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Abstract 

Perception of vocal styles is of paramount importance in 
vocal server application as the global style of a telecom 
service is highly dependant on the voice used. In this work 
we develop tools for automatic inference of perceived vocal 
styles for a set of 100 vocal sequences. In a first stage, twenty 
subjective evaluation criteria have been identified by running 
perceptive experiments with naïve listeners. In a second 
stage, the vocal sequences have been parameterised using 
more than a hundred acoustic features representing prosody, 
spectral energy distribution, articulation and waveform. Then, 
regression analysis and neural networks are used for 
predicting the subjective score of each voice for each 
subjective criterion. The results show that the prediction error 
is generally low: it seems possible to predict automatically 
the perceived quality of the sequences. Moreover, the 
prediction error decreases when non-significant parameters 
are removed. 

1. Introduction 
Many works have been devoted to the acoustic features of 
vocal styles, attitudes and emotions. They are mainly dealing 
with stress recognition [1], basic emotions distinction [2] or 
voice quality in a medical context [3]. More recently, these 
features have been also studied for detection of the 
emotional state of customers in telephone call centers [4]. 
Nowadays, in telecom applications, voice is no more only a 
way of conveying semantic information. It seems also of 
paramount importance for telecom companies to develop a 
better knowledge of non-semantic voice quality perception 
in their vocal server applications. It is a way to create 
customer loyalty. When a company decides to create a new 
vocal server, the global vocal style of the service is one of 
the important technical and commercial specification that 
must be taken into account. 
The main purpose of this work is to develop tools for 
automatic selection of voices with perceptive attributes 
matching well with the telecom server style that represents 
the company’s identity. This selection has to be fast, cheap, 
and must adapt easily to large and new speech databases, so 
excluding perceptive tests. The development of such 
automatic prediction tools is a 3 steps procedure. In a first 
stage, a description of the vocal sequences in terms of 
perceptive attributes are obtained from perceptual 
experiments. In a second stage, a set of acoustic features are 
derived using signal analysis. Finally, the relationships 
between perceptual and acoustic domains have to be learned, 
using some sort of statistical analysis (e.g. regression 
analysis or neural networks). Then, the learning procedure 
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be used for predicting the perceptive attributes of new 
ences directly from their acoustic features. 
ection 2 the 3-steps development of the prediction 
ithm is described: perceptive judgments, acoustic 
ses, regression analysis [5]. Evaluation of the 

iction quality is discussed in some details in Section 3. 
tion of the most significant acoustic parameters is also 
ssed. Section 4 presents a summary of the results and 
 conclusions. 

Perceived quality prediction from acoustic 
features 

corpus for this study is made of a hundred speech 
ences corresponding to twenty professional female 
kers pronouncing one sentence according to their own 
pretation of five speaking styles: normal (“naturel”), 
 (“chaleureux”), dynamic (“dynamique”), reassuring 

ssurant”) and smiling (“souriant”). A same French 
nce is used: “Bienvenue sur Audiotelis; pour obtenir 
aintenant le service de votre choix, tapez la commande 
spondante sinon suivez-moi.” (“Welcome on the 

otelis server: to select the service you have chosen, 
 the corresponding key, or follow me.”). 

Perceptive attributes 

first experiment of free categorization and verbalization 
185 male and female listeners between 14 and 60 years 
were asked to make clusters with the hundred vocal 
ences, according to their own impression of similarity 
o describe each group with their own words. From these 
riptions we have kept twenty criteria the most 

only used by the listeners in their comments: 
ueillante” (welcoming), “agréable” (pleasant), 
ssive” (aggressive), “autoritaire” (authoritarian), 

ale” (ordinary), “chaleureuse” (warm), “claire” (clear), 
rde” (shrill), “dynamique” (dynamic), “exagérée” 
gerated), “expressive” (expressive), “gaie” (happy), 
e” (young), “naturelle” (natural), “professionnelle” 
essional), “rapide” (speedy), “rassurante” (reassuring), 
suelle” (sensual), “souriante” (smiling) and “stressante” 
ssful). 
e criteria were used in a second experiment for which 
ers were asked to give a score according to each 

rion and for each vocal sequence on a scale from 1 (not 
tive) to 7 (perfectly matched). These data are those we 
 explain and predict with acoustic measures. 



2.2. Acoustic features analysis 

The acoustic parameters are divided into five classes: global 
and dynamic prosody, spectrum, waveshape and articulation. 
As perception tests have been proceeded trough a telephone 
handset, spectral analyses are computed inside the telephone 
band between 300 and 3400 Hz. 
 

• Global prosodic description (20 parameters) 

Pitch, energy and silences are described by simple statistics 
as average, minimum, maximum, range and some 
distribution descriptors as variance, skewness or kurtosis. 
 

• Dynamic prosodic description (4x10 parameters) 

Intonation has a very important role for conveying emotions 
[7], it is mainly supported by pitch and energy contour. 
Studied sentence is split into 4 logical blocks. Each block is 
represented by a 4-points vector of pitch and energy 
variation. The split points and measure points have been 
selected to be consistent with human perception of melody. 
Vectors are compared with 5 prototypical contours: flat, 
ascending, descending, ‘hat’ and ‘V’ form. 
 

