
Eyes-free Gestural Interaction with
Smartphone Using Haptic Feedback

Milad Jamalzadeh

A thesis submitted for the degree of Doctor of Philosophy in Information
Technology

Thesis director:
Prof. Laurent Grisoni, Université de Lille, France

Supervisor:
Dr. Yosra Rekik, Université Polytechnique Hauts-de-France, France

These researches were conducted at MINT Group at CRIStAL laboratory of
Lille University

JURY Members :
Reviewers : Prof. Laurence Nigay Université Grenoble Alpes, France.

Prof. Jean Vanderdonckt Université catholique de Louvain, Belgique.
Examinators : Dr Anke Brock ENAC, Toulouse, France.

Dr Vincent Levesque École de technologie supérieure, Montréal, Canada.
President : Prof. Romain Rouvoy Université de Lille, France.

Date: October 3, 2024

This project has received funding from the European Union’s
Horizon 2020 Research and Innovation Program under Grant
Agreement No 860114.



Interaction Gestuelle Sans Regarder avec
le Smartphone en Utilisant le Retour

Haptique

Milad Jamalzadeh

Une thèse présentée pour obtenir le titre de Docteur en Informatique

Directeur de thèse :
Prof. Laurent Grisoni, Université de Lille, France

Encadrante de thèse :
Dr. Yosra Rekik, Université Polytechnique Hauts-de-France, France

Ces recherches ont été menées au sein du groupe MINT au laboratoire
CRIStAL de l’Université de Lille

Membres du Jury :
Rapporteurs : Prof. Laurence Nigay Université Grenoble Alpes, France.

Prof. Jean Vanderdonckt Université catholique de Louvain, Belgique.
Examinateurs : Dr Anke Brock ENAC, Toulouse, France.

Dr Vincent Levesque École de technologie supérieure, Montréal, Canada.
Président : Prof. Romain Rouvoy Université de Lille, France.

Date: 3 octobre 2024

Ce projet a reçu un financement du programme de recherche et
d’innovation Horizon 2020 de l’Union européenne au titre de
l’accord de subvention n° 860114.



Abstract

Smartphones have become integral to modern life and play a crucial role in
various situations, even when users cannot fully focus on the device. In sce-
narios where visual attention is divided, such as driving, the ability to draw
gestures with one hand on a touchscreen without looking at the phone is highly
beneficial. These gestures allow users to perform actions like answering calls
or sending predefined messages effortlessly. In addition, haptic feedback can
partially substitute for visual feedback in visually impaired situations. Haptic
feedback can inform users of successful inputs or provide information without
requiring visual attention. In this context, this thesis explores the enhancement
of one-handed and eyes-free gestural interaction with smartphones through the
haptic channel. The research is structured into multiple studies, each addressing
different aspects of eyes-free gesture-based interaction with touchscreens.

First, we investigate the production of eyes-free gestures in various situa-
tional impairment scenarios. We show differences between how users produce
gestures on smartphones in an eyes-free context compared to gestures made
when they have direct sight of the phone. This is followed by two studies in-
vestigating how environmental factors, such as user movement speed, phone
location, and multitasking, affect the production of eyes-free gestures. In the
presence of an attention saturating task, users finish producing gestures in a
shorter time. However, when a user is involved in a physically demanding task,
their finger moves faster in a smaller area.

We then carried out three studies with the aim of improving gestural input
on touchscreens using haptic feedback in visually impaired scenarios. We first
examine the efficiency of haptic feedback for gestural input on a smartphone
placed inside a pocket. Then, we compare localized feedback from the smart-
phone vibration motor against distal feedback from a smartwatch. The findings
suggest that providing the user with continuous haptic feedback improves user
confidence in gesture input, with localized feedback preferred. Then, we fo-
cused on improving the targeting task on a virtual knob in the presence of an
attention-saturating task. Our results showed that the use of background haptic
texture on the perimeter of the virtual knob plus haptic texture on the detents
increases the performance of users in targeting task on the knob.

Then, we focus on using haptic feedback to improve the output part of the
interaction. We present Hap2Gest, an interaction concept for smartphones using
eyes-free gestures and haptic feedback. Users draw a gesture to invoke a com-
mand and receive information through haptic feedback on a subsequent gesture.
An elicitation study showed a preference for gestures with clear corners. Circu-
lar gestures were also popular in some scenarios, so we tested haptic feedback
on free-hand circular gestures. First, we assessed users’ perception of the length
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of eyes-free circular gestures, finding that they perceive the arc length as shorter
than it is. Next, we tested users’ ability to retrieve numerical data on circu-
lar gestures using Hap2Gest method. The results showed significant variation
in the shapes of freely produced arcs, leading to inaccurate estimates of the
arc’s location. Thus, we recommend using gestures with clear corners for the
Hap2Gest interaction technique.

This thesis contributes to the field of human-computer interaction by pro-
viding a comprehensive analysis of haptic feedback in eyes-free gesture-based
interactions. The findings offer valuable insights for designing effective interac-
tion techniques and improving the usability of smartphones in visually impaired
scenarios.

Keywords: Eyes-Free Interaction, Situational impairment scenarios, In-
put/Output, Gesture-Based Interaction, Haptic Feedback, Smartphone Interac-
tion, One-handed interaction.
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Résumé

Les smartphones sont devenus essentiels à la vie moderne et jouent un rôle
crucial dans diverses situations, même lorsque les utilisateurs ne peuvent pas se
concentrer pleinement sur l’appareil. Dans des scénarios où l’attention visuelle
est divisée, comme la conduite, la capacité de dessiner des gestes avec une main
sur un écran tactile sans regarder le téléphone est très bénéfique. Ces gestes
permettent aux utilisateurs d’effectuer des actions telles que répondre aux appels
ou envoyer des messages prédéfinis sans effort. De plus, le retour haptique peut
partiellement remplacer le retour visuel dans des situations de déficience visuelle.
Le retour haptique peut informer les utilisateurs des entrées réussies ou fournir
des informations sans nécessiter d’attention visuelle. Dans ce contexte, cette
thèse explore l’amélioration de l’interaction gestuelle à une main et sans regarder
avec les smartphones grâce au canal haptique. La recherche est structurée en
plusieurs études, chacune abordant différents aspects de l’interaction gestuelle
sans regarder avec les écrans tactiles.

Tout d’abord, nous étudions la production de gestes sans regarder dans
divers scénarios de déficience situationnelle. Nous montrons les différences entre
la manière dont les utilisateurs produisent des gestes sur les smartphones dans
un contexte sans regarder par rapport aux gestes réalisés lorsqu’ils ont une vue
directe sur le téléphone. Cela est suivi de deux études examinant comment les
facteurs environnementaux, tels que la vitesse de déplacement de l’utilisateur,
la localisation du téléphone et le multitâche, affectent la production de gestes
sans regarder. En présence d’une tâche saturant l’attention, les utilisateurs
produisent les gestes en un temps plus court. Cependant, lorsqu’un utilisateur
est impliqué dans une tâche physiquement exigeante, son doigt se déplace plus
rapidement dans une zone plus petite.

Ensuite, nous avons réalisé trois études visant à améliorer l’entrée gestuelle
sur les écrans tactiles en utilisant le retour haptique dans des scénarios de dé-
ficience visuelle. Nous examinons d’abord l’apport du retour haptique pour
la production gestuelle sur un smartphone placé dans une poche. Ensuite,
nous comparons le retour localisé du moteur de vibration du smartphone au
retour distant d’une montre connectée. Les résultats suggèrent que fournir à
l’utilisateur un retour haptique continu améliore sa confiance pour produire les
gestes, avec une préférence pour le retour localisé. Ensuite, nous nous concen-
trons sur l’amélioration de la tâche de ciblage dans un bouton virtuel en présence
d’une tâche saturant l’attention. Nos résultats ont montré que l’utilisation d’une
texture haptique de fond sur le périmètre du bouton virtuel ainsi que d’une tex-
ture haptique sur les crans augmente les performances des utilisateurs dans la
tâche de ciblage sur le bouton.

Ensuite, nous nous concentrons sur l’utilisation du retour haptique pour
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améliorer la partie sortie de l’interaction. Nous présentons Hap2Gest, un con-
cept d’interaction pour smartphones utilisant des gestes sans regarder et le re-
tour haptique. Les utilisateurs dessinent un geste pour invoquer une commande
et reçoivent des informations via le retour haptique sur un geste ultérieur. Une
étude d’élicitation a montré une préférence pour les gestes avec des coins nets.
Les gestes circulaires étaient également populaires dans certains scénarios, nous
avons donc testé le retour haptique sur des gestes circulaires dessinés à main
levée. Tout d’abord, nous avons évalué la perception des utilisateurs de la
longueur des gestes circulaires sans regarder, constatant qu’ils perçoivent la
longueur de l’arc comme plus courte qu’elle ne l’est. Ensuite, nous avons testé
la capacité des utilisateurs à récupérer des données numériques sur des gestes
circulaires en utilisant la méthode Hap2Gest. Les résultats ont montré une
variation significative dans les formes des arcs produits librement, conduisant
à des estimations inexactes de la position de l’arc. Ainsi, nous recommandons
d’utiliser des gestes avec des coins nets pour la technique d’interaction Hap2Gest.

Cette thèse contribue au domaine de l’interaction humain-machine en four-
nissant une analyse complète du retour haptique dans les interactions gestuelles
sans regarder. Les résultats offrent des informations précieuses pour concevoir
des techniques d’interaction efficaces et améliorer l’utilisabilité des smartphones
dans des scénarios de déficience visuelle.

Mots-clés : Interaction sans regarder l’écran, Scénarios d’incapacité sit-
uationnelle, entrées/sorties, Interaction basée sur les gestes, Retour haptique,
Interaction avec smartphone, Interaction à une main,
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Introduction

In recent years, touch-based mobile devices have become ubiquitous in our daily
lives. Touch input, including tapping and gestures, is currently the main inter-
action mechanism used in smartphones [220]. A common method of using a
smartphone involves initially reaching for it and then interacting with it with
one hand while viewing its screen. Touchscreen displays can simultaneously
receive commands from the user (input) and present visual data to the users
(output) [76]. Visual feedback stands out as the most prevalent mechanism for
presenting output information to users in smartphone interaction [105]. In sum,
touchscreens are the main means of interaction with smartphones by detecting
and locating movements of the fingers and providing the output information
through the visual channel.

The small size of smartphones, in addition to the richness of the proposed
applications, has made them sufficiently portable to be used in various aspects
of life. This includes scenarios where users are on the go [73], driving [12], work-
ing [74], having a conversation [184], or even when the phone is not directly in
front of them, such as when it is in their pocket [190] or bag [134]. These scenar-
ios can divert the user’s visual focus from the smartphone and cause visual im-
pairment in the interaction with the smartphone. Visual impairment refers to a
functional limitation of one or both eyes or the visual system, which can present
in several forms such as diminished visual sharpness, decreased contrast sensi-
tivity, loss of visual field, or visual distortions [227]. Visual impairments can also
occur in specific scenarios in which an individual with normal vision temporarily
loses the ability to see the touchscreen interface directly. Such circumstances
may involve glare, smoke, or while operating a vehicle [160]. Consequently, it
has become important for many designers to support eyes-free interaction for
visually impaired scenarios.

Several eyes-free interaction techniques have been developed to enable smart-
phone input in visually impaired scenarios. These interaction techniques have
been implemented through different sensory channels. For example, voice com-
mands use the auditory channel [61]. On the other hand, touch input is an
interesting solution for eyes-free input. Stroke gestures can be produced eyes-
free on touchscreens [165]. Stroke gestures can be viewed from two different
perspectives in the field of human-computer interaction. From a computer per-
spective, capacitive touch sensors, which are the dominant types of touchscreen
today, measure the electrical charges on the touchscreen. These measurements
are used to detect the points of contact between the skin and the touchscreen,
and to track the fingers on the touchscreen [147]. However, from user’s per-
spective stroke gestures are result of two sensory perceptions. First, tactile
perception detects the contact between the finger and the touchscreen. Second,
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proprioception tracks the movement of the finger on the touchscreen. These two
perceptions are part of our haptic perception of the surroundings [142]. In this
thesis, we will focus on user’s perspective in the interaction with smartphone
and consider stroke gestures as an input method on smartphones through haptic
channel. In a similar way, we consider the movements of a smartphone in a 3D
space by the user, recorded by the built-in accelerometer of the smartphone, as
the haptic input for the smartphone.

The haptic channel has also been employed as an output modality to deliver
information to the user. In particular, haptic has been used to reduce the need
for other forms of feedback. For example, haptic feedback appears to be effective
in replacing visual and audio feedback and is usually rapidly noticed during
visually impaired scenarios, such as when the user is focused on another primary
task [195, 35, 41, 47, 175, 73]. However, the technologies for generating tactile
feedback are still quite limited and not as advanced as display technologies. On
numerous Android devices, developers have access to only a limited set of high-
level functions to control the vibration motor. These functions simply turn the
motor on and off, individually or in a repetitive pattern, providing only basic
and limited manipulation of the parameters of the typical vibration signal such
as amplitude and frequency. Recently, Android has begun to provide developers
with greater control over the amplitude of the motor, but this feature is limited
to newer models and requires compatible motors [214]. Designing an interaction
concept that can be implemented with a simple vibration motor will make that
design accessible to more people.

In this context, instead of isolating tactile feedback and stroke gestures from
each other, we will consider both as part of the haptic channel. In this thesis,
we will study the use of the haptic channel in visually impaired scenarios for
interaction with the smartphone. We will extend the limited bandwidth of the
tactile channel in smartphones, due to the limited capabilities of vibrotactile
actuators, by incorporating the proprioception understanding of finger positions.
Combining these two will increase the vocabulary of interaction, compared to
using each of them solely. This will enable users to have richer interaction with
smartphones in visually impaired scenarios. We conduct most of our studies on
smartphones with simple vibration motors so that the results of our research
can be implemented on almost all smartphones.

Objective of the thesis

The objective of this thesis is to better understand how in visually impaired sce-
narios the haptic channel (vibrotactile feedback along with stroke gestures) can
be used to improve interaction with touch devices, in particular smartphones.
Studies have shown the benefits of employing haptic as a medium for both input
and output (I/O) operations on touchscreens [31, 161]. Despite these efforts,
almost all current interaction techniques and I/O operations on commercial
touchscreen devices rely exclusively on visual feedback [160]. Our goal is to im-
prove the role of haptic-based interaction with smartphones in visually impaired
scenarios.

To achieve this objective, our research is structured into three parts. First,
we are interested in understanding how different contextual factors influence the
production of eyes-free gestures on a smartphone. We want to establish a body
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of new scientific knowledge on mental models of eyes-free gesture production
in different visually impaired scenarios to propose design recommendations to
improve interactions in these contexts.

In the second part of our studies, we use the haptic channel as an input
modality for eyes-free interaction with the smartphone. Haptic feedback is es-
sential for improving the usability of eyes-free interactions with smartphones.
By providing tactile sensations or vibrations in response to user actions, it offers
a non-visual confirmation that is especially beneficial in scenarios where visual
attention is limited, such as when the phone is tucked away in a pocket or when
users are occupied with other tasks. In this context, our aim is to understand
which type of tactile feedback improves the eyes-free input gestures on a touch
device.

Similarly, we want to explore how we can utilize the eyes-free gestures for
transferring output data from a smartphone to users, using tactile feedback.
Our goal is to develop an interaction technique that combines tactile perception
with proprioception in smartphone interaction. It is necessary to know the user
preferences for this interaction technique and measure the user performance in
this new concept. This interaction concept with the results of previous studies
will allow full haptic channel interaction with smartphones, input and output,
in visually impaired scenarios.

Contributions

Our research has produced the following contributions:

1. The study of how eyes-free gestures are produced on smartphones com-
pared to when visual feedback is available, and how various situational
impairment scenarios including user movement speed, phone location, and
the presence of attention-demanding tasks, impact the production of eyes-
free gestures and possible mental model behind them.

2. Understanding user preferences for vibration pattern for eyes-free gestural
input in two visually impaired scenarios (smartphone in the pocket and
presence of an attention saturating task).

3. Investigating the preference of user’s to receive haptic feedback locally or
distally for in-pocket interaction.

4. We proposed a new interaction concept, called Hap2Gest, that allows input
and output interaction with the smartphone using only a haptic channel
without the need for additional hardware.

5. Understanding user preferences for gesture shape and vibration patterns
in Hap2Gest method and showing the challenges of using circular eyes-free
gestures in this method.

6. Suggesting to consider gestures as haptic input for touchscreens and com-
bining their tactile perception and proprioception to maximize the band-
width of information retrieval through haptic channel.
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Thesis structure

This thesis is organized as follows:
Chapter 1 provides a comprehensive review of the literature on smartphone

interaction in situational impairment scenarios using different sensory modali-
ties. The chapter begins by exploring the sensory modalities involved in smart-
phone interaction, including vision, haptic, auditory, and multimodal approaches.
It then delves into the concept of Situationally-Induced Impairments and Dis-
abilities (SIID), highlighting how various contextual factors can hinder mobile
device usability. Then it covers gestural interaction on touch devices. Subse-
quent sections review relevant studies on the use of haptic channels for inter-
action with touch devices in these impaired contexts, with a specific focus on
gesture-based and haptic-based interactions by dividing the interaction into two
parts: input and output.

Chapter 2 of this thesis examines the production and characteristics of eyes-
free gestures in various contexts, comparing them to gestures made when touch-
screen is visible to user. The chapter first explores how gestures differ when
visual feedback is absent and their effectiveness in scenarios with limited visual
attention. Then it investigates how the speed of user movement and phone
location affect the features and performance of eyes-free gestures. Finally, the
chapter delves into the impact of attention-saturating tasks on the production
of eyes-free gestures, considering factors such as hand dominance and multi-
tasking. This chapter aims to deepen the understanding of eyes-free gesture
interactions with mobile devices.

Publications

• Rekik, Y., Guettaf, A., Jamalzadeh, M., & Grisoni, L. (2024,
June). Comparing Eyes-free Gestures to Gestures Produced in the
Presence or Absence of Visual Feedback on Mobile Device. In Pro-
ceedings of the 2024 International Conference on Advanced Visual
Interfaces (pp. 1-5).

• Jamalzadeh, M., Rekik, Y., Grisoni, L., Vatavu, R. D., Volpe,
G., & Dancu, A. (2023, August). Effects of Moving Speed and
Phone Location on Eyes-Free Gesture Input with Mobile Devices.
In IFIP Conference on Human-Computer Interaction (pp. 469-
478). Cham: Springer Nature Switzerland.

• Jamalzadeh, M., Rekik, Y., & Grisoni, L. (2023, November).
The Effect of Attention Saturating Task on Eyes-Free Gesture Pro-
duction on Mobile Devices. In Companion Proceedings of the 2023
Conference on Interactive Surfaces and Spaces (pp. 27-31).

Chapter 3 explores the use of haptic feedback in enhancing eyes-free gesture
input on touch devices. The first study examines how haptic feedback improves
gestures performed on pocket fabric, enhancing user confidence in the eyes-free
gesture input. The second study investigates user preferences for the location
of haptic feedback, either locally in the pocket or distally on a smartwatch.
The third study, unlike previous studies that focused on physical limitations for
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interaction with a smartphone, focuses on improving input on a touch device
when visual attention is needed simultaneously elsewhere. We will investigate
which type of haptic feedback will improve the performance of participants in
targeting task while simultaneously being occupied with a primary attention
saturating task.

Publications

• Draw & Feel: Enhancing In-Pocket Interaction with Mobile Devices
Using Haptic Feedback. This paper is currently in preparation for
submission.

• Rekik, Y., Guettaf, A., Rupin, M., Jamalzadeh, M., & Grisoni,
L. (2024, June). Enhancing Touch Circular Knob with Haptic Feed-
back when Performing Another Saturating Attention Primary Task.
In Proceedings of the 2024 International Conference on Advanced
Visual Interfaces (pp. 1-9).

Chapter 4, on the other hand, focuses on the output part of the interaction.
The goal of this chapter is to propose an interaction concept that enriches the
data that can be transferred on touchscreens to the user with a simple smart-
phone vibration motor. The first study introduces this interaction concept called
Hap2Gest that combines gestures and vibration patterns and allows interaction
with the smartphone through the haptic channel. The next two studies examine
the use of circular gestures in the Hap2Gest method, with the aim of assessing
its feasibility and effectiveness. The second study investigates the consistency
and accuracy of users drawing arc or circular gestures. The third study builds
on these data by implementing circular gestures in the Hap2Gest method, where
users draw gestures and retrieve information about the gesture using vibration
cues.

My Title

• Jamalzadeh, M., Rekik, Y., Dancu, A., & Grisoni, L. (2023, Au-
gust). Hap2Gest: An Eyes-Free Interaction Concept with Smart-
phones Using Gestures and Haptic Feedback. In IFIP Conference
on Human-Computer Interaction (pp. 479-500). Cham: Springer
Nature Switzerland.

• Jamalzadeh, M., Rekik, Y., Shahzad, I., & Grisoni, L. (2024,
September) Eyes-free Circular Gestures on Smartphones. In Ad-
junct Proceedings of the 26th International Conference on Mobile
Human-Computer Interaction (pp. 1-5).

Finally, we conclude this thesis with a conclusion and discussion of the results
of our work for eyes-free interaction with smartphones, before exploring various
directions for future research.
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Chapter 1

Literature Overview

Human computer interaction is conducted using sensory channels. The sensory
modalities which can be used in interaction depend on both sides of the interac-
tion: computational device and human. On the computer side, the technologies
available on the device limit the extent to which each sensory channel can be
used in the interaction. This is varied for each device. For example, smartphones
usually have sensors such as an accelerometer that is not available on a desktop
computer. In contrast, on the human side, as long as they do not experience any
kind of sensory disability such as blindness, they have similar sensory means to
interact with computers [138]. Although people can have similar sensory means
for the interaction with a device, the extent to which they can leverage each
sensory modality depends on their environmental factors. Their sensory chan-
nels can be impaired by various environmental factors [128]. For example, the
ability to perceive auditory signals deteriorates greatly in a noisy environment.
Thus, it is important in the human-computer interaction to consider sensory
impairments which can be caused by different environmental factors. Having
knowledge of these impairments can help designers choose the correct sensory
modality for the interaction.

In this chapter, first, we will give an overview of different sensory modalities
available for the interaction with smartphones. Then we will explain different
types of visual situational impairments that a smartphone user can experience
and how gestures and haptic feedback can be used to address these impairments.
We will cover how the haptic channel has been used as input and output for
interaction with touch devices. We have categorized related work in this field
into input and output, from the perspective of user sensory modalities. For
example, we consider stroke gestures as a haptic modality for interaction with
the smartphone. The production of stroke gestures from the user perspective
is based on the detection of finger and touchscreen contact (tactile perception)
and spatial understanding of how finger moves on the touchscreen (propriocep-
tion). Moreover, when haptic perception is used to provide information to the
smartphone about the intention and context of the user, we consider it as the
input part of the interaction. For example, when the gesture produced by the
user is recognized to invoke a command or when the accelerometer sensor data
is used to detect whether the user is sitting still or walking. However, if hap-
tic perception is used to transfer information from the smartphone to users, we
consider it to be the output part of the interaction. For example, a user explores
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a haptic surface to feel the simulated texture of a fabric.

1.1 Sensory Modalities in Smartphone Interac-
tion

In everyday interactions, people use all their senses and various facial and bod-
ily expressions. For example, a simple experience, such as having coffee with
a friend, involves multiple sensory inputs and outputs, including smell, taste,
vision, touch, and sound [154]. However, today our engagement in technology
is primarily governed by user interfaces that are highly dependent on vision and
audio, with tactile feedback playing a comparatively minor role [154]. The user
interface is a crucial element of a computer. Creating suitable user interfaces
for computers requires understanding how users interact with computers. This
is a branch of computer science called human-computer interaction (HCI). HCI
emphasizes users and evaluates how various hardware and software components
of a computer enhance the input/output interaction between the user and the
system [250].

Many electronic devices that we use in our daily lives provide inputs and
outputs that need to be processed by our senses. The computing literature often
distinguishes sharply between input and output. However, almost all human-
computer interactions require both input and output to be effective. Input and
output are merged using interaction techniques that allow the user to perform
a low-level task. For example, in a traditional graphical user interface, users
scroll through a document by clicking or dragging the mouse (input) within a
scrollbar displayed on the screen (output) [86].

Although computers are arguably the most sophisticated and versatile de-
vices with which we interact, smartphones are the ones with which we interact
the most. Smartphones began gaining popularity in developed nations in the
late 2000s and in developing countries in the early 2010s. They possess compu-
tational capabilities, connectivity, and multimedia features similar to those of
computers but are more compact and portable. For example, today, a significant
number of people access the Internet through smartphones.

Smartphones integrate a variety of sensors and hardware into a single device
to enhance the user experience and utility [158]. For example, touchscreens are
used to detect the location of the fingers for command invocation (input) and
present visual data to the user (output) via a graphical user interface [250]. In
general, the input of a smartphone consists of the information sensed about the
physical environment. This includes detecting touch gestures using touchscreen,
detecting phone movement using acceleremetor and gyroscope. The output of
a smartphone can include any emission or modification of the physical environ-
ment, such as changing the image displayed on the screen, playing a sound using
speakers, or tactile feedback using vibrotactile actuators [86, 206].

Despite the myriad of senses available for interacting with smartphones, the
fields of human-computer interaction (HCI) have historically focused predomi-
nantly on vision and audition [154]. This thesis explores research that extends
beyond audiovisual interfaces, emphasizing the role of the haptic channel.
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1.1.1 Vision
The range of input and output methods has expanded considerably over time.
Vision serves as one of the modalities that can be utilized to perceive outputs
and to issue commands to the system (input) [131]. Face-based input, using
the front camera of the phone, has been demonstrated to be an effective means
of interaction with smartphones. The user’s face can be easily detected us-
ing the front-facing camera of the smartphone, while the user holds the phone.
This makes the face an effective channel for interaction with the device [129].
Face-based input has been used for autoscreen rotation [43], authentication [50],
expanding the vocabulary of mobile interaction [258], and camera control [44].
In addition, user gaze information can be used for natural scrolling [135]. Eye
movement and blinking can be used for mobile browsing and text entry [196].
Recently, facial gestures have appeared in some standard systems, such as smil-
ing in the Huawei smartphone camera for shutter release. Taking advantage
of the face-engaged input channel alone provides a number of new interaction
possibilities.

Among the various feedback mechanisms used for mobile devices, visual
feedback stands out as the most prevalent output. For example, during gesture
performance, though some gestures can be executed in a way that is less visu-
ally demanding [148], they still rely on the user’s vision to convey information
about progress or input outcomes [14]. Visual feedback was found to be an ef-
fective method for enhancing user learning when dealing with new applications
or systems [14]. Nevertheless, Niels et al. [85] could not confirm the hypothesis
that indicating the user’s touched position improves learnability. However, this
approach did reduce error rates in typing, as demonstrated by Kristensson et
al. [112], who showed that providing a visual preview of the presently recog-
nized command during the user’s stroke articulation decreased error rates with
shorter gestures in certain situations. Complete dependence on visual feedback,
however, might be reconsidered due to the existence of alternative interaction
methods that offer output information through other sensory channels [51], par-
ticularly in situations where visual attention is restricted.

1.1.2 Audition
Voice serves as an auditory communication channel that transmits sound infor-
mation from a speaker to multiple listeners. Voice input is used in a wide range
of tasks, including text entry, communication, and sending voice commands.
However, there are two main challenges with voice input. First, users worry
about the privacy risks of disclosing their personal information while speaking.
Second, they suffer the inconvenience of repeatedly speaking the wake-up word
or pressing a button during multiple rounds of voice input [251]. Furthermore,
it will be much less efficient when used in a noisy environment [58].

There are difficulties when using speech output as opposed to graphical in-
terfaces. One can view a lot of information at once, especially in a graphical
interface. When only the auditory channel is used as the output, it is a slow
medium of interaction and requires users to exert more cognitive effort. More-
over, in visual interfaces it is possible to give a command concurrently, view the
output, and modify it, but in auditory interfaces concurrent input and output
are less convenient and more challenging [143].
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Voice has become an integral part of the user experience when interacting
with computers, particularly those employing artificial intelligence (AI) [197].
Recent progress in speech technology has led to the widespread adoption of
voice assistants such as Amazon’s Alexa, Apple’s Siri, and Google’s Google
Assistant. One of the names that are widely used for voice-based technologies is
“conversational agents” [59]. Conversational agents (CAs) are systems capable
of engaging in dialogue with users [116]. This definition includes both input and
output in the interaction.

1.1.3 Haptic
The sense of touch is fundamental in most of our day-to-day interactions. With
the success of mobile devices, touch-based interaction has become the domi-
nant method of interacting with computing systems. The shift towards entirely
touch-based interfaces is expected to intensify. Most of our day-to-day interac-
tions depend solely on the location of touches [66]. On touch screens, the user
collaborates with the framework by contacting objects or performing different
touch motions [92] such as flicks and swipes [231]. Since most human–computer
interaction is mediated through touch, the tactile sense should be placed to play
a richer role in such interactions than it currently does [236].

Beyond touches and swipes, stroke gesture input enables users with even
more flexibility to perform tasks efficiently [253] and with low cognitive ef-
fort [186]. Gesturing has emerged as an important interaction paradigm for
entering text and commands on computers. Stroke gestures are frequently em-
ployed on mobile devices where keyboard shortcuts are either unavailable or
require significantly more cognitive effort, allowing users to complete various
tasks efficiently and with confidence. For example, stroke gestures are used as
shortcuts to invoke commands in menus [121], to enter text quickly [111] or
call app functions directly [10]. Another way to leverage the haptic feedback
in smartphones for input in addition to the touchscreen is to use the built-in
accelerometer [205, 72]. The recent generation of smartphones includes MEMS-
based accelerometer sensors by default [72]. The accelerometer sensor measures
constant (gravity), time-varying (vibrations), and quasi-static (tilt) accelera-
tion forces, which affect the device on the three axes (x, y, and z) in meters per
second squared (m/s2) [137].

