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ABSTRACT 
 
We propose an approach to synthesizing high-quality speech 
under the conditions of a small dataset. A robust method for 
solving this problem is vital for voice restoration (recreation 
of lost fragments of records based on available speech 
material of a well-known person, e.g. an actor). The 
proposed TTS system is a hybrid system which includes the 
advantages of both HMM- and Unit Selection-based TTS 
systems. The approach described in the paper is based on 
statistical models of intonation parameters and special 
algorithms of speech element concatenation and 
modification. Listening tests show that it is possible to 
synthesize high-quality speech even with a small speech 
database (approximately one hour of speech). 
 

Index Terms  speech synthesis, voice restoration, 
hidden Markov models, Unit Selection, speech modification. 
 

1. INTRODUCTION 
 
In recent years speech synthesis technology has been 
strongly improved, a lot of research has been carried out. As 
a result synthesized speech sounds very natural now and we 
can hear it in more and more places. The most popular 
approach for obtaining high-quality speech is Unit Selection 
[1,2]. HMM-based TTS systems sound worse due to buzzy 
effects [3]. But the price of such good quality is the 
necessity to have a large speech database (up to 10 hours) 
[2,4]. It is worth noting that each sound file contained in the 
database must be labeled with high accuracy, which 
increases costs and time expenses [2]. Such TTS systems 
can be used for call centers, audio book reading, voice 
assistance systems, etc. That is an area where it is not 
important whose voice is used; the quality and pleasantness 
of the voice are fundamental. 

However, there are some applications where it is crucial 
to synthesize a specific voice. These include voice cloning, 
as well as voice restoration, i.e. the recreation of lost 
fragments of records based on available speech material of a 
well-known person (e.g. an actor, public speaker, etc.). The 

complexity of this task lies in the small amount of available 
speech data. The main reason for this is that usually the 
existing recordings of the speaker are acoustically various: 
they were made with different microphones in dissimilar 
conditions over a long time period. This means that we only 
have a small speech dataset of sufficiently good quality to 
create a voice suitable for a text-to-speech system. 

There is some research on synthesizing speech from 
under-resourced speech data [5-8]. All of them are based on 
speech corpora of a non-target speaker. Then the target 
voice is produced by adaptation techniques applied directly 
to speech elements or acoustic models (which are usually 
HMMs). Both of these approaches do not produce natural 
speech due to a deteriorating effect of applying adaptation in 
the acoustic domain. To avoid this problem, we propose a 
hybrid TTS system [9] where the intonation of the target 
speaker is modeled on another speaker  database, and 
adaptation techniques are applied to emulate voice 
characteristics with maximum precision. Speech synthesis is 
performed by using the target speaker speech database and a 
Unit Selection algorithm with special methods for 
modification and concatenation of speech elements. Using 
such complex techniques makes it possible to synthesize 
high-quality speech even with a small speech database 
(approximately one hour of speech), which is confirmed by 
expert listening tests. 

This paper is organized as follows: the description of the 
proposed system is presented in Section 2, which comprises 
intonation modeling, unit selection and the modification and 
concatenation algorithms; experimental results illustrating 
t
conclusions and future developments are presented in 
Section 4. 
 

2. THE PROPOSED SYSTEM 
 
Structurally, the text-to-speech system consists of two parts: 
the training part (Figure 1) and the synthesis part (Figure 2). 

The main purpose of the training part is creating the 
target voice model (to emulate speaker parameters: 
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Fig. 1. Diagram illustrating the basic steps conducted by 

the training part 
 

mel-frequency cepstral coefficients (MFCC), pitch (F0), 
energy and duration) and the database of speech elements. 
To perform this we need two speech datasets: a donor 
speaker speech dataset (contains about 8-10 hours of speech 
of a speaker in the same language as the target speaker) and 
a target speaker speech dataset (a small speech dataset of the 
voice to be synthesized). Each speech dataset contains a set 
of sound files (each file contains a single recorded sentence) 
and a set of corresponding label files (these contain 
information about the speech elements in each sound file) 
[10-12].  First of all, linguistic and acoustic features [9, 14] 
are calculated for both of the speech datasets. Then, on the 
one hand, a speech database is created based on the target 
speaker speech material. The speech database contains an 
indexed element set to provide fast search by the following 
features: phone name, names of phones before and after the 
current phone, MFCC at phone boundaries, energy, pitch, 
and phone duration. On the other hand, the target speaker 
voice model is trained. This model is a set of HMMs which 
generalize sound element parameters (MFCC, pitch, energy 
and duration) in different contexts. A detailed description of 
the target speaker voice model creation is presented in 
section 2.1. 

