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Relationship between Machine Readable (MRPA) and International Phonetic Alphabet (IPA)

for Australian English.
MRPA IPA
Tense vowels

I 1
u: H:
o: 2:
a: e:
@: 3:
Lax vowels

I I
U [6)
E €
@) o)
A% e
A @
Diphthongs

@ Io
E@ €d
Uw o
ei &l
ai el
au xd
oi oI
ou b
Schwa

@ )
Consonants

p p
b b

t t

d d
k k
g g
tS tf
dz 33
H h
m m
n n
N 0
f f
\% \%

Example

heed
who'd
hoard
hard
heard

hid
hood
head
hod
bud
had

here
there
tour
hay
high
how
boy
hoe

the

pie

buy

tie

die

cut

g0

church

judge

(Aspiration/stop release)

my
no
sing

fan
van



—“ =g " EN®VN2 DS

=-g{;_ S WY N 2 oD

think
the
see
Z00
shoe
beige
he
road
we
long
yes
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Relationship between Machine Readable (MRPA) and International Phonetic Alphabet (IPA)
for German. The MRPA for German is in accordance with SAMPA (Wells, 1997), the speech
assessment methods phonetic alphabet.

MRPA IPA Example
Tense vowels and diphthongs

2: o: So6hne
2:6 ok stort

a: a: Strafe, Lahm
a:6 a:e Haar

e: e: geht

E: €: Maidchen
E:6 €:e fahrt

e:6 e:e werden

1: 1: Liebe

1:6 i:e Bier

0: o: Sohn

0:6 o:e vor

u: u: tun

w6 ue Uhr

y: y: kiihl

y:6 y:e natiirlich
al al mein

aUu av Haus

oY oY Beute

Lax vowels and diphthongs

U [é] Mund

9 e zwolf

a a nass

a6 ae Mark

E € Mensch
E6 €e Larm

I I finden
16 Ie wirklich
O o) kommt
06 oe dort
[8[§ ve durch

Y Y Glick
Y6 Ye wiirde

6 e Vater
Consonants

p p Panne

b b Baum

t t Tanne

d d Daumen
k k kahl



z = B

X AN VN ® <

—

g

pf
ts
Y
a3

RO WSS N ® < 3y

— —

Gaumen
Pfeffer

Zahn

Cello

Job

(Glottal stop)
(Aspiration)

Miene
nehmen
lang

friedlich
weg

lassen

lesen
schauen
Genie
riechen
Buch, lachen
hoch

Regen
lang
jemand



Downloadable speech databases used in this book

Database Description  [Language/dijn S Signal  |Annotations [Source
name alect files
aetobi A fragment of |American |17  |various |Audio 'Word, tonal, [Beckman et al
the AE-TOBI [English break. (2005); Pitrelli
database: Read et al (1994);
and Silverman et
spontaneous al (1992)
speech.
ae Read Australian |7 1M Audio, [Prosodic, [Millar et al
sentences English spectra, [phonetic,  (1997); Millar
formants [tonal. et al (1994)
andosl Read Australian 200 _2M Audio, [Same as ae Millar et al
sentences English formants (1997); Millar
et al (1994)
emab Read Standard 20 1F Audio, (Word, Bombien et al
(ema) sentences German EMA phonetic,  (2007)
tongue-tip,
tongue-body
epgassim |[[solated words |Australian |60 1F Audio, (Word, Stephenson &
English EPG phonetic Harrington
(2002);
Stephenson
(2003)
epgcoutts Read speech |Australian 2 1F Audio, [Word. Passage from
English EPG Hewlett &
Shockey
(1992)
epgdorsal [[solated words |German 45 1M Audio, (Word, Ambrazaitis &
EPG, phonetic.  [John (2004)
formants
epgpolish Read Polish 40 1M Audio, (Word, Guzik &
sentences EPG phonetic Harrington
(2007)
first S utterances from gerplosives
gerplosives [golated words (German 72 |IM Audio, [Phonetic  |[Unpublished
in carrier spectra
sentence
gt Continous German 9 various |Audio, fO0 Word, \Utterances
speech Break, Tone [from various
sources
isolated [[solated word |Australian 218 [IM Audio, [Phonetic As ae above
production English formants.
b-widths
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kielread [Read German 200 |IM, 1F |Audio, [Phonetic Simpson
sentences formants (1998),
Simpson et al
(1997).
mora Read Japanese |1 IF Audio  [Phonetic  |Unpublished
second Two speakers from gerplosives
stops Isolated words |German 470 [3M,4F |Audio, [Phonetic unpublished
in carrier formants
sentence
timetable Timetable German 5 IM Audio Phonetic As
enquiries kielread
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Preface

In undergraduate courses that include phonetics, students typically acquire skills both in
ear-training and an understanding of the acoustic, physiological, and perceptual characteristics of
speech sounds. But there is usually less opportunity to test this knowledge on sizeable quantities
of speech data partly because putting together any database that is sufficient in extent to be able
to address non-trivial questions in phonetics is very time-consuming. In the last ten years, this
issue has been offset somewhat by the rapid growth of national and international speech corpora
which has been driven principally by the needs of speech technology. But there is still usually a
big gap between the knowledge acquired in phonetics from classes on the one hand and applying
this knowledge to available speech corpora with the aim of solving different kinds of theoretical
problems on the other. The difficulty stems not just from getting the right data out of the corpus
but also in deciding what kinds of graphical and quantitative techniques are available and
appropriate for the problem that is to be solved. So one of the main reasons for writing this book
is a pedagogical one: it is to bridge this gap between recently acquired knowledge of
experimental phonetics on the one hand and practice with quantitative data analysis on the other.
The need to bridge this gap is sometimes most acutely felt when embarking for the first time on a
larger-scale project, honours or masters thesis in which students collect and analyse their own
speech data. But in writing this book, I also have a research audience in mind. In recent years, it
has become apparent that quantitative techniques have played an increasingly important role in
various branches of linguistics, in particular in laboratory phonology and sociophonetics that
sometimes depend on sizeable quantities of speech data labelled at various levels (see e.g., Bod
et al, 2003 for a similar view).

This book is something of a departure from most other textbooks on phonetics in at least
two ways. Firstly, and as the preceding paragraphs have suggested, I will assume a basic grasp of
auditory and acoustic phonetics: that is, I will assume that the reader is familiar with basic
terminology in the speech sciences, knows about the international phonetic alphabet, can
transcribe speech at broad and narrow levels of detail and has a working knowledge of basic
acoustic principles such as the source-filter theory of speech production. All of this has been
covered many times in various excellent phonetics texts and the material in e.g., Clark et al.
(2005), Johnson (2004), and Ladefoged (1962) provide a firm grounding for such issues that are
dealt with in this book. The second way in which this book is somewhat different from others is
that it is more of a workbook than a textbook. This is partly again for pedagogical reasons: It is
all very well being told (or reading) certain supposed facts about the nature of speech but until
you get your hands on real data and test them, they tend to mean very little (and may even be
untrue!). So it is for this reason that I have tried to convey something of the sense of data
exploration using existing speech corpora, supported where appropriate by exercises. From this
point of view, this book is similar in approach to Baayen (in press) and Johnson (2008) who also
take a workbook approach based on data exploration and whose analyses are, like those of this
book, based on the R computing and programming environment. But this book is also quite
different from Baayen (in press) and Johnson (2008) whose main concerns are with statistics
whereas mine is with techniques. So our approaches are complementary especially since they all
take place in the same programming environment: thus the reader can apply the statistical
analyses that are discussed by these authors to many of the data analyses, both acoustic and
physiological, that are presented at various stages in this book.

I am also in agreement with Baayen and Johnson about why R is such a good
environment for carrying out data exploration of speech: firstly, it is free, secondly it provides
excellent graphical facilities, thirdly it has almost every kind of statistical test that a speech
researcher is likely to need, all the more so since R is open-source and is used in many other
disciplines beyond speech such as economics, medicine, and various other branches of science.
Beyond this, R is flexible in allowing the user to write and adapt scripts to whatever kind of
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analysis is needed, it is very well adapted to manipulating combinations of numerical and
symbolic data (and is therefore ideal for a field such as phonetics which is concerned with
relating signals to symbols).

Another reason for situating the present book in the R programming environment is
because those who have worked on, and contributed to, the Emu speech database project have
developed a library of R routines that are customised for various kinds of speech analysis. This
development has been ongoing for about 20 years now' since the time in the late 1980s when
Gordon Watson suggested to me during my post-doctoral time at the Centre for Speech
Technology Research, Edinburgh University that the S programming environment, a forerunner
of R, might be just what we were looking for in querying and analysing speech data and indeed,
one or two of the functions that he wrote then, such as the routine for plotting ellipses are still
used today.

I would like to thank a number of people who have made writing this book possible.
Firstly, there are all of those who have contributed to the development of the Emu speech
database system in the last 20 years. Foremost Steve Cassidy who was responsible for the query
language and the object-oriented implementation that underlies much of the Emu code in the R
library, Andrew McVeigh who first implemented a hierarchical system that was also used by
Janet Fletcher in a timing analysis of a speech corpus (Fletcher & McVeigh, 1991); Catherine
Watson who wrote many of the routines for spectral analysis in the 1990s; Michel Scheffers and
Lasse Bombien who were together responsible for the adaptation of the xassp speech signal
processing system” to Emu and to Tina John who has in recent years contributed extensively to
the various graphical-user-interfaces, to the development of the Emu database tool and Emu-to-
Praat conversion routines. Secondly, a number of people have provided feedback on using Emu,
the Emu-R system, or on earlier drafts of this book as well as data for some of the corpora, and
these include most of the above and also Stefan Baumann, Mary Beckman, Bruce Birch, Felicity
Cox, Karen Croot, Christoph Draxler, Yuuki Era, Martine Grice, Christian Gruttauer, Phil Hoole,
Marion Jaeger, Klaus Jansch, Felicitas Kleber, Claudia Kuzla, Friedrich Leisch, Janine
Lilienthal, Katalin Mady, Stefania Marin, Jeanette McGregor, Christine Mooshammer, Doris
Miicke, Sallyanne Palethorpe, Marianne Pouplier, Tamara Rathcke, Uwe Reichel, Ulrich
Reubold, Michel Scheffers, Elliot Saltzman, Florian Schiel, Lisa Stephenson, Marija Tabain,
Hans Tillmann, Nils Ulzmann and Briony Williams. I am also especially grateful to the
numerous students both at the IPS, Munich and at the IPdS Kiel for many useful comments in
teaching Emu-R over the last seven years. [ would also like to thank Danielle Descoteaux and
Julia Kirk of Wiley-Blackwell for their encouragement and assistance in seeing the production of
this book completed, the very many helpful comments from four anonymous Reviewers on an
earlier version of this book Sallyanne Palethorpe for her detailed comments in completing the
final stages of this book and to Tina John both for contributing material for the on-line
appendices and with producing many of the figures in the earlier Chapters.

' For example in reverse chronological order: Bombien et al (2006), Harrington et al (2003), Cassidy (2002),
Cassidy & Harrington (2001), Cassidy (1999), Cassidy & Bird (2000), Cassidy et al. (2000), Cassidy & Harrington
(1996), Harrington et al (1993), McVeigh & Harrington (1992).

? http://www.ipds.uni-kiel.de/forschung/xassp.de.html




13

Notes of downloading software
Both R and Emu run on Linux, Mac OS-X, and Windows platforms. In order to run the various
commands in this book, the reader needs to download and install software as follows.

I. Emu
1. Download the latest release of the Emu Speech Database System from the download
section at http://emu.sourceforge.net
2. Install the Emu speech database system by executing the downloaded file and following
the on-screen instructions.

IR
3. Download the R programming language from http://www.cran.r-project.org
4. Install the R programming language by executing the downloaded file and following the
on-screen instructions.
II1. Emu-R

5. Startup R

6. Enter install.packages("emu") after the > prompt.

7. Follow the on-screen instructions.

8. If the following message appears: "Enter nothing and press return to exit this
configuration loop." then you will need to enter the path where Emu's library (1ib) is
located and enter this after the R prompt.

*  On Windows, this path is likely to be C: \Program Files\EmuXX\1lib where XX
is the current version number of Emu, if you installed Emu at C: \Program Files.
Enter this path with forward slashes i.e. C: /Program Files/EmuXX/1lib
¢ On Linux the path may be /usr/local/lib or /home/USERNAME/Emu/lib
¢ On Mac OS X the path may be /Library/Tcl
IV. Getting started with Emu
9. Start the Emu speech database tool.
*  Windows: choose Emu Speech Database System -> Emu from the Start
Menu.
* Linux: choose Emu Speech Database System from the applications menu or
type Emu in the terminal window.
* Mac OS X: start Emu in the Applications folder.
V. Additional software
10. Praat
* Download Praat from www.praat.org
* To install Praat follow the instruction at the download page.
11. Wavesurfer which is included in the Emu setup and installed in these locations:.
*  Windows: EmuXX/bin.
* Linux: /usr/local/bin; /home/'username'/Emu/bin
* Mac OS X: Applications/Emu.app/Contents/bin
VI. Problems
12. See FAQ at http://emu.sourceforge.net
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Chapter 1 Using speech corpora in phonetics research

1.0 The place of corpora in the phonetic analysis of speech

One of the main concerns in phonetic analysis is to find out how speech sounds are
transmitted between a speaker and a listener in human speech communication. A speech corpus
is a collection of one or more digitized utterances usually containing acoustic data and often
marked for annotations. The task in this book is to discuss some of the ways that a corpus can be
analysed to test hypotheses about how speech sounds are communicated. But why is a speech
corpus needed for this at all? Why not instead listen to speech, transcribe it, and use the
transcription as the main basis for an investigation into the nature of spoken language
communication? There is no doubt as Ladefoged (1995) has explained in his discussion of
instrumentation in field work that being able to hear and re-produce the sounds of a language is a
crucial first step in almost any kind of phonetic analysis. Indeed many hypotheses about the way
that sounds are used in speech communication stem in the first instance from just this kind of
careful listening to speech. However, an auditory transcription is at best an essential initial
hypothesis but never an objective measure.

The lack of objectivity is readily apparent in comparing the transcriptions of the same
speech material across a number of trained transcribers: even when the task is to carry out a
fairly broad transcription and with the aid of a speech waveform and spectrogram, there will still
be inconsistencies from one transcriber to the next; and all these issues will be considerably
aggravated if phonetic detail is to be included in narrower transcriptions or if, as in much
fieldwork, auditory phonetic analyses are made of a language with which transcribers are not
very familiar. A speech signal on the other hand is a record that does not change: it is, then, the
data against which theories can be tested. Another difficulty with building a theory of speech
communication on an auditory symbolic transcription of speech is that there are so many ways in
which a speech signal is at odds with a segmentation into symbols: there are often no clear
boundaries in a speech signal corresponding to the divisions between a string of symbols, and
least of all where a lay-person might expect to find them, between words.

But apart from these issues, a transcription of speech can never get to the heart of how
the vocal organs, acoustic signal, and hearing apparatus are used to transmit simultaneously
many different kinds of information between a speaker and hearer. Consider that the production
of /t/ in an utterance tells the listener so much more than "here is a /t/ sound". If the spectrum of
the /t/ also has a concentration of energy at a low frequency, then this could be a cue that the
following vowel is rounded. At the same time, the alveolar release might provide the listener
with information about whether /t/ begins or ends either a syllable or a word or a more major
prosodic phrase and whether the syllable is stressed or not. The /t/ might also convey
sociophonetic information about the speaker's dialect and quite possibly age group and
socioeconomic status ( Docherty, 2007; Docherty & Foulkes, 2005). The combination of /t/ and
the following vowel could tell the listener whether the word is prosodically accented and also
even say something about the speaker's emotional state.

Understanding how these separate strands of information are interwoven in the details of
speech production and the acoustic signal can be accomplished neither just by transcribing
speech, but nor by analyses of recordings of individual utterances. The problem with analyses of
individual utterances is that they risk being idiosyncratic: this is not only because of all of the
different ways that speech can vary according to context, but also because the anatomical and
speaking style differences between speakers all leave their mark on the acoustic signal: therefore,
an analysis of a handful of speech sounds in one or two utterances may give a distorted
presentation of the general principles according to which speech communication takes place.

