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Isarn Dialect Speech Synthesis using HMM
with syllable-context features

Pongsathon Janyoi! and Pusadee Seresangtakul?

ABSTRACT

This paper describes the Isarn speech synthesis
system, which is a regional dialect spoken in the
Northeast of Thailand. In this study, we focus to im-
prove the prosody generation of the system by using
the additional context features. In order to develop
the system, the speech parameters (Mel-ceptrum and
fundamental frequencies of phoneme within differ-
ent phonetic contexts) were modelled using Hidden
Markov Models (HMM). Synthetic speech was gen-
erated by converting the input text into context-
dependent phonemes. Speech parameters were gen-
erated from the trained HMM, according to the
context-dependent phonemes, and were then synthe-
sized through a speech vocoder. In this study, sys-
tems were trained using three different feature sets:
basic contextual features, tonal, and syllable-context
features. Objective and subjective tests were con-
ducted to determine the performance of the proposed
system. The results indicated that the addition of
the syllable-context features significantly improved
the naturalness of synthesized speech.

Keywords: Text-to-speech, speech synthesis, HMM,
Isarn

1. INTRODUCTION

Text-to-speech (TTS) is the generation of synthe-
sized human speech from unrestricted text. During
the past few decade, several speech synthesis tech-
niques have been proposed; such as formant synthe-
sis [1] and di-phone concatenation [2]. However, these
basic methods are unable to synthesize human-like
speech, in that they employ only a small amount of
speech data.

To generate high quality speech, unit selection [3]
was proposed. This method generates syntactic
speech by selecting and concatenating the corre-
sponding speech units, which are stored as wave-
forms within the speech corpus. Its use of the orig-
inal speech waveforms and digital signal processing
smoothens the waveform at the concatenation point;
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which results in high-quality, natural speech. How-
ever, this method requires an extremely large speech
corpus necessary to generate high-quality speech
within an unrestricted text.

To overcome the limitations of the unit-selection
method, HMM-based speech synthesis was subse-
quently proposed [4, 5]. It models speech parameters
using a statistical model instead of the original speech
waveform.

The performance of this method offers greater nat-
uralness than that of the unit-selection approach,
as the speech parameters of the speech units are
smoothed and synthesized through a speech vocoder,
rather than through the direct concatenation of the
speech waveform. However, the use of speech param-
eters degrades the performance in terms of speech
quality. Still, the HMM-based approach remains to-
day’s most popular method, due to its clear advan-
tages over unit-selection, such as the smaller size of
speech data [5-7] and the flexibility of voice charac-
teristic conversion [8]. HMM-based speech synthesis
systems are currently being utilized for several lan-
guages; including English [9], Chinese [10], and Thai
[11].

Recently, Deep neural network (DNN) was success-
fully applied to speech synthesis [12,13]. Its perfor-
mance is higher than the HMM-based speech syn-
thesis. However, the advantage of the HMM-based
speech synthesis over the DNN-based is it has the
lower computational cost at the synthesis time [12].
This is the main reason that we decide to apply the
HMM-based speech synthesis in this work.

In HMM-based speech synthesis, contextual in-
formation is the most important factor controlling
both the quality and the naturalness of the output
speech, as the parameter sequence of speech units in
continuous speech can vary, depending on the pho-
netic context. In practice, it is impossible to pre-
pare the training data necessary to cover all pos-
sible context-dependent units. To solve this prob-
lem, a decision-tree-based context clustering [14] was
applied to cluster the HMM state and share model
parameters. Thus, we can generate the speech pa-
rameters of all possible phonetic contexts by tracking
the decision-trees according to contextual informa-
tion. The contextual information and question set
used in clustering the HMM state therefore becomes
important in achieving the optimal performance.

