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Abstract
In this paper we will investigate the usefulness of the rhythmo-
gram, a speech rhythm representation based on the Auditory
Primal Sketch model, for the automatic detection of prominent
syllables. This representation was compared to other features
usually used for this task and it showed a higher performance
in the identification of prominent/non-prominent syllables. A
new prominence detection algorithm is proposed, combining
the rhythmogram and pitch features and tested on two corpora
of Italian and French. The results obtained showed significant
detection improvements with respect to other systems in the lit-
erature, 0.9% and 2.5% accuracy increase respectively.
Index Terms: syllabic prominence, rhythmogram

1. Introduction
There seems to be a growing interest in automatic systems de-
signed to detect prominences in the last decade and the interest
seems to be growing. While there are systems proposed for
identifying prominent words in sentences (e.g. [1, 2]) a great
deal of work was put into systems focusing on syllabic promi-
nence. An overview of some of these systems [3, 4, 5, 6] will
be presented here.

An unsupervised system for syllabic prominence identifica-
tion was presented in [3]. The author argues that the prosodic
prominence is composed of two components: one related to
the stress accent while the second one based on the pitch ac-
cent. It proposes a prominence function which combines cues
determining the two components: duration and energy of mid-
frequencies for the first component and F0 contour and overall
energy for the second component. The approach was tested on
Italian, Dutch and American English and accuracies of around
82% were obtained for all languages, but different weights for
the acoustic cues.

A system for the detection of syllabic prominence in French
was presented in [4]. A distinguishing characteristic from the
other automatic systems is that no amplitude feature was used,
only the normalized syllable duration and the normalized pitch
inside the nucleus. A corpus of spontaneous speech consisting
of two interviews and four itineraries were used for testing. The
discriminant analysis performed on a corpus of French spon-
taneous speech showed an 84.1% overall correct classification
when removing all the syllables subject to undesirable phenom-
ena and 73.2% when eliminating only the non-speech segments
and those affected by simultaneous speech.

In [5] a prominence detection approach, based on saliency
maps was proposed. The saliency maps were obtained by com-
bining a set of features extracted from the auditory spectrum
produced by the peripheral auditory system. The features, ex-
tracted by means of 2-D filters from the image representing the
saliency map are: intensity, temporal contrast, frequency con-
trast, orientation and pitch. The detection algorithm was tested

on the Boston University (BU) Radio News corpus and the max-
imum accuracy, 75.9%, was obtained when combining the first
four features.

The work presented in [6] verifies the usefulness of an
acoustic cue, the rising of the pitch inside the syllable nucleus,
for automatic prominence identification. The system proposed
uses the information about the rising pitch to scale a prominence
function obtained by multiplying the intensity and duration of
the syllable nucleus. The scaling is implemented by penaliz-
ing the syllables exhibiting a small pitch rise or no rise at all.
The test performed on a small corpus of Italian showed an im-
provement of almost 12% when using the rising pitch cue with
respect to the baseline.

Several studies for automatic labelling of prosody report
also syllabic prominence results (e.g. [7, 8]). Wightman [7]
proposed a system based on decision trees and HMMs is used
to classify prosodic events. It makes use of acoustic features and
linguistic information in order to determine whether a syllable
is prominent or not. The classification accuracy obtained on two
corpora of American English is reported at around 85%. Lex-
ical and syntactic information was used to enrich the acoustic
cues in a different system [8]. The authors test several combi-
nation of features and the best performance they obtained on the
BU Radio News corpus was 86.75%.

The most frequently used acoustic cues for the detection
of prominent syllables are the amplitude, the duration and the
fundamental frequency computed either over the entire length
of the syllable, or only over its nucleus. In addition to these
features, several papers use spectral measurements or periodic-
ity features (e.g. [9, 10, 11]). We will introduce here a new
feature for the automatic identification of syllabic prominences,
the rhythmogram [12].