• Spectral description (25 parameters) 

Voice pleasantness and spectral energy distribution seem to 
be well correlated [8]. So we analyse 1/3 octave band 
energy, average and maximum and other parameters 
describing voice quality: spectral centroïde and colour [9].  
 

• Waveshape description (10 parameters) 

After a study on prosodic analysis [10], we decide to 
describe waveshape by its general profile, in particular its up 
and down movements: number, duration and energy ratio. 
 

• Articulation (12 parameters) 

Duration and energy balance between vowels and 
consonants could be a good description of articulation. A 
microprosodic pith analysis on vocal sounds is added 
because it is correlated with emotional speech [11]. 
 
Table 1 shows examples of best correlations between 
parameters and judgments. Significant correlations (in bold 
style) point out a reliable link between a criterion and an 
acoustic parameter. They allow us to describe more precisely 
some voices aspects and compare them. For example, we can 
see that shrill voices have high pitch, high energy and high 
value of spectral centroïde, in the contrary of sensual voices. 
Aggressive voices have a short consonant duration and high 
energy during this consonant time like authoritarian or 
speedy voices, that is confluent with the idea of aggressive 
attribute. 
These correlations are also a way of verifying the good 
choice of the parameters but are not strong enough to link 
directly the parameter value with the criterion score. To 
predict this score, a combination of different acoustic 
parameters is needed. 
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 Pitch average Energy 
average 

Silence 
duration max 

hrill 0,52 0,60 -0,26 
namic 0,33 0,50 -0,58 
nsual -0,54 -0,34 0,14 

 
Pitch 

ascending 
(Block 1) 

Energy 
descending 
(Block 3) 

Energy ‘hat’ 
(Block 3) 

easant -0,36 0,13 -0,13 
appy -0,08 0,47 -0,35 
oung -0,11 0,34 -0,49 

 Spectral 
centroïde 

[1 - 1,3 kHz] 
avg 

[1,3 - 1,7kHz] 
avg 

hrill 0,69 0,76 0,77 
essful 0,68 0,66 0,68 
nsual -0,63 -0,60 -0,59 

 Duration ratio Up-Energy Impuls max 
hrill 0,24 0,61 0,61 
eedy 0,20 0,49 0,47 
arm -0,27 -0,19 -0,22 

 CO duration 
average 

CO energy 
average 

CO energy 
max 

ressive -0,61 0,55 0,57 
oritarian -0,62 0,49 0,49 
eedy -0,68 0,55 0,48 

Table 1: Best correlations for different parameters 
and different criteria 

(significant correlations in bold style) 

Two methods of prediction 

are mainly using linear regression to find relationships 
een the acoustic parameters and the perceptive 
ments. It is computed with the Matlab Statistical 
box because it is easy and fast to perform. Regression 
to find a combination of nbP acoustic parameters like : 

εβ +X where  
y is the 20 by 1 vector of scores for each criterion; 

X is the 20 by nbP vector of regressors; 

β is the nbP by 1 vector of acoustic parameters; 

ε  is the value of random disturbances. 

each criterion, regression builds a model characterized 
s nbP factors. For a new vocal sequence we just have to 
ct its acoustic parameters and multiply them by the 
ssion factors. The sum gives the predicted score for the 
sponding criterion. 

also use a kind of neural network called Multi-Layers 
eptron (MLP) which structure is divided into three 
essive layers, each one communicating with the 
wing. The first layer (entry) receives the acoustic data 
ll the vocal sequences, the second layer is hidden and 
osed of nine nodes, and the last (output) supplies the 
ptive score. The learning method is based on the 
iple of the error gradient retro-propagation. 



3. Evaluation of prediction quality 
Once the twenty models are built, we have to evaluate them. 
Several factors can be taken into account to describe the 
quality of a model. We have selected two of them: the 
original variability (R²) and the prediction error (ERR). 

3.1. Some quality factors of the model 

R² describes the model fittings with the observed values 
obtained during the perceptive tests. R² near 100% points to 
the perfect explanation of the scattering. 
In the following figures, each point represents a vocal 
sequence, on X-axis the criterion scores given by subjects, 
on Y-axis the predicted score as the result of a specific 
combination of acoustic parameters. We can test different 
sets of parameters and compare the alignments. For example, 
the prediction of the “dynamic” criterion with only seven 
pitch parameters is relatively bad: R²=24,5%. Horizontal 
rectangle of figure 1 shows that some vocal sequences have 
about the same predicted score although they are perceived 
differently. The vertical rectangle shows that the same 
perceived sequences are predicted with various levels. 
 

