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Abstract

We envision the future of wearable devices to be implantable, where devices are no longer attached to
the body, but rather, they are embedded as part of the body and provide more ambient experiences. This
revolution will not only change the wearable devices in functionality, but also dramatically alter the way
we access information and interact with the world. From wearable to implantable, screen based interface
is on the verge of disappearing. Touchscreen will become less prominent, to provide more flexibility in
terms of the size and structure of the devices. Looking forward, we expect the future implantable devices
to be invisible, bringing closer the interactions to the body. Future interactions will be weighted towards
human language of symbols, languages and gestures, which are ultra-subtle and intuitive. However, this
revolutionary technology will not be maturely developed or widely applied anytime soon. It will take a long
period of refinement to bring the implantable devices into the main digital markets.

To help users get accustomed to the changing interfaces, we have to foresee what are the new types
of control mechanisms and interaction metaphors that we are collectively going to have. This thesis looks
into a interface design space of such transition. Specifically, touchscreen on wearable devices faces input
efficiency challenge. Designing touch input on the screen requires improving expressiveness of simple touch
gestures. An alternative solution is designing intuitive hand gestures that are performed around the device.
Approaches include not only adding new sensing capabilities to the devices, but also leveraging the devices
themselves as on-body sensors. In spite of this, devices that are worn or embedded can be used as on-
body actuators, providing haptic feedback as an alternative output channel. Finally, skin becomes more
important as interface that can be turned into visual or haptic display. Upon summarizing key features,
scenarios and challenges, the thesis undertakes a broad exploration of design, implementation and evaluation
for the interfaces.

This thesis contributes an interface design space that outlines the possible transitions in the input and
output metaphors from wearable to implantable, as well as technical solutions and design innovations that
efficiently overcome the challenges raised from the interface paradigms. These include (i) the thesis proposes
page-flipping gestures on touchscreen to improve the touch input efficiency; (ii) the thesis proposes an input
method that leverages vibration signals produced from hand gestures for in-air and on-body interactions;
(iii) the thesis proposes an output method that merges passive force feedback to extend the wearable hap-
tic display’s bandwidth; (iv) the thesis proposes a skin-like haptic interface via hydraulic actuation and
demonstrates the benefits of using skin as display in a set of applications. Putting together, this thesis work
contributes to the challenging and long-term exploration of the forthcoming changing waves in the era of

wearable and implantable computing.
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Chapter 1

Introduction

Figure 1.1: Mainstream computing devices in history.

Mainstream computing devices have been decreasing in size (Figure 1.1) while increasing in computational
power. Wearable technology continues to increase in popularity with devices like smartwatches, smart glasses,
fitness trackers, and smart clothing gaining market share. With increased power and reduced size come new
possibilities for processing, exchanging, and displaying information. These new possibilities unlock novel
interaction techniques and potential application designs. A richer set of applications stands to reformulate
users’ creative, analytic, and learning activities, allowing them to become more effective and efficient in their
daily lives.

The decreasing size of wearable devices draws attention to the implantable technologies space. Unlike
wearables, implantable devices are no longer attached to the body, but rather, they are embedded under
the skin. Generic applications of the implantable include birth control, heart monitoring, defibrillation, and
inclusion in device such as tiny healing chips and smart tattoos. These applications stand to be further
expanded to nearly any domain that we can think of (e.g., communication, entertainment, and even self-
actuation). According to [22], the implantable device market was valued at $72,265 Million (2016) and is

now expected to reach $116,300 Million by 2022. We envision this implantable revolution to be the next big



wave in technology, which will not only affect the wearable devices in their functionality, but dramatically
alter the way we perceive and interact with the world, both physiologically and cognitively [26].

Wearable Device: Smart electronic devices (electronic device with micro-controllers) that can be in-
corporated into clothing or worn on the body as accessories [128]. Wearable technology achieved mainstream
popularity with the Bluetooth headset in 2002. Between 2006 and 2013, iconic wearable technology devices
Nike+, Fitbit, and Google Glass were released. In 2014, dubbed “The Year of Wearable Technology” by

several media outlets, activity trackers grew in popularity and the Apple Watch was introduced (Figure 1.2).

Figure 1.2: Popular wearable devices in the market: (from left to right) Nike+ Fuelband [91]; Fitbit [25];
Google glass [37]; Apple watch [2].

Implantable Device: Tiny computing devices that are implanted inside body parts or under the skin,
and become part of the body [22]. Recent developments in the implantable-device space have been focused
on the health industry. Implantable devices of the future are expected to experience mainstream adoption.
This is supported by the technology that is being developed now, including examples such as tattoo-like

printed circuits, micro-fluids, and micro-needles as shown in Figure 1.3.

Figure 1.3: Implantable techniques that are currently available: (from left to right, top to bottom) Tiny
implantable sensor to detect blood and intracranial pressures [14]; Micro-needles [101]; LED on skin [135];
Tattoo like skin [120]; Strechable OLED screen [81].

As devices shift from wearable to implantable, the conventional screen-based interface that we are familiar



with on mobile and wearable devices will likely fall out of favour. Instead of a touch-screen display, current
popular sports and fitness trackers (e.g., Nike+ FuelBand, Fitbit Flex) incorporate a small LED or OLED
display, which shows only selected information that is considered critical to the experience. As implantable
device research explores methods of exchanging information it is likely that screen size will reduce drastically,
or that screens will disappear entirely. On one hand, this transformation brings more design flexibility in
terms of the wearable size and structure. Devices are getting smaller, more capable, and more portable,
enabling improved integration and interaction with the human body. Implanting devices within the human
body will certainly cause profound changes in the way information is presented and the way users interact
with their device. A device which is implanted in its user’s body presents a unique opportunity for the user
to interact with this device anywhere and at any time, allowing for always-available interaction. Implantable
devices bring interactions closer to the body, where more subtle and intuitive input and output methodologies
are expected to be developed. Interaction approaches that are considered promising for this emerging
implantable era are weighted towards human languages of symbols, words, and gestures [26], e.g., voice
input, micro-gestures, and subtle expressions. In a scenario where a user touches a table, an implanted
device might assist the user to not only feel the texture of the table, but also acquire knowledge of the
fibrous structure of the wood that the table was made of. The intriguing thing about implantable devices is
that interfaces will virtually disappear and the input devices will be dispersed around the body.

Nonetheless, this transformative technology will not be maturely developed or widely applied in the
mainstream digital market anytime soon. The reasons are two fold. First, technology barriers restrict the
speed at which these devices can evolve and improve. These barriers require multidisciplinary research
in fields such as micro electronics, bio engineering, smart materials and miniature sensors, actuators, and
power supply. Second, interaction barriers also exist. New interaction paradigms have to be defined to better
adopt the evolving technology and surmount the design challenges faced when vieiwng the human body as an
input and output canvas. The right balances between unobtrusiveness and practicality have be to found to
surmount these challenges. Whatever interfaces are invented, the potential for social embarrassment should
be avoided. The awkward feeling that users get when talking to a device, or waving hands around a device,
especially in a public environment, must be considered. Perhaps these interactions will become more socially
acceptable in the future, but these interaction modalities still require a long period of refinement before the
majority of users get accustomed to them.

It is important for researchers and designers to develop appropriate design spaces, design languages, and
interface metaphors as the adoption of implantable devices increases. Insights can be gained and similarities
identified by studying the history of computers and mobile phones. Decades and waves of change were

required to define and refine the devices used today. Each changing wave refined the formfactors of these
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devices, as well as the interface metaphors that were best suited to each type of device. What is the timeline
for the implantable revolution? How will the interfaces change from wearable to implantable? And what
are the new types of control mechanisms and interaction metaphors that must be considered by researchers,
designers, and developers alike for these transformations to take place?

To answer these questions, this thesis devises a design space of interfaces from wearable to implantable.
Besides defining their key features, scenarios and challenges, the thesis undertakes a broad exploration of
design, implementation, and evaluation for the interfaces. Instead of focusing on technology proceedings, The
proposed design space stems from a focus on device formfactors that re-define the input and output metaphors
in this transition. Specifically, the input and output spaces will be dramatically changed as the conventional
touchscreen becomes less prominent, and even disappears. Implantable devices will be increasingly merged
into the body, as will the input and output spaces. Five key interface phases are sketched in the design
space, as shown in Figure 1.4.

Chapter 3: Chapter 5: Chapter 7:
Touch inputon Device as on- Display on

body-worn display body sensor skin

Wearable Implantable

Chapter 4: Chapter 6:
In-air gesture Device as on-

around device body actuator

Figure 1.4: Transformation of interface from wearable to implantable.

1.1 Wearable to Implantable Interface Design Space

The interface design space sketched in this thesis is based on the input and output metaphors associated with
the evolving wearable and implantable technology. In summary, the transition starts from the conventional
touchscreen, which revolutionized and defined mobile phones and now on wearable devices. Being limited
in size, the implementation of touchscreens on wearable devices has not as successful as on mobile phones.
Gestural input is better suited to the formfactor of wearable devices, expanding the input space around
the device and onto the body. As devices get smaller and eventually become embedded into the body, the
methods used to acquire information (i.e., the output channel) becomes more important. Instead of visual

feedback, haptic feedback can be deployed on the skin and used as information display.
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- Touch input on body-worn display

Exploration begins with the touchscreen interface as it continues to play a central role in wearable devices
like the smartwatch. As the smartwatch gained market popularity (with the Pebble watch in 2013 [22]), it
defined a new paradigm of wrist-worn interface, i.e., wearing touchscreen on the wrist. Similar to hand-held
touchscreens on a smartphone, smartwatch touchscreens support interaction with touch input and on-screen
information display (Figure 1.5). However, the smartwatch exposes many usability challenges, mainly due
to its small sizes. For example, fat finger problems (e.g., occlusion, imprecision) with touch input become
more critical on wearable devices. Users usually find tasks that are common on smartphones, like text entry,
become frustrating and inefficient on smartwatches. Smartwatch use scenarios are not identical to those
common to traditional desktops or mobile phones, requiring designers to explore interfaces better suited for
quick and short interactions. The primary challenge for interface design on touchscreen is the improvement

of input efficiency.

Figure 1.5: Touchscreen as body-worn display for both input and output.

- Body-worn display with in-air gestures

A way to mitigate the on-screen input challenge is by using in-air gestures. The body-worn display is
used primarily as an output channel, but no longer for input purpose (Figure 1.6). On wearable devices,
gestural input shows great potential including (i) gestural input permits a wide range of operating space
around the devices; (ii) gestural input requires no precise pixel-level locating; and (iii) gestural input is
expressive and can adapt to various usage contexts, such as hand swiping to flip pages, and subtle fingertip
operations to adjust music volume. Supporting hand gesture detection in the air is non-trivial. It often
requires sophisticated sensing solutions that are compact in size, power efficient, and robust enough for
mobile usage. As a result, designers tend to adapt users to system limits and increase comfort by setting
arbitrary conventions and procedures [86]. With these concerns, the primary challenge for the develop of

in-air gestures becomes designing a sensing system for wearable devices which supports gestures that are



intuitive and natural, from the user’s perspective.

Figure 1.6: Using in-air gestures to interact with body-worn display.

- Device as on-body sensors

Excluding the smartwatch, the touchscreen is becoming less and less prominent on wearable devices
as there is less need to have a full, interactive display to provide the desired experiences and services to
the user. This brings more design flexibility in terms of wearable size and formfactor. Some devices only
provide displays for minimal output, such as LED-based displays, to show information that is critical to user
experiences. These types of wearable devices are acting primarily as on-body sensors (Figure 1.7), which
augment people in some way and enable tracking and collecting data about user activity or physiological
conditions such as fitness, health, and activity type. An LED-based interface setup triggers the exploration
of methods to leverage the embedded sensors for gesture input. The benefits of gesture input can be achieved
with no need to add extra sensors, while the drawback is two-fold: (i) gestures are often carried out on the
wearing hand as it is close to the sensor, and are usually limited to coarse hand movements; and for the same
reason, (i) normal hand activities may accidentally trigger gestures. The challenges for leveraging on-body

sensors to design gestural input are thus amplified by expressiveness and false triggering concerns.

Figure 1.7: Devices are used as on-body sensors.



- Device as on-body actuators

Beyond the ability to provide sensing capabilities, devices that are worn on the body can be composed
of electromechanical structures, enabling user augmentation with various forms of mechanical actuation
(Figure 1.8). These abilities can be leveraged to render haptic sensations such as vibration and pressure
on the skin, in replacement of a visual display. Providing haptic feedback as an alternative output channel
becomes an important design consideration, especially as devices get smaller and physically closer to the
user’s skin (e.g., devices are often in direct contact with skin). The use of haptic feedback as an output
modality provides a design space rich with possibilities for the composition of various haptic sensations.
Most common haptic feedback provided with wearable devices is vibrations. It is easy to implement and well
perceived by users on both mobile and wearable devices. However, the bandwidth of information delivered
from haptic or vibrotactile feedback is often limited. The primary challenges of designing an appropriate

haptic-based interface are extending the bandwidth of information that can be perceived by the user.

Figure 1.8: Devices are used as on-body actuators.

- Skin as display

Implantable devices are expected to have the capability to change the way we perceive the world, both
physiologically and cognitively. As devices move from wearable to implantable, displays, both visual and
haptic, move closer to the skin and even into the skin (Figure 1.9). The idea of turning skin into a display
is not new and has been shown to be feasible with technologies such as ultra-thin and stretchable screens
that are attached onto the skin like a tattoo [120]. Moving screens onto the skin defines an interface where
interactions are less device-centric and more body-centric. As these technologies improve, the possible use-
case scenarios and interactions required must be defined. For example, besides of visual display, augmented
skin can be used for haptic displays. It is both essential and interesting to explore how a haptic display
on augmented skin might differ from mechanical haptic approaches, along with the the unique applications

such a device might unlock.



Figure 1.9: Skin is turned into display.
1.2 Challenges and Solutions

The previous section described five interface paradigms in the design space, as well as their associated

interaction challenges. Here we summarize the challenges:
1. How to improve the touch input efficiency on small wearable touchscreen?
2. How to enable and detect gestures around wearable platform?
3. How to leverage on-body sensors for expressive gestural input?
4. How to leverage on-body actuators for expressive haptic output?
5. How to turn skin into haptic display?

As mentioned, the design space is based on the input and output metaphors derived from the evolving
interfaces of devices from wearable to implantable. This exposes the aforementioned input and output
challenges. This thesis explores the challenges faced when developing an appropriate design space and
proposes novel solutions to help better design the interfaces.

Challenge 1. requires considering the efficiency lost to the decrease in screen size on the modern
smartwach. Current smartwatch interfaces require users to conduct a series of touch and swipe actions
to select an app or command. Switching Uls is inefficient as users need to navigate back and forth between
the home screen and applications. To mitigate this challenge, Chapter three proposes PageFlip, an interface
design that leverages page-flipping gestures on touchscreen. PageFlip enables a user to drag a finger from
a corner towards a certain direction and for a certain distance. Such an action is commonly seen in page
navigation for e-books. Chapter three demonstrates that this action provides an efficient touch input for
menu and value selections on a smartwatch.

Challenges 2. and 3. require the design of novel sensing approaches to provide alternative input channels

when touchscreen is no longer used or embedded in the device. In Chapter four and Chapter five, the use
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of vibrational signals for gesture-input sensing is studied. Specifically, Chapter four proposes the detection
of audible sounds produced with the hands and the classification of these sounds as certain gestures. Hand-
generated sounds are rich and familiar to us. Examples include finger snap, finger rub, finger flip, hand clap,
hand rub, on body/surface scratch. To demonstrate the use of such hand-generated sounds for wearable
interaction, a system called SoundCraft is developed. SoundCraft leverages microphone array acoustic
processing techniques to localize and classify sound sources, which are then used to detect the acoustic
signatures made by hands.

As displays disappear and devices become smaller, embedded sensors will eventually get closer to body
and even become part of the body. This on-body sensor setup adds sensing capabilities to hands and arms
and thus allow always-available input. Chapter five describes an approach that leverages motion sensors
embedded in the hand to capture the vibrational signals emitted when swiping a finger over an object or
surface, then convert this energy into an interaction. To increase the expressiveness of the gesture, various
design factors regarding use patterns and bumpy surfaces are explored.

While devices such as on-body sensors enable many possibilities for the design of always-available input,
Challenge 4. requires the design of appropriate output channels. Traditional vibration feedback is often used
for notification and is limited to the information bandwidth of a device. Chapter six proposes a method
to design passive kinesthetic force feedback on devices as an output modality. To test the feasibility and
benefits of using the passive kinesthetic force feedback, a smartring prototype, Frictio, is developed, which
leverages a ring’s form factor and provides friction force feedback in response to users’ rotating input. More
importantly, this feedback can be enriched using different force profiles based on rotating angle, time, or
both. Chapter six demonstrates that users can perceive the force profiles accurately, while also being engaged
in additional physical and mental activities.

When devices are embedded into the body, skin will act as an important interface and output channel.
Going beyond visual feedback, skin can be turned into a haptic display, thus removing the requirement for
visual attention from the user. Challenge 5. identifies that conventional mechanical structures and actuation
will no longer be suitable to design such skin-like haptic interfaces as they are often rigid and bulky. Chapter
seven presents a solution that leverages fluid as an actuation medium, where fluid such as water can be
transported and controlled to end-effector; a very thin latex tube is slightly stretched over the skin (i.e., to
simulate a skin-like display) and provides haptic senstations such as pressure, vibration, and temperature.
A benefit of such a skin-like haptic display, is an active manner of operation, which can provide haptic
sensations when needed, and a passive manner of operation, as to not interfere with user’s interactions in

the physical world.



1.3 Contributions

This thesis’ work makes several contributions. The thesis sketches the transition of interfaces from wearable
to implantable, based on the deriving input and output design spaces. The design space derived could help
us better foresee the implantable revolution, with the understanding that wearable interfaces will undergo a
long period of refinement while technologies evolve. Meanwhile, the design space could also help us identify
design challenges, especially when composing input and output metaphors which are well suited to the
interfaces. In addition, the thesis undertakes a broad exploration of design, implementation, and evaluation
of the interfaces identified in Figure 1.4.

General contributions that are made in this thesis include:

1. An input and output design space that sketches the transitions of interfaces from wearable to im-

plantable, and the identification of the design challenges for the interfaces.

2. The design of an input method that leverages vibration signals produced from hand gestures. These

signals can be captured and recognized to infer the hand gestures that are commonly used in real life.

3. The design of an output method which merges passive force feedback experiences with wearable devices.
This passive force feedback leverages a haptic perception which is common in daily life to design valid

output modalities for wearable interactions.

4. The design of a skin-like haptic interface with hydraulic actuation. Such an interface presents the

benefits of supporting mix-reality scenarios.

5. An touchscreen interface design which takes advantages of page-flipping gestures to improve touch-

input efficiency.
Along with the design solutions, this thesis also contributes:

6. A set of studies focused on to understanding design factors that affect the recognition of finger swiping

gestures using embedded motion sensors.

7. A series of signal processing steps to classify and localize acoustic signals using a smartwatch sized,

4-microphone array, and systematic evaluations of its performance.

8. A study to evaluate users’ perceptions of force feedback on fingers under mobile-use conditions, includ-

ing physical mobility and mental workload.

9. A study to evaluate design factors when using page-flipping gestures on a miniature-sized touchscreen.
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Chapter 2

Background

Designing interactions on wearable devices has a long history, dating back to 1500s when small watches were
invented and worn as necklaces. In 1900s, watch becomes wrist-worn device, bringing the benefit that the
device would not occupy hands for their dominate tasks. The modern development of wearable devices is
led by the visions of ”Natural User Interface (NUI)”, ”Ubiquitous Computing”, and ”Internet of Things”.
Interactions are focused on the design and development of gestures and feedback, aiming to improve the
expressiveness, as well as the natural feelings of the input and output methods on wearable devices.

With the development of modern technologies in nano-technology, smart material and wireless communi-
cation etc., the increase of implantable technology has been noticed over years. There exist some early stage
exploration to design the possible implantable interfaces. Implantable devices bring closer the interactions
to the body and skin, and weight towards interface paradigms with human language of symbols, words, and
gestures.

This chapter first goes through the history of wearable devices and its prominent development in recent
years. It then looks into the development and applications of implantable devices, as well as work on exploring
and designing implantable interfaces. Lastly, the chapter reviews recent work on wearable interactions with

novel input and output techniques.

2.1 Wearable Computing Devices

Portable clocks (i.e., watches) were invented in 1500s, and after centuries, they became wrist worn devices
for convenient usage without interrupting hands’ ongoing tasks [128]. According to [34], the first wearable
computing devices was invented by Edward Throp in 1960s, who built a computer small enough to fit into

a shoe in order to cheat at roulette. Over the next couple of decades, several devices popularized and
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modernized wearable technology. The first calculator wristwatch was released to the public in 1975, and the

Sony Walkman arrived four years later. In the 1980s, digital hearing aids were first released.
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Figure 2.1: Wearable devices in history.

Wearable technology achieved mainstream popularity with the Bluetooth headset in 2002. Between 2006
and 2013, iconic wearable technology devices Nike+, Fitbit and Google Glass were released. In 2014, dubbed
“The Year of Wearable Technology” by several media outlets, activity trackers grew in popularity and the
Apple Watch was introduced. Other wearable technology devices, such as those that track seizures or sunlight
exposure, continued expanding the industry (Figure 2.1)1.

Wearable devices are applied in many different areas nowadays, including fitness, healthcare, entertain-
ment, retail etc. Besides, wearable devices have been explored and shown promising in creative [71], analytic
[55] and learning [32] activities. Majority wearable devices support either touchscreen input, or physical
button input, or both. Some of them also support gross hand/arm gestures using embedded motion sensors
(e.g., IMU) [122]. For output, devices are usually embedded with LCD displays at various sizes. Displays of
smartwatch are about 1.2” - 1.4” in size, with about 300ppi resolution. Other wearable devices such as fitness
trackers have much smaller sized displays, that are used to show brief information and simple icons. Some
devices may even have no display, or just micro LEDs to indicate status. These types of devices reply more
on using paired smartphones to support users for browsing information (e.g., heart rate). The current input
and output methods are limited due to the size of the wearable devices. Designing alternative input and

output channels are thus desired on wearable devices, to support their better use in different applications.

Lwww.media.mit.edu/wearables/lizzy /timeline.html
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2.2 Implantable Devices

With the decreasing size of wearable devices, the increase of implantable technology has been noticed over the
years. The focus of its recent development is in health industry. The generic applications of the implantable
include birth control, hear monitoring, defibrillators, tiny healing chips and smart tattoos [22]. Due to its
tiny size and the special attribute of being embedded into the body, researchers expect to use the implantable
to track health condition and even heal special diseases. The Smart tattoos can monitor their heart rhythms.
Using the smart tattoos can also help people get treated from sleeping disorders. The defibrillators are used
to deliver electrical power to the heart, to manage the unusually fast heart rhythms.

Looking forward, the implantable can be applied in many other domains as we can think of. Researchers
envision the future with the implantable where the devices can be embedded inside our digestive tracts,
sensing organs, blood vessels, and even our cells. This will cause profound changes on the way we perceive
and recognize the world. We, as human beings, can be enhanced in perceptions, both physiologically and
cognitively, with the power of implantable devices [26]. For example, the small devices inside our body could
keep tracking the data and feed them into a system, turning our surrounding objects to be super responsive
and predictive.

