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ABSTRACT 
We describe the voice quality classification system that uses 
entropy and dynamism criteria as discrimination features. The 
main idea of this approach is that the input neural net is 
considered as an informational channel. Channel tuned to the 
certain type of information transmits it best of all according to 
the informational criterion. In our case a multilayer perceptron 
(MLP) emitted posterior probabilities for speech recognition 
was used as such information channel. Then two features 
entropy and dynamism were computed using these posterior 
probabilities. And finally HMM was used as a classifier. 
Different experiments demonstrated efficient usage possibilities 
of entropy and dynamism criteria not only in audio 
classification tasks but also in the voice quality classification 
applications. 

I. INTRODUCTION 

The human voice is amazing and refined tool.  It is able of 
conveying not only the meaning of outspoken words, but also 
subtle emotional nuances. Good vocal quality of human voice is 
very important for personal and professional communication. 
Although the voice disorders are common (almost everyone 
experiences at least hoarseness from time to time) and may lead 
to permanent voice impairment, medical scientists have begun to 
really understand the working and care of the voice only since 
the early 1980s. Until the 1980's, most physicians caring for 
patients with voice disorders asked only a few basic questions.  
The physician's ear was the sole "instrument" used routinely to 
assess voice quality and function.  Visualization of the vocal 
folds was limited to looking with a mirror placed inside the 
mouth using regular light, or to direct laryngoscopy (looking 
directly at the vocal folds through a metal pipe or endoscope) 
under anesthesia in the operating room.  

Since the 1990s the role of communication using the 
information technologies extremely increased. The IT specialists 
joined to the physicians in prevention, diagnostics (including 
early stage) and treatment researches. 

Speech as the medium of human communication conveys 
information between a speaker and a listener on several layers 
[1]. The linguistic layer carries the semantic information 
encoded in the language (its grammar and phonological units) 
and its phonetic representation. It covers what we intend to say, 
i.e. the "text" of an utterance. The paralinguistic layer of 
communication is non-linguistic and non-verbal but tells the 
interlocutor about the speaker's current affective, attitudinal or 
emotional state. It also includes the speaker's regional dialect 
and characteristic sociolect. Control of the active participation of 
time sharing in the conversation is also conducted by this layer 
[2]. The paralinguistic markers, however, are in part culturally 
determined and their respective interpretation must be learned. 
For example, the use of falsetto voice in English to mimic a 
male conversation participant's utterance counts as an accusation 
of effeminacy, whereas in Tzeltal (Mexico) the use of falsetto in 
greeting someone is a marker of deference [2]. Paralinguistic 
communication is not so well structured as its linguistic 

counterpart; it is not sequential (it is obvious in which sequence 
the markers are produced) and relative - perception is based 
more on the fluctuation of a feature rather than on its actual 
value. The third layer, the extralinguistic behavior, in speech 
identifies the speaker, his/her sex, age, voice, the range of pitch 
and loudness as well as his/her habitual factors. In other words, 
it encompasses all physical and physiological (including all 
organic features involved in speech production) characteristics 
of a certain speaker.  

In this paper we describe entropy and dynamism approach 
which was introduced in [4, 5]. In contrast to their technique we 
used Russian allophones of normal voice quality speech for the 
input MLP training. Thanks to this we got a possibility not only 
to discriminate speech/music, but also to identify Russian 
speech from other languages and to extract vocal fragments of 
different voice quality. So this is a good technique also for the 
voice quality classification applications.  

The organization of the paper is as follows. In section II the 
criteria decision is explained. The creation of the database is 
described in Section IV. Section V shows the experiment results. 
And Section VI summarizes the ideas discussed in this paper. 

II. CRITERIA DECISION 

Speech pronunciation and perception is based on the 
consecution of the core discrete segments. As such segments 
allophones, phonemes or diphones may be used. It is intended 
these phonological units (for example, phonemes) have special 
articulation and acoustic descriptions. Phonemes may be 
represented with the permanent description set named distinctive 
features. These features are directly related to the articulation 
motion that take place during speech sounds creation, and differ 
in the fixed acoustic parameters. During development of the 
speech signals indexation system appears the problem how to 
choose the set of the corresponding parameters. One method of 
the problem solution is examined below.  

