ c

e

=3D c for

all example gestures g

^ c

e

. practice this achieved by ignoring those very few training that are incorrectly classified by C Denote the number of input points in a gesture g as jgj, and the particular points as g

p

=3D (x

p y

p

; t

),

0 � p < jgjThe i th

subgestur e of , denoted g[i], is defined as a gestu=0A= re consisting of the first

i points of . Thus, g[i]

=3D g p and jg[i]j =3D i. The subgesture g[i] is simply a prefix of g, and undefined when i > jgj. term “full gesture” will be used when it is nece= ssar=0A= y to distinguish the

full gesture g from proper subgestures g[i] for i < jgj. term “full classifier will be used to

refer to C , the classifier for full For each example gesture of clas=0A= s c, g =3D g

^ e

, some subgestures g[i] will be classified by the full classifier C , while others likely will not. subgesture g[i] is termed complete respec=0A= t to gesture g, if, for all j; � j < jgj; C (g[j]) =3D C (g). remain=0A= ing subgestures of g are

incomplete. complete subgesture is one which is classified by the full classifier

, and larger subgestu=0A= res (of the same gesture) are also classified Figure 4.2 shows examples of two gestures classes, U and D. Both start with a horizontal segmen=0A= t,

but U gestures end with an upward segment, while D gestures end with a downward In

simple example, it is clear that the subgestur=0A= es which include only the horizontal are ambig=0A= uous, but subgestures which include the corner are unambi= guou=0A= s. In the figure, each

in the gesture is labeled with a character indicating the of the subgesture which

ends at the upper case label indicates a complete subgesture, lower = case an incomplete

subgesture. that incomplete subg=0A= estures are all ambiguous, all unambiguous subgestures An

but there are complete subgestures that are ambiguous (along the horizontal segment of

4.4. A FIRST A

TTEMPT

4.3: A first attempt at determi=0A= ning the ambiguity of subgestures

A two-class classi=0A= fier was built to distinguish incomplete and complete s= ubge=0A= stur es, with the hope that classified complete ar e unambiguous and those classified as inco= mple=0A= te are ambiguous. The indicate e the r esultant classifier differ ed fr om its tr= aini=0A= ng examples. The horizontal segment of the gestur es were classified as incomplete (a fortuit= ous error), but the horizontal segment of the first U gesture

was classified as Thelatter isagravemistakeasthegestur es ar ea= mbig=0A= uous along thesegmentanditwould pr ematur e for the full classifier to attempt to ecognize the gestur e at such points.

the examples).

4.4 A First Attempt

eager recognition, subgestures that are unambiguous mus=0A= t be recognized as the gesture is

stated above, the approach is to build an AUC, i.e. a classifier which distinguishes

between ambiguous and unambiguous subgestures. the set of incomplete and complete

app=0A= roximate the set of ambiguous and unambiguous respectively

. The

author ’ first, rathe=0A= r naive attempt at eager recognition was to partition subgestures of all the

gestures into classes, incomplete and complete. classifier was then using the method descr=0A= ibed in Chapter 3. classifier attempts to discri=0A= minate between complete

incomplete The function D (g) then simply false whenever the above

that g is incomplete, and true the classifier claims g is completeFigure 4.3 shows the output of the computed for examples of U and D. Points sponding to subgestures are labeled only when the class= i=0A= fier has made an error, in the sense that classification does not agree with the training data = (sh=0A= own in figure 4.2). worst possible error for the classifier to indicate a complete which happens to still be incomplete, which along the right stroke of the first U This approach to eager recognition was not very succes=0A= sful. That it is inadequate was even more strongly by its numerous errors when tried on an exam= ple containing six gesture classes.

does contain the germ of a good idea: classification may be used determine if a gest=0A= ure is ambiguous. detailed examination of the problem=0A= s of this attempt is

and leads a working eager recognition algorithm.

72 CHAPTER 4. RECOGNITION

This first attempt at eager recognition has a of problems:

� distinction between inc=0A= omplete and complete subgestures does not exactly with the distinction between ambiguous and unambiguous subgestures. In the U and D

subgestures consisting only of points along the right s= tr=0A= oke are complete for which eventually out to be D, and incomplete for gestures that tur=0A= n out to be U. Y et, subgestures have essentially identical features. Ta classi=0A= fier on such conflicting is bound to poor results. the example, as long as the stroke is in progress gesture is That it happens to be a complete D gesture an artifact of the classifier

C (it happen=0A= s to choose D given only a right � the subgestures of examples were in one of only two categories: complete inc=0A= omplete. the case of multiple gesture classes, withi=0A= n each of the two categories the

likely to form further clusters. For example, the U subgestures cluster together

, and apart from the complete D subgestures. gesture classes used, even more clustering occur

. the distribution of the complete subgestu=0A= res is not

likely to be it is likely that incomplete subgestures will be more to complete gestures of the same class to incomplete subgestures of other classes. similar remark holds for complete subgestures.) is thus not likely that a linear will give good results separating complete and incomplete subg= estu=0A= res.

� classifier

, once may make errors. most severe error is that gesture is complete when it is in still ambiguous. final classifier must be to avoid such errors, even at the cost of making the recognition process less eager than otherwise might be.

4.5 the Recognizer

on consideration of the above problems, four step approach was adopted for the of classifiers able to distinguish unambiguous from ambi= guou=0A= s gestures.

Compute complete and incomplete sets.

Partition the example subgestures into 2C sets=0A= . These sets are named I-c and C-for each

gesture class c. complete subgesture g[i] is placed in the class C-c, where c =3D C (g[]) =3D C (gAn incomplete subges=0A= ture g[i] is placed in the class I-c, where c =3D C (g[i]) (and it is likely that

c 6 =3D C (g)). The sets I-c are incomplete sets, and the sets C-c, complete set=0A= s. Note the class in each set’ s refers to the full classifier ’ s classification the set’ s elements. In

case of incomplete subgestures, this is likely not the class of the exam= ple gesture of the subgesture is a Figure 4.4 shows pseudocode to perform this Figure 4.2, already seen, shows the of this step, with the subgestures in class I-D labeled d, class I-U labeled u, class C-D labeled

D, and class C-U labeled . practice of labeling incomplete subgestures with lowercase

4.5. CONSTRUCTING THE RECOGNIZER 73

for c :=3D 0 to C � 1 f /* initialize the 2C sets incomplete

c

:=3D ; /* This the set I-c */

complete

:=3D ; /* This is the set C-c g

for c :=3D 0 to C � 1 f /* every class c */

for :=3D 0 to E

^ c

1 f /* every training example in c */

p :=3D jg

^ e j /* subgestur es, lar gest to smallest */

while p > 0 ^ C (^ c

e

[p]) =3D C (g

^ c

e

) f

complete

C (g

^ c

e

[p])

:=3D complete

C (g

^ e

[p])

[ fg c

e

[p]g

:=3D p � 1

g

/* Once subgestur e is misr ecognized by the full , */

/* it and its subgestur es ar all incomplete. */

while p > 0 f

incomplete

C (g

^ c

e

[p:=3D incomplete C (g

^ c

e

[p])

[ fg

^ c

e

[p]g

p :=3D p � 1

g

g

Figure 4.4: Step Computing complete and incomplete sets

and complet=0A= e subgestures with uppercase letters will be continued th= roug=0A= hout the

chapter .

accidentally comp=0A= lete elements.

the distance of each subg=0A= esture g[i] in each complete set to mean of each

incomplete set. If g[i] is sufficiently close to one of the incomplete sets, it is removed from complete set, placed in the close incomplete set. this , an example that was accidentally conside=0A= red complete (such as a right stroke of a D gestur=0A= e) is together with the other right strokes (class I-D in this 4.5 shows

to perform this Quantifying exactly what is meant by “sufficiently close” turned out to be rather dif

Using the Mahalanobis distance as a metric turns out to work well if applied naively

The problem is that it depends on the estimated average covariance mat= rix, which in turn

upon the covariance matrix of the individual classes. However some of are malformed, which is why this step moving accidentally complete elements is the first place. For example, the C-D class has accidentally complete subgestures in it, so cova=0A= riance matrix will indicate large standard deviations a number of features (total in this case). effect of using the inverse of this covariance matrix to measure distance is

74 CHAPTER 4. RECOGNITION

that large dif ferences between such features will map to small distances. Unfortunately it is these very features that are needed to decide which s= ubge=0A= stures are accidentally complete.

exist.averagecovariancematrixofthefullgesture(whichdoesinclude any subgestures) might used. would also be possible to use only covariance matrix of the incomplete Or an attempt might be made to scale effect of dif ferent sized units of the features, then apply a Euclidean metric. Or,

entire regrouping problem might be approached from a difdirection, for by applying a clustering algori=0A= thm to the training data [74]. first alternative, using average covariance matrix of the full ges=0A= ture set (the same one used in the creation of the

classifier of Chapter 3) was chosen, since that matrix was easily available, and to Once the metric has been chosen (Mahalanobis dista=0A= nce using the covariance matrix of full set), deciding when to move a subgesture from a compl= ete class to an class is still dif ficult. first method tried was to measure the distance of the subgesture its current (complete) class, i.e. its distance from the mean of its The subgesture moved to the closest incomplete class if that distance was less than the distance its current

class. resulted in too moves, as the mean of the complete class was biased = sinc=0A= e was computed using some accidentally subgestures.

a threshold is computed, if the distance of the complete subgesture to an in-

class is below that threshold, the subgestur=0A= e is moved. A fixed threshold does work well, so the threshold is computed as distance of the mean of each full

class to the mean of each incomplete subgesture class is co= mput=0A= ed, and the minimum

found. However less than another threshold, F

2

, are not included in the calculation avoid trouble when an incomplete subgesture looked like full gesture of a

dif ferent class. is the case if, in addition to U and Dthere is a third gesture class

of a right The threshold used is 90% of tha=0A= t minimum.

complete subgestures of a full ges=0A= ture were tested for accidental completeness largest (the full gesture) to smallest. a subgest=0A= ure was determined to be complete, and the remaining (smaller) complete subgestures are to the appropriate

incomplete 4.6 shows the classes of the subgestures in the after the accidentally subgestures have moved. that now the incomplete subgestures (lowerc=0A= ase labels)

are all ambiguous.

Build AUC, a classifier which attempts to discriminate the partition sets.

Now that there is data containing C complete classes, indicating unambiguous sub-

gestures, and C incomplete classes, indicat=0A= ing ambiguous subgestures, it is a simple matter run the algorithm in the previous chapter to create classifier to discriminate between these

2C classes. classifier will be used to compute the function D as follows: if this places a subgesture s in any incomplete class, (s) =3D false, otherwise the s judged to be

4.5. CONSTRUCTING THE RECOGNIZER 75

for c :=3D 0 to C � 1 f

8 g 2 complete

c

/* each complete subgestur e */f

m :=3D /* m is the class of the incomplete set to g */

for i :=3D 1 to � 1 f

if distance

(gincomplete

i

) < distance(g; incomplete

m

)

m :=3D i

g

if distance(; incomplete

m

) < threshold f

complete

c

:=3D complete

c

� fgg

incomplete

c

:=3D incomplete

[ fgg

g

g

g

Figure 4.5: Step 2: accidentally complete subgestur=0A= es

The distance function and thr eshold value ar e described in the text. not appar ent om the code, the distance function to incomplete set does not change when elements ar e to the set.

in one of the complete in which case D (s) =3D true Figure 4.7 shows pseudocode building this clas=0A= sifier .

Evaluate and tweak the .

is very important that subgestures be judged unambiguous wrongly

. is a case the cost of misclassification is unequal classes: a subgesture erroneously ambi=0A= guous will merely cause the recognition not to be as = eage=0A= r as it could be, whereas a

erroneously classified unambiguous will very likely result in ges=0A= ture misclassifying the gesture (since has not seen enough of it to classify it T o avoid this, the constant terms of the evalua=0A= tion function of the incomplete classes i, w

i0 are incremented by small amount, ln(M), where M is the rel=0A= ative cost of two kinds misclassification. reasonable value is M =3D 5, i.e. misclassifica=0A= tions as unambiguous are times more than misclassifications as ambiguous. effect is bias the classifier that it believes that ambi=0A= guous gestures are five times more likely than unambigu= ous so it is much more likely to an ambiguous class when Each incomplete subge=0A= sture is then tested on the new classifier time such a subgesture classified as to a complete set (a serious mistake), the constant = term of the function corresponding to the comp=0A= lete set is adjusted automatically (by just enough a

little more) to keep this from Figure 4.9 shows the classification by the final cl= assi=0A= fier of the subgestures in the example. example of eager recognizers is presented in section 9.2.

76 CHAPTER 4. RECOGNITION

Figure 4.6: complete subgest=0A= ures have been moved

Comparing this to figur

4.2 it can be seen that the subgestur es along hor=0A= izontal segment of the D gestur have made incomplete. Unlike befor e, after this step all a= mbig=0A= uous subgestur es ar e incomplete.

s :=3D sNew=0A= Classifier()

for c :=3D 0 to C�1f

8 g 2 c

sAddExample (s; g; "C � "c)

8 g 2 incompl=0A= ete

c

sAddExample (s; g; "I � "c)

g

sDoneAdding(s)

Figure Step 3: Building the AUC

The functions to build a classifier are sNewClassifier(), whic=0A= h r eturns a new classifier object,

sAddExample, which adds an example of a class, and sDoneAdding. called to generate the perfunctions after all examples have been These funct=0A= ions ar e described in detail in appendix

The notation "C-"c indicates the generation a class name by concatenating the string "C-" with value of c.

4.6 Discussion

algorithm just described will determine whether a given = subg=0A= esture is ambiguous with to a set of gestures. Presumably as soon as it is decided that the subgesture is unambiguous will be passed the full classifier

, which will recognize it, and t= hen up to the application level the system, will react accordingly

How well this eager recogni=0A= tion works depends on a number of things, the most cr= itic=0A= al being

the gesture set itself. is easy to design a gesture set that does not lend well to recognition; for example, there be no benefit trying to use eager recognition on Bux= ton’ s

note gestures [21] (figure is because the note gestures for longer notes are subg= estu=0A= res of

note gestures for shorter notes, thus would always be considered ambiguous by the eager recognizer

. a set of gestures for a application that is both intuitive and amenable eager recognition is in general a hard problem.

4.6. DISCUSSION 77

/* a small constant to the constant term of the function for */

/* each incomplete class or der to bias the classifier towar d erring conserv= ativ=0A= ely

. */

for i :=3D 0 to C � 1

sIncrementConstantTerm(s "I-"i, ln(M))

Make sur e that no ambiguous training example is classified as complete. */

for i :=3D 0 to C � 1

8 g 2 incomplete

i

while 9 c jsClas=0A= sify (s; g) =3D "C � "c

sIncrementConstantTerm (s; C � "c; �Fig=0A= ure 4.8: Step 4: T the classifier

First, a small constant is added to the constant ter= m of every incomplete class (the ambiguous subgestur es),=

bias the classifier towar d being rather than eager

. every ambiguous subgestur es classified, and if any is accidentally classi=0A= fied as complete, the constant term of the fun=0A= ction that complete class is adjusted to this.

Figure 4.9: of subges=0A= tures of U and D

This shows the r esul=0A= ts of running the AUC on the training can been seen, the AUC conservatively never indicating that a subgestur e is unambiguous it is not, but sometimes indicating

an unambiguous subgestur e.

training of the eager recognizer is between one and two orders of mag= nitu=0A= de more costly

the training of the correspond=0A= ing classifier for full gestures. is lardue to the number of

training full gesture example typically gives rise to ten or tw= enty subgestures. The

of processing per traini=0A= ng example is also large. addition to the feature of each training example, a numb=0A= er of passes must be made over the training fi=0A= rst to the subgestures as incomplete complete, then to move the accidentally complete subgestur= es,

to build the AUC, and again to the AUC is not over-eager

. a full classi=0A= fier less than a second to train, the eage=0A= r recognizer might take a substantial portion of a minu= te, it less satisfying to experiment with interac=0A= tively

. will be seen (Chapter 7), a full clas=0A= sifier be trained the first time a gestures at a display object. possibility be to use the classifier (with no eagerness=0A= ) while training the AUC in the background, eag=0A= er recognition

when ready .

78 CHAPTER 4. RECOGNITION

The running time for the eager recognizer is also mo= re costly than the full classifier

, though prohib=0A= itively so. feature vector needs to be for every input point; this eliminates that using auxiliary features (Section 3.3) might bou=0A= ght. Of course, the AUC to be run every data point; this takes about 2CF multiply-adds (since the AUC has 2C Since input points do not usually come faster than one every mil=0A= liseconds, and 2CF is at most this computational load is not usually a problem for t= oday=0A= ’ s typical workstation class

machine. the cur=0A= rent system, the multiply-adds are done in floating poi= nt, though this is not necessary for the recogni=0A= tion to work One slight defect of the algorith=0A= m used to construct the AUC is that it relies upon the full

classifier

. particular

, subgesture will never be considered unambiguous unless is correctly by the full classifier T see where this might be suboptimal, consider full classifier recognizes two classes, GDP’ single segment line gesture and three segment delete gesture. The

classifier would likely clas=0A= sify any subgesture that is the initial segment of a delete as a line. It

may also cla=0A= ssify some two segment subgestures of delete as line gestures, even though the of two implies the gesture is unambiguously deleteresulting eager recognizer then not be as eager as possible, in that it will not classify the ges=0A= ture as unambiguously delete

the second segment of the gesture is T classifiers are used for eager recognition: which decides when a subgesture unambiguous, the full classifier

, which classifies the subgesture. It may seem

to use two class=0A= ifiers given the implementation of the AUC, in which subgesture is not classified as unambiguous, but unambiguously in a given class (i.e. as C-c for some cWhy not just return a classification of c without bothering query the full classifier? There are reasons. the full classifier

, having only C classes to discriminate between, will bett=0A= er than the AUC and its 2C the final tweaking step of the AUC adjusts terms to assure that ambiguous gestures are never class= i=0A= fied as unambiguous, but makes no to assure that when classified as unambiguously c, c is the correct class. The adjustment of con=0A= stant terms typically degrades the AUC in the sense it makes it more likely that c will It is likely that within a decade it be practical for neural networks to be used for gestur= e

recognition. this occurs, the part of chapter concerned with building a 2C class classifier will be obsolete, since a two-class neural network could presumably do the same the part of the chapter which shows how to construc=0A= t training examples for the from the full gestures will still be useful, since it eliminates hand labeling that otherwise be necessary .

4.7 Conclusion

eager recognizer is to classify a gesture as soon as enough of the has been to conclude that the gesture is unamb=0A= iguous. chapter presents an algorithm for the construction of eager recognizers for gestures from examples of the full gestures. hoped that such an algorithm will make systems more natural to use.

Chapter 5

Gestur

Recognition

3 and 4 discussed the recog=0A= nition of single-path gestures such as those made with mouse

or stylus. chapter addresses the prob=0A= lem of recognizing multi-path gestures, e.g. those using an input device, such as the DataGlove, capa=0A= ble of tracking the paths of multiple is assumed that the start and end of the multi-pat=0A= h gesture are known. Eager recognition multi-=0A= path gestures has been left for future The particular input device used to test the ideas in chapter is the Sensor Frame. The as discussed in Section 2.1, is a frame which is mo= u=0A= nted on a CR

T display

. The Sensor Frame used was mounted on the display of a Si= lico=0A= n Graphics IRIS Personal W

The Frame det=0A= ects the XY positions of up to three fingertips in plane approximately one half in front of display .

defining the problem as “mult=0A= iple-path gesture recognition”, it is quite natural att=0A= empt apply algorithms for single-path gesture recog=0A= nition

(e.g.

those developed in Chapter

Indee=0A= d,

recognition algorithm described in this chap=0A= ter combines information culled from a number sin=0A= gle-path classifiers, and a “global feature” classi�= 56er in order to classify a multiple-path the particular algorithm is discussed, the issue of map= p=0A= ing the raw data returned from particular input sensors into a form suitable for processing by the re= cogn=0A= ition algorithm must be

addressed. the Senso=0A= r Frame, this processing consisted of two stages, path = trac=0A= king and path

sorting.

5.1 racking

Sensor Frame, as it currently operat=0A= es, delivers the X and Y coordinates of all in its of view each time it is polled, a maximum rate of 30 snapshots per second. information supplied; in particular the corresponden=0A= ce between fingers in the current and the previous sn= apsh=0A= ots

is not communicated. example, when previous snapshot indicated one finger and the current snapshot two, it is left to the host program determine which of the two fingers (if any) is finger as the previously seen one, and which has just entered the field of view

Similarly if the previous and current snapshots two fingers, the host program must determine in the current snapshot is the same as first finger in the previous snapshot, and so This

80 CHAPTER 5. MULA

GESTURE

Figure Some multi-path gestures

Shown are some MDP gestur es made with a Frame. start of each path is labeled with path

index, indicating the path’ position a canonical ordering. Gestur e (a) is edit gestur e, an “E” with a finger

Gestur e (b), parallel “L

”s, is two finger parallelogram gesture, (c) is two finger

pinch gestur e (used for objects), and (d) is MDP’ s thr ee finger undo gestur e, thr ee parallel The =0A= finger motions were smooth, and some noise due to = the Sensor Frame’ position detection can be seen in

the examples.

problem is known as path trac=0A= king, since it groups the raw input data into a num=0A= ber of paths exist over time, each path having a definite beginning and end.

path tracking algorithm used is quite straightforward. a snapsho=0A= t is first read, a

distance containing the Euclidean distance squared between each �= 6nge=0A= r in current snapshot and each in the previous, is computed. for each possible mapping current and previous fingers, an error metric, consist=0A= ing of the sum of the squared distances corr=0A= esponding fingers, is calculated. mapping with the smallest error metric is then chosen.

ef=0A= ficiency

, for each possible number of fingers in previous snapshot and the current

a of all the possible mappings are precomputed. Sensor Frame detects zero to three only 16 lists are needed. the symmetry the previous and snapshots is considered, only eight lists are The low level tracking soft=0A= ware labels each finger position with a path identifie=0A= r. When are no fingers in the Sens=0A= or Frame’ s field of view

, the next path identifier variable is set

to finger in the current snapshot which was not the previous snapshot (as indicated the mapping) has its path identifier set to the value next path identifier which then incremented. is thus possible for a finger to generate multiple paths, since it will assigned a new path identifier each time it leaves = and reenters the field of view of the Sensor and those identifiers will increase as long as finger remains in the field of view of the another=

simple tracking algorithm described here was foun=0A= d to work very well. The problem of mistracking when finger paths crossed did not arrive = very often in practice. (This partly because all gestures were made with the fingers of a single making it awkward for

paths to such as using the velocity and the accelera=0A= tion of each in the previous snapshot predict where it is expected in the current snapshot, = were not Examples of the tracking algorithm operation are shown in figure 5.1. the figure, the start of

5.2. P A TH SORTING path is labeled with its path index (as defined in the following section), and the points in path are connected by line segments. 5.1d shows an uncommon case where the path failed, causing paths 1 and 2 to be switched.

5.2 Path Sorting

The multi-path recognition alg=0A= orithm, to be described below

, works by classifying first path the gesture, then the second, so on, then combining the results to classify the It would be possible to use a single clas=0A= sifier to classify all the paths; this option is disc= usse=0A= d in

Section 5.7. However since tend to work better with fewer classes, it makes create multiple classifiers, one for the first path of the gesture, one for the second, and so This

raises the question of which in the gesture is the first path, which is the sec= ond, etc.

This is the path sorting problem, the result of this sorting assigns a number to each = path called

its path indexThe most impor=0A= tant feature of a path sorting technique is . Between similar gestures, it is ess=0A= ential that corresponding paths have the same Note that the path discussed in the pre=0A= vious section, are not adequate for this purpose, the=0A= y are assigned in order that the paths first appear

. Consider for example, a gesture, in which the and forefinger of the right hand are held apart horizontally and then together

, the moving right while the fore=0A= finger moves left. the Sensor Frame, the thumb path might assigned path identifier zero one pinching gesture, since it entered the view plane the first, but assigned path identifier one in another pinching gesture since in this case it ent= ered view plane a fraction of a second after the forefinger

. order for multi-path gesture using of multiple classifiers to give good res=0A= ults, it is necessary that the all thumb motions be to the same classifier for training and recognitio=0A= n, thus using path identifiers as path indices would

not give good results.

multi-path devices which are actually attached to the hand or , such as DataGlove, there is no problem dete=0A= rmining which path corresponds to which finger

Thus, it

be possible to build one classifier for thumb paths, another for forefinger paths, The

of the device are such the question of path sorting does not Howeve=0A= r the Sensor Frame (and multifinger tablets) cannot tell which of the fingers is the

which is the forefinger, and so on. there no a priori solution to the path sorting. solution adopted here was to impose an ordering between paths. The consistency is requir=0A= ed of this ordering relation: ordering of correspon=0A= ding paths in similar gestures must the The primary ordering criterion used was the path start=0A= ing time. However

, to avoid the tio=0A= ned timing problem, two paths which start within 200 mi= llis=0A= econds are considered and the ordering criteria is used. path which starts than 200 msec before path will be considere=0A= d “less than” the other path, and show up the other path in the The secondary orderi=0A= ng criterion is the initial x is a window of 150 Frame length units (ab=0A= out one inch) within which two paths will be to start at the same x

coordinate, the tertiary ordering criterion to be this window

, the path with

82 CHAPTER 5. MULA

GESTURE

Figure 5.2: in sorting

The intention of the path sorting is corresponding paths in two similar gestur es should h= ave the same

path index. Herar e four similar gestur es for which this does not hold: between and (c) the path sorting

has changed.

smaller initial x coordinate will appear before other path in the sorting (assuming The tertiary ordering criterion is the y coordinate. Again, a window of 150 Sensor Frame length units is applied. this window

, path whose y coordinate is less will appear earlier

in the path ordering. Finally if both initial x and y coordinate differ by less tha=0A= n 150 units, coordinate whose difference is the largest is used for ordering, and the path whose coor= dina=0A= te smaller appears earlier in the path Figure 5.2 shows the sorting for some multi-path gestu=0A= res by labeling the start of each path index. that the consistency criteria is not maint=0A= ained between panels (b) and (c), since

=0A= “corresponding” paths in the two gestures have dif

= fere=0A= nt indices. The order of the paths in was determined by the secondary ordering criterion the paths began almost while the orde=0A= ring in (c) was determined by the tertiary ordering c= rite=0A= rion (since the paths simultaneously and close x coordinates). Generally

, any of ordering rules which depend

on the initi=0A= al point of each path can be made to generate inconsi= sten=0A= t In practice, the possibility of inconsisten=0A= cies has not been much of a problem. are set up so as to be stable for -vertical and near horizontal finger configurations; unstable when the angle between (the points of) two fingers causes the 150 unit to

be crossed.

1

Knowing this mak=0A= es it easy to design gesture sets with consistent orderings. A

robust solution might be compute a path ordering relation based on the actual g= estu=0A= res used

to train the As stated above, some multiple finger sensing devices, such as the Dat= aGlo=0A= ve, do not require any

path sorting. T use the DataGlove as input to the multi-path gesture r= ecog=0A= nizer described below one approach that could taken is to compute the paths (in three-space over ti= me) of each using the measured angles the various hand joints. will result in sorted paths (one each finger) which be suitable as input into the multi-path recognition alg= orit=0A= hm. (Of the lack of explicit in the DataGlove still leaves the problem of the start and

1

In retrospe=0A= ct, the 150 unit windows make the sorting more complica= ted then it need be. Using the coordinate diffe=0A= rence is the largest (for simultaneous paths) makes algorithm more predictable: it will become inconsistent the initial points of two paths form an angle close to �45

�

from the horizont=0A= al.

5.3. MULTI-P

ATH 83

end of the gesture.)

Multi-path Recognition

Like the single path recognizers desc=0A= ribed in Chapter 3, the multi-path recognizer is specifying a number of examples for each gesture class. The recognizer consists of a single-path classifiers, and a global feature . These classifiers all use the classification algorithm developed in Chapter differences are mainly in the sets of used, as described in Section Each classifier discriminates between gestures of a sorting index. Thus,

is a classifier for the first path of a gesture, another for the path, and another for the

third path. current implementation ignores all paths beyond the although it takes actual number of paths account.) a multi-path gesture is presented the system classification, the paths are sorted (as described above) and the first path is classi�= 56ed using the path classifier

, and so resulting in a sequence of single-path sequence of path classes which results is then to a decision tr ee. The root of the tree has slots pointing to subnodes for each = poss=0A= ible class returned by the first path classifier .

The subnode corresponding to the class of the first path is chosen. node has slots pointing subnodes for each possible class returned by the secon=0A= d path classifier

. of these slots may null, indicating that there is no expected gesture who=0A= se first and second path classes are the computed. In this case the gesture is Otherw=0A= ise, the subnode corresponding to the class the second path is chosen. process is for the third path class, if any .

entire sequence of path classes is considered there three possibilities. If sequence was unexpect=0A= ed, the multi-path gesture is rejected since no node co= rres=0A= ponding to sequence exists in the decision tree=0A= . the node does exist, the multi-path classificati=0A= on may unambiguous, meaning only one gesture corresponds to this particular sequence single-path classes. Orthere may be a number multi-path gestures which correspond to of path classes. this case, a global feature vect=0A= or (one which encompasses about all paths=0A= ) is computed, and then classified by the global fea= ture classifier

. This class is used a further subnode in the decision tree, which will res= ult in the multi-path gesture either individually or rejected. intent is that, if neede=0A= d, the global feature class is to a sequence of path classes; some care is thus nec= essa=0A= ry to insure that the global classes not confused with path Figure 5.3 an example of the use of a decision tree to multi-path gestures. The

recognizes four classes. class is composed of two paths. There are two possible classes for the first path (path 0), since classes P and S all have similar first

Similarly Q and S have similar second paths, so there are three distinct possibilities for path

Since and S have identical path components, the global classi= 256e=0A= r is used to discriminate between

two, addi=0A= ng another level in the decision tree. classifica=0A= tion of the example input is

by dotted lines.

84 CHAPTER 5. MULA

GESTURE

Figure 5.3: multi-path ges=0A= tures

At the top ar e examples of four gestur es expected by this classifier

, and at lef=0A= t a two-path gesture

to be 0 of this gestur e is classified (by the path classifier) as path p0, and path 1 as q1These path classifications ar e used to traverse the decision tr ee, as shown by the dotted The tree reached is ambiguous childr en Q and S) so global featur es ar e used to resolve the discr epancy, gestur e is recognized as class S.

5.4. TRAINING A MULTI-P

ACLAS=0A= SIFIER 85

5.4 T a Classifier

The training algorithm for a multi-path classifier uses examples of each multi-path gesture cla= ss

ten to twenty examples of each class) to create a classifier

. creation of a classifier consists of the creation of a globa=0A= l classifier

, a number of path classifiers, and decision

tree.

5.4.1 the statist=0A= ical classifiers

The path classifiers and global classifiers are created using the statistical alg= orit=0A= hm described in

Chapter 3. paths of example are sorted, the paths for a given sorting in each forming a class used to train path classifier for that For example, conside=0A= r training a multi-path classifier to discriminate two multi-path

gesture classes, A and B, each consisting of two paths. Gesture class A consists of two path classes,

A

and A 2

, the subscript the sorting indices of the paths. Similarly

B consists of

path classes B

1 and B

2

. path in all the A examples form the class A

1

, and so on. examplesare usedtotrainpathclassifier 1tobet=0A= weenA

1 and B

1

, andpath2tobetweenA

2 andB

2

. The global features of A and B are used to create the classifier

, nomina=0A= lly able to discriminate between two classes of global = feat=0A= ures, A

G and B

G

W ithin a given sorting index, it quite possible and legitimate for paths from difgesture

classes to be indistinguishable. exam=0A= ple, path classes A

1 and B

1 may both be straight stro=0A= kes. (Presumably A and B are by their second paths or global features.) this

case it is likely that examples of class A

1 will be misclassified as 1 or vice versa. is desirable remove these ambiguities from the path classifier combining all classes which could be each other into a single A number of appro=0A= aches could be taken for detecting and removing from a statistical

classifier

. approach would be to compute the Mahalanobis distance be= twee=0A= n each of classes, merging those below a give=0A= n threshold. approach involves applying a algorithm [74] to all the examples, merthose classes whose members are just as likely to with examples from other classes as their third approach is to actually evaluate the performance of a classifier which attempts to distingu=0A= ish between possibly ambiguous classes; misclassi=0A= fications of the classifier then indicate which are to be merged. The latter was the one pursued here.

naive approach for evaluating the performance of a classifier would be to classifier using a set of examples, and then testing the performance of the classifier on those ve= ry

same examples. approach obviously underestima=0A= tes the ambiguities of the classes since classi=0A= fier will be biased toward correctly classifying its tr= aini=0A= ng examples [62]. Instead, a is con=0A= structed using only a small number of the examples (ty= pica=0A= lly five per class) and then the examples to evaluate the constructed Misclassi=0A= fications of the then indicate which are ambiguous and should be merged. practice, thresholds must established so that a or very small percentage of misclassifications does cause a merger .

Mathematically combining classe=0A= s is a simple operation. mean vector of the class is computed as the average of the mean vectors of the component classes, each weighted by

86 CHAPTER 5. MULA

GESTURE RECOGNITION

the relative number of in the class. similar operation computes a composite covariance matrix from the covariance of the classes being The above which removes ambiguities by combining classes, is to each classifier as well as the global clas=0A= sifier

. remains now only to construct the decis=0A= ion tree for the

multi-path classifier .

5.4.2 Creating the decision tree

A decision node has two fields: mclassa pointer a multi-path gesture class, and nexta pointer to an array of pointers to its subnodes. T cons=0A= truct the decision tree, a root node Then, during the class phase, each multi-path gest=0A= ure class is considered in turn. For

sequence of path classes (in sort index order), its global feature class appended, is

are created in the decision tree in such a way that= by following the sequence

a leaf node whose mclass value is the current multi-path gesture class is reach= ed=0A= . This creates a

tree which will corre=0A= ctly classify all multi-class gesture whose component and global

features are correctly Next, during the example phase, each example gesture is considered in turn. The paths are and classified, as are the global features. is constructed and the class of the gesture adde=0A= d to the decision tree at the location corresponding this sequence as before. Normally

, and global features of the gesture will have been clas= si=0A= fied correctly

, so there would already a node in the tree corresponding to this However

,ifoneofthepathsortheglobalofthegesturewasclassified incorrectly

,anewmaybecreatedinthedecision tree,thus same classificationmistake in the future willstillr= esul=0A= t ina correct classificationfor the

When attempting to add a class using a sequence components are it is possible that the decision tree node reached already has a mclass field to a different multi-path gesture class than the one whose example is bei=0A= ng considered.

This is a conflict and is resol=0A= ved by ignoring the current example (though a warning = mess=0A= age is

printed). all but the first insta=0A= nce of a sequence insures that the sequences generated = duri=0A= ng

class phase will take precedence over those generated during the example phase. Of a conflict occurring during the class phase indicates serious problem, namely a pair of between which the multi-path classifier is unable to During decision tree construction, nodes have only one global feature class entry with sub=0A= node have their mclass value set to the same gestur=0A= e class as the mclass value of that other words, sequences that can be classified withou=0A= t referring to their global feature class as such. avoids the extra work (and for error) of global feature classification.

5.5Path Features and Global Features

cla=0A= ssification of the individual paths and of the fea=0A= tures of a multi-path gesture are

to multi-path gesture recognition algorithm discussed thus . This section describes particular vectors used in more detail.

5.6. A FURTHER IMPROVEMENT classification algorithm used to classify paths global features is the statistical in Chapter 3, thus the criteria for feature discussed in section 3.3 must be

particular

, only features with Gaussian-like that can be calculated

are The path features include all the features mentioned in Chapter 3. One additional feature added: starting time of the path relative to the start=0A= ing time of the gesture. Thus, for gesture consisting of two fingers, one above the , which enter the field of view of the simultaneously and move right in parallel can distinguished from a gesture in which single fin=0A= ger enters the field first, and while it is right a second finger is brought into viewfi=0A= eld and moves right. particular

, the (for the second sorting index) would be discriminate between a path which begins at the start the gesture and one which begins later

The path start time is also used for path sorting, as in section 5.2.

main purpose of the feature vector is to discriminate between multi-path classes whose corresponding individual component are indistinguishable. For example, gestures consisting of two fingers moving right, one having fingers oriented vertically

, other horizontally

. Or one having the fingers about one inch apart, the other two inches The global features are the duration of the entire gesture, the = leng=0A= th of the bounding box the bounding diagonal angle (always between 0 and � =3D2 there are no wrap-around the length, sine and cosine between the first point of the first p= ath and the first point of the last (referring to the path sorting order), and the length, sine, cosine between the first point of first pat=0A= h and the last point of the last multi-path gesture attribute, which may be considered a = glob=0A= al feature, is the actual

of paths in the gesture. number of paths was not included in the above list, since it is included in the vect=0A= or input to the statistical classifier

. it is required that all the gestures of given cla=0A= ss have the same number of paths. number of path=0A= s must match exactly for a gesture be classi=0A= fied as a given class. restriction has an addi=0A= tional advantage, in that knowing the of paths simplifies specifying the semantics of the ge= stur=0A= e (see Section The global features, as they might appear

, in most cases enable efbetween gesture classes which cannot be classified solely on the basis of their constituent p= aths=0A= .

5.6 A Further Improvement

mentioned, the multi-path classifier has a path classi�= 56er for each sorting index. The path the first path needs to distinguish between the gestures consisting only of a single path, as the first path in those gestures having or more Similarly

, the second path classifier

discriminate not onlybetween the second pat=0A= h of the two-path gestures, but also the path of the threepath gestures, and so on. places an unnecessary burden on the path classifiers.

gesture classes with different numbers paths will never be confused, there is no need have a path classifier able to discriminate between t= heir constituent paths. This observation leads further improvement in the multi-path recognizer

The improvement is instead of having a single recognizer for discriminating multi-path gestures with differing numbers of paths, to have one multi-p= ath gesture recognizer

, as

88 CHAPTER 5. MULA

GESTURE RECOGNITION

described above, for each possible number of paths. is a multi-path recognizer for gestures

of only one path, another two-path gestures, and so on, up until the maximum num= ber

of paths expected. path classifier now dea=0A= ls only with those paths with a given sorting from those gestures with a given number of The result is that many of the path have fewer paths to deal with, and improve their ability accordingly

Of course, for input in which the number of paths is fixed, such as DataGlove, this

improvement does not apply .

5.7 An Alternate Approach: Path The multi-path gesture recognition implementation for Sensor Frame relies heavily on path

sorting. sorting is used to decide which paths are submitted which classifiers, as well as in global feature calculation. Errors in the path sorting (i.e. similar gestures having their corresponding

up in different places in the path ordering) are potential source of misclassifications.

it was thought that a multi-path recognition method that path sorting might potentially

be more 5.7.1 Global featur es without path The first step was to create a global feature set = whic=0A= h did not rely on path sorting. usual, a design criterion was that a small change in a gestur=0A= e should result in a small change in its features. features which depend largely the precise order that paths begin cannot since two paths which start almost simultaneously may ap= pear in either order

. However

, features be weighted by the difference in starting times successive paths, and thus smoothly as paths cha=0A= nge order

. approach which avoids the is to create features which depend on, , every pair of paths; these too would be immune the problems of

path sorting.

global fea=0A= tures are based on the previous global features discussed= .However

, for each

which relied on pat=0A= h ordering there, two features were used here. first was the feature weighted by path sta=0A= rt time differences. example, one feature is the length from the point of the first to the first point of the last path, multiplied the dif ference between the times of the and second path, and again multiplied by the dif between the start times the last and next last path. second was the sum of the between every pair path, as the sum of length between the start points of every pair of paths= .For the sine and features, the sum the absolute values was used.

recognition using one single-path classifier

sorting allows there to be a number of different classifiers, one for the first path, one for second, and so on. T avoid path sorting, a singl=0A= e classifier is used to classify all Referring

the example in Section 5.4, a single classifie=0A= r would be used to distinguish between A

1

, A

2

, 1 ,

and B

2

5.7. AN ALTERNA

TE APPROACH: A

TH CLUSTERING 89

all the paths in gesture are classified, the class information needs be combined produce a classification for the gestur=0A= e as a whole. before, a decision tree is used. However ,

path sorting has been eliminate=0A= d, there is now no apparent order of the classes make up the sequence submitted to the decision tree. T remedy this, each path class is assigned an

arbitrary distinct integer during path class sequence is sorted according to this ranking (the global feature classification last in the sequence) and then the decision tree is

examined. net result is that each node the decision tree corresponds to a set (rather than a=

sequence) of path classifications. (Actually as will be explained later

, each node corresponds a

In essence, the recognition algori=0A= thm is very simple: lone path classifier determin=0A= es the

of all the paths in the gesture; this set of path classes, together with the global fe= atur=0A= e class,

determines the class of the Unfo=0A= rtunately this explanation glosses over a serious con=0A= ceptual

difIn order to train the path classifier , known instances of each path class req=0A= uired.

without path sorting, how is it possible to know which of the two paths in an instance of = gest=0A= ure

class A is A

1 which is A

2

? of the pat=0A= hs of the first A example can arbitrarily be called A

1

Once this is which of the paths in each of the other examples class A are in A

1

Once asked, the answer to this question is straightforw= ard. The path in the second instance of

A which is similar to the path previously called A

1

should also be called A

1

. If a gesture class has

N paths, the goal is to divide the set of paths in all the training examples of the class into groups, each group containing exactly one path from example. Ideally

, the paths forming are similar to each other

, or

, in other words, t= hey correspond to one another

Note that path sorting produces exactly this set of groups. W the examples of a gesture class, all with the same sorting index form a However if the purpose of endeavor is to build multi-path recognizer which does not use path sorting, seems to resort to it during the trai=0A= ning phase. in sorting the example paths get built into path classifier

, likely nulli=0A= fying any beneficial effects of avoiding path during Another way to proceed is analogy . W a given gesture class, the in one example compared to those of example, and the corresponding paths are identified. could conceivably be based on the feature of the path as well as the location and timing the This approach was not tried, though in retro=0A= spect it seems the simplest and most likely to work w= ell.

5.7.3 Clustering

the groupin=0A= g of similar paths was attempted. definition similarity here only to the feature of the path. particular

, the relative of the paths to one another was

T group similar paths together solely on the basis their feature vectors, a procedure as hierar chical cluster analysis [74] was The first step in cluster analysis is to a triangular matrix containing the distance every pair of samples, in this case the samples every path of every example of a given The distance was computed by first normalizing each by dividing by the standard deviation.

typic=0A= al normalization step of first subtracting out the feat= ure mean was omitted since it no effect the difference between two instances of a The distance between each pair of

90 CHAPTER 5. MULA

GESTURE RECOGNITION

example path feature vectors then calculated as the sum of the squared difbetween the

normalized features.

this matri=0A= x, the clustering algorithm produces a cluster tree, dendr ogram. A drogram is a tree with an additional linear ordering on the nodes. The clustering

initially considers each individual sample to be in a group (cluster) its own, the distance

giving distances between every pair of groups. two most similar i.e. the corresponding to the smallest in the matrix, are combined into a single group, representing the new group is created in dendrogram, the subnodes of which refer to the constituent groups. distance matrix is then update=0A= d, replacing the two rows and columns of constitu=0A= ent groups with a single row and column representing composite group.

distance of the composite group to each other group is calculated as a function of = the

of the two constituents to the other gro=0A= up. Many such combining functions are the particular one used here is the gr oup average meth=0A= od, which computes the distance of the group to another group as the average (weighted by gr= oup size) of the two constituent to the group. the matrix is updated, the process repeated: the smallest matrix is the two corresponding groups combined, and the matrix up= date=0A= d. This continues there is only one group left, representing the entire sample set. of node creation gives linear order on the dend=0A= rogram nodes, nodes created early having subnodes whose g= roup=0A= s are more

similar than nodes created later

Figure 5.4 shows the dendrogram for the paths of 10 = 3-pa=0A= th clasp gestures, where the moves slightly right while the index and middle fingers move The leaves of the are labeled with the numbers of the paths of the examples. all the right strokes together (one per exam=0A= ple), as do all the left strokes (two per Using the dendrogram, the original samples can be brok=0A= en into an arbitrary (between one the of samples) number of groups. T o get N groups=0A= , one simply discards the top N � 1 nodes of the dendrogram. example, to get two the root node is discarded, and the two are represented by the two branches of the root T urning back now to the problem of finding correspo= ndin=0A= g paths in examples of the same path gesture class, the first step is to compute the dendrogram all the paths in all examples of

the dendrogram is then traversed in a bottom-up (post-or=0A= der) fashion, and at node a histogram that ind=0A= icates the count of the number of paths for each exam= ple is computed.

