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Abstract
The design of voice pathology automatic detection systems is
gaining attention in the last few years for presenting advantages
compared to traditional diagnosis methods. However, the per-
formance of these systems is influenced by aspects related to the
inter-speaker variability, and specially to the heterogeneity in-
troduce by gender differences. To overcome that, a gender rec-
ognizer may be employed as a preprocessing stage in order to
stratify the speakers and further adjust the detectors to the spe-
cific characteristics of each target group. Nevertheless, the relia-
bility of gender recognizers on pathological speech has not been
investigated. Having this in mind, the present paper studies the
effectiveness of an automatic gender recognizer, based on mel
frequency cepstral coefficients and gaussian mixture models, on
normal and pathological speech. The analysis is carried out pa-
rameterizing the speech, the glottal waveform extracted from
speech via inverse filtering, and a vocal tract model. The ex-
periments were carried out using sustained vowels taken from
the Saarbrücken and UPM voice disorders databases, and sug-
gest that the gender might be effectively classified when using
the proposed methodology. They also suggest that gender rec-
ognizers can be successfully employed as a preprocessing stage
for a more accurate design of gender-dependent pathology de-
tection systems.
Index Terms: gender recognition, pathological voice, inverse
filtering

1. Introduction
Automatic voice pathology detection enables an objective as-
sessment, reduces the evaluation time, and improves the diagno-
sis and clinical treatment of patients. In this regard, several ap-
proaches have been developed for discriminating between nor-
mal and pathological conditions [1, 2]. Nonetheless, the per-
formance of voice detection systems is affected by a variety of
characteristics, being the gender differences very troublesome
[3]. Additionally, the literature reports that the gender is rele-
vant to evaluate the presence of laryngeal pathologies on speech
recordings of sustained vowels, as presented in [4], and thus
might improve the performance of pathology detection systems.
Therefore, there is a need to develop robust gender detectors
which employ normal and pathological speech samples.

Since, perceptually, vocal characteristics are considered to
convey aspects of the speaker’s gender, and to provide informa-
tion about the vocal folds and tract properties, speech demon-
strates to be useful for automatic gender detection [5]. In par-
ticular, it has been argued that male and female voices can be
differentiated using three different criteria: perceptual, physio-
logical and acoustical [6]. In this respect, perceptual parameters
such as effort, pitch, nasality, as well as melodic patterns of in-
tonation, stress, and coarticulation are used for distinguishing

female voices, while male voices are identified by effort, pitch
and hoarseness. On the other hand, physiological factors dif-
ferentiating both genders are due to anatomic factors such as
larynx thickness, angle of the thyroid laminae, resting angle of
the glottis, vertical convergence angle in the glottis, etc. It has
also been found that the ratio of the total length of the female
vocal tract to that of a male is about 0.87, whereas the ratio
of the length of the female vocal folds to that of the male is
about 0.8. Such differences in the physiology lead to changes
in the speech that affect the acoustic parameters extracted from
it. For example, the female formant pattern is scaled upward in
frequency by about 20% compared to the average male pattern.
Yet, automatic gender recognition is often based on measuring
the pitch, since in the female speech its value is higher in about
one octave than in males [6]. However, due to the underlying
deteriorated quality of pathological speech, pitch has been put
into question since low-frequency noise, degradation of speech
quality, or physical and emotional state of the speakers can de-
grade its estimation reliability [7]. On the other hand, gender
detection is carried out in some works synthesizing the glottal
waveform, since its analysis provides information about the ex-
citation source contained in the speech signal [8]. In particular
the male glottal waveform reveals some differences with respect
to the female ones, showing an asymmetry or the presence of a
hump in the opening phase of the glottal cycle [6]. Nonethe-
less, glottal waveform estimation requires a proper extraction
of the glottal and vocal tract components from the speech sig-
nal. This is typically achieved by an inverse filtering procedure,
which decomposes speech into its vocal tract contribution and
its glottal excitation source, while accounting for the lip radia-
tion phenomena. The inverse filtering allows a separate analysis
of the vocal tract contribution and of the glottal source.

From the acoustic point of view, automatic gender recog-
nition in normal speech has been discussed before in the litera-
ture: in [9] the authors used cepstral features and support vec-
tor machines for gender recognition, using as acoustic material
the pronunciation of English phonemes and obtaining a clas-
sification accuracy of 100%; in [10] the authors developed a
methodology employing relative spectral perceptual linear pre-
dictive coefficients and Gaussian mixture models (GMM), that
was tested on noisy and clean utterances of different languages,
providing a classification accuracy up to 98% for clean speech
and 95% for noisy speech; in [11], the authors used mel fre-
quency cepstral coefficients (MFCC) to characterize the raw
speech, the glottal waveform and the deglottized voice, using
connected speech, obtaining a performance that reached 99%
using principal component analysis and quadratic linear dis-
crimination analysis. In spite of the impressive performance
of above-mentioned studies, and even when they take into con-
sideration different languages or noise levels, their acoustic ma-
terial contains only speech of healthy speakers. Thus, there is
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a lack in research of gender identification systems concerning
pathological speech application.