This upcoming technology wave will bring profound challenges to design interfaces with the implantable.
The screen based interface is on the verge of disappearing, being replaced by the small devices embedded
inside the body. Researchers have been exploring what the implantable interface will like, what new experi-
ences they will bring to the users, how much we need to interact with them and how shall we interact with
them, etc. For instance, skin is considered to be the next generation of interface, with enhanced sensing
and displaying capabilities empowered by the ultra-thin and stretchable electronics. iSkin [120] proposed
the idea of adding a very thin sensor overlay on various locations of the body such as the finger, forearm, or
ear, turning them into input canvas. Later on, the same team developed a skin overlay with high resolution
of touch sensing and supports multi-touch input on the skin [121]. Researchers also developed ultra-thin
flexible LED display that can be attached onto the body, turning the skin into visual displays [135]. Recently,
Withana et al. [125] worked on adding haptic tactiles to the skin overlay that made the smart tatttos into
haptic display attached on skin. These work define new interface paradigms that could be envisioned with
implantable devices. To help better understanding how users would interact with the new interfaces, Weigel
et al. [121] explored a design space of gestures working with skin as interface. More comprehensively, Holz

et al. [54] looked into the design possibilities of input and output channels for underskin gadgets.
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2.3 Touchscreen Input on Wearable Devices

Best known and widely applied touchscreen gestures include touch, swipe, flip, and pinch. On small screen
touch displays, direct touchscreen gestures expose usability challenges. Researchers are interested in inves-
tigating new paradigms to improve input efficiency on small screens.

Kin et al. [65] designed a multi-stroke two-handed marking menu for simultaneous menu and sub-menu
selections tasks. Benko et al. [6] used two fingers to select small targets. Lepinski et al. [75] designed a
marking menu based on simultaneous finger touches. MarkPad [31] used visual and tactile marks to create
gestural shortcuts on a touchpad. Similarly, Blaské et al. [9] proposed to use device corners and edges as
tactile landmarks on wearables to support value selections without visual attention. TapSense [47] detects
which finger part is used to increase the expressiveness of tapping gestures. ForceDrag [52] used pressure
sensing for the same purpose. Pin-and-Cross [79] requires users to uses one finger to pin an object and
another finger to select a target from a pre-activated menu. FastTap [43], built on users’ spatial memory, is
another touch-based interface for rapid access to menu items. A thumb-press on a button displays available
items on the screen and an item of interest can be invoked via the index finger while keeping the thumb
pressed on the button. A smartwatch version of FastTap was designed in Faster Command [72], where the
technique was shown to be faster than standard touch input for command invocation. Their results revealed
that multi-touch solutions are promising, but not applicable in many cases due to the miniature sized touch
input space.

Other approaches use common finger gestures such as single tap, double tap and dwell. ZoomBoard [97]
leveraged a sequence of tap actions that zooms the keyboard with the first tap and selects a key with the
second tap. Besides tapping, crossing gestures to select have been shown to be efficient on touch screens
[78], but have not been explored for target acquisition on smartwatches. Swipeboard [17] used a sequence of
directional swipes to enter text. Both ZoomBoard and Swipeboard work efficiently with a keyboard layout,
but have not been applied to general menu selections. Additionally, gestural control usually suffers from
lack of established guidelines and feedbacks [94]. Furthermore, previous research mainly focused on discrete

target selection and did not explore the feasibility of continuous input on smartwatches.

2.4 Novel Input Techniques on Wearable Devices

Composing gestures is directly constrained by sensing approaches. Well studied sensing techniques include
those based on infrared (IR) light, motion sensors, electric/magnetic fields, ultrasound, cameras and biometric

SEensors.

14



Wrist-worn devices provide sensing instruments near to hands and fingers. Early approach like Ges-
tureWrist [105] leveraged capacitively measuring wrist-shape changes caused by hand postures. More sophis-
ticated approaches use bio signals such as Electromyography (EMG) [107] and Tomography [139]. Serendipity
[122] explored sensing fine-grained in-air finger gestures such as pinching, tapping with the hand wearing a
smart watch via embedded motion sensor (i.e., IMU). Infrared (IR) is usually used to monitor beam breaks
or reflections caused by finger interruptions. Its application on continuous pose estimation was demonstrated
by Kim et al.’s Digits [62]. SideSight [11] and HoverFlow [66] used embedded IR proximity sensors to de-
tect objects appear in the adjacent region of mobile devices, including fingers. zSense [127] evaluated three
efficient IR emitter and receiver setups for detecting mid-air gestures. Besides, electric field (EF) sensing
for floating finger gestures and pre-touch interaction is also explored in [35] [53]. Project Soli [104] [119]
used radar signal to track single hand micro gestures which has been shown promising for smartwatches.
Abracadabra [46] leveraged magnetic field changes to detect gestural events such as rotation and clicking
with a finger wearing a magnet. This solution supports input from a sufficient large area in radical 2D and
estimated spatial 2D. However, it could not support high resolution gestures, especially when the finger is
far from the device.

On mobile devices, camera-based sensing systems are often used. For instance, PointPose [67] used a
short-range depth camera on a tablet for gesture and periphery detection. Low-cost RGB cameras are also
often used [13] [42] [131]. Watchme [117] used embedded camera on watch and image processing techniques
to detect raw gestures like user stroking.

Piezoelectric acoustic sensors show the potential for contacting gestures. Scratch Input [45] and Acoustic
Barcodes [48] used contact piezo microphone to monitor finger scratching over textured surfaces. Ono
et.al [98] made everyday objects interactive by detecting vibration response with hand touch. Skinput [49]
recognized touches on arm via bone conducted sound with a modified piezo microphone. Recently, Zhang

et.al [140] investigated using body transmitting AC signal for continuous skin touch input.

2.5 Novel Output Techniques on Wearable Devices

The miniature sized device also restricts its output capabilities. Providing rich haptic feedback becomes
more prominent in HCI research. Vibrotactile is the most common haptic feedback on nowadays’ wearable
devices, but is often limited to notification purpose. For example, Marti, et al. [80] used vibrotactile feedback
as a mechanism to inform users of an incoming call. Pingu [61] vibrated to alert the users about important
messages from a coupled smart device. Pradana et al. [103] and Werner et al. [123] used vibrotactile feedback

to create a sense of presence for remote couples. Freeman et al. [28] and Yeom et al. [133] used vibrotactile
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feedback for mid-air hand gestures. Roumen et al. [106] examined light, sound, vibration, poking, and
temperature manipulation on a ring. They found that the haptic modalities (vibration, and poking) were
among the most noticeable for notifications.

Other haptic methods are investigated to enrich output vocabulary on smartwears. Skin drag device
can be used on smartwatch [57] to provide more expressive and memorable messages such as characters
or simple icons. TactoRing [58] demonstrated the benefits of using skin drag haptics to encode messages
on fingers. Pin arrays move multiple tactors and create spatially distributed indentations into the skin.
Retroshape [56] leveraged pin arrays to provide co-located haptic feedback from the back side of smartwatch
to respond on-screen contents. A recent work RokeRing [59] investigated the pin-array’s adaptation into
ring formfactor and showed that it is useful on providing encoded information. Another popular approach is
providing pressure onto skin with pneumatic systems. Pohl et al. [100] developed a wristband that provides
pressure on arm by inflating air into the embedded bladder. Lee et al. [74] applied non-contact pressure
on skin with air-blow devices embedded on the back of smartwatches. HaptiClench [41] applied pressure
on wrist by squeezing a memory alloy. Other than this, Jetto [36] explored how lateral force could enrich
smartwatch applications.

The previous ones are leveraging tactile feedback through stimulating skin on finger or wrist, while
another group of research focus on kinesthetic feedbacks. Kinesthetic haptics are resulted from the use of
muscle, tendons, and joints, and are thus often involved with locomotion of body parts. Xiao et al. [130]
developed a watch that supports users to carry out mechanical operations such as pan, tilt, twist and click.
The operating hand feels kinesthetic feedback as a result of the motions. Similar approaches were introduced
in [4] where users used the edge of round-screen smartwatch to perform gestures, and in [132] where users
tilt and pan the watch without touching the screen. COMPASS [134] introduced a rotatory keyboard for
text entry on smartwatch by rotating the bezel of the device. Although the projects were more on discussing
input methods for smartwatches, they introduced the kinesthetic feedbacks on the operating hand. This fits
to our life experiences that kinesthetic feedback are often produced as a result of hand input. For instance,
haptic knob [44] [112] [113] produces haptic feeling when users rotate the knob, to simulate the real-life

situations like rotating a door knob, or volume knob on radio.

2.6 Finger Worn Haptic Devices

Finger-based wearable haptic devices have been well studied in recent years, as they have been shown
to be effective in providing localized cutaneous stimuli [8] to, for example, fingertips that are most often

used for grasping, manipulating and probing the environment. Pacchierotti et al. presented a comprehensive
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taxonomy of wearable haptic systems, including finger-worn devices [99]. Such devices are typically comprised
of two structures - one structure that houses actuators on the back of the finger and another structure that
is in contact with the volar surface of the fingertip. These devices can be categorized based on the cutaneous
sensations they produce, including but not limited to, indentation, lateral force, and vibration.

Indentation: Frisoli et al. [30] presented a fingertip wearable device to improve the curvature discrimina-
tion of virtual objects by placing a plate in contact with users’ fingerpads at different orientations. Using this
concept, many indentation haptic displays [18] have been developed which have various degrees of freedom
(DOF) and levels of contact force to improve the haptic exploration of virtual objects. Such indentation
displays have been successfully employed to convey pressure [63], and curvature [29].

Lateral force: Gleeson et al. [38] designed a fingertip-mounted tactile device that laterally stretches the
skin of the fingerpad along any path in the plane to provide navigational cues. In Gravity Grabber [84],
lateral force was applied to the fingertips to render gravity without proprioceptive sensations. It consisted
of two motors and a belt that were in contact with the fingertip and provided vertical or shearing stress
based on the rotational direction of the motors. Bianchi et al. [10] adopted the same two-motor approach
to control the tension of fabric, with the resulting stiffness being used to convey the softness of a surface.
LinkTouch [115] replaced the belt with a five-bar linkage mechanism to support contact and directional force
perception.

Vibration: Another common cutaneous feedback actuator built into wearable devices are vibrotactile
motors. As vibrotactile motors are very small, they can be embedded within wearable devices such as gloves
[19]. Vibrotactile feedback applied to the fingertips can be used to simulate contact events [76], texture [7],
etc. However, the rigidity of the vibrotactile actuators dampens the user’s sensations of the real world.

In recent years, there has been a growing need to develop wearable haptic devices that are capable of
conveying compelling interaction feedback with virtual objects, such as grasping, squeezing, pressing, lifting
and stroking. This normally requires combining multiple cutaneous stimuli into one compact device. For
instance, Schorr and Okamura [110] designed a fingertip wearable device that renders forces in multiple
directions to investigate users’ perceptions of mass, friction, and stiffness while manipulating virtual objects.
Altered Touch [87] was a fingertip haptic device with a dual motor design and a Peltier module that provided
shear and vertical force as well as thermal feedback. Grabity [20] demonstrated kinesthetic feedback with a

handheld device to support grasping in VR, including virtual weight, inertia forces, and stiffness.
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2.7 Organization of The Thesis

The rest of the thesis is organized as follows. Chapter 3 starts the exploration of the design space by proposing
page-flipping gestures on touchscreen to improve the touch input efficiency on wearable devices. Compared to
touch input, in-air gestures are considered promising as devices are getting smaller but challenging. Chapter
4 explores the use of audible acoustic signals produced by hand gestures for around device interactions
that expand the input space. In-air gestures can be efficient and expressive, but may face barriers for
social acceptance. On the other hand, as devices are getting smaller and closer to users’ body, interactions
become more body centric. Chapter 5 explores the use of devices as on-body sensors, which enables more
opportunities for users to interact with the devices via surrounding daily objects. Besides the input, the
transition of the device raises the challenge of designing output channels. Haptic feedback is gaining more
attention but faces the limited bandwidth problem. Chapter 6 explores the merge of passive force feedback
into wearable devices to extend the expressive of using the devices as haptic display. Beyond that, skin is
envisioned to be the future interface when devices are implantable. Turning skin into haptic display would
be valuable but undoubtedly challenging. Chapter 7 explores a hydraulic actuation method which helps
designing a skin-like haptic display, and demonstrates the unique benefits of the skin interface. In the end,

Chapter 8 summarizes the thesis content and discusses the future work.
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Chapter 3

Touch Input on Body-Worn Display

Touchscreen revolutionarily altered the way that mobile phone was designed and the way we interact with the
phones. Smartwatch is designed with touchscreen and supports touch input as a matter of course. However,
in many instances, interactions on these small devices are tedious and time-consuming, requiring minute
touch operations such as swiping and tapping while browsing alternatives and selecting an item of interest.
For instance, popular apps such as activity tracking, scheduling, and messaging employ sequential operations
such as feature invocation followed by value selection. Additionally, fine-grained control like continuous input
is not well supported on smartwatches.

Prior work on smartwatch interface design suggests using simple gestures such as a side tap [4], or
multiple taps [95] to support rapid command invocation. However, tapping on the small screen is known
to be error-prone due to small item sizes [72]. Swiping gestures are shown to be faster than tapping in
many instances such as in command invocation [68] and text-entry [17]. However, swiping requires multiple
actions and becomes time-consuming as the number of items grow. Additionally, complex gestures such
as drawing strokes are limited as they lack established guidelines and feedback [90]. Besides, these work
primarily focused on invoking discrete items instead of continuous input, and are therefore only applicable
in limited contexts.

This chapter looks into a touchscreen interaction approach that leverages a page-flipping gesture to

combine command invocation and value selection into a single action.

3.1 Page-Flipping Gestures on Touchscreen

The gesture of page-flipping has been digitalized in many applications. Pagination with curled edges and

translucent text rendered on the opposite page has a strong visual similarity to e-book readers. The tran-
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sition, compared with traditional page scrolling, is designed to blend the tactility of real-world pages [126].
On mobile devices, the page-flipping gesture was introduced by the iBook [1], and has been modified in
many other commercial apps such as FlipBoard [24]. Bezel-Flipper [64] demonstrated how multi-touch could
enhance the design of flipping interfaces for e-books. Beaudouin [70] designed the stacked windows metaphor
supporting page rotating and peeling. The page-flipping interface was also used in tangible interactions such
as in [114] and a recent work Flippin’ [137].

Interestingly, page-flipping gestures embody rich information, such as flipping directions, flipping dis-
tances, and number of pages to flip. These variables can be considered the attributes of the gesture. This
formalizes the idea of a touchscreen interaction approach that leverages a page-drag gesture to combine com-
mand invocation and value selection into a single action. Page-flipping gestures are executed via dragging
a corner on the screen to different directions and distances. Each corner is mapped to a certain command
and can be curled/peeled to browse values available under the command (Figure 3.1). Such target selection
and value adjustment with a single action has been demonstrated on desktop platforms (e.g., marking menu

[69]), but never been explored on smartwatches.

» Laudary

 Grocery " | ‘  Laundry
Grocery

» Car repair
> Readings

> Buy gift uy A\ » Car repair

Figure 3.1: With Page-flipping gesture, a user selects a command (e.g. font size) by dragging the top-right
corner, and adjusts its values (e.g., text size) by ‘peeling’ the corner of the page.

The gesture’s novel features offer several advantages. First, it exploits users’ spatial memory for corner-
command mappings and reduces frequent swiping and tapping actions. Second, it provides real-time and
intuitive visual feedback (i.e., curled page effect that maps naturally to users’ dragging action) which indicates
the current dragging direction and distance from a corner. Third, it supports accessing items in advanced
menu layouts where hierarchal or sub-menu items can be accessed via directions and distances. Finally, it

allows users to interact with stacked page layouts to make the applications scalable.

3.2 Designing Page-Flipping Interface

The first study explored how to design Page-Flipping gesture as a command invocation mechanism. More

specifically, the interface aimed to support simultaneous command invocation and value selection with Page-
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Flipping gesture via hierarchically structured menus and sub-menus. This led to an evaluation of the in-
terface’s design parameters such as how best to use corners, drag directions and distances from corners for
invoking items hierarchically.

Corner. Though all edges and corners could be adopted on the design, only using the corners is considered
as this can be easily distinguished from existing swiping gestures on smartwatches. Accordingly, the interface
allows a page-drag gesture only from the top-left, top-right, bottom-left and bottom-right corners of the
screen.

Angular Segments. Intuitively, a page corner can be dragged to different angular directions to invoke
different commands. For instance, a page can be dragged from the top-left corner towards the bottom-left to
access a command feature (e.g., font size) whereas moving the curled corner towards the bottom-right corner
could be used to invoke another feature (e.g., font face). Each corner is divided into 3, 5, and 7 angular
segments to identify a suitable number of discrete angular directions i.e., Angular Segments that interface
can support without affecting users’ performance (Figure 3.2).

Distance Segments. Likewise, the corner can be dragged to different distances and be used to browse
discrete or continuous values such as font faces or font sizes. Ideally, a corner tip could at most be moved
towards the opposite corner of the touchscreen, revealing half of the second page. Therefore, this space
is included to place items. This distance is further divided into 3, 5 and 7 segments where performance
differences were expected. This creates a 90° semi-circular layout to place items as shown in Figure 3.2. The
region close to the tip of a corner is extremely small and not ideal for placing more than one menu items.

Therefore, this space is excluded in the study. It can be used for higher level commands and previews.

(a) (b) (c)

Figure 3.2: Visualization used to show (a, b) 5 (3) angular segments and 5 (3) distance segments at the
top-left (bottom-right) corner. (c¢) the intersection point between the line from the corner to the flipped tip
and the curled edge induces the currently highlighted item.

Selection and visual feedback. The page-flipping interface activates when a user starts dragging a corner
of the top page. This action creates a folded page and reveals the visible area on the second page. To show
the currently highlighted item, the interface calculates an intersection point of two lines: an imaginary line

from the origin corner to the flipped tip and the line created with the curled edge (Figure 3.1c). Due to
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indirect input, this visualization reduces finger occlusion and allows precise selection on the small-sized menu

items.

Participants and Apparatus

12 participants (3 females, average age 23.2) from a local community took part in the study. Most participants
were in their 20’s with a few between 30 and 40 years of age. All of them were right-handed and had no prior
experiences of using a smartwatch. An Asus ZenWatch-2 (1.63-inch screen, 320 x 320 pixels) was used. The

page-flipping interface was implemented using the OpenGL ES framework in an Android Wear application.

Task and Experimental Design

During the experiment, participants were asked to sit in a chair and wear the smartwatch on their non-
dominant hand (Figure 3.3). The watch band was adjusted to align with their natural viewing angle and to
fit on their wrists. They were only allowed to use the index finger of the dominant hand to operate on the

watch.

Figure 3.3: A participant in the study.

The study used a target selection task as shown in Figure 3.4. A trial starts with a visualization of
the next target position on the 90° semi-circular layout (Figure 3.4a). A participant then starts dragging
a corner to flip the top page. This action starts the trial time and unveils the visualization used to display
Angular Segments and Distance Segments (Figure 3.4b). A blue ‘x’ symbol was used to indicate the target
item that the user needs to select. A green ‘+’ was used as a cursor to represent the currently highlighted
item. When the cursor enters the target, the target turns into a green ‘x’ symbol (Figure 3.4c). With the
cursor inside the target region, the participant releases the finger to confirm the selection. A successful
selection ends the timer and shows the next trial on the screen. A selection attempt outside the target item
is ignored, and the trial continues until the participant selects the target successfully.

A 4 x 3 x 3 within-subject design was used for factors Corner (top-left, top-right, bottom-left, bottom-

right), Angular Segments (3, 5, 7) and Distance Segments (3, 5, 7). Participants performed 15 repetitions
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(a) (b) (c)

Figure 3.4: Study design: (a) a target is shown when a trial starts; (b) a user drags the target corner to
start selection; (c) the target is successfully selected.

for each condition, yielding a total 540 trials per participant. Participants had practice trials until they felt
comfortable with the technique.

All conditions were presented to participants in a random order. The targets were placed randomly in
an Angular Segment and then in a Distance Segment. The participants were instructed to select the target
as quickly and accurately as possible. After completing all the trials, they were asked to fill a NASA-TLX
form to rate the workload the factors from 1 to 7. The study lasted about 50 mins for each participant.

Trial time was recorded from when a participant starts dragging a corner to the time she successfully
selected it. Error rate was calculated by first marking an erroneous trial when the participant failed to select
the target. The total number of erroneous trials was then divided by the total number of trials for each

condition to get the error rate.

Results

The trial time was analyzed using repeated measures ANOVA with Bonferroni corrected pair-wise compari-
son. The error rate was examined using Friedman tests and Wilcoxon tests for pairwise comparison.

Trial Time. The average task completion time (Figure 3.5) across all conditions was 1.40s. The repeated
measure yielded a significant effect of Corner (F3 33 = 14.75,p < .001), Angular Segment (F5 90 = 74.46,p <
.001) and Distance Segment (F 22 = 109.06,p < .001) on trial time, but no significant interaction effect.
Post-hoc pairwise comparisons between corners showed that accessing item with the bottom-right corner (M
= 1.50s) was significantly slower than with the top-left (M = 1.26s), top-right (M = 1.25s) and bottom-left
(M = 1.31s) corners (all p < .05). There was no difference between the other corners. Post-hoc pairwise
comparisons between Angular Segments showed significant difference between each pair (3-segment: M
= 1.19s, 5-segment: M = 1.34s, and 7-segment: M = 1.46s) (all p < .001). Similar results were found on
Distance Segments where there were significant differences for each pair (3-segments: M = 1.15s, 5-segments:

M = 1.33s, 7-segments: M = 1.51s).
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Figure 3.5: Study results: (a, b, ¢) average trial time and (d, e) error rates across different conditions. T-L,
T-R, B-R and B-L represents Top-Left, Top-Right, Bottom-Right and Bottom-Left, respectively.

Error Rate. There was a statistically significant difference in error rate (Figure 5.6f and e) based on
the corners that the participants used (x?(3, N = 12) = 10.3,p < .05). Post-hoc pairwise comparisons
showed that using the bottom-right corner, with an error rate of 20.7%, was significantly more error-prone
than others (top-left: 13.2%, top-right: 14.5%, bottom-left: 14.7%). No significant difference was found
for other pairwise comparisons. The analysis revealed a significant effect of Angular Segments on the error
rate (x?(2, N = 12) = 6,p < .05). Accessing items with 3 segments, with an error rate of 12.1%, was
significantly less error-prone than with 5-segments (16.3%) and 7-segments (19.0%). There was no significant
difference for other pairwise comparisons. Results also revealed a significant effect for Distance Segments
(x*(2,N = 12) = 20.16,p < .05). The error rate was 9.8%, 15.4% and 22.1% for 3, 5 and 7 Distance
Segments, respectively, where all pairwise comparisons showed a significant difference.

Subjective Rating. The overall NASA-TLX ratings were less than 3.5. Results were analyzed using a
Friedman test with Wilcoxon signed rank tests for pair-wise comparisons. The Friedman test yielded a
significant difference in Corner (x?(3, N = 12) = 30.63,p < .001), Angular segments (x?>(2, N = 12) =
18.43,p < .001) and Distance segments (x?(2, N = 12) = 19.16,p < .001).

The participants rated the top-left corner as the easiest (M = 1.59) one to access items, followed by the
top-right corner (M = 2.17) and bottom-left corner (M = 3.58). The bottom-right corner was rated as the
hardest one (M = 5.75) (all p < .05). For Angular Segment, 3-segments were rated as the easiest (M =
2.08), followed by 5-segments (M = 3.0) and 7-segments (M = 5.0) (all p < .05). Similarly, for Distance
Segment, 3-segments were rated as the easiest (M = 2.0), followed by 5 segments (M = 3.0) and 7-segments
(M = 4.42) (all p < .05).
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Discussion. The results revealed that selecting an item located at the bottom-right corner required longer
trial time and was more error-prone than selecting items located at other corners. This is most likely due to
the screen occlusion caused by the right-hand index finger for the right-handed participants. Additionally,
the result analysis on other factors can be anticipated: trial time and error rates increased with increasing
number of angular segments and distance segments. A higher error rate (e.g., around 15.8%) was observed
across the factors. This is primarily caused by the occlusion-prone bottom-right corner as well as higher
numbers of angular segments and distance segments that we used in our study. This rate could be reduced
by determining suitable design parameters (e.g., the average error rate for top-left, top-right and bottom-left
corners with 3 Angular Segment and 3 Distance Segments is 3.53%). Additionally, using the bottom-right
corner for single step tasks such as “next”, “cancel” or “reset” shall be suggested. As suggested in [118],
the results could be mirrored for left-handed participants where the bottom-left corner is likely to be less

efficient due to finger occlusion.

