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Abstract

When building virtual reality (VR) environments, designers use physical props to im-

prove immersion and realism. However, people may want to perform actions that would

not be supported by physical objects, for example, duplicating an object in a Computer-

Aided Design (CAD) program or darkening the sky in an open-world game. In this thesis,

I present an elicitation study where I asked 21 participants to choose from 95 props to

perform manipulative gestures for 20 referents (actions), typically found in CAD software

or open-world games. I describe the resulting gestures as context-free grammars, capturing

the actions taken by our participants, their prop choices, and how the props were used

in each gesture. I present agreement scores between gesture choices and prop choices; to

accomplish the latter, I developed a generalized agreement score that compares sets of

selections rather than a single selection, enabling new types of elicitation studies. I found

that props were selected according to their resemblance to virtual objects and the actions

they afforded; that gesture and prop agreement depended on the referent, with some ref-

erents leading to similar gesture choices, while others led to similar prop choices; and that

a small set of carefully chosen props can support a wide variety of gestures.

iv



Acknowledgements

Thank you to my supervisors, Dr. Mark Hancock and Dr. Oliver Schneider, for providing

guidance and feedback throughout this project. Thank you to Dr. Catherine Burns and Dr.

Daniel Vogel for serving as readers of this thesis. Thanks also to my girlfriend Caroline,

for putting up with me being sat in the office for hours on end, and for providing endless

guidance and support voluntarily. Thank you to my family and to my friends for keeping

me afloat and for encouraging me to fulfill my dreams wherever I wish. Thanks also to

the University of Waterloo Biomedical Engineering class of 2022, for being an outstanding

group of young people and for helping me discover the career goal I want to pursue in

my life. Thanks to my professors Eihab Abdel-Rahman, Rasoul Keshavarzi-Valdani, Orion

Bruckman, and Bryan Tripp, for their continuous trust to serve as a teaching assistant and

for their irreplaceable mentoring to improve my teaching skills. Finally, thank you Lord

for this amazing journey.

This thesis is dedicated to Jesus, Celestino, and Karol, who stand at the window of the

Father’s House.

v



Table of Contents

List of Figures ix

List of Tables xiii

1 Introduction 1

1.1 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Background 6

2.1 Gesture Elicitation Studies in HCI . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Agreement Assessment Methods . . . . . . . . . . . . . . . . . . . . 9

2.1.2 Agreement Assessment Issues in Elicitation Studies . . . . . . . . . 10

2.1.3 Gesture-based User Interfaces for CAD Modelling . . . . . . . . . . 11

vi



2.2 Haptics Technology in Virtual Reality . . . . . . . . . . . . . . . . . . . . . 12

2.2.1 Active Haptics in Virtual Reality . . . . . . . . . . . . . . . . . . . 13

2.2.2 Passive Haptics in Virtual Reality . . . . . . . . . . . . . . . . . . . 16

2.2.3 Dynamic Passive Haptics . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3 Study Method 22

3.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.1.1 Selection of VR Referents . . . . . . . . . . . . . . . . . . . . . . . 24

3.1.2 Selection of Physical Props . . . . . . . . . . . . . . . . . . . . . . . 25

3.1.3 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.1.4 Apparatus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.1.5 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4 Results 33

4.1 A Participant-De�ned Gesture Set . . . . . . . . . . . . . . . . . . . . . . . 33

4.2 Gesture Agreement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.3 Prop Agreement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.4 Classi�cation of Gestures with Props . . . . . . . . . . . . . . . . . . . . . 43

4.5 Chance agreement and agreement con�dence . . . . . . . . . . . . . . . . . 45

vii



5 Discussion 51

6 Conclusion, Limitations, and Future Work 57

6.1 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

References 64

APPENDICES 82

A PDF Plots From Matlab 83

A.1 Code for Calculating Prop Agreement Score of Referent C: Bevel . . . . . . 83

A.2 Code for Calculating Con�dence Intervals of Prop Agreement Score of Ref-

erent C: Bevel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

B Ethics Approval 87

C Study Supplementary Materials 90

viii



List of Figures

3.1 Gesture elicitation study with props that follows a previous methodology

(Wobbrock et al., 2009). A participant: a) watches the completion of a ref-

erent, b) chooses a set of physical props, and c) performs a gesture with the

chosen prop(s) that would complete the referent. . . . . . . . . . . . . . . . 24

3.2 The vocabulary of 95 physical props used for this elicitation study. 50 props

were 3D printed, 25 with 
exible material and 25 with rigid material. 28

props were LEGO-brand toys, 8 speci�c models and 20 spare bricks. 13

retail-manufactured objects and 3 handheld gaming controllers from Vive,

Oculus and Nintendo Switch. . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3 Two participants performing in the study. On the left, participant 4 pick-

ing up a retail-manufactured 
ute for gesture demonstration. On the right,

participant 10 assembling a model with LEGO-brand bricks that was not

available. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.4 Study room setting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

ix



4.1 Three of the thirteen gestures identi�ed for referent C:Bevel. Each gesture

is articulated as a context-free grammar, showing what physical props can

be used with that gesture. . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 Complete graph that captures gestures with physical props performed by

5 participants for referent C:Bevel. Gestures are considered \one-element"

sets and similarity is calculated with one another, where a 1 means \same

gesture" and 0 means \distinct gesture". No partial similarity is consid-

ered. Similarity between two sets is the weight of the edge that joins them.

Agreement score is computed by summing the similarity of each pair of sets

compared, and dividing by the total number of pairs that can be identical. 37

4.3 Gesture agreement scores of the 20 VR referents sorted in descending order. 40

4.4 Complete graph that captures props sets of 5 participants for referent C:

Bevel. Similarity of props sets is measured, which is the weight of the edges

that joins them. Each measure of set similarity is between 0 and 1, with

0 indicating no shared props and 1 indicating completely identical prop

selections. Agreement is computed by summing the similarity of each pair

of sets compared, and dividing by the total number of pairs that can be

identical. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

x



4.5 Venn diagrams showing a pairwise comparison between prop sets of P1 and

P4. Three measures of set similarity are proposed to evaluate partial agree-

ment (SIM(P1,P4)): Overlap, S�rensen, and Jaccard. Overlap is the most

optimistic, leading to the highest agreement. Jaccard is the most pessimistic,

leading to the lowest agreement. S�rensen prevails between the other two (or

equal to one of them). In this pairwise comparison, S�rensen and Overlap

are the same. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.6 Gesture set with physical props for referents A to J. For each referent, the

preferred set of props and the preferred gesture are presented; the initial

state of the most common prop-gesture interaction is shown on the left side,

and the end state is shown on the right. . . . . . . . . . . . . . . . . . . . 44

4.7 Prop agreement scores of the 20 VR referents sorted in descending order. . 45

4.8 Gesture set with props for referents A to J. For each referent, the preferred

set of props and the preferred gesture are presented; the initial state of the

most common prop-gesture interaction is shown on the left side, and the

end state is shown on the right. . . . . . . . . . . . . . . . . . . . . . . . . 48

4.9 Gesture set with props for referents A to J. For each referent, the preferred

set of props and the preferred gesture are presented; the initial state of the

most common prop-gesture interaction is shown on the left side, and the

end state is shown on the right. . . . . . . . . . . . . . . . . . . . . . . . . 49

xi



4.10 Three di�erent categories of gestures were created from qualitative obser-

vations: 1) Act, 2) Leverage, and 3)Adapt. Each category groups several

gesture possibilities. For a given referent, a participant can: 1a) alter the

physical properties of a prop with hands or with more props, 1b) change

the position of props in a 3D space, 1c) operates movable parts of a prop,

2a) adhere a prop, or a section of it, to another one, 2b) show a comparison

of property of two or more props, 3a) disassemble an initial assembly and

re-assemble it di�erently, and/or 3b) assemble a single model to represent

the e�ect. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.1 Number of gestures from Figure 4.8 and Figure 4.9 for which each prop

mentioned the context-free grammar can be used for. . . . . . . . . . . . . 52

xii



List of Tables

3.1 Labels and descriptions of the 20 VR Referents included in this elicitation

study. These referents were extracted from prior work (Huang and Rai, 2014;