This paper is organized as follows: in Section 2, the Audi-
tory Primal Sketch model, on which the rhythmogram is based,
is introduced. Next, the proposed detection algorithm is pre-
sented along with a short description of the corpora used for
testing. In the 5th section the results obtained with the algo-
rithm on an Italian and a French corpus are illustrated. The pa-
per will end with a discussion of the obtained results and some
thoughts on possible developments.

2. The Auditory Primal Sketch
A multiscale model of rhythm perception, called Auditory Pri-
mal Sketch (APS), was proposed by Todd [12]. It was inspired
by Marr’s theory of low-level vision [13]. The author proposes
an equivalent representation to Marr’s primal sketch but for the
auditory domain where the strong acoustic events correspond
to the edges from the vision model correspondent of the edges
in speech are strong acoustic events. The 2-D Gaussian filters
used in image processing are substituted by time-domain Gaus-
sian low pass filters.
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While the vision theory uses the intensity of the image, the
proposed auditory model takes into account also the effect of
the peripheral auditory system on the speech signal. Thus, it
implements all steps necessary to model the human ear: the
outer and middle ears transfer function, the frequency response
of the basilar membrane and the response of the inner hair-cells.
The response of the auditory nerve is then summed across all
channels and used in the process.

The input signal, in this case the nerve response, is filtered
with a bank of Gaussian filters having different time-constants.
The peaks of the filters’ output are then plotted on a graph, with
the time of the event on the abscissa and the width of the fil-
ter on the ordinate. Thus, a hierarchical representation is ob-
tained, with the more prominent events being represented by
peaks over more filter widths. This representation is called the
rhythmogram.

An example of a rhythmogram is illustrated in Figure 1.
The waveform of the signal is presented in the upper panel,
while the resulting rhythmogram in the lower panel.

Figure 1: The waveform and corresponding rhythmogram of the
utterance “seicentosessantaquattromilasettecentosessantanove”
(664,779)

The rhythmogram was applied to speech for the analysis of
prosodic structure [14], the analysis of cross-linguistic differ-
ences in speech rhythm [15] and for grammatical disambigua-
tion [16].

In the work presented in [14], the authors test their model
on speech and music. In the case of speech, they show that
the model is able to model the structure of words and phrases.
An important observation they made is that the nerve response
is suitable for analyses at the word level, while for larger time
scales, like phrases-level analyses, the signal energy is preferred
over the nerve response.

The APS was also used to discriminate between languages
having different organizations from a rhythmic point of view
[15]. In this paper, a quantized version (P-value) of the rhyth-
mogram was used, consisting of a sequence of events and their
prominence value. This prominence value is obtained by sum-
ming all peak values of a given event across all filter widths.
An illustration of the P-values, for each syllable, of the rhyth-
mogram in Figure 1 is presented in Figure 2.

Figure 2: P-values of the utterance “seicentosessantaquattromi-
lasettecentosessantanove” (664,779)

3. Prominence detection algorithm
In this paper we consider as prominent the syllables that stands
out with respect to their neighbouring syllables, regardless of
the way this is being marked acoustically. Thus, no difference is
made between prominences due to the presence of stress accent
or pitch accent, all being enclosed in the more general promi-
nent syllable definition.

A two level prominence definition (prominent/non-
prominent) was used in this study as in the majority of works
present in the literature (e.g. [3, 5, 6]). Furthermore, for the
purpose of this study, that of introducing the rhythmogram as a
feature for automatic detection of prominent syllables, we con-
sidered having two levels sufficient.

We adopt here a similar function to the one used in [3]
for prominence identification, computed by adding the contri-
bution of the two previously mentioned prosodic components.
The rhythmogram’s P-values are used as a stress-accent score,
which is then combined with the score of the pitch-accent com-
ponent to obtain the prominence function P (see Equation 1).

P = Prhy + Ppitch (1)

In order to determine the P-value of each syllable the rhyth-
mogram has to be computed for the whole utterance. To com-
pute the rhythmogram of each sentence we followed the previ-
ously mentioned observation, that for large time scale events,
the use of the signal energy is more appropriate than the nerve
response [14].

