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ABSTRACT 

Besides phrasing, prominence is one of the most important 
parameters of speech prosody to model. The so called data 
driven approaches nowadays seem to be the appropriate 
solution for prosody modeling in current text to speech 
(TTS) systems. They allow prosodic regularities to be 
automatically extracted from a prosodic database of natural 
speech. In this paper we’ll present an evaluation of 
suitability for automatic word prominence classification of 
Slovenian language with a hierarchical approach. We 
classified the prominence of words into two groups, 
characterized by pitch movements (pitch accent) and stress 
(stress accent). Pitch movements have been detected from 
the interpolated syllable pitch contour, while syllable stress 
was classified from the quantity of energy in the high band 
of vowel spectra. We’ll also present an examination of the 
correlation between the hand labeled prominent words and 
the extracted prosody features of the mentioned two 
classes.

1. INTRODUCTION 

Prominence – referring to the strength of relation between 
elements within a given domain – is one of the most 
important parameters of speech prosody (besides phrasing) 
to model. The so-called corpuses driven approaches seem 
to be the appropriate solution for prosody modeling of the 
next generation of TTS systems. They allow prosodic 
regularities to be automatically extracted from a prosodic 
database of natural speech. 

The first step towards data driven prosody prediction is the 
design of a large corpus labeled with appropriate symbolic 
prosody labels. The labeling of data can be performed 
(preferably) manual (skilled experts) or automatically. 
While automatic labeling can be less accurate than hand 
labeling, prosodic labeling based on perceptual tests is very 
time consuming and usually inconsistent. Therefore 
automatically labeling approaches in the design of 
databases are preferred. 

As automatically approaches usually demand some manual 
examination and eventual corrections (verification stage) it 
seems to be appropriate approaching the problem of 
labeling with a semi-automatic method. As we approached 
to the labeling of a Slovenian database it was very 
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tant to use a concept of labeling suitable for more 
nly one language. 

s paper we’ll present an evaluation of suitability for 
atic word prominence classification for Slovenian 

age with a hierarchical approach using automatic 
ds. We designed a graphic environment with the goal 
mi-automatic phrase breaks as well as word 
nence labeling supporting the labeler decisions in 
nt levels of prosodic symbols used for labeling [11]. 

n a prosodic phrase we classified the prominence of 
 into two groups; the first group is characterized by 
movements (pitch accent) and the second group is 
terized by prominent words emphasized by means of 
l stress. 

accent can be reliably detected using the overall 
le energy and some measure of pitch variation. As 
easure can be extracted from parameters using the 
scheme, the features for the first class have been 
ined from the interpolated pitch contour using some 
f the RFC intonation model and TILT parameters 
he main correlates of syllable stress indicated in the 

ure seem to be syllable duration and high quantity of 
 in the high band of vowel spectra where the main 

nts reside [15]. Therefore the second class of features 
een extracted from overall syllable energy and 
on in the high frequency domain of major formants. 
introduce a selective approach of prominent words 

fication with the goal using it as input to our 
nent words prediction module of our TTS system. 

2. THE DATABASE 

portant step during the adaptation of a TTS system to 
 language is the design of a suitable database. The 
se we used consists of 1206 sentences in the 

nian language (orthography), which equals 
ximately three hours of speech. The selection of the 
as designed to ensure good coverage of the phones in 
ovenian language; therefore clauses were gathered 
cluded from different text styles (e.g., literature and 
aper texts). These texts were not chosen primarily to 
e the best coverage of prosodic patterns (the aim of 
rpus design was suitability for concatenative speech 
sis) therefore no intentional balancing of clause 
was performed (declarative – interrogative – 
ations). Also dialogue context and syntax were not 



considered, and no semantic analysis was performed since 
only isolated sentences were included. Semantic prosody 
was irrelevant for text selection. The whole corpus was 
determined using a selection of clauses from a 31 million 
word corpus in the Slovenian language from e-newspapers, 
e-literature, the WWW or CD’s. The major parts of the 
clauses covered daily published news and Slovenian 
literature; the minority consisted of clauses taken from 
Slovenian poetry. First, sentences not shorter then 15 and 
not longer than 25 words were preselected from the major 
corpus. Then, four different text corpora were generated 
and analyzed statistically (approximately 5000 sentences 
per corpus). After the described statistical analysis of the 
four different text corpora the final corpus was generated. 
The criterion for the final text filtering was based on 
monophone, diphone, triphone and fivephone 
(non-uniform units) richness. Considering comprehension 
and frequency of units, a careful elimination of sentences 
was performed. Clauses with poor unit comprehension and 
unit duplicates were eliminated. In the final corpus 1200 
sentences remained [9]. 