3.3 Evaluating Page-Flipping Interface

Page-Flipping interface leverages users’ spatial memory to recall items that are placed in a hierarchical layout
using corner-command mappings. It also combines command invocation and value selection into a single drag
action. Researchers have presented other techniques such as marking menus [69] or radial menus combined
with sliders [83] to support similar tasks. This study compares page-flipping interface with a functionally
equivalent radial menu, as well as a standard smartwatch touch technique using swipe and tap, for both
discrete and continuous selection tasks on smartwatches.

Task Type. This study explores selection performance of three techniques with two types of tasks:
discrete and continuous target selections. Besides the discrete item selection tasks, that were used in the
previous study, continuous tasks are often required on smartwatch interactions (e.g., adjusting music volume
or changing display brightness). Therefore, this study includes 3 discrete tasks: (1) select a letter from a set
of letters; (2) select a number from a set of numbers; (3) select an icon from an icon set; and 3 continuous
tasks: (1) change the size of a triangle to match with a given triangle; (2) change the color of a filled triangle
to match with a target color; and (3) change the stroke weight of a triangle to match a target stroke width.

Technique. The following techniques were studied with the six previously described tasks:

(Page-flipping.) Results from the previous study revealed that using the top-right and top-left corners
for accessing items is faster and less error-prone than the other two corners. Therefore, this study included
the top-left corner for discrete tasks and top-right corner for continuous tasks. This study used 3 angular

segments and 5 distance segments as it showed faster trial time (1.14s) with less error rate (8.6%).
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With page-flipping interface, a user first sees a discrete item (e.g., Letter ‘E’ in Figure 3.6a) or continuous
value (e.g., blue color in Figure 3.6d) on the screen that they need to select. After reading this, the user can
start dragging the top-left or top-right corner to reveal the list of discrete items (Figure 3.6b) or continuous
values (Figure 3.6e). For discrete tasks, the currently highlighted value is shown with a different color (e.g.,
green). For continuous tasks, a preview (e.g., dark blue triangle) is included beside the target showing the
user’s currently acquired continuous value. The user can continue dragging the corner until it matches with
the target discrete item or continuous value. When the user believes they have found the item or value

(Figure 3.6¢ and f), they can lift-off their finger to commit the selection.

Figure 3.6: Page-flipping interface and workflow: (up) select a letter; and (below) change color. Note that
we implemented all six tasks, other pictures are omitted to save space.

(Radial Menu.) The study initially considered Control Menus [102], FlowMenus [40] and FaST Sliders
[83], which used radial or marking menus [69] for command selection followed by continuous value adjustment.
However, the choice was constrained by (i) the small screen size that made scalability and navigating a deep
hierarchy difficult [141]; and, (ii) drawing marks as in marking menus without a menu pop-up is likely to
conflict with default swipe gestures. To mitigate these challenges, the study used a one-level radial menu
design plus a slider-based value selection, and embedded a trigger mechanism. It adopted the design from
[83], which enabled Radial Menu to be used as a technique for command invocation and continuous value
selection.

In this technique, a user first sees an instruction screen showing a target item or value (Figure 3.7a and f).
Dwell time was used to activate the menu. The user then long-presses on the screen center to trigger a menu
where items are arranged in a radial layout around the initial touch position (Figure 3.7b and g). Menu items

for discrete tasks (e.g., letter, number and icon) are displayed on the right side and items for continuous
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tasks (e.g., weight, color and size) are placed on the left side. Without releasing the finger, the user can
swipe to a direction to select a command (e.g., ‘number’ and ‘weight’ in Figure 3.7c and h, respectively).
This action triggers a sub-menu with a list of available options for discrete tasks (Figure 3.7d) or the target
continuous value that the user needs to select (blue triangle in Figure 3.71). Like the page-flipping interface,
a preview of the currently selected value (green triangle in Figure 3.7j) is displayed on the screen. To avoid
the finger occlusion problem, the sub-menu is shown on the opposite side of the previous swipe direction.
That is, swiping right opens the sub-menu to the left and vice-versa. For discrete tasks, a horizontal line is
used to indicate the current finger position. An item is highlighted with green color if the line is on top of it
(Figure 3.7e). For continuous tasks, the targets are always placed at the top-right corner. The user adjusts
their finger position to match the preview with the target value (Figure 3.7j). Releasing the finger confirms

the selection.

Weight Weight Letter

[Color

Weight
Color

size

Figure 3.7: Radial Menu interface and workflow: (up) select a number; and (below) change stroke weight.

(SwipeTap.) The standard swipe and tap were included. This technique used the Android Wear 2.0
interface design patterns (e.g., swipe to invoke menus and tap to select) and elements (e.g., seek bar and
scroll list).

At the beginning of a trial, this technique includes an instruction screen showing the target item or value
(Figure 3.8a and f). A swipe-left gesture reveals a list of scrollable menu items (Figure 3.8b and g). In both
discrete and continuous tasks, the user can tap on an item to access sub-menu items (Figure 3.8¢ and h). For
the discrete task, they can then scroll the sub-menu items and select an item by tapping on it (Figure 3.8d
and e). For continuous tasks, a target item, a preview and a seek bar are displayed on the screen (Figure
3.81). The user can adjust the value by moving the seek bar handle (Figure 3.8j). When the user believes

they have matched the preview with the target, the selection is triggered by a finger release action.
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Figure 3.8: SwipeTap interface and workflow: (up) changing size; (below) selecting an icon.

Participants, Task and Experimental Design

12 participants (4 females, average age 26.9) took part in this study. All participants were right-handed and
had no prior experience using smartwatches. The same apparatus was used as in the previous study.

At the beginning of a trial, the participants saw an instruction screen showing a target either for a discrete
or continuous task and the current trial number. An Android app was developed to show experimental
conditions. The app started the trial timer when participants tapped on the instruction screen. Participants
then performed the command invocation and value selection tasks with one of the three techniques: Page-
flipping, Radial Menu or SwipeTap. The 6 menu items (i.e., Letter, Number, Icon, Weight, Size, Color) were
placed for both discrete and continuous tasks. The 5 items in each sub-menu (e.g., ‘A’, ‘B’, ‘C’, ‘D’, ‘E’ for
‘Letter’) were included for discrete tasks. For continuous tasks, the current value was shown based on the
distance of curled edge to the corner (Page-flipping condition), the finger swipe distance (for Radial Menu),
and the seek bar sliding distance (for SwipeTap technique). The timer for the trial was stopped when the
participants selected the correct item. Selection attempts in a wrong menu or sub-menu item were ignored.
The trial continued until the participants successfully selected the target item or value.

The study used a 3 x 2 within-subjects design for the factors Technique (Page-flipping, Radial Menu,
SwipeTap) and Task Type (Discrete, Continuous). Participants were asked to repeat each condition 15 times
(target value or item in each trial was randomly determined). In total, there were 270 trials per participant.
The study counterbalanced Technique across participants and randomized the order of Task Type.

The study recorded trial time for each trial. It was further divided into Prepare Time: the time from the
trial start to the first touch time, Menu Activation Time: from the first touch time to the time when menu
appears, Menu Selection Time: time involves selecting an item from menu, and Value Selection Time: time
to select a target value in the sub-menu. As expected, Page-flipping took no Menu Activation Time and

Menu Selection Time (i.e., dragging a corner to a direction directly triggers a sub-menu for value selection).
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Two types of error were recorded. A Type 1 Error was logged when participants took a wrong selection
attempt to invoke a menu item. A Type 2 Error was registered when participants selected a wrong sub-menu
item or value. The participants were asked to complete the tasks as fast and accurately as possible. They
were asked to fill a NASA-TLX form for every technique, and their overall preferences (1 — least preferred

most and 7 — most preferred). The study session lasted around 40 mins including practice trials.

Results

The data was analyzed using repeated measures ANOVA and Bonferroni corrected paired t-tests for pair-wise
comparison to compare the techniques.

Trial Time. It was found that participants spent 2.73s, 3.49s and 5.38s on average to complete a successful
trial with Page-flipping, Radial Menu, and SwipeTap, respectively. A repeated measures ANOVA yielded a
significant effect on Technique (F> 920 = 187.02,p < .01) and Task Type (Fi,11 = 246.22,p < .01). Post-hoc
pairwise comparisons showed a significant difference for each pair (all p < .01). It was also found that
participants were significantly faster with the discrete tasks (M = 3.26s) than with the continuous tasks (M
= 4.47s). There was an interaction effect between Technique and Task Type (F3 20 = 102.94,p < .01).

The trial time for discrete and continuous tasks were further examined separately. For discrete tasks,
the average task completion time for Page-flipping, Radial Menu, and SwipeTap were 2.56s, 2.97s and 4.25s,
respectively. For continuous tasks, the average task completion time for the three techniques were 2.91s,
4.00s, and 6.51s. A one-way repeated-measures test yielded a significant effect of the techniques on both
discrete tasks (Fh 00 = 106.58,p < .01) and continuous tasks (Fz 20 = 198.44,p < .01). For both task

categories, each pair of techniques were significantly different (all p < .05).
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Figure 3.9: Average trial time for both discrete and continuous tasks across three techniques.
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Prepare Time. Prepare Time was significantly shorter with Radial Menu (M = 0.56s) than the other
two (both p < .01). SwipeTap (M = 0.93s) had significantly less Prepare Time than PageFlip (M = 1.05s,
p < 0.05). No significant effect of the TaskType on Prepare Time was found.

Value Selection Time. A significant effect of Technique (Fz 20 = 60.80,p < .01), TaskType (Fi11

177.89,p < .01) and their interactions (Fy 20 = 62.52,p < .01) for Value Selection Time was found.

For discrete tasks, a one-way repeated-measure test yielded a significant effect on Technique (Fy 00 =
51.08,p < .01). Pairwise comparisons showed that Radial Menu (M = 1.10s) used significantly less time
than the others. Additionally, Page-flipping (M = 1.46s) required significantly less time than SwipeTap
(M = 1.72s) (all p < .01). A significant effect was also found on Technique (F3 22 = 63.68,p < .01) for
continuous tasks. Pairwise comparison showed that SwipeTap (M = 3.24s) used more time than the others
(both p < .01), but Page-flipping (M = 1.91s) and Radial Menu (M = 2.17s) had no significant difference
(p = .067).

Error Rate. A Friedman test was used to examine error rate with a Wilcoxon test for pairwise comparison.
The two types of error were analyzed separately.

Type 1 Error: There was a significant difference between Techniques (x?(2, N = 12) = 10.67,p < .01)
and post-hoc pairwise comparisons showed that using Page-flipping (0.74%) was significantly less error-prone
than Radial Menu (3.70%) and SwipeTap (2.13%). Other pairwise comparisons didn’t show any significant
difference. Also, there was no significant difference among the Task Types (x?(1, N = 12) = 1.6,p = .21).
Discrete (2.28%) and continuous tasks (2.10%) were equally error-prone.

Type 2 Error: The results revealed a significant effect for Technique (x?(2, N = 12) = 16.95,p < .001).
Post-hoc pairwise comparisons showed that accessing items with Page-flipping caused significantly more
error (14.72%) than Radial Menu (8.8%) and SwipeTap (6.3%). There was no significant difference for other
pairwise comparisons. The results also found a significant effect of Task Type (x?(1, N = 12) = 11.00,p <
.001) on error rate. Discrete tasks were less error-prone (5.25%) than continuous tasks (14.63%).

Subjective Rating. The overall TLX ratings for Page-flipping were less than 3.5, while Radial Menu
required higher Effort (; 3.5), and SwipeTap required higher Physical Demanding and Effort (both ; 3.5). A
Friedman test yielded a significant difference in Technique (x?(2) = 7.64,p < .05). A Wilcoxon signed ranks
test found that participants preferred Page-flipping (M = 4.41) more than the other two techniques (Radial

Menu: 3.17, SwipeTap: 2.08, p < .05). No other pairwise comparison was significant.

Discussion

The results indicate that Page-flipping interface is an efficient candidate to be used for designing value

selection tasks on smartwatches. Page-flipping improves selection time for both discrete and continuous
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Figure 3.10: Average Type 1 and Type 2 Error rate on different techniques and tasks.

tasks. It has the advantage of having no menu activation time and menu selection time. Radial Menu
had the significantly shortest prepare time, which indicates that the participants reacted faster with this
technique after seeing the targets. This might due to the finger dwell time that gave them extra time to
spatially recall where the menu item was. A 600ms dwell time, that was used based on the system’s default
settings, caused longer menu activation times. It was also found that the Radial Menu was faster in selecting
discrete items. It leverages the users’ finger position to automatically highlight a sub-menu item when the
user selects a menu item. For instance, Radial Menu automatically highlights ‘3" after selecting ‘Number’
menu as shown in Figure 3.7. This auto-highlight feature also helps Radial Menu to be faster as users need
to travel shorter distances to access other items (e.g., from ‘3’ to ‘1’ or ‘3’ to ‘5’). Finally, the SwipeTap
had longer menu selection time and value selection time as it required multiple swipe and tap operations to
invoke items.

It was also observed that Page-flipping had less Type 1 Errors, meaning users barely selected a wrong
menu item. This is understandable for two reasons. First, discrete and continuous tasks were placed
separately in two opposite directions, on the left and right corners, respectively. Second, Page-flipping
design allows participants to switch fluently between items by changing the angular direction (e.g., from ‘E’ in
‘Letter’ to ‘5’ in ‘Number’). Such fluent switching between items was not supported by the other techniques.
It is worth to acknowledge that the current Radial Menu implementation does not allow cancellation by
returning to the center as it could conflict with the 1D sliding operations. Such operations might help
reduce Type 1 error, but at the cost of increased trial time.

Page-flipping caused more Type 2 Errors. There might be two reasons. First, discrete items require
precise and accurate selection actions as the items were placed in a small semi-circular layout. Second, when
selecting continuous values, the preview and target were partially covered by the curled page, making it

harder for users to identify the currently obtained value. These visual design drawbacks should be carefully
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considered to improve the technique’s accuracy. Since targets are only visible with curled pages, it is
recommended that the menu items should be placed in a more ordered way to foster users’ spatial memory
and improve selection efficiency. Some participants had difficulty adjusting color or stroke weight to match
the targets, regardless of selection technique.

The study did not compare the learning effort for these three techniques. It is worth mentioning that
for novice users, the current design of Page-flipping interface requires much longer exploration time than
the other two techniques as the commands are only visible with curled pages. Additionally, the participants
spent a relatively long time in the practice session to get familiar with the menu layouts, especially, for the
Page-flipping and Radial Menu. This encourages future work to analyze the performance of the techniques

when the users already built spatial mappings of the menus.

3.4 Applications Using Page-Flipping Gestures

This section includes three Page-flipping applications to demonstrate its possibility for novel smartwatch
interactions. These applications utilize one or several unique features that Page-flipping interface supports.
For instance, Page-flipping could be designed to support a stacked-page layout where items can be placed
into multiple layers. Additionally, Page-flipping gestures can be used to indicate users’ intentions while using
smartwatches. For instance, a user can drag a corner to a short distance and hold the finger there to examine
a command. A further dragging action can invoke the command or push-back gesture can be used to cancel

it. The user may also drag the corner directly to an item if she is familiar with the commands (Figure 3.11).
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Figure 3.11: A user (a) starts dragging the corner and holds; (b) continues to drag the corner after holding;
(c) pushes back the corner after holding; (d) drags the corner without holding.

Message Edit

Text editing is usually tedious requiring multiple steps of menu invocation and selection process. The page-
flipping interface can be used to edit short messages on-the-go. For instance, a user wants to remind her
colleagues of a meeting schedule. She first enters “Meeting at 10:30 AM” with her smartwatches’ speech
input. She is not satisfied with the default font size and color, so she edits the message by dragging the
top-right corner to change the font size and color, to make it more visible (Figure 3.12a). Dragging to one

direction picks a color from several options (Figure 3.12c) and dragging to another direction from the same
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corner continuously adjusts the font size (Figure 3.12b). As she finds the changes are not suitable after the
first edit, she drags the top-right corner on the second layer to reset it (Figure 3.12d). When the user is
satisfied with the edit, she drags the top-left corner to select a name from the contact list (Figure 3.12e) and
the message is sent upon the finger release. The user is also able to drag the bottom-right corner and flip

the whole page (Figure 3.12f), to create a new message in an efficient way.

Figure 3.12: Message editing with page-flipping gestures.

App Notification, Preview and Switching

Displaying an app notification could occupy screen space from users’ current task on the smartwatch. The
page-flipping interface provides an alternative way for showing notifications and switching to the app. A
page corner is curled automatically when there is a notification (Figure 3.13a). The corner takes less space,
thus not affecting users’ current task. Meanwhile, the corner can be kept curled to make sure users do not
miss it. The user can drag the corner towards the center to preview the notification content (Figure 3.13b),
continue dragging further to open the notification (Figure 3.13¢) or push the corner back to remove the

notification (Figure 3.13d).

Figure 3.13: App notification, preview and switch with page-flipping gestures.
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Pattern Stencil

A pattern stencil technique was designed using the page-flipping gestures. The application integrates a
double click action to demonstrate that the page-flipping gestures are compatible with other touchscreen
gestures. A user wants to design a stylish letter on her smartwatch for a birthday card. She double-clicks
on a pre-selected picture and invokes a “brush” command. She uses her finger to brush on the picture and
draws a “Z” (Figure 3.14a). The user then drags the top-right corner to invoke the “copy” command (Figure
3.14b). She flips the whole page to the second layer, where the brushed content is already pasted and ready
to be used (Figure 3.14c). This action is similar to tracing on paper or pasting a temporary tattoo, thus

easy to learn. Such a technique can also be used to create stylized textured brushes, and cut out a photo.

Figure 3.14: Create a textured letter with page-flipping gestures.

3.5 Chapter Summary

This chapter explored the design and performance of Page-flipping gestures, that leverages corner-command
mappings and supports command invocation and value selection in a single corner-drag action on wearable
touchscreen. The gestures are originally used in book reading activities. The rich information expressed
by the gestures, such as finger flipping direction and distance, can be transformed and mapped with menu
operations with a suited layout.

Besides of the efficiency, the advantage of leveraging the page-flipping gestures on wearable touchscreen,
is that it provides users an intuitive feelings when operating the menu. The gestures and the interface
metaphors are familiar to the users, and both mental and physical effort required by performing the gestures
are comparable to, and even less than traditional tap and swipe gestures.

Designing the page-flipping gestures on touchscreen faces several key usability challenges such as Discov-
erability, Affordance and Learnability, especially for novice users. Like most gestural input on touchscreens,
it is hard for novice users to find available gestures or commands. It is essential to design a tutorial mode

for novice users. For instance, a corner could automatically be curled to show available or recommended
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commands upon the task context and users’ actions. Further strategies could help novices learn quickly. For
example, consistent command-corner mappings for frequent commands or categorizing discrete and continu-
ous commands into left and right corners, as in the second study, could be used to facilitate spatial memory
and improve learning. Using many angular dragging directions with one corner might increase users’ mental
and physical effort. Although participants are familiar with the page-flipping gestures of other metaphors
(e.g., books), the use of the gestures for command invocation and value selection are new to them. UI
designers could consider incorporating page-flipping gestures as a complementary feature to existing touch
input, which could make such page-flipping gestures common to users.

Although design like page-flipping gestures is shown to be intuitive to use and improve the input efficiency,
the fundamental challenges of wearable touchscreen still exist. Gestural input that can be performed around
the device raises more attention as an alternative way to mitigate the input challenges on the wearable devices.
It overcomes the limitation of the input space on device, and enriches the expressiveness via leveraging the
dexterity of the hands. This could potentially provide an input solution, for wearable devices that are with,

or without touchscreens.

35



Chapter 4

Body-Worn Display with In-Air

Gestures

An alternative way to mitigate the on-screen input challenge is using in-air gestures. Compared to touch-
screen input, gestural input takes the advantage of allowing a wide range of operating space around the
devices, without requiring precise pixel-level locating. Gestural input can be expressive and adaptive to
diverse usage contexts. For instance, gestures can range from coarse hand movements such as hand waving,
to fine-grained finger movements and micro-gestures.

Exploring gestural input for mobile and wearable devices is not new. Prior research has shown that a
mobile device or environment can be instrumented to track gestures performed around the devices (e.g., in
the air, on the body, and on physical surfaces) to enrich the interaction design. The gestural interactions
have been shown promising to mitigate the input challenge on wearable devices [3]. However, previous work
lean towards examining gesture spaces driven by technology. The drawback is designers often need to adapt
users to system limits and comfort the way we interact with smartwears to a set of arbitrary conventions
or procedures [94]. Such interfaces are often inconsistent to our normal behaviors. For instance, current
smartwatches usually embed a series of motion gestures detected with accelerometers. Users can switch
menus by quickly flicking their wrists. It seems fine but may look awkward to many users like they try to
”shake a mosquito off the thing”.

This chapter focuses on exploring an alternative method to design in-air gestures that provides intuitive
feeling to users via bridging the gap between novel smartwear interactions and real-life experiences shared
among users. This chapter discusses a solution via using hand generated acoustics. Non-vocal acoustics

that are produced using our hands are common in daily lives, such as when snapping or rubbing our fingers,
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tapping on objects or even when using an auxiliary object to generate the sound. Such naturally occurring

acoustics can be captured and leveraged in wearable device interactions.

4.1 Acoustic Signatures

Acoustic signatures are generated using hand-based sound events and therefore can provide a large and rich
vocabulary, especially, if we include acoustic features such as tempo and rhythm. A catalog of acoustic
signatures can be defined based on the sound sources generated via different hand gestures. Their input
attributes can be analyzed and leveraged for wearable device interactions. In this way, common hand
activities such as finger snapping, and hand clapping, can be transformed into inherent input gestures.

To gain initial insights on the types and attributes of acoustic signatures, a design workshop was run
with eight senior students and one professor from the music department at a local university. They are
familiar with sound generation theory and processes. The design session was structured as follows. We
first explained the goal of the project and mentioned how non-voice acoustics can be produced with hand
actions (i.e., snapping or clapping). Participants were then asked for written suggestions or sketches of
potential acoustic signatures. They were instructed to list all the sound sources they can imagine without
considering recognition or technical issues. We discussed and refined the proposed signatures together with
the participants. The session took approximately 30 minutes to complete.

In total 56 acoustic signatures were collected. A subset of that list is presented in Figure 4.1, which is
not intended to show an exhaustive set, but those deemed possible and popular (listed at least twice by

participants). They were grouped according to the following two key axes, handedness and location.
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Figure 4.1: Acoustic signatures collected from musicians (* indicates two-handed, ** indicates signatures

evaluated in this section).
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4.1.1 Handedness

This category defines the number of hands (one-handed, or two-handed) involved in producing a sound.
One-handed signatures usually require the use of multiple fingers. Some are explicit (e.g., snapping, joint
cracking, tapping) where the gestures can be performed at a relatively large distance from the device and the
sound generated is recognizable by nearby users. Others are finer grained signatures (e.g., finger rubbing,
nail scratching) which are more subtle. One-handed signatures can be performed on either the wearing or
the non-wearing hand. During the design session, most participants demonstrated the gestures using their
dominant hand.

Two-handed signatures require both hands to produce a sound. Examples include hand clapping or
clasping where one hand comes in contact with the other. These gestures, however, can hardly benefit from
sound source location to the device as they are restricted to hand position. One-handed signatures can be
transformed into two-handed ones if both hands simultaneously perform the action, offering the opportunity

for bi-manual interactions on smartwatches.

4.1.2 Location

This category defines where the gestures are performed (in-air, on-body or on-surface). In-air signatures are
those performed by fingers without touching additional body parts or surfaces. Examples of such gestures
include finger snapping, rubbing and pinching.

On-body signatures produce sounds with hands or fingers contacting other body parts (including the
other hand). Tapping and scratching for instance, are two common signatures in this category. In these
cases, forearms are often used as they provide relatively large and flat surfaces.

On-surface signatures are similar to those on-body but contact is with physical objects. A variety of
sounds can be produced with the same gesture by varying surface types. For instance, flicking on a table
would generate a different sound than flicking on water.

