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The use of head mounted displays (HMDs) provides users many advantages com-
pared to traditional computer workstations or mobile devices. This is especially
true in situations that require hands-free access to information. In order to pro-
vide users hands-free use of the device, voice command is needed. This thesis
studies whether, for Finnish-speaking users, on a real-life HMD, voice command
in Finnish performs better than English voice command. In addition, the con-
cepts and technology behind Finnish voice command in head mounted display
devices are presented in a manner that is needed to understand the big picture.

Two tests were conducted to study the appeal, user experience and performance
of Finnish voice command on an HMD. The results showed that the participants
were interested in and impressed with the voice command on this particular de-
vice. When comparing performance of Finnish and English voice command on
Finnish-speaking users, using Finnish clearly outperformed English voice com-
mand. The results also showed that using long command phrases provided better
recognition results than using short phrases. The command error rates for differ-
ent command phrases in both languages and in three different background noise
scenarios were measured and calculated. For these participants, using Finnish
resulted in a lower command error rate in all tested comparisons.
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Puettavien näyttöjen käyttö mahdollistaa käyttäjilleen monia etuja perinteisiin
tietokonetyöasemiin tai kannettaviin laitteisiin verrattuna. Tämä pätee erityi-
sesti tilanteissa, joissa vaaditaan kädet vapaiksi ja pääsyä ulkoiseen tietoon.
Käsivapaata käyttöä voidaan tarjota hyödyntämällä puheohjausta. Tämä diplo-
mityö tutkii, suoriutuuko suomenkielinen puheohjaus peuattavissa näytöissä suo-
menkielisillä käyttäjillä paremmin kuin englanninkielinen. Lisäksi vaadittava tek-
nologia puettavien näyttöjen suomenkielisen puheohjauksen takana esitetään ta-
valla, joka vaaditaan yleiskuvan ymmärtämiseen.

Puettavan näytön suomenkielisen puheohjauksen käyttäjäkokemuksen ja tun-
nistustason tutkimiseksi suoritettiin kaksi testiä. Tulokset osoittivat, että osal-
listujat olivat kiinnostuneita ja vakuuttuneita tutkitun laitteen puheohjauk-
sesta. Suomen- ja englanninkielistä puheohjausta vertailtaessa suomenkielisillä
käyttäjillä tulokset näyttivät suomenkielisen puheohjauksen suoriutuneen pa-
remmin englanninkieliseen verrattuna. Tulokset osoittivat myös pitkien komento-
jen tunnistuksen onnistuvan paremmin kuin lyhyiden. Puhekomentojen tunnis-
tusvirhetaso mitattiin ja laskettiin eri komennoille molemmilla kielillä kolmelle
eri taustamelulle. Suomenkielisille käyttäjille suomenkielinen puheohjaus tuotti
vähemmän tunnistusvirheitä kuin englanninkielinen kaikissa testatuissa tilanteis-
sa.

Asiasanat: puheohjaus, puheentunnistus, puhekäyttöliittymä, multimo-
daalinen käyttöliittymä, puettava näyttö
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Abbreviations and Acronyms

AM Acoustic model
AR Augmented reality
ASR Automatic speech recognition
CER Command error rate
dB Decibel, unit for sound power level
FFT Fast Fourier transform
GMM Gaussian mixture model
GUI Graphical user interface
HMD Head mounted display
HMM Hidden Markov model
HUD Head-up display
LM Language model
LVCSR Large vocabulary continuous speech recognition
MFCC Mel-frequency cepstral coefficient
OOV Out-of-vocabulary
PC Personal computer
PIN Personal identification number
pp Percentage point
RTF Real-time factor
VUI Voice user interface
VR Virtual reality
WER Word error rate
WOZ Wizard of Oz, user interface testing method
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Chapter 1

Introduction

Head mounted display (HMD) devices enable users to view information in a
unique, new way. These devices have many advantages when compared to
traditional computer workstations or mobile devices. HMDs are especially
convenient and helpful in tasks that require hands-free and eyes-free access
to a computational device. While traditionally used in military and medical
applications as well as in aviation, the interest in applying the use of HMDs in
industrial and personal environments has lately emerged. The head-mounted
screen and head tracking of the HMD enable users to take advantage of
situational and position-based information with the help of augmented reality
applications.

The hands-free capability of the HMD is gained with the use of voice
command as operational means of the device. In order to create an effi-
cient and pleasant user experience, the designer of the user interface in these
hands-free applications must understand the special requirements of a voice
user interface and a multi-modal user interface. Furthermore, the technical
principles and limitations of the voice command system and its automatic
speech recognition (ASR) system must be understood. This is crucial to be
able to fine-tune the interface and the whole device to work in a manner that
improves efficiency and provides the desired user experience.

In order to understand what is needed to design a speech recognizer that
is reliable and efficient, the designer needs to understand not only the tech-
nology required to build an ASR system but the use context and the nature
of the target language as well. In terms of speech recognition, different lan-
guages behave differently according to rules based on how much analytic or
synthetic features they have. Finnish is a highly synthetic language and this
makes recognizing it different from the more analytical English. In addition
to its synthetic nature, Finnish speakers are accustomed to the conversational
conditions dominant in Finnish culture. Understanding all of this is impor-
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CHAPTER 1. INTRODUCTION 9

tant when designing real-life use for a head mounted display with Finnish
voice command.

The aim of this thesis is to compile information about Finnish voice com-
mand in head mounted display devices to gain understanding of the different
aspects required for real-life use. The performance of Finnish voice command
in Fujitsu IOT001 Head Mounted Display is tested along with user testing
to gain insight on the user experience of using voice command in a head
mounted display. The goal is to find whether, for native Finnish-speaking
users, the use of Finnish voice command is more reliable and provides a more
pleasant user experience when compared to English voice command.

Automatic speech recognition is the core of any voice command system.
Chapter 2 presents an overview of a typical ASR system. The concepts of
feature extraction, acoustic model, language model, lexicon, and decoder are
explained. In addition, the most common evaluation methods of an ASR
system are introduced.

Chapter 3 presents an overview of the complete voice command system
around the speech recognizer. The concepts of endpointing, feature extrac-
tion, recognition, natural language understanding, and application control
are explained. In addition, some basic methods for handling noise in voice
command systems are introduced. These systems require a way to interact
with users. To enable pleasant and efficient user interaction, the chapter
presents guidelines for voice user interface design. Finally, different methods
for testing a voice command system are presented.

Chapter 4 studies the special requirements of automatic speech recogni-
tion and voice command in Finnish. The concept of analytic and synthetic
languages is introduced. The differences between these two type of languages
are then examined. Furthermore, the differences between voice command in
Finnish and English are presented. Finally, the concept of multilingual speech
recognition systems is introduced briefly.

Chapter 5 introduces the concept of a multi-modal user interface. A
multi-modal interface is often used in devices such as head mounted dis-
plays where the input and output methods are limited. A multi-modal user
interface uses more than one modality in accepting inputs and presenting in-
formation to the user. The technical structure of the head mounted display
is presented alongside guidelines for successful multi-modal interface design.

Chapter 6 presents the two real-life tests conducted with a head mounted
display. User testing using Finnish voice command in this HMD was con-
ducted to find out how users experienced the voice command in this particular
device. In addition, a voice command performance test was conducted us-
ing the same HMD. Command recognition error rates for different command
phrases in Finnish and English, and in different background noise scenarios
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were recorded. The results indicated that for native Finnish-speaking users,
Finnish voice command outperformed English voice command. Also, the
recognition error rates for short command phrases were higher than for long
command phrases. The setups, evaluation methods and results of these two
tests are presented in detail in Chapter 6. Chapter 7 then presents discussion
on these results. The conclusions can be found in Chapter 8.



Chapter 2

Speech Recognition

Automatic speech recognition (ASR) is an essential part of any voice com-
mand system. Without speech recognition, the speech input given by the
user cannot be converted into meaningful commands for the application. In
its core, ASR is a statistical optimization problem of finding the most proba-
ble word sequence corresponding to an acoustic speech input signal. In terms
of probabilistic mathematics, this problem can be defined [1] as

Ŵ = argmax
W

P (W |O), (2.1)

where Ŵ is the most probable sequence of words based on the observations
O. According to the Bayesian law, the maximization clause can be written
as

Ŵ = argmax
W

P (W |O)

= argmax
W

P (W )P (O|W )

P (O)

= argmax
W

P (W )P (O|W ),

(2.2)

where P (W ) and P (O|W ) are obtained from the ASR process as explained
in Section 2.1.

This chapter explains the main functionalities behind a typical ASR sys-
tem. In practice, there are of course many different types of speech recogniz-
ers designed for different purposes. These include speaker-independent, gen-
eral purpose recognizers as well as speaker-dependent ones that can achieve
better performance but require additional training [2]. In addition, the size
of the vocabulary used in ASR systems can vary quite a lot. In simple voice
command systems, the grammar is typically limited and quite small [3, 4].

11



CHAPTER 2. SPEECH RECOGNITION 12

However, some of the more recent applications that allow more natural sen-
tences as input operate based on the large vocabulary continuous speech
recognition (LVCSR) principles [5].

These differences can affect the structure of the different modules of the
ASR system and how the parameters are optimized. While an in-depth
examination of the differences between different ASR variations is outside
the scope of this thesis, the basic concept behind a typical speech recognizer
is explained.

2.1 Speech Recognizer Framework

Automatic speech recognition systems (as seen in Figure 2.1) typically con-
sist of an acoustic model (AM), a language model (LM) and a decoder [1].
The acoustic model and the language model are statistical models that pro-
duce probabilities form the properties of the speech to be recognized. These
probabilities are then utilized by the decoder to make a decision on the final
recognized transcription.

Speech	  

Feature	  Extrac.on	  

Language	  
Model	  

Acous.c	  
Model	  

Lexicon	  

Decoder	  

Figure 2.1: The structure of a typical ASR system.
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Before the acoustic speech signal can be handled by the acoustic and
language models, essential features of the speech must be extracted. This
process of feature extraction reduces noise, variation in speech, and other
unwanted properties from the acoustic input signal leaving the important
properties as feature vectors for the recognizer [1].

The acoustic model uses the feature vectors from the feature extraction
process and a lexicon to convert the acoustic features into speech recognition
units used by the language model [1]. The lexicon is a pronunciation dictio-
nary that instructs how phonemes—spoken speech units—can be transcribed
into graphemes—written letters. The language model and the decoder then
provide probabilities of the most likely word sequences based on the used
grammar. The different parts and functions of an automatic speech recog-
nizer are explained in more detail in the following sections.

In a probabilistic sense, the language model provides the probabilities
P (W ) and the acoustic model the probabilities P (O|W ) needed in the op-
timization task defined in Equation 2.2 [1]. The observations O are gained
as a sequence of feature vectors from the feature extraction process. The
decoder then utilizes these probabilities in the maximization process to find
the most likely word sequence corresponding to the given speech input.

2.2 Feature Extraction

A speech recognition system uses a speech signal as input. However, the
acoustic input signals always have some variation even if two similar utter-
ances are spoken by the same speaker. In addition to the intended speech,
the input may contain noise or other environmental factors. These factors
are unnecessary—even harmful—to the speech recognition process. Thus,
the unnecessary features in the input signal have to be minimized while the
important ones have to be retained.

This process of extracting the essential features from the acoustic input
signal is called feature extraction [1]. Feature extraction identifies the relevant
features of speech and stores them into a series of feature vectors. A feature
vector is essentially a list—a vector—of numbers representing measurable
characteristics of the speech input that are useful to recognition [3]. These
vectors include just enough information for the acoustic model to discriminate
every two possible phonemes [4]. Using feature vectors instead of the raw
acoustic input signal makes the recognition task faster and easier for the
recognizer.

Processing of the speech signal is usually performed in the frequency do-
main [1]. This representation is chosen because the frequency components
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correlate less with each other than the ones in the time domain. In addition,
each frequency component can be modeled and processed independently. In
a speech signal, different phonemes have different characteristics. Vowels in
particular have several distinct spectral peaks that are called formants. The
differences between each individual sound can be detected from a spectro-
gram even by the human eye (as seen in Figure 2.2).

Figure 2.2: A spectrogram of the Finnish word ”taksi” (a taxi). The oc-
currences of each phoneme are marked underneath the spectrogram. The
different frequency characteristics of different phonemes can be seen even by
the human eye.

In feature extraction, the input audio signal is divided into subsequent
segments from which fixed-sized feature vectors are then computed. The
segments—or frames—should not be too long for the phonetic information
should not change during the window. However, the frames cannot be too
short either because a certain amount of samples is needed to calculate a
precise enough spectrum. Thus, the frames typically used in feature extrac-
tion are overlapping 25 ms long Hamming windows taken every 10 ms [1].
These frames are then converted into the frequency domain using fast Fourier
transform (FFT).

Producing feature vectors from the speech frames can be done in multiple
ways. Early feature extraction methods were based on linear prediction. In
these methods, linear predictor coefficients characterize the frequency con-
tent of the signal. However, features based on cepstral representation have
proven to be more suitable for speech recognition. Perhaps the most popu-
lar feature extraction method using cepstral representation is mel-frequency
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cepstrum coefficients (MFCCs) [1]. This method utilizes a set of bandpass
filters applied in the energy spectrum that are equally spaced along the mel
scale. The mel scale is based on the auditory response of the ear, imitating
the features of human hearing. This gives more emphasis to low frequen-
cies—which is important for understanding speech—while frequencies with
unimportant information are suppressed.

2.3 Acoustic Model

The acoustic model of an automatic speech recognition system outputs the
probability distribution of the speech units corresponding to the inputted
utterance [4]. These units are based on the acoustical properties of the input
signal. Using words as speech units can be suitable for systems with a small
vocabulary size, but for continuous speech recognition, this is not feasible.
The most basic possible speech unit is called a phone which is the smallest
unit of speech that can be distinguished as an individual sound. Phones that
can be interpreted having the same meaning are called allophones that are
specified under the same phoneme.

Phonemes can differ between different languages. For example, the En-
glish language has 44 [1] phonemes while Finnish only has 24 [4]. In addition
to this, phonemes can vary within a certain language depending on the con-
text in which they appear. This can result in unsatisfactory recognition
performance making the use of phonemes as speech units in the AM trouble-
some.

An alternative to phonemes as speech units is to use larger sub-word units
such as diphones or syllables. A popular choice for a sub-word unit to be
used in the AM is a triphone [1]. A triphone is a phoneme trained from a
set of three: the phoneme in question, the one that is preceding it, and the
one following it. For example, the triphone c - a + r is the phoneme a
preceded by the phoneme c and followed by the phoneme r . As a result of
this, a language with N phonemes has N3 potential triphones. This number
can be decreased by combining similar triphones and removing the ones that
do not exist in the language. Using triphones as units in the AM introduces
the problem of lexical decoding which is addressed in Section 2.5.

The speech units used in the AM—e.g. words or triphones—are modeled
with a statistical model [1]. Due to the variation in human speech, no two
utterances are never identical. Thus, a single fixed model for a speech unit
is not feasible. Instead, speech sounds can be modeled with a probability
distribution that takes the variation of human speech into account.

Typically, statistical acoustic models are based on Hidden Markov models
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(HMMs) [1]. Using HMMs in the AM is suitable since they are flexible,
reasonably fast and well-performing. HMMs can be used in small and fast
systems as well as in highly complex ones.