 

Figure 1: Prediction for “dynamic” criterion with 7 
pitch parameters 

 

Figure 2: Prediction for “dynamic” criterion with 67 
parameters (set #1) 
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 add sixty other parameters, describing global prosody, 
tral distribution, waveshape and articulation (set #1), R² 
ases: R²=91,7% and rectangles area decreases (figure 

ffect of parameters selection can be pointed out on R² 
 an other choice of sixty-seven parameters. For example 
 parameters describing articulation, global and dynamic 
dy (set #2), results are more scattered than for set #1: 
3,8%. 
the principle of regression, which tries to find a 
ination of acoustic parameters to match with the criteria 
s, R² always increases with the number of parameters 
decrease with the number of observations (vocal 

ences). In this way we can have an excellent value of R² 
 an oversized model. So another quality factor is needed. 

 is the average difference between the predicted values 
the observed values for the hundred vocal sequences. 
ments scores are distributed between 1 and 7, so 
mum error is 6 but we prefer the comparison with a 
al distributed random prediction. Table 2 shows that 
 decreases when the number of parameters increases but 
o dependant of the set of parameters.  
rences will appear between R² and ERR in part 3.3. 

7 pitch 
parameters 

67 
set #1 

67 
set #2 

Random 
prediction 

namic 0,62 0,30 0,28 1,23 
gerated 0,51 0,27 0,28 1,13 
ung 0,46 0,18 0,24 1,49 
age on 
riteria 0,46 0,19 0,22 1,20 

Table 2: Comparison of different prediction errors 
with a normal distributed random prediction 

Base splitting for testing R² and ERR 

l this point, we just know how to evaluate the way a 
el is built, but not its availability to predict out-of-base 
l sequences. A method called “bagging” is used to 
ate the models performance: it splits the hundred vocal 

ences base into two bases: one learning base and one 
ase which size is arbitrary fixed at ten. The first is used 
ild the model, the second to evaluate it. As the results 
nd on the constitution of the two bases, they have to be 
ged on different split bases. Each split base is built on a 
nuous index selection of prompts ordered by speaker. In 
way, at least one speaker (on five intonation styles) is 
f the learning base. 
e model is built on few observations (ninety instead of 
dred), its evaluation will be worse than it would.  

Effect of the parameters selection 

een before (table 2), a good parameters selection can 
ase the prediction error. Computation would also go 

r because of less parameters. To select them we are 
 the following extraction method that is much faster 
a simple extraction-comparison method. 
each value of the regressors (X), regression supplies a 
idence interval. If zero is out of this interval, the 
sponding parameter is significant and must be kept. In 
ame time, we do recurrent one-by-one extraction of 



parameters, excluding the one which the lack causes the 
greatest number of significant parameters. 
Table 3 compares R² and ERR for a set of sixty-seven 
parameters (set #1) and the corresponding set of selected 
significant parameters (set SP#1). Results are averaged on 
forty-five different split bases of ten vocal sequences among 
the hundred one. It was foreseeable that R² would decrease 
but it is a good news that ERR also decreases. 
  

 set #1 set SP#1 

 R² (%) ERR 

Nb. 
of 
SP R² (%) ERR 

dynamic 93,78 0,83 31 84,87 0,48 
exaggerated 85,23 1,17 38 68,73 0,70 

young 89,69 0,73 23 80,29 0,32 
average on 
20 criteria 89,27 0,76 30 72,96 0,43 

Table 3: Comparison of two models built with sixty-
seven or only significant parameters. Prediction 

averaged on forty-five drawings of ten vocal 
sequences. 

For the twenty criteria, figure 3 shows the prediction error 
for both sets of parameters: #1 and the significant ones from 
21 (for aggressive) to 40 (for professional). The frequently 
significant parameters are the number of phonemes by time 
unit and the average pitch (for 15 criteria), the maximum of 
silence duration (for 16 criteria) and the kurtosis of energy 
(for 17 criteria). 
We can notice that the prediction is always better with 
significant parameters and that it is about the same for each 
criterion. 

 

Figure 3: Error for the 20 models built with 67 
parameters (full line) and a selection of significant 

parameters (dotted line).  
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4. Discussion - Conclusion 
purpose of this work was twofold. On the one hand, a 
el for predicting the perceptive attributes of a given 
l sequence from its acoustic description was developed. 
he other hand, the prediction quality of this model was 
ated. We have chosen to compute a large number of 
eters (a hundred and seven) describing global and 

mic aspects of prosody, spectral distribution of energy, 
ulation and waveshape. Then, we have paid a great 
tion to the selection of some of these parameters by a 
ific extracting method. Results show that prediction 
 of new voices judgment decreases with the selection of 
ficant parameters and stays relatively constant for each 
ctive criterion above 0,70. This value seems quite 

fying; compared to the subjects’ standard deviation 
cally between 0,49 and 2,60). Then one can conclude 
prediction of perceptive attributes from acoustic 
eters is effective. 

e same framework, we also evaluated models built on a 
al network. Certainly due to the fact that neural 
orks need more than a hundred vocal sequences to be 
ed, results seem less convincing. R² value is better than 
 linear regression but prediction errors on new vocal 
ences are higher. 
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