Khan and Tun�cer, 2019; Khan et al., 2019; Nanjappan et al., 2018), CAD

3D modelling software, VR CAD modelling applications, and Open-World

games. Figure 4.8 and Figure 4.9 provide an illustration of each. . . . . . . 26

4.1 For each VR referent, number of unique gestures recognized from the 21

participants, number of participants that performed each of these unique

gestures, and gesture agreement score are reported. . . . . . . . . . . . . . 39

xiii



Chapter 1

Introduction

Today, much of what we think of Virtual reality (VR) comes from the recent surge and

rapid advances in gaming and VR headsets. VR, nonetheless, is more than simply an en-

tertainment platform where users put on a headset and use a pair of handheld controllers

to interact with a computer-generated simulation of a three-dimensional space. VR repre-

sents an extraordinary change in the way people interact with the digital realm. So far,

our experience with computers has been through mice, keyboards, and tactile devices. VR

changes all that by surrounding us with fully immersive environments, layered with multi-

ple sets of information that we can interact with. With that being said, many �elds have

been adopting VR throughout the last decades, such as architecture (Kharvari and Hohl,

2019; Neil, 1996), education (Calderon and Ruiz, 2019; Saunier et al., 2016), manufacturing

(Hamid et al., 2014; Liu et al., 2018), and healthcare (Kim and Park, 2009; Qian et al.,

2015). For example, with VR, an architect can create the 3D model of an envisioned home,

a surgeon can perform on a real body, or a geography class can visit Mars.
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In the context of VR, an interaction is often described as the ability to move within

a virtual environment and to interact with objects in it (Bostan and Nalbant, 2006). In

VR, interaction designers increasingly employ physical objects, or \props", to mimic their

real-world counterpart, and research has demonstrated that physical props are e�ective

at improving immersion (Azmandian et al., 2016) as well as enhancing realism (Ho�man

et al., 1998; Schulz et al., 2019). In addition, due to the non-physically realistic experience

possibilities that VR enables, users may want to perform actions that typically would not

be supported by physical props, for example, duplicating an object in a CAD modelling

program or darkening the sky in an open-world game. In this thesis, I propose to expand

the known input vocabulary of physical props by combining them with gestures, which

o�er an alternative interaction input that is often described as more natural and intuitive

(Jahani and Kavakli, 2018), as well as allowing for easy spatial manipulation (Ala�cam,

2014).

Individual gestures and sets of gestures are di�cult to design (Long et al., 1999). Instead

of arbitrary designs that are technology- or designer-centered, researchers have proposed

directly asking people who would use these gestures (Wobbrock et al., 2009). To design

gestures, researchers have widely adopted elicitation studies, where people who might use a

system provide their input without regard for recognition or technical concerns. Elicitation

studies have shown promising outcomes for gesture design in a variety of domains, for ex-

ample, tabletops (Wobbrock et al., 2009), mobile devices (Ruiz et al., 2011), smartwatches

(Are�n Shimon et al., 2016), televisions (Vatavu, 2012), public displays (Kray et al., 2010),

virtual reality (Nanjappan et al., 2018), and augmented reality (Piumsomboon et al., 2013).
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Additionally, elicited gestures have been shown to be easier to remember and preferred by

those without technical expertise (Nacenta et al., 2013).

In this thesis, I conducted an elicitation study for manipulative gestures (Quek et al.,

2002) with physical props in VR. I chose referents from CAD modelling software and

open world games to ground my work in application areas that o�er a rich vocabulary of

actions and commands, but might also use physical props. I followed Wobbrock et al.'s

approach (2009) by �rst showing the execution of a referent (action) in VR and then

asking participants for their preferred gesture, but also ask them to choose their preferred

props(s) to perform the gesture with. The result was a set of twenty user-de�ned gestures

with props, one for each referent.

I developed two representations to handle both gestures and props to analyze the data

from this study. 1) I found that context-free grammars were a useful method to capture the

various props used in a gesture, their role, and how people used them; they are presented

alongside illustrations of our elicited gestures. This language succinctly communicates ges-

tures, could be directly implemented into systems using props for gestures, and can support

future, more-involved analysis. 2) While I calculated agreement scores for gestures using

methods from previous elicitation studies (Vatavu and Wobbrock, 2015; Wobbrock et al.,

2009), these scores were not suitable for the multiple props that participants selected. Thus

I introduced a new agreement score based on set similarity metrics, that is used to analyze

agreement between both gestures and props. This score is identical to previous agreement

scores (Vatavu and Wobbrock, 2015) when used for unimodal selection (e.g., gestures), but

also accommodates multimodal selections (e.g., gestures and props).
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1.1 Research Questions

Combining manipulative gestures with physical props for interactions in virtual environ-

ments raises several research questions. In this thesis, I investigated the following:

1. What gestures would people perform with physical props to complete CAD-like and

open-world referents in VR?

2. What physical props would people choose to manipulate objects in VR?

3. How would people leverage physical props to manipulate virtual objects?

1.2 Contributions

The contributions of the research presented in this thesis are:

� A set of gesture-prop combinations for 20 CAD-like and open-world-like referents.

� A language for articulating and implementing gestures with physical props, based on

context-free grammars.

� A generalization of the agreement score metric to account for multiple selections in

elicitation studies.

� Insights into how people leverage physical props to perform gestures. Results suggest

two strategies taken by participants: pick a prop and design a suitable gesture for it,

or design a gesture and pick a suitable prop for it.
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1.3 Thesis Organization

I organized this thesis into �ve chapters following the introduction.

� In chapter 2, I present a literature review with relevant background in the �elds of

gesture elicitation studies and haptics technology for VR. In the �rst section of this

chapter, I analyze several elicitation studies that followed the methodology used for

this study. In the second section, I review a large body of haptic feedback devices.

I categorize them into active haptics, passive haptics, and dynamic passive haptics.

The majority of the work discussed in chapter 2 belongs to the Human Factors in

Computing Systems (CHI) and the User Interface Software and Technology (UIST)

communities.

� In chapter 3, I present the study methods as well as the design of the elicitation

study. I discuss and ground relevant components of the study, such as how I created

the vocabulary of props and how I picked the 20 VR referents.

� In chapter 4, I show the results of the elicitation study. In this chapter, I report Ges-

ture and prop agreement scores for each VR referent, I explain context-free grammars

to articulate gestures with props, I present the user-de�ned gesture set for 20 VR

referents, and I introduce a classi�cation of gestures with props.

� In chapter 5, I discuss implications of the results for VR systems that use physical

props and for future elicitation studies.

� In chapter 6, �nally, I provide a general conclusion of my research, highlighting con-

tributions, relevance, limitations, and future work.
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Chapter 2

Background

In this chapter, I provide readers with an overview of previous work around gesture elic-

itation studies for a variety of domains, and haptic feedback to improve immersion and

enhance realism in VR. I divide this chapter into two main sections, with two and three

subsections, respectively. In section 2.1, I discuss existing gesture elicitation studies in dif-

ferent human-computer interaction �elds. In subsection 2.1.3, I discuss two gesture-based

user interfaces for CAD modelling, from which I extracted a group of referents for the study

I present in this thesis. In section 2.2, I discuss research in the area of haptic technologies

in virtual reality experiences. I break down this section into active haptics (2.2.1), passive

haptics (2.2.2), and dynamic passive haptics (2.2.3).
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2.1 Gesture Elicitation Studies in HCI

Gesture elicitation is a widely used technique in Human-Computer Interaction (HCI) for

identifying gesture vocabularies that are self-discoverable (Tsandilas, 2018). In an elic-

itation study, users are commonly shown the e�ect of an action (referent) and asked to

propose a gesture that would trigger this referent. Vatavu (2012) argues that incorporating

users in the design process represents a viable alternative for collecting important data to

inform design. Wobbrock et al. (2009) developed a user-de�ned set of gestures based on

the degree of consensus (agreement score Wobbrock et al. (2005)) among participants to

complete 27 referents. Agreement analysis can guide the design of gesture sets and help

understand how referents or commands naturally map to gestures. Wobbrock et al. (2009)

also classi�ed their elicited vocabulary of gestures in a taxonomy for tabletop systems de-

sign, which aims to capture the gesture design space in a tabletop environment. Later, the

authors compared this gesture set with a gesture set proposed by a designer and found

that the user-de�ned set is easier to remember (Morris et al., 2010).

