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Huonokuuloisilla ja kuuroilla ihmisillä on huomattavia vaikeuksia keskusteluihin osallistumisessa ja niiden ymmärtämisessä, joka laskee heidän elämänlaatuaan monella
tavalla. Suuressa osassa ongelmaan tarjotuista ratkaisuista kuurot ja huonokuuloiset joutuvat siirtämään huomionsa pois puhujasta. Tällöin kuulovammainen ei näe
esimerkiksi puhujan eleitä ja ilmeitä.
Tässä työssä tutkittiin lisätyn todellisuuden ja automaattisen puheentunnistuksen
hyödyntämistä huonokuuloisille ja kuuroille tarkoitetussa avustavassa sovelluksessa.
Sovellus käyttää video- ja mobiilipohjaista lisättyä todellisuutta. Puheentunnistuksessa hyödynnetään moderneja neuroverkkomalleja. Toteutuksessa automaattisen
puheentunnistuksen tulokset sijoitettiin puhekupliin videokuvassa näkyvän puhujan
kasvojen lähelle. Näin kuuro tai huonokuuloinen käyttäjä pystyi helposti seuramaan
sekä puhujaa että puheentunnistustuloksia. Sovelluksen hyödyllisyyttä arvioitiin
järjestämällä käyttäjätestejä kuuroille ja huonokuuloisille.
Tulosten perusteella huonokuuloiset ja kuurot kokivat lisätyn todellisuuden ja
sovelluksen auttavan keskustelujen seuraamisessa. Testikäyttäjien eniten toivomia parannuksia olivat eri puhujien puheentunnistustulosten visuaalinen erottelu toisistaan
ja parempi puheentunnistustarkkuus.
Avainsanat lisätty todellisuus, puheentunnistus, mobiilikehitys, käyttäjätestaus,
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1

Introduction

Hearing loss in all of its forms can significantly limit the access to auditory information
and the ability to communicate. Participating in conversations and social life becomes
a struggle, especially in noisy environments, causing exhaustion, withdrawal and a
poorer quality of life [1, 2, 3]. Working life and education are affected as well, with
hearing impaired often quitting schools and working life earlier than their hearing
peers [4, 5, 6, 7]. Different studies estimate 10 to 20 percent of the population to
have hearing loss [8, 9], which means it is a considerable societal issue in addition
to complicating individual lives. Moreover, hearing loss has the highest prevalence
in elderly population, so the number of hearing impaired is projected to grow in
developed countries together with the aging population [8, 10]. Hearing aids and
cochlear implants can remediate the lost hearing ability to a degree, but they cannot
restore hearing completely [11, 12]. This creates a need for additional solutions that
are scalable and accessible to all independent of the severity of their hearing loss.
Automatic speech recognition (ASR) is one of the potential techniques for helping
those with hearing loss to understand speech better. ASR is the process of automatically transforming speech into the equivalent text using computers [13]. In the
last five years, the introduction of deep learning methods has greatly advanced ASR
technology [14, 15, 16]. The improvements have helped spread the use of ASR into
everyday applications from speech interfaces in various devices to automatic video
captioning [14, 17]. While the recognition results still have room for improvement,
the general accuracy of the transcriptions is high enough to enable a satisfactory
user experience.

1.1

Augmented reality

Augmented reality (AR) is the technology of combining real and virtual worlds [18].
Most often it is done visually, but AR interfaces for other senses exist as well [19].
In the visual domain, AR has significant potential to change the way we interact
with our surroundings by allowing us to interact with digital information in three
dimensions and enrich our lives with imaginative digital content. Since the beginning,
a large portion of AR research has focused on creating AR applications for making our
daily lives and work easier. The applications range from assembling and navigation
instructions to medicine and education [20, 21, 22, 23]. In a similar fashion, AR
holds the promise of making the lives of the hearing impaired easier by providing a
platform for presenting speech and other auditory information in a visual format.
For a long time, AR systems were unergonomic and lacked immersion, which
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severely limited their appeal [19]. In recent years, the technology has matured to
a point where some of the head-mounted AR displays resemble normal glasses1 ,
though the augmentations are still severely limited. While glasses are perhaps closer
to the ideal AR device, the rapid development and wide spread of smartphones
and other mobile hand-helds has made them currently the most practical choice for
implementing augmented reality [24, p.69]. Both major mobile operating systems,
iOS from Apple and Android from Google, give developers the necessary tools for
creating AR applications. Both parties also actively improve their tools to support
the creation of more powerful and compelling augmentations.

1.2

Conversation assistant

The Conversation Assistant is a system designed to help the hearing impaired in
conversational situations using speech recognition technology. In the system, an
automatic speech recogniser transcribes the speech captured by a microphone. The
resulting transcriptions are then displayed to the user on a graphical user interface.
The first version of the Conversation Assistant system was created by Lukkarila [25],
with the aim to investigate how ASR could be used to help the hearing impaired in
conversational settings. The prototype ran on a laptop computer and deployed a
simple graphical user interface showing nothing more than the transcriptions and a
record button. The usefulness of the system was evaluated with user testing. The
tests simulated a conversation between two people with recorded background noise
to make the acoustic environment more challenging. The hearing impaired test
participants where then asked to fill a questionnaire charting their opinion on various
aspects of the system. The overall response from the hearing impaired was positive
and proved the approach useful.
Another objective for the user testing was to find out how the hearing impaired
would improve the system. One of the problems pointed out was the need to was
the need to switch attention between the speaker and the laptop screen containing
the transcriptions. This issue, known more broadly as visual dispersion, leads to
a loss of information [26]. For example, the hearing impaired miss gestures and
expressions or cannot use lip reading when their attention is away from the speaker.
The solution presented in this work is to use mobile augmented reality to minimise
the distance between the face of the speaker and the speech transcriptions. In
practice, the transcriptions are placed into speech bubbles which, with the help of
facial recognition algorithms, are displayed next to the face of the speaker.
1

https://www.vuzix.com/products/blade-smart-glasses
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1.3

Research goals

The primary goal of this work is to create an assistive mobile application for the
hearing impaired using AR to display speech transcriptions from an automatic
speech recogniser. With the AR element we hope to minimise the distance between
the transcriptions and the speaker, such that the hearing impaired can follow the
transcriptions without having to move their attention away from the speaker. In
addition to creating a prototype application, another major aim of this work is to
evaluate the usefulness of this approach with user testing and compare it to the first
Conversation Assistant system [25]. Overall, the work can be divided into following
steps:
1. Create the application with an augmented reality view and the speech bubbles
2. Design and arrange user tests with the targeted end-user group
3. Analyse the results

1.4

Thesis structure

This thesis will begin with an introduction to the major concepts and previous
research this work is build on in section 2. The concepts are augmented reality,
automatic speech recognition, hearing impairment and visual dispersion. Section
3 will present the developed AR Conversation Assistant system, from a general
description to the implementational details of both the mobile application and a
server running the automatic speech recogniser. Section 4 explains the user testing
setup, including the objectives, planning, and execution of the tests. In section 5,
the results of the user testing are presented and analysed. Section 6 concludes the
work by reviewing the results in the larger context, accompanied by observations
made from the results and considerations for future work.
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2

Background

To help understand the purpose of the AR Conversation Assistant better, this chapter
will introduce the reader to the relevant scientific fields and previous work similar
to the Conversation Assistant. The scientific topics are, in a decreasing order of
importance, augmented reality, automatic speech recognition, hearing impairment
and visual dispersion. AR is the main new feature introduced in this work to the
Conversation Assistant system. Thus, the subsection 2.1 will focus on presenting
different aspects of AR, namely the definition of AR, human factors affecting design,
hardware solutions, history of AR and challenges for AR usage and adoption. ASR
is the second important technical component of the Conversation Assistant system.
The technology and algorithms of ASR will not be developed in this work, but due to
its significant role in the system, there is a short primer in subsection 2.2 to introduce
the reader to the structure of ASR systems and the specific problems regarding
conversational speech. Subsection 2.3 is concerned with hearing impairment, as the
hearing impaired are the targeted user group of the Conversation Assistant system.
Understanding the wide variety conditions the hearing impaired have and how it
affects their life is vital for appreciating the importance of assistive solutions designed
for them and for contextualising their responses to the system in the user testing.
Subsection 2.4 covers visual dispersion, the main problem the AR Conversation
Assistant aims to solve with the use of augmented reality. Subsection 2.5, previous
work, is dedicated to a short review of the first version of the Conversation Assistant
system and other assistive solutions similar to the AR Conversation Assistant.

2.1

Augmented reality

Augmenting the real world with virtual elements has a vast potential to enrich our
lives and make them easier. The number of possible applications is huge and ranges
from entertainment to working and everyday life [19, 27, 28]. The wildest visions of
the future see AR as an inseparable part of our lives [29, p. 48]. Augmented reality is
the more challenging version of its more famous cousin, virtual reality (VR). A VR
device encompasses its user completely in a virtual space, allowing complete control
over the environment, whereas augmented reality has to combine real and virtual
elements. Combining the two is no easy task and requires knowledge of human
perception, display and tracking technologies, computer graphics and software design
among others.
Schmalstieg and Höllerer define [24, p. 69] an ideal AR system given that any
current technological limits are ignored. In addition to having robust and accurate
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sensors, such system would be mobile while being unobtrusive and lightweight to
carry, energy self-sufficient and low maintenance, optical see-through and adaptable
to any lighting situation, fully 3D without limits to field of view or visible artefacts
and crucially, affordable and socially acceptable. While AR technology has recently
taken big steps forward, particularly in the mobile space [30], even the most advanced
systems today can fulfil these requirements only partially at best. Depending on the
context and use case, all modern systems are forced to resort to varying trade-offs in
their technology.
Augmented reality is an ever-growing field with multitude of technologies and
a large array of different devices. To understand the reach of AR as a technology,
the first subsection aims to define what constitutes as AR and what does not. The
next subsection covers human factors that direct the design and technology choices
made in AR systems. Knowledge of the human factors helps in understanding the
strengths and weaknesses of different hardware choices listed in the third subsection.
The fourth subsection presents a short overview of how the AR systems have evolved
from the past to present in both the academic and commercial space. Finally, the
last subsection details the challenges AR technology must still overcome before it
can become widely adopted.
2.1.1

Definition

A popular and widely accepted definition of augmented reality is given by Azuma
[18]. He names the three characteristics that an augmented reality system should
have:
1. Combines real and virtual.
2. Is interactive in real time.
3. Is registered in three dimensions.
The advantage of this description is that it does not constrain AR to any particular
sensory modality. Neither does it dictate what type of device or technology to use.
Another proposed definition by Milgram and Kishino [31], relates augmented reality
to the real world and virtual reality using a continuum as depicted in figure 1. In the
continuum, augmented reality is seen as belonging to a wider category of mixed reality
(MR). Specifically, augmented reality is distinguished from augmented virtuality
(AV) by defining that in AR virtual elements are embedded in reality while in AV
it is the opposite. Some researchers prefer the term mixed reality over augmented
reality because of these broader implications it has [24, p. 28-29]. However, Milgram
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Real
environment

Augmented
reality

Augmented
virtuality

Virtual
environment

Reality-virtuality continuum

Mixed reality

Figure 1: The virtuality continuum, as defined in [31].
and Kishino themselves admit that the distinction between augmented reality and
augmented virtuality is fuzzy at best.
One way of categorising AR is to use the five different sensory modalities humans
have: visual, aural, haptic/tangible, gustatory and olfactory. Haptic AR seeks to
create realistic impressions of touch while gustatory and olfactory aim to do the same
for the senses of taste and smell, respectively [19]. Multimodal systems combine
two or more sensory modalities in one device. The research and development in AR
has mainly focused on the visual modality [32]. For most humans, it is the primary
sensory modality through which we perceive and interact with our surroundings.
The AR Conversation Assistant concentrates solely on the visual modality, which
is why the following sections will cover AR primarily from the visual perspective.
In his study of the future for cinema [33], Heilig refers to an estimate that sight is
responsible for 70% of the sensory information our brains process. Sound comes in
as second with a 20% share. Audio augmented reality has reached a stage where it is
being incorporated to multimodal commercial augmented reality systems, like the
Microsoft Hololens mixed reality headset2 . The remaining three modalities (haptic,
gustatory and olfactory) receive much less attention. One explanation could be that
these modalities play a smaller role in our sensing and artificially stimulating these
sensory modalities is much more difficult.
Visual AR is further categorised by the way virtual and real content is combined
and presented to the user. There are generally three technological methods to choose
from [24, p. 40-42]: optical see-through (OST), video see-through (VST) and spatial
projection. An OST display lets some light pass through it so that user continues to
see the real world. At the same time, it has reflective properties enabling the overlay
of virtual content on top of reality. VST combines camera footage with computer
graphics placed on top of it to relay the augmented reality experience. In spatial
projection, virtual content is directly projected into a real environment with a video
2

https://www.microsoft.com/en-ca/hololens
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projector.
Other subsets of AR include situated visualisation and diminished reality. Situated
visualisation, a term introduced by White and Feiner [34], refers to visualisation
techniques where physical surroundings are taken into consideration. Examples
of situated visualisation include annotations linked to real-world objects, route
directions embedded in the real world and AR games utilising real objects as part of
game mechanics. A browser window floating in the air without any connection to
real world objects is not situated visualisation. In the AR Conversation Assistant,
situated visualisation manifests as virtual speech bubbles attached to the face of the
conversational partner detected in the screen. Diminished reality aims to remove
real-world objects from the scene in contrast to standard AR where virtual elements
are added to the real world [35]. Potential targets for removal are often elements
added to the scene to support the system, such as black-and-white markers used for
tracking orientation and position, but which are aesthetically displeasing and disturb
the immersion.
2.1.2

Human factors

When AR is designed for the visual modality, immersion and visual coherence are
important aspects to consider. Slater [36] defines immersion as the objectively
measurable sensory fidelity of the display technology. This section will go through
nine major perceptional factors affecting immersion in the display design. They are:
• Ocularity/stereoscopy
• Focus
• Occlusion
• Resolution/refresh rate
• Brightness/contrast
• Distortions/abberrations
• Latency
• Field of view
• Viewpoint offset
Kruijff et al. [37] give a more detailed account of perceptual issues, adding for
example colours, individual differences and reflections to the list.
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(a) No occlusion