The issues raised above and the need for speech corpora in phonetic analysis in general
can be considered from the point of view of other more recent theoretical developments: that the
relationship between phonemes and speech is stochastic. This is an important argument that has
been made by Janet Pierrehumbert in a number of papers in recent years (e.g., 2002, 2003a,
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2003b, 2006). On the one hand there are almost certainly different levels of abstraction, or, in
terms of the episodic/exemplar models of speech perception and production developed by
Pierrehumbert and others (Bybee, 2001; Goldinger, 1998; 2000; Johnson, 1997), generalisations
that allow native speakers of a language to recognize that tip and pit are composed of the same
three sounds but in the opposite order. Now it is also undeniable that different languages, and
certainly different varieties of the same language, often make broadly similar sets of phonemic
contrasts: thus in many languages, differences of meaning are established as a result of contrasts
between voiced and voiceless stops, or between oral stops and nasal stops at the same place of
articulation, or between rounded and unrounded vowels of the same height, and so on. But what
has never been demonstrated is that two languages that make similar sets of contrast do so
phonetically in exactly the same way. These differences might be subtle, but they are
nevertheless present which means that such differences must have been learned by the speakers
of the language or community.

But how do such differences arise? One way in which they are unlikely to be brought
about is because languages or their varieties choose their sound systems from a finite set of
universal features. At least so far, no-one has been able to demonstrate that the number of
possible permutations that could be derived even from the most comprehensive of articulatory or
auditory feature systems could account for the myriad of ways that the sounds of dialects and
languages do in fact differ. It seems instead that, although the sounds of languages undeniably
confirm to consistent patterns (as demonstrated in the ground-breaking study of vowel dispersion
by Liljencrants & Lindblom, 1972), there is also an arbitrary, stochastic component to the way in
which the association between abstractions like phonemes and features evolves and is learned by
children (Beckman et al, 2007; Edwards & Beckman, 2008; Munson et al, 2005).

Recently, this stochastic association between speech on the one hand and phonemes on
the other has been demonstrated computationally using so-called agents equipped with simplified
vocal tracts and hearing systems who imitate each other over a large number of computational
cycles (Wedel, 2006, 2007). The general conclusion from these studies is that while stable
phonemic systems emerge from these initially random imitations, there are a potentially infinite
number of different ways in which phonemic stability can be achieved (and then shifted in sound
change - see also Boersma & Hamann, 2008). A very important idea to emerge from these
studies is that the phonemic stability of a language does not require a priori a selection to be
made from a pre-defined universal feature system, but might emerge instead as a result of
speakers and listeners copying each other imperfectly (Oudeyer, 2002, 2004).

If we accept the argument that the association between phonemes and the speech signal is
not derived deterministically by making a selection from a universal feature system, but is
instead arrived at stochastically by learning generalisations across produced and perceived
speech data, then it necessarily follows that analyzing corpora of speech must be one of the
important ways in which we can understand how different levels of abstraction such as
phonemes and other prosodic units are communicated in speech.

Irrespective of these theoretical issues, speech corpora have become increasingly
important in the last 20-30 years as the primary material on which to train and test human-
machine communication systems. Some of the same corpora that have been used for
technological applications have also formed part of basic speech research (see 1.1 for a summary
of these). One of the major benefits of these corpora is that they foster a much needed
interdisciplinary approach to speech analysis, as researchers from different disciplinary
backgrounds apply and exchange a wide range of techniques for analyzing the data.

Corpora that are suitable for phonetic analysis may become available with the increasing
need for speech technology systems to be trained on various kinds of fine phonetic detail
(Carlson & Hawkins, 2007). It is also likely that corpora will be increasingly useful for the study
of sound change as more archived speech data becomes available with the passage of time
allowing sound change to be analysed either longitudinally in individuals (Harrington, 2006;
Labov & Auger, 1998) or within a community using so-called real-time studies (for example, by
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comparing the speech characteristics of subjects from a particular age group recorded today with
those of a comparable age group and community recorded several years' ago - see Sankoff, 2005;
Trudgill, 1988). Nevertheless, most types of phonetic analysis still require collecting small
corpora that are dedicated to resolving a particular research question and associated hypotheses
and some of the issues in designing such corpora are discussed in 1.2.

Finally, before covering some of these design criteria, it should be pointed out that
speech corpora are by no means necessary for every kind of phonetic investigation and indeed
many of the most important scientific breakthroughs in phonetics in the last fifty years have
taken place without analyses of large speech corpora. For example, speech corpora are usually
not needed for various kinds of articulatory-to-acoustic modeling nor for many kinds of studies
in speech perception in which the aim is to work out, often using speech synthesis techniques,
the sets of cues that are functional i.e. relevant for phonemic contrasts.

1.1 Existing speech corpora for phonetic analysis

The need to provide an increasing amount of training and testing materials has been one
of the main driving forces in creating speech and language corpora in recent years. Various sites
for their distribution have been established and some of the more major ones include: the
Linguistic data consortium (Reed et al, 2008) , which is a distribution site for speech and
language resources and is located at the University of Pennsylvania; ELRA®, the European
language resources association, established in 1995 and which validates, manages, and
distributes speech corpora and whose operational body is ELDA” (evaluations and language
resources distribution agency). There are also a number of other repositories for speech and
language corpora including the Bavarian Archive for Speech Signals® at the University of
Munich, various corpora at the Center for Spoken Language Understanding at the University of
Oregon’, the TalkBank consortium at Carnegie Mellon University® and the DOBES archive of
endangered languages at the Max-Planck Institute in Nijmegen’.

Most of the corpora from these organizations serve primarily the needs for speech and
language technology, but there are a few large-scale corpora that have also been used to address
issues in phonetic analysis, including the Switchboard and TIMIT corpora of American English.
The Switchboard corpus (Godfrey et al, 1992) includes over 600 telephone conversations from
750 adult American English speakers of a wide range of ages and varieties from both genders
and was recently analysed by Bell et al (2003) in a study investigation the relationship between
predictability and the phonetic reduction of function words. The TIMIT database (Garofolo et al,
1993; Lamel et al, 1986) has been one of the most studied corpora for assessing the performance
of speech recognition systems in the last 20-30 years. It includes 630 talkers and 2342 different
read speech sentences, comprising over five hours of speech and has been included in various
phonetic studies on topics such as variation between speakers (Byrd, 1992), the acoustic
characteristics of stops (Byrd, 1993), the relationship between gender and dialect (Byrd, 1994),
word and segment duration (Keating et al, 1994), vowel and consonant reduction (Manuel et al,
1992), and vowel normalization (Weenink, 2001). One of the most extensive corpora of a
European language other than English is the Dutch CGN corpus' (Oostdijk, 2000; Pols, 2001).
This is the largest corpus of contemporary Dutch spoken by adults in Flanders and the
Netherlands and includes around 800 hours of speech. In the last few years, it has been used to
study the sociophonetic variation in diphthongs (Jacobi et al, 2007). For German, The Kiel

? http://www.ldc.upenn.edu/

* http://www.elra.info/

> http://www.elda.org/

® http://www.phonetik.uni-muenchen.de/Bas/BasHomeeng.html
" http://www.cslu.ogi.edu/corpora/corpCurrent.html

¥ http://talkbank.org/

? http://www.mpi.nl/DOBES

' http://lands.let.kun.nl/cgn/echome.htm
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Corpus of Speech'" includes several hours of speech annotated at various levels (Simpson 1998;
Simpson et al, 1997) and has been instrumental in studying different kinds of connected speech
processes (Kohler, 2001; Simpson, 2001; Wesener, 2001).

One of the most successful corpora for studying the relationship between discourse
structure, prosody, and intonation has been the HCRC map task corpus'? (Anderson et al, 1991)
containing 18 hours of annotated spontaneous speech recorded from 128 two-person
conversations according to a task-specific experimental design (see below for further details).
The Australian National Database of Spoken Language'® (Millar et al, 1994, 1997) also contains
a similar range of map task data for Australian English. These corpora have been used to
examine the relationship between speech clarity and the predictability of information (Bard et al,
2000) and also to investigate the way that boundaries between dialogue acts interact with
intonation and suprasegmental cues (Stirling et al, 2001). More recently, two corpora have been
developed intended mostly for phonetic and basic speech research: these are the Buckeye
corpus'? consisting of 40 hours of spontaneous American English speech annotated at word and
phonetic levels (Pitt et al, 2005) that has recently been used to model /t, d/ deletion (Raymond et
al, 2006). Another is the Nationwide Speech Project (Clopper & Pisoni, 2006) which is
especially useful for studying differences in American varieties. It contains 60 speakers from six
regional varieties of American English and parts of it are available from the Linguistic Data
Consortium.

Databases of speech physiology are much less common than those of speech acoustics
largely because they have not evolved in the context of training and testing speech technology
systems (which is the main source of funding for speech corpus work). Some exceptions are the
ACCOR speech database (Marchal & Hardcastle, 1993; Marchal et al, 1993) developed in the
1990s to investigate coarticulatory phenomena in a number of European languages and which
includes laryngographic, airflow, and electropalatographic data (the database is available from
ELRA). Another is the University of Wisconsin X-Ray microbeam speech production database
(Westbury, 1994) which includes acoustic and movement data from 26 female and 22 male
speakers of a Midwest dialect of American English aged between 18 and 37 of age. Thirdly, the
MOCHA-TIMIT"® database (Wrench & Hardcastle, 2000) is made up of synchronized
movement data from the supralaryngeal articulators, electropalatographic data, and a
laryngographic signal of part of the TIMIT database produced by subjects of different English
varieties. These databases have been incorporated into phonetic studies in various ways: for
example, the Wisconsin database was used by Simpson (2002) to investigate the differences
between male and female speech and the MOCHA-TIMIT database formed part of a study by
Kello & Plaut (2003) to explore feedforward learning association between articulation and
acoustics in a cognitive speech production model.

Finally, there are many opportunities to obtain quantities of speech data from archived
broadcasts (e.g., in Germany from the Institut fiir Deutsche Sprache in Mannheim; in the U.K.
from the BBC). These are often acoustically of high quality. However, it is unlikely they will
have been annotated, unless they have been incorporated into an existing corpus design, as was
the case in the development of the Machine Readable Corpus of Spoken English (MARSEC)
created by Roach et al (1993) based on recordings from the BBC.

1.2 Designing your own corpus

Unfortunately, most kinds of phonetic analysis still require building a speech corpus that
is designed to address a specific research question. In fact, existing large-scale corpora of the
kind sketched above are very rarely used in basic phonetic research, partly because, no matter

' http://www.ipds.uni-kiel.de/forschung/kielcorpus.en.html

2 http://www.hcrc.ed.ac.uk/maptask/

'* http://andosl.anu.edu.au/andosl/

" http://vic.psy.ohio-state.edu/

'* http://www.cstr.ed.ac.uk/research/projects/artic/mocha.html
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how extensive they are, a researcher inevitably finds that one or more aspects of the speech
corpus in terms of speakers, types of materials, speaking styles, are insufficiently covered for the
research question to be completed. Another problem is that an existing corpus may not have been
annotated in the way that is needed. A further difficulty is that the same set of speakers might be
required for a follow-up speech perception experiment after an acoustic corpus has been
analysed, and inevitably access to the subjects of the original recordings is out of the question,
especially if the corpus had been created a long time ago.

Assuming that you have to put together your own speech corpus, then various issues in
design need to be considered, not only to make sure that the corpus is adequate for answering the
specific research questions that are required of it, but also that it is re-usable possibly by other
researchers at a later date. It is important to give careful thought to designing the speech corpus,
because collecting and especially annotating almost any corpus is usually very time-consuming.
Some non-exhaustive issues, based to a certain extent on Schiel & Draxler (2004) are outlined
below. The brief review does not cover recording acoustic and articulatory data from endangered
languages which brings an additional set of difficulties as far as access to subjects and designing
materials are concerned (see in particular Ladefoged, 1995, 2003).

1.2.1 Speakers

Choosing the speakers is obviously one of the most important issues in building a speech
corpus. Some primary factors to take into account include the distribution of speakers by gender,
age, first language, and variety (dialect); it is also important to document any known speech or
hearing pathologies. For sociophonetic investigations, or studies specifically concerned with
speaker characteristics, a further refinement according to many other factors such as educational
background, profession, socioeconomic group (to the extent that this is not covered by variety)
are also likely to be important (see also Beck, 2005 for a detailed discussed of the parameters of
a speaker's vocal profile based to a large extent on Laver, 1980, 1991). All of the above-
mentioned primary factors are known to exert quite a considerable influence on the speech signal
and therefore have to be controlled for in any experiment comparing two of more speaking
groups. Thus it would be inadvisable in comparing, say, speakers of two different varieties to
have a predominance of male speakers in one group, and female speakers in another, or one
group with mostly young and the other with mostly older speakers. Whatever speakers are
chosen, it is, as Schiel & Draxler (2004) comment, of great importance that as many details of
the speakers are documented as possible (see also Millar, 1991), should the need arise to check
subsequently whether the speech data might have been influenced by a particular speaker
specific attribute.

The next most important criterion is the number of speakers. Following Gibbon et al.
(1997), speech corpora of between 1-5 speakers are typical in the context of speech synthesis
development, while more than 50 speakers are needed for adequately training and testing
systems for the automatic recognition of speech. For most experiments in experimental phonetics
of the kind reported in this book, a speaker sample size within this range, and between 10 and 20
is usual. In almost all cases, experiments involving invasive techniques such as electromagnetic
articulometry and electropalatography discussed in Chapters 5 and 7 of this book rarely have
more than five speakers because of the time taken to record and analyse the speech data and the
difficulty in finding subjects.

1.2.2 Materials

An equally important consideration in designing any corpus is the choice of materials.
Four of the main parameters according to which materials are chosen discussed in Schiel &
Draxler (2004) are vocabulary, phonological distribution, domain, and task.

Vocabulary in a speech technology application such as automatic speech recognition
derives from the intended use of the corpus: so a system for recognizing digits must obviously
include the digits as part of the training material. In many phonetics experiments, a choice has to
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be made between real words of the language and non-words. In either case, it will be necessary
to control for a number of phonological criteria, some of which are outlined below (see also
Rastle et al, 2002 and the associated website'® for a procedure for selecting non-words according
to numerous phonological and lexical criteria). Since both lexical frequency and neighborhood
density have been shown to influence speech production (Luce & Pisoni, 1998; Wright, 2004),
then it could be important to control for these factors as well, possibly by retrieving these
statistics from a corpus such as Celex (Baayen et al, 1995). Lexical frequency, as its name
suggests, is the estimated frequency with which a word occurs in a language: at the very least,
confounds between words of very high frequency, such as between function words which tend to
be heavily reduced even in read speech, and less frequently occurring content words should be
avoided. Words of high neighborhood density can be defined as those for which many other
words exist by substituting a single phoneme (e.g., man and van are neighbors according to this
criterion). Neighborhood density is less commonly controlled for in phonetics experiments
although as recent studies have shown (Munson & Solomon, 2004; Wright, 2004), it too can
influence the phonetic characteristics of speech sounds.

The words that an experimenter wishes to investigate in a speech production experiment
should not be presented to the subject in a list (which induces a so-called list prosody in which
the subject chunks the lists into phrases, often with a falling melody and phrase-final lengthening
on the last word, but a level or rising melody on all the others) but are often displayed on a
screen individually or incorporated into a so-called carrier phrase. Both of these conditions will
go some way towards neutralizing the effects of sentence-level prosody i.e., towards ensuring
that the intonation, phrasing, rhythm and accentual pattern are the same from one target word to
the next. Sometimes filler words need to be included in the list, in order to draw the subject's
attention away from the design of the experiment. This is important because if any parts of the
stimuli become predictable, then a subject might well reduce them phonetically, given the
relationship between redundancy and predictability (Fowler & Housum, 1987; Hunnicutt, 1985;
Lieberman, 1963).