This paper proposes herein the development of an
HMM-based speech synthesis system for the Isarn
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language, which is classified as a low, limited resource
language. In previous work, we proposed a text anal-
ysis module for converting the input text to the cor-
responding linguistic specification [15]. We also pro-
posed the Isarn HMM-based speech synthesis [16].
The system can generate the syntactic speech with
the acceptable level. We investigated that both spec-
tral and prosody parameter prediction is the main
issue of the baseline system. This work emphasizes
to improve the performance of prosody model of the
baseline Isarn HMM-based speech synthesis by us-
ing the additional context features. We studied the
influence of varied feature sets, and their influence
upon tonal and syllable-context features. Tonal fea-
tures were added to improve the modelling of the fun-
damental frequency contour (Fp) for Isarn, which is
tonal language, and the syllable-context features were
added to improve the performance of the duration
model.

The rest of paper is organized as follows: Section 2
briefly introduces the Isarn Language, Section 3 de-
scribes the system architecture, Section 4 describes
the implementation of Isarn HMM-based speech syn-
thesis, and the experiments and results are presented
in Section 5. Our conclusions and recommendations
for future study are presented in the final section.

2. ISARN LANGUAGE

The Isarn language is dialect used in the North-
east of Thailand. In ancient times, Isarn text, using
the Isarn Dharma alphabet, was depicted on palm
leaves. Today’s modernist is incapable of reading or
writing the Isarn Dharma alphabet. To overcome this
problem, the Thai alphabet, which is used through-
out the daily life of Thai people, is used to represent
Isarn text. The utterance unit of the Isarn language
is a syllable, which is formed by the combination of
the initial consonant or vowel, with or without the
final consonant phonemes.

The Isarn syllable structure consists of C;, V, C¢,
and T; where Cj, V, Cf, and T represent the initial
consonant, vowel, final consonant, and tonal marker,
respectively; which are detailed below.

Consonants: There are 44 consonants in the Is-
arn language. The Initial and final consonants are
represented by 20 and nine phonemes, respectively;
as illustrated in Table 1. Double consonants do not
appear in the Isarn language.

Vowels: There are 28 vowels, which are composed
of 18 monophtongs and 6 diphthongs, as illustrated
in Table 2.

Tones: Isarn is a tonal language, which means that
a similar word, spoken in an incorrect tone will result
in a different meaning. There are six different tones
produced: mid (M), low (L), mid falling (MF), high
falling (HF), high (H) and rising (R). Each tone has
an individual pitch pattern contour. The average Fj
contours of the Isarn monosyllabic word, as uttered

by a male native speaker, are illustrated in Figure 1.

Examples of the tonal effects upon Isarn pronun-
ciation; for example, “k"a:”; and the various possible
linguistic meanings, are as such: M @1 /k":/ (“cost”),
L g /k"a/ (“kill”), MF @1 /k"a/ (“trade”), HF an
/k"a/ (“stick”), H 21 /k"&/ (“galangal”) and R
/K (“leg”).

Table 1: Phonetic symbols of the Isarn consonants.

Phoneme Phoneme

Initial | Final Initial | Final
u /v/ | /p/ |n /m/ | /m/
2,0 [t e /n/ | /n/
A fe/ | /t/ ] /v/ | /o/
n /k/ | /x/ |58 /i) | /n/
a R/ /[t | /v/

Consonant Consonant

W, W, A /p°/ | /p/ | a6, /s/ | /t/
sneLans| /t°/ | /t/ [wnE /h/ -
2u,9,0,0,9 /K| k] |3 /w/ | /w/

u /b/ | /p/ |8 /i | /i/
2,0, /d/ | /i |a /m/ | fi/

Table 2: Phonetic symbols of the Isarn vowels.

Short vowel Long vowel
Type
Grapheme | Phoneme | Grapheme | Phoneme
oy /a/ o Ja:/
s /i/ 8 [/
n 8 Jw/ 2 Ju/
= /v/ 2 fu/
=
& oy /e/ Lo Je/
g wog /e/ wo /et/
1oy /o/ 1o Jo:/
LY /o/ on ot/
Loay /a/ woa /a/
g WBey /ia/ Loel Jia/
= (g Jwa/ aa Juna/
& [ Jua/ " Juia/
150
= 140
EISO
§ 120
g
:“" 110
% 100
£
£ 9%
£
80
70
0 20 40 60 80 100 120 140 160 180 200
Time (ms)
M —%—L MF ——HF —@—H —e—R
Fig.1: Average Fy contours of the siz Isarn tones.
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3. ISARN TEXT-TO-SPEECH ARCHITEC-
TURE

The architecture of the Isarn speech synthesis sys-
tem consists of two modules: text analysis and speech
synthesis as shown in Figure 2.