High-resolution haptic feedback systems for mobile phones have recently be-
come widespread, enabling the transfer of detailed information via the haptic
channel. For example, the TouchSense technology created by Immersion has
been recently deployed in LG smartphones1. In a similar manner, Apple de-
vices use the Taptic Engine within their Force Touch feature2. At first, the
vibrotactile stimuli in standard mobile phones conveyed basic information like
alerts. Nevertheless, modern operating systems such as iOS enable the associa-
tion of vibration sequences (either predefined or customized) to contacts in the
address book or to built-in services. Similar functionality can be achieved on
Android-based smartphones using applications such as Good Vibrations3. This
application allows the configuration of vibration patterns not only for different

1https://www.businesswire.com/news/home/20170809005178/en/
Immersion-LG-Electronics-Expand-Business-Relationship-Include

2https://www.imore.com/science-behind-taptics-and-force-touch
3https://wbouvy.com/goodvibrations
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applications but also for specific contacts [69]. Vibrotactile feedback enhances
privacy since the vibrations are felt exclusively by the user. Additionally, these
stimuli enhance the user experience by providing an extra communication chan-
nel beyond the traditional audio and visual channels. In certain situations, such
as noisy settings like concerts, they may even serve as a substitute for audio [90].

1.1.4 Multimodal
Mobile users are usually engaged in multiple activities simultaneously, which
naturally leads to multimodal interfaces. The term “multimodal interfaces”
refers to interactive systems that make use of human skills to communicate
through speech, gesture, touch, facial expression, and other modalities, bring-
ing more advanced pattern detection and classification techniques to human-
computer interaction [224]. Multimodal interfaces are especially appropriate
for mobile devices due to their small screens and the environment in which they
are used (e.g., on buses or trains, or while driving), making single-mode visual
interaction inadequate [2]. In mobile usage scenarios, the user’s attention is
often split, with interactions occurring in brief sessions as users juggle between
the device and their surroundings. This indicates that integrating tactile feed-
back with visual feedback is likely to be the most effective strategy for these
scenarios [2].

Multimodal interaction has proved to be a promising way for developing more
accessible applications [174]. When using the multimodal interfaces, users select
the preferred modality to execute the desired function, such as playing music by
tapping their smartphone or using voice commands. While each modality has
unique advantages and disadvantages, users can benefit from both by selecting
the modality that is most appropriate for their situation. Touch input provides a
familiar and immediate operation, while voice input enables eyes-free operation.
Depending on their task, purpose, and context, users switch between modalities
to achieve their goals.

In general, the design of successful and usable multimodal systems remains
a challenge for human–computer interaction (HCI) researchers, as user’s modal-
ity selection or preference can vary widely across different contexts and usage
scenarios [37]. When using a multimodal interface, users tend to select the most
efficient mode according to the situation, and this is an essential element of in-
terface design [110]. Budiu 4 defined the interaction cost as the total physical
and mental effort necessary for interaction, and users tend to minimize it by
switching modalities for maximizing the effectiveness of their actions. In the
field of HCI, various measures have been developed to measure the efforts of in-
teraction. One of the most popular measures is the Nasa-TLX, which measures
task workload in seven dimensions [79]. Each dimension is measured by a single
questionnaire.

4https://www.nngroup.com/articles/interaction-cost-definition/
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1.2 Situationally-Induced Impairment in Mobile
Interaction

The mobile interaction introduces a new paradigm in which the guidelines for ef-
fective design in a stable desktop environment might not be suitable for mobile
contexts [240]. In the mobile context, environmental factors are more versa-
tile, as the user can use a smartphone in much wider scenarios than a desktop
computer. For instance, in contrast to desktop computers, which are gener-
ally utilized in a consistent and controlled setting (for example, where the user
is seated without significant exposure to harsh lighting or weather elements),
smartphones can be operated in various settings, such as inside, outside, in
noisy or quiet areas, crowded spaces, and among others. The user’s interaction
with the mobile device in these settings can be impaired by various contextual
factors [92]. Impaired abilities to interact with the device due to contextual
factors are known as Situationally-Induced Impairments and Disabilities (SIID)
or situational impairments [198]. The term situationally-induced impairments
(also known as situational impairments) was first introduced by Sears [198]. In
this section, we discuss the effect of the environmental context on the interac-
tion with portable devices and how it can impair the interaction. Especially we
will cover these situational impairment scenarios for touch devices, which is the
focus of this thesis. Furthermore, we will explain the potentials of gestural input
and haptic feedback to improve the interaction with touch devices in situational
impairment scenarios.

1.2.1 Contextual factors
The contextual factors that can cause SIID can be classified by five dimen-
sions [1]: physical context, temporal context, task context, social context and
technical context. In the following, we will give the definition of each factor and
the ones we will cover in this thesis.

Physical context refers to the observable characteristics of the situation
where human-mobile computing interaction occurs. This includes the spatial
setting, functional area and space, detected environmental properties, move-
ments and mobility, as well as the artifacts in presence [95]. For instance the
interaction can take place in different locations. In this thesis, we run all our
experiments in indoor environment (i.e., laboratory and gym). Another observ-
able characteristic is mobility. We cover these conditions: sitting on a chair,
standing and walking and jogging on a treadmill. There are other mobility con-
ditions which we didn’t cover but has been studies earlier such as walking on a
straight path [152].

Temporal context refers to how a user engages with a mobile device over
time in various aspects, including duration, different times of the day to years,
the circumstances preceding and following usage, time-related actions, and syn-
chronization [95]. In the second study in the next chapter, we study the effect
of different movement speeds of a user on the production of eyes-free gestures.

Task context of use for mobile interaction describes in particular the mul-
titasking and possible interruptions that are related to the execution of the task
Task context pertains to how the overall situation demands one’s attention [95].
Engaging in multitasking is viewed as an effective method for dividing attention
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or cognitive resources when interacting with small screen and wearable devices.
It is recognized as a significant contributor to SIIDs [1]. In this thesis, we used
walking and presence of attention saturating task in some of our studies.

Social Context refers to the individuals who are present, their traits and
functions, the interpersonal dynamics, and the surrounding cultural environ-
ment that impact the user’s engagement with a mobile device [95]. Majority of
studies in this SIID field is conducted individually in separate sessions [1]. We
followed the same protocol in our experiments and didn’t cover the interpersonal
relation effect in our studies.

Technical Context refers to the relationship between various relevant sys-
tems and services, such as devices, applications, and networks, their interoper-
ability, access to informational artifacts, and mixed reality, in relation to the
user’s interaction with the mobile computer [95]. In this thesis in most of experi-
ments the main system users were interacting with was a smartphone. However,
laptop, smartwatch, keyboards, and haptic surfaces were also present in different
experiments.

1.2.2 Examples of situational impairment scenarios
There are numerous possible scenarios of situational impairment. Ambient tem-
perature [68], ambient noise [191], encumbrance [150], user movement [63], and
ambient light [216] are examples of potential situational impairments. Covering
all the scenarios which can cause situational impairment and earlier studies that
have been conducted for each of them requires a long review which is outside
the scope of our literature review. Interested readers can refer to the work
of Akpinar [1] for a comprehensive overview. Here, instead, we will give an
overview of the situational impairments we used in the following chapters and
earlier works that have covered these scenarios. We will cover scenarios which
will cause visual impairment for interaction with a smartphone such as user’s
mobility condition, and presence of an attention-saturating task.

The interaction with touch surfaces under different mobility conditions is
well studied in the literature, including taking note when sitting [49], entering
text when walking [45], wearable touch surfaces when standing [52], and search-
ing the web on a treadmill [80]. Some studies have investigated the effects of
user movement on interaction with mobile devices. Marshall and Tenant [133],
for example, note four challenges for humans trying to interact while on the go:
(1) cognitive load (limited attention resources); (2) physical constraints (nonmo-
bile activities may place constraints on physical resources); (3) terrain (external
environment affects how a user will interact); and (4) other people (movement
activities often involve a social element). The effect of the size of the key on
the text entry with the stylus on the PDA while walking is examined [136];
they reported that the error rate decreases and the speed of the content passage
increases for the bigger keys. Walking has been found to have an adverse effect
on performance during mobile interaction. The effects of walking on reading
and selection tasks are investigated and revealed that the exhibition decreased
and the intellectual burden expanded [194]. The researchers found that task
completion time, error rate and workload measures (e.g., mental and physical
demands) differed significantly while performing tapping tasks under the con-
ditions of being seated, walking on a treadmill, and walking in a freestyle with
obstacles [125]. Walking has also been found to cause deterioration in text
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legibility [144], as well as reading comprehension and cognitive performance,
measured by a word search task [13].

With the increasing sophistication of mobile devices, engaging in multiple
activities at once (for example, browsing the Internet or sending a text message
while walking) becomes more appealing to accommodate the busy lives of users.
Consequently, a greater number of users may experience situational impairments
than in the past [193].

In this thesis, we focus on mobile device situational visual impairment -
visual impairment arising from user context - since few studies have explicitly
explored the use of a smartphone in an eyes-free configuration [216]. There are
various scenarios in which an eyes-free interaction is required. It can be argued
that the main use of eyes-free techniques is to create accessible interfaces to
assist people with visual impairments [160].

1.2.3 Interaction with touch devices in situational impair-
ments scenarios

Previous research has identified that interactions with mobile devices consti-
tute a significant change, which requires the development of new interaction
rules that may not align well with those created for the traditional desktop set-
ting [240]. For example, in situational impairment scenarios, people often opt to
operate their mobile devices without looking at the screen, using one hand, and
keeping their head upright. This behavior is influenced by various environmen-
tal, social, device-related and personal factors (e.g., harsh lighting, participation
in a meeting, small screen size, personal motivation) [103]. Furthermore, design-
ing interaction techniques for contexts of situational impairment can result in
improved solutions for people with disabilities (permanent impairment). Sim-
ilarly, investigating the needs of disabled people can inspire innovations that
effectively address situational impairments [20].

For example, one difference between interaction with smartphones and com-
puters is that in mobile HCI the way that the phone is grasped should be taken
into account. The one-handed touch interaction is a commonly used hand grip
for smartphones while walking [151], standing [55], working or talking with
someone [185], being encumbered [30], being under some distractions [148], or
when physical and visual attention is hosted by the other hand [26]. The one-
handed interaction on mobile devices is widely documented and reviewed in
the literature. Eardley et al. [55] findings indicate that one-handed interaction
implies more phone movements than asymmetric bimanual interaction, in par-
ticular with lying body posture. In these situations, the thumb of the hand
that grips the device is typically the sole finger used for the touch input [25].
However, due to the biomechanical limitations of the thumb, only a partial area
of the touch screen is easily accessible by the thumb [101].

Another aspect to consider is which sensory modalities should be used in the
interaction. There is some information about the modalities that are the best
for situational impairment scenarios. Under typical workload conditions, the
combination of visual and audio feedback is more effective for single tasks. In
contrast, the pairing of tactile and visual feedback proves to be most beneficial
for multitasking and during periods of high workload [29]. Tactile feedback can
offer considerable potential to mobile users with situationally induced impair-
ments and disabilities. Vibrations provided by mobile devices can be beneficial
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in certain challenging environments where other signal forms may fail (e.g., in
noisy areas where sound cues from the phone would typically be obscured).

Another key benefit of touchscreen computing is that it allows users to in-
teract with highly versatile and dynamic devices while performing other tasks
concurrently. A common instance is handling an in-vehicle display (such as
interacting with menus, buttons, and scroll bars) while driving. Although en-
tertainment systems in vehicles can be effectively managed using mechanical
and manual controls, these physical options are rapidly being replaced by touch-
screen interfaces to capitalize on their enhanced adaptability and flexibility [209].

Another difference between touch interfaces and desktop computers that
should be considered in the interaction design is how input commands are given.
Desktop computers usually use keyboards alongside the mouse or touchpad for
input. On the other hand, mouse and keyboards are replaced with touch sensors
in touch interfaces. This has made gesture inputs widely available on modern
interfaces.

1.2.4 Gestural interaction in visually impaired scenarios
The gesture interaction provides a control interface that reduces the need for
visual attention to interact with a device [96]. Numerous stroke gestures have
been introduced in scientific studies for visually impaired interactions. These
include both free-form gestures (i.e., operands and mnemonic gestures [185,
26]) and mark-based gestures (i.e., on-axis rectilinear strokes [165, 179, 26]).
Some researchers allow users to initiate their gestures from any point on the
screen [39, 26], whereas others require users to perform bezel gestures, starting
at the device’s edge [179, 247, 26], since bezel gestures can enhance eyes-free in-
teraction by providing tactile feedback from the device’s borders [247]. Different
gesture-based interaction techniques have been proposed. For example, Kubo
et al. [113] introduced the B2B-Swipe for an eye-free gesture from a bezel to a
bezel on rectangular touchscreens, in particular for smartwatches. Negulescu et
al. [149] studied the cognitive demands of an eyes-free tap, swipe, or move on a
smartphone in distracted scenarios. Tinwala et al. [218] introduced an eyes-free
text entry technique on touchscreens using graffiti strokes. Anthony et al. [4]
explored the effectiveness of visual feedback for stroke gestures performed on a
mobile touchscreen. Their research concluded that gestures performed with or
without visual feedback vary in a way that makes them difficult to understand,
and this is true across different age groups. However, no significant differences
were found in gesture recognition accuracy regardless of visual feedback pres-
ence, although users generally favored gestures accompanied by visual feedback.

1.2.5 Role of haptic channel for interaction with smart-
phones in situational impairment scenarios

Recent advances in technology have significantly increased the implementation
of haptic feedback in human-computer interaction. The haptic channel is a
fundamental component of our sensory experience in daily life, including in sit-
uational impairment scenarios. In these scenarios, we can look at the haptic
channel from two angles. First, how situational impairments affect the percep-
tion of haptic feedback. For example, Guettaf et al. [73] showed that walking
deteriorates tactile texture recognition. In another study [74], they also showed
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that the attention-saturating task and the cognitively demanding task cause
deterioration in the recognition of haptic textures on a haptic surface. Chen et
al. [42] investigated how performing a cognitively demanding task, specifically
typing text, influenced the ability to recognize spatio-temporal vibrotactile pat-
terns. Their research demonstrated a significant impact of the primary task
on the recognition rate. Second, the use of the haptic channel to provide dis-
tinguishable input and output has the potential to improve interaction with
smartphones [20].

Smartphones are often manipulated by highly sensitive skin regions, hands,
with tactile discrimination capabilities that reach the nanoscale [203]. Haptic
actuators were missing on desktop computers. However, smartphones are now
widely used in daily life and usually are equipped with some type of haptic
actuators. So, it can be beneficial for users to use the vibrotactile actuators
available in their hand to a greater extent. Progress in both hardware (touch
input sensitivity and presentation of rich tactile textures using haptic surfaces)
and software (gesture recognition) aspects of haptic technology have been key
contributors to the success and popularity of the haptic feedback method and
the interaction approach [227, 160].

In the next section, we will provide an overview of gestural interaction with
smartphones. It is followed by a section covering the role of the haptic channel
in the eyes-free interaction with smartphones as input and output.

1.3 Touch Gestural Interaction with Smartphones

A stroke gesture consists of one or more touch strokes [176]. A touch stroke is the
movement trajectories of a pointer, such as a finger, stylus, etc.; which contact
points begin with pointer-down and end with pointer-up from the screen [253].
The number of possible gestures could be as large as more than 1000 [242]. The
most common single-touch gestures are clicking (or pressing, tapping), swiping
(or flicking), and dragging (or scrolling, panning, sliding). In addition to the
type of touchscreen gestures, it is necessary to pay attention to the directions
of the gestures [94]. In this section, we will explain which features are used to
record and recognize stroke gestures on the touchscreen. Then, we will explain
how elicitation studies are used to choose gestures by focusing on end-user pref-
erences. Finally, we will review studies that have captured gestures using other
means than capacitive touchscreens.

1.3.1 Gesture features
The effectiveness and ease of use of touch gestures are determined by their spe-
cific attributes and the recognition methods used. These methods consider a
variety of gesture features that are constantly evolving due to advancements in
screen technology and algorithms. Most of the studies and technologies related
to gestures incorporate a blend of absolute geometric and kinematic charac-
teristics as descriptors [5, 176], such as gesture length, gesture height, gesture
width, gesture area, gesture duration and gesture speed. In this thesis, we con-
sider geometric and kinematic features in order to characterize the produced
gestures.
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Understanding how people articulate stroke gestures is important for devel-
oping robust recognizers and designing a good set of gestures [92]. Therefore,
researchers have proposed many techniques to analyze gestures, including ex-
amining consistency among users [5], differences between the user population
in gesture articulation [202], and the impact of input devices on gesture perfor-
mance [222]. In addition, researchers have employed a variety of measures to
characterize users’ performance with stroke gesture input (e.g., GECKo [5] and
GHoST [230]).

Most of these techniques used a combination of geometric and kinematic
features to analyze gestures; for example, Kane et al. broke down the gestures
delivered by blind individuals and found that visually impaired individuals want
to use corners and edges on the screen [98]. They additionally revealed that the
visually impaired individuals produce longer, more extensive, and slower ges-
tures with larger size varieties. Tu et al. examined differences and similarities
between pen and finger gestures using kinematic and geometric features [222];
they found that finger gestures were faster and larger than pen gestures, but
finger and pen gestures were similar in axial symmetry, proportional shape dis-
tance, and articulation time. Shaw and Anthony analyzed the children’s touch
gestures and highlighted features that can be used to create a set of gestures
and new gesture recognizers that are more customized for children [202].

Most of the research on the characteristics that make touch-based gestures
usable has been conducted in the presence of visual feedback. Nevertheless, nu-
merous similarities in actions and preferences can be observed between sighted
and eyes-free gestures [32]. Situational impairments can also influence the ef-
fectiveness of touch-screen devices, especially when on the move. Bradgon et
al. found that uni-stroke gestures initiated from the edge of the display were
more dependable in these scenarios compared to those performed at other screen
locations [27].

1.3.2 Stroke Gesture recognition
Stroke gestures recognition involves categorizing movement patterns made with
a pointing device or fingers, which are utilized as shortcuts to specify scope
and commands [253]. 2D stroke gestures are commonly recorded by tracing
them on a touch-sensitive surface and representing them as sequential 2D (x, y)
points [211]. Optionally, stroke gestures include a third dimension, timestamp
(ti). Thus, the goal of a 2D stroke gesture recognizer is to categorize an unidenti-
fied candidate gesture by matching it with pre-stored template gestures, which
were collected from different gesture classes during the training phase. This
process involves computing a (dis-) similarity measure between the candidate
gesture and the template classes [130].

In particular, the popular $-family recognizers [244, 6, 9, 229] permit to rec-
ognize both single- and multi-stroke gestures. The $-family recognition methods
come with certain restrictions. Specifically, $1 and Protractor are limited to
recognizing unistroke gestures [245, 122]. $1 recognizer involves four key steps:
resampling, rotation, scaling, and translation. Initially, the trajectory points
are resampled into an isometric set of points, allowing gestures with various
movement speeds to be comparable. For rotation invariance, the trajectory is
then adjusted so that the angle between its centroid and its initial point is 0◦.
Subsequently, the trajectory is scaled non-uniformly to fit within a reference
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square and translated such that its centroid is at the origin (0,0). The simi-
larity between two gestures is ultimately determined by computing the average
Euclidean distance between corresponding points [33]. The Protractor employs
a preprocessing technique that is similar to the $1 recognizer. However, it varies
in how it manages orientation sensitivity and scaling, maintaining the gesture’s
aspect ratio. Additionally, instead of using the Euclidean distance, it utilizes
angular cosine to measure the similarity between gestures [122].

On the other hand, $N and $N-Protractor incorporate support for mul-
tistroke gestures [7, 8]. The $N approaches achieve this by considering multi-
strokes as unistrokes obtained by connecting individual strokes “in the air” [7],which
enables them to use the same matching algorithm as $1. However, since the or-
der and direction of the stroke may differ between the users drawing the same
symbol, $N must generate all possible permutations of a given multi-stroke [7, 8],
causing an explosion in both memory and execution. More sophisticated rec-
ognizers are also available, such as HMM [200], DTW [145], and statistical
classifiers such as Rubine’s popular classifier [188].

1.3.3 Gesture elicitation studies
Approaches that incorporate users into the design process have become more
popular following the research of Wobbrock et al. [243]. They developed a
collection of gestures defined by users for touchscreens by demonstrating the
result of an action and prompting participants to create a gesture that would
lead to that outcome. After gathering all participants’ gesture designs, the
researchers measured the level of consensus among the proposed gestures using
an agreement score. The gestures with the highest agreement rates were deemed
the most suitable for each action. Since that time, the elicitation method has
been extensively employed to develop gestures for free-hand TV control [140]
and smart glasses [223], unmanned aerial vehicles [166], handheld objects [201],
deformable displays [219], and assistance for blind individuals [98, 181].

Over the years, the original method has been refined with an updated for-
mula for computing agreement [57]. Agreement is a fundamental element of
end-user elicitation, which signifies when actions or gestures suggested by the
study participants are, for the most part, identical or significantly similar [3].
Agreement is essential for categorizing analogous actions or symbols and for
computing a score that measures the degree of agreement among participants in
their suggestions [234]. Agreement has been assessed through multiple methods
in the context of end-user elicitation. The Agreement score A, introduced by
Wobbrock et al., is probably the most frequently used measure of agreement in
end-user elicitation studies [234]. The Agreement score A was also implemented
in the first hand-gesture elicitation research conducted by Wobbrock et al. in
2009 [242]. It is calculate using the following formula:

A(r) =
∑
Pi⊆P

(|Pi

Pt
|)2 (1.1)

where P is the set of all proposals for referent r, |P | the size of the set, and
Pi subsets of identical proposals from P .

An inconvenience of the A measure is that it never reaches 0, even when all
participants are in disagreement with each other. The minimum value attainable
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by A is 1
N , which depends on the number of proposals put forward by the

participants [234]. So, instead, Vatavu and Wobbrock [233]. proposed the
Agreement rate (AR) measure which has a lower bound of zero and upper bound
of zero. Here is their formula:

AR(r) =
|P |

|P | − 1

∑
Pi⊆P

(|Pi

Pt
|)2 − 1

|P | − 1
(1.2)

where P is the set of all proposals for referent r, |P | is the size of the set,
and Pi are the subsets of identical proposals from P . In this thesis, we used
Agreement rate (AR) in our elicitation studies.

1.3.4 Gesture interaction beyond smartphone touchscreens
The main way to interact with a smartphone is through the front-facing touch-
screen and a few physical buttons located on the sides. However, there are
several situations where touching the screen or buttons is not practical, such
as when the phone is in a pocket, lying on a table while the user’s hands are
dirty or wet, when touching the screen obstructs the view, or when one hand
is holding the phone and the other is busy with another task [254]. Here we
present different alternatives that have been suggested to extend the gestural
interaction beyond direct touch with the touchscreen.

Back of the device interaction: Interacting with the back of the device
(BoD) has become a popular method for improving the user interface of the
mobile device [115]. The use of the back surface of a smartphone for one-handed
interaction (BoD input) has shown potential to mitigate well-established issues
related to thumb-based touch input, particularly reachability [91]. Thanks to
advances in recent smartphone technologies, particularly those featuring rear
displays (such as Samsung’s foldable phones), detecting input from the back of
the device is becoming more feasible [48]. Gestures executed on the back of the
device can be identified by the integrated camera [246] or the sensors present
on the mobile device [71].

Vibration and acoustic sensing surfaces: Several gesture sensing schemes
based on different types of surfaces have been proposed which instead of capac-
itive sensing uses vibration or accoustic signals. Vibration-based [126, 127]
methods facilitate authentication through tapping locations or gestures on solid
surfaces with considerable precision. TapSense [78] leverages tapping sounds
to identify touch movements on touch screens. Both SoundWrite [255] and
Ipanel [40] detect the acoustic signals produced by a finger sliding on tables
for sensing. Nevertheless, these sound-based recognition techniques are highly
susceptible to interference from ambient noise.

In-air gestures: Various systems that use sound for gesture recognition
have been introduced to identify gestures made in the air [187, 207]. Sound-
wave [75], Multiwave [167], and AudioGest [187] use the Doppler effect to recog-
nize pre-defined gestures. However, the Doppler effect only gives coarse-grained
movement speeds. Therefore, these approaches can only identify a limited num-
ber of gestures that exhibit unique speed characteristics [208].

Secondary wearable devices: Significant advances in sensor technology
have led to the development of compact and powerful wearable input devices.
One notable example is the smartwatch, which has transitioned into mainstream
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culture. Previous studies have explored wearable input systems in various forms,
including smartwatches, rings [104], necklaces [256], and wristbands [108]. These
wearable devices offer a convenient alternative to physically accessing the phone
for certain tasks, effectively eliminating the need to reach in a manual way.

Textile sensors: Sensing techniques applied to textiles encompass various
methods such as object recognition, NFC, and capacitive sensing. Capacitive
sensing, despite its challenges for fabrics and wearables, offers the potential for
touch input, hand gesture recognition, and posture detection. Notable projects
in this domain include Tasca [249], which introduces a fabric-based sensor capa-
ble of detecting touch and pressure within pockets, as well as identifying metal-
lic, non-metallic and tagged objects. Another project, Jacquard [171], employs a
novel conductive yarn and multi-touch woven panels to transform regular cloth-
ing into interactive devices. Previous research has shown that the front of the
thigh represents an optimal location to place touchpad-like interfaces, including
textile sensors, when standing, sitting, or kneeling [215].

In-pocket interaction: It is also possible to extend the interaction with
the touchscreen by allowing touch gestures through clothes and fabrics or indi-
rectly interact with the smartphone when it is inside the pocket. The domain of
on-leg and in-pocket interaction is an active area of research, encompassing con-
cepts such as interactive pockets ( e.g., integrated into a pair of pants). These
interactive pockets provide a comfortable, private, and readily accessible means
of touch-based interactions with other computing devices. Numerous sensing
techniques have been investigated to facilitate pocket interaction. There are
three primary approaches to achieving in-pocket interaction: using secondary
wearable devices, employing textile sensors, or leveraging smartphones’ sensors.
In-pocket techniques such as Tap [182] and Whack [93] take advantage of the
inertial measurement unit (IMU) of smartphones to capture quick gestural com-
mands. STAT [84] uses a smartphone screen on the thigh to enable text input
based on tap and gesture-based words on a head display. Pocket interaction can
also be used to interact with other electronic devices such as ambient displays
and augmented reality glasses. Smart pockets [226] use pocket-based gestures,
such as placing hands in specific pockets, as input for large ambient displays.
PocketThumb [52] integrates a touch interface into a pocket, allowing control of
wearable devices such as augmented reality glasses. These advances contribute
to the development of eyes-free interfaces.

Touch-enhanced motion techniques: A wide range of previous work
combined touch input with the built-in accelerometer of mobile devices. Hinck-
ley et al. [87] introduced the terminology of touch-enhanced motion techniques
that combines touch input and implicit changes in the accelerometer. For ex-
ample, a touch coupled with a subsequent tilt detected by the accelerometer can
facilitate one-handed zooming. Similarly, holding an item on the touchscreen
and then shaking the device can provide a quick method to delete files. Sim-
ilar gestures were explored, especially for interaction with wall displays using
a mobile phone. Hassan et al. [81] introduced the Chucking gesture in which
users tap and hold an icon on the touchscreen, followed by a toss measured
by the accelerometer to transfer the file to the wall display. To transfer items
between public displays using a mobile phone, Boring et al. [24] proposed a sim-
ilar gesture in which users hold an object on the touchscreen and move mobile
devices between displays. The researchers also used the built-in accelerometer
to improve text entry on mobile devices. This includes the use of device ori-
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entation to resolve ambiguity on a T9 keyboard [239] and the improvement of
one-handed gestural text input on large mobile devices [252].

In the next section, we explain how haptic feedback has been used to improve
the interaction with touch devices in visually impaired scenarios.

1.4 Eyes-free Interaction with Smartphone Through
Haptic Channel

Direct touch interaction on mobile phones revolves around screens that compete
for visual attention. Even in the presence of visual feedback, smartphone screens
are significantly smaller than those of computers, resulting in intentionally re-
stricted mobile applications compared to their desktop counterparts. Current
touchscreen gadgets extensively use single-finger swipe to navigate viewports.
This method relies heavily on graphical widgets for various operations. For in-
stance, users need to alternate between swiping fingers (to adjust the viewport)
and manipulating small graphical handles (to set the selection range). The pres-
ence of widgets on touchscreens not only limits the space available for the main
content, but also gives rise to usability challenges. For example, accurately tar-
geting and manipulating objects with fingers can be laborious on screens of all
sizes [155]. Therefore, it should come as no surprise that an extensive amount
of research in HCI is dedicated to improving interaction with touch devices.

The issue of interacting with small touchscreens becomes even more chal-
lenging in visually impaired scenarios. In the absence of visual feedback users
need to interact with smartphone eyes-free. There is some understanding of how
eyes-free interaction can be enhanced with the aid of vibrotactile feedback to
support interactions [159]. Vibrotactile feedback is widely used in smartphones
to provide alerts and messages and to enhance the user experience through an
additional feedback channel [70]. Vibrotactile signals can convey non-visual in-
formation using various vibration patterns by altering the frequency, intensity,
and duration of the vibrations [28, 35]. However, touchscreens do not offer
any distinct haptic cues to the finger(s) other than the sensation of touching a
smooth, featureless glass surface. To address this lack of inherent haptic cues
and to facilitate interaction with on-screen control elements, touchscreen-based
haptic interactions must depend on external haptic feedback (e.g., vibration,
friction, or electrostatic signals) and kinesthetic hand movements during screen
exploration [212].

1.4.1 Tactile feedback devices
Researchers have introduced various novel methods to provide haptic feedback
on touchscreens [15, 118, 259, 235, 178]. The touch screen, in combination with
haptic actuators, can be considered a tactile interface. Tactile interfaces can be
categorized into three types depending on the implementation methods.

First, modulating friction between the finger and the touch screen [106]
through haptic surfaces [15, 118, 235, 178]. Haptic surfaces produce haptic
feedback directly on the user’s fingertip by altering the friction between the
skin and the glass surface [17]. Two primary technologies have been developed
on haptic surfaces: electrovibration technologies [15], which increase friction
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between the finger and the surface, and ultrasonic technologies, which decrease
friction using the squeeze film effect [118, 235].