The computation is for each leaf node (i.e. for each path) the is zero for examples except the one the came from; for each interior node, each element of is the sum of the corresponding of the subnode’ s Ideally

, there be nodes in the tree whose histogram indicates that the paths below node come from different exam=0A= ples, and that each example is represented exactly In practice,

however things do not work this nicely

. errors in the clustering sometime=0A= s group paths from the same example together bef=0A= ore grouping one path from every example. case

is easily handled by setting a threshold, e.g. by accepting nodes in which paths from all but examples appear exactly once in the cluster second difficulty is more fundamental. is possib=0A= le that two or more paths in a gesture are quite similar (remember that relative path location bei=0A= ng ignored). This is actually

5.7. AN ALTERNA

TE APPROACH: A

TH CLUSTERING

Figure 5.4: Path Clusters

This shows the result of clustering applied to the paths of the ten thr ee-path clasp gestures shown.

Each clasp gesture has a short, d moving path and two similar long leftwar d mov=0A= ing paths. The

hierar clustering gr oups similar paths (or groups of paths) . The height of an interior

the similarity of its groups, lower nodes being similar

. Note that the right subtr ee the root contains 10 paths, one fr om each gestur e. is thus termed a good cluster by a circle on the graph), and its constitu=0A= ent paths correspond. left subtr ee 20 paths, fr om each gesture, is also good cluster

. one of its descendants been anoth=0A= er good cluster appr oximately 10 paths, one fr om each gestur e), it would have been concl= uded that all thr ee paths of the

clasp e are differ ent, with the corresponding paths by the good clusters. As it happened, desc=0A= endant of the left subtr ee was a good cluster

, it is concluded that two of the paths within the clas=0A= p

gestur e ar e similar and will be treated as examples of one single-path class.

92 CHAPTER 5. MULA

GESTURE RECOGNITION

common for Sensor Frame that are performed by moving the elbow and shoulder keeping the wrist and fingers rigid. For these path=0A= s, it is just as likely that the two paths of sam=0A= e

be grouped together as it is that corres=0A= ponding paths of different examples be togethe=0A= r

. instead of a histogram that shows one from each example, ideally there will a node with a histogram containing two paths per example. the case in figure Call a node which a histogram indicating an equal (or almost equal) of paths from

each example a good clusterThe search for good clusters proceeds top Therootnodeis

surely agood cluster;

e.g.given examples froma threepath gesture class, the root will indicate three paths fromeachgesture. no descendants of the root node are good

that indicates that all the paths of the gesture are similar

. However if there are below the root (with fewer examples per path than the root), that indicates that not all the of

the gesture are similar to each other the three path example, if, say

, one subnode of root was a good cluster with one path per exa=0A= mple, those paths form a distinct path class, difthe other path classes in the gesture other subnode of the root will also be a cluster ,

with two paths per example. does not exist a descendant of that node which is good with one path per example, that indicate=0A= s that the two gesture paths classes are similar

Oth=0A= erwise,

clusters below that node (there likely be two) indicate that each path class in ges=0A= ture

class is different. cluster somewhat like the path sorting, indicates which paths example of a given gesture class clusters are indicated by circles in figure 5.4.=0A= )

Occasionally

, there are stragglerspaths which are not in any of the good clusters iden= ti=0A= fied

by the analysis. attempt is made put the stragglers in an appropriate group. contains a single straggler it can easily be placed in the group which is lacking an example an

this class. an example contains more than one straggler

, they are currently ignored. path classifier to discriminate between the clusters could be created and then used to the stragglers. was not done in the current imp=0A= lementation since there was never a number of Once the path classes in each gestur=0A= e class have been identified using the clustering techn= ique=0A= , path classifier is trained which can distinguish between every path class of every gesture Note

it is possible for a path class to be forme=0A= d from two or more paths from each example of a gesture class, if the cluster analysis indicated two paths were similar

. analogy techniques were

to separate such a class into multiple “one path per example” classes, the resulting would ambiguously classify such paths. any ambiguities are still possible since difgesture classes may have similar gesture paths. in Section 5.4, the ambiguities are removed the classifier by combining ambiguous classes into a single Each (now unambiguous) which is recognized the path classifier is numbered so as to establish canonical order for path class sequences during training and recognition.

5.7.4 decision tree

After the single-path and classifiers have been trained, the decision tree must As before, in the class phase, for each multi-path gesture class, the (now unambiguous) of

each constituent path are enumerated. paths in a single gesture class may be similar this enumeration of classes may list a single class than once, and thus may be considered a

5.8. DISCUSSION list of classes is sequenced into canonical , the global feature class appended, the resulti=0A= ng sequence is used to add the multi-path class to decision tree. As before, a due the fact that two different gesture classes have same multiset of path classes, is Next comes the example phase. paths of each example gesture are classified by the path classifier and the resulting sequence (in canonical order with global feature class is used to add class of the example to the decision no work needs to be done, the same has already been used to add this class (usually the class phase). However

, one of the paths in the sequence has been misclassified, adding it the decision tree can recognition, since this misclassification may occur again in the Confl=0A= icts here are not but are simply on the assumption that the sequences added in the phase are more

than those added in the example phase.

5.8 Discussion

T multi-path gesture recognition algorithms have been which are referred to as “path and the “path clustering” methods. where there is no uncertainty as the path inde=0A= x information (e.g. a DataGlove, since the are attached to the hand) then method is certainly superior

. However with devices such as the Sensor the path sorting has to be done heuristically which increases likelihood of recognition error The method avoids path sorting and its associated

How=0A= ever

, other of misclassification are intr=0A= oduced. One single-path classifier is used to between all path classes in the system, will have to recognize a large number of Since the error of a classifier with the number of classes, the path classifier in path-clustering will never perform as as those in a path-sorting algorithm. second source of error is in clustering itself; errors there cause errors in the classifier training data, which c= ause the performance

the path classifier to degra=0A= de. way around this is to cluster the paths by hand rather by having a computer perform automatically

. needed to be done with gesture from the Sensor Frame, which, because of glitches in the tracking hardware, could not be cl= uste=0A= red

reliably

In practice, the method always performed better

. poor of the

method was generally due to the noisy Sensor Frame data. is however difficul=0A= t reach a general conclusion, as all the gestur=0A= e sets upon which the methods were tested were designed=

with the path sorting algorithm in mind. easy to design a set of gestures that would perform

poorly using sorted paths. possibility for fut=0A= ure work is to have a parameterizable for sorting paths, and choose the parameters based on ges=0A= ture The Sensor Frame itself was a significan=0A= t source of classification errors. the knuckl=0A= es

fingers curled so as not to be would inadvertently break the sensing plane, causing paths in the gesture (which would typically then rejected). Also, three fingers in the plane can easily occlude each other with respect to sensors, making it difficult for the Fram=0A= e to determine each finger ’ s location. Sensor Frame hardware usually knew from recent

that there were indeed three fingers present, and its best to estimate the positions of However

, the resulting data often had glitches that cla=0A= ssification, sometimes by confusing

94 CHAPTER 5. MULA

GESTURE RECOGNITION

the tracking is likely that additional preprocessing of the paths bef= ore recognition

would improve accuracy

. Sensor Frame itself is still under development, and is that such glitches will be eliminated by the hardware in the Another area for future work is to apply the single-path eager recognition work desc= ribe=0A= d Chapter 4 to the eager recognition of multi-path gestures. Presumably this is simply a matter eagerly recognizing each path, and combining the usi=0A= ng the decision tree. How well works remains to be It would also be possible to the multi-path algorithm to the recognition of multi-strok= e

gestures. path sorting in this case would sim=0A= ply be the order that the strokes arrive. T date,

this has not been tried.

Conclusion this chapter

, two methods for multi-path gesture recognition were discussed and compared. classi=0A= fies the paths of the gesture individually uses a decision tree to combine the results, and global features to resolve any lingering

Thefirstmethod,pathsorting,buildsaclassi=0A= fier for each path in a multi-pathgesture. orde=0A= r to determine which path to submit to classi=0A= fier

, either the physical input device needs to abl=0A= e to tell which finger corresponds to path,orapathsorting algorithmnumbersthesecondmethod,pathclustering,path sorting

(w=0A= hich has an arbitrary component) by using one to classify all the paths in a

Ingeneral, thepathsorting methodprovedsuperior

Howev=0A= er

, when the details of the path

algor=0A= ithm are known it is possible to design a set of ge= stur=0A= es which will be poorly due to errors in the path sorting. same knowledge can also used to design gesture sets will not run into path sorting problems.

Chapter 6

An Ar chitectur e Dir ect Manipulation

chapter describes GRANDMA system. stands for “Gesture Recognizers

in a Novel Direct Manipulation Architectur=0A= e.” This chapter concentrates solely on architecture of the system, without reference to rec=0A= ognition. The design and of gesture recognizers in GRANDMA is the subject of the next cha= pter

GRANDMA is an object-oriented toolkit similar those discussed in Section 2.4.1. Like toolkits, is it based on the model-view-controller paradigm. GRANDMA also borrows from event-ba=0A= sed user-interface systems such as Squeak [23], [36], and Sassafras [54GRANDMA is implemented in Objective C [28] on a DEC MicroV

UNIX and the

X10 window system.

Motivation

an object-oriented user interfa=0A= ce toolkit is a rather large task, not to be under= take=0A= n lightly .

such toolkits are only peripherally related to the topic at hand, namely gestu= re-b=0A= ased

systems.

thedecision tocreateGRANDMArequiressomejustification.

single ideamotiva=0A= ted theauthortouseobject-oriented toolkits togesture-based

systems: should be associate=0A= d with objects on the screen. as an s class

the messages it the author believed the class could and should be used=

to determine which gestures an object The ideas of inheritance and overriding natur=0A= ally apply to gestures. analogy of gestures messages is the central idea of the portion of the current work.

would have been desirable to integrate gestures into an existing ori=0A= ented rather than build one from However at the time the work began, the only toolkits

were Smalltalk-80’ s MVC ] and the Pascal-based MacApp [115], neither of which on the UNIX/C environment available to (and preferr=0A= ed by) the author

. Thus, the author The existing object-oriented user systems tend to have very low-level input with device dependencies spread throughout the For example, some systems require to respond messages such as middleButtonDown [28]; others event structures that can

96 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

only represent input from fixed small set of devices [102]. general, the output models of systems seem to have receiv=0A= ed much more attention than the input models. goal of was to investigate new architectures input processing.

6.2 ArOverview

Figure 6.1 shows a general overview of the architectur= e of the GRANDMA system. In order the architecture to the reader

, the response to a t= ypic=0A= al input event is traced. But first, description of the system components is in order

GRANDMA is based on the Model-V iew-Controller (MVC) p= arad=0A= igm. Models are application

objects. concerned only with the semantics of the application, not with the user

interface. V are with displaying the state of models. a changes, it is responsibility of the model’ view(s) to relay that change to the user

Controller=0A= s are objects which

handle input. controllers take the form of event handlers1 A single passive handler may associated with many view objects; when input is initiated toward a view

, of the view’ s pass=0A= ive event handlers may activate (a copy of) itself handle further input.

6.2.1 example: press=0A= ing a switch

Consider a display consisting of sever=0A= al toggle switches. toggle switch has a which likely to be an object containing a boolea=0A= n variable. model has messages to set and retriev=0A= e value of the variable, which are used by the view to display the state of the toggle switch, the event handler to change the state of the When the mouse cursor is moved over one of the switches and, say

, the left mouse button press=0A= ed, the window manager informs GRANDMA, which raises inp=0A= ut Pick event. The is an object whic=0A= h groups together all the information about the the fact that it was a event, which button was pressed, and, most significantly the coordinate=0A= s of the mouse cursor .

an event causes the active event handler list to be searched a handler for this

event. turn, each handler on the list is asked if it wishes to the event. Assuming

of the other will be interested in the event, the last handler the list, called the

XYEventHandler, event. is what happens in the case of pressing the toggle

switch.

The XYEventHandler able to process any event at a location (i.e. events with X-Y coordi-

nates). handler fir=0A= st searches the view database and constructs a of views which are “under the event, in oth=0A= er words, views that are at the given event The search is simple: each has a rectang=0A= ular region in which it is included; if the event loc= atio=0A= n is in the rectangle, the is added to list. the switch example, the list of views consi=0A= sts of the indicated toggle view followed the view representing the window in which the toggle s= witc=0A= h is drawn.

1

The distinctio=0A= n between controllers and event handlers is in the each interacts with the underlying layer generates input events. activated, controllers loop, continual=0A= ly calling the input layer for all input events until the interaction completes. other words, take control, forcing the user to complete one before

initiating the next. contrast, handlers are essentially called by the input layer whene= ver input occurs. It is possible to simultaneously with multiple event handlers, for example multiple devices.

6.2. ARCHITECTURAL OVERVIEW 97

Figure 6.1: GRANDMA ’ Architec=0A= ture

In GRANDMA, user actions cause events to be raised

(i.e.

pressing a mouse button raises

Pick event).

handler on the active even=0A= t handler list is asked, in or der , if it to handle the event. The

XYEventHandlerlas=0A= t on the list, is asked only if none of the pr ev= ious active handlers have consumed

the an event with a screen location (i.e. event), the XYEventHandler uses the databas=0A= e to determine the views at the given screen and asks each view (fr om fr ont to back) if locatio= n,

wishes to handle the event. T o a view consults its list of passive event handlers, associated with

view itself, others with the view’ class and superclasses, to if one of those is inter in the so, that passive handler may activate itself, typicall=0A= y by placing a copy of itself at the fr of the active event handler list. enables subsequ=0A= ent events to be handled efficiently

, short-cir elaborate search for a handler initiated the XYEventHandler. An event handler only in which it is inter ested, allowing events to propagate to other event handlers.

98 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

The views are then starting with the foreground view

. a is asked if the location is indeed over view; this gives an opportunity for a non-rectangular to respond

only to events directly over the event is indeed over the view

, the view is asked if it

to handle the input search proceeds until a view wishes to handle event, or the views under the event have decline=0A= d. the example, the toggle switch view handles the which would then not be propagated to window view

A view does not respond directly a query as to whether it will handle an input Instead,

that request is passed to the view’ s passive event handlers. with each is a list event handlers that handle input the view; a single passive event handler is often among

many views in the system. passive even=0A= t handlers are each asked about the input in turn; search stops when one decides to handle the In the example, the toggle switch has a switch event handler first on its list of passive ha= ndle=0A= rs that would handle the Pick A event handler that has decided to handle an event passive activate a copy or instance of

itself, i.e. place the copy or instance in the active event list. Or

, it may not, choosing to the work associated with the event when it gets the = even=0A= t. For example, a toggle switch either chang=0A= e state immediately when the mouse button is pressed the switch, or it may highlight itself, changi=0A= ng state only if the button is released over the swit= ch. In the former there is no need to acti=0A= vate an event handler; the passive handler itself can c= hang=0A= e the state of the

In the latter cas=0A= e, the passive handler activates a copy of itself first highlights the switch,

then monitors sub=0A= sequent input to watch if the cursor remains over vie=0A= w

. If the cursor

away from the view

, the active event handler will turn off the highl= ight=0A= ing of the switch, and

(depending on the kin=0A= d of interaction wanted) deactivate Finally if the mouse is released over the the active event handler will, through the view

, the state of switch (and associated model), and then deactivate As noted above, active handle=0A= rs are asked about events before the view database sea=0A= rched and

any passive handlers in the switch example, mouse movements while the button is held down, or the release the mouse button, will be handled very efsince the active handler is at the head of the event handler list.

6.2.2 T ools

tool is one component of GRANDMA ’ architecture not mentioned in the above example. A

an object that raises events, and it is through eve=0A= nts that tools operate on views (and in the system. event handler may be the mechanism through which a operates upon view

. interaction is by no means unidirectional: some event handlers views to operate upon tools as well. addition to operating on directly

, event handlers themselves events, as will be Every event has an associ=0A= ated tool which typically refers to the device that gen= erat=0A= ed the For example, a system with two would have two MouseTool objects, and the one would be used to identify which mouse caused given Pick event. When asked to handle event, an active handler typically checks that the s tool is the same one that caused the handler

6.3. OBJECTIVE-C NOT A TION 99

to be activated in the first place. manner

, the active event handler ignores events not i= nten=0A= ded

for T ools are also involved one device emulates another

. example, a Frame emulate a mouse by having an active hand=0A= ler that consumes events whose tool is a SensorFrame

object, raising events whose tool is a MouseTool in response. That MouseTool does to a real mouse; rather

, it allows the Sensor Frame to masquerade as a T ools do necessarily refer to hardware devices. V tools are software objects views) that like input hardware in that they may generate For example, file views (icons)

be vir=0A= tual tools when implementing a Macintosh-like Finder in G= RAND=0A= MA. Dragging file view would cause events be raised in which the tool was the file view

A passive handler

with folder (director=0A= y) views would be programmed to activate whenever an e= vent tool is a file view is dragged over folder

. in GRANDMA the same mechanism is used when

mouse cursor is dragged over views when the mouse is used to drag one view over other

views.

typical case, in which a tool has a semantic action which operates upon views that the is dropped upon, is handled gracefully in Associated with every view is the passive

GenericT=0A= oolOnViewEventHandler. a tool is dragged a view which responds the tool’ s action, the GenericToolOnViewEventHandler with the view activates

itself, highlighting the view the tool on the view causes the action to .

2

Thus,

is easy to achieve using virtual tools (see section This concludes the brief overview of the GRANDMA architecture. A discussion of the the GRANDMA system now follows. reader wishing avoid the details may proceed to 6.8, which summarizes the main points while comparing GR= ANDM=0A= A to some existing

systems.

Objective=0A= -C Notation

As mentioned, GRANDMA is written in Objective C [28], a language which augments C programming constructs. In this part the dissertation, program fragments will in Objective In Objective C, variables and funct=0A= ions whose values are objects are all declared type , as in

id aSet;

of type id are really pointers, and can refer any Objective C object, or have the

value . all pointers, such variables need to be ini=0A= tialized before they refer to any object:

=3D [Set new]; /

� cr eate a Set object � /

The expression is used to send the message messagename to object

referred to by o. object is termed the r eceiver, and messagename selector. A send is similar a function call, and returns a value whose type on the selector

Objective C comes supplied a number of factory objects, also known as classes. Set an example of a object, and like most factory objects, responds to mes=0A= sage new with a

The related case, in which a tool is dragged over view that acts upon the tool (e.g. the trash can=0A= ), is handled by the

BucketEventHandler.

100 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

newly allocated instance of itse=0A= lf.

Messages may also have parameters, as id aRect =3D [Rectangle origin:10:10 [aS=0A= et add:aRect];

message selector is the concate=0A= nation of all the parameter labels (origin::corner::

in the first case, add: the all cases, there is one parameter after each A factory’ s fields and methods are declared in the following example:

=3D Rect:Object f int x1,y1,x2,y2; g

+ origin:(int)_x1 :(int):_y1 corner:(int)_x2 :(int)_y2 f

self =3D [self x1 =3D _x1, y1 =3D _y1, x2 =3D _x2; y2 =3D _y2;

return self;

g

� :(int)y

f x1 +=3D x; y1 +=3D y; x2 +=3D y2 +=3D y; return self; g

declares factory Rect to be a subclass of the factory Obje=0A= ct, the root of the class

hierarchy

Notethatthefactorydeclarationbeginswiththe“=3D” token. A method declared with

“+” defines a message which is sent directly to fac=0A= tory object; such methods often allocate an instance of the factory

. method declared with “-” defines a message that is sent direct=0A= ly

to instances of the class. variable self is accessible in all method declarations; it to the object to which the message was sent (the receiver). When self is set to an instance the object class being defined, the fields the object can be referenced directly

. as in the

origin::corner:: the first of a factory method is often to reassign self be instance of the factory

, then to initialize the fields of the instance. The usage new] rather

than [Rect new] allows the method to work even when applied to a subclass of Rect (since in

that case self would to the factory object of the subclass). types of methods arguments are left unspecified, they are assumed to be id, and typically return self they have nothing better return (rather than void, i.e. not When describing a method of a class, the fields and other methods are often omitted, as in

=3D Rect ...

� (int)area f return abs( (x2�x1)�(y2�); g

Objective C, messages selectors are first class objects, which can be assigned and as

parameters and then later sent to The construct @selector(message-selector) returns

an object of type SEL, which is a representation of the message selector:

aRect =3D [Rect origin:10:5 SEL op =3D ? @selector(area) : printf=0A= ("%d\n", [aRect perform:op]);

rectangle aRect will be sent the area or height message depending on the state of

flag. perform: sends the message indicated by passed SEL to an object.

V of the form perform:with:with: additional to be sent as The first class nature message selectors distinguishes Objective C from more object-

oriented languages, notably C++. are analogous to pointers to functions in C, SEL val=0A= ues

6.4. THE TWO HIERARCHIES may be considered “pointers” to Objective C includes functions for converting between

SEL values and strings, and a method for inquiring runtime whether an object responds an message selector

. will be seen, these C features are often used in GRANDMA implementat=0A= ion.

In the interest of simplicity code and memory management code have been frommost of thecode fragments shown below

,the=0A= yare ofcourseneeded inpractice. the code is explained in the text, many of the comme= nts have been removed for brevity .

6.4 T wo Hierarchies

Thus far

, two important hier=0A= archies in object-oriented user interface toolkits have hinted and it seems prudent to forestall confusi=0A= on by further discussing them here. first is known

as the class hierar chyclass hierarchy is the tree of subclass/superclass relatio= nshi=0A= ps that has in a single-inheritance system as Objective C. In Objective C, the class Object is at root of the class hierarchy; in classes like Model, View, and are

subclasses of Object; each of has subclasses of its own (e.g. ButtonView a subclass of

View), and so entire tree is referred to as the class hierarchy and particular subtrees referred to by qualifying this term with a class name. particular

, View class hierarchy is tree with the clas=0A= s View at the root, with the subclasses of subnodes of the root, and so The second hie=0A= rarchy is referred to as the view hierar chy or view tr ee. A View object controls a rectangular region of the display The view may have subviews which sub=0A= areas of the parent view’ s rectangle. a dialogue box view may have as some rad=0A= io buttons. are usually more to the foreground than their parent views; in words, a subview usually obscures part of its parent’ s view course, subviews themselves have subviews, so on, the entire structure being known as the view = tree=0A= . In GRANDMA, root of the view tree a view corresponding to a particular window on the dis= play=0A= ; a program multiple windows will have a view tree for each. is important not to confuse view hierarchy

with the View class the former refers to the superview/subview relation, lat=0A= ter to the

superclass/subclass relation.

6.5 Models

a Model/V iew/Controller system, the three most important classes in

GRANDMA are Model, View, and Eve=0A= ntHandler (the latter being GRANDMA ’ term for

controller). discussion of GRANDMA is divid=0A= ed into three sections, one for each of clas=0A= ses. Class Model is considered Models are objects which contain application-specific Model objects encapsulate the data

computation of the task domain. MVC paradigm specifies the methods of should not contain any -interface specific code. However a model will typ=0A= ically respond messages inquiring about its state. this manner

, a view object may gain information about model in order to display a representati=0A= on of the model.

102 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

In a number of MVC-like syste=0A= ms, there is no specific class named “Model=0A= ” [28]. Instead,

object may act as model. However in GRANDMA, as in Smalltalk-80[70], there is a single

class named Model, is subclassed to implement application objects. has the disadvantage that already existing cannot directly serve as models. advantage is ease of implementation, and the ability to easily dis=0A= tinguish models from other One of the tenets of the MVC paradigm is that Model objects are indep=0A= endent of their views.

intent is that the user interface of the application should be able to be cha= nged without modifying

the application semantics. effect of this desire for modularity is that a Model subclass is without reference to its views.

However when the state of a model changes, mechanism is needed to inform the views the model to update the display accordingly

. way is accomplished is for each to have a of dependents. such as views, that wish be informed when a model

state register them=0A= selves as dependents of the model. convention, a Model object sends

itself the modified message when it changes; this results in all its dependents g= etti=0A= ng sent the

modelModified message, at which they can act accordingly

The heart of the implem=0A= entation of the Model class in GRANDMA is simple and instructive:

=3D Model : Object f dependents; g

� addDependent:d if(dependents =3D=3D nil) dependents =3D [OrdCltn [dependents add:d];

return self;

� removeDependent:d f

if(dependents !=3D nil) [dependents remove:d];

return self;

� modified f

if(dependents !=3D nil) /� send all dependents modelModified � /

elementsPerform:@selector(modelModified)];

return self;

g

Thus, a Mode=0A= l is a subclass of Object with one additional fi=0A= eld, dependents. When

a Model is fi=0A= rst created, its dependents field is set to nil. The first time dependent is added (by sending the message addDependent:), the dependents field is set a instance of OrdCltn, a class for representing of objects. The dependent is then to the list; it can later be removed by the removeDependent message.

Model is an abstract class; is not intended to be instantiated directly

, but inst= ead only be

subclassed. A simple example of a Model might be boolean variable (whose view might be a to= gg=0A= le

switch):

=3D Boolean : Model BOOL state; g

� (BOOL)getState f ret=0A= urn state; g

6.6. VIEWS 103

� setS=0A= tate:(BOOL)_state

f state =3D _state; return [self modified]; g

� toggle f state =3D !state=0A= ; return [self modified]; g

that wheneve=0A= r a Boolean object’ s state changes, it sends itself the modified which results in all its dependents getting sent the modelModified message.

6.6 V iews

The abstract class , as mentioned, handles the display of ModelIt is easily the most class in the GRAND=0A= MA system; it is over 800 lines of code, and it cur= rent=0A= ly implements 10 methods and 67 instance meth=0A= ods (not including those inherited from ObjectFor brevity

, of the methods will not mentioned, or are only mentioned in V iews have a number of instance variables =3D View : Object f

model;

id parent, children;

id highlight;

short xloc, yloc;

id state;

g

The model variable the view’ s connection with its model. views hav=0A= e no model; in this

case model will be nil. The fields parent and children implement the view tree, parent

being the super=0A= view of the view

, children being a list (OrdC=0A= ltn) of the subviews of this view

The =0A= fields picture and highlight refer to the graphic=0A= s used to draw and highlight the view respective=0A= ly

. graphics are drawn with respect to the origin specified by (xloc, yloc), constrained to be within the Rectangle object box. The state field is a set of bits both the current state of the view (set by the GRANDMA system) and the desired state of the (controllable by the view T o some of View’s methods, here is a toggle switch view whose model is the class

Boolean describe=0A= d above.

=3D SwitchView: View T o create a toggle switch view:

aBoo=0A= lean =3D [Boolean id aSwitchView =3D createViewOf:aBoolean];

The createViewOf: meth=0A= od of class View allocates a new view object (in this case an

instance of SwitchViewset=0A= s the model instance variable, and, to add to the model’ s

dependents, does addD=0A= ependent:self].

graphics for the switch are implemented as:

=3D SwitchView ...

� updatePicture f

id p =3D [self VbeginPicture];

104 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

rectangle 0:0 :10:10];

if([model [p rectangle 2:2 :8:8];

[self VendPicture];

return self;

g

intention is to draw an empty rectangle 10 by 10 pixels in size for a switch whose model’ is FALSE, but put a smaller rectangle within switch when the model’ s state is TRUE.

View’ s VbeginPicture and VendPicture methods deal with the picture instance

(The V prefix in the method names is a indicating that these messages intended only be sent by subclasses of View.) VbeginPicturecreates or initializes the

HangingPicture object which it returns. graphics are then at the picture, is in essence a display of graphics commands. how the model’ s is queried using the

model instance variable inher=0A= ited from class View. is done for effic=0A= iency purposes; a modular way to accomplish same thing would be if([[self model] getState]).

The method updatePicture gets called indirect=0A= ly from V iew’ s modelModified method:

View ...

� modelModified f

[self update];

if(state & V_NOTIFY_CHILDREN) /

=0A= � pr opagate modelModified to kids � /

[children return self;

g

� update f retur=0A= n [self updatePicture]; g

The state bit V_NO=0A= TIFY_CHILDREN settable by the creator of a it determines whether

modelModified messages will be propagated to subviews. when this bit turned off,

the subclass of View overrides update method in order to propagate modelModified only

to certain of its subviews. a view whose model is a list might have a subview each element in the list displayed left to and when one element is deleted from the list view could arrange that only the subviews to the of the deleted one be redrawn.) In the typical case, the subclass only implements the updatePictur=0A= e method which redraws the to the state of the For the switch to be dis=0A= played, it needs to be a subview (or a descendant) a WallView. Class

WallView is abstraction of a window on the display

. insta=0A= nce of WallView is created each window program requires, as in:

aWallView =3D [WallVi=0A= ew [aWallView addSubView:[aSwitchView at:50:30]=0A= ];

fragment creates a window named “gdp.=0A= ” string “gdp” is looked up in a databas=0A= e this case, the .Xdefaults file as administere=0A= d by the X window system) to determine the initial s= ize

and location of the window

. switch is added as a subview to the wall view

, and coordinates (50,30) in the newly created .

6.7. EVENT HANDLERS This ends the discussion of the major methods of class View. As the need arises, methods will be discussed. is ironic how in this dissert=0A= ation, largely concerned with input, much effort was expended on output. initial intention was keep the output code as simple possible still being usable. Unfortunately thousands of line=0A= s of code were required to get that point.

6.7 Event Handlers

In GRANDMA, the anal=0A= ogue of MVC controllers are event handlers. input occurs, it is

represented as an event is raised. an event results in a sear=0A= ch for an active handler that will handle the event. many events, the last handler in the act=0A= ive list is a handler whose function to search for any views at the event’ s Eac=0A= h such view is if it wishes to the event; the view then asks each of its passive ev= ent handlers if it wants

to handle the mentioned, a single passive event handler may be associa= ted with many

different views. passive handler may activate a copy or instance of itself res=0A= ponse to

input.

W arning to to this dissertation’ s focus on input, this is neces= s=0A= arily a very long

section.

Events

event handlers can be discussed in deta=0A= il, it is helpful to make concrete exactly what is me= ant

by “event.” events are instances some subclass of Event:

Event Object f id instigator; g

� instigato=0A= r f return instigator; g

� instigator:_in=0A= stigator

f instigator =3D _instigator; return self; g

instigator of an event is the objec=0A= t posting the event. window manager events are

instigated by an instance of class Wall.

3

Figure 6.2 shows the Event class hierarchy

. (Like instigator in class Event, each

variable shown has a method set and a method to retrieve its value.) important

subclass is WallEvent, which is event associated with a window

, and thus usually (the GRANDMA interface to) the window . A KeyEvent is generated when a character is typed by the user

. A RefreshEvent is gene=0A= rated when the window manager requests that partic=0A= ular window be The subclasses of the abstra=0A= ct class DragEvent, when raised by the window manage=0A= r, indicate

a mouse event. these the tool field is an instance of GenericMouseTool or one of

its subclasses. a button is pressed, a PickEvent is field loc is a

instigator is mostly used for tracing and debugging. Occasionally it is used for a quick check an active handler that wishes to insure is only handling events raised by the same object raised the event which activated handler in the first place. active handlers do not bother with this check, being content to simply check that the to= ol

(rather than the instigator) is the same.

106 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

Figure 6.2: The Event Hierarchy

Point object, indicating the location of the mou=0A= se cursor .

4

The mouse object referr=0A= ed to by the

tool field indicates which button has been pressed. the mouse is moved (currently only

when a mouse button is pressed), a MoveEven=0A= t is generated. the mouse button is released,

a DropEvent is generated.

The classes Ges=0A= tureEvent and TimeoutEvent will be discussed in Cha=0A= pter 7.

6.7.2 Raising an Event

A WallView object represents the root of the view of a given window

. Associated with each

Wal=0A= lView object is a Wall object which actually impleme=0A= nts the interface between and the window manag=0A= er

. Also associated with each WallView (i.e. each window) is an

EventHandlerList object.

=3D WallView : View f id hand=0A= lers; id viewdatabase; id wall; g

+ name:(STR)=0A= name f

self =3D [self wall =3D [Wall create:name handlers [EventHandlerList viewdatabase =3D [Xydb new];

[handlers add:[XyEventHandler self;

g

� raise:event f [handlers raise:event]; g

� viewdatabase return viewdatabase; g

retrospect it probably would have been wiser to always represent points and rectangles as C or as

separate coordinates, instead of using and Rectangle objects and their associated overhead.

6.7. EVENT HANDLERS 107

=3D Wall : Object (GRANDMA,Geometry)

f win; id pictures; id wallview; g

� raise:even=0A= t f

if([event isKindOf:RefreshEvent])

[self redraw]; return; g

return [wallview raise:=0A= event];

g

are raised within particular window using the raise message. Redrawevents handled within the wall;

since wall maintains a list of Picture objects currently hun=0A= g on it,

redraw is easily accomplished. The Red=0A= raw special case is really just old code; it would be to replace this code with a redraw handler

. All other events are passed from the Wall to the

WallView to the EventHandlerList:

=3D EventHandlerList : OrdCltn f g

� raise:e f int for(i =3D [sel=0A= f lastOffset]; i >=3D 0; i�[[self at:i] event:e] )

return self;

g

An EventHandlerList jus=0A= t an OrdCltn, thus add: and messages can sent to it to add or remove active event handlers. The add: adds handlers to the end

of the list; raise itera=0A= tes through the list backwards, asking each element of = the list in order if wishes to handle the event. handlers activated most recently are asked about events before

those activated earlier is possible to install an active event handler at arb=0A= itrary position in

the EventHandlerList by usin=0A= g some of OrdCltn’s other methods, but this never needed in GRANDMA.) Note that the fir=0A= st thing a WallView object does when created is activ=0A= ate

an XyEventHandler; handler

, sin=0A= ce it is first in the list, will be tried only af= ter the other

have declined to process event.

6.7.3 Active Event Handlers

Every active event handler must respond to the event: message, returning a boolean indicatingwhether it has handled the event.

EventHandl=0A= er : Object f g

� (BOOL)event:e f return (BOOL)[self subclassResponsibility]; The event: here is a placeholder the actual method, which would be ferently in each subclass of EventHandlersubclassResponsibility method inherited from Object. method simply prints an error mess=0A= age stating that the subclass of receiver should have implemented the method.

Note that the event: sent to the active event handlers has reference to any views.

the event is first activated, it generally stores the view too=0A= l which caused its

108 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

activation

5

; it can then refer to these to decide whether to = hand=0A= le an event. When handling an the event handler typically sends the view messages, if to find out the model to the view As previously mentioned, the last active event tried is the XyEventHandler. This

han=0A= dler is rather atypical in that it never exists in passive state.

=3D XyEventHandler EventHandlerf id wallview;g

+ wallview:_wallview f self =3D [self wallview =3D _wallview; ret=0A= urn self; g

� (BOOL)event:e f id views=0A= , seq, v, tool;

if(! respondsTo:@selector(loc=0A= ) ]) return views =3D [[wallview viewdatabase=0A= ] at:[e loc]];

tool =3D [e for(seq [views eachElement]; v =3D [seq next]; if(v tool && [v event:e]) return YES;

return g

An XyEventHandler is instantiated activated when a WallView is created (see Section

6.7.2). The WallView is recorded in the handler so that it can access the current database of views

(those views in the View subtree of the WallVi=0A= ew). retrospect, it would have been more

efficient for the XyEventHandler to store a hand=0A= le to the database directly

, rather than ask=0A= ing the WallView for it.)

When an XyEventH=0A= andler is asked to handle an event (via the event: message) first checks to see if event responds to the message locCurrently only (subclasses of)

DragEvents respond to loc, but that could conceivably change in the so the handler written as generally as possible. points to one of the major benefits of Objec=0A= tive C; one inquire as to whether an responds to a message before attempting to send it Another example of this will be seen Section 6.7.7. Since the XyEventHandler goi=0A= ng look up views at the location of an it obviously cannot deal with events without locations, = so

returns NO (the Objective C term for FALSE or 0) in this The view database then consulted, returning all the views whose bounding contains the

given point. views returned are sorted from foremost to most background, i.e. according their depth in the view tree, deepest first.this order, eachviewisqueriedastowishes to handle the event,stopping when aview says

YES.(The enigmatic test

!=3Dtool be explainedinsection6.7.7; suffice to say here that in the typicalcase, tool is kindof

GenericMouseTool thus can be equal to a ViewIf no view is found that wishes to handle the event, the XyEventHandler returns NO. this handler is the active event handler to be tried, when it says NO, the event is ignored. If

it is simple matter to activate a catchall handler (to be t= ried after the XyEventHandlerthe purpose of whic=0A= h is to handle all events, printing a message to effect that events are being

ignored.

5

As shown in section 6.7.5, passive event handlers are asked to handle events via the event:view: message, parameter being the event which the handler gets the tool), and the other is = the view .

6.7. EVENT HANDLERS example event handler is given in Section 6.7.6; more will be said about active handlers then.

6.7.4 The V iew Database

The function of the view database is to determine the set of views a given location in a window

In many object-orie=0A= nted UI toolkits, this function has been combined with = even=0A= t propagation, in

events propagate down view tree [105] (or a corresponding controller tree , 63]) directly .

idea for a view database comes from GWUIMS[118]. separating out the database into its own data structure, ficient algorithms for looking up views at a given such as Bentley’ s dual range trees [7], be applied. Unfortunately this optimization was completed, and in retrospect having to keep view database synchronized with the view was more effort than it was worth.

Xydb

:Set f g

� enter:object at:rectangle f

return [self replace: object:object

at:rectangle

depth:[object depth]]];

g

depthcmp(o1, o2) id �o1, �o2;

f return [�o2 depth] � [�o1 depth]; g

� at:aPoint id seq, e, array[MAXAT], result =3D [OrdCltn new]; n;

for(n =3D 0, seq =3D [self (e =3D [seq next]) !=3D nil; if([e contains:aPoin=0A= t]) array[n++] =3D qsort(array, n, for(i =3D 0; i < n; i++) [result add:=0A= [array[i] object]];

return result;

=3D Xydbe : Rectangle f id object; unsigned dept=0A= h; g

+ object:o at:rect depth:(unsigned)d f

self =3D [self new] object =3D o; depth =3D return [[self origin:[rect origin]] corner:[rect corner]];

g

� object f return object; g

� (unsigned)depth f return depth; g

� (unsigned) hash f return hash]; g

� (BOOL)isEqual:o f =3D=3D o�>object; g

110 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

An Xydb is a set of Xydbe objects (“e” for “element”), each of which is a rectangle, an

object (always a kind of View in GRANDMA), and a depth. Vie=0A= w objects which or grow must be sure register their new locations in the view database for = the wall on which they

lie. is currently done automatically in the _sync method of class View which is for updating the display when View changes. The hash and isEqual: methods are used by

Sethere they defi=0A= ne two Xydbe objects to be equal when their respectiv=0A= e object fields are

equal.

ThePassiveEventHandlerSearchContinues

Each

Viewobject has a list of passive handlers associated it. The association is often passive han=0A= dlers can be associated with the view directly

, or w= ith the class of the view

, or any the superclasse=0A= s of the view’ s class. For example, the GenericTo=0A= olOnViewEventHandler

is directly associated with class View; it thus appears on every view’ s list of pas=0A= sive event handlers.

=3D View ...

(BOOL)event:e f id seq, h;

isOver:[e loc]]) return for(seq =3D [self eachHan=0A= dler]; h =3D [seq if([h event:e return YES;

return NO;

g

� eachHandler f id r =3D [OrdCltn new]; id class;

[r addContentsOf:[self for(class [self class !=3D Object; class =3D [class super=0A= Class])

[r passivehandlers]];

return [r eachElement];

g

+ passivehandle=0A= rs

f return [UIprop getvalue:self propstr:"handlers"=0A= ]; g

� passivehandlers

f return [UIprop getvalue:self propstr:"handlers"]; g

a view is asked if it wishes to handle an event, firsts asks if the event’ s location over the view

. The implementation of the isOver: method in class View simply returns

YES. Non-rectangular subclasses of view (e.g. LineDrawingView, see Section 8.1) override Assuming the event location is over the view

, each passive event handler associated with vie=0A= w is sent the event:view: which asks if the passive handler wishes to handle event. search stops as soon as one of the handlers says YES or all the handlers have been method eachHandler returns an ordered sequence of handle=0A= rs associated with a view

The sequence is concatenation of the handlers directly associated with view object, directly associated with the s class, those associated with the view’ s and so up to and including those associated class View. associations themselves are store=0A= d in a

6.7. EVENT HANDLERS global property list. passive event handler is associat=0A= ed with a view object or class under the

"handle=0A= rs" property

Herein lies another advantage Objective C. An object’ s superclasses may be runtime, in this case enabling the simulation of inheritance of passive event handlers. effect would be difficult to achieve had it not been po= ssib=0A= le to access the class hierarchy at runtime.

6.7.6 Passive Event Handlers

A passive event handler returns YES to the event:view: it wishes to handle event directed at the give=0A= n view

. a side effect, the passive event handle=0A= r may activate (a or instance of) itself to handle additional input without incurring the cost of search for a passive

handler In Objecti=0A= ve C, classes are themselves first class objects in system, known as factory A factory that is a subclass of EventHandler may play the role of a passive event handler .

6

T activate such a handler

, the factory would instantiate= itself and place the new instance on event list.

=3D EventHandler + (BOOL=0A= )event:e view:v

f return (BOOL)[self subclassResp=0A= onsibility]; g

an example, consider following handler for the toggle switch discussed earlier:=

=3D ToggleSwitchEventHandler : f id view, tool; g

+ (BOOL) event:e view=0A= :v f

if( ! isKindOf:PickEvent] ) retu=0A= rn NO;

if( ! tool] isKindOf:MouseTool] return self =3D [self new]; view =3D v; =3D [e tool];

[[view wallview] [view highlight];

return YES;

� (BOOL)event:e f

BOOL ![e isKindOf:DragEvent] jj [e tool] !=3D tool )

return isOver =3D [view loc]];

if(!isOver jj [e isKindOf:DropEvent]) f

[view [[view wallview] deacti=0A= vate:self];

if(!isOver) [[view model] g

6

However using factory objects for passive event handlers is as there is only one instance of the obje=0A= ct for a given class. makes customization of factory passive event handler difficult. 6.7.=0A= 8 how regular (non-factory) objects may be used as passive event handlers.

112 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

return YES;

g

Assuming this event handler is associated with a SwitchView, when the mouse is pressed suchaviewthehandler ’ sevent:view: called, which instantiates and then this handl=0A= er

, and then highlights the view

. such as typing a character or moving a

(wit=0A= h the button already pressed) over the view

, will ignored by this passive handler

. handlers for mouse events, including this one, only respond to of kind MouseTool, where

MouseTool is subclass of GenericMouseTool. reason for this is explained in Section

Once the handler is activated, it gets first priority at all events. The beginning of the

event: insures that it only responds to mouse events generated= by the same mouse that initially caused handler to be activated. valid events, the handler checks if the location

of the event (i.e. the mouse cursor) is over the view using Views pointInIboxAndOver:

method. that passive event dispatch, the more efficient method was since by that point, the location was already known to be in the bounding of the view .

The pointInIboxAndOver both the bounding box check and the isOver: active event handlers see events before it determined which views they are over

If the mous=0A= e is no longer over the switch, or the mouse has been released, the of the view is turne=0A= d off, and the handler deactivated. the where the mouse is over the view

the button was released, [[view model] toggle] is executed.The clause [view

model] returns the model ass=0A= ociated with the switch, presumably of class Boolean, which gets

sent the toggle will of course result in the switch’ s picture changed to

reflect the model’ s new In any case, by returning YES the active event handl=0A= er indicates it has handled the event, will be no attempt to propagate it further ypically

, the ToggleSwitchEventHandler get ass=0A= ociated with the SwitchView

as =3D SwitchView ...

+ initialize

f retur=0A= n [self sethandler:ToggleSwitchEventHandler]; g

The initialize factory method is invoked for every class in the program (which such a method) by the Objective C runtime system when the program is started. In this

case, the sethandler fact=0A= ory method would create a list (OrdCltn) containi=0A= ng the single ele-

ment and associate it with the class SwitchView the

"handlers" property

Note that simple changes to the ToggleSwitchEventHandler radically al-

ter the behavior of the For example, if [[view model] toggle] is also exec=0A= uted

when the switch is first pressed (i.e. in the event:view: the switch a mentary pushbutton rather than a toggle switch. Similarly

, by changing the initial check to [e

isKindOf:DragEvent], the mouse moves ofthe switch (thus deactivating the the mouse back on the switch with the button still p= ress=0A= ed (or onto another instance the switch) (re)activate the handler

. the handler is changed only to deactivate when a

6.7. EVENT HANDLERS 113

Dro=0A= pEvent is raised, the button now grabs the mouse, mea=0A= ning no other objects would mouse events long as the button is pressed. is clear many dif ferent behaviors are simply by cha=0A= nging the event handler

While GRANDMA easily allows much flexibility in programming the behavior of individ= ual

interaction techniques that control widgets in tandem are more difficult to example, radio buttons (in which clicking one a set of buttons causes it to be turned on the rest of the set to be turned off) might imp=0A= lemented by having the individual buttons to of a new parent view

, and a new handler the parent view could take care of the excl=0A= usion. (Alternatively the parent view could the mutual exclusion by providing a for individual buttons to call when pressed; in this case

= the parent necessarily provides the button interface to the rest of the program.)