For some speech technology applications, the materials are specified in terms of their
phonological distribution. For almost all studies in experimental phonetics, the phonological
composition of the target words, in terms of factors such as their lexical-stress pattern, number of
syllables, syllable composition, and segmental context is essential, because these all exert an
infuence on the utterance. In investigations of prosody, materials are sometimes constructed in
order to elicit certain kinds of phrasing, accentual patterns, or even intonational melodies. In
Silverman & Pierrehumbert (1990), two subjects produced a variety of phrases like Ma Le Mann,
Ma Lemm and Mamalie Lemonick with a prosodically accented initial syllable and identical
intonation melody: they used these materials in order to investigate whether the timing of the
pitch-accent was dependent on factors such as the number of syllables in the phrase and the
presence or absence of word-boundaries. In various experiments by Keating and Colleagues (e.g.
Keating et al, 2003), French, Korean, and Taiwanese subjects produced sentences that had been
constructed to control for different degrees of boundary strength. Thus their French materials
included sentences in which /na/ occurred at the beginning of phrases at different positions in the
prosodic hierarchy, such as initially in the accentual phrase (Tonton, Tata, Nadia et Paul
arriveront demain) and syllable-initially (7onton et Anabelle...). In Harrington et al (2000),
materials were designed to elicit the contrast between accented and deaccented words. For
example, the name Beaber was accented in the introductory statement This is Hector Beaber, but
deaccented in the question Do you want Anna Beaber or Clara Beaber (in which the nuclear
accents falls on the preceding first name). Creating corpora such as these can be immensely
difficult, however, because there will always be some subjects who do not produce them as the
experimenter wishes (for example by not fully deaccenting the target words in the last example)
or if they do, they might introduce unwanted variations in other prosodic variables. The general

'® http://www.maccs.mq.edu.au/~nwdb
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point is that subjects usually need to have some training in the production of materials in order to
produce them with the degree of consistency required by the experimenter. However, this leads
to the additional concern that the productions might not really be representative of prosody
produced in spontaneous speech by the wider population.

These are some of the reasons why the production of prosody is sometimes studied using
map task corpora (Anderson et al, 1991) of the kind referred to earlier, in which a particular
prosodic pattern is not prescribed, but instead emerges more naturally out of a dialogue or
situational context. The map task is an example of a corpus that falls into the category defined by
Schiel & Draxler (2004) of being restricted by domain. In the map task, two dialogue partners
are given slightly different versions of the same map and one has to explain to the other how to
navigate a route between two or more points along the map. An interesting variation on this is
due to Peters (2006) in which the dialogue partners discuss the contents of two slightly different
video recordings of a popular soap opera that both subjects happen to be interested in: the
interest factor has the potential additional advantage that the speakers will be distracted by the
content of the task, and thereby produce speech in a more natural way. In either case, a fair
degree of prosodic variation and spontaneous speech are guaranteed. At the same time, the
speakers' choice of prosodic patterns and lexical items tends to be reasonably constrained,
allowing comparisons between different speakers on this task to be made in a meaningful way.

In some types of corpora, a speaker will be instructed to solve a particular task. The
instructions might be fairly general as in the map task or the video scenario described above or
they might be more specific such as describing a picture or answering a set of questions. An
example of a task-specific recording is in Shafer et al (2000) who used a cooperative game task
in which subjects disambiguated in their productions ambiguous sentences such as move the
square with the triangle (meaning either: move a house-like shape consisting of a square with a
triangle on top of it; or, move a square piece with a separate triangular piece). Such a task allows
experimenters to restrict the dialogue to a small number of words, it distracts speakers from the
task at hand (since speakers have to concentrate on how to move pieces rather than on what they
are saying) while at the same time eliciting precisely the different kinds of prosodic parsings
required by the experimenter in the same sequence of words.

1.2.3 Some further issues in experimental design

Experimental design in the context of phonetics is to do with making choices about the
speakers, materials, number of repetitions and other issues that form part of the experiment in
such a way that the validity of a hypothesis can be quantified and tested statistically. The
summary below touches only very briefly on some of the matters to be considered at the stage of
laying out the experimental design, and the reader is referred to Robson (1994), Shearer (1995),
and Trochim (2007) for many further useful details. What is presented here is also mostly about
some of the design criteria that are relevant for the kind of experiment leading to a statistical test
such as analysis of variance (ANOVA). It is quite common for ANOV As to be applied to
experimental speech data, but this is obviously far from the only kind of statistical test that
phoneticians need to apply, so some of the issues discussed will not necessarily be relevant for
some types of phonetic investigation.

In a certain kind of experiment that is common in experimental psychology and
experimental phonetics, a researcher will often want to establish whether a dependent variable is
affected by one or more independent variables. The dependent variable is what is measured and
for the kind of speech research discussed in this book, the dependent variable might be any one
of duration, a formant frequency at a particular time point, the vertical or horizontal position of
the tongue at a displacement maximum and so on. These are all examples of continuous
dependent variables because, like age or temperature, they can take on an infinite number of
possible values within a certain range. Sometimes the dependent variable might be categorical,
as in eliciting responses from subjects in speech perception experiments in which the response is
a specific category (e.g, a listener labels a stimulus as either /ba/ or /pa/). Categorical variables
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are common in sociophonetic research in which counts are made of data (e.g. a count of the
number of times that a speaker produces /t/ with or without glottalisation).

The independent variable, or factor, is what you believe has an influence on the dependent
variable. One type of independent variable that is common in experimental phonetics comes
about when a comparison is made between two or more groups of speakers such as between
male and female speakers. This type of independent variable is sometimes (for obvious reasons)
called a between-speaker factor which in this example might be given a name like Gender.
Some further useful terminology is to do with the number of levels of the factor. For this
example, Gender has two levels, male and female. The same speakers could of course also
be coded for other between-speaker factors. For example, the same speakers might be coded for
a factor Variety with three levels: Standard English, Estuary English and
Cockney. Gender and Variety in this example are nominal because the levels are not rank
ordered in any way. If the ordering matters then the factor is ordinal (for example Age could be
an ordinal factor if you wanted to assess the effects on increasing age of the speakers).

Each speaker that is analysed can be assigned just one level of each between-speaker
factor: so each speaker will be coded as either male or female, and as either Standard
English, or Estuary English or Cockney. This example would also sometimes be
called a 2 x 3 design, because there are two factors with two (Gender) and three (Variety)
levels. An example of a 2 x 3 x 2 design would have three factors with the corresponding number
of levels: e.g., the subjects are coded not only for Gender and Variety as before, but also for
Age with two levels, young and old. Some statistical tests require that the design should be
approximately balanced: specifically, a given between-subjects factor should have equal
numbers of subjects distributed across its levels. For the previous example with two factors,
Gender and Variety, a balanced design would be one that had 12 speakers, 6 males and 6
females, and 2 male and 2 female speakers per variety. Another consideration is that the more
between-subjects factors that you include, then evidently the greater the number of speakers
from which recordings have to be made. Experiments in phonetics are often restricted to no more
than two or three between-speaker factors, not just because of considerations of the size of the
subject pool, but also because the statistical analysis in terms of interactions becomes
increasingly unwieldy for a larger number of factors.

Now suppose you wish to assess whether these subjects show differences of vowel
duration in words with a final /t/ like white compared with words with a final /d/ like wide. In
this case, the design might include a factor Voice and it has two levels: [ -voice] (words
like white) and [+voice] (words like wide). One of the things that makes this type of factor
very different from the between-speaker factors considered earlier is that subjects produce (i.e.,
are measured on) all of the factor's levels: that is, the subjects will produce words that are both
[-voice] and [+voice]. Voice in this example would sometimes be called a within-
subject or within-speaker factor and because subjects are measured on all of the levels of
Voice, it is also said to be repeated. This is also the reason why if you wanted to use an
ANOVA to work out whether [+voice] and [ -voice ] words differed in vowel duration,
and also whether such a differences manifested itself in the various speaker groups, you would
have to use a repeated measures ANOVA. Of course, if one group of subjects produced the [ -
voice] words and another group the [ +voice] words, then Voice would not be a repeated
factor and so a conventional ANOVA could be applied. However, in experimental phonetics this
would not be a sensible approach, not just because you would need many more speakers, but also
because the difference between [ -voice] and [ +voice] words in the dependent variable
(vowel duration) would then be confounded with speaker differences. So this is why repeated or
within-speaker factors are very common in experimental phonetics. Of course in the same way
that there can be more than one between-speaker factor, there can also be two or more within-
speaker factors. For example, if the [-voice] and [+voice] words were each produced at a
slow and a fast rate, then Rate would also be a within-speaker factor with two levels (s1ow and
fast). Rate, like Voice, is a within-speaker factor because the same subjects have been
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measured once at a slow, and once at a fast rate.

The need to use a repeated measures ANOVA comes about, then, because the subject is
measured on all the levels of a factor and (somewhat confusingly) it has nothing whatsoever to
do with repeating the same level of a factor in speech production, which in experimental
phonetics is rather common. For example, the subjects might be asked to repeat (in some
randomized design) whife at a slow rate five times. This repetition is done to counteract the
inherent variation in speech production. One of the very few uncontroversial facts of speech
production is that no subject can produce the same utterance twice even under identical
recording conditions in exactly the same way. So since a single production of a target word could
just happen to be a statistical aberration, researchers in experimental phonetics usually have
subjects produce exactly the same materials many times over: this is especially so in
physiological studies, in which this type of inherent token-to-token variation is usually so much
greater in articulatory than in acoustic data. However, it is important to remember that repetitions
of the same level of a factor (the multiple values from each subject's slow production of white)
cannot be entered into many standard statistical tests such as a repeated measures ANOVA and
so they typically need to be averaged (see Max & Onghena, 1999 for some helpful details on
this). So even if, as in the earlier example, a subject repeats white and wide each several times at
both slow and fast rates, only 4 values per subject can be entered into the repeated measures
ANOVA (i.e., the four mean values for each subject of: white at a slow rate, white at a fast rate,
wide at a slow rate, wide at a fast rate). Consequently, the number of repetitions of identical
materials should be kept sufficiently low because otherwise a lot of time will be spent recording
and annotating a corpus without really increasing the likelihood of a significant result (on the
assumption that the values that are entered into a repeated measures ANOV A averaged across 10
repetitions of the same materials may not differ a great deal from the averages calculated from
100 repetitions produced by the same subject). The number of repetitions and indeed total
number of items in the materials should in any case be kept within reasonable limits because
otherwise subjects are likely to become bored and, especially in the case of physiological
experiments, fatigued, and these types of paralinguistic effects may well in turn influence their
speech production.

The need to average across repetitions of the same materials for certain kinds of statistical
test described in Max & Onghena (1999) seems justifiably bizarre to many experimental
phoneticians, especially in speech physiology research in which the variation, even in repeating
the same materials, may be so large that an average or median becomes fairly meaningless.
Fortunately, there have recently been considerable advances in the statistics of mixed-effects
modeling (see the special edition by Forster & Masson, 2008 on emerging data analysis and
various papers within that; see also Baayen, in press), which provides an alternative to the
classical use of a repeated measures ANOVA. One of the many advantages of this technique is
that there is no need to average across repetitions (Quené & van den Bergh, 2008). Another is
that it provides a solution to the so-called language-as-fixed-effect problem (Clark, 1973). The
full details of this matter need not detain us here: the general concern raised in Clark's (1973)
influential paper is that in order to be sure that the statistical results generalize not only beyond
the subjects of your experiment but also beyond the language materials (i.e., are not just specific
to white, wide, and the other items of the word list), two separate (repeated-measures) ANOVAs
need to be carried out, one so-called by-subjects and the other by-items (see Johnson, 2008 for a
detailed exposition using speech data in R). The output of these two tests can then be combined
using a formula to compute the joint F-ratio (and therefore the significance) from both of them.
By contrast, there is no need in mixed-effects modeling to carry out and to combine two separate
statistical tests in this way: instead, the subjects and the words can be entered as so-called
random factors into the same calculation.

Since much of the cutting-edge mixed effects-modeling research in statistics has been
carried out in R in the last ten years, there are corresponding R functions to carrying out mixed-
effects modeling that can be directly applied to speech data, without the need to go through the
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often very tiresome complications of exporting the data, sometimes involving rearranging rows
and columns for analysis using the more traditional commercial statistical packages.

1.2.4 Speaking style

A wide body of research in the last 50 years has shown that speaking style influences
speech production characteristics: in particular, the extent of coarticulatory overlap, vowel
centralization, consonant lenition and deletion are all likely to increase in progressing from
citation-form speech, in which words are produced in isolation or in a carrier phrase, to read
speech and to fully spontaneous speech (Moon & Lindblom, 1994). In some experiments,
speakers are asked to produce speech at different rates so that the effect of increasing or
decreasing tempo on consonants and vowels can be studied. However, in the same way that it
can be difficult to get subjects to produce controlled prosodic materials consistently (see 1.2.2),
the task of making subjects vary speaking rate is not without its difficulties. Some speakers may
not vary their rate a great deal in changing from 'slow' to 'fast' and one person's slow speech may
be similar to another subject's fast rate. Subjects may also vary other prosodic attributes in
switching from a slow to a fast rate. In reading a target word within a carrier phrase, subjects
may well vary the rate of the carrier phrase but not the focused target word that is the primary
concern of the investigation: this might happen if the subject (not unjustifiably) believes the
target word to be communicatively the most important part of the phrase, as a result of which it
is produced slowly and carefully at all rates of speech.

The effect of emotion on prosody is a very much under-researched area that also has
important technological applications in speech synthesis development. However, eliciting
different kinds of emotion, such as a happy or sad speaking style is problematic. It is especially
difficult, if not impossible, to elicit different emotional responses to the same read material, and,
as Campbell (2002) notes, subjects often become self-conscious and suppress their emotions in
an experimental task. An alternative then might be to construct passages that describe scenes
associated with different emotional content, but then even if the subject achieves a reasonable
degree of variation in emotion, any influence of emotion on the speech signal is likely to be
confounded with the potentially far greater variation induced by factors such as the change in
focus and prosodic accent, the effects of phrase-final lengthening, and the use of different
vocabulary. (There is also the independent difficulty of quantifying how the extent of happiness
and sadness with which the materials were produced). Another possibility is to have a trained
actor produce the same materials in different emotional speaking styles (e.g., Pereira, 2000), but
whether this type of forced variation by an actor really carries over to emotional variation in
everyday communication can only be assumed but not easily verified (however see e.g.,
Campbell, 2002, 2004 and Douglas-Cowie et al, 2003 for some recent progress in approaches to
creating corpora for 'emotion' and expressive speech).

1.2.5 Recording setup17

Many experiments in phonetics are carried out in a sound-treated recording studio in
which the effects of background noise can be largely eliminated and with the speaker seated at a
controlled distance from a high quality microphone. Since with the possible exception of some
fricatives, most of the phonetic content of the speech signal is contained below 8 kHz and taking
into account the Nyquist theorem (see also Chapter 8) that only frequencies below half the
sampling frequency can be faithfully reproduced digitally, the sampling frequency is typically at
least 16 kHz in recording speech data. The signal should be recorded in an uncompressed or
PCM (pulse code modulation) format and the amplitude of the signal is typically quantized in 16

' Two websites that provide helpful recording guidelines are those at Talkbank and at the Phonetics Laboratory,
University of Pennsylvania:

http://www talkbank.org/da/record.html

http://www talkbank.org/da/audiodig.html

http://www.ling.upenn.edu/phonetics/FieldRecordingAdvice.html



24

bits: this means that the amplitude of each sampled data value occurs at one of a number of 2'°
discrete steps which is usually considered adequate for representing speech digitally. With the
introduction of the audio CD standard, a sampling frequency of 44.1 kHz and its divider 22.05
kHz are also common. An important consideration in any recording of speech is to set the input
level correctly: if it is too high, a distortion known as clipping can result while if it is too low,
then the amplitude resolution will also be too low. For some types of investigations of
communicative interaction between two or more speakers, it is possible to make use of a stereo
microphone as a result of which data from the separate channels are interleaved or multiplexed
(in which the samples from e.g., the left and right channels are contained in alternating
sequence). However, Schiel & Draxler (2004) recommend instead using separate microphones
since interleaved signals may be more difficult to process in some signal processing systems - for
example, at the time of writing, the speech signal processing routines in Emu cannot be applied
to stereo signals.