Second, haptic feedback can be provided on touchscreens using intermediary
components. Roudaut et al. [184] developed two prototypes capable of moving
the finger on the screen to replicate a specific gesture, such as a letter or symbol,
without requiring visual attention.

Third, delivering direct vibration below 500 Hz between the finger and the
touch screen. For example, Zhao et al. [259] generated the perception of a mov-
ing tactile sensation on a tablet by integrating multiple vibrators into the device.
Vibrotactile actuators remain the most straightforward and prevalent means of
implementing haptic feedback on these smartphones. They offer benefits such
as straightforward and cost-effective technology and simple control. However,
the disadvantage is that they have limited expressiveness [173].

1.4.2 Using haptic feedback to improve touch input
To avoid the extensive use of limited screen space or the extensive use of menus,
a promising solution to increase interaction bandwidth is to enrich the input
vocabulary [66]. Increasing the input bandwidth of touch devices, if it is inde-
pendent of vision, can enhance interaction for visually impaired users. Many
works studied new dimensions for increasing the input vocabulary in touch de-
vices, such as orientation [64], the force exerted during a contact [65], or with
which finger [67] or part of the hand [56] interacts. These methods expand touch
devices’ input vocabulary beyond 2D touch points. On the other hand, in some
studies, instead of trying to increase the input bandwidth, they focused on im-
proving the quality of input by providing feedback to user. Haptic feedback has
been used to improve the touch screen input. It allows the development of user
interfaces that require minimal user attention [164]. Hoggan et al. [89]examined
text entry accuracy using fingers on a mobile device with and without haptic
feedback. Their study revealed that haptic feedback integration led to improved
accuracy. Snibbe et al. [204] introduced multiple rendering strategies to pro-
vide physical feedback to continuous interactions. Liao et al. [124] improved the
effectiveness of multiple dwell selection using active haptic ticks.

Especially many studies have used haptic feedback for targeting tasks on
touchscreens. Targeting is a crucial activity in human-computer interaction
and has been the subject of numerous studies. Levesque et al. [119] studied
the effect of a variable friction interface on targeting tasks. They found that
variable friction improves performance and can have a positive impact on en-
joyment, engagement, and the sense of realism experienced by users of touch
interfaces. Similarly, Casiez et al. [34] examined the impact of ultrasonic friction
modulation on an indirect target acquisition task using a haptic trackpad. Their
findings indicate an enhancement of approximately 9% in targeting performance
when there are no distractors, with comparable performance in the presence of
distractors. They suggested that performance improvement was caused by tac-
tile information feedback and that the feedback is more effective when friction is
increased on targets using a simple step function. Zhang et al. [257] complement
these previous studies and quantify how haptic feedback with electrovibration
can be used to improve user performance. In particular, four haptic feedback
designs—Line Center, Line Leading Edge, Line Background, and Fill—were
evaluated to determine where to place the haptic feedback on the target. They
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observed a 7.5% enhancement in performance when the whole target was filled
with a tactile texture. Kalantari et al. [97] extended this work to ultrasonic
devices. Bernard et al. [18] investigated the effect of gradual tactile feedback on
visual cues for a sliding task. They showed that after training with visual and
auditory feedback, users can perform the task eyes-free.

Eyes-free input to an interface is also useful when the user is simultane-
ously involved in another task. For example, in environments requiring visual
attention, such as driving, the lack of haptic feedback could significantly hinder
safety, making this critical feedback [168]. Different studies [189, 47, 77, 19] have
been conducted to determine the effect of tactile feedback on user interaction
when performing a secondary task and a primary task that saturates attention.
Several related studies have reported that haptic feedback improves response
time and performance [120, 38]. Beruscha et al. [19] compared three feedback
conditions (visual, visual and haptic, and haptic) when selecting target buttons
on a touchscreen during simulated driving. Their findings indicated that haptic
feedback reduces gaze away time from the road and perceived workload. When
visual feedback is added, gazes on the touchscreen are more frequent. Cockburn
et al. [47] investigated users’ performances when interacting with a touchscreen
covered with a static stencil overlay while driving in a 2D emulator. Their find-
ings indicate that with stencil, the targeting task is faster and demands less
visual attention to the touchscreen device. Harrison et al. [77] investigated the
relevance of dynamic buttons displays based on pneumatic actuation when the
user is performing simultaneously an attention saturating primary task. They
used the same attention-saturating dual task framework as in [26] in which the
task consisted of keeping a moving circle centered on a fixed crosshair. Their
findings showed that pneumatic displays perform as well as physical buttons
with fewer glances towards the surface when performing the primary task.

1.4.3 Using haptic feedback to enrich output information
on touchscreens

Interactive systems integrate hardware and software components to allow users
to execute various categories of tasks. Since the advent of interactive com-
puting systems, vision and audition have served as the main channels for user
feedback. Extensive research has been conducted by the human-computer inter-
action community on leveraging these feedback modalities for interaction tech-
niques. Contrarily, interactive systems have yet to fully harness the potential of
the sense of touch, even though it offers numerous benefits across diverse fields
such as well-being [82], immersion [180], and assistive technologies [23]. Haptic
feedback has the potential to substitute visual and auditory information.

There have been many attempts to convey speech and / or language through
the haptic channel for situational impairment scenarios. A recent review pro-
vides a comprehensive summary [100] of hands-free devices designed to trans-
mit speech and language through tactile means, distinguishing actual language
units and words by encoding speech components such as phonemes, letters, and
Morse code. A notable study addressing the potential data throughput of the
skin, specifically the bandwidth of vibrotactile communication, is that of Novich
et al. [153]. They revealed that vibrotactile patterns encoded in both spatial
and temporal dimensions via a haptic vest outperform those encoded solely in
spatial dimensions. Zhao et al. [260] demonstrated that users could memorize
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20 haptic words after 30 minutes of training using six actuators on the forearm,
while Tan et al. [210] achieved the acquisition of 500 words following a 10-day
training period. At the application layer, WhatsHap was created by Marino et
al. [132], facilitating conversation between two users by translating speech into
tactile sensations on their arms.

Many studies have broadened the application of tactile feedback for the inter-
pretation of graphical information on touchscreens. This includes in particular
the representation of maps [170], the tracking and understanding of lines and
graphs [213, 62], and the illustration of graphical shapes [212]. Further research
has shown that it is feasible to pan and zoom in large-scale vibrotactile maps
non-visually, even when they extend beyond the display of the device [162, 163].

However, the bandwidth of information that can be provided by these studies
is limited by the haptic technology used. An other body of studies has focused
on increasing the output bandwidth of tactile using in current technologies. For
example, ActiVibe changes the duration and pattern of vibration in an actuator
with fixed vibration frequency [36]. On the other hand, one can leverage the
variability in the touch input as a means to increase the output bandwidth.
Rekik et al. [175] improved the haptic feedback bandwidth on a touch interface
by enabling users to dynamically choose among various tactile feedback channels
through changes in the speed of the finger. Similarly to speed, the orientation
of the device has been leveraged to create various haptic channels [21]. Roudaut
et al. [184] instead used a different approach. They installed a force-feedback
system on the touchscreen that can move the touchscreen beneath the user
finger. However, this method relies on external hardware that is not available
on commercial smartphones. Even if an approach does not need any external
hardware, the question arises as to which type of haptic feedback should be used
for each scenario. When designing the output of an interface, it is important
to look beyond the hardware and emphasize the ability and preferences of users
for the available interaction means.

1.4.4 Ability-Based Design for Haptic Interaction
The properties of haptic feedback (such as duration and interval of the stimulus,
presentation location, amplitude, and frequency) can be modified to generate
unique experiences that can be incorporated into an interface. However, these
signals are often chosen at random by interface designers without considering
the meanings that users might attribute to tactile feedback [172]. In addition
to user preferences for input gestures, numerous recent studies have employed
the elicitation methodology to investigate user preferences for haptic feedback.
Haptics are typically used as feedback mechanisms or notifications. Lawrence
et al. [225] investigated user preferences for mid-air haptic feedback linked to
gestures to interact with an augmented reality menu. Kim et al. [107] con-
ducted an elicitation study on haptic feedback patterns for social touch using
the SwarmHaptics haptic display. Wei et al. [238] carried out a comparable
experiment on social touch mediated on touchscreens.

Although this information on the use of haptic feedback looks promising and
intriguing, most of it is based on hardware that is not available on commercial
mobile devices. It is preferable for solutions to use built-in mobile device sensors
to avoid the imposition of additional equipment on users [192]. Recognizing the
abilities of people whose senses are impaired is integral to the ability-based
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design approach (that is, consideration of what users can do instead of what
they cannot do, forcing systems to adapt to users rather than the other way
around) [241].

For this reason, in this thesis, we mainly focus on introducing interaction
techniques that use widely available sensors in commercial smartphones that
allow for input using the haptic channel (touch sensor, accelerometer, and gyro-
scope) in visually impaired scenarios. There are ways to enrich the input/output
vocabulary without any additional hardware. For example, eyes-free gestures
on touchscreens can be a solution. They can reduce the cognitive load [27],
memorize as motor skills, help users concentrate on their activities [114], typi-
cally do not require dedicated screen space [27], and can be operated with one
hand. Another widely available sensor in smartphones is the accelerometer. For
example, accelerometer sensor data can be used to detect walking and adapt
the keyboard to reduce typing errors [63]. Automatic detection of SIIDs dur-
ing mobile interaction opens the way to relevant interface adaptations; thus
allowing interactions with mobile devices to be more appropriate to the user’s
context [217].

1.4.5 Rethinking stroke gestures and phone movements as
input for smartphone through haptic channel

Haptic perception arises when the mechanoreceptors present in the skin, mus-
cles, tendons, and joints are stimulated by the manual exploration of an object
in space. The brain integrates the information about the parts of the body
touching the object with the information about the position of the parts of the
body in space to form the haptic perception [60]. In the context of interaction
with the smartphone, haptic perception does not form only when the vibrotac-
tile actuator in the smartphone vibrates but also forms when users are giving
a command to the phone. Any kind of input to the smartphone that is done
through hands will form a haptic perception for the user, such as tapping or
stroking a finger on the touchscreen or moving smartphone in 3D space.

When the user makes a gesture on the touchscreen using the fingers, the
smartphone detects it using the capacitive touch sensors [147]. However, from
the user’s perspective, stroke gestures are the result of two sensory percep-
tions. First, tactile perception detects the contact between the finger and the
touchscreen. Second, proprioception tracks the movement of the finger on the
touchscreen. These two perceptions are part of our haptic perception of the
surroundings [142]. Similarly, when the user moves the smartphone in 3D space
using his/her hand to invoke a command such as rotating the screen, the smart-
phone senses these movements using the accelerometer and gyroscope, and a
haptic perception forms in the user brain about this movement even if the user
cannot see the phone.

From user’s perspective, we consider stroke gestures and phone movements
as haptic modalities for interaction with the smartphone. When the haptic
perception is formed as a result of the user wanting to provide information to
the smartphone about the intention and his/her context, we consider it as input
part of the interaction. On the other hand, when haptic perception is formed as
a result of the transfer of information from the smartphone to users, we consider
it as the output part of the interaction. For example, a user might explore a
haptic surface to feel the simulated texture of a fabric.
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1.5 Conclusion

In this chapter, we provide an overview of the sensory channels available for
interacting with a smartphone. We provide some examples of previous research
that has used each of these sensory channels. We explain the advantages and lim-
itations of each sensory channel. Then, we covered the environmental scenarios
that can cause impairment in the interaction with smartphones. We explained
how these situational impairments have been shown to affect the interaction
with touch devices in previous studies. Then, we explained the benefits of using
gestures and haptic feedback in such scenarios, especially visually impaired sce-
narios. We covered how gestures are analyzed and recognized in smartphones.
Then, we explained how in this thesis we look at the human-computer interac-
tion from user perception perspective. We then covered previous studies which
have used haptic channels to interact with smartphones. We explained how
from user’s perspective stroke gestures, recorded by touchscreen, and phone
movement, recorded by accelerometer and gyroscope, are part of user’s haptic
channel, which are used for invoking command on smartphone (input). Simi-
larly, tactile feedback felt from vibrotactile actuators or haptic surfaces by the
user is part of the haptic channel but is used to retrieve information (output).
We also explained how some studies, called elicitation studies, investigated the
preferences of users for gestures and haptic feedback. Most of the studies we
covered were conducted in visually impaired scenarios. In the following chap-
ters, we present our studies and our contribution to the literature. We divide
our studies into three parts. First, we investigate the effect of different situa-
tional impairment scenarios on the production of eyes-free gestures. Then, we
present how to use haptic feedback to improve gestural input on touchscreen.
Finally, we introduce an interaction concept that allows complete eye-free ges-
tural interaction with the touchscreen and information retrieval through the
haptic channel.
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Chapter 2

Production of Eyes-free
Gestures in Different
Scenarios

Eyes-free gestures on smartphones are crucial as they improve user accessibil-
ity and safety, allowing efficient device interaction without the need to visually
engage with the screen. This is especially beneficial in situations causing vi-
sual impairment, either pathological (i.e., individuals with visual impairments)
or situational nature (e.g., walking, multitasking, encumbrance, screen glare,
screen occlusion, etc.) [227]. Most eyes-free gestures are designed to be per-
formed with one hand [183], making them convenient and practical for users
who need to operate their devices while their other hand is occupied. This
chapter delves into the production of single-handed, eyes-free gestures caused
by different environmental factors for sighted users. In particular, this chapter
explores three distinct studies, each focusing on a specific question related to
eyes-free gestures production with smartphones.

The primary aim of the first study is to determine in what ways gestures
made eyes-free differ from those made when the phone is visible. In particular, as
some existing techniques (e.g., drawing applications) provide the users a visual
trace of the produced gesture, while others do not, our study aims to investigate
how eyes-free gestures differ from those produced in the presence or absence of
a visual trace when the user can see the mobile device?

In the second study, we will explore how real-life contextual factors can af-
fect the production of eyes-free gestures. For example when the user is walking
or when the smartphone is in a closed small location such as a bag. We investi-
gate whether such contextual conditions will affect the production of eyes-free
gestures. In particular, the goal of this study is to explore how environmental
factors, such as how movement speed of the user and location of the phone,
influence the characteristics of eyes-free gesture input.

Another important use case for eyes-free gestures is when a user is multi-
tasking. Eye-free gestures are more common when the other task is the primary
task, such as when performing a saturation attention task, such as driving. In-
volving in another primary task can potentially change the way gestures are
produced. The third study aims to investigate how an attention-saturating task
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and the hand used for eyes-free gesture input the production of gesture and user
experience?

This chapter is organized into three sections, each dedicated to a distinct
study of how eyes-free gestures are produced under various conditions. In each
section, we begin by introducing the objective of the study, followed by a detailed
description of the experiment design. Next, we present the results of the study,
which are discussed in depth. Finally, each section concludes with a summary
that summarizes the key findings and insights gained from the study.

2.1 A Comparative Study of Eyes-Free and Visual-
Based Mobile Gestures

There is a difference in the dynamic behind the production of gestures when
visual feedback is available versus when it is missing during smartphone inter-
actions. When visual feedback is present, users can see and adjust their gestures
in real time. In contrast, in the absence of visual feedback, users rely on their
proprioception and muscle memory, which can lead to variations in the shape
and execution of gestures [130]. These variations could potentially affect the
accuracy of gesture recognition, as the geometry of gestures directly influences
the accuracy with which the device recognizes them. In this section, we will
study how the production of eyes-free gestures differs from those made when
the user can see the touchscreen (with visual trace of gestures or without visual
trace of gestures).

2.1.1 Experiment
In this study, we compare eyes-free gestures with those produced when one can
see the phone, either in the presence of visual feedback (i.e., the gesture trace
visible to the user) or in the absence of visual feedback (i.e., the gesture trace
is not visible to the user), in one-handed mobile device interaction.
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2.1.1.1 Participants and Apparatus

(a) (b)

Figure 2.1: The experimental setup for the three feedback conditions. (a) With
and without visual trace conditions, and (b) Eyes-free condition.

21 right-handed volunteers (8 women and 13 men) participated in the experi-
ment. They were between 23 and 36 years old (mean = 29.33, SD = 4.09).

We used a Huawei Y7 Pro running an Android operating system with an
8.1.0 version. The dimensions of the phone were 6.23"× 3.02"×0.32". We de-
veloped our main application using JavaScript on the React Native framework.
The application was designed to support the three visual conditions and per-
mit us to log all input events generated by our participants in an embedded
database. For the eyes-free condition, in order to display the required gesture
to draw, we implemented another application in JavaScript, which ran on a
Dell laptop machine with a 13-inch LCD display screen with a desktop resolu-
tion of 1920×1080 pixels. Both applications communicated through the TCP
protocol. The laptop application was only responsible for displaying gestures,
and all computing was still done on the phone side. We added a small piece of
cardboard to the top of the screen to allow users to perform bezel gestures from
the top of the screen without engaging the Android status bar. The dimensions
of the cardboard were 1cm in height and 0.2cm in thickness, covering 0.35cm
of the screen. The user’s hands were videotaped using two Sony HDR cameras
as shown in Figures 2.1.

2.1.1.2 Gesture Set

We consider the same gesture sets used in [26]: mark-based gestures and free-
form gestures. Each set is composed of 12 unistroke gestures carefully selected
by the authors [26] and are frequently used in the literature ( e.g., [139, 88,
123, 244, 11]. The free-form gestures were composed of operands, rationally
invariant, and mnemonic gestures and were simple to perform, did not include
any on-axis marks, were distinct enough, and could be drawn imprecisely [26]
(see Figure 2.2a). Similarly to marking menus, mark-based gestures consist of
on-axis rectilinear mark segments like those in the primary compass directions
(N, S, E, w or up, down, left, right) and off-axis marks of 45° angles (NE, SE,
SW, NW), which can form a compound path, , e.g., “down” followed by “left” [26]
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(see Figure 2.2b). These two sets were shown to be producible without looking
at the phone [26]. For example, when performing those gestural interactions
while being distracted with another primary task, the user’s gaze toward the
phone is only 3.5% of the time.

(a) (b)

Figure 2.2: Gesture sets used in the experiment. (a) Freeform gestures, and (b)
Mark-based gestures.

2.1.1.3 Design

The experiment used a 3 × 2 × 2 within-subject design with these factors:
visual feedback, gestures set and gesture beginning. Visual feedback covers
three conditions: (1) with visual trace, which means that participants can see
the phone and have a visual trace of the articulated gesture; (2) without visual
trace feedback, which means participants can see the phone but not the trace of
the articulated gesture, and (3) an eyes-free, where participants cannot see the
phone and nor the gesture trace. Gesture set and gesture beginning are similar
to the work of Bragdon et al. [26]. Gesture set covers two conditions: freeform
gestures and mark-based gestures. Each set is composed of 12 unistroke gestures
(see Figure 2.2). Gesture beginning covers two conditions: (1) free, where gesture
can start from anywhere on the screen, and (2) bezel, where gesture should start
from one of the four edges of the screen.

2.1.1.4 Task & Procedure

Participants held the phone with their dominant hand and used the thumb
of their dominant hand to draw gestures on the screen (single-handed grip),
while sitting in front of a desk. For the with/without visual trace conditions,
participants interacted only with the phone. A preview of the gesture to be
drawn was shown at the top left of the screen (Figure 2.3). After drawing
gestures, participants could click on the “next” button, which was placed on
the bottom right of the screen, to draw the next gesture. To be sure that the
locations of the preview of the current gesture and the “next” button will not
interfere with gesture articulation, we followed Eardley et al.’s [54] work and
placed them in a non-functional area of the thumb for single-handed grips. For
the eyes-free condition, participants dominant hand was put under the desk to
ensure that the participants could not see the smartphone. A preview of the
gesture to be drawn was shown on the laptop in front of them.

In the experiment phase, the three visual feedback conditions were counter-
balanced among our 21 participants, and within each visual feedback, the two
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Figure 2.3: A preview of gesture was showing on the corner of the screen for
with/without visual trace conditions.

gestures beginnings were counterbalanced. Within each gesture beginning, the
two gesture sets were also counterbalanced. For each set of gestures, the twelve
types of gestures and their five repetitions were randomly presented, resulting
in a total of 720 gestures (= 3 feedback × 2 beginning × 2 set × 12 types of
gestures × 5 repetitions) drawn per participant. The experiment took one hour
on average to complete.

2.1.2 Results
Our results include gesture features, gesture recognition, and mobile directional
movements. All analyses used a multi-way ANOVA. Tukey tests were used for
post hoc analysis when significant effects were found. Only significant effects
and interactions are reported. We also analyzed qualitative observations.

2.1.2.1 Gesture Features

We selected six geometric features: (a) gesture length, (b) gesture height, (c)
gesture width, (d) gesture area, (e) gesture duration, and (f) gesture speed.
These features have been used in the literature on gesture recognition and anal-
ysis literature [4, 188, 22, 232, 177] in order to characterize how users produce
strokes.

• Gesture length is the cumulative distance between the first touch event
recorded for the gesture and the last. There were significant main effects of
feedback (F2,40 = 53.49, p < .0001), set (F1,20 = 360.15, p < .0001) and be-
ginning (F1,20 = 18.00, p = .0004) on gesture length with significant set×
beginning (F1,20 = 14.20, p = .0012) interaction. Post hoc tests revealed
significant differences among the three feedback conditions. Gestures
made with visual trace (mean = 7.66cm, SD = 0.11cm) were the short-
est, followed by those made without visual trace (mean = 8.68cm, SD =
0.11cm), and then eyes-free gestures (mean = 10.21cm, SD = 0.12cm)
(p < .05). Furthermore, freeform gestures (bezel: mean = 11.89cm, SD =
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.14cm, free: mean = 10.58cm, SD = .11cm) were longer than mark-
based gestures (bezel: mean = 6.77cm, SD = .08cm, free: mean =
6.16cm, SD = .07cm) (p < .05). Freeform condition produced also, signif-
icantly longer gestures when they started from the edge than when they
started on a free space (p < .05).

• Gesture height is the height of the smallest bounding box that con-
tains the gesture (maxy - miny). There were significant main effects
of feedback (F2,40 = 38.10, p < .0001), set (F1,20 = 8.78, p = .0077) and
beginning (F1,20 = 26.75, p < .0001) on gesture height. Post hoc compar-
isons revealed that eyes-free gestures (mean = 44.98cm, SD = .51cm)
are significantly higher than gestures produced in the absence of visual
trace (mean = 3.87cm, SD = .04cm) or in the presence of visual trace
(mean = 3.41cm, SD = .04cm) (p < .05)). Freeform gestures (mean =
4.03cm, SD = .03cm) were significantly higher than mark-based gestures
(mean = 3.82cm, SD = .04cm) (p < .05). Bezel gestures (mean =
4.22cm, SD = .04cm) were significantly higher than free gestures (mean =
3.63cm, SD = .03cm).

• Gesture width is the width of the smallest bounding box that contains
the gesture (maxx - minx). There were significant main effects of feedback
(F2,40 = 67.42, p < .0001), set (F1,20 = 205.08, p < .0001) and beginning
(F1,20 = 30.61, p < .0001) on gesture width with significant feedback×set
(F2,40 = 13.37, p < .0001), set× beginning (F1,20 = 89.36, p < .0001) and
feedback×set×beginning (F2,40 = 6.63, p = .0032) interactions. Post hoc
comparison showed that mark-based gestures were significantly narrower
than freeForm gestures for all feedback and beginning conditions (p < .05).
For mark-based gestures, eyes-free gestures were significantly wider than
both gestures produced in the presence and absence of visual trace (p <
.05). For freeForm gestures, for each feedback condition, bezel gestures
were articulated with significantly larger width than those started on a free
space (p < .05). When starting from the edge, in the presence of visual
trace, articulated gestures were significantly narrower than those in the
absence of visual trace or eyes-free (p < .05) with a significant difference
between no-visual trace and eyes-free conditions(p < .05). For freeForm
gestures, when starting on a free position, eyes-free gestures were produced
with significantly larger width than gestures produced in the presence or
absence of visual trace (p < .05) with no significant differences between
the presence and the absence of visual trace.

• Gesture area is the surface area of the smallest bounding box con-
taining the gesture (height × width). There were significant main ef-
fects of feedback (F2,40 = 52.90, p < .0001), set (F1,20 = 95.67, p < .0001)
and beginning (F1,20 = 29.45, p < .0001) on gesture area with significant
feedback×set (F2,40 = 14.65, p < .0001), set× beginning (F1,20 = 30.25,
p < .0001) and feedback×set×gesture beginning (F2,40 = 9.53, p = .0004)
interactions. Post hoc comparison showed that mark gestures were artic-
ulated with significantly smaller area than freeform gestures (p < .05).
For mark gestures, eyes-free gestures were articulated with significantly
larger area than gestures produced under the remaining feedback condi-
tions (p < .05). For freeForm gestures, when staring the gesture from
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the edge, eyes-free gestures were articulated with significantly bigger area
than gestures produced in the remainder feedback conditions with no vi-
sual trace being significantly bigger than those produced in the presence of
visual trace (p < .05). In contrast, when the gesture starts freely, eyes-free
gestures were produced with significantly bigger surface than gestures pro-
duced in the remaining feedback conditions (p < .05) with no significant
difference between visual and no visual conditions.

• Gesture duration is the time elapsed while drawing the gesture, that
is, the time of the last touch event registered for the gesture minus the
time of the first touch event. There were significant main effects of feed-
back (F2,40 = 8.0, p = .0011), set (F1,20 = 71.95, p < .0001) and gesture
beginning (F1,20 = 5.31, p = .0319) on gesture duration with significant
feedback× set (F2,40 = 6.63, p = .0032) and set× beginning (F1,20 = 4.91,
p = .0383) interactions. Post hoc comparison showed that for each feed-
back and beginning condition, freeForm gestures implies significantly more
time to be drawn than mark gestures (p < .05). For freeForm gestures, the
gesture duration in eyes-free condition (mean = 1558ms, SD = 34ms) was
significantly bigger than no-visual trace (mean = 1317ms, SD = 27ms)
with no significant difference with the visual one (mean = 1431ms, SD =
30ms). For that gesture set, starting the gesture from the edge (mean =
1500ms, SD = 25ms) tended to take significantly more time than when
being free (mean = 1371ms, SD = 24ms) (p < .05). Interestingly, for
mark gestures there were no significant differences between the different
feedback and beginning conditions (p > .05).

• Gesture speed is the average speed registered over all the touch events
belonging to a gesture (length/duration). There were significant main ef-
fects of feedback (F2,40 = 21, p < .0001) and set (F1,20 = 15.79, p = .0007)
on gesture speed. Post hoc comparison showed that gestures produced in
the presence of visual trace (mean = 7.89cm/s, SD = .15) were signifi-
cantly slower than both gestures produced in the absence of visual trace
(mean = 9.62cm/s, SD = .15) or eyes-free (mean = 9.58cm/s, SD =
.14)(p < .05). Freeform gestures (mean = 9.03cm/s, SD = .08) were
significantly faster than mark gestures (mean = 8.16cm/s, SD = .07).

2.1.2.2 Gesture Recognition

As we found how gestures are produced eyes-free, in the presence, or absence of
visual trace, it is important to study the impact of these differences on gesture
recognition. $1 recognizer [244] was found inadequate for 1-D gestures that are
presented in our mark set, So, we considered $N-protractor [9] recognizer for
both sets. However, $N generates for each multistroke gesture all unistroke per-
mutations [6]. In order to be independent of gesture direction and since we are
concerned with stroke direction especially for mark-based gestures where two
different gestures may share the same stroke shape but with different directions,
e.g., “up” and “down” gestures, we removed this feature. We then performed
user-dependent training (which is appropriate for gesture recognition on person-
nel devices such as mobile phones [6, 9, 229]), in which recognition rates were in-
dividually calculated for each participant with the same methodology as in [244,
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6, 9, 229]. Note that we conducted separate tests for each set of gestures gener-
ated in different feedback and beginning conditions. We found significant main
effects of the feedback (F2,40 = 7.03, p = .0024) and beginning (F1,20 = 14.69,
p = .001) on gesture recognition. The post hoc comparison showed that gestures
produced eyes-free (mean = 95.53%, SD = .14%) were significantly less accu-
rate than both gestures produced in the presence (mean = 96.88%, SD = .12%)
or absence of visual trace (mean = 97.27%, SD = .11%) (p < .05)) with no sig-
nificant difference between gestures produced in the presence and absence of
visual trace (p > .05)). Free gestures (mean = 97.68%, SD = .11%) were
significantly more accurate than bezel gestures (mean = 95.44%, SD = .11%)
(p < .05).

2.1.2.3 Mobile Directional Movement

We considered the same dependent variables as in [54] to characterize the move-
ment of the phone: Alpha (z axis), Beta (x axis), and Gamma (y axis) using the
built-in accelerometer and gyroscope (see Figure 2.4) For each of the directional
axes, using the built-in accelerometer and gyroscope we captured the total de-
viation made around this axis, calculated as the difference between the largest
and the smallest value. Data were captured during gesture articulation.

Figure 2.4: Axes and orientations of the smartphone.

• Alpha deviation – deviation around z axis There were significant
main effects of feedback (F2,40 = 3.31, p = .0464), set (F1,20 = 21.11, p = .0002)
and beginning (F1,20 = 18.81, p = .0003) on alpha deviation with signifi-
cant feedback× beginning (F2,40 = 5.24, p = .0094) interaction. Post hoc
comparisons showed that producing freeform gestures (mean = 7.54◦, SD =
.21) caused more alpha deviation than when producing mark gestures
(mean = 7.54◦, SD = .21)(p < .05). For eyes-free condition, starting
the gesture from a free space (mean = 6.04◦, SD = .17) caused less al-
pha deviation than when starting the gesture from the edge (mean =
9.70◦, SD = .65). When starting the gesture on a free space, gestures
produced eyes-free caused less alpha deviation than gestures produced in
the absence of visual trace (mean = 8.78◦, SD = .19)(p < .05).