SemanticFeedback

Semanticfeedbackisa responsetouser ’ sinput which requiresspecializedinformation ab= out the

application objects

[96]. example, the Macintosh Finder [2], dragging a file icon a icon causes the folder icon to highlight, since dropping the file icon in the folder icon cause file to be moved to the folder a file icon over another file icon no such since dropping a file another file has no effect. highlighting thus semantic GRANDMA has a general mechani=0A= sm for implementing (views of) objects which react (views of) other objects are dropped on them, highli=0A= ghting themselves whenever such objects over them. Such views are called buckets in GRAN=0A= DMA. Any view may be made into bucket by associating it with a passive BucketEventHandler (which expects the view

to respond to the actsUpon: and actUpon:: below). Once a view has a

BucketEventHandler, semantic feedback described above will automatically

Whereas a bucket is a view causes an action when another view is dropped in it e.g. Macintosh trash can is a a Tool is an object which causes an action it is dropped a view (a “delete cursor =0A= ” is thus a tool). mentioned above, a corresponds to a physical input

device (e.g. GenericMouseTool), it is also possible for view to be a tool. In the latter the view is referred to as a virtual tooland tools are quite similar

, the main ference being that in buckets the action with stationary views, while in tools the action associated with the view being The implement=0A= ation of tools is considered next. similar implemen=0A= tation of buckets will not be

described.

=3D Tool : Object f g

� (SEL)action f return (SEL) 0; g

� actionPar=0A= ameter f return nil; g

� (BOOL)actsUpon=0A= :v f return [v respondsTo:[self action]]; � actUpon:v event:e f

[v perform:[self acti=0A= on]

with:[self actionParameter]

wit=0A= h:self];

114 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

return self;

g

Every tool responds to the actsUpon: actUpon:: messages. In the default above, a tool has an action (which is the runtime encoding of a message selector) and action parame=0A= ter (an arbitrary object). example, one way create a tool for deleting objects is

Delete=0A= Tool : Tool f g

� (SEL)action f return @selector(delete); g

The actsUpon: checks to see if the view passed as a parameter responds to the of the tool, in this delete. The actUpon:: performs the action, the action parameterthe event, and the tool itself as additional (which are ignored in the

delete The GenericToolOnViewEventHandler associated every view via the View

class:

=3D Vie=0A= w ...

+ initialize

f [self sethandler:Gen=0A= ericToolOnViewEventHandler]; g

GenericToolOnView=0A= EventHandler : EventHandler

f id view; g

+ (BOOL) event:e view:v if( ! [e isKindOf:DragEvent]) return if( ! [[e tool] actsUpon:v]) return self =3D [self tool =3D [e tool]; view =3D v; [view highlight];

[[view wallview] retu=0A= rn YES;

g

� (BOOL)event:e f if( ! [e isKindOf:DragEvent]) return if( [e tool] !=3D tool) return if( [view poi=0A= ntInIboxAndOver:[e loc]] ) f

if([e isKindOf:DropEv=0A= ent]) f

[view [[view wallvie=0A= w] deactivate:self];

[tool actUpon:view g

return YES;

g

[view unhigh=0A= light]; [[view wallview] return NO;

g

6.7. EVENT HANDLERS Passiv=0A= ely

, GenericToolOnViewEventHandler simply checking if the over the view acts upo=0A= n the view

. so, the view is highlighted semantic feedback) and handler activates an insta=0A= ntiation of itself. events will be by the activated

to see if they are mad=0A= e by the same tool. If so, and if the tool is over the view

, the is handled, and if it is a DropEvent then the tool will act upon view

. If the tool has off the view

, the highlighting is turned off, and the handler = deac=0A= tivates itself and returns NO so other han=0A= dlers may handle this event.

The test tool in the XYEventHandler (see Section 6.7.3) prevents a view that is virtual tool from ever attempting to operate upon itself.

Generic Event Handlers

you have been the story so far, you know that all the event han= dler=0A= s shown the passive handler implemented by factory (class) object which responds to event:view:

messages. necessary

, such a passive handler acti=0A= vates an instantiation of itself. The of having factory objects as passive event handlers tha=0A= t they cannot be changed at runtime. example, the ToggleSwitchEventHandler passively responds to PickEvents. If wanted to a ToggleSwitchEventHandler passively responded to any DragEvent,

could either change the implementation of ToggleSwitchEventHandler affec=0A= ting

behavior of every toggle switch or one could subclass ToggleSwitchEventHandlerDoing the latter

, it would be necessary to much of the event:view: method, or ToggleSwitchEventHandler by putting the event:view:method in another method, that it can be used by subclasses. any case, changing a item (the kind of event a passively respon=0A= ds to) is more dif ficult than it need In order to make event handlers more parameterizable, passive event handlers should regular objects i.e. not factory objects). response to problem, most event handlers are

of GenericEventHandler.

GenericEventHandler EventHandler f

BOOL startp, handlep, id view, wall, tool, env;

g

+ passive f return [self new]; g

� shouldActivate f shouldActivate =3D YES; return self; g

� startp:_startp f start=0A= p =3D _startp; return self; g

� startp return startp; g

� (BOOL)evalstart:env f return [[startp eval:env] asBOOL]; stopp:_stopp f stopp =3D _stopp; return self; g

� stopp f return stopp; � (BOOL)evalstop:env f return [[stopp eval:env] asBOOL]; g

116 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

� handlep:_handlep handlep =3D _handlep; return self; g

� handle=0A= p f return handlep; g

� (BOOL)evalhandle=0A= :env

f return [[handlep eval:env] asBOOL]; g

� (BOOL) event:e view:v f

env =3D [[[=0A= Env new] str:"event" value:e]

str:"view" if([self evalstart:env])

f [self return YES; g

return NO;

� startOnView:v event:e f

self =3D [self copy], [[view wallview] view =3D v; wall =3D [view wallview]; tool =3D [e t= ool];

[self passiveHandler:e];

return g

� (BOOL)event:e f

if(tool nil && [e tool] !=3D tool) return =3D [[[Env new] str:"event" str:"view" value:vie=0A= w];

if([self [self activeTerminato=0A= r:e], [wall else if([self evalhandle=0A= :env])

[self else return NO;

return YES;

g

� passiveHandler:=0A= e f return self; g

� activeHandler:e f return self; g

� activeTerminator:e f return self; g

new passive is created by sending a kind of the passive

message. generic event handle=0A= r object has settable predicates startp, handlep, and stopp.

predicates are expression objects, essentially runtime representations of almost arbi= trar=0A= y

C expressions. (The Objective C interpret=0A= er built into GRANDMA is discussed in 7.7.3.) convention, these predicates are evaluated in environment where event is bound the under consideration and view is bound to a view the location of the event. Of the resul=0A= t of evaluating a predicate is a boolean value.

6.7. EVENT HANDLERS Thepassive method istypicallyoverriddenbyof GenericEventHandler

in orderto provide default values forstartp, handlep, andstopp. The predicate startp

what event=0A= s the passive handler reacts to. The class EventExpr allows easy of simple e.g. the call

startp:[[[EventExpr eventkind:PickEvent]

toolkind:MouseTool]];

the start predicate to check that the event is a of PickEvent and that the tool is a

MouseTo=0A= ol. results in the same passive event check that was hard-coded into the factory

ToggleSwitchEve=0A= ntHandler, now such a check may be easily modi=0A= fied at runtime.

The message shouldActivate the passive event handler to activate itself whenever

its startp predicate is satisfied. that it is a clone of the handler that is activated, to

the statement self =3D [self copy]it is thus possible for a single passive event activate multiple instances of itself simultaneously

. active handler responds to any message which satisfies its handlep or donep predicates. the latter case, the active event handler is

deactivated.

When the startp, handlep, or donep predicates are satisfied, the generic eve=0A= nt handler

sends itself the passiveHandler:,activeHandler: or activeTerminator: message,

respectively

. main work of subclasses of GenericEventHandler are done in these The startOnView:event: a passive handler be activated externally (i.e. of the typical way of having its startp satisfied in event:view: method). In this case, the

event parameter is usually nil. an application that wishes to force the user to type some text into a dialogue box before proceeding might activate a text handler in this manner

The pur=0A= pose of generic event handlers in GRANDMA is similar that of interactors in Garnet

91and pluggable views in Smalltalk-80 [70]. GRANDMA comes with a number generally useful gen=0A= eric event handlers, application programmers often need write their Instead, they may customize of the generic handlers by setting up the parameters suit their

purposes. only parameters generic event handler has in common are the indeed these are the ones most often modified=0A= . GRANDMA has a subsystem which allows parameters to be modified at runtime by the user .

7

6.7.9 The Drag Handler

As an example of a generic event handler

, consider = the DragHandler. When associated a view

, the DragHandler the view to be (dragged) with the mouse. If the view will result in new events being This allows the view to be used as tool, discus=0A= sed in section 6.7.7. parameterizable are the view is moved using absolute relative coordi=0A= nates, whether the view is copied and then the copy moved, and the messages are sent to move the view

. defaults are supplied all parameters.

=3D DragHandler GenericEventHand=0A= ler f

BOOL genevents, relative;

SEL whenmoved, whendone;

7

T ypically it would be the designer

, rather than the end user

, who would this facility .

118 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

BOOL int savedx, savedy;

g

+ passive f

self =3D [super [self shouldActivate];

[self startp:[[[EventExpr new] [self handlep:[[EventExpr new] [self stopp:[[EventExpr new] copyview =3D NO; genevents =3D YES; relative NO;

whenmoved =3D @selector(at::); =3D (SE=0A= L) 0;

return self;

g

/ � changing default parameters: � /

� copyviewON causes the view to be copied and then the copy to be dragged � � copyviewON f copyview =3D YES; return self; g

/ � genEventsOFF makes the handler not raise any events � /

� genEventsOFF f genevents =3D NO; return self; g

/ � r elativeON makes the handler the move:: message, r elative coor dina=0A= tes (deltas fr om the curr ent position) � /

� relativeON f relative =3D whenmoved =3D @selector(move::); g

/ � whendone: sets the message sent on the event terminates the drag � /

� whendo=0A= ne:(SEL)sel f whendone =3D sel; return self; g

/ � whenmoved: the message sent for every point in the drag � /

� whenmoved:(SEL)sel f whenmoved =3D sel; self; g

� passiveHandler:e f

l =3D [e if(relative) savedx =3D [l x], saved=0A= y =3D [l y];

else savedx =3D [view xloc]�[l x],

savedy =3D [view yloc]�[l y];

if(copyview) view =3D [view [view flas=0A= h];

6.7. EVENT HANDLERS 119

ret=0A= urn self;

g

� activeHandler:e f

int x, y;

if(relative) f

x [[e loc] x], y =3D [[e loc] [view perform:whenmo=0A= ved

with:(x � savedx) with:(y � save=0A= dy)];

savedx =3D x, savedy =3D y;

g

else f

x =3D [[e loc] x] + savedx, y =3D [[e loc] y] + [view perform:whenmoved with:x with=0A= :y];

g

[wall raise:[=0A= [e class] tool:view wall:wall time:[e time]]];

return self;

� activeTerminator:e f

[wall raise:[[e class] tool:view loc:[e wall:wall insti=0A= gator:self time:[e if(whendone) [view perform:w=0A= hendone];

return self;

g

passive factory method creates a DragHandler instance variables set to default Those parameters can be changed with the startp:, handlep, stopp:,

copyviewON, genEventsOFF, relativeON, whendone:, whenmoved: messages.

refer to comments in the above code for a description of the = func=0A= tion of these parameters.)

For example, a DragHand=0A= ler might be associated with class LabelView follows:

=3D LabelView + initialize f

[self [[[DragHandler passive]

startp:[[[EventExpr eventkind:PickEvent] toolkind:=0A= MouseTool]]

genEventsOFF]];

g

LabelView can thus be dragged around with the by clicking directly on it the start predic=0A= ate was changed to PickEvent). A LabelView will not generate events as it is

120 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

dragged since genEventsOFF was sent to the handler; thus LabelViews in general would be used as tools or items that can deposited in buckets. course, subclasses and instance=0A= s of

LabelView may have their own passive handlers to override this behavior .

a passiv=0A= e DragHandler gets an event that satisfies its sta=0A= rt predicate, the

passiveHandler: invoked. For a DragHandler, information saved, the view is copied if need be, and the view is flashed (rapidly highlighted and unh= ighl=0A= ighted)

as user Any subsequent that satisfies the stop predicate will cause the active=0A= Terminator:

method to be invoked. that satisfy the handle predicate will cause activeHandler:

to be invoked. In DragHandler, activeHand=0A= ler: moves the view (typically by sending

it the at:: with the new coordinates as arguments) then possibly raises a new event the view playing the role of tool in the Iftheviewisindeedatool,raising thiseventmight result in the GenericToolOnView being activ=0A= ated, as previously Note that the event to be raised is created by first determining the obj=0A= ect (factory) of passed event (given the default predicates, in this case the class will either be Move=0A= Event or

DropEvent), and then asking class to create a new event, which will thus be same class

as the passed event. of new event attributes are copied verbatim from the old = attr=0A= ibutes;

only the tool and instigator are cha=0A= nged. A more sophisticated DragHandler might change the event location to be at some hot spot of the view being moved, rather simpl=0A= y use the location of the passed event. simplicit=0A= y

, this was not shown here.

The activeTermi=0A= nator: also possibly raises a new event, and possibly sends view the message stored in whendone variable. As an example, whendone migh=0A= t be set to

@selector(delete) when copyview is set. the mouse button is pressed over a vie=0A= w , a

copy of the view is created. the mouse drags the copy

, and when the mouse button finally

released, the copy is Creating a new drag handler and associating it with a view view class is all that is required make view “draggable” (since every view inherits the at:: message). As shown in the chapter

GRANDMA has a facility for creating handlers and the association at runtime.

6.8 of GRA=0A= NDMA

This concludes the detailed discussion of GRANDM=0A= A. As the discussion has concentrated on features which distinguish GRANDMA from other MVC-like systems, of the system has not

been discussed. should be mentioned that the facilities described are suffi= cien=0A= tly powerful to a number of useful view controller classes. particular

, standard items such as popup menus, sliders, buttons, switches, tex=0A= t fields, and list views have all been Chapter shows how some of these are used applications.

GRANDMA ’ innovations come its input model. is a summary of the main poi=0A= nts of

the input architecture:

1. eve=0A= nts are full-blown objects. The Event hierarchy impo=0A= ses structure on events imposing device depend=0A= encies.

6.8. SUMMAR

Y OF GRANDMA 121

2. events are propagated down an active event list.

3. unhandled events with locations are automatically routed to views at locations.

4. view object may have any number of passive event handlers associated with itself, its c= lass=0A= ,

or its superclass, etc. are aut=0A= omatically routed to the appropriate handler passive event handler may be shared by many and can activate a copy of itself deal events aimed at any particular view .

Eventhandlershave predicatesthat describe theevents to wh= ichthey respond.

7. generic event handler simp=0A= lifies the creation of dynamically parameterizable event = han-

Because of the input architecture, GRAN=0A= DMA has a number of novel features. are here, and compared to other systems when appropriate=0A= .

GRANDMA can support many different input devices simultaneously

. Due to item 1 can support many different input devices in to just a single keyboard

and device needs to integrate the set of event classes it raises into

GRANDMA ’ s Event hierarch=0A= y

. flexibility is possible; for example, Sensor Frame

device might raise a single SensorFra=0A= meEvent the current set of fingers the

plane of the frame, or separate s for each finger

, the tool in this case a

SensorFrameFingerTool. of 6, it is possible to write event handlers any new device which comes By contrast, of the existing user interface toolkits have hard-wired = limi=0A= tations in the kinds

of devices they For example, most systems (the NeXT AppKit [102], the M= acin=0A= tosh

T [1], the X library [41]) a fixed structure which describes input events, cannot be easily altered. systems go so as to advocate building device into the views themselves; for example, Hypertalk event handlers ] are labeled with event

descriptors such as mou=0A= seUp and Cox’ s system [28] has views that to messages like

rightButtonDownsystems with a single controller per view [70] cannot with input events from dif ferent On the other hand, GWUIMS [118] seems to a general object classification scheme for describing in= put events.

GRANDMA supports the emulation of one dev=0A= ice with another

. GRANDMA, to get the out of each device it is necessary to have handlers which can respond to events from devi=0A= ce associated with every view that needs them. thos=0A= e event handlers are not available, is possible to write an event handler that emulates one d= evic=0A= e by another

. For example, active might catch all SensorFrameEvents and raise DragE=0A= vents whose tool

is a Mousetool in respons=0A= e. rest of the program cannot tell that it not getting mouse data; it responds as it is getting actual mouse input.

122 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

GRANDMA can handle multiple inpu=0A= t threads simultaneously

. passive acti-

copies of themselves, even views refer to the same handler can get input tan=0A= eously

. input events are simply propagated down the active event handler list, each active hand=0A= ler only handles the events it expects. a system that two mice [19] would simply have two MouseTool objects, which could easily interleave

events. Normally a passive handler would activate itself to receive input from a tool (mouse, in this case), input from the mice to be handled (even when directed at the same view). would also be possible write an event that explicitly dealt events from both mice, if that was Event-ba=0A= sed systems, such as Sassafras [54] and Squeak are also able to deal with threaded Indeed, it is GRANDMA ’ similarity to those sys=0A= tems which gives it a

similar power

. is in contrast to systems such as Smalltalk [70] wh= ere, once a is activated it loops polling for events, and thus does not allow other controllers to = rece=0A= ive

events until it is deactivated.

provides virtual tools. the general of input events, there is no require-

them only to be generated by the window manager

Eve=0A= nt handlers can raise other Many events have tools associated with them; example, mouse events

are associated with MouseTo=0A= ols. tools may themselves be views or objects. By

responding to messages such as action, a tool makes known its effect on objects whi=0A= ch it

is dragged over

. The GenericToolOnView handler

, which is associated with the class (and thus every view in the system) will han= dle the interaction when a tool which has action is dragged over an object which accepts that ac= tion=0A= . The tools are virtual, in sense they do not correspond directly to any input and they may send messages to views with whi=0A= ch they interact.

GRANDMA supports semantic feedback. Handlers like GenericToolOnView can test time if an arbitrary tool is able to operate upon an arbitrary view which it is dragged over

, a= nd

if so highlight the view and/or No specia=0A= l code is required in either the tool or the view to make this work. tool and the views upon whic=0A= h it operates often make no reference each othe=0A= r

. sole connection between the two is that one is able to send a message that other able to Of course, the default may be easily overridden. tool can make into the view and its model in to decide if it does indeed wish to operate upon view .

Event handling in GRANDMA is both and efficient. generality comes from the event

where, if no other active handler handl=0A= es an event, the XYEventHandler query views at the location of the event. views consul=0A= t their own list of passive

handlers, which potentially may handle many different kinds of There is efficiency in that a passive event handler may be shared by many views, the overhead of a controller object per . is time efficiency

, in that once handler handles an event, it may itself, after which it receives events immediately without going through the elaborate dispatch of the XYEve=0A= ntHandler.

6.8. SUMMAR

Y OF GRANDMA 123

[52] has a priority list of dispatch agents tha=0A= t is similar to GRANDMA ’ s active hand=0A= ler list. Such agents receive low-level events (e.g. from the window manager), and

translate them into higher level events to be by interactor objects (which

seem to be agents register the high-level events in which they are Artkit’ s architecture is so similar to GRANDMA ’ that it is difficult to precise=0A= ly characterize

the difference. events in Artkit play a role similar to both that messages a view may receive and events a view’ s passive event handlers expect. the registering is implicit; because of the Objective=0A= -C runtime implementation, the understood a given object need not be specified explicitly or l= imit=0A= ed to a small set. one object may another if it recognizes a given message before it.

of the translation from low-level high-level events, it does not seem that can, for example, emulate one device with another

In part=0A= icular

, it does not seem possible translate low=0A= -levelevents from one device intothose of another

GRANDMA does not make

distinction between low-=0A= level and high-level events. GRANDMA distinguishes

events and messages; events are down the active event handler list; by an event handler

, the handler may raise new and/or send messages to or their models.

GRANDMA supports gestures. GRANDMA ’ gener=0A= al input mechanism had the major design being able to support gestural input. will be see=0A= n in the next chapter

, the gestures recognize=0A= d by GestureEventHandlers; collect mouse (or other) events, a set of gestures they recognize depending on the views at the initial p= oint of the and once recognized, can the gesture into messages to models or views, or new

Artkit also handles gestural input=0A= , and, somewhat like GRANDMA, has gesture event which capture low-level events and produce events. The designers claim that of its object-oriented structure, can use a number dif ferent gesture algorithms, and tailor the recognizer to the application, or even of the The same is true for GRANDMA, of course, though the intention was that the described in the first half of the thesis are of = suf ficient generality and accuracy that recogniti=0A= on algorithms are not typically Artkit’ claim that many recognizers can used like an excuse not to provide any. the driving forces behind the work is belief that gesture recognizers are suf ficiently dif= fi=0A= cult to build that requiring

to hand code such recognizers for each gesture set a major that hardly any applications use ges=0A= tures. it is necessary to provide a recognizer in order for gesture-based interfa=0A= ces to be explored. How such a recognizer into an object-oriented toolkit is the of the next chapter

Of course, GRANDMA does hav=0A= e its disadvantages. other MVC systems, GRANDMA

a multitude of classes, and the needs to be familiar with most of them before can decide how to best implement his particular The elaborate input architecture the pro=0A= blem: large number of possible combinations of vie=0A= ws, event handlers, and tools must be

124 CHAPTER 6. ARCHITECTURE DIRECT MANIPULA

TION

considered by the programmer of a new interaction technique. GRANDMA does nothing

solving a common problem faced when any MVC system: deciding what functionality

into a view and what goes into a model. problem is that even though the between event handlers and views is meant to be very general event handlers are with arbitrary selectors to use when communicating with the view), practice the are written with the intention that they will communicate with particular event handlers, that it not really right to claim that specific=0A= s of input have truly been factored out of views.

Chapter 7

Gestur in GRANDMA

chapter discusses how recognition may be incorporated into systems for gesture

direct manipulation interfaces. particular the design and implementation of gesture handlers GRANDMA is shown. though the emphasis is on the GRANDMA system, the methods intended to be gen=0A= erally applicable to any object-oriented user interface con= stru=0A= ction tool.

7.1 A Note on T beginning the discussion, some explanation is need=0A= ed to help avoid confusion between

discussed in Section

6.4, it is important not to the view hierarchy , which the tree by the subview relationship, and the view class , which is the determined by the relationship. GRANDMA, the view hierarchy has a WallView

(corresponding to an X at its root, while the view class hierarchy has the = clas=0A= s View

at its Another ambiguous term is “class.” Usually the is used in the sense, and to the type

(loosely speaking) of the , the term “gesture class” refers

result of the gesture recognition process. words, a gesture recognizer (also as a gestu=0A= re classifier) discriminates between gesture For example, consider a recognizer able to discriminate between the written digits 0, 1, 2, 3, 5, 6, 7, 8, and 9. In example, digit represents a class; presumably

, the recognizer trained using a number examples of each T o make matters more confusing, in GRANDMA there is a class (in the object-oriented namedGesture; object of this class represents particular gesture instance, i.e. the list pointswhichmake upa singlegesture. is also a class named GestureClass; objects thi=0A= s class refer to individual gesture classes; for a digit recognizer would reference difGestureClass Sometimes the term “gesture=0A= ” is used to refer to an entire gesture class; times it to a single instance of gesture.example,whenitissaid arecognizerdiscriminates betweenset ofgestures, what is meantis that therecognizer discriminates betweenaset of gesture

Conversely , “the user enters a refers to a particular instance. In all cases which fo= llow , the

126 CHAPTER 7. IN GRANDMA

intent should be obvious from the contex=0A= t.

7.2 Gestures in MVC systems

discussed in Chapters 2 and 6, object-oriented user inte= rfac=0A= e systems typically consist of models

objects), views (responsible for displaying the state models on the screen), and

for responding to input by sending messages to views models). T

Model/V iew/Controller systems, such as that in Smalltalk[70], have a view object and c= ontr=0A= oller

for each model object to displayed the This section describes how gestures integrated into GRANDMA, providing an example gestures might be integrated into other MVC-based systems.=

7.2.1 Gesturand the V iew Class chy

Central to all the variations of object-oriented user interface tools is the View class. all systems, view objects handle the display of mod=0A= els. the notion of views is central to all

user interface tools, views provide focal point for adding gestures to such Simpl=0A= y stated, the idea for integrating gestures into man=0A= ipulation interfaces is this: view r to a particular set of gestur es. , it seems obvious that, for example, should be controlled by a different set of tha=0A= n a dial. The ability to simply and spe=0A= cify a set of gestures and their associated semantics, = and to easily associate the set of with particu=0A= lar views, was the primary design goal in adding to Of course, it is unlikely that view will respond to a distinct set of general, user will expect similar views to respon=0A= d to similar sets of gestures. Fortunately object-=0A= oriented user

already have the concept of similarity built into the view class hierarchy particular it usually makes the most sense all view objects of the same class to respond to same set gestures.

Similarly , it is appealing for a view subclass to respond to all the = gest=0A= ures of parent class, while possibly to some new gestures specific to the The above intuitions essentially apply the notions of ide=0A= ntity and inheritance[121 ] (in object-oriented sen=0A= se) to gestures. is seen that gestures are analog=0A= ous to messages. All objects a given respond to the same set of messages, just as they re= spon=0A= d to the same set of An object in subclass inherits methods from its superclass; similarly s= uch an object should respond

all gestures to which its superclass responds. the analogy

, subclass may existing methods or add new met=0A= hods not understood by its superclass; similarly subclass override

(the interpretation of) existing gestures, or recognize additional gestures. object-

languages allow a subclass to disable certa=0A= in messages understood by its superclass is not common), and analogously it is that a subclass may wish to disable a gesture recognized by its Given the close paralle=0A= l between gesture classes and messages, one possible to gesture semantics would be for each kind of view to implement a method for each gesture it

expects. an input gesture would res=0A= ult in its class’ s particular message to be sent view

, which implements it as it sees fit.subclassinherits themethodsofitssuperclass,may

7.2. GESTURES IN MVC SYSTEMS 127

override some of these methods. in scheme a subclass understands all the gestures its superclass understands, but may change the interpretat= ion of some of these This close of gestures and messages was not done in GRANDMA it was felt to

be too constricting. Objective C all methods have to be specified at comp= ile time, new gesture classes would require progra=0A= m recompilations. it is quite easy to add classes at runtime, it would be if such additions required recompilations. of the

of GRANDMA is to permit the rapid explorati=0A= on of different gestures sets and their forcing recompilations would make the whole system much = more tedious to use for experimentation.

solution adopted was to have a small interpreter int=0A= o GRANDMA. A of interpreted code is associated with each gesture class; this code is executed when gesture is

recognized. the code is interpr=0A= eted, it is straightforward to add new code at the a class is specified, as well as to existing code, all at runtime. at first glance an interpreter into GRANDMA seems quite dif ficult and expensive, Objective C makes the simple, as explained in Section 7.7.3.

Gestures and the V iew T ree

a number of views being displayed in a window

In GRANDMA, as in many other a mouse button while pointing at a particular view (u= sual=0A= ly) directs input at that view

. words, the view that gets input is usually determined the time of the initial button Due to the view tree, views may overlap on the screen, and the initial mouse location may at a of views simultaneously . T the views are queried in order

, from foremost to determine which one gets to handle the A similar approach may be taken for gestures. =0A= first point of the gesture determines the at which the gesture might be directed. However determining which of the overlapping views is target of the gesture is usually impossible when the first point has been seen. is desirable is that the entire gesture be collected befo=0A= re the determination is Consider a simplificat=0A= ion of GDP The wall view , behind all other vie=0A= ws, has a set of for creating graphic obj=0A= ects. straight stroke “-” gesture creates a lin=0A= e, and an “L

” gesture creates rectang=0A= le. graphic object views respond to a different set of gestures; an “X” deletes a object, while a “C” copies a graphic a gesture is made over

, say

, an existing rectangl= e=0A= ,

is not immediately clear whether it is dir=0A= ected at the rectangle itself or at the It

depends on the gesture: “X” is dire=0A= cted at the existing rectangle, an “L

” at the = wall view

. Clearly

determination cannot be mad=0A= e when just the first point of the gesture has seen.

Actually this is not quite is conceivable that the graphic object views handle

themselves that normally would directed at the wall view

. is some practical value

in this. example, creating a graphic object over an existing one might include up

the vertices of the two However

,whileit isnicetohavetheoption, ingeneralseems badideatoforceeachviewto explicitly handle anygestures thatmight bedirectedatanyit

Chapter 3 addressed the of classifying a gesture as one of a given set of = gest=0A= ure classes.

is seen here that this set gestures is not necessarily the set associated with a = sing=0A= le view , instead is the union of sets recognized by all views under the initial

There are some

128 CHAPTER 7. IN GRANDMA

dif ficulties involved doing this. would in general be quite ineffici=0A= ent to have to

a classifier for possible union of view gestures sets. However is necessary classifiers be constructed for unions which do occur

. current implementation constructs a classifier for a given set gesture classes the first time the set appears; cla=0A= ssifier is

then cached for future It possible that more than one view under the initial responds to a given gesture In these preference is given to the topmost view

. result is a kind of dynamic scoping.

Similarly way a subclass can override a gesture class by its superclass may be

a kind of static scoping.

7.3 GRANDMA Gesture Subsystem

In GRANDMA, gestural input is handled by objects class GestureEventHandler. Class

GestureEventHand=0A= ler, a subclass of GenericEventHandleris easily the most complex

handler in GRANDMA system. addition to the five hundred line=0A= s of code which

implement its various meth=0A= ods, GestureEventHandler the sole user of other

GRANDMA subsystems. include the gesture classification subsystem, the interface the user to modify gesture handlers (by

, for adding new gesture classes) at the Objective C interpreter used for gesture semantics and its int=0A= erface, as well as some classes

(e.g. GestureE=0A= vent, TimeoutEvent) used solely by the handler

Before getting into details, an of GRANDMA ’ various gesture-related components is

presented. 7.1 shows the relations objects and classes associated with gestures GRANDMA=0A= . The main focus is the GestureEventHandlerLike all event handlers, when vated it has a view object, which itself has a model and a wall view .

1

A GestureEventHandler

uses the wall view to activate itself, raise GestureEvents, set up timeouts and their handlers, the gesture as it is being Associated a gesture event handler is a set of SemClass objects=0A= . A SemClass groups together a gestur=0A= e class object (class GestureClass) with three expre=0A= ssions (subclasses

of Expr). The GestureC=0A= lass represent the particular gesture classes reco=0A= gnized directly

by this event handler

. three expressions comprise the semantics associated with the ge= stur=0A= e class

by this event handler

. expression is evaluated when the gesture is recognized, = the on each subsequent input event handled by the gesture handler after recognition (the pha=0A= se, see Section 1.1), and the third when the manipulat= ion phase ends.

Associated with each GestureClass obj=0A= ect is a set of Gesture objects. examples of gestures in the class and are used in the training of classifiers that recognize class. A GestureClass object contains aggregate info=0A= rmation about its examples, such as estimated mean vector and covariance matrix of the examples’ bot=0A= h of which are used the construction of classi=0A= fiers.

When a GestureEventHandler determineswhichgestureclassesitmustdiscriminate

(accordingtotherulesdescribedintheprevioussecti= on)=0A= ,itaskstheClassifier class

1

that a wall view is the root the view tree and represents a window on the

7.3. THE GRANDMA GESTURE SUBSYSTEM 129

Figure 7.1: GRANDMA ’ gesture subsystem

A passive

GestureEventHandler is asso=0A= ciated with a view or view class that expectsOnce gestural input begins, the handler activated and refers dir ectly to the view at the gesture dir ected, as shown in the =0A= figur e. The ImmediatePicture object is used for the inking of the gestur e. The

uses a timeout mechanism to indicate when to change fr the collection to manipulation state. A

SemClass object exists for each gestur e expected by the hand= =0A= ler

, with each SemClass object associating a

gestur e class with its semantics. Each Gest=0A= ureClass object is described by a set of example Gest=0A= ureand there ar e view objects for each of the examples (SmallGestureView) as well for the class as

a whole (GestureClassView, SmallGestureClassView) which allow these to be dis=0A= played and

edited. gestur e semantics e r epresented by Expr objects, and may be edited in the InterpView

window .

130 CHAPTER 7. IN GRANDMA

for a classifier object capable of doi=0A= ng this discrimination. such a classifier will exist; in this case, the existing classifier is simply returned. is possible that one of the gesture

in the set has changed; in case the existing classifier has to be retrained (i.e. recalculated).

Occasionally this set gesture classes has never been seen before; in this a new classifier created for this set, returned, and cached for future The components to the gesture event handler through are concerned with enabling the user to and alter various facets of the event handler for starting, handling, and stopping the coll=0A= ection of gesture input may be altered by the user In

gesture classes may be created, deleted, or copied from other gesture event handlers. examples of a given class may be examined, and individ= ual examples may be added or Finally

, the sem=0A= antics associated with a given gesture class may be alt= ered through the interface the Objective C .

7.4 Gesture Event Handlers

The det=0A= ails of the class GestureEventHandler now descr=0A= ibed, beginning with its instance

variables.

static BOOL masterSwitch =3D =3D GestureEventHandle=0A= r : GenericEventHandler f

name;

id gesture;

id id classes;

id env;

int timeval;

timeou=0A= teh;

short lastx, lasty;

sclass;

struct gassoc f id sclass, view; g �gassoc;

int ngassocs;

class_set;

BOOL manip_phase;

BOOL ignoring;

id mousetool;

g

masterSwitch, settable via the masterSwitch: factory method, enables and all gesture hand=0A= lers in an application. provides a simple for an application to two interfaces, one ges=0A= ture-based, the other not. gesture handler ignore all events when

masterSwitch is NO. It will be as if the application had no gesture = even=0A= t handlers. T ypically

, remaining event han=0A= dlers would provide a more traditional click and drag i= nter=0A= face to the application.

7.4. GESTURE EVENT HANDLERS 131 particular handler can be turned off by its ignoring instance variable via the

ignore: message. can thus be used to compare, , two completely different tural to a given application, switching between them at by turning the handlers on and off.

The instance variable name is the name of gesture handler

. handler is named so that it be saved, along with its gesture classes, their sem=0A= antics and examples, in a file. is necessary to avoid having the user enter examples each gesture class each time an application start=0A= ed. The name is passed to the passive: method which creates a passive gesture handler:

GestureEventHandler ...

+ passive:(STR)_name FILE �f;

self =3D [super classes =3D [OrdCltn new];

[self [self startp:[[[EventExpr new] [self handlep:[[EventExpr new] [self stopp:[[EventExpr new] eventkind:DropEvent]]=0A= ;

[self timeval =3D DefaultTimeval;

classify =3D if((f =3D [self openfile:"r"]=0A= ) !=3D NULL) [self read:f];

return g

typical gesture handler activates in response to mouse PickEvents, handles mouse events, and deactivates itself when mouse button is released. Of course, kind of generic event handler

, this default behavior = can be easily overridden, as was done to the

DragEv=0A= entHandler discussed in Section By default, the gesture event handler plans to classify any directed at it (classify =3D

YESThis is changed in those gesture event handlers that c= olle=0A= ct gestures for training other event handlers.

The default timeval is 200, meaning 200 millis=0A= econds, or two tenths of a second. This the duration that mouse input must cease (the mouse m= ust remain still) for the end of a gesture recognized. user may change the default, thus fecting every gesture event handler

. interval may also be changed on a per handler a feature useful mainly for the feel dif ferent intervals.

an event the handler ’ s start predicate, the handler its=0A= elf, and its

passiveHandler is =3D GestureEventHandler ...

� passiveHandler:e f

gesture =3D [[Gesture new] newevent:e];

132 CHAPTER 7. IN GRANDMA

=3D [ImmediatePicture create];

[view _hang:picture lastx =3D [[e loc] x]; lasty =3D [[e loc] y];

env =3D [Env [en=0A= v str:"gesture" [env str:"startEvent" value=0A= :[e [env str:"currentEvent" value:[e copy]];

[env str:"handler" manip_phase =3D NO;

timeouteh =3D [[TimeoutEventHandler rec:self sel=0A= :@selector(timedout:)];

[wall [wall timeout:timeval];

if(classify) f

cla=0A= ss_set =3D [Set gassoc =3D (struct gassoc �)

malloc(MAXCLASSES � sizeof(struct gass=0A= oc));

ngassocs =3D 0;

[[wall raise:[GestureEvent instigator:self env:[[Env new] str:"event" value:e]]];

g

return self;

g

passive handler allocates a new Gesture object which will be sent the input events they

arrive. initial event is sent immediatel=0A= y .

The picture allows the gesture handler ink the gesture on the display as it is being to

Class ImmediatePicture used for pictures whi=0A= ch are displayed as they are drawn, rather the normal HangingPicture which requires to be completed before they can be

The env variable holds the environment in which the gestu=0A= re semantics will be W ithin this environmen=0A= t, the interpreter variables gesture, startEvent, currentEvent,

and handler are appropriately (see Section 7.7.1).

The boolean mani=0A= p_phase is true if and only if the entire gesture has been collected and handler is now in the manip=0A= ulation phase (see Section 1.1).

A TimeoutEventHandl=0A= er is created and activated. When a TimeoutEv=0A= ent is received

the handler

, the will send an arbitrary message (with the timeout as a param-

eter) to an arbitrary the current case, the timedout: is to the active

GestureEventHandler. retro=0A= spect, the general functionality of the

TimeoutEv=0A= entHandler is not needed here; the GestureEventHandle=0A= r could itself easily

receive and process TimeoutEvents directly

, without the overhead of a TimeoutEventHandler.

7.4. GESTURE EVENT HANDLERS 133

The code [wall timeout:timeval] causes the wall to raise a TimeoutEvent if has been no input to the wall in timeval milliseconds. A timev=0A= al of zero disables the raising of

TimeoutEvents. previously mentioned, a gesture is complete even if the button is held as long as the mouse has not been moved in milliseconds. The

TimeoutEvent to implement this behavior

If the gesture collected is intended to be classified, the set of p= ossi=0A= ble gesture classes must

be constructed, and a Set object is allocated for this purpose. Section 7.2.2 that may be multiple views the location of the start gesture each of which certain gestures. An

array of gassoc structures is allocated to associate each of the possible classes expected

with its corresponding view

GestureEvent is then raised, with the instigator the gesture handler

, and having the current event as an additional field.

Raising the Gestur=0A= eEvent the search for the possible gesture cla=0A= sses given the initial

event. from Section=0A= s 7.2.1 and 7.2.2 that each view under the initial po= int is considered from

to bottom, and for view

, the gestures associated directly with the view = itse=0A= lf, and its class and superclasses, are in order

. that this is exactly the same sear=0A= ch as that used to find passive handlers for events that no active handler wants Sec=0A= tion

6.7). The GestureEvent, by the same passive event handler mechanism, will be

propagated to other GestureEventHandlerinthecorrect order

. passive gesture that would have handled the initial event sends message to the gesture handler which raised GestureEvent the set of gesture classes recognizes and the view with which it Note that only views under the first point of the gesture are queried. case where a is more naturally expressed by not beginning on view at which it is targeted is not handled GRANDMA. For example, it would be desirable for a turning gesture to go around the rather than directly over it. GRANMDA either the knob area would have to be larger the actual knob graphic to insure that the starting point of the gest= ure is over the knob view

, or background that includes the knob as a subview must handle the = knob=0A= -turning gesture. In latter case, the gestur=0A= e semantics are complicated because the background view n= eeds to determine at which knob, if any the gesture is directed. Henry al. [52also notes the and suggests that one gestu=0A= re handler might hand off a gesture in progress ano=0A= ther handler if it

that the initial poi=0A= nt of the gesture was misleading, but exactly how a determination

would be made is unclear

=3D GestureEventHandler ...

� view:v f

if((classify && masterSwitch=3D=3DNO) jj ignoring=3D=3DYES)

return if( [e isKin=0A= dOf:GestureEvent] ) f

&& [self evalstart:[[e env] str:"view" value:v] [e instigator] classes:classes view:v return NO;

g

134 CHAPTER 7. IN GRANDMA

return [super event:e g

The GestureEventHandler overrides GenericEventHandler’ s event:view:

method to che=0A= ck directly for GestureEvents. check for GestureEvents could been included in default start predicate, but this would require whi=0A= ch modify start predicate to always include a check, an unnecessary complication.) the state of

the masterSwitch and ignoring switches is checked, so that this handler will not operate explicitly turned off. (The reason classify checked is to allow gesture handlers which do classify gestures, i.e. those used to collect examples for training purposes, to operate gestures are disabled throughout the When GestureEvent is seen, the handler checks that it indeed classifies gestures and that would itself handled the start event (see Section 6.7.8). env=0A= ironment used for the start predicate is con=0A= structed so that "event" and "view" are bound to what they would have

had the handler actually been asked to handle the initial event. the hand=0A= ler would handled the event, the set of gesture classes associated with the handler

, as well as view

, are

to the handler which instigated the GestureEventNote that no special is needed for the handler which actually raised the Ges=0A= tureEventThis handler will be the first receive and respond to the GestureEventit will then

propagate to any other The propagation occurs simply because the method returns NO, as if it did not the event at all.

GestureEventHandler ...

� classes:gesture_classes view:v id c, seq =3D [gesture_classes c =3D [seq next] ) f

if([class_set addNTest:c]=0A= ) f /

� added new element? � /

gassoc[ngassocs].sclass =3D gassoc[ng=0A= assocs].view =3D v;

ngassocs++;

g

return self;

g

gestur=0A= e handler that could have handled the initial event the gesture handler that handle the initial event the classes:view: message. latter handler then adds each gesture

class to its class_setIf the gesture class was not previously is associated with the

passed view via the gassoc array

. membership test assures that when a giv=0A= en gesture class expected by more than one (at the initial point), the topmost view will be ass= ocia=0A= ted with the

gesture By the time GestureEvent has finished propagating, the class_set variable of instigator will have as the gesture classes (SemClass objects, actually) that are valid

given the initial event. The gassoc variable of the instigator will associate each such ge= st=0A= ure with the view that will be affected if the gesture being entered turns out to be that

7.4. GESTURE EVENT HANDLERS 135 search for the set of valid gesture classes be relatively expensive, especially if there significant number of views under the initial event each view has a number of event associated with it. substantial fraction of a second consume=0A= d by the search had an interaction the lower level window manager interface that resulted an increase in recognition

errors. the low-level window manager software returns only the l= ates=0A= t mouse discarding any intermediate mouse events that occurred since it was last queried. interval

the first and second point the gesture was often many times larger than the in= terv=0A= al

between subsequent pairs of More importan=0A= tly it was much larger than that of the firs=0A= t second points of the gesture examples to train the classifier

. at the of gestures

be lost, and some features, suc=0A= h as the initial angle, would be significantly diffe= rent=0A= . The

delay in sampling the point of the gesture thus caused the classifier perfor= manc=0A= e

to There are a number of possible solutions to this problem. window manager could set to not discard intermediate mouse event=0A= s, thus resulting in similar data in the actual and t= rain=0A= ing

gestures. would result in a laradditional number of mouse events, and a corresponding increase in processing costs, making the system appear = slug=0A= gish to the user if events could not processed as fast as they arrived. Orthe search for gest=0A= ure classes could be postponed until the gestu=0A= re was collected. would result in a delay after the gesture was again the system appear sluggish to the user

. solutio=0A= n finally adopted was to poll window during the raising of GestureEvents. interest of clarity

, the code in

and EventHandlerList did the polling was not shown.) After this

modification, running Ges=0A= tureEventHandlers input events at the rate as the

GestureEventHandlers training, improving recognition performance .

polling resulted in new mouse events being raise=0A= d before the GestureEvent was propagated. result was a kind of pseudo-multi-thread=0A= ed operation, with many of the

which arise when concurrency is a possibility

. Ges=0A= tureEventHandlers complicated somewhat, for example, they had to explicitly deal with the poss= ibil=0A= ity the end of the gesture might be before the set of possible gesture classes was calculate= d.