Since Wobbrock et al.'s work, elicitation studies have become a common practice for

determining suitable gestures, but so far most studies have been limited to actions using

hands and �ngers to interact with speci�c technology, such as mobile devices (Gomes

et al., 2018; Ruiz et al., 2011), televisions (Vatavu, 2012), public displays (Kray et al.,

2010), smartwatches (Are�n Shimon et al., 2016), and augmented reality (Piumsomboon

et al., 2013). Kray et al. (2010) ran an elicitation study where participants produced natural

gestures with their mobile phone to trigger 20 referents. They investigated three di�erent

conditions: phone-to-phone, phone-to-tabletop, and phone-to-public displays. Later, Ruiz
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et al. (2011) presented a study that elicited motion gestures to execute 19 commands on

smartphone devices (e.g., answer a call, go to home screen, or ignore call), resulting in a

user-de�ned gesture set. After that, Vatavu (2012) proposed a set of candidate gestures for

12 common TV control referents, such as volume up, help, or open. Then, Piumsomboon

et al. (2013) developed a user-de�ned gesture set for 40 referents in AR. Their vocabulary

of referents was divided into categories, for example, transform (rotate, scale, or move),

control (play, stop, or reset), and edit (insert, delete, or cut). This study aimed to capture

gesture input that users would use to manipulate objects in AR. After that, Shimon et

al. (2016) conducted their elicitation study to build a set of non-touchscreen gestures for

31 smartwatches referents. As it can be seen, the elicitation technique has been widely

adopted to propose novel interaction techniques with a variety of interfaces.

Other elicitation studies have focused on creating gestures sets while manipulating

devices. Valdes et al. (2014) investigated the use of gestural interaction with active tokens

for manipulating large information sets on multi-touch and tangible interfaces. The user-

generated gesture set includes manipulative gestures such tilting a token or neighboring

two tokens.MagicScroll, by Gomes et al. (2018), is a rollable table for gestural input. The

authors used this device to create a gesture set for action and navigation-based tasks that

people perform on mobile platforms. Lastly, Nanjappan et al. (2018) ran an elicitation

study to create a set of natural and suitable gestures for 17 VR referents using dual-hand

VR controllers.

In this thesis, I adopted the elicitation study methodology to determine a gesture set

for using physical props to control virtual reality, and by necessity build on this previous
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work to be able to incorporate not only the choice of gesture, but also the choice of physical

artifact used with the gesture.

2.1.1 Agreement Assessment Methods

To measure agreement among participants' proposals (gestures) in elicitation studies, re-

searchers have used the agreement indexA introduced by Wobbrock et al. (2005, 2009),

or the agreement rateAR (Vatavu and Wobbrock, 2015) metric, a formalized version of

the agreement indexA formula. Intuitively, one assumes that: if for a given referent, the

number of gestures proposed is equal to the number of participants (i.e., no gesture is re-

peated), the agreement score would yield zero. Unfortunately, the original agreement index

A formula does not capture this. The agreement rate (AR) formula does, since it is de�ned

by Vatavu and Wobbrock as: \the number of pairs of participants in agreement with each

other divided by the total number of pairs of participants that could agree". For instance,

if not a single pair of participants agree with each other, the score computed is zero.

Ruiz et al., Vatavu, Piumdomboon et al. and Nanjappan et al. used the agreement

index formula. Shimon et al., on the other hand, used the agreement rate formula to

quantify gesture agreement scores. In this thesis, I used the agreement rate formula to

calculate gesture agreement scores. However, I made a generalization in order to introduce

a new agreement score based on set similarity metrics that allows one to analyze agreement

between both gestures and props.

9



2.1.2 Agreement Assessment Issues in Elicitation Studies

Tsandilas (2018) identi�ed a series of problems with elicitation studies and agreement

assessment methods (Vatavu and Wobbrock, 2015; Wobbrock et al., 2009):

1. Measures such as the agreement indexA and agreement rateAR do not consider that

agreement between participants can occur by chance, and chance agreement is present

in gesture elicitation studies due to bias factors. Tsandilas uses two distributions with

properties that re
ect how bias a�ects chance agreement, Zipf-Mandelbrot and dis-

crete half-normal probability distributions, to demonstrate that as bias increases,

chance agreement also increases. Prior experience and knowledge with existing inter-

faces, poor study settings, and low �delity device prototypes are common sources of

bias in elicitation studies (Morris et al., 2014; Ruiz and Vogel, 2015). These and other

factors (memorability, acceptability, physical complexity) can in
uence participants

to focus on certain gestures and disregard others. According to Tsandilas, researchers

should ensure their agreement measures take bias factors into account.

2. Guidelines for interpreting levels of agreement rate (AR) proposed by Vatavu and

Wobbrock (2015) (low, medium, high, and very high) rely on con
icting assumptions

that can lead to overoptimistic conclusions about agreement reached by participants.

To derive these guidelines, Vatavu and Wobbrock relied on a 
awed probability dis-

tribution and on a survey of agreement rates from many previous elicitation studies.

Tsandilas speci�cally highlights the need for more research in this �eld to de�ne uni-

versal agreement scores levels. For now, he encourages researchers to avoid reporting
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levels to interpret agreement. Instead, as Gwet (2014) and Krippendor� (2004) claim,

con�dence intervals can be provided to better interpret agreement.

3. The V rd and V bsigni�cant tests proposed by Vatavu and Wobbrock for comparing

agreement scores within participants and between participants, respectively, rely on

probabilistic assumptions that yield extremely high Type I error rates.

In this thesis, I followed Tsandilas' recommendations to provide a solution for problem

1. Speci�cally, I used Scott's (1955)� and Fleiss' (1971)� F coe�cients to report chance

agreement of gestures. This increases transparency and help researchers to better inter-

pret the results. To partially reduce the e�ect of problem 2 on this work, I adopted the

Jackkni�ng re-sampling method (Quenouille, 1949) to report con�dence intervals of both

gestures and prop agreement. With regard to problem 3, computing statistical signi�cance

tests for agreement scores is outside the scope of this work.

2.1.3 Gesture-based User Interfaces for CAD Modelling

In my thesis, I explored the domain of 3D modelling in computer-automated design (CAD),

and some work has already explored the use of gestures to perform 3D modelling tasks.

Khan et al. (2019) presented a compilation of a set of gestures and speech commands for 3D

CAD modelling for conceptual design that were elicited from participants and evaluated

by experts individually. In this study, the authors included modelling tasks like \rotate",

\scale", and \zoom in", which are some of the referents in this thesis. Huang et al. (2014)

also presented a system that recognized hand gestures along with hand position information
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and converted them into commands for rotating, translating and scaling 3D models. I

expanded the vocabulary of commands (referents) of this previous work by incorporating

tasks such as \changing colour", \bending", \perforating", \beveling" to my own work.

2.2 Haptics Technology in Virtual Reality

As VR evolves at an accelerated rate, novel and sophisticated technologies surge to bring

make virtual environments approximate the physical world. One such technology is haptics

technology. VR haptics technology allows people to feel virtual environments via the sense

of touch, in addition to visual and auditory perception. Traditionally haptics technology

has come in the form of external devices like gloves, shoes, controllers, joysticks, et cetera,

through which users receive feedback in the form of vibrations. This feedback provides

realistic physical sensations in the hand or other parts of the body, similar to the ones

people realize in the real world. Several studies have demonstrated the evident bene�ts of

incorporating haptic feedback in VR experiences, such as fostering embodied interaction,

presence, and immersion (Azmandian et al., 2016; Frohner et al., 2019; Schulz et al., 2019).

Nonetheless, VR haptics technology is growing beyond creating vibrations. In recent

times, there has been an impressive amount of research in the area of incorporating physical

objects or devices and haptic feedback in virtual reality experiences, in the form of active

haptics, passive haptics, and dynamic passive haptics.
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2.2.1 Active Haptics in Virtual Reality

Active haptic feedback (AHF) technology provides feedback through integrated systems

of powered actuators (Zenner and Kruger, 2017) that exert forces on users of VR systems

(McClelland et al., 2017) to render virtual content. Researchers in this area have spent

a signi�cant amount of time and e�ort customizing controllers for input in VR, some of

which come in the following forms:

� Grounded/ungrounded shape-changing surfaces

� Electro-mechanical actuators

� Pneumatically-actuated interfaces

� Touch-and-texture rendering devices

Grounded/ungrounded Shape-changing Surfaces

Work in this area belongs to the encountered-type haptic systems: active devices that move

or change shape such that when users touch a virtual object, they encounter the haptic

device (Abtahi and Follmer, 2018). Abtahi and Follmer (2018) designed and evaluated a

matrix of actuated pins that physically renders 2.5D content (Leithinger et al., 2015). The

authors developed three applications to demonstrate its functionality: a pentagon maze

in which the walls of a maze are rendered to provide haptic feedback as the user's �nger

follows the path, a virtual museum where a sculpted relief piece is reproduced so that the

user haptically explore art work, and a ball bouncing on the user's �nger. These exploratory
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applications are limited to single �nger interactions. Siu et al. (2018), however, constructed

a similar system for manipulating tangibles that allows user interaction using the entire

hand. Among the renderings generated with this device, a terrain map and a house can be

found. Shape-changing surfaces can provide realistic haptic feedback, but low resolution,

pin speed, and surface size limit their usage for manipulating virtual objects the same way

it is done in the real world.