• Beta deviation – deviation around x axis There were significant main
effects of feedback (F2,40 = 7.61, p = .0016) and beginning (F1,20 = 32.52,
p < .0001) on beta deviation with significant feedback× beginning (F2,40 = 9.17,
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Figure 2.5: Examples of different gestures articulations produced in the three
visual feedback conditions.

p = .0005) interactions. Post hoc comparisons showed that for each feed-
back condition, gestures started from the edge caused more beta devia-
tion than those which started on a free space (visual: (1) bezel: mean =
7.15◦, SD = .21; (2) free: mean = 5.11◦, SD = .13, no-visual trace: bezel:
mean = 8.58◦, SD = .23; (2) free: mean = 5.72◦, SD = .15, eyes-free:
bezel: mean = 9.38◦, SD = .25; (2) free: mean = 5.67◦, sd.14)(p < .05).
For bezel gestures, the presence of visual trace caused less beta deviation
than other conditions (p < .05).

• Gamma deviation – deviation around y axis There were signifi-
cant main effects of feedback (F2,40 = 23.21, p < .0001), set (F1,20 = 35.58,
p < .0001) and beginning (F1,20 = 88.21, p < .0001) on gamma deviation.
Post hoc comparisons showed that, eyes-free gestures (mean = 10.46◦, SD =
.19) produced significantly more gamma deviation than both gestures
produced on the presence (mean = 7.43◦, SD = .15) or the absence
(mean = 8.22◦, SD = .16) of visual trace(p < .05). Freeform gestures
(mean = 9.67◦, SD = .14) and bezel gestures (mean = 10.81◦, SD =
.16) produced significantly more gamma deviation than mark gestures
(mean = 7.74◦, SD = .14) and free gestures (mean = 6.60◦, SD = .10)
(p < .05).

2.1.2.4 Observations

The participants felt confident in their gesture production under the three feed-
back conditions. However, they noticed deformations when provided with vi-
sual feedback, especially if they had initially performed without it. Figure 2.5
illustrates gesture articulations under eyes-free and visual feedback conditions
(with gesture trace, and without gesture trace). Six participants found drawing
freeform gestures easier and more comfortable than mark-based gestures. They
perceived mark-based gestures as initially simple but found it challenging to
draw them perfectly when provided with visual trace. Additionally, they felt
that freeform gestures appeared better executed than mark gestures in the pres-
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ence of visual trace. However, and interestingly, participants noted that visual
feedback allowed for greater accuracy, enabling them to correct their actions.
This observation aligns with the findings of Anthony et al. [4], indicating a pref-
erence for visual guidance in gesture drawing. Finally, most of the participants
found that the bezel gestures are more challenging and require more effort com-
pared to free gestures. Some participants reported feeling “more comfortable”
initiating bezel gestures from the right or left edges rather than the upper or
lower edges, finding them easier to reach. These findings are consistent with the
research by Karlson et al. [102].

2.1.3 Discussion
Our findings indicate that eyes-free gestures were produced with significantly
longer length and height, caused more phone movement around the y axis, and
were faster than gestures produced in the presence or absence of visual trace.
These results are consistent across different gesture sets and gesture beginnings.
In contrast, gestures made in the presence of visual trace were significantly
shorter in length, height, and width (only when starting from the edge) and
slower than those made without visual trace or in eyes-free conditions. In terms
of gesture recognition, our findings indicate that eyes-free gestures were signifi-
cantly less accurate than the two visual conditions, with no significant differences
between gestures produced in the presence or absence of visual trace. Conse-
quently, for eyes-free gestures, which are typically longer, larger, and faster, we
recommend employing recognizers that rely on geometric and kinematic gesture
descriptors with caution, such as those proposed by Rubine[188](p. 335).

When producing gestures in the eyeless condition, bezel gestures were less
accurate and implied more phone movements around all axes than free gestures.
The same results were also observed for the two other visual conditions, except
for the directional movements around the z axis, and were consistent across the
different set conditions. These findings suggest that it is preferable to use freely
initiated gestures rather than bezel gestures for better accuracy and reduced
phone movement. However, if bezel gestures are necessary, we recommend to
opt for left and right edges, which aligns with the findings of [199].

Mark-based gestures took considerably less space to be drawn in an eyes-
free interaction compared to freeForm gestures: they were shorter in height
and length. Consequently, they generated less directional movements to be
performed than the freeForm set around both the y and z axes. The same results
were also observed for the two other visual conditions, and were consistent across
the different set conditions. These results suggest that gestures composed of
at most two mark segments took considerably less space for articulation than
freeform gestures, making them more suitable for small areas.

2.1.4 Summary
In this study, we present the results of an investigation concerning eyes-free
stroke gesture articulation for a single-handed mobile interaction. Our findings
indicated that gestures articulated in an eyes-free interaction were geometrically
different from gestures generated in the presence or absence of visual trace, im-
plied more rotational movement around the y axis, and were less well recognized
compared to gestures made under other feedback conditions. In addition, we
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captured several observations concerning users’ hand movements and articula-
tion behavior when generating gestures under the different feedback conditions.
For example, designers are recommended to use free gestures rather than bezel
gestures and to use the right and left edges if using bezel gestures is required.

Given the distinct nature of gesture articulation under eyes-free conditions,
it is important to recognize that these results may not be generalizable to all
eyes-free gestures, especially when considering different situational impairment
scenarios. This raises open questions about how various situational factors
might further influence eyes-free gesture input. In the following sections, we will
focus on three specific scenarios: user movement speed, phone location, and the
presence of a primary attention-saturating task. By examining these scenarios,
we aim to understand how these particular scenarios impact the production of
eyes-free gestures, thus paving the way for a more comprehensive understanding
of eyes-free gesture production.

2.2 Effects of Movement Speed and Phone Posi-
tion on Eyes-Free Gesture Input with Mobile
Devices

In continuation of our exploration into eyes-free gesture articulation, this study
investigates the effect of user’s moving speed and phone location on the ar-
ticulation characteristics of gesture input. When moving, visual focus on the
environment is more necessary, and looking at the smartphone in this scenario
can be potentially dangerous and cause accidents [157]. That is why having an
eyes-free interaction with smartphone can be beneficial in this scenario. An-
other scenario of eyes-free interaction with the smartphone is when one does
not want to remove the phone from the bag due to lack of privacy or the danger
of robbery in a crowded space [156]. In this study, our aim is to understand
how these two scenarios influence eyes-free gesture production.

2.2.1 Experiment
We conducted an experiment to evaluate the effect of the user’s movement speed
and phone location on eye-free gesture articulation on a mobile device.

2.2.1.1 Participants and apparatus

Since the average speeds of walking and jogging between the sexes are different
and the same speed can cause different mental and physical loads for the different
sexes [46], we conducted experiments with only 12 male participants to avoid
increasing the number of independent variables in the analysis. The ages of
the participants were between 20 and 34 years (mean = 26.8, SD = 4.3). All
participants were right-handed, without any known mobility impairment, and
had been using smartphones for several years.

We collect stroke gestures using our custom software on a Samsung Galaxy
S7 smartphone running Android 6.0.1. The smartphone was attached to a 1.5-
meter cellphone lanyard to ensure that it did not fall. The smartphone’s screen
size is 5.65"×2.78" with a display resolution of 1440×2560 pixels and a pixel

36



Figure 2.6: Gesture set used in the experiment.

density of 227 pixels per cm. The smartphone screen was mirrored on a Sam-
sung Galaxy Tab 7 tablet in front of the participants while they were standing,
walking, or jogging on a FreeMotion Reflex T11.8 treadmill. The dimensions of
the shoulder bag used in the experiments were 20cm× 20cm× 5cm.

2.2.1.2 Gesture set

Based on the results and the guideline of the previous study, it is better to use
free-from gestures for eyes-free interaction. So, for this study and the following
ones, we used a set of 20 gestures which includes primarily freeform gestures
(unlike theprevious study which included 50 percent freeform gestures). In
the new gesture set, we keep the most popular mark-based gestures, such as
swiping in the vertical and horizontal directions. These gestures were selected
from previous works (e.g., [27, 11, 244]) and were composed of operands, letters,
mark segments, rationally invariant, and mnemonic gestures (see Figure 2.6).

2.2.1.3 Design

The experiment used a 3 × 2 within-subject design with two factors: mov-
ing speed and smartphone location. We followed [99] and chose to control the
movement speed during the experiment. As in [99], the rationale for fixing the
walking speed is that, first, we assume that users will not be able to slow down
or stop walking to use their mobile device and, second, by doing so, the effects
of impaired walking are maximized, as users cannot slow down if the task be-
comes difficult. Moving speed covers three conditions: (1) standing at 0 km/h,
(2) walking at 4.6 km/h, and (3) jogging at 8 km/h. The moving speed values
are defined through preliminary experiments with two participants. We chose
speeds that are different and fast enough so that they have the potential to
cause an effect while still being comfortable for participants to hold and use
their smartphones. Participants in the preliminary experiment reported high
frustration and difficulty in conducting experiments at high speeds, such as 10
km/h. Therefore, we did not consider running conditions. Phone location de-
scribes how the phone is held by the dominant hand and covers two conditions:
(1) free where the phone is held freely alongside the body (see Figure 2.7a) and
(2) bag where the phone is held inside a shoulder bag (see Figure 2.7b).
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2.2.1.4 Task & Procedure

(a) (b)

Figure 2.7: The two configurations in which participants held the phone in the
experiments. Figure (a) shows how participants held the smartphone freely in
their hand. Figure (b) shows how participants held smartphone in a shoulder
bag.

During the experiment, participants stand on a treadmill in a gym. The partic-
ipants were then asked to hold the phone with their dominant hand and use the
thumb of their dominant hand to draw gestures on the screen without looking
at the phone. In the free condition, participants were asked to hold the phone
alongside their body (see Figure 2.7a). In bag condition, participants were asked
to hold the phone inside a shoulder bag (see Figure 2.7b). A preview of the ges-
ture they had to draw was shown on a tablet placed in front of them on the
treadmill. Since all gestures in this experiment were single strokes, as soon as
they lifted their finger from the touchscreen, the next gesture appeared. In case
of a false entry, participants always had the option to use the back button of
the phone to return to previous gestures.

In the experiment phase, two conditions for the location of the phone were
randomly presented to the participants. For each phone location, the three
moving-speed conditions were also randomly presented. Each participant in to-
tal performed 600 gestures (=2 phone locations × 3 moving speeds × 20 gesture
types × 5 repetitions). For each moving speed and phone location condition, the
gestures were presented to the participant in a random order. The experiment
took 30 minutes on average to complete.
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2.2.2 Results
Our results include gesture features and smartphone directional movements.
We also analyzed the qualitative observations. All analyzes used a two-way
ANOVA. Tukey post-hoc tests were used when significant effects were found.
Only significant effects and interactions are reported.

2.2.2.1 Gesture Features

We used the same gesture features as previous study to analyse how shapes of
gestures changed by moving speed and phone location.

• Gesture length. We found significant main effects of speed moving
(F2,22 = 27.232, p < .0001) and phone location (F1,11 = 10.659, p = .008)
on gesture length. Jogging (mean = 10.63cm, SD = 4.53cm) led partic-
ipants to enter gestures with the longest lengths, then walking (mean =
10.20cm, SD = 4.63cm) and standing (mean = 9.67cm, SD = 4.55cm).
The post hoc test confirms differences between all pairs (p < .05). Post-
hoc tests show that the jogging (mean = 10.63cm, SD = 4.53cm) led
participants entering gestures with significantly longer lengths than both
walking (mean = 10.20cm, SD = 4.63cm) and standing (mean = 9.67cm, SD =
4.55cm), and walking led to gestures with significantly longer lengths than
standing. Holding phone freely (mean = 10.52cm, SD = 4.53cm) led also
to gestures with significantly longer lengths than when holding it in a bag
(mean = 9.85cm, SD = 4.45cm)(p < .05).

• Gesture height. We found significant main effects of moving speed
(F2,22 = 6.444, p = .006) and phone location (F1,11 = 23.963, p = .0005)
on gesture height. Post hoc tests show that standing (mean = 3.70cm, SD =
1.77cm) caused participants to produce gestures with significantly smaller
heights than walking (mean = 3.83cm, SD = 1.74cm) and jogging (mean =
3.87cm, SD = 1.64cm))(p < .05). Holding phone freely (mean = 3.97cm, SD =
1.64cm) led to gestures with significantly higher heights than holding the
phone in a bag (mean = 3.65cm, SD = 1.68cm)(p < .05).

• Gesture width. We found significant main effects of moving speed (F2,22 = 18.615,
p < .0001) on gesture width. Larger widths than walking (mean = 3.15cm, SD =
1.16cm) and standing (mean = 3.06cm, SD = 1.20cm)(p < .05).

• Gesture area. We found significant main effects of moving speed (F2,22 = 7.415,
p = .004) and phone location (F1,11 = 11.823, p = .006) on gesture area.
Post-hoc tests show that jogging (mean = 13.32cm2, SD = 8.86cm2)
led to gestures with significantly larger area than both walking (mean =
12.99cm2,
SD = 9.52cm2) and standing (mean = 12.33cm2, SD = 9.58cm2)(p <
.05). Holding phone freely (mean = 13.76cm2, SD = 8.86cm2) produced
gestures with significantly larger area than when the smartphone was in
a bag (mean = 12.05cm2, SD = 8.89cm2)(p < .05).

• Gesture duration. We found no significant main effects on gesture du-
ration nor interaction between moving and grasping (p > 0.057).
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• Gesture speed. We found significant main effects of moving speed (F2,22 = 15.966,
p < .0001) and phone location (F1,11 = 13.596, p = 0.004) on gesture speed.
Post hoc tests show that the jogging (mean = 12.40cm/s, SD = 3.99cm/s)
determined the participant to produce significantly faster gestures than
walking (mean = 10.84cm/s, SD = 3.52cm/s) and standing (mean =
10.81cm/s, SD = 3.55cm/s)(p < .05). Holding phone freely (mean =
12.25cm/s, SD = 3.99cm/s) led to significantly faster gestures than hold-
ing the phone in the bag (mean = 10.45cm/s, SD = 3.63cm/s)(p < .05).

2.2.2.2 Mobile Directional Movement

We considered the same dependent variables than previous study to characterise
the phone’s movement: Alpha (z-axis), Beta (x-axis) and Gamma (y-axis)

Alpha deviation – deviation around the z-axis There were signifi-
cant main effects of moving speed (F2,22 = 107.146, p < .0001) and phone lo-
cation (F1,11 = 7.038, p = 0.023) on alpha. Post hoc tests show that during
jogging (mean = 14.34◦, SD = 9.14◦) participants held a smartphone with
a significantly higher deviation around the z-axis than both during walking
(mean = 9.19◦, SD = 7.06◦) and standing (mean = 4.91◦, SD = 5.20◦), and
walking had a higher deviation around the z-axis compared to standing. We
also found that the deviation of the phone around the z-axis while holding it
freely (mean = 11.47◦, SD = 9.14◦) is significantly larger than when it is held
in a bag (mean = 7.83◦, SD = 7.39◦)(p < .05).

Beta deviation – deviation around the x-axis. There was a significant
main effect of moving speed (F2,22 = 68.322, p < .0001) on beta. Post hoc tests
show that during jogging (mean = 22.75◦, SD = 11.59◦) participants held a
smartphone with a significantly higher deviation around the x-axis than dur-
ing walking (mean = 16.32◦, SD = 9.90◦) and standing (mean = 6.43◦, SD =
6.18◦), and walking had a larger deviation around the x-axis compared to stand-
ing (p < .05). We did not find any significant difference between the deviation
of the phone around the x-axis while holding it freely (mean = 16.09◦, SD =
11.59◦) and when it is held in a bag (mean = 15.06◦, SD = 11.95◦).

Gamma deviation – deviation around the y-axis. There were signif-
icant main effects of moving speed (F2,22 = 93.213, p < .0001) on gamma with
moving speed × phone location (F2,22 = 8.538, p < .002) interaction. Post hoc
tests show that, when standing (respectively, walking), holding the smartphone
freely (mean = 5.60◦, SD = 4.36◦) (respectively, mean = 9.39◦, SD = 6.65◦)
implies a larger deviation around the y axis than when holding the phone in a bag
(mean = 2.65◦, SD = 3.07◦) (respectively, mean = 6.442◦, SD = 4.728◦)(p <
.05). However, when the user runs, the gamma deviation is significantly larger
when the smartphone is placed in a bag (mean = 12.10◦, SD = 7.52◦) compared
to when it is held freely (mean = 10.56◦, SD = 3.07◦)(p < .05).

Qualitative findings During the experiments, some participants reported
that when they jogged they felt like they wanted to draw gestures faster. Some
participants found that some gestures were more complex and needed more focus
to draw, which can be challenging to draw in a real-time scenario, where they
need to also remember the gesture shape. In particular, our participants found
letter-shaped gestures with curves and corners more complex to draw than the
remaining gesture shapes. No participant reported the task of imitating the
gesture that was shown to them mentally difficult. Jogging at 8 km/h was
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physically difficult for some participants and they had to take breaks between.

2.2.3 Discussion
Our key finding is that an increase in the speed of movement results in longer,
larger and faster stroke gestures. Conversely, when the phone is held in a bag,
the gestures produced are slower, shorter, and smaller than when the phone is
held freely. We also found no significant interaction (p > .05), suggesting that
these results are consistent across different phone locations and moving speeds.
Consequently, for walking and jogging, as well as for holding the phone in a
bag, recognizers that rely on geometric and kinematic gesture descriptors, such
as those described by [188] (p. 335), should be used with caution.

Interestingly, our results showed that gesture production time was not af-
fected by moving speed or phone location. Specifically, moving faster or hold-
ing the phone freely led to faster gestures without requiring less time to draw
the gesture, but instead resulted in longer gestures, which caused the gesture
entry speed to increase. This result is consistent with findings from motor con-
trol theory, which demonstrates a dependency between writing speed and path
length [237]. This finding suggests that long gestures can serve as convenient
shortcuts for different user-moving speeds, as people compensate for the extra
gesture length with increased gesture speed.

With regard to smartphone orientation, a similar trend was observed. Gen-
erally, higher speed of movement resulted in greater deviation in the alpha and
beta angles. These findings can be explained by the increased movement of the
phone as a result of the user’s body movement. Consequently, designers should
account for this additional movement of the phone when considering motion
gestures in their designs for walking contexts [149].

However, an opposite effect was observed when the phone is held in a bag
compared to when it is held freely, particularly for the alpha deviation and for
gamma deviation when standing or walking. These findings can be explained
by the reduced space available for manipulating the phone in a shoulder bag,
which results in a more stable phone position.

Our findings also indicate that gesture shapes, such as letters with complex
geometries (i.e., with a mixture of curves and lines), were more difficult to
draw. Therefore, we recommend that designers avoid using such gesture shapes
for moving contexts. If complex shapes are necessary, they should be designed
to be easy to articulate to facilitate learning and memorization.

Finally, after showing how moving speed and phone location effect the pro-
duction of eyes-free gestures we recommend designers to leverage build-in sensors
of the smartphone to detect the context of use and adapt the recognizers accord-
ingly. For example, acceleromoter can be used to detect jogging and walking
while ambient light sensor can be used to detect if the smartphone is used in a
closed and small location. If the ambient light sensor is not detecting any signif-
icant light and yet the phone is detecting touch gestures it’s a strong indication
that the interaction is eyes-free.

2.2.4 Summary
In this study, we investigated the effects of moving speed and phone location
on the articulation characteristics of gesture input. Our key findings reveal that
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faster moving speeds result in longer, larger, and faster stroke gestures, whereas
holding the phone in a bag produces slower, shorter, and smaller gestures com-
pared to holding the phone freely. In particular, gesture production time was
not impacted by moving speed or phone location. Instead, faster gestures were
produced without reducing the drawing time. We also observed that higher
moving speeds caused more deviation in the phone’s orientation angles, em-
phasizing the need for designers to consider additional phone movement when
creating motion gestures for mobile contexts. In contrast, holding the phone
in a bag resulted in less phone movement, particularly for certain orientation
angles.

In the next study, we examine another factor that can affect the production
of eyes-free gestures and the user experience: multitasking.

2.3 Investigating the effect of Attention-Saturating
Tasks on Eyes-Free Gesture Execution on Mo-
bile Devices

One common case for eyes-free interaction with smartphones is when visual
attention is needed for another task that is more important and the primary
task [103]. Especially for smartphones since they are portable and their usage
has increased significantly, it is common to carry and use smartphones while
being engaged in another task. Involving in two tasks can hinder the execution of
the primary task. In this context, touch gestures can be executed with minimal
visual attention, making them more susceptible to distractions [26]. In this
study, we focus on the effect of an attention demanding primary task on eyes-
free gestural interaction.

2.3.1 Experiment
We conducted an experiment to evaluate the effect of an attention-saturating
task on eyes-free gesture articulation on a mobile device.

2.3.1.1 Participants and apparatus

13 right-handed participants (7 males and 6 females) volunteered to participate
in our experiment. The ages of the participants ranged from 20 to 31 years
(mean = 24.3, SD = 3.5). All participants had used smartphones for several
years. We collected stroke gestures using our custom software on a Samsung
Galaxy S7 smartphone running Android 6.0.1. The smartphone screen size is
5.65"×2.78" with a display resolution of 1440×2560 pixels and a pixel density
of 227 pixels per cm.

2.3.1.2 Gesture set

In this study, we used the same set of gestures as in the previous study.

42



2.3.1.3 Design

The experiment used a 2 × 2 within-subject design with two factors: activity and
used hand. Activity presents if the participant is doing the attention saturating
task, i.e., centering the ball (CB) or just waiting for the notification that we
name here the control condition (Ctrl). The used hand presents the hand used
for the secondary task (i.e., the used hand to hold the phone and draw the
gesture without eyes) and covered two conditions: right hand (RH) and left
hand (LH).

Figure 2.8: The setup used for the experiment. The smartphone was held under
the table to maintain eyes-free condition.

2.3.1.4 Task & Procedure

After participants comfortably sat at a desk with laptops, they completed a
demographic questionnaire. Next, we explained the experiment and its require-
ments, including primary and secondary tasks. The participants then engaged
in the experiment: performing a primary task on laptop and drawing eye-free
gestures on a smartphone (secondary task) upon laptop notifications. (see Fig-
ure 2.8). In the control condition, participants only had to wait for the noti-
fications displayed on the laptop screen to perform the eyes-free gesture. The
rationale for adding the control condition is to better understand the effect of
the attention-saturating task on eyes-free gesture production.

For the primary task that saturates the attention, we followed [74] and used
the same task that saturates the attention. Our attention-saturating task fea-
tured a circle that randomly moved according to a two-dimensional Perlin noise
function. Participants were asked to keep the circle centered over a cross-hairs
displayed in the center of the square as the best they could, and this by contract-
ing its movement using the arrow keys of the laptop keyboard. The participants
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were told that keeping the circle centered on the crosshair was the most impor-
tant task. However, we did not measure their performance on the primary task.

In the right-hand scenario, participants held the phone with their right hand,
using their right thumb to draw gestures on the screen without looking. Simi-
larly, in the left-hand scenario, they used their left hand. In both cases, the free
hand was used to interact with the laptop during attention-saturating tasks.
All gestures were single strokes; a new gesture appeared as soon as the finger
left the screen. For corrections, participants could use the back button of the
phone.

In the experiment phase, the two activity conditions were randomly pre-
sented to the participants. For each activity condition, the two hand conditions
were also randomly presented. Each participant in total performed 400 gestures
(=2 activities × 2 hand × 20 gestures × 5 repetitions). For each activity con-
dition and hand condition, the gestures were presented to the participant in
random order. The experiment took 20 minutes on average to complete.

2.3.2 Results
Our results include gesture features, smartphone directional movements, and
questionnaire responses.

2.3.2.1 Gesture Features

We used the same geometric features as in two previous studies to analyze the
change in the shape of gestures. Repeated measures ANOVA was used for non-
parametric factorial analysis. Tukey tests were used post hoc when significant
effects were found. Only significant results are reported below.

Gesture length. We found a significant main effect of activity (F1,12 = 41.135,
p < 0.001) and used hand (F1,12 = 5.323, p = 0.040) on gesture length. Center-
ing the ball condition (mean = 6.82cm, SD = 3.22cm) led participants to enter
gestures with shorter lengths than the control condition (mean = 7.44cm, SD =
3.51cm). The drawing gesture with the left hand (mean = 7.47cm, SD =
3.50cm) led the participants to enter gestures with lengths longer than the
drawing gesture with the right hand (mean = 6.79cm, SD = 3.23cm).

Gesture height. We found a significant main effect of activity (F1,12 = 34.327,
p < 0.001) on gesture height. Centering the ball condition (mean = 2.40cm, SD =
1.02cm) led participants to enter gestures with a shorter height than the control
condition (mean = 2.64cm, SD = 1.19cm).

Gesture width. We found a significant main effect of activity (F1,12 = 17.998,
p = 0.001) on gesture width. Centering the ball condition (mean = 2.33cm, SD =
0.88cm) led participants to enter gestures with width smaller than the control
condition (mean = 2.49cm, SD = 0.97cm).

Gesture area. We found a significant main effect of activity (F1,12 = 38.801,
p < 0.001) on gesture area. Centering the ball condition (mean = 7.07cm2, SD =
4.72cm2) led participants to enter gestures with smaller area than the control
condition (mean = 7.17cm, SD = 5.87cm).

Gesture duration. We found a significant main effect of activity (F1,12 = 7.422,
p = 0.019) on gesture duration. Centering the ball condition (mean = 0.96seconds, SD =
0.65seconds) led participants to enter gestures with duration shorter than the
control condition (mean = 1.05seconds, SD = 0.67seconds).
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RH+Ctrl LH+Ctrl RH+CB LH+CB Friedman

mean sd mean sd mean sd mean sd χ2(3)

Performance 6.15 1.81 6.23 1.59 6.61 2.02 6.53 1.76 4.18
Temporal demand 2.23 1.42 2.31 1.60 2.54 1.45 2.00 1.68 6.95
Physical demand 3.08 1.66 3.06 1.71 3.15 2.27 4.23 2.71 16.70
Mental demand 3.84 1.95 3.74 2.26 3.38 1.76 3.69 1.97 0.57
Frustration 2.69 1.55 3.54 1.66 3.23 2.17 5.46 2.54 21.70
Effort 4.30 2.25 4.38 2.06 3.92 2.78 5.46 2.10 16.01
Note: Friedman tests are reported at significance levels p=.05 (⋆) significance levels.

The significant tests are highlighted .

Table 2.1: Mean and SD of the Nasa TLX questionnaire responses, rated on a
scale of 1 (very low) to 10 (very high).

Gesture speed. We did not find any significant main effect of activity or
used hand on gesture speed.

2.3.2.2 Mobile Directional Movement

We considered the same dependent variables than previous two studies to char-
acterise the phone’s movement: Alpha (z-axis), Beta (x-axis) and Gamma (y-
axis) Repeated measures ANOVA was used for nonparametric factorial analysis.
Tukey tests were used post hoc when significant effects were found. Only sig-
nificant results are reported below.

Alpha deviation – deviation around the z-axis. We found a significant
main effect of used hand (F1,12 = 7.675, p = 0.017) on alpha deviation. Using
the right hand to manipulate the phone caused significantly more deviation in
alpha (mean = 5.14◦, SD = 4.71◦) compared to using the left hand (mean =
3.40◦, SD = 4.48◦).

Beta deviation – deviation around the x-axis, and Gamma devia-
tion – deviation around the y-axis. No significant significant main effect of
used hand or activity was found on beta deviation (mean = 5.83◦, SD = 4.84◦)
or gamma deviation (mean = 2.83◦, SD = 2.84◦).

2.3.2.3 Subjective results

Our participants were also asked to rate the task after each condition in terms
of performance, temporal demand, physical demand, mental demand, frustra-
tion, effort. Table 2.1 shows the responses to the questionnaire. Friedman tests,
followed by Conover post hoc analysis revealed that only physical demand, frus-
tration, and effort were significantly higher than three other conditions when
the participant was performing two tasks simultaneously and holding the phone
in the left hand (p < 0.05).

2.3.3 Discussion
Our primary discovery is that the attention-saturating task influenced the ge-
ometric features of the eyes-free gestures, but did not affect their kinematic
properties. For example, while centering the ball, the gestures exhibited shorter
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lengths and smaller height, width, and area compared to the control condition.
This task also resulted in gestures being produced in a shorter time without
compromising speed. It is crucial to note that the speed remained unchanged
because both the duration and the length of the gestures were reduced. We did
not observe a significant interaction (p > .05), indicating that these results are
consistent between different hand conditions.

Therefore, when performing an attention-saturating task while entering eyes-
free gestures on mobile devices, recognizers that depend on geometric gesture
descriptors, such as those described by [188] (p. 335), should be used with
caution.

Additionally, our findings reveal that the hand used influenced the length of
the gesture, with the left hand producing longer gesture paths than the right
hand but resulting in fewer directional movements around the z-axis.

Our results suggest that during attention-saturating tasks, using the left
hand for eyes-free gestures is more frustrating and physically demanding than
the other three conditions. Hence, right-handed users should prioritize using
their right hand for eye-free gestures on mobile devices when simultaneously
engaging in attention-saturating activities.

Based on our results the users tend the shorten the interaction with smart-
phone when their attention is needed somewhere else. So, we recommend de-
signers to think about if they believe that their application will be interesting
to users to use while mentally focusing elsewhere to make the interaction time
with application shorter. This can be achieved by requiring shorter time for
the interaction. If short interaction with the application is not possible, then
the interaction should be designed in a way that it can be divided by user to
shorter interactions. For instance, designers should avoid having a long mark-
based gesture in their applications, which requires several strokes. Instead, this
interaction should be able to be conducted by lifting the finger after each stroke,
addressing the attention saturating task, and coming back later to smartphone
to conduct the following strokes.

2.3.4 Summary
The study explored how attention-saturating tasks affect eyes-free touch ges-
tures on smartphones. Participants performed gestures with their dominant
and non-dominant hands while engaged in another task. The results showed
that such tasks altered the geometric features of gestures, making them shorter
and faster without affecting speed. No significant differences were found be-
tween hand conditions, but left-hand use was more frustrating and physically
demanding. The study suggests that for right-handed users, it is preferable to
prioritize their dominant right hand over their non-dominant left hand for the
secondary task of producing eyes-free gestures, aiming to reduce frustration.