Speech can be seen as a time-varying discrete Markov process with each
time instance described as a state in a defined state space s1, s2, ..., sN,
where N is the number of possible states [1]. The state of a Markov process
can change over time or remain the same for multiple time instances. A state
changes from i to j according to the transition probability aij. Each HMM
represents a speech unit that has been chosen for the ASR system, e.g. a
triphone.

When observing a Markov process, the states themselves cannot be seen
from outside [1]. Instead, they are hidden, hence the hidden Markov model
is used. In an HMM (as seen in Figure 2.3), each state has a conditional
distribution of observations called an emission distribution bi. If a triphone
is used as a speech unit, the triphone in question can be recognized by com-
paring the emission distribution to its features. In a typical ASR system,
triphones are modelled with three-state HMMs. In this type of a system, the
number of possible triphones can reach thousands. Thus, a model with the
ability to express highly complex probability distributions is needed.

s2	  s1	   s3	  

b1	   b2	   b3	  

a11	  
a12	  

a22	  
a23	  

a33	  

Figure 2.3: An example of a three-state hidden Markov model including
states si, transition probabilities aij, and emission distributions bi

One popular model used to express these emission distributions is the
Gaussian mixture model (GMM) [1]. With a GMM (as seen in Figure 2.4), a
probability density function can be represented by a weighted sum of Gaus-
sian distribution components. The advantage of GMMs, compared to other
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density function models, is the ability to represent any distribution with de-
sired accuracy given enough components. The number of these components
depend on the complexity of the training data. If the data is complex, a
more complex distribution is also needed. Thus, the adequate modeling of
this complex data requires more components in the GMM.

Figure 2.4: An example of a Gaussian mixture model with two Gaussian
distribution components. On the left side, the components are presented
separately and on the right side is the equally weighted sum of the two.

The Gaussian mixture model for each state j is defined [1] as

bj(x) =
M∑
k=1

cjkN(x,µjk,Σjk), (2.3)

where M is the number of Gaussian components, x is the feature vector, and
cjk is the weight of the component. The weights need to satisfy the condition∑M

k=1 cjk = 1. The Gaussian distribution N(x,µjk,Σjk) is defined as

N(x,µjk,Σjk) =
1

Σk

√
2π

exp−(x− µk)2

2Σ2
k

, (2.4)

where µ is the mean vector and Σ is the covariance matrix.

2.4 Language Model

Every language is different; not only do the phonemes and vocabulary differ
but the grammar as well. For this reason, a speech recognition system needs
information about the target language and its rules. This information is
provided by a language model, which limits the recognizer output to only
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those sentences that are allowed by it. The LM should be set to reflect the
specific lingo or jargon used in the task the ASR is meant to do [4]. Even a
human who has no experience or knowledge of the context can have problems
transcribing task specific lingo.

The objective of the language model is to find the most likely possible
word sequences [4]. It defines the prior probabilities of those sequences cor-
responding to the speech input. What sequences are allowed depends on
the grammar that has been chosen for the ASR. Rigid grammar and lim-
ited, small-sized vocabulary can usually be found on spoken dialog systems.
Large vocabulary continuous speech recognizers, instead, use statistical lan-
guage models that are estimated from a large text corpus.

Applications that demand more natural, free-flowing speech recognition
require more advanced language models. Today, the most prominent models
are based on n-grams [4]. An n-gram is a subsequence of n basic vocabulary
units, wk−n+1...wk, from a given sequence W =

{
wi

}
. Words can be used

as basic units for analytic languages—such as English—where words tend to
appear in their basic form. However, in languages like Finnish, where words
can be combined as compound words or conjugated with prefixes and suf-
fixes, the amount of individual words can be enormous. When the amount
of accepted words in an ASR system is increased, the computational require-
ments of searching for the right combination grow exponentially. Thus, an
alternative vocabulary unit can be used if the recognition aims to be efficient.

For these morphologically rich languages, language models are typically
based on morphs [4]. A morph is defined as a component of a word that
cannot be broken into smaller parts without loosing all its semantic meaning.
The concepts that morphs represent are called morphemes. For example
the word ”unbelievable” can be broken into three morphemes: the prefix
”un” inverts the meaning of the word, ”believ(e)” is the stem and gives the
word its basic meaning, and the suffix ”able” is added to the base word to
modify the meaning. Morph-based LMs are typically used in voice interfaces
and applications that require large vocabulary continuous speech recognition.
The differences between speech recognition in Finnish and in English are
explained more in Chapter 4

2.5 Lexicon

For the language model to be able to identify the most likely vocabulary
units—e.g. morphs or words—from the speech units—e.g. triphones or
phonemes—provided by the acoustic model, it needs information on how
the the two units are related. This function is performed by the lexicon,
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which acts as a pronunciation dictionary [1]. If morphs and triphones are
chosen to be used as units in the ASR system, the lexicon describes how each
morph is formed in terms of triphones. This way the recognizer can connect
the triphones from the AM to the morphs in the LM.

The lexicon is formed from the most common words in the corpora. When
a word is used as the speech unit, ASR systems operating in English typically
have a lexicon of 20 000 to 60 000 words [6]. All possible words in the language
cannot be included in the lexicon because the search space for most likely
word sequences would grow too large. That would not be feasible if the
recognition was meant to happen in real-time or in any practical length of
time.

However, the ASR system is not able to recognize any words that are
not found in the lexicon. These out-of-vocabulary (OOV) words are either
missed or replaced by a wrong word [1]. In voice command systems, this
leads to unintended function of the controlled application. In n-gram-based
systems, OOV words affect the nearby words as well because n-grams aim to
compose sensible sentences. Thus, it is important that the corpora and the
lexicon derived from it represent the actual language and lingo of the target
users.

Differences between lexicons in English and Finnish are explained more
in Section 4.2 of Chapter 4.

2.6 Decoder

The actual recognition happens in the decoder. It combines the probabilities
provided by the acoustic and language models to find the most likely word
sequence [1]. In addition, the decoder is responsible for keeping the search of
that sequence efficient. These two properties are the most important tasks of
a decoder. One of them is usually more essential than the other depending
on the nature of the chosen recognition system.

In simple voice command systems, the decoding process is fairly simple
due to the rigid grammar and limited vocabulary. If the ASR system were to
use only the probabilities gained from the feature extraction and the acous-
tic model, the decoder would simply select a sequence of the most likely
phonemes. However, these sequences could actually not make any sense in
terms of the target language. With a pronunciation dictionary introduced,
these sequences become words included in the lexicon.

Again, these word sequences might not make any sense in the target
language or to the application processing the speech input. Only after the
probabilities gained from the language model are introduced, can the decoder
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identify the most likely meaningful word sequence. In simple voice command
systems the LM simply limits the most likely commands or command se-
quences to the ones defined in the command list or rigid grammar. However,
in systems that require large vocabulary continuous speech recognition, the
role of the language model is more complex. In these cases, the decoder
must find the most likely word sequence based on the statistical probabilities
provided by the LM. The recognizer calculates a confidence level for the best
possible outcomes based on which it makes the final recognition decision [7].
If the confidence level of the best possible alternatives are low and close to
each other, the ASR system can be set to return an error instead of a word
sequence.

Because the recognition process needs to be efficient for usage in real-
time applications, a ”brute-force” method, where all possible outcomes are
processed in order to find the most likely one, is not feasible [4]. In these
cases, more advanced search techniques are used. These techniques include
token passing, efficient decoding with context-dependent phoneme models,
language model look-ahead, and weighted finite-state transducers. However,
the study of these more advanced decoding techniques is outside of the scope
of this thesis.

2.7 Evaluation of ASR Systems

Evaluation of an ASR system is important when information about its perfor-
mance is needed. This is especially crucial when a certain type of recognizer
is chosen for a specific task. Typically, qualities such as accuracy, speed and
computational requirements are evaluated.

Word error rate (WER) is a common metric used in evaluation of speech
recognition systems. This metric uses the number of editing operations—i.e.
substitutions, deletions or insertions—in relation to the total number of
words to describe how accurately the ASR system is performing. WER is
defined [6] as

WER(%) =
SW +DW + IW

NW

· 100%, (2.5)

where SW is the minimum number of word substitutions, DW deletions, and
IW insertations needed to correct the result.

In voice command systems, an incorrect output results in an incorrect
command. Thus, WER cannot be used as an evaluation method, since it
only matters, if the command is recognized correctly in its entirety. A new
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evaluation criteria, command error rate (CER) is introduced [4] as

CER(%) =
EC

NC

· 100%, (2.6)

where EC is the number of erroneously recognized command phrases and
NC the total number of command phrase utterances. This metric implicates
the percentage of failed recognition attempts. Moreover, the percentage of
correctly recognized commands can be calculated as 100%− CER(%).

Word and command error rates are metrics of accuracy and do not in-
herently reveal anything from the speed of the recognition process. To find
out the capabilities of the ASR system to perform in real-time, the metric
real-time factor (RTF) is introduced [8] as

RTF =
tP
tI
, (2.7)

where tP is the time it takes to process an input of duration tI . If RTF <
1, it takes less time to process the input than it takes to utter it. Thus,
the ASR system is capable of real-time recognition. However, if RTF is
significantly greater than 1, it typically implicates that real-time recognition
is not feasible.



Chapter 3

Voice Command

When an application or a device is controlled using human voice—typically
speech—it can be said to have voice command capabilities. These voice
command systems are interacted via a voice user interface (VUI). While
speech interfaces present unique challenges in the development phase, when
properly designed, they deliver great advantages, especially for ubiquitous
systems such as wearable devices.

This chapter presents an overview of a typical voice command system
and its unique elements. Designing for real-life use necessitates the consider-
ation of background noise. This chapter briefly addresses common methods
for handling noise in voice command. In addition, general guidelines for
designing and testing voice user interfaces are presented.

3.1 Voice Command System Overview

A device or an application that can be interacted with using speech is consid-
ered to be a voice command system. These voice command systems are used
via a voice user interface or a multi-modal interface where the main modality
is auditory. Thus, the main method of interaction happens through speech
input and auditory output. This section presents an overview for a typical
voice command system.

In order for the application to understand what the user intends it to do,
several functions are needed to translate the speech input into action. Typ-
ically, the architecture of a voice command system consists of endpointing,
feature extraction, recognition, natural language understanding and applica-
tion control [3]. The architecture of a typical voice command system is
presented in Figure 3.1. Feature extraction and recognition are addressed in
more detail in Chapter 2. The rest of these functions are presented here.

22
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Figure 3.1: The architecture of a typical voice command system.

For the system to know when to start and stop listening to the user,
endpointing is needed [3]. At the endpointing phase, the voice command
system detects the beginning and the end of the input speech utterance.
It then packages the input waveform—containing only the intended voice
command utterance—and sends it to the next module for feature extraction.

Feature extraction takes the endpointed speech signal as input and ex-
tracts the essential features from it [3]. These features are stored into lists
of values representing measurable characteristics of speech that are useful
for recognition. These lists output by feature extraction are called feature
vectors. Feature extraction is addressed in more detail in Section 2.2.

After extracting the essential features of an input, the actual recognition
can take place. The recognizer uses the sequence of feature vectors from
feature extraction and determines what words were spoken by the user [3].
Speech recognition is a complex task and it is addressed extensively in Chap-
ter 2.

As a result of the recognition phase, the voice command system now
knows the string of words that was spoken. However, it does not yet un-
derstand the intention behind these words. In order to perform the desired
action, the voice command system must understand the semantic meaning
attached to the input string of words [3]. Semantic information can be han-
dled differently depending on the nature of the voice command grammar.
The simplest solution is to attach one single function or value to a specific
command word sequence. This sequence can be fixed or have some variation
with the core of the command remaining the same. This type of solution
is usually used in systems with a fixed grammar. In a fixed grammar ap-
plication, the semantic information can be defined by hand when writing
the grammar. Alternatively, the voice command system can search the in-
put string for key words with semantic information attached to them. This
information can be linked manually to key words or acquired statistically
from training data that includes word sequences with transcribed semantic
data attached to them. This type of approach is appropriate for a system
where the input commands are not fixed but can be controlled with natural
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language.
Finally, after acquiring the semantic information tied to the speech input,

the voice command system can perform the appropriate actions. The actual
functions that the user intended are performed in the application control
phase.

3.2 Noise-Robust Voice Command

When considering voice command on a ubiquitous device such as a head
mounted display, the effects of the environment must be taken into account.
For voice command to work reliably—especially in an industrial environ-
ment—the speech recognition has to be noise-robust. In other words, the
device must be able to understand the spoken commands even if there is
notable background noise present.

If not handled appropriately, the presence of noise leads to a significant
decrease in recognition performance [9]. Not only is real-life noise often
unpredictable, but it also introduces other effects that make recognition
challenging. In noisy environments, people tend to change their articula-
tion—this is called the Lombard effect [10]. Typically, introducing noise to
the speech input signal causes a mismatch between the training data and the
actual user input data [9]. This mismatch causes the recognizer to perform
poorly compared to situations with no background noise.

One obvious solution to deal with the mismatch of the training data and
the operational data would be to train the ASR with noisy speech data [9].
However, it is difficult to estimate the exact characteristics of the background
noises in different environments. In addition, training the recognizer sepa-
rately for every possible type of noise would be computationally costly and
time-consuming. Thus, several techniques and algorithms have been devel-
oped to handle noise in voice command. While an in-depth study of these
techniques is outside the scope of this thesis, the most common methods are
briefly introduced here.

Different techniques for handling noise in speech recognition can be di-
vided into two groups. The methods in the first group are based on signal
processing while the ones in the second group are based on HMM model
adaptation. The first group includes methods that aim to perform the fea-
ture extraction in such a way that the feature vectors are not affected by
noise. This type of approach is called speech enhancement [9]. An alterna-
tive approach to achieve the same effect is to search for and extract noise
resistant features. Ideally, this approach would output the same feature vec-
tors for speech inputs with and without noise.
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Common speech enhancement methods include the following techniques
[9]. One of the earliest methods of handling noise in feature extraction is
spectral subtraction [11]. It is a computationally efficient, simple to imple-
ment method that uses an additive noise model. This type of noise model
assumes that the background noise and speech are independent. The spec-
tral subtraction method requires stationary or slowly varying noise as back-
ground noise. Another similar technique is the minimum mean square error
short time spectral amplitude estimation method [12]. This technique aims
to estimate the amplitude of the clean speech signal in noisy speech data.
Parameter mapping aims to map noisy speech observations to clean speech
vectors with a transformation from noisy speech to noiseless [13]. RASTA
processing is a noise resistant feature extraction method that is based on ba-
sic characteristics of the human vocal tract and the human perception [14].
The aim is to suppress those spectral components that change more slowly
or more quickly than the typical rate of change in human speech. Similarly
to RASTA processing, cepstrum mean normalization is a method that aims
to remove slow variations in a noisy speech signal [15]. An improved version
of this technique is called exact cepstrum mean normalization [16].