Phonetic
transcription

Word

Tnput text segmentation

—>| Pause Prediction —>|

Text Analysis

Parameter
generation

. Speech generation
_______________________________________ Estimated FJ
HMMs
Training

Labels -
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training
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Speech corpus

Speech data
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Fig.2: Architecture of the Isarn text-to-speech sys-
tem.

3.1 Text Analysis

Text analysis is the process which converts the in-
put text into linguistic specification, consisting of ar-
ticulatory and prosodic features. As the front-end of
the speech synthesis system, text analysis affects the
intelligibility and naturalness of synthesized speech.
Text analysis consists of three components: word seg-
mentation, pause prediction, and phonetic transcrip-
tion. Details of each are described in the following
subsections.

3.1.1 Word Segmentation

Isarn is an un-segmented language. Its written
style does not contain any symbols or spaces in which
to inform the scope of the word boundaries. Several
research efforts have found t hat invalid word bound-
aries may result in mispronunciation. Three main
types of approaches have been proposed for success-
ful word segmentation: rule-based, statistical-based,
and hybrid approaches. Efforts in research proposing
word segmentation for other languages [13-15], has
suggested that the statistic-based approach achieves
the best possible performance. However, the train-
ing model requires a fairly large text corpus. In this
study, we employed the longest known matching al-
gorithm for input segmentation, comprised of a dic-
tionary containing 10,760 Isarn words.

3.1.2 Pause prediction

In speech synthesis, it is important to predict the
prosody information necessary to produce natural

sounding speech. One of important prosody essen-
tial to natural synthetic speech is the pause dura-
tion model. Pause duration prediction is the pro-
cess of inserting silence into a long utterance, which
has been found to improve the naturalness of syntac-
tic speech [20]. For Thai, [21] suggests that a pause
will necessarily occur after every eighth syllable. We
adopted the rule of Thai pause prediction, and added
the auxiliary rules to avoid adding pause in improper
position.

3.1.3 Phonetic transcription

Phonetic transcription is the process of converting
the input word into linguistic specification, consisting
of the phoneme and tonal information. Therefore,
this process proves the most challenging within the
text analysis portion of the system, due to its direct
influence o n t he i ntelligibility o f t he s ynthesis sys-
tem. Before transcription; the input text, which con-
sists of any number, symbol, or abbreviation of the
Thai alphabet, must first convert t hese symbols into
readable words. All unambiguous symbols and ab-
breviations are converted to a word by looking them
up in the dictionary. We used general rules of pro-
nunciation rules to convert any ambiguous symbols,
as their pronunciation depends on their contextual
factors. For example, the minus symbol (“-”) is pro-
nounced as “au” /lop/ (minus) when it occurs be-
tween two numbers in a mathematical expression, and
as “gam” /hat/ (to) when it represents a period of
time. The readable text produced is then converted
into the linguistic specification, t hrough a hybrid of
the statistical model and rule-based approaches [15].

3.2 Speech synthesis

In the HMM-based Isarn speech synthesis system,
herein the syntactic speech is generated according to
linguistic specification, obtained from the text analy-
sis module. The synthesis consists of two parts: train-
ing and synthesis, as illustrated in Figure 2.

3.2.1 Training Part

The training process aims to model each phone
through two processes: feature extraction and HMM
training. In the feature extraction stage, the speech
parameters, which consist of the mel-cepstral coeffi-
cient and Fjy, are extracted. The extracted parame-
ters are then modelled by the HMM in the following
steps, as shows in Figure 3.