2.4 Conclusion

This chapter has explored the production of eyes-free gestures in various contexts
through three comprehensive studies, each providing valuable insights into the
factors influencing gesture articulation and recognition on smartphones. These
three studies showed that each type of situationally induced impairment can
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cause a different effect on gesture production. For example, eyes-free gestures
compared to gestures produced when the phone is visible are produced in larger
size and longer duration without change in speed. On the other hand, an in-
crease in the movement speed of the user increases the size of eyes-free gestures
while increasing the speed of gesture production, without changing the dura-
tion of gesture production. Meanwhile, the presence of an attention-saturating
task decreases the size of eyes-free gestures but does not change the speed of
gesture production. Instead, it decreases the gesture production duration. It
seems that users use different strategies in different contexts for interaction with
smartphones. In the presence of an attention-saturating task where the cogni-
tive focus of the user is needed for the primary task, they try to finish producing
gestures in a shorter time so that they can focus their cognitive focus again on
the primary task. However, when the user is involved in a physical demanding
task without significant cognitive load such as jogging, they do not try to shorten
the gesture production time, instead just their finger moves faster in a smaller
area. Based on the feedback we received from participants, when the legs are
moving with a high speed, they tend to move their fingers faster. Moreover,
it seems as the manipulation of the touchscreen becomes more difficult due to
high movement speed, the users tend to produce gestures in smaller area. This
tendency is similar to one-hand manipulation of the smartphone, which results
in smaller gestures [16]. Users seem to be more confident of not dropping the
phone when they draw smaller gestures compared to larger gestures. Being
aware of the environmental factors of the user can help us adjust the recognizer
so that it can have higher accuracy. The built-in sensors of the smartphone
can provide some information about the context. For example, if the user is
running the acceleremeter data can reveal it or the ambient light sensor of the
smartphone can show if the smartphone is in a closed space such as a bag or
pocket.

Overall, these studies underscore the complexity of eyes-free gestural inter-
actions and the significant influence of various contextual factors. The findings
provide a foundation for developing more intuitive and reliable eyes-free in-
terfaces, emphasizing the need for adaptable gesture recognition systems and
thoughtful design considerations to accommodate different user conditions and
environments. Although the gesture recognition rates for the visually impaired
scenarios were less compared to when visual feedback was present, it is still
acceptable, and eyes-free gestures can be used as convenient shortcuts. Now
that we have a better understanding of how eyes-free gestures are produced in
different situational impairment scenarios, in the next two chapters we can fo-
cus on introducing eyes-free specialized interaction concepts with smartphones
leveraging the haptic channel. In Chapter 3, we will focus on improving the
input channel of interaction using haptic feedback and in Chapter 4 we will use
tactile feedback for enhancing the output information while interacting with
touchscreens.
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Chapter 3

Enhancing Gestural Inputs on
Touchscreens Using Haptic
Feedback

After understanding how eyes-free gestures are produced in different scenarios,
it is now time to implement interaction techniques which use these eyes-free
gestures. Since in visual impairment scenarios, visual feedback, which is the
main channel of interaction on smartphones, is lacking, other sensory modalities
can be used for interaction. In this chapter, we focus on the use of the haptic
channel in eyes-free gestural interactions to improve command invocation on
touchscreens, especially smartphones. Haptic feedback has shown considerable
potential to improve eyes-free interactions. By providing non-visual cues, haptic
feedback can enhance the user’s ability to interact with their device in situations
where visual attention is limited or obstructed [159]. This chapter investigates,
through three studies, the utilization of haptic feedback to enhance gesture-
based input interactions with touch devices in eyes-free configurations.

More specifically, the aim of the first study is to determine whether haptic
feedback can improve the production of eyes-free gestures (input), their recog-
nition accuracy, and user confidence for the interaction on a smartphone placed
inside a pant pocket without taking it out. We call this interaction scenario
pocket interaction. This scenario presents unique challenges, as users must in-
teract indirectly with the smartphone’s touchscreen through the pocket fabric.
To address these challenges, we experimented with various vibration patterns
to determine which ones offer the most assurance to the user and accuracy in
recognition for indirect touch gestures.

The second study builds on the results of the first study. After finding
the most preferred vibration pattern for pocket interaction. In this study,we
investigate the preferred location for haptic feedback when producing eyes-free
gestures through the pocket fabric. Specifically, we investigate whether users
prefer local vibration on the smartphone, in the pocket (as in the previous
study), or distal vibration on a smartwatch.

Unlike the last two studies which were using haptic feedback to come over a
physical barrier for input on a touchscreen, the last study focuses on a scenario
which includes mental challenge for input on a touchscreen. In this study, we
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used haptic feedback to improve targeting task on a touch device while being
engaged in an attention saturating task. We investigate which type of haptic
texture on the virtual knob helps users to perform the targeting task better
while maintaining their focus on the primary task.

Through these studies, this chapter aims to expand our understanding of
how haptic feedback can be harnessed to enhance eye-free interactions with
smartphones, by exploring having feedback on input gestures, to increase con-
fidence in gesture input to users and improving the performance of users while
multitasking.

This chapter is organized into three sections, each dedicated to a distinct
study of using haptic feedback for improving input in eyes-free gesture-based
interaction scenarios with smartphone. Each section starts with an introduction
to the study’s objective, followed by a comprehensive explanation of the exper-
imental design. Afterward, the results are presented and thoroughly discussed.
Lastly, each section ends with a summary that highlights the main findings and
insights obtained from the study.

3.1 Enhancing Production of Gestures for In-Pocket
Interaction with Mobile Devices Using Hap-
tic Feedback

Being able to interact with smartphone in the pocket of pants without taking
it out enables comfortable, private, and readily accessible means of interaction.
Researchers have suggested methods to interact with a smartphone without tak-
ing it out of the pocket, such as using a secondary device (i.e., smartwatches)
or fabric-based touch sensors. However, these methods are based on additional
hardware, which is not widely available, such as textile sensors. Here, instead,
we focus on using built-in sensors available in smartphones and developing an
interaction technique which can be available to the general public. More specifi-
cally, this study examines the effect and outcomes of enhancing eyes-free gestures
in pocket interactions with haptic feedback.

3.1.1 Experiment
We conducted an experiment to determine the effect of haptic feedback on the
production of eye-free gestures on mobile devices in the context of in-pocket
interaction.

3.1.1.1 Participants and apparatus

12 right-handed participants (7 males and 5 females) volunteered to participate
in our experiment. The ages of the participants ranged from 18 to 38 years
(mean = 29.4, SD = 5.2). All participants had used smartphones for several
years.

We collect stroke gestures using our custom software on a Samsung Galaxy
S7 smartphone running Android 6.0.1. The smartphone has a screen size of 5.65"
× 2.78" with a display resolution of 1440 × 2560 pixels and a pixel density of 227
pixels per cm. The experiment application was written in Java and run on the
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Figure 3.1: The setup used for the experiment. The smartphone was placed in
the right front pocket of the pants.

smartphone. Although the smartphone screen was not visible to participants
since it was placed in their pocket, we mirrored the smartphone screen to a
laptop positioned in front of the participants. This allowed participants to see
which gesture they were required to draw on the laptop screen (see Figure 3.1).

3.1.1.2 Gesture Set

We used the same set of gestures as we used in the last two studies in the
previous chapter (see Figure 2.6).

3.1.1.3 Design

The experiment utilized a within-subject design with one factor: feedback. Feed-
back encompassed three conditions: variable vibration (VV), continuous vibra-
tion (CV), and no vibration (NV).

In the variable vibration condition, a 100-ms vibration burst was provided
to the user at the beginning of the gesture, followed by a second burst when the
user lifted their finger at the end of the gesture. This design offers the user a
cue that signals the initiation and completion of the gesture, indicating when
the touchscreen no longer detects the touch.

In the continuous vibration, the phone continues to vibrate as long as the
touch event is detected. In this technique, the phone maintains a consistent
vibration intensity throughout the gesture, and once the touch event is no longer
detected, the vibration ceases. The rationale behind this haptic feedback is to
provide the user with a continuous cue that their finger is detected by a touch
sensor, ensuring that the gesture performed is recorded.

We also included a no vibration condition, which aligns with most touch-
screens available today. In this condition, no haptic feedback is provided when
drawing gestures, serving as our baseline.
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3.1.1.4 Task & Procedure

During the experiment, the participants were seated in a chair in front of a
table, where a laptop was placed. The smartphone was then placed inside the
front pocket of their pants on the same side as their dominant hand. The phone
was placed in a way that the touchscreen faced outward, while the back of the
phone rested on their laps. This setup allowed participants to interact with the
touchscreen by pressing on the fabric of their pants, without needing to insert
their hand into the pocket.

A preview of the gesture they were instructed to draw was shown on the
laptop which was positioned in front of them on the table. Participants were
asked to use the index finger of their dominant hand to draw gestures on the
fabric of their pants, directly above the touchscreen of the smartphone.

Since all gestures in this experiment consisted of single strokes, the next
gesture appeared as soon as the touch event was no longer detected. In the
event of a false entry, participants were not allowed to return and modify their
gestures. This rule was implemented to facilitate the comparison of participant
performance under different conditions.

During the experiment phase, the participants were presented with three
vibration conditions in a random order. For each condition, participants were
presented 20 gestures and each gesture was repeated five times. The gestures
were presented to the participant in random order.

After finishing each of the three feedback conditions, participants completed
a NASA-TLX worksheet, plus a 10-point Likert scale questionnaire (strongly
disagree to strongly agree) to measure enjoyment while interacting with the
mobile device. At the end of the experiment, we asked participants to rank the
feedback conditions. The experiment took 20 minutes on average to complete.

3.1.2 Results
Our results included gesture characteristics, gesture recognition rates, smart-
phone directional movements, and qualitative observations.

3.1.2.1 Gesture Features

We utilized the same six geometric features as in the previous studies from the
prior chapter gestures: (a) gesture length, (b) gesture height, (c) gesture width,
(d) gesture area, (e) gesture duration, and (f) gesture speed.

All analyzes used Friedman test. Tukey post-hoc tests were used when signif-
icant effects were found. Only significant effects and interactions are reported.

Gesture length. Gesture length refers to the cumulative path distance from
the first registered touch event to the last. The Friedman test revealed signifi-
cant differences in gesture duration between the conditions (χ2(2) = 37.44, p <
0.001). Post hoc analysis showed that the mean length of gestures for CV
(mean = 10.05cm, SD = 3.26cm) was significantly higher than for both NV
(mean = 9.43cm, SD = 3.81cm) and VV (mean = 9.82cm, SD = 3.59cm).

Gesture height. Gesture height is the height of the bounding box that con-
tains the gesture (maxy - miny). Friedman test revealed significant differences
in gesture height between conditions (χ2(2) = 19.02, p < 0.001). Post hoc anal-
ysis showed that the mean length of gestures for CV (mean = 3.93cm, SD =
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1.10cm) was significantly higher than for both NV (mean = 3.71cm, SD =
1.41cm) and VV (mean = 3.67cm, SD = 1.15cm).

Gesture width. Gesture width is the length of the bounding box that con-
tains the gesture (maxx - minx). Friedman test revealed significant differences
in gesture width between conditions (χ2(2) = 50.15, p < 0.001). Post hoc anal-
ysis showed that the mean widths of the gesture of VV (mean = 2.90cm, SD =
0.66cm) and NV (mean = 3.01cm, SD = 0.72cm) were significantly lower than
CV (mean = 3.25cm, SD = 0.67cm).

Gesture area. Gesture area is the surface area of the bounding box contain-
ing the gesture (height × width). Friedman test revealed significant differences
in gesture area between conditions (χ2(2) = 40.21, p < 0.001). Post hoc analysis
showed that the mean gesture area of VV (mean = 10.94cm2, SD = 3.41cm2)
and NV (mean = 11.16cm2, SD = 3.37cm2) were significantly smaller than CV
(mean = 13.10cm2, SD = 4.35cm2).

Gesture duration. Gesture duration is defined as the time elapsed when
entering the gesture, that is, the timestamp of the last touch event regis-
tered minus the timestamp of the first touch event. The Friedman test re-
vealed significant differences in gesture duration among the conditions (χ2(2) =
35.66, p < 0.001). Post hoc analysis showed that the mean duration of gestures
of NV (mean = 0.88s, SD = 1.05s) was significantly shorter than both CV
(mean = 1.13s, SD = 0.91s), and VV (mean = 1.08s, SD = 0.89s).

Gesture speed. Gesture speed is calculated as the average speed based on
all touch events within a gesture (length/duration). The Friedman test revealed
significant differences in gesture speed among all conditions (χ2(2) = 67.70, p <
0.001). Post hoc analysis showed that the mean gesture speed was different
between all pairs of conditions. NV (mean = 13.72cm/s, SD = 4.69cm/s)
had the highest gesture speed, then CV condition (mean = 11.77cm/s, SD =
3.88cm/s), and VV had the lowest gesture speed (mean = 10.77cm/s, SD =
3.51cm/s).

3.1.2.2 Gesture Recognition

Unlike the studies we conducted in the previous chapter, where there was no
physical barrier that can negatively impact touch detection on the touch screen,
this interaction technique has a risk of having incomplete gestures which may not
be recognizable. The results we derived for the changes in gesture feature is only
valuable if the gestures are produced with a good accuracy and are recognizable.
So, here it is essential to evaluate the accuracy of gesture recognition in this
interaction technique.

As the $1 recognizer [244] was found to be inadequate for 1-D gestures
in our mark set, due to its insensitivity to rotation, we opted for the $N-
protractor [9] recognizer for our set of gestures. We conducted user-dependent
training, which is appropriate for gesture recognition on personal devices such
as mobile phones [6, 9, 229]. In this training, the recognition rates were individ-
ually calculated for each participant using the same methodology as in previous
studies [244, 6, 9, 229]. For each user, we first trained the gesture recognizer
on a small set (four candidates for each gesture type were selected) and then
tested the recognizer on the remaining samples from that user. This process was
repeated 100 times. It is important to note that separate tests were conducted
for each set of gestures generated under different feedback conditions.
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The Friedman test was conducted to examine differences in the average
recognition rate under three conditions. We found no significant differences
between the conditions, (χ2(2)(df) = 2.66, p = 0.26). The NV condition had
the lowest average recognition rate mean = 74.37%(SD = 19.39%). The recog-
nition rates of CV, and VV were 82.37%(SD = 13.65%) and 83.67%(SD =
13.99%), respectively.

3.1.2.3 Mobile Directional Movement

We considered the same dependent variables as previous studies to characterize
the phone movement: Alpha (z axis), Beta (x axis), and Gamma (y axis).

Alpha deviation – deviation around z axis The Friedman test re-
vealed significant differences in alpha deviation between conditions (χ2(2) =
111.73, p < 0.001). Post hoc analysis showed the mean alpha was different be-
tween all pairs of conditions. The CV (mean = 4.36◦, SD = 4.11◦) has the high-
est alpha deviation, followed by the NV condition (mean = 2.92◦, SD = 2.44◦),
and the VV had the lowest alpha deviation (mean = 2.84◦, SD = 2.83◦).

Beta deviation – deviation around x axis We found no significant main
effect of the vibration condition on beta deviation (χ2(2) = 4.54, p = 0.10).

Gamma deviation – deviation around y axis The Friedman test re-
vealed significant differences in the alpha deviation between conditions (χ2(2) =
91.02, p < 0.001). Post hoc analysis showed a significant difference in the mean
gamma deviation among all conditions. (p < 0.02). CV had significantly higher
gamma deviation (mean = 1.17◦, SD = 1.20◦) than VV (mean = 0.95◦, SD =
0.91◦), and NV (mean = 0.78◦, SD = 0.95◦).

3.1.2.4 Subjective Results and Observations

We recall that our participants were asked to rank the three feedback condi-
tions after completing the experiment. In general, CV was ranked first 8 times
(66%), second 4 times (33%), and was never ranked third. VV was ranked first
4 times (33%), second 7 times (58%), and third once (8%). NV was never first,
second once (8%), and third 11 times (92%). Friedman test revealed significant
differences in ranking (χ2(2) = 12.58, p = 0.002). The pairwise comparison re-
vealed that the mean ranking for all three conditions were significantly different
from those of others (p < 0.02). NV was the least preferred configuration
(mean = 2.91), followed by VV (mean = 1.75). CV was the most preferred
option (mean = 1.33).

Our participants were also asked to rate the task after each feedback condi-
tion. Overall, questionnaire responses (Table 3.1) show that mean ratings for
CV were highest in all seven questions, but only significant for performance
(p = 0.05) and enjoyment (p = 0.016).

The most common comment given by the participants was that in the NV
condition they had no clue when the touch was detected by the phone or not until
the end of the gesture. They would only know if the next gesture appeared on the
computer, indicating that some gesture was detected by the phone. However,
they were still unsure at which points the phone started to detect that their
finger was touching it. As a result, they were uncertain if the entire gesture was
recorded. This lack of feedback in the NV condition made the participants less
confident in their performance and gave it a lower score. Figure 3.2 shows how
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CV

VV

NV

Figure 3.2: Gesture G5 drawn by one participant under different conditions.
In the NV condition, the gestures are incomplete due to the lack of haptic
feedback.

NV VV CV Friedman

mean SD mean SD mean SD χ2(2)

Performance 4.58 2.27 7.50 2.11 8.25 1.29 19.82
Temporal demand 2.17 1.34 2.25 1.42 1.83 1.40 2.07
Physical demand 2.58 1.24 2.42 1.67 2.08 1.38 3.83
Mental demand 4.00 2.63 3.17 2.08 3.00 1.48 0.83
Frustration 3.42 1.93 3.08 1.96 2.75 1.29 0.62
Effort 2.92 1.88 3.08 2.15 2.92 1.88 0.56
Enjoyment 5.00 2.30 6.08 1.68 6.66 1.87 6.54
Ranking 2.91 0.29 1.75 0.62 1.33 0.49 16.17

Note: Friedman tests are reported at significance levels of p=.05 (⋆). Significant tests
are highlighted .

Table 3.1: Mean and SD the of NASA TLX questionnaire and enjoyment re-
sponses, rated on a scale of 1 (very low) to 10 (very high).

one of the participants drew gesture g5 in different conditions. It is obvious
from the figure that, under the NV condition, most gestures were recorded
incompletely due to the absence of feedback. Furthermore, the uncertainty in
drawing gestures and having to repeat them when they were not logged made
the NV condition less enjoyable.

For the CV and VV conditions, participants provided varied feedback. Par-
ticipants experienced different levels of vibration intensity. Some reported the
vibration in the CV condition as strong, while others perceived it as weak. The
perceived vibration intensity differed among participants, likely due to variations
in the contact mechanics between the phone and participants’ bodies, such as
the thickness of their pants, the tightness of their pants, and the tightness of the
pocket. Participants who did not rank CV as their first choice often attributed
it to the strong intensity of vibrations. We believe that adjusting the intensity
of CV for each user could make it the most preferred condition.
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3.1.3 Discussion
Despite NV implying less phone movement than CV and VV, NV led to signifi-
cantly faster gesture production, requiring less time to draw gestures and result-
ing in shorter gesture lengths (except for VV ). However, although no significant
differences were found in terms of recognition, the average NV recognition rate
is smaller than that of CV and VV, achieving a precision rate of 74%, compared
to 82% and 84%. This can be explained by the fact that the user’s gestures were
not completely logged due to participants not noticing that their finger was not
detected correctly by the mobile device placed in their pocket. Instead of a fully
recorded gesture, it was recorded as smaller incomplete shapes. Although the
82% and 84% mean recognition rate of CV and VV are not ideal, they show
pocket interaction as a feasible interaction technique.

When comparing CV with VV, our findings indicate that with the CV con-
dition, the gestures were significantly larger, longer and faster, and produced
with higher speed. However, the gesture production time was not affected. In
particular, using CV led to faster gestures without requiring less time to draw
the gesture, but instead longer gestures, which caused the gesture entering speed
to increase. This result was expected due to findings from motor control theory
that proved a dependency between writing speed and path length [237]. This
finding advocates that long gestures serve as convenient shortcuts for different
user’s moving speeds, as people compensate for the extra gesture length with
increased gesture speed.

Importantly, the general trend we observed when entering gestures is that
users are more confident when generating gestures in the presence of haptic
feedback. Our participants lacked confidence in NV and ranked it as their least
preferred feedback condition. This behavior could be due to the increased flu-
ency in entering gestures when users can feel that the device detects their finger
correctly. Especially in the CV condition, the gestures were "nicely" produced,
which can be explained by the fact that continuous perceived haptic feedback
provides the user with a continuous clue that their gesture is correctly logged,
thereby increasing confidence. In contrast, the generation of incomplete gestures
was expected in the absence of haptic feedback. NV was also rated as the least
accurate and least enjoyable feedback condition. Consequently, we strongly
recommend including haptic feedback during eyes-free gesture production on
mobile devices for in-pocket interaction contexts.

However, it is important to note that for both CV and VV, gesture recog-
nition rates are still low, only 80. Additionally, both CV and VV involve more
phone movement around the y and z axes compared to NV, with CV causing
the highest deviations.

3.1.4 Summary
In this study, we explored the impact of haptic feedback on in-pocket smart-
phone interactions under three conditions: No Vibration (NV), Continuous Vi-
bration (CV), and Variable Vibration (VV). Our findings show that without
haptic feedback, gestures were faster but less accurate (74% recognition rate)
and users felt less confident. Interestingly, our findings indicate a preference for
CV that leads to longer, larger and faster gestures without affecting production
time, which we recommend using. However, the gesture recognition rate for CV
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remains low, around 82 percent (similar to VV ). Moreover, continuous vibration
caused the highest phone deviations.

The importance of haptic feedback in improving user experience and gesture
accuracy for in-pocket smartphone use is evident. Understanding how different
feedback types influence input gestures aids in designing more intuitive mobile
interfaces. While localized feedback caused no major issues, in the next study,
we investigate if distal feedback (e.g., via a smartwatch) could further enhance
gesture recognition and reduce phone movement in in-pocket contexts.

3.2 Investigating the Effect of Vibration Location
on Input for In-Pocket Interaction

The findings of the previous study suggest that adding local haptic feedback
during eyes-free in-pocket gesture input increases confidence. However, it also
results in an increase in the movement of the phone, and the recognition rate
reaches only 82%, which is better than when haptic feedback is not provided.
Although our participants did not express inconvenience with regard to phone
movement when the haptic vibration was localized on the phone, we wondered
if providing the vibration distally (in a location other than the mobile device
where the gesture is produced) could support the production of eyes-free ges-
tures on a pocket mobile device. Henderson et al. [83] demonstrate parity in
performance between localized feedback and distal feedback for target acquisi-
tion tasks. However, what about gesture production tasks for in-pocket inter-
action? Could distal haptic feedback improve gesture recognition while mini-
mizing phone movements? In this experiment, we explore the effectiveness of
smartwatch-based feedback as an aid to perform gaze-free input gestures on a
mobile device in an in-pocket context.

3.2.1 Experiment
We conducted a second study to compare the effectiveness of local vibrotactile
feedback (on the smartphone) with distal vibrotactile feedback (a smartwatch)
regarding eyes-free gesture production on mobile devices in an in-pocket inter-
action context. We utilized the same gesture set as in the previous study.

3.2.1.1 Participants and apparatus

24 right-handed participants (8 males and 16 females) volunteered to participate
in our experiment. The ages of the participants ranged from 20 to 35 years
(mean = 26.3, SD = 4.3). All participants had used smartphones for several
years.

For gesture collection, we used the same custom software and smartphone
device as in the previous study. In addition, we introduced a Samsung Galaxy
Watch 4 to provide haptic feedback. The smartwatch operated on Wear OS 4,
and a custom Wear application was developed to enable vibration patterns on
the smartwatch. The application received TCP messages from the smartphone
over a local WiFi network to trigger the desired haptic feedback.
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3.2.1.2 Gesture Set

We used the same set of gestures as in previous studies (see Figure 2.6).

3.2.1.3 Design

The experiment used a within-subject design with one factor: vibration location.
Vibration location determined the perceived location of the haptic feedback and
included two conditions: local vibrotactile feedback (i.e. on the smartphone)
and distal vibrotactile feedback (i.e., on a smartwatch).

3.2.1.4 Task & Procedure

In this experiment, 24 participants made eyes-free gestures in their pockets
under four conditions. The local CV condition was exactly the same as in
previous study. However, in the distance CV condition, continuous vibration
was applied on a smartwatch that was on the left hand side of the participants,
as long as the smartphone detected the touch. The participants followed the
exact same task and procedure as in the previous experiment. At the end
of each condition, participants completed the NASA-TLX questionnaire plus
enjoyment. At the end of the experiment, participants ranked the four tested
conditions.

3.2.2 Results
Similarly to the previous study, our results include gesture features, gesture
recognition, smartphone directional movements, and questionnaire responses.

3.2.2.1 Gesture Features

Gesture length. The Wilcoxon signed-rank test revealed a statistically signif-
icant difference between local CV ’s and distal Cv ’s gesture length (Z = -7.82,
p<0.001), with the local CV ’s gesture length (mean = 11.44cm, SD = 4.91cm)
was significantly longer than the length of the distal CV gesture (mean =
10.25cm, SD = 4.1cm).

Gesture height. The Wilcoxon signed-rank test revealed a statistically sig-
nificant difference between local CV ’s and distal Cv ’s gesture height (Z = -7.26,
p<0.001), with the local CV ’s gesture height (mean = 4.39cm, SD = 1.92cm)
was significantly higher than distal CV ’s gesture height (mean = 3.90cm, SD =
1.77cm).

Gesture width. The Wilcoxon signed-rank test revealed a statistically sig-
nificant difference between local CV ’s and distal Cv ’s gesture width (Z = -6.71,
p<0.001), with the local CV ’s gesture width (mean = 3.51cm, SD = 1.19cm)
was significantly larger than distal CV ’s gesture width (mean = 3.21cm, SD =
1.02cm).

Gesture area. The Wilcoxon signed-rank test revealed a statistically sig-
nificant difference between local CV ’s and distal CV ’s gesture area (Z = -7.52,
p<0.001), with the local CV ’s gesture area (mean = 15.77cm2, SD = 8.77cm2)
was significantly bigger than distal CV ’s gesture area (mean = 13.09cm2, SD =
7.83cm2).
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Gesture duration. The Wilcoxon signed-rank test revealed a statistically
significant difference between local CV ’s and distal CV ’s gesture production
time (Z = -11.63, p<0.001), with the local CV ’s gesture duration (mean =
1.19s, SD = 0.57cm2) was longer than distal CV ’s gesture duration (mean =
1.17s, SD = 0.59cm2).

Gesture speed. The Wilcoxon signed-rank test revealed a statistically
significant difference between local CV ’s and distal CV ’s gesture speed (Z =
-5.06, p<0.001), with the local CV gesture speed (mean = 13.05cm/s, SD =
5.01cm/s), was higher than distal CV gesture speed (mean = 12.20cm/s, SD =
5.65cm/s).

3.2.2.2 Gesture recognition

The Wilcoxon signed-rank test was conducted to examine the differences in the
average recognition rate under two conditions. The Wilcoxon signed-rank test
(Z = −0.22, p = 0.85) did not reveal any significant differences in the recognition
rate between the conditions (local CV: mean=86.67%, SD=9.17% ; distal CV:
mean=86.02%, SD=9.82% ).

3.2.2.3 Mobile Directional Movement

Alpha deviation – deviation around z axis. The Wilcoxon signed-rank
test revealed a statistically significant difference between local CV ’s and distal
Cv ’s alpha deviation (Z = -3.00, p<0.001), with the Local CV had higher alpha
deviation (mean = 4.17◦, SD = 2.78◦), than Distal CV alpha deviation (mean =
3.05◦, SD = 2.64◦).

Beta deviation – deviation around x axis. The Wilcoxon signed-rank
test did not find any significant difference between local CV ’s and distal Cv ’s
beta deviation (Z=-0.39, p=0.69). The mean beta deviation was 1.97◦ with
SD = 3.35◦.

Gamma deviation – deviation around y axis. The Wilcoxon signed-
rank test revealed a statistically significant difference between local CV ’s and
distal Cv ’s alpha deviation (Z=-6.32, p<0.001), with the local CV (mean =
1.25◦, SD = 0.94◦) had a higher gamma deviation compared to distal CV
(mean = 0.88◦, SD = 1.53◦).

3.2.2.4 Qualitative findings

Participants were asked to rank the two feedback conditions after completing
the experiment. In general, local CV was ranked first 18 times, second 6 times
against distal CV. The responses to the questionnaire (Table 3.2) show that the
mean ratings of enjoyment were significantly higher for the local CV.

In some cases, participants reported that there is a delay in the feedback
from the smartwatch. For example, sometimes the vibration continues after the
user has left the finger on the smartphone. This is due to the wireless nature
of communication between the smartphone and the smartwatch. In general, if
one uses wireless communication to interact with a remote haptic actuator, the
communication will not be as perfect as that of local actuators. Moreover, some
participants find the distal vibration to be “unnatural ” as they are touching one
point but receiving feedback elsewhere. On the other hand, the most common
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Local CV Distal CV Wilcoxon

mean SD mean SD W

Performance 7.92 1.83 8.31 1.91 1.46
Temporal demand 1.58 1.23 2.11 1.51 1.33
Physical demand 2.73 1.46 2.44 1.31 -1.4
Mental demand 3.73 1.82.494.3 1.95 -1.12
Frustration 3.41 1.96 3.24 2.05 1.2
Effort 3.43 2.44 3.65 2.78 0.78
Enjoyment 6.89 1.53 6.01 1.21 -3.78

Note:Wilcoxon signed-rank tests are reported at p=.05 (⋆) significance levels.
Significant tests are highlighted .

Table 3.2: Mean and SD of NASA TLX questionnaire, enjoyment and ranking
responses, rated on a scale of 1 (very low) to 10 (very high).

comment from participants on how preferred distal feedback was that they found
the vibration of the smartphone “unpleasant”. Instead, the vibration of the
smartwatch was more “pleasant”. We received interesting use cases for our
interaction concept from the participants. Four participants suggested that this
interaction concept can be used to send subtle emergency messages when in
danger. For example, one can draw the letter “e” in his pocket to ask for help if
he is in danger,

3.2.3 Discussion
Our findings reveal that both phone feedback and watch feedback exhibit simi-
lar performance characteristics, particularly with regard to gesture recognition.
Consequently, this suggests that smartwatch feedback can serve as a viable alter-
native to under-finger feedback for providing input confirmation when drawing
eyes-free gestures on mobile device for in-pocket context. Furthermore, it is
worth noting that watch feedback results in reduced phone movement. This,
in turn, argues that smartwatch feedback emerges as a practical alternative to
mitigate phone movement while providing interaction location cues.