The second group includes methods that aim to improve recognition per-
formance by adapting the HMM model of the recognizer to match the noisy
speech data [9]. Rather than filtering out noise from the input speech signal,
these methods aim to make recognition of the noisy signal possible. This
group includes the following techniques. Parallel model combination uses
parallel hidden Markov models to model both speech and noise present in
the input signal [17]. With this technique, it is possible to use complex noise
models to compensate not just for constant but even non-stationary noise.
Model adaptation uses test data to adapt the HMM parameters to the noise
environment [18]. This method is similar to adapting speaker independent
recognizers to become speaker dependent. Using noisy training data to train
the recognizer can be considered to be included in this group as well [9].
However, as mentioned earlier, this method is might not be feasible in all
real-life situations.

In real-life devices, a combination of both type of methods can be used
[9]. First, preprocessing can be used to increase the signal-to-noise ratio of
the input speech signal. Subsequently, adapting the HMM can further im-
prove recognition accuracy. In addition to these techniques, noise-canceling
hardware—such as a noise-canceling two microphone setup [19]—in conjunc-
tion with hardware-specific algorithms can be used to achieve even better
recognition performance.
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3.3 Voice User Interface Design

Voice command systems are interacted via a voice user interface (VUI). When
compared to graphical user interfaces (GUIs) used in personal computer (PC)
applications, VUIs differ with the used auditory modality [3]. When on GUIs,
the output is typically text and images viewed on a screen and the input is
generated with a keyboard and mouse or a touchscreen, on VUIs, the output
is presented in the form of recorded or synthesized speech or other audio and
the user input is speech [3, 20].

A voice user interface is an auditory interface that is interacted purely
through sound. In VUIs the communication with the application happens
through transient—non-persistent—messages. Interacting only through
sounds applies significant cognitive demands on the user [3]. This, in turn,
creates unique design challenges when compared to designing traditional
graphical user interfaces. The use of even a small screen in conjunction
with a speech interface can significantly reduce the cognitive strain [3, 21].
Even though head mounted display devices inherently have a display, with
the screen typically being small when compared to the ones on PCs or mo-
bile devices, many of the VUI design principles apply. This is especially true
in situations—such as hands-free operation—where speech is the only input
modality. While an in-depth study of these design principles is outside the
scope of this thesis, general guidelines of designing a voice user interface are
presented in this section. Guidelines for multi-modal interface design are
presented in Chapter 5.

Despite the design challenges voice user interfaces present, voice command
systems have many advantages [3]. With a well designed VUI, many tasks
can be made more intuitive and effective on devices with limited input op-
tions. This makes voice command a viable alternative for e.g. head mounted
displays or applications used over the phone. Because VUIs do not require
extensive input hardware, speech applications can be made ubiquitous since
the device running the application can be wearable or otherwise small in size.
In addition, a VUI enables the user hands-free and eyes-free operation. This
makes voice command especially suitable for industrial use cases—such as as-
sembly, maintenance or wearing protective gloves—or driving and operating
machinery.

When designing a voice user interface, several aspects of the system must
be taken into account. Typical parts of a voice command system that should
be considered in the design of a VUI are grammar, dictionary and the acous-
tic model [3]. When designing grammar, the designer should consider what
they allow the user to say to the application. With a large grammar, the pos-



CHAPTER 3. VOICE COMMAND 27

sibility to provide the same command in different ways is greater. However,
with clever design of prompts—the messages played to the user—and the
application flow, the nature of most common inputs can be predicted. With
this kind of design, the size of the grammar can be reduced. When acquiring
a speech recognizer from a vendor, a large dictionary that covers most of the
common words in a specific language is typically included. However, if the
application grammar requires recognition of untypical words—such as names
or jargon—these should be considered and added to the dictionary. Finally,
when designing the VUI for an application, the acoustic model should be
considered as well. The acoustic model should be selected in a way that
it represents the spoken language of the end user population. In addition,
adaptation of the AM can be used to help improve recognition performance.

In order to create a successful VUI, understanding context is key [3]. The
designer must understand the situation, goals and the state of mind of the
user. In addition to these, the conventions, assumptions and expectations
of spoken language should be considered. Whether these conventions are
conscious or unconscious, they need to be taken into account in order to
enable effective communication. Violation of user expectations will result
in interfaces that feel less comfortable, flow less easily, are more difficult to
comprehend, and are more prone to errors. When these assumptions and user
context are considered, the users will have a mental model of the application
that enables smooth and effective interaction.

Despite the best of design efforts, errors will always occur. For a smooth
user experience, it is important to design the fallback from these errors to be
graceful. In voice command systems, two common error types exist [3]. Reject
is an error which happens when the recognizer does not find any sequence
of words that matches the input well enough. In these cases, the confidence
measure of even the best option is too low to be considered a successful
recognition. The cause for this type of error can be noise in the input signal,
an input phrase that is not covered by the grammar, or an unclearly spoken
input utterance. Another type of an error occurs when the endpointer of the
recognizer does not detect speech. This error is called a no speech timeout
and can be caused by poorly tuned endpointer parameters—the user did not
have enough time to start speaking—or simply by the user remaining silent.

In order for the VUI to gracefully fall back from error situations, error
recovery strategies are needed [3]. Two strategies for handling rejections
are presented. Following a rejection error, escalating detail prompts the
user with more detailed instructions or examples of what the user should
say. Rapid reprompt, instead, does not provide detailed information right
away but quickly presents the user with the same prompt again. However,
if the same error occurs repeatedly, the system follows the escalating detail
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strategy.
No-speech timeouts should be handled separately from rejections because

the cause for this type of error is likely to be different [3]. Users are often
silent when they are unsure of what to say. In these type of situations, more
instruction on how to proceed should be provided to the user. Furthermore,
after any two or three successive errors, the user is unlikely to recover. After a
maximum number of errors, specific application behaviour should be defined.
In this type of situation, the system could view help or change the input
modality if possible.

It is recommended for most type of applications to have certain commands
that are always available [3]. These universal commands can be accessed from
anywhere in the application. The following universals are recommended for
speech-operated applications. Help provides detailed instructions to users on
how to use the application and what commands are available. Repeat plays
back the last prompt. Main menu / start over reverts the application to
its initial state. Go back lets the user return to the previous state in the
application. Quit lets the user to quit using the current application.

Finally, some general design principles for successful VUI design are pre-
sented [3]. The cognitive load on the user should always be minimized.
This can be achieved with including constants—such as the universal com-
mands—and consistency. Similar tasks should be performed in a similar way
throughout the application. In addition, the memory load on the user should
be minimized as well. This can be done with informative prompts, examples
and tutorials. The conversational expectations should be accommodated,
as mentioned earlier. Furthermore, the VUI should maximize efficiency and
clarity. Efficiency can be provided by storing all information the user pro-
vides for later use, making frequent tasks efficient, and providing shortcuts.
Clarity can be assured by creating a consistent mental model for the user
and creating navigational clarity through landmarking. On some instances,
efficiency and clarity can become trade-offs. In these situations, an optimal
balance of these two should be found. For the application use to be pleasant
and effective, high recognition accuracy should be ensured. Finally, if errors
do occur, they should be recovered from gracefully.

3.4 Testing of Voice Command Systems

To make sure the voice command system is working as designed and per-
forming at a desired level, it must be tested. As there are many different
aspects to be considered when designing a VUI, there are equally many as-
pects to be tested. Several different tests at different stages of development
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are presented for VUIs [3].
Testing should be started as early on in the design phase as possible.

This enables designers to easily make changes in the VUI design before the
functionality has been fully realized. One presented early testing method is
called Wizard of Oz (WOZ) user testing [3]. In this test, a human acts as
the speech recognizer choosing from predetermined outputs. This method
has several advantages: it can be used in user testing very early in the de-
velopment and there is no need to worry about bugs or grammar coverage.
However, this type of testing can imply too high performance rates when
compared to the final product.

In addition to the early phases of the VUI design, user testing—WOZ
testing as well as testing with the actual working VUI—should be performed
in several stages of the design [3]. User testing provides feedback about the
user experience from the perspective of the user. It is critical to understand
how the user feels about using the application in order to create a smooth
and desirable user experience. In user testing, participants are given tasks to
complete. These tasks should be considered to be primary functions of the
application, areas of high risk, or tasks that address major design goals and
design criteria. Completing these tasks is then measured with success ratio
and efficiency. The specific path the user takes when completing the task
should be noted as well as the success or failure of any error and help mes-
sages. A typical user test includes 10–15 participants which must represent
the ultimate end-user population. It is recommended that the tests are au-
dio or videotaped (with the permission from participants) for re-examination
later on.

After completing the tasks, users are presented with a questionnaire about
their experiences of using the VUI [3]. Users are asked to answer questions on
a Likert scale from a reaction of ”I strongly disagree” to ”I strongly agree”.
The Likert scale questions should be followed by more open-ended discussion
with questions such as ”What did you think?”. The Likert statements should
be then summarized for each individual value as well as their means. In
addition, the mean across all Likert statements can be calculated. For each
task, the completion rates, use of error recovery procedures, and use of help
should be reported. After recording the results, trends should be looked
for. The problems should be prioritized by different criteria. These criteria
include the scope of the affected parts of the application, the amount of
participants that had the problem, how well participants were able to recover
from the error, and how much did the problem keep users from succeeding
in the task. The problem causes behind the symptoms should be considered
and fixed accordingly.

In addition to user testing, the recognition accuracy of a voice command
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system should be tested before deployment [3]. This assures that the recog-
nition performance is roughly what is expected. An amount of 10–20 users
is suggested for a typical recognition performance test. In accuracy testing,
different measures for recognition performance can be tested. These include
testing with in-grammar and out-of-grammar utterances. Several outcomes
for these situations are possible. For in-grammar utterances the recognizer
can correctly accept the recognition, falsely accept it, or falsely reject it. For
an out-of-grammar utterance the system can correctly reject the recognition
or falsely accept it. The performance of the system for different voice com-
mands for different users is recorded. If the recognition performance fails
to meet requirements, several actions can be taken to fix this. Common
methods for improving recognition performance include dictionary tuning
and the tuning of grammar probabilities. Dictionary tuning is required if
specific words are consistently missed. In this case the pronunciations in the
dictionary should be checked to match the pronunciations of the users. In
some cases grammar probabilities can be tuned to better match the desired
outcome in voice command recognitions.

Testing of a real-life voice command system is presented in Chapter 6.



Chapter 4

Voice Command in Finnish

Different languages behave differently in the linguistic sense. When studied,
several differences can be found between the Finnish and English languages.
These differences cause a necessity of difference in approach to speech recog-
nition. This chapter presents how differences in linguistic characteristics pose
different requirements to voice command and automatic speech recognition.
In particular, the differences between Finnish and English are presented. Fi-
nally, the concept of multilingual speech recognition systems is introduced.

4.1 Analytic and Synthetic Languages

In linguistics, languages can have features of two morphological types based
on how they convey information. These two types of languages—analytic
and synthetic—behave differently and should be approached differently when
pursuing automatic speech recognition.

In order to understand the differences in structure between analytic and
synthetic languages, the concept of morphemes must be understood. As
briefly addressed in Section 2.4, morphemes are concepts represented in small
word units called morphs [4]. A morph is a component of a word that cannot
be divided into smaller parts without losing its semantic meaning. Analytic
and synthetic languages convey information differently in relation to word
order and use of morphemes.

Analytic languages convey information by word order and particles rather
than by inflectional morphemes [22]. Thus, in analytic languages, the words
tend to appear only in one particular form. In purely analytic languages, for
example, the verbs are the same regardless of the subject or the tense of the
verb. New words are typically created by combining existing words in their
basic form into compound words.
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In synthetic languages, words are formed by affixing morphemes to a root
morpheme [22]. These affixes indicate grammatical relationships between
words, making the ordering of the words less important. In some synthetic
languages—e.g. Finnish—the word order can change but the meaning of
most sentences stays the same nevertheless. New words are typically created
by combining morphs into long morph sequences [4].

All languages are not purely analytic or synthetic but have features from
both types. English, for example, falls into this category of mixed systems
[22]. While English relies on word order to convey meaning and new words
are often created by combining words in their basic form, verbs have different
forms depending on the subject or tense. For example, for the verb ’eat’, the
following forms can be found.

I will eat lunch at 2 o’clock.
She eats here every day.
I already ate my sandwich.
Have you eaten yet?

However, when comparing the amount of different forms of a single base
word to a more synthetic language—like Finnish—the difference is obvious.
There is a higher amount of different forms of a basic word in synthetic
languages when compared to mixed systems, like English. In Finnish, for
the word ’syödä’ (to eat), these forms for different subjects in the present
and past tense can be found.

Minä syön. Sinä syöt. Hän syö. Me syömme. Te syötte. He syövät.
Minä söin. Sinä söit. Hän söi. Me söimme. Te söitte. He söivät.

Generally, analytic languages tend to have fewer individual words than
synthetic languages [6]. In analytic languages, the words usually appear in
one form when in synthetic languages, morphs are affixed with other morphs
to create new meaning to words. This results in many more individual words
in synthetic languages.

4.2 Differences in Voice Command for Finnish

and English

There are several differences between the Finnish and English languages.
Because of these differences, speech recognition for each language should be
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approached accordingly. This section presents the essential differences in
Finnish and English in terms of speech recognition and voice command.

As described earlier, synthetic languages have a far higher amount of
individual words when compared to analytic or mixed systems. Consequently,
if a word is used as the language unit in speech recognition, the required
vocabulary size is significantly larger for synthetic languages. For an English
ASR system, the typical vocabulary size used in large-vocabulary speech
recognition is 20 000–65 000 words depending on the task [6]. However, in
Finnish a much larger vocabulary is needed.

To study the coverage of a vocabulary, the out-of-vocabualry (OOV) rate
can be calculated. The OOV rate measures how often an OOV word is
encountered in an independent text corpus that has not been used to select
the vocabulary originally. This means that for the OOV rate of 25%, every
fourth word of the corpus, on average, is not present in the vocabulary. For
a 20 000-word vocabulary in English, a lower OOV rate is obtained than for
a 500 000-word vocabulary in Finnish [6]. Thus, for Finnish, the use of a
word as a language unit might not be feasible. Instead, for these types of
languages, morphs can be used as units in speech recognition.

In addition to the need of morph-based vocabulary, as introduced earlier,
the meaning of a sentence in Finnish is not sensitive to the word order [22].
This means that the words in a Finnish sentence can be changed to a different
order without losing the semantic information of the original sentence. This
results in a situation where using fixed grammars that have to be defined by
hand become extremely laborious. Some syntaxes for writing fixed grammars
require users to say the words precisely in a predefined order [3]. This means
that in Finnish, all possible word permutations for each sentence in the gram-
mar would have to be manually defined. Thus, for Finnish voice command
systems that allow users to say natural sentences, a statistical approach to
grammar is more feasible than a fixed grammar.

In Finnish, each letter in written text typically always corresponds to a
certain phoneme [4]. However, in English, same letters in different words can
be pronounced differently. Thus, the phonemes in these words are not the
same even though the letters in the written word might be. Consequently,
the Finnish lexicon—i.e. the pronunciation dictionary—can be created au-
tomatically relatively easily whereas in English, this is a more complex task
[1]. Thus, lexicons in the English language are typically created by human
linguists.

