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Abstract— Voice disorders are a common and sometimes neglected pathology that affects especially people
with intense use of speech like teachers. In order to assist therapists in making effective diagnoses in early
cases, several researches study patterns extracted from voice signals to classify the pathologies. In this work,
we present a method to discriminate among sustained “a” samples recorded from three classes of people with:
healthy larynx, vocal fold nodules, and Reinke’s edema. The proposed features are classified using support vector
machines and are obtained using the common spatial patterns method on signals reconstructed from a wavelet-
packet decomposition of the voice samples. The mean discrimination rates between the healthy and pathological
cases reach up to 94% with the proposed method.

Keywords— Common spatial patterns, larynx pathology, wavelets, pattern recognition.

Resumo— Patologias da laringe são um problema comum e muitas vezes negligenciado que afeta especialmente
pessoas com intenso uso vocal, como professores. De forma a auxiliar os profissionais da saúde a fazer diagnósticos
eficazes em casos iniciais, muitas pesquisas estudam padrões extráıdos de sinais de voz para classificar as doenças.
Neste trabalho, apresenta-se um método de discriminação de amostras de “a” sustentado coletados de três classes
de pessoas com: laringe saudável, nódulo nas pregas vocais e edema de Reinke. Os padrões propostos são
classificados usando support vector machines e são obtidos usando o método de padrões espaciais comuns aplicados
em sinais reconstrúıdos a partir da decomposição por wavelet-packets das amostras de voz. A taxa média de
discriminação entre os casos saudáveis e patológicos alcança 94% com o método proposto.

Palavras-chave— Padrões espaciais comuns, patologia de laringe, wavelets, reconhecimento de padrões.

1 Introduction

Voice problems affect people’s ability to properly
speak, a capacity that is of uttermost importance
in the modern society. Because of that, many
researchers are studying methods to improve the
quality and rapidness of voice disorders diagnosis.

Besides the traditional voice evaluations by
the trained ears of speech therapists, new soft-
wares are employed in the task of obtaining and
analyzing patterns from patient’s voices to assist
the professionals in the process of detecting illness.

Some techniques use a combination of pat-
terns to differentiate healthy and pathological sig-
nals such as Rosa et al. (2000), usually applying
intelligent systems for classification such as neu-
ral networks (Crovato and Schuck, 2007), hidden
Markov models (Jothilakshmi, 2014), and support
vector machines (SVM) (Forero M. et al., 2016).
Additionally, in Mehta et al. (2012) and Ghassemi
et al. (2014), researchers use vibration signals from
the vocal folds obtained with the use of accelerom-
eters on the neck-surface. The idea is to estimate
the vocal dose and to monitor voice usage.

In this work, we propose the use of a combi-
nation of wavelet-packet decomposition (WPD),
in order to separate the most relevant frequency
components of the voice signals, and common spa-
tial patterns (CSP) for obtaining the data direc-

tions that have the highest discrimination ability.

The WPD has been commonly applied to
voice signal studies such as Scalassara, Maciel and
Pereira (2009) and Crovato and Schuck (2007),
but the CSP algorithm is mainly applied to elec-
troencephalogram (EEG) (Müller-Gerking et al.,
1999; Grosse-Wentrup and Buss, 2008). Recently,
many works focus on brain-computer interfaces
(BCI) like Ramoser et al. (2000), where CSP
was used for classifying imagined hand movement
based on EEG. In Santana et al. (2014), the CSP
results are used to initialize a neural network to
improve the BCI classifications.

On the other hand, CSP is seldom used in
voice applications. One example is DaSalla et al.
(2009), Matsumoto and Hori (2013), and Wang
et al. (2013), where CSP is still used for BCI with
EEG but focused on classifying imaginary vowels
or characters. Similarly, Brumberg et al. (2010)
also aims at BCI for silent speech classifications.

Thus, in this work, we apply the CSP method
to classify three classes of larynx: healthy or with
two kinds of pathologies: vocal fold nodules and
Reinke’s edema. For that, we use WPD to create
multichannel voice data for each class and apply
them to the CSP algorithm. Then, the powers of
the most relevant CSP eigenvectors are applied to
a SVM classifier for the method validation.
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This paper is divided as follows. First, in the
next section, we describe the voice signals and
studied pathologies. After that, the CSP method
is explained and its formulation is derived. In
Methodology, we explain the details about the
WPD technique to create the multichannel data.
In Results and Discussion, we show the tests with
the three classes of voice signals and the results
of the SVM classifiers. Finally, in the last section,
we present the final conclusions of this study.

