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Abstract - Thispaperpresentsa Brazilian Portuguese
TTSbasedon HMMs, which usesmel-cepstral coefficients
as parameters of speech. We implementedan algorithm
which performsa phoneme-basedtranscriptionto thePor-
tuguesespoken in Rio de Janeiro. For a given text to be
synthesized,after thephonemetranscription,staticfeatures
areextractedfroma sentenceHMM, generatedbyconcate-
nating HMMs sub-word units. An algorithm for choosing
thebestsetof thosespeech unitswasalsodeveloped.Sub-
jectivetestsshowthat theproposedTTSgivesbetterresults
thana PSOLAbasedon syllabic units,with theadvantage
of easyspeaker adaptation.

1. INTRODUCTION

A Text-to-Speech(TTS) synthesizeris asystemthatshould
be ableto readany desiredtext with somedegreeof intel-
igibility .

The hiddenMarkov model (HMMs) is a probabilistic
conceptwhichis usedto characterizesequencesof patterns.
It hasbeenusedin stateof the art technologiesfor speech
recognitionandsynthesissystems[1]. For instance,it mod-
elssequencesof speechspectra.

In contrastto PSOLA’s(PitchSynchronousOverlapand
Add) approach,for example,with HMM-basedsynthesis
systemsit is feasibleto changevoice characteristicsto a
target speaker by changingspectralparametersof speech.
With only tenspokensentences,anHMM-basedsystemcan
generatesynthesizedspeechsimilar to any speaker [2].

In thiswork aBrazilianPortugueseTTSbasedonHMMs
is described.A highleveldescriptionof thewholesystemis
presented.Towardsa betterunderstandingof HMM-based
speechsynthesis,the completeimplementationis divided
in two well-definedsections:thetrainingandthesynthesis
part[3].

In thetrainingpart,theHMM modelscanbecreatedby
HTK toolkit [4] whenthefollowing itemsareavailable:� A setof themostrepresentativespeechunits.� Phonetictranscriptionof thedatabase.

� A parametriseddatabase.

In thesynthesispart,beforeusingSPTKtoolkit [5], the
databelow mustbeprovided:� A sentenceHMM.� Pitchinformation.

Thewayhow weobtainthosefiveitemizedfilesisshown
throughthesectionsalongthis paper.

2. TTS BASED ON HMMS

HMMs have successfullybeenappliedin speechrecogni-
tion andsynthesissystems.They are able to characterize
pitch,durationandoverall spectrainformation[6].

Thefirst stepin HMM-basedsynthesisisdataparametriza-
tion. Eachcontinuouswaveformof thespeechdatabaseis
convertedto asetof equallyspaceddiscrete-timeparameter
vectors. Besidesthe parametrization,a phonelevel tran-
scriptionof all thedatabasesentencesis alsoneededto per-
form theHMM training,asshown in Figure1.

In this paperwe discusscontinuousHMMs. Eachstate
canbedefinedby ameanvector, adiagonalcovariancema-
trix anda transitionmatrix. Eachelement����� � of this ma-
trix representsthe probability of having a i to j statetran-
sition. Theprocessof calculatingthosetriples(means,co-
variancematrix, transitionmatrix) for every unit is called
HMM training.

At this point speechparametervectorsare generated
from a sentenceHMM, wich is constructedby concatenat-
ing HMM units. Thusby usinga specificdigital filter for
thosecoefficients, speechcan be synthesized.Details of
theseoperationsarepresentedin thenext section.

3. THE IMPLEMENTED HMM-B ASED
BRAZILIAN PORTUGUESE TTS

3.1. The PhoneLevel Transcription

To start the processof synthesizingspeech,a context de-
pendentphonelevel transcriptionis needed,i.e., the same



             Transcription Software

          A questão foi

       Text:

sil        a k  e  x’  t  a~  w  sp  f  oi 

Fig. 1. PhoneLevel transcription of a given text.

Table 1. Our phonelist with exemples.