This work discusses an approach for automatic gender de-
tection using normal and pathological speech. The approach is
grounded on decomposing the speech into its vocal tract and
glottal components by inverse filtering. The aim is to parame-
terize separately the glottal and vocal tract contributions, and
to test out if such decomposition might provide more infor-
mation than parameterizing the raw speech signal. The pro-
posed methodology employs the classic MFCC features for
characterization, and GMM models for classification. Experi-
ments are performed on the Saarbrücken and UPM voice dis-
orders databases, which contain the sustained phonation of the
vowel /a/. With respect to the use of continuous speech, sus-
tained vowels reduces the dynamical information, but presents
some advantages, such as a certain immunity to the influence of
speaking rate, dialect, or intonation [12].

2. Theoretical Background
According to the Fant’s source-filter principle [13], speech is
formed by a glottal excitation that is filtered by the vocal tract
to yield the air-flow at the mouth, which in turn is converted
to a pressure waveform at the lips and propagated as a speech
signal. Since the glottal flow and the vocal tract are linearly
separable, an inverse process to the one producing the speech is
accomplished [14]. Several methods have been proposed to ex-
tract the glottal excitation waveform from speech signals, most
of them based on inverse filtering. One succeeding inverse fil-
tering algorithm is the iterative adaptive inverse filtering tech-
nique [15], which employs an iterative refinement of the vocal
tract model and the glottal signal to produce a better estimate of
the glottal waveform. This method relies on a correct modeling
of the vocal tract by using the classic Linear Prediction Coef-
ficients (LPC). However, due to deficiencies of the LPC with
high pitched voices, variations have been proposed employing
discrete all-pole modeling [16] or lattice filters [17]. The lat-
ter approach reproduces the tube structure of the vocal tract
by its associated reflection coefficients, allowing a more pre-
cise reconstruction of the pressure and flow variables along the
tube, and of the glottal signal, than common autoregressive al-
gorithms. The present work considers the latter approach since
the modified iterative algorithm with lattice filters has been suc-
cessfully used in pathological speech applications [18, 17].

The iterative inverse filter process based on lattice filters is
illustrated in Figure 1 and includes the following stages [17]:

Voice: s(n)

Radiation compensated voice:
sr(n)

Deglottalized
voice: sv(n)

Devocalized
glottal trace: vg(n)

Inverse
Radiation

model
Hr(z)

Glottal Pulse
Inverse

model Hg(z)

Vocal Tract
model Fv(z)

Vocal Tract
Inverse

model Hv(z)

Glottal Pulse
model Fg(z)

Figure 1: Outline of the iterative inverse filtering approach
based on lattice filters employed in this paper

1. Elimination of the lip-radiation effects: The input voice
s(n) is filtered using an inverse radiation model filter

Hr(z) to compensate the radiation effects at the lips to
produce a trace of radiation compensated voice sr(n).

2. Elimination of the glottal source spectral fingerprint on
input voice: a simple glottal pulse inverse model filter
Hg(z) is used to cancel the behavior of the glottal source
in the radiation compensated voice, producing a trace of
deglottalized voice sv(n).

3. Estimation of the vocal tract transfer function by inverse
linear predictive filtering using adaptive paired lattices:
The previous signal is inverse-filtered using lattice filters
to extract the model of the vocal tract given by the trans-
fer function Fv(z).

4. Elimination of the vocal tract transfer function on input
voice: The inverse of the function in previous step is ap-
plied to the radiation compensated voice sr(n), produc-
ing a residual trace containing only information on the
glottal source derivative vg(n).

5. Estimation of the glottal source transfer function to be
applied in 2.

The process is iterated 2 or 3 times to obtain a refined glottal
source first derivative. This result is further integrated to obtain
the glottal source.

3. Experimental Set-Up
3.1. Databases

3.1.1. Saarbrücken collection

The Saarbrücken Voice Database [19] holds a collection of
voice signals from more than 2000 normal and pathological
German speakers. It holds the recordings of the sustained
phonation of vowels /i/, /a/, and /u/ produced at normal,
high and low pitch, as well as with rising-falling pitch. Voice
recordings were obtained using the Computerized Speech Lab
(CSL) station 4300B, using a sampling frequency of 50 kHz
and 16-bits of resolution. For the purpose of this work, only
the /a/ vowel at normal pitch is considered. A subset of the
database was segmented by a speech therapist, removing those
recordings with a low dynamic range or interferences, and se-
lecting registers acceding to an age balance. A total of 737 male
patients (229 normal and 508 pathological) and 1011 female
patients (396 normal and 615 pathological) were chosen.