The difference in phonemes and triphones between Finnish and English
causes the acoustic models in both languages to be different [4]. The acoustic
models for each language must be trained with the language in question. It is
not feasible to use a Finnish voice command system with an English acoustic
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model.
In Finnish there is a clear distinction between spoken and written lan-

guage. In spoken Finnish, a colloquial variant is typically used, while the
literary variant is spoken only in formal situations, such as newscasts [4].
Because it is so common for Finns to speak in a colloquial manner, it is
important that a voice command system is trained with a corpora that has
colloquial variations as well.

Words are not the only way to convey information in speech. It is possi-
ble to change the semantic meaning of a sentence by saying the exact same
words with different stress and intonation [3]. For example, in English, a
rising intonation at the end of a sentence suggests that the sentence is a
question. While some of these types of conventions are shared among differ-
ent languages, some are unique to each language [23]. Especially for voice
command systems that interpret the intonation and the stress in speech,
these conventions for English and Finnish should be considered individually.

Unlike in many other languages, in Finnish, it is typical and accepted
to have silent pauses of hesitation during a sentence [24]. While in English,
hesitation is conveyed through filler words—such as ”umm” or ”well”—in
Finnish, a speaker would typically have a silent pause in such a situation.
In a voice command system, these pauses could be interpreted as the end
of a sentence or the end of the voice command utterance. In such case, the
endpointer parameters should be adjusted to allow longer pauses in command
utterances.

4.3 Multilingual Speech Recognition Systems

The speech recognizer of a voice command system is typically designed to
recognize only one language at a time. However, it is possible to design
the recognizer to be multilingual. Ideally, this type of multilingual system
would understand multiple languages without changes in the system setup.
A multilingual recognizer introduces several benefits over its monolingual
counterpart [25]. Sharing the codebooks and joining parameters across lan-
guages reduces the number of parameters and the complexity of the system.
The user may use several different languages which are identified by the sys-
tem. In addition, boostrapping of new languages with only a small amount
of training data becomes fast and efficient.

One suggested method of creating a multilingual recognizer is to use a
multilingual phoneme database. This type of database is based on a global
phoneme set and combines the acoustic models of each language in a single
system. For this type of system, only a small performance degradation is
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reported when compared to a monolingual system [25].
An alternative method to create a multilingual speech recognizer has

been suggested [26]. This method uses a subspace Gaussian mixture model
that uses Gaussian mixture models with the parameter space constrained
to a subspace of the total parameter space. This alternative promises an
extremely large word error rate reduction when the amount of training data
for each language is extremely limited.



Chapter 5

Multi-Modal User Interfaces

Head mounted displays (HMDs) provide users a way to view information in a
unique way. These devices have many advantages over personal computers or
mobile devices, especially in situations and tasks that require hands-free and
eyes-free operation. In addition, certain head mounted displays enable the
use of augmented reality or virtual reality applications. However, the unique
form of an HMD requires special consideration when designing applications.
To ensure efficient and user-friendly use, a cleverly designed multi-modal
user interface can be used. This chapter introduces the basic structure of a
head mounted display and provides guidelines for multi-modal user interface
design.

5.1 Head Mounted Display Devices

Head mounted displays are personal information-viewing devices that can
provide information in a unique way [27]. In its simplest form, a head
mounted display consists of one or more image sources, collimating optics
and a means to mount the device on the head. In addition to these, HMDs
typically have a functionality to track the head position of the user. This
way, information on the display can be provided in relation to the tracked
head position. Traditionally, HMDs have been used in military and medical
applications as well as in aviation. However, in recent years, interest and
products for using HMDs in industrial or personal purposes have emerged
[28–30].

In aviation, early cockpit-mounted displays—so called head-down dis-
plays—provided pilots information about the aircraft status [27]. However,
these head-down displays required the pilots to focus their attention continu-
ously to the interior of the cockpit. As airplanes got faster and the allowable
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reaction time for pilots got shorter, head-up displays (HUDs) were created to
improve the situation. In stead of requiring the pilot to look down, a HUD
creates a collimated, virtual image that is projected onto a combining glass
located on top of the cockpit panel, in the forward line of sight of the pilot.
The collimated imagery appears as originating form some distant point, due
to which the pilot does not have to redirect their attention away from the
critical forward airspace or refocus their eyes to see the image. Furthermore,
the HMD is an expansion of the benefits of the HUD. It places the informa-
tion in front of the eyes of the user at all times. In addition, the head tracker
enables the HMD to provide information over the entire field of the user.

When designing or choosing an HMD, there are several aspects of the
device to consider. One of the most essential parts of an HMD is the display.
The HMD image source technologies are divided into two major categories:
nonemissive and emissive [27]. The nonemissive image sources require a
separate illumination on pixel-by-pixel basis to create the desired imagery.
These technologies include transmissive liquid crystal displays (LCD), re-
flective crystal on silicon displays (LCOS), and scanning display. In emis-
sive sources, the image plane of the device emits light without the need of
supplemental illumination. These technologies include active matrix electro-
luminescent (AMEL), cathode ray tube (CRT), vacuum fluorescent display
(VFD), and organic light emmitting diodes (OLED).

Different technologies have different advantages and disadvantages which
should be considered when choosing the display type on an HMD. While
an in-depth study on these technologies is outside the scope of this thesis,
some general aspects to consider are introduced [27]. The size, resolution
and aspect ratio of the image displayed on the screen are essential aspects
to consider. Different display technologies enable differently sized screens.
Depending on the use case of the HMD, the screen might have different
requirements. Luminance and contrast as well as the color capabilities of the
display are also important to consider. Depending on the application it might
be important that the display provides enough luminance for viewing against
bright ambient backgrounds. It should also be considered whether the use
of color imagery is essential to the application. Addressability determines
whether the display is possible to compensate for image plane distortion.
CRTs are considered infinitely addressable because the imagery is drawn in
calligraphic fashion. Pixelated devices such as LCDs, AMELs or OLEDs are
considered finite addressable displays due to the fixed pixel location. The
power requirements of the display should also be considered. Some display
technologies such as CRTs and AMELs require a high voltage drive. However,
LCDs that have low transmission, require a brighter backlight to meet most
display luminance requirements. Finally, the weight of the image source and
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any required supplemental illumination should be taken into account. If some
of the weight can be taken off the head or moved to a more favorable location
on the head, it should be done for more ergonomic use.

To create the imagery on an HMD, in addition to the display technology,
the optical design must also be considered. The purpose of the optics are to
collimate, magnify and relay the image source [27]. In other words, a virtual
image is created that appears to be farther away than in close proximity from
the face. The imagery is made to appear larger than the actual size of the
image source. The virtual image is created away from the image source and
away from the front of the face.

Two optical design approaches common in HMDs are proposed [27]. The
first of these, the non-pupil-forming design is essentially a simple magnifying
lens and is thus referred also as the simple magnifier. This design is easy
to design and inexpensive to fabricate. It is also the lightest and smallest
approach, even though it suffers from a short throw distance between the
source and the virtual image. This requires placing the whole optic assembly
on the front of the head, close to the eyes. The second optical approach,
the pupil-forming design is more complex. In this design, a first set of lenses
creates an intermediate image of the image source. This intermediate image is
then relayed by another set of lenses creating a hard image of the intermediate
image. The advantage of this complex design is the increased path length
from the image plane to the eye. This provides the designer the opportunity
to insert mirrors on the image path and fold the optical train away from the
face to a more advantageous location in terms of weight and center of gravity.

In addition to the display technologies—be it the image source or optical
design—for a device to be an HMD, the head mounting must be considered
as well. Despite an excellent image quality, the users will reject an HMD
if it does not fit comfortably [27]. When fitting and sizing a head mounted
display, the following aspects should be considered. The user must be able
to adjust the display to see the imagery. The HMD must be comfortable to
wear for long durations without heating too much. The weight of the head-
borne equipment as well as the mass-moment-of-inertia must be minimized.
The mass of the head-borne components should be distributed in a balanced
manner to keep the center of gravity close to that of the head alone. In
industrial, military or aviation use, the HMD should also be able to endure
appropriate amount of shocks or vibration as well as stay in a comfortable
position in extreme conditions.

Center of gravity of the head is up and forward of the head pivot point.
For a head mounted display to feel comfortable, wearing it should not change
the center of gravity significantly. This can be avoided by minimizing the
mass of the HMD and balancing the center of gravity when the HMD is worn
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[27]. Because of their position in front of the face, especially, the weight of
the image source and optical train affect the position of the center of gravity
the HMD imposes when worn.

Depending on the application and user requirements, a head mounted
display can be monocular, biocular or binocular [27]. A monocular system
provides a single video channel viewed by a single eye. This approach is the
lightest, least expensive and simplest of all three alternatives. A biocular
HMD provides a single video channel viewed by both eyes. This approach is
more complex than the monocular design, but has been showed to provide a
more comfortable viewing experience. However, its two-eyed design requires
more possibilities in alignment, focus and adjustment. In addition, splitting
a single image source to both eyes lowers the brightness and makes the de-
sign more difficult to package. A binocular system provides an independent
video channel for each eye. This setup is the most complex, most expensive
and heaviest of the three designs. However, it provides several advantages
over the two other options. These include enlarged horizontal field of view,
stereoscopic imagery, and more freedom in designing packaging.

Accordingly designed head mounted displays enable the use of mixed
reality applications. The two most prominent mixed reality variants are aug-
mented reality (AR) and virtual reality (VR). In augmented reality, real and
virtual objects are combined in a real environment [31]. This environment
combining reality and virtuality is run interactively and in real time. The
head tracking in the HMD enables aligning real and virtual objects with
each other. In virtual reality, virtual objects are presented in a fully virtual
environment, giving the user a sense of reality [32]. Typically, VR refers to
environments that are computer generated, although some immersive envi-
ronments are not entirely synthesized as computer graphics. These include
e.g. the use of video cameras for tele-presence. The use of VR applications
requires a binocular display system on the HMD for it to be able to create
the stereoscopic three-dimensional view.

5.2 Multi-Modal User Interface Design

For a head mounted display to be a truly ubiquitous device, the input and
output methods should be considered. The limited screen size and the lack of
a computer keyboard and mouse pose a necessity for new ways of interaction
with the device. For a device with limited input and output methods to be
efficient and user-friendly, the use of only one modality—such as speech or
keyboard—might not be ideal. In these cases, the use of a multi-modal user
interface can provide a better user experience and increase efficiency [33]. A
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device with a multi-modal interface can present and accept information using
a combination of more than one modality.

The design of a multi-modal user interface differs from the design of a
pure graphical or a pure voice user interface. To accommodate these special
requirements, guidelines for multi-modal user interface design are presented
[34]. These guidelines provide general instructions to consider requirements
specification, designing multi-modal input and output, adaptivity, consis-
tency, feedback, and error handling.

When designing any application, it is important to understand the psy-
chological characteristics, level of experience, domain and task characteris-
tics, and cultural background of the users as well as their physical attributes
[34]. The psychological characteristics include, for example, cognitive abili-
ties and motivation while the physical attributes include e.g. age, vision and
hearing. Applications should be designed for the broadest possible range of
users and contexts of use. If an application can be used by a wide population
and in more than one manner, it is more likely to be valued and accepted.
Different modalities should be considered and supported for different envi-
ronments and contexts.

Besides making the application user-friendly, in designing most applica-
tions, privacy and security issues must be considered as well [34]. The inter-
face should recognize the users only according to their explicit preference and
not remember them by default. In situations where the user wishes to keep
the input and output information private, an option to turn off speech input
and output should be provided. A non-speech input alternative should also
be provided for sensitive input information such as personal identification
numbers (PINs) or passwords [2]. Alternatively, other identification meth-
ods, such as speaker detection, can be used instead of PINs or passwords [3].
Furthermore, it can be preferable to provide error messages in a visual form
instead of audible speech to reduce the likelihood of others becoming aware
of mistakes made by the user [34].

In order to optimize human performance in multi-modal systems, prin-
ciples for multi-modal input and output design can be used [34]. The first
design principle in this regard is to maximize human cognitive and physi-
cal abilities. Multiple actions can be taken to support intuitive, streamlined
interactions based on information processing abilities of the users. Unneces-
sarily presenting information in two different modalities should be avoided
in cases where the user must simultaneously attend to both sources in order
to comprehend what is being presented. The advantages of each modality
should be maximized to reduce the memory load of the user. The visual pre-
sentation of the system should be coupled with manual input from the user.
Visual modality should be used for spatial information—e.g. maps—and
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parallel processing and comparing information—e.g. tables and charts. The
auditory presentation of the system should be coupled with speech input
[20, 34]. Auditory modality can be used for state information, serial process-
ing, attention alerting, and issuing commands [34].

Modalities should be integrated in a manner that is compatible with user
preferences, context, and system functionality [34]. Additional modalities
should be added only if they improve user satisfaction, efficiency or other
performance aspects for a given user or use context. System output should
be matched to an acceptable user input style. For example, if speech input
is constrained by a fixed grammar, the speech prompts should be designed
accordingly. Multi-modal cues can be used to improve collaborative speech.
These cues can include e.g. gestures or gaze direction. The system output
modalities should be well synchronized temporally. For example, in map-
based applications, the spoken directions should be presented in synchro-
nization with the visual ones. In addition, the current system interaction
state should be shared across all modalities.

For a multi-modal system to suit different users and different contexts
of use, it should dynamically adapt to them [34]. Individual differences be-
tween users can be stored to their user profiles. This user information can
include data on e.g. age, preferences, skill, sensory or motor impairment.
The user and contextual data can be used to adapt settings in different situ-
ations. Gestures can be allowed to augment or replace speech input in noisy
environments or for users with speech impairments. Different modalities can
require different amount of data transfer over a data network. In situations
where the data bandwidth is constrained, the system can switch to a modal-
ity that can be interpreted locally. The quantity and modality for presenting
information to the user can be adapted depending on user preferences.

To make a multi-modal system efficient and easy to use, consistency across
different modalities should be considered [34]. Common features and termi-
nology should be shared consistently across modalities. The system output
should be independent regardless of the input modality. For example, the
same keyword should provide identical results regardless whether the user
performs a search by typing or speaking. Consistent interaction of combined
modalities should be provided across applications. For example, common
shortcuts should be consistent throughout the system.

The users should always be aware which modalities are available to them
[34]. The system should provide the users information about alternative in-
teraction options without overloading them with lengthy instructions that
distract from the task at hand. The users should be provided with specific
examples and notified to begin speaking if speech recognition starts auto-
matically. If multiple modalities are being used in tandem for input, the
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system should confirm the interpretation of the whole user input rather than
for each modality independently.

Finally, the prevention and handling of errors in a multi-modal system
requires some special consideration [34]. User errors can be minimized by
providing clearly marked exits from a task, modality, or the entire system.
Users should be provided with an undo functionality for a previous action
or command. Furthermore, effective help in form of task-relevant and easily
accessible assistance should be provided. Complimentary modalities should
be integrated in order to improve overall robustness during multi-modal fu-
sion. This way, the strengths of each modality overcome the weaknesses in
others. Users should be given control over modality selection, thus giving
them the option to use a less error-prone modality for a given context. If an
error occurs, users should be permitted to switch to a different modality. De-
pending on the chosen error recovery strategy, this can be done only after the
error has reoccurred multiple times [3]. Modalities capable of conveying rich
semantic information instead of just pointing or selection should be incorpo-
rated [34]. Information should be fused from multiple heterogeneous sources.
Multi-modal processing techniques should be developed that target brief or
otherwise ambiguous information and are designed to retain information.