2 Voice Signals and Larynx Pathologies

Vocal tract pathologies are commonly disregarded
by people due to their slow development and the
possibility to compensate the effects. This is espe-
cially true for mild problems, such as vocal folds
nodules and edema. In early stages, even a trained
speech therapist may have difficulties in detecting
such pathologies, thus demanding invasive and un-
comfortable exams like videolaryngoscopy.

Because of this, in the last decades, many
researches aimed at improving noninvasive meth-
ods of diagnosis, mainly based on analyzing col-
lected voice signals. These works trace back to
1970 with studies of amplitude variations of vow-
els (Koike, 1969) and the use of inverse filtering
to model voice signals (Koike and Markel, 1975).

Since then, several patterns were used to de-
tect larynx pathologies from voice signals. The
first ones were obtained from perturbation of
acoustical parameters such as amplitude or fre-
quency, in this case, called shimmer and jitter
respectively. Other patterns came from the fre-
quency domain analysis like the spectral flatness
of the residue signal, the latter obtained by using
the inverse filter method (Davies, 1979). There
are even parameters from the transformed cepstral
domain (Boyanov and Hadjitodorov, 1997).

Another approach is to consider the vocal
folds vibration as originated by a chaotic system
(Titze et al., 1993). Then, measures obtained from
nonlinear dynamics analysis can be used to assess
the vocal tract health. In Henŕıquez et al. (2009),
the authors propose the use of Rényi entropies,
correlation entropy, correlation dimension, and
other measures from phase-space domain.

Also, similar measures based on information
theory, namely Kullback-Leibler divergence (rela-
tive entropy), are used as patterns to discriminate
between healthy and pathological voice signals
(Scalassara, Dajer, Maciel, Guido and Pereira,
2009; Scalassara, Maciel and Pereira, 2009). In
these works, along with Scalassara et al. (2007),
the voice signals are from people with healthy lar-
ynxes and two pathological groups: people with
vocal fold nodules or Reinke’s edema.

This first pathology, nodules, is really com-
mon, causes irregular vibration and incomplete
closure of the vocal folds. Consequentially, the
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Figure 1: Samples of sustained /a/ voice signals
from a person with (a) healthy larynx, (b) nodule
on the vocal folds, and (c) Reinke’s edema.

voice signal presents several disturbances such
as increase in jitter, shimmer, and noise. Sim-
ilarly, the Reinke’s edema, which is an increase
of fluid in the Reike’s space, impacts in the vo-
cal folds movements causing roughness and de-
crease of voice pitch. The signal has irregular-
ities and jitter increase (Scalassara, Maciel and
Pereira, 2009; Colton et al., 2011).

For this study, we used the same voice
database as in Scalassara, Maciel and Pereira
(2009), which consists of 48 signals, 16 of each
class (healthy, nodule, and Reinke’s edema), of
approximately 1 second long sustained “a” record-
ings (“a” as in “dogma”), acquired with 22,050 Hz
sampling rate and 16 bits amplitude quantization.
Figures 1 (a) to (c) present samples of these voice
signals used in this work, respectively from people
with healthy larynx, nodule, and Reinke’s edema.

3 Common Spatial Patterns

The mathematical foundation of the CSP method
was first proposed in Fukunaga and Koontz (1970)

XIII Simpósio Brasileiro de Automação Inteligente

Porto Alegre – RS, 1o – 4 de Outubro de 2017

1605



as the usage of the Karhunen-Loève expansion to
obtain relevant features for the classification of
samples into two classes. Later, it was introduced
to bioengineering research, specifically for EEG
signal analysis, in Hjorth and Rodin (1988) and
Koles et al. (1990).

The basic CSP idea is to decompose the multi-
channel signals of the two classes into spatial pat-
terns by a simultaneous diagonalization of their
covariance matrices. The result of this procedure
is that the variance of the samples belonging to
one class is maximized while the other ones are
minimized (Park et al., 2014). Alternatively, in
principal component analysis (PCA), the signal
variance is maximized.

