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RESUMEN
The aim of this paper is to validate the objective descrip-
tion of the voice pleasantness concept. This concept has
been objectively defined on an exhaustive study based on
subjective voice analysis, comparison and scoring[1, 2].
For increasing text-to-speech (TTS) voice pleasantness
while maintaining speaker’s identity a set of procedures,
that operate on time and frequency domains and encom-
pass phonetic and prosodic levels, are proposed. These
enhancement procedures have been integrated in widely
know speech engines and the obtained results showed an
effective gain on the evaluated parameters providing sup-
port to both methodology and objectives. The Mean Opin-
ion Score (MOS) [3] performance evaluations indicated
pleasantness improvements of 7% for female voices and
3% for male voices when compared with systems that do
not consider these quality aspects.

1. INTRODUCTION

The main goal on speech synthesis systems is the pro-
duction of high quality speech with the maximum natu-
ralness. The latest developments in acoustic engines are
slowly fulfilling these requirements and TTS technology
is increasingly being included in our daily lives. Front-
end design has also improved and can now deliver rich
prosodic information to the acoustic engine which effi-
ciently produces human like speech. (without any kind of
compromise some examples of commercial high quality
TTS systems can be heard at [4, 5]).

Our concerns regarding voice enhancement and qual-
ity assessment are often associated, in specialized litera-
ture, with voice impairments or disorders. There is an ex-
tensive bibliography on this subject, in which voice qual-
ity means normal speech characteristics that are somehow
affected for pathological reasons, leading to hoarseness,
roughness, raspiness, effort to talk, breathiness, vocal fry,
uncomfortable or abnormal pitch, and other abnormal vo-
cal symptoms [6, 7, 8].

However for a continuous use of TTS systems on a
daily basis additional quality requirements arise. On an-
other perspective, considering that no voice pathologies
are present, the interaction with a machine’s voice must
be everything but boring and if possible it should be pleas-
ant. It is our belief that one of the next frontiers on TTS

technology resides on improving voice quality in order to
help to increase interaction pleasantness. On [1] and [2]
an extensive study and wide discussion is made on the
description of what objective parameters define a quality
and pleasant voice. For achieving the best results, these
parameters should be considered since the earliest devel-
opment stages by making a careful selection of the voice
talent. Nevertheless, for a fully developed TTS system it
is still possible to perform small adjustments that can lead
to increased results on MOS performance evaluation.

The rest of the paper is organised as follows: In sec-
tion 2 we describe the used methodology for processing
the speech signal using two different approaches, one ba-
sed on TTS’ output signal manipulation and another one
based on the direct inclusion of enhancement criteria on
a third generation HMM based system. In section 3, a
quick presentation is made on what are the several objec-
tive parameters that can be used to define a quality voice
and how the quality goal is obtained. In section 4, we
show several performance evaluation tests and an exten-
sive discussion of the results. Finally, in section 5, main
conclusions are pointed out and future work is foreseen.

2. METHODOLOGY

To validate the objective pleasantness definition we pro-
pose a set of adaptive phone level signal operations for
voice enhancement according to the pleasantness para-
meters. These procedures can be easily integrated with
an existent system as an extension, independently of the
technology, or can be directly included as a part of the
processing operations. Traditional voice conversion tech-
niques [9, 10] involve intense signal manipulation which
often lead to quality degradation. In our case quality is a
main concern and speaker’s identity must be preserved so
we decided to support our signal operations with mature
proven models.

For enhancing voice quality two approaches are pro-
posed: the first consists on an adaptive phoneme depen-
dent module located at the end of the TTS system, the sec-
ond consists on model adaptation on an Hidden Markov
Models (HMM) based speech synthesizer. In both cases
speaker’s identity is preserved. Both will be described in
detail.
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Figure 1. Integration of the voice enhancement module
in a typical TTS architecture

2.1. Integration with TTS as an output module

In this case the speech enhancement operations will be
performed by a module located at the end of the TTS
pipeline as can be seen on figure 1. This architecture is
particularly suitable for integration with fully developed
systems since it implies minor information flow changes.