We suppose that the speech utterance in the points of time 
n=1, 2,…, N is presented via observed acoustic vectors 
consecution: 

X={x1,…,xn,…xN} 
where x = {v1,…,vd,…vD} is an acoustic vector of d Mel-

frequency cepstral coefficients. 
This acoustic vectors consecution associates with the 

sequence of states 
Q = {q1,…,qn,…,qN} 

where every state qn belongs to the specified set of states. 
Formally for this data it is easier to determine the hidden 
Markov model (HMM) as a set of features 

Λ = {K, A, B, π} 
K is a number of states in the model; A = {aij} is the transition 
matrix describing first order Markov chain, where aij = P (qj/qi) 
is the transition probability of the system from the state qi to the 
state qj; B = {bi(xn)} is the emission probability matrix, where 
bj(xn) = P (xn/qj) is emission probability of vector xn in the stage 
qj; π is the matrix of initial states. 
HMM for N = 5, K = 3 is shown in Fig.  1. 
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Fig. 1   3-state HMM 

 
As a rule for the representation of the speech utterance the set of 
some phonemes is used. We represent them as 

Φ = {φ1,φ2,…,φk,…,φK} 
where K is the number of phonemes. 
Using the phonemes from given set, the speech utterance (for 
example, the word) is presented as the sequence of phonemes 

{φ1,φ2,…,φn,…,φN} 
We suppose that the definite probability P(x/φ) (that 
characterizes the probability of the observation of vector x when 
phoneme Φ∈ϕ  is pronounced) is connected with some 
acoustic vector x∈X. If to apply to the HMM it is possible to 
note that the comparison of each state qj of the model with 
definite phoneme φn will result in correlation between 
probabilities P(x/qn) and P(x/φn). Actually for the local 
probability P(x/φn) estimation in the hidden Markov models 
three approaches are used: 
• Modeling of each class of phonemes with Gaussian 

distribution 
• Modeling of each class of phonemes with Gaussian 

mixture models 
• Using of neural network for local probability estimation 
 
It was shown in papers [3, 6], that neural network may be used 
for the estimation of probability P (φi/xn). Hence, P (φi/xn) 
indicates that at time n phoneme φi is pronounced on conditions 
that acoustic vector xn is observed. Figure 2 shows the using of 
the neural net in this case. 

Fig. 2 Neural net for posterior probabilities estimation 
 
Emission probabilities those are appropriate to HMM can be 
received with the help of Bayes theorem:  

 

where probability P (φi/xn) is estimated with a help of neural 
network, probability P (φi) is estimated from the database, 
probability P (xn) is supposed to be a constant. 
Using probabilities P (φi/xn) those are estimated with a help of 
multilayer neural network, it is possible to determine two 
important characteristics, namely: 
 
• Entropy 

N  
where N is the number of frames in the segment, n is the number 
of frame (time index), ( )nk xP |ϕ  is the posterior probability of 
the state φk at the time n. 
If the signal is very speech-like one of the probabilities at the 
neural network output will be higher at each point of time and 
the entropy feature will be lower. Vice verse entropy will be 
higher for non-speech signals, where no phonemes can be 
recognized with the neural network. The phonemes in various 
voice quality speeches differ from “normal” speech so the 
entropies also will differ. 

 
• Dynamism 
This feature allows to compare posterior probabilities of 
phoneme classes for present and previous time. The posterior 
probabilities of phoneme classes are changing rapidly in a case 
of speech, so dynamism feature is higher for speech signals, 

and lower for non-speech. Dymanism also will differ for speech 
of various voice qualities. 

Fig.3 Block diagram of the proposed system. 

III. PROPOSED SYSTEM STRUCTURE  
 
The complete block diagram of the proposed audio classification 
system is shown in Figure 3. 
 
Feature vector extraction. There is a block-scheme (fig.4) of 
calculations necessary for feature vector forming as input for 
biomedical signals processing unit based on hidden Markov 
models. This processing includes the following stages: 

• Preliminary signal processing. 
• Spectrum analysis. 
• Cepstrum analysis. 