(b) Occlusion

Figure 2: Two screenshots from a demo video by the company Niantic, about
occlusion in their AR game Pokemon Go [38].
In many of the see-through displays, the first design decision is concerned with
whether the display will be monocular, bi-ocular or binocular. Monocular display
covers only one eye, bi-ocular shows same images to both eyes [39]. These display
types lack immersion, since the human visual system exploits depth cues arising from
the differences between the images formed in the left and right eyes (stereopsis) [40].
Binocular systems display different images to different eyes (stereoscopy) [39], but
this naturally leads to increased complexity and cost. Out of the nine perceptional
factors listed above, occlusion can be implemented in monoscopic systems as well,
making it an even more stronger and critical depth clue than stereoscopy. Figure 2
demonstrates how crucial correct occlusion is for the illusion of depth. It is particularly
difficult to ensure that virtual objects behind real objects get properly occluded [37].
Possible solutions can be divided to two groups, depending on whether they model
the real objects in the environment beforehand or not [41]. Modeling in advance is
easier to implement and computationally light, but constrains the use to premodeled
environments. Conversely, model-free is unconstrained in this regard but is more
computationally intensive and might require additional hardware like depth sensors.
Focus is another contributor to human depth perception and a major factor in
what is called the accommodation-vergence conflict. Objects at focused depth appear
sharp while the rest look blurry. Human eyes can accommodate to different depths
with the help of vergence, independent horizontal movement of eyeballs for bringing
objects to focus [37]. Figure 3 gives an idea of how the eyes move in vergence. The
conflict occurs when objects are signalled to be at a certain depth, triggering vergence,
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Figure 3: The image above shows how eyes move depending on the distance to the
perceived object. The image was created by Fred Hsu [43].
while the eyes focused at the display in front of the eyes give a different signal [42].
In OST displays, the conflict can be partially remediated with careful manipulation
of other depth cues or completely with promising novel techniques like multifocal and
multiscopic scanned fiber arrays or parallax-barrier displays [42]. For VST displays,
similar solutions do not exist because of the fundamental differences between the
optics of human eye and a camera.
Rest of the perceptional factors are less about depth and more about visual
fidelity and utility. FOV and resolution go hand-in-hand with bigger FOVs requiring
higher resolution [24, p.50]. Figure 4 compares the angle of horizontal human FOV
to existing AR systems. Fully covering the binocular human FOV of 120 degrees
is not absolutely necessary, but too small FOVs severely limit the space virtual
elements can inhabit and might cause scaling problems [37]. Likewise, achieving
fully human resolution is hard but too low resolution can impair depth perception
because of for instance incorrect surface texture [19]. Refresh rate is the temporal
counterpart of resolution, which at too low rates manifests as flicker, image lag and
ghosting. Avoiding flicker in newer display technologies requires at least 60 Hz frame
rate while older technologies may need over 75 Hz [24, p.48-49]. For AR, rates over
60 Hz are seen as preferable but for clean render of fast motion values as high as
120 Hz and above are desirable [24, p.48-49]. Plain errors in the position of virtual
content in space-time are possible as well. In the spatial dimension, offset is mainly
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Figure 4: A comparison of horizontal FOVs in several AR systems to that of humans.
FOV values for the AR systems are based on this listing.
caused by bad calibration [37] and its effect is demonstrated in figure 5. In temporal
dimension, latency causes the position of virtual content to lag behind when the user
moves around [37]. High brightness and good contrast are crucial factors especially
for outdoor use where the displays must compete with the strong and abundant
natural day light [32]. Lack of contrast and brightness leads to difficulty in separating
objects from one another and decreased depth perception [37]. Simplest option is to
try reducing the amount of natural light, but OST displays still need some of the
natural light for viewing the real world [24, p.53]. In VST displays blocking all light
is possible, however there the biggest problem for brightness and contrast lies in the
quality of the camera sensors [24, p.53]. Distortions and aberrations are similarly
mostly a problem of component quality in the sensors and optical equipment of
the system [37]. Still, increased quality often leads to increased cost making such
upgrades sometimes infeasible.
The level of immersion in an AR application may also depend on visual coherence
which is making virtual elements seamlessly blend to the real world. While it is not
absolutely necessary in every AR system, many applications especially in the fields
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(a) No offset

(b) Offset

Figure 5: An illustration of an imaginary AR application providing x-ray vision
for studying the human skeleton. Viewpoint offset causes the virtual content to be at
wrong place respective to the user viewpoint. Incorrect calibration is the main cause
of offset.
of entertainment (movies), medicine, design and education call for visually coherent
output [44]. To generate visually coherent virtual content, successful registration
is important. Registration is the process of finding correct alignment of virtual
and real objects such that they seem to share the same three-dimensional space
[45], both spatially and photometrically. In spatial registration, the challenge is to
determine the coordinate system of the real world and have it match the virtual
one [32]. Photometric registration is concerned with the correct simulation of light
traversal which depends on the geometry, surface materials and light sources of the
environment [46]. Failure in spatial registration means the virtual objects appear at
wrong places relative to the real objects [45]. Photometric registration errors show
as inconsistent illumination between real and virtual objects [46]. In VST devices,
camera calibration is required as well, to deal with the problems of camera image
quality. Examples of quality problems include lens distortion, blur, vignetting and
chromatic aberrations among others [47].
Information overload and over-reliance is another problem in AR [19], which
is of particular concern in situated visualisation. Having many moving elements
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demanding the attention of the user makes finding relevant information hard. Azuma
et al. [48] identify two ways to reduce information overload, visualisation layouts and
filtering. The first approach, visualisation layouts, uses for instance environmental
models to ensure that virtual information does not occlude important real objects or
information [48]. Filtering, at its simplest, can be based on spatial distance, so items
are removed or faded away from the display when the distance to the user becomes
too great. It is possible to combine or replace spatial filtering with knowledge-based
filtering, provided there is knowledge about how important the information is to
the application or the user [49]. The removal of potentially relevant information is
a problem fundamental to all filtering, which is why Tatzgern et al. [49] recently
proposed clustering by spatial and semantic attributes instead of filtering as a way
to keep all the information available.
2.1.3

Technology

Visual display technology and tracking devices for position and orientation are important hardware components for an visual AR system, in addition to a computational
unit controlling them. In his 2009 book, Hainich [50, p.17-22] imagines a single
AR display device able to replace every other user interface (UI) device humans
have. However, in current technological reality, AR devices are split to multiple
categories depending on the technological solutions used in their design. Alongside
the method of augmentation, visual displays can be sorted to near-eye, hand-held
and stationary/projected ones based on their distance from the eye of the user [51].
Similarly, tracking can be divided to stationary, mobile and optical types [24, p.85],
although other divisions exist also [19, 52]. Modern systems employ several different
types of tracking sensors to perform sensor fusion. Fusing information from several
sources can be used to compensate for the weaknesses inherent in each method.
Furthermore, fusion helps achieve a more comprehensive picture of the surroundings
and user movement.
To choose which technologies are appropriate for a given AR system, the designer
needs to have an use case and understanding of the human visual system. Near-eye
displays with OST or VST augmentations are a typical choice [51, p.7], for private
and mobile AR device. Both OST and VST methods have the benefit of mobility,
full-colour screen, stereoscopy and the capacity for interaction and multiuser support
[19]. OST displays have the added benefit of only virtual elements being affected
by the problems of resolution, FOV, latency and power usage [42]. The weak point
of OST displays is their need of calibration to ensure the real and the virtual align
correctly [32]. Furthermore, the lack of brightness and contrast causes problems
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particularly in outdoor use [32]. VST displays perform better than OST displays
in this regard but consume more power and are susceptible to delays in the video
feed caused by the computation of the AR scene. The shared shortcomings of both
the OST and the VST methods are eye strain and the limitations optics pose on the
FOV [51, p.75]. In OST displays eye strain results from accommodation-vergence
conflict explained previously [51, p.75]. As a consequence, the eyes have to constantly
change focus between the real world objects and the display plane containing the
virtual objects. Conversely, with VST displays the strain comes from the eyes being
forced to look solely at the display plane [19].
Table 1: A table listing properties of visual AR displays. Here near-eye displays
are referred to as head-worn and split to four categories: retinal, OST, VST and
projective. Likewise, the spatial category is broadened to include OST and VST
display types in addition to spatial projection. Spatial OST and VST displays are
placed in the environment of the user as a difference to head-worn OST and VST
displays.
Positioning

Head-worn (near-eye)

Hand-held

Spatial

Technique

Retinal

Optical

Video

Projective

All

Video

Optical

Projective

Mobile
Outdoor use
Interaction
Multi-user

+
+
+
+

+
±
+
+

+
±
+
+

+
−
+
+

+
±
+
+

−
−
Remote
−

−
−
−
Limited

−
−
−
Limited

Brightness
Contrast
Resolution
Field-of-view
Full-colour
Stereoscopic
Dynamic refocus
(eye strain)
Occlusion
Power economy

+
+
Growing
Growing
+
+
+

−
−
Growing
Limited
+
+
−

+
+
Growing
Limited
+
+
−

Limited
Limited
Growing
Growing
+
+
+

+
+
Limited
Limited
+
−
−

+
+
Limited
Limited
+
−
−

Limited
Limited
+
+
+
+
+

Limited
Limited
+
+
+
+
+

±
+

±
−

+
−

Limited
−

±
−

+
−

Limited
−

Limited
−

Opportunities

Future
dominance

Current dominance
Retroreflective
material

Realistic,
massmarket
Processor,
memory
limits

Cheap,
Tuning,
off-the- ergonomy
shelf
No see- Clipping Clipping,
through
shadows
metaphor

Drawbacks

Tuning,
tracking

Delays

Table 1 by van Krevelen and Poelman [19] compiles the strengths and weaknesses
of head-mounted OST, VST and other types of AR devices. They extend the category
of near-eye devices with retinal and projective displays. In retinal scanning displays
(RSD), low-powered laser is used to draw a virtual image straight onto the retina.
Theoretically, this would allow wide FOV, high resolution and enough contrast and
brightness for outdoor use [19]. RSDs with multifocal or multiscopic scanned fiber
arrays even have the potential to solve the vergence-accommodation conflict causing
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Figure 6: A graphic detailing the differences between different types of near-eye
displays.
eye strain in other near-eye displays [42]. However, achieving high enough scanning
rate and small size are difficult challenges to overcome in RSDs [42]. Head-mounted
projective displays have a small projector from which the projected image is redirected
to a retro-reflective surface3 facing the viewer. Figure 6 visualises the differences in
near-eye displays.
3

A surface reflecting light straight back to the direction it is coming from.
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Although near-eye devices are closest to the ideal personal AR device, in the
current technological reality hand-held AR is the most widespread. Many modern
smartphones and tablets come equipped with the hardware needed for AR, namely
one or two cameras, an array of tracking sensors and a powerful processor. As people
carry their devices with them, hand-held AR provides a good platform for situated
visualisation [24, p. 72]. However, holding a device up in front of the eyes might
quickly cause fatigue, making usage short-lived. Resolution and FOV are limited
by the camera optics as well. Furthermore, viewing the augmentations from device
perspective may reduce the immersion and user engagement. This can be remedied
to a degree by using front-facing camera present in many mobile devices to track the
user and transform the device perspective to user perspective [24, p.71].
Spatial AR is best suited to situations with multiple viewers, such as art installations and movie special effects. In projective spatial AR, the virtual content is
projected on existing objects, allowing the change of surface details, material and
shadows for example but not object shape [24, p.78]. This confines the AR experience
to a specific space indoors and limits the range of use but makes simultaneous use
by multiple people possible with just one system.
Tracking has several characteristics determining how tracking is done, which
coordinate systems are measured and what spatial and temporal properties tracking
has. Stationary tracking techniques are the oldest, cheapest and easiest to implement
which made them a popular choice when AR technology was still young in the 90s
[24, p.96]. Stationary tracking includes mechanical, electromagnetic and ultrasonic
types. The strength of mechanical tracking is its speed and accuracy, but at the same
time it has limited spatial reach [53]. Magnetic trackers are small, cheap, have a high
update rate and can handle occlusion but are easily distorted by metallic structures
and have a low range because precision decreases at longer distances [53]. Ultrasonic
trackers are likewise small, but are unaffected by distortions [53]. However, loud
noises may cause disturbation of the signal and further weaknesses are inability to
handle occlusion and reliance on the speed of sound [24, p.98].
The spatially restricted nature of stationary tracking is a poor match for the ideal,
mobile augmented reality device. Therefore, modern system favour mobile tracking
techniques such as global positioning system (GPS), wireless networks, magnetometer,
gyroscope and linear accelerometer. Many of the aforementioned trackers are basic
components of modern smartphones, making them cheap and readily available [24,
p.99]. GPS is the ultimate outdoor tracker with the ability to cover almost any
place on the Earth to an average accuracy of less than 3 meters [32]. Accuracy can
be improved further up to the level of few centimetres with differential GPS and
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real-time kinematics [19]. As the precision and update rate on GPS can be low,
GPS tracking is often complemented with wireless and inertial tracking [24, p.101].
Wireless tracking is a powerful technique indoors where GPS is unable to reach and
in developed areas with well-mapped environment [24, p.101-102]. Inertial tracking,
including previously mentioned magnetometer, gyroscope and accelerometers, are
required for precise measurement of relative orientation and velocity of tracked objects
[32]. Their range is unlimited, latency is vanishingly small, sampling rate can be
freely chosen and they are free of interference issues [32]. The only flaw of inertial
tracking is its susceptibility to drift due to accumulation of noise-based measurement
errors [52].
While mobile sensors are good and necessary part of AR devices, optical tracking
can beat mobile in the richness of information it is able to provide about the
surroundings [24, p.105]. Cameras are needed especially in video see-through AR
configurations, providing a direct source of optical tracking information. First of
these sources is illumination, with three subtypes called passive illumination, active
illumination and structured light, which can be used for example to track the geometry
of the scene or motion capture of users [24, p.106-109]. Artificial marker tags and
natural features form a second source of environmental information. Tags are easy
to implement and enable robust, condition-independent tracking. As a downside,
they need to be setup before use and having them as a part of the scene can be
distracting and aesthetically displeasing [32]. Tracking based on natural features
is therefore clearly more desirable. But it demands higher image quality and more
computational resources, making it only recently a viable and more popular option
[32]. Nevertheless, even though optical tracking alone is a powerful method and
techniques are improving, a state-of-the-art AR system needs to combine both mobile
and optical tracking to achieve the highest accuracy.
2.1.4

Past and present AR systems

Ivan Sutherland is generally credited for pioneering both VR and AR by first describing
“the ultimate display” in his famous essay in 1965 [54], and then constructing the first
head-mounted VR display dubbed ”Sword of Damocles” in 1968 [55]. At the time
computers were slow, heavy and expensive, which made research on the topic hard.
After Sutherland, Caudell and Mizell [20] were the first to use the term ”augmented
reality” in 1992. They designed a head-mounted see-through display that gave
workers assembling instructions during an aircraft manufacturing process. Other
topics AR researchers explored in 90s included for example medicine [21], games [56]
and outdoor navigation [22, 57].
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During the 90s, AR was mainly limited to university and industry laboratories
because it required specialised equipment. In 1999, Kato and Billinghurst released
ARToolKit [58] which was subsequently made open-source in 2001. This was also the
point when computing power reached levels suitable for practical AR applications.
Sport broadcasts on TV were among the first by introducing augmented reality
annotations on top of the video feed [24, p. 22]. Other examples include modern
cars that might come equipped with a parking assistant or a navigation system
combining a video feed with augmented instructions [24, p. 22]. The mobile version
of the Google Translate service can replace foreign language text in an image with a
translation [59].
Mobile hand-held devices, especially smartphones, have had a major role in
bringing AR to wider audiences in the last few years [24, p.69]. Many smartphones
and tablets come equipped with both front- and back-facing cameras, mobile trackers
and a powerful processor, making them suitable for video see-through augmentations.
Both major mobile ecosystems, Apple’s iOS and Google’s Android, have their own
AR software development kits called Apple ARKit4 and Google ARCore5 respectively.
The AR Conversation Assistant presented in this thesis was developed on an Apple
Ipad Pro using the Apple ARKit.
The second type of AR currently under intense development for the consumer
market is OST augmented reality glasses. AR glasses have begun to gather interest
now after VR headsets have arrived at the gaming market in large numbers. Already
in 2014, Google tried to market the Google Glass, a glass frame with a tiny display
in front of the right eye, but the effort failed. Microsoft has created the Hololens,
an OST mixed reality headset aimed at industrial use. Vuzix has glasses resembling
normal, albeit bulky, eyeglasses for both industrial and consumer use. However,
despite the hype, none of these systems have yet to gain wide market adoption.
2.1.5

Challenges for AR usage and adoption

The usage of AR faces many technical, ethical and social challenges. Major technical
obstacles for the widespread adoption of AR include spatial and temporal errors,
ergonomy and cost [24, p.42-56]. Temporal errors, such as experiencing latency
in AR, have been connected to nausea and simulation sickness, though the link
between them is currently unproven [60]. In addition to temporal errors, spatial
errors like incorrect occlusion and viewpoint offset damage immersion in AR. To
make long-term use viable, the headsets or mobile devices need to be light and
4
5

https://developer.apple.com/arkit/
https://developers.google.com/ar/
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ergonomic so that they do not exert too much strain on the user. The devices also
need to be affordable. Currently a commercial AR headset costs more than 1000
euros on average, increasing by several thousand euros for the most expensive option.
The questions of privacy and ethics in AR are related to data collection and
ownership as many solutions have a camera and possibly a microphone as well. Motti
and Caine [61] analysed online comments from users of wearable devices and found
the users worried about for instance criminal abuse, speech disclosure and facial
recognition. Furthermore, people in the study of Motti and Caine expressed worry
about ”right to forget”, the ability to delete all data collected without consent or
users’ will. In a similar vein, the user should have power to decide what information
they want to share with others, especially when the AR device uses projection [62].
Roesner et al. [63] point out that the AR system output can cause legal problems
as well if for example misleading or false information given by the system leads to
injury or death of the user. Many of these issues are common for modern information
technology in general and not just AR alone.
The social challenges consist of issues like appearance, fashion, natural interaction
and social acceptance of AR in public spaces. In an ideal case, the AR device would
be subtle, unobtrusive and intuitive. A large headset can be embarrassing to wear
in public, especially if it is not designed to be fashionable [62]. An unintuitive and
slow user interface can be another source of embarrassment, making the usage look
awkward [62]. Overall, the device should minimise disruption it causes to both the
user and the surrounding people.