However, it is important to note that gestures produced during distal haptic
feedback (on the watch) exhibit geometric and kinematic differences compared
to those produced with local haptic feedback (on the phone). For instance,
distal gestures were significantly shorter, smaller, and drawn slower than local
gestures, with a shorter duration of the gesture. A closer look at our results
shows that although the length and duration of distal CV was significantly less
than the local cv the differences in mean lengths are greater than the average
duration, 12% compared to 2%. This shows that the effect of the location of the
distal feedback is stronger on the length of the gesture than on the duration of
the gesture. This discrepancy suggests that the location of the haptic feedback
delivery influences how users perform gestures on mobile devices. The shorter
and smaller gestures observed imply that users may perform gesture input with
more caution when relying on feedback from a smartwatch. Similarly, the slower
drawing speed of the gestures indicates that users may adapt their motor control
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and movement patterns when receiving feedback from a distal source. This
finding underscores the importance of understanding how users adjust their
interaction strategies based on the perceived location of the feedback.

Finally, the majority of participants, 75%, generally preferred the local vi-
bration while they found the interaction more pleasant. The findings imply that
participants may have found the local haptic feedback more intuitive, reliable,
or satisfying compared to the distal haptic feedback. This could be attributed
to factors such as the immediacy and directness of the feedback, as well as the
perceived naturalness of the interaction as commented by our participants. It is
also notable that some participants reported issues with the distal haptic feed-
back, such as delays or unnatural sensations. These technical and perceptual
challenges associated with distal feedback may have contributed to the prefer-
ence of the participants for local feedback. Consequently, local phone feedback
should be preferred over distal watch feedback whenever possible.

However, despite perceiving distal watch feedback as “unnatural ”, its ef-
ficacy remains notable. This observation underscores the complexity of user
preferences and the multifaceted nature of interaction design. Interestingly,
Vatavu [228] argues for the exploration of “non-natural interaction design” as a
transformative and creative process. This approach intentionally diverges from
users’ conventional expectations and experiences of interacting with the physi-
cal world. In doing so, it aims to create interactions that are highly usable and
effective, despite deviating from traditional norms. In this context, distal watch
feedback may serve as an example of such non-natural interaction design, offer-
ing unique opportunities for innovative and unconventional user experiences.

3.2.4 Summary
This study further explored the spatial aspects of haptic feedback on pocket
interaction with smartphone. It showed that while distal feedback through a
smartwatch can be effective, users predominantly prefer haptic cues directly
from the smartphone. These findings underscore the importance of haptic feed-
back in enhancing user confidence and accuracy in eyes-free interactions, espe-
cially in constrained environments like pocket-based interactions. Recognizing
the value of haptic feedback in such scenarios, our next study focuses on a sce-
nario where the attention of the user to the task is limited due to the presence
of another attention-saturating task.

3.3 Enhancing Touch Circular Knob with Haptic
Feedback when Performing Another Saturat-
ing Attention Primary Task

In two previous studies, we showed how haptic feedback can be used to improve
the production of gestures and user confidence in gesture input when the smart-
phone is physically constrained and not directly accessible. In this study, we will
explore another context involving visual impairment scenarios: multitasking,
and investigate how tactile feedback can enhance eyes-free input interactions.
In particular, we are interested in improving user input for targeting tasks on
a touchscreen when they are occupied by another attention-saturating primary
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task. These two tasks make the interaction much more challenging than in pre-
vious studies and mayrequire more sophisticated solution. For this reason, in
this study, we will use an ultrasonic surface that provide the user with consider-
ably different sensations than those of a simple vibration motor found in current
smartphones, delivering tactile textures perceived at the fingertips when moving
the finger, in the context of active touch. In this experiment, we investigate the
effect of different types of haptic feedback on a virtual knob. Is it also better
to have continuous haptic feedback in this scenario, similar to previous studies?
If so, since the haptic surface can provide much richer textures, which texture
will improve the targeting task better than others.

3.3.1 Haptic feedback designs
We investigate three different haptic feedback conditions tailored for target-
ing task that involves navigation along a circular touch path, resembling the
operation of a touch-sensitive knob, such as adjusting music volume or manag-
ing the air conditioning controls. We also consider a no feedback design (see
Figure 3.3a), which is equivalent to most touchscreens today and thus serves
as our baseline. The three designed haptic feedback are HapticDetent, Grad-
ualTexture+HapticDetent, and BumpyTexture+HapticDetent. In HapticDetent,
each of the detents (points) provides the user with haptic feedback when the
user’s finger touches them (see Figure 3.3b). This design is inspired by previ-
ous work on directional targeting tasks [117, 257], which was shown to improve
performance when considering a single task.

The next two proposed designs leverage the first design by adding a continu-
ous haptic feedback, background texture, using different tactile textures through-
out the entire trajectory. The rationale for adding background texture is to
provide the user with a cue that the finger is always in the right trajectory,
hopefully allowing the user to reduce visual attention to the targeting task.
The rationale for maintaining the HapticDetent in these two later designs is to
inform users when their finger reaches a detent on the knob. In GradualTex-
ture+HapticDetent, the background texture’s intensity increases when finger
moves in the clockwise direction and decreases in the counterclockwise direction
(see Figure 3.3c). This change in background texture intensity allows users to
locate their finger on the trajectory. In BumpyTexture+HapticDetent, the back-
ground texture is higher when the user finger is around a detent on the knob and
lower when the user finger is between two successive detents (see Figure 3.3d).
The rationale for having an intenser background texture when the user’s finger
approaches a detent is to prematurely alert the users that their finger is crossing
into a new detent area on the knob.

Implementation Tactile feedback was felt only on the perimeter of the
circle, and this was determined by computing the distance between the center
of the circle and the user’s finger (see Figure. 3.3). The haptic feedback signal
was rendered according to the position of the user’s finger (x,y) on the perimeter
of the circle. We calculate the angle formed by the two vectors

−−−−−−−−−−−→
(x− xc, y − yc)

and
−−−−−−−−−−−−→
(xi − xc, yc − yc), where (xc, yc) corresponds to the coordinates of the center

of the circle and (xi, yc) the coordinates of a random point on the y=yc vector
which is parallel to the x axis with a value lower than xc.
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(a) No feedback (b) HapticDetent

(c) GradualTexture+HapticDetent (d) BumpyTexture+HapticDetent

Figure 3.3: The different haptic feedback designs. Tactile textures were replaced
by visual representation in the figure. In (a), no haptic feedback was provided
on the objects or on the trajectory. In (b-d) haptic feedback (through a tactile
texture) was perceived when the user finger was on virtual detents. In (c) and
(d), an additional background haptic feedback (through the use of different
tactile textures) was perceived when moving the finger through the circular
trajectory of the knob.
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3.3.2 Experiment
We conducted an experiment to compare performance and users preferences
among no feedback, HapticDetent, GradualTexture+HapticDetent, and Bumpy-
Texture+HapticDetent for target selection on the circular touch knob on the
tablet device when performing another primary task that saturates attention.

3.3.2.1 Participants and apparatus

15 participants (3 identified as women and 12 as men) volunteered to participate
in our experiment. The ages of the participants were between 24 and 36 years
(mean = 27.53 years, sd = 4.61 years). All participants were right-handed.

The primary task was implemented in the JavaScript framework using Node.js
runtime and was run on a Dell laptop machine with a 13-inch LCD display screen
with a desktop resolution of 1920×1080. The secondary task was implemented in
Python 3 using PyQt5, a comprehensive set of Python bindings for Qt v5. The
secondary task was then run on the Xplore Touch tablet1 (the commercialized
version of the E-VITA device [235]). Xplore Touch is a tactile feedback tablet
that supports friction modulation by means of ultrasonic vibrations, where the
squeeze film effect generates an ultrathin film of air between the finger and the
surface when an ultrasound frequency is applied to a display overlay. Xplore
Touch includes both visual and tactile feedback alongside the tactile display
and is equipped with a 7-inch LCD display that includes a capacitive sensor
that allows a sampling frequency of 50 Hz, similar to the capabilities of com-
mercial mobile devices. The participants’ faces were also videotaped using the
integrated laptop camera (RGB, HD fixed focus with a resolution of 1280×720).

3.3.2.2 Design

The experiment used a 4 × 3 × 2 × 2 within-subject design for the factors:
feedback, size, amplitude and direction. Feedback covers the four haptic feedback
conditions: (1) no feedback ; (2) hapticObject ; (3) gradual+hapticObject and (4)
adaptive+hapticObject. Size corresponds to the size of the target and objects
and covers three conditions: (1) small: 10px (= 0.1494cm), (2) medium: 20px
(= 0.2988cm) and (3) large: 30px (=0.4482cm). The amplitude corresponds to
the distance between the control line and the target and covers two conditions:
(1) short: between objects 3 and 6 (=6.5128cm) and (2) long: between objects 1
and 7 (=13.0256cm). Finally, the direction covers two directions: (1) clockwise
and (2) counterclockwise. The task featured a circle with a radius of 160px
(=2.39 cm) and a perimeter thickness of 50px(=.75cm).

3.3.2.3 Task & Procedure

The experiment required participants to interact with a primary task on the
laptop and to select a target on the haptic circular trajectory on the tablet
each time they received a notification. The touchscreen tablet lies flat on the
table to the right of the computer.Participants were asked to prioritize the
primary task over the secondary one and told that their performances were
being measured. To better understand the effect of the primary task on the

1https://www.hap2u.net/haptic-technology
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secondary task, we included a control condition in which participants had to
react to the notifications displayed on the laptop screen.

We used the same attention-saturating task as in the previous chapter as the
primary task. For the secondary task, participants were asked to perform the
target task as quickly and accurately as possible. Participants were then given
the exact procedure to follow for each trial:

State 1. A blue control line and a red target line appear on the circular knob
on the tablet display. The control line and the target line are the same
size. No visual cue was available about the type of haptic feedback.

State 2. Touch the control line and hold it for 0.2 s to free it. Then, after
that, the control line is free to move.

State 3. Drag the control line over the target area. After holding for 0.2 s, if
the center of mass of the control line was inside the target line, the target
turned green to confirm the successful trial and the next trial started.
If the finger is raised off the control line during the dragging task, then
an error is counted, the target flashes orange, and the trial is repeated.
During the dragging task, each time the control line touches an object,
the object turns blue. The number of objects placed before the target was
two in the short amplitude and five in the long amplitude.

During the experiment phase, the participants started to interact with the pri-
mary task. And after a random period of time between 2 and 14 seconds, a
notification was shown on the computer screen to indicate to the participants
that they could start the secondary task on the tablet surface. The participants
were free to choose the appropriate strategy to handle the primary task and
the secondary task, while keeping in mind that the primary task is prioritized.
Participants have the total freedom to interact with both tasks at the same time
or sequentially by switching from one task to another, etc. After ending a trial
by dragging the control line to the target line, our software presented the next
notification after a random period of time between 2 and 14 seconds.

For the secondary task, the experimental trials were administered as blocks
of 14 trials, each block sharing a haptic feedback condition (no feedback, Hap-
ticDetent, GradualTexture+HapticDetent, BumpyTexture+HapticDetent), tar-
get size (small, medium, large), and movement amplitude (short and long). The
first 4 trials (i.e., 2 trials by direction) of each block were discarded to allow
for adaptation of the strategy. The initial direction was randomly assigned for
each block, then alternated with the inverse direction. The blocks are grouped
by feedback condition to allow questionnaire assessment. The four feedback
conditions were randomly presented to the participants. Within each feedback
condition, the three target sizes were counterbalanced. Within each target size,
the two amplitudes were also counterbalanced. Inside each amplitude condition,
the two directions were alternated with seven repetitions for each direction. Par-
ticipants performed a total of 24 blocks (=4 feedback conditions × 3 target sizes
× 2 movement amplitudes), each block is made up of 14 trials (2 directions × 7
repetitions) – a total of 336 trials (=24 blocks × 14 trials) per participant. After
finishing the 6-block set of each feedback condition, participants completed a
NASA-TLX worksheet, plus a 5-point Likert scale questionnaire (strongly dis-
agree to strongly agree) to measure enjoyment while interacting with the tablet
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device. At the end of the experiment, we asked participants to rank the feed-
back conditions and comment on the experiment. The experiment took around
90 minutes to complete. To reduce fatigue, sufficient rest periods were provided
between feedback conditions and as required by the participants.

3.3.3 Results
The dependent measures are accuracy, reaction time, movement time, and total
time. We computed accuracy as the ratio of the fraction of correctly performed
trials to the total number of trials. Reaction time was the interval between
the first display of the stimulus and the first touch. It represents the time
required for participants to process the stimulus, switch to the secondary task,
and decide which object to select. Movement time is the interval between the
first touch and the selection of the target and represents the time required to
physically navigate between objects to select the target. Total time was the sum
of reaction and movement times. All analyses for dependent measures used a
multiway ANOVA. Tukey tests were used post hoc when significant effects were
found. Only significant effects and interactions are reported.

3.3.3.1 Accuracy

There was a significant main effect of size (F2,28 = 3.33, p = .05) on accuracy.
Post hoc comparisons using the Bonferroni correction showed that the large
size (mean=98%, SD=1.05%) is significantly more accurate than the small
size (mean= 95.58% , SD= 1.47%) with no difference from the medium size
(mean=96.5%, SD=1.29%). There were no significant interactions (p > .19)
between the effect of size and feedback, or amplitude, or direction.

3.3.3.2 Reaction Time

There was a significant main effect of size (F2,28 = 20.67, p < .0001) on reaction
time with amplitude × direction (F1,14 = 4.99, p = .0422) interaction. Large
size is the fastest (mean= 2165 ms, SD= 165 ms), followed by medium (mean=
2438 ms, SD=191 ms) and small (mean= 2852 ms , SD= 242 ms). Post hoc
tests confirm differences between all pairs (p < .05). We also found that, for
the clockwise direction, the short amplitude (mean= 2325 ms, SD= 208 ms)
is significantly faster than the long amplitude (mean= 2663 ms, SD= 257 ms)
(p < .05).

3.3.3.3 Movement Time

There were significant main effects of feedback (F3,42 = 3.52, p = .0228), size
(F2,28 = 38.60, p < .0001), amplitude (F1,14 = 82.92, p < .0001) and direction
(F1,14 = 12.80, p = .0030) on movement time. Post hoc tests showed that Hap-
ticDetent (mean 2712 ms, sd 240 ms) condition is significantly slower than the
three reminder feedback conditions (GradualTexture+HapticDetent (mean=
2108 ms SD= 171 ms), BumpyTexture+HapticDetent (mean= 2059 ms, SD=
134 ms) and no feedback (mean= 2248 ms, SD= 145 ms)) (p < .05).

Both medium (mean= 2150 ms, SD= 134 ms) and large (mean= 1939 ms,
SD= 140 ms) sizes are significantly faster than the small size (mean= 2756 ms,
SD= 175 ms) (p < .05). Unsurprisingly, the short amplitude (mean 1803 ms,
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sd 97 ms) is significantly faster than the long amplitude (mean 2760 ms, sd
136 ms) (p < .05). And the clockwise direction (mean= 2225 ms, sd 121 ms)
is significantly faster than the counterclockwise direction (mean= 2338 ms, sd
134 ms) (p < .05).

3.3.3.4 Total Time

There were significant main effects of feedback (F3,42 = 3.80, p = .0169), size
(F2,28 = 82.56, p < .0001) and amplitude (F1,14 = 52.51, p < .0001) on total
time with feedback×size (F6,84 = 2.71, p = .0184) interaction. Post hoc tests
showed that for small target size, the four feedback conditions were significantly
different from each other (p < .05), with GradualTexture+HapticDetent feed-
back (mean 4615 ms, sd 380 ms) beign the fastest, then BumpyTexture+HapticDetent
(mean 5469 ms, sd 591 ms), followed by no feedback (mean 5675 ms, sd 467 ms),
and HapticDetent (mean=6677 ms, sd 721 ms). We also found that for the
no feedback condition, the small size is significantly slower than both medium
(mean=4519 ms, SD=397 ms) and large (mean=4165 ms, SD=412 ms) sizes
(p < .05). Similarly, for BumpyTexture+HapticDetent, the small size is sig-
nificantly slower than both medium (mean=4325 ms, SD=527 ms) and large
(mean=3751 ms, SD=341 ms) sizes (p < .05). For the HapticDetent, the three
sizes are significantly different from each other, the large is the fastest (mean
4487 ms, SD=468 ms), then the medium (mean=5101 ms, SD=556 ms), and
small (p < .05). Furthermore, we found that the long amplitude (mean=5298 ms,
SD=216 ms) is significantly slower than the short amplitude (mean=4237 ms,
SD=203 ms) (p < .05).

3.3.3.5 Subjective results and observations

By using participants comments and responses to questionnaires, video analysis,
and our observations during the experiment, we accompanied our quantitative
data with considerable qualitative data that capture the mental models of users
as they perform the task.

Questionnaires responses
Participants were asked to rank the four feedback conditions after complet-

ing the experiment. Overall, the BumpyTexture+HapticDetent condition was
ranked 5 times (33.33%) first, 7 times (46.66%) second, 2 times (13.33%) third
and only one time (6.66%) in the last position. The GradualTexture+HapticDetent
condition was ranked 5 times as first position (33. 33%), 4 times second
(26.66%), 4 times third (26.66%) and 2 times fourth (13.33%). In the third
position, we found HapticDetent who was ranked first six times (6. 66%), third
twice (20%), ninth times third (60%) and second twice (13. 33%). In the fourth
position, we found the no feedback condition, which was chosen 4 times (26.66%)
first, while being selected in the second position only once (6. 66%) and 10 times
(66.66%) as the least appreciated feedback.

Our participants were also asked to rate the secondary task after each feed-
back condition in terms of performance, temporal demand, physical demand,
mental demand, frustration, effort, and enjoyment. Table 3.3 shows the overall
response of participants to this questionnaire. Friedman tests revealed that only
mental demand was significantly different depending on which interaction was
used (χ2(3)=11.88, p<.05).
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NF HD GT+HD BT+HD Friedman

mean sd mean sd mean sd mean sd χ2(3)

Performance 3.73 .48 3.4 .37 3.93 .30 3.8 .20 5.77
Temporal demand 2.6 .49 2.53 .53 2.73 .52 2.53 .42 1.04
Physical demand 2.06 .58 2.13 .60 1.86 .46 1.8 .34 2.21
Mental demand 2.86 .53 2.33 .65 2.06 .44 2 .38 11.88
Frustration 2.26 .48 1.93 .40 1.66 .24 1.6 .49 6.55
Effort 2.46 .42 2.26 .44 2 .38 2 .38 5.46
Enjoyment 3.4 .59 3.4 .56 3.6 .53 3.66 .62 2.28
Note 1 :Friedman tests are reported at p=.05 (⋆) significance levels. Significant tests

are highlighted .
Note 2 : We used the following abbreviations for feedback conditions: NF for No
Feedback, HD for Haptic Detent, GT+HT for Gradual Texture + Haptic Detent,

and BT+HT for Bumpy Texture + Haptic Detent.

Table 3.3: Mean and SD of the questionnaire’s responses, rated on a scale of 1
(very low) to 10 (very high).

Strategies used to handle the primary and the secondary tasks
During the experiment, similar to [74], we observed three main strategies in

managing the primary and secondary tasks, some strategies more dominant in
one feedback design than others.

1. Competitive interaction with exclusive attention to the primary task where
users interact with both the primary and secondary tasks at the same time
while keeping their gaze attention mostly directed toward the primary task
with a nearly eyes-free interaction with the secondary task. This strat-
egy was mostly used in GradualTexture+HapticDetent and BumpyTex-
ture+HapticDetent feedback designs, in particular after performing the
first blocks.

2. Reactive interaction with shared attention to both tasks: users mostly
interacted with the secondary task and reacted to the primary task only
when the ball moved away from the center. In this condition, users gaze
attention was shared almost equally between the primary and secondary
tasks, with certain cases where the primary task received more gaze at-
tention than the secondary one. This strategy was mostly used in Hap-
ticDetent technique in particular for large and medium target sizes. This
strategy was also used by GradualTexture+HapticDetent and BumpyTex-
ture+HapticDetent feedback designs, in particular in the first blocks.

3. Divided interaction with exclusive attention to the secondary task, where
users start by making sure to center the ball well before switching to
the secondary task, and then stop interacting with the primary task and
switch to the secondary to select the target. Most of the gaze attention
was directed toward the secondary task, with only a few glances toward
the primary one. This strategy was mainly used in no feedback technique,
and it was also observed frequently for the HapticDetent feedback design
when selecting small targets.

Preferences for two-handed interaction
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Concerning the coordination of hands, and contrary to the findings of Guettaf
et al. [74], we observed principally one hand coordination used during the exper-
iment and independently of the feedback design used. For instance, all our par-
ticipants used principally a two-handed interaction: the dominant hand (right
hand), which is close to the tablet device, was used to perform the secondary
task, while the non-dominant hand (left hand), which is close to the keyboard,
remains on the keyboard arrow keys, i.e.,, used for the primary task. When the
secondary task was finished (i.e., participants had to only perform the primary
task), our participants continued to use their nondominant hand to perform the
primary task.

GradualTexture+HapticDetent feedback comments
Two participants commented that they are able to know approximately

where their finger is on the circular trajectory when using this haptic feed-
back because of its intensity. Ten participants were confident with the task and
able to synchronize both tasks while their gaze attention was mostly directed
towards the laptop screen, as they received continuous haptic feedback about if
their finger is in the right trajectory.

BumpyTexture+HapticDetent feedback comments
In addition, for the GradualTexture+HapticDetent condition, our partici-

pants felt that as the haptic feedback is continuously perceived, the secondary
task demands less attention and, consequently, synchronizing the primary and
secondary tasks is easier. For example, one participant said: “ I do not need
to pay too much attention to the secondary task, so I am more focused on the
primary task ”. Another participant commented: “ I rest assured even if I do
not look at the tablet as the haptic feedback is continuously perceived ”.

Interestingly, a participant comments: “ The different perceived textures help
me to direct my finger to the target ”. In addition, one participant found the
haptic feedback very useful, particularly for small targets. He said: “ For a
small target, I do not think I can make it without textures, my eyes are quickly
tired ”.

HapticDetent feedback comments
For HapticDetent feedback, our participants felt that despite the fact that

the haptic feedback is helpful to determine approximately where they are, it is
not sufficient to limit the visual attention needed for the secondary task. In
addition, three participants found this technique helpful in determining where
the finger is on the circular trajectory of the knob. Interestingly, 11 participants
describe perceived haptic feedback on objects as a “ speed bump ” that allows “
the finger to be braked on arrival at the detent and then slide from the middle
or end of the detent size, which takes the finger out of the detent". For small
targets, due to this feeling of sliding, nine participants commented that they
had to go over the target and then go back to select it. Thus, those participants
felt that this haptic feedback is not sufficient, especially for small targets, and
that it makes the task more demanding both temporally and mentally, which is
why they ranked it in the lowest position.

3.3.4 Discussion
Our findings indicate that when using GradualTexture+HapticDetent and Bumpy-
Texture+HapticDetent techniques, participants kept their gaze attention mainly
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focused on the laptop screen ( ie, the primary task). Furthermore, these tech-
niques resulted in a faster selection of small targets and were less mentally
demanding than HapticDetent and no feedback designs, without compromis-
ing accuracy. These observations indicate that perceiving such haptic feedback
when performing a targeting secondary task permits participants not only to
increase visual attention on the primary task but also to perform the secondary
task faster. Since the accuracy of GradualTexture+HapticDetent and Bumpy-
Texture+HapticDetent is not decreased, one may conjecture that the accuracy
of these two designs may eventually increase with practice. Therefore, we recom-
mend that researchers and designers using GradualTexture+HapticDetent and
BumpyTexture+HapticDetent haptic feedback techniques for target selection on
a circular trajectory when performing another saturated attention primary task
to create an eye-free dialog between the surface and the user.

Interestingly, the HapticDetent design permits users to approximately es-
timate the position of their finger on the circular trajectory by counting the
number of times they enter and leave an object; in particular, for large and
medium target sizes. This finding is correlated with the study of Liao et al. [124]
who showed that integrating haptic feedback into interaction with touchscreens
helps users set a value or select a menu by counting the number of vibration
ticks from a vibrotactile surface. Although HapticDetent is helpful, this design
is still not sufficient to limit visual attention to the secondary task; even if it
does not demand long eye glances like when selecting a small target or when
using a baseline without feedback technique. For example, our participants were
observed to keep an eye on the tablet when performing the secondary task to
keep their finger within the trajectory. This issue can be addressed by using a
more sophisticated gesture recognizer that can track knob rotation even when
the finger is not exactly inside the expected trajectory. Furthermore, since the
trajectory of the targeting task is circular, the secondary task may be more
challenging than when the trajectory of the targeting task is directional.

HapticDetent technique demands the longest movement time, and it is also
the slowest technique in terms of total time for a small target size. This finding
can be explained by the comments of our participants. For example, our par-
ticipants described the perceived haptic feedback on objects as a “speed bump”
that limits the finger speed when reached, and then slips the finger from the
middle or end of the target size, which can provoke target overshoots. Con-
sequently, the additional time needed can be explained by target overshoots,
and hence, longer distance traveled to select the target. Unfortunately, we have
not counted the number of overshoots and the distance traveled. Consequently,
future work will investigate these two measures to better understand the draw-
backs of HapticDetent in terms of speed.

Furthermore, HapticDetent was described to be more difficult to deal with
small targets. This suggests that it could be interesting to enlarge the space
where haptic feedback is perceived by starting it before entering the object.
The GradualTexture+HapticDetent and BumpyTexture+HapticDetent designs
fill this gap by providing the user with additional feedback that can prevent the
user from approaching a new notch. Other haptic feedback designs could be
additionally evaluated, for example, by placing the haptic feedback before the
object or at the leading edge of objects, as in the work of [257]. Future work
will study these additional designs.

Similarly to Guettaf et al.[74], we observed different user strategies to handle
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and perform the primary task and the secondary task. However, in our study,
the observed strategies depended mainly on the feedback used. For example,
competitive interaction was mostly used with the GradualTexture+HapticDetent
and BumpyTexture+HapticDetent techniques; reactive interaction was mostly
used with the HapticDetent technique; and divided interaction was mostly used
with the no feedback technique. This finding may help designers choose the
appropriate haptic feedback for the secondary targeting task on the touchscreen
based on their preferences for how to manage the primary task and the secondary
one.

Previous work [18] has shown that, after learning visual and auditory stimuli,
using haptic feedback for sliding allows reducing visual attention. For future
investigations, it is therefore worth studying the effect of combining auditory,
visual, and haptic feedback on reducing attention with respect to the secondary
task.

3.3.5 Summary
We designed three haptic feedback designs for targeting tasks on a circular tra-
jectory on a mobile surface when performing another primary task that saturates
the attention. We then, conducted an experiment to evaluate and compare these
three designs with a no feedback design. Our findings show that GradualTex-
ture+HapticDetent and BumpyTexture+HapticDetent – which use a continuous
haptic texture in the background along with a tactile texture at the detents of
the virtual knob – improved total time for small targets and decreased the men-
tal demand and the need for visual attention to the secondary task over both no
feedback and HapticDetent, without compromising accuracy. We hope that this
work will advance our knowledge for targeting tasks on touchscreen devices and
that the GradualTexture+HapticDetent and BumpyTexture+HapticDetent de-
signs will prove useful by adding them to the growing toolkit of circular targeting
tasks on tactile devices when performing another primary task that saturates
the attention, as they are seemingly well-suited to perform such tasks.

3.4 Conclusion

This chapter highlights the role that haptic feedback can play in eyes-free inter-
action by focusing on gestural input on touch devices, user confidence in giving
a command to the smartphone, and user preferences for the pattern of haptic
feedback. We showed that although continuous local haptic feedback did not
cause a significant increase in gesture recognition rate, it increased the user con-
fidence in the production of eyes-free gestures when there is a barrier between
finger and touchscreen, in-pocket interaction. Similarly, when the smartwatch
was used to provide haptic feedback on a different hand for in-pocket interaction,
we did not observe a significant increase in gesture recognition rate. However,
using the smartwatch made gestures smaller and slower. This shows that using
haptic feedback for input, even if it does not increase a measurable matrix on the
smartphone itself, such as the recognition rate, it can have a significant positive
effect on the user experience (i.e., increasing user confidence in the interaction)
and change the gesture shape. Although in these two studies we applied haptic
feedback locally or distally, having two actuators allows us to use them together
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and create richer haptic feedback by combining them in different ways. For
example, a smartphone can vibrate continuously in gesture, while a smartwatch
can vibrate at only specific points on gesture (such as the detents on a virtual
knob). In the last study, we used a haptic surface for this purpose. Our results
showed that even if some discrete haptic feedback is available in the interaction
(i.e., on the detents of a virtual knob) still adding a continuous haptic feedback
in the background (i.e., on the whole perimeter of a virtual knob) can improve
the targeting task. Our findings show that GradualTexture+HapticDetent and
BumpyTexture+HapticDetent reduced total time for targeting small indents and
decreased mental demand and the need for visual attention to secondary task
over both no feedback and HapticDetent, without compromising accuracy. In
the last study, although the task was more challenging than in the previous two
studies, performing a targeting task in the presence of an attention-saturating
task, using a haptic surface with richer tactile feedback compared to the smart-
phone vibration motor had a significant positive effect on the interaction. In
sum, in this chapter, we used both the simple vibration motor of the smartphone
and the haptic surface to improve the command to touch devices using gestures.
In the next chapter, we will focus on improving the output part of the eyes-free
interaction using haptic feedback and gestures.
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Chapter 4

Increasing the Bandwidth of
Haptic Channel for
Information retrieval from
Smartphones

Unlike previous chapter which focused on input part of the interaction with
the smartphone, this chapter focuses on the output, the second part of the in-
teraction. The output part of the interaction with the smartphone is achieved
primarily by using vision. However, in the absence of visual feedback, other
sensory channels such as haptic can be used for substitution. The bandwidth
of the haptic channel is significantly less than that of the visual channel. This
makes it beneficial to develop new interaction techniques that can increase the
bandwidth of the haptic channel as the output. For this purpose, in this chap-
ter, we introduce a new interaction concept for eyes-free gestural information
retrieval from smartphone using a simple vibrotactile motor of smartphones and
a user performing gestures on a touchscreen. Through three studies, we inves-
tigates the utilization of haptic feedback as an output modality in the context
of eyes-free gesture-based interaction with smartphone.

