
This is an electronic reprint of the original article.
This reprint may differ from the original in pagination and typographic detail.

Powered by TCPDF (www.tcpdf.org)

This material is protected by copyright and other intellectual property rights, and duplication or sale of all or 
part of any of the repository collections is not permitted, except that material may be duplicated by you for 
your research use or educational purposes in electronic or print form. You must obtain permission for any 
other use. Electronic or print copies may not be offered, whether for sale or otherwise to anyone who is not 
an authorised user.

Nonavinakere Prabhakera, Narendra; Alku, Paavo
Dysarthric speech classification from coded telephone speech using glottal features

Published in:
Speech Communication

DOI:
10.1016/j.specom.2019.04.003

Published: 01/07/2019

Document Version
Peer reviewed version

Published under the following license:
CC BY-NC-ND

Please cite the original version:
Nonavinakere Prabhakera, N., & Alku, P. (2019). Dysarthric speech classification from coded telephone speech
using glottal features. Speech Communication, 110, 47-55. https://doi.org/10.1016/j.specom.2019.04.003

https://doi.org/10.1016/j.specom.2019.04.003
https://doi.org/10.1016/j.specom.2019.04.003


Speech Communication 00 (2019) 1–15

Speech
Communi-

cation

Dysarthric speech classification from coded telephone speech using
glottal features

N P Narendra, Paavo Alku

Department of Signal Processing and Acoustics, Aalto University, Espoo 00076, Finland

Abstract

This paper proposes a new dysarthric speech classification method from coded telephone speech using glottal features. The
proposed method utilizes glottal features, which are efficiently estimated from coded telephone speech using a recently proposed
deep neural net-based glottal inverse filtering method. Two sets of glottal features were considered: (1) time- and frequency-domain
parameters and (2) parameters based on principal component analysis (PCA). In addition, acoustic features are extracted from coded
telephone speech using the openSMILE toolkit. The proposed method utilizes both acoustic and glottal features extracted from
coded speech utterances and their corresponding dysarthric/healthy labels to train support vector machine classifiers. Separate
classifiers are trained using both individual, and the combination of glottal and acoustic features. The coded telephone speech used
in the experiments is generated using the adaptive multi-rate codec, which operates in two transmission bandwidths: narrowband
(300 Hz - 3.4 kHz) and wideband (50 Hz - 7 kHz). The experiments were conducted using dysarthric and healthy speech utterances
of the TORGO and universal access speech (UA-Speech) databases. Classification accuracy results indicated the effectiveness of
glottal features in the identification of dysarthria from coded telephone speech. The results also showed that the glottal features
in combination with the openSMILE-based acoustic features resulted in improved classification accuracies, which validate the
complementary nature of glottal features. The proposed dysarthric speech classification method can potentially be employed in
telemonitoring application for identifying the presence of dysarthria from coded telephone speech.

Keywords: Dysarthric speech, glottal parameters, glottal source estimation, glottal inverse filtering, openSMILE, support vector
machines, telemonitoring.

1. Introduction

Dysarthria is a neuro-motor disorder resulting in neurological damage of the motor component of speech pro-
duction [1]. Dysarthria is generally a result of either a neurological injury (i.e., cerebral palsy, brain tumor, brain
injury, stroke) or a symptom of a neurodegenerative disease (i.e., Parkinsons’s disease, amyotrophic lateral sclerosis,
Huntington’s disease). Dysarthric speech is often associated with reduced vocal tract volume and tongue flexibility,
atypical speech prosody, imprecise articulation, and variable speech rate − factors that all reduce speech intelligibility
[2]. The assessment of speech is essential in distinguishing dysarthria from healthy speech. The speech assessment
can be performed using a traditional approach, which involves speech-language pathologists performing intelligibility
tests to judge the presence of dysarthria, as well as to characterize its severity [3]. Subjective intelligibility tests are,
however, costly, laborious, and frequently prone to intrinsic biases of pathologists due to familiarity with patients
and their speech disorders [4][5]. This motivates the design of an objective method for the assessment of dysarthric
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speech. The assessment of dysarthric speech is carried out for two tasks: (1) to identify the presence of dysarthria from
a given speech signal and (2) to estimate the severity of dysarthria. Both of these tasks are crucial diagnostic steps
which help to take clinical decisions regarding the course of therapy or medication of patients. This work focuses on
the former task, i.e., the identification of the presence of dysarthria.

Objective assessment for the identification of the presence of dysarthria is usually done by a data-driven model,
trained on collected speech data and labels obtained from the speech-language pathologist. Objective speech-based as-
sessment is economical and reliable, and it can be used to perform the diagnosis on a regular basis [6]. As speech-based
diagnosis can be performed remotely, away from the hospital, it can in principle be conducted using a telemonitoring
application [7]. In order to use speech-based diagnosis systems in telemonitoring applications, the system should
be capable of handling varying speech degradation conditions, for example, coding (i.e., generation of quantization
noise), transmission errors, band-pass filtering, and varying background environments.