The following operations were performed on the speech
signal to compute the rhythmogram:

1. resample at 500 Hz

2. perform full wave rectification

3. take the cubic root, to model the ear’s loudness function

4. apply one hundred logarithmically-distanced Gaussian
filters.

The minimum and maximum filter widths were determined
by applying a prominence identification algorithm using the ob-
tained rhythmogram on a subset of TIMIT manually annotated
with syllabic prominences [3]. Because the maximum number
of filters was set to 100, the events will have values ranging
from 0 to 100.

The P-values of all syllables were computed from the rhyth-
mogram as follows:

2414



1. determine the events between the boundaries of any syl-
lable and take the value of its peak

2. in case of multiple events, only the value of the largest
peak is taken

3. apply post-processing: in case of events found closer
than 50 ms from a syllabic boundary, the value of that
event will be divided between the syllables sharing that
boundary.

The post-processing step was introduced because it was ob-
served that neighbouring syllables having high intensities and
relatively high prominence tend to produce only one event,
close to the border between the two syllables.

The pitch was obtained using Praat [17] and the following
features were extracted from the pitch curve:

• the syllable has rising pitch (isA): boolean

• the syllable has falling pitch (isD): boolean

• the mean value of pitch inside the syllable, normalized
by the maximum pitch value in the utterance (pM ): nu-
meric

• the value of the pitch range inside the syllable, normal-
ized by the maximum pitch range in the utterance (pR):
numeric.

To compute the features isA and isD a mean filter was ap-
plied on the pitch curve to filter out any small variations. The
two features were considered true if the pitch was rising, respec-
tively falling for more than half the syllable length. The other
two features, pM and pR, were computed on the unsmoothed
curve.

The pitch score was obtained taking into account two cues:
the pitch range in rising pitch syllables and the maximum local
pitch. The first cue was used in [6, 18] for automatic identifi-
cation of prominences, where it played a significant role, while
the second cue was shown in the literature to be consistent with
prominent syllables [1]. Thus, in the case of rising pitch sylla-
bles the normalized pitch range was considered, while for syl-
lables whose mean pitch value was a local maximum and their
pitch was not falling, the normalized pitch value used. For syl-
lables presenting both cases the average of the two was taken.

Ppitchi =



pRi if isA = 1
pMi if pMi > pMi+1 and

pMi > pMi−1 and
isD = 0

pMi + pRi

2
if all the above

0 otherwise

(2)

The prominence function is computed by summing the two
previous scores and it is used to determine the prominent syl-
lables. A syllable is considered to be prominent if it is a local
maximum of the prominence function.

Promi =

 1 if Pi > Pi−1 and Pi > Pi+1

0 otherwise
(3)

4. Materials
The approach was tested on Italian and French, on the
SPEECON and C-PROM corpora respectively.

4.1. SPEECON

In a first test, a subset of the Italian version of the SPEECON
corpus [19] was used. The corpus consists of recordings con-
taining numbers between 0 and 999,999 spoken by approxi-
mately 350 male speakers. The subset of the corpus used here
consists of 288 utterances having at least 5 syllables and was
annotated for prosodic prominence [6]. It has a total of 4363
syllables, with an average of 15 syllables per utterance.

A two-step scale was chosen for the annotation:
prominent/non-prominent syllables. Two human experts anno-
tated the corpus on a perceptual basis, without any reference
to the position of lexical stress in the citation form of words
produced in isolation and following a common list of basic an-
notation criteria. An agreement rate of 91.5% between the two
annotators was obtained.

4.2. C-PROM

The French C-PROM corpus [20] was also used for testing the
proposed prominence detection algorithm. The corpus con-
tains registrations of topics ranging from news bulletins to inter-
views, map tasks and monologues and it was annotated for syl-
labic prominence by two expert phoneticians based on acoustic
prominence perception.