The module will output speech after carrying out time
domain operations on the utterance level, by manipulating
the energy envelope, speaking rate and pause rate, and
frequency domain operations by manipulation pitch pe-
riod and formant frequencies on voiced sounds (indepen-
dently). The required information consists of the phoneme
sequence, timing, voiced/unvoiced and prosodic tags with
pitch, all given by the front-end, and additionally an en-
hancement goal.

Hence, the first step is the definition of an enhance-
ment goal that indicates the extent of the changes that
should be made, in percentage, for each parameter. Time
domain parameters, like speaking rate and pause rate, can
be directly set to new absolute values (without forget-
ing context) and can be widely varied for evaluation pur-
poses. However, careful indications must be given on
spectral parameters since they can lead to a mutated voice.
The optimal parameters result from a subjective evalua-
tion against other voices or against the same voice.

The time domain signal decomposition/composition
is based on the Time Domain Pitch Synchronous Over-
lap Add (TD-PSOLA) algorithm [11] since it introduces
minimal distortions and it a very effective way to perform
small pitch changes. Segment durations are changed ac-
cordind to a context and phoneme dependent ratio:

dnew(p) =
1

2C + 1

p+C
∑

i=p−C

dtarget(i)

dcur(i)
(1)

wherednew is the new duration for segmentp, dref

anddcur are the target and current durations respectively
andC is a neighbourhod limiter for analysis. In our case
most considerer segments are phonemes and a neighbor-
hood of 2 segments, before and after, was used (C = 2).

The frequency domain operations are performed by a
filter that is calculated for each window considering the
current phoneme. The filter is defined according to the
following procedure:
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Figure 2. Effect of pole manipulation of the AR filter for
formant and bandwidth adjustment

s(k) =
∑

i

ais(k − i) + G.u(k) (2)

is adjusted to a source-filter model based on an all-
pole filter

H(z) =
S(z)

U(z)

=
U

1 −
∑N

i=1
aiz−i

=
G′

∑

j(z
−1 − pj)

(3)

with U(z) as the excitation,G as the model gain and
pi as filter poles. For a sufficient model orderN the
signal can be successfully reconstructed since both fil-
ter and excitation information are known. In our case
the modified covariance method [12, 13, 14] was used for
Auto-Regressive (AR) estimation, because it leads to sta-
ble models, it can efficiently deal with wrong model or-
ders and because it introduces reduced spectral line split-
ting effects. 2. Extract formant frequencies and band-
widths. For each filter polepj with magnitudeAj and
frequencywj , the formant frequencyFj , for a sampling
frequencyfs comes as:

Fj = fs

wj

2π
(4)

The bandwidthBj are approximated by:

Bj = fs

Aj

π
(5)

3. Adjust formant frequencies by relocating filter poles
and perform formant sharpening. Each (Fj , Bj) pair is
then manipulated to fit the given context dependent crite-
ria. The effect of spectral sharpening and formant adjust-
ment can be seen on figures 2 and 3.

With all this it is possible to build the correction fil-
ter that will be applied to each specific window. A dis-
crete Itakura-Saito [15] based metric is used to evaluate
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Figure 3. Example of a spectral envelope before and
after speech enhancement for pleasantness

the spectral distance between original and enhanced sig-
nal:

dIS

{

P (ω), P̂ (ω)
}

=
1

N

N
∑

m=1

(

P (ωm)

P̂ (ωm)
− log

P (ωm)

P̂ (ωm)

)

(6)

A threshold limits the extent of spectral changes in the
signal.

4. Spectral weighting. Finally, for reducing the ef-
fects of noise amplification introduced by the correction
filter, an extra spectral weighting filter is used. The fil-
ter is based on Linear Prediction (LP) coefficients using a
zero/pole transfer function with coefficient weighting:

W (z) =
A(z/α)

A(z/β)
=

1 +
∑

k akz−k

1 +
∑

l alz−l
(7)

The values forα andβ are computed for each window
according to the previously extracted spectral envelope
and, to keep a low distortion between sudden changes on
the parameters, an interpolation is performed considering
the previous values. Tipical values areα ∈ [0.85, 1.08]
andβ ∈ [0.82, 0.95].