For the EEG case, the multichannel signals
are obtained using spatially distributed sensors
around a subject’s scalp. Specifically for Wang
et al. (2005), CSP is applied for the classifica-
tion of single-trial EEG acquired during hand or
foot movements. For our case, the channels are
the reconstructed wavelet components of the voice
signals from different people and the classes are
healthy and pathological cases.

For the following CSP formulation, based on
Wang et al. (2005), we consider N as the num-
ber of channels and M as the number of samples
per channel. The N ×M data matrices are XH

and XP for the healthy and pathological classes.
The normalized covariance matrices are given by
Equations (1), where {.}T is the matrix transpose
operation and Tr{Z} is the trace of Z.

RH =
XHXT

H

Tr {XHXT
H}

RP =
XPXT

P

Tr {XPXT
P }

(1)

The covariance matrices are obtained for each
multichannel signal and averaged as RH and RP

for the two classes. Then, the sum R = RH +
RP is decomposed into eigenvectors as shown in
Equation (2).

R = QaΛQT
a (2)

With this decomposition, the covariance ma-
trices of (1) can be whitened to CH and CP re-
spectively, Equation (3). The whitening transfor-
mation matrix Pa is shown in Equation (4).

CH = PaRHPT
a CP = PaRPPT

a (3)

Pa = Λ−
1
2 QT

a (4)

The eigendecomposition of CH and CP re-
veals that both matrices have the same eigenvec-
tors, as shown in (5).

CH = QΛHQT CP = QΛPQT (5)

Also the sum of the corresponding eigenvalues
is equal to one, that is, ΛH + ΛP = I, where I is
the identity matrix. This means that the eigen-
values of ΛH are sorted in descending order, while
the ones from ΛP are in ascending order (Park
et al., 2014).

Equation (6) presents the spatial filter matrix
S that simultaneously maximizes the variance of
XH and minimizes that of XP . Each row vector
of S is a spatial filter.

S = QTPa (6)

Therefore each original data X can be trans-
formed into another matrix of uncorrelated com-
ponents X̂, Equation (7).

X̂ = SX (7)

The variances of the first and last s rows of X̂
are the features used for classification, where s is
determined empirically.

This CSP formulation depends on the reliable
estimation of the data covariance matrices. If this
is not the case, one may obtain suboptimal re-
sults. Recent approaches present more robust al-
gorithms that use regularization, such as in Lotte
and Guan (2011), or based on a divergence max-
imization framework in Samek et al. (2014). A
more detailed discussion about the issues of CSP
estimation is presented in (Blankertz et al., 2008).

4 Methodology

The method proposed in this study is based on the
wavelet-packet decomposition of the voice signals,
application of CSP technique, and classification of
selected component variance using SVM as illus-
trated in Figure 2.

The analysis of a discrete signal x[n] using
wavelet-packets consists in decomposing it using
shifted and scaled versions of a wavelet function
(Diniz et al., 2010). In a practical way, the WPD
is a procedure of successive convolutions of x[n]
with the low-pass and high-pass filters h[n] and
g[n] that depend on the chosen wavelet function
family and order. After the filtering, the result-
ing signals are downsampled by 2 and are called
approximation A[n] and details D[n].

In order to reconstruct a signal xR[n], the
reverse procedure may be used, which is com-
posed of upsampling by 2 followed by convolution
with other low-pass and high-pass filters hR[n] and
gR[n] (Guido, 2011). These processes are illus-
trated in Figures 3 (a) and (b) respectively. The
signal xR[n] is equal to the original x[n] when
the filters are a perfect reconstruction filter bank
(Diniz et al., 2010).

This decomposition may be continued by ap-
plying the same procedure to the approximation
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Figure 2: Illustration of the proposed methodol-
ogy based on WPD of the voice signals, applica-
tion of CSP, and feature classification using SVM.

(a)

(b)

Figure 3: Illustration of a one-level wavelet-packet
decomposition (a) and reconstruction (b).

and details as depicted in Figure 4, where five lev-
els are illustrated. In this work, we perform the
WPD until the fifth level and retain only the first
eight components of this level (C31 to C38 using
the symbolism of the figure). These components
were chosen because they contain most of the rel-
evant information for pathology classification as
explained in Scalassara et al. (2011).

Then a reconstructed signal was obtained by
wavelet-packet reconstruction with only one com-
ponent information. Performing this procedure
for the eight components, a multichannel voice
signal was created based on signals with different
frequency information. This process is is similar
to the one presented in Schmitt et al. (2015) for
electrical machine fault detection.