Participants expressed their impression of using acoustic signatures for smartwatch usages. All of them
were very enthusiastic about using such gestures. Many of our participants mentioned that such input would
allow them to access their smartwatch without using the small touch screen. Additionally, they indicated
that accessing information with acoustic signatures would be faster than on-screen operations. However, a
few participants raised the issues of not being able to perform certain gestures. For instance, one student
reported that he was not able to snap. Some others raised the social acceptance issues in public places. They
stated that the “small, quick and less noticeable” gestures such as finger rub are more acceptable in public

placed rather than explicit two-handed gestures such as clapping.
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4.2 Capturing Acoustic Signatures

A prototype, SoundCraft, was built! using a 4-microphone array on a small wrist-worn platform. This enables
sound detection, localization, enhancement, and classification by placing each of the four microphones in the

four corners, and running a series of acoustic processing algorithms.

Figure 4.2: (a) Four microphones placed at 1.5 inches apart at the corners of the device, and a IMU in the
middle; (b) a watch display attached to create the SoundCraft prototype.

4.2.1 Hardware

We use four digital MEMS microphones (Knowles SPM0406 2) each placed at one corner of a platform (1.5 x
1.5 inches, Figure 4.2). The microphones operate synchronously with a central micro controller (RASP-ZX
3), which is powered by and communicates with a Linux machine via USB connection. The system is set to
record the data at a 16 kHz sampling frequency and 24-bit ADC Dynamic Range. We also mounted a 6-axis
Inertial Measurement Unit (IMU) (BMI150 4, Figure 4.2a) that records data at 2 kHz sampling frequency

and 16-bit ADC dynamic range, synchronously with the microphone.

4.2.2 Software

The Linux machine receives and processes acoustic signals. It transfers sound source information (i.e.,
location and classification) over sockets to a Samsung Mini S4 phone. An Android wear watch is used for

demo applications which communicates with the phone via Bluetooth.

4.2.3 Acoustic Processing

Our aim was to implement acoustic processing that operates with microphones at very close proximity, as

well as to adapt to noise changes when the user moves between environments. Therefore, the key challenges

1The hardware and algorithm were developed with the help from Honda Research Institute, Japan.
2www.Knowles.com/eng/Products/Microphones/SiSonic%E2%84% A 2-surface-mount-MEMS
3www.sifi.co.jp/system/modules/pico/index.php?content_id=36

4www.bosch-sensortec.com /bst/products/all_products/bmil60
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Figure 4.3: Block diagram of SoundCraft’s audio processing.

in the acoustic processing for recognizing acoustic signatures involve: i) designing a suitable algorithm that
separates the source locations when the microphones are at proximal location; ii) detecting low power acous-
tics in noisy environments, and; iii) enhancing the acoustics by estimating current environmental noise. For
(i) and (ii), we adopted a robust target signal subspace method, MUltiple SIgnal Classification (MUSIC)
[109] with extensions to the generalized Eigenvalue decomposition introducing correlation matrices of esti-
mated noise [88]. MUSIC originally uses standard eigenvalue decomposition so that high power sounds can
be detected. In our work, we extend it to use generalized eigenvalue decomposition with a dynamic backward
and forward noise correlation matrix to improve detection of acoustics in a noisy environment. We detect an
acoustic event onset by defining the frames just before the observed frames as ‘noise’. For (iii), we introduce
wrist twists as a “trigger gesture” detected by the IMU, to explicitly notify the smartwatch of environment
changes. After the trigger, the background noise information is updated and used for a Minimum Variance
Distortionless Response (MVDR) beamformer [116], which results in enhanced acoustics. The block diagram
shown in Figure 4.3 summarizes the acoustic processing components used in this section. The system con-
tains two pipelines: detection and localization of acoustic events, and enhancement of the detected acoustics
for classification. We describe the system stepwise as follows.

Sound Source Model

To describe the system mathematically, we define X, (w, f) and S(w, f) as the acoustic signal input of the
m-th channel (1 <m < M) of a M-microphone array and a sound source signal after a Short Time Fourier
Transform (STFT), respectively (where w is the frequency bin index, f is the time frame index). Assuming

the frame is sufficiently long and S(w, f) is at location v, the observation model is described as:

X (w, f) = Am(w,¥)S(w, f) (4.1)
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where A, (w,v) is a Transfer Function (TF) at the frequency w from the m-th microphone to the sound source
located at . The T'F models the characteristics of the surroundings relative to the intrinsic properties of
the microphones with regards to sound propagation. T'F's are usually used as prior information and obtained
in advance either via actual measurement or geometrical calculation.

Since we use a planar microphone array, we consider only the azimuth (from 180° to 180°) and positive
elevation (from 0° to 90°) in relation to the device. Moreover, the sound source distance is not considered

since the small size array has a short Fraunhofer distance dr(w) computed as:

_2Dy?

=3

(4.2)

where A\(w) and Dy are the wave length at the frequency bin w and the size of the array, respectively. A
distance greater than dy(w) is considered as “far field”, making the distance estimation difficult. In our case,
the microphone array on the smartwatch, 0.038m sized square, has Djy; &~ 0.054m, resulting in a dp(w) =~
0.135m for 8 kHz and 0.051m for 3 kHz, which is too short for capturing spatial position around the watch.
Additionally, we assume that there is only one acoustic signature at a time in one location.

Let Sk(w, f) denote the k-th spatial acoustic (1 < k < K) where K is the total number of acoustics at
a time. The purpose of detection, localization, and enhancement of sound sources is to detect all Si(w, f)
under a noisy environment.
Computation of Backward and Forward Correlation Matrices
As shown in Figure 4.3, the system first defines forward and backward correlation matrices of the current
observed and previous frames, respectively, which are used for sound source localization and enhancement.
The correlation matrices are averaged over F' frames to make them robust against instant noise. F' is
empirically determined as F' = 50.

Let X (w, f) = [X1(w, f), -, Xm(w, f)] denotes X, (w, f) of all channels. The forward correlation matrix

of the observed signals is computed as:

=

-1

Rp(w, f) = X(w, f =) X" (w, f +1i) (4.3)
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and the backward correlation matrix is computed as:

F

Ri(w,f) = 5 3 X, f = )X,/ —) (4.4

=1

where ()* is a complex conjugate transpose operator.
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Sound Source Detection and Localization
We adopt MUSIC [109] to detect and localize acoustic signatures relative to the microphone array. This
block in Figure 4.3 labels acoustics with direction information.

In this work, we focus on onset detection of acoustic signatures. At each onset, the backward correlation
matrix contains only noise (i.e., background without acoustic signatures), and the forward correlation matrix
contains both noises and target acoustics. Therefore, we introduced the following generalized Eigenvalue de-
composition to whiten the noise information of the backward correlation matrix from the forward correlation

matrix:

RF(W,f)E(W,f) = RB(W, f)E(waf)A(waf) (45)

where E(w, f) and A(w, f) are the Eigenvector matrix and the Eigenvalue matrix, respectively. Let E(w, f) =

[E1(w, f), -, Ep(w, f)] denote the Eigen vectors. The spatial spectrum is given as:

1 o A*(w, ) Aw,
3 |A™ (w, ¥) A(w, ¥)|

P(f,¢) = wg —wr +1 w=wr Z%:L,m |A* (W, ¥) B (w, f)]

(4.6)

where L; is the number of sound sources at a time frame. and are the frequency bin indices that represent
the maximum and minimum frequency considered, which are set as 500Hz < w < 2800Hz. Let z/A) demote
¥ that maximizes P(f,1) at the f-th frame. The frames that satisfy P( f,z[}) > T, are defined as activity
periods of target acoustics, and the sequence of 1/3 with respect to f is the direction of detected acoustics,
where T}, is a threshold. Moreover, we track 1& with respect to time and direction to obtain Si(w, f). We
simply conduct thresholding if the consecutive 1[} is sufficiently close with respect to time and direction in
order to regard the two 1& as the same acoustic signal. All 1/3 regarded as the same signal, and labeled by
Sk(w, f).

Detection of Trigger Gestures

Meanwhile, we use a beamformer to spatially de-noise and enhance the detected acoustics for classification.
This improves the robustness in noisy environments.

Using a trigger mechanism provides practical support and is not unusual for commercially available
commercial systems such as “Alexa” in Amazon Echo and “Siri” in Apple. To update the noise information
when environments change, we use a trigger gesture. We experimented with the nine hand gestures, with
signals shown in Figure 4.4. We selected the wrist twists as it showed sufficiently larger angular velocity of

y-axis Hy( f) than others. We simply detect wrist twists with the following threshold:
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Jwax [0y(f +)| > Ty (4.7)

where Gy( f) is a threshold. The last frame where Eq.(4.7) is satisfied is defined as the offset of the trigger
gesture, and the frame is defined as f . The noise information is updated after the trigger. Namely, the
forward correlation matrix at the f—th frame (just after the trigger) is memorized as the current noise

information, which is denoted as Rp(w, f ), and used for the enhancement of the acoustic signature.
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Figure 4.4: Angular velocity of Y-axis of the in kdeg/sec.

Enhancement of Localized Sound Sources

We introduced MV DR with the selected forward correlation matrix Rp(w, f ) by the trigger gesture and
the location of the sound source 1[) The sound source location above provides the direction 1) and the label
index k. When a sound source is detected, the corresponding TF TF is selected from the estimated 1/3 and

k, denoted as Ay (w, zﬁ) The MV DR based enhanced signal is computed as follows:

AZA(OJ, 'J))RF_lA(W’ f) _
A (w,0)Rp ™~ (w, f)Ak(w, )

Sp(w, f) = X(w, f) (4.8)

where Si(w, f) is the estimated Si(w, f). Since we use Rp(w, f) which contains the current environmental
noise, Eq.(4.8) can enhance the k-th acoustic by beamforming in the A (w, ’l/AJ) direction and subtracting the
environmental noise.

Sound-Source Classification

We train a GaussianMiztureModel(GM M) with 64 components for each of the enhanced acoustics. The
GMM captures the acoustic information of the individual gesture, namely Si(w, f). Training parameters
are summarized in Table 4.1. The trained GM M s are used during online classification together with the
separated acoustic signal. The likelihood score for each model representing a particular sound gesture is
computed using the separated acoustic data. The corresponding acoustic model with the highest score is

selected as the most likely acoustic signature.
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Sampling frequency 16kHz
Frame length 2bms
Frame period 10ms
Pre-emphasis 1-0.97271
Feature vectors 12-order MFCCs, 12-order MFCCs, and 1-order E
GMM 64 Gaussian components

Table 4.1: System parameters used in the system.

4.3 Localization and classification Accuracy

Three studies were conducted to evaluate how accurately the prototype can localize and classify acoustic

signatures, both in non-noisy and noisy environments.

4.3.1 Study 1: Localizing acoustic signatures

This study examined how accurately the prototype can localize acoustic signatures in a non-noisy environ-
ment. It used a 2D discrete target selection task where wedge shape items were arranged in a circular layout
(Figure 6b and c). An external screen was laid horizontally and vertically to mimic azimuth and elevation
conditions, respectively. These settings alleviate confounds due to the visuo-motor mapping.

One in-air (finger snap) and one on-surface (surface tap) acoustic signature were selected, based on the
most frequently mentioned gesture by the participants in the design workshop. The study design used 4, 8,
12 and 16 discrete wedge shape laid out in a half-circle, giving 45°,22.5°,15°,11.25° angular widths for the
items. In a natural smartwatch viewing position (i.e., close to the body), users have limited in-air angular
space (~ 180°) in the horizontal direction. To be consistent with both azimuth and elevation conditions,
Only a 180° angular space was considered for both these two axes.

A 2 X 2 x 4 within-subject design was used for factors Axis (Azimuth and Elevation), Acoustic Signature
(Finger Snap and Surface Tap) and Angular Width (45°,22.5°,15°,11.25°). The presentation order of Axis
and Acoustic Signature were counterbalanced among the participants using a Latin square design. The order
of the Angular Width was randomized.

12 right-handed participants (2 females, mean age 26.4 years) took part in the study. They wore the
prototype on their non-dominant hand and moved it close to the bottom center of the screen (Figure 4.5b-c).
A target was shown on the screen with a blue wedge and the participants were asked to move their dominant
hand close to the target and perform a gesture. Once the acoustic signal was detected on the target, the
blue wedge color changed to green and the screen showed the next target location. An incorrect selection
highlighted the actual selected wedge in red. Participants performed 30 repetitions (target segment was

randomly picked) for each condition, resulting in a total of 480 trials per participant. With practice trials,
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the study session lasted approximately 50 minutes.

Figure 4.5: Experiment interface for 12 segments.

The data was analyzed using a repeated-measures ANOVA and Bonferroni corrected paired t-tests for
pair-wise comparisons. A significant effect was found on Axis (Fy 11 = 39.786,p < .01) and Angular Width
(F5,33 = 82.897, p < .01), and interaction between these two (F5 33 = 9.601, p < .01). There was no significant
effect of Acoustic Signature (p > .05).

Figure 4.6 shows the average localization accuracy across the twelve participants. Overall, it achieved an
average accuracy of 99.37% (std. = 0.45%) with 45° segments on both azimuth and elevation dimensions.
As expected, 11.25° segment on these dimensions returns the lowest average accuracy of 83.77% (std. =

5.02%). Results also indicated higher accuracy across all conditions (>90%) when the segment is larger than

15°.
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Figure 4.6: Average localization accuracy across 12 participants on Axis and Angular Width. (Error bar:

95% CI).

It was observed that the prototype localized the sound events significantly more accurately in azimuth
(avg .= 94.28%, std .= 4.33%) than in elevation (avg .= 88.73%, std .= 7.94%). Tap (avg. = 91.33%, std.
= 6.24%) is more accurate than Snap (avg. = 86.13%, std. = 8.59%) in elevation dimension, but performs
equally well in azimuth (avg. = 93.77%, std. = 4.90% and avg. = 94.79%, std. = 3.60% respectively).

Results from this study reveal several key information. First, the findings suggest that the prototype
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detects acoustic signatures in azimuth more accurately than in elevation. This is anticipated either due to the
chosen alignment of the microphone array, or users’ better perception of degree segments on the horizontal
plane than the vertical. Further experimentation is needed to confirm this. Second, selecting a target with a
Snap, on average, is less accurate than with a Tap. This is expected as the sound source from a Snap gesture
is harder to locate precisely as it is generated from the thenar muscles at the base of the thumb, and not
at the location where the thumb and middle fingers meet. Third and most importantly, the results indicate
localization accuracy degrades under 22.5° angular width. Therefore, angular targets cannot be smaller than

this size.

4.3.2 Study 2: Classifying acoustics signatures

This study tested the classification accuracy with the 11 acoustic signatures listed in Figure 4.1 in a non-noisy
environment. A paper box was used as surface.

A new group of 12 right-handed participants (2 female, mean age 25.2 years) were recruited for this
study. They were asked to perform the gestures next to the smartwatch while wearing the device. The
study was conducted in a quiet laboratory with an average sound level of 50dB, where the ambient sound
was produced from mechanical devices such as air conditioning, computers or people talking outside the
laboratory. The room was kept quiet (e.g., no door opening/closing) during the study. This environment
allowed us to include more gestures and evaluate the classification in the best case.

A smartwatch program guided the participants to perform gestures, and informed the server application
to start recording when the sound event was detected. It was observed that the non-impulsive sounds such
as finger rub and hand rub last 0.5-1.0 seconds while the impulsive sounds such as hand clap and finger
snap last only 0.1-0.2 seconds. Therefore, the number of feature frames obtained by an acoustic signature
varies according to its type. To obtain approximately the same number of feature frames for training, the
impulsive sounds were conducted at least 3 times compared to the non-impulsive ones in a trial. The order
of gestures was randomized across participants. The program recorded 20 sound files for each gesture.

After completing the training phase, the participants took rest for 30 mins and then recorded data for
testing a random gesture order. In each trial, they were asked to perform a gesture once and then wait for
the next trial. It was repeated 5 times to collect 5 testing data points for each acoustic signature. The study
lasted roughly 75 minutes.

A GMM was trained and used for classifying the testing gestures. The results revealed an average
accuracy of 90.15% across all 12 participants and 11 gestures. One-way ANOVA yields significant effect

between gestures (Fip121 = 10.965,p < .01). A Tukey post hoc test revealed that Finger pinch that
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Figure 4.7: Confusion matrix of classification results across 11 acoustic signatures and 12 participants, 60
trials per gesture.

produced small and less noticeable sounds provided significantly lower accuracy (avg. = 48.33%) compared
to others gestures (all p < .01). There was no significant difference for the other pairs (all p > .05). Figure
4.7 shows a confusion matrix for the gestures we tested. It was found that the non-impulsive gestures such
as finger rub, hand rub, body scratch and surface scratch have a higher average (avg. = 97.91%) than the
impulsive ones (avg. = 85.71%). This raised challenges on collecting training data with equal feature frames
for all acoustic signatures.

The study also collected users’ preference of using in-air, on-body and on-surface gestures. 6 out of 12
participants rated finger snap to be the best in-air gesture while 4 preferred the finger rub. None of them
listed finger pinch as their preferred gesture. For on-body gestures, 7 favored hand clap and 3 preferred hand

rub. Furthermore, 6 participants preferred surface tap for on surface gesture, 3 preferred surface scratch.

4.3.3 Study 3: In-situ evaluation with background noise

This study evaluated the prototype in noisy environments with a variety of background noise (i.e., near
vending machines or an operating 3D printer) (Figure 4.8). More specifically, the study examined the
impact of background noise on the prototype’s localization and classification. The noise subtraction technique
discussed before was applied, where a trigger gesture, i.e., wrist twists, was used to update the background
noise information. In addition, the collection and training process were run in-situ and the system classified
and localized the acoustic signatures in real-time.

6 participants took part in this study (all male, mean age 25.5 years). To simulate environments with
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constant background noise, three participants were taken close to a set of vending machines and the other
three were taken in a room with a running 3D printer. In both locations, the average sound level was ~ 70dB.
With the sound subtraction algorithm, no sound event was detected from the background noise. For this
study, two top-ranked gestures were selected from in-air (finger snap, finger rub), on-body (hand clap, hand
rub) and on-surface (surface tap, and surface scratch) categories. The same procedure was used as in Study

2 to train the classification model per user.

Figure 4.8: (a) The system handles noises such as sound from a 3D printer. (b) User evaluation in front of
a vending machine.

The testing session used a target selection task similar to Study 1. Only the azimuth condition was
included as the prototype detected acoustic signatures more accurately in this dimension. The 22.5° angular
width was chose for targets as the localization accuracy degrades after this size. The targets were showed
at a random position in a 180° circular layout. An external screen was positioned horizontally on a table to
display the layout, trial number and the target acoustic signatures.

The participants were asked to place their hand wearing the device at the bottom center of the screen.
The other hand was used to perform the acoustic signature on top of the target which was displayed on the
monitor. For hand clapping and hand rubbing, the targets were always displayed at a fixed location (i.e.,
on the right bottom corner of the layout) due to constrained movements of the hand wearing the device.
Additionally, paper tape was attached along eight angular directions on the screen to ensure enough audible
sound produced with scratches. Once the acoustic event was detected, the sound was processed to display
localization and classification results on the screen. Each acoustic signature was repeated 5 times at random
locations. The session lasted approximately 30 minutes.

Figure 4.9 shows the confusion matrix across the acoustic signatures and the classification accuracy for
the tested gestures. Results revealed that out of 180 (6 participants X 6 gestures x 5 repetition) gesture
testing trails, the system successfully classified 158 samples into a correct category, yielding an average
accuracy of 87.78%. Similar trends to those in Study 2 was found where gestures that are continuous in

nature (such as finger rub) provided higher accuracy than the discrete ones (e.g., surface tap).
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Results showed that system achieved an average of 83.89% localization accuracy. The prototype estimated
the location of Tap and Rub sound events more accurately (93.33%) than others in noisy environments. It
was also found that the prototype detects Clap and Snap sounds with a lower accuracy. As mentioned before,
it’s hard to predict the exact sound source location generated with these gestures, thus, making them less

accurate to localize.

Finger Hand Surface Localization

Snap|Rub | Clap | Rub| Scratch| Tap Accuracy

gn Smp (27 2 1 .,0| 0o |0 E" Snap | 86.67%
= |Rub 0127 0 3| 0o |0 = Rub 93.33%
g Clap 3,027 0 0 0 g Clap 80.00%
= Rub 0|0 30 0 |0 = Rub 90.00%
g Scratch| 1 | 2 12 0 ;%é Scratch|  90.00%
& | Tap olo 72| o |21 & Tap 93.33%

Figure 4.9: (a) Confusion matrix across 6 gestural acoustics. 5 testing samples for each, yielding 30 samples
per participants. (b) localization accuracy for these gestural acoustics.

4.3.4 Evaluation Summary

Overall, the results indicate that prototype can localize and classify a set of acoustic signatures with high
accuracy, in non-noisy and noisy environments. Impulsive acoustic signatures require more instances to
get enough feature frames during training. Additionally, the sound generated with the gestures that have

different initial and final finger contact positions (e.g., snap) are less accurate than others.

4.4 Applications with Acoustic Signatures

Several scenarios were implemented to demonstrate use of acoustic signatures in smartwatch interactions.
Note that to make these interactions fully operable, specific delimiters to indicate that an acoustic signature

is being issued (instead of environmental sounds) and sound source training are needed.

4.4.1 Rapid access to smartwatch content

Smartwatch users often require information access on-the-go, even while the other hand is busy, such as
holding a coffee cup. Acoustic signatures facilitate input with either or both hands to quickly send device

commands.
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Figure 4.10: (a) User rubs fingers to select an item from a 2D pie menu. (b) One-handed content navigation.
(¢) Ad-hoc multi-user interaction.

Physical Surface for One-Handed Interaction - Acoustic signatures can be generated using a physical
surface such as a table (e.g., hand tapping), turning it as available input space for one-handed interaction.
This makes it possible to use smartwatch in single-handed mode. For instance, it can track directional finger
scratching sounds on a table, either from top-to-bottom or in reverse (Figure 4.10b). These actions can
be mapped with navigation and scroll activities on the smartwatch. For instance, a user browses an image
gallery with the hand wearing the device. A finger tap on the table opens the content.

Delimiter for One-handed Interactions - Researchers have demonstrated the use of motion sensors (e.g.,
IMU’s) to control smartwatch input [122]. However, to operate these, a delimiting action is necessary.
Acoustic signatures can serve as input delimiters. Such a scenario was implemented wherein the user can
snap the wearing hand finger, to enable and disable IMU functions to browse a contact list (Figures 4.11).
Another acoustic signature (in this case a finger clap) places a call to the person selected in the list.

2D Pie Menu - Operating a menu system with many items and across multiple layers can be challenging
on smartwatches. Instead of direct touch or swipe gestures on the touchscreen, SoundCraft allows users to
shift the input space around the device, thus expanding the item selection zone. Several acoustic signatures
can be used for commands. We use a 2D pie menu application to demonstrate this usage (Figure 4.10a).
Users navigate the menus by rubbing their fingers in the corresponding directions. Performing a snap opens

the menu items and a flick moves back to the previous layer.

S

Figure 4.11: (a) User snaps to activate IMU function and (b) tilts the hand to scroll items.
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4.4.2 In-situ content creation on smartwatches

Smartwatches are primarily used to consume content. It has the potential to expand functionalities to
support content creation anytime-anywhere, such as drawing. Using acoustic signatures, a user can leverage
the large space surrounding the smartwatch for content creation. A demo application was developed to show

the use of acoustic signatures (i.e., finger rub) to sketch (Figure 4.12a) and navigate content in space.

Figure 4.12: (a) A user sketches on the smartwatch with finger rubs. (b) The user unlocks the screen with
a chain of acoustic signatures. (c) The user “cuts” the rope with a scissor in a game.

4.4.3 Smartwatch authentication

The hand wearing the device is often left idle while the non-wearing hand is operating. This leaves out the
opportunity for a/symmetric bimanual input. SoundCraft allows classifying and localizing sounds generated
using both hands, opening possibilities for bimanual smartwatch interactions. We demonstrate a smartwatch
authentication application using bimanual input (Figure 4.12b). In this application, a user performs acoustic
signatures in asymmetric patterns to log into his laptop. The user taps with both hands, on a book and
table, generating sounds on the right and the left side of the watch, respectively. A matched sequence of

sound types and locations unlocks the screen.