2.2. Integration with HMM based TTS

On a different approach we have tried to apply the voice
enhancement criteria to an HMM based synthesis system
[16]. Since these systems are centered on time-frequency
statistical sound models, the voice changes can be per-
formed by small arrangements on the model’s statistical
parameters.

In our case we trained a voice font with what we con-
sidered to be an optimal voice (our optimal voice resulted
from a set of several subjective tests from which the en-
hancement parameters were derived) and using a weighted

re-estimation process, based on the Baum-Welch algo-
rithm, we adapted the desired voice font.

One major issue with the adaptation process using the
HMM based TTS was the variable restriction that should
be imposed to maintain the voice’s idendity. We have
built a phoneme dependent iteration counter but due to the
lack of adaptation data and to variable spectral distances
several distortions can appear. In addition if the adapta-
tion process is not controled a complete voice conversion
will be performed. An analysis by synthesis method was
imnplemented but the procedure is time consuming and
makes the real-time conversion impossible.

The binary trees that help to determine the synthesis
parameters were also rebuilt. All the process was con-
ducted on during the training and no changes were made
to the speech production engine.

Another possibility, if the optimal voice font were not
available, would be to directly manipulate the models in-
volved with each of the data streams. Each of the en-
hancement criteria have their own stream with specific
models for duration and for spectral description.

3. VOICE QUALITY

The studies performed on [1] and [2] correlate objective
parameters such as formant frequencies, fundamental fre-
quency, duration, intensities, energy, speaking rate and
their related dynamic features with subjective parameters
that cover pleasantness (PLS), intelligibility (INT), articu-
lation (ART), accent pronunciation (ACP), expressiveness
(EXP), exceptionalness (EXC), sensuality (SNS) and atti-
tude (ATT). The study involved several female candidates
on an European and Brazilian Portuguese voice talent se-
lection process. Each voice was individually evaluated
by a set of listeners (male and female with a large age
range) according to the subjective parameters. Objective
parameters (ex: f0, formant frequencies and bandwidth,
etc.) are then extracted and correlated with the subjective
scores.

In an unpublished work of the authors the study is
extended to European Spanish, French and English with
some preliminary results presented here. The original
scripts were carefully translated to these new languages
in order to maintain prosodic context for each sentence.
A set of recordings have been made with professional na-
tive speakers. Each voice was classified according to the
above mentioned subjective parameters and then corre-
lated with objective parameters. The subjective classi-
fication was performed on a five points scale (1 for the
worst opinion and 5 for the best opinion) and the corre-
lation values were obtained using the standard correlation
equation:

correl(X, Y ) =

∑N

i (xi − x̄)(yi − ȳ)
√

∑N

i (xi − x̄)2
∑N

i (yi − ȳ)2
(8)



Score Correlation
Objective Feature Average St. Dev.

F0 Average (Hz) - 0.56 0.052
F0 Min (Hz) - 0.45 0.042
F0 Max (Hz) - 0.67 0.023
F0 Std. Dev (Hz) 0.29 0.015
F0 range (Hz) 0.10 0.012
SPR (words/sec) 0.17 0.011
SPR (%) - 0.28 0.018
Pause Rate (%) 0.30 0.011
Total Energy (dB) - 0.54 0.034
Energy St. Dev. - 0.52 0.030
Avg. Intensity - 0.59 0.038

Table 1. Correlation results between objective features
and voice classification scores

whereX = {x1, . . . , xN} and Y = {y1, . . . , yN}
are the set of objective results and the subjective scores
respectively.

The objective evaluation for each voice and for each
group show different results but share some common indi-
cators. The results for the most representative parameters,
in all the five languages, are presented averaged in table
1. The fundamental frequency is analysed considering the
average, maximum and minimum, standard deviation and
the difference between maximum and minimum values.
Speaking rate (SPR) is also considered as the number of
words per time unit (in this case words per second) and in
percentage as the relation between the speaking time and
non-speaking/pause time (a pause was defined as any non-
speaking segment with duration greater than 20ms). The
energy and the intensity were normalized before compar-
ison.