Also, the event handling methods for GestureEven=0A= tHandlers had to be made reentrant. have been omitted from the code shown here, since they tend to make the much difficult to The end of a is indicated either by a timeout event (resulting in timedout: message

being sent to the GestureE=0A= ventHandler), by the stop predicate being satis=0A= fied (resulting

in the activeTerminator: messa=0A= ge being sent to the handler). third alternativ=0A= e, eager

(Chapter 4), has not been integrated into the GRANDMA gesture handler

, has been tested in non-GRANDMA applications (see Section 9.2).

=3D GestureEventHandler � timedout:e f if( ! gesture:gesture] )

[self deactivate]; return nil; activeTerminator:e f

[env str:"currentEvent" value:=0A= [e copy]];

136 CHAPTER 7. IN GRANDMA

if(! [self gesture:gest=0A= ure];

return self;

g

result in the gesture: being sent the gesture has been completely

collected. gesture: message returns nil if the gesture has no semantics to be during the phase. This is checked by the timedout: method, and in this the handler simply itself immediately

. is typically used by gesture classes whose

semantics change the tool (e.g. a delete gesture that changes mouse cursor a delete tool); a timeout deactivates the gesture handler immediately

, allowing the mouse as a tool as long as the mouse button is held.

The GenericEventHandler arranges for the deactivate message to be sent diately after the activeTerminator: message, is no need for the

activeTerminator: to explicitly send deactivate. is so that the semantic expression in the deactivate method executes in the environment. The gesture: is called the handler is still in the gesture collection e.g. if the gesture end was indicated by the mouse button rather than a timeout.

=3D Ges=0A= tureEventHandler ...

� deactivate id r;

if(manip_phase && eval([sclass done_expr], env, TypeId, return [super deactivat=0A= e];

g

The gesture: set=0A= s the sclass field to the SemClass object the recognized

gesture. The done expr ession, the last of three semantic expressions, is imm=0A= ediately

the gesture handler is deactivated.

=3D GestureEventHandler ...

� (BOOL)ev=0A= ent:e f return ignoring ? : [super g

� activeHandler:e f / new mouse point � /

str:"currentEven=0A= t" value:[e copy]];

if( manip_phase) f id r; /

� in manipulation phase � /

eval([sclass manip_expr], env, TypeId, &r)=0A= ;

g

else f / still in collection phase � /

x [e [loc x]], y =3D [e [loc

[gesture newevent:e=0A= ]; /

� update featur e vector � /

[view [picture :lasty :x :y]]; /

� ink � / lastx =3D x; lasty =3D y;

g

self;

7.4. GESTURE EVENT HANDLERS 137 g

Once activated, the GestureEventHandler functions just like any other

GenericEventHan=0A= dler that it will not handle any events if its ignoring flag is

set. active event handler does dif ferent things depending on whether gesture handler is the collection phase or manipulation phase. the former case, the event location added to the gesture, and a line connecting the previous location to the current one drawn on the

display

. the latter case, the manipulation expr ession associated with the gestur=0A= e (the second the three semantic is evaluated.

=3D GestureEventHandler � gesture:g f /

� called when gest=0A= ur e collection phase in complete � doub=0A= le a, d;

id r;

id regist=0A= er struct gassoc �ga;

id c, id curevent;

manip_phase =3D [wall timeout:=0A= 0]; [wall [view /

� erase inking � [picture discard]; picture =3D nil;

/ � inform inter ested views (only used in a training � /

respondsTo:@selector(gesture:)])

[view gesture:g];

if(classify) /

� find a classifier for the set; eate it if necessary � /

[Classifier lookupOrCreate:class_set];

/ run the classifier on the featur e vector of the c= olle=0A= cted gestur e � /

=3D classify:[g fv]

ambigprob:&a sclass =3Dnil;

if(class =3D=3Dniljj a<AmbigProb jjd>MaxDist)

return [self � r ejected � /

/ find the class of the gestur e in the gassoc � /

=3D gassoc; ga < &gassoc[ngassoc=0A= s]; ga++)

if([ga�>sclass gclass] class)

if(ga =3D=3D &gassoc[ngassocs])

return [self error:"gassocs?"];

138 CHAPTER 7. IN GRANDMA

/ � the gassoc entry giv=0A= es the both the view at which the gestur e � /

/ � is dir ected and the semantic expressions of the gestur e � sclass =3D ga�[env str:"view" �>view];

[env value:curevent=0A= =3D[env eval([sclass recog_expr], env, TypeId, if((c =3D [sclass manip_expr]) !=3D nil &&

[c val] !=3D eval(c, env, &r);

else f /

� raise � /

if(curevent) f

ignoring YES;

if(mousetool) [curevent [wall raise:curevent];

g

if( (c =3D [scl=0A= ass done_expr]) =3D=3D nil

jj [c val] =3D=3D nil)

return nil;

g

g

self;

g

The gesture: is called when the entire gesture has been It sets the variable

manip_phase to the handler is now in the manipulation phase of the = gest=0A= ural input deactivates the timeout event handler

, and erases the gesture from the display the view associated

the handler responds to gesture: is sent that message, with the collecte=0A= d gesture as

argument. is the mechanism by which example gestures are collected during one

collects the gesture, sends its view (typi=0A= cally a kind of WallView devoted to training) the

example gesture, which adds it to the being In the typical case, the is to be classified. The Classifier factory meth=0A= od named

lookupOrCreate: called to a gesture classifier which discriminated between find

of the class_set. no such is found, this method calculates one and caches it for=

future use. lookup and creation could possi=0A= bly have been done in the pseudo-thread that spa=0A= wned during the first point of the gesture, but not=0A= , since most of the time the lookup finds classifier in the cache, and it was not worth the = addi=0A= tional complication and loss of modularity to poll=0A= ing to the classifier creation code.) classifier is then used to classify the In addition to the class, the probability that the cla= ssi=0A= fication was ambiguous and the distance the examp=0A= le gesture to the mean of the calculated class are re= turn=0A= ed. These are compared against

to che=0A= ck for possible rejection of the gesture (see Section = 3.6=0A= ).

7.5. CLASSIFICATION AND TRAINING 139

The elements of the gassoc are searched to find the one whose gesture class the class

returned by the classifier determines both the semantics of the recognized gesture = and the view

which the gesture was The sclass field is set to the SemClass obj=0A= ect with the recognized gesture, and the r ecognition expr ession, the first of three expressions, is evaluated in an environ=0A= ment in which "startEvent", "endEvent=0A= " and "view" are all appropriately If it exists, the manipulation expression is evaluated i= mmed=0A= iately after evaluating the recognition

there is no manipulation expression, the current event is reraised on the that its tool wish to operate on a view

. The ignoring flag is set so that the active handler not attemp=0A= t to handle the event it is about to Furthermor=0A= e, the semantics of the gesture have the current mouse tool. so, the tool field the current event would be incorrect, is changed to the new tool before the event is raised. ord=0A= er for this to work, any gesture that wis=0A= h to change the current mouse tool must do so by se= ndin=0A= g the mousetool: message the gesture han=0A= dler instead of directly to the wallview .

GestureEventHandler ...

� mousetool:_mousetool f

mousetool =3D return [super mou=0A= setool:_mousetool];

g

The gesture: method returns nil if there are no manipulation or done semantics associated

the recognized gestu=0A= re class. seen, this is a signal for the handler to be deactivated

after the is recognized.

7.5 Gesturand T raining

In this section the of classes which support the gesture classification training

algorithms of Chapter 3 is At the lowest level is the class GestureGesture object represents a single a gesture. objects are created and by GestureEventHandlers, both

normal gesture recognition that occurs when an is being used, and during specification gesture classes when training classifiers.

Class Gesture

Internally

, a gesture is an array of points, each consisting of an x, y and time coordinate.

instance variable the GestureClass object of this example gesture, is non-nil

this example was specified during training. values used in the calcul=0A= ation of the

example’ feature vector

, as well as the feature vector itself, are also an arbitrary of text may be associated with a Gesture For brevity

, detailed listi=0A= ng of the code for the Gesture class is The interesting namely the feature calculation, has already been specified in detail in C= hapt=0A= er 3 and C code is

140 CHAPTER 7. IN GRANDMA

shown in Appendix A. of lis=0A= ting more code here, an explanation of each message Gest=0A= ure

objects respond to is A new gestur=0A= e is allocated and initialized via =3D [Gesture new]. Adding a point to a

Gesture objects is done by sending it the newevent message: [g new=0A= event:e], simply results in the call: [g x:[[e loc] x] y:[[e loc] y] t:[e time]]The

x:y:t: adds the new point the list of points, and incrementally calculates the ious components of the feature vector (see Section 3.3= =0A= ). The call [g fv] returns the calculated

feature vector

. The methods class:, class, text:, and text respectively set and get the class

and text instance variables.

A Gest=0A= ure object can dump itself to a file via save:f] (given a file stream pointer *fand can also initialize itself from a dump using [g read:f]. Using save:, of gesture objects may dump themselves sequential=0A= ly into a single file, and could then be read a one at a time using read:. examples a given gesture class are stored in a single file = via these

methods.

The call returns a boolean value indicating if the gesture g, when by connecting its last point to first point, contains the point (x,y)is useful for for example, if a given view has been encircled by the gesture, enabling the to indicate the

scope of a command. algor=0A= ithm for testing if a point is within a given is described at

the end of section 7.5.2 Class GestureClass

The class GestureCl=0A= ass represents a gesture class. gesture class simply a set of gestures, presumably that are to be considered the same for the purposes classification.

input to the gesture classifie=0A= r training method is a set of GestureClass the result of

classifying a gesture is a GestureCl=0A= ass object.

=3D GestureClass: f

id examples;

Vector average;

Matrix sumcov;

int text;

g

GestureClass a subclass of NamedModel, itself a subclass of Model.GestureClass

is a model so that it can views, enabling new gesture classes to be created and = mani=0A= pulated

atruntime. Please do not confuse Gestu=0A= reClass with GestureEventHandler GestureClass serves only to represent a class of gestur=0A= es, and itself handles no input. A

augments the capabilities of a Model by adding funct=0A= ions that facilitate reading and

the to a file. models read this way are cached, so that a model asked to input more than once is only read once. is important for class objects, since a single

GestureClass may be a constituent of many different and it is necessary every classifier a particular class refer to the same GestureClass obje=0A= ct.

7.5. CLASSIFICATION AND TRAINING 141

The GestureClass instance variable examples is a Set of examples which make up the

class. The field sum is the vector that the sum of all feature vectors of every example in = the class;

average is sum divided by the numb=0A= er of examples. covariance matrix for this may be

found by dividing the matrix sumcov by one less than the number of examples. of classifiers is slightly more efficient given sumcov matrices, rather than covariance matrices, as

input (see Chapter 3). code to calculate the sumcov matrices incrementally is shown in Appendix

A.

The state instance variable is a set bit fields indicating whether the average and sumco=0A= v

variables are up to date. The text field allows an arbitrary text string to be with a gesture

class.

The addExample: method adds a Gesture to the set of examples the gesture class, incre-

mentally updating the sum field. The removeExample: the passed Gesture

from the class, updating sum accordingly

. The examples method the set of examples

of this class, average ret=0A= urns the estimated mean of the feature vector of all = the examples in

this class, nexamples returns number of examples, and sumcov returns the unnormalized

estimated covariance matrix.

ClassGestureSemClass

=3D NamedModelf

id gclass;

id done;

g

GestureSemClass are named models, enabling them to be referred to by for reading or writing to disk, and for being automa=0A= tically cached when read. The purpose of

Gest=0A= ureSemClass is to associate a given gesture cla=0A= ss with a set of semantics. It to have a separate class for this because a given Ges=0A= tureClass may have more one set of semant=0A= ics associated with it.

addition to for setting and getting each field, there are for reading and

writing GestureSemClass objects to disk. GestureSemClass Objective s Filer

class to read and write each of the three semantic expressions (recog, manip, and done). The

of Filer is another advantage of using Objective C ]. In a typical interpreter a amount of coding would be required to read and the intermediate tree form the program to and from disk files. The Filer, which allows the writ=0A= ing to and from disk of object (at those having no C pointers besides strings and ids as instance variables), made it

save interpreter expressions to disk.

the semantics, the disk file of a contains only the name

of gestureClass object referred to by gclass. reading in a GestureSemClassthe name is used to read the associated GestureClass. Since is a

NamedModelthere will be only one GestureClass for each distinct gesture

142 CHAPTER 7. IN GRANDMA

7.5.4 Class Classifier

Classifier class encapsulates the basic gesture recognition capabilities in GRANDMA.

Each Classifier has a set (actually an OrdCltn) of gesture classe=0A= s between which it

discriminates. Each Classifier object contains the linear evaluation function for each = clas=0A= s described in Chapter 3), and the inverse the average covariance matrix, which is used to calculat= e

discrimination functions, as well as to calculate the Mahalanobis distance between two of gesture classes, or a given gesture example and one the gesture classes.

=3D Classifier f

id gestureclasses;

nfeatures;

Vector cnst, �/

� discrimination functions � Matrix invavgcov;

int hashvalue;

g

[Classifier lookupOrCreate:classes] a classifie=0A= r which discriminates tween the gesture in the passed collection classes. method for lookupOrCreate:

caches all classifier objects whic=0A= h it creates; thus, if it is subsequently passed a of gesture which it has seen before, it ret=0A= urns the classifier for that set without having to re= comp=0A= ute it. The

for an existing for a given set of gestures is facilitated by the has=0A= hvalue variable, which is calculated by “=0A= XORing” together the object ids of the particular Gestu=0A= reClass

objects in the When , the lookupOrCreate: creates a new classi=0A= fier object, initializes

its gestureclasses insta=0A= nce variable and then sends itself the train message=0A= . The train

method implements the algorithm of chapter 3.

� train f

register int i, j;

int denom =3D id c, seq;

register Matrix s, Vector avg;

double det;

/ � eliminate any gestur e classes with no examples � [self eliminateEmptyClasses];

/ � calcu=0A= late the average covariance matrix fr om the (unnormaliz= ed)

covariance matrices of the gestur e classes. � /

=3D NewMatrix(nfeatures, nfeatures);

for(seq =3D [gestureclasses each=0A= Element];

c =3D [[seq next] gclass]; ) denom +=3D [c nexamples] � 1;

7.5. CLASSIFICATION AND TRAINING 143

s =3D [c for(i =3D 0; i < nfeatures; for(j =3D i; j < j++)

avgcov[i][j] +=3D s[i][j];

g

if=0A= (denom =3D=3D 0) [self for(i =3D 0; i < nfeatures; for(j =3D i; j < j++)

avgcov[j][i] =3D (avgcov[i][j] denom);

/ � invert the average covariance matrix � /

invavgcov =3D nfeature=0A= s);

det =3D if(det =3D=3D 0.0)

[self /

� calculate the discrimination w[i][j] is the weight on the jth featur e of ith cnst[i] is the constant term for ith class. � /

=3D allocate(nclasses, Vector);

cnst =3D for(i =3D 0; i < nclasses; i++) f

avg =3D [[[gestur=0A= eclasses at:i] gclass] average];

/ � w[i] =3D avg�invavgcov � =3D NewVector(nfeatures);

invavgco=0A= v, w[i]);

cnst[i] =3D �0.5 � InnerPr=0A= oduct(w[i], avg);

g

g

eliminateEmptyClasses removes any gesture classe=0A= s from the set which

have no (estimated) average covariance matrix is then computed, = and an attempt is

made to invert it. it is singular

, the fixClassifier: is which creates a inverse covariance matrix described in Section 3.5.2. code for fixing the classifier is shown in

Appendix Given the inverse covariance matrix, the discrimination for each class are calculated specified in Sec=0A= tion 3.5.2. weights on the features for a class are computed by the inverse average covariance matrix by the average feature vector of class, while the term is computed as negat=0A= ive one-half of the weights applied to the class averag= e. This constant

gives optimal classi=0A= fiers under the assumptions of that all classes are e= qual=0A= ly likely the misclassifications between have equal cost (also assumed is multivariate and a

144 CHAPTER 7. IN GRANDMA

common covariance matrix). The Cla=0A= ssifier class provides a class:incrconst: allows the constant terms for a given class be adjusted if the application so desires.

cal=0A= l [Classifier trainall:classes] causes all Classifie=0A= r objects set of gestures includes all gestures in the set classes to be retrained (by sen=0A= ding them the

train: message). is usefu=0A= l whenever training examples are added or deleted, all classifiers depending on this class can then be recalculated at once. a classifier retrained in less than a quarter second; 9.1.7 presents training times in a given example gesture is done by the classify:ambigprob=0A= :distance:

method. method is passed the fea=0A= ture vector of the example gesture, and evaluates function for each class, choosing the maximu=0A= m. If desired, the probability that is unambiguous, as well as the Mahalanobis distance the example gesture from the calculated class are als=0A= o computed; this allow the callers of the method to rejection options if they so choos=0A= e.

� ambigprob:(dou=0A= ble �)ap distance:(double �)dp f

double maxdisc, registe=0A= r int i, maxclass;

double denom, id class;

for(i =3D 0; i < nclasses; disc[i] =3D InnerProduct(w[i], fv) + maxclass =3D 0;

for(i =3D 1; i < nclasses; if(disc[i] > disc[maxclass])

maxclass =3D class =3D [[gestureclasses at:maxclass] if(ap=0A= ) f /

� calculate pr obability non�ambiguity � /

0, i =3D 0; i < nclasses; denom +=3D exp(dis=0A= c[i] � disc[maxclass]);

�ap =3D / denom;

g

if(dp) / calculate distance to mean of chosen class � /

�=3D

[class d2fv:fv sigmainv:invavgcov];

return class;

g

7.6. MANIPULA

GESTURE EVENT A

T RUNTIME 145

Classifier objects respo=0A= nd to numerous messages not yet mentioned. The evalu=0A= ate

causes the example gestures of class to be classified, so that the recognition of the

classifier may be estimated. the procedure of testing the classifier on the very = exam=0A= ples was trained upon results in an overoptimistic evaluation, but it nonetheless is useful. the

particular gesture classes and examples text: the result of the evaluation is fed to the user

, who can then see which of each class were classified incorrectly

. of misclassification usually points to an ambig=0A= uity

, indicating a poor design of the set of to

be recognized. ambiguity is typically =0A= fixed by modifying the gesture examples of one or mor= e

of the gesture classes. incorrectly classi=0A= fied examples indicate to the gesture designer gesture classes need to be revised.

Classifier objects also respond to messages which save and classifiers to files, well as messages cause the internal state of a classifier to be on the terminal for

purposes, and a mat=0A= rix of the Mahalanobis distances between class pairs be (so that the gesture designer can get measure of how confusable the set of gestures 7.6 Gesture Event Handlers at Runtime

One goal of this work was to provide a platfo=0A= rm that allows experimentation with different gestural interfaces to a given application. T this end, GRA=0A= NDMA was designed to allow gesture be manipulated at runtime. classes may be adde=0A= d or deleted, training examples for class also be added or deleted, and the semantics of a ges= ture class (with respect to a handler) all be specified at runtime. addition, as a whole, or particular gesture may be turned on and off at runtime, allowing, example, easy comparison between

click-drag interfaces to the same application This section discusses the

GRANDMA to the user that facilitates the manipulation of handlers at

runtime.

The View class impl=0A= ements the editHandlers method. When sent editH=0A= andlers, a

creates a new window (if one does not already exist) as shown in figure 7.2= .The top row is set of pull down subsequent row lists the passive event handlers for the view

, its its superclass, and so on up the class hierarchy until the View The event handlers are in the order that the=0A= y are queried for events, from top to bottom, and wit= hin a row

, from left to The “Mouse mode=0A= ” menu item controls which mouse cursor is act=0A= ive in the window W ith the normal mouse (ind=0A= icated by an arrow), the user is able to drag the = indi=0A= vidual event boxes so as to rearrange order

. other mode, “edit handler

,” will be discussed shortly

.) A

may also be dragged into the trash box, in which case it removed from the list of associated a view or view A handler may be dragged the dock; anything in the will remain visible when the handler lists for a different view are ac= cess=0A= ed. A handler dragged the dock on its original list as well; thus the dock allows same event handlers to shared between dif ferent objects and between dif ferent The “crea=0A= te handler ” menu item results in a pull-down of all classes which respond to the

passive message. at runtime new handlers may be created and associated with any object or example, a drag handler may be created and attached to an object, which can

146 CHAPTER 7. IN GRANDMA

Figure 7.2: Event Lists

then be dragged around with the New gesture handlers may also be created this way other mouse cursor

, “edit handler ”, may be clicked upon any passive event handler

. in a new window being created which shows the detai=0A= ls of a particular edit handler

. shows the window for a typical gesture handler

At the top left of the window is the “Mouse mode= 272 pull down menu, used in the unlikely one wishes to examine the handlers of any of the in this window . T the right is the of this event handler

, constructed by the class of the handler with its internal The next three rows show three EventExpr objects; thes=0A= e are the starting predicate, predicate stopping predicate of the gesture handler

. item in the predicate display is button that a pop-up menu; it is thus a simple matter to the predicates at For example, the start pre=0A= dicate may be changed from matching only PickEventto matching all

DragEvents. kind tool expected may also be changed at runtime, as as attributes of

the tool (e.g. a particular mouse button may be specified). desired, entire predicate may be replaced by a comp=0A= letely new expression. In all cases, the changes take fect immediately

The window contents thus far disc=0A= ussed are common to all GenericEventHandlerThe

following ones are particular to s. First there are a set of buttons class”, “train”, “evaluate”, this are some squares, each representing a gesture cla=0A= ss

recognized by this handler

. each is a miniaturized example gesture, some text with the class, and a small rectangle which names class. The text typically shows the result the evaluation of the particular gesture recognizer for = this set of classes when run on the used train it. small rectangles may be dragged (copied=0A= ) into the dock. Each such a particular gesture class. rectangles in the dock will remain there when another

handler edited. then may be dragged into any class square, where it the existing T ypically a rectangle from the dock is into empty class square by the “new clas=0A= s” button);

this is the way multiple gesture can recognize the same

Clicking on one the gesture class squares

(but not in the class rectangle) brings up the

7.6. MANIPULA

GESTURE EVENT A

T RUNTIME

Figure 7.3: Gesture Event Handler

Figure 7.4: W of examples a gesture class

.

148 CHAPTER 7. IN GRANDMA

window of example gestures, as shown in Figure 7.4. square in this window contains miniaturized example of a gesture in this clas=0A= s. examples are used for training the classifie=0A= r

A new example may be added simply by gesturing in this window

. example may be deleted by clicking the delete button on the left (which the mouse cursor to a delete cursor) and click=0A= ing on the example. user wishing to change a gest=0A= ure to something more to his liking has delete all the examples of the class (easily done the “Delete ALL

” button) and then new example gestures. “train” button will caus=0A= e a new classifier to be built, and the button will cause the examples to be run the newly built classifier

. incorrectly classifi=0A= ed

will be indicated by displaying the mist=0A= aken class name in the example square; the then examine the example to see if it was malformed otherwise The “semantics” button in the window of examples causes the semantics of the class to

be displayed. is the subject of the next section.

7.7 Gesture Semantics

GRANDMA contains a simple Objective-C interpreter that all= ows the semantics of gestures to specified at runti=0A= me. GRANDMA, the semantics of a gesture are determ=0A= ined by three fragments per gesture class (pe=0A= r handler). The first program fragment, labeled rec=0A= og, is when the gesture is first reco=0A= gnized to be in a particular class. second fragme=0A= nt, manip, is

on every input event handled by the activated gesture handler after the gest= ure has been

recognized. The third fragment, , is executed just before the handler deactivates itse= lf. The

sequence of executions was in detail in section 7.4; this section is concerned the contents and specification of the program fragment=0A= s themselves.

7.7.1 GesturSemantics Code

As mentioned, the semantics of a gesture are by three expressions, recog, manip, done. kinds of expressions found in may be loosely grouped according to the level the GRANDMA system that they access.

semantic expressions deal directly with models, i.e. with application objects.

are typically easiest to code and understand. example from GSCORE application

in section 8.2 is sharp gesture. is an editor for scores. In making an “S” gesture ove=0A= r a note in the score causes the note to be “sha= rped=0A= ”, which is in musical notation by placin=0A= g the sharp sign “#” before the note. class Note is a model in GSCORE application, and one of its methods is acc: sets the acc=0A= idental of a note to one of

DOUBLEFLA T FLA T , NA

TURAL, SHARP

, or NOACCIDENT AL.

The sharp gesture, perfor=0A= med by making an “S” over a NoteView, the semantics:

=3D [ [view model] acc:SHARP ];

manip =3D nil;

done =3D In these semantics, the Note object (the model the NoteView object) is directly sent the

acc=0A= : message when the sharp gesture is recognized. The model then changes its internal state to

7.7. GESTURE SEMANTICS re=0A= flect the new accidental, and then calls mod=0A= ified] which will eventually result in displa=0A= y updated to add a sharp on the Note the semantic expressions are evaluated in a context whi=0A= ch certain names are assumed

to be Intheaboveexample, obviously view andSHARP mustbeboundtotheirvalues for the code to work. Section 7.4 described how the GestureEventHandle=0A= r creates an

environment where view bound to the view at which the gesture is directed, startEvent is

to the initial event of the gesture, endEvent is bound to the last event of the gesture (i.e. event just before the ges=0A= ture was classified), and currentEvent is bound the most recent event,

typically a MoveEvent dur=0A= ing the manipulation A particular application globally application-specific symbols (such as SHARP in the above example) in order to facilitate the writing

of semantic Instead of dea=0A= ling directly with the model, the semantics of a may send messages directly

the view In the score editor

, for example, the delete ges=0A= ture (in the handler associated

with a ) might have the semantics

=3D delete];

manip =3D nil;

done =3D actual semantics are slightly more complicated since they also change the mouse see Section 8.2 for details.) The delete method for the typical view just sends delete to model, after doing some The semantic expressions of a gesture are invoked from a GestureEventHandler, and sending of messages to models views seen so far is typical of many different of event

handlers. thing that event handler=0A= s often do (see in particular section 6.7.9 for a di= scus=0A= sion

of the DragHandler) is raise events of their own. are many reasons a handler wish

to do this. A DragHandler raises eve=0A= nts in order to make the view being dragged be consid= ered a

virtual tool. As mentioned a handler might also raise events in order to one input

device with another

. example, imagine a SensorFrameMouseEmulator responds

to SensorFrameEvents, raising DragEvents whose tool is the current GenericMouseTool

as to simulate a mouse with a Sensor One of the main purposes of having an handler list and a list of passive events handlers associated with each view is to allow this of flexibility

. the Smalltalk MVC the pairing of a single controller with a view constrains the view to deal only with a single kind of input, namely mouse input. In view can have a number of dif ferent event and thus may be able to deal with difinput devices and In GRANDMA, applications are typically first written and debugged a more

menu driven, click-and-drag, direc=0A= t manipulation interface. that gestures are on top of this existing structure, there is anothe=0A= r level at which gesture semantics may be At this level, the gesture semantics emulate, for the mouse input that would give appropriate beh=0A= avior

. other words, the gesture is translated int=0A= o a click-and-drag interaction

gives the desi=0A= red An example of this from the score edit=0A= or is the placement of a note into a score. the and-drag interface, adding a note to the score involves dragging a note of appropriate duration = from

150 CHAPTER 7. IN GRANDMA

palette of notes to its location in a musical staff. is by having the

NoteView be a virtual tool sends a message to which StaffView objects While

the note is being dragged, a DragHandler raises an event whose tool is a NoteView which will

be processed by the GenericToolOnView when the note is over the StaffViewIn the gesture-based interface, there is a gesture class for e= ach possible note duration by handler with the StaffView class. semantics for gesture which gives to an eighth note are recog =3D [[[noteview8up viewcopy] rerai=0A= se:currentEvent];

manip =3D done =3D nil;

The symbol noteview8up bound to the view of one of the notes in the palette; it is and moved to the starting location of the The currentEvent (either a MoveEvent or

Drop=0A= Event which ended the gesture) is copied, its tool fi=0A= eld is set to the copy of the note view

, the resulting event is raised. moving of the not=0A= e and the raising of a new event is exactly what and

DragHandler does; the effect is to simulate the dragging of a note to a particular location. that the note is moved to startLocthe star=0A= ting point of the gesture, which necessarily is over associated

StaffView (otherwise this gesture handler would nev=0A= er have been invoked). Thus, the for StaffView will handle the event, and use the of the note view to determine the note’ s pit=0A= ch and location in the score.

would have been possible in the semantics to simulate the mouse cli=0A= cked on the

note in the palette then being dragged onto the appropriate place in the s= taff. In case, that was not done as would be needlessly complex. point is that, to the flexibility

of GRANDMA ’ input archi=0A= tecture, the writer of gesture semantics can address system at levels of abstraction, from input to directly dealing with application The examplesemantics seenthus farhaveonly hadrecogexpressions,which areatrecognition time. following example, which implements the of a gesture creates a line and then the line to be rubberbanded, illustrates the use of man=0A= ip:

=3D [[view createLine] endpoint0at:sta=0A= rtLoc];

manip =3D [recog done =3D nil;

In this example, view assumed to be a background view

, typically a WallView of a

editor program (Section 8.1 discuss=0A= es GDP

, a gesture-based drawing it the

createLine message results in a line being created in the window whose first end=0A= point is

the start of the gesture. endpoint of the line moves with the mouse after the = gest=0A= ure been recognized; this is the effect the manip expression. Note the use of recog as a to hold the newly created line object=0A= . desired, the semantics programmer may create other variables to communicate between different (or even the same) semantic expressions.

TheUserInterface

GRANDMA allows the specification of gesture semantics to be done at runtime. the implementation, the semantics must be at runtime; there is no facility for hardwiring the

7.7. GESTURE SEMANTICS expressions of a given gesture into an application. Currently

, the semantics of a are read in from a file (as are examples of ges=0A= ture class) each time an application is semantics of a gesture may only be created or modi�= 6=0A= ed using the user interface facilities

in this Gesture semantics are currently specifi=0A= ed using a limited set of expressions. An expression be a constant expression (integer or string), variable reference, an assignment, or a message Each expression has its obvious effect: evaluates to itself, a variable evaluates to val=0A= ue in the current environment, an assignment evaluates the evaluation of its right hand (with side effect of setting the variable on the left side), and a message send first the rec=0A= eiver expression and each argument expression, and then s= ends the specified message and

arto the receiver

. value of a message is the value that the receiver ’ method For programming convenience, integer

, string, and object= s are converted as so that the types of the arguments and receiver of a message send match is expected by the

message selector

7.5 shows the window activated when the button of a gesture class is pressed.

top of the window are a row of buttons used in creation of various kinds of They as follows:

new message new button creates a template of a message send, with a = slot for the

receiver and the message selector

Any expression may then be dragged into the (“REC?”) slot. on the “SELECTOR?” box causes a dialogue box to be (figu=0A= re 7.6). can then browse through the class hie=0A= rarchy until they find the selector desire, which can then be selected. “+” and “-” buttons may be used to

factory and instance methods. starting point the browsing is set to class of the receiver

, when it can be determined. the selector be okayed, the changes to have a for each argument expected by the selector

, as into figure Any expression may then be dragg=0A= ed into the argument slots. particular

, gesture attributes

(see below) are often used.

new int button creates a box into which integer may be typed.

new string but=0A= ton creates a box into which a string may be typed.

new variable button creates a ( | =3D

V ALU=0A= E?

for assigning a variable into the name of a variable may be typed. expression may then be dragged the “V

ALUE?”

The entire expression may be dragged around by the “=3D”

Attempting drag the variable name on the left hand side actually copies the variable name before allo= wing

to be dragged; this resulting expression (sim=0A= ply the name of the variable) may be anywher=0A= e the value of the variable is needed.

factory button generates a constant expression is the object identifier of an C class (also known as a “factory”). the butto=0A= n pops up a browser which allows user to wal=0A= k through the class hierarchy to select the desired cla= ss.

152 CHAPTER 7. IN GRANDMA

Figure 7.5: interpreter for editing gesture semantics

7.7. GESTURE SEMANTICS

7.6: An empty message and selector browser

154 CHAPTER 7. IN GRANDMA

Figure 7.7: to use gesture semantics

.

7.7. GESTURE SEMANTICS attribute this button generates a menu useful subexpressions that are often used semantics. 7.7 shows both pages of attributes)=0A= . The expressions are variable names, named messages. expressions, named messages are disti=0A= nguishable

variable names by the angle brackets and the small box before the name. in box reveals the underlying expression to which name refers. (Note the angle brackets are not shown in the list of attributes but appear o= nce an attribute is selected. Figure some examples of such Most in the list refer to characteristics of the current ge= stur=0A= e (i.e. the gesture causes the semantic=0A= s to be evaluated). attributes refer to current view

, wall, handler

, events, set of objects enclosed by the gesture. examples of using in gesture semantics are covered in the next chapter

Having the attributes a gesture available when writing the semantics of the = gest=0A= ure is embodiment of one central idea of of this The idea is that the meaning of may depend not only upon its classification, but also on the features of the particular instance of the gesture. example, in the drawing it is a simple matter to tie the length the line gesture to the thickness of the resulting line. This is in addition to using the point of the gesture as one endpoint of the line, an= othe=0A= r example of how gesture attributes useful gesture semantics.

cursor button display=0A= s a menu of the available cursors. cursors almost always a kind

of GenericMouseToolconsists of an icon that has been read in a file, and message that the tool cursors are useful, for example, in semantic expressi=0A= ons wish to provide some feedback to the user by changing the cursor after the gesture has recognized.

T race On button on tracing of the interpreter evaluation loop, which pri= nts the of all expressions and subexpressions as they are evaluated. helps the writer of gesture

semantics to debug his The middle mou=0A= se button brings up a menu of useful “Nor=0A= mal” restores the to the default which drags “Copy” changes the to the copy cursor

, when used to expressions causes them to be copied “Hide” hides the semantics window which is so ge that it typically obscures the application window

The various remaining commands are for examining the event handlers associated with obj=0A= ects in the interface, and are not really of general interest to the writer of gesture The=0A= y would be interest if one attempted to add a gestural interface to the interpreter expression dragged into a “DOCK” slot remains even when the gesture class is The provides a useful mechanism for sharing code between ferent gesture classes, or between

same gestur=0A= e class in different handlers. expression dragged into the trash is, of course,

The above-described interface to the semantics is usually slo= wer to use than a more forward textual inter=0A= face. straightforward textual interface would a parser but still be simpler and that the current click-and-drag interface. the other hand, with the

156 CHAPTER 7. IN GRANDMA

click-and-drag interface it is not possibl=0A= e to make a syntax error

. main reason an was built was to exercise the facilities of the GRANDMA system. the project began the

suspected that a click-and-drag interface to programming language would be awkward, he was not surprised. did, however

, consider the of building a gesture-based interface

the interpre=0A= ter

, one which might have been significantly more ficient to use than the current

interface. should be possible at the present to add a gesture-based interface the without even recompiling, though to date the author not made the attempt.

7.7.3 InterprImplem=0A= entation

interpreter internals are implemented in a most straightforward manner

. The class Expression

is a subclass of Model and has a subclass for each type of expression: VarExpr, ,

MessageExpr, and ConstantExpr (and some not discussed: CharEventExpr, EventExprand FunctionExpr). AssignExpr and MessageEx=0A= pr objects have fields which hold subexpressions, while ConstantExpr and VarExpr objects have fields which the constant object and nam=0A= e of the variable, respectively .

Expression Evaluati=0A= on

expressions are evaluated in an environment=0A= , which is simply an association of names value=0A= s (which are objects). Evaluating VarExpr object=0A= s is done by looking up the variable in environ=0A= ment and returning its value; AssignExpr objects evaluated by adding or an environment as to associate the named variable with its addition to the that is passed an expression is evaluated, there is a global environmen= t. If a name is found in the passed environ=0A= ment, it is then looked up in the global environment.

interpreter has a number of types with it can deal. Each type is represented subclass of class Type. instance of of these subclasses is a value of that type. commonly used type classes are TypeChar, TypeId, TypeInt, TypeShort, TypeSTRTypeUnsigned, and TypeVoid. The TypeId represents an arbitrary Objective-C object;

others represent their corresponding C the implementation of TypeInt:

: Type f int _int; g

+ f [super [super register:"long"]; g

+ set_int:(int)v f return [[super set_int:v]; g

+ (void �result:(void �)r

f �(int �)r =3D [o asInt]; return r; g

+ toObject:=0A= (void �)r f return [self set_int:�(int �)r]; g

� set_int:(int)v f _int =3D v; return self; g

� (int)asI=0A= nt f return _int; g

� f return (short)_int; g

� (char)asChar f return (char)_int; g

� (unsigned)as=0A= Unsigned f return (unsigned)_int; g

7.7. GESTURE SEMANTICS � (STR)asString:(STR)s f sprintf(s, _int); return s; g

� (int)Plus:(int)b f return _int + b; g

� (int)Minus:(int=0A= )b f return _int � b; � (int)Times:(int)b f return _int � b; g

� (int)DividedBy:(int)b f b =3D=3D 0 ?

[self 0 :_int / b; g

� (int)Mod:(int)b f return b =3D=3D 0 ?

[self error:"mod by = zero"], 0 : _int % b; g

� (int)Clip:(int)b :(int)c

f return _int < b ? _int > c ? c : _int; g

� (int)Times:(int)b Plus:(int)c f return _int b + c; g

initialize method that this type represents the C types “int” and = “=0A= long.” This

is used when in the files that the Objective-C compiler writes des=0A= cribe arguments and return types of selectors. sample line from one of these files is:

(id)at::,int,int;

This line says the at:: method (as implemented by Viewfor example) takes two as arguments, returns an id, i.e. an object. Objec=0A= tive C, the type or signature of a as at:: be the same in all classes provide corresponding methods.) The reads this line and creates a Selector object records the fact that at:: its first

argument to be TypeInt, second argument to be TypeInt, and returns a TypeIdThi=0A= s

Selector object is used when a MessageEx=0A= pr whose selector is at:: evaluated; it that the arguments are converted to machine int=0A= egers before the at:: method is The knowledge of how to do conversions is embodied the fromObject:result: and

toObject: meth=0A= ods. intent is to freely convert between the values represented as integers, or characters, etc., and the values represented as objects. Given r; id anInt =3D

TypeInt set_int:3];call [TypeInt fromObject:anInt result:&r] sets r

to 3. Conversely

, =3D 4; anInt [TypeInt toObject:&r]; sets anInt to a newly

created object of class TypeInt whose _int field is 4.

that the ability to do arit=0A= hmetic is embodied in TypeIntas is the ability to convert

between TypeInts and the other integer types (and string Evaluating an exp=0A= ression node in a given environment is done by eval:

eval(expr, env, type, id expr, env, type; void �resultp;

eval function takes as argument an expression an environment object, a object, and a pointer to a place to put the result. eval takes care of printing out

information, if necessary

, and then simply sends expr the eval:re=0A= sultType:result:

message. expression is responsible for knowing how to evaluate itself, is able convert its return value into the appropri=0A= ate The most interesting case is the evaluatio=0A= n of a MessageExpr:

MessageExpr: Exp=0A= ression f

id sel; /

� Selector object � /

id rec; � (unevaluated) r eceiver object � /

158 CHAPTER 7. IN GRANDMA

id arg[MAXARGS]; / unevaluated ar guments � /

� (void�)eval:env resultType:rt result:(void �)r f

id id _rec, _arg[5];

int i;

int nargs =3D [sel _sel =3D [sel id rettype =3D [sel rettype];

eval(rec, env, TypeId, for(i =3D 0; i nargs; eval(arg[i], env, [sel argtype:i], &_arg[i=0A= ]);

v =3D _msg(_rec, _sel, _arg[0], _arg[2], _arg[3], if(rt =3D=3D rettype) /

� no need to convert � �(id �)r =3D v; / hack, assumes id or equal size

� retur=0A= n r;

g

return [rt fromObject:[rettypetoObject:&v] result:r];

g

is some pointer cheating going on here,as the arguments are to be sent to the objectare in an array of ids, even though they are necessarily objects. This relies on fact that=0A= , at least on the hardware this code runs upon (a = Micr=0A= oV ax II), pointers, long integers, integer=0A= s, and characters are all represented as four-byte val= ues when passed to functions.

The sel is the Selector object, and is used to get the num=0A= ber and types of arguments and the return value of this selector

. First eval is called recursi=0A= vely to evaluate receiver of the message; result type is necessarily TypeId since a receiver of a message be an Objective C object. of the argument expressions is evaluated, the result stored in

the _arg array

. type the returned result is that which is expected for argument in message about to be sent. function _msg is the low-level message sending function that lies the heart of Objective C; it is pas=0A= sed a receiver

, a selector

, and any arguments, returns the of sending the message by the selector and the arguments to the specified r= ecei=0A= ver

. This

is then converted to the cor=0A= rect type. this message selector is already to return same type as desired, then no convers=0A= ion is necessary

, and the value is simply copied the correct

place. the returned is first converted to an object (by invoking the toO=0A= bject:

method of the known return type) and converted from an object to the desired return type (= via

the fromObject:result: method). the typ=0A= ical case, either rt or rettype is TypeId, one of the conversions to or from an object does no significant The reason for the return type to eval, rather than having eval always return an object,

then converting ret=0A= urned objects to machine integers, characters, and when needed, is

7.7. GESTURE SEMANTICS efficiency

. the current scheme, nested expressions, where the inner expression an integer which is the expected argument type of the outer expression, there is no converting the intermediate result to an object and then back to an integer

Note that the automatic conve=0A= rsion to objects allows arithmetic to be done painlessly .

example, to add 10 to x coordinate of a view , use:

Plus:10]

The [view xloc] returns a mach=0A= ine integer; since this is the intended receiver of the= Plus:

message it must be converted to a TypeId, i.e. an object, which in this case will an instance of

TypeInt. The Plus: expects its argument to be a machine since the will represent the constant by a TypeInt object, it is converted to a integer (by calling

eval with a result type argument of TypeInt). The Plus: method is then invoked, and it

a machine int=0A= eger

, which may or may not be converted to a TypeIn=0A= t object depending the context in which above program fragment is used.

above could be specified more efficiently in the gesture s= eman=0A= tics as [10

Plus:[view xloc]]. case, all the conversions are avoided, since 10 already rep-

resented as an object of TypeInt, and Plus: a machine integer as argumen=0A= t, which is

exactly what is returned by xloc].

thing not shown in the implementation is garbage collection. evaluation, objects are freely being created and discard=0A= ed, and it is important that the with them be released when they are current implementation of interpreter does do this very well, since there is not much point the lax attitude memory management GRANDMA.

Interface Implementation

All expression nodes are subclasses of Model, and one has a corresponding subclass of

View to display it on the screen. expression views as virtual tools; these tools act on

gument and receiver slots, as well as the docks and = the trash. Implementing the interface GRANDMA was a good exercise of the GRANDMA but is not especially

so will not be cov=0A= ered in detail here.

Control The only control construct currently implemented is Seq, which allows a list of expressions evaluated in order

. Seqit turns out, implemented without any extra mechanism in all that was required was the creation of a Seq class, whose class methods their last argument:

=3D Seq: (GRA=0A= NDMA, Primitive) f g

+ :a1 f return a1; g

+ :a1:a2 f return a2; + :a1:a2:a3 f return a3; g

+ :a1:a2:a3:a4 f return a4; g

+ :a1:a2:a3:a4:a5 f return a5; g

160 CHAPTER 7. IN GRANDMA

Since arguments are evaluated in order

, this has the desired Other control constru=0A= cts, such as While and If, have not been imp=0A= lemented, but could easily implemented if the arose. simple implementation technique would to make WhileExpr

and IfExpr both subclasses of MessageExpr, and then make While and If clas=0A= ses which have

that have the right of arguments. For simplicity the normal messa=0A= ge display code could be used to display If and While expressions; the only new code be added

would beneweval:resultType:result: met=0A= hods in WhileExpr and IfExpr the desired effect.

Attributes and An important consideration in allowing gesture semantics be specified at runtime is exactly the applicat=0A= ion programmer makes visible to the gesture semantics pro= gram=0A= mer

. There are a number

means by the application programmer can make a feature available the programmer; all of these hinge on making visible objects which can be the receivers of = to

The “Attributes” lists provides way of givingthesemanticswritereasy access toappl= icat=0A= ion

objectsand features. is done by creati=0A= ng expressions for each attribute. GRANDMA supplies entries for all accessible gesture attributes As an illustrative example of how attributes are specified and implemented, consider the attr=0A= ibutes handler and enclosed. The handler attribute simply refers to the gesture that is currently executing. The enclosed attribute refe=0A= rs to the list of View objects by the current gesture. Selecting enclosed from the attrib=0A= ute list results in a named message;

its box reveals that the message is enclosed].