Audio recordings 

The audio database recordings were created in a studio 
environment with a male speaker reading aloud-isolated 
sentences in the Slovenian language. Every sentence was 
sampled at 44.1 kHz (16 bit). Because the speaker was a 
professional radio news speaker, the speech contained no 
disfluencies (i.e., filled pauses, repetitions and deletions) 
although for this particular speaker there was some 
evidence of hesitations in the form of pauses and 
lengthening. Compared to the German corpus [6] used in 
[8], the percentage of hesitations differed significantly 
(<0.5% German, >15% Slovenian). 

Phonetic transcription 

The phonetic transcription was managed using a two-step 
conversion module. The first step is realized with a 
rule-based algorithm. The second step was designed with a 
data-driven approach (neural networks were used). The 
module was designed for the support of two approaches in 
grapheme–to–phoneme conversion. The first part was 
intended for those cases in which no morphological lexica 
were available. The first rule based stress assignment was 
applied, followed by a grapheme-to-phoneme conversion 
procedure. The step of stress marking before 
grapheme-to-phoneme conversion is very important for the 
Slovenian language, since it very much depends on the type 
and place of the stress. If the phonetic lexicon is available, a 
data-driven neural network approach, represented by the 
second part in the module, can be used. Here, the phonetic 
lexicon was used as a data source for training the neural 
networks [9]. 
The data preparation, generation of the training patterns 
and the training of neural networks were done completely 
automatically. The transcription was performed in two 
steps. In the first step the graphemes were converted into 
phonemes, and syllable breaks were inserted in the 
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apping between graphemes and phonemes was 
med by generating training patterns for neural 
rks (NN) as proposed in [5]. 
nciation was derived from the IPA Alphabet. In order 
resent the IPA symbols in ASCII characters the 
A phonetic transcription symbols for the Slovenian 

age were used [9]. 

Phonetic segmentation and labeling 

poken corpus was phonetically transcribed using 
 Along with standard nomenclature, two special 
rs were used for pauses between phonemes. “sil” 

es the silence before and after a sentence. “sp” 
es the silence between words in a sentence. Both were 

ined with a ones-state HMM and all phonemes with 
state HMM in the HTK environment  

Accent labeling inventory 

ecided to distinguish between word accent, phrase 
t and sentence (utterance) accent. Word accent is 
d by a word emphasized through perceptual prosodic 
t or pitch accent, where phrase accent by our 
tion is carried by a word most prominent within a 
 comprised of one or more accentuated words. The 
accent defined in our inventory is the so-called 
nce accent, which is (eventually) carried by a word 
prominent in the considered sentence (it is not 

sary that a distinction of the utterance accent can be 
between words being prominent). The classification 

ecified accents is a complex matter; therefore, an 
ory adequate to distinguish among the three accents 
hosen. 
ver, the following experiments concentrated only on 
st category defined in our accent-labeling inventory 
two labels (WP, NP). In our inventory a phrase is a 
nce of words within major/minor boundaries [11].  
ction between accented and non-accented words was 
ithin a phrase comparing syllable pitch envelope and 

lized syllable mean average pitch changes 
alized on syllable mean average pitch changes for the 
rned sentence). Energy and mean energy for syllables 
ach word were also considered. Through 
tic-visual sessions with a graphic tool also a 
fication in special cases was made where, depending 
 accent type, the accented syllables had low average 
compared to the sentence average. Word prominence 
lassified according to four classes similar to those 
n [2]: 

A = Emphatic accent, 
A = Primary accent, 
A = Secondary accent, and 
A = No accent. 

nsidered primary accent as to be assigned to normally 
ted words – words perceptibly most prominent within 



a phrase (lexical stress). Usually one or more words within 
a phrase carry a primary accent. We considered the 
secondary accent to be conveyed by an accentuated word 
within a phrase not carrying a primary accent. Finally, the 
emphatic accent is reserved for accented and (lexical) 
non-accented words that are perceived as extremely 
stressed relative to other words or are carrying an emphatic 
function [2], [17]. 