The initial parameters of each monophone model
are estimated by k-means clustering. The mono-
phonic models are then re-estimated through an
expectation—maximization (EM) algorithm [22]. In
this step, the estimated models are used for synthesis;
however, they typically produce unnatural speech.
In order to improve the accuracy of the model, the
context-dependent models are constructed according
to the full-context label. The estimated parameters of
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Fig.3: The model training procedure.

the monophonic model are used as the initial param-
eters of the context-dependent model. After which,
the context-dependent models are re-estimated by the
EM Algorithm.

However, the exponential increase in the context-
dependent model has an influence on the amount of
training data necessary to estimate each model. In
practice, we cannot estimate an accurate model using
sparse data. To overcome this problem, decision-tree-
based context clustering was applied to share the pa-
rameters of similar models, having different context
features. Each context-dependent model was then
re-estimated using the cluster of the speech param-
eter. This work employs the conventional decision-
tree-based context clustering technique available in
the HTS Toolkit [23], using the minimum descrip-
tive length criterion [24]. In the last iteration of re-
estimation, the context-duration models were also es-
timated and clustered similarly to the Mel-cepstral
and Fy. The training output produces three decision
trees, which are used for tracking the Mel-cepstral,
Fpy, and duration. They are clustered independently,
as each has a different influential context feature.

3.2.2 Speech generation

Speech generation is the process which gener-
ates syntactic speech. There are two steps in-
volved: parameter generation and speech synthesis.
To generate speech parameters, the linguistic spec-
ification, derived from the text analysis module, is
converted into the context-dependent phoneme la-
bels that correspond to the context features, which
train the HMMs. After which, a sequence of context-
dependent HMMs is concatenated. The state dura-
tion and speech parameters are then generated by
tracking the respective decision tree. Lastly, the gen-
erated speech parameters are converted into speech
waveforms through a speech vocoder.

4. ISARN TEXT-TO-SPEECH (TTS) CON-
STRUCTION

This section describes the details of our system
construction, including speech corpus construction,
HMM topology and feature extraction, and contex-
tual features.

4.1 Speech corpus construction

The quality of speech corpus is one of important
factors in TTS construction, in which the number
of phonemes within the speech corpus must be bal-
anced. We therefore avoided the random selection
sentence form text corpus by considering the num-
ber of samples of each phoneme. There are two steps
involved in our corpus construction: phoneme balanc-
ing and voice recording. We preformed phoneme bal-
ancing in order to obtain clear speech in all phonemes.
Firstly, we collected text from many sources, such as
news, articles; however, the sentences in such sources
proved to be deficient. Thus, we further collected
text through the transcriptions of daily Isarn conver-
sations. Input text was then converted into linguistic
specification. We selected sentences that focused on
phonemes, which lack samples. All sentences match-
ing the phoneme criterion were selected. The selec-
tion process produced 4,400 sentences, which were
recorded and included in the corpus. The Isarn
speech corpus contains roughly six hours and 10 min-
utes of speech data.

In this study, speech samples were recorded by a
native male speaker, in sound proof room, and saved
in wave file (.wav) format with a single channel at
a sample rate of 48 kHz, and a bit depth of 16 bits
per sample. The recorded speech was down-sampled
to 32 kHz, which did not deteriorate the quality of
speech [25]. The recording process was divided into
20-minute sessions with a five-minute break between
each, in order to help relax the speaker. Before the
start of each new session, the speaker listened to the
five recorded sentences from the previous session, in
order to maintain his speaking style. The bound-
aries of the phonemes in the speech utterance were
identified using the force alignment method, based
on the mono-phonemic HMM. However, as the auto-
matic method often identifies an incorrect boundary,
the phoneme boundaries were manually refined by the
linguist.

4.2 HMM topology and feature extraction

In this study, we deployed a seven-state HMM
topology, in which “left-to-right no skip” and the
first and the last states were not estimated param-
eters. The training data extracted the speech param-
eter through the use of a 25ms Hamming window and
a bms frame shift. The WORLD speech vocoder [26]
was used to extract spectral parameters, represented
by the 60 order Mel-cepstral coefficients (including
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Table 3: Contextual features.

