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Abstract

This thesis presents methods to enhance the speech of patienithwoice disorders
or with substitution voices. The rst method enhances speech of fants with laryn-
geal neoplasm. The enhancement enables a reduction of pitaidaa strengthening
of the harmonics of voiced segments as well as decreasing theg@iged speaking ef-
fort. The need for reliable pitch mark determination on disadered and substitution
voices led to the implementation of a state-space based algbnit. Its performance
is comparable to a state-of-the art pitch detection algoritm but does not require
post processing.

A subsequent part of the thesis deals with alaryngeal speech, wia focus on
Electro-Larynx (EL) speech. After investigating an EL speech mduction model,
which takes into account the common source of the speech signablahe directly
radiated EL (DREL) sound, a solution to suppress the direct soundsibased on
the di erent temporal properties of the propagation paths. Tme-invariant signal
components, which can be attributed to the DREL sound are Iteed out in the
modulation frequency domain. Another issue with EL speech prodtion has been
addressed, namely the at FO contour. Based on the observation dh prosodic
information is conveyed in whispered speech, we have assumed foamants can be
used as substitute intonation cues. We therefore derive an artial FO contour from
the speech formants and impose it on the EL speech signal. The anital intonation
contour was preferred in a subjective listening test.
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Kurzfassung

Diese Arbeit prasentiert Methoden zur Sprachverbesserung voraienten, die an
einer Stimmstrung leiden oder mit einer Ersatzstimme spreche Die erste Meth-
ode verbessert Stimmen von Patienten, die an einem Neoplasmaylagis leiden.
Die Verbesserung besteht aus einer Verringerung der Stimmgudfrequenz und der
Starkung der harmonischen Komponenten der stimmhaften Spchsegmente. Ein
Ergebnis ist die Verringerung der wahrgenommenen Sprechamstgung. Aufgrund
des Bedarf von einem zuverlassigen System zur Bestimmung demzslnen Stimm-
zyklen fur Stimmsw®rungen und Ersatzstimmen wurde ein Algothmus, der im Zu-
standsraum arbeitet, implementiert. Die Ergebnisse sind vergtabar mit Grundfre-
guenzbestimmungssystemen am Stand der Technik, jedoch ohne Nigtwendigkeit
einer Nachbearbeitung der Ergebnisse.

Ein weiterer Teil der Arbeit beschaftigt sich mit kehlkop oser Sprache. Haup-
taugenmerk wird auf Elektro-Larynx (EL) Sprache gelegt. Wi prasentieren ein
Model der EL Spracherzeugung unter Bemacksichtigung der geinsamen Quelle
von Sprachsignal und dem direkt abgestrahltem EL (DREL) Gemsch. Wir schla-
gen eine Lesung zur Unterdrnackung dieses DREL Gerausches valie auf den zeitlich
unterschiedlichen Eigenschaften der Ausbreitungspfade basie#eitinvariante Sig-
nalanteile, die dem DREL Gerausch zugeschrieben werden keen, werden im Mod-
ulationsfrequenzbereich herausge ltert. Ein weiteres Préém von EL Sprache ist
die ache Intonationskontur. Aufgrund der Beobachtung, dassn Flastersprache
prosodische Information ubermittelt werden kann, haben wirangenommen, dass
Formanten als Ausgangssignal far die Berechnung einer kansthien Intonationskon-
tur verwendet werden kennen und diese dann dem EL Sprachsidraaifgepragt wird.
Diese kunstliche Intonationskontur wurde in subjektiven Herests bevorzugt.
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Chapter 1

Introduction

1.1 Motivation

Voice problems are a very common issue among humans. They can eally
classi ed into functional disorders due to a misuse of the voice paratus and organic
disordersdue to an organic change of the voice organ. Whatevbe reason, voice
disorders can greatly in uence the life of a ected people. Feexample, a teacher is
not able to teach, because his or her voice is not capable to mée requirements
of the job. According to a recent study [SKNBF 06], 69 % of all teachers su er of
some kind of vocal symptom over a lifetime, compared to 39 % ofemon-teaching
population.

Even more, some people, after su ering voice problems over ander period of
time, are confronted with the diagnosis of laryngeal cance¥hile at an early stage
there is a good chance of healing and being able to continueetlprevious live,
sometimes the last chance is to remove the entire larynx. Vocabmmunication as
usual is not possible anymore. The person has to learn to use a suhgtdn voice,
which sounds very di erent compared to a natural voice. The s@a stigma, which
can go along with the medical situation, poses the danger to kdhe person into
social isolation. The estimated number of total laryngectomeeis about 600.000
people worldwide [LNO7] and 21000 laryngectomees in Germamith about 3000
additional laryngectomy operations performed every yeaSHOO].

Specially for alaryngeal speech, one direction of researchdgpractice is to nd
ways to replace the larynx with something that can take over th task that the
larynx full lled, namely the production of voice and the switch between trachea and
esophagus. While the possibility to reach this goal is still far ay, this thesis looks
at this issue from a signal processing point of view. While there fidbeen a lot
of progress in natural speech signal processing, only little imgwent of disordered
voices can be attributed to signal processing methods. Most resgahas been done
on assessment of voice disorders. Enhancement of disordered and suibisin voices
still is a challenging task, in the framework of which only litte progress has been
made over the last decades. This work aims to add another step @ providing
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patients with tools that could possibly help to improve their aality of life.

1.2 Overview

The thesis starts with a short overview of voice disorders with éms on substitu-
tion voices and presents the state-of-the-art in alaryngeabice enhancement. The
remainder of the thesis is divided into two parts, laryngeal ysus alaryngeal voice
enhancement.

Part I: Laryngeal voice enhancement

Chapter 3 introduces a method to improve the voice of subjectsith laryngeal
neoplasm. For the evaluation the term of perceived speakinga@t was introduced.
Related publication:

Martin Hagmuller and Gernot Kubin. Voice enhancement of mad speakers
with laryngeal neoplasm. InProceedings of the International Conference on
Spoken Language Processingages 541{544, Jeju Island, South Korea, Octo-
ber 4{8 2004.

Chapter 4 presents the analysis and improvement of the Poinegpitch marking
method as proposed by [Kub97]. Several improvements to inaese reliability were
investigated, among which are the automatic level control @he time-domain signal,
choosing the rst pitch mark at a position, where trajectories g the most parallel,
and clustering of candiate points to exclude points from a wng trajectory. The
method was compared to a state-of-the-art pitch detection gbrithm.

Related publications:

Martin Hagmuller and Gernot Kubin. Poincae sections for pich mark de-
termination in dysphonic speech. InProceedings of 3rd International Work-
shop on Models and Analysis of Vocal Emissions for Biomedicapplications
(MAVEBA) , pages 281{284, Firenze, Italy, December 10{12 2003.

Martin Hagmuller and Gernot Kubin. Poincae sections for ptch mark de-
termination. In Proceedings of Nonlinear Signal Processing (NOLISPpages
107{113, Barcelona, Spain, April 19-22 2005.

Martin Hagmuller and Gernot Kubin. Poincae pitch marks. Speech Commu
nication, 48(12):1650{1665, December 2006.

Part Il: Alaryngeal voice enhancement

Chapter 5 is dedicated to the proposal of a method to e ectivglreduce the direct
Electro-Larynx (EL) sound.
Related publication:
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Martin Hagmaller and Gernot Kubin. Methode zur Trennung von Signal-
pfaden und Anwendung auf die Verbesserung von Sprache mit ElektLarynx.
Austrian Patent application, February 4 2009

Chapter 6 deals with the use of speech formants to generate arti aral pitch
contour for alaryngeal speech.
Related publication:

Martin Hagmualler. Pitch contour from formants for alaryngeal speech. In
Proceedings of 3rd International Workshop on Models and Analgsof Vocal

Emissions for Biomedical Applications (MAVEBA), pages 205{208, Firenze,
Italy, December 13{15 2007.
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Chapter 2

Disordered Voice Enhancement

A pathological voice can be a major handicap for social intecton. Problems can
arise due to bad intelligibility especially in situations withhigh vocal demands, such
as a classroom situation or other places with high backgroundise. Speakers can
also su er from a too short speaking time owing to a quickly fatiged voice.

E ects of voice disorders on speech coders used in telecommatimn devices have
been reported to be a reduction of speech intelligibility andaturalness. [JPP02a,
JPP02b]. More and more telephone-based information servicedy on Automatic
speech recognition (ASR). Experiments using isolated-phone ASiRained with
laryngeal speech, yielded a mean word accuracy of 28.712.1 % for tracheo-
esophageal speech compared to 57.66.1 % for a healthy control group [SHNO06].
Besides the application of ASR error rate as intelligibility neasure, those results
suggest that alaryngeal speakers are excluded from using ASR-lthg&#ormation
services.

Laryngeal disorders and substitution voices di er from each ber. We rst briey
discuss some characteristics of laryngeal disorders and thenarahe special features
of alaryngeal voices.

2.1 Laryngeal Disorders

Laryngeal disorders can be functional, i.e., due to wrong usagf the voice pro-
duction mechanism, or organic, i.e., due to changes in the domy of the voice
production system, e.g., vocal nodules (see, e.g., [WSKE96] &m indepth medical
coverage of vocal disorders).

In a clinical setting, there exists a widely used perceptual dai cation system of
voice disorders (GRBAS) [Hir81], which assigns the disorder a gealegrade (G) and
then speci es the extent of roughness (R) and breathiness (B) dditive noise due
to excessive amount of air ow). Asthenia (A) and strain (S) may also & rated but
results have shown to be inconsistent among raters [BWVdHC97]. Ihé German
speaking countries a compact version of the GRBAS scale is commd&toughness,
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Breathiness, Hoarseness (RBH) [NAW94], in which the term hoarsenessused to
designate the overall degree of disorder.

Roughness is the perceptual cue of irregularity of the vocadlél oscillation. Per-
ceived breathiness is due to an excessive amount of turbulent aw in voiced speech,
e.g., because of insu cient closure of the vocal folds. This is anspli cation, but
an indepth analysis would be beyond the scope of this thesis. Nuroas attempts
have been made to quantify perceptual impressions of disordéreoices by means
of signal analysis (see e.g. [Tit94, Sch06]).

2.2 Substitution Voices

In case of laryngeal cancer at an advanced stage, the only pod#ipito stop the
further advance of the cancer and, thereby, saving a patiestlife is to remove the
entire larynx or parts of it, possibly including the vocal folag. This results in the loss
of the usual voice production mechanism, based on a vibration thie vocal folds. In
addition, in the case of total laryngectomy the trachea openg is surgically moved
to the neck. The new opening is called the tracheostoma, so the& aw from the
lungs is not passing through the vocal tract anymore. The patigs have then to
rely on a substitution voice production mechanism [BHIB03]. The are three major
mechanisms available:

Esophageal voice (ES): Air is swallowed into the esophagus and is than burped
back up again (Fig. 2.1, middle image). Substitute folds { alsoalled neoglot-
tis { are then vibrating to produce the source of the speech soundThe
substitution voice production can be enhanced by surgical modation of the
neoglottis [HKS" 99].

Tracheo-esophageal voice (TE): A valve between the trachea and the esophoagus
is surgically inserted. The valve allows to let the air from thdungs ow
through the vocal tract and excite the neoglottis, as with theesophageal voice,
but with a more continous, extended air stream. (Fig. 2.1, righimage).

Electro-Larynx (EL): A hand held device, which produces a buzz-like sound is held
against the neck. The vocal tract is excited by this sound and issed to shape
the speech sound. For people using the rst two substitution voicerpduction
methods, the Electro-Larynx can be used as a fallback methodhen the above
approaches do not work.

If the larynx is still working as a switch between trachea and epbagus, but parts
are removed, so that the vocal folds cannot be used for voice guztion anymore,
the patient has to rely on a substitution voice. In some cases a sirgl remodelling
of the larynx is necessary to enable voice production.

All of those voices have major shortcomings, which are discussed e tfollowing
section 2.3.
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Figure 2.1: Schematics of pre-surgical anatomy (left) , post surgicalnatomy
(middle) and tracheo-esophageal voice production (rightffrom [Loh03]).

2.3 Acoustical Characteristics of Alaryngeal Speech

A number of studies have been performed to evaluate the chatexstics of substi-
tution voices. While some key issues of the acoustical characgtics of substitution
voices have been identi ed, research is still going on to nd gbctive methods to
classify substitution voices. Since substitution voices have vedy erent properties
compared to laryngeal speech, most voices cannot be classi eddbgssi cation sys-
tems designed for laryngeal voices. Several approaches t@sify substitution voices
have been proposed, so far, e.g. [Tit94, vVABKVBPH06, MMVdBO6].

Voicing Source

The change of the voicing mechanism has the largest impact onretlguality of ala-
ryngeal speech. This has e ects on di erent acoustic featurex the voice. First the
fundamental frequency of a substitution voice is usually at alu 100 Hz or lower
and the HNR is signi cantly lower than in normal speech. Signi cat di erences
exist between EL speech on the one hand and ES and TE speech on thieen
Therefore, we look at the voicing characteristics separately

Electro-Larynx (EL):  The electro-larynx voice sounds very mechanical, due to the
monotonuos excitation signal, which is strictly periodic at aonstant pitch. Another
serious problem of EL speech is the presence of a constant backgrbnoise due to
the direct sound radiated from the device to the listener [EWCM98].

It has been shown previously that providing EL Speech with a natal pitch con-
tour in combination with other enhancements is perceived asene cial [MHO5].
Earlier studies have shown that the attening of theFy contour decreases intelli-
gibility of sentences spoken by healthy subjects [LW99, LBO3For those studies,
sentences with normaF, countour were recorded and resynthesized with a afg
at the mean Fy of the sentence. Intelligibility tests were carried out in dierent
listening environments with the natural pitch contour and the at pitch.
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Another problem is the unnatural source spectrum, which makef¢ speech sound
less human. One deviation from healthy human speech is the lagklow-frequency
components below 500 Hz [QW91], due to the mechanical proped of the EL
device. In [MKHO3] a model has been presented which helps toaahte the transfer
function of the neck, which transmits the sound from the EL to tle vocal tract.

Esophageal and Tracheo-esophageal: The excitation signal produced by the sub-
stitute folds is often irregular, which results in a very roughvoice. Therefore,Fg
cannot be reliably extracted by means of most digital signal pcessing methods.
Further, the oscillation of the substitute folds cannot be conblled very well.

Both TE and ES speech exibit very low average fundamental fragncy, which is a
problem especially for female speakers [KK®6]. A study of the gender perception
on TE speech [SS02] has shown that, while female TE speaker rume ttisk of being
identi ed as male or gender neutral, most of the time the gendeof the speaker is
identi ed correctly. A study which compared female laryngela Esophageal (ES) and
Tracheo-esophageal (TE) speech showed that concerning fundantal frequency a
signi cant di erence exists between laryngeal and alaryngeaspeech, but not be-
tween ES and TE speech [BLGO1]. The mean fundamental frequgnfor female
alaryngeal speakers was approximately 110 Hz for ES speakerd 480 Hz for TE
speakers. Similar results have been obtained for speakers ofialle pro ciency
[MTMOO].

Substitute folds do not always allow to produce a controlledgeudo-periodic voic-
ing. High irregularities may characterize these vibrations, ich result in a very
rough voice. Therefore, standard methods to exctract pitchreevaluate the quality
of voice often fail [Tit94].

Formants

While the articulatory organs are usually not e ected, the ca guration of the vocal
tract is changed due to the removal of the larynx. The most imptant change
is the shortening of the vocal tract, which changes the positioof the formants.
Several studies have been carried out to investigate the e excdf the altered anatomy
of alaryngeal speakers. Generally, higher formant frequeasi have been reported
[WHS80, VABRKVBH97, Mel03, KPK* 07].

Energy supply

While TE and EL voices have a steady energy supply, this is not ¢hcase for the ES
voice. Furthermore, it is not or only in a very limited range ssible to modulate the
energy supply of the ES voice. While excellent TE speakers arbla to modulate
the intensity of their voice satisfactorily, less pro cient TE speakers have di culties.
The EL only o ers a xed energy level, which for some models cabe switched to
a higher level by pressing a button.
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Speaking rate/ rhythm

A study with good female ES and TE speech has shown that while theesgking rate
is comparable for TE and ES speech, the latter has a signi cagtlincreased pause
length [BLGO1]. Speaking rate is lower and pauses are longengared to laryngeal
speech. The esophageal voice also su ers from sentence prosodyplpros, because
the amount of air that can be swallowed limits the duration of spech phrases con-
siderably. Well trained EL speakers do not have any limitatiortoncerning speaking
rate and rhythm.

2.4 State-of-the-Art of Disordered Voice
Enhancement Approaches

Clinical methods for disordered voice restoration include e therapy, surgical re-
moveal of excess tissue on the vocal folds, vocal fold medializat etc. In case of
total laryngectomy, the most popular surgical procedure is # use of the tracheo-
esophageal shunt, which enables the patient to use pulmonary &r substitution
voice production (see Section 2.2). An overview of the state-tife-art of voice re-
habilitation after laryngectomy can be found in [BHIBO3], oerviews of EL speech
enhancement can be found in [CMO0O0], and more recently in [LNQO7

Possible applications for voice enhancement based on digitajrsal processing are,
e.g., a portable electronic device which helps the patienbtcope with acoustically
di cult situations in everyday life. For example, for voice telephony, there is al-
most no other possibility for augmentative communication. It ould also support
speech therapy, to ease voice use until the patient has learneelnpatterns of voice
production. Another possible application could be motivatingfor the patient by
giving a preview of what the voice could sound like after succesis§peech therapy
or surgery.

So far, only few attempts have been made to enhance laryngegbkphonic speech.
Approaches include reducing breathiness using singular valueadmposition [MDBO01]
or state-space approaches to noise reduction [MMO02a]. Most oktiwvork concerning
disordered voice enhancement has focused on alaryngeal speech

2.4.1 Voice Replacement

In section 2.3, we have explored the shortcomings of alaryndje@ice. Because,
it is one of the major problems of alayngeal speech, several apgches have been
presented to enhance the disordered voicing of neoglottis-é&d speech.

One possible method is to replace human voicing altogether bynse arti cial
excitation signal. Source models exist that describe the glaitsource signals by a set
of parameters. The most popular model, which has been used beftw simulate the
glottal excitation signal is the Liljencrants-Fant (LF)modd [QWBH95, BQ97, AJO6,
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PYO06]. The glottal ow is xed by 4 independent parameters, whch determine voice
timbre [Fan97].
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Figure 2.2: Liljencrants-Fant model.

Using a model that de nes one glottal cycle only has a major disadntage as
pointed out in [HHKM99]:

The waveform is de ned over a single cycle and repeated, and agon-
sequence, all harmonics are in lock-step with the fundamentaDther
glottal models with more sophisticated parameterization of aingle cy-
cle su er from the same problem, even if noise is added or the 'aml
times' of the impulses are dithered.

They, therefore, propose to use a sample of a healthy human eatibn signal.
Sample based synthesis is widely used in musical instrument synttzess and { at
the current state-of-the-art { o ers the best available sound gality. This source
signal sample can than be used to excite an Linear Prediction Coent (LPC)
based Iter [MH99]. The signal has to be of a resonable length, i,enany periods,
to avoid a perceived strict periodicity.

Intonation Contour

A problem for alaryngeal voicing substitution is that there iseither no pitch contour
available {in case of EL { or it is not possible to get a reliable mesurement of theF,
contour { for TE and ES speech. A possibility is to create an articial pitch contour
from the speech energy envelope [LB06]. The energy envelopeone possibility
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to convey accentuation if noF, is available [vVRAKNQO2]. The energy envelope
has also been used to provide whispered speech with gy contour [MC02]. The
energy contour has been scaled and o set so that the transformedntour matches
the average pitch and the dynamic range of the speaker. This e® not produce
a linguistically correct intonation, but it does give a usefulpitch, which can be
in uenced by the speaker by modulating whisper intensity.

The generation of a fundamental frequency contour has beemtroduced to EL
devices earlier. Several approaches have been proposed soThey either require
manual interaction to change the pitch or only provide some pde ned pitch con-
tour. There are some commercially available approaches sugusing a switch from
the standard pitch level to a di erent level to mark accentuaton. A more exible
approach is to use a pressure sensitive button, which allows a domibus pitch con-
tour to be produced [Gri98]. Those two approaches require a maal control of
the pitch contour, which is hardly used by the patients in pratice. An automatic
approach to generating a more natural pitch contour is applgg a declination curve
with prede ned time constants to the constant pitch. The pitchlevel is reset every
time the EL sound button is released [tHCC90, p.171f]. Another niieod is to use
the expiration air pressure as a means to control the pitch cootr. It uses a pres-
sure sensor that is put on the stoma, so pitch can be controlled byrig pressure
[UITM94].

Those options are commercially available, but none of them ers a satisfactory
solution to the problem of unnatural pitch contour for EL speels. Therefore the
standard EL speaker uses an EL device with constant pitch.

2.4.2 Voice Conversion

We have learned that the formant frequencies of alaryngeal epch are changed due
to the changed anatomy of laryngectomized people. Becausetlué removal of the
larynx the vocal tract is shortened and the pharynx has a di eent shape without the
larynx. To improve voice intelligibility voice conversion echniques have been applied
to move the formant frequency closer to modal speech formants.oige conversion
is often used for corpus-based speech synthesis to avoid the longording times
of additional speakers [SCM98]. The timbre of a speaker from axisting speech
corpus is changed by modifying the formant frequencies to nch another speech
timbre. There are essentially two approaches.

One is to use a rule-based approach, which transforms the paraers. The other
method uses a statistical learning approach, where a model oktimapping between
the source and the target speaker characteristics is tted.