2.2

Automatic speech recognition

In short, the goal of automatic speech recognition is to convert an audio signal
containing speech to the equivalent text description [13, p.4]. A human brain can do
this with ease, but a successful conversion with a machine requires many steps and
expert knowledge. Building a functioning ASR system requires knowledge about
acoustics, phonetics, grammar, vocabulary and signal processing among others [13,
p.4-5]. Further engineering is needed to present all the required information and the
raw input in a form the ASR system is able to process efficiently.
In the early years of ASR research, focus was on constrained tasks with a small
vocabulary and well-articulated clean speech in a single language [14, p.5]. ASR
systems have evolved ever since, being already able to handle large vocabularies
and multiple languages when spoken near a microphone. In modern ASR research,
attention has shifted to spontaneous speech in a noisy environment with very large
vocabularies and mixed languages [14, p.5]. Noise-robust speech recognition is a
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particularly significant topic for Conversation Assistant as it is the noisy conditions
where the potential users require the most help. Normally, humans rely on what
is known as the cocktail party effect, the ability to focus on a particular speaker in
a cacophonous environment [64]. However, in many cases developing hearing loss
affects the ability to understand speech in noisy situations [65, 66].
In this work, a finished implementation of ASR is used and no effort is placed
to improve the ASR system itself. Therefore the following subsections will contain
only a brief overview of the theoretical aspects of ASR and issues particular to
conversational speech. The aim here is to give the reader an idea what it takes for a
machine to be able to handle a task considered easy for literate humans. For those
wanting to dive deeper, a more comprehensive take on latest developments of ASR
can be found in the book of Yu and Deng [14].
2.2.1

The structure of an ASR system

Language
model

Acous�c
model

Feature
extrac�on

Decoder

"A dog walked..."

Pronuncia�on
dic�onary
Figure 7: An ASR system starts with audio input and consequently tries to turn it
into a corresponding text representation. The pronunciation dictionary is sometimes
referred to as a lexicon or just a dictionary.
On an abstract level, a system converting speech to text can be built using
the components shown in figure 7. First, the raw speech signal is processed into
a collection of features that represent the important information in a condensed
form [15, 67]. The features are then fed to a decoder producing the text output.
To choose appropriate output, the decoder uses knowledge about the language
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provided in acoustic model, language model and lexicon. The role of the acoustic
model is to connect the features to units of speech, such as phones [68]. The
pronunciation dictionary (or lexicon) links phones to words by describing how each
word is pronounced [68]. Finally, the language model gives a statistical representation
for how words are combined together [14, p.4] to implicitly convey the structure and
grammar of the language to the decoder. In practical implementations, however, this
configuration is not absolute. Components can be combined, added and removed
depending on the design and properties of the system. For example, modern ASR
systems using neural networks can include both feature extraction and acoustic
modeling in a single deep neural network model [15]. Since 2014, researchers have
begun to study the possibility of combining all the components into one large end-toend deep neural network [16, 69, 70]. For example, Graves and Jaitly [16] replaced
the conventional ASR pipeline with a single deep neural network taking spectrograms
as input. Interest in similar end-to-end modeling has since grown as it would remove
the need for arduous acoustic and language modeling [69, 70].
Traditionally, feature extraction in machine learning applications has required
a lot of human expertise and research [67]. Raw audio recordings are stored in the
time domain, which is not ideal for speech processing. The properties of a speech
signal can be described more accurately in the frequency domain, and speech signals
parameters extracted from the frequency domain behave more reliably in analysis
than those from the time domain [71]. For a long time, the most commonly used
feature representation type has been the mel frequency cepstral coefficients (MFCC)
[68]. The mel frequency cepstrum matches well to the human auditory system,
making MFCCs an effective and widely employed representation in speech processing
[13, p.314]. MFCCs and other hand-engineered features also benefit from the basic
preprocessing transformations like standardisation and normalisation, which are
important procedures in all machine learning [67].
Acoustic modeling has long relied on the Hidden Markov Model (HMM), a
powerful statistical model for approximating time-varying sequences [68]. HMMs are
based on the concept of a Markov chain, a sequence of random variables with discrete
states [14, p.24]. The states are connected with transition probabilities, marking
the likelihood of a transition between two connected states. This can be visualised
with a diagram seen in the upper half of figure 8. The distinguishing quality of
Markov chains is the Markov property which states that the current state depends
only on the previous state [68]. The Markov property is a major factor in making
the computations for Markov Chains cheap as only the previous state needs to be
considered.
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Figure 8: A small, three-state example of an Hidden Markov Model. Si stands for
the state i and tij marks the transition from state i to state j. In similar fashion, ith
element of the observation sequence is denoted with Oi and it is connected to HMM
through emission probability distribution ei of state Si conditional on Oi .
The reason why the Markov chain model alone is not enough is its limited
expressive power. Each state is fixed to an observable or ”visible” value making
the model a bad fit for real phenomena [14, p.26]. A HMM is an expansion of
the Markov chain model more suitable for modeling speech. The bottom half of
figure 8 depicts the additional variables the HMM requires compared to a Markov
Chain: an emission probability distribution and an output observation. The emission
probability distribution is needed to define how likely a given output is observed [14,
p.27]. For a long time, Gaussian mixture models (GMM) were the most efficient way
to model emission distributions, but these days deep neural networks have taken
over [15]. The second addition, the output observations, become the visible part of
the system while the states themselves are left ”hidden, meaning they can not be
observed directly. Together with the transition probabilities, these two additional
parameters can be then used to obtain the most likely sequence to have produced
the seen output. In a speech recognition analogy, a speech signal is the observation
from which the model tries to infer the hidden sequence of language units.
After the acoustic model outputs the phone sequences, they need to be mapped to
corresponding words. For this, a pronunciation dictionary is required. Each language
and used base language unit need their own dictionary, as the number of language
units and pronunciation rules vary from language to language. The orthography of

30
Finnish follows the way the word is pronounced [72] with only few exceptions, making
it possible to automate the creation of the pronunciation dictionary. The same is not
true for example for the English language, which has very irregular pronunciation
rules. In such cases, creating the dictionary is a labour-intensive process requiring
expert knowledge [16].
Even though pronunciation dictionaries transform phones to letters and words,
it alone does not contain enough information about the structure and usage of the
language. A language model is necessary to form coherent sentences because the ASR
system needs tools to separate word boundaries and similarly pronounced words [72].
While it is possible to use grammar based rules, the default approach is to statistically
model a language from large text corpora [72]. Historically, the most popular method
is n-gram modeling which simply computes the probability of the current word under
processing appearing based on the N − 1 words before it. However, no corpus can
fully cover all possible sentences when humans invent new words and expressions on
the fly. In practice, speed requirements and the available memory capacity define
the limits of the corpus size. Due to the limits, the statistical model must account
for the cases where a particular sequence of words does not appear in the corpus
because it would get zero probability otherwise. To prevent this, n-gram models use
smoothing techniques to elevate the lower probabilities and dampen the higher ones
to achieve a more uniform distributions [13, p.556-557].
The decoder combines the information provided by the acoustic model, dictionary
and language model to choose the most probable transcription for the input signal.
The difficulty of the task correlates with the size of the vocabulary. With a large
vocabulary the decoder must find the best solution from a search space with millions
of possible choices. Going through every sequence is not efficient, so decoders need
to prune the search space and check only the viable proposals [68]. The Viterbi
algorithm is a common method for performing the pruning of unlikely hypotheses [73].
Further performance gains can be achieved by using weighted finite-state transducers
as input to the Viterbi algorithm [74]. These transducers can combine the acoustic
model, pronunciation dictionary and language model into one compact representation
[74], speeding up the decoding process significantly. Also for some applications, a
single output with the highest probability is not enough but multiple hypotheses are
needed. In those situations, word lattices can be employed to keep track of several
highest ranking proposals [68].
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2.2.2

Conversational speech

The ultimate goal of automatic speech recognition research can be said to be a system
that surpasses humans in the recognition of naturally flowing conversations at any
given situation [14, p.308]. Conversational speech has three characteristics that make
this task challenging: First, speakers might use dialects, colloquial expressions or
specialised terminology that are not part of the standardised language [75]. Second,
to be generally useful in practical situations, an ASR system has to be robust against
noise [17]. This is especially true for conversational speech because people rarely have
conversations in a complete silent environment. Third, speech has natural variability
due to biological, cultural and situational factors such as gender, regional origin and
emotional state [76]. In a conversational situation with many participants, these
factors relay important information about the context not present in the words alone.
Spoken language expressions and the ever evolving vocabulary pose a difficult
problem for language modeling in ASR. The Finnish language has phonetic orthography and consequently it is common to preserve phonetic variation in the transcription
[77]. Combined with the highly agglutinative nature of the language, the vocabulary
size can reach millions of words [75]. One way to counter this vocabulary expansion
is to split words into smaller units called subwords [75]. Subwords make it easier to
predict the probability of a rare word appearing in a sentence [75].
Background noise remains a major obstacle in ASR, resistant to the extensive
research effort put in to solve the problem [17, 78, 79]. Depending on the recording
conditions, the signal may contain varying amounts of additive noise and channel
distortion which can decrease the speech recognition accuracy. They can originate
from other sound sources in the recording environment, like for example background
music, air conditioning and other people speaking or from reverberation and noise
induced by the recording equipment itself [13, p.474]. According to a principal
categorisation used by Li et al. [17], tactics to counter noise can take place in
the feature domain, the model domain or both. In the feature domain, possible
approaches include making features resistant to noise, removing noise from the
features and normalising features. The model domain methods try to make acoustic
model accommodate to the influence noise has on the model parameters. In this case,
focus can be placed solely on noise or generalised to include all acoustic variations.
Natural speech variability is affected by many factors that can be intrinsic to
the speaker or brought about by external influences [76]. Speaker related effects
include aspects like gender, age, emotion, health and regional origin. Conversely,
extra-linguistic properties are not specific to an individual but more connected to the
surrounding situation [76]. For instance, a person can change speed of their speech
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or, depending on background noise levels, speech intensity from a whisper to a shout.
Although this variability can make robust ASR seem impossible, it also conveys
a wealth of contextual and structural information humans exploit naturally. The
ability to harness it for punctuation, speaker identification and speaker diarisation,
among other things, would significantly increase transcription legibility [80] and ease
further processing [81].
For all three issues, having training data from different situations is one answer to
solving the problem [17, 76, 77]. Yet, getting the data is not easy since transcriptions
of free-flowing conversations in natural environments are rare. Not to mention that
it is costly and time-consuming process to record and transcribe new data. The
internet contains vast amounts of potential data but the problem is to filter and find
data relevant for the task at hand [82]. Data from the internet might be missing
transcriptions or lack proper alignment [83]. Moreover, using highly variable data
is a double-edged sword because each and every situation can not be covered but
accuracy can decrease if a big training data set does not match the use case [17].

2.3

Hearing impairment

Hearing impairment has varying levels of severity from mild hearing loss to profound
deafness. Generally, hearing impaired are divided to two groups, deaf and hard of
hearing. A deaf person has profound hearing loss which means they hear only little or
nothing at all and have traditionally relied on sign language for communication [84].
The hard of hearing, on the other hand, have from mild to severe hearing loss and
are generally able to communicate with speech using hearing aids, cochlear implants
or other assistive devices [84]. For them, reduced hearing sensitivity in the ears can
be either symmetric or asymmetric.
Deafness or hearing impairment can affect one from birth (congenital hearing
loss) but age-related hearing loss is the most common form of hearing impairment [8].
This is caused by inevitable age-related decline in hearing called presbycusis, where
the hearing sensitivity begins to deteriorate from the high frequencies and gradually
proceeds toward the lower frequencies [85]. However, many older people suffering
from minor hearing loss might not see themselves as having hearing impairment [86].
Hearing loss can be denied by the person for a variety of social and psychological
reasons like inconvenience, social stigma or cost [85]. Furthermore, hearing loss differs
significantly from vision loss in that damage to hearing is often more difficult to
treat. Bad vision can in most cases be fully corrected with glasses or an eye surgery,
but hearing loss can often be treated only partially with the use of hearing aids or
an expensive and invasive surgery.
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To show the variety of conditions the hearing impaired can have, the next
subsection details the types and causes of hearing loss. Continuing from that, the
second section briefly details the diagnostics of hearing loss and current treatment
options patients have. Lastly, the third section will cover statistics associated
with hearing loss to illustrate how widely hearing impairment affects societies in
general. Knowing the variety of conditions is essential for understanding the problems
underlying the Conversation Assistant and for developing an application suitable to
the needs of the hearing impaired. Understanding diagnostics, treatment and the
scope of the problem further helps in design and underlines the need and potential
benefits of helping the hearing impaired in their life.
2.3.1