Chapter 6

Testing

For voice command to be a valid method of controlling devices, a certain
level of performance certainty has to be achieved. In order to get reliable
data on how the voice command is performing, a number of different tests
can be conducted. Several different evaluation criteria and test setups were
introduced in Chapters 2 and 3. This chapter describes two tests conducted
to test the Finnish voice command performance and appeal to users.

The tests were performed using a Fujitsu HMD IOT001 head mounted
display device (as seen in Figure 6.1) running voice command capabilities in
Finnish and in English. The voice command in this device was implemented
by Fujitsu based on Nuance speech recognition software. The head mounted
display (HMD) consisted of an opaque monocular screen, a camera, a noise
reductive microphone system, a speaker, a battery, a computational unit, usb
and audio ports, and a casing. The device could be attached to a protective
helmet or worn on its own.

Figure 6.1: Fujitsu HMD IOT001 head mounted display presented without
a helmet and worn with a protective helmet.

43



CHAPTER 6. TESTING 44

The voice commands in the HMD device are picked up by two micro-
phones placed on the bottom of the screen. Two more microphones are
placed on top of the screen to capture the surrounding ambient noise, which
is then used to reduce the noise from the close-up microphones capturing the
actual command utterances. This type of microphone setup is claimed to
enable noise robust performance.

6.1 Test Setup Descriptions

The Finnish voice commands on the Fujitsu head mounted display were
tested with two separate test setups. First, the overall usability and ap-
peal to users were tested with user testing. For this purpose, a demo was
created utilizing the augmented reality (AR) application of the device. Based
on the demo, the users were asked how they felt about using voice command
on the head mounted display.

The second test was conducted to examine the performance of both
Finnish and English voice command phrases and their noise-robustness. Users
were asked to speak out voice commands in Finnish and in English with no
background noise and two different background noises. The command error
rates were calculated in order to find out how each language and different
command phrases performed.

These two test setups are explained in more detail below.

6.1.1 User Demo Test

The user testing of the HMD device using Finnish voice command was ar-
ranged as two demo sessions. The first one was held in Aalto Design Factory
and the second one in the offices of Fujitsu Finland. Thus, the participants
in these tests were either technical university students or workers in an ICT
company. The participation was voluntary, so all the participants showed
some initial interest in HMDs and voice command.

The test used to evaluate the usability and appeal of Finnish voice com-
mand in the Fujitsu HMD, was a 10-minute user demo created with a Fu-
jitsu augmented reality application. In this demo, the users wore the device
attached to a construction helmet on their heads and navigated their way
through the demo following instructions presented in an augmented reality
overlay viewed in the HMD screen and using Finnish voice commands to con-
trol the device. The demo situation can be considered as a multi-modal user
experience, since feedback for the user was provided as visual cues on the
HMD screen as well as aural cues in the form of notification sounds played
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on the HMD speaker. However in this demo, only the speech modality was
used as input.

During the demo, the HMD was capable of recognizing 62 different voice
commands of which 11 were usable. This means that the device recognized
between the 62 possible commands but only the 11 had a function tied to
them in the demo application. If a user spoke an utterance that was recog-
nized as a voice command not tied into a functionality, the HMD notified
the user which command it recognized but the application itself did not re-
spond to the command. However, if the user did utter a voice command
used by the demo application, the HMD notified the user which command
was recognized and the application acted according to the functionality tied
to the recognized command. These functionalities included moving from one
application view to another, taking a picture with the HMD camera, making
a support call with the HMD, and navigating back and forth in the demo
application.

The screen of the HMD device was mirrored onto a computer screen,
which made it possible to monitor what was happening on the HMD during
the demo. This way, the person conducting the demo could provide additional
help and instructions if the user got lost in the application or did not know
what to do next. However, the complete control of the HMD device was left
to the user.

The demo took most users about 10 minutes to complete. After the demo,
users were asked to fill a questionnaire about how they felt using the HMD
and the voice commands. In addition, brief free-form conversation about
the user experience followed the completion of the demo. The details of the
questionnaire are explained in Section 6.2 and the results are presented in
Section 6.3.

6.1.2 Voice Command Performance Test

The second test was conducted to evaluate the voice command performance
in Finnish and in English, with Finnish-speaking users. This test comprised
of users speaking out loud all 62 possible voice commands in Finnish and
in English with no background noise and two different background noises.
The command phrases were uttered in a random order within a round and
each round—for each situation including each language and background noise
type—was performed twice. The different test situations are presented in
Table 6.1. For these different setups, the command error rates (see section
2.7) were measured and calculated.

In this test, the users wore the HMD device on their heads without a
helmet and uttered voice commands presented to them on a computer screen.
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Table 6.1: Voice command performance test languages and background noise
scenarios.

Finnish English

No Background Noise 2 Rounds 2 Rounds
Constant Background Noise 2 Rounds 2 Rounds

Random Transient Background Noise 2 Rounds 2 Rounds

On each round, the order of the command phrases was randomized. The user
spoke the command word presented on the screen once and waited for the
response from the HMD. If the HMD recognized a voice command, it played
an aural cue to the user and showed the recognized command on the device
screen. If the HMD did not recognize any command, it did not respond in
any way. Furthermore, if the user started speaking a command and then
stopped, the HMD automatically determined the endpoint of the command
and replied with the most likely recognition result.

The HMD screen was mirrored onto another computer operated by the
person conducting the experiment. This way the recognition results could
be monitored and recorded. Whether the HMD recognized the correct voice
command or not was marked down for each uttered command word. After
the result of the recognition was recorded, the user pressed a key on their
computer to reveal a new command phrase. This was repeated until all the
command phrases in a set were spoken once.

After each set of command phrases was spoken, a new set of the same
commands in different randomized order was used in the next round. The
users were asked to speak the command phrases for twelve sets in total (as
seen in Table 6.1). Six of these sets included Finnish commands and six of
them included English ones. When the users were performing voice com-
mands in Finnish the HMD was capable of recognizing commands only in
Finnish. Similarly for rounds of English command phrases, only those in
English could be recognized. For both of these languages, three different
background noises were used.

First, the users performed two sets without any noise played in the back-
ground. This meant only the natural background noise of the room was
heard when the commands were uttered. The room used as the location of
the test was remote with little to no noise from the surrounding rooms and
corridors. This resulted in a quiet background noise of 13 dB in average from
the ventilation and the computer fans.

Next, the users spoke two sets of command phrases with industrial fan
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noise played in the background. The noise was played from a sample sound
file with a single loudspeaker with the average sound power level being 60
dB where the participant was positioned. This type of noise was chosen to
represent a situation where the device is used in a location with constant
background noise. The sound level varied between 56 dB and 64 dB. The
spectrogram representing a sample of this noise is presented in Figure 6.2.

Figure 6.2: A spectrogram of a 10 second sample of the constant, industrial-
type noise.

Finally, the users performed two sets of command phrases with a more
random noise sample played in the background. Unlike the industrial fan
noise, the selected office style background noise included a lot more variation
in the form of randomly placed transients, loud and quiet parts. The noise
sample included sounds of different machines, such as printers, fax machines
and telephones, as well as indistinct, muffled speech. This type of noise was
chosen to represent a situation with other people working in the same space
as the HMD is being used. This office type noise had an average sound
power level of 48 dB with a minimum of 38 dB and a maximum of 65 dB.
The spectrogram representing a sample of the office type noise is presented
in Figure 6.3.

After the participants had performed two sets of command phrases in
Finnish for each of the three background noise setups, they repeated all
scenarios with English command phrases as well. This totalled for 12 rounds
containing 62 different command phrases in each round. All this resulted in
a total of 744 utterances per person.

The focus of this test was to record and evaluate the command error
rate of the used HMD device and study the difference in the performance
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Figure 6.3: A spectrogram of a 10 second sample of the transient, office-type
noise.

between using Finnish and English. In addition to this, some insight was
gained by observing the behaviour of false positive recognitions. A false
positive recognition happens when the user is trying to say one command
word and another command word is recognized, or is not saying a command
at all and the device recognizes a command being spoken. Observing this
behaviour can provide some idea on which command phrases are reliable in
noisy environments, for example.

After the participants were done with all 12 rounds of uttering voice com-
mands, they were asked to fill a questionnaire about how they experienced
the voice command recognition performance and the appeal of using the
HMD with voice command. In addition to this, a free-form oral interview
about the user experience in general was conducted to gain more insight on
how the users felt using voice command.

These tests were performed during an hour of individually scheduled time
with each user. Each test was videotaped as backup if it became necessary
to review some of the recognition results or situations.

6.2 Evaluation Methods Used in Testing

To evaluate the user experience, appeal and performance of the voice com-
mand in the HMD device, questionnaires with seven-level Likert scale ques-
tions were used. In addition to these, the users were asked to provide some
background information about themselves and their prior experience in using
voice command and HMD devices. To evaluate the performance of recogniz-
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ing correct voice commands on the voice command performance test, whether
the commands were correctly recognized or not was recorded. From the com-
mand recognition data, command error rates (see Section 2.7) for different
scenarios (see Table 6.1) and command phrases were calculated.

The following sections present the questionnaires for each test in more
detail.

6.2.1 User Demo Test

After the participants completed the user demo test, they were asked to
answer to a questionnaire about their background, and experience using the
HMD. In this section, the details of the questions asked in the questionnaire
are presented.

First, the participants were asked to disclose some background information
about themselves. The following questions were asked with the following
options to choose from. The questions were presented to the users in Finnish
but are here translated to English.

Background Information

• Age: Under 18 / 18-24 / 25-34 / 35-44 / 45-54 / Over 55

• Gender: Woman / Man / Prefer not to disclose

• Earlier HMD experience: No earlier experience / Some experience
/ I use one regularly

• Earlier voice command experience: No earlier experience
/ Some experience / I use it regularly

• Finnish language skills: Poor / Adequate / Good / Native

• Finnish language use: Rarely / Monthly / Weekly / Daily

After answering to the questions about their background, the participants
were asked to answer to questions concerning the user experience and appeal
of the HMD device. The following questions—or claims—were presented
with the options to choose from 1 (Strongly disagree) to 7 (Strongly agree).
The questions were presented to the users in Finnish but are here translated
to English.
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Experience from the HMD use

• I got through the demo without problems: 1...7 (Strongly dis-
agree...Strongly agree)

• I would be pleased to use the HMD in the future: 1...7

• I would prefer to use the HMD with voice command: 1...7

• The HMD was easy to use: 1...7

• The HMD recognized my commands well: 1...7

• The HMD felt comfortable to wear: 1...7

At the end of the questionnaire, the users were asked to write down any
other thoughts using the HMD might have occurred. This was encouraged
by the free-form oral discussion with the user after filling the questionnaire.

6.2.2 Voice Command Performance Test

Subsequent to the completion of all 12 rounds of uttering voice commands,
the participants were asked to answer to questions on the user experience
and performance of the voice commands in the HMD. Besides recording the
answers to the questionnaire, the command recognition performance on each
command word utterance was recorded and the command error rates were
calculated. In addition, any observations concerning to the recognition and
the test situation were marked down. These observations included, false
positive recognitions, any oddities in the recognition behaviour, or other
remarks about the recognition or the test situation. While these remarks were
not quantitative in nature, they nevertheless provided insight in interpreting
the recognition data.

In the questionnaire, the participants were first asked to disclose some
background information about themselves and their use of voice command
and HMD devices. The following questions were asked with the following
options to choose from. The questions were presented to the users in Finnish
but are here translated to English.

Background Information

• Age: Under 18 / 18-24 / 25-34 / 35-44 / 45-54 / Over 55

• Gender: Woman / Man / Prefer not to disclose
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• Earlier HMD experience: No earlier experience / Some experience
/ I use one regularly

• Earlier voice command experience: No earlier experience
/ Some experience / I use it regularly

• Finnish language skills: Poor / Adequate / Good / Native

• Finnish language use: Rarely / Monthly / Weekly / Daily

• English language skills: Poor / Adequate / Good / Native

• English language use: Rarely / Monthly / Weekly / Daily

After answering to these questions, the participants were asked to an-
swer questions concerning the user experience and performance of the voice
command in the HMD device. The following questions—or claims—were
presented with the options to choose from 1 (Strongly disagree) to 7 (Strongly
agree). The questions were presented to the users in Finnish but are here
translated to English.

Experience from the HMD use

• I would be pleased to use the HMD in the future: 1...7 (Strongly
disagree...Strongly agree)

• I would prefer to use the HMD with Finnish voice command:
1...7

• I would prefer to use the HMD with English voice command:
1...7

• The HMD recognized Finnish voice commands well: 1...7

• The HMD recognized English voice commands well: 1...7

• The HMD felt comfortable to wear: 1...7

Finally, the participants were asked to write down any other thoughts
that might have occurred during the use of voice command on the HMD
both in Finnish and in English. This was encouraged by the free-form oral
discussion with the user after filling the questionnaire.

The results to the aforementioned questions as well as the performance
of the voice command recognition are presented in the following section.
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6.3 Results

The performance, user experience and appeal of voice command in a head
mounted display were examined with two tests. The first test focused on
surveying the user experience and appeal after participants had completed a
demo using voice command on the HMD. The second test focused on measur-
ing the command recognition performance and the user experience between
using voice command in Finnish and in English, for Finnish-speaking users.
The test setups and evaluation methods were described in Sections 6.1 and
6.2. The results of these tests are presented in this section.

6.3.1 User Demo Test

To gain understanding and insight on what the user experience and appeal
of using voice command in a head mounted display device are, a test having
users participate and complete a demo was conducted. This test had 21
participants of which 8 were women and 13 were men. One participant was
in the age group 18–24, 4 in the age group 25–34, 9 in the age group 35–44,
and 7 in the age group 45–54. The divide into different age groups between
genders is presented in Table 6.2. All participants were either studying or
employed by a technical university, or working in an ICT company. The
participants completed the demo using Finnish voice command.

Table 6.2: Participants of the user demo test divided into age groups between
genders.

Age group Under 18 18-24 25-34 35-44 45-54 Over 55

Women 0 1 1 3 3 0
Men 0 0 3 6 4 0

All 0 1 4 9 7 0

Most of the participants, 16 users, reported having no earlier experi-
ence on head mounted display devices, 4 participants reported having some
earlier experience on HMDs, and 1 reported using one regularly. 9 partici-
pants reported on having no earlier experience from using voice command,
11 reported having some experience, and 1 reported using voice command
regularly. The users who reported using HMD devices and voice command
regularly were not the same person. How users were divided between ear-
lier experience on voice command and HMD is presented in Table 6.3. All
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participants reported being native Finnish speakers and using it on a daily
basis.

Table 6.3: Participants of the user demo test divided between earlier experi-
ence of HMD devices and voice command. HMD experience is presented on
rows and voice command experience on columns.

HMD \ Voice command No exp. Some exp. Uses regularly

No exp. 7 9 0
Some exp. 1 2 1

Uses regularly 1 0 0

After completing a 10-minute augmented reality demo using voice com-
mand on the HMD device, the users were asked to answer to claims about
how they experienced using it. The users answered to claims using a seven-
level Likert scale. Answering with the value 1 indicated that the user strongly
disagreed with the claim and 7 indicated that they strongly agreed with the
claim. Participants could choose a value between 1 and 7 to express how
strongly they disagreed or agreed with the presented claim. The participants
were asked to answer to the following claims.