/a/ falha /A/ ca ĺice /a / avia˜o
/b/ bala /k/ caseiro /d/ dantesco
/e/ aclive /E/ he ĺio /e / entediado
/f/ faca /g/ galo /h/ hoje
/i/ estudo /j/ geléia /l/ leite
/lh/ alho /w/ unia õ /m/ melhor
/nh/ ninho /n/ nosso /o/ resolver
/o / homem /O/ o t́imo /p/ pato
/r/ caro /R/ carr o /R’/ carga
/r’/ car ta /s/ sapato /t/ tato
/u/ logo /u / um /v/ voltar
/x/ achar /x’/ casta /j’/ asma
/z/ casa /ai/ aipim /au/ aula
/ua/ quando /ei/ leite /Ei/ ide ía
/oi/ oito /Oi/ heroí /ou/ outro
/eu/ meu /ui/ muito

word canhave differentphonemetranscriptions.Using85
Rio deJaneiroPortugueserules[7], aalgorithmwasimple-
mented.Table 1 showsourphoneset.

Figure1 showsanexampleof acontext dependenttran-
scription. The text entry is: ”a quest̃ao foi”, which means
”the questionwas”. It is imporantto notice that thereare
threesilencemodels: sil, lp, sp. The sil model is usedin
thebeginningandendingof sentences.For thelongpauses,
suchascommas,we usethe lp model,otherwise,theshort
pausemodel,sp, is used.

3.2. Unit choosingmethod

Thechoiceof theunit modelhasa fabulousimportanceon
improving the quality of synthesizedspeech.Our system
usestriphonesasthemainspeechunits.Whensynthesizing
speech,one importantpart to cover is the co-articulation
betweenphonemes,words,or even phrases.However, in-
creasingtheunit model,by choosingwordsasspeechunits

Table 2. Table of units occurencesusing CETEM-
PUBLICOtext database.

CETEM Distinct MostFrequentlyUnits
PUBLICO Units 	�

� ����� �����

Monophones 51 sp a i
18.1% 9.04% 8.43%

Diphones 2131 a-sp u-sp i-sp
3.68% 3.29% 2.91%

Triphones 44852 sp-d+i d-i+sp a -w+sp
1.12% 1.09% 0.91%

Table 3. Tableof units occurencesusingour speechdata
base.

OURDATA Distinct Most FrequentlyUnits
BASE Units 	�

� ����� �����

Monophones 51 sp a i
15.78% 9.14% 8.42%

Diphones 612 a-sp u-sp i-sp
3.32% 3.30% 2.93%

Triphones 2159 sp-d+i d-i+sp a -w+sp
1.16% 1.14% 0.80%

for example,createsa problemof having a largeamountof
unseenunits,duringthesynthesisprocess.By choosingtri-
phones,we geta balancebetweenthe amountof unitsand
theco-articulationfeature.

An algorithmfor choosingthe bestsetof speechunits
was implemented. Initially, we obtaineda table( 2) esti-
matingthe triphones,diphonesandmonophonesmostfre-
quentlyusedin our language.To do this researchwe usea
Portuguesedatabase,whichhascloseto 900million words.
If thoseunits HMM arenot well-trainedusingour speech
database,wewill not succeedon synthesizingspeech.

A reasonableamountof speechdatais necessaryto gen-
eratewell-trainedHMMs. Fortunately, applying the tran-
scriptionalgorithmto our speechdatabasewe found that
the mostcommonunitsextractedfrom the Portuguesetext
databasewerewell represented.Table2 andtable3 show
partsof the text andspeechdatabaseoccurences,respec-
tively. The bestunits chosenarethosewhich appearmore
thanaestablishedthresholdin ourspeechdatabase.All the
triphonesthathadoneor two occurencesarenotconsidered
to be a goodmodel and shouldbe betterto usediphones
andmonophonesmodelsinstead.For thediphones,wehave
chosenall thatappearedat least6 timesin our speechdata
base. To synthesizeany text we have to useall database
monophones.The total phonemenumberis 51, including
silencemodels.



3.3. Data Preparation

Firstly, using the transcription. For a 16kHz speechdata
basewith 200 phoneticallybalancedunlabeledutterances.
Datafrom onespeaker is used.Usingthetranscriptionsoft-
ware,all thesentencesaretranscribed.

After thephonelevel transcription,for eachutteranceon
thespeechdatabase,mel-cepstralcoefficientsareobtained.
MepCepstralanalysis[8] of speechwaveformsis provided
by SPTK. The signal is windowed by a 32msHamming
window with a5msshift.