Speech synthesis is performed based on the target 
speaker voice model and the database of speech elements 
prepared at the previous step. The TTS system input is raw 
text without any manual preprocessing. Based on the input 
text, the target allophone sequence is formed, and 

 
Fig. 2. Diagram illustrating the basic steps conducted by 

the synthesis part 
 

linguistic and prosodic features are calculated for each 
allophone. The type and structure of features are the same as 
those used at the stage of the speech database building. 
Using this information and the voice model, acoustic 
features are calculated for each allophone: MFCC, pitch, 
energy and duration. Then the most appropriate speech 
elements are selected from the database based on the 
calculated acoustic features using the Unit Selection 
algorithm [4]. Then the selected sound elements must be 
smoothed and concatenated to each other in order to produce 
synthesized speech. Those final steps are the most important, 
particularly taking into account the small size of the target 
speaker database. In these conditions it is likely to be 
impossible to find appropriate speech elements 
corresponding well enough to the model, which is necessary 
to realize appropriate intonation, and to each other, which is 
extremely important for smoothness of synthesized speech. 
So it is necessary to have special techniques that ensure the 
fulfilment of both these requirements. They are described in 
sections 2.2 and 2.3 correspondingly. 
 
2.1. Intonation modeling 
 
The modeling of intonation parameters begins with the 
extraction of the feature set from all sound files [13]. Each 
member of the set represents a short part of the signal 
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Fig. 3. Observation vector 

(frame) with the length of 25 ms. The features contain the 
following parameters: 
 Sequence {C1 CK} of MFCC vectors [15], where each 
vector consists of 25 coefficients and characterizes the 
spectrum envelope of the signal for the frame; K is the 
total number of frames. 
 Sequence {F01 K} of pitch values. 
 Sequence {E1 K} of energy values. 

After that, linguistic and prosodic features for each 
allophone of all the sentences of the training database are 
calculated [9, 14]. 

In the next step, the HMM prototypes for each allophone 
in the donor speech dataset are created. Each HMM 
corresponds to a no-skip N-state left-to-right model with N = 
5. Each output observation vector io  for the i-th frame 
consists of 5 streams TiTiTiTiTiTi oooooo ],,,,[ 54321[ , as 
illustrated in Figure 3, where stream 1 is a vector composed 
by MFCCs, their delta and delta-delta components; stream 2 
is a vector composed by F0s; stream 3 is a vector composed 
by F0 delta components; stream 4 is a vector composed by 
F0 delta-delta components; and stream 5 is a vector 
composed by energies, their delta and delta-delta 
components. 

For each k-th HMM the durations of the N states are 
regarded as a vector Tk

N
kk ddd ],...,[ 1[ , where 

k
nd represents the duration of the n-th state. Furthermore, 

each duration vector is modeled by an N-dimensional single-
mixture Gaussian distribution. The output probabilities of 
the state duration vectors are thus re-estimated by Baum-
Welch iterations in the same way as the output probabilities 
of the speech parameters [15]. 

At the final step, the donor intonation model is adapted 
so as to make it as close as possible to the target speaker 
voice parameters. The adaptation is performed using the 
procedure proposed in [16]. During the voice model 
building, a tree-based clustering technique is applied to the 
HMM-states of MFCC, F0 and energy values and their delta 

and delta-delta as well as to the state duration models. In the 
end of the process, 5N + 1 different acoustic decision trees 
are generated: N trees for MFCC and their delta and delta-
delta components, 3N trees for F0 features, N trees for 
energy features and one tree for state duration. Performing 
this stage makes it possible to generate speech parameters 
for elements absent in the database, which provides 
intelligible output even under conditions of insufficient 
training data. Eventually we have the target speaker 
intonation model which is then used to predict target voice 
parameters for a synthesized utterance. 
 