4.4.4 Ad-hoc gaming on a smartwatch

Multi-user game - Acoustic signatures can be produced by people at different directions. This capability
enables smartwatches to support tasks in co-located ad-hoc collaboration. This application shows a two-
player pong game using acoustic signatures, to extend the smartwatch into a multiplayer device (Figure
4.10c). The directions (e.g., inward and outward) of sounds relative to the watch is used to differentiate
players and the location of the Finger Snap is mapped to controlling the paddle movement

Physical tools for gaming - This example demonstrates the use of a physical tool to produce acoustic
signatures and play computer games. Users can use a scissor to perform the “cut” operation in a popular

game, ‘cut-the-rope’. A user places the hand with the prototype to the bottom-center of a game console
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and holds a regular scissor to play the game. Snipping sounds produced by the scissor (Figure 4.12¢) are

classified and localized to cut the ropes at different places.

4.5 Chapter Summary

Utilizing angularly localized acoustic signatures provides valuable Input gestures on smartwatch. A dic-
tionary of acoustic signatures was elicited through a design workshop, revealing opportunities for a broad
range of spatial interaction scenarios. The evaluations ensured that the suitable algorithms reveal that such
proximal sensor placement works, for tasks such as unique angularly localized signatures (i.e., snapping
vs. rubbing). The classification and localization capabilities of the device allow us to explore a rich set of
interaction techniques on the smartwatch in both non-noisy and noisy environments.

The demonstrated applications of the gestures show that such gestures provide efficient alternatives to
the touchscreen input. This is especially useful when it comes to wearable devices, as for one reason, current
touchscreen interface on wearable devices are not optimized to support efficient interactions, and for another
reason, gestures from existing daily activities and living environments provide users the natural feeling of
interactions and match the attribute of wearable devices that can used any time, any where. Meanwhile, the
gestures extend the interaction design space on wearable devices, enabling novel scenarios and applications.

Nonetheless, designing such gestures face a lot of challenges. These are normally related to the accuracy
and robustness of the sensing approaches. In the presented cases, vibrational signals embody rich information
to express gestures, but are pretty noisy. For instance, when designing finger swiping gestures, one has to
consider the distinction of bumpy surfaces, and when designing signature acoustics, the system’s noise
robustness has to be taken care. Systematic evaluations are required to validate the sensing approach and
the feasibility of using the gestures. Moreover, designers also have to consider the cost of embedding new
sensors to the wearable devices. Supporting finger swiping gestures requires no extra hardware as it uses the
embedded motion sensors, while detecting acoustic signatures leverages an array of four MEMs microphones,
that are possible to be embedded in the future wearable devices.

In-air gestures (e.g., around the device) is efficient and expressive, providing a viable approach to mitigate
the input challenges on wearable touchscreen. However, performing the gestures may still feel socially
awkward especially in public space. This may require a long period of refinements before the gestures
become socially acceptable and users feel comfortable of using the gestures. On the other hand, when
devices are getting smaller and embedded into the body, our body becomes more capable for (i) interactions
will be no longer device centric, but rather body centric. Devices would be unnoticeable and unobtrusive,

that frees the hand from the device centric interactions, and allow users to put more focus on interacting with
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everyday objects; (ii) Those embedded devices enhance our body with sensing capabilities. For instances,
hand movements in daily life can be tracked. Objects that hands are touching or holding can be recognized.

This provide potentials to design hand gestures with everyday objects.
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Chapter 5

Device as On-Body Sensors

Except smartwatch, touchscreen becomes less prominent on wearable devices as there is less need to have
a full interactable display to provide the desired experiences and services to the user, and this brings more
design flexibility in terms of the wearable size and structure. This kinds of wearable device are acting more
as on-body sensors, that augment people and enable tracking and collecting data about the wearer activity
or physiological conditions such as fitness, health and sports. To design the interface of this type, we have
to face the expressiveness and false triggering challenges for leveraging on-body sensors to design gestural
input.

This chapter discusses a solution leveraging finger swiping gestures on daily bumpy surfaces. Vibrational
signals that are generated when a finger is swept over an uneven surface can be reliably detected via low-cost
sensors that are in proximity to the interaction surface. Such signals can be transformed into interactions

that provide an alternative input approach to wearable devices.

5.1 Why Finger Swiping Gestures

Our living environments are surrounded with many different bumpy surfaces (Figure 5.1). It is un-rare
that we swipe our fingers on the surfaces, to vibrate the fingers rhythmically. In most cases, these express
no specific meanings, either for public or for personal. These happen occasionally and unconsciously when
people are focused in thinking, or at leisure. Such gestures are considered as good candidates for Inherent
Input. A valid approach is converting the vibrational signals emitted when swiping a finger over an object or
surface into an interaction that can occur in users’ immediate physical environment. Previously, researchers
have tried using contact microphone(s) to capture the mechanical vibrations that transmit through objects

[48]. With wearable devices, this is achievable by using Inertial Measurement Units (aka IMUs) embedded

54



in the devices to capture the vibrational signals transmitting through the swiping fingers to the wearing

positions on hand, such as watches and rings (Figure 5.2a).

Figure 5.1: Examples of daily bumpy surfaces.

Although such a concept has not thoroughly exploited the vibrational signals from ubiquitous Inertial
Measurement Units (IMUs, e.g., combination of accelerometer and gyroscope), these seem optimal for such
forms of interactions as they are embedded in most wrist-worn and finger-worn devices, thus not requiring
additional instrumentation of the user’s body or environment. They also have the advantage of operating
with countless natural and fabricated textured surfaces, as shown in (Figure 5.2b) and (Figure 5.2¢). For

example, swiping over a book binder coil can move forward or backward through a digital presentation.

Figure 5.2: Tlustration of vibrational signals transmitting through the swiping hands.

These interactions are influenced by a number of factors, including the location of the IMU (finger or
wrist), the properties of the natural or fabricated surface (in particular the number of textured ridges,
their height, etc.) and the nature of the swipe (direction, for example). This chapter provides a thorough
exploration of factors that affect the input with wrist- or finger-worn IMUs. In particular, the examination of
these factors needs to consider the unique challenges with IMUs: they have a lower bandwidth and sampling
rate than acoustic sensors, and are less sensitive to vibrations, as signals get dampened while traveling

through fingers or the hand.
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5.2 Capturing IMU-Based Finger Swiping Gestures

The level of expressiveness produced by the input depends on how well the sensor can register vibrations from
finger swipes across physical textures. Instead of using any commercially available devices, a customized
“smartwear” is devised. This eliminates any possible confounds resulting from the different hardware im-
plementations and capabilities of the devices and thus allows for device-independent comparison between a
finger-worn and a wrist-worn IMU. The emulated wearable prototype is shown in Figure 5.3. It uses a com-
mercial low-cost IMU (Bosch BNOO055) which is powered by a custom-made controller board. Sensor data
is sampled at only 100Hz (which is much less than what is possible with acoustic sensors, but comparable to
what is achievable with popular wearable devices such as the Samsung Gear Live smartwatch which reads
accelerometer data at up to 200Hz). The data is sent to a laptop using the ZigBee wireless transceiver on

the controller board.

Figure 5.3: Prototype. (a) IMU sensor for finger. (b) IMU sensor for wrist. (¢) MCU board. (d) MCU
board and battery.

In pilots it was found that swiping the index finger over an object takes roughly 0.5 seconds, from start
to finish. Accordingly, to ensure that the software (implemented with Java) captures the complete swipe
motion, including the important moment when the finger crosses a bump which is indicated by a peak value
in device acceleration, the size of signal extraction window is defined to 64 frames ( 0.64s). The acceleration
data points in each window are then transferred into the frequency domain using the Fast Fourier Transform
(FFT). Since the results of FFT are mirrored, only the values of the first 32 bins are converted into decibels
and used as features to classifying the IMU signals. Furthermore, following McGrath and Li’s method [82], a
number of additional features are calculate to be able to reliably distinguish between a swipe on purpose and
any causal hand movements. Additional features include: the standard deviation, skewness and kurtosis of
accelerations, the distance between the minimal and maximal values in two consecutive windows, the finger’s
swiping direction, the forearm’s pointing direction, and the finger’s pointing direction. To overcome the drift
in the sensor and to reduce accumulated errors, a first-order Butterworth high-pass filter is applied on the

raw data (using a cutoff frequency of 0.1Hz). The resulting feature vector is then used to train an SVM to

Thttps://www.bosch-sensortec.com/bst /products/all_products/bno055
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identify swipes on different bumpy surfaces (similar to most related work).

5.3 Feasibility Evaluation

Six “everyday* objects that could be appropriated for finger swiping interactions were used to evaluate
the device’s feasibility. The objects are made of different materials and/or provide bumpy surfaces of
different character (e.g., distance between “crests“ and “valleys®, uniform or non-uniform height and width
of “crests“). These include: a book with a metal ring binder, a plastic bottle with pronounced grooves and

ridges, a plastic comb, a metal dish rack, a human hand, and a conch shell, all shown in Figure 5.4a.

Figure 5.4: (a) The tested objects. (b) Highlight of the parts on the objects where participants swiped. (c)
Setup with screen prompt. (d) 3D-printed stripes with varying bump density as used in one of our later
explorations.

5.3.1 Participants and Procedure

Twelve participants were recruited (7 male; all right-handed; between 21 and 30 years old). Results from
informal explorations and from a pilot study indicated that a naturally performed and unconstrained finger
swipes across the selected objects lasted roughly 0.75 seconds. This information was used to reduce the
need of extensive pre-processing of the data delivered from the sensors before analyses and opted to visually
prompt the participants to swipe at regular intervals, during which sensor data was recorded. A countdown
counter was displayed on a monitor in front of the participant (depicted in Figure 3c) to guide the start
of each swipe. They were instructed to start a swipe when the prompt turned green and finish the swipe
before the prompt turned red after 1.5 seconds. Thus, providing enough time for comfortable and natural
swipe behavior, yet limiting the amount of recorded sensor data. The compliance to the prompt and any
swipes that started or ended outside the time frame when recording was on (a swipe counter was shown on
the monitor) were monitored.

All participants performed swipes on all six objects. They were instructed to swipe with the index finger

of the dominant hand and showed where to swipe at each of the objects, as indicated with green arrows
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in Figure 5.4b. They were also instructed to position the object at a comfortable distance at the table, if
necessary fixate it with the non-dominant hand (e.g., when swiping on the light comb or bottle), and to swipe
in a vertical direction, e.g., from far away toward the stomach. When swiping on the hand, participants
were instructed to rest their non-dominant hand on the table and to slightly spread its fingers.
Participants performed 65 recorded swipes on each object, had 10 to 20 practice swipes with each new
object, and a short break after each object. The order of the objects was randomized between participants.
Data were collected from a total of 12 (participants) x 6 (objects) x 65 (repetitions) = 4680 swipes and

ended up with 9360 swipe recordings, 4680 from the finger sensor and 4680 from the wrist sensor.

5.3.2 Training and Classification

According to the notes during data collection, 179 data (~3.8%) that the participant did not start or end
within the active data recording time frame were manually removed from swipes. At most, 15 swipes for a
participant and object combination had to be removed. Thus, after the removal there were still a sufficiently
large number of swipe samples for each participant and object combination (min 50 samples). On the
remaining samples (4501 from each sensor), Chang and Lin’s [15] LIBSVM toolkit was used to tune the
required SVM-parameters that produced high cross-validation scores and train a 6-class classifier (swipes on
six objects) for each participant and sensor combination. Below, the overall accuracy was reported, i.e., the

mean accuracy calculated across the 24 classification rounds (12 participants x 2 sensors).

Results

The overall classification accuracy was 89.4%. Patterns in the data from the wrist sensor allow us to correctly
determine which object was swiped in 90.2% of the cases, data from the finger sensor provide an accuracy-
level of 88.7%. For all objects we could achieve a classification accuracy well above 80%. The overall
classification accuracy ranged from 84.6% for the shell with the finger sensor to 96.3% for the dish rack with
the wrist sensor.

It was suspected that the lower performance with the shell may be attributed to its non-uniform “wavy”
surface: both undulation height and undulation distance vary where participants swiped. With the exception
of the hand, the other objects have a uniform surface. The classification accuracy for the different objects
and object-sensor combinations are listed in the top part of Table 5.1.

With these encouraging results it is interested to see whether the classification accuracy could be improved
by reducing the number of objects. Accordingly, the shell was removed, which had the lowest accuracy and

has a very similar bump-density as the bottle (cf. Figure 3b) and used a 5-class classifier. Without the shell,
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’ \ \ Book \ Bottle \ Comb \ Shell \ Rack \ Hand \ Mean ‘

- Wrist | 90.7% | 90.0% | 89.0% | 85.1% | 96.3% | 90.1% | 90.2%
3 Finger | 89.6% | 88.1% | 89.8% | 84.1% | 93.5% | 86.9% | 88.7%
© Mean | 90.2% | 89.0% | 89.4% | 84.6% | 94.9% | 88.5% | 89.4%
- Wrist | 90.9% | 94.9% | 89.7% - 96.5% | 90.6% | 92.5%
S Finger | 90.5% | 90.3% | 91.4% - 93.0% | 88.6% | 90.8%
10 Mean | 90.7% | 92.6% | 90.5% - 94.8% | 89.6% | 91.6%

Table 5.1: Classification accuracy, with and without the shell.

the overall accuracy is now 91.6% (wrist: 92.5%, finger: 90.8%). The accuracy for each of the five objects is
around 90% or well above, as listed at the bottom of Table 5.1.

In summary, these results are within the same range (or higher) than reported in previous projects [45]
[49] [48] [108] where special purpose hardware was used and sensor data was sampled at very high frequencies
(>1.6kHz). The results demonstrate that designing and using finger swiping interactions for a low-frequency
IMU (100Hz) — as typically found in smartwear devices — is indeed feasible and can be used to identify

objects the user swipes across.

5.4 Exploring Finger Swiping on Fabricated Textures

An extension to the finger swiping interaction is using fabricated objects with bumpy surfaces. As consumer-
level 3D printers are becoming popular and universally available, fabricating objects are getting common
and part of the life activities. Performing swiping gestures on fabricated bumps could be more efficient
and accurate, as the bumpy surfaces are computationally designed and generated with desired attributes.
Additionally, these fabricated objects could be attached to the environments, and be carried on body, such
that the proposed inherent interactions can be more accessible. Fabricating the bumpy surfaces involves
designing of the texture properties and their use contexts, including, for instances: 1) the spacing between
the bumps on the surface, 2) the direction of swipes (horizontally vs. vertically), 3) the swipe style (swiping
with finger tip vs. swiping with finger nail), 4) the height of the bumps on the surface, 5) surface stability
(stable on a table vs. on unstable ground), and 6) swipe device (swiping with bare finger vs. swiping wearing
a glove). This section examines the 6 factors and reports how they would affect the accuracy of the swiping

gestures.

5.4.1 Bumping Space

The bumps on a multi-bump surface can be closely or sparsely distributed across the surface. While the

distribution of bumps can be non-uniform, which is the case for many everyday objects, it is necessary to
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explore uniform spacing on fabricated bumps. To gain initial insights, sensor data were collected from swipes
across eight stripes with different bump intervals: 1.5, 2.5, 3.5, 4.5, 5.5, 6.5, 7.5, and 8.5 millimeters. Each
bump was 1mm high. The stripes are depicted in Figure 5.4d. 12 new participants swiped 65 times across
each stripe.

To evaluate the classification accuracy, a 2-class classifier was trained for each of the 28 pairs of stripes
for each participant and sensor. The overall accuracy (i.e., the mean calculated across the 12 (participants)
x 28 (pairs) x 2 (sensors) = 672 classifiers) was 90.5%. The accuracy for the wrist sensor and finger sensor
was 91.1% and 89.9% respectively.

Figure 5.5 shows the mean classification accuracy for each of the 28 spacing pairs. The accuracy ranged
from 80.2% (finger, 6.5 vs. 7.5) to 96.8% (wrist, 1.5 vs. 7.5). It was surprising to find such high accuracies
even for pairs that only differ by Imm. However, in general, the classification accuracy increases with
increasing spacing difference (1mm: 84%, 2mm: 90%, 3mm: 92%, 4mm: 93%, 5mm: 94%, 6mm: 95%, 7mm:
95%).

25| 5 SensoronWrist 833 Sensor on Finger
350919 826 90.7 87.6

45| 9.7 926 87.8 948 92 8738

55| 9.2 925 87.8 856 955 928 903 85

6.5]961 936 921 911 859 95 935 922 89 834

7.509.8 948 921 918 894 865 948 94 904 839 87.8 80.2

8.5 956 952 90.5 925 885 911 859 952 95 913 89.7 838 876 805
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Figure 5.5: Color scaled maps of pairwise classification accuracy of the eight different bump densities.

5.4.2 Swiping Direction and Swiping Style

A user can swipe across a surface in numerous ways, using different amount of pressure, swiping from different
directions (vertical, horizontal), using fingertip, finger pads, or a sharp or stiff devices such as a stylus or a
pen. This section explores the swipe style and the swipe direction factors by testing the fingertip-style and
the nail-style in the horizontal and in the vertical directions, as shown in Figure 5a and b. To simplify the
procedure, the exploration was limited to “up-to-down” swipes for the vertical orientation and “left-to-right “
swipes for the horizontal orientation. Furthermore, to exclude any possible effects caused by a particular
bump spacing, the study used a stripe with one Imm high bump and a flat stripe within each of the four
direction-swipe style combinations (Figure 5.6). Twelve new participants swiped 65 times with each of the
four direction-swipe style combinations.

A 2-class classifier (bump vs. flat) for each of the four direction-swipe style combinations for each partic-
ipant and sensor. The overall classification accuracy (i.e., the mean calculated across the 12 (participants)

x 4 (combinations) x 2 (sensors) = 48 classifiers) was 95.6%. The accuracy for the wrist sensor and finger
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Figure 5.6: Vertical (a) and horizontal (b) swipe direction with fingertip-style (top) and nail-style (bottom).

sensor was 95.3% respectively 95.9% and the nail-style resulted in an accuracy of 95.5% and the fingertip-
style resulted in an accuracy of 95.8%. A larger difference was found between the two directions, 93.4% for
vertical and 97.8% for horizontal.

Looking at the differences between the four direction-swipe style combinations for the two sensors, as
shown in Figure 5.7, reveals that some combinations yield lower accuracies than others. The classification
accuracy with the finger sensor is higher when swipes were performed using the fingertip as opposed to the
fingernail for both the horizontal and vertical directions.

However, the opposite is true in the case of the wrist sensor: classification accuracy was actually higher
for both directions when participants swiped using the fingernail. Figure 5.7 shows that the difference
between the two swipe styles is greater in the vertical direction with the finger sensor but, more so, that
the greatest difference between the two swipe styles occurs in the horizontal direction with the wrist sensor.
Possible interplays between different factors such as these demonstrate the complexity of these type of swipe
interactions and they clearly show the need for further investigations regarding the many factors that need

to be considered when designing finger swiping interactions.
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Figure 5.7: Classification accuracies for the four direction-swipe style combinations for the finger sensor and
wrist sensor.

5.4.3 Bumping Height, Surface Stability, and Swipe Device

One of the fundamental properties that might determine the classification accuracy is likely to be the height

of the bumps on a surface. Additionally, exploring the effect of wearing a glove, which dampens the signals
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during a swipe can extend usage scenarios, e.g., where an operator may be working with heavy machinery.
Similarly, interactions on non-stable surfaces may be desired in many working situations, thus the effects of
surface stability is also explored.

Again, the study used stripes with one bump, that was either 0.2, 0.4, 0.6, 0.8, 1.0, 1.2, 1.4, or 1.6mm
high and did also include a flat stripe. 12 new participants were asked to swipe across each of the nine
stripes 65 times while wearing a glove (maid of wool) when the stripes were positioned on a table and when
they were mounted on a 3D-printed pen, as illustrated in Figure 5.8. Pilot testing made evident that in
order to swipe from a stretched finger posture (Figure 5.8b) when holding the pen, the user had to cross the
bump using a contracting, or “curling®, finger movement towards the palm. The resulting vibrations were
too weak for the wrist sensor (likewise when using the opposite movement from curled to stretched finger).
Accordingly, the wrist sensor data was abandoned and participants were asked to swipe from stretched to

curled finger posture.

Figure 5.8: Stable (a) and (b) unstable swipe surfaces with glove (top) and with bare finger (bottom).

A 2-class classifier was trained for each of the 36 pairs of stripes from each participant’s swipes under the
four condition combinations: Pen & Bare Hand, Pen & Glove, Table & Bare Hand, and Table & Glove. The
overall classification accuracy (i.e., the mean calculated across the 12 (participants) x 36 (stripe pairs) X
4 (condition combinations) = 1728 classifiers) was 86.2%. The classification accuracy for the stable (table)
and unstable (pen) surface was 86.8% and 85.5%, respectively. The accuracy with and without a glove was
86.1% respectively 86.2%.

Figure 5.9 shows the accuracy results for each pairwise comparison of the different bump heights. The
accuracy ranged from 71.2% (Pen & bare Hand, 1.4 vs. 1.6mm) to 96.8% (Table & Bare Hand, 0.0 vs.
1.6mm). Again, as with the achieved accuracy for the spacing factor, it was somehow surprising to find
accuracies in this high range given that the studied height differences were at most 1.6mm. Understandably,
the smaller the difference, the lower accuracy was obtained. Generally, for each combination of the four

condition combinations, it was found that with a height-difference around 1mm results in an accuracy of
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90% or above.

These results suggest that the recognizable height for a bump needs to be higher than 1mm to guarantee
an accuracy of 90% or above. More interestingly, it was found that it was possible to reliably distinguish
between two bumps (with accuracy > 90%) as long as their heights differ with 1mm or more. The accuracy
for swipes performed on the table was generally higher than for swipes on the pen. However, this was only
true when the bumps were higher than 1mm. This suggests that swiping on bumps that are higher than
1lmm can cause the position of the pen to shift, thus affecting the sensor data. It was surprising that wearing
a glove did not hamper classification accuracy. This could be a positive result indicating the usefulness of
the approach — even in cases where the vibrational signal may be dampened. However, it is also plausible

that the effect may not appear in untested conditions (e.g., with a thicker glove, such as when skiing).
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Figure 5.9: Color scaled map of pairwise classification accuracy of the nine different heights for the four
stability-device conditions.

5.4.4 Exploratory Study Summary

The studies reveal some interesting findings. For example, swipe direction has an effect on the accuracy of our
system. The accuracy is higher in the horizontal orientation than in the vertical orientation, which indicates
that swiping across a bump in a vertical orientation generates less distinguishable vibrational signals. While
the reason behind this is not fully understood, observations suggest that this is partially because the bio-
mechanics of the index finger allow for vertical operations more easily than horizontal ones, the latter of
which causes strong vibrational signals. The studies also find wearing a glove does not affect the performance
of our system. This is somewhat surprising as the damping effect is expected to be more noticeable when
swiping with a glove. More investigation is needed to investigate the effect of gloves made with different
material, as well as the effect of the location of the sensor (e.g. whether the sensor is worn outside or inside

the glove). Applications of this knowledge include using gloves in industrial or medical settings. Finally, the
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IMU sensor is sensitive enough to pick up finger crossings over a small bump (e.g. as small as lmm in our
implementation). This opens an interesting space for designing distinguishable planned bumps using height
as a parameter. User feedback suggests that people prefer small and dense bumps for the sake of comfort
when swiping. It is thus important to balance the trade-off between the richness of distinguishable bumps

and system usability.

5.5 Scenarios

The finger swiping input is an example of Inherent Interaction, that triggers a number of novel usage scenarios
of smartwatches. Although the scenarios can also be made possible through the instrumentation of objects
using sensors. This section demonstrates that such efforts can be largely reduced or avoided using IMU-based

finger swiping interactions.