In the literature, there are only a few studies on the speech-based telemonitoring of neuro-motor disorders and
there are no reported works specific to telemonitoring of dysarthric speech. Little et. al. [8] proposed a new measure
of dysphonia − pitch period entropy (PPE), which is robust to various noisy environments for the telemonitoring of
Parkinson’s disease. In [9], clinically useful features such as recurrence period density entropy (RPDE), detrended
fluctuation analysis (DFA), and PPE are explored for telemonitoring of Parkinson’s disease progression. In [10][11], a
general telemonitoring framework is proposed which involves regular collection of speech samples from subjects and
monitoring of Parkinson’s disease. Sakar et. al. [12] explored vocal features such as jitter, shimmer, harmonics-to-
noise ratio, recurrence period density entropy and pitch period entropy in discriminating Parkinson’s disease patients
with early signs of speech disorders and healthy subjects. In [13], monitoring of Parkinson’s disease progression was
performed by using individual speaker models which are developed using the classical GMM-UBM technique and
the i-vector approach. Except for a few recent investigations [13][14], most of the previous studies on speech-based
telemonitoring consider, however, only clean speech recorded under ideal conditions (i.e., speech is considered to be
free from distortion such as quantization noise or environmental noise). Therefore, in order to develop an effective
telemonitoring system, dysarthric speech classification needs to be studied in more realistic scenarios. In the current
article, a dysarthric speech classification system that works with coded telephone speech − the data that is best suitable
for telemonitoring applications − is developed.

The existing dysarthric speech classification systems extract high-dimensional acoustic features to capture the
wide variabilities of sources and patterns in pathological speech. Previous works have explored a range of features
including spectral features (e.g., line spectral frequencies (LSFs), Mel-frequency cepstral coefficients (MFCCs), for-
mants), prosody features (e.g., fundamental frequency, pitch contour, phone duration, energy), voice quality features
(e.g., jitter, shimmer, harmonics-to-noise ratio), perceptual features, and phonological features [15][16][17][18]. Only
a few studies have, however, utilized glottal features (i.e., parameters describing the source of voiced speech, the glot-
tal flow, generated by the vocal folds) for detecting the presence of dysarthria. In [19], glottal parameters are utilized
in combination with spectral and prosodic parameters to develop cross-database models (training on one database
and testing on another database) for the identification of dysarthria. In a recent study by the present authors [20],
the effectiveness of glottal parameters computed using an efficient glottal inverse filtering (GIF) method, quasi-closed
phase analysis (QCP) [21], is demonstrated for dysarthric speech classification from three speech signal categories
(non-words, words, and sentences). It is worth noting that in these previous dysarthria classification studies, both the
widely used acoustic measures (i.e., spectral, prosodic, and voice quality) and glottal parameters have been computed
from clean speech which is free from external degradations.

For effective telemonitoring applications, the classification task needs to be performed in realistic scenarios where
speech is degraded due to, for example, low bit-rate speech coding. While there exist previous works on differ-
ent speech processing tasks such as speech recognition [22] and speaker verification [23][24] from coded telephone
speech, dysarthric speech classification has not been explored before from coded telephone speech. Even though
widely used acoustic features, such as LSFs, MFCCs, and linear frequency cepstral coefficients (LFCCs), have been
successfully utilized for different speech processing tasks under the coded condition [22][23][24], the glottal parame-
ters have not been explored from coded telephone speech due to the known strict quality requirements of GIF analysis
[25]. In [26], illustration of degradation of glottal flows obtained from coded speech using existing GIF methods is
provided. Apart from coding, existing GIF analysis is highly sensitive to non-ideal recording conditions such as ambi-
ent noise, low-frequency bias due to breath burst on the microphone, phase distortions due to the recording equipment,
improper A/D conversion, and conducting GIF in such circumstances can lead to significant distortions in glottal flow
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estimates [27][28][29]. Accurate estimation of glottal flow under non-ideal condition (i.e., coding) is highly necessary
and has potential in improvement of performance of dysarthric speech classification. Additionally, robust estimation
of glottal parameters from coded telephone speech can not only be useful for dysarthric speech classification but also
in speech-based telemonitoring of different neuro-motor disorders, speaker traits, and emotions. In the current study,
the dysarthric speech classification is performed from coded telephone speech using two bandwidths, narrowband
(300 Hz - 3.4 kHz) and wideband (50 Hz - 7 kHz), that have been standardized in speech transmission [30][31].