Contextual
Features
Basic contextual features

Description

Phone Before previous / previous / current / next
/ after next phoneme identities.

Position of the current phoneme in the cur-
rent syllable.

Number of phoneme in the current sylla-
ble.

Position of the current phoneme in the cur-
rent word (forward/backward).

Syllable Name of the vowel of the current syllable.
Number of phonemes in the previ-
ous/current/next word.

Position of the current syllable in the cur-
rent word.

Number of syllables in the previ-
ous/current /next word.

Position of the current syllable in the cur-
rent phrase.

Position of the current syllable in the cur-
rent phrase (forward/backward).

Number of syllables in the current phrase.
Position of the current syllable in the cur-
rent word (forward/backward).

Position of the current syllable (with-
out tone) in the current word (for-
ward /backward).

‘Word Position of the current word in the current
phrase.

Number of words in the current phrase.
Position of the current phrase in the cur-
Phrase

rent utterance.
Number of phrases in the current utter-
ance.

Tone features

Tone of before previous / previous / cur-
rent / next / after next syllables.
Tone of before previous / previous
rent / next / after next phoneme.
Syllable-context features

Type of preivous / current / next syllable
(dead/live).

Tone of current and previous syllable are
similar.

Tone of current and next syllable are sim-
ilar

Syllable section in the current word (single,
begin, middle, end).

Syllable section in the current phrase (sin-
gle, begin. Middle, end).

cur-

zeroth coefficients) and their dynamic features (delta
and delta-delta) [5]. The excitation parameter was
represented by log Fp, which was extracted through
the RAPT approach [27].

4.3 Contextual features

Both the training and synthesis processes require
contextual features. In the training process, they
were used to construct the decision trees for sharing
speech parameters. In the synthesis process, contex-
tual features of each phoneme were used to select the
appropriate speech parameters from the estimated
HMMs. In this work, features were divided into three
groups: basic contextual features, tonal features, and
syllable-context features. The basic contextual fea-

85

Table 4: FExample Questions for Tree-Based Clus-

tering.
Type Question Description
QS “LL-Fricative” The 2nd left of current
{t/*, s/*, h/*} phoneme is fricative.
% QS “L-Nasal” {m/*, The left of current
£ [n/* ng/* y/*} phoneme is nasal.
£ [ QS “R-StopFinal” The right of current
2 | {p~/* t7/* kKT /*} phoneme is a final conso-
% nant with stop.
= | QS “RR-LongDip The 2nd right of current
2 | Vowels” {iia/*, vva/*, | phoneme is a diphthong
& |uua/*} vowel with a long sound.
QS “L-Syllable Tone5” | The right of current sylla-
{ *:5#* } ble has the rising tone (5
represents the rising tone).
QS “C-WrdNum The number of syllables
Syls=2”" {*-27*} in the current word equals
° two.
Z | QS “C-WrdSingle Syl” | The current word has one
§ {*"Single+**"0+*} syllable.
“‘5 QS “R-WordCount The number of phonemes
% | Phone >=8<=12" in the right word between
g {*;8/D:* *;9/D:* 8 and 12.
£ *:10/D:*, *;11/D:*,
*:12/D:*}
QS “C-PhraseNum The number of syllables in
Syls=8" {*=8+*} the current phrase equals
eight.

tures consist of the information at various levels; such
as phoneme, syllable, word, phrase, and sentence.
The tonal feature represents the tonal information of
each syllable and the adjacent syllables. We also in-
cluded syllable-context features, in order to improve
the accuracy of the duration model. The syllable-
context features contain the syllable type and syllable
boundary types. Details of these contextual features
are shown in Table 3.

In addition to the contextual features, a question
set was also employed within the tree-based cluster-
ing of the training step. In this study, the question
set was based on both articulatory and prosodic fea-
tures. The articulatory feature considers phoneme
identity and phoneme type, whereas the prosodic fea-
ture considers the number or position of the phoneme,
syllable, and word. There are 1,195 and 396 ques-
tions within the articulatory features and prosodic
features, respectively. Examples of the question sets
for both articulatory and prosodic features are shown
in Table 4.