Hearing loss types

The human ear is divided to three sections that are called the outer ear, the middle
ear and the inner ear. The division and structure of the ear is depicted in figure 9.
Hearing losses originating in the outer or the middle ear are collectively categorised
as conductive hearing loss [87, p.319]. In these cases, the transmission of sound is
physically blocked or interrupted. As a consequence, sounds are perceived muffled
and their tonal quality may differ from the usual [88, p.28]. Causes range from
congenital to infections and trauma [89]. In some birth defects and infections, the
ear canal or the middle ear is either missing, malformed or blocked by a substance
which restricts the conduction of sound to the inner ear. The degree of blockade
determines the severity of the hearing loss, but it is generally in the range from 20
to 30 dB when compared to normal hearing levels. [90, p.362-365]. Trauma and
other infections in turn affect by impeding the function of the ossicles or eardrum.
Discontinuities, blood or bone growth might restrict the ossicles while eardrum can
suffer from ruptures. In these cases, the resulting hearing loss is often more severe,
reaching regularly levels over 50 dB [90, p.367-370].
The second major category of hearing impairment is sensorineural hearing loss,
where the cochlea and the auditory nervous system are damaged or function improperly. In cochlea, the cause of hearing loss is primarily damage to the hair cells [88,
p.29]. Out of the two types of hair cells, inner and outer, the outer cells responsible
for amplification are more often the affected [90, p.358]. Like conductive hearing
loss, cochlear hearing loss can also be caused by infections, trauma or congenital
malformation, excessive noise and toxic substances [87, p.319]. The auditory nervous
system, and the auditory nerve in particular, is usually impaired by tumours, but
other causes include trauma, viral infections and vascular fluids coming into contact
with the nerve [90, p.359]. In contrast to conductive and cochlear hearing loss which
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Figure 9: A schematic of the human ear. Malleus, incus and stapes are also known
as hammer, anvil and stirrup respectively. Together the three bones are called the
ossicles. Similarly, eardrum is sometimes dubbed the tympanic membrane.
primarily affect hearing sensitivity, hearing loss with neural components has more
influence on speech discrimination [90, p.359].
The leading manifestation of sensorineural hearing loss is the previously mentioned
presbycusis or age-related hearing loss. People with presbycusis have old age as a
common denominator, but there is still ambiguity over the factors contributing to
the impairment. Different subtypes of presbycusis have been proposed, but most
patients share symptoms of several subtypes [85]. Research into presbycusis suggests
that both cochlear and neural elements are active with complex interactions. This
is implied by the fact that the elderly suffering from presbycusis exhibit difficulties
in both hearing and speech understanding, especially that of fast speech or speech
in noisy environment [91]. Debate over the factors taking part in the onset of the
disease is ongoing. Open questions include things like how much accumulation of
small acoustic traumas contribute, how much genetics affects the process and what
makes inner ear structures susceptible to degradation [87, p.328-329].
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2.3.2

Diagnosis and treatment

To choose between treatments and right assistive devices, the severity of hearing loss
needs to be measured. The absence of otoacoustic emissions can confirm that the
outer hair cells in the cochlea are damaged while simultaneously indicating a loss of
more than 30 decibels [89]. Beyond this simple test, different types of audiometry
tests can be employed to determine the patients hearing thresholds [89]. In a basic
audiometric test, the test subject is asked to react when they hear a sound or a word
presented at different sound levels. If the audiometric tests show no sign of hearing
problems, then the auditory brainstem response test can be used to check auditory
nervous system for anomalies [85].
Dead hair cells cannot be restored in humans with contemporary medicine although
research into it is ongoing [92]. Therefore, when dealing with mild sensorineural
hearing loss, the primary solution is to use hearing aids. However, while many people
with sensorineural hearing loss would benefit from the aid, only about one in four
get it [89]. This is especially true for the elderly with presbycusis. Hearing aids are
refused by individuals who would need them because they are for example costly,
look ugly and take time to get used to [85]. Some users abandon or avoid the aids
after initial adoption because it changes the way they hear sound and may amplify
some sounds, like breathing, too much [85]. When hearing loss becomes so profound
that hearing aids are not helpful anymore, the failing cochlea can be bypassed with
a cochlear implant connected to the auditory nerve [87, p.352-353].
Treating conductive hearing loss is straightforward when compared to sensorineural hearing loss. Infections can be cured and surplus cerumen, tumours and foreign
objects removed whereas malfunctioning tympanic membrane and ossicular bones
can be surgically replaced with prostheses [89, 90]. A perforated eardrum might heal
by itself if damage to it is not too large. Overall, in light cases such as infections
and excess cerumen, hearing can return to normal after treatment. In more difficult
cases, remaining hearing loss can be compensated for with the help of hearing aids
[88, 89].
2.3.3

Societal effects

Hearing impairment is highly prevalent, especially in older age groups [93]. In the
US, Lin et al. [8] estimate one fifth of Americans over 12 years old, 20.3%, has
unilateral or bilateral hearing loss. In Finland, hearing impairment is estimated to
affect roughly 15% of the population, meaning 750 000 Finns out of a population of
5 million people [9]. The number is projected to rise, both in the US and Finland
due to the aging population [8, 10]. Many would benefit from the use of hearing aid,
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for example in Finland it is estimated to be 6% of the population [10]. However,
only 1% of the population is estimated to use one [10]. In the US, aids are estimated
to be used by one out of five people who would benefit from hearing aids [94].
Studies show untreated hearing loss affects well-being, mental health and the
perceived quality of life [1, 2, 3]. A major cause for this is the withdrawal from
social life because of difficulties experienced in communicating with others [3]. Other
negative effects hearing impairment has been associated with, particularly in the older
age groups, include for instance dementia, functional decline, cognitive dysfunction
and falls [1].
Communication difficulties also affect the level of education hearing impaired can
achieve and their ability to contribute to the society as workers. Despite growing
participation in higher education by the hearing impaired, their educational level is
still clearly behind hearing peers on average in Finland as well as the US [4, 5]. The
same applies to work participation, where young hearing impaired are more often
unemployed and older hearing impaired retire earlier than their hearing peers [6, 7].
Sick leaves due to mental distress are likewise more common among the hearing
impaired, presumably because hearing impairment creates the need to compensate
for the loss [6]. Good assistive solutions could possibly help many of these people to
receive higher education and to prolong their careers.

2.4

Visual dispersion

In the context of this work, visual dispersion refers to the situation where the
deaf and hard of hearing have to alternate their attention between multiple visuals
[26]. The shuffling causes the deaf and hard of hearing to miss vital information
like hand gestures, facial expressions or a change of slides in a presentation. The
problem of visual dispersion has been studied especially in the classroom setting
[26, 95, 96]. In class, a deaf or hard of hearing student might have to shuffle between
as many as five different sources of visual information: instructor, slides, interpreter,
transcription and personal lecture notes. A hearing person on the other hand, can
receive information simultaneously both visually and aurally without an effort. This
can be explained with the multicomponent model of working memory originally
presented by Baddeley and Hitch in 1974 [97], although there are many other models
of working memory as well [98]. To understand the cognitive processes and the
problem of visual dispersion better, this section will give a short review on the
multicomponent model of working memory.
Working memory (WM) is a concept used to illustrate how a human brain stores
and manipulates information over short periods of time, from a few seconds to few
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minutes [99, p.317]. Active manipulation of information sets it apart from a similar
concept known as short-term memory (STM) which is a limited passive storage of
information. In their original multicomponent model of working memory, Baddeley
and Hitch split the WM into three components: visuo-spatial sketchpad, phonological
loop and central executive (CE). In a later work, Baddeley [100] expanded the model
with a fourth component, the episodic buffer. Relations between these components
are depicted in figure 10.

Central executive

Visuo-spatial
sketchpad

Episodic
buffer

Phonological
loop

Figure 10: A schematic illustrating the relations between the elements in Baddeley’s
theory of working memory. Adapted from [101].
The role of central executive is to coordinate the functioning of the working
memory. Recent studies suggest CE to be a collection of executive processes, not a
single unitary controller [101]. Executive processes include attentional focus, dividing
attention between two or more tasks and regulating the episodic buffer together with
the two modality-based stores, visuo-spatial sketch-pad and phonological loop [102].
The episodic buffer integrates information from the long-term memory (LTM) and
different sensory modalities in a limited temporary memory [100]. The visuospatial
sketchpad specialises in maintaining recent information about what was seen and
where, while the phonological loop does the same using linguistic representations
with the help of covert articulatory rehearsal6 [99, p.597]. These two modality-based
stores have a capability to process short bits of information separately from each
other, enabling the simultaneous processing of both visual and auditory information.
Lack of auditory input in the hearing impaired has not been shown to enhance
visual perception, except for improved motion processing and attention of the visual
periphery in congenitally deaf people [103]. But as a downside, research shows this
6

For example, subvocal speech where the thought of saying a word moves speech muscles a little
but no actual sound is produced.
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improvement decreases visual processing in central visual fields [104]. Other changes
from auditory deprivation can be seen in the structure and functional organisation of
the brain, although part of these changes are attributable to sign language use [103].
These results imply human brain can adapt to different situations, but it does not
make hearing impaired superior at seeing or help them replace the missing auditory
information through other sources.

2.5

Previous work

Augmented reality Conversation Assistant is a second iteration of Conversation
Assistant system originally developed by Lukkarila [25]. This section will briefly
present the first Conversation Assistant system and the results of this earlier research.
In addition, this section will introduce previous research and ideas closely related to
the Conversation Assistant system.
The aim of the first Conversation Assistant prototype was to assess how useful
an ASR system would be for the hearing impaired in conversational situations. The
first system ran an automatic speech recogniser on a laptop with a simple user
interface. When the recogniser was running, user could see transcriptions appear
on the screen. The deaf and hard of hearing people recruited to test the system
responded positively to the system but feedback revealed many points in need of
improvement. For instance accuracy of the transcription, visual dispersion and
availability on a mobile device were issues mentioned in the feedback. The latter
two are aspects AR Conversation Assistant is set to solve.
Throughout the years, there have been several systems designed to help the hearing
impaired access auditory information. The development of computers, especially in
the mobile form, has eased the communication between hearing impaired and hearing
populations significantly. In mobile phones, Short Message Service (SMS) was the
first major service to enable deaf people to access services and communicate with
hearing people on equal footing [105]. Scribe4Me was an early assistive system based
on SMS designed by Matthews et al. [106]. In their system, the software continuously
recorded 30 seconds of surrounding audio which could be send to a human transcriber
at the press of a button. The transcriber would then send a description of the audio
back to the user in a text message. The system of Matthews et al. used human
transcribers for accuracy and to get environmental sounds transcribed, but it shares
the idea of text transcriptions to help the hearing impaired with the Conversation
Assistant project.
Systems helping hearing impaired using ASR without an AR component have
been common in the context of education. A lot of this research focuses in providing
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real-time ASR-generated transcriptions of lectures [107, 108, 109]. Major effort is
also dedicated to improving the ASR aided learning experience in other ways, such
as minimising visual dispersion [26, 95, 110], comparing captioning and transcribing
of online video lectures [96] and using human editors to correct ASR output [107].
Developments in the field of situated visualisation are important to AR Conversation Assistant, since conversations always have a context and are connected to the
real world through the participating speakers. Applications of situated visualisation
have been common since the assembling instruction system of Caudell and Mizell [20]
introduced previously. The first system to combine situated visualisation and speech
recognition dates back to 1995 at least, to the NaviCam system of Rekimoto and
Nagao [111]. NaviCam had a head-mounted display and a small camera which could
be used to create video see-through augmentations containing information about
the surrounding environment. An extension of NaviCam, named Ubiquitous Talker,
added a speech interface to the system. Ubiquitous Talker used both speech recognition to receive spoken commands from the user and voice synthesis to communicate
the results to the user. Most applications combining AR and speech recognition
focus on speech interfaces to enable hands-free use [112, 113, 114]. But Ajanki et al.
[115] used speech recognition and gaze tracking to find out what user was currently
interested in to show appropriate contextual information on a augmented reality
HMD.
The work most similar to the AR Conversation Assistant has been done by
Mirzaei et al. [116, 117]. Their system has the same idea of using augmented reality
to display text transcriptions, but there are differences in implementational details
and primary focus in design is placed on the deaf. The system runs on a ultra-mobile
PC7 and uses AR, facial recognition, audiovisual speech recognition (AVSR) and
text-to-speech (TTS). In the system of Mirzaei et al., AVSR uses audio, video and
facial expressions to improve speech recognition especially in noisy situations. The
job of the facial recognition algorithm is to locate the face of the conversation partner,
so the transcriptions can be placed near the face of the partner. TTS is a technology
for converting text to speech through speech synthesis. It is incorporated in the
system as a way to respond to the conversation partner for those of the deaf who
are unable to speak. AR Conversation Assistant does not include TTS or use visual
information in the speech recogniser. Furthermore, the speech recogniser in the AR
Conversation Assistant is run on a server as the latest and most advanced speech
recognition systems are too heavy computationally to be run on mobile devices.
Suemitsu et al. [118] developed another system similar to AR Conversation
7

Authors claim it would work also on a mobile phone.
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Assistant, but the main focus of their work was in developing a directional microphone.
The system of Suemitsu et al. had a directional microphone on an OST HMD which
captured the speech of a conversational partner in front of the user. The speech
was then transcribed by a speech recogniser and displayed on the OST display. By
assuming that the conversation partner would always be in the front of the user,
the directional microphone could be used to reduce the effect noise has on ASR
accuracy. In a similar fashion, Lee et al. [119] developed an mobile phone application
for the hearing impaired which used beamforming to direct the microphone and thus
improve speech recognition results in noisy situations.
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3

Augmented Reality Conversation Assistant

With the context of the work now clear, this chapter will present the AR Conversation
Assistant itself. The chapter will move gradually from a more general perspective
to implementational details. Section 3.1 introduces the application through an use
case scenario and gives brief justifications to our choice of device and platform. The
following section 3.2 covers the system architecture, components, security, design
choices and design principles. The last section 3.3 gives details on the tools, code,
ASR system and server software.

3.1

Description

On a high-level, the AR Conversation Assistant system consists of two separate
components, a mobile application and Kaldi Server [120], a speech recognition
server able to securely communicate over the internet. In a hypothetical use case
scenario, a hearing impaired person has a mobile device with the AR Conversation
Assistant application in it. The conversation partner either sits close by so the device
microphone can catch their speech or alternatively has an external microphone to
speak into. When the microphone is activated, speech captured by the microphone is
sent to the server where an automatic speech recognition software converts the audio
signal into text and returns the result to the mobile device. The transcription is then
displayed on the mobile device screen on top of a video camera feed captured by
the device. If the device camera is directed at the conversation partner, the mobile
application will use facial recognition to find the face and then tries to place the
transcriptions in speech bubbles next to head of the speaker. The goal of the user
interface design was to minimise the visual dispersion between the face of the speaker
and the text transcription. The hearing impaired person can for example continue
to use lip reading and observe body language while using the speech transcriptions
as a back-up for any missed words.
The first task to accomplish was to choose a platform. The options were to either
use a mobile device or AR glasses. Using AR glasses would have been ideal, but the
glasses would have to be light-weight, ergonomic and with sufficient field-of-view.
Unfortunately, the AR glasses technology is still nascent, so the options available on
the market at the time did not meet the requirements or were pending official launch.
Thus, the choice ended up being between the two major mobile platforms, iOS by
Apple and Android by Google. Both platforms have powerful software development
kits for AR. The iOS ecosystem was chosen due to the significant effort Apple is
putting into developing the ARKit and the maturity of the platform. The effort has
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intensified rumours about Apple developing an AR headset8 although the company
itself has not yet confirmed its plans. We hope the choice of ARKit will allow us to
port the software to the potential new Apple AR glasses in the future with minimum
effort.