1. I got through the demo without problems

2. I would be pleased to use the HMD in the future

3. I would prefer to use the HMD with voice command

4. The HMD was easy to use

5. The HMD recognized my commands well

6. The HMD felt comfortable to wear

The 21 participants answered to these questions evaluating each claim
from 1 to 7. The means of these evaluations with standard deviations and
variances can be found in Table 6.4. The means with standard deviations
can also be seen presented in Figure 6.4.

When asked about whether the participants got through the demo with-
out problems, they reported a mean value of 6.05, with a standard deviation
of 0.92, and a variance of 0.85. This indicates that all users completed the
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Table 6.4: Means, standard deviations and variances calculated for the results
on the seven-level Likert scale answers to presented claims on the user demo
test. Value of 1 implies the user strongly disagrees with the claim. Value of
7 implies the user strongly agrees with it.

Claim no. 1 2 3 4 5 6

Mean 6.05 5.24 5.71 5.86 6.67 5.14
St. dev. 0.92 1.26 1.10 1.06 0.58 1.15

Variance 0.85 1.59 1.21 1.13 0.33 1.33

demo with relatively little problems. It can be safely assumed that the re-
actions to the following claims are not related to any complications in the
completion of the demo itself.

On the question whether the participants would want to use the HMD
device in the future, they reported a mean of 5.24, with a standard deviation
of 1.26, and a variance of 1.59. This claim was the most controversial of the
ones presented, with the highest standard deviation among answers. Some
of the participants commented that they were not sure if they would need an
industrial head mounted display in their work. These users were encouraged
to answer according to a situation where a need for such a device would be
plausible. However, some users might still have answered the question based
on the assumption that they would not have use for the HMD in their work.
Nevertheless, even with the high standard deviation among answers, most
users seemed positive about the possibility of using the device in the future.

Whether the demo participants would prefer using the HMD with voice
command, they reported a mean of 5.71, with a standard deviation of 1.10,
and a variance of 1.21. The mean value on this claim was higher than whether
the users would like to use the HMD in general. This could be an indication
of two things. Firstly, the users based their answers on the assumption that
they would already be using the HMD. Secondly, the participants seemed
impressed by the voice command and the possibility of using voice command
in different applications even outside of using it on the HMD device.

When asked if the HMD was easy to use, the users reported a mean
value of 5.86, with a standard deviation of 1.06, and a variance of 1.13. The
reactions to this question were based on the usability of the demo application
which itself was relatively simple and straightforward. The users navigated
through the demo using voice command and performing simple tasks such
as taking a photo and making a phone call with the HMD. The users were
constantly instructed on what to say next by the text overlays on the HMD
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Figure 6.4: Means with ± 1 standard deviation of the seven-level Likert scale
answers to presented claims on the user demo test. Value of 1 implies the
user strongly disagrees with the claim. Value of 7 implies the user strongly
agrees with it.

screen or by the test conductor. The participants commented that talking
to the device felt easy.

On the question whether the HMD device recognized the voice commands
well in their opinion, the users reported a mean of 6.67, with a standard
deviation of 0.58, and a variance of 0.33. The answers to this claim were
clearly the most positive with the highest mean and lowest standard deviation
of all questions. Even though the demo was quite simple and used only 11
different commands, the participants were impressed and excited about voice
command.

When asked if the HMD device felt comfortable to wear, the partici-
pants reported a mean value of 5.14, with a standard deviation of 1.15,
and a variance of 1.33. This question scored the lowest in terms of agree-
ment mean value. In addition, the standard deviation was among one of
the highest among the presented claims. Some participants wearing glasses
reported having trouble adjusting the screen to a comfortable position for
proper viewing within the short duration of the demo. Other users—even
without glasses—reported having trouble viewing the screen with comfort.
These are likely the reasons for the low score on the question about the
comfort of wearing the HMD device.
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During and after the demo, the participants seemed interested and ex-
cited about the HMD device and the possibility to operate it with voice.
The comments users reported, based on the free-form discussion after the
demo, focused mostly on the display. Some users commented on the display
being small or difficult to look at and that looking at it was uncomfortable.
However, some reported that looking at the screen got easier over the course
of the demo. Other users reported that the display was really clear or useful.
Other reported comments regarded the voice command working well. How-
ever, a way to quickly switch the voice command on and off was requested by
some. In some situations—when having a conversation with someone else,
for example—the HMD falsely recognized commands that were not intended
as such. One user reported the device getting hot during the demo and one
mentioned that the HMD camera was difficult to point to a desired direction.

Reflecting of these results, the success of the test and future improvements
based on the feedback are presented in Chapter 7.

6.3.2 Voice Command Performance Test

To study the voice command performance of the HMD device for Finnish-
speaking users, a test to measure command error rates was conducted. This
test had 11 participants speaking the 62 different possible command phrases
out loud both in Finnish and in English, in three different background noise
scenarios. Out of the 11 participants, 4 were women and 7 were men. 4 users
were in the age group 25–34, 2 were in the age group 35–44, and 5 were in
the age group 45–54. The divide into different age groups between genders
can be seen in Table 6.5. All participants were working in an ICT company.

Table 6.5: Participants of the voice command performance test divided into
age groups between genders.

Age group Under 18 18-24 25-34 35-44 45-54 Over 55

Women 0 0 2 0 2 0
Men 0 0 2 2 3 0

All 0 0 4 2 5 0

Out of the 11 participants, 6 reported having no earlier experience on head
mounted displays, 4 reported having some earlier experience, and 1 reported
using one regularly. When asked about earlier experience from using voice
command, 5 participants reported having no experience, 4 reported having
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some experience, and 2 reported using voice command regularly. How users
were divided between earlier experience on using voice command and head
mounted displays is presented in Table 6.6.

All participants reported to be native Finnish-speakers and using Finnish
on a daily basis. 10 out of the 11 participants reported their English skills
to be good while one participant reported their English skills as adequate. 9
users reported using English on a weekly basis, one participant reported using
English on a daily basis, and one reported using English on a monthly basis.
The user who reported their English skills as adequate and using English on
a monthly basis was the same person.

Table 6.6: Participants of the voice command performance test divided be-
tween earlier experience of HMD devices and voice command. HMD experi-
ence is presented on rows and voice command experience on columns.

HMD \ Voice command No exp. Some exp. Uses regularly

No exp. 4 2 0
Some exp. 1 2 1

Uses regularly 0 0 1

After completing uttering the 12 rounds of command phrases, the users
were asked to answer how they would react on claims about using voice
command and the HMD. The answers were given using a seven-level Likert
scale. In this scale, answering with the value 1 meant that the user strongly
disagreed with the claim. Answering with the value 7 meant that the user
strongly agreed with the claim. Participants could choose a value between 1
and 7 to express how strongly they disagreed or agreed with the presented
claim. The users were asked to react to the following claims.

1. I would be pleased to use the HMD in the future

2. I would prefer to use the HMD with Finnish voice command

3. I would prefer to use the HMD with English voice command

4. The HMD recognized my commands well in Finnish

5. The HMD recognized my commands well in English

6. The HMD felt comfortable to wear
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The 11 participants of the test answered to these questions evaluating the
claims from 1 to 7. The means of these evaluations with standard deviations
and variances are presented in Table 6.7. The means with standard deviations
are also presented in Figure 6.5.

Table 6.7: Means, standard deviations and variances calculated for the re-
sults on the seven-level Likert scale answers to presented claims on the voice
command performance test. Value of 1 implies the user strongly disagrees
with the claim. Value of 7 implies the user strongly agrees with it.

Claim no. 1 2 3 4 5 6

Mean 5.82 5.82 6.09 6.09 5.45 4.73
St. dev. 0.87 1.66 1.04 0.54 1.29 1.56

Variance 0.76 2.76 1.09 0.29 1.67 2.42

When being asked whether they would want to use the HMD in the
future, the participants in this test reported a mean of 5.82, with a standard
deviation of 0.87, and a variance of 0.76. The mean value for this claim
in this test was 0.58 higher than in the previous test. However, means of
both results are within respective standard deviations from each other. It
can be assumed that interest in using the HMD after the voice command
performance test was similar to the user demo test. The users seemed to
show slight to strong agreement to this claim in both cases.

On the question whether the participants would prefer using the HMD
with Finnish voice command, they reported a mean value of 5.82, with a
standard deviation of 1.66, and a variance of 2.76. The reported mean to
using Finnish voice command in this test was 0.11 higher than in the previous
test. However, the standard deviation to this question in this test was 0.56
higher than in the user demo test.

When asked whether they would prefer using the device with English voice
command, the users reported a mean of 6.09, with a standard deviation of
1.04, and a variance of 1.09. This mean, in turn, is 0.27 higher than the one
on the question about Finnish voice command in this test. Compared to the
respective question in the user demo test, the mean value in this test was 0.38
higher. The standard deviation for preferring to use English voice command
was 0.62 lower when compared to the claim about preferring Finnish. These
results would implicate that the users in this test would prefer using the
voice commands in English to Finnish commands. Some of the participants
commented that they would prefer English because the terms and programs
they work with are already in English. Some also commented they would
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Figure 6.5: Means with ± 1 standard deviation of the seven-level Likert scale
answers to presented claims on the voice command performance test. Value
of 1 implies the user strongly disagrees with the claim. Value of 7 implies
the user strongly agrees with it.

prefer to be able to use both languages in tandem or switch between the
languages quickly.

When asked whether the HMD recognized spoken commands well in
Finnish, the participants reported a mean of 6.09, with a standard devia-
tion of 0.54, and a variance of 0.29. With a high mean and a low standard
deviation, it can be assumed that the users felt that the Finnish voice com-
mands were recognized well. The mean to the question in this test was 0.58
lower than to the one in the user demo test. However, in both tests, this was
the claim to which the participants agreed most strongly.

To the question about the HMD recognizing voice commands well in
English, the users answered with a mean of 5.45, a standard deviation of
1.29, and a variance of 1.67. The mean value to this question was 0.64 lower
than to the respective one in Finnish. This implies that the users felt the
HMD recognized their commands better in Finnish even though they would
still prefer to use voice command in English. However, the distinction how
users felt the device recognized commands between different languages was
more clear than for the preferred use of the languages.

Finally, the participants were asked whether the HMD felt comfortable
to wear. To this question they reported a mean of 4.73, with a standard
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deviation of 1.56, and a variance of 2.42. The mean value to the question in
this test was 0.41 lower than for the same one in the user demo test. This may
be due to the fact that the users were wearing the device for approximately
an hour while they were wearing it only form 10 to 15 minutes in the user
demo test. If the HMD felt uncomfortable to some, the feeling was likely
to have been amplified during the course of the longer test. In the voice
command performance test, some participants reported that the device felt
heavy or that they felt stiffness in the neck after wearing it for a long period
of time.

After having answered to the questionnaire, a free-form discussion about
the user experience was performed. Based on these discussions, users were
encouraged to write down any thoughts that might have occurred during the
test. Most comments focused on the display of the HMD. Some users felt
the display of the device was quite small or hard to see. These comments
were in line with the ones from the user demo test. Besides the comments
about the display and the HMD being heavy or causing stiffness, no other
comments were made.

Table 6.8: Command error rate (CER) means, standard deviations and vari-
ances for voice command in Finnish, in English, and both combined.

CER Finnish English All

Mean 3.74% 7.59% 5.79%
St. dev. 2.54 5.15 3.35

Variance 6.47 26.50 11.22

In addition to the questionnaire data, statistics about the voice com-
mand recognition performance was collected. On every utterance of each
command word on each round, whether the recognition was successful or not
was marked down. From this data, command error rates were calculated for
the HMD in general, Finnish and English commands, different noise situa-
tions, and each command word.

From the utterances of the 62 command phrases for 12 rounds by the 11
participants, command error rates were calculated. For both languages and
all noise scenarios, a mean command error rate of 5.79% was obtained, with
a standard deviation of 3.35 percentage points, and a variance of 11.22. For
Finnish commands in all noise scenarios, a mean CER of 3.74% was obtained,
with a standard deviation of 2.54 percentage points, and a variance of 6.47.
For English voice commands in all noise scenarios, a mean CER of 7.59%
was obtained, with a standard deviation of 5.15 percentage points, and a
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variance of 26.50. The command error rates for both languages individually
and combined can be seen in Table 6.8 and in Figure 6.6.
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Figure 6.6: Means with ± 1 standard deviation of the command error rates
for Finnish, English and all voice commands.

When comparing command error rates for Finnish and English voice com-
mands, the mean for the Finnish CER was 3.85 percentage points lower than
the respective mean for English commands. For the native Finnish-speakers
that participated in this test, this resulted in 50.7% less errors for Finnish
voice commands when compared to English commands. The standard devi-
ation for Finnish commands was also notably smaller when compared to the
standard deviation for English commands. The variation between command
error rates in English for different users was obvious. For some users the CER
for English commands was lower than for Finnish commands while for other
users the CER for English commands was notably higher than for Finnish
commands.

To find out whether the difference in command error rates for Finnish and
English commands was statistically significant, a reference value was simu-
lated. The Finnish and English CERs for each participant were randomly
divided into two groups. The difference of the means of these groups was
then calculated. This procedure was simulated 1000 times and the mean
of these differences with variance, standard deviation, and 95% confidence
interval were calculated. The results of the simulation are presented in Table
6.9.
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Table 6.9: Comparison simulation results for two randomly divided groups
of command error rates.

Simulation rounds 1000
Simulated mean of differences 1.61

Simulated sample variance 1.33
Simulated standard deviation 1.15

95% confidence interval for simulated mean 0.07
Sim. mean with 95% confidence interval 1.61 ± 0.07

By randomly dividing the CER results from all users into two groups,
a comparison value for the difference of the two groups was obtained. By
simulating this random division, a mean value for the differences between two
groups of 1.61 percentage points was obtained, with a standard deviation of
1.15. If by randomly dividing command error rates for a single language per
user put out a mean difference of 1.61 with a standard deviation of 1.15,
and dividing command error rates by language put out a difference of 3.85
percentage points, it can be said that the difference resulted from users using
Finnish in stead of English voice commands was statistically significant and
not a result of random variation within the CER data [35]. The comparison
of the differences created by simultaion and dividing command error rates
by language is presented in Figure 6.7. The source code of the simulation
program created can be found in Appendix B.

When grouped into the three different noise scenarios used in the test,
the results clearly showed better command recognition performance in the
situation with little to no background noise when compared to situations with
loud background noise. The command error rate means, standard deviations
and variances for different background noise scenarios are presented in Table
6.10 and in Figure 6.8.

Table 6.10: Command error rate (CER) means, standard deviations and
variances for voice command in tested noise scenarios.