There are a number of file formats for storing digitized speech data including a raw
format which has no header and contains only the digitized signal; NIST SPHERE defined by the
National Institute for Standards and Technology, USA consisting of a readable header in plain
text (7 bit US ASCII) followed by the signal data in binary form; and most commonly the
WAVE file format which is a subset of Microsoft's RIFF specification for the storage of
multimedia files.

If you make recordings beyond the recording studio, and in particular if this is done
without technical assistance, then, apart from the sampling frequency and bit-rate, factors such as
background noise and the distance of the speaker from the microphone need to be very carefully
monitored. Background noise may be especially challenging: if you are recording in what seems
to be a quiet room, it is nevertheless important to check that there is no other hum or interference
from other electrical equipment such as an air-conditioning unit. Although present-day personal
and notebook computers are equipped with built-in hardware for playing and recording high
quality audio signals, Draxler (2008) recommends using an external device such as a USB
headset for recording speech data. The recording should only be made onto a laptop in battery
mode, because the AC power source can sometimes introduce noise into the signal'®.

One of the difficulties with recording in the field is that you usually need separate pieces of
software for recording the speech data and for displaying any prompts and recording materials to
the speaker. Recently, Draxler & Jénsch (2004) have provided a solution to this problem by
developing a freely available, platform-independent software system for handling multi-channel
audio recordings known as SpeechRecorder'. It can record from any number of audio channels
and has two screens that are seen separately by the subject and by the experimenter. The first of
these includes instructions when to speak as well as the script to be recorded. It is also possible
to present auditory or visual stimuli instead of text. The screen for the experimenter provides
information about the recording level, details of the utterance to be recorded and which utterance
number is being recorded. One of the major advantages of this system is not only that it can be
run from almost any PC, but also that the recording sessions can be done with this software over
the internet. In fact, SpeechRecorder has recently been used just for this purpose (Draxler &
Jansch, 2007) in the collection of data from teenagers in a very large number of schools from all
around Germany. It would have been very costly to have to travel to the schools, so being able to
record and monitor the data over the internet was an appropriate solution in this case. This type
of internet solution would be even more useful, if speech data were needed across a much wider
geographical area.

The above is a description of procedures for recording acoustic speech signals (see also
for Draxler, 2008 for further details) but it can to a certain extent be extended to the collection
physiological speech data. There is articulatory equipment for recording aerodynamic, laryngeal,
and supralaryngeal activity and some information from lip movement could even be obtained

'® Florian Schiel, personal communication.
"% See http://www.phonetik.uni-muenchen.de/Bas/software/speechrecorder/ to download SpeechRecorder
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with video recordings synchronized with the acoustic signal. However, video information is
rarely precise enough for most forms of phonetic analyses. Collecting articulatory data is
inherently complicated because most of the vocal organs are hidden and so the techniques are
often invasive (see various Chapters in Hardcastle & Hewlett, 1999 and Harrington & Tabain,
2004 for a discussion of some of these articulatory techniques). A physiological technique such
as electromagnetic articulometry described in Chapter 5 also requires careful calibration; and
physiological instrumentation tends to be expensive, restricted to laboratory use, and generally
not easily useable without technical assistance. The variation within and between subjects in
physiological data can be considerable, often requiring an analysis and statistical evaluation
subject by subject. The synchronization of the articulatory data with the acoustic signal is not
always a trivial matter and analyzing articulatory data can be very time-consuming, especially if
data are recorded from several articulators. For all these reasons, there are far fewer experiments
in phonetics using articulatory than acoustic techniques. At the same time, physiological
techniques can provide insights into speech production control and timing which cannot be
accurately inferred from acoustic techniques alone.

1.2.6 Annotation

The annotation of a speech corpus refers to the creation of symbolic information that is
related to the signals of the corpus in some way. It is always necessary for annotations to be
time-aligned with the speech signals: for example, there might be an orthographic transcript of
the recording and then the words might be further tagged for syntactic category, or sentences for
dialogue acts, with these annotations being assigned any markers to relate them to the speech
signal in time. In the phonetic analysis of speech, the corpus usually has to be segmented and
labeled which means that symbols are linked to the physical time scale of one or more signals.
As described more fully in Chapter 4, a symbol may be either a segment that has a certain
duration or else an event that is defined by a single point in time. The segmentation and labeling
is often done manually by an expert transcriber with the aid of a spectrogram. Once part of the
database has been manually annotated, then it can sometimes be used as training material for the
automatic annotation of the remainder. The Institute of Phonetics and Speech Processing of the
University of Munich makes extensive use of the Munich automatic segmentation system
(MAUS) developed by Schiel (1999, 2004) for this purpose. MAUS typically requires a
segmentation of the utterance in words based on which statistically weighted hypothesis of sub-
word segments can be calculated and then verified against the speech signal. Exactly this
procedure was used to provide an initial phonetic segmentation of the acoustic signal for the
corpus of movement data discussed in Chapter 5.

Manual segmentation tends to be more accurate than automatic segmentation and it has
the advantage that segmentation boundaries can be perceptually validated by expert transcribers
(Gibbon et al, 1997): certainly, it is always necessary to check the annotations and segment
boundaries established by an automatic procedure, before any phonetic analysis can take place.
However, an automatic procedure has the advantage over manual procedures not only of
complete acoustic consistency but especially that annotation is accomplished much more
quickly.

One of the reasons why manual annotation is complicated is because of the continuous
nature of speech: it is very difficult to make use of external acoustic evidence to place a segment
boundary between the consonants and vowel in a word like wheel because the movement
between them is not discrete but continuous. Another major source of difficulty in annotating
continuous or spontaneous speech is that there will be frequent mismatches between the phonetic
content of the signal and the citation-form pronunciation. Thus run past might be produced with
assimilation and deletion as [AAmpa:s], actually as [afli] and so on (Laver, 1994). One of the
difficulties for a transcriber is in deciding upon the extent to which reduction has taken place and
whether segments overlap completely or partially. Another is in aligning the reduced forms with
citation-form dictionary entries which is sometimes done in order to measure subsequently the
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extent to which segmental reduction has taken place in different contexts (see Harrington et al,
1993 and Appendix B of the website related to this book for an example of a matching algorithm
to link reduced and citation forms and Johnson, 2004b for a technique which, like Harrington et
al 1993, is based on dynamic programming for aligning the two types of transcription).

The inherent difficulty in segmentation can be offset to a certain extent by following
some basic procedures in carrying out this task. One fairly obvious one is that it is best not to
segment and label any more of the corpus than is necessary for addressing the hypotheses that
are to be solved in analyzing the data phonetically, given the amount of time that manual
segmentation and labeling takes. A related point (which is discussed in further detail in Chapter
4) 1s that the database needs to be annotated in such a way that the speech data that is required
for the analysis can be queried or extracted without too much difficulty. One way to think about
manual annotation in phonetic analysis is that it acts as a form of scaffolding (which may not
form part of the final analysis) allowing a user to access the data of interest. But just like
scaffolding, the annotation needs to be firmly grounded which means that segment boundaries
should be placed at relatively unambiguous acoustic landmarks if at all possible. For example, if
you are interested in the rate of transition between semi-vowels and vowels in words like wheel,
then it is probably not a good idea to have transcribers try to find the boundary at the juncture
between the consonants and vowel for the reasons stated earlier that it is very difficult to do so,
based on any objective criteria (leading to the additional problem that the consistency between
separate transcribers might not be very high). Instead, the words might be placed in a carrier
phrase so that the word onset and offset can be manually marked: the interval between the word
boundaries could then be analysed algorithmically based on objective acoustic factors such as the
maximum rate of formant change.

For all the reasons discussed so far, there should never really be any need for a complete,
exhaustive segmentation and labeling of entire utterances into phonetic segments: it is too time-
consuming, unreliable, and is probably in any case not necessary for most types of phonetic
analyses. If this type of exhaustive segmentation really is needed, as perhaps in measuring the
variation in the duration of vowels and consonants in certain kinds of studies of speech rhythm
(e.g., Grabe & Lowe, 2002), then you might consider using an automatic method of the kind
mentioned earlier. Even if the boundaries have not all been accurately placed using the automatic
procedure, it is still generally quicker to edit them subsequently rather than placing boundaries
using manual labeling from scratch. As far as manual labeling is concerned, it is once again
important to adhere to guidelines especially if the task is carried out by multiple transcribers.
There are few existing manuals that provide any detailed information about how to segment and
label to a level of detail greater than a broad, phonemic segmentation (but see Keating et al, 1994
for some helpful criteria in providing narrow levels of segmentation and labeling in English
spontaneous speech; and al also Barry & Fourcin, 1992 for further details on different levels of
labeling between the acoustic waveform and a broad phonemic transcription). For prosodic
annotation, extensive guidelines have been developed for American and other varieties of
English as well as for many other languages using the tones and break indices labeling system:
see e.g, Beckman et al, (2005) and other references in Jun (2005).

Labeling physiological data brings a whole new set of issues beyond those that are
encountered in acoustic analysis because of the very different nature of the signal. As discussed
in Chapter 5, data from electromagnetic articulometry can often be annotated automatically for
peaks and troughs in the movement and velocity signals, although these landmarks are certainly
not always reliably present, especially in more spontaneous styles of speaking.
Electropalatographic data could be annotated at EPG landmarks such as points of maximum
tongue-palate contact, but this is especially time-consuming given that the transcriber has to
monitor several contacts of several palatograms at once. A better solution might be to carry out a
coarse acoustic phonetic segmentation manually or automatically that includes the region where
the point of interest in the EPG signal is likely to be, and then to find landmarks like the



27

maximum or minimum points of contact automatically (as described in Chapter 7), using the
acoustic boundaries as reference points.

Once the data has been annotated, then it is important to carry out some form of
validation, at least of a small, but representative part of the database. As Schiel & Draxler (2004)
have noted, there is no standard way of doing this, but they recommend using an automatic
procedure for calculating the extent to which segment boundaries overlap (they also point out
that the boundary times and annotations should be validated separately although the two are not
independent, given that if a segment is missing in one transcriber's data, then the times of the
segment boundaries will be distorted). For phoneme-size boundaries, they report that phoneme
boundaries from separate transcribers are aligned within 20 ms of each other in 95% of read
speech and 85% of spontaneous speech. Reliability for prosodic annotations is somewhat lower
(see e.g. Jun et al, 2000; Pitrelli et al, 1994; Syrdal & McGory, 2000; Yoon et al, 2004 for
studies of the consistency of labeling according to the tones and break indices system).
Examples of assessing phoneme labeling consistency and transcriber accuracy are given in Pitt et
al (2005), Shriberg & Lof (1991), and Wesenick & Kipp (1996).

1.2.7 Some conventions for naming files

There are various points to consider as far as file naming in the development of a speech
corpus is concerned. Each separate utterance of a speech corpus usually has its own base-name
with different extensions being used for the different kinds of signal and annotation information
(this is discussed in further detail Chapter 2). A content-based coding is often used in which
attributes such as the language, the varieties, the speaker, and the speaking style are coded in the
base-name (so EngRPabcF .wav might be used for English, RP, speaker abc who used a fast
speaking style for example). The purpose of content-based file naming is that it provides one of
the mechanisms for extracting the corresponding information from the corpus. On the other
hand, there is a limit to the amount of information that can be coded in this way, and the
alternative is to store it as part of the annotations at different annotation tiers (Chapter 4) rather
than in the base-name itself. A related problem with content-based file names discussed in
Schiel & Draxler (2004) is that there may be platform- or medium dependent length restrictions
on file names (such as in ISO 9960 CDs).

The extension .wav is typically used for the audio data (speech pressure waveform) but
other than this there are no conventions across systems for what the extensions denote although
some extensions are likely to be specific to different systems (e.g, . TextGrid is for
annotation data in Praat; . h1lb for storing hierarchical label files in Emu).

Schiel & Draxler (2004) recommend storing the signal and annotation data separately,
principally because the annotations are much more likely to be changed that the signal data. For
the same reason, it is sometimes advantageous to store separately the original acoustic or
articulatory sampled speech data files obtained during the recording from other signal files
(containing information such as formants of spectral information) that are subsequently derived
from these.

1.3 Summary and structure of the book

The discussion in this Chapter has covered a few of the main issues that need to be
considered in designing a speech corpus. The rest of this book is about how speech corpora can
be used in experimental phonetics. The material in Chapters 2-4 provides the link between the
general criteria reviewed in this Chapter and the techniques for phonetic analysis of Chapters 5-
9.

As far as Chapters 2-4 are concerned, the assumption is that you may have some
digitized speech data that might have been labeled and the principal objective is to get it into a
form for subsequent analysis. The main topics that are covered here include some routines in
digital signal processing for producing derived signals such as fundamental frequency and
formant frequency data (Chapter 3) and structuring annotations in such a way that they can be
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queried, allowing the annotations and signal data to be read into R (Chapter 4). These tasks in
Chapters 3 and 4 are carried out using the Emu system: the main aim of Chapter 2 is to show
how Emu is connected both with R and with Praat (Boersma & Weenink, 2005) and Wavesurfer
(Sj6lander, 2002). Emu is used in Chapters 2-4 because it includes both an extensive range of
signal processing facilities and a query language that allows quite complex searches to be made
of multi-tiered annotated data. There are certainly other systems that can query complex
annotation types of which the NITE-XML? system (Carletta et al, 2005) is a very good example
(it too makes use of a template file for defining a database's attributes in a way similar to Emu).
Other tools that are especially useful for annotating either multimedia data or dialogues are
ELAN*' (EUDICO Linguistic Annotator) developed at the Max Planck Institute for
Psycholinguistics in Nijmegen, and Transcriber’* based on the annotation graph toolkit (Bird &
Liberman, 2001; see also Barras, 2001)**. However, although querying complex annotation
structures and representing long dialogues and multimedia data can no doubt be more easily
accomplished in some of these systems than they can in Emu, none of these at the time of writing
includes routines for signal processing, the possibility of handling EMA and EPG data, as well as
the transparent interface to R that is needed for accomplishing the various tasks in the later part
of this book.

Chapters 5-9 are concerned with analysing phonetic data in the R programming
environment: two of these (Chapters 5 and 7) are concerned with physiological techniques, the
rest make use of acoustic data. The analysis in Chapter 5 of movement data is simultaneously
intended as an introduction to the R programming language. The reason for using R is partly that
it is free and platform-independent, but also because of the ease with which signal data can be
analysed in relation to symbolic data which is often just what is needed is analyzing speech
phonetically. Another is that, as a recent article by Vance (2009) in the New York Times made
clear™®, R is now one of the main data mining tools used in very many different fields. The same
article quotes a scientist from Google who comments that 'R is really important to the point that
it’s hard to overvalue it'. As Vance (2009) correctly notes, one of the reasons why R has become
so popular is because statisticians, engineers and scientists without computer programming skills
find it relatively easy to use. Because of this, and because so many scientists from different
disciplinary backgrounds contribute their own libraries to the R website, the number of functions
and techniques in R for data analysis and mining continues to grow. As a result, most of the
quantitative, graphical, and statistical functions that are needed for speech analysis are likely to
be found in one or more of the libraries available at the R website. In addition, and as already
mentioned in the preface and earlier part of this Chapter, there are now books specifically
concerned with the statistical analysis of speech and language data in R (Baayen, in press;
Johnson, 2008) and much of the cutting-edge development in statistics is now being done in the
R programming environment.

2% http://sourceforge.net/projects/nite/

! http://www.lat-mpi.eu/tools/elan/

22 http://trans.sourceforge.net/en/presentation.php

3 Plans are currently in progress to build an interface between ELAN and Emu annotations. There was an interface
between Transcriber and Emu in earlier versions of both systems (Barras, 2001; Cassidy & Harrington, 2001). Since
at the time of writing, Transcriber is being redeveloped, the possibility of interfacing the two will need to be
reconsidered.