Rule-based voice conversion

Some of the di erences between alaryngeal speech and normaegh can be modeled
by a few modi cations of the formant properties. In the literdure di erent rules
are used. [AJO6] proposes to make ES speech more intelligible bpanding the
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formant bandwidths. As mentioned above, alaryngeal speakersifsttheir formants
to higher frequencies due to the shortened vocal tract lengtiTherefore, Loscoset
al. [LBO6] propose to move the formants down by a frequency deperd mapping
function:

JXs(F)j = jXa(f )i; (2.1)

wherejX(f )] is the target spectral envelope an@X 5(f )j is the spectrum envelope
of the analysed signal. In this work, has been chosen as 1.02. In addition, Pozo
et al. [PYO06] have reported a spectral tilt in TE speech, which favorshe high
frequenzy band. The auhtors have used a 6bB/octave roll-o ter (see Fig. 2.3) to
de-emphasize this high frequency band.
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Figure 2.3: De-emphasis of the high frequencies for alaryngeal speak@rem
[PY086]).

Statistical voice conversion

Statistical voice conversion consists of a learning stage, dugimvhich a model of the
mapping between the source and target speakers is trained. $hhodel is then used
for the mapping of spectral characteristics of one speaker todlother (see Fig. 2.4).
One of the earliest proposed method was mapping of Vector quadtion (VQ)
codebooks [ANSK88]. Later approaches have been based on Linbarltivari-
ate Regression (LMR) [VMT92] and Gaussian mixture models (GMMs)SCM98],
among others.

Voice Conversion has been also applied to the enhancement @frghgeal speech.
In [BQ97] a VQ and an LMR-based voice conversion system were usedheTVQ
method was modi ed by a chirpz transform and cepstral weighting to decrease
formant bandwith and the LMR method was mod ed by overlappedsubset training
to reduce spectral discontinuities. The alaryngeal voicing sote was replaced by
an LF model. The two methods were applied to alaryngeal speeand evaluated
by perceptual tests. Results showed that the listeners preferréide modi ed speech
over the original alaryngeal speech, while no clear prefemnbetween VQ and LMR
was shown.
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Figure 2.4: Voice conversion.

[ATNMPMO06] used a VQ-mapping to enhance EL speech and [NTSSO06] dse
GMM mapping to transform very low-volume EL speech to whisper, dsed on a
non-audible-murmur enhancement approach.

2.4.3 Spectral Noise Reduction

Alaryngeal speech su ers not only from a distorted spectrum, butlso from spectral
frame-to-frame variability due to the instable voicing. Refacing the alaryngeal
voice source may remove instabilities but inverse- Itering flated distortions cannot

be fully removed.

Spectral cue smoothing

Some attempts have been made to smooth the formant trajectes of alaryngeal
speech. Matsuiet al. [MH99] have proposed a LPC based source- Iter approach,
where a 3pt median smoothing of both formant frequencies anéidwidths is per-
formed. A similar approach has been reported by Pozt al. [PY06], in the frame-
work of which a 10pt median lter is applied on the Line Spectil frequencys (LSFs),
which have been derived via LPC analysis (see Fig. 2.5).
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Figure 2.5: Smoothing of LSF parameters (from [PY06]).

Another problem is the injection noise of ES speech, which is hdaprior to a
speech utterance [JGN97]. To reduce this noise, a Hidden Markovoltel (HMM)
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speech recognition system has been trained including the inj@a sound as a unit
to be recognized, which when recognized is suppressed. The aushalso presented
another method, based on a morphological Iter. Using the meamd the frame-to-
frame derivatives of the spectrum of the signal, the injectionoise can be identi ed.
They report promising error rates for both the HMM and the morplological Iter
based method.

Suppression of directly radiated electro-larynx sound

Attempts to suppress the Directly radiated electro-larynx (OREL) sound exist. One
approach was to use adaptive Iters to remove the DREL sound, budue to the
shared source of EL speech and DREL sound, a heuristic had to be usedthjch
turns o the adaptation process during voiced speech [EWCWMB8, NWWLO03].

Other approaches include several variants of spectral substtimn methods, which
are widely used for speech enhancement [CSMG97, PBBL02, LZW®¥). Spectral
substraction su ers from the problem that the direct noise is syrfwonized with
the tract excitation and additionally, that environmental background noise and the
directly radiated EL noise have completely di erent properies.

The high correlation of the DREL sound with EL speech, makes th@&onventional
noise supression methods are unsuited for processing DREL sound. hios have
been used to take care of this problem.

2.4.4 E-Larynx Design Improvement

While the above discussion focusses on enhancing the EL signal byansof digital
signal processing, the following section presents work whichesi to improve the EL
signal generation itself. The design of the EL has not been chatyfundamentally
since 1959 [BHD59].

In Houston et al. [HHKM99], a new design of the EL with a linear electro-acoustic
transducer is proposed. Conventional ELs are nonlinear trangders similar to an
old fashioned door bell with a mallet. They have has very lim#d possibilities
of changing the sound of the device. The spectral characterisdi of the signal is
determined by the mechanical properties of the device. Theowel design of the
linear transducer is very similar to a loudspeaker, with a movincoil. So in principle
an arbitrary sound can be generated (see Fig. 2.6)

To reduce the directly radiated sound leaking from the EL deee they also con-
sidered the impedance of the neck to which the EL has to be matath with, so that
most of the energy is transmitted through the neck into the vodaract. They mea-
sured the mechanical load of the neck with an electro-dynamshaker driven with
white noise. The results were used for the design of a linear transer prototype.

Norton et al. [NB93] and Meltzneret al. [MKHO03] have worked on improving the
EL by measuring the Neck frequency response function (NFRF). Thdyave hoped
to improve EL speech by incorporating the NFRF in the EL spectrundesign. They
have used a Bruel & Kjr mini-shaker to exite the neck with whit e gaussian noise.
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Figure 2.7: EL noise model with the directly radiated path and the vocahtt path.
NFRF ...Neck frequency response function. VTTF: Vocal tractransfer function
(from [MKHO3]).

They have designed an excitation signal that takes into accouthe NFRF. Figure
2.7 shows the model used in [MKHO3]. While Nortoat al. used healthy test subjects
who held their breath, Meltzner used both alaryngeal and langeal speakers. In
addition di erent places of excitation at the neck were testd. [NB93] reported an
improved speech sound when using the proposed excitation signd@hey also put
a 1\ thick foam shielding around the EL and reported a suppressioof the directly
radiated noise by 20 dB.

2.4.5 Enhanced Voice Production System with E-Larynx

A few authors have tried not only to redesign the EL , but to fundmentally change
either the control of the EL or the sound production.

E-Larynx with Non-Audible-Murmur Microphone

This approach [NTSS06] uses a low volume sound emitting devidéL{, which is
placed at the neck. A non-audible-murmur microphone behintthe ears picks up the
structure-borne sound modulated by the vocal tract. Due to thali erent transfer



16 2. Disordered Voice Enhancement

(@2

Converted
speech .
NAM microphone
7 .
) Amplifier
Sound source { 3
unit \
Sound source
signal
\Q} B Speech
§ | recognition

Figure 2.8: ELarynx with Non-audible-murmur microphone (from [NTSS0§]

function from the neck to behind the ears in comparison to in ént of the mouth,

a voice conversion step is necessary to convert the signal to itiggble speech. The
authors decided to convert the picked-up sound to whispered s (Fig. 2.8). The
advantage is that due to the small excitation volume the dirdty radiated sound is
small.

Electromyographic E-Larynx Control

The following method, which is clearly not only a signal pro@sing approach, draws
heavily on biomedical research. One major problem is the coat of the conventional

EL, which enables only very limited control of prosody and veing, which is usually
done by hand. By using the electromyographic signals of the rkestrap muscle

picked up by surface electrodes plus some signal processing itas$ble to control

the on/o signal and the values of the fundamental frequency fothe EL (See Fig.

2.9, [GHK" 04]). Experiments with three larygectomized and four hedily subjects

showed that after a few hours of training they were able to inite, sustain and

terminate the EL signal. A majority was also able to produce amtonation contour

[GHSHO7].

2.5 Discussion

While the discussed methods document some research to enhancectiramunication
abilities of people with alaryngeal voices, the only widelysed technical aid is still
the electro-larynx. Furthermore, the EL design has not charegl fundamentally since
the 1960s.

For alaryngeal speakers, only little technical progress has dre made to provide
them with a voice that is close to normal. To make a human voice 8snd natural
many aspects have to be considered. Important features are therrect temporal
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Figure 2.9: Electromyographic E-Larynx Control (from [GHK" 04]).

evolution of the speech spectrum, the speech rhythm, and the fdamental frequency
contour. Alaryngeal speech lacks naturalness owing to a lack mibst of the above
mentioned features. The di culty of the task for signal processig approaches lies
in the fact that only the acoustic speech output is accessed andtrite linguistic
content. So only small progress has been made, such as the reunctof some
artefact noises that occur with substitution voices, and minormprovements of the
voice quality and intelligibillity.
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Chapter

Voice Enhancement for Laryngeal
Neoplasm

3.1 Introduction

Within the framework of this small study, we investigate a type 6 pathology, i.e.,
laryngeal neoplasm. Laryngeal Neoplasm is excess tissue in theyter, due to
cancer. This tissue has to be surgically removed. Such a voiceshao major
audible characteristics. First, the voice is too high (mean pith > 200 Hz for male
speakers), and second, it is breathy. The overall impression oktspeech of speakers
with this kind of pathology is a voice under strain. We want to @py signal processing
methods to improve the voice quality. Reducing breathinessd pitch may make the
voice sound more natural and less strained. We are aware of theiied practical
applications, since patients with laryngeal neoplasm have taxdergo surgery as soon
as possible, so one could call this a purely academic exercisall, $lhe insights that
might be gained by the attempt to enhance such voices make it vib the e ort.

3.2 Speech Data

The speech tokens for this study were recordings made at the pinatric department
at the Graz Ear, Nose & Throat University Clinic. The recordings lave been part of
a dissertation on the evaluation of disordered voices. The redangs were performed
in a quiet room and sampled at 44.1kHz with a quantization of 166 A detailed
description of the database and recording procedure can be fouin [Wre98].

We selected four male subjects with a diagnosis of laryngeal peasm. The av-
erage age was 57 years. Two speech and language therapists (Slhieske agreed

This chapter is an extended version of a previously published paper:
Martin Hagmuller and Gernot Kubin. Voice enhancement of male speakers with laryngeal
neoplasm. In Proceedings of the International Conference on Spoken Langge Processing
pages 541{544, Jeju Island, South Korea, October 4{8 2004.
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Table 3.1: Unprocessed patient data: evaluation using RBH rating (O ndisorder
... 3 severe disorder).

| ID [age| R|[B | H|
A| 571022
B|52|1]2]2
C|l|49 1|33
D|71|1]|2]|2

on the perceptual rating of the four subjects before processitiige signals (table
3.1). The rating is based on the Roughness, Breathiness, Hoarsend¥8H) scale
[NAW94].

Very often voice quality is evaluated using sustained vowels. r8e this is not a
natural way of speaking and, therefore, not the best choice tadge voice quality, a
variety of German test phrases was used as well. The utterancesre:

sustained vowelq'i e a 0 u’)

CV repetitions (‘dada nini soso lolo’)

isolated words (Maat Wanne Miete Minne Rose Wolle)
numbers (eins zwei drei vier fanf sechs sieben acht neun zehn'

days of the week '‘Montag Dienstag Mittwoch Donnerstag Freitag Samstag
Sonntag)

short sentences'Nie und nimmer nimmt er Vernunft an', 'Eine Maus saust
aus dem Haus)

3.3 Speech Enhancement

Figure 3.1 shows an overview of the steps of the algorithm. Firghhe pitch marks
are determined, then a periodicity enhancement algorithmsiapplied, the pitch is
lowered and as post-processing the periodicity enhancemenga@&iithm is applied
again. Lack of perfect periodicity is a common feature of dyBpnic speech. The

Speecp input

| Pitch mark determination |
I

| Periodicity enhancement |

[Pitch modification (PSOLA)|
I

| Periodicity enhancement |

v
Speech output

Figure 3.1: Schematic diagram of voice enhancement.
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periodicity enhancement step, which performs cycle reguisation, is computed to
reduce breathiness. Since breathiness is usually perceived as&, one would think
conventional noise reduction algorithms would be suitable tenhance breathy voice
disorders. Breathiness in a hoarse voice is, however, usually etated with the

speech signal. The required condition of independence of sigaad noise is therefore
not satis ed.

Pitch modi cation is carried out to lower the voice of the subgcts, because male
neoplasm voices are too high-pitched. After the Time-domainitph-synchronous
overlap-and-add (TD-PSOLA) pitch modi cation, the periodicity enhancement is
performed a second time to reduce processing artefacts owingR8OLA.

3.3.1 Pitch Mark Determination

Both pitch modi cation (TD-PSOLA) and periodicity enhancement operate pitch-
synchronously. So, the rst step is to detect every pitch cycle erectly. For pitch
modi cation using TD-PSOLA, the best performance is obtained wen the pitch
marks are set at the energy maximum of each cycle. This step igi@ed out using the
"Praat’ (a software package for speech processing [BWO07]) pitctark determination
function. For speech segments considered "unvoiced' by "Pragtitch marks are
set at a xed period. To avoid arti cial periodicity in unvoic ed segments, a jitter
of 10% has been superimposed on the calculated pitch marks invarced speech
fragments. Problems observed with pitch mark detection algithms such as "Praat’,
when applied to disordered voices, have been a motivation forpdoring alternative
pitch mark determination methods. The results of this explorgon are presented
in chapter 4. While this improved performance in some respedir the current
application in this chapter the 'Praat’ algorithm has been he method of choice. For
further discussion see section 4.6.

3.3.2 Pitch-Synchronous Overlap-Add

The TD-PSOLA algorithm [ML95b] separates the signal into ovéapping windowed
frames of pairs of pitch cycles and then rearranges the cyglaccording to a desired
new pitch contour (Fig. 3.2). The newly arranged signal pieseare then added to
obtain the modi ed signal.

The new intonation contour is calculated by multiplying theanalysis pitch contour
with a factor

Ps(t) = Pa(t) ; (3.1)

where the vectorsP , and P4 contain the durations of the analysis (a) and synthesis
(s) periods, i.e.P,(i) = ta[i+1] ta[i], wheret,(i) are the time markers of the analysis
cycles. is the pitch modi cation factor. The time markers of the synthesis pitch
cycles are determined recursivelyts[j + 1] = ts[j] + Pa(i) . Resynthesis is carried
out by choosing the pitch cycle with a time marker close to the tget time marker.
In case of lowering the fundamental frequency some pitch cysldrop out, in case of
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\

Figure 3.2: Principle of pitch modi cation using TD-PSOLA.

raising the pitch some have to be used twice. Since this algonithoperates at the
speech-cycle level, the correct identi cation of the energpaximum of each cycle is
crucial for the performance of the algorithm.

3.3.3 Periodicity Enhancement

Kleijn [Kle02] proposed a method for periodicity enhancemeifor voiced speech at
the output of a digital speech coder. The enhancement algdmin should preserve
the signal energy and keep low the changes between the originad the modi ed
signal. This should avoid artefacts, which occur, e.g., when ise-like signal parts
are made more periodic by the enhancer or sudden energy changepear in the
signal. The periodicity enhancement is performed by averag neighboring frames
that are shifted by multiples of the current period. What thisalgorithm does in the
time domain is similar to what in [HKMO1] is done in the phase spacéut with less
computational e ort. While the algorithm was designed as a pst Iter to enhance
speech coding algorithms, the property of enhancing periodicis also interesting
to reduce breathiness in disordered voices. In the case of braatss small random
components are present in the speech signal.

Let g[j] be a speech frame with lengthK , at time instant j, and §[j ] the corre-
sponding enhanced speech frame that replaces signal frasfjd. We introduce a
signal-norm (energy) preservation condition to avoid frame-frame energy jumps:

ksfj Ik = ks[j ]k; (3.2)

wherek k denotes the Euclidean norm.
The second constraint is to keep the di erence betweesjj | and s[j ] small (mod-
i cation constraint):
ks[j] sfj]k? ks[j ]K?; (3.3)

with 2 [0; 1].
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The degree of periodicity of the enhanced signal can be measuby

X X
3= mhsfj ;s m]i; (3.4)
j23 m21f og

where |, is a window function,| is a set of integers that describes the support of this

window (e.g.1 = 3; 2;:::;3) andh; i is the Euclidean inner product andJ is

a set of frame indices, which are centered around consecutivecpimarks. The aim

is to maximize the periodicity criterion ;, which can be achieved by maximizing

every X

1= mbPsfj I s[i; m1i; (3.5)
m2lf Og

The local periodicity criterion (3.5) under the constraints(3.2) and (3.3) with the
Langrange multipiers ; and , can be written as

X
[i1°= mhslil;sli;mli + oksfjlk*+ oksfj] i1k (3.6)

m2lf Og

After some algebra, we can write the result of the optimizationsa

§[j]=Ay[j]+(B +1)sj] (3.7)
wherey(j] is given as X
yil= mS[;m]: (3.8)
m2lf 0Og
and Vv
u 2 .
_ H ( ks[j[k?
ky [ ]2 wkus'[]i;]sk[jz]i ' (3.9)
and byl ]slili
3 (5[ i

In case the modication constraint is not active, i.e., , = 0 in Equ. 3.6, the
modi cation results in

sil=Cy[l (3.11)
where s
ksfj 1k? |
il (3.12)

Kleijn [Kle02] summarizes the algorithm as:

1. computey]j], A, B, and C,
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Figure 3.3:  Upper plot: spectrum of a disordered sustained vowel. lowglot:
spectrum of modi ed signal.

2. ifks[j] CyJ[j]k? kslj k2
(if modi cation constraint is ful lled for scaled version of y[j])

thensfj] = Cy[j]
(then use scaled version offj] as output, calculation of A and B is not nec-
essary)

elsegj]= Ay[j]+(B +1)9[j]
(else incorporate modi cation constraint for calculatingthe output)

3.3.4 Results

The spectrum and the waveform of the original disordered vowéSpeaker A) and
the modi ed signal are compared in Fig. 3.3 and Fig. 3.4, respeely. One can see
the in uence of the period modi cation in the distance betwea the signal harmonics
and the increased length of the signal period by a factor of appdamately 1.4. The
periodicity enhancement can be seen in the increase of the spakcharmonics and
the reduction of the additive noise in the signal waveform. Fig.5 shows the original
and the lowered intonation contour. It has to be noted, that he main impact on the
sound quality comes from the pitch modi cation. The nal periodicity enhancement
step is used to reduce processing artefacts caused by the pitch mation.
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Figure 3.4: Upper plot: waveform of original signal. lower plot: wavefm of mod-

i ed signal (the di erent waveform shape is due to the PSOLA ped modi cation).

3.4 Evaluation

3.4.1 Objective Evaluation

Mean pitch, jitter, shimmer and Harmonics-to-Noise Ratio (HNR) of he original and
processed speech tokens were analysed using "Praat'. The di eremf the acoustic
features between the processed and original speech tokens issshim Tab. 3.2.

The most prominent di erence is, of course, the mean pitch valyevhich has been
lowered systematically in all speech samples. The other acouseafures stay more
or less the same with only small changes. At least for the HNR ratio weowld have
expected increased values for the modi ed speech tokens.

3.4.2 Subjective Evaluation

The evaluation of this kind of disordered speech enhancemenaynbe done in three
di erent ways.

Table 3.2: Calculation of acoustic features for every speaker. The drence be-
tween the processed and the original speech tokens is shown.
| Speaker|| Mean Pitch [Hz] | Local Jitter (%) | Local Shimmer (%)| HNR (dB) |

A -60.7 0.13 -1.43 0.90
B -64.5 0.19 0.03 -0.48
C -86.3 0.13 -0.80 0.55
D -66.4 -0.97 -1.07 -1.37
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Figure 3.5: Global lowering of the pitch by a factor of = 0:7. Original Pitch
Contour (0). Modi ed Pitch Contour ().

1. Professional SLTs can judge the original versus the modi etbice to assess
the modi cation from a medical point of view.

2. Naive listeners should be included because the results may necassarily be
of medical relevance, but have to be seen in the context of eyday life.

3. The patients should express their opinion about their own nibed voice,
whether they feel comfortable with this new voice and couldriagine to use a
device which modi es their own voice.

For the present study, the subjective evaluation was performelly trained SLTs
and naive listeners only.

Since the speech utterances are modi ed by signal processingoaithms the usual
evaluation methods for dysphonic speech are not su cient to desbe the e ect of
the enhancement algorithms adequately. Therefore, in adain to the RBH rat-
ing scale, other evaluation attributes (including those recomended for telephone
transmission quality or synthetic speech [ITU96, VHH98]) are used.

For the comparison of the modi ed speech tokens with the origal ones the fol-
lowing features were assessed:

Naturalness: How would you judge the naturalness of the utterance?

Listening e ort: How much e ort does it take to listen to and understand the
utterance?

Speaking e ort: The term speaking e ort has previously been used in the liter-
ature. In the area of aective disorders, i.e., depression, speaa§ e ort is
de ned as gesticulating and looking at the interviewer durig patients' own
speech [GBB97]. This is a psychologic de nition, which is notsed here. Other
de nitions relate to speaking e ort as the e ort to increase the intensity of
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the voice, which is accompanied by an changed spectral balanemphasizing
higher frequencies [SVH96].

Svecet al. [STPO03] used a questionnaire, which included the self-evaliat
of the speaking e ort level (1-10 scale; 1 for no e ort, 10 for aextreme e ort
to speak). It was used to assess vocal fatigue, which involves agrgase in
the speaker's perception of e ort when speaking [CK04].

The latter de nition is very close to what is asked here. The dierence is that
we evaluate the speaking e ort as perceived by the listeners. 8w question
is: How much e ort do you assume does the speaker need for this uttece?
A high speaking e ort can for example be perceived as a pressedceoor
strain. Velsik Bele [Bel07] describes hyperfunctional/pressemice production
as follows:

The voice sounds strained, as if the vocal folds are compressed
during phonation and produced with great laryngeal e ort. The air
pulses through the glottis have low amplitude, and the time iterval
of minimum ow is long.

Noise: Please judge noise or artefacts either due to the voice disordar signal
processing?

Acceptability: Is the sound of the voice acceptable to you?

General opinion: What is your general opinion of the tokens regarding their @rall
impression?