2.2. Speech element modification 
 
When the most appropriate speech element sequence is 
selected, the F0 and duration parameters are adjusted 
according to the predicted ones. This step is needed to insure 
the proper intonation of the synthesized sentence. In our 
system we use the LP model [17] to get the prediction of the 
residual e[n], modify it by the TD-PSOLA [17], and 
eventually use the obtained modified prediction of the 

 
The calculation of e[n] is shown in (1): 

]1[][][ 1nsansne T , (1) 
where 

TPnsnsnsns ]][],...,2[],1[[]1[ P21[1 , (2) 
T

Paaaa ],...,,[ 21[ , 25P . (3) 
The result is a coefficient vector given by (4): 

][]1[1 npnRa n 1R 1 ,  (4) 
where  

n

i

T isisnR
0

1 ]1[]1[]1[  , (5) 

n

i

isisnp
0

][]1[][ , (6) 

The values of ][np  in Equation (4) can be calculated 
recursively to avoid extra computational load as given by 
(7): 

]1[][]1[][ 11 npnsnsnp . (7) 
Using the LP coefficients obtained in the analysis cycle, the 
LP model can be employed in the synthesis cycle with a new 

the desired pitch characteristics, such that: 
]1[']['][' 1nsanens T . (8) 

The LP model is determined for each time sample n, leading 
to smooth transitions between consecutive models. 

Once reliable pitch marks pm[n] and pitch periods p[n] of 
the original signal are determined, the pitch contour can be 
modified as desired. For that purpose, new pitch marks 

m[n] are determined corresponding to a new pitch period 
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Fig. 4. Speech element boundary correction 

 
 ][][][' npnnp [

period modification factor, which can vary for natural 
prosody modification, automatic pitch correction and so on. 

m[n] are determined by inserting an 
so 

has a pitch mark. The next step is to link each new pitch 
m[n] with its corresponding closest peak in the 

original signal pm[n]. This is done straightforwardly by 
comparing the time index of pm m[n]. 

In the final step of the new signal generation, each peak 
in the original signal is segmented by two half-Hanning 
windows, starting at the preceding pitch mark and ending at 
the next one. The resulting segments are put together by an 
overlap and add procedure according to the new pitch period 

 

2.3. Speech element concatenation 

The last step, when the most appropriate speech elements  
have been selected and have been adjusted to reliable 
intonation parameters, is speech element concatenation. The 
problem is the mismatch of spectrum and pitch components 
at speech element boundaries. To solve this task we propose 
the approach detailed in sections 2.3.1 and 2.3.2 
respectively. 

 
2.3.1. Speech element boundary correction 
Speech element boundary correction is performed to 
minimize spectrum distortions in the positions of 
concatenation. The process is illustrated in Figure 4. For 
example, at the previous step diphones a1_a2 and a2_a3 
were selected as the most appropriate. The position B is the 
original boundary of diphones in the corresponding source 
files. This position is compared with another two, A and C, 
which are obtained by shifting B by the offset that is 
usually two or three F0 periods.  

The optimal speech element boundary optP  position is 
calculated by the Equation (9): 

)(minarg 2
},,{

PLP
CBAP

opt
{

, (9) 

where  
M

i
RiLi PcPcPL

1

2
2 ))()(()( , (10) 

)( PcLi  is the i-th MFCC coefficient of the left diphone 

boundary P, )( Pc Ri  is the i-th MFCC coefficient of the 
right diphone boundary P, the number of MFCC coefficients 
M is set by 12. 
 
2.3.2. Pitch smoothing at element boundaries 
The main idea of pitch smoothing at speech element 
boundaries is, on the one hand, to avoid F0 envelope 
discontinuities and, on the other hand, to keep local F0 
fluctuations to make synthesized speech less static and as a 
result more natural. Let us assume that 

},...,,{ 21 LNLLL pppp { is the N boundary pitch points of 

the left speech element and },...,,{ 21 RMRRR pppp { is 
the M boundary pitch points of the right speech element. 
They form the mutual pitch envelope 

},...,,,,...,,{ 2121 RMRRLNLL ppppppp {  which must 
be smoothed. The resulting pitch envelope 

}',...,','{' 21 MNpppp M{ can be calculated as detailed 
below. 