* My thanks to Andrea Sims and Mary Beckman for pointing this out to me. The same article in the NYT also
makes a reference to Emu.
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Chapter 2. Some tools for building and querying annotated speech
databases”

2.0. Overview

As discussed in the previous Chapter, the main aim of this book is to present some
techniques for analysing labelled speech data in order to solve problems that typically arise in
experimental phonetics and laboratory phonology. This will require a labelled database, the
facility to read speech data into R, and a rudimentary knowledge of the R programming
language. These are the main subjects of this and the next three Chapters.

Fig. 2.1 about here

The relationship between these three stages is summarised in Fig. 2.1. The first stage involves
creating a speech database which is defined in this book to consist of one or more utterances
that are each associated with signal files and annotation files. The signal files can include
digitised acoustic data and sometimes articulatory data of various different activities of the vocal
organs as they change in time. Signal files often include derived signal files that are obtained
when additional processing is applied to the originally recorded data — for example to obtain
formant and fundamental frequency values from a digitised acoustic waveform. Annotation files
are obtained by automatic or manual labelling, as described in the preceding chapter.

Once the signal and annotation files have been created, the next step (middle section of
Fig. 2.1) involves querying the database in order to obtain the information that is required for
carrying out the analysis. This book will make use of the Emu query language (Emu-QL) for this
purpose which can be used to extract speech data from structured annotations. The output of the
Emu-QL includes two kinds of objects: a segment list that consists of annotations and their
associated time stamps and trackdata that is made up of sections of signal files that are
associated in time with the segment list. For example, a segment list might include all the /i:/
vowels from their acoustic onset to their acoustic offset and trackdata the formant frequency data
between the same time points for each such segment.

A segment list and trackdata are the structures that are read into R for analysing speech
data. Thus R is not used for recording speech data, nor for annotating it, nor for most major
forms of signal processing. But since R does have a particularly flexible and simple way of
handling numerical quantities in relation to annotations, then R can be used for the kinds of
graphical and statistical manipulations of speech data that are often needed in studies of
experimental phonetics.

Fig. 2.2 about here

2.1 Getting started with existing speech databases

When you start up Emu for the first time, you should see a display like the one in Fig.
2.2. The left and right panels of this display show the databases that are available to the system
and their respective utterances. In order to proceed to the next step, you will need an internet
connection. Then, open the Database Installer window in Fig. 2.3 by clicking on
Arrange tools and then Database Installer within that menu. The display contains
a number of databases that can be installed, unzipped and configured in Emu. Before
downloading any of these, you must specify a directory (New Database Storage) into
which the database will be downloaded. When you click on the database to be used in this

> Much of the material in this Chapter is based on Bombien et al. (2006), Cassidy & Harrington (2001), and
Harrington et al. (2003).
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Chapter, first.zip, the separate stages download, unzip, adapt, configure should
light up one after the other and finish with the message: Successful (Fig. 2.3). Once this is
done, go back to the Emu Database Tool (Fig. 2.2) and click anywhere inside the
Databases pane: the database £irst should now be available as shown in Fig. 2.4. Click on
first, then choose Load Database in order to see the names of the utterances that belong
to this database, exactly as in the manner of Fig. 2.4.

Figs. 2.3 and 2.4

Now double click on gam001 in Fig. 2.4 in order to open the utterance and produce a display
like the one shown in Fig. 2.5.

The display consists of two signals, a waveform and a wideband spectrogram in the 0-
8000 Hz range. For this mini-database, the aim was to produce a number of target words in a
carrier sentence ich muss __ sagen (Lit. Imust ___ say) and the one shown in Fig. 2.4 is of
guten (good, dative plural) in such a carrier phrase produced by a male speaker of the Standard
North German variety. The display also shows annotations arranged in four separate labelling
tiers. These include guten in the Word tier marking the start and end times of this word and three
annotations in the Phonetic tier that mark the extent of velar closure (g), the release/frication
stage of the velar stop (H), and the acoustic onset and offset of the vowel (u:). The annotations
at the Phoneme tier are essentially the same except that the sequence of the stop closure and
release are collapsed into a single segment. Finally, the label T at the Target tier marks the
acoustic vowel target which is usually close to the vowel's temporal midpoint in monophthongs
and which can be thought of as the time at which the vowel is least influenced by the
neighbouring context (see Harrington & Cassidy, 1999, p. 59-60 for a further discussion on
targets).

Fig. 2.5 about here

In Emu, there are two different kind of labelling tiers: segment tiers and event tiers. In
segment tiers, every annotation has a duration and is defined by a start and end time. Word,
Phoneme, Phonetic are segment tiers in this database. By contrast, the annotations of an
event tier, of which Target is an example in Fig. 2.5, mark only single events in time: so the T
in this utterance marks a position in time, but has no duration.

In Fig. 2.6, the same information is displayed but after zooming in to the segment marks
of Fig. 2.5 and after adjusting the parameters, brightness, contrast and frequency range in order
to produce a sharper spectrogram. In addition, the spectrogram has been resized relative to the
waveform.

Fig. 2.6 about here

2.2 Interface between Praat and Emu

The task now is to annotate part of an utterance from this small database. The annotation
could be done in Emu but it will instead be done with Praat both for the purposes of
demonstrating the relationship between the different software systems, and because this is the
software system for speech labelling and analysis that many readers are most likely to be familiar
with.

Begin by starting up Praat, then bring the Emu Database Tool to the foreground and
select with a single mouse-click the utterance gam002 as shown in Fig. 2.7. Then select Open
with... followed by Praat from the pull-out menu as described in Fig. 2.7 (N.B. Praat must be
running first for this to work). The result of this should be the same utterance showing the
labelling tiers in Praat (Fig. 2.8).
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Fig. 2.7 about here

The task now is to segment and label this utterance at the Word tier so that you end up with a
display similar to the one in Fig. 2.8. The word to be labelled in this case is Duden (in the same
carrier phrase as before). One way to do this is to move the mouse into the waveform or
spectrogram window at the beginning of the closure of Duden; then click the circle at the top of
the Word tier; finally, move the mouse to the end of this word on the waveform/spectrogram and
click the circle at the top of the Word tier again. This should have created two vertical blue lines,
one at the onset and one at the offset of this word. Now type in Duden beween these lines. The
result after zooming in should be as in Fig. 2.8. The final step involves saving the annotations
which should be done with Write Emulabels from the File menu at the top of the display
shown in Fig. 2.8.

Fig. 2.8 about here

If you now go back to the Emu Database Tool (Fig. 2.7) and double click on the
same utterance, it will be opened in Emu: the annotation that has just been entered at the Word
tier in Praat should also be visible in Emu as in Fig. 2.9.

Fig. 2.9 about here

2.3 Interface to R

We now consider the right side of Fig. 2.1 and specifically reading the annotations into R
in the form of a segment list. First it will be necessary to cover a few background details about R.
A more thorough treatment of R is given in Chapter 5. The reader is also encouraged to work
through 'An Introduction to R' from the webpage that is available after entering
help.start() after the prompt. A very useful overview of R functions can be downloaded
as a four-page reference card from the Rpad home page - see Short (2005).

2.3.1 A few preliminary remarks about R
When R is started, you begin a session. Initially, there will be a console consisting of a
prompt after which commands can be entered:

>23
[1] 23

The above shows what is typed in and what is returned that will be represented in this
book by these fonts respectively. The [ 1] denotes the first element of what is returned and it can
be ignored (and will no longer be included in the examples in this book).

Anything following # is ignored by R: thus text following # is one way of including
comments. Here are some examples of a few arithmetic operations that can be typed after the
prompt with a following comment that explains each of them (from now on, the > prompt sign
will not be included):

10 + 2 # Addition

2 * 3 + 12 # Multiplication and addition

54/3 # Division

pi #

2 * pi * 4 # Circumference of a circle, radius 4
472 # 47

pi * 472 # Area of a circle, radius 4
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During a session, a user can create a variety of different objects each with their own name using
either the <- or = operators:

newdata = 20

stores the value or element 20 in the object newdata so that the result of entering newdata
on its own is:

newdata
20

newdata <- 20 can be entered instead of newdata = 20 with the same effect. In R, the
contents of an object are overwritten with another assign statement. Thus:

newdata = 50
causes newdata to contain the element 50 (and not 20).
Objects can be numerically manipulated using the operators given above:

moredata = 80

moredata/newdata
4

As well as being case-sensitive, R distinguishes between numeric and character objects, with
the latter being created with " " quotes. Thus a character object moredata containing the
single element phonetics is created as follows:

moredata = "phonetics"

moredata
"phonetics"”

It is very important from the outset to be clear about the difference between a name with and
without quotes. Without quotes, x refers to an object and its contents will be listed (if it exists);
with quote marks "x" just means the character x. For example:

x = 20 Create a numeric object x containing 20

y = X Copy the numeric object x to the numeric object y
y y therefore also contains 20

20

y = "x" Make an object y consisting of the character "x"

y y contains the character "x"

Throughout this book use will be made of the extensive graphical capabilities in R.
Whenever a function for plotting something is used, then a graphics window is usually
automatically created. For example:

plot(1:10)
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brings up a graphics window and plots integer values from 1 to 10. There are various ways of
getting a new graphics window: for example, win.graph() on Windows, quartz() ona
Macintosh, and X11 () on Linux/Unix.

A function carries out one or more operations on objects and it can take zero or more
arguments that are delimited by parentheses. The functions 1s () or objects () when
entered with no arguments can be used to show what objects are stored in the current workspace.
The function class () with a single argument says something about the type of object:

newdata = 20
class(newdata)

"numeric"

newdata = "phonetics"
class(newdata)
"character"

Successive arguments to a function have to be separated by a comma. The function rm( ), which
can take an indefinite number of arguments, removes as many objects as there are arguments,
for example:

rm(moredata) Removes the object moredata
rm(moredata, newdata) Removes the objects moredata and newdata

Notice that entering the name of the function on its own without following parentheses or
arguments prints out the function's code:

sort.list
function (x, partial = NULL, na.last = TRUE, decreasing = FALSE,
method = c("shell", "quick", "radix"))

{
method = match.arg(method)

if (!is.atomic(x))
... and so on.

To get out of trouble in R (e.g., you enter something and nothing seems to be happening),
use control-C or press the ESC key and you will be returned to the prompt.

In order to quit from an R session, enter g ( ). This will be followed by a question: Save
Workspace Image? Answering yes means that all the objects in the workspace are stored in
a file .Rdata that can be used in subsequent sessions (and all the commands used to create
them are stored in a file .Rhistory) — otherwise all created objects will be removed. So if you
answered yes to the previous question, then when you start up R again, the objects will still be
there (enter 1s () to check this).

The directory to which these R-Data and history of commands is saved is given by
getwd () with no arguments.

One of the best ways of storing your objects in R is to make a file containing the objects
using the save () function. The resulting file can then also be copied and accessed in R on
other platforms (so this is a good way of exchanging R data with another user). For example,
suppose you want to save your objects to the filename myobjects in the directory c: /path.
The following command will do this:

save(list=1s(), file="c:/path/myobjects")
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Assuming you have entered the last command, quit from R with the g () function and answer no
to the prompt Save workspace image, then start up R again. You can access the objects
that you have just saved with:

attach("c:/path/myobjects")

In order to inspect which objects are stored in myobjects, find out where this file is positioned
in the so-called R search path:

search()

[1] ".GlobalEnv" "file:/Volumes/Data 1/d/myobjects"
[3] "tools:RGUI" "package:stats"”

[5]1 "package:graphics" "package:grDevices"

Since in the above example myobjects is the second in the path, then you can list the objects
that it contains with 1s (pos=2).

The previous command shows that many objects and functions in R are pre-stored in a set
of packages. These packages are available in three different ways. Firstly, entering search ()
shows the packages that are available in your current session. Secondly, there will be packages
available on your computer but not necessarily accessible in your current session. To find out
which these are enter:

library()
or
.packages(all.available = TRUE)

You can make a package from this second category available in your current session by passing
the name of the package as an argument to 1ibrary(): thus l1ibrary(emu) and
library (MASS) make these packages accessible to your current session (assuming that they
are included when you enter the above commands). Thirdly, a very large number of packages is
included R archive network (http://cran.r-project.org/) and, assuming an internet
connection, these can be installed directly with the install.packages () function. Thus,

assuming that e.g. the package AlgDesign is not yet stored on your computer then®:

install.packages("AlgDesign")
library(AlgDesign)

stores the package on your computer and makes it available as part of your current session.

R comes with an extensive set of help pages that can be illustrated in various ways. Try
help(pnorm) or ?pnorm, example(density), apropos("spline"),
help.search("norm"). As already mentioned, the function help.start () on its own
provides an HTML version of R's online documentation.

2.3.2 Reading Emu segment lists into R
Start up R and then enter 1ibrary (emu) after the R prompt. The function for making a

segment list is emu.query () and it takes three arguments that are:

* the name of the database from which the segments are to be extracted.

26Onsomesystems:install.packages("AlgDesign", "path", "http://cran.r-
project.org") where path is the name of the directory for storing the package.
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* the utterances in the database over which the search is to be made.
* the pattern to be searched in terms of a labelling tier and segments.

The two labelled segments guten from gam001 and Duden from gam002 can be extracted with
this function as follows:

emu.query("first", "*", "Word = guten | Duden")
Read 2 records
segment list from database: first
query was: Word = guten | Duden
labels start end utts
1 guten 371.64 776.06 gam001
2 Duden 412.05 807.65 gam002

The meaning of the command is: search through all utterances of the database f£irst for the
annotations guten or Duden at the Word tier. The next command does the same, but additionally
saves the output to an object, w:

w =emu.query("first", "*", "Word = guten | Duden")

If you enter w on its own, then the same information about the segments shown above is
displayed after the prompt.

As discussed more fully in Chapter 5, a number of functions can be applied to segment
lists, and one of the simplest is dur ( ) for finding the duration of each segment, thus:

dur (w)
404.42 395.60

shows that the duration of guten and Duden are 404 ms and 396 ms respectively.

2.4 Creating a new speech database: from Praat to Emu to R

You may already have labelled data in Praat that you would like to convert into Emu in
order to read it into R. This section explains how to do this and will also provide some
information about the way that Emu controls the attributes of each database in the form of a
'blueprint' known as a template file. It will be assumed for the purposes of this section that you
have some familiarity with how to segment and label speech data using Praat.

Fig. 2.10 about here

Begin by finding the directory to which you downloaded the database first.zip and
the file msajc023.wav. If you downloaded first.zip to the directory x, then you will find
this file in x/first/msajc023.wav. It should be pointed out that this audio file has nothing
to do with the database £irst that was labelled in the preceding section: it has simply been put
into that directory as a convenient way to access an audio file for analysing in further detail the
relationship between Praat and Emu.

Start up Praat and load the file msajc023.wav and create a TextGrid file with a
segment tier called Word in the manner of Fig. 2.10.

Fig. 2.11 about here

Now segment and label this file into its words as shown in Fig. 2.11 and save the TextGrid to the
same directory in which the audio file is located.
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The task will be to convert this TextGrid file into a format that can be read by Emu (and
therefore also by R). To do this, start up Emu and choose Convert Labels from the
Arrange Tools pull down menu. Then select Praat 2 Emu from the labConvert
(graphical label convertor) window and convert the TextGrid in the manner shown
and described in Fig. 2.12.

Fig. 2.12 about here

If you saved the TextGrid file to the same directory £irst that contains the audio file
msajc023.wav, then the directory will now contain the files shown in Fig. 2.13. The file
msajc023.Word is a plain text file that contains the same information as
msajc023.TextGrid but in a format’’ that can be read by Emu. The extension is always the
same as the name of the annotation tier: so the extension is . Word in this case because the
annotation tier in Praat was called Word (see Fig. 2.10). If there had been several annotation
tiers in Praat, then the conversion in Fig. 2.12 would have produced as many files as there are
annotation tiers, each with separate extensions and with the same base-name (msajc023). The
file p2epreparedtpl.tpl (Praat-to-Emu prepared template) is the (plain text) Emu
template file that is the output of the conversion and which defines the attributes of the database.

An important change now needs to be made to the template file before the database is
accessible to Emu and this together with some other attributes of the template are discussed in
the next section.