3.4.3 Results

In table 3.3 the results for the SLT evaluation of the processed epch samples are
presented (the two SLTs agreed on the results). The overall hamness index and
in particular the breathiness of the voices was reduced. Theughness of the voice
was not in uenced by the processing.

There were eleven naive listeners who had no prior exposure toexely disordered
voices. All of them were native Austrian German speakers. The uti@nces were
presented in the original and the modi ed version. The subjectsould listen to
the test examples as often as they wanted. They were asked toeahe di erence

Table 3.3: Evaluation by SLT using RBH rating (O no disorder ... 3 severdisor-
der). Left: Original data. Right: Processed patient data.

|ID [age| R|B[H| |ID [age| R|B[H|
A | 57022 A|57]01]|1
B|52|1|2]|2 B|52|1|1|1
Cl49|1|3|3 Cl|49|1|2]|2
D|71]1|2]|2 D|71 111
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between the modi ed and original utterance regarding the fere mentioned features
according to the following di erential scale:

Rating : Score
much better : 3
better : 2
slightly better : 1
about the same: 0
slightly worse : {1
worse : {2
much worse : {3

Assuming a normal distribution of the comparison opinion scores, @siates of
the Comparison mean opinion score (CMQOS), i.e., the mean and the standard
deviation * were calculated. For every mean, a con dence intervallgs, is also
determined. The Clgs shows the range where the true value of the true mean is
expected to lie, with a con dence of 95%. The results are preged in Fig. 5.15.

Results averaged over all four speakers are presented in tablé 8nd gure 3.6.
The featuresspeaking e ort and acceptability have the lowest variance and a similar
rating. The improvement of both features is signi cantly di erent from zero at a
95% con dence level. Both might be related to each other sinome feels more com-
fortable listening when a speaker does not seem to need a lot obd to speak.Noise
and Naturalness are still sign cantly di erent from zero at a 95%con dence level,
but not as clear anymore as the previous two features. The oth&atures, i.e., Lis-
tening e ort and General Opinion, show rather small changes beeen the processed
and unprocessed tokens, but a high standard deviation and do nottaeve a 95%
con dence level of being signi cantly di erent from zero.

An interesting observation was that all results for isolated vows had high stan-
dard deviations, which means that the subjects did not agree dhe characteristics.
This supports the above mentioned concerns about the use of &eld vowels only.
Those attribute might be meaningless on sustained vowels for mailisteners.

Table 3.4: Subjective evaluation of the pathologic speech enhanceméompari-
son category rating (-3 ...0 ...3) averaged over all spealsebefore and after pro-
cessing by naive listeners.

| Feature | Mean | Std. dev. |
Naturalness 0.4 1.3
Listening e ort 0.1 1.3
Speaking eort | 0.8 0.8
Noise -0.3 1.2
Acceptability 0.7 1.1
General opinion| -0.1 1.48
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Figure 3.6: Results for the subjective evaluation of disordered voicehancement.
Shown are the estimated meaf, the 95% con dence intervalCl o5 and the estimated
standard deviation”.

The noise feature received rather negative ratings, with high variare; though.
The negative noise rating is probably due to the processing aféets. This points
to the fact, that humans are very sensitive concerning procesgimrtefacts. This is
an important point for future work.

An analysis of variance shows that the results are speaker depentdeSpeaker A
has received the best, whereas Speaker D the worst ratings.

3.5 Conclusions

Even though the processing does not turn a disordered voice irgohealthy voice,
some characteristics of the voices has been improved. The lir#a@ess rating is lower
in all of the processed voices compared to the original speech gées. The most
consistent result was that the modi ed speech was found to be motax than the
original.

The performance of the algorithm is speaker-dependent. Veidisorders have
di erent acoustic outcomes depending on the type and degreé the iliness, so the
development of a t-all algorithm is challenging.

The lowering of the fundamental frequency of a speaker resultk erent pitch
characteristics depending on the use of absents of such a modtioa algorithm.
The acceptance of such a modi cation of the voice has still to baetermined. Such
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an algorithm could be made part of a telecommunication systeninproving the
speech of the dysphonic speaker, before it is transmitted to theaeiver. In digital
telephones such as mobile phones this can be done by using a sofwlugin.

The correct determination of pitch marks is crucial for the sccessful performance
of the algorithm. For dysphonic speech, state-of-the-art pitc determination algo-
rithms only o er limited success. Therefore, improvement of ta pitch mark de-
termination is an important future work. The following chapger introduces a pitch
mark determination method using state-space embedding and Roae sections.



Chapter |

Poincae Pitch Marking

4.1 Introduction

This work is motivated by the need for a pitch marking system, wich can be applied
on running speech and gives results in real-time. The applicah which it is needed
for is a speech enhancement system for speakers with disordereide® as proposed
in the previous chapter 3. For practical use in everyday lifene processing delay has
to be as short as possible. For example, if a potential voice augntation device is
used to enhance telephone conversations, the processing delayefdevice adds up
with the delay already introduced by the speech coders for thelephone channel.
With this in mind the aim is a reliable algorithm, which only needs a short frame
bu er to keep the processing delay as low as possible.

With Poincae sections we choose an approach that originat@s nonlinear system
theory. Since this eld is rather new to the speech processingramunity this chapter
presents the theoretical background and provides a step-byegt description of the
algorithms.

The resulting pitch marking system is compared to the pitch maikg system
provided by the speech processing software package "Praat' [BY}.0

4.1.1 Applications of Pitch Marks

Pitch marks are essential for several speech processing methodst dpeech mod-
i cation, [ML95b] proposed the Time-domain pitch-synchronas overlap-and-add
(TD-PSOLA) technigue. It enables pitch modi cation of a given speech signal with-
out changing the time duration and vice versa. Single speechobgs are manipulated
and, therefore, they have to be determined reliably. This ntieod is widely used in
concatenative speech synthesis to modify the stored speech segmercording to
the desired prosody (i.e., intonation o) and syllable duration).

YThis chapter is an edited version of the previously published paper:
Martin Hagmaller and Gernot Kubin. Poincae pitch marks. Speech Communication
48(12):1650{1665, December 2006.

31
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Pitch-synchronous speech enhancement is another applicatidor which pitch-
marks are needed. [Kle02] has proposed a procedure based onagweg over neigh-
boring speech cycles and has applied it to coded speech. The moet enhances
deterministic harmonic components and reduces stochastic sei In chapter 3 we
apply this speech enhancement method for disordered voice engntation.

Pitch marks can also be used to determine a local frequency couat and to
calculate cycle-based cues such as jitter [Sch03]. Based on saohlysis, other
applications such as intonation recognition [NBWO02] for dialogue systems or voice
disorder detection for health care are possible [Tit94].

If a system has to be applied in a live communication setting, timea major
requirement for the algorithm is that the results can be obtaied in real time with
minimal delay.

4.1.2 Nonlinear Processing of Speech

Linear methods have been applied successfully to speech procesgiroblems and
are widely accepted in the speech processing community. Not aHgnomena occur-
ring in human speech can be explained by linear models. In thergaular case of
disordered voices the limitations of linear models are clédprobservable. Therefore,
non-linear approaches for speech processing have receiveddewattention for just
over a decade.

With the increasing popularity of non-linear dynamical systerm analysis, re-
searchers have started to apply low dimensional dynamical mdsléo speech process-
ing [Tis90]. Speci cally, vocal fold oscillation has receiwka considerable amount of
attention from the viewpoint of non-linear dynamics, see, e.gHBTS95, GOG' 99].
Phenomena like bifurcations, subharmonics or period-doubdj { as occur in diplo-
phonic voice { and chaotic behavior have all been observed ihg human voice.
Human speech has been examined in terms of Lyapunov exponentsl @orrelation
dimensions, among others ([BM96, KM96, KM05]). For an overwe of nonlin-
ear speech processing see [Kub95]. From meetings dealing sdgondth nonlinear
speech processing several publications resulted, which also julevan overview of
the state-of-the-art in the eld [Bim03, CEFZMO05, FZJE" 06].

For disordered voices, non-linear approaches have receivazhsiderable atten-
tion for analysis, in particular as an objective alternative ® auditory voice evalua-
tion methods (e.g., [GOT99, Tit94, JZM06, LMMRO06]). More reently, state-space
approaches have been used for noise reduction (e.g., [HKMO01, HB®/ MMO02Db,
JLPYO03]) and to improve automatic speech recognition, [IPJ(5

4.1.3 Pitch Marks - Perception - Harmonicity - Periodicity

Depending on the application, one wants to analyze either ¢htemporal periodic-
ity or spectral harmonicity of the signal (see a speech signal ani@ icorresponding
Electro-glottogram (EGG) signal in Fig. 4.1). This is of inteest, when investigating
irregularities of the vocal frequency. If signal modi catiom is implemented in the
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Figure 4.1: Top: Wave-form view of a signal fragment (vowel 'i'). The twolter-
nating fundamental periods, , and , can be analysed. Middle: EGG signal of the
speech fragment. Bottom: Fourier transform of the voice sigh The subharmonic
of the signal can be seen.

frequency domain, such as harmonic plus noise modeling [SLNI9the necessary
infomation is only captured if the lowest harmonic is consided. For time-domain

based signal modi cation such as TD-PSOLA [ML95b] or analysis dhe vocal fold

movement, the glottal cycle length has to be captured in therhe domain to recon-
stuct the irregularities of the voice.

The perception of a subharmonic depends on its relative engrgn case of a weak
subharmonic, the perceived pitch agrees with the glottal cle length, but a change
in vocal quality such as roughness may occur [Tit94]. When the lsharmonic is
strong, a half pitch may be perceived.

4.2 Background and Related Work

Here, we present the background needed to understand the propdsdgorithm. A
more indepth coverage can be found in [KSO04].
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4.2.1 Embedding of Dynamical Systems

To analyze a dynamical system, the most e cient representationsi the state space.
In continuous time, the dynamics of a system is de ned byn rst-order ordinary
di erential equations:

d_.\_ .
FSO=f6sO)  t2R (4.1)

the m-dimensional state vector of the system. Equation 4.1 is also call the ow
of a system.
In discrete time the dynamics are described by a map:

s[n + 1] = F(s[n]); n2z: (4.2)

In both cases the state-space trajectory is speci ed by the temp evolution of
the state vectors 2 R™.

An attractor is a bounded subset of the state space onto which, aftsome tran-
sient, the trajectories converge. Trajectories initially atside the attractor but within
its “basin of attraction' will evolve towards the attractor. The attractor can be a
point, a curve, or a more complicated topological structure.

Delay Embedding. Human speech is usually available only as a one-dimensional
signal, s[n]. Therefore, one has to convert this scalar signal into a state ape repre-
sentation. It has been shown that a non-linear dynamical systenac be embedded
in a reconstructed state space by the method of delays [KS04]. §lstate space of
a dynamical system can be topologically equivalently reconsitted from a single
observed one-dimensional system variable [Tak81].

A trajectory s(n) in an M -dimensional state-space can be formed by delayed
versions of the speech signal[n],

s(n) = fs[n];s[n gl z5sln (M 1) glg; (4.3)

where 4 is the delay, which has to be chosen so as to optimally unfold tigpo-
thetical attractor.

Embedding Dimension. The optimal choice of the dimension for state space em-
bedding is an important issue. If the dimension is too small the censtructed
trajectories may intersect. On the other hand, if the dimensio is too large, the
computational e ort rises. For a D-dimensional attractor, it is su cient to re-
construct an M 2D + 1 state space vector [Tak81]. Later this result has been
generalized by [SYC91]tiM > 2Dg, whereDk is the (fractal) box counting dimen-
sion of the attractor. In practice, though, values oM > D ¢ may be su cient. The
method of detecting false nearest neighbors can be used to detare the minimal
necessary embedding dimension in practice [KS04].
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Embedding Delay. From a practical point of view, the goal is to unfold the at-
tractor optimally. That means that the extension of the attractor should be roughly
the same in all dimensions. This is the case when the reconstructsihte vector
components have minimal statistical dependence on each oth@he most natural
approach would be to use the autocorrelation function of thegmal, which is linear
statistics. Both linear and non-linear dependencies can be calated by the auto-
mutual information, also known as the time-delayed mutual iformation. This is
an information theoretic concept, which is based on the Shaan entropy. It re-
ports the statistical dependencies between two signals, one diigh is delayed. The
auto-mutual information for a time delay is de ned as:

X X
1 ()= Py ()Inp; () 2 pinp; (4.4)

i i

where is the bin width of the histogram estimate of the probability dstribution of
the data, p; is the probability that the signal has a value which lies in thath bin of
the histogram andp;; is the probability that s(t) is in bin i ands(t+ ) isin bin j.
The time lag of the rst minimum of the auto-mutual information is the opti mal
delay time for the embedding. The width can be set rather coarse, because only
the dependence of on is of interest and not the value ofl ( ) itself [KS04].

Poincae Plane. If one chooses an arbitrary point on an attractor in anM -

dimensional space, one can de ne a hyperplane orthogonal toethow of the tra-

jectories at that point. This hyperplane is called the Poinae plane (Fig. 4.2). All

trajectories that return to a certain neighborhood of the selcted point, cross the
hyperplane and can be represented by their intersection wittnis plane ofM 1 di-

mensions.

4.2.2 Pitch Mark Detection in State Space

[Kub97] rst suggested to use Poincae planes for the determiti@n of pitch marks
and mentioned special applications for signals with irreguigpitch. Experiments
showed promising results for an example of vocal fry, owing to q&d doubling. The
cycle length was recovered correctly.

Later [MM98] applied Poincae maps to epoch marking for speb signals, with
glottal closure instants set as initial point. They obtained pomising results, but
reported failure to resynchronize after stochastic fragmentsf speech.

More recently, [Ter02] proposed another state space approachgitch determina-
tion, using space-time separation histograms. Each pair of pogbn the trajectory
in reconstructed state space is separated by a spatial distancand a time distance

t. One can draw a scatter plot of t versusr or, for every time distance t,
count the (r; t) pairs within a certain neighborhoodr. This count can then be
normalized to 100% to yield a histogram (Fig. 4.3).



36 4. Poincae Pitch Marking
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Figure 4.2:  Placement of the Poincae plane orthogonal to the ow of thérajec-
tories.
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Figure 4.3: Histogram of space-time separation. Top: The normalized mber
of points within a certain state-space neighborhoadfor every time distance t is
plotted. Bottom: Time-domain waveform plot.
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In case of periodicity, the histogram is large at certain t values, whereas for
others it is low. The rst maximum of the histogram indicates the fundamental pe-
riod. Compared to the auto-correlation function the peak isharper and, therefore,
the author claims, o ers improved performance. In case of nodi&e signals, the
histogram is more spread out over all time distancest. Since histograms are based
on several cycles, pitch marks cannot be determined reliablyitiv this approach.
The computed fundamental period is an average over the frantength.

4.3 Algorithm

This work builds on the aforementioned approaches and is anproved version of the
work previously described in [HKO3] and [HKO5a]. A step-by-step gile is included
in Matlab-like notation.

4.3.1 Pre-Processing

The algorithm works on a frame-by-frame basis to handle the sity changing pa-
rameters of the speech production system. For pitch mark detesh, noise has to
be removed, otherwise, e.g., for hoarse voices, the attractgrhardly visible using
3-dimensional embedding (Fig. 4.4). If the embedding dimemsi is high enough,
intersections with the Poincae plane would still correspondo the pitch period,
but with less reliability. However, at a high enough noise levehe algorithm would
break down.

To reduce noise in the attractor, a Singular value decomposit (SVD) embedding
approach has been proposed [BK86], but similar results can bensved by linear-
phase low-pass ltering (Fig. 4.5). The latter is computatiomlly less demanding.

To remove the in uence of the changing amplitude, automatigain control is
applied for every frame of the input signakg[n]. First, the signal envelope (n) is
calculated:

1 X
[nl= jsoln + K]j (4.5)

- K 1
k= K1

sinj = =1,

where s[n] is the speech signalk is the length of the moving average Iter, which
is set to the maximum expected fundamental period andy, is a threshold to avoid
overampli cation of low-energy non-speech sections. This mes the trajectories of
pseudo-periodic signals closer together, which means that thiractor is contracted,
if it was spread out owing to amplitude variations (Fig. 4.6).

Then the signal is upsampled td s = 48 kHz to increase the resolution of the pitch
marks. The embedding in state space is implemented by the methodl delays, the
embedding dimension is chosen to bd = 8. Experiments have shown that this

8 [n]> (4.6)
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Figure 4.4: Vowel "a' from a dysphonic speaker. Top: Projection of statgpace
embedding on 3 dimensions and Poincae plane. Circles aresighbors. Bottom:
Time-domain waveform plot. No low-pass Iter. Crosses corspond to the pitch
marks, i.e., the point where the trajectories go through theoincae plane.
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Figure 4.5: Vowel "a' from a dysphonic speaker. Top: Projection of statgpace
embedding on 3 dimensions and Poincae plane. Circles aresighbors. Bottom:
Time-domain waveform plot. Low-pass Iter. Crosses correspd to the pitch marks,
i.e., the point where the trajectories go through the Poineaplane.
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Figure 4.6: Top: Projection of state-space embedding on two dimensionBot-
tom: Time-domain waveform plot. Left: No automatic gain camol applied. Right:
Automatic gain control applied.

number gives the most reliable results over di erent kinds of sech tokens, though
the algorithm may generally work with embedding dimensioni 3. For every
frame a state-space matrixS is formed:

s[0] s[ ol ::z s[ (M 1)
s S[.l] s[1 | d] - s[1 (IV! 1) d] ; @.7)
S[N] s[N a i sIN (M 1) (]

whereN is the frame length,M is the embedding dimension andy the embedding
delay. Each row represents a poing(n) in state space.

4.3.2 Poincae Plane

At the heart of the algorithm is the calculation of the Poinca hyperplane. First a
point at time ng has to be chosen on the trajectory. This can be a peak or trough
in the time-domain waveform. A possible source of error is the aite of peaks in
the signal that are not the maximum (see Fig. 4.13). An alternatie is the selection
of the initial point in state space.

This alternative tries to nd an area in state space, where thedcal bundle of
trajectories is the least diverging. The initial point is plaed inside this area. This
is optimal for nding pitch marks using the Poincae plane, and the time-domain
waveform is not considered anymore.

Around this chosen query points(ng) = S(no;:), the state space is searched for the
k closest points according to the Euclidean distance measure. Be&k point form
a neighborhoodN (ng). This can be done by calculating the Euclidean distance
betweens(ng) and all other points s(n) of the state-space matrixS:
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X
deucl(n) = (S(n; m) S(noi m))2 : (48)
m=1
More computationally e cient methods exist to search for the reighbors in state
space (e.g., [Sch95]).
Then a mean ow direction f(ng) of the trajectories in this neighborhoodN (ng)
is calculated,

f(ng) = mean(s(n+1) s(n)) 8n 2 N (no); (4.9)

For which only trajectories are considered that point rouglylin the same direction
as the initial ow vector (fg (n)fo(ne) > 0:6, wherefy is a unit-length vector, for
fo(n) no ow averaging is applied), i.e., orthogonal ow vectorsor ow vectors in
the opposite direction will not be considered.

So for every frame the Poincae hyperplane is de ned as theyperplane through
s(ng) that is perpendicular to f(ng) (Fig. 4.7 (b)).

(P s(no))" f(ng)=0; (4.10)

whereP is any point on the Poincae plane.
To calculate the intersections with the plane, the points befe and after the
passing of the trajectory through the plane have to be found. If

(s(n+1) s(ng))" f(np) > 0&(s(n) s(np))" f(np) <O (4.11)
then the points s(n), s(n + 1) are just before and after the plane (Eq. 4.11) and
(s(n) s(no))" f(no)=0 (4.12)

if point s(n) lies exactly on the Poincae plane (Eq. 4.12).

The exact location of the intersection points is calculatedyblinear interpolation
between the two points before and after the intersection, i,ebetweens(n) and
s(n + 1). The intersection points with the Poincae plane and ther corresponding
time indices are considered to be pitch mark positions.

The length of one frame is chosen so that at least two cycles at tlexpected
minimum frequency tinto the frame. If the signal is pseudo-pgodic, the trajectory
then returns at least once into the chosen neighborhood and érsects the Poincae
hyperplane and a pitch mark can be detected. The frame hop sidepends on the
pitch mark in the current frame. The beginning of the next frane is set to the
current pitch mark.

4.3.3 Post-Processing

The voiced/unvoiced decision is based on several criteria. Eir a frame is considered
unvoiced if the energy of the low-pass Itered signal is below treshold. If the
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energy criterion misses an unvoiced frame, the frame is furthanalyzed in the
state space in case of observed uctuations of the fundamental ag length by
considering several cues and calculating a cost for each camdédpitch mark. First,
the Euclidean distance of the pitch mark candidate points tohte query point is
considered. Second, the distances between all candidate poiare considered and
a grouping of the candidates in two clusters is performed. Ihe result includes a
cluster that is clearly removed from the points around the qug point, those points
are attributed a higher cost. A third cue is the time-domain eargy in the vicinity
of a candidate pitch mark; a low energy is associated with a highcost. Candidate
points with a cost above a threshold are discarded. In additiorotthe detection of
unvoiced sections, this also reduces the occasional hit of thestformant (Fig. 4.7).

Fig. 4.8 shows a ow diagram of the pitch marking system.