Feature extraction techniques used for dysarthric speech classification from clean speech cannot be directly applied
for coded speech. The performance of feature extraction techniques, particularly for glottal parameters, will degrade
for the coded speech due to the presence of amplitude and phase distortions in the signal [32]. Conventional GIF
methods, which estimate the glottal flow directly by filtering the input speech utterance with the inverse of the vocal
tract model are known to be highly sensitive to even slight distortions in the input speech signal [32][33][34]. In
order to effectively estimate the glottal source from coded speech, deep neural net-based glottal inverse filtering
(DNN-GIF) was recently proposed [26][32]. In DNN-GIF, a deep neural net (DNN), trained in a supervised manner
using glottal flows estimated from clean speech, maps acoustical features (e.g., LSFs, MFCCs) of the input signal
directly to a time-domain glottal flow signal. DNN-GIF is shown in [26][32] to estimate glottal flows accurately from
coded speech, compared to state-of-the-art GIF methods. The glottal parameters, which are obtained from the flow
waveform estimated using DNN-GIF can be explored for dysarthric speech classification. In addition, investigation
of the complementary nature of glottal parameters when used in combination with existing acoustic features can also
be performed.

This study proposes a new dysarthric speech classification method, which works for coded telephone speech and
therefore suits telemonitoring applications. The study particularly explores the effectiveness of glottal parameters ex-
tracted from coded telephone speech for dysarthric speech classification. The glottal parameters are extracted from the
voice source signals estimated using the recently proposed DNN-GIF method. Two sets of glottal parameters are con-
sidered: (1) time- and frequency-domain parameters, and (2) principal component analysis (PCA)-based parameters.
Acoustic features extracted with the openSMILE toolkit [35] are used as the baseline. The openSMILE-based features
have previously been widely used for different paralinguistic challenges, such as the detection of speech disorders,
speaker effects (such as stress, styling, depression), and emotion recognition. Using the features extracted from every
speech utterance as well as its corresponding label indicating, dysarthric/healthy, a support vector machine (SVM)
classifier is trained. Experiments are conducted using two freely available databases [36][37] to systematically study
the effectiveness of glottal parameters when used individually and combined with the baseline openSMILE features
in the classification of dysarthric speech under the coded condition.

This paper is organized as follows. In Section 2, a detailed description about the proposed dysarthric speech
classification method is provided. The details about the dysarthric speech databases, experimental setup and results
are given in Section 3. Conclusions of the present study and possible future extensions are presented in Section 4.

2. The proposed method

2.1. System structure
In order to classify dysarthric voices from healthy speech, a speech classification system shown in Fig.1 was

developed. In this approach, SVM classifiers consider individual or combined (acoustic and glottal) features, extracted
from the input speech signal (coded telephone speech), to predict one of two possible output classes (dysarthric or
healthy). SVMs are widely used in pathological speech classification and they have been validated with consistent
performance, even for a small amount of speech data, in contrast to other techniques such as deep neural nets which
require a large amount of data for proper training [17][38]. In the training phase (shown in Fig. 2), the proposed
method utilizes both the coded input speech signal and corresponding dysarthric/healthy labels obtained from speech-
language pathologists. Prior to the training of the SVMs, both acoustic and glottal parameters are extracted by using
suitable methods. After the SVMs have been trained, the system maps the input (a set of acoustic and glottal features
extracted from coded telephone speech) to the desired output class (dysarthric/healthy). In this work, two sets of
acoustic features, which are extracted from coded telephone speech using the openSMILE toolkit [35] are used as
reference features. Further, two sets of glottal parameters are extracted from glottal flow waveforms, which are
estimated using two GIF methods (QCP and DNN-GIF) and, hence, a total of four types of glottal parameters are
extracted.
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Figure 1. The proposed dysarthric speech classification method.

Figure 2. The training phase of the proposed dysarthric speech classification method.

In order to train the proposed dysarthric speech classifier, first, a multi-speaker dysarthric speech database is con-
sidered (described in detail in Section 3.2). The speech utterances present in the dysarthric speech databases are
appropriately coded (explained in Section 2.2). From every coded speech utterance, the glottal flow waveform is es-
timated using two GIF methods: QCP and DNN-GIF. QCP was shown in [21] to be the best performing GIF method
compared to existing methods [39][27][40] in estimating the glottal flow from clean speech. DNN-GIF is a recently
proposed method, which was shown to be the best performing GIF method under the coded condition [26][32]. Using
the glottal flow waveform estimated from each of the two GIF methods, two sets of glottal parameters are extracted
(details are provided in Section 2.3). Two sets of acoustic features, named openSMILE-1 and openSMILE-2, are also
extracted from every coded speech utterance using openSMILE (described in Section 2.4), which is a widely used
toolkit in paralinguistic speech processing tasks. Generally, the size of acoustic and glottal feature sets is large. To
avoid the risk of over-fitting, the size of each of these feature sets is reduced by using the sequential forward feature
selection (SFFS) algorithm [41]. SFFS selects a subset of features from the feature set that results in the best classi-
fication accuracy. Starting from an empty feature set, SFFS creates candidate feature subsets by sequentially adding
each of the features, and each candidate feature subset is evaluated by computing the classification accuracy with
the 10-fold cross-validation strategy. Feature selection using SFFS results in both improvement of the computational
efficiency and generalization capabilities. Using the features extracted from every coded speech utterance as input and
corresponding dysarthric/healthy labels as output, a SVM classifier is trained. Separate classifiers are trained using
reduced and non-reduced set of features for openSMILE, glottal features, and combination of these features.