First of all the pitch envelope p  is represented as the 

superposition of its filtered part mp and fluctuation part 

fp , where ]1[)1(][][ 1( ipipip mm ) , 

mf ppp p , 10 1 . Then mp is smoothed based on 
the Bezier curve as calculated in the Equation (11): 

MN

j
MNjmm MN

i
bjpip

1
1,1 1

1
][][' , (11) 
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where inin
ini ttCtb ittC )1()(, , 

)!(!
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ini

n
C n

i i(
. 

The result 'p is calculated by the Equation (12): 

fm ppp p'' . (12) 

3. EXPERIMENTAL RESULTS 

This section describes some experiments performed with the 
speech element boundary correction and algorithms of pitch 
smoothing at element boundaries. 

Figure 5 illustrates the results of applying the technique 
of speech element boundary correction to concatenated 
diphones; the boundary is marked by the vertical line. The 
top image shows the spectrum of the concatenation position 
of diphones. The bottom image shows the spectrum after the 
application of the correction technique to diphone boundary 
positions. As we can note from the results, the new spectrum 
is smoother and looks more natural: there is derivative 
discontinuity of the spectrum peaks in the top diagram which 
is absent in the bottom one. 

The performance of pitch smoothing at element 
boundaries is demonstrated in Figure 6. The top diagram 
shows the original pitch envelope, and the bottom image 
shows the modified one where the pitch discontinuities 
(marked by vertical lines) were smoothed while keeping its 
local fluctuations. 

A complex evaluation procedure of the Mean Opinion 
Score was performed to evaluate the results of this new 
system under the conditions of different sizes of the 
available speech database. The assessment procedure 
consists of two different parts: speech naturalness and 
speech intelligibility evaluation. The criteria are based on 
the standard [18] and presented in Table 1 and Table 2 
respectively. The assessment results are presented on Figure 
7 and Figure 8 respectively. 

Table 1. Criteria for speech naturalness evaluation 
Speech characteristics Rates 

Natural-sounding speech, some subtle distortion 
present. Wheeze, rattle missing. High 
recognizability 

> 4.5 

Some violation of naturalness and 
recognizability, a weak presence of one type of 
distortion (burr, twang, wheeze, rattle, etc.) 

3.6  4.5 

Audible violation of naturalness and 
recognizability, presence of several types of 
distortion (burr, twang, wheeze, rattle, etc.) 

2.6  3.5 

Constant presence of distortions (burr, twang, 
wheeze, rattle, etc.). A significant violation of 
naturalness and recognizability 

1.7  2.5 

Strong mechanical distortion: burr, twang, 
wheeze, rattle, etc., mechanical voice. A 
significant loss of naturalness and 
recognizability is observed 

< 1.7 

 
Fig. 5. Fragments of spectrum in the position of speech 
element concatenation: top - original speech elements, 

bottom - speech elements with corrected boundaries
 

Table 2. Criteria for speech intelligibility evaluation 
Speech characteristics Rates 

Absolutely intelligible speech   5 
Intelligible speech, understanding without 
difficulties 4.6  4.9 

Intelligible speech, understanding with 
small difficulties 3.6  4.5 

Almost intelligible speech, understanding 
with difficulties 2.6  3.5 

Partly intelligible speech, understanding 
with huge difficulties < 2.5 
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Fig. 6. Fragments of pitch envelope: top - original 

envelope, bottom - smoothed envelope 
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Fig. 7. Speech naturalness evaluation results 

 
4. CONCLUSIONS 

 
In this paper, we presented a description of a system for 
high-quality speech synthesis under the conditions of a small 
speech dataset. Our main aim was to solve the problem of 
voice restoration as well as voice creation when available 
speech data is strongly limited. It can be performed by using 
a hybrid approach (HMM-based plus Unit Selection 
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Fig. 8. Speech intelligibility evaluation results 

 
techniques) where the intonation of the target speaker is 
modeled based on another speaker  database, adaptation 
techniques are applied to emulate voice characteristics with 
maximum precision, and the selected optimal elements are 
adjusted to predicted parameters by special modification and 
concatenation methods described in the paper. Experiments 
and subjective expert evaluation results demonstrate that 
high-quality speech synthesis can be achieved even with a 
small speech database. Moreover, the proposed approach 
reduces requirements for accuracy of database labeling 
thanks to spectrum adjustment, and improves synthesized 
speech quality in general. 
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