4.3.4 Pseudo Code
Input speech signal  x(n)
Low-pass filter
Upsample (if necessary)

WHILE index < lastindex - framelength

Get frame with framelength at index
IF energy(frame) < threshold,

set frame unvoiced
take next frame

END

Apply automatic gain control

Normalize frame

Choose initial point, x(ng), in time-domain

Embed segment in pseudo state space (dimension M, delay g)
x(n) =[x(n);x(n  q);u5x(n (M 1) g)]

Select k neighbors in state space neighborhood N (ng) of x(ng)

Compute estimate of average vector flow f(ng)
f(ng) = mean(x(n+1) x(n)) 8n 2 N (ng)

Define Poincae hyperplane perpendicular to f(no) going through x(no)

(x(no) P)T f(ng)=0

Calculate intersection of trajectories through Poincae plane by inter-

polation between samples neighboring Poincae plane
IF std(TO) > 0.15 median(TO0)
Discard points far away from  x(ng)
END
Set index to beginning of next frame
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Figure 4.7: Vowel "a' from a dysphonic speaker. Top: Projection of statgpace
embedding in 3 dimensions and Poincae plane. Circles areeighbors. Bottom:
Waveform plot. (a) Wrong parts of the trajectories chosen. b)) Correct placement
of Poincae plane and pitch marks shown as crosses.
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Figure 4.8: Flow diagram of pitch marking system.
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Figure 4.9: Changing peaks. Comparison of results from the Poincae ried ( )
and the peak-picking method from "Praat' (+). Top: Waveform ith pitch marks.
Bottom: Fundamental frequency estimates computed from @it marks.

END WHILE

Output pitch marks

4.4 Discussion

There are some interesting results and open problems, which wesdaliss in this
section.

Jitter in Peak Detection Algorithm. Fig. 4.9 shows a signal section with a tem-
poral evolution of the prominence of its positive peaks. The give signal changes
from a dual peak with its maximum on the right into a dual peak vith its maximum
on the left and back again. Peak picking pitch marking algofims such as "Praat'
(see appendix A) switch the pitch mark back and forth between thieft and the right
peak. This introduces spurious jitter, which is an artefact fothe algorithm. Since
the Poincae method is not based on time domain signal propaes, the pitch cycles
are followed correctly, staying at the same position over the wike signal fragment.

To compare the two methods quantitatively, we calculate th@eriod perturbation
factor (PPF):

100% X u@) u( 1)

N 1. u(i) ’

PPF = (4.13)

where u(i) is the cycle length sequence, corresponding to the time bewwepitch
marks shown in gure 4.9. For given speech segment, the Poineamethod vyields
PPF = 0.14 % and the Praat peak-picking method: PPF = 15.1 %, wich is over
100 times larger as the Poincae based value.
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Figure 4.10: Pitch marks of transient glottalization ("her o(n)"). Comprison of
the results from the Poincae method and "Praat'.

Biphonation. In gure 4.10, a fragment (‘her o(n)',) is shown of a recordingsen-
tence rl040 { Judith found the manuscripts waiting for her on the piao' from
the Bagshaw database [Bag94]). A transient biphonation due tdajtalization is
observed.

Other algorithms like Praat by [BWO7] either completely fdi for such events
or detect a period doubling if the xed minimum pitch value alows for such a
long period. The Poincae method recognizes the rapidly &@rnating pitch cycles
correctly. Of course in this case it is a matter of de nition wheher alternating cycles
or period doubling is the correct interpretation. Still, weconsider our approach
more useful, since the subpartials can be derived from our resuita second step, if
desired. This is not possible the other way round. If only the sulgptial is known,
the cycle alternation in the time domain cannot be recoverednymore.

In Fig. 4.11 the alternating size of the time-domain waveforrpeaks can be seen
in the state-space plot as two di erent bundles of the trajectoy.

Phase Drift. In Fig. 4.12, we see that the phase of the Poincae pitch marksogs
not remain constant over the whole signal fragment in the plotOne sees that the
marks slowly evolve from the positive to the negative peaks. Thiis a problem,
which occurs only occasionally and a change of analysis pardens usually removes
the problem for one signal fragment, but may introduce a drifat another place.
However, no general design rule could be derived so far to remetis problem.
In applications for which high accuracy is an important issuerdor which the pitch
marks should be synchronized with a glottal event, such as an &ation maximum
or glottal closure, this may be a disadvantage of this method. hie reason for this
drift may lie in the changing dynamics of the speech productiosystem or small



46 4. Poincae Pitch Marking
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Figure 4.11: State space representation of a segment of voice with bipatoon.
The two di erent trajectories of the speech production systeran be clearly seen.

errors in the calculation of the mean ow vector.

A phase drift was also reported by [Man99], but in comparison toi approach
we interpolate between two sampling points to determine theniersection of the
trajectories with the Poincae plane more precisely (see Seé.3.2).

Resynchronization. In Fig. 4.13, the same signal fragment is shown twice after low-
pass Itering with two di erent cut-o frequencies. After each unvoiced segment,
the initial point s(ng) has to be set again. The search frame for the initial point is set
to the rst half of the current possibly voiced frame. As mentiond in section 4.3.2,
the position of the current frame depends on the last pitch markf the previous
frame (if voiced).

In the upper plot of Fig. 4.13, the initial point was set to the smaller peak at
the onset of the voiced segment, consequently the following git marks are in the
corresponding positions in the following cycles. The lower plghows a situation,
for which the search frame was positioned to mark the maximum pk of the cycle,
which is followed perfectly throughout the rest of the frame.

A possible solution would be to introduce a more sophisticated peaearch algo-
rithm, with some look-ahead to determine, whether a better @ice for the initial
point is available. This comes at the cost of reduced real-tencapabilities of the al-
gorithm. If the initial points are chosen based on the bundlingf the trajectories in
state space, this is, of course, not an issue since time-domain peaie no criterion
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Figure 4.12: Phasedrift of the pitch marks. The marks evolve from posi#vto
negative peaks. Results from "Praat' (+) and Poincae ().

for this choice, anyway.

4.5 Evaluation

To evaluate the performance of the pitch marking algorithmn a quantitative way,
it is compared with a state-of-the-art pitch marking softwarethat is Praat, which is
a software for speech processing and computer linguistics [BWOFpr pitch mark
determination, Praat rst does pitch determination using auto-correlation and a
least-cost path search through the analyzed frames with sevengitch candidates
per frame. The resulting pitch contour provides a narrow sednaange for the pitch
marking algorithm. It starts from an absolute extremum in a frame and determines
the pitch marks by nding the cross-correlation maximum in therange given by the
previously calculated pitch contour.

The database used for the evaluation of the pitch mark algorith is freely avail-
able. It includes speech and EGG signals of a male subject (117mw®ts of speech)
and a female subject (147 seconds of speech) uttering 50 senteneagch and the
corresponding pitch marks obtained by a pulse location algtiim applied to the
EGG signal [Bag94].

45.1 Formal Evaluation

Due to several issues discussed in Section 4.4, the evaluation @ éiigorithm cannot
be performed assuming a xed phase of the pitch marks. Since ewation of pitch
marks which are not associated with a xed temporal event (suchsaa peak in the
time domain) is di cult, a conversion to vocal frequency o) values for a xed time
step of 10 ms is performed. In case less than two pitch marks per m@ are found
the window is extended to 20 ms. If still less than two pitch marksare found, the
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Figure 4.13: Resynchronization after unvoiced period. Depending on theafne
position di erent initial points are chosen, but synchronizéion is kept independent
of initial phase throughout voiced interval.

fragment is considered to be unvoiced. For every window, anexage value for the
fundamental frequency is calculated. For the male les theange for the expected
frequencies was set to 50-300 Hz, for the female les to 150-498. The procedure
is rather an evaluation of the fundamental frequency deterimation than the pitch
marking capabilities of the algorithm. With this restriction, the performance of the
algorithm can be compared to the results from "Praat'.

Comparisons with other afore mentioned related algorithmgdm the literature
(section 4.2.2) are dicult, since none of the referenced woskdeal with running
speech, using full sentences [Kub97, MM98]. In addition they dwt provide any
formal evaluation results themselves.

45.2 Results

In tables 4.1 and 4.2, the results are shown for the database. Thesults for the
Poincae method and the "Praat' pitch marking algorithm [BWQ7] are presented.
The voicing/devoiced errors are at the top. In the rst columnthe total ratio of
voiced frames for the speech material can be seen, then the wmgeerrors and nally
the devoicing errors are shown. A voicing error is set if an uneed frame is falsely
considered as voiced by the pitch detection algorithm. A dei@ng error is set if a
voiced frame is falsely considered as unvoiced. Voiced speemyecs roughly half of
the total length of the recordings.

In the lower part of the table the accuracy of the results for th voiced frames
is shown. Fundamental frequency errors are di erentiated to the percentage of
errors<1 %, <5 % and< 10 % of the reference fundamental frequency. It is desired
to have a high percentage of the errors in the “errorsl %' column,
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Discussion

The performance of the two algorithms is comparable. Whilehe Poincae method
has slightly better results for the voicing errors, Praat has aolver error rate for
devoicing errors. Both algorithms can be tuned to favor eithrevoicing or devoicing
errors, depending on the application. On the one hand, it mayebbetter to capture
all pitch marks while running the risk of having too many. On tke other hand, it
may also be desirable to ensure that the pitch marks that are fodnare all correct,
while running the risk of not nding all of them. In general, a alance between
voicing and devoicing errors at a low level is desired.

The accuracy of the voiced frames found is also similar. For Boalgorithms, the
errors of roughly 70 % of the~, values are<1 %, while more than 90 % of all errors
are below 5 %. For female speech, the results of the two algontk are very close,
while for male speech the Poincae method outperforms Pradty about 5 % in its
relative accuracy.

4.6 Conclusion

In this chapter, we have presented an approach to pitch mark tegmination, which
applies methods from dynamical systems analysis to speech sigp@dcessing. The
algorithm has been presented in a way, that a reader new to dymécal systems is
able to understand the principles and implement the algoritim.

While the results are promising, the algorithm does not outp&rm state-of-the-
art pitch detection algorithms such as "Praat' in all situations. A clear advantage of
the new algorithm has been shown for biphonic voices. The rapydlternating cycles
are recognized correctly, where in contrast, "Praat' only dects subharmonics. It
is known that peak-picking algorithms can introduce jitterartefacts if the analyzed
signal has dual competing peaks, which vary in amplitude. In tt case, the Poincae
method tracks the cycles correctly.

One has to keep in mind, though, that the performance achiedeby "Praat' is

Table 4.1: Results for a female speaker, 147 s of speech, 46.7 % voiceddp The
voiced column shows the percentage of detected voiced fnTeéhe voicing errors are
the percentage of frames falsely considered as voiced, aiteé versa for the devoicing
errors. Errors < 1 %, 5 % and 10 % show the percentage of pitch errors which are
below 1 %, 5 % and 10 % relative error, respectively.

voiced voicing errors devoicing errors
Poincae 50.3 % 3.0% 22 %
Praat 51.6 % 4.4 % 0.6 %
errors<1 % errors<5 % errors<10 %
Poincae 71.7 % 91.7 % 95.8 %
Praat 70.7 % 91.2 % 95.7 %
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only possible by looking at a whole speech fragment. In a rst stage algorithm
determines a pitch contour by searching for an optimal path ttough a number
of pitch candidates. The contour is then used as a constraint fahe pitch mark
determination. The results are further improved by a sophisteted post-processing
algorithms, which consider previous and following frames neto the current one.
This higher-layer processing is not used by the Poincae metdp since it has been
designed for real-time applications, and it is intended to keethe delay strictly of
the order of a single frame.

The intention has been to develop a reliable method for pitcmark determina-
tion for pitch synchronous voice modi cation as presented inhapter 3. Due to
the phasedrift discussed above (Sec. 4.4) the algorithm is notlakdo surpass the
performance achieved with Praat for the PSOLA task at the cuent stage of the
work. This problem is inherent to the algorithm, since in statespace time-domain
amplitude peaks cannot be detected. Since the main goal ofetlihesis are signal
processing methods for disordered voices, the pitch marking fophas been left at
this stage to be able to further explore the main topic.

Table 4.2: Results for a male speaker, 117 s of speech, 51.82 % voicedcspeThe
voiced column shows the percentage of detected voiced fmndée voicing errors are
the percentage of frames falsely considered as voiced, aité versa for the devoicing
errors . Errors < 1 %, 5 % and 10 % show the percentage of pitch errors which are
below 1 %, 5 % and 10 % relative error, respectively.

voiced voicing errors devoicing errors
Poincae 54.6 % 2.7 % 8.7 %
Praat 57.7 % 5.8 % 4.8 %
errors<1 % errors<5 % errors<10 %
Poincae 74.8 % 96.1 % 98.3 %
Praat 69.1 % 93.2 % 97.6 %




Chapter 5

Multipath Signal Separation for
Electro-Larynx Speech

5.1 Introduction

This section focuses on a problem of the Electro-Larynx (EL) nteod for sub-
stitution voice production. This problem is due to the Direcly radiated electro-
larynx (DREL) sound, which in addition to the speech sound, redes the ear of the
listener unmodulated and interferes with the modulated spelksound (see Fig. 5.1).
If only the acoustic channel is available (e.g., over the tgdone) this disturbance
makes communication di cult. We have investigated methods ¢ reduce the DREL
sound to improve speech communication in situations other thaface-to-face com-
munication.

We look at how a speech sound is formed in EL speech and how unwaht®m-
ponents a ect the sound received by the listener.

5.1.1 Electro-Larynx Speech Production Model

Speech production with an EL is di erent from laryngeal spedcproduction in sev-
eral aspects. To clarify the EL speech production we present an Epeech produc-
tion model, which extends a simpler model [NWWLO03]. Since weté& point out the
di erence between a time-variant and a time-invariant signbpath, we shortly intro-
duce the necessary representations and notations for time varg lters [CM82].

5.1.2 Time-Variant Linear Filtering

The output y(t) produced by the input signalx(t) and time-variant impulse response
g(;t)is
Z 1
y(t) = g(;t)x( )d; (5.1)

1

51
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Figure 5.1:  Electro-Larynx (EL) speech. The EL signal is transmitted to he
listener over two paths with di erent impulse responses. Ongath is through the
time-variant vocal tract, h,,( ;t). The other path is through the time-invariant
direct path, hy(t), and gives rise to the DREL sound.

whereg( ;t) is the impulse response at timé for an excitation with an impulse
attime . If we substitute h( ;t) = g(t ;t), we can write the above equation like
the convolution of a time-varying impulse response with the ing signal:
VA 1
y(t) = h(;t)x(t )d; (5.2)

1
where h( ;t) is the time-varying impulse response at time& caused by an impulse
applied time units earlier. This is a convenient notation, since in ¢ of a time-
invariant impulse response, Equ. 5.2 becomes the convolutiomtdégral known for
Linear time-invariant (LTI) systems. The commutative property of the convolution
integral is also valid in the time-varying case, so:
VA 1
y(t) = ht ;t)x()d; (5.3)
1
Zadeh [Zad50] showed that one can apply a Fourier transform td¢ impulse
responseh(t; ) with respect to and obtain a time-varying transfer function:
Z 1
H(:t)= h(;t)e! d (5.4)
1
So the input-output equation can be written in the frequencydomain as:
Z 1

y(t) = Zi 1 X (W)H (I;:t)e" d (5.5)
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5.1.3 Electro-Larynx Speech Production

We look at the speech production mechanism used in EL speech. Ség b.2 for a
model, which is closely related to the source- Ilter model of kgngeal speech.

Random Sound eu (t)
Source ea(t: S(t)
" h,(;t)
Shaker )) hn (t) t
T ev( ) N X(ty & speecn
Sd(t) & Noise
Impulse Generator > hd (t)

envionmental n (t)

noise

Figure 5.2: EL speech model. The speech sigr&(t) is a superposition of the EL
source signale(t) ltered by the time-invariant neck impulse responsé,(t) and the
time-varying vocal tract impulse responsé,( ;t) and a random sound sourcey (t)

convolved withh,( ;t). In addition to the speech sound, the EL sourgt) convolved
with the time-invariant EL direct path impulse responséy(t) and environmental
noise n(t), which is not related to speech production, arrive at the lister's ears.

The di erence to normal speech production is that the voicingource is produced
outside the human body by the EL device. Due to imperfect couplg between
EL and neck tissue, only a fraction of the EL energy is transferdethrough the
neck tissue with impulse responsk, (t) into the vocal tract. This yields the signal,
e, (t), which excites the vocal tract. Although the neck impulse resmse depends on
several parameters, such as the exact placement of the EL or theegsure of the EL
on the neck, it is safe to assume that during a speech fragment it @ not change
much, so thath,(t) can be regarded as time-invariant,

Z,
e(t) = . e(t )hn()d: (5.6)

Unvoiced soundss,(t) are produced by the patient with the usual mechanisms
of healthy subjects by using the limited air volume availableni their mouth g,(t).
Though, limitations exist for glottal sounds, such as [h]. The psitions of the sound
sources,g,(t), e (t) are assumed to be xed and the same. The sum ej(t) and
e (t) is Itered by the vocal tract impulse responseh,( ;t), which is modulated
by articulatory movement. An unvoiced/voiced switch, which § often seen in the
widely used source- Iter model for speech production, is not atuded, because only
excellent EL speakers manage to turn o the EL for unvoiced souls. For reasons of
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simplicity, the lip radiation is included in the vocal tract impulse responseh,( ;t).
This results in the speech signad(t).
Z 1
s(t) = [e(t  )+e(t )lh(;t)d: (5.7)

1

The part of the energy of the EL signak(t), which is not transferred into the vocal
tract, is directly radiated into the environment and reachs the listener on a direct
path with impulse responséhy(t). The amount of the leaked energy depends on the
position of the EL on the neck and the contact pressure. As discussedoae, we
assume those factors to be changing slowly compared to the artetory modulation.

In addition, the room impulse response is also changing the ditlgcradiated EL
source signal. It is save to assume that the room impulse response athanging
slowly compared to the speed of articulatory movement. The Bred leakage sound
then is sq4(t). This direct sound disturbs the perception of EL speech.
Z 1
sq(t) = . e(t )hg( )d (5.8)

In addition to the directly radiated sound of the EL device, anenvironmental
noise componentn(t), has also to be considered. It includes every additional noise
source not correlated with the speech signal. For EL speakers, te®ma noise is
part of this signal. Because breathing and speaking is decoughléhe stoma noise is
not correlated with the EL speech signal.

The acoustic signal x(t), which is picked up by a microphone or perceived by a
human listener can be summarized as:

x(t) = s(t) + sq(t) + n(t) (5.9)

We can also re-organize the EL-speech model such that the voicatt noise-like
speech components have separate signal paths (Fig. 5.3), i.e.,

X(t) = su(t) + sy(t) + sq(t) + n(t): (5.10)

The noise-like speech generation is straight-forward and care kralculated by
solving the convolution integral ofe,(t) and h,(t; ):
Z 1
Su(t) = hy(t ;t)es( )d (5.11)
1

For the voiced signal part, it is convenient to merge the impgk response of the
neck, h,(t), and the vocal tract, h,( ;t), into one neck-vocal tract impulse response,
hn ( ;t). The voiced speech part can then be calculated as:

Z 1
sv(t) = hay(t - 5t)e( )d (5.12)

1
In this model we see that the EL signal is transmitted to the listear or microphone
over two dierent paths. In one path the EL signal is ltered in a time-varying
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Figure 5.3: EL speech model. The EL signad(t) produces a time-varying voiced
speech signas, (t) and a time-invariant directly radiated EL soundsq(t).

manner to produce voiced speech sounds,(t) and through the other one the EL
soundsgy(t) is directly radiated to the listener.

5.2 Previous Approaches

Since the DREL soundsy(t) is a major issue with EL speech, there have been some
attempts to reduce this signal part. We present previous appaches to reduce the
DREL sound.

5.2.1 Adaptive Filter

It has been proposed to be reduce the EL direct sound by an adagi Iter us-
ing an LMS algorithm [EWCM* 98] and independent component analysis (ICA)
[NWWLO03]. This adaptive Iter is based on a signal and noise modelA primary
microphone picks up the signaly(t), assuming that

y(t) = su(t) + sy(t) + sa(t); (5.13)

wheres, (t) + sy(t) is the speech signal andy(t) is the DREL sound which is the EL
sound e(t) convolved with the impulse responségy(t) as in Equ. 5.8. A reference
microphone picks up the DREL signalsq4(t). The adaptive lter tries to minimize
the error signala(t) = y(t) z(t), wherez(t) = e(t) ha,(t) by modelling the impulse
responseng(t). If the adaptation is successful thera(t) = s,(t) + s,(t) (see Fig. 5.4)

It was stressed in both papers that the adaptation has to be comlied because
of the correlation between the noise signa(t) and the speech + noise signaf(t).
Indeed the adaptive lter is based on a signal model for which #hspeech signal and
the interferer are statistically independent.
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Figure 5.4. Adaptive Iter noise reduction. The adaptive Iter coe cie nts h,(t)
are modi ed to minimize the error signala(t).

EL source

e(t)

In the following we discuss the problem in more detail consided the input signals
to the two microphones in the framework of the EL speech prodtion model (Fig.
5.5).

EL Speech

EL sog: }

e(t)

Figure 5.5: Adaptive Iter noise reduction input considering the EL spech pro-
duction model.

The EL speech sounds,(t) and the directly radiated noise of the ELsy(t) are
correlated. The adaptive Iter does not only approximatehy(t) but hg(t) + hyv(t).
To overcome this problem, the authors introduce an adaptain control that stops
the adaptation of the Iter in case of sonorant sounds (i.e. soursdproduced without
turbulent air ow or bursts). In case of unvoiced sounds and strongackground noise
the authors found out that the correlation between the diretty radiated EL sound
and the EL speech signal is very low; therefore the adaptatios meaningful. Both
papers report a signi cant improvement of the Itered speech wer the original.
Niu et al. also report a signi cant increase of acceptability on a Mean Opion
Score (MOS) scale.
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5.2.2 Spectral Subtraction

The directly radiated noise of an EL is only slowly varying andtherefore, Coleet
al. [CSMG97] have applied spectral subtraction and root cepstral Btraction noise
suppression to EL speech. The spectral subtraction method is based estimating
the noise power spectrum and then subtracting this spectrum frothe signal power
spectrum. The noise is estimated during non-speech intervals. & report an
improvement of the processed speech compared to the original Epeech.

Subsequent approaches have used several variants of the spécsibtraction
method [PBBL02, LZWWO06b, LZWWO06a]. One of the proposals is Is&d on the
following.