5. SYSTEM EVALUATION

To evaluate the performance of the proposed sys-
tem, we conducted both objective and subjective
tests. The objective test was performed first, by com-
paring the generated speech parameters with the ex-
tracted speech parameters. Then, the results of ob-
jective tests were verified by the subjective test.
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5.1 Objective test

In performing the objective test, we trained three
systems, listed in Table 5, in order to investigate the
influence of each feature set.

Table 5: System for objective test.

System Detail
HMM-C Basic contextual feature only
HMM-CT Basic contextual feature + tone
features
HMM-CTP | Basic contextual feature -+
tone features + syllable-context
prosodic features

All systems were trained using 3,900 sentences,
which were randomly selected from the speech cor-
pus. The remaining 500 sentences became the test
sentences in the objective test. Three measurement
matrices: Mel-cepstral distortion (MCD), root means
square error (RMSE), and voiced /unvoiced error rate
(VER) were used to evaluate the accuracy of the
speech parameter modeling.

The MCD was used to calculate the cepstral dis-
tance between the original Mel-cepstral and the pre-
dicted Mel-cepstral, which are defined as:

M:

MC’D*—

T Cra(m) = cpa(m))? (1)

9 T
T2
t=
Where ¢, ;(m)and c, (m) denote the m!* order Mel-
cepstral at time ¢ of the extracted cepstral of natural
speech and predicted cepstral, respectively. M is the

order of Mel cepstral, and T is the total number of
frames.

1

S
Il

The performance of Fy modelling is evaluated in
terms of the RMSE and VER. The RMSE were per-
formed by considering only the frame in which the
extracted Fy for natural speech and the predicted Fy
value are voiced. Hence, the standard RMSE were
modified as:

Y ev (fr(t) =
FyRMSE = \/ 7

fr(1)*

(2)

V={t: f(t)

Where V is set of time indices that both the ex-
tracted Fy for natural speech and the predicted Fy
value are voiced. f,(t), and f,(t) denote the extracted
Fy and the predicted Fp, respectively. T is the num-
ber of total frames.

The VER is calculated through:

C]
=) 3)

C={t:fr(t)>0Af(t) >0V fr =0A f,(t) = 0}

>0A fp(t) >0,0<t<T}

FyWER =100(1 —

Where C denotes the set of time indices that both
extracted and predicted Fj values are voiced or un-
voiced. f(t) and f,(t) are the extracted Fy and the
predicted Fp, respectively.

Typically, The HMM-based TTS has two stages
of speech parameters. The first stage determines the
duration of each phoneme. The second stage gener-
ates the speech parameters corresponding to the de-
termined duration. Therefore, the accuracy of the
speech parameters depends on the duration model.
To avoid the adverse effects of the duration model in
this objective test, the test sentences were generated
using the original phone duration. To evaluate the
performance of the duration model, The RMSE was
employed to assess the differences and similarities of
the predicted and reference phone durations. The
MCD, F, RMSE, and F; VER each feature set are
presented in Table 6. Table 7 outlines the Duration
RMSE of the system training with different feature
sets.

Table 6: MCD, Fy RMSE and Fy VER of the three
systems training within the different feature sets.

System MCD | F, RMSE | F, VER
(dB) (Hz) (%)
HMM-C [ 5.68£0.17 | 11.84%3.30 | 8.58+3.32
HMM-CT [ 5.67+0.16 | 9.07+2.86 | 8.51%3.22
HMM-CTP [ 5.67+0.16 | 8.86+2.79 | 8.64%3.37

Table 7: DurationRMSE of the three systems train-
ing within the different feature sets.

System Duration RMSE (ms)
Phoneme Syllable
HMM-C 26.58 + 1.08 | 45.00 £ 2.16
HMM-CT 26.38 + 1.06 | 44.11 £+ 2.13
HMM-CTP 26.26 + 1.07 | 43.68 £+ 2.13

Based on the results listed in Table 6, the Fj
RMSE of the HMM-CT and HMM-CTP systems were
lower than those of the HMM-C. This indicates that
the inclusion of tonal features improves the prediction
performance of the Fy model without the distortion
of other models. In the case of duration model, we
found that the HMM-CTP achieved the best perfor-
mance. Both phone and syllable duration RMSEs
decreased when syllable-context features were added.
This suggests that the addition of syllable-context
features improves the prediction performance of the
duration model.