2.5 A first look at the template file

If you carried out the conversion of the Praat TextGrid in the same directory where the
audio file msajc023.wav is located, i.e. in the £irst directory that was downloaded as part
of the initial analysis in this Chapter, then a template file called p2epreparedtpl should be
available when you open the Emu Database Tool. However, it is a good idea to re-name the
template file to something else so that there is no conflict with any other data, should you carry
out another conversion from Praat TextGrids at some later stage. When you rename
p2epreparedtpl.tpl in the directory listing in Fig. 2.13 to something else, be sure to keep
the extension .tpl. I have renamed the template file”™ jec . tpl so that opening the Emu
Database Tool shows the database with the corresponding name, as in Fig. 2.14.

Fig. 2.13 about here
Fig. 2.14 about here

At this stage, Emu will not be able to find any utterances for the jec database because it does
not know where the audio file is located. This, as well as other information, needs to be entered
in the template file for this database which is accessible with Edit Template from the
Template Operations.. menu (Fig. 2.14). This command activates the Graphical
Template Editor which allows various attributes of the database to be incorporated via the
following sub-menus:

Levels: The annotation tiers (in this case Word).
Labels: Annotation tiers that are parallel to the main annotation tiers (discussed
in further detail in Chapter 4).

" In fact, for historical reasons it is in the format used by ESPS/Waves.
28 After the first author, John Clark of Clark et al (2007) who produced this utterance as part of the Australian
National Speech Database in 1990.
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Labfiles: Information about the type of annotation tier (segment or event)
and its extension.
Legal Labels: Optionally defined features for annotations of a given tier.

Tracks: The signal files for the database, their extension and location.

Variables: Further information including the extension over which to search
when identifying utterances.

View: The signals and annotation tiers that are viewed upon opening an
utterance.

The two sub-menus that are important for the present are Tracks and Variables. These need
to be changed in the manner shown in Fig. 2.15.

Fig. 2.15 about here

Changing the Tracks pane (Fig. 2.15) has the effect of saying firstly what the extension is of
the audio files (wav for this database) and secondly where the audio files are located. Setting
the primary extension to wav in the Variables pane is the means by which the base-names
are listed under Utterances in the Emu Database Tool. (More specifically, since for this
example the primary extension is set to wav and since files of extension wav are found in
x/first according to the Tracks pane, then any files with that extension and in that directory
show up as base-names i.e. utterance-names in the Emu Database Tool).

The effect of changing the template in this way is to make the utterance available to Emu
as shown in Fig. 2.16: when this utterance is opened, then the audio signal as well as the labels
that were marked in Praat will be displayed.

Fig. 2.16 about here

Finally, the database and utterance should now be also accessible from R following the
procedure in 2.3.2. The following commands in R can be used to obtain the word durations™:

words = emu.query("jec", "*", "Word!=x")
words

labels start end utts

1 * 0.00 97.85 msajc023
2 I'1l1 97.85 350.94 msajc023
3 hedge 350.94 628.72 msajc023
4 my 628.72 818.02 msajc023
5 bets 818.02 1213.09 msajc023
6 and 1213.09 1285.11 msajc023
7 take 1285.11 1564.95 msajc023
8 no 1564.95 1750.14 msajc023
9 risks 1750.14 2330.39 msajc023
10 * 2330.39 2428.25 msajc023

dur (words)
97.85 253.09 277.78 189.30 395.07 72.02 279.84 185.19 580.25 97.86

2.6 Summary

This introductory Chapter has covered some details of file structure in a database, the
organisation of annotations, an Emu template file, the interface between Praat, Emu, and R, and
some of the different Emu tools for accessing and annotating data. A summary of the salient
points within these main headings is as follows.

? Remember to enter 1ibrary (emu) first.
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File structure
Emu makes a sharp distinction between a database, the utterances of which a database is
composed, and the data that is associated with each utterance, as follows:

* Each database has a name and a corresponding template file which has the same name
followed by the extension . tpl. Thus, if there is a database called simple, then there
will also be a template file with the name simple.tpl. If Emu finds the template file
simple.tpl, then the database name simple will appear under databases in the Emu
Database Tool (Figs2.2,2.4,2.14).

* Each utterance has a name or base-name that precedes any prefix. Thus the base-name of
a.wav,a.fms,a.epg,a.hlb,a.lab, a.TextGrid is in each case a and the files
with various extensions are different forms of data for the same utterance. The base-
names of the utterances appear in the right of the display of Figs. 2.2, 2.4, 2.14 after a
database is loaded and there is always one base-name per utterance.

* The different variants of an utterance (i.e., the different extensions of a base-name) can
be divided into signal and annotation files. A signal file is any digitised representation of
the speech. The types of signal file typically include an audio file (often with extension
.wav), and signal files derived from the audio file. An annotation file includes one or
more annotations with time-markers linked to the signal files.

Organisation of annotations

* There is a basic distinction between segment tiers (each annotations has a certain
duration) and event or point tiers (each annotation marks a single point in time but is
without duration).

* Annotations are organised into separate tiers.

* In Emu, there is one annotation file (see above) per segment or point tier. Thus if an
utterance is labelled in such a way that words, phonemes, and tones are each associated
with their separate times, then in Emu there will be three annotation files each with their
own extension for that utterance. In Praat all of this information is organised into a single
TextGrid.

Template file

An Emu template file defines the attributes of the database. A template file includes
various kinds of information such as the annotation tiers and how they are related to each other,
the types of signal file in the database, where all of the different signal and annotation files of a
database are physically located, and the way that an utterance is to be displayed when it is
opened in Emu.

Praat-Emu interface

The Praat-Emu interface concerns only annotations, not signals. The time-based
annotations discussed in this Chapter are inter-convertible so that the same utterance and its
annotation(s) can be viewed and edited usually with no loss of information in Praat and Emu.

Emu-R interface

R is a programming language and environment and the Emu-R library is a collection of
functions for analysing speech data that is accessible within R using the command
library (emu). Emu annotations are read into R using the Emu query-language (Emu-QL) in
the form of segment lists. Praat TextGrids can also be read into R as segment lists via the Praat-
Emu interface defined above.

Emu tools discussed in this Chapter
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Various Emu tools associated with different tasks have been made use of in this Chapter.
These and a number of other tools are accessible from the Emu Database Tool which is also
the central tool in Emu for listing the databases and for opening utterances. The other tools that
were discussed include:

* The Database Installer for installing via an internet link existing annotated
databases for use in this book (accessible from Arrange Tools).

* The graphical template editor for inspecting and editing the template file of a
database (and accessible from Template Operations).

* thegraphical label convertor for inter-converting between Praat TextGrids
and Emu annotations (accessible from Arrange Tools).

2.7 Questions

This question is designed to extend familiarity with annotating speech data in Emu and
with Emu template-files. It also provides an introduction to the Emu configuration
editor which is responsible for making template files on your system available to Emu. The
exercise involves annotating one of the utterances of the first database with the two different
annotation tiers, Word and Phoneme, as shown in Fig. 2.17. Since the annotation tiers are
different, and since the existing annotations of the £ irst database should not be overwritten, a
new template file will be needed for this task.

(a) Begin by creating a directory on your system for storing the new annotations which will be
referred to as "your path" in the question below.

(b) Start up the Emu Database Tool and choose New template from the Template
Operations.. menu.

(c) Enter the new annotation tiers in the manner shown in Fig. 2.17. Use the Add New Level
button to provide the fields for entering the Phoneme tier. Enter the path of the directory you
created in (a) for the so-called h1b or hierarchical label files. (This is an annotation file that
encodes information about the relationship between tiers and is discussed more fully in Chapter
4).

Fig. 2.17 about here

(d) Select the Labfiles pane and enter the information about the annotation tiers (Fig. 2.18).
To do this, check the labfile box, specify both Word and Phoneme as segment tiers, enter
your chosen path for storing annotations from (a), and specify an extension for each tier. Note
that the choice of extension names is arbitrary: in Fig. 2.18, these have been entered as w and
phon which means that files of the form basename .w and basename . phon will be created
containing the annotations from the Word and Phoneme tiers respectively.

Fig.2.18 about here

(e) Select the Tracks pane (Fig. 2.19) and enter the path where the sampled speech data (audio
files) are stored. In my case, | downloaded the database first.zip to
/Volumes/Data/d/speech so the audio files, gam001.wav — gam009 .wav are in
/Volumes/Data/d/speech/first/signals which is also the path entered in the
Tracks pane in Fig. 2.19. The location of these files in your case depends on the directory to
which you downloaded first.zip. If you downloaded it to the directory x, then enter
x/first/signals under Path in Fig. 2.19. The extension also needs to be specified as wav
because this is the extension of the speech audio files.
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Fig. 2.19 about here

(f) Select the Variables pane (Fig. 2.20) and choose wav as the primary extension. This will
have the effect that any files with .wav in the path specified in Fig. 2.20 will show up as
utterances when you open this database.

Fig. 2.20 about here

(g) Save the template file (see the top left corner of Figs. 2.17-2.20) with a name of your choice,
e.g.myfirst.tpl and be sure to include the extension . tpl if this is not supplied
automatically. For the purposes of the rest of this question, I will refer to the path of the directory
to which you have stored the template as pathtemplate.

(h) The location of the template now needs to be entered into Emu. To do this, make sure Emu is
running and then open the configuration editor from inside the file menu of the Emu Database
Tool which will bring up the display in Fig. 2.21. This display should already include at least
one path which is the location of the template file for the database first.zip that was
downloaded at the beginning of this chapter. Select Add Path then enter the path in (g) where
you stored myfirst.tpl (which I have indicated as temppath in Fig. 2.21).

Fig. 2.21 about here

(1) If you have entered the above information correctly, then when you next click in the
databases pane of the Emu Database Tool, your database/template file should appear as
in Fig. 2.22. If it does not, then this can be for various reasons: the path for the template file was
not entered correctly (h); the paths for the signal files have not been entered correctly (c-¢);
.tpl was not included as an extension in the template file; the primary extension (f) has not
been specified.

Fig. 2.22 about here

Assuming however that all is well, double-click on gam007 to bring up the display
(initially without labels) in Fig. 2.23 whose spectrogram image was also manually sharpened as
described earlier in Fig. 2.6.

Fig. 2.23 about here

(j) There is a way of segmenting and labelling in Emu which is quite similar to Praat and this
will be the form that is explained here. Position the mouse either in the waveform or in the
spectrogram window at the beginning of the first word ick and click with the left mouse button.
This will bring up two vertical blue bars in the Word and Phoneme tiers. Move the mouse to
the blue vertical bar at the Word tier and click on it. This will cause the blue bar at the Word tier
to turn black and the one at the Phoneme tier to disappear. Now move the mouse back inside
the waveform or spectrogram window to the offset of ich and click once to bring up two blue
vertical bars again. Move the mouse to the blue bar you have just created at the Word tier and
click on it. The result should be two black vertical bars at the onset and offset of ick and there
should also be a grey rectangle between them into which you can type text: click on this grey
rectangle, enter ich followed by carriage return. Proceed in the same way until you have
completed the segmentation and labelling, as shown in Fig. 2.23. Then save your annotations

with File » Save.
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(j) Verify that, having saved the data, there are annotation files in the directory that you specified
in (a). If you chose the extensions shown in Fig. 2.18, then there should be three annotation files

in that directory: gam007 .w, gam007 . phon, and gam007 . hlb containing the annotations at
the Word tier, annotations at the Phoneme tier, and a code relating the two respectively.

(k) The task now is to convert these annotations into a Praat TextGrid. To do this, start up the
Emu Database Tool then select Arrange Tools — Convert Labels followed by
Emu 2 Praat inthe labConvert window (Fig. 2.24).

Fig. 2.24 about here

(1) Verify that gam007 . TextGrid has been created in the directory given in (a) and then
open the TextGrid and the audio file in Praat as in Fig. 2.25.

Fig. 2.25 about here
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Chapter 3  Applying routines for speech signal processing

3.0 Introduction

The task in this Chapter will be to provide a brief introduction to the signal processing
capabilities in Emu with a particular emphasis on the formant analysis of vowels. As is well-
known, the main reason why listeners hear phonetic differences between two vowels is because
they have different positions in a two-dimensional space of vowel height and vowel backness.
These phonetic dimensions are loosely correlated respectively with the extent of mouth opening
and the location of the maximum point of narrowing or constriction location in the vocal tract.
Acoustically, these differences are (negatively) correlated with the first two resonances or
formants of the vocal tract: thus, increases in phonetic height are associated with a decreasing
first formant frequency (F1) and increasing vowel backness with a decreasing F2. All of these
relationships can be summarized in the two-dimensional phonetic backness x height space shown
in Fig. 3.1.

Fig. 3.1 about here

The aim in this Chapter is to produce plots for vowels in the F1 x F2 plane of this kind and
thereby verify that when plotting the acoustic vowel space in this way, the vowel quadrilateral
space emerges. In the acoustic analysis to be presented in this Chapter, there will be several
points, rather than just a single point per vowel as in Fig. 3.1 and so each vowel category will be
characterized by a two-dimensional distribution. Another aim will be to determine whether the
scatter in this vowel space causes any overlap between the categories. In the final part of this
Chapter (3.4) a male and female speaker will be compared on the same data in order to begin to
assess some of the ways that vowel formants are influenced by gender differences (an issue that
is explored in more detail in Chapter 6); and the procedures for applying signal processing to
calculating formants that will be needed in the body of the Chapter will be extended to other
parameters including fundamental frequency, intensity, and zero-crossing rate.

Before embarking on the formant analysis, some comments need to be made about the
point in time at which the formant values are to be extracted. Vowels have, of course, a certain
duration, but judgments of vowel quality from acoustic data are often made from values at a
single time point that is at, or near, the vowel's acoustic midpoint. This is done largely because,
as various studies have shown, the contextual influence from neighbouring sounds tends to be
least at the vowel midpoint. The vowel midpoint is also temporally close to what is sometimes
known as the acoustic vowel target which is the time at which the vocal tract is most 'given over
to vowel production: thus F1 reaches a target in the form of an inverted parabola near the
midpoint in non-high vowels, both because the vocal tract is often maximally open at this point,
and because the increase in vocal tract opening is associated with a rise in F1 (Fig. 3.2). In high
vowels, F2 also reaches a maximum (in [i]) or minimum (in [u]) near the temporal midpoint
which is brought about by the narrowing at the palatal zone for [i] and at labial-velar regions of
articulation for [u]. Fig. 3.2 shows an example of how F2 reaches a maximum in the front
rounded vowel [y:] in the region of the vowel's temporal midpoint°.

\J

Fig. 3.2 about here

3.1 Calculating, displaying, and correcting formants

Start up Emu and download the database second. zip exactly in the manner described in
Fig. 2.3 of the preceding Chapter and then load the database as described in Fig 2.4. This
database is a larger version of the one downloaded in Chapter 2 and contains utterances from a

** However, the acoustic vowel target need not necessarily occur at the midpoint, as the example from Australian
English in the exercises to Chapter 6 shows.



43

female speaker (agr) and a male speaker (gam). The materials are the same as for the first
database and include trochaic words of the form /CVC(a)n/ such as baten, Duden, geben and so
on. It is the formants of the vowels that are the subject of the analysis here. The main initial task
will be to analyse those of the male speaker whose utterances can be accessed by entering gam*
as a pattern in the Emu Database Tool, as shown in Fig. 3.3.

Fig. 3.3 about here

Opening any of these utterances produces a waveform, spectrogram and annotation tiers at
various levels, exactly as described in the previous Chapter. The task is now to calculate the
formant frequencies for the speaker gam and this is done by entering the corresponding pattern
in the Emu Database Tool to select those utterances for this speaker and then passing them
to the tkassp routines in the manner shown in Fig. 3.3. The resulting tkassp window (a
Tcl/Tk interface to acoustic speech signal processing) shown in Fig. 3.4 includes a number of
signal processing routines written by Michel Scheffers of the Institute of Phonetics and Speech
Processing, University of Kiel. Selecting samples as the input track causes the utterances to be
loaded. The formants for these utterances can then be calculated following the procedure
described in Fig. 3.4.