3. LABELING OF PROMINENT WORDS 

We defined two classes of prominence on word level:  
− perceptual prosodic accents (words being emphasized 

by stress) and 
− pitch accents (words being emphasized by pitch 

movements) [7]. 
Our aim was the selective detection of both classes 
automatically. The hand labeling of prominent words of our 
database is in progress but is due to a very time consuming 
process proceeding very slowly. 

The acoustic parameters 

The first acoustic parameter involved in our experiments 
was bandpass filtered energy. We used a classical FIR with 
frequency bounds between 500 – 2000Hz. Experiments in 
[15] for Italian and [10] for American English and Dutch, 
(both for male speaker) showed that this band of high 
frequencies is the most suitable. For every utterance we 
computed RMS of the bandpass filtered energy (ERMS_B).
ERMS can be computed in many variations, however in this 
study we used the widely used: 
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where j is indexing the current syllable in the concerning 
utterance and i the belonging samples. 

Energy variations across different utterances were reduced 
with normalizing every syllable with mean syllable energy 
over the concerning utterance. 

The second acoustic parameter was fundamental frequency. 
As the extraction of the pitch contour is a delicate task we 
used a successful scheme for f0 estimation. Therefore we 
used a robust algorithm for periodicity detection in the 
autocorrelation domain, suggested by [3] an implemented 
in Praat [4]. 

We processed every utterance and computed our measure 
for pitch changes – pitch dynamics (fD) – for every syllable: 
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, (2)

where j is indexing the current syllable and i the concerned 
samples. 
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ain correlates of syllable stress found in literature 
to be syllable duration and energy [1]. However the 
s of [12], [13], [14] showed, that high-frequency 
sis seem to be a more reliable acoustic parameter 
ust normalized energy by itself for stressed word 
ication. The presence of a high quantity of energy in 
gh band of vowel spectra, where the main formants 
, is one of the parameters indicating a strong 
ility for syllable stress [15].  

vident (in comparing the distribution of energy and 
ass filtered energy over syllables) that the distance 
en the energy values being evaluated with the 
lanobis distance measure in the utterance 
icantly increases (Figure 1). 
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gure 1: A comparison of ERMS and bandpass ERMS_B.

fore we used a simple threshold value for selective 
ction of prominent syllables (words). The line of 
cation for every utterance we used, M(ERMS_B), was 
ted from normal distribution function using mean 

and standard deviation (σ):
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 M is indexing σ for the concerned utterance. 

Pitch Accents 

tion profiles and accent classification are the major 
 of many studies in the last decade [15]. The 
aches can be categorized into following categories 

nguistic systems such as ToBI, which encode events 
f a linguistic nature and are not so suitable for 
ncoding in automatic systems and 
honetic systems such as HCLB or INTSINT, which 
im only at providing a purely configurational 
escription of the macroprosodic curve without 
terpretation. 
ed the compact RFC representation from the TILT 
 as one of the parameters (Aevent) can be considered as 



a measure of pitch variation [15]. The prominent syllables 
were automatically classified similarly as the proposed 
threshold selection for perceptual prosodic accents. 

4. RESULTS 

We decided to test the correlation of partially hand-labeled 
prominent words in our database with the automatic 
labeling approach. Therefore we compared the overall 
classification of labeled prominent words with the 
described selective method to a part of the hand labeled 
database. After combining the two automatically selected 
classes (correlation of the two classes is less than 7%) and 
comparing them to the hand-labeled we managed to 
identify 66% of all prosodic events 
(prominent/non-prominent syllables) in the hand labeled 
database (Table 1). 

Table 1: Confusion matrix of automatically and hand-labeled 

prominent words. 

 WP NP automatically 
WP  458 349 807 
NP 429 1085 1514 
hand-labeled 887 1434  

We also conducted some preliminary tests with our 
prominence prediction module for perceptual prosodic 
accents (Table 2):  

Table 2: Prediction accuracy of prominent words. 

accents WP NP overall 

 59,96% 70,38% 67,92% 

The preliminary results for prominent word prediction are 
promising and are expected to improve as a nonselective 
approach can be applied when the whole database labeled is 
available. Also the overall prediction accuracy seems to 
coincide with the covered prominent words in the hand 
labeled database. 
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