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ABSTRACT

This paper deals with a novel approach to speech / music
segmentation. Three original features, entropy modulation,
stationary segment duration and number of segments are
extracted. They are merged with the classical 4Hz modula-
tion energy. The relevance of these features is studied in a
first experiment based on a development corpus composed
of collected samples of speech and music. Another corpus
is employed to verify the robustness of the algorithm. This
experiment is made on a TV movie soundtrack and shows
performances reaching a correct identification rate of 90 %.

1. MOTIVATIONS

To describe and index an audio document, key words or
melodies are semi-automatically extracted and speakers are
detected. More recently, the problem of topics retrieval has
been studied [1]. Nevertheless all these detection systems
presuppose the extraction of elementary and homogeneous
acoustic components. When the study addresses speech in-
dexing [2] (respectively music indexing [3]), only speech
segments (respectively music segments) are considered. In
this paper, we explore a prior partitioning which consists
in detecting speech and music components. The two orig-
inal points of our study is to merge unusual features (4Hz
modulation energy, entropy modulation and duration) and to
propose a robust decision algorithm for which no training
phase is necessary to process any new audio document.

This paper is divided into three parts: a definition of
original features, the evaluation of the relevance of these
features on a development corpus, and a description of test
experiments performed on the soundtracks of audio video
documents.

2. FEATURES

Many approaches to speech music discrimination have been
described in the literature. On one hand, the musician com-
munity has given more importance to features which increase
the choice between music / non-music. For example, the

zero crossing rate and the spectral centroid are used to sep-
arate voiced speech from noisy sounds [4], [S] whereas the
variation of the spectrum magnitude (the spectral "Flux") at-
tempts to detect harmonic continuity [6]. On the other hand
the automatic speech processing community has focused on
cepstral features [2]. Three concurrent classification frame-
works are usually investigated: Gaussian Mixture Models,
k-nearest-neighbors [7] and Hidden Markov Models.

In a previous paper [8], we used a Differentiated Mod-
eling approach: two different classification systems were
defined (a speech / non-speech one and a music / non-music
one). We used spectral and cepstral coefficients and the mod-
eling was based on a Gaussian Mixture Model (GMM). In
this paper, we present four features: 4 Hz modulation en-
ergy, entropy modulation, number of “stationary” segments
and segment duration for a more robust discrimination.

2.1. 4 Hz modulation energy

Speech signal has a characteristic energy modulation peak
around the 4 Hz syllabic rate [9]. In order to model this
property, the classical procedure is applied: the signal is
segmented in 16 ms frames. Mel Frequency Spectrum Co-
efficients are extracted and energy is computed in 40 percep-
tual channels. This energy is then filtered with a FIR band
pass filter, centered on 4 Hz. Energy is summed for all chan-
nels, and normalized by the mean energy on the frame. The
modulation is obtained by computing the variance of filtered
energy in dB on one second of signal. Speech carries more
modulation energy than music (Figure 1).

2.2. Entropy modulation

Music appears to be more “ordered” than speech considering
observations of both signals and spectrograms. To measure
this “disorder”, we evaluate a feature based on signal entropy
(H = Zle —p;logap;, with p;=proba. of event i). The
signal is segmented in 16 ms frames, the entropy is computed
on every frame. This measure is used to compute the entropy
modulation on one second of signal. Entropy modulation is
higher for speech than for music (Figure 1).
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probability density function (pdf) is given by [12]:
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Figure 1 - 4 Hz energy and entropy modulation parameters
for music and speech.

2.3. Segmental duration
2.3.1. Segmentation and speech activity detection

The segmentation is provided by the "Forward-Backward
Divergence algorithm” [10] which is based on a statistical
study of the acoustic signal. Assuming that the speech signal
is described by a string of quasi stationary units, each one
is characterized by an auto regressive Gaussian model. The
method consists in performing a detection of changes in the
auto regressive parameters. The use of an a priori segmen-
tation partially removes redundancy for long sounds, and a
segment analysis is relevant to locate coarse features. This
approach have given interesting results in automatic speech
recognition: experiments have shown that segmental dura-
tion carry pertinent information [11].

2.3.2. Duration

o Number of segments

The duration feature is the consequence of the application of
the segmentation algorithm described above. The speech
signal is composed of alternate periods of transient and
steady parts (steady parts are mainly vowels). Meanwhile,
music is more constant, that is to say the number of changes
(segments) will be greater for speech (Figure 2a) than for
music (Figure 2b). To estimate this feature, we compute the
number of segments on one second of signal.

e Segment duration
The segments are generally longer for music (Figure 2b)

than for speech (Figure 2a). We have decided to model the
segment duration by a Gaussian Inverse law (Wald law). The
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Figure 2a

Segmentation on about 1 second of speech.
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Figure 2b - Segmentation on about 1 second of music.