Internally ,

=3D [[VarExp=0A= r str:"handler"]

� The above statement adds "handler" to list of attributes to be in the eter window

, and declar ed that its value is of t= ype Gestur eEventHandler .

value is set by the Gestur eEventHandler befor e any gestur e

semantics ar e evaluated. � enclose=0A= dExpr =3D [[[[MessageExpr rec:ha=0A= ndlerVar]

str:"enclosed"]

/ � The above statement adds "enclosed" to the attribute list. When in gestur e semantics, the "enclosed" will r esult in

[handler enclosed] being executed. /

Both handlerVar and enclosedExpr added to the list of interpreter attributes, show up in the list as “handler ” and respectively

. Each of these expressions to an Objective C object; the vclass: records the expected class of the object. The

7.7. GESTURE SEMANTICS class is used by the selector browser as a start=0A= ing point when choosing a message to to The “handler ” attribute, being a VarExpr, is evaluated by looking up the string “han=0A= dler ” in the

current environment. 7.4 described how the environment in which semantic are

evaluated is initialized so as the bind handl=0A= er to the current event handler

. Evaluating enclo=0A= sed

thus results in the enclosed message being sent to the current handler:

GestureEventHandle=0A= r ...

� enclosed f id o, e, seq; int xmin, ymin, xmax, [gesture xmin:&xmin ymin:&ymin xmax:&xmax o =3D [[wall for(seq =3D [o eachElem=0A= ent]; e =3D [seq next]; )

if(! isContainedIn=0A= :gesture] ) [o remove:e];

return o;

g

The interpreter ’ s evaluation of the enc=0A= losed attribute thus results in a call to the method.

method determines the bounding of the current gesture, and consults the view database for a list of views contained within this object is polled to see if it is enclosed gesture, and is removed from the list if is not. The list is then returned.

def=0A= ault implementation of isContainedIn:, in the View class, simply tests if corner of bounding box is enclosed within the gesture. test may be overridden by non-

views, rectangular views that wish to ensure its each edge entirely contained within

the gesture.

View ...

� (BOOL)isContainedIn:g f int x1, y1, x2, y2; [self =3D [box left]; y1 =3D [box x2 =3D [box right]; y2 =3D [box return [g contains:x1:y1] [g contains:x1:y2] [g contains:x2:y1] && [g contai=0A= ns:x2:y2];

g

The Gesture class imp=0A= lements the contains:: which tests if point is enclosed

within the gesture. curre=0A= nt implementation first closes the gesture by the ending point to the starting and then counts the number of times a line from point to known point outside the gesture crosses the gesture. odd number of crossings indicates tha=0A= t point is indeed enclosed by the gesture.

attributes work similarly

, although their code tends to be much simpler than that of

enclosed. particular

, there are attributes for feature discussed in Section 3.3; the are named messages implemented as gesture] ifv=0A= i:N], where N is corresponding index into the feature vector .

are added to the list of cursors available for use in semantic exp= ress=0A= ions simply by

sending them the public message=0A= . application programmer should create and make avai=0A= lable

162 CHAPTER 7. IN GRANDMA

any cursor that might prove useful the semantics writer .

7.8 Conclusion

gesture subsystem of GRANDMA consists of the gesture ev= e=0A= nt handler

, the low level recognition modules, the user interface which allows the modification of g= estu=0A= re handlers, examples, and gesture classes, the interpreter for evaluating the semantics of Each these parts has been discussed in detail. next chapter demonstrates how GRANDMA is used to

build gesture-based applications.

Chapter 8

Applications

chapter discusses three gesture-based applications built by= the author

. The first, GDP

, is simple drawing editor based on the drawing program DP = [42]=0A= . The second, GSCORE, is an for musical scores. third, MDP

, is an implementation the GDP drawing editor that uses

GDP and GSCORE are both written in Object=0A= ive C, and run on a DEC MicroV II. They both gesture-based applications built using the GRANDM=0A= A system, discussed in Chapters 6 and As such, the gestures used are all single-path gestures drawn a mouse. GRANDMA to the X10 system [113] through the GDEV interface written by aut=0A= hor

. GDEV on several different processo=0A= rs (MicroV II, SUN-2, IBM PC-RT), and different window

(X10,

X11,

GRANDMA, however

, only runs on the MicroV which years was the only system available the author that ran Objective C. It should be relative= ly

to port

GRANDMA to any environment that ran Objective-C, to date this has not been done.

is written in C (not

Objective C), and runs on a Silicon

Graphics

IRIS

Personal

W orkstation.responds to multiple-fi=0A= nger gestures input via the Sensor

Frame. GDP

GSCORE, MDP is not built on top of GRANDMA=0A= . The reason for this is that the only Sensor Frame is attached to the above-mentioned IRIS, which no Objective C compiler exists. be desirable and interesting to integrate Sensor Frame i= nput and multi-path gesture into GRANDMA (see Section 10.2).

8.1 GDP

a gesture-based drawing program, is based on DP In DP there is always a curr ent modedetermines the meaning of mouse clicks in the dra=0A= wing window

. Single letter or a popup menu may be used to change the current = mode=0A= . The current mode is

at the bott=0A= om of the drawing window

, as are the actions of three mouse buttons. example, when the current mode is “line”, the left mouse button is used drawing and vertical lines, the middle but=0A= ton for arbitrary lines, and the right button for which have

no gravity

. DP commands caus=0A= e dialogue boxes to be displayed; this is useful for = chan=0A= ging

164 CHAPTER 8. APPLICA such as the current thickness to use for lin=0A= es, the current font to use for text, and so W ith the gesture handlers turned off, GDP emulates DP

. The current mode is by the cursor

. example, when the cursor is displayed, clicking a mouse button in drawing window causes a new line to be created and endpoint to be fixed at the position of mouse. long as the mouse button is held down, the oth=0A= er end of the line follows any motion the mouse, in a “rubberband” fashion. releases the mouse button when the

of the line is at the desired location.

DP and GDP support sets, whereby multiple graphic objec=0A= ts may be grouped and subsequently as a single object. created, a set is translate=0A= d, rotated, copied, and

deleted as a unit. set may include one or more sets as components, the hierarchical

construction of drawings. there is the “pack” command, which creates new set from a

of objects selected by user

, and the “unpack” command, whereby a set object transformed back into its functions similarly

, though the selection method differs

from DP .

makes no attempt emulate every aspect of DP In particular , various treatments the different mouse are not supported. and other features were implemented since

so would be tangential the purpose of the author

, which was to the use of

gestures. the unimplemented present no conceptual problems for implementation GRANDMA, the author chose not to expend the effort.

8.1.1 GDP’ s gestural interface

GDP’ s ges=0A= ture-based operation has already been briefly described Section 1.1. That will be upon, but not repeated, Figures 1.2a, b, and d show the rectangle, ellipse, line, and pack gestures, all of which directed at the GDP window rather than at graphic objects. Also in this class is the text gesture, a cursive “t”, and the dot gesture, entered pressing the mouse button with no subsequent motion. The text gesture causes a text cursor be displayed at the initial point of the The

user may then enter text via the Thedotgesturecausesthelastcommand(asby

thecurrentmode)toberepeated. examp=0A= le, after a delete gesture, a dot gesture an object will cause that object to be del=0A= eted.

Figures 1.2e, f, and g show the copy, rotate, and delete gestures, all of act directly on

graphic objects. The move gesture=0A= , a simple arrow (figure 8.1), is similar of these gestures upon the graphic object the initial point of the gesture. gestures also recognized by GDP window when not over a graphic object. this case, the cursor changed to the corresponding mode, and underlying DP interface takes over

. particular dragging one these cursors over a graphic causes the corresponding operation to occur .

8.1.2 GDP Implementation

Since GDP was built on top of GRANDMA, the implementation followed the MVC paradigm.=

8.2 shows the position in the class hierarch=0A= y for the new classes defined in GDP .

8.1. GDP

Figure 8.1: GDP gestures

As always, the period indicates the start of the gestur= e.

Figure 8.2: GDP’ class hierarchy

166 CHAPTER 8. APPLICA

8.1.3 Models

implementation of GDP on the class GraphicObject, a subclass of . Each

component of the drawing is a Graphi=0A= cObject. entire drawing is also implemented as

a graphic object. GraphicObjectare either Text objects, LineDrawing objects rect=0A= angles, and ellipses), or GobjSet objects, which impl=0A= ement the set concept.

A GraphicObject has instance variables: parent, the GobjSet of which this

object is a member, and , a transformation matrix [101] for mapping the obj= ect into the

drawing. Every GraphicObject member of exactly one set, be it the set which repre= sent=0A= s entire drawing (these are top level or a member of a set which is itself part of dra=0A= wing.

LineDrawing objects have a single instance variable, thickness, that controls the ness of the lines used in the line three subclasses of LineDrawing, namely

Line, Rectangle, and Ellipse, represent graphics in the drawing. Associated with each

LineDrawing subclass is a list of points which a sequence of line segments for the object.pointsinthelistare normalizedsothatsignificantpointof theobjectliesonorigin and another significant point is at point

For Lines, one endpoint is at (0,0) and the other

at (1,1). The point list for Rectangles specifies a square with corners at (0,0), (1,1), and

(1,0). The Ellipse is represented by 16 line segments that approximate a circle with ce= nter and that passes through the point The transformation matrix in each LineDrawing object

is used to map the list of points in each LineDrawing object into drawing (window) A GobjSet object contains a Set of objects that make up the set. In order to display a the transformation matrix of the set is composed with = (mu=0A= ltiplied by) that of each of the objects. composition happens recursively

, so that deeply nes=0A= ted objects are displayed correctly .

Text object=0A= s contain a font reference and text string to be disp= laye=0A= d.

8.1.4 Views

of the immediate subclasses of GraphicObject a corresponding subc=0A= lass of GobjView

associated with LineDrawingView is responsible for the

LineDrawing object which is its model the screen. Similarly

, GobjTextViews display

Text objects, and GobjSetViews display GobjS=0A= ets.

All GobjViews respond to the updat=0A= ePicture message in order to redraw their appropriately

. A LineDrawingView its model for the lists of points transfor=0A= med) which it proceeds to connect via lines. mod=0A= el also provides the appropriate

of lines as well. that it is not necessary provide view classes for the three

subclasses of LineDrawing since all three classes are taken care by LineDrawingView.)

GobjTextViewdraw their models one character at a time in order to ac= comm=0A= odate the

transformation of the T which have a unit scale factor (no shrinking dilation) and no rotation component cause the to be drawn horizontally

, with the spacing determined by their widths in the current In the current implementation, scaling does not effect the character size or orientations X10 will not rotate or scale but effect the character positions.

GobjSetViewhave the views of their model’ s component objects subviews. Since

8.1. GDP 167

the update method for View will automatically propagate update messages to subviews, no

updatePicture method required for GobjSetView.

The GobjView clas=0A= s overrides the move:: method (of View). Recall from Section 6.6 this method simply changes the location of the view

, thus translating view in two This method is used, example, by the drag handler (section 6.7.9) to views to move with

the mouse cursor

. purpose of overriding the default method is so that dr= aggi=0A= ng any GobjView

its model to be chang=0A= ed so as to reflect the new coordinates of the in the drawing.

model is changed by sending it the message getLocalTrans, return=0A= s the model’ s

matrix, then a function which modifies the matrix to reflect translation, and then sending the model setLocalTrans: message, which causes the transformation matrix to be recorded in the course the model then sends itself the

modified message which causes the model’ s view to redraw mod=0A= el at its new location.

GobjView also implemen=0A= ts the delete message, by first sending itself free sage (which, among other things, remov=0A= es it from its parent’ s subview list), and then sen= d-

ing its model the delete message. GobjView also overrides the default isOver: isContainedIn: (Sections 6.7.5 and so that they always return NO for not at the top-level of the drawing. subclass of GobjView implements isReallyOver:

and isReallyC=0A= ontainedIn:, are invoked when the object indeed The outermost window is itself view

. It is an instance of GdpTopView, which is a subclass

of GdpSetView. The Gdp=0A= TopView representing the entire drawing.

Event Handlers

GDP required the addition of one new event handler

, TwoPointEventHandleris of

sufutility and generality to be incorporated into the standard set of GRANDMA event han= dler=0A= s.

The purpose of the TwoPointEventHandler is to implement the typical interaction. For example, clicking the “line” in the drawing window causes a new line to creat=0A= ed, one endpoint of which is constrained to be at location of the click, the other endpoint which stays attached to the cursor until the mouse button released. A TwoPointEventHandler

can be to produce this behavior .

As a GenericEventHandle=0A= r, a TwoPointEventHandler a parameterizabl=0A= e ing predicate, handling predicate, and stoppi=0A= ng predicate (Section 6.7.8). order for a passive

TwoPointEventHandler be activated, the tool of the activating event must operate on to which the handler is attached (like a GenericToolOnVi=0A= ewHandler, section 6.7.7). If

tool operates on the view and the event satisfies the st= arti=0A= ng predicate, the handler is When activated=0A= , the tool is allowed to operate on the view

, the operation is expected to an object which is to be the receiver of subsequent In above example, the “line” operates the drawing window view (a GdpTopView) the of which is a newly created

Line handler then sends the new object a message parameters are the event location coordinates. actual message sent is a parameter to the passi=0A= ve event handler; the example the message is setEndpoint0::. subsequent event handled results in the object being sent another message conta=0A= ining the coordinates of the event (in

the example).

168 CHAPTER 8. APPLICA

8.1.6 Gestures in GDP

This section the addition of gestures to the implementation abo=0A= ve. The gesture

gesture classes, example gestures, and gesture semantics were all added at runti= me,

allowing them to be tested immediately should admit that in several cases it was necessary add some features directly to the existing C code and= recompile. This was partly due to the that GRANDMA ’ gesture subsystem was being developed at the same time as this application, partly to the gesture semantics wanting to access models and = view=0A= s through methods other ones already provided, for reasons such as readability and efficiency 8.1 shows the gesture classes recognized by each the two GDP gesture handlers.

that the gestures expected by a GobjVieware asubset of those expect=0A= ed by a GdpTopViewAllowing one gesture to be recognized by multiple handlers allows the of the todependupontheviewatitisdirected.

Several gestures

(line,rect, ellipse, and text) cause objects to be created. These are recognized by the top level view

, which covers the = enti=0A= re window

, a GdpTopView. When,

examp=0A= le, a line gesture (a straight stroke) is made, line is created, the first endpoint of at the gesture start, while the second endpoint the mouse in a rubberband The semantics the line gesture are:

=3D [Seq :[hand=0A= ler :[[topview translateEndpoint:0

x:<startX> y:<startY>] man=0A= ip =3D [recog scaleXYEndpoint:1 x:<currentX> cx:<startX> cy:<startY>];

(The done expressi=0A= on is assumed to be nil.) When the gesture is recognized, the

handler is sent the mousetool: message, passing the createLine_Mou=0A= seTool as a

parameter

. handler a message to its view’ s wall, and the cursor changes. (Internally ,

handler changes its tool instance variable to the new tool, as Then, a line is created (via

the createLine message sent to the top view), and the new line sent a message which translates

endpoint the starting point of the gesture. enclosed in angle brackets gestural attributes, as discussed in Section 7.7.3.) The :: to Seq, which is used two expressions sequentially returns its last parameter, in case the newly created line, which assigned to recog.

each subsequent mouse input the manipexpression is evaluated. sends the new line (referred to through recog) a message scale itself, keeping the “center ” point (startX,

startY) in the same location, the other endpoint to (currentX, currentY).

The semantics for the rect and ellipse gestures are similar to those of line, the dif ference

the resultant cursor shape the creation message sent to topview. start of the

rectangle gesture controls one corner of the rectangle and subsequent mouse events control other corner

. The start of the ellipse gesture determines the center of the ellipse, and the scaling guarantees that the mouse manipulates a point on the = elli=0A= pse. The rectangle is created so that sides are parallel to the window

. Similarly the ellips=0A= e is created so that its axes are horizontal vertical. after any of the creation gestur=0A= es is recognized never effect the of created object. W only a single mouse for continuous control (two degrees of

8.1. GDP 169

is impossible to independently alter the orientation size, and aspect ratio of the

graphic design choice was made to modify only the size aspect ratio in the creation

gesture; a rotate gesture may subsequently be used to modify the It is still possible, however

, to use othe=0A= r features of the gesture to control additional of

the graphic object. Changing the recog semant=0A= ics of a line gesture to

=3D :[handler :[[[topview translateEndpoint:0

x:<startX> thickness:=0A= [[pathLength DividedBy:40]

Clip:1 :9] ] the thickness of the line to be the length of the gesture divided by 40 and to between 1 and 9 (pixels) inclusive. length the gesture determines the thickness of created line, which can subsequently be continuously manip= ulat=0A= ed into any length.

The dot gesture the user simply presses the mouse without moving it) = has the null

semantics. it is recognized, gesture handler turns itself off immediately

, to propagate past it, and thus allowing what=0A= ever cursor is being displayed to be used as a Thus

GDP , like DP has the of a current mode, accessible via the dot gesture.

The pack gesture has semantics:

=3D [Seq

:[handler

:[topview pack=0A= _list:<enclosed>]];

The attribute <enclosed> is an alias for [handler enclosed]. from 7.7.3 that this message returns a list of objects enclosed by the gesture. list is passed to the

topview, creates the set. long as the mouse button is held down, the pac=0A= k tool will

cause the pack message to be sen=0A= t to any object it touches; those objects will the [parent

pack:self] (the implementation of the pack method) to add themselves to the current set.

The copy, move, rotate, edit, and delete gestures simply bring up their correspond=0A= ing cursors

when aimed at the background (GdpTo=0A= pView) view

. have more interesting when

associated with a GobjView. copy gesture, for example, causes:

[Seq :[handler :copy =3D [[vi=0A= ew viewcopy]

move:<endX> :lastX =3D <end=0A= X>

:lastY =3D manip =3D [Seq :[copy mov=0A= e:[<currentX> Minus:lastX]

:[<currentY> :lastX =3D <endX>

:lastY =3D <endY>]

illustrates that the gesture semantics can mimic the ess= enti=0A= al features of the DragHandler

6.7.9=0A= ). The semantics of the move gesture are almost identical, except that no copy is

made. simpl=0A= er way to do this kind of thing (by reraising is shown when the semantics the GSCORE are discussed.

The delete gesture has

170 CHAPTER 8. APPLICA

8.3: GSCORE’ s cursor menu

=3D [Seq :[handler mousetool:delete_Mousetool]

:[view delete]];

The edit gesture semant=0A= ics are similar .

The rotate gesture has semant=0A= ics:

recog =3D manip =3D [Seq :[handle=0A= r :[view rotateAndScaleEndpoint:0

x:<currentX>

cx:<startX>

cy:<startY>]];

The rotateAndScaleEndpoint: causes one point of the view to be mapped to the coordinate indicated by x: and which keeping the point indicated by cx: cy:

constant. gesture always drags endpoint 0 of a graphic object. would be better to able drag an arbitrary point, as is done MDP

, discussed later .

8.2 GSCORE is a gesture-based musical score editor

Its design is not based on any particular but its gesture set was influenced by the SSSP score= -edi=0A= ting tools [18] and the Notewriter II editor .

8.2.1 brief description of the interface

GSCORE has two interfaces, one gesture-based, other not. Figure 8.3 shows the base=0A= d interface in action. Initially a staff

(the five lines) is presented to the user

. user may call

8.2. GSCORE

Figure 8.4: GSCORE’ palette up additional staves by accessing the staff tool in the “Cursors” menu (which is shown in the In figure 8.4, the user has displayed number of palettes from which he can drag musical symb= ols

onto the staff. can be seen, the user has already placed a number of symbols on the staf= f. The

has also used the down-tie tool to indicate two phrases and the beam tool to add so as to

connect some notes.

1

Both tools work by clicking the mouse on a starting = note=0A= , then touching other

notes. tie tool adds a tie between the initial note and the last one tou= ched=0A= , while the beam beams together all the notes touched during the Dragging a note onto the staff determines its starting time as If a note is dragged approximately the x location as another note, the two are made to sta=0A= rt at the same time are made into a chord=0A= ). the note begins at the ending time of the note (or rest or just before it.Other score objects are positioned like The palettes are accessed via the palette menu, shown figure 8.4. The palettes may dragged around so as to be convenient for the user

The “H” button hides the palette; hidde=0A= n it must be retrieved from the The cursor deletes score events. the mouse button is pressed, dragging the button over objects whi=0A= ch may be deleted causes them to be highlighted. Releas= ing the button such a highlighted object it to be deleted. chord notes may be delet=0A= ed by on their note heads; an entire chor=0A= d by clicking on its stem. a beam is the notes revert

to their unbeamed The gestural interface provides an alternative to the pa= lett=0A= e interface. Figure 8.5 shows the of gestures recognized by GSCORE objects. largest set=0A= , associated with the staf f, all result

1

Note to readers unfamiliar with music notation: tie is a curved line connecting two adjacent notes of the

same pitch. tie indi=0A= cates that the two connected notes are to be as a single note whose duration equals of those of the connected notes. curved line betwe=0A= en adjacent differently pitched notes is a slur, perfo= rmed connecting the second note to the first with no intermediate breath or break. nonadjacent notes, the curved is a phrase mark, which indicates a group of notes that makes up a musical phrase, shown in figure 8.4. In the tie can be used to enter ties, slurs, and phrase beam is a thick line that connects the stems adjacent

notes (again see figure 8.4). grouping multiple short notes together

, beams serve emphasize the metrical structure of music.

172 CHAPTER 8. APPLICA

Figure 8.5: GSCORE gestures

8.2. GSCORE 173

stafevents being created. There are two gestures, and delete, that operate upon score Seven additional gestures are for manipulating not=0A= es.

gesture at a staff creates either a not=0A= e, rest, clef, bar line, time signature, or key signatu= re

object. object created will be placed the staff at (or near) the initial point of ges=0A= ture.

For notes, the x coordinate determines the starting time while the y coordinate determines pitch

class. gesture class determines actual note duration (whole note, half note, quarter eight note, sixteenth note, or thirtysecond and the direction of the Like note the remaining staff gestures use the initial x coor=0A= dinate to determine the stafposition of the crea=0A= ted object. five rest gestures generate rests of various durations. The clef gestures generate the F and G clefs (C clefs may only be dragged f= rom the palette). The timesig

gesture a time signature. the gesture is recognized, the user controls the of the time by changes in the x coordinate of the mouse, the denominator by changes

in y, after the key gesture is recognized, the controls the number of sharps or flats the mouse up or down. When a bar gesture recognized, a bar line is placed in the stafand the cursor changes to the bar cursor the mouse button is held, the newly created bar line extends to any staff touched by the mouse The note-specific gestures all manipulate notes.Accidentals are placed on the note using sharp, flat, and natural The beam gesture causes the notes to be beamed togethe=0A= r

. The

on which the beam gesture begin=0A= s is one of the beamed notes; the beam is extended notes as they are touched after the is recognized. The uptie and downtie gestures operate

similarly

. The dot gesture causes the duration of the note to be multipled 3

2

, typically resulting in a dot being added to a Since a is a score event, and always exists on a staff, gesture which begins on a note either be note specific (e.g. sharp), score-event (e.g. delete), or directed at the staf(e.g.

one of the note first time a gesture is made at a note, the gesture sets are and a classifier that can discriminate between each of them, as in Section Figure 8.6 shows an example session with GSCORE.

8.2.2 and implementation

Figure 8.7 shows where the classes defined GSCORE fit into GRANDMA ’ class hierarchy In

each model class created has a corre=0A= sponding view class for displaying it. new handlers needed to be created for GSCORE; ’ s existing ones proved adequate.

useful views

T wo new views of general utility

, PullDownRowView and PaletteViewwere implemented

the development of GSCORE. A PullDownRowView a row of buttons, each of acti-

vates a popup menu. provides functional=0A= ity similar to the Macintosh menu bar

. A PaletteVi=0A= ew

implements a palette of objects, each of which is copied when dragged. PaletteView instantiates a single DragHandler (Section 6.7.9) that it associat=0A= es with every object on a palette. The handler has been sent the message copyviewON, gives the palette its functionality .

174 CHAPTER 8. APPLICA

Figure 8.6: GSCORE session

Panel (a) shows a blank staff upon which the Gclef gestur e has been entered. (b) show the created tr eble

clef, and a key signatur e) gestur e. recognition, the of flats or sharps can be manipulated the dist=0A= ance the mouse moves above the staff or below the sta= ff, r espectively. (c) shows the created key

signatur e (one flat), and a timesig (time signatur e) gestur e. recognition, the horizo=0A= ntal distance fr the recognition point determines the numerator of the time signatur e, and the distance determines

the denominator

. (d=0A= ) shows the resulting time signatur e, and the (quarter note) gestur e, a vertical oke. this is an upstr oke, the note will hav=0A= e an upwar d stem. initial point of the gesturdetermines both the pitch of the note (via vert=0A= ical position) and the starting time of the note position). Panel (e) shows the crnote, and the 8u (eighth note) gestur the quarter note gestur the gestur e class deter=0A= mines the note’ duration, and gestural attributes det=0A= ermines the note’ s stem dir start time and pitch. Panel (f) shows two 16u note) gestures (combining two steps into Panel

(g) shows a beam gesture. gestu=0A= r e begins on a note, rather than the gestur es men= tion=0A= ed thus far

, begin on a staff. the gesture is r ecognized, the user touches other = note=0A= s in or der to beam them together .

(h) shows the beamed notes, and a flat e drawn on a note. (i) shows the r esultin=0A= g flat

sign added befor e the note, and an 8r (eighth rest) gestur e drawn on the Panel (j) shows the rrest, and delete gesture beginning on the r

(k) shows a 4u (quarter note) gesture drawn ove=0A= r existing quarter note (all symbols in have r ectangular input r egions), the result a chord, as

shown in panel (l).

8.2. GSCORE

Figure 8.7: GSCORE’ class Each palette can implement an arbitrary when one of the dragged objects is dropped. most palettes of score events (notes, rests, clefs, so on), no special action is taken. copied

view becomes a subview of a StaffView when dragg=0A= ed onto a staff. However

, accidentals duration modifiers (dots and triplets) are tools send messages to NoteView objects over them; the NoteView takes care of updating state and creating any accidentals duration modi=0A= fiers it needs. copies that are dragged the palette thus never become part the and so are automatically deleted when dropped.

GSC=0A= ORE Models

W ith the exception of PullDownRowVie=0A= w and PaletteView, the new classes created the implementation of GSCORE are specific to score editing. A Score object represents a score. It contains a list of Staff objects a doubly-linked list (class Dll) of ScoreEvent

objects. Each ScoreEvent has a time fi=0A= eld indicating where in the score it begins; the doubly= -

linked list is maintained in time order

The subclass StaffEvent all classes that can only be associated with a single staff.

A BarLine is not a StaffEvent since it may more than one staf f, and thus maintains a

Set of staves in an instance variable. Similarly

Chord may contain notes from dif ferent as may a Tie and Beam. A DurationModifi=0A= er is not attached directly to a Staff, but instead

with a Note or Beam, so is not a StaffEvent either .

responsibili=0A= ty of mapping time to x coordinate in a staf rests mainly with the Score It two methods timeOf: and xposOf: map x coordinates to times, and times to coordinates, respectively

. Score has the method addEvent: adding events to the list and

delete: and erase: deleting and erasing events. is a kind of “soft” delet=0A= e; the is removed from the list of events, but it is not deallocated or in any other disturbed. A

176 CHAPTER 8. APPLICA use would be to erase an object, change its time field, and then add it to the score, moving it in time.

Each ScoreEvent implements the tiebreaker message; this orders score eve=0A= nts

that occur simultaneously

. is importan=0A= t for determining the position of score events; bar must come before clefs, which must come before signatures, and so on. Besides the ord=0A= er events will appear on the staff, tiebreakers are = impo=0A= rtant because they maintain a ordering of sco=0A= re events which can be relied upon throughout the code.=

Particular ScoreEvent classes have implementations. Note has variables tha=0A= t contain its pitch, raw duration (excluding duration mo= di=0A= fiers), actual duration, direction, back to any Chord or Beam that contain it, and poin=0A= ters to Accidental and

DurationModifier object=0A= s that apply to it. has messages for most of those, and

consistency between depen=0A= dent variables. are able to delete themselves grac=0A= efully first by removing themselves from any beams or chords in which they participate, and deleting any accidentals or duration modifiers attached to them, finally deleting themselves from the Other scor=0A= e events behave similarly .

Sending a ScoreEven=0A= t the time: which changes its time, results in its Score

being The score takes care to move the ScoreEvent to correct place in its list of

events. is acc=0A= omplished by first erasing the event from the score, = and then adding it While the internal representati=0A= on of scores for use in editing is quite an topic in its

right [20, 83, 88, 29] it tangential to the main topic, gesture-based has now been described in enough detail so that the implementation of the user interface, as = well as

the gesture semantics, can be These are now described.

GSCORE V iews

expected from the MVC paradigm, there is a View subc=0A= lass corresponding to each of the Modeldiscus=0A= sed above. ScoreView provides a surprisingly

, instances of StaffView

subviews of ScoreView. more surprisingly, all ScoreEventView objects also subviews of ScoreView. For simplicity the various

StaffEventView classes are not

of the StaffView upon which they are drawn. simpli=0A= fies screen update, since the

ScoreView need not traverse a nested structure to search for objects need It is often necessary for a to access related views; for example a BeamView needs to

communicate with the NoteView or ChordVie=0A= w objects being beamed together

. is for the views to keeps pointers to the views in instance variables. is very common in

MVC-based systems: between views mimic relations between the corresponding

is the task of the programmer to keep these consistent as the model objects added, or modified.

one sense, this is one of the costs associated with the MVC paradigm. modularity

, MVC dictates that views and be separate, and that models make no their views (except indirectly through a model’ list of dependents). benefit is that models may be written cleanly

, and each may have vie=0A= ws. Unfortunately

, the separation results redundancy at best (since the structure is maintained both pointers between models and between views=0A= ), and inconsistency at worse (since the two can get “out of sync”). Also,

8.2. GSCORE 177

to a model’ s relationship to other models requires pa= rall=0A= el changes in the corresponding

views. dupli=0A= cation, noticed during the initial construction of seemed to be to the ideals of object-orient=0A= ed programming, where techniques such as inheritance are = util=0A= ized to

avoid duplication of attempts to address this problem of MVC in a way

. The problem is by the taboo prevents a model from explicitly referencing its view(s)= .GRANDMA maintains

taboo, but provides a mec=0A= hanism for inquiring as to the view of a given In order to

the possibility of views of a single model, the query is sent to a con=0A= text object; the context, a model at most one view

. implementation requires a context be a kind of

View View ...

� setModelOfView:v f � associates v with [v model] � / g

� getViewOfModel:m f / � r eturns view associated with m � / g

implementation is done using an association lis=0A= t per context: given a context, the setModelOfView: a view with its model the context. Objective C’ s object uses hashing internally

, so typically operates in constant of the number of associations. result is a of inverted index, mapping models

to GSCORE, only a single context is used (since there is only one view per model), for convenien=0A= ce, is the parent of all ScoreEventView objects, ScoreView. The various

subclasses of ScoreEventView no longer have to keep consistent a of pointers to related ob-

jects. example, a BeamView needs only to query its model for list of Note and/or Chord

models that it is to beam together; it can then ask each of models m for its view via getViewOfM=0A= odel:m]. The instance variable parent here refe=0A= rs to the ScoreView of which

the BeamView is a subview

. the problem of keeping parallel structures consistent is elimi-

nated. drawb=0A= ack, however

, is that it is now necessary to the inverted index as are created and deleted=0A= .

that the problem of how views access thei=0A= r related views has been solved, ing view is straightforward. (Section 6.5) that whe=0A= n a model is modified, it sends

itself the modified message, which results in all its dependents (i=0A= n particular its view) get-

ting the message mod=0A= elModified. The default implementation of modelModif=0A= ied results

in updatePicture sent the view and all of its subviews (Section Norma=0A= lly ,

updatePicture the method that is directly responsible for querying the model and to

the graphics. ScoreEventView overrides updatePic=0A= ture, and the task of actually graphics for a score event is relegated to a new method, createPicture, implemented each of ScoreEventView’ s subclasses. ScoreEventView’ s updatePicture sends itself

createPicture, but also does some additional work to be shortly .

an example, consider what happens when the pitch of a note is changed. When a Note

is sent the abspitch: whic=0A= h changes its pitch, it updates its internal state sends

itself the modified (Changingthe pitchmight resultin Accidental added or deleted from the score, a possibility ign=0A= ored for now

.) This Note’s NoteView will get

sent createPicture, and query model (and the Score and Staff objects of model) to

178 CHAPTER 8. APPLICA the kind and position of the note head, well as the stem direction, if needed. proper note head is selected from the music font, and on the staff (with ledger lines if necessary) the determined location.

One reason for ScoreEvent’ s updatePicture sending createPicture is to test a single place the possibility the view may have moved since the last time it dra=0A= wn. In

particular

, if the x coordinate of the right edge of the view’ s bounding box has chan= ged, this is an

that the score events the this might have to be repositioned. If so, the Score is sent a message to this and takes care of changing the x position of affected Another reason for the extra in creating pictures is to stop a recursive message attempts create a picture currently being a possibility in certain Adding or a ScoreEvent causes the Score object to send its=0A= elf the modified

message. doing so, creates a record indicating exactly what was Whe=0A= n notified, its

ScoreView object will request that record, creating or deleting ScoreEventViewas required.

ScoreView uses an association to associate view classes with model classes; it can t= hus send

the createViewOf: to the approp=0A= riate factory .

ScoreEventViewfunction virtual tools, performing the action scoreeventview:.

(This default is overridden by AccView, Dur=0A= ModView, BarLineView, and TieView, as these

do not operate on StaffViews.) only class that handles scoreeventview: is StaffView. A version of GenericToolOnViewE=0A= ventHandler dif ferent than the in Section 6.7.7 is associated with class . This version is a kind of

GenericEventHand=0A= ler, thus more parameterizable than the discussed earlier

. The

associated StaffViews has its parameters set so that it perform=0A= s its immediately (as soon as a tool dragged over a view which accepts its action), tha=0A= n normal behavior of providing immediate feedback and performing the action when is dropped on the view .

Thus, when a ScoreE=0A= ventView whose action is scoreeventview: dragged over a

StaffView, the StaffView immediately gets sent the message scoreeventview:with

the tool (i.e. the ScoreEventView) as a parameter

. The first step is to eras=0A= e: the model

of the ScoreEventView the score, if possible. The StaffView then its model’ s

Score the timeOf: message,withparameterthexcoordinateoftheStaffEventVie=0A= w being

dragged. time returned is the time of the ScoreEventView’ s model, which then

added to the score. a subsequent drag event of the ScoreEventView results in scoreeventview: message to be sent to the StaffView, the process is repeated again. Thus

the user drags around the ScoreEventView, the is continuously updated, and the of the immediately reflected on the display

Though have dif ferent actions, AccView, TieView, DurModView, and BarLineView

tools operate simil=0A= arly to the other ScoreEventViews. explain their functionality the non-gesture-based inte=0A= rface, the next section discusses the semantics of the = gest=0A= ural interface to

GSCORE.

8.2. GSCORE 179

GSCORE’gesture semantics

The gesture semantics rely heavily on the palette interface described above. palettes first created, every view placed the palette is named and made accessible via the “A= ttri=0A= butes”

in the gesture semantics window (s=0A= ee Sections 7.7.2 and 7.7.3). is then a matter the gesture semantics to simulate a copy of the view onto the staff (see Section 7= .7.1=0A= ). For

consider the semantics of 8u gesture, which creates an eighth note with an stem:

=3D [[[noteview8up viewcopy] at:<startLoc>=0A= ]

reRaise:<currentEvent>];

The name noteview=0A= 8up refers to the view of the eighth note with up stem placed in palette during program initial=0A= ization. That view is copied (which results in the being copied well), moved to the starting locati=0A= on of the gesture (another “Attribute”), and the currentEvent

(another “Attribute”) is using this view as the tool and its location as event This simulates the actions of the DragHandler, and since startLoc is to be the staf f (otherwise these would never have been executed) the effect is to p= lace an eighth

note into the score. semanti=0A= cs (the only difference is the view being copied) = are used for other note gestures, as well as all rest gestures and clef The semantics the bar gesture is similar to that of the note ges=0A= tures, the difference being a mouse tool is used rather than a virtual (view) tool.

recog =3D [handler mousetool:

reRaise:<currentEvent>

at:<startLoc>]];

timesig gesture for creating time signatures is more inte=0A= resting. After it is recognized, x

and y of the mouse control the numerator and the denominato=0A= r of the time signature, respectively:

[Seq :sx =3D <currentX>

:sy =3D :[[[t=0A= imesigview4_4 viewcopy] reRaise:<currentEven=0A= t>]]

manip =3D [[recog timesig:[[[<currentX> Minus:sx]

DividedBy:10] Clip :1 :[[[<curr=0A= entY> Minus:sy]

DividedBy:10] Clip :1 Note that the recog expression is similar to others; a view from the palette is copied, the staff, and used as a tool in the reraising of an event. The manip expression, in does not operate on the level of simulated drags. Instead, it accesses the model of the created TimeSigView directly

, sending it the time=0A= sig:: message which sets its numerator denominator

. division by 10 means that the mouse has to move 10 pixels in order to change unit. The Clip:: ensures the will be between 1 and 100, inclusive. purposes, it is probably better to only use of two for the denominator

, but unfortunately toThe: message has been implemented in TypeInt (though it would be simple to do).

180 CHAPTER 8. APPLICA

The key signature gesture (key) works similarly

, except that only the y coordinate of the is used (to control the number of accidentals in the= key signature):

=3D [Seq :sy =3D <currentY>

:[[[keysigview1sharps at:<startLoc>]

manip =3D [[recog model] keysig:[[[sy DividedBy:10] Clip:[0 Minus:=0A= 6] :6]]

positive value for key signature indic=0A= ates the number of sharps, a negative one the (negatio= n

of the) number of flats. The awkward Minus:6] is used because the author failed to creation of negative numbers with the “new int=0A= ” The above gestures are recognized made on the staff. The delete and move gestures are

only recognized when they begin on Sco=0A= reEventViews. The semantics of the delete gestu=0A= re

are:

=3D [Seq :[handler mousetool:del=0A= ete_MouseTool]

:[view delete]];

the cursor

, and deletes the view that the gesture b= egan on. The latter effect also have been ach=0A= ieved using reRaise:, but the above code is simpler .

The move gesture simply restores the cursor and reraises it at the starting location the gesture, relying on the fact that in the non-gestu= re-b=0A= ased interface, score events may be with mouse:

=3D [[handler mousetool:normal_MouseTool]

reRaise:startEvent];

addition to gestures that apply to any ScoreEventView, NoteVi=0A= ew recognizes a few

of its own. gestures for adding accidentals to notes (sharpflat, and natural) access the

object directly

. example, the semantics of the sharp gesture are:

=3D [[view acc:SHARP];

The beam gesture changes the curs=0A= or to the beam cursor and simulates clicking the cur=0A= sor

on the NoteView at the initial recog =3D [[handler reRa=0A= ise:startEvent];

The tie gestures (uptie and downtie) could have been implemented similarly

Instead, a of the above semantics the mouse cursor to revert to the normal cursor the mouse is released after the gesture is over:

=3D [Seq :[handler mousetool:tieUpEvent_MouseToo=0A= l]

:[tieUpEvent_MouseTool mani=0A= p =3D :[tieUpEvent_MouseTool done =3D [Seq :[tieUpEvent_MouseTool :[handler mousetool:normal_MouseTool]];

8.3. MDP 181

The dot gesture accesses the Note’s raw duration, multiplies it by

3

2 and change=0A= s the to the result. The note will the appropriate dot in the score when it receives new duration

=3D [Seq :m =3D [view model]

:[m dur:[[[m rawdur] Times:3] man=0A= ip =3D recog;

The manip =3D recog stateme=0A= nt itself does nothing of itself, but by virtue of being non-nil,

gesture handler does not relinqu=0A= ish control until the mouse button is W ithout statement, the mouse cursor tool it happens to be) would operate on any view it (whatever

dragged across after the dot gesture was recognized=0A= .

8.3 MDP

is gesture-based drawin=0A= g program that takes multi-finger Sensor Frame as input.

primarily a demonstration of multi-path gesture recognition, MDP also shows how be incorporated cheaply and quickly into a non-object-ori= e=0A= nted system. This is in contrast which, whatever its merits, requires a great deal of m= echa=0A= nism (an user interface toolkit appropriate hooks) before gestures can be incorporated.

The user interface to MDP is similar to that of . The user makes gestures, which in vari=0A= ous geometric objects being created and main dif ferences are due to the

difinp=0A= ut devices. addition to classifying multiple gestures, MDP uses multiple fingers

the manip=0A= ulation phase. allows, for example, a graphic obje=0A= ct to be rotated, translated, scaled simultaneousl=0A= y .

8.8 shows an example MDP Note that how , once a gesture has been recognized,

fingers may be brought in and out the picture to manipulate various finger tracking imbues the two-phase interaction even more power than the path two-phase int=0A= eraction.

8.3.1 Internals

shows the internal architecture of MDP

. The lines ind= icat=0A= e the main data flow paths

the various modules.

the gesture-based systems built using GRANDMA, when MDP is first started, a set gesture training examples is read from a Theseareusedtotrainthemulti-pathclassifierdescribed in Chapter 5. itself provides no facilit=0A= y for creating or modifying the a separate program is used for this The Sensor Frame is not integrated with the manager on the IRIS, making the of input more difficult than the handling of mouse inp= ut. In particular

, coordinates returned Sensor Frame are absolute screen coordinates in an arbit= rary scale, while the window generally window-relative coordinates to be used. the IRIS windowing supports general transformations on a per-window basis, which MDP as When started, MDP creates a window on the screen, and reads an alignment file to the coordinate transformation for mapping window coordinat=0A= es to screen coordinates that makes the

182 CHAPTER 8. APPLICA

Figure 8.8: example MDP sessi=0A= on

This figur e consists of snapshots of a vide=0A= o of an MDP session. panels have been retouch=0A= ed to make

the inking mor e appar

Panel (a) shows the single finger line gestur e, whi=0A= ch is essentially the same

as GDP’ s line gestur e. As in GDP the start of the gestu=0A= r e gives one endpoint of the line, while the other endpoint is dragged by the gesturing finger after gestur e is r ecognized. fingers may used

to control the line’ color and thickn=0A= ess. (b) shows the created line, and the rectangle gestur e, again

the same as s. the gesture is recognized, additional finge=0A= rs may be br ought into the sensing to contr ol the rectangle’ s color thickness, filled pr operty , as shown in panel (d) shows the

circle gesture, which analogously

. Panel (e) shows the two finger parallelogram gestur e. After gestur e is recognized, the two gesturing fingers contr ol cor=0A= ners of the parallegram. An additional finger

8.3. MDP

Fig 8.8 (continued)

in sensing plane will then contr ol a thir d corner all=0A= owing an arbitrary parallelogram to be enter

Pan=0A= el (f) shows the edit color gestur e being at the newly created parallelogram. this gestur e is

recognized, the parallelogram’ and filled pr operty may be dynamically

Panel (g) shows

the thr ee finger pack (gr oup) gestur e. During the pack interaction, all object touched by any of the e gr ouped into a single set. Herthe r ectangle, and circle ar e gr ouped together to = make a cart. Panel

(h) shows the copy e. the gestur e is recognized, the indicated by the first point of gestur

(in this case, the cart) is dragged by the finger

, as shown in panel fingers

allow the color edge and filled pr operty of the copy to be as shown in panel

(j).

Circle and rectangl=0A= e gestur es (both not shown) wer e then used create some additional shapes. Panel shows the two finger rotate gestur e. it is recognized, each of the two fingers become = atta=0A= ched to respective points where they fir=0A= st touched the designated object. moving the finge=0A= rs apart or together ,

rthe and moving the hand,the object maybesimultaneously

= scal=0A= ed,rotated, and translated shownin panel(l=0A= ). fingers ar e not touching the object due to the delay in getting the input data efr eshing the screen.) Panel (m) shows the delete gestur e being used to delete a rNot shown armor e deletion and crgestures, leaving the drawing in the state shown pan=0A= el (n). Panel (n) the thr ee fing=0A= er undo gestur e. r ecognition, the r ecent creation or deletion is undone. fingers up causes more and mor e to be undone, while moving the fingers down allows u= ndon=0A= e

operations to be redone, interactively

(o) shows a state during the interaction wher e man= y operations

have been undone. this implementat=0A= ion, creations and deletions ar e undoable, but changes are

not. explains why

, in panel (o), only the cart items r emain (undo back to p= anel (e)), but those items arin the they assumed in panel (m).