3.2

System structure

The system structure in the AR Conversation Assistant consists of three pieces of
software components referred to as master server, worker and client. Out of these,
master server and worker are part of the Kaldi Server implementation from Alumäe
[120] while the client is the main contribution of this work. The split to three is done
to separate the computationally intensive ASR part from the lighter user interface
because, while possible [121], it is hard to run a modern speech recogniser using
the limited resources of a mobile device. In this division of labour, master server is
required for assigning one worker for each client and handling the communications
between them. Worker does the hard work of using ASR to transcribe the incoming
speech audio into text. Client presents the user with a graphical UI, captures the
speech, sends it to the server and displays the resulting transcriptions on the UI.
Multiple clients can simultaneously connect to the server, each one needing its
own worker instance. The master server, worker and client can all run on different
machines, given that all the machines have an internet connection. This allows for
easy upscaling and efficient distribution of a system with multiple clients and workers.
In the scale of AR Conversation Assistant prototype however, running a master
server and a worker or two on the same machine is sufficient while the client-side
is run on a mobile device. Figure 11 illustrates the relations between the software
components in the prototype.
The connection over the internet between client and master server is formed and
maintained with the standardised WebSocket protocol [122]. WebSockets are widely
used for client-server communications with open-source implementations available for
many programming languages. The protocol provides a full-duplex communication
channel, meaning two entities can use a single TCP connection to simultaneously
transmit data from one to the other. To protect user privacy, the communication
can be encrypted with the Transport Layer Security (TLS) protocol [123]. Using
TLS requires the server to have a digital certificate it can send to the clients for
ensuring the identity of the server. Since the AR Conversation Assistant at this
stage is still only a prototype not deployed publicly, we used self-signed certificates
8

https://www.cnet.com/news/apple-is-working-on-an-ar-augmented-reality-vr-virtual-realityheadset-powered-by-a-wireless-wigig-hub/

43

_

x

[ 0.000000] microcode: microcode updated early to revision 0xc6, date = 2018-04-17
[ 0.000000] Linux version 4.15.0-36-generic (buildd@lcy01-amd64-017) (gcc version 5.4.0
20160609 (Ubuntu 5.4.0-6ubuntu1~16.04.10)) #39~16.04.1-Ubuntu SMP Tue Sep 25 08:59:23
UTC 2018 (Ubuntu 4.15.0-36.39~16.04.1-generic 4.15.18)
[ 0.000000] Command line: BOOT_IMAGE=/boot/vmlinuz-4.15.0-36-generic
root=UUID=b88e8d35-ab2b-470b-b82c-fd7e8c7c7e80 ro splash quiet vt.handoff=7
[ 0.000000] KERNEL supported cpus:
[ 0.000000] Intel GenuineIntel
[ 0.000000] AMD AuthenticAMD
[ 0.000000] Centaur CentaurHauls
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x001: 'x87 floating point registers'
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x002: 'SSE registers'
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x004: 'AVX registers'
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x008: 'MPX bounds registers'
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x010: 'MPX CSR'
[ 0.000000] x86/fpu: xstate_offset[2]: 576, xstate_sizes[2]: 256
[ 0.000000] x86/fpu: xstate_offset[3]: 832, xstate_sizes[3]: 64
[ 0.000000] x86/fpu: xstate_offset[4]: 896, xstate_sizes[4]: 64
[ 0.000000] x86/fpu: Enabled xstate features 0x1f, context size is 960 bytes, using
'compacted' format.

MASTER
SERVER
Text

Audio
_

x

[ 0.000000] microcode: microcode updated early to revision 0xc6, date = 2018-04-17
[ 0.000000] Linux version 4.15.0-36-generic (buildd@lcy01-amd64-017) (gcc version 5.4.0
20160609 (Ubuntu 5.4.0-6ubuntu1~16.04.10)) #39~16.04.1-Ubuntu SMP Tue Sep 25 08:59:23
UTC 2018 (Ubuntu 4.15.0-36.39~16.04.1-generic 4.15.18)
[ 0.000000] Command line: BOOT_IMAGE=/boot/vmlinuz-4.15.0-36-generic
root=UUID=b88e8d35-ab2b-470b-b82c-fd7e8c7c7e80 ro splash quiet vt.handoff=7
_
[ 0.000000]xKERNEL supported cpus:
[ 0.000000] Intel GenuineIntel
[ 0.000000] microcode: microcode updated early to revision 0xc6, date = 2018-04-17
[ 0.000000] AMD AuthenticAMD
[ 0.000000] Linux version 4.15.0-36-generic (buildd@lcy01-amd64-017) (gcc version 5.4.0
[ 0.000000] Centaur CentaurHauls
20160609 (Ubuntu 5.4.0-6ubuntu1~16.04.10)) #39~16.04.1-Ubuntu SMP Tue Sep 25 08:59:23
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x001: 'x87 floating point registers'
UTC 2018 (Ubuntu 4.15.0-36.39~16.04.1-generic 4.15.18)
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x002: 'SSE registers'
[ 0.000000] Command line: BOOT_IMAGE=/boot/vmlinuz-4.15.0-36-generic
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x004: 'AVX registers'
root=UUID=b88e8d35-ab2b-470b-b82c-fd7e8c7c7e80 ro splash quiet vt.handoff=7
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x008: 'MPX bounds registers'
[ 0.000000] KERNEL supported cpus:
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x010: 'MPX CSR'
[ 0.000000] Intel GenuineIntel
[ 0.000000] x86/fpu: xstate_offset[2]: 576, xstate_sizes[2]: 256
[ 0.000000] AMD AuthenticAMD
[ 0.000000] x86/fpu: xstate_offset[3]: 832, xstate_sizes[3]: 64
[ 0.000000] Centaur CentaurHauls
[ 0.000000] x86/fpu: xstate_offset[4]: 896, xstate_sizes[4]: 64
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x001: 'x87 floating point registers'
[ 0.000000] x86/fpu: Enabled xstate features 0x1f, context size is 960 bytes, using
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x002: 'SSE registers'
'compacted' format.
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x004: 'AVX registers'
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x008: 'MPX bounds registers'
[ 0.000000] x86/fpu: Supporting XSAVE feature 0x010: 'MPX CSR'
[ 0.000000] x86/fpu: xstate_offset[2]: 576, xstate_sizes[2]: 256
[ 0.000000] x86/fpu: xstate_offset[3]: 832, xstate_sizes[3]: 64
[ 0.000000] x86/fpu: xstate_offset[4]: 896, xstate_sizes[4]: 64
[ 0.000000] x86/fpu: Enabled xstate features 0x1f, context size is 960 bytes, using
'compacted' format.

WORKER 1

WORKER 2

R
VE
SER

CLIENT 2
CLIENT 1

Figure 11: In the AR Conversation Assistant system, client communicates with a
corresponding worker through the master server responsible for directing the traffic to
the correct receiver. Speech audio flows from client devices to workers for transcription.
Workers return the recognition results as text to the clients. Workers and master
server reside on the same machine while clients are run on mobile devices.
for the purpose. But a real, public or commercial, implementation would need to
purchase certificates from a certificate authority.
In general, information security is an important aspect in a system like the
AR Conversation Assistant, where the speech may contain personal and sensitive
information. We could recognise two ways the system could be compromised, depicted
in figure 12. First is a man-in-the-middle attack in which a third party intercepts
either the speech audio or recognition results somewhere between the client and the
server. Without encryption, the third party attacker can access the data being send.
Using security protocols, like the TLS we chose, to encrypt the connection makes
the intercepted data look like gibberish to an outsider. Second attack has to do with
the worker and master server split in the Kaldi Gstreamer Server. In the default
implementation, as long as the location of the master server is known, a worker can
connect to the master server from anywhere. Thus, a malicious third party with
the knowledge of the master server location could connect their own worker to the
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master server and receive the audio of an unsuspecting client from the master server
for transcription. Our solution to the problem was to make the master server accept
only connections from workers on the same machine. This is possible because in
our prototype, the workers and the master server are on the same machine. In a
real commercial large-scale application where the workers are distributed to different
machines, this would not be an option. Yet, the problem could be solved in a similar
fashion by accepting only connections from trusted sources, for instance on the basis
of IP-address.
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Figure 12: Two schematics depicting possible attacks to steal sensitive information
from the AR Conversation Assistant system.
The leading principle in the UI design of the AR Conversation Assistant was
to bring the transcriptions close to the face of the conversational partner. Speech
bubbles are a natural way to accomplish this. In our design, the speech bubbles
would follow the speaker, whose face is located in a video feed with facial recognition
technology. In the absence of any face, the bubbles would move to the top right
corner of the screen. Other requirements for the UI were an ability start and stop
the recording and to do minor adjustments to the UI such as change of font size.
When developing for iOS, the architectural pattern Apple recommends is called
Model-view-controller (MVC). MVC is a widely applicable and popular design pattern

45

Use

due to its flexibility [124]. The name is formed out of the three major components in
the architecture. Model handles and stores all the data in the application. View is a
passive representation of all the UI components, like buttons and labels. Controller is
the mediator between two and in charge of all the actions happening in the program.
In practice, when the user interacts with the application through touching the UI
components in the view, the view relays these interactions events to the controller.
Controller then decides how to respond to the user action and relays the update
to the model. After the model is done updating, it notifies the controller which
then proceeds to update the view accordingly. Figure 13 presents the pattern as a
diagram.
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Figure 13: A diagram explaining the model-view-controller pattern. The figure is
based on [125].

3.3

Software

The mobile application of the AR Conversation Assistant has three main objectives
guiding its design. The application must be able to communicate with the server-side,
capture speech and have a user interface. Communication with the server requires
the ability to create a WebSocket connection, send audio through it to the server
and parse the transcriptions coming from the server. The UI is more complex with
many small tasks to take care of. It must provide a continuous video feed from the
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camera, display the transcriptions smoothly, use face recognition for placing the
transcriptions and buttons for interacting with the system and adjusting the UI.
Developing software for devices in the Apple ecosystem requires using Apple
computers and Apple software development tools. Therefore, choosing a 10.5 inch
Apple iPad Pro as our client device meant we would develop the program using a
Macbook laptop and the Xcode program. Out of the two programming languages
available in the Apple ecosystem, Swift and Objective-C, we chose Swift. It is the
newer and more modern alternative, released in 2014 and actively developed and
promoted by Apple.
The iOS software development kit comes with an extensive library of algorithms
for example for AR, basic UI elements, video and audio handling, speech recognition
and computer vision techniques. In addition, the Cocoapods dependency manager9
gives access to thousands of external libraries from third-party developers. In the
AR Conversation Assistant, we use Cocoapods to import an existing websocket
implementation called SwiftWebSocket10 into the code base.
The following subsections will further detail the implementation of the final
application. First comes the main contribution of this work, the client-side mobile
application developed for the Apple iOS platform. This is followed by an short
introduction to the ASR model and existing server implementation used to setup the
server-side of the system. Full source code for the mobile application and the master
server is available on the Github page of the Aalto University Speech Recognition
group11 .
3.3.1

iOS application

The application code is divided to two views. First is the main view, which contains
the AR video feed, speech bubbles, face recognition, a recording button and a settings
button. Second is the settings menu view activated by the press of the settings
button. In the settings menu, user has access to several controls such as font size
and the clearing of transcription history. Screen captures of the two views from the
finished prototype application are shown in figure 14.
In the main view, user can start speech recognition by pressing the record button.
The button is defined in a separate class to have a round red shape with a white
circle around it, and a pulsing animation to indicate when the recording is on. The
button press is delegated from the view controller class to the speech recogniser class
9

https://cocoapods.org/
https://github.com/tidwall/SwiftWebSocket
11
https://github.com/aalto-speech/conversation-assistant
10
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(a) Main view

(b) Settings view

Figure 14: Screen captures of the two views in the AR Conversation Assistant
application.
in charge of recording the speech and relaying it to the web socket class. The speech
recogniser class has implementations for using both the Apple provided Siri speech
recognition service and our own speech recognition server. User can pick between the
two in the settings menu. For the time being, Apple gives iOS applications access
to its speech recognition service for free within certain limits. This would make it
possible to distribute a commercial version of the Conversation Assistant system
without having to setup a server.
In the case of our own server, the speech recogniser class starts the recognition
process by asking the web socket class to open a connection to the server. If opening
the connection is a success, the speech recogniser class starts recording the microphone
and sending the resulting audio into the web socket. This will continue, until the
recogniser class is prompted to stop by user pressing the record button or a web
socket connection failure. The end prompt is followed by the freeing of allocated
resources and the closing of the microphone tap. Similar process is in place for the
Apple speech recognition service without the need to set up a web socket connection.
Both services also have timeout limits for continuous speech recognition which is why
the speech recogniser class is configured to reset the recognition process at regular
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intervals. This may manifest at times as a failure to provide transcriptions for the
few words said during the reset.
The web socket class handles the parsing of the transcription results coming
from the server and the opening and closing of the socket. The server sends the
recognition results in JSON format, from which the web socket class extracts the
most probable transcription. The result is then formatted to remove any additional
symbols inserted by the speech recogniser, such as plus signs. Finally, the web socket
class gives the results to the speech recogniser class.
After the speech recogniser class receives new transcriptions, it relays them to the
controller class. The controller creates a new transcription object, inserts the text
and draws a bubble around it according to the length of the text. The speech bubble
views are defined as a combination of image and text using two classes. The drawing
and updating of the bubbles happens in the controller class. As the transcriptions
generally come from the server as partial results one or two words at a time, the
controller updates the text and the bubble image until the server states that the
particular transcription is finished. The end of a transcription is determined from
the silent parts in the speech by the recogniser. The controller also scrolls down after
each new result to show the latest transcriptions appearing at the bottom.
The location of the bubbles is decided using face recognition technology in the
controller class. The bubbles are either on the right or left side of the detected face.
As the number of speech bubbles increase, the newest bubbles are placed roughly
at the chin level of the detected face. The older bubbles gradually move out of the
screen from the top edge. When there are no faces in the video feed, the speech
bubbles automatically group to the top-right corner of the screen. A faint white
rectangle is drawn around the recognised face to point out the result to the user. In
a situation with several faces in the video feed, the rectangle has the added benefit of
showing whose face is being followed. The decision of who to follow is simply made
by choosing the face approximately in the middle of the screen as we do not have
the technology for accurate speaker recognition.
In the settings menu, user can choose between Apple and Aalto speech recogniser,
adjust the font size, turn the camera on or off, clear the history and go to the system
settings to change application permissions. The menu can be closed by tapping
anywhere in the screen outside the menu. The possibility to turn the camera off
was added to the application to simulate the first Conversation Assistant system for
user testing purposes. Clearing the history is an simple utility which will delete all
the transcriptions and remove them from the screen. The application permissions
are listed in the menu for the user to quickly see, what permissions they have given.
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To protect end-users and their data, Apple demands every application in iOS to
inform and ask the user for various permissions. In the case of the AR Conversation
Assistant application, permissions are required for using microphone, camera and
speech recognition. The link to the settings for changing application permissions is
provided as well because the permissions cannot be changed within the application.
There is also an option to choose between two UI layouts, the speech bubbles and
a text box. The text box option was created in the early stages of the application
development mainly for testing purposes. It is left in the system as an option, but it
did not feature in the user testing in any way.
The settings view has a controller class which is joined by a model class and a
view class for each menu element. The controller class does most of the work in
the view, by delegating the user actions to the model class and the main view and
saving user choices. The model class defines the information in each menu element
and finds out the status of the permissions. The view classes simply define the UI
elements in each menu element.
The placement of UI components in iOS is handled with the Auto Layout tool.
With Auto Layout, a developer can give mathematical constraints which define the
horizontal and vertical dimensions of an UI component. For example, developer can
set a fixed or relative values for the height and the width of the object. Another
possibility is to define the distance of the component from the screen edges or
another object. When there are enough constraints to unambiguously calculate
the components position, iOS can automatically place the objects on a screen of
any size. The constraints can be changed programmatically during runtime. In
the AR Conversation Assistant, the constraints for speech bubbles change as the
bubbles follow a face in the screen, but constraints for other elements are static. The
functioning of Auto Layout tool is tested only on the 10.5 inch iPad Pro tablet we
had. With the help of Auto Layout, the AR Conversation Assistant should also work
on other iOS devices with different screen sizes. Yet the screen sizes of the iPhones
are most likely too small to fit a face and the speech bubbles in any sensible way,
so a correct layout is not guaranteed. While this is enough for the purposes of our
prototype, an actual commercial implementation of the AR Conversation Assistant
would have to be extensively tested to fit other mobile device screen sizes as well.
3.3.2