Fig.4 Audio signal feature making procedure (main steps) 
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Preliminary signal processing includes the following stages: 
• Emphasis. Sampled audio signal (sampling frequency is 16 

kHz) is processed by initial digital filter order to smooth 
signal spectrum.  

• Segmentation. Intervals which contains
AN  sequential points 

of audio signal are used like separate segments or frames 
(frame length is 30 ms). Sequential segments are taken with 
step of AM  points, which corresponds to 10 ms shift of each 
next segment. 

• Segment weighting. Each segment is multiplied by 
weighting function ( )nω  with length 

AN  points (windowing 
functions of Hamming are used in the project) in order to 
minimize undesirable “end-point” effects due to segment 
selection from continuous audio signal.  

 
In a block «FFT» there is a spectrum estimation algorithm. 
In the perceptual analysis block for audio signal the algorithm of 
time and frequency masking are realized in order to remove 
undesirable phenomena of acute outside sources. 
 
Cepstrum analysis includes the following stages: 
• Mel-scale. In this block the filter bank is realized. 

Bandwidths of these filters are linear lower than 1 kHz, and 
then the non-linear approximation is used. 
The transition to mel-scale can be done based on space  

10( ) 8 log (1 / ),Mel f b c= ⋅ +  
where f – frequency. Values d and c are chosen equal to 
2600 and 700. 

• Logarithm operation. In output of each filter there is an 
accumulated energy 

iE  and values logj jm E= , 

1,2,...,24.j =  can be calculated. 
• Cosine transform (DCT) 

Mel-cepstrum coefficients , 1,2,..,12iC i =  are defined like 
DCT of  

jm . 

0

2 cos( ( 0.5))
N

i j
j

iC m j
N N

π

=

= −∑ . 

Cepstrum vector L with coefficients Ci is weighted by window  

(1 sin )
2i i
L iC C

L
π′ = + . 

As a result we have 12 cepstrum coefficients , 1,2,...,12.iC i′ =  
Delta-cepstrum. Time derivation of weighted cepstrums is 
approximated by orthogonal first-order polynomial within the 
frame with finite length equal to 2 1K + segments, centered to 
current vector.  (In the presented results 2;K =  hence for 
derivative calculation the 5 frames window is used). 
In the experiments feature vector contains 12 cepstrum 
coefficients. No delta, double delta, or energy terms are used. 
 

Neural network structure. Perceptron is a special form of 
neural network for classification task was chosen. The 
perceptron had one hidden layer with 256 neurons, sigmoid 
activation function for this layer and softmax function for the 
output layer. Additional neurons did not affect the result and the 
choice of sigmoid activation function over tangent or softmax 
was the best. 

We have chosen error back propagation algorithm of 
neuron weights tuning. The network was fully connected – that 
is, each node in a given layer connects to every node in the next 
layer.  Three training methods: online - tuning occurs after 
processing of each input vector, batch – all training set, bunch – 
input vector blocks (two or more) – were tested, and it appeared, 
that online method is the most efficient: training requires the 
least number of iterations. The training speed parameter has a 
large influence on a final error. The best initial value for this 
parameter appeared to be 0.01. 

IV. EXPERIMENT RESULTS 

For the posterior probability calculation, we use a 256-64 MLP 
with a softmax output layer trained via back-propagation. The 
input features are the first 12 cepstral coefficients to the 
spectrum of the 16 KHz sampled data, using a 30 ms window 
and a 10 ms frame shift. Nine successive feature frames are 
presented to the neural network at a time. 

For the purpose of feature calculation, the number of 
Russian speech allophones K is 64 and the size of averaging 
window N is 40. 

For the experiments the standard database proposed for the 
members of this workshop was used to represent the 
different voice quality speech and the database of radio 
broadcasts in different languages was used as “normal” speech 
and music examples. 

Entropy histogram of Russian speaker is shown in Fig.6. 
Since this type of signal is exactly that our information channel 
is tuned on, entropy histogram resembles Gaussian distribution. 

 
Fig.5 Entropy histogram of Russian speaker 

 
 
Entropy histogram of different both male and female Russian 
speakers is shown in Fig.6. All of them practically don’t differ 
in mean and dispersion. 