Electro-mechanical actuators

The CLAW (Choi et al., 2018) VR handheld controller provides articulated movement and

force feedback actuation to user's index �nger. This device allows for convincing haptic

rendering of grasping a ball, pushing a button, touching spaced grooves, and triggering a

gun. CapstanCrunch(Sinclair et al., 2019) is another handheld controller that reproduces

touch and grasp haptic sensations in VR. According to the authors, to successfully render

haptics for virtual objects, controllers must be built to produce and endure human-scale

forces during interaction. CapstanCrunch possess this feature due to a controlled brake

that renders grasp feedback at varying sti�ness. This is demonstrated with an experiment

where the device renders haptic sensation of a virtual ball being pinched by the user. Other

renderings presented in this work were pressing a button and operating scissors.

Touch-and-texture Rendering Devices

Benko et al. (2016) presented a couple of mechanically-actuated hand-held controllers that

enables users to feel 3D surfaces, textures, and forces that match visual content:Normal-
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Touch and TextureTouch. The �rst one provides haptic feedback through an active tiltable

and extrudable platform. The second one does it via an array of actuated pins. These de-

vices can render a variety of rigid and deformable 3D objects, such as simple shapes, as well

as more complex ones, like cars and animals. On the other hand, Whitmire et al. (2018)

built Haptic Revolver, a handheld VR controller that renders touch contact, pressure, shear

forces, textures and other shapes using a rotating wheel beneath the index �nger. This de-

vice is capable of rendering demos of a playing card game, painting, sculpting, and typing.

It is evident that tiltable platforms, automated pins, rotating wheels or similar devices in

this area can render multiple haptic sensations. However, interactivity with virtual envi-

ronments is achieved only with a �nger, which limits their usage for manipulating virtual

objects.

Pneumatically-actuated interfaces

Force Jacket(Delazio et al., 2018) is an array of pneumatically-actuated airbags that pro-

vide precise force and vibrations to the upper body. Its features allow for rendering of

a snowball �ght or a snake crawling on the user.TilePop (Teng et al., 2019), similarly,

reproduces virtual experiences, such as mounting a dinosaur or navigating on a boat with

in
atable 
oor tiles. This work illustrate interesting approaches to rendering virtual ex-

periences, rather than only virtual objects. It is also a promising technique for providing

haptic feedback for the whole body.

The four forms of active haptic feedback (AHF) discussed are only a small sample

of the extensive literature in this �eld. Evidently, AHF o�ers interaction techniques that
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realistically simulate how people interact with physical objects in the real world, but it

heavily relies on systems that are complex, intrusive, expensive, robust, or a combination

of these (McClelland et al., 2017).

2.2.2 Passive Haptics in Virtual Reality

In contrast to AHF, passive haptic feedback (PHF) does not use computer-controlled ac-

tuators to exert forces (Zenner and Kruger, 2017). Instead, passive haptics uses static

physical objects of di�erent materials and building techniques as props in VR. Props are

a feasible approach with natural feedback qualities (Arora et al., 2019; McClelland et al.,

2017; Muender et al., 2019) to manipulate virtual objects in virtual environments. Manip-

ulating virtual objects with appropriate PHF provides a satisfying sense of presence in VR

(Azmandian et al., 2016).

Some authors have presented interesting approaches with single-purpose passive props

that can be mapped to virtual objects in di�erent ways. Yang et al. (2018) createdVR

Grabbers, a passive chopsticks-like VR controller for precise virtual object manipulation

that works on anungrounded haptic retargetingtechnique. This device allows grabbing and

dropping a variety of virtual objects of di�erent size and geometry. Muender et al. (2019)

fabricated a tree, an avatar, and a trampoline using three di�erent �delities for each: LEGO-

brand bricks, 3D-printing, and uniform shapes. The authors evaluated the e�ect of tangibles

with di�erent haptic �delities on immersion, performance, and intuitive interaction for a

3D scene created in VR. Chang et al. (2017) describedTASC, a system of tangible objects

to create a strong sense of embodiment in a virtual environment for spatial puzzle solving.
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This system consisted of a pair of wooden rectangular prisms on a rail that could only be

moved along one axis. Strandholt et al. (2020) used a hammer, a screwdriver, and a hand

saw, a wooden surface, and a wooden plank to provide hammering, screwing, and sawing

haptic experiences. This was done through redirected tool-mediated manipulation.

Since it can be expensive and impractical to map each physical proxy to a virtual object,

authors have directed their work to developing multi-purpose or recon�gurable objects. In

this way, users enjoy multiple experiences with a single system. In recent times, Arora

et al. (2019) presentedVirtualBricks , a LEGO-based toolkit that enables construction of

a variety of controllers and props for VR. Using VirtualBricks, users are able to feel the

manipulation of a variety of objects, such as a weapon, a slingshot, a �shing rod, and

even a DJ board. In addition, the versatility of this system allows re-implementation of

artifacts from past work: TASC (Chang et al., 2017) and Haptobend (McClelland et al.,

2017).HapTwist (Zhu et al., 2019) is a twistable passive device made of Rubik's Twist to

create haptic proxies for distinct hand-graspable VR objects, such as a ping-pong paddle,

a steering wheel, a machine gun, and a �shing rod. Araujo et al. (2016) implemented

Snake Charmer, an encountered-type motorized robotic arm with a prop (cube) attached.

As users reach into a virtual object, the arm spatially aligns with that object's virtual

representation and provides a physical surface. This matches one or more of the virtual

object's shape, texture, and temperature, for the user to touch and feel. Cheng et al. (2018)

developediTurk , a foldable and recon�gurable board to render a suitcase, a fuse cabinet, a

railing, and a seat in VR. More recently, Ning et al. (2020) constructedHaptic-go-around

a surrounding platform that deploys props to provide haptic feedback in any direction in

VR. The vocabulary of props includes a ball, a gun, a button, and a helm.
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2.2.3 Dynamic Passive Haptics

Zenner et al. (2017) constructedShifty, a weight-shifting mechanism to enhance object per-

ception in VR. The system is an array of mechanical actuators that can change its internal

weight distribution to automatically provide mixed active and passive haptic feedback. To

reduce lack of generality of passive and active haptics devices, the authors introduced the

concept ofdynamic passive haptic feedback|systems that use actuators to change their

passive haptic properties (size, shape, texture, weight, position, etc.) without exerting no-

ticeable active forces on people. Prior work that aligns with this de�nition can be found

in the literature, and it traditionally comes in the form of either force-feedback devices

(exoskeletons and wearables)or shape- and/or weight-changing systems.

Force-feedback devices (exoskeletons and wearables)

Researchers have implemented glove-style exoskeletons to provide haptic feedback for

grasping of virtual objects. Dexmo (Gu et al., 2016) is an exoskeleton that exerts an

opposing force to the user's �nger tips. However, rather than applying torque control at

each individual joint of the exoskeleton, the system forms a rigid body by using a servomo-

tor that shifts stopping blocks to stop the rotation of all joints. Thus, haptic feedback is

provided. Grasping a cube and manipulating an arch are a couple of applications ofDexmo.

Wolverine (Choi and Follmer, 2016) is another wearable haptic device that renders a force

directly between the thumb and three �ngers to simulate grasps. This device provides the

sensation of grasping objects (e.g., a mug) through a brake-based system that resists mo-

tion of the thumb and the �ngers. More recently, Choi et al. (2017) presentedGrabity,
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a gripper-style haptic device that provides various types of force feedback to users, such

as touching, grasping, gravity, inertia, and rigid sti�ness. UsingGrabity, users are able to

touch an object, grasp it, perceive its size, lift it and feel its weight, as well as recognize if

they translated it too fast.