Speechspectrum����� ����� is characterizedby  !��" order
mel-cepstralcoefficients #%$&�(' � , asfollows:

���*) �,+ ��-�. /013254 #%$&�(' �76)98 1 (1)

undertheconstraint6) 8&: + ) 85:<;>=	 ;>= ) 85:5?>@ = @BA 	�C (2)

Thephaseis modeledby thevariable= C For a sampling
rate16kHz,choosing= = 0.42a goodaproximationto the
mel frequency scaleis achieved.����) � canberewrittenas,

���*) �,+EDGFIH �*) � ? DKJ #ILNMPOIQRC (3)

Mel-cepstralcoefficientscanbecalculatedasfollows:S + 'UT
M&V3WYX�Z\[^] �N_��(M �\` (4)

where ����M � is theoutputof theinversefilter :V3WYX�Z C
Oursystemworkswith 25mel-cepstralcoefficients,since

we setM=24 andthe a���" coefficient is included.

3.4. HMMs training

In theHMM trainingpart,[4] weusemel-cepstralstaticco-
efficentsto train thephonemeHMMs. All HMMs usedare
5-stateleft to right modelswith no skips. Eachstateof ev-
ery modelhasits own meanandvariance.At first, a global
meanandvarianceis calculatedandsetall the Gaussians
oneverymonophoneHMM. After theBaum-Welchembed-
dedtrainingreestimationalgorithm,thephonemetrainingis
thenfinished.

CloningthetrainedmonophonesHMM will producedi-
phonemodelsfor everydistinctdiphonein thetrainingdatabase.
Thesemodelsarethenreestimatedby theembeddedtrain-
ing. During this procedure,all thediphonesthathaveequal
centralphonemeswill sharethesametransitionmatrix. The
samecloning processis doneto producetriphonemodels.
The phonemetraining and the cloning procedurearepro-
videdby HTK toolkit.

Having all theHMMs trained,it is necessaryto prepare
the units modelsto the HMM sentence.An algorithm is
implementedto calculate,for eachtriphone,diphoneand
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Fig. 2. The training part.

monophonemodel, the stateduration O% ��Y¡ � of every state¡ in a given unit model. This can be doneby using the
expresion[9]: O% ��Y¡ �,+ 		 ; � ��� � ? (5)

where ����� � representsthetransitionmatrixelement.

3.5. Parameter Generation

FromagivenHMM, ¢ ? aspeechparametervectorsequence
is extracted[10] [9] [3].£ + ] L : ? L _ ? L7¤ ? C¥C¥C ? L7¦ ` (6)

In suchaway that

§ L�¨{©ª] « ? £ @ ¢ `�+ = ¬0­ 2 :
§ L�¨N.�®\¯{�� {®\¯ �P° ¦0

� 2 :
§ L�¨B#I®
± � � ± (7)

; 	� � £ ;³² �µ´·¶ 8&: � £ ;³² �
; § L�¨ @ ¶ @ ; �� !¸� § L�¨B��¹

ismaximizedwhenthespeechparametervetorsequence
is equalto themeanvectors,i.e. , O = ² , where

² + ] ² ®µº � � º ? ² ®
» � � » ? CIC%C ? ² ®\¼ � � ¼ ? ` (8)¶½+ ] ¶ ® ºR� ��º ? ¶ ® »�� �Y» ? C%CIC ? ¶ ® ¼�� ��¼ ? ` (9)

and #I® � � , ² ®
± � ± and ¶¿¾ � ? T � are the mixture weight, the
meanvectorand the covariancematrix respectively. K is
the total of statesthat have beenvisited during T frames
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Fig. 3. The synthesispart.
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Fig. 5. ïyð (-F(z)) ñ :V3WYX�Z L =4.

and. ® ¯ (   ® ¯ ) is theprobabilityof consecutivesobservations
generatedin state¾ ­ . M representstheorderof mel-cepstral
coefficients.

3.6. MLSA Filter

The MLSA (Mel Log SpectrumAproximation) filter [8]
[11] inputsmel-cepstralcoefficientsandpitch information
andoutputsspeech.It performsahighly accurateaproxima-
tion. Thetransferfunction :V3WYX�Z is exponential,howeve,it is
possibleto aproximateit with sufficient accuracy by a ra-
tional transferfunction. Thecomplex exponentialis aprox-
imatedby arationalfunctionasfollows :

��-�.��(ò � ñóïyðl�(ò ��+ 	 °õô ðö 2 :ø÷ ð � ö ò ö	 ° ô ðö 2 :ø÷ ð � ö ; ò ö C (10)

Thus :VùWYX�Z canbeaproximatedasfollows :

ï ð � ;ûú �*) ��� ñü��-�.�� ;ûú ��) ���,+ 	H �*) � (11)

undertheconstraint

ú ��) �,+ /0132 :
ý �(' ��þ 1 ��) � C (12)

where

þ 1 ��) �,+ ÿ 	 ? ' + aW :R8 $ » Z�X � º:�8 $ X � º 6) 8 W 1 85: Z ? ' � 	
where

ý ��' � canbe obtainedthrougha linear transfor-
mationof # $ �(' � . Thecoefficients÷ ð � ö havethesamevalue
astheLMA filter.