After training of the SVMs is complete, the SVM classifiers can be used to identify the presence of dysarthria from
the coded speech utterance. The same set of speech features, which were used during training are extracted from the
coded speech utterance, and the extracted features are fed to the SVM classifier, which outputs the dysarthric/healthy
labels.
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2.2. Telephone speech codecs

In order to simulate telephone speech, the adaptive multi-rate (AMR) codec [30] is used for coding the utterances
of the dysarthric speech database. The AMR codec is a widely used speech compression method, standardized by the
European Telecommunications Standards Institute (ETSI) [31]. This work considers AMR codecs, which operate on
two transmission bandwidths - the narrowband (300 Hz - 3.4 kHz) and the wideband (50 Hz - 7 kHz). Depending on
the transmission bandwidths of operation, the AMR can be categorized as either the AMR narrowband (NB) codec
or the AMR wideband (WB) codec. The AMR-NB and AMR-WB codecs use sampling frequencies of 8 kHz and
16 kHz respectively. In the proposed classification system, both acoustic and glottal features are extracted separately
from both NB- and WB-coded speech. Separate SVM classifiers (one for the NB-coded speech, the other for the
WB-coded speech) are trained using the features extracted from AMR-coded speech as well as labels indicating,
dysarthric/healthy.

2.3. Glottal parameter extraction

In dysarthria, as the motor component of speech production is affected, the nature of vibration of the vocal folds
is deviated compared to healthy speech. The difference in vocal fold vibration between dysarthric and healthy speech
production cannot be characterized completely by the rate of vibration (i.e., pitch information). Instead, the mode
of vibration of vocal folds needs to be taken into account as well. Therefore, the waveform of the acoustic speech
excitation generated by the vocal folds, the glottal flow, may have useful discriminating information for dysarthric
speech classification. In order to parameterize the glottal source, the flow waveform must be estimated first with GIF
from coded speech signal. In order to estimate the glottal flow from coded speech, two GIF methods are utilized: QCP
and the recently proposed DNN-GIF method. Here, it is worth noting that the glottal parameters are extracted only in
those regions of coded speech where the vibration of the vocal folds takes place (i.e. in voiced segments).

2.3.1. GIF methods
QCP [21] is one of the most accurate GIF methods used for estimating the glottal flow from clean speech. The

QCP method is based on the principles of closed phase analysis (CP) [27], which estimates the vocal tract response
using the covariance method of linear prediction from a few speech samples located in the closed phase of glottal
cycle. In contrast to the CP method, QCP creates a specific temporal weighting function, called the attenuated main
excitation (AME) function [42], using glottal closure instants (GCIs) estimated from speech. The AME function is
used to attenuate the contribution of the (quasi-) open phase in the computation of the weighted linear prediction
(WLP) coefficients, which results in good estimates of the vocal tract transfer function. The evaluation results in
[21] show that the accuracy of QCP is better than that of CP [27], iterative adaptive inverse filtering (IAIF) [39],
and complex cepstral decomposition (CCD) [40]. Even though it is shown in [26] that the glottal flow waveforms
estimated with conventional GIF methods, including QCP, are distorted due to coding, the main reason for using QCP
in this study is to understand how much the coding of speech affects dysarthric speech classification accuracy when
glottal features are computed with conventional GIF methods.