Shape- and/or weight-changing systems

Unlike wearable and exoskeleton devices, researchers have also explored handheld recon�g-

urable systems that render a variety of haptic sensations in VR.HaptoBend (McClelland

et al., 2017) is a shape-changing prototype that provides haptic feedback for multiple ob-

jects. HaptoBend allows users to bend the device into 2D plane-like shapes (e.g., a phone

or a tablet) and multi-surface 3D shapes (e.g., a 
ashlight or a hammer). Strasnick et al.

(2018) introducedHaptic Links, a set of electro-mechanically actuated physical connections

capable of rendering variable sti�ness between two handheld virtual reality controllers. In

this way, the system creates haptic rendering of diverse two-handed objects, such as a ri
e,

a bow, a trombone, and a couple of pistols.Transcalibur (Shigeyama et al., 2019) is a

novel recon�gurable handheld controller that renders a 2D shape by by modifying its mass

properties on a 2D planar area. Due to this feature, users can perceive various shapes in

a virtual environment, for example, holding a sword, a gun, and a crossbow. Zenner and

Kr•uger (2019) implementedDrag:on, a device whose appearance and performance are sim-

ilar to Transcalibur's. The handheld controller provides haptic feedback based on drag, i.e.

air resistance and weight shift. By usingDrag:on, users are able to experience the haptic

sensation of manipulating a ratchet, a shovel, and a wagon.
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This large body of work classi�ed into active, passive and dynamic-passive haptic feed-

back presents many possible opportunities to provide the feeling of manipulating physical

objects in VR. The work I present in this thesis builds on this work by focusing on deter-

mining a vocabulary of how to leverage physical props to perform actions (i.e., gestures)

in a VR system. While I think my research could help inform the design of gestures that

incorporate active haptics, the scope is currently limited to the use of props with passive

haptics. Nonetheless, I intend to provide both a gesture set that could be used by this

other work, and to inform future elicitation studies that incorporate the use of physical

props (or the feeling of them) when performing a gesture.

2.3 Chapter Summary

In this chapter, I presented an overview of previous work around gesture elicitation stud-

ies, gesture-based user interfaces for CAD modelling, and haptic feedback technology in

VR. Since the user-de�ned gesture set for tabletops presented by Wobbrock et al. (2009),

researchers have adopted the elicitation technique to design suitable gestures interaction

with a diverse group of technologies, such as public displays (Kray et al., 2010), mobile

platforms (Gomes et al., 2018; Ruiz et al., 2011), tangible interfaces (Valdes et al., 2014),

smartwatches (Are�n Shimon et al., 2016), televisions (Vatavu, 2012), augmented and vir-

tual reality (Nanjappan et al., 2018; Piumsomboon et al., 2013). To measure agreement

among participants' input (e.g., gestures) in elicitation studies, researchers have used the

agreement indexA (Wobbrock et al., 2009) and the agreement rateAR (Vatavu and Wob-

brock, 2015). In this study, I applied the latter to measure gesture agreement for each
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referent, as it captures it realistically (e.g., if no participants agree with each other, agree-

ment score yields zero). I generalized Vatavu and Wobbrock's 2015AR formula to calculate

prop agreement scores for each referent. Tsandilas (2018) emphasized on a series of limita-

tions of the A and AR metrics. For instance, I adhered to two of his recommendations that

reduce to e�ect of these limitations on my work. 3D modelling referents (tasks) are used in

the elicitation study presented in this thesis. The list of tasks includes a few found in past

work that already explored the use of gestures to perform 3D modelling tasks (Huang and

Rai, 2014; Khan and Tun�cer, 2019). Finally, researchers, designers, and hapticians have de-

veloped a vast number of devices to render or incorporate physical to virtual environment

for interaction with virtual objects. These devices provide active (Abtahi and Follmer,

2018; Benko et al., 2016; Choi et al., 2018; Delazio et al., 2018; Sinclair et al., 2019; Siu

et al., 2018; Teng et al., 2019; Whitmire et al., 2018), passive (Araujo et al., 2016; Arora

et al., 2019; Chang et al., 2017; Cheng et al., 2018; Huang et al., 2020; Muender et al., 2019;

Strandholt et al., 2020; Yan et al., 2018; Zhu et al., 2019), or dynamic passive (Choi and

Follmer, 2016; Choi et al., 2017; Gu et al., 2016; McClelland et al., 2017; Shigeyama et al.,

2019; Strasnick et al., 2018; Zenner and Kruger, 2017; Zenner and Kr•uger, 2019) feedback.

The work I present in this thesis builds on top of this large body of devices by determining

a vocabulary of how to leverage physical props to perform actions (i.e., gestures) in a VR

system.
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Chapter 3

Study Method

3.1 Methodology

For this study, I chose an elicitation approach (Wobbrock et al., 2009). User experience

designers and developers have argued that users should not be made to learn arti�cial

gestural languages to interact with systems or interfaces because it is not a natural approach

(Malizia and Bellucci, 2012). Instead, by means of a natural interface, users should be put in

a position to employ the same gestures they employ to interact with their environment (e.g.

objects), just as evolution and education has taught us. Unfortunately, gestural interfaces

often rely on experts and professional designers, instead of considering spontaneity of users

(Malizia and Bellucci, 2012) and understanding user preferences (Morris et al., 2010).

Consequently, they are forced to adopt an expert-design or technology-driven approach to

interaction (e.g. the mouse).
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The elicitation technique, which includes the participation of non-technical users in the

design of interactive systems, represents a suitable solution for this problem and the one

that I adopted for this research. The study I present in this thesis is aligned with Malizia

et al.'s goal of gestural interfaces (Malizia and Bellucci, 2012), which is to provide users

with a natural and intuitive approach to interact with an eventual VR gestural interface

so that, ideally, no signi�cant learning or training for speci�c gesture-referent mappings

is needed. People are knowledgeable of physical props (objects) because interacting with

them is an inevitable part of their lives (Alzayat et al., 2014, 2017, 2019). For instance, by

incorporating props to this study, users do not need training and they are able to expand

the gesture vocabulary that can be achieved with hands and �ngers only.

The experimental study I conducted for this research follows Wobbrock et al.'s method

(Wobbrock et al., 2009) to design surface gestures for tabletop referents, which has led to

gesture sets in other domains (Are�n Shimon et al., 2016; Kray et al., 2010; Nanjappan

et al., 2018; Piumsomboon et al., 2013; Ruiz et al., 2011; Vatavu, 2012):

1. The e�ect of a referent being completed in VR is displayed.

2. Participants are asked to choose a single or multiple of props from a group of 95 (75

props and 20 spare LEGO bricks) randomly arranged and numbered on a grid.

3. Participants are asked to perform a manipulative gesture with the chosen prop(s)

that would complete the displayed referent.

Figure 3.1 shows the three stages of the elicitation process I implemented in this study;

participants repeated these steps for a total of 20 VR referents.
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Figure 3.1: Gesture elicitation study with props that follows a previous methodology (Wob-
brock et al., 2009). A participant: a) watches the completion of a referent, b) chooses a set
of physical props, and c) performs a gesture with the chosen prop(s) that would complete
the referent.

3.1.1 Selection of VR Referents

To ground the work I present in this research, and to represent a rich vocabulary of refer-

ents, I used CAD-like and open-world game commands. Similar to previous gesture-based

user interfaces for CAD 3D modelling (Huang and Rai, 2014; Khan and Tun�cer, 2019;

Khan et al., 2019; Nanjappan et al., 2018), I included simple tasks like \rotate", \scale",

\extrude", \copy-paste" (duplicate), \make a cone", and \zoom". I expanded this vocabu-

lary of referents with some more complex ones, like \Twist", \Bend", \Bevel", \Extruded

cut" (puncture), \Stretch", \Deform a model", \Assemble", \Colour", and \Tighten bolt

and nut", which are typically found in standard CAD modelling software and VR CAD

modelling applications (e.g., AutoCAD, SolidWorks, Blender, MakeVR Pro, Mesh Maker

VR, to name a few). In addition, I surveyed two VR open-world games, like Job Simulator

and Rec Room, to incorporate abstract commands like \Turn on a light", \Open a hinged

door", \Close two sliding doors", \Change the time", \Join two spheres", and \Hang a

piece of art on a wall". Table 3.1 shows a description of the e�ect of each VR referent
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included in this elicitation study, and Figure 4.8 and Figure 4.9, in chapter 4, illustrate

them in the format of beginning (on the left) and end (on the right). While I assigned labels

(names) to the referents, I did not show these to participants in the study to avoid bias

(they instead viewed the e�ect of each of them in a VR headset). The e�ect of all referents

was animated while visualizing them in the VR headset, except for \Duplicate", \Punc-

ture" and \Turn ON", where the e�ect was presented in a binary way (i.e., go straight

from beginning to end).