ASR model and server

The acoustic model used in the AR Conversation Assistant was a combination of
time-delay [126] and long short-term memory [127] neural networks, TDNN-LSTM
for short. It was trained in Aalto ASR research group using the Kaldi ASR toolkit
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[128]. The data for training the model came from the Finnish Parliament Speech
Corpus [83]. When tested on data from the Speecon corpus [129] and a broadcast
news data set from the Finnish public broadcaster YLE, the model scored word error
rates of 14.51% and 18.56%, respectively [83]. The resulting acoustic model was
not noise-robust, but we weighted the overall accuracy improvements of the newer
model to be more important than the noise-robustness of an older model available.
The language model was a subword model created using techniques designed for
agglutinative and morphologically rich languages like Finnish, where the vocabulary
size grows exponentially due to inflections, derivation and compound words. Before
training, the text data given to the language model was preprocessed with the
Morfessor algorithm [130], which splits the words in the vocabulary into smaller units,
subwords. This reduces the vocabulary size because a single subword commonly
appears in several different words [131].
For the server, we used an implementation by the name of Kaldi GStreamer
Server [120] developed by Tanel Alumäe and distributed under BSD-2 clause. The
Kaldi Gstreamer Server has several strengths making it a suitable match for the AR
Conversation Assistant system. First is the use of Kaldi, so we could directly plug-in
the latest ASR models developed in the Aalto ASR group we are part of. Second
is the possibility to live stream, which is a feature necessary in conversations of an
arbitrary duration. Third is the ability to segmentate speech based on silence. The
resulting segmentation allows us to split the transcripts into separate speech bubbles
or sentences for readability. Lastly, the split to master server and workers makes
easy scale-up of the system possible. This is important for demonstrating how our
simple prototype could be scaled up to a public or commercial large-scale system.
The only minor changes we made to the code base of the Kaldi Gstreamer Server, in
addition to configuring in our own ASR model and server address, were to make it
secure against the attacks explained previously.
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4

User testing

In the user testing of the AR Conversation Assistant, we closely follow the template
and example provided by the previous Conversation Assistant [25]. User test done
in the previous iteration [25] was a basis in the test presented here. The main
modification was adjust it to validate new features in the CA, mainly the AR.
Using the same procedure as in the first iteration made it easy to compare the
iterations. Furthermore, the AR Conversation Assistant is developed using the same
user-centered prototyping approach as the first Conversation Assistant, for which
user testing is an effective and adequate validation tool [25].
The chapter begins with the introduction of the objectives and research questions
of this work in 4.1. Next, in subsection 4.2, the test plan is used to explain the
content and structure of the user testing sessions. Subsection 4.3 will cover the
questionnaire used to chart the thoughts and opinions of the user testers. The last
subsection, 4.4, will detail the practical arrangements of the test sessions and give a
general profile of our user testers.

4.1

Objectives

One of the main motivations for this work was to solve the problem of visual dispersion
encountered in the first Conversation Assistant prototype [25] using AR. In the
user testing, our main objective was to see how the hearing impaired would react
to our proposed solution for the problem: using video feed augmented with speech
transcriptions in speech bubbles. Would it be better than plain text transcriptions on
a screen like in the first Conversation Assistant prototype? Our second objective was
to seek further confirmation for the main finding of the first Conversation Assistant
prototype [25], that is, the hearing impaired find the Conversation Assistant system
helpful in conversations. Corroborating the results is important, because the system
has gone through major changes. In addition to the AR elements, the UI now runs
on a mobile device and the ASR model has been updated since the first prototype.
The new version is also the cause of our third objective to seek new feedback on
how to improve the system. These three objectives are summarised as the following
research questions:
• Which do the deaf and hard of hearing prefer: transcriptions with a video of
the conversational partner or text only transcriptions?
• How useful is the Conversation Assistant system in general for the target user
group?
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• How could the Conversation Assistant be improved further?

4.2

Test plan

The test design and test plan in this work is based on the test plan of the first
Conversation Assistant prototype [25]. The basic structure is the same as in [25] with
an additional section dedicated to familiarising the participant to the new application
and its features. Despite the additional section, the session was kept 1-hour long just
like in the first prototype since the new section would be brief. Test duration was kept
at about an hour in to avoid fatigue of participants. The exercises in the sections 1
and 2, word explanation and conversation, were kept the same. The most significant
change to the previous iteration, in addition to adjusting the questionnaires to the
new objectives, is the point of comparison in sections 1 and 2. In this work, we
compare the new AR prototype, called video mode here, to a simulation of the old
prototype showing only the text transcriptions on a white background, here referred
to as text only mode. The previous work compared the simple text display on a
laptop to having no ASR transcriptions at all. By having similar tests, we can easily
compare the results of the first prototype to the current work.
1. Introduction
(a) Research topic
(b) Legal consent
(c) Instructions
(d) Background questionnaire
2. Getting to know the application
(a) With text only mode
(b) With video mode
3. Section 1: Word explanations
(a) With text only mode
(b) With video mode
(c) Questionnaire for the section 1
4. Section 2: Conversation
(a) With text only mode
(b) With video mode
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(c) Questionnaire for the section 2
5. Conclusion
(a) Final questionnaire
(b) Reward

4.2.1

Introduction

The main point of the Introduction section was to give the test subject an understanding of what they are participating in and what will be expected of them [25]. The
section began with a one-page explanation of the research and its purpose, followed
by a legal formality of signing a written consent containing a permission to record
the speech. After receiving the signature, the participants were given instructions
and the test plan on paper to show how the session will go forward. Lastly, the
participant was asked to fill a background questionnaire for charting their usage of
mobile and assistive devices and technologies in addition to some basic background
information like age and contact information.
4.2.2

Getting to know the application

How familiar test participants are with mobile devices, applications and particular
platforms may vary from one individual to the other. Therefore, even with the
relatively simple UI of the AR Conversation Assistant, it is important to check each
participant understands how the device and application functions. In this section,
the participant was asked try out the application in both the text only and video
modes. Here the participants were also asked to adjust the font size to their liking,
to ensure they are able to see the transcriptions with ease. Before going to the next
section, we checked the participants had no remaining questions about the test or
the application.
4.2.3

Section 1: Word explanation

In the beginning of the section, the application was set to the text only mode and
the background noise was put on. The test administer had a list of 40 simple words,
like for instance “ant”, “fireworks” and “rainbow”, they explained to the participant,
who tried to guess the word in question. The words were the same in each session.
Around mid-way through the time reserved for explaining the words, the application
was changed to the video mode. After finishing the word list or running out of time,
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the participant was asked to fill a questionnaire charting their opinion on how useful
they found the application in the situation in the different modes. The purpose of
this exercise was to test that the test participant could follow and understand words
explained to them in noisy conditions with the help of the application. It also gave
the participants time to adjust to the usage of the new application.
4.2.4

Section 2: Conversation

In this section, the test administer had a list of common topics revolving around
travelling, cooking, pets and hobbies among others. These topics contained questions,
such as “where have you travelled?” and “what is your favourite book?”, used to
start a conversation between the administer and the participant. Like in section 1,
the conversation was started with the text only mode on and noise played on the
background. If one topic was exhausted, the test administer moved on to another
topic and kept the conversation going. Half-way through the application was to the
video mode while keeping on playing the noise. In the end, the participant filled a
similar questionnaire about their opinion on the performance of the application as
in section 1. The purpose of this section was to measure the usefulness of the AR
Conversation Assistant by simulating a real conversational situation.
4.2.5

Conclusion

After the participant finished the questionnaire in section 2, they were asked to fill a
final questionnaire. The aim of the final questionnaire was to survey the participants
for their overall opinion of the application, from perceived usability and quality to
strengths and weaknesses. For context, we asked the participants to estimate how
much they use lip reading in their daily life. The questionnaire also contained queries
about how much they would use an application like the AR Conversation Assistant
in their daily life and what would be an appropriate cost for the application. The
whole session ended after the questionnaire was sent and a form for compensation
was filled.

4.3

Questionnaire

The questionnaire in table 2 here is adapted to the new objectives and adjusted
based on the experiences in [25]. The structure of the questionnaire roughly follows
the test plan, with four sections in total. The first section, background questionnaire,
aims to gather relevant background information from the participants. In the case of
the AR Conversation Assistant, this means age, possession of mobile devices, use of
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hearing aids and use ASR services. The questions help contextualise the answers,
since the hearing impaired are a fairly heterogeneous group with needs varying from
individual to individual. Furthermore, the questions reveal participants familiarity
with existing ASR technology and mobile devices.
The second and third sections of the questionnaire measure the participants
opinion on how well the Conversation Assistant helps in the word explanation and
conversation tasks. The questions are the same in both sections, with the participant
having to rate several properties of the system on a scale from one to seven. The
scale was chosen on the grounds that it provides more information than a standard
scale from one to five [25]. This is due to the narrow range in the standard scale
which often results in the neutral average of three as people tend to avoid the extreme
ends [132]. Additionally, there is one question where participants need to choose and
justify which of the two modes compared, text only mode and video mode, is better.
The final questionnaire asks the participant for an overall assessment of the system
and their favourite of the two modes. The results can be compared to those of the
word explanation and conversation tasks to see if there are any differences. The
questionnaire also seeks to find out what was already good in the system and how
would the participants improve it to guide any further iterations of the system. To
finish, the questionnaire charts what would the participants be ready to pay for a
system like the AR Conversation Assistant. While the numbers can give only a crude
estimate of a price deemed suitable by the participants, it tells how highly they value
a system like the AR Conversation Assistant.
The creating and administering of the questionnaire was done using the Google
Forms service, similarly to the first prototype [25]. Providing the test in electronic
format significantly eases the handling of the results as they can be directly extracted
from the service in a table format used to create the visualisations. The whole
questionnaire is embedded here in table 2, translated from the Finnish used to
originally administer the tests to English. The original form in Finnish can be seen
in appendix A.

4.4

Arrangements

Simulating conversational situation requires setting up a suitable environment and
gathering test participants. Silent surroundings are rare in conversational situations,
so reproduction of a realistic environment requires simulated noise. Simulation is
necessary for keeping the conditions same for all the participants. Furthermore,
Lukkarila [25] noted already during the user tests of the first prototype that the hard
of hearing participants could hear well enough to manage with conversations in a
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Table 2: The whole questionnaire translated to English.
Background questionnaire
1. Name?
2. Email?
3. Age?
4. Do you own a smartphone?
a) yes
b) no
5. Do you own a tablet?
a) yes

b) no

6. Do you use a hearing aid or other assistive devices for hearing? If yes, please
specify what.
a) yes
b) no
7. Do you use an automatic speech recognition based application or service in your
daily life? If yes, please specify what.
a) yes
b) no
Section 1: Word explanation
8. Did the Conversation Assistant help you understand speech?
not at all
1
2
3
4
5
6
7

very much

9. Was following the Conversation Assistant easy in text only mode?
not at all
1
2
3
4
5
6
7

very easy

10. Was following the Conversation Assistant easy in video mode?
not at all
1
2
3
4
5
6
7

very easy

11. Was the speech recognition fast enough?
too slow
1
2
3
4

5

6

7

fast enough

12. Were the speech recognition results accurate enough? (speech was recognised
correctly)
useless
1
2
3
4
5
6
7
good enough
13. Which mode was better in your opinion? Please explain your choice.
a) video mode (with video)
b) text only mode (no video)
Section 2: Conversation
14. Did the Conversation Assistant help you understand speech?
not at all
1
2
3
4
5
6
7

very much

15. Was following the Conversation Assistant easy in text only mode?
not at all
1
2
3
4
5
6
7

very easy

16. Was following the Conversation Assistant easy in video mode?
not at all
1
2
3
4
5
6
7

very easy
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17. Was the speech recognition fast enough?
too slow
1
2
3
4

5

6

7

fast enough

18. Were the speech recognition results accurate enough? (speech was recognised
correctly)
useless
1
2
3
4
5
6
7
good enough
19. Which mode was better in your opinion? Please explain your choice.
a) video mode (with video)
b) text only mode (no video)
Final questionnaire
20. Was the Conversation Assistant helpful in the test situations? Please explain
your choice.
not at all
1
2
3
4
5
6
7
very helpful
21. Which mode would you prefer? Please explain your choice.
a) video mode (with video)
b) text only mode (no video)
22. How would you rate the video mode in comparison to the text only mode?
much better
+3
+2
+1
0
-1
-2
-3
much worse
23. How much do you use lip reading to support your communication?
not at all
1
2
3
4
5
6
7
very much
24. What was good about the Conversation Assistant?
25. What needs to be improved in the Conversation Assistant?
26. Which one of the following options is better?
a) Text appears fast (within a second), but contains some mistakes.
b) Text appears more slow (within a few seconds), but contains less mistakes.
27. Would you use an application like the Conversation Assistant in your daily life?
a) yes
b) no
28. In what kind of situations specifically would you use the Conversation Assistant?
29. On what kind of devices would you like to use an application like the Conversation
Assistant? You may choose several.
a) smartphone
b) tablet computer
c) laptop
d) PC
e) smart glasses
30. Would you be willing to pay for using the Conversation Assistant?
a) yes
b) no
31. How much would you be ready to pay as a single payment for the Conversation
Assistant?
32. How much would you be ready to pay as a monthly fee for the Conversation
Assistant?
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quiet enviroment. So without the noise simulation, the Conversation Assistant would
have been unnecessary for most of them. The following subsections will cover how
we set up the testing environment with simulated noise in 4.4.1 and a general profile
of our test participants in 4.4.2. Many of the arrangements and test participants in
the user testing of this work are taken from the first Conversation Assistant [25] and
adapted where necessary.
4.4.1

Test environment setup

We aimed to reproduce the conditions in the user testing of the first Conversation Assistant prototype [25]. However, the listening room used in that work was unavailable
due to renovation, so we settled on a regular meeting room instead. Furthermore,
we used only four loud speakers instead of nine used in [25]. In our setting, the test
participant and the test administer would sit around the middle of a long table with
four loud speakers directed diagonally at them. The test participant had an iPad
with the AR Conversation Assistant application in it in front of them. In most of
the cases, the tablet was placed on a stand, but the participant could also have the
device in their hands if they so liked. Photos of the test setup can be seen in figure
15.
The four speakers were model 8030A Genelecs. Both sides of the table in the
middle of the room had two speakers, positioned diagonally behind the administer
and the participant. All the speakers faced the center of the square they formed
together. They were connected through a MOTU Ultralite MK3 sound card to a
2015 model 15” Retina Macbook Pro. The background noise audio recording we
played from the speakers was originally created by the Aalto University Spatial
Sound research group [25]. Two different recordings were used in the previous user
test [25], but this time the same recording was used in all sessions. The chosen
recording captures the background music, chatter and commotion of a bustling cafe
on the Bulevardi street in Helsinki city centre [25]. The noise was played using the
Max/MSP visual programming language. The graphical user interface build in the
patch for playback is pictured in figure 16. Further technical detail on the recordings
and playback can be found in [25].
During the test session, the participant had the Ipad Pro with the Conversation
Assistant application in front of them, secured with a Joby GripTight GorillaPod
stand. Both the test administrator and the test participant had wired Røde smartLav+
lavalier microphones on them, connected using Røde SC6 dual TRRS adapter. The
adapter was connected to the tablet through an extension cable. We used two
microphones to reduce speech recognition errors, because a microphone only on the
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(a) Speaker positions