DNN-GIF [26][32] is a recently proposed GIF method to estimate the glottal source from coded speech. DNN-
GIF is a data-driven method, which utilizes both coded and clean versions of speech signals during the training phase.
Unlike the existing GIF methods, which attempt to accurately model the vocal tract filter and estimate the glottal flow
by removing the contribution of the vocal tract from speech, the DNN-GIF method relies on the non-linear mapping
capability of DNNs to estimate the glottal flow. In this method, a DNN is trained to map the spectral features (e.g.,
LSFs) extracted from coded telephone speech with the corresponding reference glottal flow waveforms obtained from
clean speech. The reference glottal flow waveforms are estimated from clean speech by using the QCP method.
During the testing phase, the spectral features extracted from coded telephone speech are given as input to the trained
DNN which generates the glottal flow waveform. In DNN-GIF, separate deep neural networks are trained for NB-
and WB-coded speech. According to the experiments carried out in [26][32], the accuracy of DNN-GIF is better
than that of QCP [21], CP [27], IAIF [39], and CCD [40]. In the current study, we take advantage of the same DNN
which was used in [26][32] and which was trained using speech samples (both NB- and WB-coded) of sustained long
vowels. The DNN trained in [26][32] can be used also in the current study because the glottal flow waveform to be
estimated is a simple and elementary waveform generated at the level of the vocal folds (i.e., in the absence of vocal
tract resonances) and mismatch between training and test data hardly have any influence on the glottal flow estimation.
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Fig. 3 illustrates the glottal flow waveforms estimated from clean and coded speech by using the QCP and DNN-
GIF methods. Clean speech is obtained from the vowel section /a/ of a dysarthric speech utterance of the TORGO
database and the AMR-NB codec is used to obtain the corresponding coded telephone speech version. The figure
shows the glottal flow waveform estimated from clean speech by using the QCP method (Fig. 3(a)), and the glottal
flow waveforms estimated from the corresponding coded speech signal by using the QCP method (Fig. 3(b)) and the
DNN-GIF method (Fig. 3(c)). From the figure, it can be observed that the glottal flow waveform estimated from
coded telephone speech by using the QCP method is distorted, and the glottal flow waveform estimated from coded
telephone speech by using the DNN-GIF method is clearly closer to the glottal flow waveform estimated from clean
speech.
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Figure 3. (a) Glottal flow waveform obtained from clean speech by using the QCP method. Glottal flow waveforms estimated from coded speech
by using (b) the QCP method and (c) the DNN-GIF method.

Using the glottal flow waveforms estimated by GIF, two sets of glottal parameters are extracted in the current
study. The first parameter set captures the time- and frequency-domain characteristics of glottal flow waveform. The
second parameter set aims to represent the entire glottal flow waveform using PCA.

2.3.2. Time- and frequency-domain glottal parameters (Glottal-1)
The first glottal parameter set (referred in this work as Glottal-1) consists of 12 known time- and frequency-

domain parameters, which characterize various aspects of the glottal flow waveform [43][44]. These parameters
are extracted using APARAT Toolbox [45] and they are listed in Table 1. H1H2 and HRF are obtained in the dB
scale, and the other parameters are obtained in a linear scale. The glottal parameters are computed in 30-ms frames.
H1H2 and HRF are computed pitch-asynchronously once per frame, whereas the rest of the parameters are computed
pitch-synchronously once per glottal cycle and then averaged over the frame. The glottal parameters computed from
all voiced frames of the input coded speech signal finally form the glottal parameter vector of the utterance. The
following 8 statistical measures are computed from the glottal parameter vector, as well as from its delta vector:
mean, median, minimum, maximum, standard deviation, range, skewness, and kurtosis. This results in (12 + 12) × 8
= 192 parameters representing the Glottal-1 parameter set.

2.3.3. PCA-based glottal parameters (Glottal-2)
The second glottal parameter set (referred in this work as Glottal-2) consists of parameters that represent the entire

glottal flow waveform using PCA, which uses an orthogonal transformation to convert a set of observations into a set
of linearly uncorrelated variables called principal components (PCs). The use of PCA for voice source waveform
modeling was first proposed in [46]. The parameterization of glottal flow using PCA has been explored for speech
synthesis [47] and speaker recognition [48]. However, PCA-based glottal flow parameterization has not been explored
before for pathological speech classification.

In order to estimate the PCA-based parameters from the glottal flow waveforms of the dysarthric speech database,
first, the principal components are obtained from the glottal flow waveforms that are estimated using the clean speech
database containing sustained long vowels (the same speech data, which was used for training in DNN-GIF). The de-
tails of the speech database are provided in [26][32]. The glottal flow waveforms are estimated using QCP. In order to
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Table 1. Time- and frequency-domain glottal parameters. For more details, see [45].
Time-domain parameters

OQ1 Open quotient, calculated from the primary
glottal opening

OQ2 Open quotient, calculated from the secondary
glottal opening

NAQ Normalized amplitude quotient
AQ Amplitude quotient
ClQ Closing quotient
OQa Open quotient, derived from the LF model
QOQ Quasi-open quotient
SQ1 Speed quotient, calculated from the primary

glottal opening
SQ2 Speed quotient, calculated from the secondary

glottal opening
Frequency-domain parameters

H1H2 Difference between first two glottal harmonics
PSP Parabolic spectral parameter
HRF Harmonic richness factor

perform PCA, the glottal flow waveform of every utterance is pitch-synchronously decomposed into smaller segments.
The glottal segments are computed from the derivative of the glottal flow, which is decomposed as GCI-centered, two-
pitch-period-long segments. The glottal segments are then windowed with the Hann window, interpolated to a constant
length, and normalized in energy. The glottal segments are extracted from the utterances of the entire speech database
and each of the glottal segments is normalized by subtracting the global mean of the glottal flow. The principal com-
ponent analysis is performed on the normalized glottal segments, resulting in the computation of eigenvalues and
eigenvectors (also called the principal components).