184 CHAPTER 8. APPLICA

8.9: MDP internal structure

8.3. MDP 185

coordinate system identical with the Sensor Frame coordinate If the given window

and position has not been seen before (as indicated by the alignment the user is to go through an alignment dial=0A= ogue before proceeding (this also occurs when the occurs

moved or resized). T dots are displ=0A= ayed, one in each corner of the window

, and the is asked

to touch each dot. data are used to make window coordinates exactly match Frame

coordinates. transformation for coordinates to screen coordinates is done by the IRIS software, and does not have to be considered by res=0A= t of the program. The parameters are the alignment file to avoid having to repeat the pro= cedu=0A= re each time MDP is started.

2

initialized, the MDP begins to read data from the Frame. The current Sensor Frame

by polling, and typically returns data at the rate approximately 30 snapshots

per second. “Rec=0A= eive Data” module performs the path tracking (see sec= tion 5.1) and snapshot records consisting of the current time, number of fingers seen by the frame, = and tuples

(x; y; ieach finger, (x; y) being the fing=0A= er ’ s location in the frame. The i is path identifier

, determined by the path tracke=0A= r

. The intent is that a given value of i represents the same finger successive snapshots.

Normally

, MDP is in its W

AIT state, wher=0A= e the polling indicates that there are no fingers the

plane of the frame. one or fingers enter the field of view of the frame, more COLLECT state

is entered. successive snap=0A= shot is passed to the “calculate features” module, = whic=0A= h performs

the incremental feature The COLLECT state ends when the user removes all fin=0A= gers the frame viewfield or stops moving for 150 milliseconds. timeout interval is by user

, but 150 milliseconds has been found to work well.) a mouse user

, it is ficult Sensor Frame users to hold their fin=0A= gers perfectly still, so a threshold is used to when the

user has not moved. other words, the threshold determines the amount of movement between successive snapshots that is to count as “n=0A= ot moving.” This is done by comparing to the error metric calculated during the path tracking (sum of squared distances correspond=0A= ing points in successive Once the gesture has been collected, its feature vectors are passed the multi-path classifier which returns the s class. the recognition action associated the class is up in the action table executed. long as at least one finger in the field of view

, manipulation of the class is executed.

Many of ideas for specifying gesture semantics are used MDP

. Although

does not have a interpreter

, there is a table specifying the action and

manipulation action for each it would be possible for the tables to be construct=0A= ed runtime, currently the table is compiled into MDP

. Each row in the entry for a class consists finger specification, the name of a C functio=0A= n to call to execute the row

, and a constant argum= ent

to pass to the function. finger speci=0A= fication determines which finger coordinates to pass as=

additional arguments to the the table entries for the MDP line gesture, to the GDP line gesture:

ACTION(_LINErecog)

f ALWAYS, BltnCreate, g,

2

resizing the window often requires the alignment to be repeated, a problem that would of have to be fixed in a production version of the pr= ogra=0A= m.

186 CHAPTER 8. APPLICA f START(0), BltnSetPoint, 0, gEND_ACTION

ACTION(_LINEmanip)

f CURRENT(0), BltnSetPoint, 1, g,

f CURRENT(1),BltnThickness, 0, g,

f CURRENT(2), BltnColorFill, 0, g,

When a line gesture is recognized, the _LINErecog action is executed. first line results in the call BltnCreate(Line) being The ALWAYS means that this row is not any particular finger

, thus no finger coordinates passed to BltnCreate. The next results in BltnSetPoint(0, x

0s y

0s

) being called, where (x

0s

; y

0s

) is the initial point of the finger (finger 0) in the gesture.

snapshot after the line gesture has been the _LINEmanip action is

executed. line causes BltnSetPoint(1, x

0c

; y

0c

) be called, where (x

0c y

0c

) is current location of the first finger (finger next line causes BltnThickness(0, x

1c

; y

1c to be called, (x

1c

; y

1c

) being the current location of the second finger

. Similarly the third line causes

BltnColorFill(0, x

2c

; y

2c

) to If any of the fingers named in a of the action are not actually in the field of of the

frame, that line is ignored. example=0A= , the line gesture in MDP

, as in ,isasingle straight

stroke. after reco=0A= gnitionthere willonlybe one finger seen by the f= rame=0A= , namely finger

zero, so the lines beginning CURRENT(1) and CURRENT(2) will not be executed. If a finger is now inserted into the viewfield, both the CURRENT(0) and CURRENT(1) lines will be

executed every snapshot. initial finger is now removed, the CURRENT(0) will no be executed, until another is placed in the The assignment of fi=0A= nger numbers is done as follows: the gesture is first recognized, finger is assigned its inde=0A= x in the path sorting (see Section 5.2). the manipulation when a finger is removed, number is fr eed, but the numbers of the remainin=0A= g fingers stay the

same. a finger enters, it is assigned the smallest free number

The sem=0A= antic routines (e.g. BltnColorFill) with each other (and successive

to themselves=0A= ) via shared variables. these functions are defin=0A= ed in a single file with the variables decl=0A= ared at the top. there are no fingers in the viewfield, the call BltnReset() made; function is to initialize the shared variables. MDP

, all shared variables are initialized

by BltnReset=0A= (); from this it follows that the interface is modeless. Another system might state retained across calls to BltnReset()example, the current selection might this way .

The Bltn... manipulate the drawing elements through a package of routines. The=

implementation of those routines is to the implementation of the GDP objects. than go into detail, the underlying routines are summari= zed. MDP declares the following types:

enum f Nothing, Line, Circle, SetOfObjects g Type;

8.3. MDP 187

struct f /

� ... � / g �Element;

typedef struct f /

... � / g �Trans;

the following declarations for expositional Element e; /

� a graphic object � /

Type type; /

� the type a graphic object � /

int /

� coor dinates � p; /

� a point number: 1, 2, 3 � /

int thickness, BOOL b;

Trans tr; /

� a tra=0A= nsformation matrix � /

The Element is a pointer to a structure representing an element a drawing, which is either a

Line, Rect, Circle or SetOfObjects. The Element structure includes an array of for element types which need them. A Line has points (the endpoints), a Rect has point=0A= s (representing three corners, thus a Rect is actua=0A= lly a parallelogram), and a Circle points (the center and a point on the SetOfObjects contains a list of eleme=0A= nts which make up a single composite element.

Ele=0A= ment StNewObj(type) a new element of the pass=0A= ed type to the drawing, and

a handle=0A= . Initially all the points in the element are mar=0A= ked uninitialized. Any with uninitialized points will not be drawn, with the exception of objects, which be drawn parallel to the axes if point 1 is uninitialized.

p, x, y) changes point p of element e to be (x,y). Returns F iff e has no point p.

&x, &y) sets x and y to point p of element e. Returns F

ALSE iff e has

no point p or point p is uninitiali=0A= zed.

StDelete(e) deletes object e from the drawing.

StFill(e, b) e filled if b is TRUE, otherwise e unfilled. This only applies

circles and rectangles, which will be only have their dra=0A= wn if unfilled, will be “colored in.=0A= ”

StThickness(e, t) the thickness of e’ s borders to t. to circles, rectangles,

and lines.

StColor(e=0A= , color) changes the color of e to colo=0A= r, which is an index into a standard map. If e is a set, all members of e are changed.

StTransform(e, tr) the transformation tr to e. general, tr can cause tions, rotations, and scalin=0A= gs in any combination.

StMove(e, x, y)is a special case of StTransform which translates e by the vector

(x,y).

188 CHAPTER 8. APPLICA

StCopyElement(e) adds an identical copy of e to the drawing, which is also returned. If e a set, its elements will be recursively copied.

StPick(x, y) the element in the drawi=0A= ng at point (x,y), or NULL if there is no element

there. The topmost element at is returned, where elements created later are considered=

to be on top of elements created earlier thickness and “filled-ness” of an element considered when determining if an element is at (x,y).

StHighlight(e, b) on highlighti=0A= ng of e if b is TRUE, off otherwise. Highlighting currently implemented by the object.

StUnHighlightAll() ofhighlighting on all objects in the drawing.

StRedraw() the entire picture on the . Double buffering is used to changes.

StCheckpoint() the current sta=0A= te of the drawing, which can be later restored StUndoMore.

StUndoMore(b) drawing to its previously checkpointed state (if b is TRUE). Each

successive call to StUndoMo=0A= re(TRUE) to a previous state of the pictur=0A= e until the

of the picture when the progr=0A= am was started in reached. performs a redo, the effect of last StUndoMore(TRUE). Successive calls StUndoMore(FALSE) eventually restore a to its latest checkpointed state.

AllocTran(=0A= ) a transformation, which is initialized the identity transforma-

tion.

SegmentTran(tr, x0,y0, x1,y1, X0,Y0, X1,Y1) sets tr to transformation sisting of a rotation, by a scaling, followed by translation, the net efof would be to map a line segment endpoints (x0,y0) and (x1,y1) to one end-

points (X0,Y0) and (X1,Y1).transformationcreationfunctionsexist,butthisisonly one used directly by the gesture semantic=0A= s.

JotC(color, x, y, text) the passe=0A= d text string on the screen in the passed color

, a= t

the point (x,y). text will erased at the next call to StRedraw.

8.3.2 MDP gestures and their semantics

Now the basic primitives used by MDP have been described, = the actual gestures used, and effect and implementat=0A= ion are discussed. 8.10 shows typical examples the MDP gestures

used. is described in turn.

Line The line gesture creates a with one endpoint being the start of the gesture, other

finger 0 after the gesture been recognized. 1 (which must be brought after the gesture has been recognized) controls the thickness of the line as follows: the point

8.3. MDP

Figure 8.10: MDP where finger 1 first enters is displayed on the the thickness of the line is to the ference in y coordinate of finger 1’ s current poi=0A= nt and initial point. Finger 2 the color of the line in a similar manner

. a color is represented simply by an index a The action table entry for line has already been listed in the previous section. C routines

called are listed here:

f

E =3D shouldCheckpoint TRUE;

g

BltnSetPoint(arg, gx, gy) f

if(E) StUpdatePoint(E, arg, gx, g

BltnThickness(arg, gx, gy) f int x, t;

if(tx =3D=3D �1) tx =3D gx, ty =3D gy;

if(!E) return;

x =3D arg=3D=3D0 abs(tx=0A= �gx) : abs(ty�gy);

Scale(x, 1, 2, 1, 100);

StThickness(E, JotC(RED, tx, ty, arg=3D=3D0 ? "TX%d" t);

190 CHAPTER 8. APPLICA

JotC(RED, gx, gy+10, "t");

g

BltnColorFill=0A= (arg, gx, gy) f int color, if(!E) ret=0A= urn;

if(cfx =3D=3D �cfx =3D gx, =3D gy;

fill =3D Scale(cfx � gx, 1, 10, �1, 1);

StFill(E, fill >=3D color =3D Scale(cfy � gy, 1, 25, �15, 15);

if(color < 0) color =3D �if(color =3D=3D 0) color =3D StColor(E, color);

JotC(GREEN, cfx, cfy, "CF%d/% d", color, JotC(GREEN, gx, gy+10, "cf");

g

Scale(i, num, den, low, high) f

int j =3D i � num;

int k =3D j >=3D 0 ? j/d

: �((�j)/d en);

k low ? low : k > high ? high k;

g

The BltnReset() function sets E to NULL, and sets tx, tycfx, and cfy all to -1.

BltnR=0A= eset() calls StCheckpoint() if shouldCheckpoint is TRUE and then sets

shouldCheckpoint to FALSE.

The functions and BltnColorFill feedback to the by

some text (“TX” and respectively) that indicates the location that the first

entered the viewfield. text (“t” and “cf ”) is drawn at the app= ropr=0A= iate fingers,

to the user which finge=0A= r is controlling which parameter.

Rectangle The rectangle gesture works similarly to the line gesture. After the gesture is a rectangle is created, one corner at the starting of the gesture, the opposite corner

fin=0A= ger 0. 1 and 2 control the thickness color as with the line Finger 2 also controls whether or not the rectangle is filled; it is to the left of where it

the rectangle is filled, otherwise not.

ACTION(_R=0A= ECTrecog)

f ALWAYS, (int)Rect=0A= , g,

f 0, g,

ACTION(_RECTmanip)

f CURRENT(0), BltnSetPoint, 2, g,

f CURRENT(1), BltnThickness, 0, gf CURRENT(2), BltnColorFill, 0, gEND_AC=0A= TION

8.3. MDP 191

Circle The circle gesture causes a circle to be the starting point of the gesture being , and a point on the circle controlled by finger 0= .Fingers 1 and 2 operate as they do the rectangle gesture. Its semantics of the circle gesture are almost identical that of the gesture, and are thus not shown here.

Edit color gesture lets the user edit the color and =0A= “filled-ness” of an existing object. the gesture on an object edits that Otherwise, the user moves finger 0 until he object to edit. Once selected, finger 0 determines color and fill properties of the as finge=0A= r 2 did in the previous gestures.

ACTION(_COLORreco=0A= g)

f START(0), BltnPick, 0, g,

END_ACTION

ACTION(_COLORmanip)

f CURRENT(0), BltnPickIfNull, 0, g,

CURRENT(0), BltnColorFill, 0, gEND_ACTION

BltnPick(arg, gx, gy) f

=3D StPick(gx, if(E) px =3D gx, py =3D gy;

g

BltnPickIfNull(arg, gx, gy) f if(!E) BltnPick(arg, gx, gy);

g

Copy The copy gesture picks an element to be copied in the same manner as the edit-color gesture

above. copied, finger 0 drags the copy around, while finger 1 can be used to adjust

the color and thickness of the copy .

ACTI=0A= ON(_COPYrecog)

f BltnPick, g,

END_ACTION

f CURRENT(0), BltnPickIfNull, 0, g,

f CURRENT(0), BltnCopy, 0, g,

f CURRENT(0), BltnMove, 0, g,

f CURRENT(1), BltnColorFill, 0, g,

END_ACTION

the interest of brevity the C routines will no longer be listed, since are very similar to

those already seen.

192 CHAPTER 8. APPLICA

Move Move is a two-finger “pinching” gesture=0A= . object is picked as in the previous gestures,

and then tracks finger 0.

ACTION(_MOVErecog=0A= )

f START(0), BltnPick, 0, g,

END_ACTION

ACTION(_MOVEmanip)

f CURRE=0A= NT(0), BltnPickIfNull, 0, g,

f CURRENT(0), BltnMove, 0, gEND_ACTION

Delete The delete gesture picks an object just like the previous gestures, and then deletes it.

ACTION(_DELETErecog)

f Bltn=0A= Pick, 0, g,

ACTION(_DELETEma=0A= nip)

f CURRENT(0), 0, g,

f CURRENT(0), BltnDelete, 0, g,

END_ACTION

Parallelogram parallelogram gesture is a two-finger corner of the is determined by initial location of fingers 0; an adjacent corner finger 0, and opposite corner tracks 1. a third finger (finger 2) moves initial point of the

parallelogram.

ACTION(_=0A= PARArecog)

f ALWAYS, (int)Re=0A= ct, g,

f 0, g,

ACTION(_PARAmanip)

f CURRENT(0), BltnSetPoint, 1, g,

f CURRENT(1), BltnSetPoint, 2, ,

f CURRENT(2), BltnSetPoint, 0, g,

END_ACTION

Rotate Rotate is a two-finger gesture. object is picked with eith=0A= er finger

. At the time of pick, each finger becomes attached to a point on the picked ob= ject=0A= . Each finger then drags respective point; the object can thus be rotated by rotating the fing= ers, scaled by moving fingers apart or , or translated by moving the fingers in parallel.

ACTION(_ROTATErecog)

f BltnPic=0A= k, 0, g,

f BltnPickI=0A= fNull, 0, g,

END_ACTION

8.3. MDP 193

ACTION(_ROTATEmani=0A= p)

f CURRENT(0), BltnPickIfNull, 0, g,

f CURRENT(1), BltnPickIfNull, g,

f CURRENT(0), BltnRotate, g,

f CURRENT(1), BltnRotate, g,

END_ACTION

Pack The pack gesture is a three-finger gesture. objects by the any of the fingers added to a newly created SetOfObjects.

END_ACTION

ACTION(_PACKmanip)

f CURRENT(0=0A= ), BltnPick, 0, g,

f BltnAddToSet, 0, g,

f BltnPick, 0, g,

f BltnAddTo=0A= Set, 0, g,

f BltnPick, 0, g,

f BltnAddToSet, 0, g,

END_ACTION

Undo The undo gesture is also a three-finger gesture, a “Z” made with three fingers

parallel. it is recognized, moving finger up causes more and more of edits to be undo=0A= ne, and moving finger 0 down causes those edits to redone.

ACTION(_UNDOrecog)

f CURRENT(=0A= 0), BltnUndo, 0, g,

ACTION(_UNDOmanip)

f 0, g,

END_ACTION

Discussio=0A= n

is the only system known to the author which uses non-DataGlove multiple finger Thus, a brief discussion of the gestures themselves MDP’ s single finger gestures are directly from GDP

After recognition, additional fing=0A= ers

be brought into the sensing plane control additional parameters. an finger is first brought into the sensing plane bec=0A= omes the position that gives the current value the parameter which that finger controls; the of the finger relative to this initial deter=0A= mines the new value of the parameter

. relative control was felt by the author to be awkwar=0A= d than other possible schemes, though this of course ne= eds to be studied more thoroughly .

194 CHAPTER 8. APPLICA multiple finger gestures are designed to be intuiti=0A= ve. The parallelogram gesture is, example, two fingers making the rectangle gesture in parallel. The move gesture is meant to a pinch, whereby the object touched is grabbed and then around. The two finger rotate

gesture allows two distinct points on an object to be selected caref= ully

. During the manipulation

each of these points tracks a finger, allowing for very translation, rotation, and

of the The three finger undo gesture is intended to simu=0A= late the use of an eraser on a

The Sensor Frame is not a perfect device for gestural inp= ut. One problem with the Sensor is that sensing plane is slightly above the surface of the scr= een. It is difficult to precisely pull finger out without changing its position. often in parameters that were carefully during manipulation phase of the interaction being changed accide= ntal=0A= ly as the interaction This problem happens often in multiple finger gestures, where, due to probl= ems with the Sensor

removing one finger change the reported position of other fingers even tho= ugh those

fingers have not moved. it is mor=0A= e difficult to pull out one finger carefully other must be kept still in the Finally

, it does not take very long for gesturer ’ s arm to tired when using a Sensor Frame attached to a vertically mounted display

In MDP the two-phase interaction technique is app=0A= lied in the context of multiple fingers. finger ’ s position represents two degrees of freedom= , multi-path interactions allow many more

to be manipulated than do single-path Also, since people are used to

with than one finger

, multiple fingers potentially for more natural Even though sometimes one or two fingers are used to enter the part of the additional fingers can be utilized in the manipulation phase. result a new interaction

that needs to be studi=0A= ed further .

8.4 Conclusion

chapte=0A= r described the major applications which were built to = demo=0A= nstrate the ideas of this

thesis. T and GSCORE, were built on top of GRANDMA, and show single-path

may be integrated into MVC-based applications. The third, MDP demonstrates the multi-path gestures, and shows how gestures be integrated in a quick and dirty fashion in non-objected-oriented context.

Chapter 9

Evaluation

previous chapters report on some algorithms and systems = used in the construction of based This chapter attempts to evaluate how well those algorit= hms and systems When possible, quantitative evaluati=0A= ons are made. not, subjective or anecdotal evidenc=0A= e is

presented.

9.1 recognition

Chapter 3 presents an algorithm classifying single-path gestures. this section performance

the algorithm is measured in variety of ways. the recognition rate of is measured, as a function of the numb=0A= er of classes and the number of training By

the gestures that were various sources of errors are uncovered. effect of the rejection parameters on performance is studied. the classifier is tested

on a number of dif ferent gesture Finally tests are made to determine how well a trained by one person recognizes the gestures another .

9.1.1 Recognition Rate

The r ecognition rate of a classifier is the of example inputs that it correctly classifies. section, the recognition rates of a number of classifiers trained using the algorithm of Chapter 3 = are

measured. gesture classes used are from those used in GSCORE (Section 8.2). two reasons for testing on this set of rather than others discussed in this dissertation. it consists of a fairly large set of gestures (3=0A= 0) used in a real application. the was not used in the development or the debugg=0A= ing of the classification software, and so is GSCORE

in this GRANDMA provides a through which the examples used to train a are classified

by the classifier

. run=0A= ning the training examples through the classifier is us= eful for discovering

gestures and approximately how well the classifier can be expected perform, it is not a good way to measure recogni=0A= tion rates. trainable classifier will be toward recognizing its training examples correctly in all the tests described below

, one set of

196 CHAPTER 9. EV

ALUA

Figure GSCORE gesture used for example gestures is used to train the classifier

, while another

, entirely distinct, of examples used to evaluate its performance.

Figure 9.1 shows examples of the gesture classes in the first test. All were entered by auth=0A= or

, using the mouse and computer system described Cha=0A= pter 3. First, 100 examples of class entered; these formed the training setthe author entered 100 more examples each these formed the testing set. both no special attempt to was made to , and obviously poor examples were not There was no classification of the test examples as = they were entered; in other words, no feedback

pro=0A= vided as to the correctness of each example aft=0A= er it was entered. Given feedback, a would tend to adapt to the system and improve the re= cogn=0A= ition of future input. The

was designed to eliminate the effect of this adaptation on the recog= niti=0A= on rate.

performance of the statistical gesture recognizer depends on a number of factors. these are the number of classes to be discriminat=0A= ed between, and the number of examples class. effect of the number of classes is studie=0A= d by building recognizers that only a subset of classes. In the experiment, a class size of C refers to a classifier that attempts discriminate between the first C classes in figure Similarly

, the effect of the training set size studie=0A= d by varying E, the number of examples per class. A given value of E means the was trained on examples 1 through E of the training data for each of C Figure 9.2 plots the recognition rate against the number of classes C for various training set sizes

Epoint is the result of classifying 100 examples of of the first C classes in the number of correct classifications is divided by the total number of classifications attempted

(100) to give the recognition rate. has bee=0A= n turned off for this experiment.) Figure shows the results of the same experiment plotted as re= cogn=0A= ition rate versus E for various values of

9.1. BASIC SINGLE-P A RECOGNITION 197

90

92

94

96

98

0 5 10 15

20

25 30

% number of classe=0A= s

5 examples

3

3

3

3

3

3

3

3

3

3 3

3

10examples +

+ +

+

+

+

+

+

+

+

+

+

+

+

15examples

2

2

2

2

2

2 2

2

2

2

2

2

2

2

20 examples �

� �

�

�

�

�

�

� �

� �

�

�

30 examples

4

4 4

4

4

4 4 4

4

4 4

4

4

4

4

50 examples ?

? ?

?

?

?

?

? ?

?

?

?

?

?

Figure 9.2: Recognition rate vs. of classe=0A= s

90

92

94

96

98

0

10

20 30 50

60

70 80

90

100

% training examples per class

5 classes

3

3

3

3 3 3

3 3 3

8 classes +

+

+

+

+

+

+

+

+

11 classes

2

2

2

2

2 2

2

2

2

15 classes �

�

�

�

�

�

�

�

20 classes 4

4

4

4

4

4

4

4 4

30 classes

?

?

?

?

?

?

?

? ?

?

Figure 9.3: Recognition rate vs. training set size

198 CHAPTER 9. EV

ALUA C.

general, the data are not too surprisin=0A= g. expected, recognition rate increases as the set size increases, and decreases as the of classes increases. For C =3D 30 classes, E =3D examples per class, the recognition is 96.9%. For C =3D 30 and E =3D 10 the rat=0A= e is 95.6%. C =3D 10

and E =3D 40 gives a rate of 99.3%, while for C =3D 10 and E =3D 10 the rate is Of practical for GRANDMA users is the number of training examples n= eede=0A= d to

give good results. Using E =3D 15 exam=0A= ples per class gives good results, even for a larnumber of

classes. rate can be margina=0A= lly improved by using E =3D 40 examples per above

which no significant improvement occurs. =3D 10 results in poor performance for more than C =3D 10

classes. is comforting to know GRANDMA, a system designed to allow with gesture-based interfaces, performs well given only 15 exa= mple=0A= s per class. This is in contrast to many trainable classifiers, which often require hundreds or = thou=0A= sands of examples class, precluding their use casual experimentation [125, 47].

Analysis errors

It is enlightening to examine the examples that were misclassified in the above Figure 9.4 shows examples of all the kinds of miscla=0A= ssifications by the C =3D 30, E =3D 40 classifi=0A= er

Not every misclassification is shown in figure, but there is a representative of every A classified

as B, for all A 6 B. The label “A as B (x n)” indicates that the example was labeled as clas=0A= s A in the

test set, but classified as B by the classifier

. The n indicates number of times an A was as a B, when it is more than The types of errors can be observed in the Many of the misclassifications the result of combination of two of the types.

Poorly drawn gest=0A= ures. of the mistakes are simply the result of bad drawing on the part of

the user may be due to carelessness, or to the awkwardness of using a mouse to draw

Examples include “=0A= 8u as uptie,” “2r as sharp,” “8r as 2r and “delete as 16d.” “Fclef as was due to an accidental mouse click, and in as 8d” the mouse button was . example “key as delete” was likely error caused by the mouse ball rolling properly on the table. as 8u” and “16d as delet=0A= e” each have extraneous points the end the gesture that are outside the range normally by the “4r as 16r ” is so that the first corner in the stroke is looped

9.1. BASIC SINGLE-P A RECOGNITION 199

Figure 9.4: gestures

200 CHAPTER 9. EV

ALUA

Figure 9.5: A looped The left figur e is a magnification of a misclas= si=0A= fied “4r as 16r ” shown in the pr evious fi= gur e. The portion of gestur e enclosed in the r ectangle has been copied and its aspect ratio chang= ed, r esulting in the figur e on the

right. can been seen, the corner

, which should be a angle, is looped. r esulted in the featur es having values significantly differ ent om the average 4r gestur e, thus the misclassificati=0A= on.

In “2u as 4u,” “2d as 4d,” “8r as 4d,” “8r as 8d,” and “timesig as there is no point between

initial point and the first corner

, probably due to the This interacts badly with

the features 1 and f

2

, the and sine of initial angle. Features f

1 and f

2 are computed

from the first and thir d point; this usua=0A= lly results in a better measurement than using the and second point. In these cases, however

, results in a poor measurement, since the poin=0A= t is after the corner

“8r as nat” the result of a very long page in, during which author got impatient and

jiggled the Ambiguous classes. classes are very similar each other

, and are thus likely to be for each other

. 14 misclassifications of “Fc=0A= lef as 8r ” are an example. Actually these

also be considered examples of poor mouse track=0A= ing, since points lost from the rounded top of the Fclef gesture caused the confusion. The “uptie as 8u,” and as Fclef are also examples of ambiguity .

Ideally the gesture classes of an application should be so as to be as as possible.

Given nea=0A= rly ambiguous classes, it is essential that the input d= evic=0A= e be as and as ergonomically sound possible, that the features be able to express the and that the decider be able to discrimin=0A= ate between them. W all of these is inevitable that there will be substantial con=0A= fusion between the classes.

Inadequacy of the feature set. examples where the second mouse point the first corner show

way in which features inadequately represent the classes. example, the “2r sharp” examples appear to the sys=0A= tem as simple left Sometimes, a small error in drawing results in a large error in a fea=0A= ture. occurs most often when a stroke back on itself; a small change results in a ge dif ference in the angle features f

9

, f

10

, f

11

(see figure 9.5). mis=0A= takes “4r as 16r ” and “16d as delete” in this category

. “16u

8u” and “=0A= 16u as 32u” point to other places where the may be improved.

9.1. BASIC SINGLE-P A RECOGNITION 201

mapping from gestures to is certainly not invertible; many different might have the same feature vector in the current sche= me. This results in ambiguities due to similarities between classes, but due to a feature = set unable to represent the

dif ference. “k=0A= ey as 16d” is an illustration of this, albeit not great one.

Inadequacy of linear classification. that the dif ferences classes can expressed in the feature vector it still may be possible that the classes cannot be = sepa=0A= rated

well by linear discrimination This typically comes about when a class has a vector with a severely non-multivariate-normal In the current feature set, most often happe=0A= ns in a class where the gesture folds back on (as discussed earlier),

causing f

9

, and thus the entire feature vector

, to have bimodal distribution.

averaging of the covariance matrix in essence implies that a given feature is equ= ally

important in all classes. the above class, the initial angle features are deemed important the classifier

. compounded with errors in the tracking, this leads to bad on such as “uptie as beam” and “uptie as It is possible for a linear to expr=0A= ess the per-class importance of features in a cla=0A= ssifier; in essence this is is done by the neural-network-like training procedures (a.k.a back pro=0A= pagation, stochastic

proportional or perceptron training).

Inadequate training data.and tracking errors occur in the trainingsetas wellas the

testing set. good examples, the effect of bad examples on the estim= ates of average covariance matrix and the mean feat=0A= ure vectors is negligible. is not the case the number of examples per class is very small. Bad or insuf ficient training data estimates for the classifier parameters, which turn causes classification errors. classified correctly by the C =3D 30, E =3D classifier

, but incorrectly by the C =3D 30,

E =3D 10 classifier are examples of Analyzing errors in this fashion leads to a number suggestions for easy improvements to . Tor distance information can be used decide whether to compute f

1 f

2 the first points or the first and third points of the Mouse events could be queued to improve perfo=0A= rmance in the presence of paging. new can be added to recognition even in face of other errors; in particular

, the cosine sin=0A= e of the final angle the gesture stroke would help avoid a number of errors. are left for future as the author

, the present time, has no desire to redo the above ev= alua=0A= tion using 6000 from a different One error not revealed in these tests, seen in practice, is misclassification due to a premat= ure

timeout in the two-phase interaction. result=0A= s in a gesture being classified before it is complete= ly

entered.

9.1.2 parameters

Section 3.6 considered the possibility of a gesture, i.e. choosing not to classify wo

potentially useful for rejection were developed. An estimate of the probability a gesture is classified unambiguously ,

~

Pis derived from the values of the -class evaluation

202 CHAPTER 9. EV

ALUA

Figure 9.6: Rejection functions. An estimate of the Mahalanobis distance, d

2

, is used to determine how close gesture is

to the norm of its chosen would be nice if thresholds on the rejection paramete=0A= rs could be used to neatly separate classi=0A= fied example from incorrectly classified It is clear that it would be impossible do perfect job; as “delete as 8d” illustrates, the sy= stem would need to read the user ’ s mind. is that most of the incorrectly classified can be rejected, without rejecting too classified A little thought shows that any rejection rule based solely on the ambiguity ~

P will on average reject least as many correctly classified gestures as classified gestures. This

from the reason=0A= able conjecture that the average ambiguous gesture is least as likely be classified correctly as not. assumes that the gesture is not equally close to three or more

classes. practice, this assum=0A= ption is almost always Figure 9.6 is a scat=0A= ter plot that shows the value for both rejection parame= ters for all the gestures

in the GSCORE test plus sign indicates a gesture classified a triangle indicates each

classified incorre=0A= ctly

, i.e. those represented in figure Most of the correctly examples have an esti=0A= mated unambiguity probability of very close to one, accounting the dark mass of points at the right of the graph. of the correctly classified exa=0A= mples had

9.1. BASIC SINGLE-P A RECOGNITION

Figure 9.7: correct and inc=0A= orrect rejections

204 CHAPTER 9. EV

ALUA

Figure 9.8: gestures with d

2

�

Figure 9.9: classified gestu=0A= res with

~

P � :~

P � 0:However the same interval contained 33.7% of the incorrectly cla= ssi=0A= fied examples.

9.7 shows how many classified and how many incorrectly classified be rejected as a function of the on

~

PExamining which of the incorrect examples have

P � 0:99 is interesting. “8r as nat” and the left stroke “2r sharp” have

~

P =3D 1:within six decimal places. In retrospect is not surprising; those gestures are far from every cla=0A= ss, but happen to be unambiguously closest a sing=0A= le class. This is borne out in the d

2

for those gestures, which is 380 (off the graph) for “8r nat” and at least 70 for each “2r as sharp” gesture. mistakes have

~

P > :999 but 2 < 20. In

category are “F=0A= clef as 8r

,” “uptie as Fclef,” “delete as = 8d,=0A= ” and “4u as 8u”; these gestures ambiguity to look like their chosen classes so could be expected to be rejected.

interesting those correctly classified test examples that are candid= ates for rejection based

on their

P and d

2

values. 9.8 shows some GSCORE gestures whose

~

P =3D 1 and d

2

� 90.

“move12” and “beam63” are only by virtue of the fact that they are larger

9.1. BASIC SINGLE-P A RECOGNITION 205

normal. The two bar examples hav=0A= e their endpoints in funny places, among other things, = whil=0A= e

the three Gclef examples are fairly unrecogniza=0A= ble. The algorithm does however classify all these correctly; and it would be too bad to reject t= hem. Figure 9.9 shows gestures whose probabi=0A= lity is less that :95. many of the exampl=0A= es this is caused by at least one corner being made

by two mouse points rather than one. “delet=0A= e33” one corner is looped. gestures look much like their prototypes it would be too to reject The Mahalanobis estimate is useful for rejecting gestures that were deliberately enter= ed

poorly

. is not as silly as it sounds; a user may decide during the course of a gesture go through with the operation, and at that time extend the gesture into gibberish so that it will no= t

One possible improvement would be use the per-class covariance matrix of the chosen cla= ss

in the Mahalanobis distance to using the average covariance matrix, presumably result in a more accurate measurement of much the input gesture differs the norm its chosen class.

9.1.3 Coverage

9.10 shows the performance of the single-path gesture r= ec=0A= ognition algorithm on five difgesture sets. classifier for each set was trained on fiftee=0A= n examples per class and tested on fifteen examples per class. first set, on Coleman’ s editor [25], had a amount of variation within each class, both in the training = and the testing examples. The remaining

had much less variation with each class. the demonstrate, the single-path gesture

algori=0A= thm performs quite satisfactorily on a number of diffe= rent gesture sets.

9.1.4 V orientation and size

One feature that distinguishes gesture handwriting is that the orientation or size of a in given class may be used as an parameter

. this to work, gestures of such class=0A= es be recognized as such independent of orientation or size. However the recognition should not be made completely orientation and independent, as some other classes may orientation and size to distinguish is straightforward to indicate those classes whose will vary in size or orientation:

vary the size or orientation of the training examples. goa=0A= l of the gesture recognizer is make those features in classes for which they do not , while using those feature classes for they do.

Theoretically having some that vary in size and orientation, while other that de= pend size or orientation for correct should be a problem for any statistical classifier the assumptions of a multivariate normal distribut=0A= ion of features per class, with the classes a common covariance matrix. class whose size variable is sure to have a different matrix than one whose size remains relatively constant; = the same may be said of orientation. we would suspect the classifier of Chapter 3 to perform in this situation. Surprisingly

, not seem to be the case.

206 CHAPTER 9. EV

ALUA

Figure 9.10: rates for various gesture sets

Each set was trained 15 examples per class and tested on an additional exa=0A= mples per class.

9.1. BASIC SINGLE-P A RECOGNITION 207

Figure 9.11: used to study variable size and orientation

208 CHAPTER 9. EV

ALUA

Figure 9.12: rate for set containing classes that Figure 9.11 16 classes, some of which vary in size, some of vary in orientation,

of which depend on size or orientation to be distinguishable. The training set = cons=0A= ists of examples of each class; variations size or orientation were reflected in the training exa= mple=0A= s, as

shown in the A testing set thirty or so examples per class was similarly Figure 9.12 shows the recognition rate plotted the number of classes for various numbers

examp=0A= les per class in the training set. can be seen, the performance is good; 96.9% on 16 classes trained with 30 examples per class. only examples per class results in a

of Figure 9.13 shows all the mistakes by the classifier

. of the mistakes to be result of the size or orientation of gesture being confused. Rather the mistakes are quit=0A= e similar to

those seen previously

. conc=0A= lusion in that the gesture classifier does wel=0A= l on sets in which some classes have variabl=0A= e size or orientation, while others are discriminated the

basis of their size or orientation.

9.1.5 Interuser variability

9.1. BASIC SINGLE-P A RECOGNITION 209

9.13: Mistakes in the class test

Figure 9.14: T program ’ s gesture not shown)

210 CHAPTER 9. EV

ALUA the gestures shown thus far have been those the author

. It was deemed necessary to validity of the current work by demonstrating that ges=0A= tures of at least one other person be recognize=0A= d. T wo questions come to mind: recognition rate can be achieved when a other than author gestures at a classifier trained with the ’ s gestures, and can this rate improved by all=0A= owing the person to train the classifier using his her own gestures?

Setup

As preparation someone besides the author actually using the GSCORE app= lica=0A= tion (see 9.4.2 below), the GSCORE set (figure 9.1) was used in the hardware was the same hardware used in the majo=0A= rity of this work, a DEC MicroV II running

UNIX and

A simple testing program was for training and evaluation

(Figure

9.14). a tria=0A= l, a

gesture of a given class is randomly chosen and displayed on the screen, with the start po= int

indicated. user attempts to enter a of the same class. gesture is then and

the results fed back to the user training mode, if the system makes an error

, the tr= ial is In evaluation mode, each trial is Subject PV is a music professor

, a profess=0A= ional musician, and an experienced music copyist. also an experienced computer user

, familiar Macintosh and NeXT computers, among others.

Procedu=0A= re

The subject was given one half hour of practic=0A= e with the testing program in training mode. also given a copy of figure 9.1 and instructed to take notes at his own discretion. After the half the tester was put in evaluation mode, and hundred trials run. test was repeated one week

later

, without any warmup. subject was then instructed to create his own gesture set, from the set he knew as much as he examples of each gesture class were recorded, two hundred evaluation trials run on the new set.

Res=0A= ults

During the initial training there was some con=0A= fusion on the subject’ s part regarding which hand to use. subject normally uses his right hand mousing, but, being left handed, always with his left. about ten minutes, the opted to use his left hand for In initial evaluation trial the system classified 188 out of 200 gestures. The felt he could do better and was allowed a second run, during 179 out of 200 gestures correctly classified.hisownadmission,hewasmore “cocky”the secondrun, makingthegesturesthanduring thefirst. average recognition is 91.8%.

the test, the subject that he felt much of his difficulty was due to = the that he was not used to using the mouse wit=0A= h his left hand, and that the particular mouse felt different than the one he was used to s). felt his performance would further improve wit=0A= h

additional practice.

9.1. BASIC SINGLE-P A RECOGNITION 211

Figure 9.15: PV’ gestures (author ’ s His notes are interesti=0A= ng. the subject had no particular of the algorithm being used, in cases his notes refer to the particular features used the algorithm.

For gestures whole and sharp he wrote “start up” and “don’t begin too v= er=0A= tically” respectively noting the importance the correct initial angle. For 1r he wrote “m=0A= ake short,” for bar he “make ge,” and for delete he wrote “make .” For 2u and 2d he wrote “sharp The subject commented on places where gesture classes used did not conform to copyist strokes. example, he stated the loop flat goes the wrong way

. explained many music symbols are written with two strokes, said that he might prefer a system that rec=0A= ognize multiple-stroke When the test was repe=0A= ated a week later

, the subject, without any warmup, = achi=0A= eved a score of

183 out of 200, Figure 9.15 shows the misclassified The was again of which hand to use, but his left hand at the urging of the author

The subject then created his own gesture set, of which are shown in figure 9.16. set consisting of 30 examples of each class was entere= d. Running the training set the classifier resulted in the rather low recognition of 94.7% (by comparison, the author’ s trainin=0A= g set through the classifier it was used to train y= ield=0A= ed 97.7%.) The low rate due to the some ambiguity in the classes (e.g. “flat” “16d” were frequently confused) as as man=0A= y classes where the corners were looped (as seen in section 9.1.1), causing a for f

9

, f

, and f 11

The problems in new gesture set nonwithstanding, PV ran two hundred of the tester on

the new He was to get a score of 186 out of 200, At the time of this writing, PV has not yet made the to remove the ambiguities from new gesture set and to be more careful on the sharp corners.

212 CHAPTER 9. EV

ALUA

Figure 9.16: PV’ gesture set

Conclusion

is difficult to a conclusion given data from only one author expected the

rate to be when PV trained the system on his own gestures than = when he used

the author ’ s set. actual rate was slightly higher

, but not enough to make convincing that people do better on own gestures (some slightly more convincing evidence pre=0A= sented in

section 9.4.2 below). PV should have created a training set that copied author ’ gestures before attempting to significantl=0A= y modify that gesture set. author ’ s set out to be better designed than PV’ in the sense of having less inherent ambiguities; ten=0A= ded compensate for any advantage PV gained using his own However

, PV’ s new gestur=0A= e set is not without merit; on the contrary

, it a number of interesting

gestures. The new dele=0A= te gesture, a quick, long, leftward stroke, gives user the impression throwing objects off side of the screen. The new move gesture like a delete followed by last minute change of mind. The flat gesture is much closer the way PV writes the symbol, as the whole and half rests gestures 1r and 2rThe stylized “4” for timesig is clever, is the

way it relates to keyPV’ bar gesture is much more economical that the The experiments indicate that a person can a classifier trained on another person’ s with moderately good results. indicated is people can create interesting gesture sets own. modification to the feature set also seems desirable, mainly to make the features

9.1. BASIC SINGLE-P A RECOGNITION 213

sensitive to “looped” corners. would be useful to give more feedback to gesture design to which classes are should be simple to do simply by examining distance between every pair of classes.

9.1.6 Recognition Speed

It is well know=0A= n that a user interface must respond quickly in to satisfy users; thus for based systems speed of recognition is an important factor in the usa= bili=0A= ty of the system. This

reports on measu=0A= rements of the speed of the components of the The statistical gesture recognizer in Chapter 3 was designed with speed in feature is incrementally calculated in constant time; thu= =0A= s O(F) work must be done per mouse poi=0A= nt,

where F is the number of Given a gesture of P mouse points, it thus takes O(PF) time compute its vector

. classification computes a linear evaluatio=0A= n function over the features

for each of C classes; thus classification take O(CFtime.

Feature calculation

The datatype FV is used to encapsulate the feature calcula=0A= tion as follows:

FV FvAlloc() an object of type FV. A classifier will generally call FvAlloc() once, during program initi=0A= alization.

FvInit(fv) initializes fvan object of type FV. FvInit(fv) is once per gesture, any points are added.

FvAddPoint(fv, x, y, t) adds the point (x; y) which occurs at time t to the gesture.

FvAddPoint performs the increment=0A= al feature calculation. is called for every mouse

the program receives. There are thirteen fea=0A= tures calculated (F =3D 13).

FvCal=0A= c(fv) the feature vector as an array of dou=0A= ble precision floating point

numbers. perform=0A= s any necessary calculations needed to transform the incr= emen=0A= tally

auxiliary features into the feature set used for classification. is called once per

gesture.

The function represents the entire work of computing the feature vect= or

for a gesture that is in memory:

fv; /

� allocated via FvAlloc() e � /

Vector

register Gesture g;

f

register p;

FvInit(fv);

for(p =3D g�>point; p < &g�>point[g� p++)

FvAddPoint(fv, p�>x, p�>y, p�>t);

214 CHAPTER 9. EV

ALUA

Processor

T ime(sec)

Relative

AX II

227.95

0.76

VAX 11/780

172.20

1.0

Micr=0A= oV

AX III

60.97 2.8

PMAX-3100

11.30

15

T able Speed of various computers used for testing

Processor

milliseconds per call

FvAddPoint

FvCalc

CalcFeatures

MicroV

II 0.22 3.9

MicroV

AX III 0.13 1.3

PMAX-3100

0.029

0.040

0.44

T able Speed of feature calculation

FvCalc(fv);

g

T obtain the timings, the testi=0A= ng set of Section 9.1.1 was read into memory

, and = then each

gesture was passed to CalcFeaturesThr=0A= ee processors were used: the DEC MicroV II was used for the majority of the work reporte=0A= d in this dissertation, a DEC MicroV

III, and PMAX-3100 (to get an idea of the on a more modern system). UNIX profiling tool

was used to obtain the times. all the times are virtual times, i.e. the time spent exe=0A= cuting

the program by the processor

. were run on unloaded systems, and the real times more than 10% more than the virtual Before timing any code related to gesture the following code fragment with “cc -O=0A= ”) was timed on a number of processors, AXII, V

AX 11/780, MicroV

AX and PMAX=0A= -3100, in order to compare the speed of the used in the following tests to that

of a AX 11/780:

register int n =3D 1000000;

double s, a[15], for(i =3D 0; i 15; i++) a[i] =3D i, b[i] =3D i�f

s =3D for(i =3D 0; i < i++) s +=3D a[i] � b[i];

g while(�n);

times for the above fragmen=0A= t shown in table Note that on this code frag=0A= ment the PMAX-3100 runs about 20 times faster than MicroV AX

On more typical code, it usually runs only

10-15 times faster The testing averaged

13.4 points per gesture. timings for the routines that features are shown in 9.2.

cost per mouse point to process a mouse point is a small fraction of millisecond, even on the slowest processor mouse points typically come no faster than 40

9.1. BASIC SINGLE-P A RECOGNITION 215

Process=0A= or time (milliseconds)

v

^ c

max v

^ c

~

P d

2

tot=0A= al

(one class)

(30 classes)

MicroV

AX 0.27 8.0

0.8 3.7

12.6

AX III

0.074

2.2

0.3

1.1

3.6

PMAX-3100 0.022 0.66 0.01

0.26

0.99

T able Speed of Classification per second, only a small fraction of the processor consumed incrementally calculating the . substantially more of the processor is consu=0A= med communicating with the manager to the mouse point and perform the inking.