5.5.1 Touch Input on Un-instrumented Objects

Cooking often results in wet hands that may prevent the user from interacting with a touchscreen. The bumpy
surfaces of many kitchen items can be considered good candidate textures for finger swiping interactions. In
the implementation, swiping edges of a cutting board can be used for interacting with a nearby tablet. Such
interactions allow users to swipe their finger from the edge of the cutting board to the kitchen counter-top
to navigate through their favorite recipe book (Figure 5.10a). This allows users to use their tablet without

having to dry their hands.

Figure 5.10: (a) A swipe across the edge of a cutting board to switch pages in a digital recipe book. (b) A
swipe across the dish rack to navigate within videos.

In the implementation, users can swipe left to advance a page in the recipe book and swipe right to return
to the previous one. Similarly, users can swipe up or down to adjust the music volume. Swiping across the
edge of a cutting board generates a distinguishable vibrational signal that can be differentiated from the
same swiping gesture carried out on a different object, such as a dish rack. The system is configured to allow

users to launch a video player by swiping across a dish rack (Figure 5.10b). Once launched, users can swipe
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the dish rack to switch between videos. Users can also swipe the tray of the dish rack to pause and start the

video.

5.5.2 Contextual Actions on a Single Object

Objects with non-uniform textures can generate distinguishable vibrational signals on different parts of the
surface of an object. This allows users to trigger different contextual actions using a single object. Finger
swiping interactions is implemented on a conch shell to create an engaging environment for kids exploring sea
life in a museum exhibit, for example. Via their smartwatch application, they can swipe across the bumpy
surface of the whorl to explore the science of conches. Alternatively, swiping across the spire plays a video

showing the characteristics of the corresponding conch (Figure 5.11a).

Figure 5.11: (a) Swipes on different parts of a conch shell to navigate through exhibition images and videos.
(b) Instrumenting a soldering iron with fabricated textures can enable rapid interaction with circuit diagrams.

5.5.3 Instrumenting Objects Using Fabricated Textures

Fabricated textures can be placed on objects that do not have a bumpy surface to enable finger swiping
gestures. For example, users can easily turn a soldering iron into an interactive device to facilitate work
in situations where the user needs to examine a series of circuit diagrams on a computer monitor during
hands-busy tasks (e.g., operating the soldering iron). Instead of shifting the hands between the soldering
iron and a computer mouse, users can attach two or three fabricated textures to the iron’s barrel, as shown in
Figure 5.11b. Users can swipe different textures while holding the soldering iron to zoom into the diagram.
For convenience, users could also attach a fabricated texture on a laptop to turn the light on and off in the

room.

5.6 Chapter Summary

Finger swiping gestures are occasionally observed from daily activities. By extracting and classifying the

vibrational signals generated from finger swiping on surrounding bumpy surfaces, we can transform the

65



actions into gestural input. The bumpy surfaces can be found in our living environments, and can also
be fabricated with 3D printers. This chapter evaluates the feasibility, and design factors associated with
using embedded IMUs on smartwatches and smartrings to detect finger swiping gestures. Such setup allows
users to perform on-hand interactions in various real-life scenarios, and thus provides an efficient alternative
gestural input approach to wearable devices.

This chapter discusses around gesture design and validation with on-body sensors. The approach of
detecting swiping gestures shares in common with the work in previous chapter, in the way that they both
exploit vibrational signals generated with hand gestures. These are the most common signals associated with
our daily activities. These signals range widely from audible sounds such as when we speak, to inaudible
and even ultrasonic. They operate with low and high frequencies that happen within and around us. This
formalizes the idea that the vibration signals can be leveraged to detect daily hand activities, supporting
interaction design with wearable/implantable devices.

As conventional screen based interaction is getting less prominent and even disappearing, designing
alternative output channels on the miniature devices becomes more crucial. The miniature size brings
challenges, as well as opportunities on designing output mechanisms that is close, and directly applied to
skin. Besides the on-body sensing setup, on-body actuation could also be enabled by embedding electro-
mechanical components and structures in the devices. This setup allows us to expand the design space of

output channels, by considering non-visual approaches such as providing haptic feedback.
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Chapter 6

Device as On-Body Actuators

As devices are getting smaller and conventional visual display centric interfaces are getting less prominent, it
turns out to be more essential to design viable output channels on the device. Existing work on exploring non-
visual feedback used to use sound and/or vibrations. However, these feedback are often used for notification
purpose and limited in information expression. Besides, these feedback are decoupled with users’ input
activities. Not only embedded sensors, devices that are worn on the body can be composed of small sized
mechanical actuators and structures, enabling the possibilities of designing different haptic feedback applied
on users’ skin.

This chapter proposes a design of passive kinesthetic force feedback as a viable way for device output.
By designing different force profiles, the expressiveness of the output channel can be enriched. To evaluate

the feasibility of the approach, a ring like prototype was built and used in user studies.

6.1 Passive Force Feedback on Smart Ring

Smart rings have become important peripherals within the ever-growing ecosystem of wearable devices [33].
Unlike smart phones or smartwatches, smart rings support subtle, socially-acceptable, always-available, eyes-
free interaction due in large part to their miniature size and form factor. However, given their compact size,
input and output capabilities on smart rings are still limited. Existing research with smart rings has primarily
focused on leveraging smart rings for input [16] [39] [60] [92] [136] [138], with less effort devoted to output.
The existing work on ring-based output typically uses light [21] [85] [103] , sound [106], vibration [21] [28]
[61], skin drag [58], or poking [106], which require substantial user attention, and is often decoupled from
the input mechanism.

Passive kinesthetic force feedback can be used as a viable output method for rotational input on smart
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rings. Smart rings often leverage rotational input, mimicking the natural behaviors often performed with
traditional rings [5] [96]. When enhanced with force feedback, such ring rotating behaviors can provide
feedback that can be perceived without continuous visual attention. This output not only fits naturally in a
ring form factor, but also complements existing smart watch output mechanisms with increased bandwidth
and creates opportunities for new interactions. With such an output channel, different friction force profiles
can be designed, programmed, and consequently felt by a user whenever they rotate the ring. Depending on
the needs of an application, these force profiles can make it harder to rotate the ring or completely lock it in
place. Such functionality can be mapped, for example, to the time remaining until wearer’s next meeting,

offering a convenient, always-available, calendar application (Figure 6.1).

-

Figure 6.1: A user chats with his colleague while rotating the ring (without looking at the ring). As the ring
exhibits some rotational stiffness, he knows that his next meeting starts soon.

6.2 A Ring Prototype with Passive Force Feedbacks

The prototype is composed of a ring, a braking system, and necessary electronics (Figure 6.2). The ring was
3D printed using GPBK02! resin on a Formlabs2 printer. It has an outer race that can be rotated in either
direction. A small DC gear motor (TGPP06-D?), in combination with a rack and pinion gear mechanism
was used to move a rubber brake in contact with the outer race. When the brake is engaged, users feel a
high friction force resisting their rotation. The gear motor provided sufficient torque to lock the outer race
into a full stop position. The gear motor was controlled using a TB6612FNG? Motor Driver Carrier that
was connected to an Arduino Micro board and communicated with a MacBook Pro laptop.

The brake’s rest position is approximately 1 mm above the outer race to ensure the brake can be engaged

quickly to minimize latency in providing feedback. The brake moves at a linear speed of 20 mm/s with

Iwww.formlabs.com/store/us/form-2/buy-materials/?RS-F2-GPBK-02=1.
2www.ttmotor.com/productshow.php?sid=212&id=123.
3www.sparkfun.com/products/9457
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Figure 6.2: Left: A prototype assembly explosion diagram of the prototype. Right: The front view of the
prototype ring.

a minimum distance of approximately 0.1 mm (measured using a high-speed camera). A QRE1113GR*
reflective proximity sensor (Figure 6.2) was used to monitor the brake position during braking and ensure
that the brake came back to the rest position when disengaged from the outer race. This provides the system
with information about the amount of the braking force based on the distance the brake traveled. Although,
a pressure sensor could be used to measure the braking force, the present implementation was sufficient to
render many different force profiles and resulted in a smaller form factor.

The rotational angle of the outer race was tracked using magnets and two A1324° Linear Hall Effect
sensors. Eighteen neodymium disc magnets (2 mm diameter X 1 mm height) were placed inside the outer
race and were evenly spaced 20° apart from each other with alternating magnetic poles. With this setup,
the sensor readings achieve maximum (positive pole) or minimum values (negative pole) whenever a magnet
is directly underneath them. The Hall Effect sensors were positioned such that they were 30° apart relative
to the center of the ring, allowing for the detection of the rotation direction (Figure 6.3). The outer race’s
angular displacement within the two adjacent magnets was inferred using linear interpolation of the peak
and valley values. This enabled the prototype to achieve approximately 1° sensing resolution. An Arduino

Uno sampled the analog values of the Hall Effect sensors at 1000Hz.

6.3 Force Profiles

To demonstrate the capabilities of this new output channel, five force profiles were designed and implemented
(Figure 6.4). The profiles were triggered based on rotation angle. Once triggered, the profiles were rendered
over rotation angle (Ramp-Up/Down), time (Hard Stop, Resistant Force), or both (Bump). Each force

profile was inspired by an existing rotatable object (e.g., soda bottle cap) or mechanical knob.

4www.pololu.com/file/0J117/QRE1113GR.pdf
Swww.allegromicro.com/ /media/Files/Datasheets/A1324-5-6-Datasheet.ashx
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Figure 6.3: (a) Two Hall Effect sensors are used to detect rotational displacement and direction. (b) The
Hall Effect sensor signal.

No Force. The outer race is free to rotate without any resistive force applied by the brake. The only
force felt by the user is the light friction between the inner and outer race. The resisted torch in this case is
~0 Nm.

Hard Stop. When the outer race is locked, the ring is unmovable in a certain position. A Hard Stop
prevents the ring from being rotated, so it can be triggered after the user rotates the ring a certain number of
degrees. This causes the outer race to be immovable by the user. We implemented the Hard Stop by rapidly
engaging the brake by running the motor for 50 ms to depress the brake against the outer race, which resists
a torque up to 0.06 Nm. After running the motor, the pad stays in place against the outer race to maintain
resistance against rotation. In our implementation, the maximum braking force the brake pad can apply to
the outer race is 3 N.

Resistant Force. The Resistant Force represents a force that requires effort from the user to overcome.
It falls between the Hard Stop and No Force. Our implementation resists a torque of 0.03 Nm. With the
Resistant Force, the outer race can still be rotated, but requires extra effort from a user to overcome the
friction force. Rotating the ring allows the user to feel the force and associate it with a certain event. Similar
to the Hard Stop, it could be used to deliver specific messages to a user. Different information could be
encoded in the braking force, with a light resistant force representing one piece of information, and a stiffer
force representing another.

Ramp-Up. The friction force applied to the outer race increases as the ring rotates. Ramp-Up starts at
0° and ends after the outer race was rotated 180°. The peak resisted torque is 0.04 Nm. From the user’s
perspective, the ring becomes harder to rotate the more the ring is rotated. Similar to the other force profiles,
Ramp-Up can be associated with specific events or messages. By changing the slope of the ‘ramp’, as well
as the duration of the ramp, different information can be encoded and conveyed to the user. Alternatively,
this profile can be used to assist with fine-grained motor control for continuous input or to simulate the force

that would be found while interacting with physical objects, e.g., closing the cap on a soda bottle.
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Ramp-Down. Ramp-Down is the opposite of Ramp-Up, whereby the ring becomes progressively easier to
rotate. In our implementation, Ramp-Down starts with a resisted torque of 0.04 Nn, and gradually decreases
the braking force to that found with the No Force profile as the user rotates the ring. As with Ramp-Up,
the slope and duration of the ramp can be modified.

Bump. The outer race stops at the bump, which requires a stronger rotational force from the user to
overcome. A haptic bump is distinguishable and can be used to represent certain events. Information can
also be encoded through the number or density of the bumps. Additionally, the ‘force’ of the bump as well
as the ‘width’ of the bump can be modified to convey more or less information to the user. The bump can
also be used to reduce attention on tasks requiring fine motor control. For example, discrete targets can be
located inside two adjacent bumps to prevent the user from slipping off the target. In our implementation,
the friction force ramps up rapidly when the outer race reaches a certain position and the friction force

increases rapidly to 0.03 Nm resistive torque in 150 ms, and rapidly ramps down after a short distance (e.g.,

5°)
I
@ [+] @
8 8 8 8 8 8
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No Force Hard Stop Resistant Force Ramp-Up Ramp-Down Bump

Figure 6.4: Force profiles designed and implemented.

6.4 Evaluation of Force Profile Perception

To explore whether passive kinesthetic force feedback can be an effective, recognizable output channel within
the context of smart ring use, a user study was conducted. It examined how well participants could perceive
and distinguish the force profiles previously described.

16 participants (8 females), between the ages of 22 and 30, participated in the study. All participants

were right-handed.

Apparatus and Task Conditions

While walking, the movement of their hands and body may impact one’s ability to accurately perceive
some force profiles. Thus, to allow for the evaluation of the ring within more ecologically-valid scenarios, a
treadmill was used to. In the walking condition, participants had to perform each experimental task while

walking on a motorized treadmill at a speed of 3 km per hour. In the standing condition, participants
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performed the tasks while standing stationary on the treadmill. A 27-inch computer monitor was placed in
front of the treadmill, facing each participant, to display the experimental user interface to them (Figure
6.5).

In addition to identifying which profile was being presented, on some trials, participants also performed
a secondary task to induce cognitive load. This task was introduced to divert participants’ attention from
the force pattern identification task, simulating a scenario such as interacting with the ring when talking
to a colleague or listening to a presentation. When the secondary task was presented (Cognitive Load),
participants were asked to perform both tasks in parallel. A modified Stroop test [111] was used, where the
name of a color was shown using a random font color (e.g., the word “red” shown using a yellow font color).
To ensure the two tasks were performed simultaneously, instead of sequentially, the text and color were
randomly rendered from a pool of five colors (e.g., red, yellow, green, black, and blue) every two seconds.
Participants were asked to count how many times there was a match between the text and font color. Two
seconds was chosen based on results from an earlier pilot study to ensure that participants had enough time
to process the task. When the secondary task was not used (No Load), participants were not presented with
the Stroop task and only indicated which force profile they felt.

In the Resistant Force and Ramp-Down conditions, as the force was expected to be felt immediately
after participants attempted to rotate the ring, the brake was engaged immediately after the trial began.
Ramp-Up, in contrast, began with no force. Both Ramp-Down and Ramp-Up started at 0° and ended after
the outer race was rotated 180°. Hard Stop and Bump were rendered at the 40° position. The position was
determined based on data from an earlier pilot study, where a single clutch of the ring would rotate it 40°
and still provide a sufficient leading distance so that it would not be confused with No Force. As the brake
pad has to move into position at the beginning of each trial, the brake pad was moved a random distance
before moving it to the correct position to avoid the possibility that the vibration of the brake pad would
indicate the current force profile.

During the experiment, participants wore noise canceling headphones to block the noise generated by
the ring’s motor, yet enable them to listen to the audio feedback from the experimental software. The

experimental software was written in Python, and was run on a MacBook Pro laptop.

Procedure

Participants were shown the prototype and were asked to wear the ring on the index finger of their non-
dominant hand. They were then told that they would be presented with one of the force profiles and would
need to indicate which force profile it was. After being shown the prototype device and putting it on their

finger, each force profile was presented to the participant. Fach participant was allowed several practice
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Figure 6.5: Force profiles designed and implemented.

trials in each condition to familiarize themselves with the force profiles.

During each trial, participants were asked to rotate the outer race using their dominant hand to feel
the force profile. Participants were allowed to try a profile as many times as they wanted until they felt
confident they could report which one it was. To end the current trial, participants used their dominant
hand to press the space bar on the keyboard to finish the trial. They then verbally told the experimenter
which force profile was presented. To begin the next trial, participants pressed the space bar again. In the
condition, where a secondary task was presented (i.e., the modified Stroop test), participants performed the
two tasks in parallel. The percentage of correct responses to the cognitive task was shown on the monitor
and participants were asked to maintain an accuracy above 90%. Each participant successfully maintained
the 90% accuracy threshold. Breaks were encouraged at the end of each condition.

During the study, participants’ hands were covered using a cardboard box to avoid visual cues from the
ring potentially influencing their responses. To feel the force profiles, participants were asked to rotate the
ring towards their body. Each force profile, except for the Hard Stop could be felt again after the race had
been rotated an excess of 180°, at which time a beep indicated the end of the profile. Hard Stop could not
be felt again as the outer race was locked at 40°.

Upon completion of the study, participants filled out a post-experiment questionnaire where they indi-
cated subjective ratings for the recognizability of the force profiles (1: very hard to recognize, 7: very easy

to recognize). The experiment lasted approximately 60 minutes.

Experimental Design and Measures

The experiment employed a 2 x 2 X 6 within-subject factorial design, with Mobility (Walking and Stand-

ing), Secondary Task (Cognitive Load and No Load), and Force Profile (Hard Stop (S), Resistant Force
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(RF), Ramp-Up (RU), Ramp-Down (RD), Bump (B), and No Force (NF)) as independent variables. The
experiment was comprised of three blocks of trials, with each block consisting of 3 repetitions. During each
trial, participants performed tasks in one of the Mobility x Secondary Task x Force Profile combinations.
The Mobility x Secondary Task combination was counter-balanced among participants. The Force Profile
was presented in a random order. The experimental design was thus 2 Mobility x 2 Secondary Task x 6
Force Profile x 3 Blocks x 3 Repetitions x 16 Participants = 3456 trials.

Dependent measures included the profile recognition accuracy (i.e., the number of correctly identified
force profiles), the response time (i.e., the time elapsed from the start of the force profile to the depressing
of the space bar), and the number of attempts required to identify each force profile. The response time for

Hard Stop and Bump was measured from the moment when the force was detectable.

Results

The data were analyzed using repeated-measures ANOVA and Bonferroni corrected paired t-tests for pair-
wise comparisons.

Profile Recognition Accuracy. The average accuracy across all conditions was 94.0% (SD = 10.5%; Figure
6.6 right). The repeated measures ANOVA yielded a significant effect of Mobility (F} 15 = 17.76,p < .01),
Secondary Task (Fi 15 = 11.57,p < .01), and Force Profile (F5 75 = 10.3,p < .01). An interaction was also
found between Mobility and Secondary Task (F1 15 = 5.75,p < .05), indicating that mobility has a slightly
smaller impact when there is cognitive load (Figure 6.7 left). Recognition accuracy was significantly higher
when participants were standing (M = 95.7%, SD = 8.8%) than walking (M = 92.2%, SD = 11.7%; p < .05)
and when no secondary task was present (M = 95.31%, SD = 8.54%; p < .05). Hard Stop (M = 99.5%, SD
= 2.4%) was significantly higher than Resistant Force (M = 90.6%, SD = 13.3%), Ramp-Up (M = 91.3%,
SD = 9.8%), and Ramp-Down (M = 87.7%, SD = 14.3%; allp < .05). No significant difference was found
between Hard Stop, Bump (M = 98.4%, SD = 3.9%), and No Force (M = 96.4%, SD = 7.2%; all p > .05)

or between Ramp-Down, Ramp-Up, and Resistant Force (all p > .05).
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Figure 6.6: Profile Recognition Accuracy. Left: Secondary Task and Mobility. Right: Force profiles. (Error
bars show 95% CI in all figures).
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Confusion matrices of the recognition accuracy of different force profiles under the Mobility and Secondary
Task conditions (Figure 6.7) revealed that the Resistant Force was the major source of confusion with Ramp-

Up and Ramp-Down when the task was performed when walking or with the Secondary Task.
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Figure 6.7: The confusion matrices of the Profile Recognition Accuracy (%), by Secondary Task and Mobility.

Response Time The average response time was 3.1 seconds (SD = 1.3 seconds). A repeated-measures
ANOVA yielded a significant effect of Secondary Task (F1,15 = 13.17,p < .05) and Profile (F5 75 = 83.62,p <
.05). There was no significant effect of Mobility (F'1,15 = 1.644,p = .219), nor any significant interaction
effects (all p > .05).

The response time for walking and standing were 3.2 seconds (SD = 1.3 seconds) and 3.1 seconds (SD =
1.4 seconds) respectively. Surprisingly, response time was faster with the secondary task (M = 2.8 seconds,
SD = 1.1 seconds) than without it (M = 3.4 seconds, SD = 1.5 seconds). Participants reported that they
felt the faster they performed the task, the fewer number of colors they needed to memorize.

As expected, the response time for Hard Stop (M = 1.7 seconds, SD = 0.6 seconds; all p < .05) was the
shortest, followed by Bump (M = 1.9 seconds, SD = 0.6 seconds; all p < .05). This was to be excepted
as these two profiles were distinguishable earlier in each trial, after only 40° of rotation. The remaining
force profiles required participants to rotate the ring for longer, increasing the response times. No significant
difference was found between No Force (M = 3.7 seconds, SD = 0.9 seconds), Resistant Force (M = 4.0
seconds, SD = 1.2 seconds), Ramp-Up (M = 3.9 seconds, SD = 1.1 seconds), and Ramp-Down (M = 3.6
seconds, SD = 1.2 seconds; all p > .05; Figure 6.8 left).

Number of Attempts On average, participants took only 1 attempt (SD = .09) to correctly guess each
profile. There was no significant effect of Mobility (Fy 15 = .22,p = .644), Secondary Task (Fy 15 = 1.48,p =

.24), or Force Profile (F5 75 = 1.52,p = .23). Unsurprisingly, Hard Stop resulted in exactly one attempt as
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Figure 6.8: Left: The average response time (in seconds). Right: The secondary task accuracy for each force
profile.

the ring was not rotatable once the profile was executed.

Secondary Task Accuracy The overall accuracy of the Secondary Task was 94.1% (SD = 8.2%). There
was a significant effect of Mobility (Fi 15 = 11.667,p < .05) and Profile (F5 75 = 4.413,p < .05).

Participants completed the secondary task more accurately when standing (M = 95.7%, SD = 7.5%) than
walking (M = 92.5%, SD = 8.6%). Regarding the effect of Force Profile, the secondary task received higher
accuracies with Hard Stop (M = 96.9%, SD = 5.8%), No Force (M = 96.2%, SD = 6.1%), and Bump (M =
96.2%, SD = 7.3%), than Resistant Force (M = 92.4%, SD = 9.1%), Ramp-Up (M = 91.7%, SD = 8.5%),
and Ramp-Down (M = 91.3%, SD = 10.1%). Post-hoc comparisons only revealed a significant difference
between Hard Stop and Ramp-Down (p > .05; Figure 6.9 right).

Subjective Ratings. Study results were analyzed using Friedman signed-rank tests with Wilcoxon tests for
pair-wise comparisons. The Friedman test yielded a significant difference in Force Profile (x?(5) = 43.74,p <
.001). Overall, median ratings for all scenarios were above 5 (with 1 indicating the profile was very hard
to recognize and 7 being very easy to recognize). This suggests that all or most of the participants agreed
that the force profiles were easy to perceive (Figure 6.9). Bump and Hard Stop were rated very easy to
perceive (i.e., both received a median of 7), followed by No Force. Participants rated these three force
profiles significantly easier to perceive than Resistant Force, Ramp Up, and Ramp Down (all p < .005).
Post-hoc tests found no significant difference between the two groups of force profiles (all p > .05). As
the subjective ratings are consistent with the recognition accuracy results, this confirms the effectiveness of
passive kinesthetic force feedback as a new output channel.

Participants were welcoming of this new output technique as well. They described it as “interesting” (P2,
P8, P9), “awesome” (P6), “cool” (P15), “promising”, (P16), “exciting” (P11), and “amazing” (P3). They
told us that they could imagine new applications that could be enabled by this type of haptic feedback (e.g.,
“T am looking forward to seeing new applications” (P14)). Participants also saw potential for such a ring in

scenarios such as “sports & yoga” (P7) or during “fitness” (P10). Two participants also noted the intimate
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Figure 6.9: Participant responses to the ease of recognizability of the force profiles. Graphs are centered
around the neutral response, with the proportion of positive and negative responses on the right and left
side, respectively.

nature of the ring, suggesting it could be used “between lovers” (P14) or for “private communication” (P10).