Using the principal components, the parameterization of glottal flow waveforms is performed. First, the glottal
flow waveforms are estimated from the coded speech utterances of the dysarthric speech database using QCP and
DNN-GIF. Using the same procedure as explained above, the glottal flow waveforms are decomposed into two-pitch-
period-long glottal flow segments. The glottal segments are parameterized by projecting them on an orthonormal basis
obtained by the principal components leading to PC weights. In this work, the glottal flow waveform is parameterized
using 30 PC weights. The glottal parameters represented as 30 PC weights are computed from every cycle of the
glottal flow and then averaged over the frame. PCA-based glottal parameters, computed from all the voiced frames
of the coded speech utterance, finally form the glottal parameter vector. 8 statistical measures are computed from the
vector of glottal parameters, as well as from its delta, resulting in (30 + 30) × 8 = 480 parameters representing the
Glottal-2 parameter set.

2.4. Parameter extraction with openSMILE

Acoustic parameters are extracted from coded speech using openSMILE, a freely available feature extraction
toolkit [35]. The openSMILE features have been used as baselines for different paralinguistic challenges from IN-
TERSPEECH 2009 [49]. Some examples of paralinguistic challenges are the recognition of emotion, speaker traits
and states, and speech pathology. The acoustic features extracted by openSMILE mainly represent spectrum, prosody,
and voice quality. In this work, two sets of acoustic features, defined in the openSMILE toolkit, are used for dysarthric
speech classification. The first set (referred in this work as openSMILE-1) is INTERSPEECH 2009 Emotion Chal-
lenge [49] feature set, consisting of 384 features. This feature set consists of the basic acoustic features such as
MFCCs, root mean square (RMS) energy, pitch, zero-crossing rate, and voicing probability. A set of 16 acoustic fea-
tures extracted from every frame is described in Table 2. The set of 16 acoustic features, along with their derivatives
obtained from all frames of a speech utterance, forms the acoustic feature vector. 12 statistical functionals (shown
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Table 2. Two openSMILE feature sets. For more details, see [35].
Feature sets Acoustic features Statistical functionals
openSMILE-1 RMS-energy, MFCCs (12), min (or max) value and its relative position,

zero-crossing rate, pitch, median, range, standard deviation, skewness,
voicing probability kurtosis, 2 linear regression coefficients, and

quadratic error
openSMILE-2 log-energy, MFCCs (13), min (or max) value and its relative position,

Mel-spectrum (26), pitch, median, range, standard deviation, skewness,
jitter, shimmer, zero-crossing kurtosis, 2 linear regression coefficients, linear and
rate, voicing probability, spectral quadratic errors, 3 quartiles, 3 inter-quartile
flux, roll-off points, spectral errors, 2 percentiles (95 % & 98 %), number
centroid, position of spectral of peaks, mean of peaks, mean distance
maximum and minimum between peaks, arithmetic, geometric and

quadratic means

in Table 2) are computed from the acoustic feature vector of the utterance to obtain (16 + 16) × 12 = 384 features
representing the openSMILE-1 feature set.

The second set (referred in this work as openSMILE-2) is the large openSMILE emotion feature set consisting of
6552 features. This is the largest feature set in terms of the number of features in the openSMILE toolkit. The largest
feature set is chosen to involve as much acoustic information as possible, which may be helpful in dysarthric speech
classification. A set of 56 acoustic features (given in Table 2) are extracted from every frame. 56 acoustic features,
along with their first and second order derivatives, form the frame-level acoustic features. As in openSMILE-1,
statistical functionals are applied on the acoustic feature vectors, which are extracted from all the frames of the speech
utterance. Instead of 12, 39 statistical functionals (shown in Table 2) are applied to obtain (56 + 56 + 56) × 39 = 6552
features representing the openSMILE-2 feature set. The set of acoustic features and statistical functionals used in the
openSMILE-2 feature set are described in Table 2.

3. Experiments

The experiments conducted in this study evaluate the effectiveness of the glottal parameters obtained from the
QCP and DNN-GIF methods in dysarthric speech classification under the coded condition. Classification accuracies
obtained with different combinations of the glottal and openSMILE features are analyzed. Differences between classi-
fiers obtained from the baseline openSMILE features and those obtained from the combination of glottal and baseline
openSMILE features are also analyzed using statistical tests. To develop dysarthric speech classification systems, the
TORGO [36] database and the universal access speech (UA-Speech) [37] database are utilized.