CER No Noise Constant Noise Random Noise

Mean 3.26% 7.11% 6.60%
St. dev. 2.72 5.39 3.18

Variance 7.37 29.09 10.12

For the test rounds where no background noise was added—resulting in
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Figure 6.7: The mean of differences in command error rates of randomly
divided groups with ± 1 standard deviation obtained by simulation, and
difference of command error rates between Finnish and English.

an average background noise of 13 dB caused by the ventilation and fan
noise from computers—a mean command error rate of 3.26% was obtained,
with a standard deviation of 2.72 percentage points, and a variance of 7.37.
When a constant, industrial fan type noise was played in the background
with an average level of 60 dB, a mean command error rate of 7.11% was
obtained, with a standard deviation of 5.39 percentage points, and a variance
of 29.09. For the third noise scenario with a more dynamic noise including
randomly placed transients played in the background on an average level of
48 dB, a mean CER of 6.60% was obtianed, with a standard deviation of
3.18 percentage points, and a variance of 10.12.

When comparing the different noise scenarios, the one with no added
background noise clearly outperforms the ones with added noise in the back-
ground. The noise scenario with constant background noise had a higher
mean command error rate than the one with random noise. However, the
constant noise scenario also had a higher standard deviation which means
that there was much more variety in the command recognition performance
between users. For a certain group of users, this makes the constant noise
CER lower than for the random noise scenario.

If the command error rates for different noise scenarios are further divided
by language, it can be seen that both Finnish and English commands behave



CHAPTER 6. TESTING 64

0.00	  

2.00	  

4.00	  

6.00	  

8.00	  

10.00	  

12.00	  

14.00	  

No	  Noise	   Constan	  Noise	   Random	  Noise	  

CE
R	  
%
	  

Figure 6.8: The command error rate means with ± 1 standard deviation for
tested noise scenarios.

similarly in different noises. The CER means and standard deviations for all
noise scenarios and for both languages individually are presented in Table
6.11 and in Figure 6.9.

For the scenario with no added background noise, a mean command er-
ror rate of 1.76% for Finnish voice command and 4.77% for English were
obtained. When comparing the languages, for Finnish voice command, the
mean CER for this scenario is 3.01 percentage points—or 63.1%—smaller
than for English. For the scenario with added constant noise, a mean CER
of 5.06% for Finnish and 9.24% for English were obtained. In this case, the
Finnish mean CER was 4.18 percentage points and 45.2% smaller than for
English. For the scenario with added random noise, a mean CER of 4.40%
for Finnish and 8.80% for English were obtained. For this scenario, the CER
was 4.40 percentage points and 50.0% smaller for Finnish when compared to
English.

For both languages individually, the scenario with no added background
noise outperforms the ones with added noise. The constant noise scenario has
a larger mean CER for both languages when compared to the random noise
scenario. However, the standard deviation for the constant noise scenario is
also larger for both languages when compared to the random noise scenario.
This is especially true for Finnish with the constant noise standard deviation
being 102% larger than the standard deviation of the random noise scenario.
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Table 6.11: Command error rate (CER) means and standard deviations for
Finnish and English voice command in tested noise scenarios.

Mean No Noise Constant Noise Random Noise

Finnish 1.76% 5.06% 4.40%
English 4.77% 9.24% 8.80%

St. dev. No Noise Constant Noise Random Noise

Finnish 1.02 6.44 2.82
English 5.17 6.44 4.78

Otherwise, the standard deviations for all scenarios are greater for English
voice command.

To study whether the length of the command word impacts the command
recognition performance, command error rates for short and long command
phrases were calculated. The command phrases used in the head mounted
display during the test were divided into two groups based on their length.
command phrases with two syllables or less were defined as short commands
and command phrases with three syllables or more were defined as long ones.

Table 6.12: Amount of command phrases and command error rate (CER)
means, standard deviations and variances for short and long command
phrases.

CER Short Long

Amount 60 64
Mean 9.18% 2.65%

St. dev. 9.33 3.14
Variance 87.04 9.83

Of all the 124 possible command phrases, both in Finnish and in English,
60 were defined as short commands and 64 were defined as long ones. For
short command phrases a mean command error rate of 9.18% was obtained
while the respective value for long commands was 2.65%. Standard devi-
ations of 9.33 percentage points for short commands and 3.14 percentage
points for long ones were obtained. Variances of 87.04 for short and 9.83 for
long commands were obtained. The command error rates for short and long
commands words are presented in Table 6.12 and in Figure 6.10.
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Figure 6.9: The command error rate means with ± 1 standard deviation for
tested noise scenarios for Finnish and English.

When comparing the short command phrases to the long ones, it is ob-
vious that the long commands were recognized with more success than the
short. The short commands had a command error rate mean that is 6.53
percentage points and 246% higher when compared to the group of long com-
mands. The standard deviations between short and long command phrases
also had a clear difference. For short commands, a standard deviation of
9.33 percentage points was obtained. For long commands, the respective
value was 3.14 percentage points. This implies that the HMD performed
better and more reliably with long command phrases than with short ones.

When further dividing short and long command phrases between Finnish
and English commands, similar behaviour in command recognition can be
seen. Out of the 62 possible command phrases in Finnish, 20 were defined as
short and 42 as long. For English voice commands, 40 were defined as short
while 22 were defined as long. For short Finnish command phrases, a mean
command error rate of 7.42% was obtained with a standard deviation of 9.90
percentage points. The respective values for long Finnish commands were a
mean of 1.98% and a standard deviation of 2.59 percentage points. For short
English commands, a mean CER of 10.05% was obtained with a standard
deviation of 8.90 percentage points. For long English commands, these values
were 3.93% and 3.64 percentage points. The amounts of short and long
command phrases and command error rate means, standard deviations and
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Figure 6.10: The command error rate means with ± 1 standard deviation for
short and long command phrases.

variances in Finnish and English are presented in Table 6.13.
As can be seen from Figure 6.11, the Finnish command phrases out-

performed the English ones in both short and long command groups. The
two languages seem to have behaved similarly with both having larger mean
CERs for short commands than for long ones. In addition, for both languages
the standard deviation for short command phrases was clearly greater when
compared to the respective value for long commands.

When inspecting the outlier command phrases in terms of command error
rate, some commands stood out performing particularly well or exception-
ally poor. As examples of well-performing command phrases, 30 commands
with a mean command error rate of 0% were found. These top-performers
included the following command phrases: in Finnish Kyllä, Numero yksi, Nu-
mero Kaksi, Numero Kolme, Numero yhdeksän, Laajenna, Loitonna, Edelli-
nen, Seuraava, Pysäytä, Siirry takaisin, Peruuta, Keskeytä, Ohje, Kelaa
eteen, Kelaa taakse, Kirkas, Voimista, Vaihda kameratila, Tallennus, Soita,
Skannaa; and in English Yes, Number five, Number six, Number eight, Next,
Location, Image, Input.

Likewise, some exceptionally poor performing command phrases were
found. As examples of poorly performing commands, 7 command phrases
with command error rates over 20% were found. From these, 4 commands
were English: Top with a mean CER of 36.36% and a standard deviation of
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Table 6.13: Amount of command phrases and command error rate (CER)
means, standard deviations and variances for short and long command
phrases in Finnish and English.

Finnish Short Long

Amount 20 42
Mean 7.42% 1.98%

St. dev. 9.90 2.59
Variance 98.00 6.72

English Short Long

Amount 40 22
Mean 10.05% 3.93%

St. dev. 8.90 3.64
Variance 79.26 13.29

33.95 percentage points, Right with a mean of 35.85% and a standard devi-
ation of 22.98 pp, Enter with a mean of 22.73% and a standard deviation of
24.90 pp, and Bottom with a mean of 22.73% and a standard deviation of
19.17 pp. Three of these poor-performing commands were in Finnish: Lop-
puun with a mean CER of 34.85% and a standard deviation of 24.05 pp,
Syöte with a mean of 27.27% and a standard deviation of 28.67 pp, and Alas
with a mean of 24.24% and a standard deviation of 21.75 pp. The command
error rates for all tested command phrases are presented in Appendix A.

In general, when the CER mean grew larger between different command
phrases, the standard deviation tended to grow as well. This trend can be
seen well in Figure 6.12. This implies that when a certain command word
performed well it tended to perform equally well for different participants of
the test. However, when a command word had a large mean command error
rate, the variety in recognition performance between users grew as well.

General observations made during testing showed that when the HMD
was set to recognize English voice commands, false positive recognitions were
more frequent. Even though studying false positive behaviour was not the
main focus of this test, some general observations were made. False positives
that were triggered without user input were most prominent in the random
noise scenario when the device was set to English. Furthermore, misrecog-
nitions—situations where the user intended to say one command and the
HMD recognized another—were also more frequent for English commands.
While no quantitative data from misrecognitions were made, the recorded
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Figure 6.11: The command error rate means with ± 1 standard deviation for
short and long command phrases in Finnish and English.

observations gave some insight on misrecognition behaviour.
Most typical misrecognitions included the following commands: intended

command Top was recognized as ”Up”, intended command Right was recog-
nized as ”Bright”, intended command Enter was recognized as ”End call” or
”Exit”, intended command Bright was recognized as ”Right”, intended com-
mand Home was recognized as ”Photo” or ”Call”, intended command Call
was recognized as ”Home”, and intended command End call was recognized
as ”Enter”.

While false positive recognitions and misrecognitions were not as frequent
for Finnish voice commands, some still occurred. The most typical misrecog-
nition for Finnish voice commands was the intended command Syöte being
recognized as ”Syötä”. However, when recognizing the intended command
Syötä, no frequent misrecognitions were encountered.

The results and the tests in general are discussed more in Chapter 7.
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Figure 6.12: Command error rate (CER) means and standard deviations of
different command phrases. The trendline shows that when a command has
a large CER mean, it also tends to have a large standard deviation.



Chapter 7

Discussion

The appeal and performance of Finnish voice command on a Fujitsu HMD
IOT001 head mounted display device were tested with two tests. The first
one was a user test with the aim to study the appeal and overall usability
of using voice command with the device. The second test was conducted to
study the performance of Finnish and English voice command by measuring
the command error rate for different command phrases in both languages.
This chapter discusses the setups and results of these two tests. In addition,
future work for applying Finnish voice command on head mounted displays
in real-life tasks is discussed.

7.1 User Demo Test

The user demo tests were conducted using a 10-minute user demo created
with a Fujitsu augmented reality application. We were pleased to find that
people who participated were generally interested in and impressed with the
voice command features. However, before drawing conclusions, it must be
considered that the participation was voluntary. Thus, the people who par-
ticipated showed some initial interest in the subject already by trying out the
demo. Furthermore, all who participated were somewhat technically oriented
by their occupation or education. It is possible—even likely—that this can
skew the results. Nevertheless, most real-life use cases would involve users
that are working with technology in some form making the user population
somewhat representative of the actual end users.

Most participants had no prior experience on head mounted displays.
Additionally, most users had no or some experience using voice command.
Only two participants used one of the two regularly. Thus, it can be said
that the results of the user demo test are representative in a first-impressions
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situation. The user data and comments are applicable in the case where the
users have little prior experience in using voice command in HMDs. The
usability for expert users and the long-term appeal should be studied using a
more representative population and possibly with a longitudinal study. For
more thorough user test results, a test using real-life tasks performed by
real-life users should be conducted.

Some participants had trouble fitting the HMD comfortably on their
heads. The user demo lasted for about 10 minutes which leaves a relatively
short time period to properly fine-tune the position of the display and the
device itself. We found out during the months of working on this thesis that
it can take some days or even weeks to get used to wearing the HMD. Fur-
thermore, finding a comfortable position for the screen and getting used to
it took an equally long time. Again, a longitudinal study with real-life users
who have time to get used to the device could provide better insight on the
matter of comfort. However, these results provide a good starting point on
which aspects to study in more detail.

The user demo test results provided some insight on how people experi-
enced using Finnish voice command on a head mounted display. Some initial
insight was obtained on the appeal of using such a device with voice com-
mand, how easy it was to use, how well the users perceived the recognition
to be, and how comfortable the device was to wear. However, this test did
not provide insight on how successfully and efficiently users could complete
tasks. This was partly due to the demo software that was made to present
the HMD capabilities and not for any real-life task. To study usability in
terms of task completion and efficiency, a user test with real-life tasks using
appropriate software should be conducted.

7.2 Voice Command Performance Test

To study the performance and reliability of voice command on the HMD,
a test involving participants speaking out loud command phrases in Finnish
and in English was conducted. This test had users uttering command phrases
in different noise scenarios in both languages. Command error rates were
then measured and means calculated for the individual command phrases,
languages and the three different noise scenarios. Participants were also
asked to evaluate the user experience similarly to the user demo test.

Like in the user demo test, the participation to this test was voluntary
as well. All the participants were working in an ICT company and thus
somewhat familiar with and interested in technology. All participants were
between ages of 25 and 54. In terms of age, the participants represented
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the working population. Most participants had little to no prior experience
on voice command or using head mounted displays. Thus, the results are
representative of a first-impressions type of situation. To study how voice
command performs on expert users, a study with an accordingly representa-
tive user population should be conducted.

We were pleased to find that, in general, the participants were pleased and
impressed with the voice command both in Finnish and in English. Results
on the user questionnaire were largely similar to the ones from the user demo
test. However, one notable difference was found in the question asking users
to evaluate the comfort of wearing the HMD. In this test, participants wore
the device on their heads for about an hour in stead of the ten minutes in the
user demo test. Even though, the time the users wore the HMD was much
longer, the time to fit the device on the head was not significantly longer.
This was due to voice command recognition performance being in the main
focus of the test. Thus, a proper fit of the HMD was not necessary. This can
possibly explain why the users rated the HMD comfort lower in this case.

When asked about whether they would prefer to use voice command
in Finnish or in English and whether they felt the device recognized their
commands well in each language, interestingly, the results were somewhat
contradictory. On average, the participants would slightly prefer to use
voice commands in English to Finnish even though the actual recognition
performance was significantly better for Finnish voice command. Based on
comments from the participants, this was partly because most jargon words
and commands they use in their work are already in English. However, when
asked whether they felt the HMD recognized their commands well, the results
were in line with the actual performance of Finnish outperforming English.
The performance between the two languages differed quite much between
different users. Thus, it is advised to provide real-life users the option to use
the device in their native language or in English depending on the task and
the individual user.

When measuring the performance of voice command recognition, we felt
the key takeaway from this test was that, for native Finnish-speakers, en-
abling voice command in Finnish provides more reliable and consistent per-
formance regardless of the possible background noise. The recognition rates
for English voice command could be improved by using longer command
phrases, using a more suitable acoustic model for Finnish speakers, or en-
abling the recognizer to adapt to each user individually. These actions would,
of course, improve the recognition in Finnish as well. The obvious reason for
better performance in Finnish, could be that there was much less variation
in the way the participants pronounced words and phrases in Finnish when
compared to English. This made the recognition task easier for the system.
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In noisy environments, some notable behaviours in recognition were ob-
served. The recognition process became notably slower, the command error
rates for both languages increased, and the amount of false positive recogni-
tions increased. One possible way to improve the time it takes to produce a
recognition result is to improve the endpointing algorithms to make a bet-
ter distinction between noise and speech. In addition, a way for the user
to notify the system when they want it to recognize a command could im-
prove the recognition time and help to reduce the amount of false positive
recognitions. To improve the recognition performance in noisy environments,
using an acoustic model that has been trained with accordingly noisy train-
ing data or enabling the model to adapt to the actual real-life noise should
be considered.