8
> . 2 2 jemyj? 1

aop= YOI L) s ityeme ; (5.14)
N N (DN otherwise

where §(! ) is the enhanced speech spectrunt}(! ), the noise power spectrum
estimate andY (! ) the noisy speech spectrum. ( 1) is the subtraction factor
and (0 1) the spectral noise oor. To further enhance the speech soundiuL
et al. [LZWWO06b, LZWWO064a] include auditory masking, which does a vighting of
the noise by means of a Linear Prediction Coe cient (LPC) basedveighting lIter.
The noise estimation is based on minimum statistics.

The authors report improved MOS rates for EL speech without ahwith back-
ground noise consisting of Gaussian white noise or babble noise. Aocke-up paper
to the spectral subtraction by Pandeyet al. [PBBL02] introduced a quantile based
noise estimation for EL speech [PPL0O3]. The noise estimation is gian to minimum
statistics, but does not use the minimum of the spectral bins ovehé observation
period, but a certain quantile over the observation period.

5.2.3 Cepstrum Based Processing

The unnatural sound of the EL speech is due to the unnatural exation signal of
the EL device. One proposal was to replace the EL excitation sigl with a natural
excitation signal obtained via cepstral deconvolution [MDEWI99]. The DREL and
EL speech excitation is removed via cepstral deconvolution d@rreplaced by the
natural one. A drawback is that there is always need for a ratence sentence spoken
by a healthy speaker, which is then used to substitute the excitan signal of the
EL speaker. A real-world application is, therefore, not feasib.

5.2.4 Notch Comb Filter

Since the frequency of the EL is usually constant, the most obwie approach would
be to use a notch Iter to Iter out the DREL sound. In practice this has to be
a notch comb lIter since, not only the fundamental frequencyput the harmonics
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have to be cancelled, too. The rst problem that arises, is thathe fundamental
frequency has to be determined exactly, otherwise the highearmonics do not get
cancelled exactly. An adaptive interference canceler or adaptive notch comb lIter
could follow the actual fundamental frequency in case of anyitt. If the notch Iter
sits exactly on the harmonics of the EL sound, then not only the REL sound,
but also the speech signal is degraded, because the EL harmonics the carriers
for the modulation which is performed by the articulatory ogans. Because of the
remaining sidebands due to the modulation, the speech signakidl intelligible, but
since the harmonics (carriers) are missing it sounds like whispdrspeech, which is
not necessarily desired. See Fig. 5.6 for a spectrogram of an im@djspeech utterance
with EL and the same utterance processed with a notch lter.

Original EL Speech Notch Filtered EL Speech
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Figure 5.6:  Top: Spectrogram of the EL speech phrase, "Hello'. Bottompé&&tro-
gram of notch comb Itered EL speech.

5.2.5 Discussion

The state-of-the art approaches for DREL sound suppression su eroin a main
problem. The underlying signal model assumes independence loé speech signal
and the disturbing signal. In case of the DREL sound and voiced EL spch this
assumption cannot hold, since both have the same physical signal sy To make
the above approaches work, heuristics are necessary to obtaseful results. An-
other problem is the on-and-o switching of the EL, which resuk in an abrupt
change of the DREL noise condition. The results of perceptuatsts are di cult to
compare, since no standards exist. Di erent testing protocolsra used in di erent
publications. We therefore develop a method to reduce the DREsound that takes
into account the model introduced in gures 5.2 and 5.3. Fuftermore, we propose
a testing protocol, which might serve as a basis for future stand#ization in this
domain.
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5.3 Multi-Path Separation

Our approach takes advantage of the di erent properties othe EL speech sound and
the DREL sound. To simplify the problem, we only consider the EL somd source
and omit unvoiced sounds and environmental noise. The EL souns transmitted
to the listener via two separate paths. In Fig. 5.7, the previouglintroduced EL
speech model is shown for only those signal paths which are takgntbe EL sound
source. As the directly radiated component of the EL energy isoh modulated by
the articulatory organs, but transmitted over the air to the human ear on a direct
path, this signal is only modulated at a very low frequency andan e ectively be
assumed to be time-invariant. If we consider that the speech soumsla time and
frequency dependent modulation of the excitation signal { imur case the EL sound
{ then we only have to suppress the signal path which is constant.

e(t) Sv(t)
Shaker > | hnv( ,t) ﬁ
EL Speech &
T Sd(t)@_> Direct Path
Impulse Generator ——> hd(t) 4

Figure 5.7: Simplied EL speech model. EL signak(t), neck-vocal tract impulse
responseh,, ( ;t), EL direct path impulse responseng(t), EL speech sounds,(t),
directly radiated EL signalsq(t).

5.3.1 Modulation Filtering
Time-varying path:

First, we consider the path through the vocal tract, where the E sound source
is modulated and Itered by a time-varying vocal tract. Previous research on hu-
man speech has shown that signal components with a low modulatifrequency can
be suppressed without loss of intelligibility. While Drullmanet al. [DFP94] have
shown that modulation frequencies above 4 Hz are important f@apeech intelligibil-
ity, later studies have come to the conclusion that there is n@$s of intelligibility if
all the modulation frequencies are suppressed below 1 Hz [APHA96]xpEriments
with the evaluation of the error rate of an automatic speech pmgnition system
have con rmed this value [KAHP99]. Band-pass lItering in the malulation spec-
trum domain has previously been proposed as a means of channaimalization for
acoustic pre-processing in Automatic speech recognition (ASR) @&mnoise reduction
[HM94, HWA95].
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Time-invariant path

To suppress a time-invariant signal in the modulation frequerycdomain, we can
place a notch Iter at a modulation frequencyf, = OHz. In practice, it is safe
to assume that the modulation frequency of the DREL noissf,,, is below 1Hz.
Therefore, to suppress the very slowly varying direct EL signalgbh, we apply a
high-pass lter with f, = 1Hz on the modulation spectrum of the speech signal
corrupted by the DREL sound.

Modulation ltering framework

The lIter, that suppresses the slowly varying components, is apgd in the mod-
ulation frequency domain (see [Sch07] for an-indepth study ofodulation domain
Itering). The modulation frequency domain lter is, in prin ciple, a Iterbank with a
detector that separates the modulating signah[n] and carrierc[n]. The modulating
signal can then be processed with a Iter for every frequency bdn After ltering,
the modulating signal and carrier are multiplied again and th reconstruction lter
bank yields the overall modi ed speech signal (Fig. 5.8)

x4[n] Modulator ya[n
ml[nl Modulation
»{ Detector > .
Filter
L5 T > Filtered
Speech , _ speech
signal| ... | - Carrier ¢;[n] Re-  [signal
— . construction p——»
X[n] 7 bank | - fiter bank | Y[N]
XN [N]
— —>

Figure 5.8: Temporal Itering of the modulation spectrum. A lter bank, e.g.,

based on the STFT, is used for the conversion of the speechmalginto multiple

bandpass channels. The modulator signal, which has to beed&d from a specic
bandpass channel of the the Iterbank output can then be feel to get the desired
signal.

5.3.2 Implementation of the Modulation Filtering

The speech signal is processed at a sampling rate = 16kHz, and is rst high-pass
Itered with a cuto frequency, f.=80Hz, to remove additive low-frequency noise.
The next step is an STFT of the speech signai[n]:

X
X[l:K] = x[NW[IR  nJe I v; (5.15)

n=1



5.3. Multi-Path Separation 61

the hopsize. We then represent the sign& [I; k] in terms of magnitude and phase:
X[l k] = A[l;k]e [kl (5.16)

whereA[l; k] = jX[I;k]j and [l; k] =arg(X[l; k]). Then we assign the magnitude to
the modulating signal,m[l; k] = A[l;k] and c[l;k] = € '] to the carrier. The Iter
is then applied to the time trajectories of the modulatom([l; k], for every frequency
bin k. The carrier is not modi ed and used directly for resynthesis. Wite the
application of the high-pass Iter to magnitudeA[l; k] itself reduces the DREL sound
somewhat, better suppression is achieved when the modulatingreajis compressed
with a static nonlinearity before lItering. Previously [HWA95], A([l; k] = A[l; k]*3
has been proposed. Since our application is di erent, we hayerformed informal
listening tests based on di erent compression laws. The tests anddtresults are
described later in section 5.3.3.

To reduce the DREL sound, all compressed spectral bins are Itetein time
with a 1%t order Butterworth high-pass Iter with a cuto frequency f. = 1 Hz
(Fig. 5.9). The output of the Iter may be negative. Therefor, negative values of the
Itered modulating signal are replaced by small positive randm values, since such
negative values only appear for small magnitudes. After lterig, the modulator
Acnm[l; k] is again expandedA,[l;k] = Acn[l; k]** and, using the original phase,
Ymll: k] = An[l;k]é Bkl s transformed back into a time domain signay[n] by the
inverse STFT using the overlap-add method [AR77]. We see this apéon in the
following equation.

X 1 X?
y[n] = n RIS Y[ikle (5.17)
=1 k=0

The inverse fourier transform of everyy [l; ;] is calculated and placed at the posi-
tion determined by frame index| and hopsizeR. The time-domain signaly[n] is
determined by adding the overlapping frames.

We have observed high power level changes in EL speech owing he n/o
switching of the EL. These are sometimes ampli ed by the multipdh separation
method. Dynamic range compression at the output reduces thigsgblem consider-
ably.

To simplify the problem, we have above reduced the signal regentation to
the two paths driven directly by the EL device as shown in Fig. 5. Now we
revert to the complete signal model and analyze how the methd#&ig. 5.9) a ects
other signal components. The actual speech signal is better deksed by the more
complete model in Fig. 5.3. Unvoiced speesf(t) has the same temporal modulation
properties as voiced speech,(t), so it is processed like voiced speech. For the
environmental noisen(t), we have not made any assumptions. The noise is treated
according to its temporal properties, slowly varying noise wilbe suppressed and
noise with a modulation frequency similar to the speech signal Wbe treated like
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Figure 5.9: Detailed signal ow graph for modulation Itering of the speeh sig-
nal including compression and expansion of the modulator @mal dynamic range
compression.

speech. So for many environmental noise types, our approach ssras implicit noise
suppression system. Having said this, noise suppression is not discussethdurin
the remainder of this thesis, since the focus is on the suppressidntive DREL
sound.

5.3.3 Parameter Optimization

In this subsection, we investigate the in uence of some key paraters on system
performance. Given the impracticality of performing formhlistening tests for every
potential parameter combination, a simple two-stage evaluan was used. A mean
segmental Signal-to-noise ratio (SNR) value was calculated # ratio of the signal

including the DREL sound and an estimation of the DREL sound aveged over all
measured frames in the log domain (Equ. 5.18). The nal decisiovas made by
informal listening tests. For this evaluation, a single sentenciEom the database
described in the next section was used. Non-speech parts were reedomanually.

The DREL sound power level is estimated with the minimum statists approach
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proposed in [Mar01]. The measurement uses a signal token with t&é turned on
all the time, i.e., the noise level is at the level of the DREL soul.

P _ N
% g | ) s
i=1 N=1 s +iN)

SNRgeq = : (5.18)

L
K
whereK is the number of frames with lengthN .

Modulation Iter impulse response length.  To get an insight into the modulation
Iter impulse response length, we replaced the rst-order higipass In nite impulse
response (IIR) Iter with an Finite impulse response (FIR) Iter. The truncated
impulse response of the IIR Iter was taken as the FIR Iter coe cients. The
shortest impulse response length su cient to achieve a value of thENR above
which it could not be improved further was determined.

We have calculated the mean segmental SNR depending on the mtadion Iter
impulse response length from @s to 0:4 ms. A impulse response length of s
is equivalent to not applying any modulation Iter. In addition, the length of the
analysis window has been varied. The resulting plot is shown inig: 5.10. The
gure shows that increasing the lter length above 0.25 secondsoes not improve
the SNR. This is qualitatively the same for di erent frame sizesInformal listening
tests have con rmed that an impulse response length ofZb s is su cient and larger
values do not signi cantly suppress the DREL sound more.
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Figure 5.10: Mean segmental SNR depending on the modulation Iter lengtive
observe that an increase of the modulation Iter length abo2®&0 ms does not yield
a signi cant increase of SNR anymore.

Analysis frame and hop size. In addition, segmental SNR evaluation has been
performed to determine the optimal analysis frame length anltop rate. The analysis
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Figure 5.11: Top: Mean segmental SNR depending on the analysis frame léngt
and impulse response (IR) length. One sees the optimal ardaoperation at frame
lengths of20 30ms and IR lengths above 200ms.
Bottom: Mean segmental SNR depending on the analysis framedth and hop size.
One sees a at peak at frame lengths of 20-30 ms and the bestpsegsion of the
DREL sound at hopsizes of 1/4 and 1/8 of the frame length. Fragtengths up to
10 ms provide no meaningful results in terms of informal lishing.

frame length varied between 1 ms and 60 ms and the hop size wasgeg from 1/8,
1/4, 1/3 to 1/2 of the frame length.

The mean segmental SNR values can be seen in Fig. 5.11. The SNR paiak
frame length of 1ms is an artifact only of the measurement matkl. Listening tests
do not show any improvement in the signal quality for such small&mes. This is due
to the fact that such small frame length are in the order of the fadamental period
of the signal. We see a smaller peak at a frame length of 15ms, whishidentical
to the fundamental period of the EL signal. This peak is only gible for large hop
sizes. For frame lengths between 20ms and 30ms, the mean segn &R has a at
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maximum at hop sizes of 1/8 and 1/4 of the frame length. For hop z&s of 1/2 and
1/3 of the frame length, a considerable decrease of the segm¢éBaR is seen. For
these large hop sizes, the observation of SNR peaks at multiplediué fundamental
period suggests using a frame lengths related to the EL pitch. Hewer, we have
observed that this pitch is not stable for some devices. We, thdoge, recommend to
use a frame length of approximately 25ms and a hop size of 1/4 bketframe length.

Modulator Signal Compression. As mentioned above, the suppression of the
DREL sound is better, when the modulating signal is compressedipr to Iter-
ing. We have varied the compression exponent fromdl to 1 (no compression). We
applied the same segmental SNR measure as described above, see5Fig. for re-
sults. In opposition to previous evaluation results, the calcutad optimal segmental
SNR value does not predict the best compression exponent suggestgdnformal
listening tests. While with increasing compression of the modulag signal (expo-
nent decreasing down from 1.0 to 0.23), the suppression of the DREound does
increase, but at the same time also the speech signal gets suppressedel. Based
on informal listening, a compression exponent, comp = 0.4, is @ben as the best
value to be formally assessed in later listening tests.
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Figure 5.12: Mean segmental SNR depending on the compression of the maidul
signal. When the compression exponent equ@lsno modulation domain Itering has
been performed.

5.4 Formal Performance Evaluation

Finally, we evaluate whether the proposed suppression of the eat EL path o ers
any improvement for EL speech communication.

We perform this evaluation either using objective measures gtianitative signal
properties, or subjective listening tests, in the framework of wth human listeners
are asked to judge a given speech token.
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5.4.1 Speech Database

Quality assessment in speech processing requires speech data fogitien problem
area. Since no EL speakers database is publicly available, vedlected our own.

Four laryngectomized and ten trained healthy subjects wereecorded while using
an Electro-Larynx. The recorded material was edited, i.esilent periods at the
beginning and end of an utterance were removed and recordinthat were unt for
further processing, e.g., because the subjects were not able toguce the desired
utterance, were discarded. A set of 450 utterances were kept fbe listening test.
This adds up to about 3 minutes of speech for each of the speakerSor more
detailed information on the recording conditions, refer to ppendix B.

5.4.2 Objective Evaluation

In the previous sections, we have presented mean segmental SNRiealfor the orig-
inal and enhanced speech utterance selected for parameterioptation. For these
parameters, we observe an improvement, when evaluating thengplete database,
of approximately 15-20dB, depending on the quality of the aginal sound le. In a
spectrogram we observe a signi cant visible reduction of the DREsound (Fig. 5.13).
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Figure 5.13: Spectrogram of EL speech utterance in German “zwei drei'. fte
Original. Right: Signal after multipath separation. One ca see the strong DREL
sound characterized by time-invariant harmonics in the feplot and a signi cant

reduction of the direct path from the EL in the right plot.

SNR measures are standard in the literature, so this measure waglirded to
allow comparison with other publications. Since the receivaf the speech output is
a human listener, SNR values and other so-called objective meessi must always
be complemented by subjective assessment.
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5.4.3 Subjective Evaluation

Even for unprocessed alaryngeal voices, no widely accepted huoet exists to eval-
uate the quality of speech, though there is work going on in thalirection (e.g.
[MMVdB * 06, MMCB* 06]). Speci c protocols are necessary because the usual as-
sessment methods are valid for laryngeal speech only. Therefone have designed
a test, which ts the special requirements of evaluating alamygeal speech.

Subjective speech quality evaluation has great importancetrf the rating of al-
gorithms and transmission systems used in speech processing. Dependin the
application, di erent procedures are useful and several staadds have evolved. For
example, the International Telecommunications Union - Te@mmunications stan-
dardization sector (ITU-T) standard P.800 [ITU96] covers subjdo/e determination
of speech transmission quality. The Speech Quality MOS scale ist msable for EL
speech, because compared to laryngeal speech, it will alwaysréted in the lowest
MOS categories.

EL speech is in some respect similar to (early) speech synthesis systesp it
makes sense to also consider the ITU-T recommendation P.85 for sge®utput
systems [ITU94]). While this recommendation uses absolute catey rating (ACR)
the suggested questions and answers are crafted explicitly foti @ial speech. The
most relevant questions in our context concern théstening e ort, which is also
de ned in the P.800 recommendation, and/oice pleasantness

5.4.4 Design of the Listening Test

Due to the above mentioned problems, we decided to use a compan category
rating (CCR) instead of an ACR test protocol, which compares a odied EL
speech token with a reference unprocessed EL speech token.

Spectral Subtraction. To have a reference, we not only compare the output of the
multipath separation with the original EL speech, but also witha state-of-the-art
general noise suppression algorithm. We choose an algorithm thets achieved the
best results in conventional speech enhancement tasks and islwekcumented in the
literature. We choose the nonlinear log-spectral amplitude immum mean square
estimator of the noise as proposed in [EM85], with a decision-dated estimation of
the a priori SNR [EM84] combined with a quantile-based approacSFB00] and a
time-varying smoothing factor [Mar01].

Test questions.  The unprocessed EL speech is compared to an EL sound token
after multipath separation. Three questions are asked. First, evask for a judg-
ment of the overall impression of the processed EL speech utterancompared to
the original. Second, since the DREL sound makes the EL speechder to under-
stand, we ask whether the listening e ort is a ected by the multpath separation.

If processed EL speech is easier to understand, this would ease camigation with

EL speakers. Finally, we want to know whether the suppression of¢fDREL sound



68 5. Multipath Signal Separation for Electro-Larynx

out-weights a possible introduction of processing artefacts, weh occur frequently
in speech enhancement. This leads to the following sets of quess and opinion
scores:

General Impression: How is the overall quality of the second sample compared to
the quality of the rst?

Speech Quality:  Score

much better 3
better : 2
slightly better : 1
about the same: 0
slightly worse : {1
worse : {2
much worse {3

Listening E ort:  What is the e ort to listen to and understand the second speech
sample compared to the rst?

Listening E ort:  Score

much less 3
less : 2
slightly less 1
about the same: 0
slightly more : -1
more : -2
much more : -3

Background Noise: How do you perceive the background noise of the second
speech sample compared to the rst?

Background Noise : Score
much better : 3
better : 2
slightly better : 1
about the same 0
slightly more annoying: -1
more annoying X -2
much more annoying : -3

The subjects hear an original token and a processed token or viegsa, in random
order. The three questions are presented simultaneously and thgbjects can listen
to the tokens three times at most (Fig. 5.14).
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Example 1 von 50 [CCR_EL]

Question 1 Question 2 Question 3

General Impression -~ The Listening Effort - The Background Noise -~ How do
overall quality of the second necessary effort to listen and  you perceive the background
compared to the quality of the  understand the second speech  noise of the second speech

firstis: sample compared to the first is: sample compared to the first:

_much better _Jmuch less Jmuch better

_better less better @

_islightly better _slightly less _slightly better

_about the same _Jabout the same _tabout the same @
_islightly worse _slightly more _islightly more annoying

_worse imare _Jmare annoying

_much worse _much more _much mere annoying iR

Figure 5.14: User interface for the listening test.

Listeners. Most of the listeners had no previous or only little experienceith EL
speech. There were 4 female and 10 male listeners. The mean age3fayears, all of
them were native German speakers and had normal hearing atids. The reliability
of the listeners was checked by introducing null-pairs, whetbe same sample was
presented twice within a comparison pair. Two subjects did nodentify the null-
pairs, so they were excluded from the evaluation, leaving 13teéners, 3 female and
9 male. The listeners used high quality studio headphones (AKG K71) and were
asked to adjust the volume to a comfortable level.

5.4.5 Results

The results of the listening tests were analysed in several ways. Assngia normal
distribution of the comparison opinion scores, estimates of theomparison mean
opinion scores (CMOS), i.e., the mean,”and the standard deviation “were calcu-
lated. For every mean, a con dence intervaCl g5, was also determined. The results
are presented in Fig. 5.15.

While a small improvement concerning the background noise issible for both
systems, the perceived overall quality is lower for the modi etbkens when compared
to the original EL speech utterances. This is true for both the mitipath and the
spectral subtraction method. A signi cant di erence concernghe listening e ort,
for which the spectral subtraction method performs signi carly worse than the
multipath separation method. Furthermore, a high standard deation of the test
results is noted. Analysis of variance Analysis of variance (ANOVA).[n74] revealed
that a major contribution to the high variance is a high interlistener variability. For
additional analysis, the results were split into two listener graps of equal size. One
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Figure 5.15: Comparison Mean Opinion Score (CMOS) for Multipath Separain
( ) and Spectral Subtraction () compared each to the unprocessed signal for three
evaluation qualities. Shown are the estimated medy the 95% con dence interval
Clgs and the estimated standard deviatiort.

group consisted of listeners who rated the modi ed tokens rathepositively, the
other group preferred the original tokens. The results for théhree test questions
are shown in Fig. 5.16.