3.1. The TORGO speech database

The TORGO database contains speech recordings from seven patients (three females and four males), diagnosed
with cerebral palsy or amyotrophic lateral sclerosis (ALS), and speech recordings from seven healthy control speakers
(three females and four males). The age range of the patients is from 16 years to 50 years. The patients were known to
have disruptions in the neuro-motor interface, which causes dysarthria. The database includes speech signals in three
categories, namely non-words, words, and sentences. The non-words consist of 5-10 repetitions of /iy-p-ah/, /ah-p-
iy/, and /p-ah-t-ah-k-ah/ and high-pitched and low-pitched vowels, maintained over 5 s (e.g., “Say ‘eee’ in a high
pitch for 5 s”). The text prompts used to record short words include 50 words from the word intelligibility section of the
Frenchay Dysarthria Assessment [50] and 360 words from the word intelligibility section of the Yorkston-Beukelman
Assessment of Intelligibility of Dysarthric Speech [51]. The sentences comprise three preselected phoneme-rich
sentence sets: the Grandfather passage from the Nemours database [52], 162 sentences from the sentence intelligibility
section of the Yorkston-Beukelman Assessment of Intelligibility of Dysarthric Speech [51], 460 sentences from the
MOCHA database [53], and spontaneously elicited descriptive texts. Details of text prompts and the reason for
the selection of these prompts are described in the TORGO database paper [36]. The speech data of TORGO was
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recorded simultaneously through two microphones − a head-mounted microphone and an array microphone, with a 16
kHz sampling frequency. In this study, speech samples recorded by the array microphone are used. 80 sentence-level
utterances from each speaker are used (except for two dysarthric speakers, only 23 and 28 utterances are used due
to the lack of availability of recordings) to develop dysarthric speech classification systems. Dysarthria and healthy
control (or non-dysarthria) labels associated with every speaker are obtained from the TORGO database.

3.2. The UA-Speech database

The UA-Speech database [37] contains speech collected from 15 patients (four female and eleven male) diagnosed
with cerebral palsy and speech recordings from 13 healthy control speakers (four females and nine males). The age
range of the patients is from 18 to 58. Every subject is asked to utter 765 isolated word utterances in three blocks (B1,
B2, and B3) and each block contains 255 words, which includes 155 words which are common to all three blocks
and 100 uncommon words that differ across the blocks. The 155 words consist of 19 common computer commands
(e.g., ‘enter’, ‘tab’), 10 digits (0 to 9), 26 radio alphabet letters (e.g., ‘Alpha’, ‘Bravo’), and the 100 most common
words in the Brown corpus of written English (e.g., ‘to’, ‘and’). One hundred uncommon words in each block were
selected from children’s novels digitized by Project Gutenberg [37]. Dysarthric speech data was recorded using an
eight-microphone array, sampled at 16 kHz and each microphone was spaced at intervals of 1.5 inches. In this study,
speech samples recorded from microphone no. 6 of the array were used. The data studied includes speech from 13
patients and 13 healthy controls. Speech utterances from a single block (B1) of each speaker were used. Same as in
TORGO database, dysarthria and healthy control (or non-dysarthria) labels associated with every speaker are obtained
from the UA-Speech database.

In context of neuro-motor disorders, it is worth emphasising that classification systems have been developed
mainly using a relatively small number of speech samples recorded from patients [16][17][8]. This is different from
other speech processing tasks, such as speech synthesis and speech recognition, where a large number of speech
samples (e.g. thousands of sentences per speaker [54]) is typically recorded from healthy speakers. Collecting a large
number of utterances from patients is, however, challenging if not impossible. Patients feel difficulty in speaking for
longer duration, particularly when the neuro-motor disorder is severe. Therefore, most of the existing freely available
dysarthric speech databases [36][37][52][55] contain speech data recorded from a small number of patients.

3.3. Experimental setup

Speech utterances from TORGO and UA-Speech are used in the experiments as follows. 10% of every speaker’s
utterances are used as validation data and the remaining 90% are used as training data. The training data is used to
develop the SVM models and to compute the classification accuracy. The validation data is used only for feature
selection and tuning of the hyper parameters. As there is no overlap between the training and validation data, the
models developed will generalize fairly well towards new data. The speech utterances are coded using the AMR-
NB and AMR-WB codecs. The coded speech data is processed in 30-ms frames at 15-ms intervals in the dysarthric
speech classification system. Using openSMILE, two sets of acoustic features (openSMILE-1 and openSMILE-2) are
extracted from every coded speech utterance of the TORGO and UA-Speech databases. From every coded speech
utterance, voiced segments are extracted using the SEDREAMS method [56]. From every voiced frame of coded
speech utterance, glottal flow waveforms are estimated using QCP and DNN-GIF. From the glottal flow waveforms of
every utterance, two sets of glottal parameters (Glottal-1 and Glottal-2) are extracted. The time- and frequency-domain
glottal parameters extracted using the QCP and DNN-GIF methods are denoted as ‘Glottal-1 (QCP)’ and ‘Glottal-1
(DNN-GIF)’ respectively. The PCA-based glottal parameters extracted using the QCP and DNN-GIF are denoted
as ‘Glottal-2 (QCP)’ and ‘Glottal-2 (DNN-GIF)’ respectively. Both acoustic and glottal features are individually
normalized by subtracting the global mean and dividing by the global standard deviation. The sizes of each of the
feature sets are reduced by the SFFS algorithm on the validation data. The process of feature extraction and reduction
is carried out separately for both NB- and WB-coded speech data. Separate sets of SVM classifiers are developed for
both NB- and WB-coded speech using acoustic and glottal feature sets both individually and combined. Also, SVM
classifiers are developed for both the non-reduced and reduced feature sets. The SVM classifiers are trained using the
Gaussian, radial basis function kernel. The optimal values of kernel parameter γ and penalty parameter C are chosen
based on grid search with C and γ, varying from 10−3 to 103 in multiples of 10. The pair (C,γ) is selected, which
resulted in the highest classification accuracy on the validation data.
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A leave-one-subject-out (LOSO) cross-validation strategy is used to determine the classification accuracy on the
training data. In this strategy, one speaker is used at every fold for validation and all other speakers are used for
training. The cross-validation process is then repeated with each speaker used exactly once as the validation data.
The classification accuracies obtained at all folds are averaged to obtain the final accuracy. The accuracy is calculated
by comparing for the speech utterance, the predicted label (dysarthria vs. healthy) to the known condition of the
individual. The classification accuracy (also called the unweighted average recall) is computed as the ratio of number
of correctly classified speech utterances to the total number of speech utterances.