Evaluation Summary

The user study indicated that most force profiles could be easily distinguished, even under conditions where
users’ physical or mental workload was high. Walking or performing a secondary task had a negative impact
on participant’s ability to accurately perceive the haptic feedback. A promising finding was that physical
or mental workload did not significantly impact response time. Surprisingly, response time was even shorter
when participants were asked to perform a secondary task, requiring extra cognitive load.

The unique properties of the different force profiles allow them to be suitable for different applications.
For example, Hard Stop and Bump seem more are appropriate to indicate urgent messages, as they can be
recognized quickly. Ramp-Up and Ramp-Down seem most suitable if one wants to mimic physical feedback
during physical interactions. Therefore, the value of the force profiles value may lie in the realistic feelings
that could be provided to users in applications where haptic feedback is important (e.g., games), or in
designing novel metaphors for the ring (e.g., closing an application is accompanied by the Ramp Up to
mimic the closing of the lid on a soda bottle).

The study also demonstrated how clear each force profile was via the number of attempts that were
required to complete a trial. In situations where two or more force profiles were indistinguishable by partic-
ipants, e.g., Ramp-Up and Resistant Force, the participant may have spent more time on decision making
than physically rotating the ring multiple times to get a clear feeling. In either case, response time may
have been longer, but less attempts would have been made, i.e., the classic speed-accuracy tradeoff. As the

average number of attempts made was close to one, the participants could readily feel the haptic feedback
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patterns. Similarly, decision making did not take extra time away from participants while identifying the
right force profile. This confirms that passive kinesthetic haptic feedback does not divide attention to the
degree that it imposes a significant cognitive load on users.

Smart rings are expected to be used on-the-go, while users are performing another task and have their
attention divided. It was thus important to understand if interacting with the ring through the passive
kinesthetic haptic feedback would impact the performance of the user’s task. The results demonstrated
that the average accuracy of the secondary task was around 94%. This suggests that ring-based passive
kinesthetic haptic feedback may not significantly impact the performance of a second, parallel task. On
the other hand, physical workload did have an impact on haptic perception: the accuracy was higher when
standing than walking. These results were like caused by the movement of the user’s hands and body, but
still indicate that passive haptic feedback could be useful for multi-tasking. If a passive kinesthetic haptic
feedback-enabled ring is to be used in a context-aware application that detects physically activity, one may

want to alter the force patterns that are supported so as to improve recognition rates.

6.5 Applications with Passive Force Feedback

To demonstrate potential usage scenarios for ring-based, passive kinesthetic haptic feedback, and explore
the range of tasks that it may be best suitable for, we implemented four applications. The applications

exemplify novel interactions techniques that could enhance common, everyday tasks.

Calendar

It is common that individuals check the time on their smartphone or smartwatch to plan for the next
appointment in their calendar. Frequently looking at your watch, however, is considered inappropriate in
many social settings. With the prototype ring, the amount of friction force and rotation allowed can be used
to indicate the time remaining until one’s next meeting. For instance, if there is over an hour until the next
meeting, the ring can freely rotate for a full rotation (Figure 6.10), but if there are only 15 minutes, the ring
can be made to feel stiff, and would stop rotating after a 90° rotation. If one was late to a meeting, the ring
could become unmovable. Such an application would employ three of the patterns tested in the prior study
(No Force, Resistant Force, and Hard Stop) and could utilize greater gradations of resistant force to provide

more expressiveness .
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Figure 6.10: With passive force feedback, a user can subtly check their calendar while chatting.

Rotary Combination Lock

Providing precise rotary input on a smart ring can be challenging, as pointing at a small angular target
requires fine motor control or continuous visual attention [|. This challenge can be mitigated by providing
haptic landmarks around the targets using the Bump force profile. To demonstrate this capability, we
implemented a rotary combination lock to allow a wearer to unlock their personal computing devices (e.g.,
smartphone or laptop) using the ring (Figure 6.11 left). Passwords can be entered as a series of three
rotations that alternate direction, followed by a fourth direction change to confirm the inputted sequence.
The device provides Bump feedback every 45° of rotation. Eyes-free input is also possible as the user can
memorize how many times the dial needs to be turned across the haptic landmarks in a certain direction. If
the correct sequence of rotations is entered, the ring will spin freely (No Force) to indicate success. A Hard

Stop would be used to indicate a failed attempt.

Figure 6.11: With passive force feedback, (Left) a wearer can unlock their laptop by using their ring as a
combination lock, or (Right) control the angle and power of a slingshot while gaming.

Gaming

Inspired by the popular Angry Birds mobile game, the ring can also be used for traditional gaming input,
by mapping the rotational nature of the device to input. Using the ring, the wearer can rotate the outer
race to indicate the angle of the birds’ slingshot. After a one-second dwell, the mode is switched to input
the power of the slingshot. During pull-back, the Ramp-Up profile informs the wearer that the slingshot

is approaching the maximum force (Figure 6.11 right). The wearer can then quickly rotate the ring in the
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opposite direction, which switches to No Force, and gives the wearer the sensation of a large spring force
being released as the motor disengages the brake. This example showcases the novel haptic output responses

that can be generated in response to user input to provide a richer gaming experience.

Eyes-Free Call-Display

If the wearer is at a movie theater with their phone on silent and they receive a phone call, they may want to
know who is calling before deciding whether to leave and answer the call. If they take the phone from their
pocket to see the screen, the glow it emits will disrupt the other viewers. Instead, when the phone vibrates,
the wearer can twist the ring to query the caller. As the wearer has memorized predefined mappings for
frequent callers, they know that if they twist the ring and feel the No Force profile, it is an unknown caller,
whereas if they feel the Hard Stop profile, it is their wife calling and they should answer the call (Figure
6.12).

Unknown caller

>

Figure 6.12: With passive force feedback, a user can check who is calling by associating different force profiles
to different incoming callers.

6.6 Chapter Summary

The chapter described an example of output channel leveraging passive force feedback on smart ring. It
is coupled with rotational input on the ring. With such feedback, different friction forces can be designed,
generated, and felt by a user when they rotate the ring. A set of novel interaction techniques demonstrate
the unique capabilities enabled by this novel haptic output channel.

The passive haptic feedback provides an alternative approach to design output channels on wearable
devices. One benefit of doing this, is it matches with users’ daily feedback experiences. Inherent Output like
this, could provide new perspective, and hopefully new insights into the feedback mechanisms on wearable

devices.
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Designing a new output channel, e.g., the haptic feedback in this case, requires adding new components
such as motors to the wearable devices. Miniaturization and compactness are important aspects of any
wearable [33], especially those found on the finger. This needs further optimization of the structures, and
development of micro motors.

When devices are embedded into the body, skin will become more important as a design space for
input and output channels. Turning skin into haptic display would be valuable but challenging. Although
mechanical actuators and structures have advantages of being accurate and low latency, their nature of being
rigid, preventing adapting the approaches to the design of skin-like haptic displays. For instance, the haptic
devices would impede skin’s natural sensations of physical world. This raises the necessity of exploring

different actuation approaches that are better suited to the design of skin-like haptic display.
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Chapter 7

Skin as Haptic Display

When devices are embedded into the body, skin will act as an important interface to communicate information
with users. Designing output channels on skin is challenging. Some previous work envisioned scenarios of
using skin as visual display. This can be realized with thin and stretchable LEDs such as the work presented
in [135] and [81], as well as with the technology of smart tattoos, demonstrated in [120]. Nonetheless, less
work has been explored on turning skin into a haptic display. As described in the previous chapter, haptic
output channels can be used for subtle interactions, without requiring a user’s visual attention. However,
turning skin into haptic display will face several challenges. Traditional haptic interfaces are based on electro-
mechanical structures which are often rigid and bulky. These are not easy to be embedded into, or attached
onto skin, and will easily impede the natural sensations of the skin, preventing the user from interacting
with the physical world. This chapter discusses liquid flow actuating skin-like haptic display, that enables

mixed reality haptics.

7.1 Skin like Haptic Device

This chapter presents a skin like haptic display, which enables virtual haptic feedback without disturbing
the user’s natural tactile sensations of the physical world while wearing the device. A proof of concept
prototype (Figure 7.1), is composed of a thin, flexible latex tube (0.lmm thick) that is lightly stretched
over the skin, and provides the tactile sensations of pressure, vibration, and temperature on the fingertip
via liquid flow. The sensations are delivered by modulating the temperature, pressure and flow rate of the
liquid travelling through the device and across the fingerpad. The haptic device is non-obtrusive, and can
readily switch between actively providing sensations, and being ‘passive’, i.e., supporting natural dexterity

and allowing the user to sense and interact with the real world. This approach opens new opportunities
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for interaction, for example, allowing the user to seamlessly switch between physical and virtual sensations
in mixed reality tasks, and provides a new channel for always-available notifications and other information.
This work envisions a future type of skin like haptic display that can be always worn, or implanted on one’s

body with the support of artificial skins [54] and microfluidic devices [89)].

Figure 7.1: A haptic display that is thin and slightly stretched over the skin, that is (a) not active, (b) active
with liquid flow applying pressure.

7.2 Mixed Reality Haptics Using Liquid Flow

There have been little efforts to design haptic devices that can also support a user’s ability to perceive
physical sensations. The term mixed-reality haptics, was used to describe devices that can enable virtual
haptic feedback without impeding the user’s haptic sensations of the physical world on the same location of
the body (i.e. fingertip) while worn. Such devices are akin to mixed-reality displays, which support a user’s
ability to view both physical and virtual imagery. Before describing the specific device, here outlines two

main design considerations when constructing the prototype - the use of liquid flow, and the form factor.

7.2.1 Liquid Flow

A challenge of mixed-reality haptics is to design a device that allows the skin to perceive both virtual and
physical stimuli. Any mechanical or rigid device that covers the skin would thus not be suitable. One
possibility is to use a retracting device to stimulate the skin on demand, and retract when not in use.
However, such an approach would require significant power and accuracy and the miniaturized motors would
likely be rigid and bulky. The use of liquid and liquid flow, has several beneficial properties that lend well
to providing mixed-reality haptics.

Liquid flow has a variety of states that can be described with physical and transport properties such as

pressure, velocity, viscosity, (in)stability, and temperature. By dynamically adjusting the properties of liquid
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flow inside a tube, a range of haptic feedback sensations can be created. Due to the nature of liquid flow and
the design of the system, some of these haptic sensations can be applied independently or simultaneously. For
instance, a user could sense changes in both temperature and vibration at the same time as the temperature
of the flowing water changes, and the flow is restricted and released quickly to provide the vibration.

The use of liquid to deliver haptic sensations also allows the end-effector that delivers the sensations to be
located away from the equipment that drives the flow of the liquid. As liquid is incompressible, the latency for
many sensations (e.g., vibration, pressure) can be relatively low, despite there being long distances between
an end-effector and its associated equipment. For other properties (e.g., temperature), the distance to the
end effector can impact the latency, but, when using liquid, this can be mitigated through the use of higher
flow rates and thinner tubing. If a sealed end-effector is located away from the equipment controlling the
flow, it can also be used in a variety of environments (e.g., under water, in dirty or oily environments, and
so on). Lastly, if the majority of the end effector is made of flexible tubing, it would be robust to daily usage
and small impacts. Even if components become damaged, they could easily be replaced with passive plastic
and rubber parts. In comparison, the small, rigid electromechanical actuators associated with traditional

haptics damage relatively easily and are often costly and difficult to repair.

7.2.2 Form Factor

With strategic tube routing, liquid flow could potentially be used to provide haptic sensations on any area
of the body. In the implementation, we focus on a finger worn device. The fingertip is particularly sensitive
to haptic stimulation [50], making it a suitable target area. Demonstrating mixed-reality haptics on the
fingertip will also allow us to explore usage scenarios which require dexterous use of the hands or fingers,

which traditional haptic devices impede.

a b
SIS

Figure 7.2: Diagram of the prototype as worn on the finger: a) non-active state; b) applying pressure to the
finger by pumping water into the latex tube.
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Fluid was delivered to the fingertip using a dedicated hydraulic circuit running through a latex tube
(Figure 7.2). One potential implementation of liquid-flow haptic feedback is to offload the hydraulic circuit
to existing hydrostatic or hydrodynamic systems the user is already wearing. Exoskeletons, while once part
of science fiction [23], have recently become a reality, with both industry and medicine [27] testing their
utility. It is possible that these existing fluid-based exoskeletons could be modified to include the ability to
provide haptic feedback to the fingertip in addition to their regular assistive function.

There is also potential for future liquid-flow haptic devices to be implemented using active microfluidics
[124]. Using very thin films, micropumps, and microvalves, it may be possible to deliver haptic sensations
directly to the fingertips using low volumes of liquid. This approach shows potential, as it is low powered,

very small, and may be able to be implantable directly under the skin in the distant future [54].

7.3 Prototype

The prototype consists of a purpose-built hydraulic circuit (Figure 7.3) connected via flexible PVC tubing to
a fingertip-worn ring (Figure 7.2). The hydraulic circuit controls the flow of the liquid, to provide sensations
of pressure, temperature, and vibration. Pressure and temperature sensors attached to the tubing monitor
the state of the liquid and provide input to the system to ensure that accurate sensations are being rendered.
We use water as the liquid medium due to its availability, inert nature, and low cost, although other liquids
could potentially be substituted, potentially altering the sensations which are received. While the current
form-factor is relatively small and unobtrusive, it does require a dedicated hydraulic circuit and tubing
running to the fingertips. In the future, we foresee this approach becoming less cumbersome and more easily

integrated.

7.3.1 Hydraulic Circuit

The hydraulic circuit that drives the movement of the water through the ring was custom built to efficiently
deliver haptic sensations to the fingertip (Figure 7.4). Water is stored in two reservoirs, one contains hot
water, the other cold. Each reservoir has a peristaltic pump ', which draws water from the reservoir at a
controlled speed, computed from the desired pressure, vibration, or temperature. The water flows from the
pumps and is combined in a drip chamber 2. This drip chamber not only mixes water that is at two different
temperatures, but also dampens the pressure fluctuations introduced by the peristaltic pump. The water

travels from the drip chamber, through the PVC tubing (inner radius: 1mm) to the finger-worn ring before

Thttps://www.adafruit.com/product /1150
2https://www.sciencedirect.com /topics/medicine-and-dentistry /drip-chamber
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passing through a controllable solenoid valve ? that stops the flow of water. This allows the device to increase
pressure or produce vibration sensations. When the valve is open, the water flows into a terminal reservoir to
be later recycled. The latex tube empties when the pump stops and the valve is open, or maintains constant
pressure when the valve is closed. Currently, the reservoirs are manually emptied and refilled, but with a

more complex system, the water could be recycled within a closed circuit.

cold water

drip chamber

hot water pump
O pressure sensor
pump @

@

terminal reservoir

B valve Cj HydroRing

Figure 7.3: Schematic of the system. Water is pumped from the hot and cold water reservoirs, through the
drip chamber, and passes through the latex tube before emptying into the terminal reservoir.

temperature sensor [0)]

The two peristaltic pumps are controlled using an Arduino Uno with an attached Motor Driver board 4
that allows the speed of the pump to be dynamically controlled. The same Arduino UNO also controls the
solenoid valve that modulates the flow of liquid to the terminal reservoir. A second Arduino oversees the
pressure and temperature sensors (pressure sensor - MS5803-14BA 5 and infrared thermometer - MLX90614
6) that monitor the current state of the ring. Both Arduinos are connected to a single PC which contains

the logic that monitors user input and sensor values and controls the flow rates and valve states.

7.3.2 Ring

The ring is comprised of a small custom 3D printed plastic structure (12 x 12 x 4 mm) worn on the back
of the finger, and a thin latex tube that is 9mm wide which wraps around the fingertip and connects to the
rigid structure behind the finger on either side of the fingertip. As latex is very flexible, any increases in
pressure will cause the latex to expand both toward, and away from, the actuated finger. To constrain the
expansion toward the finger, a thin film of clear Low-Density Polyethylene (LDPE) was wrapped around the

latex tubing and finger. As LDPE is not as elastic as latex, this constrains the expansion of the latex tubing

3https://www.sparkfun.com/products/9673

4https://www.adafruit.com/product /1438

Shttps://www.sparkfun.com /products,/12909
Shttps://www.melexis.com/en/product/MLX90614/Digital-Plug-Play-Infrared-Thermometer-TO-Can
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Figure 7.4: Overview of the prototype system showing the hydraulic circuit.

toward the finger-pad, increasing the pressure felt on the finger and reducing the overall size of the actuated
device.
Custom software written in Java monitors the sensors and coordinates the control of the pumps and

valves. The software is run on a desktop PC, and communicates with the Arduinos over USB.

7.3.3 Haptic Sensations

An advantage of using a fluid is that it can produce a range of haptic sensations. Below we describe how

the device is used to render vibration, pressure, and temperature.

Vibration

To render vibration, the terminal solenoid valve is opened and closed in rapid succession as the water is
pumped through the system. By varying the incoming flow rate as well as the frequency at which the
solenoid valve opens and closes, the system is able to control both the frequency and amplitude of the
vibration. The system is able to render vibrations from 1Hz to 50Hz while running a single pump at 12VDC
constantly. Beyond 50Hz, the water does not circulate fast enough through the system and pressure builds
up. It is worth noting that the vibration amplitude decreases as the frequency increases, while the absolute
amplitudes are also determined by the water flow rate (as affected by pump speed, tube size, etc.). The

latency to activate the vibration sensation is less than 200ms.

87



Pressure

Pressure is produced by closing the terminal solenoid valve and preventing the water from flowing back
into the terminal reservoir. As the volume of water increases, the pressure within the tubing does as well.
Because the latex tubing is the most elastic component within the prototype, this volume of water causes
the latex tubing to expand towards the finger, yet still be constrained on one side (by the LDPE), causing
the user to feel the sensation of pressure on their fingertip.

The system can produce pressures ranging from 0.1N to 2.6N (measured with a force sensor 7 put in
between the fingertip and the latex tube). The minimum pressure (0.1N), represents the pressure felt from
wearing the ring in its relaxed form. We observed a linear relationship between water pressure inside the
tube via the pressure sensor reading and the measured force applied to the fingertip. Thus the inner water
pressure sensor is used to monitor and adjust the rendered pressure sensation. As the water takes some time
to reach and fill the latex tube, there is some latency in achieving high pressures. Currently, the device takes
approximately 3 seconds to change from no pressure to maximum pressure, with smaller changes taking less
time. With a stronger pump, this time to reach the desired pressure may decrease, but the accuracy in

controlling the pressure may be reduced.

Temperature

Temperature output is produced by controlling the speed of two pumps that draw water from insulated
reservoirs. One reservoir contains hot water held at 50 — 60°C, while the other contains cold water held
at 1 — 2°C. To control the ratio of hot to cold water, a PID controller 8 monitors the water temperature
via the infrared temperature sensor, and controls the relative speed of each pump. Manual tuning of the
PID parameters ensured that the temperature reached the target value as quickly as possible, but did not
overshoot (so as not to expose the wearer to temperatures that are too hot or too cold). The PID parameters
also ensured the stability of the flowing water at the target temperature, to reduce undesired oscillations.
Using this approach, the system is able to deliver water in the range from 2—55°C, but we limit the output
to 15 — 40°C to ensure users’ comfort. Because the temperature change requires the liquid to travel from
the reservoir to the fingertip, and the priority of not overshooting and maintaining temperature stability, its
latency is higher than the pressure and vibration stimulus generation. The system takes approximately 6
seconds to change the temperature by 5 degrees. This latency could be reduced with a stronger pump, or

by shortening the tubing connect the fingertip device to the reservoir.

"https://www.sparkfun.com/products/9673
8https://github.com/tekdemo/MiniPID-Java
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7.4 Evaluation

Two studies were carried out to evaluate the design and prototype. The first examined a user’s ability to learn
and recognize different levels of temperature, pressure, and vibration produced by the device. The second
study evaluated the extent to which such skin-like haptic display impedes a user’s natural touch perceptions

of surface texture, pressure, temperature, and vibration while the device is worn in passive mode.

7.4.1 Recognition of Sensations

The objective of the first study was to determine how well users could differentiate different levels of rendered
tactile sensations produced by the prototype after a brief training period. This study serves to validate that
the prototype is able to reliably generate haptic sensations and to evaluate users’ ability to perceive and
recognize the sensations. Twelve participants (8 male) between the ages of 22 and 36 years participated in

the study.

Apparatus

The experiment was performed using the prototype previously described to render the sensations. A tradi-
tional desktop computer ran the experimental software, showed feedback to participants, and controlled the
haptic rendering.

Three prototype sizes were available: the best fitting ring was chosen by using the largest ring where the
latex tube would lightly stretch over the fingertip of the dominant hand while the finger was in a resting

state.

Experimental Design

This experiment evaluated participants’ ability to recognize stimuli using the three modalities that the
prototype is capable of rendering (i.e., pressure, temperature, vibration). For each modality, the functional
range of stimuli that the ring could provide was divided into three, five, or seven levels of granularity (values
for stimuli at 7 levels is shown in Table 7.1). Participants completed 3 repetitions of each of the three
granularity levels for each of the three modalities for a total of 135 testing trials per participant (i.e., 3 levels
of granularity (3 trials at level 3) + (5 trials at level 5) + (7 trials at level 7) = 15 trials x 3 repetitions of
each stimulus x 3 modalities pressure, temperature, vibration = 135 testing trials per participant).

The presentation order of modalities was counterbalanced among participants using a Latin square, as
was the presentation order of each granularity level. Within each block of trials, the presentation order of

stimuli was randomized.
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’ Sensations Levels \ Unit ‘

Pressure 0.3, 0.39, 0.50, 0.64, 0.83, 1.07, 1.4 N
Vibration 2,3,4,7,12, 20, 31 Hz
Temperature 15, 19, 23, 27, 31, 35 °C

Table 7.1: Levels of each stimulus rendered for the 7 level condition.

Procedure

After being outfitted with the prototype, participants began the first block of the experiment, for the first
assigned modality. In each block, participants were shown a training set of stimuli corresponding to the
current granularity level (i.e., in the 3 levels of granularity condition they were shown the stimuli from 1 — 3,
in order; in the 5 levels of granularity condition, they were shown the stimuli from 1 — 5 in order; etc.). They
were then shown this training set of stimuli again. Then, they were shown a testing set of stimuli, which was
one of the stimuli from the current granularity level, and were asked to indicate, using a keyboard, which level
the stimuli corresponded to. This process was repeated for all remaining stimuli in the current granularity
level. Once all the testing set stimuli were presented, the participant was shown the training set of stimuli
again and completed another testing set of stimuli. This process was repeated until the participant had been
exposed to a total of three sets of testing stimuli (with additional two sets of training stimuli interspersed).

Once a block was completed, the participant then moved onto the next granularity level and modality.

Figure 7.5: Apparatus of study 1. The user’s view of the device is occluded, and they wear headphones to
mask the noise of the pumps and valves.

Each time a granularity level was presented during a training set, HydroRing would render the stimuli and
the computer monitor would display the number associated to the current granularity level of the stimulus
(i.e., in the 7 level condition, the numbers 1 — 7 would be displayed; in the 5 level condition the numbers 1

— 5 were displayed; in the 3 level condition the numbers 1 — 3 were displayed).
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Results

Response accuracy (Figure 7.6) was analyzed using a 3 (Modality: pressure, temperature, and vibration) X
3 (Granularity Level: 3, 5, and 7) repeated measure ANOVA, with Bonferroni corrected paired t-tests for
post-hoc pairwise comparisons. No Modality x Granularity Level interaction (p > .05) or effect of Modality
was found (p > .05), but a main effect of Granularity Level was significant (F 22 = 170.9,p < .01). Post-
hoc pairwise comparisons demonstrated that it was easiest to discriminate between 3 levels (M = 98.1%),

followed by 5 levels (M = 84.4%), and by 7 levels (M = 53.8%) (all p < .01).
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Figure 7.6: Mean recognition accuracy per modality. Error bars show standard error of the mean.