Because we noticed that the results of the objec-
tive tests of all systems were not much different from
one another, we also conducted the subjective test, in
order to validate the results of the objective test.
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5.2 The subjective test

The overall naturalness of the syntactic speech was
represented through mean opinion score: MOS eval-
uation. The score of each utterance was rated on a
scale of one to five, where (1) indicates extremely un-
natural speech, and (5) indicates very natural speech.

Natural speech and vocoder speech were adopted
as the baseline system for comparison with the syn-
tactic speech of the proposed system. In this exper-
iment, only the HMM-CT and HMM-CTP systems
were included, because the Fy RMSE of the HMM-
CT and HMM-CTP systems were clearly lower than
that of the HMM-C system. Table 8 summarizes the
system comparison in the MOS test. The subjective
test consisted of 15 sentences, from several different
sources. In total, 60 utterances were derived from
four sources. Because we anticipated that the listen-
ers would grow fatigued listening to numerous utter-
ances, and perhaps influence their opinion and ex-
pression of them, we divided the listening into two
sessions, separated with a five minute break.

Table 8: System comparisons in the MOS test.

System Detail

Natural Natural speech.

Vocoder Synthesize form the original
speech parameters.

HMM-CT Basic contextual feature + tonal
features.

HMM-CTP | Basic contextual feature -+
tonal features + syllable-context
prosodic features.

Twelve native listeners participated in the listen-
ing test. The order of utterances was also randomly
arranged. The listeners were able to listen to each
utterance at most two times, and were not permitted
to return to the previous utterance. The results of
the MOS test are given in Figure 4. Table 9 shows
the mean and standard deviation of MOS for each
system.

Table 9: The detail statistics obtained by MOS test.

System Mean | SD
Natural 4.56 | 0.42
Vocoder 4.09 | 0.52
HMM-CT 3.51 | 0.80
HMM-CTP 3.71 | 0.68

The results of the MOS test indicated that the
MOS of both the HMM-CT and HMM-CTP sys-
tems fell within acceptable, natural levels. We did
notice that the MOS of the HMM-CTP system was
higher than that of the HMM-CT system. This sug-
gests that the syllable-context feature significantly
improves speech naturalness. However, while this

5.0
4.8
4.6
4.4
4.2
4.0
3.8
3.6

Mean opinion score

34
3.2

3.0

Natural Vocoder HMM-CT HMM-CTP

Fig.4: The results of the MOS test.

positive trend was demonstrated through the objec-
tive test, the gap of the MOS between natural speech
and the HMM-CTP system is still wide.

6. CONCLUSIONS AND RECOMMENDA-
TIONS FOR FUTURE WORKS

This research proposes an Isarn speech synthesis
system based on the HMM. The speech data used for
training consisted of 3,900 utterances, and the perfor-
mance of the proposed system was evaluated through
both objective and subjective tests. We trained the
proposed system with three different feature sets: ba-
sic contextual, tonal, and syllable features. Both the
objective and subjective tests indicated that the tonal
features and syllable-context features are capable of
improving the naturalness of the synthesized speech.
The results suggest that the system is capable of gen-
erating natural, understandable speech; useful in the
real word. However, problem areas do exist that de-
grade both the naturalness and intelligibility of the
proposed system. Test results have shown that the
MOS of the synthesized speech is still lower than the
MOS of the natural and vocoder speech, thus indicat-
ing the limitations of the proposed system. We have
assessed that the generation of both the spectral and
prosodic parameters are the cause of the problem. In
the case of prosodic features, it hard to model only
phone/state level because it has the complex varia-
tion, which depends on the various factors such as
coarticulation effect of Isarn tones in running speech.
We hope to solve these problems in future works.
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