3.1.2 Selection of Physical Props

Deciding on the physical props to include in this study presented two challenges. What

would be the best vocabulary of props? And how large would this vocabulary need to

be? Instead of arbitrarily answering these questions, I looked at the sandtray therapy

(Homeyer, 2011), a type of psychological therapy of play in which the use of miniatures

and �gurines in a tray of sand acts as a vehicle for young patients to express feelings and

emotions. In other words, patients are given the opportunity to freely associate physical

objects with their feelings and emotions, and build a representative scene on the sand.

In her manual (Homeyer, 2011), Homeyer suggest categories of objects, such as nature,

people, tools, fantasy, and transportation, as well as a helpful guideline for achieving a rich

vocabulary of objects. This guideline states that having a limited collection represents a

limited vocabulary. On the other hand, having a massive set of items increases cognitive

load. Considering these recommendations, I selected a vocabulary of approximately 100

props; 95, to be exact.
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Referent Description
A Join a straight line is traced to join two green spheres sized di�erently
B Twist an initially brown straight bar is twisted
C Bevel a red cube is beveled from one of its edges
D Bend a dark 
at rectangular plate is bent

E Hang
a painting initially on the white ground is hung on a gray virtual wall
that includes a second painting

F Open a brown hinged door is opened
G Close two brown sliding doors are closed

H Zoom
the view of the camera is zoomed to the model of a
virtual house

I Reshape
a virtual object initially presented as a purple cylinder transforms
into a cone

J Rotate a palm tree is rotated 180 degrees
K Stretch a blue cylinder is stretched from both ends

L Extrude
a green square cross-sectional area within a blue-coloured cube is
extruded

M Puncture
a circular volume is removed from the center of an initially green
solid hexagonal prism

N Turn ON
a lamp post located in the darkness is turned ON, emitting a
re
ection on the virtual ground

O Run time
time is accelerated to make the environment around a virtual house
go from daytime to dusk

P Deform
the top section of a vertically oriented red straight bar is stretched
and expanded

Q Duplicate a single small staircase is duplicated

R Assemble
two 
at identical blocks contrarily oriented, one green and one blue,
are assembled together

S Colour an initially blue coloured cube changes to yellow
T Tighten a bolt is inserted in a nut

Table 3.1: Labels and descriptions of the 20 VR Referents included in this elicitation
study. These referents were extracted from prior work (Huang and Rai, 2014; Khan and
Tun�cer, 2019; Khan et al., 2019; Nanjappan et al., 2018), CAD 3D modelling software, VR
CAD modelling applications, and Open-World games. Figure 4.8 and Figure 4.9 provide
an illustration of each.
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I picked a �rst group of props by following categories from sandtray therapy. Therefore,

�gures like a fox, a 
ower, a ghost, a wrench, a magnet, a sword, a spaceship, among others,

were selected. In a second group, I included props used or explored in prior research (Arora

et al., 2019; McClelland et al., 2017; Muender et al., 2019; Weichel et al., 2014; Yan et al.,

2018), and later I complemented the vocabulary with abstract props that seemed interesting

to explore for CAD modelling and open-world game referents, such as a cube, a plane, and

a sphere.

I used anEden260v3D printer to fabricate 50 of the 95 props, 25 of 
exible material

and 25 of rigid material. 8 props were LEGO-built speci�c assemblies, and 20 were spare

bricks that would allow participants to construct a desired prop that was not available.

The remaining 13 were retail-manufactured objects purchased in museums and hardware

stores. I also included 3 handheld controllers, from Vive, Oculus and Nintendo Switch.

I recognized that using free association was bene�cial for this elicitation study because

it unveils information that matters to people. In the sandtray therapy, inspiration tends to

start with associations to the presented repertoire of objects (Hancock et al., 2010), which

leads to a scene of what patients feel or think. In this study, free association and inspiration

occurred when participants were asked to choose props from a vast vocabulary of props to

then perform a gesture with them. Physical props have a relatively �xed purpose. However,

the way that people freely do manipulation with them becomes part of the person's means

of articulating their own gestures with the picked props. Figure 3.2 shows the vocabulary

of objects used in this elicitation study.
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Figure 3.2: The vocabulary of 95 physical props used for this elicitation study. 50 props
were 3D printed, 25 with 
exible material and 25 with rigid material. 28 props were LEGO-
brand toys, 8 speci�c models and 20 spare bricks. 13 retail-manufactured objects and 3
handheld gaming controllers from Vive, Oculus and Nintendo Switch.

3.1.3 Participants

I recruited a total of 21 participants from the university campus, ages 19 to 32 (M = 25:4,

SD = 3:7), 7 identi�ed as women and 14 as men; each was paid $15. Upon the completion

of the study, they completed a validated questionnaire about skills and experience with

VR, 3D printing, CAD, and gaming. Five participants in total had previous experience

with VR environments and nine had experience operating 3D printers.
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3.1.4 Apparatus

Participants watched the execution of the referents using an HTC Vive headset connected

to an MSI VR-ready laptop. I used a compact camera facing the participant's seat to record

gestures, and aFusion GoPro camera placed near the ceiling of the study room to capture

the selection process of the props. Figure 3.3 and Figure 3.4 illustrate the room where the

study took place. I modelled the virtual objects using the Blender 3D computer graphics

software, and I animated the referents in the Unity 3D game engine.

3.1.5 Procedure

Upon arrival, I compensated participants and asked them to complete a consent form.

Then I gave them a detailed verbal description of the experiment. I did not reveal the

VR referents, but I showed a sample (not part of the actual referents for the study) on

a monitor. For each participant, I randomly arranged the physical props on a table at

the center of the room. I pointed out the di�erent �delities available to the participant:

3D-printed rigid and 
exible, LEGO-built �gures/bricks, and manufactured retail objects.

After that, participants took approximately �ve minutes to familiarize themselves with the

props. I then supervised and, upon request, supported participants for appropriate and

comfortable wearing of the VR headset.

The software presented the 20 referents shown in Figure 4.8 and Figure 4.9 in random

order. As in Wobbrock et al. (2009), for each referent, participants performed a gesture

with physical props. I did not impose restrictions on the number of props to pick, and
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Figure 3.3: Two participants performing in the study. On the left, participant 4 picking
up a retail-manufactured 
ute for gesture demonstration. On the right, participant 10
assembling a model with LEGO-brand bricks that was not available.

there was no time limit. The study concluded with a computer-administered demographics

questionnaire.
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Figure 3.4: Study room setting

3.2 Chapter Summary

I designed a gesture elicitation study using physical props to investigate the research ques-

tions stated in section 1.1. By adopting this technique, I aimed to develop a natural and

interactive VR interface where people are able to employ gestures with props that they em-

ploy to interact with their environment, instead of forcing them to learn arti�cial gestural

languages. The study follows Wobbrock et al.'s (2009) methodology by asking 21 partici-

pants from the university campus to choose from 90+ props to perform 3D manipulation

for 20 di�erent CAD-like and open-world referents (actions). I extracted referents from
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previous work (Huang and Rai, 2014; Khan and Tun�cer, 2019; Khan et al., 2019; Nanjap-

pan et al., 2018), from 3D modelling software, from two VR modelling applications, and

from two open-world games. I created the vocabulary of props by following categories (e.g.,

nature, people, fantasy) recommended by sandtray therapy (Homeyer, 2011), by extracting

some from prior work (Arora et al., 2019; McClelland et al., 2017; Muender et al., 2019;

Weichel et al., 2014; Yan et al., 2018), and by incorporating some abstract props (e.g.,

cube, plane) that seemed interesting to explore. I used four materials: 3D-printed 
exible

props, 3D-printed rigid props, LEGO-brand �gures and bricks, and retail-manufactured

objects. In the the following chapter, I provide a detailed description of the results of this

elicitation study.
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Chapter 4

Results

In this chapter, I propose a participant-de�ned set of gestures using physical props based

on the data collected from my study, descriptions of patterns found in the elicited gestures,

and two sets of agreement scores: one for gestures and one for physical props.