A further analysis on the responses with 7 levels demonstrates that while accuracy levels may be low
(around 50%) across all modalities, the participants were often close to the correct answer. Comparing the
mean responses against the baseline (Figure 7.7) shows that participant responses tended towards the ground

truth, with strong correlations for all modalities.

o B N W A~ O O N

Pressure Temperature Vibration

Figure 7.7: Mean perception of each stimuli, compared to the ground truth. Error bars show standard error
of the mean.
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Discussion

The results demonstrated that the prototype was able to reliably produce haptic sensations at different levels.
Participants could accurately distinguish among 3 levels of haptic stimuli on each sensation, and performed
relatively well even with 5 levels. However, if accurate perception of the stimuli is needed, subdividing the
space into more than 5 levels is not practical.

The results suggest that designers could consider including 3 or 5 items or notification levels, that are
associated with different levels of haptic stimuli. However, applications should allow users to receive enough
training to become familiar with, and learn the stimuli. Two participants (P4, P9) noted that re-training
was beneficial as it helped strengthen their memory and improved their confidence in subsequent trials. It
remains a challenge as to how best to design interactive training sessions within applications.

When deciding between many levels of haptic feedback (e.g., 7 levels), users were likely to under-rate
their perceived stimuli. Despite this, it was easier for them to distinguish between values at the extreme
ends of what the prototype could generate versus those that were similar. Such information could be useful
for designing feedback like haptic progress bars that do not require users to perceive absolute values but
could indicate a general direction or relative magnitude.

The study design has some limitations that were observed or elicited through participant feedback, which
designers should consider. First, participants’ perception of pressure, vibration and temperature were likely
influenced by the last stimuli they had encountered. For instance, participants may have felt a stimulus was
warmer if the previous stimuli was cold. This suggests that the relative change in stimulus level should be
considered, not just the absolute stimulus. Second, although participants could rest during the study, some
felt that they lost some ability to sense stimuli accurately towards the end of the study due to the repeated

trials.

7.4.2 Study 2: Impact on Physical sensations

A second study was conducted to assesses the degree to which the haptic display impedes the wearer’s natural
tactile sensations. Four common tactile sensations that could be impacted by the use of the prototype were
evaluated: pressure, vibration, temperature, and texture. The same twelve participants from the first study

participated in the second study.

Apparatus

Several purpose-built devices were constructed to render different levels of each of the desired stimuli [].

Pressure was produced via a small platform which was constrained to move along a single dimension
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’ Sensations Levels \ Unit ‘

Pressure 0.3, 0.6, 1.2, 2.4, 4.8 N
Vibration 80, 110, 150, 200, 250 | Hz
Temperature 14, 21, 28, 35, 42 °C
Texture (Bump size) 0, 0.5, 1.0, 1.5, 2.0 mm

Table 7.2: Levels of each sensation used in Study 2.

(normal to the fingertip). The finger was placed underneath the platform with the fingerpad facing upwards.
Different masses ranging in weight from 0.3-4.8N were placed on top of the platform to produce a range of
pressures. The masses had the same appearance so participants could not visually determine which weight
was being added, but differed in the amount of weight that was contained inside.

Vibration was produced with a small vibrotactile motor that could be actuated between at 80 and 250
Hz. The motor was fixed onto a table and participants rested their finger on the tactor. The frequency of
the vibration was controlled by regulating the voltage that powered the device.

Temperature was rendered using a 20 x 20mm Peltier module with a heatsink to provide stimuli between
14°C and 42°C. The module and heatsink were affixed to a table and participants were instructed to place
their finger on the pad. The temperature of the module was controlled by regulating the current flowing to
the device, and participants were instructed to place their finger on their module only after the module had
reached the desired temperature.

Texture was rendered using five different 3D-printed texture samples. Each texture sample was created
by embedding different sized spheres on top of a solid to create a grid of bumps. The bumps ranged in size
from 0 mm (flat and smooth) to 2 mm (rough, bumpy surface). All texture samples had the same overall

dimensions of 50 mm x 50 mm X 2 mm.

Experimental Design

Participants completed the within-subjects study under two conditions, a baseline, where they used their
bare index finger to perceive the stimuli, and an augmented condition, where they perceived the stimuli
using their index finger while wearing the HydroRing in its passive state.

The levels of each stimuli were selected to represent a range of levels frequently encountered in daily life,
while remaining inside the range of comfort for a given sensation (Table 7.2). Each level of the stimuli was
repeated 5 times, resulting in 5 levels x 3 repetitions x 2 conditions (baseline, augmented) = 30 trials for
each sensation. The presentation order of the conditions, as well as the type of sensation was counterbalanced
between subjects using a Latin Square design. Within each stimulus, the presentation order of the levels

was randomized within each block of trials.
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Procedure

Before beginning the study, participants were informed of the nature of the study. Depending on the

condition, they were then outfitted with the prototype.

b

Figure 7.8: Apparatus for testing tactile perception capability; a) the four devices used to produce the sen-
sations of pressure, vibration, texture, and temperature; b) the participant assessing the vibration stimulus
while wearing the prototype.

Each sensation was tested independently, and all trials were completed for that sensation before beginning
a new sensation. For each sensation, there were two blocks, with the ring and without the ring. The order of
the blocks was counterbalanced among the users. Users received 5 minutes of training before beginning the
trials for each sensation to get familiar with the five levels of the stimuli. During the test, the presentation
order of the stimuli were selected randomly. The stimuli were presented to the user (their hand was guided
towards the stimuli), and they were asked to verbally report which level of the stimuli they believed they
had felt.

Results

A two-way 2 (Condition: baseline, augmented) x 4 (Modality: pressure, temperature, vibration, texture)
repeated measures ANOVA was conducted, with Bonferroni-corrected paired t-tests for post-hoc pairwise
comparisons. There was a significant effect of Condition, (Fy 11 = 16.60,p < .01); as well as Modality
(F3.33 = 4.31,p = .01). There was no interaction effect (F3 33 = 1.08,p = 0.37). Wearing the ring significantly
impacted the user’s ability to identify the sensations, with accuracy dropping from 0.876 with the bare finger
to 0.839 with the ring. The only significant difference between modalities was between vibration (M = 0.90)

and texture (M = 0.81,p < 0.01); all other comparisons within Modality were not significant (p > 0.2).
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Figure 7.9: Accuracy in perception recognition with and without wearing the prototype. Error bars show
standard error of the mean.

Discussion

While the difference in accuracy while wearing the ring was significantly less than without the ring, the
actual effect was quite small at only 3.7%. From this small effect, we can conclude that while the device
has some impact on the user’s perception, the effect is quite minimal. Additionally, some modalities were
relatively unaffected (e.g., temperature, pressure), while texture was most impacted. This is likely due to the
higher frequency textures being dampened by the latex tubing. Further evaluation is necessary to determine
exactly what components of the perception are altered to better characterize how the perception is affected

[73).

7.5 Sample Usage Scenarios

While always-available, unobtrusive haptic devices could have many different applications and use cases,

here we outline three general uses of such technology that were prototyped in a Wizard-of-Oz approach.

7.5.1 Usage in Daily Activities

The ring form factor makes it suitable for an always-available notification and low-bandwidth information
channel. Vibration, pressure and thermal feedback can be used to enrich the information received by the
users from a notification. Using the pressure input channel, users can provide simple input using the same
channel they received the notification from, providing a tight coupling between input and output. As the
actuation of the device results in very little visible movement, the notifications could be quite subtle, and

non-disruptive to others around the wearer.
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As the device is designed not to be obtrusive, users can continue doing their normal daily activities
without worrying that the device will impede their dexterity or tactile sensations. Additionally, as the
actuating component of the device is sealed and flexible, the user does not have to worry about damaging
the device through normal activities. Users can use the device in messy or wet environments, and while

performing fine manipulation or assembly tasks [51].

Figure 7.10: Sample scenarios where mixed-reality haptics could be used; a) while operating existing tech-
nology b) performing activities in wet or dirty environments c¢) performing activities that require manual
dexterity.

7.5.2 Augmenting Physical Objects

Mixed-reality haptics could be used to augment existing static objects and structures. They could provide
feedback to augment the real world with haptic information, or deliver new haptic sensations. For instance,
if the hand were tracked in 3D space and the structure of the room was known, by running your finger over
a wall the ring may increase in pressure to indicate where wiring or framing structures are located behind
the wall.

The feedback could also be used to enhance existing technology that does not have haptic output ca-
pabilities. For instance, when reading a children’s book on a tablet, the device could respond and provide
haptic feedback corresponding to the elements in the book. For instance, if the book has scenes of a desert,
the ring may heat up when the book is touched — if the book has bees, the ring could vibrate to emulate the

buzzing. Such sensation may also be used to aid low-vision users.

7.5.3 Mixed Reality Interaction

Current augmented reality devices and applications are largely focused on visual augmentations of the real
world, with other sensations left un-augmented. By leveraging mixed-reality haptics, the virtual elements
in a scene can not only have a visual representation, but a tactile representation as well. The haptic device
can provide contact sensations, as well as vibration and thermal information to enrich the user’s perception

of the virtual aspects of the augmented scene.
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Figure 7.11: Example scenarios using mixed-reality haptics to add feedback to existing objects and devices. a)
a user moves their finger over a wall, and feels vibration feedback as her hand passes over wiring hidden behind

the wall. b) a user touches an interactive children’s book, which provides thermal feedback corresponding
to the on-screen content.

Additionally, because the device does not substantially impede the user’s natural sensations, they can

seamlessly switch between interacting with real objects and interacting with virtual objects.

Figure 7.12: Example scenario of adding tactile feedback to an augmented-reality instruction manual. As
the user selects items on the display and navigates the content, vibration and pressure provide real-time
feedback on their actions (screens are simulated).

7.6 Chapter Summary

This chapter explores a design of a skin-like haptic display and the benefits of enabled mixed-reality haptics.
A proof-of-concept prototype was built using liquid flow that run through a thin latex tube which was
slightly stretched over the skin. By dynamically adjusting the liquid flow, haptic senstaitons such as pressure,
vibration and temperature can be rendered on the end-effector.

The prototype and the studies validated the design while the current approach faced several technical and
practicality limitations. The current prototype utilizes hardware such as valves, pumps, and temperature-
controlled reservoirs that require a considerable amount of space. Additionally, after flowing through the

ring, the water flows into a reservoir which must be manually recycled back into the system. Further work
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is needed to develop a prototype that is more self-contained and would allow the water to be recycled.
Such a prototype could quickly adjust the temperature of liquid on-the-fly using high-power Peltier modules.
Additionally, we anticipate that further hardware developments, particularly in the area of microfluidics
[124] will result in hardware devices such as valves and pumps that are smaller, require less power, and can
be more readily integrated into wearables.

Full, independent control of all three tactile sensations is not possible with the current implementation
of the hydraulic circuit. For instance, increasing pressure requires restricting the flow rate, which prevents
different temperatures of water from reaching the ring. Alternative approaches to the design of the hydraulic
circuit, and different hardware to drive the flow of liquid, may be able to achieve more seamless and responsive
integration of the stimuli. For instance, a higher-powered pump, a variable terminal valve, and a more
complex control loop may be able to provide more flexibility to combine sensations.

As the last piece of the design space, this chapter intends to help us examine design challenges, as well
as application scenarios that can be enabled with skin haptic display. On one hand, this shows that skin
will be playing an important role as interfaces when the implantable technology is mature. On the other
hand, the chapter illustrates the feasibility of leveraging liquid flow as actuation source, which makes the
example scenarios possible with the development of implantable technologies such as the microfluidic systems.
The chapter also envisions the future work on leveraging body fluids such as blood, with the functions of

implanted devices inside body.
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Chapter 8

Conclusion and Future Work

Wearable devices are evolving rapidly: While they are becoming smaller in size, their computational power is
growing stronger. Human technological advancement further empowers this evolution: as these devices grow
smaller, a transition occurs as they begin to be implanted in the skin. As traditional screen-based interfaces
on wearable devices become less common, they will likely be replaced by tiny devices embedded into the
body. Naturally, such evolution will bring profound changes to the way we recognize and perceive the world.
The interface paradigms considered in the design of implantable devices are currently weighted towards
human languages of symbols, words, and gestures. Nonetheless, it will take a long period of refinement
before implantable devices gain considerable market share.

To help users get accustomed to the changing interfaces, forecasting the evolution of implantable devices
is key, along with the new types of control mechanisms and interaction metaphors which must be considered
for these transformations. This thesis looks into a design space of interface paradigms, with a focus on the
input and output metaphors derived from the transitions from wearable to implantable. Upon summarizing
the key features, use-case scenarios, and challenges of the interface paradigms, the thesis undertakes a broad
exploration of design, implementation, and evaluation of the interfaces.

As introduced in Chapter 1, the statements of the thesis are:

1. With the implantable revolution, conventional screen-centric interactions are becoming less prominent
and even disappearing. New interface paradigms are weighted towards human languages of symbols,

words, and gestures.

2. An interface design space is sketched based on the input and output metaphors derived from the

evolving technology.
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3. Leveraging daily interaction metaphors such as the page-flipping gestures helps to compose efficient

interfaces on wearable touchscreen.

4. Gestural input becomes more important on miniature devices. Daily hand gestures that generate
vibrational signals are viable sources for the design of gestural Input. Acoustic signals are rich input
sources for in-air gestures and mechanical vibrations that transport through the body can be detected

by on-body sensors.

5. Designing appropriate output channels for implantable devices is crucial. Leveraging passive force
feedback, a common perception experience that happens in daily life, provides a valid way to design

output channels for non-visual feedback.

6. Skin will become an important interface for communicating information with users. Developing a
skin-based haptic display requires non-mechanical structures which are not rigid and bulky and do not

impede with users’ natural sensations of physical objects.

8.1 Summary

Chapter 1 described the motivation and the thesis’ topic. The forthcoming implantable revolution will bring
profound changes to the way we recognize and perceive the world. With the decreasing size of wearable
devices, visual displays will become less prominent and even disappear. Implantable devices bring interactions
closer to the body. With the focus of input and output metaphors, the chapter sketched several interface
paradigms that are considered part of the transformation from wearable to implantable (Figure 8.1). This
includes touchscreen as the input and output channel, gesture input around the device, devices as on body
sensors, devices as on body actuators, and skin as haptic display. The key features, scenarios, and challenges

of these interface paradigms were analyzed.

© d ©

L

Figure 8.1: Interface paradigms presented in this thesis: (a) Touchscreen as the input and output channel;
(b) Gesture input around the device; (c) Devices as on body sensors; (d) Devices as on body actuators; (e)
Skin as haptic display.

Chapter 2 discussed the related work in the development of wearable and implantable devices, as well
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as recent progress in novel input and output techniques and interfaces on the devices. It was shown that
previous interaction design focused on innovation in sensing that could be applied to wearable devices.
Gestures used in interaction are often adapted to a set of arbitrary conventions or procedures derived from
a variety of approaches to sensing. Previous work informs of the necessity of composing more intuitive and
natural interactions that are weighted towards human language of symbols, words and gestures.

Chapter 3 discussed touchscreen as the input and output channel and considered how to design interac-
tions on wearable touchscreens that are commercially available. The design in question was inspired by a
common hand activity - flipping book pages. By imitating a curled page visual effect and mapping finger flip-
ping direction and distance to a pie shape hierarchical menu layout, a page-flipping interface is implemented
on smartwatch and users are able to use page-flipping gestures to select commands and values. Two studies
were carried out to investigate the design factors and performance in comparison with standard menu Uls
on smartwatch. Using the page-flipping gestures was found to be efficient and intuitive for small touchscreen
interactions. The gesture also raised concerns of usability challenges that were discussed in the chapter.

Chapter 4 discussed gesture input around the device and proposed an alternative approach to in-air
gestures, in response to the challenges faced when interacting with small screen on a wearable. Acoustic
signals generated by hands are rich and easy for the user to generate. These signals can be recognized and
classified with a watch-size, four microphone array. With this sensing approach, users are able to perform a
rich set of hand gestures around the device, enriching the design space for wearable interactions.

Chapter 5 discussed devices as on-body sensors. As devices are getting smaller and screens are becoming
less prominent, wearable devices increasingly serve as on-body sensors that enable health and motion track-
ing. To help improve the expressiveness of the hand gestures and avoid false triggering from users’ arbitrary
actions, this chapter proposed to leverage finger-swiping gestures on surrounding bumpy surfaces that are
either already existing, or 3D printed with desired physical properties. A design space of the design factors
was investigated.

Chapter 6 discussed devices as on body actuators. Designing non-visual feedback on miniature devices
becomes more crucial. Besides sensors, devices can be composed of mechanical actuators and structures
that can be leveraged to render haptic senstations on skin. Existing haptic feedback such as vibration is
often used for notification purpose but is limited in terms of information expression. This chapter discussed
having passive kinesthetic force feedback on a finger worn device that is capable of rendering different force
profiles. Users are able to perceive the force profiles while engaged with both physical and mental workload.

Chapter 7 discussed skin as haptic display. As devices are getting smaller and embedded into the body,
skin will play an important role as an interface used to communicate information with users. This chapter

presented a hydraulic approach to render haptic sensations including pressure, vibration, and tempera-
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ture through a thin latex tube that is slightly stretched over the skin. Compared to conventional electric-
mechanical approaches, the presented skin-like haptic display is able to render haptic sensations when needed,

without impeding users’ natural sensations.

8.2 Future Work

The future work following this thesis will be further exploration into the implantable interfaces, the tech-

nologies that support the design of these interfaces, and the social acceptance of the proposed interfaces.

8.2.1 Implantable Interfaces

The implantable devices that are embedded in the body will not only change the wearable devices in func-
tionality, but will also cause profound changes to the way users perceive and recognize the world. Implantable
technology and development is seen mainly in the health industry. Currently, the development of medical
implants that are used for birth control, heart monitoring, defibrillation, as well as tiny healing chips and
smart tattoos [22], is becoming more common. From these generic applications, we can see that in addition
to monitoring, implantable technology is capable of mediating and altering the body conditions of the user.
For instance, defibrillators are used to deliver electrical power to the heart, to manage unusually fast heart
rhythms. In the future, use of implantable devices will be extended to many other domains and even change
our natural body functions by adding new sensing and actuating capabilities to the body.

Interaction designers, would like to explore the future of implantable interfaces, along with the appli-
cations innovated by the future implantable technology. Future implantable devices could be embedded
within the body which keep collecting data from every aspect of the user’s life. The devices in the body
could implicitly track the objects the user is touching, the food they eating, the sports they are playing,
the environments that they are living within, and much more. Wireless communicating components of im-
plantable devices can feed the collected data into an intelligent processor, which sends instructions to provide
assistance information with either visual or haptic display. Eventually, these devices might even predict the
intentions of the user to provide better digital services.

Technology often outpaces imagination and what is considered normal and acceptable in society. When
exploring possible applications and scenarios of the future, technology can help us better foresee what life
in the future might be like. It is clear that the future will not be realized without the exploration of and

investment in technology.
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8.2.2 Implantable Technology

This thesis discusses the technology which could support the design of the implantable interfaces. This

section follows the discussion of technologies which are worthy of investigation.

Miniature Actuator

As mentioned in Chapter Six and Chapter Seven, one critical challenge of implementing haptic interfaces on
miniature devices (either wearable or implantable), is the relatively bulky size of the actuators and required
structures. Chapter Six discussed adding mechanical structures to apply force feedback based on user
input. To provide the desired forces, a DC motor was used and attached to the device. Although mechanical
structures could be refined and further decreased in size, the size of the motor becomes a bottleneck. Chapter
Seven discussed a hydraulic approach, which enabled vibrotactile and temperature feedback in a small form
factor to emulate skin-like haptic display. This, however, still required two peristaltic pumps on the side of
the end effector to actuate the system, making it impractical to use in the field.

To solve these challenges, miniature actuators need to be developed. Micro-Electro-Mechanical System
(MEMS) technology are micro fabrication techniques that construct mechanical and electro-mechanical de-
vices or structures [129]. There is considerable effort dedicated to the development of MEMS based actuators
such as magnetic actuators [12] and piezoelectric actuators [77]. Future work could look into how to design
haptic interfaces with the MEMS actuators. Besides MEMS, the development of microfluidics systems has
made a profound impact on the the field of molecular biology, providing tools to biologists to control the
complete cellular environment, leading to new questions and discoveries. Microfluidics are systems that
precisely control fluids in a small scale that are geometrically constrained [89]. Microfluidics can be actuated
with micropumps and microvalves. Future work could look into the applications of microfluidics in designing

and developing hapitc interfaces on skin.

Skin as Interface

As discussed in the thesis, skin will become more and more important as an interface to communicate with
users. Skin can be used for user touch input [93] and also for visual [120] and haptic display, as presented in
Chapter Six and Chapter Seven. Skin interfaces with the environment and serves multiple functions such as
protecting the body against pathogens and excessive water loss. Other functions of skin include temperature
regulation and thermal insulation. Skin has rich sensing capabilities to detect environment changes and is
able to self regulate to protect the body. These capabilities can be leveraged to design skin-based interfaces

that embody information. Such information channels can be perceived by users implicitly without the need
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for intervention. Additionally, the body can be augmented with new sensing and displaying capabilities via
artificial skin. This potential stands to improve the skin’s sensitivity to the environment and enable new

functions, such as changing colour or thickness.

Intelligent Processors

Developing implantable interfaces is not only about sensors and actuators. Implantable interfaces provide
opportunities to obtain data from every aspect of human life. For instances, such an interface may sense the
colour, material, or temperature of an object when held. It may also sense the class and nutrition of food
consumed. Such data shall be fed into processors that help the system to better understand the user. As these
systems become intelligent, richer information could be provided to enrich the ambient experiences provided
by the implantable interfaces. First, implantables will improve in analyzing the context, environment, and
users’ ongoing tasks, resulting in the ability to predict the intention of the users. In this way, services that
better predict and meet user needs will be provided without users having to intervene. Second, these systems
will be able to better understand human language of symbols, words, and gestures, which are likely the most
common methods users will employ to interact with these devices. This understanding will help establish

more reliable and flexible interfaces between users and the devices.

8.2.3 Understanding Users’ Mental and Physical Workload in the Interactions

The work presented in this thesis focuses on sketching an interface design space through the transitions from
wearable to implantable devices, along with the solutions required to tackle the input and output challenges.
Although the ideas, design considerations, and benefits of the proposed interactions have been discussed
in the thesis, it would be valuable to investigate how interaction would affect users’ mental and physical
workload.

It could be noticed that the input and output solutions proposed in the thesis were designed upon users’
existing experiences, e.g., the book page flipping gestures, the hand gestures that produce audible sounds,
and the force feedback that are triggered with users’ actions. The interactions were designed in this way
to leverages users’ pre-established mental models. This method of design helps users in understanding and
memorizing the interactions and specific gestures that are used. It is thus important to determine how users
link their own life experiences to an interaction. Users often need to adapt their existing mental models
to new contexts for interaction. Chapter Three raises these considerations. While flipping book pages is
common and familiar to most users, using this gesture in menu selection tasks is new, requiring users to

adapt their existing mental models to a task.
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Derived from real life experiences, interaction design aims to define a set of gestures that are easy to
perform and feedback that is easy to perceive. The objective is to reduce physical effort required from
the user while performing the interactions. Normally, evaluating physical effort in an interaction involves
measurements of user fatigue levels. Mid-air arm gestures, for example, normally require more physical
effort. Existing hand activities that are short and easy are beneficial to consider in the design process, as

they could potentially ease the burden on a user.

8.3 Final Words

The era of wearable and implantable computing is promising. The future world and technology prospects
represent potential and excitement, which are likely to change every aspect of daily life. There is substantial
motivation to envision the future and think deeply about the possibilities it holds. Designing for interactions
while considering the evolution of technology, in both a historical and potential sense, is challenging and
requires long-term effort and exploration. This thesis presents an interface design space that outlines the
possible transitions in the input and output metaphors. The methodology employed aims to glimpse ripples
of the future by looking at the changing waves. Accordingly, the ripples will become more pronounced as work
in the field of implantable devices continues to progress. Technological advancements will always outpace
our imagination in many ways, while challenging current social norms. This will bring higher requirements
for interface designers and researchers, to understand the forthcoming implantable revolution and obtain the
skills needed to operate in the space. Perhaps this thesis can inspire more research in the field to refine the

design space and find answers to many interesting and important questions.
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