If we assume that two groups of listeners exist having di erent @ferences, the re-
sults may be interpreted di erently. For the multipath separaion method, one group
perceives the reduction of the directly radiated EL sound pdsiely and express the
opinion that the listening e ort is slightly less than for the original toekn. This is
also re ected in the overall perceived quality. Spectral sub&ction and multipath
separation are rated equally with regard to background noise.

The sound of EL speech is unusual for most of the listeners. To invegte whether
the familiarity of the listeners with EL speech a ects their judgement, they were
partitioned into two groups, the speech and language therapstSLT, 3 subjects)
and the rest. Results (see Fig. 5.17) show that the SLTs judge theodli ed tokens
to be worse compared to those listeners who were not previouslypeged to EL
speech. They even judge the background noise of the processedaggworse than
the background noise of the original signals. This may be due tbeir long experience
with EL speech, which they do not perceive as an uncomfortabéund anymore.

We have used both laryngeal and alaryngeal speakers in our dagee, so the ques-
tion arises about the relevance of the results of the laryngespeakers with respect
to the alaryngeal cases. The results for both groups are presahiedividually and
compared in Fig. 5.18. All qualities are judged similar for bt speaker groups,
though one has to take into account the larger con dence inteal, especially for the
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Figure 5.16: Comparison Mean Opinion Score (CMOS) for Multipath Separain

( ) and Spectral Subtraction ( ) compared to the unprocessed signal for three evalu-
ation qualities. Top: Listeners who prefer the modi catios. Bottom: Listeners who
prefer the original. Shown are the estimated meaf, the 95% con dence interval
Clgs and the estimated standard deviatiort.

alaryngeal results, due to the lower sample size.

5.4.6 Discussion

The analysis of the listening test gave mixed results with a veryigh standard de-
viation. Reasons may be the following. First, it is di cult for listeners to evaluate
voices that are not part of their usual listening experience. dSfar, not even the
medical community has agreed on an evaluation procedure fsubstitution voices
[MMVdB " 06]. In current evaluation methods, inter- and intra-judge &riations are
a well-known problem. Second, while we believe that the moldtion Itering ap-
proach is a helpful method to remove the DREL sound, the curremmplementation
introduces some distortion of the EL speech signal itself, whick rated negatively
by some of the listeners.
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Figure 5.17: Comparison Mean Opinion Score (CMOS) for Multipath Separa-
tion ( ) and Spectral Subtraction () compared to the unprocessed signal for three
evaluation qualities. Top: Speech and language therapisBottom: Other listeners.
Shown are the estimated meaf, the 95% con dence intervalCl g5 and the estimated
standard deviation”.

5.5 Conclusion

We have presented a model for the production of Electro-Larynspeech. Based on
this model, we have presented an approach to separate the diest signal paths of
EL speech. The principle is to take advantage of the di erentémporal properties
of the two main signal paths. The time-invariant path can be sup@ssed to obtain
an improved EL speech signal.

We observe that only some of the listeners appreciate the modatons of the
signal positively. For those listeners, the perceived overall glity rating re ected
the positive comparison ratings of both listening e ort and bakground noise.

We do not know yet why other listeners preferred the originala the modi ed
EL speech token. Most listeners were not familiar with EL speechyhich is very
di erent from modal speech. This may have in uenced the ratig of the listeners.
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Figure 5.18: Comparison Mean Opinion Score (CMOS) for healthy () and
alaryngeal ( ) speakers for three evaluation qualities for the multipatBeparation
method. Shown are the estimated medr) the 95% con dence intervalCl g5 and the
estimated standard deviatior*.

The similar rating of the spectral subtraction method with respet to the back-
ground noise at the prize of increased listening e ort and deased overall quality
can be explained with the fact that this method uses a signal metithat assumes
statistical independence or at least linear uncorrelatedness the speech and noise
signals. This condition is clearly violated in the EL case for wbh both the desired
signal and the DREL sound are driven by the same physical signal soar There-
fore, the spectral subtraction algorithm not only modi es thenoise signal but tends
to modify the speech signal more than our method.

We believe that using a signal model that best represents the untieng speech
production mechanism is a requirement for a satisfactory solein of a speech pro-
cessing problem. A weakness of our current approach is that thegnitude spectrum
or modulating signal is always positive, i.e., it has a DC compent. Therefore, a
highpass Iter in the modulation frequency domain also decrses all the values of
the magnitudes of any spectral component. Some may therefdsecome negative,
which has unwanted consequences.

Recently, a new approach to modulation Itering has been pmosed by [Sch07].
The author argues that in case of using the magnitude and phasetbe Iterbank
outputs as modulators and carriers, signals are not band-lied anymore. Any
modi cation in one sub-band then also a ects the neighboring &énds, which can
introduce artifacts. Therefore, one has to apply a new envgle detection approach
that limits the bandwidth of the resulting signals. The applicaion of those ndings
could potentially improve the quality of the presented multpath separation method.
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For a broader outlook, one has to consider that all discussed sigrenhance-
ment approaches have a limited scope in daily life applicatis. Both the proposed
approach and the state-of-the-art methods have in common tha reasonable appli-
cation can only be found in the context of telecommunicatias) where speaker and
listener are not connected acoustically or where the direct agstic signal path is
negligible. This would apply to telephone conversations amalso when using public
address systems. The suppression of the directly radiated EL sound face-to-face
communication is not possible by signal enhancement methodoaé, it would in-
volve a redesign of the EL device, as previously proposed by [HHK®|9see Section
2.4.4).



Chapter

Prosody for Alaryngeal Speech

Alaryngeal speech { and in particular { Electro-Larynx (EL) spech su ers from
inadequate prosody. This chapter explores a possibility for sagmposing an (a
posteriori) intonation contour on a speech signal, when the falamental frequency
is either not or only partially measurable as in voices using ghsubstitute folds, or
is constant as for EL speech. We will see that the formants can bead to calculate
an arti cial Fq contour that sounds natural. In addition, the formants can ao be
used to accentuate words in a sentence, which can be translatatbian F, peak at
that word.

From an application point of view, a pitch contour indirectly derived from the
speech signal of an alaryngeal speaker may improve conversatamer a telephone
channel by inserting the pitch modi cation into the signal pah. For EL speakers,
a system for generating an arti cial fundamental frequency edour, can be used to
control the EL excitation frequency directly. This may be een made more e ective,
because with this direct feedback the speaker could be enabledearn to use the
formants as a means to convey prosodic information. This apgtion is not limited
to telecommunication situations.

In the introductory chapter, we have already discussed earlieapproaches to
prosody reconstruction (see section 2.4.1, p. 10). We rst give antroduction
to speech prosody and discuss the relations of prosody and speecmémts, before
we evaluate other possibilities of generating pitch for alangeal voices.

6.1 Introduction to Speech Prosody

Scientists of di erent backgrounds have carried out researabn prosody for a long
time. This subject has been of interest for linguistics, speechctenology, speech
pathology and foreign language acquisition, among others. Wmfunately, no com-

monly accepted terminology has been developed. Thereforee start with a short

introduction and de nition of terms related to prosody (mostly according to [NP92]
and [HagO01], if not noted di erently).

75
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Prosody organizes supra-segmental features, i.e., featuresichhare not related
to a single location in a speech utterance (e.g., speci c phones)ts domain of
interpretation is well beyond phone boundaries, concernirgyllables, words, phrases
and sentences. Prosody describes the temporal evolution of theationships of
amplitude, duration and fundamental frequency of speech. Iprovides cues for
syntactic information (segmentation, resolving ambiguity, onversational structure),
and paralinguistic information about the speaker. Various supsegmental features
are parts of prosody, such as intonation, rhythm (duration, pases, tempo), rate,
accentuation and timbre. Here, we only cover the most importamcoustic features.

6.1.1 Acoustic Correlates of Prosody

Fundamental frequency. Intonation is the variation of the fundamental frequency
Fo in a speech utterance. It is the most important part of prosody. Edamental
frequency is the best scienti cally covered property of prosgglpossibly because it is
easy to measure compared to some of the other features mentioabdve. In almost
every language, most utterances have a downward trend aftdre rst stressed word,
called declination. It is normally reset at major syntactic bandaries. This e ect is
assumed to be correlated with the declining air pressure in therlgs [tHCC90, p.
121 ]. Lower Fq peaks at the end of a phrase are, therefore, perceived as strasg
higher peaks at the beginning of a phrase. This is becauBg peaks are perceived
relative to the declination contour.

Intensity. Intensity is related to the loudness of a speech signal. Accenteat
syllables are usually perceived as louder. Whereas in Gernakanguages loudness
is important for placing accents, in Romance languages theaee almost no changes
in intensity in accentuated syllables.

Rhythm. Rhythm integrates such e ects as speaking rate, phone and syile du-
ration and pauses. It is di cult to measure with automatic approaches, although it
is an important feature.

6.1.2 Role of Prosody in Speech

The information conveyed by prosodic features can be subdied into three groups,
linguistic, para-linguistic and extra-linguistic. The forme two are communica-
tive, whereas the latter is not communicative but informatve, see Tab. 6.1 (from
[Mix98]).

The linguistic features refer to the way a message is formallyaed and organized
into units of a language. They correspond to the surface struate of the message
on a still rather abstract level. The actual meaning of the messagcan often not
be decoded without also interpreting the paralinguistic comomication. An ironical
undertone, for example, can change the meaning of an utte@@completely.
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communicative informative
linguistic (lexical, syn-| para-linguistic extra-linguistic
tactic, semantic)
segmentation, sentence speakers intention,| gender, age, regional and sd
mode, disambiguation,| attitude cial background, voice disor-
discourse organization der

Table 6.1: Information conveyed by intonation (from[Mix98]).

Syntax: One basic function of prosody is to organize speech utterancetiphrases
and sentences, which help the listener to process speech in smalieits than the

whole speech ow. It also signals the function of a phrase or sentensuch as
a question or imperative and also the syntactic structure as maiar subordinate
clause. An important role of prosody is solving ambiguity.

1. 'Vielleicht. Am Montag bei mir. Pat das?'
'‘Maybe. On Monday, at my place. Is that OK?'

2. 'Vielleicht am Montag. Bei mir pat das.’
'‘Maybe on Monday. That's possible for me.'

Here two equal sets of words get a di erent meaning through prodgi variation, i.e.
it is prosody that dissolves the ambiguity (expample taken froniNBK* 97]).

Accentuation - Stress: Another role of prosody is the placement of accents on
words and phrases. Thus a sentence with the same words and di ergarosody
placing the focus on di erent words can get completely di eent meanings. Syllable
accent can even have lexical importance. In German there aaefew minimal pairs
of words which are segmentally equivalent and only distinguisld by the position of
their syllable accent (e.g. 'ungehen’ (to handle) vs. 'umgehen(to avoid) [Mix98]).
Stressed syllables are longer, louder, and/or have FO pattertisat cause them to
stand out against unstressed syllables.

Speaking style: Intonation is heavily in uenced by the speaking style. Main cte-
gories are read, narrative and spontaneous speech as well asmé&b versus familiar.

Personality: Prosody is a very personal characteristic; gender, age-groupealth

and sometimes even vocational cues can be communicated viagwdy [NP92]. For
instance, in earlier research, we have studied the prosodic diences of regional
variants of German [BDH" 04, HagO01].
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6.1.3 Conclusion for Alaryngeal Speech

The total lack of or the lack of control over some prosodic feates is a major short-
coming of alaryngeal speech. It has already been mentionedthe introduction
(see. Sec. 2.3) that a natural pitch contour is perceived as stobene cial to the
perceived quality of the EL substitution voice [MHO5]. Earlierstudies have shown
that the attening of the F, contour yields a lower intelligibility of sentences spoken
by healthy subjects [LW99, LB03]. The limited control over tle speech rhythm,
due to the necessary inhalation of air in the esophagus makes Hsageal (ES)
speech less natural. For a real-time enhancement of alarynfyjepeech prosody the
improvement of rhythm is out of reach. This would mean a massivetrusion into
the timing of the speech, which is not possible for real-time pcessing.

We focus on the introduction of a fundamental frequency coatir as a means for
improving the prosodic quality of alaryngeal speech.

6.2 Relations Between Perceived Pitch and the
Speech Spectrum in Unvoiced Speech

The question is, can an alaryngeal speaker use speech featureeiothan funda-
mental frequency to convey prosodic information? If so, can wese those features
to synthesize a fundamental frequency contour to reinforce gsodic information?

In this section we investigate the relations between pitch anithe speech spectrum,
when no fundamental frequency is present. We consider previoresearch and own
experiments.

6.2.1 Whispered Pitch

As early as 1956, research on the perception of pitch in whispeérgpeech has found,
that even without voicing, in a tone language like Chinese, #re is no signi cant
loss in intelligibility when whispering instead of using voicedpeech [ME56]. In tone
languages lexical distinctions may be based on the pitch conto

Meyer-Eppler [ME57] measured the formant frequencies of vels, which were
whispered with di erent pitches. He summarizes his research onédtrealization of
vowels in whispered speech as follows:

Spectrographic analysis of whispered vowels and words showstth
there exist two substitutes for pitch movements, which in voicedpeech
are used to indicate di erent prosodic features. The whisperedwels [e],
[i], and [0] substitute spectral noise for pitch, whereas [a] arfd] possess
some formants whose position changes with the intended "pitch”

Thomas [Tho69] performed a di erent experiment regarding ifch in whispered
vowels. Listeners used a sinusoidal tone generator to match thergaved pitch of
a whispered vowel. Results showed that the subjects always chodise perceived
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Figure 6.1: Formant frequencies for male vowels at intended pitch (frofiie04]).

formant frequency of F2 as the perceived pitch, with a maxinma error of 4%. The
intra-subject variability of the chosen frequency was only 2.%.

Holmeset al. [HS83] suggested that this relation between pitch and formantdso
exists in voiced speech. To get more natural sounding speech sytis he proposed
to adjust the formant frequencies according to the fundameat frequency.

Another study with pitch perception in whispered speech [HM99] skaeed that an
up/down change of F1 and/or F2 induces a corresponding pitchgpception change.
While there is a high correlation of pitch perception and fanant frequency changes
by 40 Hz of either F1 or F2, the correlation raises to even higher lugs when
changing F1 and F2 simultaneously.

A recent study [Kie04] has shown that formants F1 and F2 move depding on
the intended pitch of sung whispered vowels (see Fig. 6.1).

6.2.2 Alaryngeal Pitch

A previous study on alaryngeal pitch accent revealed that atgngeal speakers are
able to convey prosody [VRAKNQO2]. The study included esophadeand tracheo-
esophageal speakers, who placed the emphasis in a sentence aicgptd the sur-
rounding context, e.g., The ball did not y over the wall; the ball ew over the
FENCE' vs. "The shoe did not y over the fence; the BALL ew over thefence'.
Listeners had to repeat the utterance placing the emphasis dte perceived location.
While the study showed that alaryngeal speakers are able to caawemphatic stress,
the analysis of the accoustic features showed inconclusive résuDne feature which
was not included was the speech formants.

Similar to whispered speech, in EL speech there is no pitch coatothat can
be modulated. While in whispered speech no harmonic signal esisdt all, in EL
speechFg is constant. This of course evokes a primary pitch perceptiomhich is at
a constant level. Any pitch-like sensation which should for exang place an accent
on words would have to override this primary pitch. In opposibn to whispered
speech, there have been no studies concerning the relationsaeen formants and
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perceived pitch. We therefore investigate if pitch accent cabe conveyed in EL
speech.

Alaryngeal Singing. We have carried out an informal experiment to explore whethe
the ndings for whispered speech are reproducible for EL speechio simplify the
problem and avoid the variability of the formants in runningspeech, a sung passage
of a single syllable has been chosen. A speech and language thstdms sung a
short musical scale { a fth up and down { on the syllable 'la' with her normal voice,
whispering and using an EL (Fig. 6.2). In addition, a male subjéavas asked to
sing a scale up an octave. For whispered and EL speech, both subgestre asked
to produce the musical scale as good as possible. The scale was tsurgy at a
comfortable pitch, when applicable.

la-la-lada {a -la-la-la-la la-lada-lada da-la-la
Figure 6.2: Short musical scales.

A plot of the spectrogram and the rst two formants can be seen in ig. 6.3
and 6.4. The plots show the up and down scale sung with laryngeabige (top
left), whisper (top right)and EL voice (bottom). In both the whispered and the EL
utterance F2 is following the scale up and down. In the male exgle, also the rst
formant shows some correlation with the intended pitch. In théaryngeal voice, the
second formant shows no movement related to the pitch change.hlas previously
been claimed, that in a female modal voice the rst formant fédbws the harmonics
of the fundamental frequency [ML95a]. We would rather expia this as an e ect of
the method used to determine formants. For female voices onlgwW harmonics are
available, so the LPC estimator locks on the harmonics of the spteum.

In addition to healthy subjects, alaryngeal speakers were alssked to sing the
scale up and down (Fig. 6.2). Most of the patients were not able tperform this
task. Only one subject was able to produce a musical scale (see Fig5). There
can be two reasons for this failure. First, not all laryngeal sdéers were able to
produce a sung EL utterance. One common feature of the successiuibjects was
their musicality, they were either speech therapists or audiogineers. Second, most
of the successful subjects had some time for training, while nontbe subjects who
where not able to produce a pitch change had the time for traing.

Another reason may be that in whispered speech the larynx positiamight be
involved in producing the perceived pitch contour [JCB02]While movement of the
larynx is possible in EL speech of speakers with a larynx, the ajergeal speaker has
no possibility to use the larynx as a means to change the vocal @tacon guration.
It may, therefore, be harder for an alaryngeal speaker to mdygithe formants in a
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Figure 6.3: Spectrogram of a musical scale sung by a female person, withesim-
posed tracks of the formants F1 and F2. Top left: Laryngeal. paight: Whispered.
Bottom: Electro-Larynx.

way that results in a perceived melody. Against this point can béeld that there
was one alaryngeal speaker who was able to produce a scaletlikerance (Fig. 6.5).
In Fig. 6.4 one can see that the method to produce the scale is yesimilar
to overtone singing [KIi93]. In opposition to overtone singingwhere the formant
bandwidth is limited to one harmonic, the bandwidth of the fomants are wider.

Emphasis placed on specic words. Another informal experiment was to test
whether an EL speaker can place an emphatic accent on speci cra®in a sentence.
The sentence Die Katze jagt eine Maus' was recorded three timmeith an accent
placed on either "Katze', “jagt’, or "Maus'. In Fig. 6.6 we see @ot of each version
of the sentence with a plot of the spectrogram, orthographic @anscription and the
time-domain signal. In the top gure the word "Katze' is emphaized and we can
see that for the vowel "a' both F1 and F2 have higher values than the other two
versions of the utterance. The same is true for the word “jagthithe middle gure
and the word "Maus' in the lower gure. In addition we can see thahe emphasized



82 6. Prosody for Alaryngeal Speech

2001

18001

16001

! ! ! ! ! ! !
14008 1 1400+ 1
T 1200p 1 1200 1
)
L ] >
g 1000 £ 1000F B
5
g ) .
ES P sty
t 1 g G AT L e aeetenh

AN, D I e N Nv«\\

cy [H:

freques
®
&
8

PO~
s 2
s 3

N
]
]

4
time [s]

2000

1800

1600

1400

= P
o N}
S =}
=) =)
T T

frequency [Hz]

®

o

S
T

@

=]

S
T

N

o

=]
T

N

o

S
T

o

| I I . | | | |
1 2 3 4 5 6 7 8 9
time [s]

Figure 6.4: Spectrogram of a musical scale sung by male person with supgosed
tracks of the formants F1 and F2. Top left: Laryngeal. Top right Whispered.
Bottom: Electro-Larynx.

words have higher energy. Most importantly, the location oftte accent can not
only be seen in the spectrogram, but clearly heard. This sugges#itsit the formants

are a cue for alaryngeal prosody. This has not been investigdten the previously

mentioned study on alaryngeal pitch [vVRAKNQO2].

Question vs. Declaration. The same sentence structure (word order) was used
to either produce a question or a declaration. The task to conyethe intended
prosody (of question vs. declaration) using formants is much medi cult for both
laryngeal and alaryngeal EL speakers. This is possibly because tpitch contour
for a question is quite complex and even for healthy laryngeapeaker not easy to
produce unambiguously. Therefore the di erence cannot be se@ the spectrum
and the formant tracks as in the previous example.

At least in German and English this is a rather arti cial exampk, because ques-
tions and declarations are usually distinguished by using a dirent word order.



6.2. Perceived Pitch 83

2500

4 A oA
2000 1 ) }L "T*
U’\ t 1 t 1 i
L S
VAR "k
Y N N
— 1500 ‘/“
3 \J
g ~ f"’ ~
Er1000 H t . ~ 3 :
: [ ~N
o -‘ oM
PO W M s & ! o
5001 Lov v — - w W v

7
time [s]

Figure 6.5: Spectrogram of a musical scale sung by a male alaryngeal speaking
an EL showing F1 and F2 tracks.

Hypothesis. Based on the above ndings, we assume that in alaryngeal speech
the formants can be used to convey prosodic information that imodal speech is
carried by the Fo contour. This may be possible because vowels qualities are notyo
perceived as such when the formants are at a speci ¢ frequenbyt are de ned in
a rather broad area of F1/F2 combinations (Fig. 6.7) [PB52]Prosodic information
carried by formants may be limited, however.

Also, we must assume that it is possible to calculate an arti cial pith contour
based on formants.

Objection by Source Filter Theory. A possible objection to this hypothesis is
that a widely accepted model of speech production, which is eéhso-called source-
Iter model, is based on the assumption that source and lter areridependent from
each other. Therefore, it is not possible to calculate a feateiwhich belongs to the
source by analysing the lter. As Fig. 6.3 and 6.4 suggest, this isue for laryngeal
utterances. While we see no relation between formants afd in the laryngeal speech
utterance, a correlation is observed between the musical scaled second formant
F2 in EL speech. As there is no source fundamental frequency, ainthe human can
control, he uses the formants instead to convey at least part dfi¢ information that
usually is carried by the fundamental frequency contour. Soctually, we are not
calculating a source feature via the lter, but we take advardge of the fact that a
human is able to switch for some prosodic information from the soze to the lter.