(b) Testing setup

Figure 15: Photos of the test room and the setup.
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Figure 16: A screen capture of a Max/MSP patch for playing the noise audio. The
patch was designed for the nine-channel test setting of the first prototype, but we
could use only four channels in this work.
administrator would capture also the speech from the participant across the table
at a low quality. Using two microphones allowed us to capture both speakers more
clearly and with the adapter the two inputs were combined into one. Since the ASR
model we used is unable separate speakers, this led the recogniser to transcribe both
of the speakers without any indication of which one of the speakers the transcriptions
represent.
4.4.2

Participants

The AR Conversation Assistant is targeted at the deaf and the hard of hearing. The
test participants should represent this target user group for valid and informative user
testing results. The goal was to gather a representative sample of the varying degree
and type of hearing impairment. The only requirement for the test participants
was that they should be able to verbally answer questions and participate in a
conversation, since one of the aims in the testing was to simulate conversational
situation. The total number of participants was 12. Half of the subjects participated
in the tests of the previous iteration [25], while the remaining half had not tested
the Conversation Assistant before.
Background information gathered from the participants is listed in table 3. The
table shows that the age distribution of the participants is heavily skewed towards
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Table 3: A list of test participants. The average age of the participants is 52 years
and the median age is 55,5 years.
Sex

Age

Assistive devices

female

17

cochlear implants in both ears

female

22

hearing aids in both ears

female

37

none

female

39

hearing aids in both ears

female

51

hearing aids in both ears

female

55

hearing aids in both ears

female

56

hearing aid in one ear

female

57

hearing aid in one ear

female

57

cochlear implant, hearing aid

male

74

hearing aids in both ears

male

75

cochlear implant, hearing aid

female

84

hearing aid in one ear

the older population, which is to be expected, since hearing impairment is more
common among the elderly [8, 93]. One of the participants was completely deaf
and without assistive devices, but still able to verbally communicate. Rest of the
participants had either aids or implants or both. 10 out of 12 participants either had
a hearing aid in one ear or both. Three participants had cochlear implants in one or
both ears. FM-device and induction loop were mentioned once as did various other
assistive devices for connecting hearing aids to a TV, a mobile phone or a computer.
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5

Results

This chapter presents the answers and the feedback from the user testing questionnaires. Main focus in the analysis is placed on finding the answers to our three
research questions, namely which mode do the hearing impaired prefer, how useful is
the system and what requires improving. Most of the data is presented using visualisations, but three questions with open-ended answers are summarised as sentences.
In the beginning, the binary questions in the background questionnaire are covered.
Next, in section 5.1 the results of the sections 1 and 2 in the user testing, word
explanation and conversation, are presented and compared. Section 5.2 describes
the results of the binary and numeric questions in the final questionnaire. Written
feedback from the questionnaire is covered in 5.3. The chapter concludes in an
analysis of the results in section 5.4.
The background questionnaire had four questions with a yes or no answer
(Q4,Q5,Q6,Q7), which are presented in figures 17 and 18. All the participants
owned a smartphone and seven out of 12 had a tablet. Hearing aids or other assistive
devices were used by all except for the one deaf participant. In question seven, three
people out of 12 answered yes to using automatic speech recognition in their daily
life. All the three reported using ASR on their smartphone, for applications such as
note taking and messaging.

Q4: ”Do you own a smartphone?”

Q5: ”Do you own a tablet?”

Figure 17: Binary questions Q4 and Q5.
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Q6: ”Do you use a hearing aid or other
assistive devices for hearing?”

Q7: ”Do you use an automatic speech
recognition based application or service in
your daily life?”

Figure 18: Binary questions Q6 and Q7.

5.1

Word explanation and conversation tasks

The sections 1 and 2 in the questionnaire, covering the word explanation and
conversation tasks, contained the same five questions with scales from one, completely
disagree, to seven, completely agree. The results of these questions are presented as
box plots in figures 19 and 20. To ease comparison, the same answers are plotted
a second time, side-by-side in figure 21. In the box plots, the red line denotes the
median of the results. The median splits the blue box to a 25th percentile in the
bottom half and 75th percentile in the upper half. An uneven split of the box implies
the results are distributed asymmetrically, with the smaller half containing a larger
portion of the answers. The black dashed line with a cap contains the values falling
out of the percentiles, but which are still within a distance less than 1.5 times the
interquartile range [133]. Results not contained in these definitions are considered
outliers and marked with a red cross. The results in the box plots can also be found
as bar diagrams in appendix B, where each question is plotted to show the answers
from different participants. Lastly, both sections also had a binary question asking
the participants to choose between the two modes tested, the video mode and the
text only mode, plotted in 22.
Five questions (Q8-Q12) from the section 1, word explanation, are listed below.
The respective box plots for the questions are shown in figure 19:
Q8 Did the Conversation Assistant help you understand speech?
(not at all – very much)
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Q9 Was following the Conversation Assistant easy in text only mode?
(not at all – very easy)
Q10 Was following the Conversation Assistant easy in video mode?
(not at all – very easy)
Q11 Was the speech recognition fast enough?
(too slow – fast enough)
Q12 Were the speech recognition results accurate enough (speech was recognised
correctly)?
(unusable – good enough)

7
6

Rating

5
4
3
2
1
Q8

Q9

Q10

Q11

Q12

Question

Figure 19: Results from the word explanation task in section 1.
Majority of the test participants gave good ratings to the different aspects of
the AR Conversation Assistant, with most ratings above the neutral value of four in
every question. The ratings for the video mode in Q10 are particularly good, median
answer is six and the lowest rating is a neutral four. The text only mode in Q9 got
less favourable ratings with most of the answers rating it with four or five. Many of
those who gave comments reported that the possibility to use lip reading was the
main advantage of the video mode. The helpfulness of the Conversation Assistant
in understanding speech got varying ratings in Q8 with majority giving neutral or
slightly positive ratings. For most of them, the Conversation Assistant served as
a backup for checking words they did not catch. Quality-wise, many thought the
speech recognition accuracy (Q12) was good enough for understanding and following
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most of the conversation, but were bothered by the high amount of small errors. The
speed of recognition (Q11) was generally considered high enough but there were few
who clearly disagreed and felt it could not keep up with the speaker.
Five questions (Q14-Q18) from section 2, conversation, are listed below. The
respective box plots for the questions are shown in figure 20:
Q14 Did the Conversation Assistant help you understand speech?
(not at all – very much)
Q15 Was following the Conversation Assistant easy in text only mode?
(not at all – very easy)
Q16 Was following the Conversation Assistant easy in video mode?
(not at all – very easy)
Q17 Was the speech recognition fast enough?
(too slow – fast enough)
Q18 Were the speech recognition results accurate enough (speech was recognised
correctly)?
(unusable – good enough)

7
6

Rating

5
4
3
2
1
Q14

Q15

Q16

Q17

Q18

Question

Figure 20: Results from the conversation task in section 2.
The ratings in section 2 have a notably higher variance than those of section 1. In
the question 14, the answers cover the whole range, with half of the participants feeling
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the Conversation Assistant did considerably help them understand speech while the
rest varied from slightly positive opinions to completely disagreeing. Comments from
those who disagreed say they either relied on only lip reading or then the quality
of the recognition results was too poor to help them understand missed parts of
the conversation. Opinions on the text only mode (Q15) are on the positive side,
but comments mention problems like visual dispersion, lack of punctuation and
recognition accuracy. Video mode (Q16) is likewise rated favourably by most with a
median of six, but the ratings include negative impressions as well. One participant
felt the bubbles were too close to the speaker and disturbed their lip reading. In
Q17, speech recognition speed is considered fast enough by half of the participants,
but the rest are divided between a positive six and a negative two. Accuracy gets a
close to neutral median rating in question 18, with many comments implying the
accuracy is okay, but too poor to help with any details.

7
6

Rating

5
4
3
2
1
Q8

Q14

Q9

Q15

Q10

Q16

Q11

Q17

Q12

Q18

Questions

Figure 21: Comparison of the ratings from section one and two. Ratings for the
same question from both sections are grouped together.
The comparison of box plots in figure 21 shows that medians stay roughly the same
between the two sections. Furthermore, the medians are consistently on the positive
side of the scale despite the variation and negative ratings. The biggest differences can
be seen in the first question regarding the usefulness of the Conversation Assistant.
In the word explanation task, the median rating is five, slightly positive, and the
worst rating is three. However, for the conversation task the median rating is higher
but the worst rating is one. Another interesting difference is between the text only
mode and video mode. The text only mode gets a better rating in the conversation
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task, while for video mode the opposite is true. The speed of recognition is mostly
rated appropriate in both tasks. For recognition accuracy ratings are worse and more
varied in the conversation task than the word explanation task.
Figure 22 shows which mode the participants would prefer. Even though the
ratings changed between tasks, the opinion of the participants was consistent for the
questions 13 and 19. Ten out of twelve favoured the video mode. From the remaining
two, one emphasised they liked the idea of the video mode but their dislike of having
to look through a screen made them choose the text only option. The other one
commented the text only mode was better because it was clearer.

Q13: ”Which mode was better in your
opinion?” [Section 1]

Q19: ”Which mode was better in your
opinion?” [Section 2]

Figure 22: Binary questions Q13 and Q19.

5.2

Final ratings

The final questionnaire had the following rating questions with a range from 1 to 7
and plotted in figure 23:
Q20 Was the Conversation Assistant helpful in the test situations?
(not at all – very helpful)
Q23 How much do you use lip reading to support your communication?
(not at all – very much)
The question 20 can be contrasted with questions 8 and 14, since they all measure
the usefulness of the Conversation Assistant. The results of Q20 are similar to Q14
except Q20 has less variance. One explanation for this might be that the section
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Rating

5
4
3
2
1
Q20

Q23

Question

Figure 23: Final questionnaire results.
2 and final questionnaires were filled in a succession, so the results for Q20 reflect
those of Q14. The question 23 charts the use of lip reading among participants. All
except two reported notable reliance on lip reading.
The binary questions 21 and 26 are plotted on figure 24 and the rating question
25 is plotted in figure 25. The question 21 asks the participants to choose again
between text only and video modes. Here one third of the participants chose text
only mode when compared to the one in six ratio before. In the comments, the
two who changed their answer from previous sections say their choice reflects their
inability to decide which one of the modes was better. One of them wrote that
both approaches have their own downsides which may make them feel inappropriate
for the situation. In the video mode, the user needs to point the camera at their
conversation partner, while in the text only mode the user stares at the screen.
The results of Q25, which asks the participant to rate video mode against text
only mode, are in line with the previous binary questions 13 and 19 where ten out of
twelve people preferred video mode. Overall, these results imply a clear preference
for the video mode. In the question 26, the participant needs to choose which is more
important: faster results with more errors or slower results with less errors. Based
on the comments, majority thinks keeping up with speaker is the most important.
However, one person noted they would like to have the ability to choose depending
on the situation. In casual conversations they would prefer speed, but for official
situations accuracy would be more important.
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Q21: ”Which mode would you prefer?
[Final questionnaire]
a) video mode (with video)
b) text only mode (no video)”

Q26: ”Which one of the following options is better?
a) Text appears fast (within a second),
but contains some mistakes.
b) Text appears more slow (within a few
seconds), but contains less mistakes.”

Figure 24: Binary questions Q21 and Q26.

3
2

Rating

1
0
-1
-2
-3
Q22

Question

Figure 25: Q22: ”How would you rate the video mode in comparison to the text
only mode?”
The bar plot for question 29 in figure 26 presents what the devices the people
would like to use the Conversation Assistant on. Each participant could choose more
than option, with smartphone being the most popular choice. Tablet and laptop are
also popular choices, but PC got zero votes. This shows a clear preference towards
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Smart glasses

Device

Figure 26: Q29: ”On what kind of devices would you like to use an application
like the Conversation Assistant? You may choose several.”
mobile solutions. The last choice, smart glasses, got few people interested but it
seems most people would prefer devices already part of their daily life.

Q27: ”Would you use an application like
the Conversation Assistant in your daily
life?”

Q30: ”Would you be willing to pay for
using the Conversation Assistant? ”

Figure 27: Binary questions Q27 and Q30.
The remaining binary questions ask whether people would use a similar application
in their daily lives or not (Q27) and would they be ready to pay for it (Q30). Plots
for the results are in shown in figure 27. A majority, ten out of twelve, responded in
the affirmative to the use of the application, although some set better accuracy as
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a condition. One mentioned they would like to use the Conversation Assistant for
note taking. Three out of four would also be willing to pay with many emphasising
affordability as a requirement. The appropriate price in euros was asked in questions
31 and 32 for two different pricing models, one-time and monthly payments. The
results are depicted as box plots in figure 28. The answers were free-form, so the
one-time payments had high variation. Some wanted the service to be free or provided
by the government, median answer was 75 euros and the highest answer was 300
euros. Monthly payments had a significantly smaller range, with the highest proposal
being 15 euros and the median was 5 euros. Some of the answers repeated the call for
free service, and one of the participants added they would never accept a monthly fee.
Yet, these numbers show there is demand and commercial potential for a solution
like the Conversation Assistant.
300

15

200

Price in euros

Price in euros

250

150
100

10

5

50
0

0
one-time

monthly

Payment type

Payment type

Q31: ”How much would you be ready to
pay as a single payment for the Conversation Assistant?”

Q32: ”How much would you be ready to
pay as a monthly fee for the Conversation
Assistant?”

Figure 28: Questions regarding the appropriate pricing of the AR Conversation
Assistant system.

5.3

Written feedback

The final questionnaire had three questions, Q24, Q25 and Q28, with written answers
which are summarised here. The question 24 asked what was good about the
Conversation Assistant, which got answers like:
”You can have a discussion with another person
even if you do not hear”,
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”Supports understanding, which reduces the need to ask
the other person to repeat”,
”Video mode”,
”Gives support, my hearing aids help me enough
so the recognition errors matter less”,
”Finnish was clear and inflections were mostly right”,
”This application is something that is really needed”,
”Transcriptions support lip reading and the flow of the conversation”,
”Necessary when the speaker is far away, for example in lectures”,
”Clarity”,
”Speed of recognition almost matched the speaker”.
The question 25 charted the participants ideas for improving the Conversation
Assistant, which resulted in the following ideas:
”Accuracy of the speech recognition”,
”I suspect the application would not be able to recognise people
who speak unclearly”,
”Identifying speakers with different text colours
would make following easier”,
”Recognition accuracy of dialects and slang”,
”The application should be easy to use, preparing microphones and
everything makes use burdensome and stigmatising”,
”Speed, slowness bothers me more than occasional errors”,
”Support for group conversations”.
The question 28 inquired what where the situations the participants would use
application like the Conversation Assistant in. The scenarios mentioned in the
answers included:
”When speaking with mom or other people”,
”Meetings, museums, et cetera”,
”Lectures”,
”At office, noisy restaurants and on days when I am tired
or my tinnitus gets bad”,
”For following live television”,
”At work meetings”,
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”At seminars and lectures”,
”Particularly in group situations”,
”In noisy, Finnish to Finnish or Finnish to English conversations”,
”In places with a lot of background noise”.
The overall message of the written answers can be concluded as the participants
finding the Conversation Assistant helpful, especially as a support and backup. The
biggest flaw in the program for many was the accuracy of the recognition results.
Besides accuracy, support for group conversations was another feature requested in
several responses. Meetings, work and noisy environments were popular use cases, but
it was also interesting to see live TV and situations requiring translation mentioned.