7.3 Future Work

This thesis provided an initial look into Finnish voice command in head
mounted display devices. However, to gain a more in-depth understanding
of the topic, more work needs to be done. As mentioned earlier in this chap-
ter, most of the results are representative of a certain type of inexperienced
users. In order to learn about the performance and experiences on a wider
population of users, more tests and interviews should be conducted. Tests
with a bigger sample population were not feasible in the context of this thesis
but should be considered for future work. In addition longitudinal studies
and studies with real-life users working on real-life tasks should be considered
as well.

To improve the recognition performance of the HMD, tuning the recog-
nizer and the voice command system is recommended. While implementing
user and noise adaptation to the recognizer could greatly improve recognition
on some users, simply by fine-tuning the recognizer parameters or the voice
command grammar could provide some improvement as well. It is recom-
mended that the voice command system on the HMD is fine-tuned based on
the results of these tests and then tested again to see whether the recognition
performance and user experience are improved. To learn about the effects of
false positive recognitions in noisy conditions, it is recommended that the oc-
currence of false positives are studied in completing real-life tasks. This way,
it is possible to find the balance of maximizing the recognition rate of the
correct recognitions while minimizing the rate of false positive recognitions.



Chapter 8

Conclusions

In an ideal situation, head mounted displays provide many advantages over
traditional computer workstations or mobile devices. This is especially true
in tasks that require hands-free and eyes-free operation. However, to achieve
a user experience that is both effective and pleasant to use, many aspects need
to be considered. This thesis has gathered information about these aspects
including an overview of a voice command system, an overview on automatic
speech recognition needed in such a system, the structure of an HMD and
guidelines for multi-modal user interface design, and the differences between
voice command in Finnish and English. Finally, two tests were conducted to
study the appeal and performance of Finnish voice command in a real-life
head mounted display device.

In order to achieve effective and productive hands-free use on an HMD,
the principles of designing for a voice user interface and a multi-modal inter-
face need to be understood. This thesis has provided some general guidelines
as initial reading on the subject. In addition, the different technical details on
speech recognition and voice command are introduced alongside some meth-
ods for noise-robustness. While an in-depth study on each of the subjects
would be too great of a task for a Master’s Thesis, the overall concepts are
introduced in a manner that is needed to understand the big picture. Fur-
thermore, using Finnish as the language in voice command introduces yet
another level of knowledge to be understood. The special requirements of
designing real-life use of a Finnish voice command system were introduced
on a general level that is needed to start applying Finnish in real-life use of
voice command.

Two tests were conducted to test the appeal, user experience and perfor-
mance of Finnish voice command on a head mounted display. The first test
was a user demo test, conducted to study the appeal and user experience
of voice command in Finnish and the HMD that was used. The test was
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performed with the use of a demo application created with an augmented re-
ality application used on the HMD. The participants were all native Finnish-
speakers with little to no prior experience on voice command or head mounted
displays. The overall impression obtained from the test was that the partici-
pants were interested in and impressed with the voice command recognition
of the device. However, some users felt the HMD screen was difficult to see
properly. Nevertheless, it was speculated that this could be improved as
users get used to wearing the device and learn how to properly fit the device
on the head.

The second test was conducted to study the voice command recognition
performance on native Finnish-speaking users. The test had participants to
speak out loud different voice command phrases in Finnish and in English, in
three different background noise scenarios. The results showed that for these
users, on this device, voice command in Finnish outperformed English voice
commands. Regardless of this result, when asked, the participants seemed
slightly more interested in using voice command in English. Nevertheless,
they felt that the device recognized their commands better in Finnish. This
was in line with the actual command error rate data measured. When back-
ground noise was introduced, the command error rate increased for both
languages consistently. In addition, the results clearly implicated that using
longer command phrases improved recognition. However, introducing longer
commands slows down the interaction. Thus, a balance between reliable
recognition performance and efficiency should be found. Overall, Finnish
voice command performed better than English in all tested comparisons.

The results from these two tests provided an insightful first look into using
voice command on this particular device. However, future improvements
on the recognition models, introducing user and noise adaptation as well
as user interface improvements to further improve performance should be
considered. After fine-tuning the recognition and voice command system
parameters based on the results of this thesis, more user tests with real-life
users completing real-life tasks are recommended to be conducted. Once all
the presented aspects are understood and implemented accordingly, and the
voice command system is fine-tuned to suit a particular real-life task, the use
of voice command on a head mounted display can introduce great advances
in productivity in ubiquitous tasks.
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Appendix A

Command Error Rates Per Word

This appendix presents the command word error rate means per command
word in Finnish and in English.

Table A.1: Command error rate (CER) means, standard deviations and vari-
ances for voice command phrases in Finnish, arranged by CER means.

Command in Finnish CER mean St. dev. Variance

Loppuun 34.85% 24.05 578.51
Syöte 27.27% 28.76 821.85
Alas 24.24% 21.75 472.91
OK 16.67% 29.30 858.59

Valokuvan tarkkuus 10.61% 16.32 266.30
Videon tarkkuus 10.61% 19.17 367.31

Syötä 7.58% 13.03 169.88
Kuva 7.58% 10.93 119.38
Jatka 6.06% 12.86 165.29

Sijainti 6.06% 12.86 165.29
Lopeta 6.06% 8.02 64.28

Ylös 4.55% 10.28 105.60
Hiljennä 4.55% 10.28 105.60

Kotivalikko 4.55% 10.28 105.60
Sulje 4.55% 7.42 55.10

Sulje tiedosto 4.55% 7.42 55.10
Valikko 4.55% 7.42 55.10

Tuki 4.55% 7.42 55.10
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Command in Finnish CER mean St. dev. Variance

Ei 3.03% 9.58 91.83
Alkuun 3.03% 9.58 91.83

Pienennä 3.03% 6.43 41.32
Vasen 3.03% 6.43 41.32
Video 3.03% 6.43 41.32

Näytä kuva 3.03% 6.43 41.32
Numero neljä 1.52% 4.79 22.96
Numero viisi 1.52% 4.79 22.96

Numero kuusi 1.52% 4.79 22.96
Numero seitsemän 1.52% 4.79 22.96
Numero kahdeksan 1.52% 4.79 22.96

Numero nolla 1.52% 4.79 22.96
Lähennä 1.52% 4.79 22.96

Oikea 1.52% 4.79 22.96
Poistu 1.52% 4.79 22.96

Valinnat 1.52% 4.79 22.96
Näytä 1.52% 4.79 22.96

Tumma 1.52% 4.79 22.96
Puhekomento 1.52% 4.79 22.96

Näppäinkomento 1.52% 4.79 22.96
Askelpalautin 1.52% 4.79 22.96

Lopeta puhelu 1.52% 4.79 22.96
Kyllä 0% 0 0

Numero yksi 0% 0 0
Numero kaksi 0% 0 0

Numero kolme 0% 0 0
Numero yhdeksän 0% 0 0

Laajenna 0% 0 0
Loitonna 0% 0 0
Edellinen 0% 0 0
Seuraava 0% 0 0
Pysäytä 0% 0 0

Siirry takaisin 0% 0 0
Peruuta 0% 0 0

Keskeytä 0% 0 0
Ohje 0% 0 0
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Command in Finnish CER mean St. dev. Variance

Kelaa eteen 0% 0 0
Kelaa taakse 0% 0 0

Kirkas 0% 0 0
Voimista 0% 0 0

Vaihda kameratila 0% 0 0
Tallennus 0% 0 0

Soita 0% 0 0
Skannaa 0% 0 0
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Table A.2: Command error rate (CER) means, standard deviations and vari-
ances for voice command phrases in English, arranged by CER means.

Command in English CER mean St. dev. Variance

Top 36.36% 33.95 1152.43
Right 34.85% 22.98 528.01
Enter 22.73% 24.90 619.83

Bottom 22.73% 19.17 367.31
OK 19.70% 32.43 1051.42

Scan 19.70% 25.44 647.38
Dark 18.18% 13.21 174.47
Left 18.18% 24.05 578.51

Help 18.18% 29.69 881.54
Stop 15.15% 18.06 325.99

Switch camera mode 13.64% 29.14 849.40
Close 13.64% 11.93 142.33
Exit 13.64% 22.27 495.87

Cancel 13.64% 18.56 344.35
Down 12.42% 14.50 210.28

Fast rewind 12.12% 20.21 408.63
Call 12.12% 12.49 156.11

Reduce 10.61% 12.86 165.29
End call 10.61% 12.86 165.29

Photo 9.09% 13.03 169.88
Volume up 9.09% 19.28 371.90

Home 9.09% 13.03 169.88
Storage 9.09% 8.30 68.87

No 7.58% 10.93 119.38
Bright 7.58% 10.93 119.38

Up 6.36% 11.05 122.13
Expand 6.06% 10.71 114.78
Proceed 6.06% 8.02 64.28

Fast forward 6.06% 10.71 114.78
Keyboard operation 6.06% 8.02 64.28

Photo resolution 6.06% 8.02 64.28
Support 4.55% 10.28 105.60

Number zero 4.55% 7.42 55.10
Video 4.55% 7.42 55.10

Zoom out 3.03% 9.58 91.83
Menu 3.03% 9.58 91.83
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Command in Finnish CER mean St. dev. Variance

View 3.03% 9.58 91.83
Volume down 3.03% 9.58 91.83
Number four 3.03% 6.43 41.32

Number seven 3.03% 6.43 41.32
Previous 3.03% 6.43 41.32

Freeze 3.03% 6.43 41.32
Settings 3.03% 6.43 41.32

Abort 3.03% 6.43 41.32
Voice command 3.03% 6.43 41.32

Video resolution 3.03% 6.43 41.32
Number one 1.52% 4.79 22.96
Number two 1.52% 4.79 22.96

Number three 1.52% 4.79 22.96
Number nine 1.52% 4.79 22.96

Close file 1.52% 4.79 22.96
Zoom in 1.52% 4.79 22.96
Go back 1.52% 4.79 22.96

Back space 1.52% 4.79 22.96
Yes 0% 0 0

Number five 0% 0 0
Number six 0% 0 0

Number eight 0% 0 0
Next 0% 0 0

Location 0% 0 0
Image 0% 0 0
Input 0% 0 0
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Simulation Source Code

This appendix presents the source code for the simulation created in Mathe-
matica 10.3.0.0 to evaluate statistical significance of the results.

(* Simulator module for one simulation round *)

simulatorDifference[] := Module[

{samples, group1, group2, mean1, mean2, diff, rnd, i,},

(* Sample values of percentage of voice command recognition both in \

Finnish and English *)

samples = {2.688, 13.17, 2.957, 13.98, 2.419, 5.376, 5.108, 4.57,

7.796, 18.82, 6.559, 2.957, 6.72, 1.613, 1.882, 3.226, 2.688,

1.882, 2.419, 9.677, 6.452, 1.613};

(* Lists for two randomly divided groups are created *)

group1 = {};

group2 = {};

(* Sample values are randomly divided into two groups *)

i = 0;

Do[

rnd = RandomInteger[];

i++;

If[rnd == 1,

group1 = Append[group1, samples[[i]]];,

group2 = Append[group2, samples[[i]]];
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];

, 22

];

(* Means of both groups are calculated *)

mean1 = Mean[group1];

mean2 = Mean[group2];

(* The difference of the two groups is calculated *)

diff = mean1 - mean2;

(* The absolute value is calculated so that the difference can be \

returned as a positive value *)

Abs[diff]

]

res = {};

simAm = 1000; (* Set amounth of simulation rounds *)

(* Simulate set \

amount of rounds dividing sample values into two random groups and \

take difference of means *)

Do[

res = Append[res, simulatorDifference[]];

, simAm

];

(* Print results *)

Print["\n\t\t\t\t\t ***RESULTS***"];

Print["Simulation rounds:\t\t\t\t\t\t\t ", simAm];

Print["Simulated mean of differences:\t\t\t\t ", mean = Mean[res]];

Print["Simulated sample variance:\t\t\t\t\t ", var = Variance[res]];

Print["Simulated standard deviation:\t\t\t\t ", stdev = Sqrt[var]];

Print["95% confidence interval for simulated mean:\t",

confInt =

Quantile[NormalDistribution[0, 1], 0.975]*(stdev/Sqrt[simAm])];

Print["Sim. mean with 95% confidence intervals:\t ", mean,

" \[PlusMinus] ", confInt];
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***RESULTS***

Simulation rounds: 1000

Simulated mean of differences: 1.60693

Simulated sample variance: 1.32944

Simulated standard deviation: 1.15301

95% confidence interval for simulated mean: 0.0714631

Sim. mean with 95% confidence intervals: 1.60693 \[PlusMinus] 0.0714631



Appendix C

User Demo Test Plan

This appendix is the original plan for the user demo test composed before
conducting the tests.

TEST 1 - User demo test

Location
Conference room

Date
16.5.-3.6.2016

Duration
About 10 minutes / person

Test Setup
Users wear the HMD device and participate in a demo created for this test.
In the demo, users point the HMD camera to an AR marker and follow the
instructions viewed by the AR application on screen. They must navigate
through the demo using voice command according to the instructions viewed
on screen. The time it takes for a user to complete the demo is recorded.
After the demo, users answer to a questionnaire and free form interview ques-
tions.
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Test consists of

• Demo

• Questionnaire

• Interview

Information asked from the users

• Age group

• Gender

• Earlier voice command experience

• Earlier HMD experience

• Finnish / English language skills

• Finnish / English language use

• I would be pleased to use the HMD in the future

• I would prefer to use the HMD with voice command

• The HMD was easy to use

• The HMD recognized my commands well

• I always knew which commands the HMD could recognize

• The HMD felt comfortable to wear

Equipment needed

• 2 x HMD device

• 2 x HMD keyboard

• HMD spare batteries

• HMD battery charger

• Questionnaires

• Computer



Appendix D

Voice Command Performance Test
Plan

This appendix is the original plan for the voice command performance test
composed before conducting the tests.

TEST 2 - Voice Command Performance

Location
Conference Room

Date
16.5.-3.6.2016

Duration
60 minutes / person

Test Setup
The test will be conducted in the Studio Room, which is a quiet and remote
location. The users are wearing the HMD device and speak out command
phrases presented to them. Whether the device recognizes the uttered com-
mand or not is written down. All available command phrases are spoken
twice per each type of background noise. The noise will be recreated by
playing a noise sample track on a speaker. After the participating in the
test, the users will answer a questionnaire and free-form interview questions.
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Individual test setups
Each noise setup will be tested with both Finnish and English voice command

• Noiseless (typical office ambience)

• Constant industrial background noise (low level, 60 dB)

• Constant industrial background noise (high level, 80 dB)

• Transient-rich office background noise (low level, 60 dB)

• Transient-rich office background noise (high level, 80 dB)

Information asked from the users
Before the test

• Age group

• Gender

• Earlier voice command experience

• Earlier HMD experience

• Finnish language skills

• Finnish language use

• English language skills

• English language use

After the test

• I would be pleased to use the HMD in the future

• I would be pleased to use the HMD in Finnish

• I would be pleased to use the HMD in English

• The HMD was easy to use

• The HMD recognized my commands well

• The HMD felt comfortable to wear
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Equipment needed

• 1 x HMD device

• 1 x HMD keyboard

• HMD spare batteries

• HMD battery charger

• Video camera + tripod

• Questionnaire

• Data gathering form

• Computer

• Computer to show the command phrases
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