3.1.2. UPM collection

The UPM database was recorded by Universidad Politécnica de
Madrid, Spain and by the Prı́ncipe de Asturias Hospital in Al-
calá de Henares, Madrid. The database contains the sustained
phonation of the /a/ vowel of a total of 265 females (138 nor-
mal and 127 pathological), and 175 males (101 normal and 74
pathological) Spanish speakers. All recordings were obtained
using the CSL station 4300B using a sampling frequency of
50 kHz and 16-bits of resolution.

3.1.3. Fundamental frequency distribution of databases

In order to roughly compare the population of both datasets,
the fundamental frequency (f0) of the UPM and Saarbrücken
voice disorders databases was calculated for both male and fe-
male speech. By using a kernel density estimator the probability
density function (pdf) is calculated and plotted in Figure 2. Ad-
ditionally the mean (µ) and standard deviation (std) for each
gender, as well as the classification accuracy at the equal error
rate decision threshold (EER), were calculated using the infor-
mation provided by the f0. Results are presented in Table 1 and
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show a certain homogeneity in the populations and accuracies
with both databases, providing a baseline around 87%.

0 100 200 300 400
Frequency (Hz)

 

 

Male
Female

(a) UPM database

0 100 200 300 400
Frequency (Hz)

 

 

(b) Saarbrücken database

Figure 2: Pdf of fundamental frequency for tested databases.
Results for male and female speech are presented.

Table 1: Parameters calculated from the fundamental frequency
pdf for the Saarbrücken and UPM databases.

Male Female
Database µ std µ std Accuracy(%)

Saarbrücken 136.0 41.7 218.1 38.66 86.83
UPM 124.6 33.5 202.9 42.6 87.54

3.2. Gender Recognizer

Fig. 3 shows an outline of the gender recognizer system devel-
oped in this paper. All stages are explained next.

Preprocessing

Speech
Glottal
Source

Vocal
Tract

Decomposition by Inverse Filtering

Feature
Extraction

Training
and

Validation

Figure 3: Outline of the automatic gender- detection system uti-
lized in this paper

3.2.1. Preprocessing and Decomposition

In the preprocessing stage, all speech signals are down-sampled
to 25 kHz. Besides, to keep constant the dynamic range between
all processed recordings, a [−1, 1] normalization is carried out.
Next, a short time analysis is carried out using 50% overlapped
Hamming windows 40ms long [1].

In the decomposition stage, and from the resulting speech
frames, the glottal waveform and the vocal tract model Fv(z),
are further extracted via inverse filtering, for which the basic
parameters are chosen as follows: (Fs/1000) + 2 coefficients
for modeling the vocal tract and 4 coefficients for modeling the
glottal waveform, being Fs the sampling frequency of the input
voice recording. Fv(z) is obtained by inverse filtering the de-
glottalized voice, using adaptive paired lattices, as explained in
stage 3 of Section 2.

3.2.2. Feature extraction

The glottal waveform and speech are the inputs of the feature
extraction stage. Both signals are characterized by means of
MFCC coefficients, varying its number in the interval [12:2:20].
Additionally, the vocal tractFv(z) is considered a feature vector
by itself.

Finally, three experiments are studied:

– Parameterization of raw speech frames.
– Fusion of the parameters extracted from the glottal wave-

form and from the vocal tract model Fv(z).
– Fusion of the parameters extracted from the speech and

glottal waveform, and from the vocal tract model Fv(z).

3.2.3. Training and validation

As a measure of performance evaluation, the classifier ac-
curacy, α, is calculated within a given confidence interval
q. So, assuming a 95% value, the q range is estimated as
q = ±1.96

√
α(1− α)/N , where N is the total number of

classified patterns. Additionally, specificity (sp), sensitivity
(se), detection error trade-off curves (DET), and area under
receiver operating characteristic curves (AUC) are employed.
All measured at the EER. The performance evaluation includes
a 10-fold cross-validation strategy, while classification is car-
ried out by using a simple GMM classifier. The number of
gaussians for the Saarbrücken database is varied in the fol-
lowing set: {8, 16, 32, 64, 96, 128, 200, 256}, while for the
UPM database the set was varied by the following numbers:
{2, 4, 8, 16, 32, 64}.