The following section presents a way to introduce an arti cialpitch contour to
alaryngeal speech. We focus on EL speech.
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Figure 6.6: Spectrogram, orthographic transcription and time-domaisignal of the
sentence 'Die Katze jagt eine Maus' with emphasis on di ererwords spoken by an
EL speaker. Top: Katze Middle: jagt. Bottom: Maus.
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Figure 6.7: Vowel formant chart of American English (from [PB52]).
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6.3 Pitch Contour from Non-Source Speech Features

The approach rests on the online calculation of an arti cial fich contour from
other speech features. Thi§, contour can then be used to either control the EL or
post-process the EL speech in real time (Fig. 6.8).

<\ Speech Analysis
& ﬁ @ and FO Contour

Generation
DN Speech Analysis
and FO Contour -
Generation Pitch
Modification

Microphghe

Transmission
Channel

Electro-Larynx

Figure 6.8: Applications of Pitch Generation. Left: Fo control of EL. Right: Fq
modi cation of EL speech for telecommunication.

Based on the observation of the in uence of formants on the pexption of prosody,
we propose to use the formants as the main information source fibre generation
of a pitch contour.

6.3.1 Pitch Contour Generation

Given the EL speech production model (see Ch. 5.1.1), we anaythe time-varying
impulse responsé, ( ;t), or equivalently the time-varying frequency responsd, (!;t )
to determine the speech formants using a parametric spectral esation method,
e.g., Linear prediction (LP) analysis (Fig. 6.9).

Impulse Fo Fo
Calculati
Generator Formants  w —7 alculation
l Moo (51) (S t
Shaker e(t) Y )EL speech
& noise
hqg(t)

Figure 6.9: EL speech model. EL signad(t), time-varying neck-vocal tract impulse
responseh,, ( ;t), time-invariant EL direct path impulse responsény(t), directly ra-
diated sound of ELsq(t), speech signa$(t). An Fqy contour is calculated by analysing
the EL speech signal and determining the formants as shapedhy( ;t).
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Since we are not able to measurg(t) alone, but y(t), which is the superposition
of the EL speech sound(t) and the Directly radiated electro-larynx (DREL) sound
sq(t), what we estimate is the combination of the impulse responsés, ( ;t) and
hg(t). The e ect of which is that the formants will be less distinct n the spectrum
since the DREL sound provides a steady background noise. We thieme use the
multipath separation method, described in the previous chapt, to reduce this noise.
(see Fig. 6.10).

Figure 6.10: Spectrogram of EL speech. "zwei drei'. Left: Original. Righ Signal
after multipath separation. One can see a signi cant enhaement of the speech
formants.

Even under ideal conditions, formant tracking is not an easy &k. Determining
the correct formant tracks is an ongoing research question. As bther areas of
speech processing, such as fundamental frequency determinatiihe many facets of
a speech signal make an accurate determination of the formamatks very di cult.

In our case, this is not so much of a problem, since no direct relan exists between
the Fo and formants contours. In fact, the formants are of importane only for
speech units that the speaker emphasizes to convey prosodic infation.

The question is, given the formant tracks, how to generate a phiccontour. Ar-
ti cial pitch generation has long been a topic in speech syntlses and research has
produced a number of pitch models for human speech productiotunfortunately,
for our task, all those models assume to know the complete utteraa before gen-
erating a contour. A model that is relevant to contour genettgon is the Fujisaki
model [FH84], which has also been extensively studied for Germfvix98]. This
model assumes that the pitch contour is a superposition of two cqonents, a word
level accent component and an utterance level phrase compohésee Fig. 6.11).

While we cannot use this model as is, due to the above mentionedndition
of complete knowledge, we can build our pitch contour as a supesition of a
short-time word accent and a long-time phrase component. Théhgase component
models the declination, which has been described previouskor the word accent
component, the formant track is scaled to a pitch contour vak. The declination
Fp(t) is modelled with an exponential scaled by the default frequey F;, of the EL
signal:
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[ PHRASE COMMAND
Phrase
T T —L» Control Fo(t)

l Mechanism Phrase
Component

Glottal (®)

Oscillation |—— gy Fundamental
Mechanism Frequency

ACCENT COMMAND
I Accent
- [ L Control

Mechanism

Accent
Component

Figure 6.11: Fujisaki Model. The fundamental frequency is assumed to st of
two components: A phrase component, which changes over aespeyhrase and an
accent component, which is located on accented words.

0: Fp(t)=F (1 e m=t)
on: Fp(t)= Fie mtl

The time constants, s and ¢y are chosen so that there is a rapid rise and
a slow fall of the phrase component. The actual values depend tre switching
pattern of the speaker. A starting point would be ;e =5 and ¢35 = 0:1 After
nonlinear and linear smoothing, the second Formari, is rescaled to t the desired
pitch range, e.g., 30Hz. The word accent component is modelled as follows.

Fa(t) = (F2(t) mean(Fy(t)) + ; (6.2)

where and are speaker dependend constants, which are chosen so that the
formant frequency is transformed into the default pitch rang. The nal Fq contour
is calculated by adding the accent and phrase components:

Fo(t) = Fa(t) + Fp(t) (6.3)

An example of the superposition of phrase componefg(t) and accent component
Fa(t) (o set by mean pitch) resulting in the nal pitch Fy(t) can be seen in Fig. 6.12.
The phrase component is controlled by the EL activity.

EL is (6.1)

6.3.2 Implementation of Arti cial Intonation in EL Voices

To explore the bene ts of an arti cial pitch contour, we implemented a pitch modi-
cation system for telecommunication applications. The methd can be embedded
in any state-of-the-art signal analysis - resynthesis approachSee Fig. 6.13 for a
general framework.

For the actual implementation, several issues have to be dealittu. Those are
summarized in Fig. 6.14.

Earlier, we have proposed the multi-path separation approado remove the di-
rectly radiated EL sound from the speech sound prior to pitch madation. The
reason is not only the above-mentioned increase in reliabyliin formant tracking,
but also that a variable directly radiated EL sound has been shawo be still more
annoying.
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Figure 6.12:  Superposition of phrase componeifity(t) and accent componenE,(t)
(o set by mean pitch) gives the nal pitchFq(t). The phrase component is controlled
by the EL activity.

Pitch modi cation.  Concerning pitch modi cation, we have implemented several
possibilities. Inspired by a work to improve esophageal speech [0, the voiced
pulse model was used as a framework for pitch modi cation [HagP7The results
were not satisfactory.

We also tried linear predicition (LP)-PSOLA, in the frameworkof which a Linear
Prediction Coe cient (LPC)-analysis is done and the pitch madi cation carried out
on the residual signal. For unvoiced speech segments, an arti tisource signal is
generated using white Gaussian noise. This source signal is ltdravith the LPC
Iter and modulated with the energy envelope of the originalsignal. The latter
is used to preserve transient sounds. The arti cial unvoiced exation is used to
replace EL speech in unvoiced segments.

For EL speech, PSOLA o ers the best result, but has a drawback, vith is that
it is only usable for EL speech. Esophageal and tracheo-esophagepeech often
su ers from highly irregular speech cycles, for which it is not gssible to determine
the pitch marks reliably.

The alternative is an LPC based system, in which the linear predion coe cients
are analyzed frame-by-frame. The frame is then resynthesizedth the new pitch
contour using an arti cial excitation signal. This approach @n be applied to EL
speech as well as to Tracheo-esophageal (TE) and ES speech asd aphonic speech,
i.e., speech without any voiced excitation.

Hereafter, pitch modi cation has been carried out using the alinary Pitch syn-
chronous overlap add (PSOLA) technique.

The PSOLA pitch modi cation algorithm requires the knowledye of the pitch
marks of the EL speech. We have used tHBraat' pitch mark algorithm [BWO7].
Since the EL signal has a very clear harmonic structure, the dee of the pitch
marking algorithm is not critical. To determine formants, wealso used the formant
tracker provided by "Praat'. As both the pitch mark and the formant determina-
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Figure 6.13: Framework of Pitch Generation from Formants.

tion algorithm use a Viterbi-based tracking over the whole spekaitterance, these
algorithms would have to be replaced in real-time systems.

Voicing decision. The arti cial pitch is only applied in case of voiced sounds.
During pauses or unvoiced sounds, the signal is just copied frometloriginal.

The EL activity is detected by a simple energy detector, becae EL speech gives
well de ned voice activity boundaries (see Fig. 6.15). Whenhe EL is turned on,
the dynamic range is only about 15 dB, compared to laryngeal spch for which the
range is about 50 dB. For unvoiced sounds, the decision is basedtba spectral
centroid Cql],

=2 L L

= P

k=1 k=t IX LK
where X [l; k] is the discrete Fourier transform of the input signal with frane length
N, | is the time index andk the frequency index. f [k] is a vector with the bin
frequencies of the Fourier transform. A decision for unvoicezbunds is made when
Cs is above a threshold of 2500 Hz. This value has to be adjusted degmg on
the speaker and the EL device he is using. In addition, the absenof pitch marks
for a period longer than the maximal expected period will alsbe used as a cue for
unvoiced sounds.

A voicing decision on the base of present or absent harmonics iretepeech signal
is not possible, because the typical EL user is not turning o the E for unvoiced
sounds.

Pitch modi cation should maintain a mean pitch, identical to the constant default
pitch. Therefore, the original EL pitch frequency is chosensathe default mean pitch,

(6.4)
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Figure 6.14: Flowchart of pitch generation and modi cation.

to avoid a mismatch between face-to-face and distance commeation.

6.3.3 Summary of Operations
Input EL speech

Dermine pitch marks
DREL sound multipath separation

Word accent component,(t):

{ Track formants

{ Smooth of 2nd formant non-linearly and linearly
(Median lter, moving average)

{ Remove mean
{ Scale to match target pitch range

foz FO

Phrase componenf,(t):
{ Determine EL activity
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EL Speech Signal

Signal Power [dB]

time [sec]
Healthy Speech Signal
T
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Figure 6.15: Signal energy. Top: EL speech. Bottom: Healthy speech.

{ O ! Rise:x=1 e et
On! Fall: x=e fa't
{ Scale to target pitch contour (mean, range).

Add phrase and accent component
Fo(t) = Fa(t) + Fp(t)

Generate pitch marks

Apply PSOLA pitch modi cation

6.4 Perceptual Evaluation of the Arti cial Intonation
Contour

In Chapter 3, we have introduced a listening test to evaluate &xanced disordered
laryngeal voices. In Chapter 5, we have proposed a listening téstevaluate the mul-
tipath separation method. Assessment methods used in telecommuations, such
as described in ITU-T standard P.800 [ITU96] and P.85 [ITU94], doat explicitly
cover prosodic features of speech.

Even for unprocessed alaryngeal voices, no widely accepted hoet exists to evalu-
ate the quality of speech, though work is going on to introducen assessment system
for alaryngeal speech [MMVdB 06, MMCB™* 06]. Existing assessment methods are
valid for laryngeal speech only. Therefore, we need to designtest of prosodic
quality, which ts the special requirements of EL speech.
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We have, therefore, considered other areas of expertise , susttlae evaluation of
hearing devices. For Cochlear implants (Cls), the success of tdevices regarding
the transfer of prosodic information has to be tested. A batterpf subjective tests
for users of a Cl has been introduced to evaluate the perceptiof prosody [MPL" 07,
MPL* 08]. Here, we build on this work and adapt it to the perceptionfoEL speech
enhanced by an arti cial Fg contour. Examples from the corpus are either taken
from, or inspired by, work testing prosodic perception of Cl pagnts [MPL* 08] and
the automatic voice translation project VERBMOBIL [NBK*™97]. The following
categories have been used: intonation minimal pairs, sentemoede, sentence accent
and phrasing.

We also include a longer text ('Nordwind und Sonne' - 'north wid and sun’) that
may enable judging the naturalness of the prosodic features dse

6.4.1 Test Design

We want to determine whether the superimposeé, contour helps to increase the
accuracy of the recognition of that linguistic information hat is conveyed using
suprasegmental cues. That is, is it possible to detect sentence modeword em-

phasis? In addition, we want to investigate whether an arti cid Fo contour increases
the naturalness of the prosody of a speech utterance. The listegitest consists of
three parts.

Emphasis Position Test:

The listeners hear a sentence, of which di erent words have beemphasized. The
sentences are produced with a laryngeal voice, whisper, ELe®ior an EL voice with
superimposed~y. The listeners hear the same sentence in all four variants.

The subjects are asked, which part of the sentence is emphasized?

E.g.: Die Katze jagt eine Maus.

Beginning Middle End
Sentence Mode Test:

The listeners hear a sentence, which is either realized as aldeation or a ques-
tion. The sentences are produced using a laryngeal voice, whaspEL voice or an
EL voice with superimposedF,. The listeners hear the same sentence in all four
variants in randomized order at some time in the listening sessioithe subjects are
asked whether they perceive a question or declaration?

E.g. Tre en wir uns dann am Hauptplatz
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Question Declaration

Subjective Quality

In addition, we want to evaluate the listening experience. Houg the prosody of
the modi ed speech perceived compared to the original utteree when rated on a
Comparison category rating (CCR) scale. The listener is askedHow do you like
the prosody of the second speech sample compared to the rst one?'

Speech Quality:  Score

much better : 3
better X 2
slightly better : 1
about the same: 0
slightly worse : {1
worse : {2
much worse {3

6.4.2 Recordings

Both laryngectomized (4) and healthy subjects (10) were remted while using an
Electro-Larynx. The recorded material was edited, i.e., b silent periods at the
beginning and end of an utterance were removed and recordsntpat were un t for
further processing were discarded. For more information on tlmecording conditions,
please refer to appendix B.

For the evaluation of emphasis position and sentence mode onlyetrecordings
of nine healthy subjects were used, who produced the utteramsceith whisper, la-
ryngeal and EL voice. We show in chapter 5, page 71, that the rd&iof subjective
listening tests for healthy speakers are not signi cantly di eent from alaryngeal
speakers. For the accent perception evaluation, 108 di erenttterances were avail-
able, i.e., nine people producing four di erent sentences,gding the emphasis at 3
possible positions. For the sentence mode perception evaluati® utterances were
used, i.e, 9 people saying 5 di erent sentences either as a deafi@mn or question.
For a list, please refer to appendix B.2. For the naturalness of@sody test, eleven
recordings were available with a fragment of "Nordwind und 8ae' ("North wind
and sun’)

Listeners

Most of the listeners had only little or no experience with EL spech. The number
of listeners was equal to twelve, three female and nine male. hd average age
was 28 years. All were native German speakers and had normal hegr The
listeners used studio headphones (AKG K-271) and were asked toastjthe volume
to a comfortable level. Every listener had 60 di erent emphasiposition examples
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and 40 sentence mode examples to answer. Over all, this give® 8peech tokens
(180 for each production mechanism) for the emphasis positioeaognition task
and 480 speech tokens (120 for each production mechanism) floe sentence mode
recognition task which were evaluated.

6.4.3 Results

Emphasis position. The listening test has been processed using a confusion matrix
to show how the recognition of the accent position in a senctendepends on the
voice. In table 6.2, we see the results for the perception of aot position. In
laryngeal speech utterances, almost all of the emphasis posigo(07.8 %) were
correctly recognized. In whispered speech the recognitionteais still high with
93.9 %. For EL speakers, the rate of correctly identi ed accergositions goes down
to 72.2%. When introducing the arti cial Fo contour to the EL speech, the accuracy
of the accent position identi cation is 69.4 %. While this isdwer than for the original
EL speech, the di erence is not signi cant. See Fig. 6.16 for dqt of the recognition
rate and the corresponding 95 % con dence interval, based ondglassumption of a
binominal distribution.
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Figure 6.16: Mean recognition rate of emphasis position and 95 % con deac
interval.

Sentence Mode. In table 6.3, we see the results for the perceived sentence mode
presented as a confusion matrix and overall recognition rat&Vith laryngeal voice,
almost all samples (98.3 %) were correctly identi ed. For whisgr, the rate goes
down to 77.5 %, when using an EL, the success rate decreases to 65 Rigtwis
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Table 6.2:
(in %).

Laryngeal Speech:

Confusion matrix and recognition rate for emphasis positioperception

Perceived Accent Actual Accent Positions
Position Beginning | Middle | End
Beginning 32.8 0.0 0.0
Middle 0.6 322 | 0.6
End 0.0 1.1 | 328
| Correctly Identi ed: || 97.8 |
EL Speech:
Perceived Accent Actual Accent Positions
Position Beginning | Middle | End
Beginning 22.2 6.1 2.8
Middle 2.2 24.4 | 5.0
End 8.9 28 | 25.6
| Correctly Identi ed: || 72.2 |

EL Speech with arti cial Fo:

Perceived Accent Actual Accent Positions
Position Beginning | Middle | End
Beginning 27.2 8.3 6.1
Middle 1.7 211 | 6.1
End 4.4 39 |211
| Correctly Identi ed: || 69.4 |
Whisper:
Perceived Accent Actual Accent Positions
Position Beginning | Middle | End
Beginning 32.8 0.6 2.2
Middle 0.0 32.8 | 2.8
End 0.6 0.0 |28.3
| Correctly Identi ed: || 93.9 |
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still above chance level. The recognition rate even furtheredreases to 49.2 % when
applying the arti cial Fq contour. It can be noted that for the EL speakers there is
a strong bias toward the recognition of the sentence mode as aldation, which is
even more prominent for the arti cial Fo contour tokens. The recognition rate with
the corresponding 95 % con dence interval can be seen in Figl®.
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Figure 6.17: Mean recognition rate of sentence mode and 95 % con denceental.

Subjective Quality.  The results for the perceived naturalness of the arti cial preody
show that the added prosody is strongly perferred. Assuming a noridistribution

of the comparison opinion scores, an estimate of the the meanand the standard
deviation of the Comparison mean opinion score (CMOS) results were calatdd.
For every mean, a con dence intervalClgs, was also determined. Those values
superimposed on a histogram are presented in Fig. 6.18. By far mogites were
in favor of the arti cial prosody. Only few votes either indiated that the arti -
cial prosody was equal to the original one or that the originalvas superior to the
modi ed version.

6.5 Conclusion

In this chapter, we have presented a method to add a more naturlundamental
frequency contour to EL speech. Usually, the EL device is opeeat at one xed
Fo value. Some devices o er an alternative frequency value, @h pressing a di er-
ent button. Existing literature suggests that formants contrbute to the perceived
prosody of whispered speech. Informal experiments have demoattd that a sim-
ilar e ect may exist for EL speech. Given the relevance of fornmés for conveying
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Table 6.3: Confusion matrix and recognition rate for sentence mode peqgtion (in
%).

Laryngeal Speech:

Perceived Sentence || Actual Sentence Mode
Mode Declaration \ Question
Declaration 48.3 0.0
Question 1.7 50.0

| Correctly Identi ed: || 98.3 |

EL Speech:

Perceived Sentence || Actual Sentence Mode
Mode Declaration \ Question
Declaration 40.0 25.0
Question 10.0 25.0

| Correctly Identi ed: || 65.0 |

EL Speech with arti cial Fo:

Perceived Sentence || Actual Sentence Mode
Mode Declaration \ Question
Declaration 37.5 38.3
Question 12.5 11.7

| Correctly Identi ed: || 49.2 |

Whisper:

Perceived Sentence || Actual Sentence Mode
Mode Declaration \ Question
Declaration 41.7 14.2
Question 8.3 35.8

| Correctly Identi ed: || 77.5 |
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Figure 6.18: Histogram of Comparison Mean Opinion Score (CMOS) of prefence
of arti cial prosody imposed on a sentence compared to EL spke On top of the
histogram the mean recognition rateClgs 95 % con dence interval and standard
deviation are shown.

prosody in whispered speech, they are used here as a source sigmadricarti cial
fundamental frequency contour.

We investigated the impact of the arti cial Fo contour on several aspects of the
listening experience. First, we examined whether the arti @l Fo improves the the
perception of the emphasis position or sentence mode. The resuthowed that
the accuracy of perception of the emphasis position does notrsigantly change.
Whereas the accuracy of the perception of the sentence modsigni cantly reduced
by the arti cial Fo contour. The arti cial Fo contour only improves the subjective
quality of the intonation contour, but this in a very signi cant way.

This results suggest the conclusion that the before mentioned phythesis that
formants might be used to generate aR contour to enhance prosodic information
may be wrong. There may be several reasons. While in some respectisper and
EL speech may use similar ways to convey prosodic information gie are di erences.
This can be seen in the signi cantly better recognition ratesdr prosodic information
in whisper in contrast to EL speech. The ways to convey prosodicfarmation in
EL speech are not as simple as only unsing the formants. Durationagloudness are
also very important substitute cues for both word emphasis and semce mode. It
may be to optimistic to expect an acoustic feature that is genated by using another
acoustic feature as a source signal to increase the perceptiofirgjuistic information.
The example with alaryngeal singing (Fig. 6.3 { 6.5), which maly suggested the use
of the formants, may be inadequate because this is a very speiziedl task, that has
not a lot to do with speaking. The second example (Fig. 6.6) showisat intensity
plays an important role as a cue for the emphasis of a word; thermants may only
be a secondary cue. For the sentence mode perception the aralcdeclination may
act against the recognition of questions, since the weak intonah pattern which
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should mark the question is overridden by the omni-present déchtion contour.



Chapter ;

Discussion and Conclusions

To wrap up this thesis, we summarize the topics and discuss the resul We also
outline possible future work for alaryngeal voice enhancenten

This thesis deals with several aspects of enhancing disorderemices. After a
presentation of the state-of-the-art in disordered speech en@ement (Ch. 1), the
rst part deals with laryngeal disorders, for which the timbre d the voice is not very
far away from modal voices. The second part deals with substitain voices that
are much further away from modal human speech. For the enhamgent of laryn-
geal voices (Ch. 3), we have focused on a particular disordegused by laryngeal
neoplasm. These voices are characterized as very breathy, hwd too high fun-
damental frequency. The enhancement is based on Time-domaitch-synchronous
overlap-and-add (TD-PSOLA) to lower the pitch and period enancement to reduce
breathiness. Listening tests suggest that the perceived speakingreis reduced.
The latter is a term that is de ned as the perceived impressionfdiow much e ort a
given speaker has to make to produce a speech sound. Interesyntilis perception
can be modi ed through signal processing means.