The obtained values can be biased if a group of speak-
ers share some similar voice characteristic. To avoid this
the selected speakers in our case formed a very heteroge-
neous group with very distinct voices and speaking styles.
From the results the following pleasantness indicators can
be pointed:

• Low fundamental frequency. We can see that F0
average showed a high inverse correlation with the
obtained voice score which indicates a preference
for voices with a lower pitch

• Dynamic prosody. The voices with greater varia-
tion on the prosodic parameters (not all are shown)
also seemed to be preferred. Variations on pitch,
durations and intensity are valued characteristics from
the pleasantness point of view.

• Fast speaking rate but with pauses. The fast speak-
ers showed to be prefered nevertheless it is desir-
able to have well defined pauses between utterances.
We suppose that this shows assertiveness and trans-
mits confidence to the human listener.

Frequency Bandwidth
Phon. Formant EP BP EP BP

A 1 - 0.33 - 0.36 - 0.20 - 0.18
2 - 0.31 - 0.30 - 0.18 - 0.19

6 1 - 0.41 - 0.57 0.30 0.36
2 - 0.32 - 0.52 - 0.21 - 0.27

i 1 - 0.51 - 0.32 - 0.19 - 0.19
2 - 0.27 - 0.28 - 0.12 - 0.11

o 1 - 0.01 0.04 0.27 0.29
2 - 0.05 0.02 0.17 0.17

E 1 0.15 - 0.43 - 0.18 - 0.14
2 - 0.09 - 0.11 - 0.21 - 0.19

U 1 - 0.47 - 0.45 - 0.26 - 0.26
2 - 0.14 0.21 - 0.22 - 0.21

Table 2. Correlation results between formant frequencies
and formant bandwidth in some vowels and voice classifi-
cation scores for European Portuguese (EP) and Brazilian
Portuguese (BP)

For European (EP) and Brazilian (BP) Portuguese some
phoneme specific acoustic parameters were also conside-
red on the study. Since the human hearing has a greater
sensitivity to the spectral frequencies with more energy
we concentrated our study on the first formant frequen-
cies and their related bandwidths. Some results of the
performed analysis are presented in table 2 for the main
vowels and considering first and second formants. Since
the relative frequency of appearance of each phoneme is
language dependent their importance on the acoustic rep-
resentation must be different, this way the results are pre-
sented separately.

It can be observed that the results are quite different
from phoneme to phoneme and that, as expected, simi-
larities can be found for the two language varieties. In
accordance with what has been said for pitch period, the
low formant frequencies are also a desired feature in most
cases. Concerning bandwidths it seems that sharper spec-
tral peaks lead to better evaluations. With these results in
hand it is possible to define a pleasantness goal and de-
velop a procedure to perform voice adjustment in order to
enhance its quality while maintaining the speaker’s iden-
tity.

3.1. Pleasantness Goal

The pleasantness reference is found by following the me-
thodology described in [1]. It requires a group of candi-
date speakers for voice-font recording, a set of listeners
for evaluations and an application context. The initial set
of voices should be heterogeneous but compatible with
generic voice pleasantness values (this can vary accor-
ding to culture, language, etc.). For EP and BP female
speakers the objective pleasantness reference is defined
asf0 = 208 ± 9Hz (95% confidence interval), normal-
ized energy18.8dB/sec, 3.8 words/sec for the speaking
rate and15.3% of the time should be used for pauses. The



values were obtained by maximizing a quadratic polyno-
mial used to model the relation between objective param-
eter and score. The model is obtained by minimizing the
error for a quadratic curve fitting using each of the anal-
ysed parameters:

k =

N
∑

i=1

[

yi − (b0 + b1xi + b2x
2
i )
]2

(9)

whereyi represents the obtained score andxi repre-
sent the parameters in evaluation. The maximum of the
obtained curve will point the best values for the parame-
ter.