The first study introduces a new two-stage interaction concept, called Hap2Gest,
that utilizes haptic feedback on gesture trajectories as an output mechanism.
This two-stage interaction concept involves users first drawing a gesture to in-
voke a command, followed by a second gesture during which they receive vibra-
tion feedback along the gesture’s path. The vibration patterns provide infor-
mation related to the command initiated by the first gesture. This interaction
combines tactile perception with kinesthetic perception to enrich the output in-
formation that can be provided by simple vibration motors and finger movement
detection using a touchscreen.

The two next studies focuses on the use of circular gestures in the Hap2Gest
method. This gesture shape was proposed by many participants for the Hap2Gest
method. The second study explores the consistency and accuracy of users when
drawing eyes-free arcs or circular gestures. When users draw circular gestures
or arcs, they mainly rely on their propioceptive perception to locate the finger
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on the trajectory. If the user is asked to draw a half circle and a circle, is the
length of the half circle half of the full circle? Does direction matter (clock-
wise or counterclockwise)? The answers to these questions are necessary to use
circular gestures in the Hap2gest method.

In the third study, using the data derived from the previous study, we will
implement circular gestures in the Hap2Gest method. Specifically, this study
aims to assess whether users can accurately determine the location of haptic
feedback while performing eyes-free circular arc gestures. The objective is to
evaluate the feasibility of using haptic feedback with circular arcs to provide
users with eyes-free information output.

By investigating these aspects, this chapter aims to introduce and study
interaction techniques which combine tactile feedback with proprioception un-
derstanding of finger location to increase the bandwidth of data that can be
transferred to user as output.

This chapter is organized into three sections. In the first section, we intro-
duce a new interaction concept for completely eyes-free interaction with smart-
phones. The next two sections investigate the effectiveness of circular gestures in
this method. Each section starts with an introduction to the study’s objective,
followed by a comprehensive explanation of the experimental design. Afterward,
the results are presented and thoroughly discussed. Lastly, each section ends
with a summary that highlights the main findings and insights obtained from
the study.

4.1 Hap2Gest: A Gesture and Haptic Feedback-
Based Eyes-Free Interaction Concept

In a visually impaired scenario where vision is not available, using haptic feed-
back for providing rich information to users is challenging. This is mainly due
to the limited bandwidth of vibrotactile actuators available on smartphones,
which is significantly less than the bandwidth that mobile screens can provide
using visual feedback [109]. The vibrotactile actuators on smartphones can usu-
ally provide simple vibrations to confirm or alert users [69]. Is it possible to
increase the output bandwidth of the haptic channel in smartphones using the
same vibrotactile actuators? The tactile information that can be provided by
these vibrotactile actuators is limited by their hardware and the software access
to this hardware. However, in this study, we propose to focus on the user, in-
stead of the smartphone, to increase the bandwidth of haptic communication.
The haptic channel is composed of two modalities: tactile and proprioception.
While interacting with the smartphone the tactile modality is the vibration we
feel from vibrotactile actuators and sensing the texture of touchscreen. On the
other hand, proprioception is our perception of the location of our fingers and
their move [53]. Although the proprioception data are indirectly used for input
on smartphones using an accelerometer which detects the movements of smart-
phones as a result of hand joints movements, to the best of our knowledge the
proprioception data is not used as a part of output data for presenting data to
users. In this study, we propose to combine proprioception data on how fingers
move on touchscreen with tactile signals from vibrotactile actuators to increase
the bandwidth of data that can be transmitted from the smartphone to the user
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Figure 4.1: Hap2Gest concept and context: (left) eyes-free context of use ex-
ample, (center) command invocation by drawing the input gesture, and then
(right) drawing the output gesture and receiving the haptic feedback that cor-
responds to the output information through this gesture.

using the haptic channel. In the following, we present this interaction concept,
called Hap2Gest.

4.1.1 Hap2Gest Concept
Hap2Gest is a new eyes-free interaction concept that uses gestures both as
the input modality and as part of the output modality, combined with haptic
feedback. First, the user draws an eyes-free gesture on the touchscreen of the
smartphone to give a command to the phone (input). The user then draws a
second eye-free gesture, the same as or different from the first, and can feel
one or multiple vibrations on different parts of the gesture (Figure 4.1). The
vibration pattern they feel, the number and location of vibrations through the
output gesture, are the vocabulary of this interaction concept for output. The
output modality uses a combination of the tactile and kinesthetic senses. The
vibration created by the vibration motor of a smartphone creates the tactile
sense, and the speed and position of the fingers create the kinesthetic sense.
Thus, Hap2Gest would enable a less obtrusive way to retrieve information from
user’s phone, i.e., without looking at the display or turning on his phone.

Our interaction design is similar to Roudaut et al., [184] as we both use
gestures to give commands to the smartphone (input) and retrieve information
with gestures and haptic feedback (output), in an eyes-free configuration. How-
ever, in their work, the output gesture is created by a force feedback system
that moves the finger. Consequently, haptic feedback is used to guide the user
to draw the output gesture, while the output gesture constitutes the main out-
put information. For example, if the drawn output gesture is “8”, the user will
understand that he has received eight new messages. However, in our work, the
output gesture is a predefined gesture drawn by the user, and the haptic feed-
back is created using the vibration motor at some points throughout the output
gesture. Thus, the vibration patterns (their number and locations) constitute
the main output information.
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Figure 4.2: The experiment setup. The participant manipulated the smartphone
while their hands were inside a box to maintain eyes-free interaction. The
user interface of the experiment was displayed on a monitor in front of the
participants.

4.1.2 Experiment
In the last 15 years, in particular for input gesture, an impressive body of
work has been published on elicitation studies: the design of intuitive gesture
commands that are reflective of end-user behavior for controlling all kinds of
interactive devices, applications, and systems. In this context, we conducted
an elicitation study to determine user preferences for input gestures, output
gestures, and the vibration patterns for interacting eyes-free with smartphones
for the design of Hap2Gest. Unlike earlier elicitation studies, we studied user-
defined gestures when haptic feedback is available to provide feedback, using a
simple vibration motor, in the absence of visual cues.

4.1.2.1 Overview & Rationale

We conducted an elicitation study to determine users’ preferences for the design
of Hap2Gest : (i) eyes-free input gestures for command invocation on a smart-
phone in the absence of visual cues, (ii) eyes-free output gestures for receiving
the output information, and (iii) vibration patterns to obtain eyes-free output
information through the output gesture.

The main premises underlying this research are that (i) a good gesture set
needs to be easy to use and remember by the user, and (ii) vibration patterns
need to be easy to understand, remember, and recognize by the user. Conse-
quently, to support these main premises, we asked our participants to design
gestures that are easier to remember and to come up with vibration patterns
that take less time and effort to understand. Additionally, to avoid compro-
mising the system in differentiating between the different commands, we asked
participants to try their best to avoid having exactly the same gestures for
different commands.

Similarly to previous studies on gesture elicitation [243, 146, 169], we do not
want participants to focus on recognizer issues for the defined set of gestures.
Consequently, we do not provide participants with recognition feedback during
gesture production. We also asked participants to ignore recognition issues
by considering the smartphone to be able to understand and recognize any
gesture they might wish to perform. In addition, for vibration patterns, since
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we want to identify user preferences, we do not want participants to focus on
tactile rendering issues. Consequently, no haptic feedback was provided to our
participants during the task. We also encouraged participants to ignore haptic
feedback issues by considering the smartphone to be able to render any vibration
pattern they might wish to have.

4.1.2.2 Participants and apparatus

12 participants (three females, and nine males) volunteered to take part in our
experiment. Participants’ ages were between 20 and 32 years (mean = 22.9,
SD = 3.7). All participants were right-handed and had used smartphones for
several years and were familiar with the vibration motors of smartphones.

For the second stage of the study, we used a Samsung Galaxy S6 smartphone
running Android 6.0.1. The phone dimensions were 5.65"× 2.78". The display
resolution was 1440×2560 pixels. We developed our application using Java
to record the gestures and vibration patterns of the participants. The users’
hands were videotaped using a Microsoft LifeCAM Studio webcam. An author
observed each session and took detailed notes.

4.1.2.3 Scenarios & Referents

We wanted to create a list of common smartphone commands that users fre-
quently use when visual cues are not available. Moreover, we wanted to cover
different types of data that can be provided to users: binary data, categorical
data, numerical data, range, or aided with auditory feedback. For this purpose,
we considered five interaction scenarios in which users frequently need to exe-
cute such commands on the smartphone. Each scenario contains between one
and 14 referents. Overall, the experiment included 25 referents. The list of the
five interaction scenarios and associated referents is available in Table 4.1.

4.1.2.4 Procedure

First, participants watched a video, available as supplementary material, ex-
plaining our proposed interaction concept and the instructions for the experi-
ment. The video served as priming [141] since it contained contexts of use and
examples so that participants would think more generally about the proposed
gestures. The written instructions were then distributed as printed forms, with
25 referents and possible responses for each referent. The participants were then
asked to draw the gesture and vibration patterns for each interaction scenario
on the paper forms. Participants were asked to pay attention to the following
points while giving their answers:

• The participants will draw the gesture with one finger. They are allowed
to hold the phone with the same hand or with the other hand.

• Try their best to avoid having the same gesture for different commands.

• Design gestures that are easier to remember.

• Come up with vibration patterns that take less time and effort to under-
stand.
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Table 4.1: The five interaction scenarios and the different referents considered
in each scenario.

A. Scenario in the presence of auditory feedback
R1. Accept call R2. Reject call

B. Scenario with a yes/no response
R3. Is it a call from my favorite contacts? R4. Do I have any missed calls?
R5. Is my phone silent? R6. Do I have new messages?
R7. Do I have new messages from a favorite
contact?

R8. Do I have new notifications?

R9. Do I have a notification from Instagram? R10. Do I have a notification from Facebook?
R11. Do I have a notification from Twitter? R12. Do I have a notification from What-

sApp?
R13. Accept the call and tell me if it’s from
a favorite contact.

R14. Reject the call and tell me if it’s from a
favorite contact.

R15. Mute my phone with success feedback. R16. Unmute my phone with success feed-
back.

C. Scenario with categorical responses
R17. Which application do I have a notifica-
tion from (Instagram or Facebook)?

R18. Which application do I have a notifica-
tion from (Instagram, Facebook, or Twitter)?

R19. Which application do I have a notifica-
tion from (Instagram, Facebook, Twitter, or
WhatsApp)?

R20. Which application do I have a noti-
fication from (Instagram, Facebook, Twitter,
WhatsApp, or Telegram)?

R21. How is the weather today? (sunny,
cloudy, rainy, or snow)

R22. Which day of the week is it? (Monday,
Tuesday, Wednesday, Thursday, Friday, Sat-
urday, or Sunday)

R23. Which month is it? (January, Febru-
ary, March, April, May, June, July, August,
September, October, November, or Decem-
ber)

D. Scenario with numerical responses
R24. How many new notifications do I have? (0, 1, 2, 3, 4, or 5)

E. Scenario for time range
R25. At which time today do I have a meeting?

After finishing their designs on paper, the participants moved on to the next step
in the experiment. In this step, participants were asked to enter the solutions
they had just designed on paper into a smartphone in an eye-free configuration.
For this purpose, the participants held the smartphone in a box to avoid having
visual cues. Five participants manipulated the phone with only one hand and
the rest manipulated the phone with the dominant hand and held it with the
other hand. Then, the papers on which they designed their solutions were given
to them, and they were asked to copy their solutions from paper to smartphone
one by one. An Android application was developed to capture participants’
responses in an eyes-free configuration. The smartphone screen was mirrored
on a display in front of the participants to guide them during the experiment and
maintain eye-free interaction with the smartphone itself, as shown in Figure 4.2.
At the top of the screen, the interaction scenario and the answers were displayed
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one after another. The participants had to first draw the gesture to give the
command and then specify vibration points one by one by drawing the gesture
from the beginning to the point where they wished to get the vibration. No
visual cues were shown on the display about the touch point or gesture path,
to ensure an eye-free condition. At the bottom of the screen, there was a green
sliding button, which was used to approve the response by swiping right or to
return to the previous steps by swiping left. A paper strap was glued on top
of this virtual button so that participants could feel its position without seeing
the phone. The average duration of the experiment for each participant was 50
minutes.

4.1.3 Results
Our results include the agreement rate measures, user-defined gestures set, and
the user-defined vibration patterns set.

4.1.3.1 Agreement rate measure

To evaluate the degree of consensus among our participants, we used AGATe
software (AGreement Analysis Toolkit) software [233] for calculating an agree-
ment rate for each referent. An agreement rate, AR(r), quantifies the magnitude
of agreement among the gestures elicited from the participants, where:

AR(r) =
|P |

|P | − 1

∑
Pi⊆P

(|Pi

Pt
|)2 − 1

|P | − 1
(4.1)

In Equation 4.1, P is the set of all proposals for referent r, |P | is the size of
the set, and Pi is the subsets of identical proposals from P . The range for AR(r)
is [0, 1]. In our study, we used the formula above to calculate two agreement
rates: (1) the gesture’s shape agreement rate and (2) the gesture’s speed profile
agreement rate.

The gesture shape agreement rate is the same as the agreement rate in pre-
vious elicitation studies. In this study, participants propose two gestures for
each referent (an input gesture and an output gesture). We assumed that two
designs were identical if they had identical input gestures and identical output
gestures. After gathering all the proposals of the participants, the authors cre-
ated a codebook [234] to assess the similarity of the proposals. We considered
two gestures identical if they were made from equal number of strokes and the
deviation between stroke angles was less than 45 degrees, even if two gestures
had differences between their absolute position on the screen, their overall shape
size, or strokes’ lengths. Consequently, we calculate one gesture agreement rate
for each design. However, in 96 percent of the designs, participants proposed the
same gesture for input and output. Chance agreement [221, 234] was not consid-
ered and corrected, as the user elicitation study was not conducted with a fixed
set of nominal categories out of which the participants chose their proposals.

In order to calculate gestures speed agreement rate, we derived the speed
profile of gestures by taking the derivative of finger displacement with respect
to time. The speed profile of all participants for each referent is available in the
supplementary material. Then, we used the same formula as above on the speed
profile. The codebook used for evaluating the similarity of speed profiles was
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Figure 4.3: The gesture’s shape agreement rates and the gesture’s speed profile
agreement rates are shown for all scenarios.

different from the one used for shape agreement rate. First, the peaks and lows
in the speed profile were detected. Then, the speed profile was translated into
series of peaks and lows, with the same order as they appear on the time axis.
Two speed profiles were considered identical if they had the same number of lows
and peaks in same order. To the best of our knowledge, we are the first gesture
elicitation study that measures the speed profile agreement rate. The gesture
set proposed by participants encouraged us to look at the agreement rate on
the speed profile. We observed that the gesture shape proposed by participants
for some referents had relatively low agreement, but the agreement rate among
the speed profile of the same referent was significantly higher. So, it is more
likely to find consensus by using gesture speed profile rather than gesture shape.
Figure 4.3 shows the gesture agreement rates and the speed profile agreement
rates for all 25 referents.

A paired-samples t-test was performed to compare the gesture agreement
rate and the speed profile agreement rate of the 25 referents. There was a sig-
nificant difference between gesture shape agreement rates (mean = .081, SD =
.122) and gesture speed profile agreement rates (mean = 0.252, SD = 0.153);
t(24) = 8.545, p < 0.00001. The gesture’s shape agreement rate is, in particular,
low. Thus, to better understand the cause of this low rate and, in particular,
if it depends on the scenario or not, we decided to calculate the gesture shape
agreement rate by scenario. We also calculate the speed agreement rate for
each scenario in order to determine if the gesture’s speed profile agreement rate
compensates for the gesture’s shape agreement rate in cases where the latter is
low.

Finally, the vibration pattern agreement rate V AR is calculated for each
referent using the formula below:

V AR(r) =
|V |

|V | − 1

∑
Vi⊆P

(|Vi

Vt
|)2 − 1

|V | − 1
(4.2)

where P is the set of all vibration patterns of the proposal of the referent r,
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|P | is the size of the set, and Pi are the subsets of identical vibration patterns
of P . The range for V AR is [0, 1]. The criteria used to consider two vibration
patterns identical for each scenario are explained in the next section.

4.1.3.2 User-defined eyes-free Gestures & vibration patterns sets

In the following, we present, for each scenario, the most used input gestures,
output gestures, and vibration patterns, along with the agreement rates for
gesture’s shapes, gesture’s speed profiles, and vibration patterns.

Interaction scenarios in the presence of auditory feedback.
The most common gesture suggested for accepting a call was a straight line

drawn from left to right by seven participants, and for rejecting a call, a straight
line drawn from right to left by six participants. The mean agreement rates for
gesture shape and gesture speed profile are 0.190 and 0.493, respectively.

For accepting or rejecting call scenarios where auditory feedback is available,
75 percent of participants preferred not to have any haptic feedback for either of
the referents. The rest of the participants all preferred to have a single vibration
at the end of the output gestures, which were identical to the input gestures, for
both referents. The vibration agreement rates for both accept and reject call
referents were 0.591.

Interaction scenarios with yes/no response.
In this scenario, for eight of the referents the most agreed gestures were ges-

tures with shape of a letter from referent. For instance “N” shaped gesture for
“Do I have new notifications?” referent and “M” shaped gesture for “Do I have
new messages?” referent. All participants suggested same gesture for input and
output for every single referent. For this scenario, the mean agreement rate
for gesture shape and gesture speed profile were 0.094 and 0.277, respectively.
Figure 4.4 shows the most suggested gestures for yes/no feedback scenario ref-
erents. Respectively, Figure 4.5 shows all the gestures suggested by participants
for this scenario.

The vibration patterns suggested by participants can be categorized by
three parameters. First, the number of locations on gestures where vibration is
present. Figure 4.6a shows that users suggested between zero and two vibration
points for these interaction scenarios. 96% of users preferred to have a vibra-
tion at a single point for yes response, and only four percent preferred to have
vibrations at two points on a gesture for yes responses. For no response, most
participants, 63%, again preferred to have vibration at one point on the gesture.
However, contrary to the yes responses, 37% proposed not having any vibration
for the no response.

Second, the vibration patterns can be categorized based on the number of
vibrations proposed by the participants. Figure 4.6b shows that the participants
suggested between zero and two vibrations for this interaction scenario. Most
of the participants, 77% for yes responses and 64% for no responses, suggested
one vibration on the gesture for feedback. However, the rest of the participants
proposed no vibration for no response and two vibrations for a yes response.
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Figure 4.4: The most suggested gestures for referents R1 to R16. The filled
circle shows the start point of the gesture. The arrow shows the ending point
of the gesture.

 

 

 

 

 

Figure 4.5: The gestures suggested by all participants for R1 to R16 referents.
A Different color is dedicated to each participant.
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Figure 4.6: The vibration patterns suggested by users for yes/no response sce-
narios. Figure (a) shows on how many points participants prefer to have vibra-
tion for each response. Figure (b) shows the number of vibrations they prefer
to have for each response. Figure (c) shows where on the gesture they preferred
to have the vibrations for each response.

Third, the vibration patterns can be grouped based on the position of the
vibrations. Figure 4.6c shows the distribution of vibrations in gestures by cat-
egorizing them into three groups: at the beginning of the gesture, at the end
of the gesture, and between. Our results show that most participants prefer to
have a vibration at the end of the gesture for a yes response. However, for no
response, vibration is preferred both at the beginning and at the end of gesture.

Using the three criteria stated above to consider the vibration patterns iden-
tical, we calculated the vibration agreement rate for all 14 referents. The results
indicate that the mean vibration pattern agreement rate for the answer “yes”
was (mean = 0.263, SD = 0.082) and the mean vibration pattern agreement
for the answer “no” was (mean = 0.242, SD = 0.046), t(13) = 3.802, p = 0.001.
Although most of the participants used similar vibration patterns for different
referents of this scenario, no participant applied the same vibration pattern to
every single referent of this scenario. The most suggested haptic feedback was
a vibration at the beginning of the gesture for “no” response and a vibration at
the end of the gesture for “yes” response.

Interaction scenario for categorical responses.
This interaction scenario includes seven referents. Four of these referents

were analogs, R17 to R20, in the sense that the question asked was the same, but
the number of possible answers was different. In all four referents, the question
was “What application do I receive notification from” and the possible response
was an application from two, three, four, or five applications. The most popular
design was suggested by three participants. They differentiated the referents by
adding an extra stroke to the end of the previous referent to increase the number
of possible answers. Although the gesture shape they used was different, the
speed profiles of those gestures were similar. For this set of designs, participants
always assigned the vibration to the corners of the gestures. Figure 4.7 shows
the most popular design for referents R17 to R20. Two participants used the
same gesture for all these analogues referents and assigned different vibration
points for each referent. They always assigned the vibration to the same location
for the same application in all referents. Two participants used the first letters
of the applications for gestures. The next most common suggested gesture
shape was drawing the letter from each possible response as both the input and
the output gestures and feeling the vibration at the end of the corresponding
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letter, depending on the response. For example, when the possible answers
were “Instagram” or “Facebook”, they drawn “IF” for this referent. When the
possible answers were “Instagram”, or “Facebook”, or “Twitter”, or “WhatsApp”,
they drew “IFTW”. Figure 4.8 shows all gestures suggested by participants for
referents R17 to R20.
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Figure 4.7: The most suggested gestures for referents R17 to R20. The filled
circle shows the beginning of the gesture. The arrow shows the end point of
the gesture. The red letters show the vibration point for each response. "i" for
Instagram, "f" for Facebook, "t" for Twitter, "w" for WhatsApp, and "te" for
Telegram.

 

 

 

 

 

Figure 4.8: The gestures suggested by all participants for referents R17 to R20.

Referents R21, R22, and R23 were unrelated questions with four, seven, and
12 possible responses. For referents R21 and R22 with four and seven possible
responses, respectively, 70 percent of participants proposed gestures with clear
corners and assigned the vibrations to the corners of the gesture. However,
for referent R23, with 12 possible responses, this percentage was 25 percent.
Figure 4.9 shows the most suggested referents for these three referents. Respec-
tively, Figure 4.10 shows all gestures suggested by participants for referents R21
to R25.

This interaction scenario included referents with two to twelve possible re-
sponses. Our results show that the users prefer to have gestures with clear cor-
ners, such as zigzag patterns or geometric shapes such as rectangles or hexagons,
and assign the vibration to the corners of these shapes. The gesture shape agree-
ment rate and the gesture speed profile agreement rate were 0.015 and 0.147.
The vibration agreement rate for this scenario was 0.056 ± 0.061.
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Figure 4.9: The most suggested gestures for referents R21 to R25. (R23) num-
bers 1 to 12, represent the vibrations for the month from January to December,
respectively. (R24) shows that the participants suggest no vibration for the zero
feedback and one vibration at the corners of the pentagon. (R25) The design
suggested by half of the participants for a time range. They suggested feeling
a vibration at the beginning of the time range (i.e., at 2 o’clock in the figure)
and one at the end (i.e., at 5 o’clock in the figure) while drawing a circle.

 

 

 

 

 

 
Figure 4.10: All gestures suggested by users for referents R21 to R25.

Interaction scenario for numerical responses from 0 to 5.
For numerical responses, 75% of participants preferred gestures with clear

corners, similar to categorical responses. The gesture most suggested for this
referent was a pentagon, as shown in Figure 4.9. However, some other designs
were also suggested, like having vibration at different places in a straight line
(for the "1" response vibration at the beginning of a straight line and for the
"5" at the end of the straight line) or varying the number of vibrations (one
vibration for the response "1" and five vibrations for the response "5"). In this
case, the participant suggested a gesture shaped like the letter “N” as input
gesture, and no gesture as output gesture. The gesture shape agreement rate
was 0.000 and the gesture speed profile agreement rate was 0.091. The vibration
agreement rate for this scenario was 0.106.

Interaction scenario for the time range.
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For this scenario, we had one referent that asks in what time range do I have
a meeting today. For this referent, unlike other referents, participants did not
have access to possible responses when designing their gestures on the paper.
We asked them to devise a solution that covers all possible time spans. 50%
of the participants suggested a circular shape gesture, which corresponds to a
clock, and proposed having one vibration at the beginning of the time range and
one at the end. This design was the most popular one (an illustration is shown
in Figure 4.9). The other participants suggested a similar idea, but for shapes
other than circles, such as triangles. The gesture shape agreement rate and the
gesture speed profile agreement rate were 0.439. The vibration agreement rate
for this scenario was 0.439.

4.1.4 Discussion
In our study, the overall average agreement rate for the shape of the gesture
was very low (mean = 0.081, SD = 0.122). The five scenarios in this study
can be listed in descending order based on the gesture shape agreement rate
as follows: 1) scenario for the time range (mean = 0.227), 2) scenario in the
presence of auditory feedback (mean = 0.190), 3) scenario with yes/no responses
(mean = 0.094), 4) scenario with categorical responses (mean = 0.015), and
5) scenario for numerical responses (mean = 0.000). The time range scenario
has the highest agreement rate, though based on our participants’ feedback, it
was the most challenging scenario to design. However, in the end, half of the
participants suggested the same design. Their design was based on a simple
illustration of a clock’s hours on a circle. This shows that the designers should
try to use gestures, which are a simple illustration of an object or act related
to the scenario. However, a commonly accepted illustration of every scenario is
not possible. For instance, there is no common visualization of months or weeks
accepted by public. The second scenario with the highest agreement rate was
for accept and reject call referents. The gestures suggested by users are very
similar to gestures used on many smartphones to accept and reject calls when
visual cues are available. So, we recommend using designs that are similar to
the gestures that are famously already used on smartphones when possible. For
the yes/no response scenario, though the gesture’s shape agreement rate was
low, the most popular design was to use a letter from the scenario. We believe,
this was suggested by many participants because it’s easy to remember and the
haptic feedback was a simple binary response, which can be easily applied to
any gesture with any shape. Among the other scenarios, the categorical and
numerical responses scenarios had the lowest rate of agreement for gesture’s
shape. This may be due to the fact that they were difficult to illustrate with
a simple, widely accepted gesture, and the required haptic feedback was more
complicated. However, for these two scenarios, the mean agreement rates of the
gesture speed profile were higher, 0.147 and 0.091, respectively. This finding
suggests that, for such scenarios, the speed of the gesture is more important to
users than the shape of the gesture.

Based on our findings, in the following, we discuss the implications of our
results for the design of the Hap2Gest concept in terms of gesture design, gesture
recognition, and haptic design.
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4.1.4.1 Gesture design and recognition implications

From our study, we recommend designers and researchers to use the same
gesture for input and output to increase learnability and memorability. It
also simplifies recognition. In our study, although we allowed participants to
use different gestures for input and output, our user-designed sets emerged with
96% of the same gesture for input and output. This may be due to the fact
that using the same gesture for input and output requires less memory effort
for participants. Although participants decided to do this without considering
the recognition problem, it is also beneficial to the recognizer. Since the two
gestures drawn by users for input and output are quite similar to each other,
the recognizer has a reference with which to compare the output gesture. For
instance, if a user wants to draw a circle as a gesture, it is a very challenging
task to detect on-line where on the circle the touch point is, especially at the
initial stages. But when the input gesture is already recorded, the recognizer
can easily detect the position on the circle by comparing the incomplete output
gesture with the input gesture if there is no significant difference between the
input and output gestures.

Although we recommend the designers use the same gesture for
input and output in most cases, we don’t recommend it when the
gesture is too long. Drawing two long gestures can be slow and exhausting.
To solve this issue, we recommend excluding the output gesture and providing
the information with only vibrotactile messages at the end of the input gesture,
or using a shorter input gesture. For example, for referents R22 and R23, where
there were 7 and 12 possible responses, respectively, some participants used a
short letter as input gesture (i.e., letter “Z” as input gesture and a longer zigzag
as output gesture for referent R22).

Our findings show there is a clear relation between the type of gestures and
vibration patterns users suggest and the type of output information. First,
stroke gestures with geometric patterns (like rectangle, zigzag, poly-
gon, etc.) should be preferred over alphabetic gestures for commands
that can provide the user with many output information, like in the
scenario with categorical responses. What is important in this case is that the
number of strokes that make up the output gesture is significant to the par-
ticipants: The more strokes the gesture contains, the more corners
there are, and the more output information the output gesture can
provide the user. However, when the size of output information is so large,
drawing so many strokes can be exhausting. To solve this problem, some par-
ticipants suggested assigning multiple vibrations to a line or a curve, and not
only at corners. In this way, the gesture becomes shorter and easier to draw.
The agreement between the shapes of the geometries for such a referent, R23,
was very low, but the majority of participants spread the vibrations on straight
lines. However, the most popular design was to spread the 12 vibrations over
a circle. Though this was the most popular suggestion, it does not show that
it would work. Further experiments are required to determine if participants
can accurately locate these 12 points on a circle while drawing gestures. If the
circular gestures cannot have high accuracy, then the other design suggested by
users can be used instead. Some participants, for example, proposed spreading
the 12 points across a geometry with four edges with three vibration points on
each edge. The corners available in this geometry may result in higher accuracy
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in locating the vibration points.
In contrast, alphabetic gestures are interesting to use when consid-

ering commands that provide the user with a binary response, such
as those in the scenario with a yes or no response. In this case, the
letter that corresponds to the first letter of the name of the application is a
good choice for the input and output gestures. For example, to check if the user
has received a message, the letter “M” can be used. This finding is correlated
with the work of Roudaut et al. [184], where letters are used as output gesture
accompanied with haptic feedback to notify the user that he has received a mes-
sage. Successive letter shapes can also be used, for example, in the case where
the user wants to have different notifications from different applications.

For challenging scenarios such as the time range, we recommend
using gestures, which are simple illustrations of an object or act re-
lated to the scenario. For example, our participants used a circle to illustrate
the hours of a clock. However, a commonly accepted illustration of every sce-
nario is not possible. For instance, there is no common visual representation
of months or weeks accepted by the public. Finally, for scenarios where
gestures are already famously used on smartphones, such as accept-
ing and rejecting calls, we recommend using these familiar gesture
shapes.