3. STUDY OF THE FEATURE DISTRIBUTIONS

In order to evaluate the relevance of all features, we used
a corpus based on read speech excerpts for five european
languages (MULTEXT corpus [13]: 20kHz sampling rate)
and a corpus based on various musical excerpts composed
of different kinds of music (including songs), from classical
to rock music (16kHz sampling rate). The total duration for
each corpus (music and speech) was about 2000 seconds.

3.1. 4 Hz modulation energy

The Figure 3 shows the histogram of the 4 Hz modulation
energy for speech and music components.
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Figure 3 - Distribution of the 4 Hz modulation energy per
second.



We observe that speech and music are clearly discrimi-
nated. The intersection of the two histograms (modulation
energy = 2.5) can be used as a threshold. The error proba-
bilities are:

Pr(music|speech) = Pr(music > threshold) = 6.4%.
Pr(speech|music) = Pr(speech < threshold) = 3.2%.

3.2. Entropy modulation

The same experiment was re-conducted for the entropy mod-
ulation feature, the results are shown on Figure 4.

[ Speech
Hl Music

200

Figure 4 - Distribution of the entropy modulation per
second.

This feature is also relevant in the speech/music discrim-
ination task. Each histogram is clearly separated, and we
can also determine an experimental threshold (modulation
entropy = 0.5). The error probabilities are given by:

Pr(music|speech) = Pr(music > threshold) = 7.2%.

Pr(speech|music) = Pr(speech < threshold) = 3.4%.

3.3. Duration
3.3.1. Number of segments

The distribution of the number of stationary segments ob-
tained automatically are represented in Figure 5.
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Figure 5 - Number of segments on 1s of signal.

The two separate histograms show that this feature is rel-
evant, speech and music can be discriminated with a simple
threshold (number of segments = 17). The error probabilities
are:

Pr(music|speech) = Pr(music > threshold) = 11.6%.
Pr(speech|music) = Pr(speech < threshold) = 3.6%.
3.3.2. Segment duration

The Figure 6 below describes the distributions of speech and
music segments duration.
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Figure 6 - Distribution of speech and music segment
duration.

The parameters A and p of the Gaussian Inverse Model
have been estimated to:

Speech Music
A =15.2753 | A = 50.6069
w=30.1865 | = 74.9350

For this feature, we propose to use a Bayesian decision to
detect speech and music: a simple maximum likelihood pro-
cedure is performed.

4. EXPERIMENTS AND EVALUATION

4.1. Corpus

The experiments are made on a different corpus than the one
used to study the feature distribution and to determinate the
thresholds. Thus we can evaluate the robustness of our fea-
tures. The experimental corpus is the audio part sampled at
16 KHz of a 20 min TV movie (“The Avengers”). In this
database, we find long periods of speech, music and “mixed”
zones containing speech, music and/or noise. The speech
parts are recorded in several conditions (phone calls, out-
door recordings, crowd noises) with five main speakers (one
woman and four men).



4.2. Evaluation

In the first time, we have assessed separately the three dis-
crimination functions based on the 4 Hz energy modula-
tion, the entropy modulation and the number of segments.
The experiments (Table 1) provide similar classification rates
(about 84 %). The Bayesian approach with the segment dura-
tion and the Gaussian Inverse law gives a lower classification
rate (76.1%).

To improve the performance, we have proposed a hier-
archical classification algorithm: we have merged the 4 Hz
energy modulation and the entropy modulation criterions.

e [f both classifiers agree and provide a speech (respectively
non-speech) decision, the segment is labeled speech
(respectively non-speech).

o If they do not agree, the decision is taken by the segment
number criterion.

The final performance of this algorithm is 90.1 % of correct
classification (Table 1).

Features Performance
(Correct Identification Rate)

(1) 4 Hz Modulation energy 84.1 %

(2) Entropy modulation 84.3 %

(3) Number of segments 83.2 %

(4) Segments duration 76.1 %

DH+Q) 85.2 %

M+ +@3) 90.1 %

Table 1 - Best results obtained with the different features.

5. DISCUSSION

We propose in this paper four features based on different
properties of the signal. All those features considered sep-
arately are relevant in a speech / music classification task,
and the correct classification rates vary from 76 to 84 %.
Then, we propose an algorithm based on a combination of
those features. This approach permits to raise the correct
classification rate up to 90 %.

In our previous approach (Differenciated Modeling) [8],
Gaussian Mixture Models are trained and tested on different
parts of “The Avengers”. The test corpus is the same used
for the above experiments. The identification rate is slightly
lower (87.9 %).

Furthermore, we have demonstrated the robustness of
our features on a noisy corpus. Thus, this pre-processing
is efficient and can be used for the high-level description of
audio documents, which is essential to index the speech seg-
ments in speakers, key words, topics and the music segments
in melodies or key sounds.
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