Signal manipulation is performed on time and spec-
tral domains. In the time domain phoneme level durations
are changed by a segment dependent fixed ratio which is
obtained from the average segment durations on original
and reference voice. If the original speaker has a nat-
ural speaking style the introduced changes on duration
will not introduce ambiguity on speaker identification. In
spectral domain similar ratios are previously calculated
for formants and related bandwidths in voiced sounds.
These ratios have been limited to[0.9, 1.1] to limit spec-
tral changes. In this domain no changes are made to un-
voiced sounds.

4. RESULTS AND DISCUSSION

Our concept has been tested with two TTS technologies.
For comparison purposes we have chosen well know en-
gines: Festival [17], as a concatenative system, for testing
our first approach and HTS [18] basic configuration, for
testing the second configuration.

4.1. Used Corpora

In both cases we have used two European Portuguese voice
databases, one with a female voice (87 min.) and another
with a male voice (100 min.). Both were recorded us-
ing professional equipment in a professional studio. La-
belling and segmentation have been performed using a
semi-automatic procedure (approximately half was hand
labelled by a linguist and the remaining was automati-
cally labelled with a posterior linguistic revision). For
labelling, 38 symbols are used for representation of the
Portuguese phonemes and 4 extra symbols for marking
silence, inspiration, tonic syllable and stops in plosives.
In spite of all the careful taken with recording scripts and
recordings no special attention has been given to speaker
selection (there was only one person only good articula-
tion and good dynamics at a subjective level were consi-
dered). However after some comparison with other voices
we quickly noticed that none of the voices was totally sat-
isfactory besides their overall good naturalness.
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Figure 4. Results of the subjective tests according to
voice pleasantness (90% confidence interval is show in
the top of the bars).

4.2. Experiments

Our optimal voices are from two speakers (male and fe-
male) from popular radio stations after a wide selection
process. The voices were objectively analysed and a pleas-
ant voice model was built. The several considered para-
meters were then used to define a voice goal as described.
A set of 10 long sentences (expected to give at least 10
seconds of speech) were chosen and the related speech
was produced by a concatenative system based on Festi-
val (CF) and by HTS (HTS) basic configuration, the same
sentences were the produced using our proposed voice en-
hancement procedure (CFVE and HTSVE). A group of
11 listeners with no special speech technology knowledge
evaluated the sentences and voted for voice pleasantness
according to their preference. In figure 4 we show the
results obtained in our subjective evaluation tests. It can
be observed that the voice enhancement procedures intro-
duce some improvements on the listener’s opinion which
means that the signal manipulation doesn’t introduce any
adverse effects. However the changes are not highly sig-
nificant because the speaker’s identity was preserved. We
expect that the results could show greater improvements
if the original voice was a randomly selected voice.

For male voices only an average of 3% of improve-
ments could be measured for both systems, CF and HTS.
These results don’t point any meaningful benefits from
the usage of the proposed procedures. On the contrary,
we can see that for female speakers there is an increment
of around 7% on voice pleasantness preference. The ob-
tained results for HTSVE are not so expressive due to an
insufficient amount of trainning material and due to the
experienced issues on phoneme adaptation without los-
ing speaker’s identity. Nevertheless this suggests that the
identified voice quality parameters are important for voice
pleasantness and that it is possible to perform voice en-
hancement by the use of signal manipulation operations.

In figure 5, we can observe an example of the en-
hancement for a word pronounced by a female speaker.
Looking at the spectrum represented above it is possible
to see that the formants are better defined while the energy



Figure 5. Spectrum for the word "porta"(door) after
(top) and before (bottom) voice enhancement for voice
pleasantness.

in the spectrum valleys remmains at the same levels, spec-
tral peaks are also sharper. It is also possible to see small
changes in the durations of the vowels (largest segments).

5. CONCLUSIONS

In this paper, we presented a set of objective parame-
ters that play an important role on the evaluation of voice
quality, particularly concerning pleasantness. It is our be-
lief that these parameters will be of major importance on
voice selection and TTS systems’ performance evalua-
tions. After defining how to increase the voice quality
we’ve proposed a set of procedures, considering time and
frequency domain parameters, which can help to follow
this path. We have performed several evaluation experi-
ments using widely know speech engines and the obtained
results show that our proposal can lead to an effective
voice enhancement.
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