 

 
 

Fig. 6 Entropy histogram of different both                                          
male and female Russian speakers  

 
Fig. 7 shows the normal Russian speaker entropy histogram (the 
blue one) and entropy histograms of music of different styles. As 
music doesn’t contain allophones and isn’t the type of signal our 
channel is tuned on, its entropy histogram doesn’t resemble 
Gaussian distribution.  

Both entropy and dynamism for Russian speaker and music 
are shown in Fig. 8. So entropy and dynamism criteria can be 
used for the purpose of speech/music discrimination 
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Fig. 7 Russian speaker entropy histogram (the blue one) and entropy 
histograms of music of different styles (the others) 

 

 
 
 

Fig. 8 Entropy and dynamism for Russian speaker (blue)                      
and music (pink) 

 
. 

As the input MLP was trained using Russian allophones it 
has characteristic behavior at its output only for Russian speech. 
The allophones set and its pronunciation is different in different 
languages. That influence on posterior probabilities and 
consequently on entropy and dynamism.  

Entropy histograms for Russian and non-Russian (English, 
French and German) speech are shown in Fig. 9. They differ 
both in mean and dispersion. 

 
 

  
Fig. 9 Entropy histograms for Russian (blue and brown) and non-

Russian (green, pink and purple) speech 
 
 

System even can react to the accent of the language.  Entropy 
histograms of the native Russian speech and Russian taken from 
the Czech FM radio station are shown in Fig. 10. Dynamism 
histograms are shown in Fig. 11. And both entropy and 
dynamism are shown in Fig. 12. 

 
Fig. 10 Entropy histograms of the native Russian speech (blue, brown 

and green) and Russian taken from the Czech FM radio station (pink and 
purple) 

 
 

Fig. 11 Dynamism histograms of the native Russian speech (blue and 
brown) and Russian taken from the Czech FM radio station purple and 

green) 
 
 

 
Fig. 12 Both entropy and dynamism of the native Russian speech (pink) 

and Russian taken from the Czech FM radio station (blue) 

So entropy and dynamism are good criteria not only for 
speech/music discrimination but also for language identification 
applications. 

For the purpose of experiments various vocal quality 
speech files from the proposed by the conference organizers 
database were taken. Fig.13 shows the entropy histograms of 
“normal” and “rough” French speech. 
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Fig.13 Entropy histograms of “normal” (brown) and                     

“rough” (blue) French speech 

Entropy histograms for “normal”, “rough” and “lips” voice 
quality French speech are shown in Fig.14.  

 

Fig.14 Entropy histograms for “normal” (brown), “rough” (blue) and 
“lips” (lips) French speech 

Both entropy and dynamism of “normal” and “lips” voice 
quality Russian speech are shown in Fig. 15. 

 

Fig. 15 Both entropy and dynamism of “normal” (blue) and 
“lips” (pink) French speech 

Different conducted experiments show that entropy is a 
better discriminating feature than dynamism. As it was expected 
using of both features: entropy and dynamism, improve the 
performance of the system. These based on posterior 
probabilities features indeed have good discriminant 
characteristics yielding to high-performance speech/music 
segmentation, classification according to languages and voice 
quality classification applications. 

 

V. CONCLUSIONS 

In this paper we have presented an approach for the voice 
quality classification applications. As a discriminant 
characteristics entropy and dynamism features based on 
posterior probabilities of speech phonetic classes were used.  

The system was tested with different music styles, speech 
in various languages and voices of different qualities. For the 
aim of experiments the database of radio broadcasts in 
different languages was created and the standard database 
proposed for the members of this workshop was used.  

Our results show that both entropy and dynamism, 
calculated using posterior probabilities of phonemes classes 
of Russian speech, make a powerful feature set for 
speech/music discrimination, language identification and voice 
quality classification applications. 

The result will be better if to use the MLP trained on the 
phonemes of the same language that the speech of different 
voice qualities. 

As a result, the proposed speech and audio classification 
system provides a powerful, robust technique for reliable 
segmentation of audio streams, including speech/music 
discrimination, language identification and voice quality 
classification applications.  
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