Given the need for accurate pitch mark determination (Ch. 4)which is able to
work better with disordered voices, we have investigated an agthm that takes
advantage of methods of dynamical systems analysis. The methadpresented so
that readers not familiar with dynamical systems analysis arelde to follow the key
steps and implement the algorithm. The speech signal is embedd@to a pseudo
state-space and the pitch marks are found at the intersection dfe trajectories
with a Poincae plane that is placed perpendicular to the man ow direction of the
trajectories.

This approach has been shown to have advantages when dealinthwlisordered,
and especially diplophonic voices. While a state-of-the-arborelation-based algo-
rithm does not track the alternating cycles of a diplophoniooice, the state-space
based approach correctly determines the pitch marks. Anotherebe t is that this
method does not require post-processing, which enables onlergalysis. The goal
of nding an improved pitch mark determination algorithm for TD-PSOLA has not

101
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been reached. The reason is a phase drift of the pitch marks. TCBEPLA requests
pitch marks to be positioned at the energy peaks of voiced sphexycles.

In the second part of the thesis, we move from laryngeal voice diders to alaryn-
geal substitution voices, with a special focus on EL speech. We rdeal with the
problem of the background noise, which is the direct sound raated from the EL de-
vice to the listener (Ch. 5). We present a model of EL speech proction and point
out the common sound source of the voiced speech signal and theedily radiated
noise signal. Previous approaches to solving the problem ofefit sound suppres-
sion have used standard speech enhancement methods, which assumdepiendent
speech and noise signals. Given EL speech production, this assumpitannot hold.
Therefore, we view the problem as a separation of di erent ppagation paths. The
separation can be achieved by taking into account contrastinigmporal properties
of the propagation paths. While the speech signal is modulatedgvthe movement of
the articulators, the directly-radiated EL signal path is time-invariant. Therefore,
the noise is suppressed by high-pass ltering in the modulationdquency domain,
which suppresses signals components which are steady or slowlyetivarying only.

Subjective listening tests have shown mixed results. Even thoughe noise is
perceived as decreased, this perceived improvement is noented in an increased
overall acceptance of the modi ed signal. An analysis of the relési shows that a
sub-group of listeners disliked the modi cation, while anotheappreciated the sup-
pression of the noise sound. For that group the perceived decrea$éhe background
noise has been re ected in a perceived increase of overall diyahnd a decreased
listening e ort.

Another major problem of EL speech is the monotonous, robot-kkvoice, which
to a certain extent, is due to the constant fundamental frequecy of the device
(Ch. 6). Several approaches exist to deal with the problem. Ehone which has
made it into most commercial products is a second button on thelEthat allows
to use an alternate pitch. Since it is di cult to use it e cientl y in a conversation,
most patients tend to ignore it. The quest for a more comfortalkl way to assign
a more natural pitch contour to an EL has attracted our attenton to whispered
speech. Indeed, it is known that through manipulation of the spech formants an
impression of a pitch movement can be achieved in whispered sgeeBreliminary
tests had suggested that this is possible not only in whispered, balso in EL speech.
We, therefore, proposed to derive a pitch contour from the farants. Listening
tests regarding prosodic function did not show an improvementf ahe recognition
of sentence mode or word emphasis position. However, the artetiprosody was
strongly preferred in a CCR Test on a CMOS scale.

A common disadvantage of all methods is that, because of the pgsbcessing of
the EL speech output, their application is practical only in ase of telecommunica-
tion and not in face-to-face conversation. In face-to-facewversation, the original
and modi ed signals would be received both and the result woulde worse. It is,
however, safe to assume that a majority of the speakers are likaty interact both
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in a face-to-face as well as a telecommunication setting. Bhimplies that a listener
may be confronted with both the unmodi ed and the modi ed voce, depending on
the setting. This may cause irritation because the enhanced andt enhanced voices
of a speaker may sound di erent. This leads to the constraint thtaany modi cation
that cannot be applied to every communication setting has todkept in a range so
that the modi ed voice can still be connected to the EL speakerThis limits, for
example, the targetF, range. The meanF, in the experiments has, therefore, been
chosen to be equal in the original and the enhanced speech utteces. The same
is true for any spectral modi cation. It should be restricted todi erences between
the original and enhanced utterances that do not prevent idifying the speaker.

So where should we go from here? In the course of the thesis several issues have
been raised which were not solved.

Even after decades of research, the question of pitch mark detenation is far
from solved. While most state-of-the-art proposals give correxesults for a majority
of speech utterances, every algorithm is likely to fail in di alt situations. A possible
future direction for pitch mark determination could be a hylid approach of state-
space and time-domain methods, where the best of both worlds tdbbe combined.

Concerning the multipath separation, to increase the qualitpf the EL signal that
has been modi ed in the modulation frequency domain, cohareenvelope detection
[Sch07] appears promising.

Findings on the use of formants for FO contour generation leawoom for further
reseach, only mixed results have been obtained. One possibiliguld be to include
machine learning forFo contour generation, based on the automatic learning of the
relation between non-source features of an alaryngeal spaa&ed the Fo contour of
the same sentence spoken by a laryngeal speaker. A further poirdud be to study
the real-time application of F, contour generation in the framework of bio-feedback.

While the enhancement of a substitution voice by means of speesignal pro-
cessing can improve the life of the a ected person, it will nevebe the ultimate
answer to the problem. The ultimate goal is to improve the substition voice so
that it is as close as possible to the natural voice, both in termsf sound quality
and in terms of control. Work using myoelectrical signals to carol an EL device
[HHKM99, GHK™* 04, GHSHO07] is a promising approach of research. Other work
in that direction is the use of a voice generation device embaed in the tracheo-
esophageal shunt [vdTvGL06]. While the rst approach makes heavy use of signal
processing, the second is purely biomechanical, where the soumgroduced by an
oscillating silicone fold. Research in this direction is stilltaan early stage.
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Appendix

Praat Pitch Marking

This is a short description of the pitch mark determination mehods implemented
in "Praat’. The description is from the Praat manual, which isalso available online
(see [BWO7] and is included here for convenience).

As a rst step, Praat runs a pitch determination algorithm to geta narrow search
range for the pitch marks. It then determines the pitch marks igher with an algo-
rithm based on cross correlation or peak picking. The voicedtarvals are determined
on the base of a voiced/unvoiced decisions in the pitch detemation algorithm. For
every voiced interval, a number of epochs (or glottal pulsesyeafound as follows:

Cross-Correlation Algorithm

1. The rst point t; is the absolute extremum of the amplitude of the sound,
betweentnq 12 and tmg + 52, wheretyg is the midpoint of the interval,
and Ty is the period att.q, as can be interpolated from the pitch contour.

2. From this point, we recursively search for points; to the left until we reach
the left edge of the interval. These points must be located bedgnt; ; 1.2
To(ti 1)andt; 1 0:8 To(ti 1), and the cross-correlation of the amplitude in its
environment [t;  To(tj)=2;t; + To(t;)=2] with the amplitude of the environment
of the existing point t; ; must be maximal (we use parabolic interpolation
between samples of the correlation function).

3. The same is done to the right of;.

4. Though the voiced/unvoiced decision is initially taken bythe Pitch contour,
points are removed if their correlation value is less than Q.8urthermore, one
extra point may be added at the edge of the voiced interval its correlation
value is greater than 0.7.
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Peak-Picking Algorithm

1. The rstpoint t; is the absolute extremum (or the maximum, or the minimum,
depending the settings) of the amplitude of the sound, betwedpiq T—ZO and
tmig + % wheretnig is the midpoint of the interval, and T, is the period at
tmid, @S can be interpolated from the pitch contour.

2. From this point, we recursively search for points to the left until we reach the
left edge of the interval. These points are the absolute extrenfor the maxima,
or the minima) between the timest; ; 1.2 To(ti 1) andt; 1 0:8 To(ti 1).

3. The same is done to the right of;.



Appendix B

Voice Recordings

To evaluate algorithms in speech processing one needs speecla.ddh our case
speech data of Electro-Larynx (EL) speakers are necessary.

B.1 Recording Subjects:

The speech database consists of two main parts, alaryngeal and lllgasubjects.

Alaryngeal EL speakers. Four alaryngeal subjects were recorded producing 35-40
utterances. From one additional speaker, only a few utteransevere usable, because
he was not able to follow the recording instructions. Two of thalaryngeal speakers
are using the EL as their main means of communication. They aedl male and have
a mean age of 70 years, which is typical of the largest group ofigingeal speakers
found in clinical practice. The patients used their own EL, nmely products from
Servox { which has recently been renamed to Servona [Ser] {carleimomed [Heli].

The recordings were approved by the ethics commission of the dileal University
of Graz.

Recording alaryngeal patients presents some speci ¢ probleméh regard to the
recording protocol. Some are discussed here to help follow-upriv For most
patients, speaking is hard work so only short recording sessions ggrossible. A
half hour duration for the recordings appeared to be a reasdnla upper limit. As
mentioned above, most patients are rather old and often neethgses. Two recording
sessions were almost unusable because the subjects did not bringrtgasses and
were hardly able to read the instructions on the monitor. As weidcuss later, one
aim was to record subtle prosodic di erences. Some patients ditbt understand
the instructions even after auditive prompting of the senteree. Some of the EL
speakers were very nervous, so the beginning of the recording sessvas of much
lower speech quality than the nal part. In that case, the earkr parts of the session
were discarded.
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Healthy (laryngeal) EL speakers. Since alaryngeal EL speakers are not easily
available and not easy to record, ten healthy subjects have beescorded for com-
parison purposes. They were six female speech & language therapi€LT) and
three male phoniatricians and the author of this thesis. Recding healthy subjects
has of course the disadvantage that the subjects are not depentlen speaking with

a substitute voice and their vocal tract anatomy di ers in that the pharyngeal area
of an alaryngeal speaker is changed signi cantly due to laryegtomy. Nevertheless,
by holding their breath, the separation of the trachea from thk vocal tract can be
simulated even by laryngeal speakers. See Fig. 5.18 for a conmgam between re-
sults of alaryngeal and healthy subjects. In addition, most of #reference speakers
have above-average experience in speaking with an EL, becassme are involved
in teaching patients how to use an EL. All laryngeal subjects usea Servox EL.

An advantage of healthy speakers is the availability of di eret speaking modes.
To gain insight in the function of intonation in alaryngeal spech and its di erences
to laryngeal and whispered speech, we recorded the same utterasin three di erent
speaking modes: laryngeal speech, whispered speech and eldatymx speech.

Recording Setup

We recorded with an omnidirectional head-mounted high-quity condenser micro-
phone (AKG HC577). The head-mounted microphone was chosen tcsene a consis-
tent recording quality, since it guarantees a constant distamcbetween microphone
and mouth. The signal was fed into a high quality microphone grampli er and ana-
log/digital converter. The speech data were stored on a laptoprhe A/D converter
and the computer were connected via a rewire (IEEE 1394) imtrface. We used
an RME Fireface 800, which integrates high-quality microptne pre-amli ers, A/D
conversion and the rewire interface (see Fig. B.1). Recordinhas been done with a
sampling frequency of 48 kHz at a resolution of 24 bits. Microphen pre-ampli er
and A/D converter have an almost at frequency response from 80H20kHz.

Whenever possible, the recordings were made with the test sulijesitting in
a sound proof recording booth. The experimenter could obsertiee test subject
through a glass window. When the recording booth was not avable, due to a
di erent recording location, the recordings were perforngin a quiet o ce.

The recording software had been designed to record speech coap&peechRecorder
was developed at the Bavarian archive for speech signals (BAS) tbe Institute
of Phonetics and Speech Processing at Ludwig-Maximilians-Uensitat Manchen
[DJO4]. Among other features, it o0 ers separate views on di er®@ computer dis-
plays for the instructor and the speaker. An eXtensible markup laguage (XML)
based recording script can incorporate text and multimedia mpts.
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Figure B.1: Recording Setup. The subject wears a head-mounted micropbo
The signal is ampli ed and A/D converted with an RME Fireface800 and fed into a
notebook via the Firewire interface. Speaker and recordingstructor have separate
computer displays.

B.2 Design of the Test Corpus

The test corpus has been designed to meet two goals: Respect tmeithtions in
recording time for the alaryngeal patients and enable prosgdelated experiments
with the recorded EL speech database

For Cochlear implants (Cls), a battery of tests to evaluate theperception of
prosodic information has been proposed [MPLO7, MPL" 08]. For the current eval-
uation, we built on this work and adapted it to the perceptionof EL speech enhanced
with an arti cial Fq contour. The examples from the corpus are either taken froror
inspired by work testing the perception of prosody by Cl patiers [MPL* 08] and the
automatic voice translation project VERBMOBIL [NBK *97]. The following cate-
gories have been used: Intonation minimal pairs, Sentence nepdSentence accent
and Phrasing.

In addition, we also included a longer text (‘Nordwind und Sone' - 'Northwind
and Sun’) and an image description task using spontaneous speetthelicit con-
nected speech utterances.

Recording Protocol All speech material is in German, the native language of the
speaker and the listener groups.

Intonation minimal pairs:  Placing the accent on di erent syllables can change the
meaning of a word.

Ich will ihn nicht um fahren sondern umfahen.

August kommt erst im August zu Besuch.
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Figure B.2: Speech Recorder instructor window.

Ich werde mit der Fahre nach Irland wbeisetzen. vs.
Ich werde den Text ins Englische uberseen.

Wie war der Tenor heute abend? vs.
Wie war der Tenor heute abend?

Ich nehme ein Glas Voknilch. vs.
Ich nehme ein Glas voll Milch

Sentence mode: We want to test, if the sentence is perceived as a declaration or
question.

Der Mann fahrt ein gelbes Auto? vs. Der Mann fahrt ein gelbes Ato.

Der Opa fahrt ein blaues Fahrrad? vs. Der Opa fahrt ein blaug Fahrrad.

Die Oma trinkt einen Ka ee? vs. Die Oma trinkt einen Ka ee.

Tre en wir uns dann am Hauptplatz? vs. Tre en wir uns dann am Haugplatz!

Word emphasis: For every sentence, three words exist which can be emphasized.

Der Lewe springt wber die Mauer. vs.
Der Lewe springtuber die Mauer. vs.
Der Lewe springt uber die Mauer.
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Das Madchensitzt auf einer Bank. vs.
Das Madchen sitzt auf einer Bank. vs.
Das Madchen sitzt auf einer Bank

Der Bar hat den Fisch gefangen. vs.
Der Bar hat den Fisch gefangen. vs.
Der Bar hat den Fisch gefangen

Die Katze jagt eine Maus. vs.
Die Katze jagt eine Maus. vs.
Die Katze jagt eine_Maus

Meaning-changing sentence accent: Sometimes changing the accent gives a dif-
ferent meaning to a sentence.

Finde ich schon. vs.
Finde ich schon

Dann messen wir uns noch einen Termirmusmachen. vs.
Dann muessen wir uns nocheinen Termin ausmachen.

Phrasing: Phrasing of a speech utterance is often done by intonation coat.

Ja, zur Not geht's auch am Samstag. vs.
Ja zur Not. Geht's auch am Samstag?

Musical scale: Is it possible to perceive a change of pitch when trying to sing a
short musical scale?

la-la-ladada -la-la-la-la

Figure B.3: Short musical scale.

Nordwind und Sonne \Einst stritten sich Nordwind und Sonne, wer von ihnen
beiden wohl der Starkere ware, als ein Wanderer, der in eém warmen Mantel gehullt
war, des Weges kam. Sie wurden einig, da derjenige far detagkeren gelten sollte,
der den Wanderer zwingen warde, seinen Mantel abzunehmen.”

Note: Because for most subjects a long read text was very hard work, fiorost
recordings only the rst paragraph of the fable was read.
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Image description: To elicit spontaneous speech, an image was presented and
the subject was asked to describe the image according to his or personal liking
(Fig. B.4).

Figure B.4: Image for free speech prompting.



Appendix

Other Work

During my time at SPSC, | have been working on several projectahich due to the
wide variety of subjects didn't make it into this thesis. | only gve a brief overview
here. Details of the projects can be found in the referencedilgications.

Water leak detection

The rst project was a cooperation with a local company, whictwanted to improve
the leak detection for water supply pipes. One commonly used nheid to leak detec-
tion employs an acoustical approach. Special microphones, ielhare placed on the
ground, are used to pick the sound emitted by a water pipe. An expeened listener
can discern between background noise and the noise produced mhater is leaking.
Since the sound quality is very bad, and very often disturbed bgnviromental noise,
like cars, planes, etc. we have employed signal processing methtal enhance the
sound the operator has to listen to. One approach was to inconate the properties
of the leakage noise. It can be modelled with stationary gaussiaoise, which has
a soft peak at an unknown frequency below 2kHz. We used a low-pa$®r in the

modulation frequency domain to suppress all components whielne non-stationary.
Further, we used a reference microphone, which picked up theveomental noise
and employed an adaptive lter to suppress stationary enviromeal noise [HKO02a].

Related Publication:

Martin Hagmuller and Gernot Kubin. Akustische Punktortung von Wasser-
leitungsschaden. Technical report, Graz University of Techriogy - Signal
Processing and Speech Communication Laboratory, 2002.

Watermarking for Air Tra ¢ Control

Another project was carried out with Eurocontrol Experimenal Centre, Betigny-
sur-Orge, France in cooperation with Frequentis Innovatiosy Graz, Austria. It
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has received the ATC Maastricht Innovation Award at the 14th Anmal Air Tra c
Control (ATC) Maastricht Conference 2004.

In air tra c control, the voice communication between a contoller and all pilots
in a delimited airspace are handled on a single VHF channel. To dy their
aircraft, pilots have to start all verbal communications wih the aircraft call sign.
For automatic identi cation, it is desirable to transmit additional hidden aircraft
identi cation data in time with this voice message over the VHF clnnel. That
means the additional digital data has to be embedded into th@nalog speech signal.
We developed a system for speech watermarking in an air tra ¢ carol environment
using spread spectrum technology. A digital data string is transitted every time
when a pilot speaks with the air tra ¢ controller. [HHKO03, HHKKO04, HKO05b]. This
work has received a quite favorable response and has led to mmsearch.

Related Publications:

Horst Hering, Martin Hagmuller, and Gernot Kubin. Safety and searity
increase for air tra c management through unnoticable watemark aircraft
identi cation tag transmitted with the VHF voice communication. In Proc.
22nd Digital Avionics Systems Conference (DASC)ndianapolis, Indiana, Oc-
tober 2003 pp. 4.E.2-1{10.

Martin Hagmuller, Horst Hering, Andreas Krep , and Gernot Kubi n. Speech
watermarking for air tra c control. In Proc. of 12th European Signal Pro-
cessing Conferengepages 1653{1656, Vienna, Austria, September 6{10 2004.

Martin Hagmaller and Gernot Kubin. Speech watermarking forair tra ¢ con-
trol. Technical Report EEC Note 2005-05, Eurocontrol Expemental Centre,
2005.

Digital Watermarking for Security Applications

This work was carried out in cooperation with Marcos FaundeZanuy from Escola
Universiairia Poliecnica de Matao, Spain, within the Eu ropean COST action 277
'‘Non-linear speech processing'. We proposed a security enhanceedader identi ca-
tion and veri cation system based on speech signal watermarking@.he system can
detect situations in which playback speech, synthetically gemnated speech, or an
impersonator trying to imitate the speech are fooling a biomet system. It is also
suitable for forensic experts, who sometimes have to demonstratecourt that a digi-
tal recording has not been manipulated or edited. In additio, we demonstrated that
this watermark can coexist simultaneously with biometric speak identi cation and
veri cation minimizing the mutual e ects. [FZHKO06, FZHKKO06, F ZHK07, FZHO07]

Related Publications:
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M. Faundez-Zanuy, Martin Hagmuller, Gernot Kubin, and Bastiaan Kleijn.
The COST-277 speech database. INonlinear Analyses and Algorithms for
Speech Processingvolume 3817/2005 ofLecture Notes in Computer Scienge
pages 100{107. Springer, 2006.

Marcos Faundez-Zanuy, Martin Hagmuller, and Gernot Kubin. Speaker ver-
i cation security improvement by means of speech watermarkin Speech
Communication, 48(12):1608{1619, December 2006.

Marcos Faundez-Zanuy, Martin Hagmuller, and Gernot Kubin. Speaker iden-
ti cation security improvement by means of speech watermarkig. Pattern
Recognition, 40(11):3027{3034, November 2007.

Marcos Faundez-Zanuy and Martin Hagmuller. Sistema de marsade agua
para mejorar la vulnerabilidad de sistemas de reconocimientie locutores. In
Actas do ill Congreso da sociedade espanola de acusticarieee pages 167 {
181, Santiago de Compostela, Spain, 2007.

Marcos Faundez-Zanuy, Jose Juan Lucena-Molina, Martin Hagriver. Speech
watermarking: An approach for the forensic analysis of digitatelephonic
recordings. Journal of Forensic Sciencesaccepted for publication [2009].

Recognition of Regional Varieties of German

Research, which has already started with my diploma thesis [HabOHKO2b], has
been continued with the supervision of another diploma thesi®{z03]. The topic
was the recognition of regional varieties of German, i.e.h& varieties of German
spoken in Germany and in Austria. The features were derived frothe prosody of
the speech utterance [BDHO04].

Related Publication:

Micha Baum, Vedran Dizdarevic, Martin Hagmualler, Gernot Kubin, and Franz
Pernkopf. Prosody-based recognition of spoken German varggi In Pro-
ceedings of IEEE International Conference on Acoustics, Sgeh, and Signal
Processing volume 1, pages 929{932, Montreal, Canada, May 17{21 2004.
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