As Wobbrock et al. [243] we advocate gesture reuse to increase learnabil-
ity and memorability. Our user-designed set emerged with reusable gestures
for analogous operations. Interestingly, to exclude ambiguity between different
referents, in addition to relying on the target of the gesture as observed by
Wobbrock et al. [243], our participants rely on the location of the haptic feed-
back for the output information. Two participants used the same gesture for all
four referents, asking which application they have notifications from. They just
added new vibration locations to each additional application while keeping the
same gesture for the four referents.

For the categorical and numerical response scenarios, the recog-
nizer should focus more on the speed profile and not on the geometry
of the gesture, as there is more agreement between the speed profiles. For
example, for the majority categorical referents, users draw a gesture with clear
corners, such as a polygon or zigzag, and assign the vibration to the corners of
the gesture. Although the mean shape agreement rates of gestures for categor-
ical and numerical scenarios were not high (0.015 and 0.000, respectively), the
mean speed profile agreement rates of gestures were significantly higher (0.147
and 0.091, respectively). This shows that the gestures the participants sug-
gested were quite different, but the speed pattern was much more similar. In
this case, the speed profile of these gestures is formed from consecutive bumps
where, at the corners of the geometry, the corresponding speed is close to zero,
at the bottom of bumps in the speed profile, and that is where most users prefer
to have the vibrations.

4.1.4.2 Haptic design implications

Designers and researchers should place the output vibration on the
corner of the output gesture. For example, in the first scenario, accept and
reject call, all the participants who decided to have haptic feedback chose to
have it at the end of the gesture. In the second scenario, yes / no responses, 89
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percent of participants assigned vibrations at the beginning, end, or in between
but at the corners. In the third scenario, categorical responses, the participants’
preference was to have gestures with clear corners and assigning vibrations to
the corners. However, it was a function of the number of possible responses. The
percentage of participants who decided to have shapes with clear corners, such
as a zigzag pattern, increased from 50% to 75% when the number of responses
increased from 2 to 6. However, for the number of responses greater than 6, this
percentage was less, i.e., 33 percent for 12 possible responses. For the numerical
response scenario, there was also a high tendency to assign vibrations to corners,
75%. These results show that participants find it easy to feel vibration in corners
and tend to focus on the speed pattern of the finger rather than the geometry
of the gesture.

The number of successively perceived vibrations could be used to provide
users with numerical output information. While this solution was not the most
suggested, it is still an interesting way to receive the output information. After
drawing the input gesture, the user will simply remain stationary and count
the number of distinct perceived vibrations. This method was suggested by one
user for R22, R23, and R24 referents. Referent R24’s output is intrinsically a
number. However, the outputs of the referents R22 and R23 can have an order
and can be numerated by the users, , that is,, one corresponds to the first month
of the year and 12 corresponds to the last month of the year. Consequently, it
is interesting to study in future work from both cognitive and precision points
of view, for numerical output information, if it is better to perceive different
vibrations through the gesture, each of which corresponds to a different number,
or to stay stationary after drawing the input gesture while perceiving many
successive vibrations (at the same location) such that their number corresponds
to the output information.

When auditory feedback is available, haptic feedback can be ex-
cluded. For example, for accepting or rejecting call referents, most participants
preferred not to have haptic feedback.

However, as our study was carried out without a primary task, this implica-
tion can depend on the context of the interaction. For example, in [18], authors
found that, after training with visual and auditory feedback, the use of haptic
feedback permits users to reduce their attention to the touchscreen.

4.1.5 Summary
In this study, we incorporate an additional dimension, the kinesthetic percep-
tion of the finger, into the human-smartphone interaction via the haptic channel.
We presented Hap2Gest, a two-phase, gesture-based, eyes-free interaction con-
cept that uses the tactile and kinesthetic senses to access information from a
smartphone. We conducted the first elicitation study in the literature in which
touchscreen gestures are chosen not only based on the task, but also considering
the tactile channel for information retrieval. The findings reveal that in over 96
percent of instances, participants prefer using the same gesture for both input
and output, which is advantageous for designers, as it simplifies recognition and
enables online recognition. Our results also indicate a clear correlation between
the types of gestures and the vibration patterns proposed by users and the type
of output information. Furthermore, we demonstrated that the agreement rate
for the gesture’s speed profile is significantly higher than that for the gesture’s
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shape, and it can be utilized by the recognizer when the gesture shape agreement
rate is low.

Moreover, generally participants suggested having tactile feedback at the
corners of gesture shapes. Since in the corners of gesture the speed profile reaches
its local minimum value, designers can focus on the speed profile to locate
the point where vibration should be applied. However, users also suggested
shapes without clear corners, such as circles, for some scenarios. The lack of
clear corners makes the determination of the correct location for vibration more
challenging than shapes with clear corners. For this reason, in the next two
studies, we will investigate the eyes-free production of gestures without clear
corners (arcs and circles) and how accurately they can be used in the Hap2Gest
method.

4.2 Production of Eyes-free Circular Gestures With
Free Trajectory

In this study, we focus on circular gestures. The circular gesture paradigm is
not only functional, but also engaging, providing users with a natural and fluid
means of interacting with digital content. Moreover, in the previous study, a
large number of users suggested the circular gesture to retrieve time information
in the Hap2gest interaction concept. However, this suggestion was made by
participants without actually investigating its feasibility in practice. Here, as
a first step, we will study perception of the user about the location of their
fingers on eyes-free free-hand circular path. We want to understand when a
user is trying to draw a circle partially if their perception of finger location on
the circle corresponds to the intended geometrical length.

4.2.1 Design Principles
We introduce three design principles aimed at investigating the use of circular
arc gestures with haptic feedback for eyes-free interaction. By exploring different
combinations of these principles, designers can create a diverse set of interaction
techniques tailored to specific user needs and preferences in eyes-free interaction
scenarios.

• Continuous interaction: a circular trajectory provides an infinite length
for exploration without interruption at constant speed. Consequently, the
continuous nature of circular gestures should reduce cognitive load by
eliminating the need for users to hold and reposition their finger, especially
in an eyes-free interaction context. This seamless flow enhances the user
experience, making interactions more intuitive and effortless. For example,
a linear trajectory, on the other hand, has a limited length, and the user
has to lift the finger and move it to the starting point to continue the
interaction. This will result in continues change of exploration speed,
especially at the beginning and end of trajectory, which may influence the
haptic perception.

• Reusability: Gesture reuse involves utilizing the same gesture to perform
various tasks by considering gestures primitives, such as gesture dynam-
ics [248]. Using the concept of reuse for circular arc gestures involves
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utilizing variations in angles to represent different commands or functions
in addition to the movement directions (clockwise and under clockwise).
By altering the angle of the circular arc gesture, users can trigger distinct
actions or operations, enhancing the versatility and efficiency of interac-
tion. This approach allows for a more nuanced and flexible utilization
of circular arc gestures, enabling users to perform a wider range of tasks
without the need for additional gestures or complex input mechanisms.
Moreover, we extend the principle of reuse to haptic feedback by allowing
users to interpret perceived haptic feedback differently based on the ges-
ture performed and where the haptic feedback is perceived along the ges-
ture. For example, in the context of eyes-free interaction, during circular
gesture drawing, depending on where the user perceives the haptic feed-
back, they can retrieve different information corresponding to the drawn
circular arc. This adaptive interpretation of haptic feedback enhances
the user’s understanding of the interaction and optimizes the efficiency of
gesture-based tasks.

• Efficient space usage: Circular gestures allow for long gestures and
interaction on very small gadgets such as smartwatches. Beyond merely
drawing individual circular arcs, users can execute successive or repet-
itive circles and arcs, allowing for extended gestures on small gadgets.
This versatility enhances the usability of circular gestures on constrained
interfaces, ensuring that users can engage with their devices effectively
despite limited space. For instance, users may draw consecutive circles to
obtain additional details about retrieved information, discerned through
the position of the haptic feedback on the circle, i.e., the drawn circu-
lar arc. For example, after the first circle indicates receiving an email,
subsequent arcs/circles could provide further information like the email
category (personal, professional, etc.), number, etc.

4.2.2 Experiment
The objective of this study is to investigate the accuracy and variability of users’
eyes-free drawing of an arc over a circular gestures on a touchscreen mobile
device.

4.2.2.1 Participants and apparatus

Twelve right-handed participants (5 females and 7 males) were volunteered for
this experiment. The ages of the participants ranged from 23 to 32, (mean =
25.6, SD = 3.5). All participants had used smartphones for several years.

The experiment was conducted using a Samsung Galaxy S7 smartphone.
An android application was running on the smartphone which was showing
arcs and asking participants to draw the arcs in an eyes-free configuration on
the smartphone. The smartphone was held by participants under the table to
ensure eyes-free configuration. The smartphone screen was casted on a 13-inch
Dell laptop which was placed on the table in front of the participants, as shown
in Figure 4.11.

90



Figure 4.11: The setup we used for circular eyes-free gesture evaluation. The
user was sitting in front of the computer that was showing instruction. The
user was drawing gestures on the smartphone which was held under the table
to avoid visual cues.

4.2.2.2 Design

The experiment utilized a within-subject design with two factor: angle and
direction. Angle refers to the degree of the arc to be drawn and encompasses
12 conditions: 30°, 60°, 90°, 120°, 150°, 180°, 210°, 240°, 270°, 300°, 330°, and
360° representing a full circle. On the other hand, direction pertains to the
direction of the drawing movement and comprises two conditions: clockwise
and counterclockwise.

4.2.2.3 Task and Procedure

The task required participants to draw an eyes-free arc of various degrees in
both clockwise and counterclockwise directions.

The experiment was conducted in a silent room where participants sat com-
fortably on a chair in front of a desk. They held the smartphone in their right
hand and placed it under the table to restrict the view. The participants looked
at the monitor screen placed on the desk that displayed the instructions for
the task. Participants were provided with a brief training session to familiarize
them with the eyes-free drawing setup. Subsequently, they were guided through
a series of trials where they drew arcs of different degrees in both clockwise and

91



counterclockwise directions. Each degree of the arc was repeated four times to
account for variability.

In the experimental phase, the two directions were randomly presented to
the participants. Within each direction, the 12 angles × 4 repetitions were
randomly presented to the participants, resulting in a total of 96 trials per
participant (= 2 directions × 12 angles × × 4 repetitions). After each block of
trials, participants took a break.

4.2.3 Results
We collected the touch gestures on the smartphone which included the coordi-
nates of the drawn trajectory and timestamp. We also recorded the direction,
degree, and accuracy of each arc drawn by the participants.

The ideal geometric length (idl) of each arc for each user was calculated by
average length of 360 degree arcs for each user (360L) and nominal degree of
the arc (deg) using the following formula:

idl = 360L× deg

360
(4.3)

A two-way analysis of variance using ARTOol was conducted to examine the
effects of direction, and expected angle on idl.

The two-way ANOVA revealed that there was significant main effect of an-
gle (F(11,264)=79.54, p < .001) on idl. We ran Tukey Post-hoc analysis on
the angle factor. This resulted in 66 tests from which 48 pairs of angles had
statistically significant means from each other (p < 0.05). Here, we will report
which arc lengths had the most interference with other angles, failed to reject
the hypothesis that their mean is different from other angles, and (p > 0.05).
The 120° arc’s length was not significantly different from that of 4 other arcs
(60°, 90°, 150°, and 180°). The 150° arc’s length was not significantly different
from that of 4 other arcs (90°, 120°, 180°, and 210°). The 180° arc’s length was
not significantly different from that of 4 other arcs (120°, 150°, 210°, and 240°).
The 330° arc’s length was not significantly different from that of 4 other arcs
(240°, 270°, 300°, and 360°).

4.2.4 Discussion
The key finding is that, with the exception of larger angles, our study reveals
that participants tended to overestimate the length of arcs compared to their
ideal geometric length. These results are consistent in both directions. This
would suggest that when designing interactions based on circular arcs, it would
be more natural to position the degrees along the arc with varying distances
rather than equal ones. This adjustment can accommodate users’ tendency to
overshoot, potentially enhancing both accuracy and efficiency when adjusting
values along a circular arc.

4.2.5 Summary
In sum, the results of this experiment showed that when users draw an in-
complete circle (arc) without looking at the smartphone, their perceived angle
and length do not correspond to the actual angle and length of the arc. So, if
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Figure 4.12: The mean lengths of different arcs drawn by user in clockwise and
counterclockwise direction, on smartphone.

one wants to design an eyes-free interaction with a smartphone with circular
gestures, one should take into account this discrepancy between the perceived
angle and the produced angle of arc. In the next study, we will use this new
information to increase the precision of the Hap2Gest method.

4.3 Using Haptic Feedback on Free Circular Eyes-
free Gestures as Output

In this study, we examine the effectiveness of the circular gesture in Hap2Gest
interaction concept for perceiving the angle of an arc on a mobile device. We
will use the results of previous study on eyes-free production of arcs.

4.3.1 Experiment
We conducted an experiment to compare two methods of vibration feedback
triggered at calculated arc lengths to assess participants’ accuracy in estimating
angles of eyes-free drawn arcs on a touchscreen mobile device.

4.3.1.1 Participants and apparatus

We recruited a new sample of 12 right-handed participants (7 males, and 5 fe-
males), aiming for a similar demographic as in the previous study to ensure
consistency and comparability. Participants had prior experience with touch-
screen interactions.

We Utilized the same Samsung Galaxy S7 smartphone used in previous sec-
tion for this experiment. Participants were asked to draw arcs in both clockwise
and counterclockwise directions in an eyes-free configuration. The smartphone
was programmed to vibrate when the drawn arc reaches a length calculated
based on target arc angle. The gesture length gl corresponding to each angle
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was calculated by using the following formula:

gl = 360L× deg′

360
(4.4)

where 360L corresponds to length of the full circle user just produced to invoke
the command before producing each arc, the deg′ was the modified target angle
of the arc and the number we wanted the user to retrieve using the haptic cues.
The modified target angle is the angle we derived from Figure 4.12. We used this
modifies angle instead of actual angle since we showed in previous experiment
that length of the arcs produced by users is not exactly proportional to the
angle of the arc and they tend to overshoot.

4.3.1.2 Design

The experiment utilized a within-subject design with three factor: arc angle, arc
direction, and reference circle. We used the same arc angle and arc direction as
we used in previous study. However, reference circle refers to the full circle which
its length is used to calculate the length of the arcs for each angle and in result
the length that they will feel the vibration for each angle at. We considered
two reference circles in this study: immediate circle, and non-immediate circle.
Immediate circle refers to when the reference circle was made by the user exactly
before each trial and before starting to draw arcs to feel vibration and make the
estimation. The length of each full circle was used as the reference circle for
each trial. Non-immediate circle refers to when we asked each user to draw 5
circles in each direction. We calculated the length of the reference circle as the
average length of the five circles in each direction.

4.3.1.3 Task and Procedure

The participants attended two sessions for two reference circle conditions. For
each participant, the order of these sessions were random. In the non-immediate
circle condition, we first asked participant to draw five full circles in clockwise
direction and five full circles in counter-clockwise direction. The order of these
ten circles for each participant was random. Then, we calculated the average
length of the five circles in each direction as the length of full reference circle
for each direction. Then, the length of each arc is calculated by multiplying the
ratio of arc to full circle found for each angle in the previous experiment and the
length of the full reference circle found in this experiment. In each session, after
the lengths of each arc calculated by our program, the main experiment starts.
In each trial, participants were just instructed to start drawing circular gesture
on clockwise or counter-clockwise directions. They had to keep drawing the
circular gestures, even if necessary multiple circles, until they felt the vibration.
After feeling the vibration they lift their finger from the touchscreen and verbally
report to the experimenter what is their estimation of the angle of the arc they
drew. The participants were told that the angle can be any number greater
than zero. In total we gathered 2880 angle estimations from participants (
2 arc directions × 2 reference circles × 12 arc angles × 12 participants × 5
repetitions).

In the immediate circle condition unlike the non-immediate circle we didn’t
have one calculated for one full circle length. Instead before each trial and
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Figure 4.13: The mean and standard deviation of two reference conditions (im-
mediate circle, and non-immediate circle) for each target arc angle.

each angle estimation participants were instructed to draw a full circle in the
same direction as the next trial. So, before each trial, the full length circle
was calculated independently from other trials. After the full length circle was
calculated the arc estimation phase was similar to non-immediate condition.
Our hypothesis was that when the reference circle is drawn immediately before
the arc estimation phase there will be less variance in the arc shapes and the
participant’s estimation would be more accurate.

4.3.2 Results
A three-way ANOVA was conducted to examine the effects of arc degree, arc di-
rection, and reference circle on angle error. The means and standard deviations
for angle error across different levels of arc degree, arc direction, and reference
circle are reported below.

Arc degree: There was a significant effect of arc degree on angle estimation
error (F (11, 2843) = 2017.86, p < 0.001). The mean and standard deviation
(SD) of angle estimation errors are shown in Figure 4.13. In general, a higher
arc degree caused a higher error in the estimation of angle by the user.

Arc direction: We didn’t find a significant effect of arc direction on angle
estimation error (F (11, 2843) = 3.49, p = 0.06). So, we didn’t find any evidence
that the direction of gesture (clockwise or counterclockwise) affects the accuracy
of angle estimation.

Reference circle: There was a significant effect of reference circle on angle
estimation error (F (11, 2843) = 2017.86, p < 0.001). The mean angle estima-
tion error of the immediate circle (48.17◦) was significantly less than the mean
angle estimation error of the non-immediate circle (108.08◦). This shows that
asking for the reference circle right before angle estimation will cause less error
in angle user’s estimation.

We didn’t find any interaction between any of the variables.
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4.3.3 Discussion
The results indicate that the reference circle used has a significant impact on
angle error, with the immediate circle method resulting in significantly lower
angle errors compared to the non-immediate circle.

Arc angle also significantly affects angle error, suggesting that different de-
grees result in varying levels of error. Generally, the higher the "arc angle"
the higher error in estimation was observed. However, the error we observed
in angle estimation was relatively high. Although the immediate circle caused
lower error compared to non-immediate circle, it’s error is still high and makes
it impractical to use.

We recommend two possible solutions for this issue. First, one can use a
more sophisticated recognizer, which in real-time can analyze the shape of the
gesture made by user and tries to locate user’s finger position on the circle.
This method is relatively challenging, especially at smaller angles, where there
is less time and data available for analysis. The second solution is to fix the
radius and position of the circle and force the user to move the finger over the
predefined circle. Although fix circle is common on touchscreens, using them
in an eyes-free configuration is challenging as the user needs to locate the circle
without visual cues. One possible solution to tackle this problem is to provide
a haptic texture on the circle and then use a different haptic feedback on the
target points.

4.4 Conclusion

This chapter delves into the output part of interaction with smartphones, par-
ticularly focusing on the haptic channel as an alternative to the visual channel
for eyes-free information retrieval. Given the significantly lower bandwidth of
the haptic channel compared to the visual channel, the chapter introduced a new
interaction techniques to enhance this bandwidth, leveraging simple vibrotactile
motors and user gestures on a touchscreen. In the first study, we introduced
Hap2Gest, a novel two-stage interaction concept that uses haptic feedback on
gesture trajectories as an output mechanism. This approach integrates tactile
and kinesthetic perception to enrich the haptic feedback provided by smart-
phones. The study’s findings indicated a high user preference for using the
same gesture for both input and output, facilitating simpler recognition and en-
hancing the design process. Furthermore, the study highlighted the importance
of the speed profile of gestures over their shapes in determining the application
points for vibration feedback, with a specific user inclination towards tactile
feedback at gesture corners. The speed profile of the gesture can help to locate
the corners of the gestures. Users tend to reduce the speed of their fingers in cor-
ners. This is because users have to change the direction of the finger movement
suddenly at corners.

On the other hand, in the next two studies we focused on the feasibility
of using circular gestures in Hap2Gest method. Using circular gestures in the
Hap2Gest method is challenging, as there is no clear corner in circles or arcs
(incomplete circles). This makes it difficult to locate the right point for the
haptic feedback. We tried to address this issue by first examining the consistency
and accuracy of users performing eyes-free circular gestures. The investigation

96



revealed a significant discrepancy between users’ perceived and actual angles and
lengths when drawing arcs without visual feedback. We used this information
for applying vibration on arcs in Hap2Gest. We used the gesture length to
find the correct point for applying vibrations on circular paths. However, our
results showed a large error for information retrieval on circular gestures using
this method. This shows how challenging it is to use circular gestures for the
Hap2Gest method. So, we recommend designers to use gestures with clear
corners in this interaction technique. If using circular gestures is necessary,
we recommend using much more sophisticated gesture recognizer (software) or
fixing the circle on the screen or using haptic feedback on the perimeter of the
circle and a different texture or intensity on the target point which requires
more sophisticated haptic actuators (such as haptic surfaces).

In summary, in this chapter we introduced a new interaction technique,
which allows complete eyes-free interaction (input and output) using only haptic
channel. We in particular showed how challenging it is to use circular gestures
for this method, and we suggest using gestures with clear corners instead.
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Chapter 5

Conclusions and Perspectives

In this final chapter, we summarize the key findings from our studies on eyes-free
gestures and haptic feedback interactions with smartphones. We also discuss the
broader implications of our work for future research and practical applications
in mobile interface design.

5.1 Conclusions

This thesis focused on understanding and improving touchscreen interactions,
specifically on smartphones, in situational impairment scenarios using haptic
channel and eyes-free gestures. Creating designs that focus on situational aware-
ness can result in improved solutions for people with disabilities. Similarly,
focusing on the needs of disabled people can inspire innovations that address
situational impairments [20]. They both have similar challenges for the inter-
action through haptic channel. These challenges can be divided into two parts:
first, the difficulty in input (invoking commands on smartphones using one hand)
without any visual feedback, and second, the difficulty of retrieving information
from smartphones using the limited bandwidth of the haptic channel.

First, we delved into differences in gesture production under eyes-free condi-
tions versus visible phone scenarios. Our results revealed significant differences
in gesture production and recognition in eyes-free configurations compared to
when the smartphone is visible. Then, we studied how some environmental fac-
tors can affect the production of eyes-free gestures on mobile devices. We found
that a faster speed of user movement resulted in longer, larger, and faster ges-
tures, while holding the phone in a shoulder bag produced slower, shorter, and
smaller gestures. Higher movement speeds also caused more deviation in the
phone’s orientation angles. Finally, we focused on environmental factors caused
by multitasking. Our results showed that an attention-saturating task alters
the geometric features of gestures, making them shorter and faster. Right-
handed users preferred to use their dominant hand for gesture production to
reduce frustration. This research demonstrated that situationally induced im-
pairments affect gesture production differently. Environmental factors influence
user interaction strategies, and recognizing these factors can help improve ges-
ture recognition accuracy. The built-in smartphone sensors can provide context
information, such as accelerometer data indicating running or ambient light
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sensors showing a closed space.
We explored the potential of haptic feedback in improving eyes-free gestural

input with smartphones. Continuous haptic feedback significantly improved user
confidence and gesture accuracy during in-pocket interactions compared to no
feedback or variable feedback. Although distal feedback through a smartwatch
was effective, users predominantly preferred haptic cues directly from the smart-
phone. This study highlighted the importance of haptic feedback in eyes-free
interactions, especially in constrained environments. However, we did not find
significant differences in some of our measurements, such as gesture recognition.
The large number of similarities we observed shows that it is possible to use
haptic feedback for input both distally or locally if depending on the situation.
Then, we used haptic feedback to improve gesture input in a completely different
way. This time the user directly touched the touchscreen, so there was no doubt
by the user about the detection of finger by touchscreen. However, this time the
user needed to move his/her finger on a fixed circular path (a virtual knob) and
target specific points on the circular path (detents of the virtual knob). For this
purpose, we used a two-layer haptic feedback to guide the touch input. First,
a background texture was applied on the perimeter of the knob to guide the
gesture path. Second, a different texture was applied to the detents of the vir-
tual knob. The presentation of two different tactile textures on the touchscreen
required a more sophisticated haptic actuator. So, we used a haptic surface
instead of a vibrotactile actuator. We presented three haptic feedback designs
for the implementation of the virtual knob. GradualTexture+HapticDetent and
BumpyTexture+HapticDetent designs improved performance and reduced men-
tal demand compared to without feedback + HapticDetent alone. This research
showed the potential of haptic feedback to improve touchscreen input in visually
impaired scenarios. The existence of different haptic actuators provides a large
opportunity for designers to use different actuators in their designs according
to their needs. It’s even possible to use these actuators together to extend the
bandwidth of haptic channel if necessary.

Later we focused on leveraging the haptic channel as output in interaction
with smartphones. We introduced the Hap2Gest concept, which combines tac-
tile and kinesthetic senses to enhance eyes-free command invocation and infor-
mation retrieval. Participants preferred using the same gesture for both input
and output, simplifying recognition and enabling online recognition for design-
ers. Generally, participants preferred having vibration points on the corners of
gestures as it is easier for them to locate while producing the gesture. Gestures
that have clear corners, such as zigzag patterns, also make the recognition side
easier for the smartphone. Since users need to make a steep change in the direc-
tion of finger movement at the corners, the corners are usually easy to spot on
gesture profile speed (local minimums). However, participants also suggested
some gestures without clear corners, such as circles, where, due to lack of clear
corners, the speed profile may not be very useful for the recognition. So, we
explored the complexities and possibilities of circular gestures in this method.
First, we studied how users produce arcs (incomplete circles) with different an-
gles in eyes-free configuration. Users consistently overestimated the length of
arcs in eyes-free circular gestures. Then we studied the ability of users to retrieve
information on a circular gesture in the Hap2Gest method. Our results showed
poor accuracy for information retrieval on circular gestures. The high error
rates at higher arc angles highlighted the need for advanced gesture-recognition
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technologies or fixed circles with haptic textures. This research underscored the
critical role of haptic feedback in eyes-free interactions, covering input, output,
and user preferences for haptic feedback patterns for output signals and the
challenges of using free-hand eyes-free circular gestures in Hap2Gest method.

In summary, this thesis explored the effects of different environmental fac-
tors on gestural interaction with smartphones and how haptic feedback can
enrich eyes-free interactions. We identified user preferences, limitations, and
performance outcomes for various interaction techniques. These findings lay
the foundation for developing more intuitive and reliable eyes-free interfaces,
emphasizing adaptable gesture recognition systems and thoughtful design con-
siderations to accommodate different user conditions and environments.

5.2 Perspectives

Our studies had several common and general limitations. We only covered a
few scenarios that can cause situational impairment, and all the experiments
were conducted under controlled conditions in a laboratory or gym. Future
research could investigate these questions in real-world scenarios such as driving,
walking on the street, engaging in daily activities like cooking, or conversing
with others. For example, the effect of physical activities, such as jogging,
on gesture production is markedly different from that of cognitive tasks. It
would also be interesting to study how social factors affect gesture production.
For example, how does someone make gestures to check a message on their
smartphone without interrupting a conversation? Situational impairments could
also affect the perception of haptic signals from the smartphone.

In addition, most of our participants were between 20 and 30 years old.
Eye-free interaction with smartphones is likely to be more difficult for older
individuals, which warrants further investigation. In addition, in all our exper-
iments, participants used one hand to manipulate the smartphone. Using both
hands or the opposite hand could yield different results. Except for Section 2.2,
the participants were comfortably seated in a chair during the experiments. In
our research, we did not study the effects of mobility or other body postures.
The size of the phone may also influence gesture production, an aspect we did
not investigate. These are the general limitations of our studies, each of which
also had specific limitations.

We used a gesture recognizer only in some studies (Sections 2.1, 3.1, 3.2
and 4.3), and each study used only one type of recognizer. Future studies could
explore the effects of different gesture recognizers to determine which works
best for eyes-free gestures. More sophisticated recognizers that incorporate ad-
ditional sensor data, such as accelerometer data to detect user movement, could
also be used to adjust the recognizer accordingly. In Section 2.2, we only used
male right-handed participants to study the effect of movement speed and phone
location on the production of eyes-free gestures. Given the differences in average
running speeds between males and females, it would be worthwhile to conduct
similar experiments with female or left-handed participants. In addition, other
location on the phone, such as an armband during running, could be explored.

In Section 2.3, we used only one type of attention-saturating task and all
participants were right-handed. Using other practical and common scenarios,
such as driving, for attention saturation could provide more comprehensive in-
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sights. In Sections 3.1 and 3.2, the participants used the smartphone in the
front pocket of their pants. Different pockets might yield different results. We
also used only one type of fabric for the pocket; different fabrics and pocket sizes
could influence interaction. For example, in preliminary studies, we observed
that loose pockets caused the fabric to move with the finger, negatively affecting
the detection of touch by the smartphone.

In the Hap2Gest interaction concept, participants proposed their designs for
gesture and vibration patterns without actually trying them for information
retrieval. Chapter 4 demonstrated that while some proposals, such as circular
gestures, were popular among participants, they were challenging for design-
ers to implement. Similar studies to those in Chapter 4 could be conducted
for other gestures and vibration patterns proposed in the Hap2Gest concept.
Furthermore, the cognitive load of the Hap2Gest method, particularly in the
presence of a primary attention-saturating task, is an important question that
needs investigation.

In Section 4.1, we only analyzed the length of the arcs and circles produced by
the participants. Future research could use 2D features of the gestures produced
for analysis, which is more complex. Similarly, in Section 4.2, our recognizer
only used the gesture length to determine where the vibration should be applied.
Developing a more sophisticated recognizer that uses 2D information to find the
correct vibration point would be beneficial, though challenging, as the recognizer
would need to find the correct point in real time. This would be especially
difficult for smaller arcs, where there is less time and data for analysis. Finally, in
Section 4.3, similar to Section 2.3, we used only one type of attention-saturating
task in a controlled laboratory environment.

Overall, the studies presented in this chapter contribute to a deeper un-
derstanding of circular gesture interactions in eyes-free contexts. The insights
gained highlight the potential for improving user performance and experience
through thoughtful design adjustments and the integration of advanced haptic
technologies. As we move forward, these findings will serve as a foundation for
developing more intuitive and reliable eyes-free interaction techniques, paving
the way for their broader application in various real-world scenarios.
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