4.1 A Participant-De�ned Gesture Set

Similar to Piumsomboon et al. (2013) and Nanjappan et al. (2018), I grouped participant

responses into a set of gestures for each referent. For each referent, I grouped gestures that

exhibited the same pattern together, and I chose the group with the largest consensus to

be the representative gesture for the referent. This di�ers slightly from elicitation studies

for 2D systems, such as tabletops (Wobbrock et al., 2009), mobile devices (Ruiz et al.,

2011), smartwatches (Are�n Shimon et al., 2016), public displays (Kray et al., 2010), and
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televisions (Vatavu, 2012), as I loosened constraints from \gestures must be identical" to

\gestures must be similar" or \gestures should show the same pattern".

I recognized a total of 197 unique gestures from the 420 gestures elicited from 21

participants for each of the 20 VR referents. I found that the most natural and expressive

way of capturing each gesture was as a context-free grammar (CFG), which described the

gesture, which props had been chosen for that gesture across all the participants who made

that gesture, and how those props �t into the description.

Figure 4.1 illustrates the CFG representation for referent C (Bevel), where a rectan-

gular prism's corner is beveled. The most used gesture (�ve participants) wasCut, where

participants took a cube and cut a bevel into it with either a 3D-printed knife or an X-

acto knife. Here, the virtual cube is presented as the variable \PROP", which represents the

object being beveled, and represent the knife and X-acto knife as \CUTTINGPROP", which

a�ords the action of cutting:

G ! Cut section of PROP with CUTTING_PROP

PROP! Cube | Imaginary

CUTTING_PROP! Knife | X-acto Knife

Participants doing the Cut gesture either held a cube to represent the virtual prism, or

held their hand as if they were holding an imaginary prism, then cut the bevel with the

CUTTINGPROP.

The next most used gesture for referent C (Bevel) wasadhere(two participants), where

participants took either a cube or a sofa, and placed a 
at object (either a 3D-printed

hinge in its 
at position or a 3D-printed plane) on the corner of it:

34



Figure 4.1: Three of the thirteen gestures identi�ed for referent C:Bevel. Each gesture is
articulated as a context-free grammar, showing what physical props can be used with that
gesture.
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G ! Adhere FLAT_PROP diagonal ly to edge of CUBIC_PROP

FLAT_PROP! Hinge | Plane

CUBIC_PROP! Cube | Couch

Another gesture for referent C waspush, where participants simply attempted to push

one of the top edges of a 3D-printed cube with either their two thumbs or their palm:

G ! Push {Cube } edge of Cube inwards with N

N ! Thumbs | Palm

For each referent (here, Bevel), I chose the most demonstrated gesture (here,Cut) for

the proposed gesture set. Figure 4.8 and Figure 4.9 illustrate the complete proposed set of

gestures with their corresponding referents.

4.2 Gesture Agreement

With previous gesture studies (Are�n Shimon et al., 2016; Kray et al., 2010; Nanjappan

et al., 2018; Piumsomboon et al., 2013; Ruiz et al., 2011; Vatavu, 2012; Wobbrock et al.,

2009), participants would suggest one gesture per referent, so agreement was calculated for

gestures alone. In this elicitation study, participants both o�ered a gesture and a selection

of props, and may have based their actions on either a gesture or a set of props. Therefore,

I analyzed both gesture agreement and prop selection.

For gesture agreement, I used Vatavu and Wobbrock's formula (2015):

ARgesture (r ) =

X

Pi � P

1
2

jPi j(jPi j � 1)

1
2 jP j(jPj � 1)

(4.1)
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This formula is derived from pairwise comparison of participant gestures. For a given

referent, the agreement is calculated by looking at each pair of participants, saying that

the two participants agree if they performed the same gesture (similarity of gestures is

1), and do not agree if they performed di�erent gestures (similarity of gestures is 0). For

instance, this formula de�nes agreement as the number of pairs of participants with each

other divided by the total number of participants that could agree (Vatavu and Wobbrock,

2015).

Figure 4.2: Complete graph that captures gestures with physical props performed by 5
participants for referent C:Bevel. Gestures are considered \one-element" sets and similarity
is calculated with one another, where a 1 means \same gesture" and 0 means \distinct
gesture". No partial similarity is considered. Similarity between two sets is the weight of
the edge that joins them. Agreement score is computed by summing the similarity of each
pair of sets compared, and dividing by the total number of pairs that can be identical.

Figure 4.2 illustrates pairwise gesture agreement for the �ve participantBevel exam-

ples introduced in Figure 4.1. Pairwise agreement can be represented as a complete graph,

37



where nodes represent participants, and edge weights represent the similarity between those

participants' gestures, i.e., either 0 (if they are di�erent) or 1 (if they are the same). The

agreement for a given referent is the sum of the weights of those edges divided by the

total number of edges:12n(n � 1), wheren is the number of participants. This score is thus

bounded between 0 and 1, as if everyone agreed and all edges were equal to 1, then the

equation would be the number of edges divided by the number of edges. By incorporating

the rest of the participants and their gestures for referent C (Bevel) in Figure 4.2, the

graph becomes a 20th -grade complete graph. For this referent, a total of 13 di�erent ges-

tures were recognized, whose sizes (i.e. number of participants that performed them) were

5; 2; 2; 2; 2; 1; 1; 1; 1; 1; 1; 1; and 1. For instance, using Equation 4.1, the gesture agreement

score forbevel is:

ARgesture (bevel) =
5�4
2 + 2�1

2 + 2�1
2 + 2�1

2 + 2�1
2

21�20
2

=
14
210

= 0:067 (4.2)

Table 4.1 shows the number of unique gestures recognized for each referent as well as

the sizes of each. This information is used as input to Equation 4.1 to obtain a gesture

agreement score for each referent. Figure 4.3 illustrates these scores, in descending order.

While previous formalization of agreement scores (Vatavu and Wobbrock, 2015) did not

represent agreement as a graph, I found this representation to be useful when reasoning

about agreement for prop selection.
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Referent
Number of
Gestures

Sizes
Agreement

Score
Tighten 5 17, 1, 1, 1, 1 :648

Assemble 6 15, 2, 1, 1, 1, 1 :505
Bend 7 15, 1, 1, 1, 1, 1, 1 :500

Duplicate 7 15, 1, 1, 1, 1, 1, 1 :500
Rotate 7 15, 1, 1, 1, 1, 1, 1 :500
Hang 8 14, 1, 1, 1, 1, 1, 1, 1 :433
Twist 6 12, 5, 1, 1, 1, 1 :362

Run time 10 11, 2, 1, 1, 1, 1, 1, 1, 1, 1 :267
Close 10 10, 2, 2, 1, 1, 1, 1, 1, 1, 1 :224
Join 8 9, 4, 3, 1, 1, 1, 1, 1 :214

Stretch 11 9, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1 :181
Puncture 9 7, 5, 3, 1, 1, 1, 1, 1, 1 :162

Open 9 6, 5, 3, 2, 1, 1, 1, 1, 1 :138
Reshape 9 5, 4, 4, 2, 2, 1, 1, 1, 1 :114

Zoom 13 7, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 :110
Colour 14 7, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 :105

Turn ON 15 7, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 :100
Bevel 13 5, 2, 2, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1 :071

Extrude 14 4, 3, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 :052
Deform 16 4, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 :038

Table 4.1: For each VR referent, number of unique gestures recognized from the 21 partic-
ipants, number of participants that performed each of these unique gestures, and gesture
agreement score are reported.

4.3 Prop Agreement

In this study, participants selected props in addition to gestures. I was interested in ob-

serving how much prop selection agreed across participants for a given referent. However,

prop agreement is more complicated than gesture agreement: participants selectedsets of

physical props, which meant that there could be partial agreement between participants.
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Figure 4.3: Gesture agreement scores of the 20 VR referents sorted in descending order.

To analyze prop agreement, I proposed a generalization of Vatavu and Wobbrock's

(2015) agreement rate formula. Instead of using simple equality between pairs, I used

di�erent measurements of set similarity (Egghe and Michel, 2002), here denoted by the

function SIM:

ARprop(r ) =

P � 1X

i =0

PX

j = i +1

SIM(Pi ; Pj )

1
2 jP j(jPj � 1)

(4.3)

Equation 4.3 is de�ned as the sum of the similarity of each pair of sets by the total

number of pairs of sets that could be identical, whereP is the total number of people.Pi

and Pj group all possible pairs of sets forr .

Equation 4.3 is structurally similar to the simple gesture agreement formula (Equa-

tion 4.1), but Equation 4.3 o�ers more 
exibility in comparing participants' choices. Thus

I constructed a connected graph to represent prop selection similarity, where nodes rep-
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resent participants, and edge weights represent the similarity between those participants'

gestures (a real number between 0 and 1 inclusive).