Classific=0A= ation

the feature vector is calculated must be classified. involves computing a linear

evaluation function v

^ c on F features (F =3D 13) for each C classes. If the rejection parameters desired, it takes an additional O(C) work to estimate the ambiguity

~

P and O(F

2

) work to estima=0A= te

the Mahalanobis distance d

. computation times for each of these is shown in table T o get these times, four were made. gesture in the testing set was clas=0A= sified in every

run. first run did not calculate either rejection parameter

. average time to classify a as one of thirty is reported the maxv

^ c

colum=0A= n; the v

^ c

is computed as

1

30 of that time.

(The v

^ c thus gives the time to compute the evaluation function for a single class;

this by the number of classes to estimate the classification of a particular classifier

.) The computed

~

P after each classificatio=0A= n; the difference between that time and the max v

^ c

time in the

~

P column. run computed d

2

and is similarly

. The fourth run

computed ~ P and d

2

; the average time per gesture is reported in the For a 30-class discrimination with both rejec=0A= tion parameters being used, after the last poi=0A= nt of a gesture is entered it takes a II 13 milliseconds to finish calculating the feature vector (FvCalc) and then classify is acceptable, albeit not fantastic, performance. end of the gesture is indicated by no mouse moti=0A= on for a timeout interval, the classification can before the timeout interval expires, and the be ignored if the user moves the mouse before interval is up.

Currently all arithmetic done using double precision floating point There is conceptual reason that the evaluation funct=0A= ions could not be computed using integer suitably rescaling the features so as not too los=0A= e much precision. The resulting classifier then run much faster (on most processors). has not been tried in the present If eager rec=0A= ognition is running, classification must occur at mou=0A= se point, and the number

of classes is 2. puts a ceiling on the number of the class=0A= es that the eager can discriminate between in real-time. On a MicroV II, the cost per mouse point includes

FvAddPoint

(0.22 plus

FvCalc

(0.34 msec) plus the per class evaluatio=0A= n of 2C classes,

0:54Cmouse points come at a maximum rate of one 25 milliseconds,

C =3D 45 classes consum=0A= e the entire processor

. Practically since is other work to do (e.g. inking), C 20 is

216 CHAPTER 9. EV

ALUA the maximum that can be reasonably expected from an eager recognizer on a MicroV

AX On toda=0A= y’ s processors, instead of computation time, the factor will be the lower rate when a large number of One approach tried increase the number of classes in eager recognizers to use only a subset

of the this improved the response time of the system, the per= form=0A= ance degraded

significantly so the idea abandoned. is no point getting the wrong answer quickly .

9.1.7 T raining Time

stated goal of the thesis work is to provide tools t= hat allow user interface designers to experiment

gesture-based systems. factor impacting on the usabi=0A= lity of such tools is the amount time it for gesture recognizers to retrain themselves after have been made to the

training examples. almo=0A= st all trainable character recognizers, deleting even a s= ingl=0A= e example requires that the training be redone from scratch. some technologies, notably neural networks, this retraining may take minutes or even hour= s. Such a system would not be conducive experimen=0A= ting with different gesture By contrast, stati=0A= stical classifiers of the kind described in Chapter can be trained very rapidly T raining the classifier from scratch requires O(EF) to the mean feature vectors, O(EF

2

) to calculate the per-class covariance matrices, O(CF

2

) average them, O(F

3

to invert the average,

and O(2 ) to compute the weights used in evaluation functions. If the average mat=0A= rix is singular

, an O(F

4

) algorithm is run to deal with the Often, a fair amount of work can be reused in retrai= ning after a change to some training Adding or deleting an example of a class requires O() work to incrementally update its mean vector

, and O(F

) work to incrementally update its per-class matrix [137].

then involves repeating steps starting from computing the average covariance matri= x.

Thus, for retraining, the dependency on E, the total number of examples, is eliminated. time is instead a function of the number of exampl=0A= es added or The Objective C does not attempt to incrementally update the percovari-

ance matrix when an example is only the averages are kept incrementally

, and per-class covariance matrix is recomputed from scratc=0A= h. This involves O(E

^ c

F

2

work for class

c changed, where E

^ c

the number of training examples for clas=0A= s c. This results in worse mance when a small number of examples are changed, but performance when all the examples

a class deleted and a new set entered. latter is common when with gesture-based systems.

author has implemented both C and C versions of the single path classifier maintaining the per-class covariance matrices incrementall= y

, the C version differs in that does store the list of examples that have been used to tr= ain it. is not necessary to store the list to add and remove examples, since the mean vector and co= vari=0A= ance matrix are updated incrementally

It is more efficient since it does not need to the lists of examples. (Objective C’ s Set

class, implemented via hashing, is used to maintain lists in that version.) It also does not the overhead of separate objects for examples, classes classifiers that the Objective C has Section 7.5).

9.1. BASIC SINGLE-P A RECOGNITION 217

Process=0A= or

T (milliseconds per call)

sAddExample sRemoveExample sDoneAdding sDoneAdding

(10 classes)

(30 classes)

MicroV

AX II 3.8 130

234

Micro=0A= V

AX III

0.90

0.90

43

78

0.024 0.026 14 22

T able 9.4: of Since only the C version could be to the PMAX-3100, it was used for the (C

of the feature computation and gesture recogni=0A= tion were used for the timings above; these cases the Objective C methods are straightforward = tran=0A= slations of their corresponding functions. In cases, the methods merely call the corresponding C funct= ion.=0A= ) The following functions encapsulate the proc=0A= ess of training a classifier:

sNewCl=0A= assifier() and returns a handle to a classifier

. it has no classes no examples. “s” at the beginning of type and function

refers to “single-path=0A= ”; there are corresponding types and functions for multi-path

classifiers.

sAddExample(sClassifier sc, char *classname, Vector e) the train=0A= ing

example (feature vector e) to named class classname in the passed classifier The

is created if it has not been before. search is used to find the name;

however it is optimized for calls with the same name. The incrementally maintains the per-class mean vectors and covariance matrices.

sc, char *classname, Vector e) removes ample e, assumed to have been added earlierfrom the named class. The per-class vec=0A= tor and covariance matrix are incrementally sDoneAdding(sClassifier sc) trains the on its current set of examples. the average covariance matrix, inverts it (fixing it singular), and computes the

weights.

sClass sClassify(sClassifier Vector e, double *p, *d2) actually

performs the classification of e. If p is non-NULL the probability ambiguity is esti-

mated; if d2 is non-NULL the estimated Mahalanobis distance of e to its computed class is

returned. is the function timed in the previous section.

functions were exercised first by adding every example in the set, training the

classifier and then looping, removing and then re-adding 10 consecutive examples No singular covariance matrix was encounted=0A= , due to the large number of examples. T

9.4 the performance of the various routines.

Even on a MicroV II, training a 30 class class=0A= ifier once all the examples have been take=0A= s less than a quarter second. GRANDMA is to produce a classifier immediately the

218 CHAPTER 9. EV

ALUA time a gesture is made over a set of whose combined gesture set has not been before (see Sections 7.2.2 and 7.4). user to wait, but does not have to wait long.

Eager recognition

This section evaluates the effe=0A= ctiveness of the eager recognition algorithm on several s= ingl=0A= e-stroke

gesture sets. that eager recognition is the recognition of a gesture while it is being without any explicit indication of the end of gesture. Ideally the eager recognizer classifies gesture as soon as enough of it has been seen do so unambiguously (see Chapter In order determine how well the eager recognition algorithm an eager recognizer created to classify the eight gestures classes shown in 9.17. class named for the direction of

its two segments, e.g. ur means “up, right.” of these gestures is amb=0A= iguous along its segment, and becomes unambiguous once the corner is turned and the second segment The eager recognizer was trained with ten of each of the eight classes, and tested thirty examples of each class. figure shows ten the thirty test examples for each class, includes all the examples that were T comparisons are of interest for the gesture eager recognition rate versus recognition rate the full classifier

, and the eagerness of the recog= nize=0A= r versus the maximum

possible eagerness. eager recognizer classified 97.0% of the gestures correc= tly

, compared 99.2% correct for the full classifie=0A= r

. of the eager recognizer ’ s errors due to a corner

270 degrees rather being a sharp 90 degrees, so it appeared to the recognizer second stroke was going in the opposit=0A= e direction than intended. the figure, indicates a misclassified by the eager recogn=0A= izer

, and “F” indicates a misclassification by full classifier

On the average, the eager recogn=0A= izer examined 67.9% of the mouse points of each before

deciding the gesture was unambiguous. hand, the author determined for each gesture the By

mouse points from the start through the turn, and concluded that on the average the mouse points of each gesture needed to be seen b= efor=0A= e the gesture could be unambiguously

parts of each gesture at which unambiguous classifi=0A= cation could have occurred did not are in the figure by thick lines.

9.18 shows the performance of the eager recognizer on GDP gestures= .The eager

was trained with 10 example=0A= s of each of 11 gesture classes, and tested on 30 of each class, five of which are shown the figure. GDP gesture set was slightly altered to

increase eagerness: the group gesture was trained clockwise because when it was it prevented the copy gesture from ever being eagerly recognized. For the GDP gestures, the class=0A= ifier had a 99.7% correct recognition rate as with 93.5% for the eager recognizer

On the averag=0A= e 60.5% of each gesture was examined by the eager rec= ogni=0A= zer before classification

occurred. this no attempt was made to determine the minimum average g= estu=0A= re that needed to be seen for classification.

these tests we can that the trainable eager recognition algorithm performs ceptably but there is plenty of room for improvement, both in the recognition rate and the of eag=0A= erness.

Computationally eager recognition is quit=0A= e tractable on modest hardware. fixed amount

9.2. EAGER RECOGNITION

Figure 9.17: performance of the eager recognizer on easily understood data

220 CHAPTER 9. EV

ALUA

9.18: The performance of eager recognizer on GDP gestures

The transitions fr om thin to thick lines indicate wher e eager r ecog= niti=0A= on occurred.

9.3. MULTI-FINGER RECOGNITION 221

needs to occur on each mouse the feature vector must be updated (taking

0.5 msec on a DEC MicroV

II), and then vector must be classified by the AUC (taking

0.27 msec per class, or 6 msec in the case of GDP). 9.3 Multi-finger recognition

Multi-finger gestural input is a significant innovation of this wo= rk. Unfortunately

, have conspired to make the evaluation of multi-finger recognition both im= poss=0A= ible and irrelevant.

Sensor Frame is the only input device upon which the multi-finger recognition al= gori=0A= thm

was tested. Unfortunately there is only one functioning

Sensor

Frame in existence, and that damaged sometime after the multi-finger recognition running, but before formal testing begin.

(Fort=0A= unately , a videotape of MDP in action was made the Sensor

Frame was No progress was made in repairing the Sensor

Frame for over a year; was thus

Eventually the Sensor

Frame repaired,but

Sensor

Frame, Inc.

went out of business afterward, making any detailed evaluation irrelevant=0A= . The owner of the Sensor Frame has left country

, taking the device with An informal estimate of the multi-finger recognition accuracy may estimated from ten minutes

videotape of author using MDP

This version of MDP uses path sorting multi-finger

algorithm

(Se=0A= ction

5.2). shown in figure 8.10, MDP recognizes 11 gestures (6 finger gestures, 3 two fin=0A= ger gestures, and 2 three finger gestures). videotape, the author 30 gestures, 2 of which appear to have been misclassified, and one of was rejected, in a correct recognition of 90%. processing time appears to be All three misclassifications are the result of the Sensor Frame seeing more fingers in the than were intended. was due to knuckles fingers curled up (so as not to be used in the

accidentally penetrating the sensing plane and being counted as additional fingers. As are distinct classifiers for single finger

, two �= 6nge=0A= r

, and three finger gestures, an incorrect number of=

fingers inevitably leads to a it is possible to imagine methods for with such errors during recognition, the main of this problem is the ergonomics of the For the small gesture set examined, the reco=0A= gnition rate is 100% once the errors due to “extra

fingers” are eliminated. is to be expecte=0A= d, given the small number of gestures for each number

of fingers. is expected that the classifier operating on one finger gestures would about as well as the single-path classifier as the algorithms are essentially identical. single-p=0A= ath

classifier when given only six to discriminate among, has been shown (on mouse to

perform at 100% in almost all operating on two finger gestures, it is expected When the performance of the recognition algorithm would similar to that of the single-path twice the number of classes. Actually it is possible that some of the paths in the two-finger gestures will be similar to other paths in the and be merged into a single class by the algorithm

(Section

5.4). when the number unique paths will be less than twice the of two-finger gesture classes, performance may be to improve accordingly

. Similarly

, finger gesture classifier may be expected to as well as a single-path classifier recognizes between one and three times the number of three fin= ger gesture classes, depending on

222 CHAPTER 9. EV

ALUA the number of unique paths in the class One more factor to consider is that mouse data tends be much less noisy than Sensor Frame

data. tri=0A= angulation by the Sensor Frame is erratic, especially multiple fingers are being

tracked. both horizontal segments of the Parallelogram of figure 8.10 should

be straight this problem can be solved, it is expected that recogn= itio=0A= n rates for Frame gesture sets will suf .

9.4 GRANDMA

GRANDMA is much more subjective than evaluating the low-level rat=0A= es.

may be evaluated on several the effort required to build new to build new applications, to add gestures to application, to change an application’ or to use an application to perform a attempt was made to formally evaluate any of In order to get statistically valid it would have been necessary to run carefully designed on a number of users, the author had neit=0A= her the time, space, inclination, or qualifications to = do. Furthermore, the author

not wish to clai=0A= m that GRANDMA is superior to existing object-oriented to= olki=0A= ts for any

particular task. is the platform through which some ideas for input processi= ng

in object-oriented toolkits were ’ significance, if any

, will be its future toolkits, rather than any more direct Nonetheless, this section informally reports on the author ’ s experience building with GRANDMA. (No one besides the author tried to pro= gram with GRANMDA.) Also,

order to confirm GRANDMA can be used by someone other than the this section reports on observations of a subjec=0A= t trying to use GSCORE and GRANDMA to due some tasks.=

9.4.1 author’ s experience with GRANDMA

GRANDMA took approximately seven months to design develop. It consists of 12000 of Objective C code. are an additional lines of C code which a graphics as well as the feature vector calculation. an additional 2000 lines of

C code GDP was developed at the same time as GRANDM=0A= A, as it was primary application used to GRANDMA.

Initially only two GDP gestures were used to test

GRANDMA ’ gesture handler and associ=0A= ated

utilities. these were working well, took four days to add the remaining gestures to .

of this time was spent writing C methods to use in semantic expressions. methods that were not needed for the existing dire=0A= ct manipulation GSCORE consists of 6000 line=0A= s of Objective C code. took six weeks to design and implement

including its palette-based int=0A= erface. of this time was spent on the representing common music notation, mechanisms displaying music notation, and usable fonts. palette, an interaction technique that not as yet exist in took about eight hours to implement. took two weeks to add the gestural interface to GSCORE,

9.4. GRANDMA

Figure 9.19: PV’ s

Figure 9.20: PV’ s incl=0A= uding writing some additional methods. of time was spent experimenting with

difseman=0A= tics for the Section 10.1.3 lists of GRANDMA that will be important to incorporate into = futu=0A= re

toolkits that support gestures.

A user uses GSCORE and GRANDMA

This informally reports on subject PV’ s (see Section attempts to use the GSCORE

The task was to enter the music shown in figure music was chosen to exercise of the gestures. is an experienced music copyist, and took him 100 seconds to out the music shown, copying it from an earlier gestures, the author was able to enter the above in 280 seconds (almost five He a total of 53 gestures, four of which did not the desired results and were undone. two of those were misclassifications; the other two notes gestures where the note

created the wrong pitch, due to misplacement of the cursor the start of the T urning off gestures and using only the palette interface, it took the aut= hor 670 seconds (eleven

minutes). mistakes needed to be undone in the latter PV’ s first attempt was at using the GSCORE program trained with = the author ’ s gestures. PV

already experienced with this set of gestures during the of interuser PV practiced for one half hour with the GSCORE program before attempting the The coached PV during this time, as no other documentation or help was PV took seconds (10 minutes) to complete the task. a total of 73 gestures, 16 which were immediat=0A= ely undone. appeared to the author

, who was sil=0A= ently observing, that undo was used to recover from a misclassification. Figure 9.20 shows the of his labor

. PV

turned off and used the palette interface to enter the He completed the in 680 seconds (11 minute=0A= s).

224 CHAPTER 9. EV

ALUA then entered his own gestures in place of some of the author ’ s. In particular

, he his own gestures for the nine classes: deletemove, beam, 1r, 2r, 8r, 16r, keysig, and barentering 15 or more examples of each. total time do this, including incremental testing of new gest=0A= ures and periodic saves to disk, was 25 did not attempt to emulate the author ’ gestures; instead, he used the forms he had created earlier Section Once done, PV repeated the experiment. took him 310 seconds (5 minutes) to enter He made 58 gestures, 4 of which were PV was interviewed after the tests, and made following comments: The biggest problem,

state=0A= d, was that mouse tracking in the GSCORE program was = much more sluggish than the recorder and tester is accurate, as the time required for GSCORE eve=0A= nts to be and consumed adds significant overh=0A= ead to the mouse tracking. of this is due GRANDMA.) PV characterized the system as “s=0A= luggish.” tracking, especially at the start the gesture, contributed significantly to the of PV stated that he thought the system “intuitive” for entering notes. described the gesture-

interface as “excellent” comp=0A= ared to the palette-based system, but when asked how th= e

interface compared to writing on , he replied “it sucks.” did not like the mouse for gesturing, and believed that a stylus and tablet would be much better

It is dif ficult to draw conclusions from an informal of one user

. Did PV’ s because he tailored the gestures to his liking, or bec= ause he had been practicing? This is

Some things are clear: makes it easy to experim=0A= ent with new gesture and, in GSCORE, with mode=0A= rate practice the gesture-based interface improved task per= form=0A= ance a factor of two over the palette-based inter=0A= face. gesture-based interfaces generally improve task performance over non-gesture-based interfaces is a q= uest=0A= ion that requires much further study .

Chapter 10

Conclusion and Futur Dir ections

chapter summarizes the contributi=0A= ons of this thesis and indicates some directions for fu= ture

work.

10.1 Contributions

thesis makes contributions in four areas:

New interaction techniques

� reco=0A= gnition-related algorithms

� gestu=0A= res into interfaces

� in object-ori=0A= ented Each of these will be discussed turn.

10.1.1 New interactions A major contributions of this work has been the inve= ntio=0A= n and exploration of three new techniques.

The two-phase single-stroke interaction two-phase interaction enables gesture and direct nipulation to be integrated in a single interaction combines the power of each. The is collection, during which the points that make up gesture are collected. In the

the end of the collection phase is indicated by a mo= tion timeout, occurs, and the second phase=0A= , manipulation, is entered. the manipulation the user

the mouse to manipulate some param=0A= eters in the application. The particular manipulated depend on the classification of the gesture. The collection phase is entry in handwriting interfaces; the manipulation phase like a drag interaction direct-manipulation interfac=0A= es. Generally the operation, operands, and some param=0A= eters are

226 CHAPTER 10. AND FUTUR=0A= E DIRECTIONS

determined at the phase transition (wh=0A= en the gesture is recognized), and then the phase allows additional parameters to be set in presence of application feedback.

Eager recognition is a modification of the single-stroke in which the phase transition from gesturing to manipulation occurs as soon as of gesture has been seen so that it may classified unambiguously

. result is an that combines gesturing and direct in a single, smooth interaction.

The two-phase multip=0A= le-finger interaction and direct may be combined multiple path inputs in a way similar to the two-phase single-stroke W ith multiple

input, opportunities exist expanding the power of each phase of the interaction.

By allowing multiple fingers in the collection the repertoire of possible gestures greatly and a multiple finger gesture allows many parameters be specified

when the gesture recognized. Similarly even when only one is for the gesture, additional fingers be brought in during the manipulation phase. two-phase multiple-finger interaction allows a ge number of parameters to be and inter=0A= actively manipulated.

10.1.2 T echnolog=0A= y

This thesis discloses five new algorithms general utility in the construction and use of gesture recognizers.

Automatic generation of single-strgesture recognizers from training examples and efficient algorithm for generating recognizers has been developed and tested. it, a gesture is represented as a vector of real-valued f= eatu=0A= res, and a standard pattern is used to generate a linear classifier that discrimin= ates between the vectors dif ferent gesture classes. training algorithm depends on aggregate of each

class, and empirically it been shown that usually only fifteen examples of has

are needed to produce accurate It is simple to incorporate dynamic as the average speed of the gesture, into the featur=0A= e set. The algorithm has been to even when some classes vary in size and orientation wh= ile others depend on size orientation to be recogni=0A= zed. recognizer size is independent of the of training

and both the recognition and training times have been shown to be small. featur=0A= es

that is both meaningful and extensible pot=0A= entially allows the algorithm to be adapted futur=0A= e input devices and requirements.

Incremental featur=0A= e calculation calculation used to generate features from the input points a gesture is incremental, meaning that it takes constant time to update the fea= ture=0A= s given a new

input point. allows arbitrar=0A= ily large gestures to be processed with no delay processing.

Rejection algorithms T algorithm=0A= s for rejecting ill-formed gestures have been developed tested. One estimates the probability of correct cla=0A= ssification, enabling input gestures that ambiguou=0A= s with respect to a set of gesture classes to be re= ject=0A= ed. The other uses a normalized

10.1. CONTRIBUTIONS distancemetric to determine how close an inputgesture is the typicalgesture of the its

allowingoutlierstobe rejected.

Automatic generatio=0A= n of eager recognizers from training examples eager recognizer fies a gesture as as it is unambiguous, alleviating the need for the of the gesture to be

explicitly algorithm for generating eager recognizers from training e= xamp=0A= les

has been developed and tested. algorithm produces a two-class classifier which is run every input point and used to determine if the being entered is unambiguous.

Automatic of multi-path gesture recognizers single-stroke recognition work has

extended so that a num=0A= ber of single-stroke recognizers may be combined into mul=0A= ti-

finger gesture recognizer

. algorithm produces a multi-path recognizer trainin=0A= g examples. path timing information is considere=0A= d during the recognition,

global classification is attempted when the individual path classifications not uniquely

the class of the multi-path gesture. dealing with the problems that arise

from multi-path input devices that do not a priori determine “which path is which,” path sorting and path clustering, have been explored. The resulting algorithm been demonstrated usi=0A= ng the Sensor Frame as a multi-finger input device.

10.1.3 Integrating gestur es into A paradigm for integrating gestures into int=0A= erfaces has been developed and demon-

The key points are:

A gesture set is with a view or view class. Each class of in the user potentially responds to a dif ferent set of gestures. for example, notes resp=0A= ond to dif ferent set of gestures than in the GSCORE music editor .

The gesture set is dynamically determined. the first of a gesture, the system ically the set of gestures possible. first point determ=0A= ines the possible at which the gesture directed. each of these views, inheritance up the class determines the set of gestures These sets are combined, and if need be, for the resulting union is created.

The gesture class and attributes to an application operation, operands, and Gestures are powerful because they contain additional in= form=0A= ation beyond the class of the

gesture. att=0A= ributes of a gesture, such as size, orientation, speed, first point, enclosed area, can be mapped to parameters (including operands) of applicat= ion In the two-phase interaction, after gesture is recognized there is an opportunity to map input to application parameters in the presence of application feedback.

Gesture handlers may manipulated at runtime. order to encourage explora=0A= tion of based systems, all aspects of gestural interface can be specified while the is

running. new gesture handler may be crea=0A= ted at runtime and associated with one or vie=0A= ws or view classes. classes may be added, del=0A= eted, or copied from other handlers.

228 CHAPTER 10. AND FUTUR=0A= E DIRECTIONS

Examples of each gesture class be entered and modified at Finally

, the sem=0A= antics

the gesture class can be entered modified at runtime. Three semantic are specifiable: evaluated when the gesture first recognized, one evaluated on mouse point, and one evaluated when the interaction comp= lete=0A= s.

10.1.4 in Object-Oriented User Interface T oolkits

number of new ideas in the are=0A= a of input in object-oriented user interface toolkits in the

course of this work.

Passive and activ=0A= e event handlers single passive event handler be associated with multiple

views. occurs on one such view

, the handler usually a copy of itself.

the active/passive dichotomy eliminates the need to have a controller object for each view that expects input, a major expense in many MVC systems.

Event handlers may be associa=0A= ted with view classes of having to associate a handler with

instance of a view

, the handler may be associated with one or more view class= es. A

may have multiple handlers with it, and handlers are queried in a to determine which handler will handle input.

Unified mouse input and virtual input devices are tools, but when desired a device may at times be different one way to implement modes in the T ools

also be software objects, and some views indeed such virtual tools. T ools often an action, which allows them to operate on any tha=0A= t respond to that action. The test whether a given view responds to a given tool is made by event handler associated every view; this allows semantic feedback to occur automatically without any expl= icit on the part of the view or the tool.

Automatic semantic feedback just the feedback as to whether a given tool upon a view over which it is has been dragged automatically

. For example, that respond to the delete message will automatically highlight delete tool is dragged

over them. desired=0A= , an object can do more elaborate processing to if it truly

responds to a given tool, object may check that the user has permission to dele= t=0A= e before indicating it responds to the tool.

Runtime creation and manipulation of handlers handlers may be created and asso-

ciated with views or view classes at For example, a drag handler may be an object, allowing that object to be dragged have its position changed). In such handlers may be modified at runtime, for example, change the predicate that the handler .

10.2 Future Directions

In this sect=0A= ion, directions for future work are discussed. directions include remedies for

of the current work as well as extensions.

10.2. FUTURE DIRECTIONS single-stroke training and recognition algorithm is the most robust and well-tested part the current wor=0A= k, and even in its current form it is probably for commercial However

, a number simple modifications should improve 9.1.1 and contain suggestions for additional fea=0A= tures as well as modifications to existing features; th= ese should

be implemented. T the mouse the presence of paging has proved to be a problem, a

improvement in recognition rate would be achieved if real-time response to mouse could be It should be simple to the algorithm to three dimensional gestures. would required would be to add several more fea=0A= tures to capture motion in the extra The algorithm and linear classifier would be untouc=0A= hed by this Alternatives for rejection shoul=0A= d be explored further

. estimated probability is useful, though using it will always res=0A= ult in rejections of about as many gestures that of

have been correctly classified as not. estima=0A= ted Mahalanobis distance based on the covariance matrix is really only useful for rejecting gar=0A= bled gestures. The distance based the per-class covariance matrix fares somewhat better but requires more training examples to work Given the obvious false assumption equal per-class covariance matrices, it seems that of

classifier should not perform well gesture sets, some classes of which vary in size and

orientation, others of which do not. practic=0A= e, when the gesture classes are unambiguous, cla=0A= ssifiers have tended to perform admirably this would not be the case for all sets. area for exploration is a method for calcu=0A= lating the common covariance differently in particular

, by not weighing the per class contribu= tion=0A= s by the number of examples of

that Another challenge would be to handle such gesture wit=0A= hout giving up linear with a form training formula. seems to be only candidate, which relies on multiclass minimum squ=0A= ared error and the pseudoinverse of the matrix of examp= les [30]. It be explored as a potential alternative to classifiers that rely on estimates of common covariance

It would be interest=0A= ing to explore the possibility of allowing the user indicate that a given gesture will vary in size and/or orientation. might handled by generating additional training exampl=0A= es by varying the user-supplied examples accordingly .

Alternatively it may be possible to the training algorithm so that the evaluation functions for certain classes are constrained to ignore features.

the requirement that a form exist for the per-class feature weights allows iterative training methods to be considered. have been ignored in this dissertation since are expensive in training time and tend to require training examples. However

, as increases, iterative methods become more practical for in a tool for experimenting gesture-based interf=0A= aces.

Similarly relaxing the requirement that the classifier be a linear discriminator opens the door for many other possibilities. and various non-parametric algorithms are but a few

. too are expensive and many training Perhaps recognition technologies that require expensive training may be used in a prod= ucti=0A= on

230 CHAPTER 10. AND FUTUR=0A= E DIRECTIONS

system while the cheaper technology devel=0A= oped here used for prototyping. is analogous to

a fast compiler for development and an optimizi=0A= ng compiler for production. At the time of writing it seems likely that neural networks will be in common use, and gesture recognition but Additional attention should be given the problem of detecting ambiguous sets of cla=0A= sses and useless features. triangular matrix Mahalanobis distance between each pair of

clas=0A= ses is a useful starting point for determining similar = gest=0A= ure classes. Multivariate of variance techniq=0A= ues [74] can determine which features contribute to classification and features are irrelevant. techniques can be used to support the design of Eager recognition needs to be explored furthe=0A= r

. classifiers generated by the algorithm Chapter 4 are less eager than they could possibly be,= due to the conservative choices being Hand labe=0A= ling of ambiguous and unambiguous subgestures should be e= xplo=0A= red more fully; it is difficult to an interface that makes such labeling relatively and it is likely to better results than current automatic labeling. possible comes from observation that, during eager recogniti=0A= on, the full classifier is being used to classify sub= gest=0A= ures,

upon which it was not It might be worth trying to retrain the full classifier on the = comp=0A= lete

subgestures. better

, perhaps a classifier

, trained on the newly complete subgestures (i.e.

those made complete by their last poin=0A= t), should be substituted for the full classifier

Also, eager

needs to be extended multi-path Algorithms for automatically determin=0A= ing the start of a gesture would also be useful, for devices without any discrete signaling capability (most notably the DataGlove). In the gestures are considered atomic, essentially no discernible structure. It is easy imagine separate gestures such as select, copy, move, and delete that are concatenated to single interactions: select and move, select and delete. This raises the segmentation question: does one gesture end and the next begin? allowa=0A= ble combinations of gestures opens the of gesture grammars, an interesting area for future stud= y.

dissertationhas concentrated on gestures that are restricted to be single for reasons explained previously

. utility multiple-stroke gestures needs to be examined thor=0A= oughly

. a multiple-stroke gesture, does the rela=0A= xation between strokes ruin the dence between mental and physical tension that makes for good interac= tion=0A= ? Does the need segmentation make the system less responsive than it otherwise might be? manipulation

and eager recognition be incorporate=0A= d into a system based on multiple-stroke These

questions require further Due to interest in multiple stroke recognition, the question as to whether the single-

algorithm can extended to handle multiple stroke gestures. segmentation (grouping strokes into needs to be addressed. way this might be is to add a lartimeout to determine the of a gesture. distance of a stroke from previous stroke might

also be used. of strokes determined to be a single gesture might be treated as a

stroke, with the of an additional feature which records the number of s= trok=0A= es in the

gesture. single-stroke algorithm may then be Multi-path is really still in its infancy

. the recognitio=0A= n algorithms of Chapter seem to work well, is not much to compare them against. others met=0A= hods for multi-path

10.2. FUTURE DIRECTIONS recognition need to be explored. said, the aut=0A= hor is somewhat wary that multiple finger dev=0A= ices are so seductive that gesture research will concentr= ate on such devices to the exclusion single-path dev=0A= ices. would be unfortunate, as it seems that single-path devices will much more for the foreseeable future, and thus more users will p= oten=0A= tially benefit the availability of gesturing. a thorough understanding of the issues involved single-path gesturing will likely be use in solving the more difficult problems in the

multi-path The advent of pen-base=0A= d computers leads to the question of how the single-str= oke described here may be combined with handw=0A= riting recognition. approach is to pass input gesture recognizer after it has been by the handwriting recognizer

. context in the

stroke has been made (e.g. or text window) can also be used to determine to invoke handwriting recognition or stroke The start of a single-stroke gesture is use=0A= d to determine the set of possible gestures by at possible objects at which the gesture is directed. It may be desirable to explore the that the gesture is directed at an object other one indicated by the first point, e.g. an may be indicated by a hot point of the gesture (e.= g. the intersection point of the delete A

ambiguity occurs when the input is multiple-finger gesture; which of the fingers should used to determine the object(s) at which the ges=0A= ture is directed? this case, a union of the recognized by objects indicated by each finger could be used, but the possibility of conflict One problem with gesture-based systems is that there is usually no indication of the accepted by the system.

1

This is difficulty that will potentially prevent novices usi=0A= ng

the system. approach would be to animation[6

] to indicate the possible gestures and effects, although how the user asks to see the animation remains an open question.

to beginners is the timeout interval, where “stillness= 272 is used to indicate collection is over manipulation is to begin. T ypically a presses a mouse button then thinks about to do next; by that time the system has already clas= si=0A= fied the gesture as a dotThe cannot be totally disabled, since it is the only to enter the manipulation phase some some scheme where the timeouts are long seconds) for novices decrease with use is desi=0A= rable. possibility is eliminating the timeout tota=0A= lly at the of the gestures, thus disallowi=0A= ng dot The current work suffers fro=0A= m a lack of formal user evaluation. studies are to determine classifier performance a function of training examples, and whether one user = can

use a classifier trained by another general, the costs and the benefits of fixed trainable

strategies need to be studied. The usability of eager recognizers is also of Recognizers that gradually adapt to users need to studied as well. Such a recognizer the user to somehow indicate when a gesture is misclassi�= 6ed by the system. Lerner [78] potentially applicable scheme in which the system subsequent actions to see if the was satisfi=0A= ed with the result of an applied heuristic. are dangers inherent in systems–if system adapts to the user and the user to the both are aiming at targets, and is possible. current approach requires the explicitly to replace the

Kurtenbach al. [75] say that gesture-basedinterfac=0A= es are “non-revealing,”and presentan interesting so= luti=0A= on unifies gesturing and pie-menu selection.

232 CHAPTER 10. AND FUTUR=0A= E DIRECTIONS

existing training examples with his own=0A= –a workable, if not glamorous, solution.

low-l=0A= evel recognition work in this thesis is quite usable its current state, and may be

into systems as warranted. however

, is useful as a base for

future development. purely a research system, built as a platform for expe= rime=0A= nting with input user interface toolkits. Its output facilities are totally inadequate for real applications. was built solely by and for the author

, has no plans to maintain it. Nonetheless, embodies some important concepts of how gestures are be integrated into object-oriented interface The obvious next step is to integrate gestures into some existing user interface construction of technical suitability are important, but not in deciding which system to work Any chosen syst=0A= em must be well supported and maintained, so that is a reasonable that the system will survive=0A= . any chosen system must be widely distrib=0A= uted, in to make the technology of gesture reco=0A= gnition available to as many experimenters as A number of existing systems are candidates for the in= corp=0A= oration of gestures. The NeXT Ap-

Kit is technically the ideal platform–it is even in Objective C. The hooks seem to there to capture input at the right level in order associate gestures with view

classes. is proba=0A= bly not worth the effort to implement an entire interpr= eter for entering semantics at runtime, as is not something a user will typically graphical to control semantics, based on cons=0A= traints, would be an interesting addition. a way for mapping gestural attributes to appl=0A= ication parameters needs to be The T oolkit (A is another system into which gestu=0A= res may be incorporated. A TK

its object-oriented programming language on top of C, so run= time representation of class hierarchy ,if not alrea=0A= dy present,should be straightforward to add. has dynamic loading of objects into running programs–this should make it possible to compile semantics and load them into a running program without restarting the program. Unfortunately

, their overhead, views tend to be large objects in TK (e.g. individual notes in a score would not be separate views in A making difficult to associate dif ferent gestures with the smaller objects of interest in the Hassan, in a different approach, has added aut=0A= hor ’ s gesture recognizer to the A text object, creating an interface that allows text editing proofreader ’ s Integrating gestures into

Garne=0A= t is another possibility

. would be is a gesture teractor

, analogous to the gestur=0A= e event handler in GRANDMA. Garnet interactors routinely their semantics via constraints, with an into Lisp available for unusual cases. ture semantics should therefore be no problem in Garne=0A= t. James Landay has begun work author ’ s recognizer into Gestures also be added to MacApp. being widely MacApp has the that it runs on a Macintos=0A= h, which historically has run only one process at a t= ime and has no virtual

(this has changed with a recent system software release). these points sound disadvantages, the real-time operation needed to track the mouse reliably should be easy to achieve=

because of them. MacApp is in Object Pascal, minimal about objects is available at runtime. particular

, message sele=0A= ctors are not first class objects Object Pascal, it is not possible to ask if a given object to a message at runtime, and there

10.3. FINAL REMARKS no runtime representation of the class hierarchy

Many things that happen automatically GRANDMA is written in Objective C will need to be explicitly in MacApp.

would be desirable to have addition=0A= al attributes of the gesture available for use in gestu= re

semantics. missing from the current are locations where the path intersects itself locations of sharp corners of the stroke. of attributes can be used for pointing with gest=0A= ure, and allow for multiple points to be indicated one single-path gesture. Also, having numerica=0A= l attributes also available in a scaled form (e.g. between zero and one) would simplify use parameters to application functions.

Remarks

The utility of gesture-based interfaces deriv=0A= es from the ability to communicate an entire primitive application transaction with a single gesture. thi=0A= s to be possible, the gesture needs to be Final

determine the operation to be performed, and attr=0A= ibutes of the gesture must be mapped to parame=0A= ters of the operation. parameters may be at the time the gesture is while others are best manipulated in the presence of feedback the application. This is justification for the two-phase approach, where gesture recognition is by a phase, which allows for the continuou=0A= s adjustment of parameters in the presence of application=

feedback.

the outset, the goal of this work was to provide tools to allow the easy of gesture-

based applications. research has led to prototypes of such tools, and has thus laid = much of the

for building such tools in the future. However the goal will not have been achiev=0A= ed gestures are integrated into existing interface construction tools that are both well maintained=

and highly available. involves more development and marketing than it does research, but it vitally important to the future of gesture-based is

234 CHAPTER 10. AND FUTUR=0A= E DIRECTIONS

Appendix A

Code for Single-Str oke Gestur e

Recognition and T raining

appendix contains the actual C code used to single-stroke gestures. The feature classifier training algorithm, and the linear classi=0A= fier are all presented. The code be obta=0A= ined free of charge via anonymous ftp to .cmu.edu (subdirectory and is also availabl=0A= e as part of the Andrew contribution to the X11R5 dis= trib=0A= ution.

A.1 Feature Calculation

lowest level of the code deals with computing a vector from a sequence of mouse that up a gesture. T ype FV is a pointer to structure that holds a feature vector as well intermediate results used in the calculation of the feat= ures=0A= . The function FvAlloc allocates an FVwhich is initialized before processing the points a gesture via FvInit. FvAddPoint called

for each input point of the gesture, and FvCalc returns the feature vector for the gesture once all

the points have been The following is a sample code fragment demonstrating the use of fun=0A= ctions:

#include #include "fv.h"

Vector

InputAGesture()

static FV int x, y; long t; Vector v;

/ � FvAlloc() is typically called only once per pr ogram invocation. � /

=3D=3D NULL) fv =3D FvAlloc();

236 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

/ A pr ototypical loop to compute a featur e vector om a gestur being r ead fr om a window manag=0A= er: � /

while(GetNextPoint(&=0A= x, &y, &t) !=3D FvAddPoint(fv, y, t);

v =3D FvCalc(fv);

return g

The returned vector v might now be pass=0A= ed to sClassify to classify the The rem=0A= ainder of this section shows the header file, fv which defines the FV type and feature vect=0A= or interface. interface is implemented in fv shown next.

/ �=0A= �= �=0A= �= 003=0A= �fv

.h � Cr eate a featur e useful for gestur e fr om a seque=0A= nce of points (e.g. mouse points).

�=0A= �= 3=0A= �= 003=0A= �= �=0A= � /

/ �=0A= � compile time settable parameters

� � � some of these can also be set at see fv

.c � /

#undef /

� Define USE_TIME to enable the and maximum � /

/ � featur es. When not defined, 0 may be passed � /

/ � as the time to FvAd=0A= dPoint. � /

DIST_SQ_THRESHOLD �3)

/ � points within sqrt(D=0A= IST_SQ_THRESHOLD) � /

/ � be ignor ed to eliminate mouse jitter � #define SE_TH_ROLLOFF (4�4)

� The SE_THET

A featur es (cos and sin of � /

/ � angle between and last point) will � /

/ be scaled down if the distance between the � /

/ � points is less than sqrt(SE_TH=0A= _ROLLOFF) � /

/ �=0A= �

Interface

�=0A= � � /

typedef struct fv �FV;

/ � During gestur e collection, FV holds � /

/ � all interme=0A= diate r esults used in the � /

/ � calculation of a single featur e vector /

A.1. FEA

TURE CALCULA

TION 237

FV FvAlloc(); /

� � void FvFree(); /

� Fv fv � /

void FvInit(); /

� FV fv � /

void FvAddPoint(); /

� FV fv; int x, y; long time; � Vector FvCalc(); /

� FV fv; � /

/ � structur e � #defineMAXFEATURES 32

/ � of featur es, occasionally useful as an array bound =0A= � /

/ � indices into the e V ector r eturned by FvCalc � #define PF_INIT_COS 0 /

� initial angle (cos) � /

#define PF_INIT_SIN /

� initial angle (sin) � #define PF_BB_LEN 2 /

� length bounding box diagonal � /

PF_BB_TH 3 /

� angle of bounding box � /

#define PF_SE_LEN 4 /

� length between start and end points � /

#define PF_SE_COS 5 /

� cos angle between start and end points � #de=0A= fine PF_SE_SIN 6 /

� sin of between start and end points � PF_LEN 7 /

� ar c length of path � /

#define PF_TH 8 / total angle traversed � /

PF_AT=0A= H 9 /

� sum of abs vals of traversed � /

#define /

� sum of squar es of angles traversed � /

#ifndef USE_TIME

NFEATURES 11

#else

# PF_DUR11 /

� duration of path � /

# define PF_MAXV 12 /

� maxi=0A= mum speed � /

# 13

#endif

/ � structur e which holds intermediate r esults during featur e vector calc= ulat=0A= ion � /

struct fv f

/ � the following ar e used in calculating the feat=0A= ur es � /

double starty; /

� starting point � starttime; /

� starting time � /

/ � these ar e set after a points and then left alone � /

238 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

initial_=0A= sin, initial_cos; /

� initial angle to axis � /

/ � these ar updated incr ementally upon every point � int npoints; /

� number of points path � /

double dx2, dy2; � differ ences: endx�pr evx, endy�pr evy � /

/ � dx2�dx2 + dy2�dy2 � /

double endx, endy; /

�lastpointadded� /

endtime;

double minx, maxx, miny, maxy; / bounding box � /

double path_t=0A= h; /

� total length and r otation (in radi=0A= ans) � /

double abs_th; /

� sum of absolute values of path angles � /

double sharpness; /

� sum squar es of path angles � /

max=0A= v; /

� maximum velocity � /

Vector y; /

� Actual featur vector � /

g;

/ �=0A= �= �=0A= �= 003=0A= �

fv .c � Cra featur e vector useful for gestur e classifica=0A= tion,

fr om a sequence of points points).