Fig. 3.4 about here

The result of applying signal processing in tkassp is as many derived files as input files
to which the routines were applied. So in this case, there will be one derived file containing the
formant frequencies for utterance gam00 1, another for gam002 and so on. Moreover, these
derived files are by default stored in the same directory that contain the input sampled speech
data files and they have an extension that can be set by the user, but which is also supplied by
default. As Fig. 3.4 shows, formants are calculated with the default extension . £fms and so the
output of calculating the formants for these utterances will be files gam001 . fms,
gam002. fms... corresponding to, and in the same directory as, the audio files gam001 .wav,
gam002.wav...

Fig. 3.4 also shows that there are other parameters that can be set in calculating formants.
Two of the most important are the window shift and the window size or window length. The
first of these is straightforward: it specifies how many sets of formant frequency values or
speech frames are calculated per unit of time. The default in tkassp is for formant frequencies
to be calculated every 5 ms. The second is the duration of sampled speech data that the
algorithm sees in calculating a single set of formant values. In this case, the default is 25 ms
which means that the algorithm sees 25 ms of the speech signal in calculating F1-F4. The
window is then shifted by 5 ms, and a quadruplet of formants is calculated based on the next 25
ms of signals that the algorithm sees. This process is repeated every 5 ms until the end of the
utterance.

The times at which the windows actually occur are a function of both the window shift
and the window length. More specifically, the start time of the first window is (¢s - #,)/2, where ts
and ¢, are the window shift and size respectively. Thus for a window shift of 5 ms and a window
size of 25 ms, the left edge of the first window is (5 - 25) /2 = -10 ms and its right edge is 15 ms
(an advancement of 25 ms from its left edge)’'. The next window has these times plus 5 ms, i.e.
it extends from -5 ms to 20 ms, and so on. The derived values are then positioned at the centre of
each window. So since the first window extends in this example from -10 ms to 15 ms, then the

31 All of the signal's values preceding its start time are presumed to be zero: thus the first window is 'buffered' with
zeros between its left edge at # = -10 ms and the actual start time of the signal at # = 0 ms (see Chapter 8 for some
details of zero padding).
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time at which the first quadruplet of formants occurs is (-10 + 15)/2 = 2.5 ms. The next
quadruplet of formants is 5 ms on from this at 7.5 ms (which is also (-5 + 20)/2), etc.

Although formant tracking in Emu usually works very well from the default settings, one
of the parameters that you do sometimes need to change is the nominal F1 frequency. This is set
to 500 Hz because this is the estimated first formant frequency from a lossless straight-sided tube
of length 17.5 cm that serves well as a model for a schwa vowel for an adult male speaker. The
length 17.5 cm is based on the presumed total vocal tract length and so since female speakers
have shorter vocal tracts, their corresponding model for schwa has F1 at a somewhat higher
value. Therefore, when calculating formants from female speakers, the formant tracking
algorithm generally gives much better results if nominal F1 is set to 600 Hz or possibly even
higher.

There are still other parameters that for most purposes you do not need to change®>. Two
of these, the prediction order and the pre-emphasis factor are to do with the algorithm for
calculating the formants, linear predictive coding (LPC>?). The first is set both in relation to the
number of formant frequencies to be calculated and to the sampling frequency; the second is to
do with factoring in 'lumped' vocal tract losses in a so-called all-pole model. Another parameter
that can be set is the window function. In general, and as described in further detail in Chapter 8
on spectra, there are good reasons for attenuating (reducing in amplitude) the signal
progressively towards the edges of the window in applying many kinds of signal processing
(such as the one needed for formant calculation) and most of the windows available such as the
Blackman, Hanning, Hamming and Cosine in tkassp have this effect. The alternative is not to
change the amplitude of the sampled speech data prior to calculating formants which can be done
by specifying the window to be rectangular.

Fig. 3.5 about here

In order to display the formants, it is necessary to edit the template file (Figs. 2.14 and
2.15) so that Emu knows where to find them for this database. The relevant panes that need to be
edited are shown in Fig. 3.5. The same path is entered for the formants as for the audio files if
the default setting (auto) was used for saving the formants (Fig. 3.4). The track (name) should
be set to £m because this tells Emu that these are formant data which are handled slightly
differently from other tracks (with the exception of formants and fundamental frequency, the
track name is arbitrary). The track extension should be £ms if the defaults were used in
calculating the formants (see Fig.3.3) and finally the box £m is checked in the View pane which
is an instruction to overlay the formants on the spectrogram when an utterance is opened.

32 Some further points on the relationship between accuracy of formant estimation, prediction order, and nominal F1
frequency (Michel Scheffers pers. comm.) are as follows. Following Markel & Gray (1976), the prediction order for
accurate estimation of formants should be approximately equal to the sampling frequency in kHz based on an adult
male vocal tract of length 17.5 cm (taking the speed of sound to be 35000 cm/s). In tkassp, the default prediction
order is the smallest even number greater than p in:

(M p=1s/(2Flsom)

where f5 is the sampling frequency and F1,,, the nominal F1 frequency in kHz. Thus, for a sampling frequency of
20 kHz and nominal F1 of 0.5 kHz, p = 20 and so the prediction order is 22, this being the smallest even number
greater than p. (The extra two coefficients are intended for modeling the additional resonance often found in
nasalized vowels and/or for compensating for the fact that the vocal tract is not a lossless tube). (1) shows that
increasing the nominal F1 frequency causes the prediction order to be decreased, as a result of which the lossless
model of the vocal tract is represented by fewer cylinders and therefore fewer formants in the same frequency range
(which is appropriate for shorter vocal tracts). Should two formants still be individually unresolved after adjusting
F'1,om, then the prediction order could be increased in the forest pane, either by entering the prediction order
itself, or by selecting 1 from incr/decr: this second action would cause the default prediction order for a
sampling frequency of 20 kHz to be increased by 2 from 22 to 24.

3 LPC is not covered in this book - see Harrington & Cassidy (1999) Chapter 8 for a fairly non-technical treatment.
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When you open the Emu Database Tool tool, reload the second database and then
open the utterance gam002. The result should now be a waveform and spectrogram display with
overlaid formants (Fig. 3.6).

Fig. 3.6 about here

As Fig. 3.6 shows, there is evidently a formant tracking error close to 0.65 seconds which can be
manually corrected in Emu following the procedure shown in Fig. 3.7. When the manual
correction is saved as described in Fig. 3.7, then the formant file of the corresponding utterance
is automatically updated (the original formant file is saved to the same base-name with extension
fms.bak).

Fig. 3.7 about here

3.2. Reading the formants into R

The task now is to read the calculated formants and annotations into R in order to
produce the F1 x F1 displays for the separate vowel categories. The procedure for doing so is
sketched in Fig. 3.8, the top half of which also represents a more general procedure for getting
signals and annotations from Emu into R.

Fig. 3.8 about here

As Fig. 3.8 shows, signals (in this case formant data) are read into R in the form of what
is called trackdata but always from an existing segment list: as a result, the trackdata consists of
signals (formants) between the start and end times of each segment in the segment list. A
function, dcut () is then used to extract formant values at the segment's midpoint and these
data are combined with annotations to produce the required ellipse plots. The procedure for
creating a segment list involves using the emu.query () function which has already been
touched upon in the preceding Chapter. In the following, a segment list (vowels. s) is made of
five of speaker gam's monophthong categories, and then the formant data (vowels . fm) are
extracted from the database relative to these monophthongs' start and end times (remember to
enter Library (emu) after starting R):

vowels.s = emu.query("second", "gam*",
"Phonetic=i:|e:|a:|o:|u:")
vowels.fm = emu.track(vowels.s, "fm")

The summary () function can be used to provide a bit more information on both of these
objects:

summary(vowels.s)

segment list from database: second
query was: Phonetic=i:|e:|a:|o:]|u:
with 45 segments

Segment distribution:

summary(vowels.fm)
Emu track data from 45 segments

Data is 4 dimensional from track fm
Mean data length is 29.82222 samples
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From this information, it can be seen that the segment list consists of 9 of each of the
monophthongs while the trackdata object is said to be four-dimensional (because there are four
formants), extracted from the track £m, and with just under 30 data frames on average per
segment. This last piece of information requires some further qualification. As already shown,
there are 45 segments in the segment list and their average duration is:

mean (dur (vowels.s))
149.2712

1.e., just under 150 ms. Recall that the window shift in calculating formants was 5 ms. For this
reason, a segment can be expected to have on average 149/5 i.e. a fraction under 30 sets of
formant quadruplets (speech frames) spaced at intervals of 5 ms between the segment's start and
end times.

It is important at this stage to be clear how the segment list and trackdata relate back to
the database from which they were derived. Consider for example the fourth segment in the
segment list. The information about its label, start time, end time, and utterance from which it is
was taken is given by:

vowels.s[4, ]

segment list from database: second

query was: Phonetic=i:|e:|a:|o:]|u:
labels start end utts
4 i: 508.578 612.95 gam006

A plot™ of the extracted formant data between these times (Fig. 3.9, left panel) is given by:
plot(vowels.fm[4,])

or equivalently with plot (vowels.fm[4,], type="1") to produce a line plot. These
are the same formant values that appear in Emu between 508 ms and 613 ms in the utterance
gam006, as the panel in the right of Fig. 3.9 shows.

Fig. 3.9 about here

Another important point about the relationship between a segment list and trackdata is
that the speech frames are always extracted between or within the boundary times of segments in
a segment list. Therefore the first speech frame in the 4™ segment above must be fractionally
after the start time of this segment at 508 ms and the last speech frame must be fractionally
before its end time at 613 ms. This is confirmed by using the start () and end () functions to
find the times of the first and last data frames for this segment:

start(vowels.fm[4,])
512.5
end(vowels.fm[4,])
612.5

* For the sake of simplicity, I have reduced the command for plotting the formants to the minimum. The various
options for refining the plot are discussed in Chapter 5. The plot command actually used here was
plot(vowels.fm[4,], bty="n", ylab="Frequency (Hz)", xlab="Time (ms)", col=F,
pch=1:4)
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Thus the times of the first (leftmost) quadruplet of formants in Fig. 3.9 is 512.5 ms and of the
last quadruplet 612.5 ms. These times are also found in tracktimes (vowels.fm[4,])
which returns the times of a// the data frames of the 4™ segment:

tracktimes (vowels.fm[4,])
512.5 517.5 522.5 527.5 532.5 537.5 542.5 547.5 552.5 557.5 562.5 567.5 572.5
577.5 582.5 587.5 592.5 597.5 602.5 607.5 612.5

The above once again shows that the times are at intervals of 5 ms. Further confirmation that the
start and end times of the trackdata are just inside those of the segment list from which it is
derived is given by subtracting the two:

start(vowels.fm) - start(vowels.s)
end(vowels.s) - end(vowels.fm)

The reader will see upon entering the above instructions in R that all of these subtracted times
from all 45 segments are positive (thus showing that the start and end times of the trackdata are
within those of the segment list from which it was derived).

As discussed at the beginning of this Chapter, the task is to plot the ellipses at the
temporal midpoint of the vowels and to do this, the dcut () function is needed to extract these
values from the trackdata (Fig. 3.8). This is done as follows:

mid = dcut(vowels.fm, 0.5, prop=T)
The object mid is a matrix of 45 rows and 4 columns containing F1-F4 values at the segments'
temporal midpoints. Here are F1-F4 at the temporal midpoint in the first eight segments (i.e., the

formants at the midpoints of the segments in vowels.s[1:8, ] ):

mid[1:8, ]
T1 T2 T3 T4

542.5 260 889 2088 2904
597.5 234 539 2098 2945
532.5 287 732 2123 2931
562.5 291 1994 2827 3173
512.5 282 1961 2690 2973
532.5 291 765 2065 2838
562.5 595 1153 2246 3262
592.5 326 705 2441 2842

It looks as if there are five columns of formant data, but in fact the one on the far left is not a
column in the sense that R understands it but a dimension name containing the times at which
these formant values occur. In order to be clear about this, the fourth row (highlighted above)
shows four formant values, F1 =291 Hz, F2= 1994 Hz, F3 = 2827 Hz, and F4 = 3173 Hz that
occur at time 562.5 ms. These are exactly the same values that occur just after 560 ms identified
earlier in the utterance gam006 and marked at the vertical line in the left panel of Fig. 3.9.

Fig. 3.10 about here

A plot of all these formant data at the vowel midpoint could now be given by
plot(mid[,1:2]) orequivalently plot (mid[,1], mid[,2]), where the integers after
the comma index the first and second column respectively. However, in order to differentiate the
points by vowel category, a vector of their labels is needed and, as the flow diagram in Fig. 3.8
shows, the vector can be obtained from the segment list using the 1abel () function. Here the
segment labels are stored as a vector vowels. lab:
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vowels.lab = label(vowels.s)

The command plot (mid[,1:2], pch=vowels.lab) now differentiates the points by
category label. However, these data are not the right way round as far as the more familiar vowel
quadrilateral is concerned. In order to rotate the plot such that the vowels are arranged in relation
to the vowel quadrilateral (i.e., as in Fig 3.1), a plot of -F2 vs. -F1 on the x- and y-axes needs to
be made. This could be done as follows:

plot(-mid[,2:1], pch=vowels.lab)

The same can be achieved more simply with the eplot () function for ellipse drawing in the
Emu-R library by including the argument form=T. The additional argument centroid=T of
eplot () plots a symbol per category at the centre (whose coordinates are the mean of
formants) of the ellipse (Fig. 3.10):

eplot(mid[,1:2], vowels.lab, centroid=T, form=T)
Fig. 3.10 about here

The ellipses include at least 95% of the data points by default and so are sometimes called 95%
confidence ellipses - these issues are discussed more fully in relation to probability theory in the
last Chapter of this book.You can also plot the points with dopoints=T and take away the
ellipses with doellipse=F, thus:

eplot(mid[,1:2], vowels.lab, dopoints=T, doellipse=F, form=T)

gives the same display (albeit colour-coded by default) as plot (-mid[,2:1],
pch=vowels.lab) given earlier.

3.3 Summary
The main points that were covered in this Chapter and that are extended in the exercises
below are as follows.

Signal processing

¢ Signal processing in Emu is applied with the tkassp toolkit. If signal processing is
applied to the file x.wav, then the output is x.ext where ext is an extension that can
be set by the user and which by default depends on the type of signal processing that is
applied. The files derived from tkassp are by default stored in the same directory as
those to which the signal processing was applied.

* Signal processing is applied by calculating a single speech frame at a single point in time
for a given window size. The window size is the duration of the speech signal seen at any
one time by the signal processing routine in calculating the speech frame. A speech frame
is often a single value (such as an intensity value or a fundamental frequency value) or a
set of values (such as the first four formants). The window shift defines how often this
calculation is made. If the window shift is set to 5 ms, then one speech frame is derived
every 5 ms.

* One of the parameters in calculating formants that often needs to be changed from its
default is Nominal F1 which is set to 500 Hz on the assumption that the speaker has a
vocal tract length of 17.5 cm. For female speakers, this should be set to around 600 Hz.

Displaying signal processing in Emu
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* In order to display the output of tkassp in Emu, the template file needs to be edited to
tell Emu where the derived signal files are located (and whether they should be displayed
when Emu utterances from the database are opened).

* In Emu, formants, fundamental frequency and some other signals can be manually
corrected.

Interface to R

* Speech signal data that is the output of tkassp is read into R as a trackdata object. A
trackdata object can only ever be created relative to a segment list. For this reason, a
trackdata object contains signal data within the start and end times of each segment in the
segment list.

* Various functions can be applied to trackdata objects including plot () for plotting
trackdata from individual segments and dcut () for extracting signal data at a specific
time point.

* Ellipses can be plotted for two parameters at a single point of time with the eplot ()
function. An option is available within eplot () for plotting data from the first two
formants in such a way that the vowel categories are arranged in relation to the height
and backness dimensions of the vowel quadrilateral.

3.4 Questions

1. The task in this question is to obtain ellipse plots as in the left panel of Fig. 3.11 for the female
speaker agr from the second database analysed in this Chapter. Both the male speaker gam
and the female speaker agr are speakers of the same North German variety.