In the graph representation (Figure 4.4) for the �ve participantBevel examples I intro-

duced in Figure 4.1, each edge is weighted by SIM, the set similarity between their sets of

selected props, rather than just 1 (same) or 0 (di�erent). If SIM is bounded between 0 and

1, then the overall agreement (sum of the weights of all edges divided by the number of

edges) is also bounded between 0 and 1. To be analogous to gesture similarity, SIM must

also be 0 if there are no props in common, or 1 if they are completely equal (analogous to

choosing di�erent gestures or the same gesture).

Figure 4.5 shows the three set similarity metrics that have been identi�ed for SIM:

the Jaccard Index (Jaccard), the Overlap coe�cient ( Overlap) and the S�rensen-Dice

coe�cient ( S�rensen). These three metrics can all satisfy the requirements for a similarity

score, and if they are sets of size one (e.g., a single gesture per participant), they collapse

into a binary 1 for equality and 0 for inequality. In other words, all three metrics are

equivalent to Vatavu et al.'s score when comparing a single agreement.

Figure 4.6 shows the prop agreement score for all three metrics (Jaccard, S�rensen,

Overlap) for each referent. The three metrics give similar results for each referent. Jaccard

is consistently the lowest agreement, Overlap is the highest, and S�rensen is in between the

two. In the analysis made in this thesis, the Jaccard Index is used as the most conservative

metric for identifying high agreement.

I wrote a script (section A.1) in the Matlab computing environment in order to solve

Equation 4.3 for referent C: Bevel. In the �rst section, I inputted the number of pairs of
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Figure 4.4: Complete graph that captures props sets of 5 participants for referent C:Bevel.
Similarity of props sets is measured, which is the weight of the edges that joins them.
Each measure of set similarity is between 0 and 1, with 0 indicating no shared props and
1 indicating completely identical prop selections. Agreement is computed by summing the
similarity of each pair of sets compared, and dividing by the total number of pairs that
can be identical.

participants as well as the prop sets each person picked. Thus, in the second section, I

calculated the prop agreement score for this referent.

To compute the prop agreement scores for the rest of the referents, I modi�ed the

script accordingly. Figure 4.7 reports these agreement scores, sorted in descending order.

Both prop and gesture agreement scores can also be seen individually for each referent in

Figure 4.8 and Figure 4.9.
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Figure 4.5: Venn diagrams showing a pairwise comparison between prop sets of P1 and P4.
Three measures of set similarity are proposed to evaluate partial agreement (SIM(P1,P4)):
Overlap, S�rensen, and Jaccard. Overlap is the most optimistic, leading to the highest
agreement. Jaccard is the most pessimistic, leading to the lowest agreement. S�rensen
prevails between the other two (or equal to one of them). In this pairwise comparison,
S�rensen and Overlap are the same.

4.4 Classi�cation of Gestures with Props

I classi�ed the 197 unique gestures elicited in this study into 3 categories:Act, Leverage,

and Adapt. From a qualitative analysis with emphasis on recognizing similar or identical

patterns in gestures with props, I found that participants performed a gesture from at least

one of these categories (i.e., overlap exists). I also found that, within each category, several

possibilities can be observed.

In the �rst category, Adapt, I grouped gestures where participants physically acted on

props with either their hands or another prop to represent the e�ect of a referent. Gesture

possibilities within this category include a) altering the properties of props (e.g., twist,

fold, squeeze), b) changing the position and/or orientation of props in a three-dimensional

space (e.g., move up, rotate, throw), or c) operating movable parts of props (e.g., open

pliers, fold a hinge).
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Figure 4.6: Gesture set with physical props for referents A to J. For each referent, the
preferred set of props and the preferred gesture are presented; the initial state of the most
common prop-gesture interaction is shown on the left side, and the end state is shown on
the right.

In the second category,Leverage, I clustered gestures where participants leveraged phys-

ical properties of props to represent the e�ect of a referent. This can be done by a) adhering

a prop (or a section of it) to another prop (e.g., adhere a vertex section of a prop to the top

end of a candle), or b) by simply showing a comparison of a property (e.g., color, shape)

of two or more props.

In the last category, Adapt, I grouped gestures made with LEGO-brand pieces. This

category includes gestures where participants adapt an assembly of bricks to represent the

e�ect of a referent. Gestures in the Adapt category consist of a) disassembling an initial

assembly and re-assembling it di�erently, or b) simply assembling a single model.
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Figure 4.7: Prop agreement scores of the 20 VR referents sorted in descending order.

Figure 4.10 illustrates the three categories of gestures with an example for each pos-

sibility that may occur within these categories. The gestures I included in this �gure are

expressed using a CFG.

4.5 Chance agreement and agreement con�dence

Tsandilas (2018) argued that in the presence of any source of bias, chance agreement alters

raw agreement scores, thus providing misleading information about how participants agree

or disagree. On the other hand, Gwet (2014) and Krippendor� (2004) emphasized that the

magnitude of a raw agreement score cannot be interpreted if con�dence intervals are not

provided. For these reasons, I estimated a common chance agreement for gestures across

all referents, and I computed con�dence intervals for gesture and prop agreement scores of

each referent.

45



To estimate chance agreement and chance-corrected agreement indices, Tsandilas (2018)

suggests using inter-rater reliability measures. In the context of elicitation studies, the ter-

minology of inter-rater reliability can be mapped as follows: study participants become

raters, referents become items, and signs (i.e., gestures) become categories. In this study,

I adopted the Fleiss' (1971)� F coe�cient:

� F =
� a � � e

1 � � e
(4.4)

where � a is the proportion of items on which both raters agree (i.e., raw agreement

score calculated with Equation 4.1), and� e is the chance agreement (i.e., agreement that

would have occurred by chance).

For the chance agreement term� e, Fleiss uses an extended version of Scott's (1955)�

for multiple raters:

� e =
qX

k=1

� 2
k ; � k =

1
m

mX

i =1

nik

ni
(4.5)

where m is the total number of items,nik is the number of ratings for itemi having

category k, and ni is the total number of ratings for item i. The term � k estimates the

probability that a rater classi�es an item into category k, based on how many times this

category has been used across the entire elicitation study.� k takes bias into account, as

it does not assume that each category (gesture) has the same probability to be shown

by a rater. However, it assumes that all raters share the same preferences for categories.

The overall gesture agreement score (Figure 4.3) of the elicitation study of this thesis was

AR = 0:261. For the 182 unique gestures recognized I computed� e = 0:016, and therefore,

46



� F = :261� :016
1� :016 = :249, re
ecting that the overall gesture agreement is a�ected minimally

by chance agreement. In section 6.1, I brie
y discuss the reason(s) chance agreement and

chance-corrected agreement indices for props are not calculated, as more research is needed

on this matter.

Re-sampling methods, such asjackkni�ng (Quenouille, 1949) andbootstrapping(Efron,

1992), can be used to calculate variance of agreement scores. Tsandilas (2018) recommends

that the jackknife method is a good approach for estimating within-participants agreement

di�erences, while di�erences between independent groups of participants can be estimated

with bootstrapping. Therefore, I used the jackkni�ng approach to calculate con�dence

intervals of gesture and prop agreement scoresAR for each referent.

� jack =
n � 1

n

nX

i =1

(ÂR i � ÂR)2; (4.6)

where n is the number of participants, ÂR is an estimate based on the full set of

observations (i.e., agreement score obtained with Equation 4.1 or Equation 4.3), and̂AR i

is an estimate when leaving out thei th participant. The square root of the variance� jack

gives the standard error:SE =
p

� jack . Assuming that agreement scores follow a normal

distribution, the (1 � � )% con�dence interval isÂR � SEjack � q, whereq = q(1 � �
2 ; n � 1)

is the (1� �
2 )-quantile of Student's t -distribution with n � 1 degrees of freedom. Tsandilas

(2018) ran a series of Monte Carlo experiements to examine this assumption.

In Figure 4.8 and Figure 4.9, 95% con�dence intervals can be observed for each VR

referent. An algorithm written in the Matlab computing environment to obtain con�dence

intervals for referent C: Bevel can be found in section A.2.
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Figure 4.8: Gesture set with props for referents A to J. For each referent, the preferred
set of props and the preferred gesture are presented; the initial state of the most common
prop-gesture interaction is shown on the left side, and the end state is shown on the right.
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