�=0A= �= �=0A= �= 003=0A= � #incl=0A= ude <stdio.h>

#include #include "matr=0A= ix.h" /

� contains V and associated functions � /

#include /� runtime settable parameters � double dist_sq_threshold =3D double se_th_rolloff =3D #define EPS (1.0e�4)

/ � allocate an FV struct including featur e vector � /

FV

A.1. FEA

TURE CALCULA

TION 239

FvAlloc()

f

FV fv (FV) mallocOrDie(sizeof(struct fv));

fv�>y =3D NewVector(NFEATURES);

return fv;

g

/ � fr ee associated with an FV struct � void

FvFree(fv)

FV fv;

f

FreeVect=0A= or(fv� >y);

free((char �) fv);

g

/ � initialize an struct to pr epar e for incoming gestur e points � /

void

FvInit(fv)

fv;

f

register int i;

fv=0A= �>npoints =3D 0;

fv�=3D fv�>initial_cos =3D fv�>maxv =3D 0;

fv�>path_r =3D 0;

fv�>path_th =3D 0;

fv�>abs_=0A= th =3D 0;

fv�>sharpness =3D �>maxv =3D for(i =3D 0; i < i++)

fv�>y[i] =3D 0.0;

g

/ � update an FV struct to r a new input point � /

FvAddPoi=0A= nt(fv, x, y, register FV fv; int x, long t;

f

double dx1, dy1, magsq1;

240 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

th, abs=0A= th, d;

#ifdef PF_MAXV

long #end=0A= if

++fv�>npoints;

if(fv�>npoints =3D=3D 1) f /

� first point, initialize some vars � /

fv�>st=0A= arttime =3D fv�>endtime =3D t;

fv>startx =3D fv�>endx =3D fv�>minx fv�>maxx =3D x;

fv�>starty fv�>endy =3D fv�>miny =3D fv�>maxy =3D y;

fv�>endx =3D x; fv�>endy =3D y;

return;

g

dx1 =3D � fv�>endx; dy1 =3D y � fv�>endy;

magsq1 =3D dx1 � dx1 + � dy1;

if(magsq1 <=3D dist_sq_threshold) f

fv�>npoints� �retur=0A= n; /

� ignor e a point close to last point � /

g

fv�>minx) fv�>minx =3D if(=0A= x > fv�>maxx) fv�>maxx =3D x;

if(y < fv�>miny) fv�>miny =3D y;

if(y > fv�>maxy) fv�=3D y;

#ifdef PF_MAXV

lasttime =3D fv>endtime;

#endif

fv�>endtime t;

d =3D sqrt(magsq1);

fv�+=3D d; /

� update path length featur � /

/ � calculate initial theta when the thir d point is seen � if(f=0A= v�>npoints =3D=3D 3) f

double magsq, dx, dy, recip;

dx =3D x � fv�>startx; dy =3D y � fv�magsq =3D dx � dx + dy � if(=0A= magsq > dist_sq_threshold) f

/ find angle w .r .t. x axis (1,0) � /

A.1. FEA

TURE CALCULA

TION 241

recip =3D 1 / sqrt(magsq);

fv�>initial_cos =3D dx � recip;

fv�>initial_sin =3D dy � recip;

g

if(fv�>npoints >=3D 3) f /

� update angle�based featur es � /

th =3D absth =3D atan2(dx1 � �>dy2 � fv�>dx2 � dy1,

dx1 � fv�>dx2 + dy1 � fv�>dy2);

if(absth < 0) absth =3D =0A= �absth;

fv�>path_th +=3D fv�>abs_th +=3D absth;

fv�>sharpne=0A= ss +=3D th�th;

#ifdef PF_MAXV � compute max velocity � if(fv�>endtime > lasttime (v =3D d (fv�>endtime � lasttime)) > fv�>maxv)

fv�>maxv =3D #en=0A= dif

g

/ � pr epar e for next iteration � /

fv�=3D x; fv�>endy =3D y;

fv�>dx2 =3D dx1; fv�>dy2 =3D dy1;

fv�>magsq2 =3D magsq1;

return;

g

/� calculate and r eturn a featur e vector � /

Vector

registerFV fv;

f

doublebblen,selen,factor;

if(fv�>npoints <=3D return�>y; /

� a featur e vector all zer os � /

fv�>y[PF_INIT_COS] =3D fv�>initial_cos;

fv�>y[PF_I=0A= NIT_SIN] =3D fv�>initial_sin;

242 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

/ compute the length of the bounding box diagonal /

bblen =3D hypot(fv�>maxx fv�>minx, fv�>maxy � fv�>miny);

fv�=3D bbl=0A= en;

/ � the bounding box angle defaults to 0 for small gestur es � � bblen > dist_sq_threshold)

fv�>y[P=0A= F_BB_TH] =3D atan2(fv�>maxy � fv�>miny,

fv�>maxx � fv�>minx);

/ � compute the length angle between the first and last points � /

selen =3D hypot(fv�>endx � �>startx,

fv�>endy � fv�>starty);

fv�selen;

/ � when the first and last points ar e very close, the angle featur e muted so that they satisfy the stability criterion � /

factor =3D selen � selen se_th_rolloff;

> 1.0) factor =3D 1.0;

factor =3D selen > EPS ? factor/selen 0.0;

fv�>y[PF_SE_COS] =3D (fv�>endx � fv�>startx) � fv�>y[PF_SE_SIN] =3D (fv�>endy � fv�>starty) � /

� the r emaining featur es have alr been computed � /

fv�>y[PF_LEN] =3D fv�>path_r;

fv�>y[PF_TH] =3D fv�>path_th;

fv�>y[PF_ATH] =3D fv�>abs_th;

fv�=3D fv�>sharpness;

#ifdef �>y[PF_DUR] =3D (fv�>endtime � fv�>starttime)� .01;

#ifdef PF_MAXV

fv�>y[PF_MAXV] =3D fv�>maxv � 10000;

return fv�>y;

g

A.2. AND USING THE LINEAR CLASSIF=0A= IER 243

A.2 and Using the Line=0A= ar Classifier

T ype sClassifier at an object that represents a classifier able to di= scri=0A= minate between a

set of gesture gesture class is represented by an sClassDope The functions

sRead and sWrite read write a classifier to a file. The function sNew=0A= Classifer creates

new (empty) . A training example is added using sAddExample. There is no to explicitly add new class to a classifier

. an example a new class is added, the new is automatically . T train the classifier based the added examples, call sDoneAddingOnce trai=0A= ned, sClassify and sClassifyAD are used to classify a feature vector as one of the

classes; sClassif=0A= yAD optionally computes the rejection Here is an example fragment for creating a new classi= 256e=0A= r

, entering new training examples, and

the resulting classifier out to a file. of these functions are timed (and further in sect=0A= ion 9.1.7.

#include #include <math=0A= .h>

#include #include "matrix.h"

#include "sc.h"

#define NEXAMPLES sClassifier

MakeAClassifier()

f

sCl=0A= assifier sc =3D Vector InputAGesture=0A= ();

char name[100];

int f

if(gets(name) =3D=3D NULL jj name[0] =3D=3D break;

for(i =3D 1; i <=3D NEXAMPLES; i++) f

printf("Enter %s example %d\n", name, sAddExample(sc, name, InputAGesture());

g

sWrite(fopen("classifier.out=0A= ", "w"), sc);

return sc;

244 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

g

a classifier has been created it can be used to cl= assi=0A= fier gestures as follows:

sClassifier sc;

f

Vector sClas=0A= sDope scd;

double punambig, for(;;) f

v =3D scd =3D sClassifyAD(sc, v, &punambig, &distance)=0A= ;

printf("Gesture classified as %s ", scd�>na=0A= me);

printf("Probability of unambiguous classification: = %g\n",

punambig);

printf("Distance from class mean: = %g\n", distance);

g

g

is the header file and code to implement the statist= ical classifier .

/ �=0A= �= �=0A= �= 003�= 3=0A= �TestAClassifier(sc)

sc.h � cr eate single path fr om featur e vectors of as well classifying example featur e vectors.

�=0A= �= �=0A= �= 003=0A= �= 003� /

#define MAXSCLASSES 100 /

� maximum number of classes � typedef struct sclassifier �sClassifier; /

�classifier� /

int sClassIndex; /

� per�class index � /

typedef struct sclassdope �sClassDope; /

� per�class information � /

struct sclassdope f / per gestur e class information within a classifier � /

char �name; / name of a class � /

number; /

� unique index (small integer) of class � /

int nexamples; /

� number of training examples � Vector average; /

� average of training exampl=0A= es � /

Matrix sumcov; / covariance matrix of examples � /

g;

A.2. AND USING THE LINEAR CLASSIF=0A= IER 245

struct sclassifier f � a classifier � /

nfeatures=0A= ; /

� number of featur es in featur e vec=0A= tor � /

int nclasses; / number of classes known by this classifier � /

sClassDope �classdope;/

� array of pointers to per class data � Vector cnst; /

� constant term of discrimi=0A= nation function � /

Vector �w;/

� array of coefficient weights � /

Matrix invavgcov; /

� covariance matrix � /

gsClassi=0A= fier sNewClassifier(); /

� � sClassifier sRead(); /

� FILE �f � /

void sWrite(); /

�FILE�f;sClassifier sc; � void sFreeClassifier(); /

� sc /

void sAddExample(); /

� char �classname; V ector y � /

void sDoneAdding(); /

� sc � /

sClassDope sClassify(); /

� sc, y � /

/ � sc, y

, double �ap; double �dp � /

sClassNameLookup=0A= (); /

� sc, classname � double MahalanobisDistance();/ � v , u; Matrix sigma � /

/ �=0A= �=0A= �= 003=0A= �= 003=0A= �

sc.c � cr classifiers fr om featur e vectors of examples, as w= ell as

classifying example featur e vectors.

�= �=0A= �= 003=0A= �= 003� /

<stdio.h>

#include <math.h>

#include #in=0A= clude "matrix.h"

#include #define (1.0e�6) /

� for singular mat=0A= rix check � /

/ � memory associated with a new classifier � / sClassifier

sNewClassifier()

f

reg=0A= ister sClassifier sc =3D

246 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

mallocOrDie(sizeof(struct sclassifier));

sc�>nfeatures =3D �1;

sc�>nclasses 0;

sc�>classdope =3D (sClassDope �)

mallocOrDie(MAXSCLASSES � sizeof(sClassDope)=0A= );

sc�>w =3D return sc;

g

/ � fr ee memory with a new classifier � /

sFre=0A= eClassifier(sc)

register sClassifier sc;

f

register int register sClassDope scd;

for(i =3D 0; i < sc�>nclasses; i++) f

scd =3D sc�if(sc=0A= d�>name) free(scd�free=0A= (scd);

if(sc�>w && sc�>w[i]) FreeVector(sc� >w[i]);

if(scd�>sumcov) FreeMatrix(scd� if(scd�>average) FreeVector(scd� g

free(sc�>w) free(sc�>w);

if(sc�>cnst) FreeVector(sc� if(sc�>invavgcov) FreeMatrix(sc� >invavgcov);

free(sc);

g

/ � a string name of a class, r eturn its per�class information � /

sClass=0A= NameLookup(sc, register sClassifier sc;

register char �classname;

register int i;

register sClassDope stati=0A= c sClassifier lastsc;

static sClassDope lastscd;

A.2. AND USING THE LINEAR CLASSIF=0A= IER 247

/ � quick check last class name � /

=3D=3D sc && STREQ(lastscd� >name, lastscd;

/ � linear sear ch thr all classes for name � /

=3D i < sc�>nclasses; i++) f

scd sc�>classdope[i];

if(STREQ(scd� >na=0A= me, return lastsc =3D sc, lastscd =3D scd;

g

return NULL;

g

/� add a new gestur e class to a classifier � /

static sAddClass(sc, classname)

register sClassifier sc;

char �classname;

f

register scd;

sc�>classdope[sc� =3D scd =3D sclassdope));

scd�>name =3D scopy(classname)=0A= ;

scd�>number =3D sc�>nclasses;

scd�>nexamples =3D 0;

scd>sumcov =3D NULL;

++sc�return scd;

g

/ � a new training example to a classifier � /

void

sAddExample(sc, classname, regi=0A= ster sClassifier sc;

char �Vector y;

f

register sClassDope scd;

register int i, j;

double nfv[50];

248 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

recipn;

scd =3D if(scd =3D=3D scd =3D sAddClass(sc, classname);

if(sc�>nfeatures =3D=3D �>nfeatures =3D NROWS(y);

if(scd�>nexamples =3D=3D 0) f

scd�>average NewVector(sc� >nfeatures);

ZeroVector(scd� >average);

scd�>sumcov =3D NewMatrix(=0A= sc� >nfeatures,sc� ZeroMa=0A= trix(scd� >sumcov);

g

if(sc�>nfeatures !=3D NROWS(y)) f

PrintVector=0A= (y, "sAddExample: funny vector nrows!=3D%d",

sc�>nfeatures);

return;

g

scd�>nexamples++;

nm1on =3D ((double) scd�>nexamples� 1)/scd�reci=0A= pn =3D 1.0/s cd�>nexamples;

/ incr ementally update covariance matrix

� for(i =3D 0; i < sc�i++)

nfv[i] =3D y[i] � scd�>average[i];

/ � only upper triangular part � /

for(i =3D 0; i < sc�>nfe=0A= atures; i++)

for(j =3D i; j < sc�>nf=0A= eatures; j++)

scd�>sumcov[i][j] +=3D nm1on � nfv[i] � nfv[j];

/ � incr ementally update mean vector � for(i =3D 0; i < sc�>nfeatures; �>average[i] =3D

nm1on � scd>average[i] + recipn � y[i];

g

A.2. AND USING THE LINEAR CLASSIF=0A= IER 249

/ � run the algorithm on the classifier � /

sDoneAdding(sc)

register sClassifier sc;

f

register int i, j;

int int ne, denom;

double register Matrix s;

register Matrix avgcov;

double regis=0A= ter sClassDope scd;

if(sc�>nclasses 0)

error("sDoneAdding: No classes\n");

� Given covariance matrices for each class (� number of examples � compute the average (common) covariance matrix � avgcov =3D NewMatrix(sc�>nfeatures, sc>nfeatures);

ZeroMatrix(avgcov);

=3D 0;

for(c =3D 0; c < sc�>nclasses; c++) f

scd =3D sc�+=3D scd�>nexamples;

s =3D scd�>sumcov;

for(i =3D 0; i < sc�>nfeatures; i++)

for(j =3D i; j < sc�>nfeatures; j++)

avgcov[i][j] +=3D s[i][j];

denom =3D ne � sc�if(=0A= denom <=3D 0) f

denom);

return;

g

=3D 1.0 / denom;

for(i =3D 0; i < sc>nfeatures; i++)

for(j =3D i; j < sc�>nfeatures; j++)

250 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

avgcov[i][j] �=3D oneoverdenom;

/ invert the avg covariance matrix

� �>invavgcov =3D NewMatrix(sc�sc�>nfeatures);

=3D InvertMatrix(avgcov, sc�if(fabs(det) <=3D EPS)

FixClassifier(sc, avgcov);

/ � now compute discrimination functions � sc�>w =3D (Vector � >nclasses � sc�>cnst =3D NewVector(sc� for(c =3D 0; c < sc�>nclasses; c++) f

scd =3D sc�>classdope[c];

sc�>w[c] =3D NewVector(sc� Vector=0A= TimesMatrix(scd� >average, sc�>invavgcov,

/ � pr oduct =3D � / sc�>w[c]);

sc�>cnst[c] =3D 0.5 �

InnerProduct(sc� >w[c], �>average);

/ � could add log=0A= (priorpr ob class c) to cnst[c] � g

FreeMatrix(avgcov);

return;

g

/ � classify a featur e vector � /

sClassDope

sClassify(sc, fv) f

return sClassifyAD(sc, fv, NULL, g

/ � classify a featur e vector

, possibly computing r ejection metrics � /

sClassDope

fv, ap, dp)

sClassifier sc;

Vector fv;

double �ap;

double �dp;

f

double disc[MAXSCLASSES];

A.2. AND USING THE LINEAR CLASSIF=0A= IER 251

register int i, double denom, exp();

register sClassDope double d;

if(sc�>w =3D=3D error=0A= ("sClassifyAD: %x no trained classifier", =3D 0; i < sc�>nclasses; =3D InnerProduct(sc� >w[i], fv) + sc�>cnst[i];

maxclass =3D for(i =3D 1; i sc�>nclasses; if(disc[i] > disc[maxcla=0A= ss])

maxclass =3D i;

scd =3D sc�>cl=0A= assdope[maxclass];

if(ap) f /

� calculate pr obability of non�ambiguity � /

for(denom =3D 0, i =3D 0; i < sc�>nclasses; i++)

/ � quick check avoid computing negligible term � if((d=3Ddisc[i]� disc[maxclass]) > �7.0)

denom +=3D exp(d);

�ap =3D 1.0 denom;

g

if(dp) /

� calculate distance to mean of chosen class � /

�dp =3D MahalanobisDistance(fv, scd>average,

sc�returnscd;

g

/ � Compute Mahalanobis distance between two vectors v and u /

double

MahalanobisDistance(v, sigma=0A= )

register Vector v, register Matrix sigm=0A= a;

f

register static space;

double result;

252 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

NULL jj NROWS(space) !=3D NROWS(v)) if(space) space =3D NewVector(NROWS(v=0A= ));

g

for(i =3D 0; i < NROWS(v); i++=0A= )

space[i] =3D v[i] � result =3DQuadraticForm(space, sigma);

return g

/ � handle the case of a singul=0A= ar average covariance matrix by r emoving featur es � /

FixClassifier(sc, register sCla=0A= ssifier sc;

Matrix avgcov;

f

i;

double det;

BitVector m, r;

/ � just add the featur one by one, discar ding any that the matrix to be non�invertible � CLEAR_B=0A= IT_VECTOR(bv);

for(i =3D 0; i < sc�>nfeatures; i++) f

BIT_SET(i, =3D SliceMatrix(avgcov, bv, r =3D NewMatrix(N=0A= ROWS(m), NCOLS(m));

=3D InvertMatrix(m, r);

if(fabs(det) <=3D BIT_CLEAR(i, bv);

FreeMatrix(m);

FreeMatrix(r);

m =3D SliceMatrix(avgcov, bv, r =3D NewMat=0A= rix(NROWS(m), NCOLS(m));

=3D InvertMatrix(m, r);

if(fabs(det) <=3D error("Can't fi=0A= x classifier!");

DeSliceMatrix(r, 0.0, bv, bv, sc�>invavgcov);

A.2. AND USING THE LINEAR CLASSIF=0A= IER 253

FreeMatrix(r);

g

/ � write a to a file � /

sWrite(outfile, sc)

FILE �sClassifier sc;

f

int register sClassDope scd;

fprintf(outfile, "%d classes\n", sc�>nclasses=0A= );

for(i =3D 0; i < sc�>nclasses; i++) f

scd =3D sc�fprintf(outfile, "%s\n", scd�>name);

g

for(i =3D 0; i < sc�>nclasses; i++) f

scd =3D sc�OutputVector(outfile, scd�Output=0A= Vector(outfile, sc�>w[i]);

g

OutputVector(outfile, sc�OutputMatrix=0A= (outfile, sc�>invavgcov);

g

/ � r ead a classifier fr om a � /

sClassifier

FILE �infile;

f

int i, n;

register sClassifier register scd;

char buf[100];

printf("Reading classifier = "), fflush(stdout);

254 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

=3D sNewClass=0A= ifier();

fgets(buf, 100, if(sscanf(buf=0A= , "%d", &n) !=3D 1) printf("%d class=0A= es ", n), for(i =3D 0; i n; i++) f

fscanf(infile, "%s", scd =3D sAddClass(sc, buf);

scd�>name scopy(buf);

printf("%s ", scd�>name), fflus=0A= h(stdout);

g

sc�>w =3D allocate=0A= (sc� >nclasses, for(i =3D 0; < sc�>nclasses; i++) f

scd =3D �>classdope[i];

scd�>average =3D Input=0A= Vector(infile);

sc�>w[i] =3D InputVector(infil=0A= e);

g

sc�>cnst =3D InputVector=0A= (infile);

sc�>invavgcov =3D InputMatrix(infile=0A= );

printf("\n");

return sc;

g

/ � compute pairwise distances classes, and print the closest as a as to which gestur e classes ar e confusable � /

sDistances(sc, register sClassifi=0A= er sc;

f

register Matrix d =3D NewMatrix=0A= (sc�>nclasses, sc�register int i, j;

double min, max =3D int n, mi, mj;

printf("� � �\n");

printf("%d closest = pairs of=0A= classes\n", nclosest);

=3D 0; i < NROWS=0A= (d); i++) f

for(j =3D i+1; j < j++) f

d[i][j] =3D sc�>classdope[i]� sc�>classdope[j]� >average,

sc�if(d[i][j] > max) max =3D d[i][j];

A.3. UNDEFINED FUNCTIONS g

g

=3D 1; n <=3D nclosest; f

min =3D max;

mi =3D mj =3D �1;

for(i =3D 0; i < NROWS(d); i++) for(j =3D i+1; j < NCOLS(d); j++) f

if(d[i]=0A= [j] < min)

min =3D d[mi=3Di][mj=3Dj];

g

if(mi =3D=3D �1)

sc�>classdope[mi]� >name,

sc�>classdope[mj]� d[mi][mj], sqrt(d[mi][mj]));

d[mi][mj] =3D max+1;

g

printf("� � � �=0A= �\n");

FreeMatrix(d);

g

A.3 Undefined functions

above uses some functions whose definitions are not in this appendix. These into four library functions (including the math utility functions, functions, and vector/matrix functions, The standard library calls will not be discu= ssed=0A= .

The utility functions used are

STREQ(s1, s2) returns F

ALSE iff strings s1 s2 are equal.

scopy(s) a cop=0A= y of the string s.

arg1...=0A= ) a message and causes the program to exit=0A= .

mallocOrDie(nbytes) malloc, with an error message if the memory cannot obt=0A= ained.

256 APPENDIX A. FOR SINGLE-STROK=0A= E GESTURE RECOGNITION AND TRAINING

The bit operations are an efficient set of functions for ac= cess=0A= ing an array of bits.

CLEAR BIT VECTOR(bv) resets an entire bit vector bv to all zeros,

BIT SET(i, bv) setsthe i th

bitof bv to and

BIT CLEAR(i, bv) i th

bit of bv to The vector/matrix functions are declared in Objec=0A= ts of type Vector and Matrix be acces=0A= sed like one and two dimensional arrays, respectively but also contain additional information

to the and dimensionality of the object (accessible via NROWS, NCOLS, and NDIM. be obvious from the names and the use of most of functions (NewVector, NewMatrix,

Fre=0A= eVector, FreeMatrix, ZeroVector, ZeroMatrix, PrintVector, PrintMatrix,

InvertMatri=0A= x, InputVector, InputMatrix, OutputVector, OutputMatrix,

VectorTimesMatrixand InnerProduct) what they do. for the rem=0A= aining functions,

QuadraticForm(Vector Matrix M) computes the quantity V

0

MV, where

prime denotes transpose operation.

SliceMatrix(Matrix BitVector rowmask, BitVector colmask)

new matrix, consisting only of those rows and columns m whose corresponding

bits are set it rowmask and colmask, respectively .

DeSli=0A= ceMatrix(Matrix m, double fill, BitVector BitVector colmask; Matrix result) first sets every ele=0A= ment in result to filland then, every element in result whose row number is on in rowm=0A= ask and whose column

number is on in , is set from the corresponding element in the matrix m, which is

smaller than r.The result of SliceMatrix(DeSliceMatrix(m, row=0A= mask,

colmask, result), rowmask, colmask) is copy of m, given legal values for These auxiliary functions, as well as a C-bas=0A= ed X11R5 version of GDP are all available as part

of the ftp distribution mentioned above.

Bibliography

[1] Apple. InsideMacintosh. Addison-W esley

, Apple. Macintosh System Softwar e User ’

Gui=0A= de, V ersion 6.0. Computer

, 1988.

[3] H. Arakawa, K. Okada, and J. On-line recognition of handwritten Hiragana, Katakana, Kanji. In Pr oceedings of 4th International Confer ence on Pattern Recogn=0A= ition, pages 810–812, 1978.

[4] Baecke=0A= r. T a characterization of graphical interactio=0A= n. In Guedj, R. A., et. al.,

editor

, Met=0A= hodology of Interaction, pages 127–147. North 1980.

[5] Baecker and W

. A. S. Buxton. in Human-Computer Interaction - A Multidis-

ciplinary Appr oach. Kaugmann Reading=0A= s Series. Morgan Kaufmann, Los 1987.

[6] Baecker, Ian Small, and Rich=0A= ard Mander

. Bringing icons to life. In CHI’91 ence

Pr oceedings, pages 1–6. ACM, April 199=0A= 1.

[7] J. L. Bentley

. binary search trees used for associative searching. Comm=0A= u-

nications of the ACM, 18(9), [8] M. Berthod and J. P

. Maroy

. syntactic recognition of symbols drawn on a tablet. Computer Graphics Image Pr ocessing, 9:16=0A= 6–182, 1979.

[9] Block and R. g. Polyphonic accompaniment in real time. In International

Computer Music Confer ence, Cambri=0A= dge, Mass., 1985. Computer Music R. Boie. Personnel communication. [11] R. Boie, M. Mathews, and A. Schloss. Radio Drum as a synthesizer controller

. In International Computer Music Pr oceedings, pages 42–=0A= 45. Computer Music Association,

November [12] R. A. Bolt. The Human wher e people and computers meet. Learning

Publications, 1984.

258 BIBLIOGRAPHY

M. Bozinovic. of Off-line Cursive Handwriting: A Case of Multi-level

Machine Per ception. PhD thesis, State University of New Y ork at Buffalo, = Marc=0A= h 1985.

[14] W

. A. S. and phrasing and the design of human-computer In

Information Pr ocessing 86, North Holland, 1986. Elsevier Science Publishers B.V .

A. S. Buxton.

There’ s more to interaction than meet=0A= s the eye: Some issues in manual In D. A. Norman and S. W

. Draper, editors, User Cen=0A= ter ed Systems Design: New on Human-C=0A= omputer Interaction, pages 319–337. Lawrence Erlbaum Ass=0A= ociates, Hillsdale,

N.J., 1986.

W A. S. Buxton. Smoke and mirrors. Byte15(7=0A= ):205–210, July 1990.

[17] W

A. S. Buxton. A three-state model of graphical input. Pr of Interact 90, August

1990.

. A. S. Buxton, R. Hill, and P

Rowley . Iss=0A= ues and techniques in touch-sensitive tablet

Computer

Graphics,

19(3):215–224, W . A. S. Buxton and B. Myers. study in two=0A= -handed input. In Pr oceedings of CHI ’86,

pages 321–326. ACM, 1986.

[20] W

S. Buxton, W

. Reeves, R. Baecker, and L. The user of hierarchy and instance a structure for computer music. In Curtis Roads and Str=0A= awn, editors, Foundations of

Computer Musicchapter 24, pages 443–466. MIT Press, Cambridge, Massac= huse=0A= tts, 1985.

[21] W

A. S. Buxton, R. Sniderma=0A= n, W

. Reeves, S. Patel, and R. Baecker

. evo=0A= lution of SSSP score-editing tools. In Roads and John Strawn, editors, Foundations of Computer

Music, chapter 22, pages 387–392. MIT Cambridge, Massachusetts, 1985.

[22] K. Moran, T . P ., and A. Newell. keystroke-l=0A= evel model for user time with interactive systems. Communications of the ACM, 23(7):601–=0A= 613, 1980.

[23] Cardelli and R. Pike. Squeak=0A= : A language for communicating with mice. ’85

Pr oceedings, 19(3), April [24] R. M. Carr. The point of the pen. BYTE, 16(2):211–221, February L. Coleman. T ext editing on a graphic device using hand-drawn proofreader ’

In M. Faiman and J. Nievergelt, editors, Pertinent Con=0A= cepts in Computer Graphics,

Pr of Second University of Illinois Confer ence on Computer Gr= aphi=0A= cs, 283–290. University of Illinois Press=0A= , Urbana, Chicago, London, 1969.

[26] P W . Cooper

. hyperspheres, and hyperquadric=0A= s as decision boundaries. In J. T T ou and R. H. W ilcox, editors, Computer and Information Science=0A= s, pages 111–138. W ashington, 1964.

BIBLIOGRAPHY 259

[27] J. Cox. Message/object programming: evolutionary chan=0A= ge in programming tech-

nology

. Softw=0A= ar e, 1(1):50–61, January 1984.

Brad J. Cox. Object Oriented Pr

An Evolu=0A= tionary Appr oach. Addison-W esley

1986.

[29] B. Dannenberg. A structure for repres=0A= enting, displaying, and editing music. In Pr of the 1986 International Computer Music Confer ence, pages 153–160, San Francisco, Music Association.

[30] R. Duda and Hart. Pattern Classification and Scene AnalysisW iley Interscience, 1973.

[31] Digital quill. The Economist, 316(7672):88, Septe=0A= mber 15 1990.

[32] Eglowstein. Reach out and touch your data. Byte15(7):283–290, 1990.

[33] W

English, D. Engelbart, and L. Berman. techniques for text manipu-

lation. IEEE T ransactions on Human Factors Electr onics, HFE-8(1):21–31, 1967.

S. S. Fels and Geoffrey E. Hinton. adap=0A= tive interfaces with neural networks: glove-talk pilot study . T Report CRG-TR-90-1, University of T oronto, T oronto,

Canada, [35=0A= ] R. A. Fisher

. use of multiple measurements in taxonomic problems. Annals of Eugenics7:179–188, 1936.

[36] and NerSpecifying complex dialogs in ALGAE. SIGCHI+GI 87 Pr ocee=0A= dings,

April 1987.

[37] S. Fu. Syntactic Recognition in Character Recognitionvolume 112 of Mathematics Science and Engineeri=0A= ng. Academic Press, 1974.

[38] S. Fu. Hybrid aproaches to pattern recognition. S. Fu J. Kittler and L. F

. Pau,

editors, Pattern Recognition Theory and Applications, TO Advanced Study Institute,

139–155. Reidel, 1981.

[39] K. S. Fu. Pattern Recognition and Applications. Prentice Hall, 1981.

[40] K. S. Fu and T

. S. Y u. Pattern Classification using Contextual Informatio=0A= n. Recognition and Image Processing Series=0A= . Research Studies Press, New Y ork, [41=0A= ] Gettys, R. Newman, and R. W

. Schiefler

. Xlib - C Language Interface X11R2. Institute of T echnology

, 1988.

Dario Gius=0A= e. DP command set. T

Report CMU-RI-TR-82-1=0A= 1, Carnegie Mellon

Robotics Institute, Octo=0A= ber 1982.

[43] R. Glitman. 4-pound stylus pc. PC W eek, August 27 1990.

260 BIBLIOGRAPHY

[44] Goldber g and David Robson. Smalltalk-80: Languag=0A= e and its Implementation.

Addison-W ser=0A= ies in Computer

Science.

Addison-W esley

, [45] D. Goodman. complete HyperCar d handbook. Bantam Books, 1988.

[46] H. Granlund.preprocessingforhandprintcharacter recognition. IEEE T ransac-

tions on Computers, 21:19=0A= 5–201, February 1972.

[47] I. Guyon, Albrecht, Y

. Le Cun, J. Denker

, and Hubbard. Design of a neural recognizer for a touch terminal. Recognition, 24(2):105–119, 1991.

[48] D. J. Hand. Kernel Discriminant Analysis. and Image Processing

Studies Series. Researc=0A= h Studies Press (A Division of John W iley and Ltd.),

New Y ork, 1982.

[49] G. Hau=0A= ptmann. and gestures for graphic image manipulatio=0A= n. In CHI ’89 Pr o-

ceedings, 241–245. ACM, May 1989.

[50] Hayes. rue notebook computing arrives. Byte, pages 94=0A= –95, December 1989.

[51] P J. Hayes, P A. Szekely , and R. A. Lerner . Design alternati=0A= ves for user interface systems based experience with

COUSIN. In CHI ’85 Pr oceedings, pages 169–175. ACM,

April T

R. Henry

, S. E. Hudson, and G. L. Integrating gesture and snapping into a inter=0A= face toolkit. In UIST ’90, pages 112–122. 1990.

[53] A. Higgins and R. Whitrow

On-line cursive script recognition. B. editor ,

Human-Computer Interaction - Interact ’84, IFIP, pages 139–143, North-Holland, Elsev=0A= ier Science Publishers B.V .

[54] Hill. concurrency

, communication, and synchronization in human-computer

interaction. ACM T on Graphics, 5(3):179–210, July Hollan, E. Rich, W

. Hill, D. W roblewski, W W ilner

, K. W ittenber g, J. Grudin, and Members

of the Human Interface Laboratory

. introduc=0A= tion to HITS: Human interface tool T

Report ACA-HI-406-88, Microelectronics and Computer T echno= lo=0A= gy Corporation,

Austin, T exas, Bruce L. Horn. introduction to object programming, inheritance and method

Report CMU-CS-87-127, Carnegie Mellon University Com=0A= puter

Science Department, 1988.

A. S. Hussain, G. T . T oussaint, and R. W

. Donaldso= n. Results obtained using a ple recognition procedure on Munson’ s handprinted data. IEE=0A= E T ransactions on

Computers, February 1972.

BIBLIOGRAPHY 261

[58] Hutchins, J. D. Hollan, and D. A. Norman. man=0A= ipulation interfaces. In D. Norman and W

. Draper

, editors, User Center ed System Design, pages 118–123. Erlbaum Associates, Hillsda=0A= le, N.J., 1986.

[59] Pencept control at the stroke of a pen. In SIGGRAPH ideo Review, volume

Issue 18: Compilatio=0A= ns from CHI ’85. ACM, 1985.

[60] F

Itakura. Minimum prediction residual principle applied to speech r= ecog=0A= nition. IEEE T

Acoustics, Speech, Signal ocessing, ASSP-23(67), 1975.

[61] Jackson and Renate J. Roske-Hofstrand. Circling: metho=0A= d of mouse-based without button In CHI ’89 Pr oceedings, pages 161–166. May 1989.

[62] Mike James. Algorithms. W iley-Interscience. John W iley and Inc., New

Y ork, 1985.

[63] E. Johnson. Model/View/Controller

. 1987 (unp=0A= ublished manuscript).

Dan R. Olsen Jr

Syngraph: A graphical user interface generator

. Computer Graphics,

July 1983.

[65] K. G. Morse Jr

. an world. Byte, 14(8), August [66]B. W

. Kernighan and D. M. Ritchie. Pr ogramming Language. Prentice-Hall, Jer=0A= sey

, 1978.

[67] Joonki Kim. recog=0A= nition by feature analysis. T

Report IBM

Research, December 1986.

NancyT

.Knolle. V of model-view-controller

Journal of Object-Oriented Pr ogram-

ming2:42–46, September/October 1989.

[69] . Feature extraction in an optical character mac=0A= hine. IEEE T ransactions

on Computers, 20:10=0A= 63–1067, 1971.

[70] E. Krasner and Step=0A= hen T

. Pope. description of the Model-V iew-Contro=0A= ller interface paradigm in the Smalltalk-80 syste=0A= m. Journal of Object Oriented Pr ogramming,

1(3):26–49, August 1988.

[71] W

Kreuger

. Artificial Reality. esle=0A= y

, Reading, MA., 1983.

M. W

. Kreuger , T . Gionfriddo, and K. V ideoplace: An artificial reality

. In

Pr of CHI’85, pages 35–40. ACM, 1985.

E.Kreyszig. AdvancedEngineering

MathematicsW , 1979.

Fourth

Edition.

W . J. Krzanowski. Principles of Multivariate Analysis: User ’s Perspective. Oxford

Series. Clarendon Press, Oxford, 1988.

262 BIBLIOGRAPHY

[75] Kurte=0A= nbach and W

. A. S. Buxton. GEdit: test bed for editing by contiguous gestures.

SIGCHI Bulletin, pages 22–26, 1991.

[76] Lamb V

Buckley . New techniques for dialog. In B. Shackel,

editor

, Interaction - Interact ’84, IFIP, pages 135–138, Nort=0A= h-Holland,

1985. Elsevier Science Publishers .

C. G. Leedham, A. C. Downton, C. . Brooks, and A. F

. Newell. pitman’ s handwritten shorthand as a means rapid data entry

. In B. Shackel, editor

, Human-

Computer Interaction - Interact ’84, IFIP, 145–150, North-Holland, 1985. Science Publishe=0A= rs B.V .

[78] Barbara Staudt Lerner

. Automated Customization of User Interfacesthesis, Carnegie

Mellon University

, [79] M. A. Linton, J. M. Vlissides, and R. Calder

. user interfaces with InterViews.

IEEE Computer, 22(2):8–22, February 1989.

[80] S. Lipscomb. A trainable gesture recogni=0A= zer

. Pattern Recognition, 1991. Also available

as IBM T ech Report RC 16448 [81] J. L yons. Go Corp. gains ground in pen-software race. PC W eek7(29):135,

July 23 1990.

[82] Martin, James Pittman, Kent W ittenbu=0A= r g, Richard Cohen, and T ome Parish. here,

please. Byte, 15(7):243–251, July 1990.

[83] T

. Maxwell. Mockingbird: An composer ’ s Master ’ s thesis, MIT

, 1981.

[84] P

. McA vinney

. Sensor Frame=0A= –a gesture-based device for the manipulation of interactive

objects. A from Sensor Frame, Inc., Pittsbur gh, Pa., December 1986.

[85] P McA vinne=0A= y . T elltale gestures. Byte, 15(7):237–240, July 1990.

[86] Margaret R. Minsky simulated objects with real-world gestures using force

and position sensitive screen. Graphics, 18(3):195–203, July 1984.

P . Morrel-Samuels. the distinction lexical and gestural commands. Journal of Man-Machine Studies, 32:581–590, [88] G. Muller and R. Giulietti. music notation: Interactive editing and input piano keyboard. In Pr oceedings of the 1987 Internation=0A= al Computer Music Confer ence, San Francisco, 1987. Computer Music [89]Hiroshi

Muraseand T oru W akahara. hand-sketc=0A= hed figure recognition. Pattern

Recognition, 19(2):147–160, 1988.

[90] Myers W

. A. S. Buxton. highly-interactive and graphical user interfaces by

demonstration. Computer Graphics, 20(3):249–258, 1986.

BIBLIOGRAPHY 263

[91] Myers. A new model for handling input. T ransactions on Information Systems,

[92] A. Myers, D. Giuse, R. B. Dannenber g, B. V ander Zanden, D. Kosbie, E. Pervin, Mickish, and Phillippe Marchal. support for graphical, highly-

user inter=0A= faces. IEEE Computer, 23(11):71–85, Nov 1990.

[93] B. A. Myers, B. V

Zanden,

R.B.Dannenber g. Creating graphical application objects by demonstration. In UIST Pr oceedings of the ACM Symposium on Use=0A= r Interface Softwar e and T echnology, pages 95–104. ACM, November

1989.

Brad A. A taxonomy of user interfaces for window IEEE Computer

Graphics and Applications, 8(5=0A= ):65–84, 1988.

[95] Brad A. Encapsulatin=0A= g interactive behaviors. In Human Factors in Comput=0A= ing

Systemspages 319–324, Austin, TX, Apri=0A= l 1989. Proceedings SIGCHI’89.

[96] A. Myer=0A= s. User interface tools: and survey

IEEE Softwar e, January 1989.

[97] Brad A. Myers. interfaces=0A= : A step beyond direct T echnical

CMU-CS-90-162, Carnegie Mellon School of Compute=0A= r Science, Pittsbur gh, P A,

August [98] Brad A. Myers. T of visual progra=0A= mming and program visualization. Journal isual Languages and Computing, 1(1):97–123, March 199=0A= 0.

[99] Nakatani. Personal communication, Bell Laboratories, Murray Hill, N.J. January [100] T

. Neuendorf fer . Refer

Manual. T echnology Center

, gh, P A,

1989.

[101] W

M. and R. F

. Sproull. of Interactive Compu=0A= ter Graphics. McGraw-

Hill, [10=0A= 2] NeXT

. NeXT System Refer ence Manual. NeXT

, Inc., 1989.

[103] L. ayn=0A= e. coding approach to pattern recognition. In Kittler

, K. S. Fu, and L. F .

editors, Pattern Recognition Theory and Applications, O Advanced Study

, pages

D. Reidel, 1981.

[104] K. Obermeier and J. J. Barron=0A= . T ime to get fired up. ByteAugust 1989.

[105] A. J. Palay

, J. Hansen, M. L. Kazar, M. Sherman, M. G. W , T . P . NeuendorfferZ. Stern, Bader, and T

. Peters. The Andrew overview

. In Pr oceedings of T echnical Confer ence, pages 11–23, Dallas, February 1988.

264 BIBLIOGRAPHY

[106] Comput=0A= ing. T en other contendors in the featherweight division.= PC Computing, 90, December 1989.

[107] J. A. Pickering. T the tecnologies and their application. International Journal of Man-Machine Studies, 25:249–269, [108] R. Probst. for building user interfac=0A= es: Open Look toolkits. T echnical report, T echnology

, August 1988.

[109] Rhyne and Catherine G. W olf. interfaces for information processing plications. T echnical Repor=0A= t RC12179, IBM T

.J. W atson Research Center

, IBM = Corp=0A= oration,

P Box 218, Y orktown

Heights,

10598,

September

1986.

[110] Rosenberg, Hill, J. Miller

, A. Schulert, and D. UIMSs: Threat or menace?

In CHI ’88, pages 197=0A= –212. ACM, 1988.

[111] D. Rubine and McA vinney

. The Videoharp. In 1988 Internation=0A= al Computer Music

Pr oceedingsComputer Music Association, September 1988.

[112] Rubine P McA vinney . Programmable finger-tracking instrumen=0A= t controllers.

Computer

MusicJournal,

14(1):26=0A= –41,

1990.

R. W . Scheifler and J. Get=0A= tys. The X window system. T on Graphics,

5(2):79–109, April [114] K. J. Schmucker

. MacApp: framework. Byte11(8):189–193, August 1986.

[115] Kurt J. Schmucker

. Pr ogramming for the Macintosh. Book Com-

pany

, 1986.

[116] A. C. Shaw

Parsing of graph-representable pictures. JACM, 17(3)=0A= :453, 1970.

[117] B. Shneiderman. manip=0A= ulation: A step beyond programming languages. Com-

puter, pages 57–62, August [118] L. Sibert, W illiam D. Hurley

, and eresa W

. Bleser

. object-oriented user interface

management system. In SIGGRAPH ’86, 259–268. ACM, August 1986.

[119] and Gustav N. W assel. Classifiers and rainable Machines. Springer-

V New Y ork, 1981.

[120] W W . Stallings.of printed chinese characters by automatic pat=0A= tern analysis.

Graphics and Image ocessing, 1:47–65, 1972.

[121] Stefik and Daniel G. Bobrow

. Themes and variations.

AI Magazine, 6(4):40=0A= –62, W inter 1986.

[122] Stein, . Random House Dictionary of the English Langua=0A= ge. Random House,

Cambridge, Mass., 1969.

BIBLIOGRAPHY 265

L. A. Sternberg. American Sign A ehensive Dictionary. Harper Row

, New ork, 1981.

[124] D. Stone. T ouch-screens for intuitive input. PC Magazine, pages 183–1=0A= 92, August 1987.

[125] C. Y

Suen,

Berthod, and S. Mori. recognition of handprint=0A= ed characters: The

state of the art. oceedings of the IEEE, 68(4):469–487, April 1980.

[126] Sun. SunW Pr ogrammers’ Guide. Miscrosystems, Inc., Mountain V iew , Ca.,

1984.

[127] Sun. Pr eliminary echnical Overview. Miscrosystems, Inc., V iew , Ca.,

1986.

[128] T amu=0A= ra and Shingo Kawasaki. Recognition of sign language images. Pattern

Recognition, 1988.

[129] C. C. T appert, C. Y

Suen, and T oru W akaha. state of the in on-line handwriting

recognition. T ran=0A= sactions on Pattern Analysis and Machine Intelligence12(8):787–

808, August 1990.

E.R.T ello. Betweenmanandmachine. Byte13(9):288–293, September 1988.

[131] evanian. A basis for future UNIX T echnical Report 87-139, Carnegie University Computer Science Dept., Pittsbur gh, P

A, 198= 7.

[132] S. T ouretzky and D. A. Pomerleau. What’ s hidden in the hidden layers? Byte, 14(8),

August 1989.

[133] . M. V elichko and N. G. Automaticrecognition of 200words. Int. J. Mach=0A= ine Studies, 2(2):223, 1970.

W aibel and J. Hampshire. Building blocks for speech. Byte, 14(8):235–242, August 1989.

A. I. W asserman. state transition diagrams the specification of human-computer

IEEE T ransactions on Softwar e Engineering, SE-11(8):=0A= 699–713, August 1985.

[136] W eimer S. K. Ganapathy

. synthetic visual environment with hand gesturing and

voice input. In CHI ’89 oceedings, pages 235–240. ACM, B. P . W elford. on a method for cal=0A= culating corrected sums of squares and products.

T echnometrics, 4(3):419–420, August [138] A. P . W itkin. filterin=0A= g. In Pr oceedings of the International Joint Confer ence on

Artificial Intelligence, pages 1019–1=0A= 022, 1983.

[139] C. G. W olf. comparat=0A= ive study of gestural and keyboard interfaces. Pr oceed=0A= ings of the

Humans Factors Society, 32nd Annu=0A= al Meeting:273–277, 1988.

266 BIBLIOGRAPHY

[140] W olf and J. R. Rhyne. taxonomic approach to und=0A= erstanding direct manipulation.

Pr oceedings of Human Factors Society, 31st Annual Meeting:576–580, 198=0A= 7.

[141] Catherine G. W olf. people use gesture commands? T echnical Report RC11867, Research, April 1986.

[142] Xerox JUNO. In SIGGRAPH V ideo Review Issue ’85 Compilation.

ACM, 1985.