5.4

Discussion on results

The answer these results give to our first research question is that most people liked
the video mode more than the text only mode. Yet, opposite views were expressed as
well. Thus, the best characterisation of the results is to view AR as an improvement
to the functionality of the first Conversation Assistant system. The video mode and
the text only mode complement each other, with both having their own strengths
and weaknesses as well as potential use cases. Moreover, the comments from the test
participants give several ideas for new functionality and use cases. Examples include
machine translation, note taking capabilities and transcribing of live television.
The results also further confirm many findings of the previous Conversation
Assistant system [25]. Most importantly, the Conversation Assistant was validated as
an useful and viable approach to helping the hearing impaired. Likewise, speed of the
recogniser was generally considered good enough. Another finding in common was
having the speech recognition accuracy as the feature most in need of improvement.
Most test participants felt the accuracy was only good enough to give an rough idea
of what was said due to many small errors. And because many could lip read and
used hearing aids, they could often follow the conversation without a problem despite
the background noise.
Ten out of 12 participants would like to use the Conversation Assistant on a
mobile phone. While it is popular and all the participants owned one, it might be a
challenge to fit the speech bubbles together with a face on a small screen. Font size
would have to be small, making legibility of the text a challenge. Additionally, the
screen can fit only small part of the transcription at a time, so visible history stays
small.
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While the results from this sample are positive, it is good to note we had a
positively biased setup. All the participants came because they were interested in
the idea of Conversation Assistant. Furthermore, the questionnaire could have had
few follow-up questions to bring clarity to some of the results. For example, the
question asking the participants about their daily use of ASR leaves unclear, whether
those who answered in the negative have tried ASR applications before and what
they thought of it. Moreover, the question does not define ASR, so there is no
guarantee every participant knew which services would apply as ASR. Additionally,
the hearing impaired could have been asked to estimate how often they followed
the transcriptions. The time spent looking at the transcriptions varied enormously
between individuals, from almost no time at all to all the time.
Many other possible ways of validating the Conversation Assistant exist and were
covered in [25]. These included eye-tracking, rigorous experimental testing with
control groups and user interface testing. Reasons for not attempting these also
remain mostly the same as in [25]. With eye-tracking, we could have objectively
measured how much users spend time looking at the transcriptions versus the speaker.
But as was said in [25], these results alone could not really be used to answer our
research questions, which seek to find out the opinion of the user. Similarly, large
experimental testing with control groups is a poor match for our test objectives,
because it is meant for producing objective and neutral results but the data we seek
is subjective in its nature. The third option, evaluation of the UI could have been
possible, but the UI of the AR Conversation Assistant is still simple for it to be
much of value. And as already noted in [25], majority of the user interaction with
the system is of passive form. However, speech bubbles could be compared to other
ways of representing the transcriptions. For example, subtitles or big text boxes
could be tried as well.
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6

Conclusions

This thesis addressed the process of implementing and evaluating an assistive application for the hearing impaired to use in conversational situations. The proposed
application uses augmented reality to bring together a visual of the speaker and a
machine transcription of their speech, so the information lost by the hearing impaired when switching between two is minimised, a problem identified in previous
work on the system [25]. The main contributions of this work are the AR mobile
application and the validation of the approach by user testing. In addition, the work
explains the setup of a remote and scalable speech recognition server using existing
open-source software to handle the computationally heavy modern automatic speech
recognition difficult for mobile devices. The user tests were organised in a similar way
to the previous work, where one-on-one conversations were simulated in a noisy and
challenging acoustic environment using background noise recordings. The primary
goal of the user tests was to find out whether the hearing impaired users preferred
the AR approach of this work or a text-only version similar to the previous work.
The results show most preferred the AR version because they could continue the
use of lip reading this way. However, some liked the text-only version or could not
choose their favourite. This leads to the conclusion that the best system includes
both versions.
The participants who could lip read were mostly able to rely on it to follow
the conversation, because of the AR view and the simple one-on-one setting. This
combined with the varying accuracy of the recognition results might have caused
the testers not to use the application as much as they could have. The first Conversation Assistant project had similar experiences, which led to a hypothesis that
the Conversation Assistant system would serve many of the hearing impaired better
in situations like meetings, where they could not rely on lip reading as much [25].
Developing support for group conversations was proposed then and still remains a
good candidate for the next iteration of the system. Enabling it would require speaker
diarisation capabilities from the ASR model, which means the ability to denote who
is speaking at any given time. Recognition accuracy is another potential target for
improvement and was requested by many of the participants. Next feasible step to
improve recognition results would be to focus on noise robustness by taking into
account typical noise scenarios in speech recognition using so called multicondition
training.
Another significant problem with both the video-based AR mode and the text
only mode is the lack of direct eye-contact. The problem is particularly pronounced
in conversations including only few people, whereas it is less noticeable in bigger
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meetings since having continuous eye contact with everyone else is impossible. This
supports speaker diarisation as the target of the next system. A direct solution
to the problem would be to use an optical see-through AR device like AR glasses.
While an interesting prospect supported by some of the test participants, devices
filling the requirements for ergonomic and unobtrusive design are not yet widely
available. Moreover, though the availability of OST displays and AR technology are
set to improve in the coming years, AR glasses still remain faraway from being an
everyday item. Widespread adoption is important for providing accessibility, making
mobile AR more attractive in this regard. The same point is also raised in the results,
most of the users wanted to use the Conversation Assistant on a smartphone. As
previously mentioned, fitting the AR mode on a smartphone screen is difficult, so
one future research direction could be to design a new UI solution for smartphones
in particular.
When asked about what would they use the Conversation Assistant for, the test
participants mentioned note taking and machine translation. While the current
Conversation Assistant is designed with the hearing impaired in mind, these two
proposals exemplify how the Conversation Assistant system could develop in a
direction with a more widespread appeal. For instance, including speaker diarisation
in the system would make the Conversation Assistant system a capable note taker and
a logging system for meetings. A third proposed use case was live TV transcriptions.
However, automatic captioning is under active research [134, 135, 136] and is already
being adopted into live broadcasting. For example, YLE, the Finnish national
broadcast company is testing live subtitling using the respeaking technique, where a
trained person repeats the speech on television in a way that improves the accuracy
of the ASR transcription.
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eds.), (Cham), pp. 415–422, Springer International Publishing, 2014.
[96] R. S. Kushalnagar, W. S. Lasecki, and J. P. Bigham, “Captions versus
transcripts for online video content,” in Proceedings of the 10th International
Cross-Disciplinary Conference on Web Accessibility, W4A ’13, (New York, NY,
USA), pp. 32:1–32:4, ACM, 2013.
[97] A. D. Baddeley and G. Hitch, “Working memory,” in Psychology of learning
and motivation, vol. 8, pp. 47–89, Elsevier, 1974.
[98] N. Cowan, “The many faces of working memory and short-term storage,”
Psychonomic Bulletin & Review, vol. 24, pp. 1158–1170, Aug 2017.
[99] M. S. Gazzanica, R. B. Ivry, and G. R. Mangun, Cognitive neuroscience: the
biology of the mind. New York: W. W. Norton & Company, 3rd ed., 2009.
[100] A. Baddeley, “The episodic buffer: a new component of working memory?,”
Trends in Cognitive Sciences, vol. 4, no. 11, pp. 417 – 423, 2000.
[101] A. Baddeley, “Working memory,” Current Biology, vol. 20, no. 4, pp. R136 –
R140, 2010.
[102] A. Baddeley, M. Eysenck, and M. Anderson, Memory. Cognitive Psychologie,
Psychology Press, 2009.
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A

Questionnaire form

This appendix contains screen captures of the full user testing questionnaire form as
viewed in the Google Forms web application.

KESKUSTELUAVUSTIN KÄYTTÄJÄKOE 2
Taustatiedot. Taustatietoja käytetään ainoastaan tulosten arvioimisessa ja tilastoinnissa. Täytä vain
yksi osio (section) kyselystä kerrallaan.
*Pakollinen

1. Nimi *
Oma vastauksesi

2. Sähköposti *
Oma vastauksesi

3. Ikä *
Oma vastauksesi

4. Omistatko älypuhelimen? *
Kyllä
En

5. Omistatko tablettitietokoneen? *
Kyllä
En
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6. Käytätkö jotain apuvälinettä kuulemiseen? *
Kyllä
Ei

Jos vastasit kyllä edelliseen kysymykseen, niin kertoisitko
tarkemmin mitä? (Esimerkiksi "kuulokoje vasemmassa
korvassa".)
Oma vastauksesi

7. Käytätkö arkielämässäsi jotain automaattiseen
puheentunnistukseen perustuvaa sovellusta tai palvelua? *
Kyllä
En

Jos vastasit kyllä edelliseen kysymykseen, kertoisitko tarkemmin
mitä sovelluksia ja palveluita? Voit myös kuvailla käyttöäsi:
kuinka usein käytät sovellusta ja missä tilanteissa?
Oma vastauksesi

SEURAAVA
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KESKUSTELUAVUSTIN - KÄYTTÄJÄKOE 2
*Pakollinen

Osio 1: Sananselitys
Tämä sivu täytetään osion yksi suorittamisen jälkeen. Arvioi Keskusteluavustinta esitettyjen kysymyksien
perusteella. Voit myös lisätä halutessasi sanallisia kommentteja jokaisen numeerisen kysymyksen
tekstikenttään.

1. Auttoiko Keskusteluavustin ymmärtämään puhetta? *
1

2

3

4

5

6

7

Ei ollenkaan

Todella paljon

Lisää halutessasi kommentteja tähän
Oma vastauksesi

2. Oliko Keskusteluavustimen seuraaminen sujuvaa tekstitilassa? *
1

2

3

4

5

6

7

Ei sujuvaa

Todella sujuvaa

Lisää halutessasi kommentteja tähän
Oma vastauksesi

3. Oliko Keskusteluavustimen seuraaminen sujuvaa videotilassa? *
1
Ei sujuvaa

2

3

4

5

6

7
Todella sujuvaa
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Lisää halutessasi kommentteja tähän
Oma vastauksesi

4. Toimiko puheentunnistus riittävän nopeasti? *
1

2

3

4

5

6

7

Liian hidas

Riittävän nopea

Lisää halutessasi kommentteja tähän
Oma vastauksesi

5. Tunnistuiko puhe riittävän hyvin? (puhe tunnistui oikein) *
1

2

3

4

5

6

7

Käyttökelvoton

Riittävän hyvä

Lisää halutessasi kommentteja tähän
Oma vastauksesi

6. Kumpi käyttötila oli mielestäsi parempi? *
Videotila (videokuva)
Tekstitila (ei kuvaa)

Perustelisitko vastauksesi kysymykseen 6: *
Oma vastauksesi
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KESKUSTELUAVUSTIN - KÄYTTÄJÄKOE 2
*Pakollinen

Osio 2: Keskustelu
Tämä sivu täytetään osion kaksi suorittamisen jälkeen. Arvioi Keskusteluavustinta esitettyjen kysymyksien
perusteella. Voit myös lisätä halutessasi sanallisia kommentteja jokaisen numeerisen kysymyksen
tekstikenttään.

1. Auttoiko Keskusteluavustin ymmärtämään puhetta? *
1

2

3

4

5

6

7

Ei ollenkaan

Todella paljon

Lisää halutessasi kommentteja tähän
Oma vastauksesi

2. Oliko Keskusteluavustimen seuraaminen sujuvaa tekstitilassa? *
1

2

3

4

5

6

7

Ei sujuvaa

Todella sujuvaa

Lisää halutessasi kommentteja tähän
Oma vastauksesi

3. Oliko Keskusteluavustimen seuraaminen sujuvaa videotilassa? *
1
Ei sujuvaa

2

3

4

5

6

7
Todella sujuvaa
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Lisää halutessasi kommentteja tähän
Oma vastauksesi

4. Toimiko puheentunnistus riittävän nopeasti? *
1

2

3

4

5

6

7

Liian hidas

Riittävän nopea

Lisää halutessasi kommentteja tähän
Oma vastauksesi

5. Tunnistuiko puhe riittävän hyvin? (puhe tunnistui oikein) *
1

2

3

4

5

6

7

Käyttökelvoton

Riittävän hyvä

Lisää halutessasi kommentteja tähän
Oma vastauksesi

6. Kumpi käyttötila oli mielestäsi parempi? *
Videotila (videokuva)
Tekstitila (ei kuvaa)

Perustelisitko vastauksesi kysymykseen 6: *
Oma vastauksesi
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KESKUSTELUAVUSTIN KÄYTTÄJÄKOE 2
*Pakollinen

Loppukysely
Vastaa esitettyihin kysymyksiin koko koetilaisuuden kokemuksien perusteella.

1. Onko Keskusteluavustin mielestäsi hyödyllinen ja
käyttökelpoinen apuväline? *
1

2

3

4

5

6

Ei ollenkaan

Perustelisitko vastauksesi kysymykseen 1: *
Oma vastauksesi

2. Kumpi käyttötila oli sinulle mieluisampi? *
Videotila (videokuva ja teksti)
Tekstitila (pelkkä teksti)

Perustelisitko vastauksesi kysymykseen 2: *
Oma vastauksesi

7
Todella
hyödyllinen
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3. Miten arvioisit videotilaa suhteessa tekstitilaan? *
+3 paljon parempi (videotila parempi)
+2 jokseenkin parempi
+1 vähän parempi
0 yhtä hyvä
-1 vähän huonompi
-2 jokseenkin huonompi
-3 paljon huonompi (tekstitila parempi)

Lisää halutessasi kommentteja tähän
Oma vastauksesi

4. Kuinka paljon käytät huuliltalukemista kommunikoinnin
tukena? *
1

2

3

4

5

6

En ollenkaan

Lisää halutessasi kommentteja tähän
Oma vastauksesi

5. Mikä Keskusteluavustimessa oli hyvää? *
Oma vastauksesi

6. Mitä Keskusteluavustimessa pitäisi kehittää? *
Oma vastauksesi

7
Todella paljon
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7. Kumpi näistä vaihtoehdoista olisi mielestäsi parempi? *
Teksti tulee todella nopeasti (alle sekunnissa), mutta sisältää jonkin verran
virheitä
Teksti tulee hitaammin (muutamia sekunteja), mutta sisältää vähemmän
virheitä

Lisää halutessasi kommentteja tähän
Oma vastauksesi

8. Käyttäisitkö arkielämässäsi Keskusteluavustimen tapaista
sovellusta? *
Kyllä
En

Lisää halutessasi kommentteja tähän
Oma vastauksesi

9. Missä tilanteissa erityisesti käyttäisit Keskusteluavustinta?
Oma vastauksesi

10. Millä laitteilla haluaisit käyttää Keskusteluavustimen kaltaista
sovellusta? *
Älypuhelin
Tabletti
Kannettava tietokone
Pöytätietokone
Älylasit
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Lisää halutessasi kommentteja tähän
Oma vastauksesi

11. Olisitko valmis maksamaan Keskusteluavustimen käytöstä? *
Kyllä
En

Lisää halutessasi kommentteja tähän
Oma vastauksesi

12. Montako euroa olisit valmis maksamaan Keskusteluavustin sovelluksesta kertaostoksena?
Oma vastauksesi

13. Montako euroa olisit valmis maksamaan Keskusteluavustin sovelluksesta jatkuvana kuukausimaksuna?
Oma vastauksesi

Kirjoita haluessasi tähän vielä yleistä palautetta
Keskusteluavustimesta ja/tai käyttäjäkokeesta.
Oma vastauksesi
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B

Questionnaire answers

7

7

6

6

5

5

Rating

Rating

Raw data for questions with scales from 1 to 7 or from -3 to +3. The question
numberings refer to the questionnaire table 2. Each P on the x-axis refers to one of
the test participants and y-axis denotes the answer scale.
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Test participant

Test participant
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