Each voice signal from the database was di-

Figure 4: Illustration of the multilevel WPD until
the fifth level. The wavelet components are nu-
merically labeled starting on the first level.
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Figure 5: Powers of the CSP eigenvectors for the
healthy and nodule voice data. Eigenvectors are
shown in numerical order.

vided in five parts of approximately 20 ms in
order to increase the number of samples. For
each of these parts, a multichannel signal was cre-
ated using the described WPD procedure with
Daubechies wavelet filter family of tenth order
(“db5”), chosen based on the results of Guido et al.
(2005) . After this, these voice data were applied
to the CSP algorithm and the power of the result-
ing components were analyzed.

5 Results and Discussion

In this section, we present and discuss the results
obtained for the analysis of the CSP components
powers and the SVM classifications using the voice
signals of the three classes: healthy, nodule, and
Reike’s edema.

Initially, only the healthy and nodule signals
were tested. As mentioned before, the recon-
structed signals using each of the first eight com-
ponents of the fifth level WPD were used to cre-
ate the data for the CSP algorithm. The powers
of the eight CSP eigenvectors (in numerical or-
der) for the healthy and nodule cases are shown
in Figure 5.

The order of these eigenvectors using descend-
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Figure 6: Powers of the CSP eigenvectors for the
healthy, nodule, and Reinke’s edema voice data.
Eigenvectors are shown in numerical order.

ing eigenvalues is 3, 4, 2, 5, 8, 7, 6, 1. As described
in Park et al. (2014), the first and last eigenvalues
are the ones with the most discrimination between
groups. In this case, these are the eigenvectors 3
and 1, as observed in Figure 5. Also, eigenvector 4
presents some discrimination ability. The powers
of these two eigenvectors were used in the SVM
classifier with 11 voice samples as training set and
5 samples as test set. There was a mean 94% suc-
cess rate for discrimination of the two classes for
100 random data combinations with a standard
deviation of 4%.

For the next test, the Reinke’s edema signals
were considered as well, but aiming only to dif-
ferentiate healthy and pathological classes. Fig-
ure 6 presents the powers of the CSP eigenvectors
(in numerical order) for the three groups. The
eigenvectors descending order according to their
eigenvalues is 7, 8, 2, 6, 5, 4, 3, 1, where 1 and 7
are the ones with most discrimination ability, fol-
lowed by 8. Using these values in the SVM classi-
fier with the same training/test sets configuration
and eigenvectors 1 and 7, there was a mean suc-
cess rate of 88% with 3% standard deviation on
the 100 random data combination tests.

Finally, for the last test, after discriminat-
ing the pathological samples, we tried to distin-
guish between the two pathologies: nodule and
Reinke’s edema. Figure 7 shows the powers of
the CSP eigenvectors (in numerical order) for this
case. The descending eigenvector order according
to eigenvalues is not the same as before, being 1,
8, 7, 6, 5, 4, 3, 2. Now the only eigenvector with
significant discrimination ability is number 1, the
others have large variations. The SVM classifier
results using eigenvectors 1 and 2 was a mean suc-
cess rate of 68% with 5% standard deviation for
the 100 random data combinations.
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Figure 7: Powers of the CSP eigenvectors for the
pathological groups: nodule and Reinke’s edema.
Eigenvectors are shown in numerical order.

6 Conclusions

In this work, we presented a different application
of the CSP technique rather than in EEG, its use
for voice pathology classification. The approach
is to decompose the signals using wavelet-packet
and reconstruct them using selected components
in order to obtain multichannel data. The power
of the CSP eigenvalues were studied considering
their ability of classes discrimination, what was
validated using a SVM classifier with several ran-
dom combinations for training/test sets.

With the proposed method, it was possible to
adequately distinguish between the healthy and
pathological groups, with mean success rates of
92% and 88% respectively when only nodule sam-
ples were considered and when using nodule and
Reinke’s edema samples. Despite of that, the pat-
terns were not adequate for a high differentiation
between the pathological samples, achieving only
a mean success rate of 70%.

For future work, other combinations of eigen-
vector powers will be employed for classification
and other pathologies will be explored using a cas-
cade of classifiers or decision trees based on the
CSP patterns.
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