(a) Follow the procedure exactly as outlined in Figs. 3.3 and 3.4 (except substitute agr for gam
in Fig. 3.3) and calculate formants for the female speaker agr with a default nominal F1 of 600
Hz.

(b) Start up R and, after entering 1library (emu), enter commands analogous to those given
for the male speaker to produce the ellipses for the female speaker agr as shown in the right
panel of Fig. 3.11. Create the following objects as you proceed with this task:

vowelsF.s Segment list of speaker agr's vowels

vowelsF.1l Vector of labels

vowelsF.fm Trackdata object of formants

vowelsF.fm5 Matrix of formants at the temporal midpoint of the vowel

(See the answers at the end of the exercises if you have difficulty with this).

Fig. 3.11 about here

(¢) You will notice from your display in R and from the right panel of Fig. 3.11 that there is
evidently a formant tracking error for one of the [u:] tokens that has F2 at 0 Hz. The task is to
use R to find this token and then Emu to correct it in the manner described earlier. Assuming you
have created the objects in (b), then the outliner can be found in R using an object known as a
logical vector (covered in detail in Chapter 5) that is True for any u: vowel that has F2 less
than 100 Hz:

temp = vowelsF.fm5[,2] < 100 & vowelsF.l == "u:"

The following verifies that there is only one such vowel:
sum(temp)
[1]

This instruction identifies the outlier:
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vowelsF.s[temp, ]
segment list from database: second

query was: Phonetic=i:|e:|a:|o:]|u:
labels start end utts
33 u: 560.483 744.803 agr052

The above shows that the formant-tracking error occurred in agr052 between times 560 ms and
745 ms (so since the data plotted in the ellipses were extracted at the temporal midpoint, then the
value of F2 = 0 Hz must have occurred close to (560+745)/2 = 652 ms). Find these data in the

corresponding utterance in Emu (shown below) and correct F2 manually to an appropriate value.

(d) Having corrected F2 for this utterance in Emu, produce the ellipses again for the female
speaker. Your display should now look like the one in the left panel of Fig. 3.11.

(e) According to Fant (1966), the differences between males and females in the ratio of the
mouth to pharynx cavity length causes greater formant differences in some vowels than in others.
In particular, back rounded vowels are predicted to show much less male-female variation than
most other vowels. To what extent is this consistent with a comparison of the male (gam) and
female (agr) formant data?

(f) The function trackinfo () with the name of the database gives information about the
signals that are available in a database that can be read into R. For example:
trackinfo("second") returns "samples" and "fm". Where is this information stored in
the template file?

(g) You could make another trackdata object of formants for just the first three segments in the
segment list you created in (a) as follows:

newdata = emu.track(vowelsF.s[1:3,], "fm")

Given the information in (f), how would you make a trackdata object, audiowav, of the audio
waveform of the first three segments? How would you use this trackdata object to plot the
waveform of the third segment?

(h) As was shown in Chapter 2, a segment list of the word gufen from the Word tier in the
utterance gam00 1 can be read into R as follows:

guten = emu.query("first", "gam00l1l", "Word=guten")
How can you use the information in (f) to show that this:
emu.track(guten, "fm")

must fail?

2. The following question extends the use of signal processing to two parameters, intensity (dB-
RMS) and zero-crossing-rate (ZCR). The first of these gives an indication of the overall energy
in the signal and is therefore very low at stop closures, high at the release of stops and higher for
most vowels than for fricatives. The second, which is less familiar in phonetics research, is a
calculation of how often the audio waveform crosses the x-axis per unit of time. In general, there
is a relationship between ZCR and the frequency range at which most of the energy is
concentrated in the signal. For example, since [s] has most of its energy concentrated in a high



51

frequency range, ZCR is usually high (the audio waveform for [s] crosses the x-axis frequently).
But since on the other hand most sonorants have their energy concentrated below 3000 Hz, the
audio waveform crosses the x-axis much less frequently and ZCR is comparably lower.
Therefore, ZCR can give some indication about the division of an audio speech signal into
fricative and sonorant-like sounds.

Fig. 3.12 about here

(a) Download the aetobi database. Calculate using rmsana (Fig. 3.12) the intensity signals
for all the utterances in this database using the defaults. Rather than using the default setting for
storing the RMS data, choose a new directory (and create one if need be) for storing the intensity
signals. Then follow the description shown in Fig. 3.12.

(b) When the intensity data is calculated (select Perform Analysis in Fig. 3.12), then the
corresponding files should be written to whichever directory you entered into the tkassp
window. Verify that this is so.

Fig. 3.13 about here

(c) The task now is to modify the template file to get Emu to see these intensity data following
exactly the procedure established earlier in this Chapter (Fig. 3.5). More specifically, you will
need to enter the information shown in Fig. 3.13 in the Track and View panes of the aetobi
template file.

(d) Verify that when you open any utterance of the aetobi database in Emu, the intensity
signal is visible together with the spectrogram as in Fig. 3.14. Why is the waveform not
displayed? (Hint: look at the View pane of the template file in Fig. 3.13).

Fig. 3.14 about here

(e) Change the display to show only the Word tier and intensity contour as shown in Fig. 3.15.
This is done with: Display — SignalView Levels — Wordand Display —
Tracks.. — rms

Fig. 3.15 about here

(f) The calculation of intensity has so far made use of the defaults with a window size and shift
of 25 ms and 5 ms respectively. Change the defaults by setting the window shift to 2 ms and the
window size to 10 ms (Fig. 3.16). The output extension should be changed to something other
than the default e.g. to rms2 as in Fig. 3.16, so that you do not overwrite the intensity data you
calculated in (b). Save the data to the same directory in which you stored the intensity files in the
calculation in (b) and then recalculate the intensity data.

Fig. 3.16 about here

(g) Edit the template file so that these new intensity data with the shorter time window and shift
are accessible to Emu and so that when you open any utterance in Emu you display only the two
intensity contours as in Fig. 3.17. (The required template modifications are in the answers).

Fig. 3.17 about here

(h) Explain why the intensity contour analysed with the shorter time window in Fig. 3.17 seems
to be influenced to a greater extent by short-term fluctuations in the speech signal.
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3. Using zcrana in tkassp, calculate the zero-crossing-rate (ZCR) for the aetobi database.
Edit the template file in order to display the ZCR-data for the utterance bananas as shown in
Fig. 3.18. What classes of speech sound in this utterance have the highest ZCR values (e.g.
above 1.5 kHz) and why?

Fig. 3.18 about here

4. Calculate the fundamental frequency (use the £0ana pane in tkassp) and formant
frequencies for the aetobi database in order to produce a display like the one shown in Fig.
3.19 for the argument utterance (male speaker) beginning at 3.2 seconds (NB: in modifying
the Tracks pane of the template file, you must enter FO (capital F) under Tracks for
fundamental frequency data and, as already discussed, £m for formant data, so that Emu knows
to treat these displays somewhat differently from other signals).

Fig. 3.19 about here

5. In order to obtain trackdata for a database, the procedure has so far been to use tkassp to
calculate signals for the entire, or part of the, database and then to edit the template file so that
Emu knows where to locate the new signal files. However, it is also possible to obtain trackdata
for a segment list without having to derive new signals for the entire database and make changes
to the template file. This can be especially useful if the database is very large but you only need
trackdata for a handful of segments; and it also saves a step in not having to change the template
file. This procedure is illustrated below in obtaining fundamental frequency data for speaker
gam's [i:] vowels from the second database. Begin by making a segment list in R of these
vowels:

seg.i = emu.query("second", "gam*", "Phonetic = i:")

Now write out the segment list as a plain text file seg. txt to a directory of your choice using
the write.emusegs () function. NB: use only forward slashes in R and put the name of the
directory in "" inverted commas (e.g., on Windows "c:/documents/mydata/seg.txt").

write.emusegs(seg.i, "your chosen directory/seg.txt")

The plain text segment list created by the above command should look like this:

database:second
query:Phonetic = i:
type:segment

#

: 508.578 612.95 gam006
: 472.543 551.3 gam007

: 473.542 548.1 gam016

: 495.738 644.682 gam022
: 471.887 599.255 gam026
: 477.685 589.961 gam035
: 516.33 618.266 gam038
: 459.79 544.46 gam055

: 485.844 599.902 gam072

e He e He e He e e e

Start up Emu and then access tkassp from Signal Processing — Speech signal
analysis. Then follow the instructions shown in Fig. 3.20 to calculate {0 data. The result of
running tkassp in the manner shown in Fig. 3.20 is to create another text file in the same
directory as the segment list to which you applied tkassp and with the name seg. f0-txt.
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This can be read into R with read.trackdata() and stored as the trackdata object
seg.f0:

seg.f0 = read.trackdata("your chosen directory/seg-£f0.txt")

Verify with the summary () function that these are trackdata from nine segments and plot the
f0 data from the 3™ segment. Which utterance are these data from?

Fig. 3.20 about here

3.5 Answers

1 (b)

# Segment list

vowelsF.s = emu.query("second", "agr*", "Phonetic=i: | e: | a:
| o: | u:")

# Vector of labels
vowelsF.l = label(vowelsF.s)

# Trackdata of formants
vowelsF.fm = emu.track(vowelsF.s, "fm")

# Formants at the temporal midpoint of the vowel
vowelsF.fm5 = dcut(vowelsF.fm, 0.5, prop=T)

# Ellipse plots in the formant plane
eplot(vowelsF.fm5[,1:2], vowelsF.l, form=T, dopoints=T, xlab="F2
(Hz)", vylab="Fl1 (Hz)")

1 (d)

You will need to read the formant data into R again (since a change has been made to the
formants in Emu (but not the segment list if you are still in the same R session), i.e.
repeat last 3 commands from 1(b).

1(e)

A comparison of Figs. 3.10 (male speaker gam) and 3.11 (female speaker agr) shows that there
is indeed comparatively little difference between the male and female speaker in the positions of
the high back vowels [o:, u:] whereas F2 for [1:, e:] and F1 for [a:] have considerably higher
values for the female speaker. Incidentally, the mean category values for the female on e.g. F2
can be obtained from:

tapply(vowelsF.fm5[,2], vowelsF.l, mean)

1(f) You get the same information with trackinfo () asis given under Track in the
Tracks pane of the corresponding template file.

1(g)

audiowav = emu.track(vowelsF.s[1l:3,], "samples")
plot(audiowav[3,], type="1")

1(h)
trackinfo("first")
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shows that the track name fm is not listed, i.e., there is no formant data available for this
database, as looking at the Tracks pane of this database's template file will confirm.

2(d)
The waveform is not displayed because the samples box is not checked in the View pane of
the template file.

2(g)
The Tracks and Variables panes of the template file need to be edited as shown in Fig.

3.21.
Fig. 3.21 about here

2(h)
The longer the window, the greater the probability that variation over a small time interval is
smoothed out.

3.

ZCR is above 1.5 kHz at points in the signal where there is acoustic frication caused by a
turbulent airstream. Notice that this does not mean that ZCR 1is high in phonological fricatives
and low in phonological vowels in this utterance. This is because this utterance was produced
with a high degree of frication verging on laughter (for pragmatic effect i.e., to convey
surprise/astonishment at the interlocutor's naivety) resulting in e.g., fricative energy around 2
kHz and a comparatively high ZCR in the second vowel of bananas. ZCR is also high in the
release of [t] of aren't and in the release/aspiration of the [p] and in the final [s] of poisonous.
Notice how ZCR is lower in the medial /z/ than the final /s/ of poisonous. This does not
necessarily come about because of phonetic voicing differences between these segments (in fact,
the signal is more or less aperiodic for /z/ as shown by an absence of vertical striations on the
spectrogram) but probably instead because this production of /z/ does not have as much energy
in the same high frequency range as does final /s/ (see Chapter 8 for a further example of this).

3.
summary(seg.f0)

should confirm that there are 9 segments. The fundamental frequency for the third segment is
plotted with:

plot(seg.f0[3,])

The information about the utterance is given in the corresponding segment list:
seg.i[3,]
segment list from database: second
query was: Phonetic = i:
labels start end utts
3 i: 473.542 548.1 gam016

1.e., the f0 data plotted in R are from utterance gam016.
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Chapter 4 Querying annotation structures

The purpose of this Chapter is to provide an overview both of the different kinds of
annotation structures that are possible in Emu and of some of the main types of queries for
extracting annotations from them. This will take in a discussion of how annotations from
different tiers can be linked, their relationship to a Praat TextGrid, and the way that they can be
entered and semi-automated in Emu. This Chapter will begin with a brief review of the simplest
kinds of queries that have been used in the preceding Chapters to make segment lists.

4.1 The Emu Query Tool, segment tiers and event tiers

As already discussed, whenever annotations are queried in Emu the output is a segment
list containing the annotations, their start and end times and the utterances from which they were
taken. One of the ways of making segment lists is with the emu.query () function in the R
programming language. For example, this function was used in the preceding Chapter to make a
segment list from all utterances beginning with gam (i.e., for the male speaker) in the second
database of five types of vowels annotated at the Phonetic tier:

emu.query("second", "gam*", "Phonetic = i: | e: | a: | o: | u:")

The other equivalent way to make a segment list is with the Emu Query Tool which is
accessed with Database Operations followed by Query Database from the Emu DB
window as shown in Fig. 4.1. One you have entered the information in Fig. 4.1, save the segment
list to the file name seg. txt and in a directory of your choice. You will then be able to read
this segment list into R with the read.emusegs () function as follows:

read.emusegs ("path/seg.txt")

where path is the name of the directory to which you saved seg.txt. This will give exactly
the same output as you get from the emu.query () function above (and therefore illustrates the
equivalence of these two methods).

Fig. 4.1 about here

In Chapter 2, a distinction was made between a segment tier whose annotations have
durations and an event or point tier in which an annotation is marked by a single point in time.
The commands for querying annotations from either of these tiers is the same but what is
returned in the first case is a segment list and in the second a variation on a segment list called
an event list in which the end times are zero. An example of both from the author utterance
of the aetobi database is as follows:

state.s = emu.query("aetobi", "author", "Word = state")
state.s
segment list from database: aetobi
query was: Word = state
labels start end utts
1 state 2389.44 2689.34 author
bitonal = emu.query("aetobi", "author", "Tone = L+H*")

bitonal
event list from database: aetobi
query was: Tone = L+H*
labels start end utts
1 L+H* 472.51 0 author
2 L+H* 1157.08 0 author
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Since the first of these is from a segment tier, the annotation has a start and end time and
therefore a duration:

dur(state.s)
299.9

On the other hand, the two annotations found in the second query have no duration (and their end
times are defined to be zero) because they are from an event tier:

dur (bitonal)
00

4.2 Extending the range of queries: annotations from the same tier

As shown by various examples so far, the most basic query is of the form T = x where
T is an annotation tier and x an annotation at that tier. The following extensions can be made to
this basic query command for querying annotations from the same tier. In all cases, as before, the
output is either a segment list or an event list.

The | (or) operator and classes (features)

An example of this has already been given: Phonetic = i: | e: | a: | o: | u:
makes a segment list of all these vowels. A very useful way of simplifying this type of
instruction is to define annotations in terms of classes (or features). In Emu, classes can be set up
in the Legal Labels pane of the template file. For example, a number of annotations have
been grouped for the second database at the Phonetic tier into the classes shown in Fig. 4.2.
Consequently, a query for finding all rounded vowels can be more conveniently written as
follows:

emu.query("second", "gam*", "Phonetic=round")
Fig. 4.2 about here

The != operator

T != a means all annotations except x. So one way to get at all annotations in tier T in the
database is to put the right hand side equal to an annotation that does not occur at that tier. For
example, since abc is not an annotation that occurs at the Phonetic tier in the second
database, then Phonetic != abc returns all annotations from that tier. In the following
example, this instruction is carried out for speaker gam in R and then the 1abel () and
table () functions are used to tabulate all the corresponding annotations:

seg.all = emu.query("second", "gam*", "Phonetic != abc")
table(label(seg.all))

H a: au b de: g i: o: oe oy u:

72 9 924 24 924 9 9 9 9 9

The & operator

Apart from its use for queries between linearly linked tiers discussed in 4.3, this operator is
mostly useful for defining annotations at the intersection of features. For example, 