From the entire corpus, two radio interviews and four map
task registrations totalling 18 minutes of speech, were used for
the evaluation. The registrations were divided into utterances,
usually coinciding with major silence pauses, that would con-
tain at least one prominent syllable. The division excluded all
segments containing non-speech sounds (e.g. laughter, cough,
noises) and simultaneous speech, giving a total of 4375 sylla-
bles. We have decided to keep all the other speech phenomena
annotated on the delivery tier (hesitations, interruptions, etc) in
order not to obtain very short utterances.

5. Results
In a first step we wanted to compare the rhythmogram to other
features used for automatic prominence identification. In order
to do that, we have employed the algorithm presented in [6]
and the product between energy and duration (without any pitch
information). The results obtained on the SPEECON corpus are
presented in Table 1.

Table 1: Performance comparison for different features.

Feature Prec. Rec. F-meas. Acc.
[%] [%] [%] [%]

Energy 68.8 62.7 65.6 73.5and duration
Rhythmogram 78.8 64.4 70.9 78.6

It can be seen that the use of the rhythmogram brings im-
portant improvements in all the evaluation measures, with the
F-measure and accuracy increasing by more than 5% absolute
value. A McNemar statistical test was performed to verify the
statistical significance of the improvements, and it showed that
the performance differences, with respect to both annotators,
are statistically significant at the p ≤ 0.001 level.

Using the automatic prominence detection algorithm pre-
sented in this paper we have performed a test on the Italian
corpus. The results along with a comparison with the results
reported in [6] are shown in Table 2. The proposed algorithm
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outperforms the other method, having a 1.8% absolute increase
in F-measure. A McNemar test showed that the differences are
significant at the p ≤ 0.001 level.

Table 2: Prominence detection results on the SPEECON corpus.

Method Precision Recall F-measure Accuracy
[%] [%] [%] [%]

Abete et al 76.1 70.8 73.3 80.3
Proposed 80.7 70.3 75.1 81.2

A comparison to the results presented in [4] on the C-
PROM corpus is presented in Table 3. As only accuracy was
reported in the paper, we compare the accuracies of the two
systems on the corpus. An absolute improvement of 2.5% was
observed when using the identification algorithm employing the
rhythmogram.

Table 3: Prominence detection results on the C-PROM corpus.

Method Accuracy
[%]

Goldman et al 73.2
Proposed 75.7

6. Conclusions and future work
We have introduced in this paper a new feature for automatic
identification of prominences, the rhythmogram. While the
rhythmogram was previously used for rhythmic discrimina-
tion [15] or grammatical disambiguation [16] it was never em-
ployed in the automatic identification of prominent syllables.
Based on this feature and combining pitch information an algo-
rithm for prominence detection was proposed. The tests con-
ducted on Italian and French showed higher accuracies for the
rhythmogram-based system compared to other systems.

The key point of this paper is the fact that it introduces a
straightforward representation of the concept of prominent syl-
lable as a linguistic unit emerging from its context. While in
other studies the features are combined in an empirical way to
obtain the local maxima, the rhythmogram is based on a well-
defined theory, the Auditory Primal Sketch. As a consequence,
it reduces the uncertainty of non-supervised methods of promi-
nence identification due to the feature combination. Moreover,
the parameters for computing the rhythmogram seem to be lan-
guage independent, as they were found on a corpus of English
and the prominence system tested on Italian and French, with
good results.

Further efforts need to be put into finding an equivalent rep-
resentation for the pitch-accent component, which would de-
scribe well the pitch contribution. A seemingly good candidate
for this are the parameters of the TILT model [21], which were
already introduced in the automatic prominence detection liter-
ature.

To increase the performance of the system several other ap-
proaches could be tested. One of them could consist in apply-
ing a set of weights to the two components of the prominence
function, as proposed in [3]. In this way, the contribution of
the two components to the overall prominence function can be
determined on a language specific basis. This idea will be in-
vestigated in the future.
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