4. Results
For the Saarbrücken database, the best performance for each
one of the proposed experiments are presented in Table 2, while
their respective DET curves are shown in Figure 4.
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(b) DET curve

Figure 4: Accuracy and DET curve of the Gender detector using
the Saarbrücken database.

Likewise, the best results for the UPM database are pre-
sented in Table 3, while their corresponding DET curves are
shown in Figure 5.
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Table 2: Best results among all tested experiments using the
Saarbrücken database

System α± q AUC sp se

Speech (22 MFCC) 99.07 ± 0.17 0.99 0.99 0.99

Vocal Tract +
Glottal (14 MFCC) 98.74 ± 0.20 0.99 0.99 0.99

Speech(22 MFCC)
+Vocal Tract+ 99.11 ± 0.17 0.99 0.99 0.99

Glottal(20 MFCC)
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Figure 5: Accuracy and DET curve of the Gender detector using
the UPM database.

5. Discussion and Conclusions
The present work has studied the performance of an auto-
matic gender recognizer using normal and pathological voices.
Speech, and glottal and vocal tract components extracted from
speech have been used. For extraction purposes, an iterative
inverse filtering approach based on lattice filters has been uti-
lized. The testing methodology employed MFCC features, as
well as GMM for classification. Experiments were carried out
in two different voice disorders databases containing recordings
of sustained vowels. The present work has also aimed to in-
vestigate if a decomposition of the speech signal into its vocal
and glottal components might provide more information than
the raw speech signal.

The three proposed experiments provided a high perfor-
mance modeling with the Saarbrücken database. This fact is
observed in Table 2, where a classification accuracy up to 99%,
high AUC, se and sp are presented. However, and as evidenced
by the confidence intervals of Table 2, the results are not sig-

Table 3: Best results among all tested experiments using the
UPM database

System α± q AUC sp se

Speech (18 MFCC) 91.00 ± 2.73 0.97 0.91 0.92

Vocal Tract+
Glottal (18 MFCC) 92.18 ± 2.56 0.97 0.93 0.90

Speech(22 MFCC)
+Vocal Tract+ 92.42 ± 2.53 0.97 0.93 0.92

Glottal(16 MFCC)

nificantly different among the three different parameterization
approaches. This is also observed from the high overlapping
among all tested sets of the DET curve in Figure 4. There-
fore there is no conclusive result on whether a decomposition of
the speech in its glottal and vocal tract components might pro-
vide more insight than the raw speech signal itself on the tested
database. On the other hand, regarding the UPM database, the
performance was lower than with the Saarbrücken database, but
it still performed well with a classification accuracy up to 92%.
The best results were obtained fusing the speech signal with
the glottal and vocal tract components, closely followed by the
combination of glottal and vocal tract components; and lastly
by the speech signal. As with the Saarbrücken database, there
are not substantial differences in the performance between the
three parameterization approaches.

Both databases were recorded using similar conditions
(same equipment, same sampling rate and resolution), and both
contained similar acoustic material (as suggested by Figure
2 and Table 1). However, despite of these similarities and
the use of a common methodological framework, the results
showed differences in the accuracies obtained with the UPM
and Saarbrücken databases. This divergence cannot be ex-
plained and remains as an open issue. Language dependencies
cannot be discarded.

The obtained results suggest that gender might be effec-
tively distinguished on normal and pathological speech by em-
ploying the proposed methodology. This is supported by the
high classification rates and the good performance presented on
the DET curves for both databases. Results are in line to those
obtained in the literature for normal speech and which are up
to 90% in classification accuracy. However, it has to be re-
marked that only a coarse classifier parameter tuning has been
carried out, and that a finer analysis might improve classifica-
tion results. Also, the present paper has only utilized sustained
vowels, unlike other works in the state of the art which have em-
ployed more varied acoustic material. On the other hand, and
on contrary to other works in the literature, results are not con-
clusive on whether the decomposition of the voice in its glottal
and vocal tract components improves systems’ performance.

Despite the aforementioned facts, the system developed in
this work opens the possibility to a gender-dependent automatic
pathology detection. This remains as future work. Also, other
different vocal-glottal decomposition algorithms will be tested,
as well as the inclusion of more robust classification systems
using Universal Background Models (UBM), or GMM-SVM.
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Lechón, V. Osma-Ruiz, and G. Castellanos-Domı́nguez,
“Automatic detection of pathological voices using com-
plexity measures, noise parameters, and mel-cepstral co-
efficients.” IEEE transactions on bio-medical engineer-
ing, vol. 58, no. 2, pp. 370–9, Mar. 2011.

[3] V. Sorokin and I. Makarov, “Gender recognition from vo-
cal source,” Acoustical Physics, vol. 54, no. 4, pp. 571–
578, 2008.
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