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ABSTRACT

We present a new approach to solve the problem of phone
segmentation when preparing databases for concatenative
Text-to-Speech synthesis. First, we describe the problem
and review the state of the art. Then we present some al-
ready existing techniques to perform this segmentation and
present our approach based on a Regression Tree to perform
Boundary Speci ¢ Correction of the HMM segmentation.
We discus different evaluation procedures. Finally, we com-
pare some systems and we show how our system improves
the system based on HMMs setting 94% of the boundaries
within a tolerance of 20ms compared to a manual segmen-
tation, and how phonetic rather than acoustical features are
better suited for this task.

1. INTRODUCTION

Nowadays, concatenative speech synthesis is the most widely
used approach and it leads the actual performance of Text-
to-Speech (TTS) systems. Nevertheless, this approach deals
with the problem of needing a large speech database to en-
sure there is an appropriate unit for the one we are looking
for in the selection process. In many situations, the success
of the system lays on the correct treatment of the database.

When using concatenative TTS synthesis, we need to
spend a big part of the effort on preparing the database. It
has to be correctly designed, in order to cover all the vari-
ability of the language, and well recorded for the system to
have high voice quality. It is important that the database
is recorded without noise and it helps if it is a professional
speaker. Finally, we need to process the database after record-
ing it, in order to add some information needed by the se-
lection process. Some of this information, such as pitch and
energy can be extracted automatically and its cost is very
low. However, some other needs, at least at the moment, to
be set manually. A couple of these manual high cost tasks
are voice segmentation and phonetic labelling.
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Phonetic transcription has different levels of dif culty
depending on the language we use. The work we present
here was done in Spanish and our system can perform pho-
netic transcription using a dictionary and rules giving high
accuracy [1]. Segmentation is also the most expensive task,
that is why we focused on it.

2. PHONE SEGMENTATION

Until now, the highest results have been achieved by man-
ually processing the corpus, but some researchers [2] claim
that actual automatic methods for voice segmentation can
already achieve accurate enough results for its use in con-
catenative speech synthesis. They support this claim on per-
ceptual evaluation of the systems. However, the in uence of
phone segmentation in the nal naturalness and intelligibil-
ity of the speech depends on the philosophy of each system.
It would affect in different manners if we use different units
to concatenate. If we need the segmentation of the concate-
nation points or we look for them automatically the effects
would differ. For instance, some systems use diphone seg-
mented and some others phone segmented voices.

However, the present work is focused on phone seg-
mentation, so diphone boundaries have not been considered.
Finding diphone boundaries is a task that belongs to the
concatenation-point detection framework [3] and boundaries
could not be considered to be static but vary from each re-
alization to another.

There already are many different published approaches
to this problem. The most studied is the one based on the
speech recognition paradigm. Hidden Markov Models (HMM)
can be used to perform a recognition task over the voice we
want to segment and the edges of HMMSs’ states will give us
the boundaries of the phones [4]. These boundaries can be
improved by using some Machine Learning techniques [5].

In the literature we nd these and other different ap-
proaches to this problem:

Hidden Markov Models [4, 6]
Arti cial Neural Networks [7]



DynamicTime Warping[8, 9]
GaussiaMixture Models[7]
PronunciatiorModeling[10]

In thiswork we have chosersomeof thesemethodsand
appliedthemto thesamedatabaseWe consideredhatthere
is alack of standardramevorksavailableto allow compar
ison betweersggmentatiorsystems Sowe have compared
thesedifferentapproachedy applyingthem on the same
databasén the sameconditions. This helpsin a moreob-
jective analysisof the approachesWe alsoproposea new
approachto the problembasedon a RegressionTree that
achivesgoodperformance.

3. SYSTEMSDESCRIPTION

In this sectionwe will review differentmethodsnvolvedin
the presentwork; their theoreticalframeavork, advantages
anddisadwantages.

3.1. Hidden Mark ov Models

This methodwas one of the rst usedto attemptto solve
the problempresentedn this paper[4]. It consistson per
forming a recognitiontask over the recordedvoice. If we
considerthatwe alreadyknow the phonesequencepnly an
HMM sequencés allowed andmodels'transitionsgive us
theboundarie®f the phoneds, 2].

In the speci ¢ caseof synthesisusingdiphonesit could
alsobe necessaryo know the diphoneboundariesthenwe
shouldusedemiphonéHMMs in orderto segmentvoiceinto
demiphonesandthenhave a mark for phoneand diphone
boundaries.

3.2. Articial Neural Networks

Arti cial Neural Networks (ANN) canbe usedto correct
the boundariegiven by HMM basedsystemsandachie/e
betterperformancaisingthis MachineLearningtechnique
[7].

ANN try to estimatethe probability of having a bound-
aryin aspeci c framefrom asetof characteristicextracted
from the voice. They caneitherbe measuredrom the sig-
nal, suchascorrelationbetweerframes,pitch, etc. or they
canalsobe qualitative ratherthanquantitatve suchaspho-
neticfeatures.

The network is trainedfrom an alreadymanually seg-
mentedcorpus andin testmodeit givesasoutputthe prob-
ability of aboundaryoccuringin aspeci ¢ frame.Thenthe
network shouldbe appliedthroughall the restof the cor-
pus. The outputcanbe plottedaggpinsttime asin Figure 1.
ThentheHMM boundariegverticaldottedlines)aremoved
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Fig. 1. Estimationof boundaryprobability usingan ANN.
Dottedlines shov HMM boundariesaandarrows its correc-
tion.

to theclosestmaximumgivenby the network (markedwith
arrons).

3.3. Dynamic Time Warping

This methodis basedon the ideathat we canalign an al-
readyseggmentedvoice with a non-sgmentedone. A syn-
thesizedvoice is taken asthe alreadysegmentedsincewe
canknow wherethe units usedto build the voice startand
end.Sowe canmaptheboundarie®f thesynthesizedoice
into the recordedone after aligning them by a Dynamic
Time Warpingalgorithm(DTW).

The dynamicalignmentis performedon somecharac-
teristicsextractedfrom the signal. Differentparameteriza-
tionssuchasMel-Frequeng CepstralCoefcients (MFCC),
LinearSpectralCoefcients (LSF) or LinearPredictionCo-
efcients (LPC) canbeused.They canalsobe combinedn
away thatthe onethatdescribedbettereachphoneticclass
is usedfor this class[9].

This methodimplies building a voicefor a TTS. In or-
derto doit, we needmanuallysegmentedspeectandlIt has
to containall the available unitsin the language.To solve
thisit is possibleto useanalreadybuilt voicefrom another
spealker with all the necessarynits andvoice quality. An-
othersolutionwould beto graduallysegmentthe database.
Startingfrom a manuallysggmentedpartof it, this partcan
be usedto built a new voice. Then, by meansof a boot-
strapprocesswe canre-sgmentthe databaselus a new
partof it andbuilt anew voicefrom this sgmentedspeech.
Iteratingthis way we cansegmentthewhole database.

3.4. RegressionTree

We proposea new approachto the problembasedon the
ideaof BoundarySpeci ¢ Correction(BSC)[11]. This ap-
proachcomesfrom the ideathat HMMs do systematicer-
rors (i.e. Theerroris similar for similar transitions). This
claim is also supportedoy commentsof peoplethat have
beenmanually correctingthe HMM segmentation. They
commentthat HMMs perform betterfor sometransitions