The basicblock, ú ��) � , is shown in Figure4. Figure5
shows theMLSA filter ï ð ( ;ûú ��) � ) for thecaseof � +�� .
3.7. SpeechSynthesis

Hitherto, all the training part hasalreadybeendone. For
a giventext to besynthesized,after thephonetictranscrip-
tion, we will have a triphonesequence.An algorithm is
implementedto searchfor eachtriphoneonthedatabase.If
this speechunit is not found,diphoneHMMs, if they exist,
areconcatenatedinstead,otherwise,monophonesareused.
Figure3 explicits theproceduresdescribed.

By concatenatingthoseHMM units, a sentenceHMM
is constructed. An algorithm was implementedto obtain
the staticparametersfrom this sentence.Using thesemel-
cepstralstaticcoefficientsandconstantpitch informationas
MLSA [10] filter’s input,speechsignalis synthesized[10].
TheMLSA filter is providedby SPTK.

4. RESULTS

A Comparative listeningtestwasconductedfor evaluation
of our HMM-basedspeechsynthesizeragainsttheTalkAc-
tiesinthesizer. TheTalkActiveperformsconcatenativespeech
synthesisusing the PSOLA’s algorithm.Thisintelligibility
testwasperformedwith 10people(9 menandonewoman).

A soundspeaker was usedto listen to the TalkActive
sinthesizer, on the otherhand,head-phoneswereusedto
listento theHMM-basedsinthesizer.

Synthesizingspeechwith theHMM technologywe ob-
tain betterresults,ascanbeseenon table4.



Table 4. Tableof thecomparativelisteningtest.

UsingPSOLA’salgorithm With HMM-based
88.1% 90%

5. CONCLUSIONS

In thispaperwehavepresentedaBrazilianPortugueseTTS
basedon HMMs. Oneadvantageof HMM-basedTTS sys-
temsis thatspeakeradaptationcanbeeasilyperformed.The
usageof SPTK andHTK toolkits are fundamentalin our
system. Preliminarysubjective resultsshow that the pro-
posedsystemoutperformsaPSOLATTSbasedonsyllabic
units. Our further work will be improving the quality of
synthesizedspeechthroughthe bootstrapinitialization and
pitch modeling,which cantakeaccountof theprosody.

6. ACKNOWLEDGMENT

Specialthanksto professorKeiichi Tokuda,for the useful
discussions.

7. REFERENCES

[1] M. TAMURA , S. KONDO, T. MASUKO, AND

T. KOBAYASHI. Text-to-audio-visualspeechsynthesis
basedon parametergenerationfrom hmm. In “Proc.
EUROSPEECH”,pages959–962(1999).

[2] T. MASUKO, K. TOKUDA , T. KOBAYASHI , AND

S. IMAI. Voice characteristicsconversionfor hmm-
basedspeechsynthesissystem. In “Proc. ICASSP”,
pages1611–1614(1997).

[3] K. TOKUDA , T. MASUKO, T. YAMADA ,
T. KOBAYASHI , AND S. IMAI. Speechparame-
ter generationfrom hmm usingdynamicfeatures.In
“Proc.EUROSPEECH”,pages757–760(1995).

[4] S. YOUNG, D. KERSHAW, J. ODELL , D. OLLASON,
V. VALTCHEV , AND P. WOODLAND, editors. “The
HTK book”.

[5] “The SPTKReferenceGuide”.

[6] T. YOSHIMURA , K. TOKUDA , T. MASUKO,
T. KOBAYASHI , AND TADASHI K ITAMURA. Si-
multaneousmodeling of spectrum,pitch and dura-
tion in hmm-basedspeechsynthesis. In “Proc. EU-
ROSPEECH”,pages2347–2350(1999).
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