In addition to the classification accuracy, the performance of classifiers is assessed using area under receiver
operating characteristics (ROC) curves, termed as AUC. The ROC is a graph showing the performance of a classifier
at various classification thresholds. This graph plots the true positive rate against the false positive rate at different
classification thresholds. AUC measures the area under the ROC curve. AUC represents the degree of separability of
a classifier. The value of AUC ranges from 0 to 1. If AUC is 0, then the classifier predictions are 100% wrong and if
AUC is 1, then the classifier predictions are 100% right.

In order to analyze the effectiveness of the classifiers developed with the baseline features (openSMILE-1 and
openSMILE-2) and different combinations of the baseline (openSMILE-1 and openSMILE-2) and glottal features
(Glottal-1 and Glottal-2), statistical tests were conducted using Cochran’s Q test [57]. Cochran’s Q test can be regarded
as a generalized version of McNemar’s test that can be applied to compare the performance of multiple classifiers.
Cochran’s Q tests the null hypothesis that there is no difference between the classification accuracies. Cochrans Q test
was performed separately on all the classifiers of NB- and WB-coded speech.

3.4. Results
Table 3 and 4 show the average classification accuracies of the leave-one-subject-out cross-validation for both NB-

and WB-coded speech using the reduced and non-reduced feature sets of the TORGO and UA-Speech databases. In
comparing the classification accuracies for all types of feature sets of NB- and WB-coded speech, it can be observed
that the usage of the reduced feature sets results in better accuracy compared to the non-reduced feature sets for both
TORGO and UA-Speech. From the table, it can be observed that with more than 80 % classification accuracy (except
for openSMILE-1 of NB-coded speech with 77.71 % of TORGO), the two sets of openSMILE-based features have
better classification accuracy than the glottal parameters after feature selection for both NB- and WB-coded speech.
The classification accuracies of the two sets of glottal parameters (Glottal-1 and Glottal-2) obtained from QCP and
DNN-GIF vary between 63 - 80 % after feature selection for both NB- and WB-coded speech of TORGO and UA-
Speech. This indicates that the glottal parameters contain discriminative information, important for the classification
of dysarthric speech. In comparing the classification accuracies of the two sets of glottal parameters obtained from
QCP and DNN-GIF for both NB- and WB-coded speech, it can be observed that the glottal parameters obtained
from DNN-GIF results in improved accuracy. This indicates that DNN-GIF can accurately estimate the glottal flow
under the coded condition and, hence, the resulting glottal parameters (both Glottal-1 and Glottal-2) obtained from
DNN-GIF are more effective in the identification of dysarthric speech. Among the two sets of glottal parameters,
Glottal-2 (i.e., the PCA-based glottal parameters) results in better accuracy compared to Glottal-1 (i.e., time- and
frequency-domain glottal parameters) in most of the cases.

By combining the glottal features with the openSMILE features, the classification accuracies improve after feature
selection for both NB- and WB-coded speech of TORGO and UA-Speech. This shows that the glottal fetaures contain
complementary information, which results in the improvement of accuracies when combined with the openSMILE
features. On closer analysis of the results in Tables 3 and 4, it can be observed that the classification accuracies
obtained from the combination of the openSMILE features and the DNN-GIF-computed glottal features are higher
than the combination of the openSMILE features and the QCP-computed glottal parameters for both NB- and WB-
coded speech (except OpenSMILE-1 + Glottal-2 (QCP) for WB-coded speech of the TORGO database).

Table 5 shows the AUC values obtained from the reduced feature sets of TORGO and UA-Speech for both NB- and
WB-coded speech. It can be observed from the table that the AUC values exhibit similar patterns to the classification
accuracies for both TORGO and UA-Speech. From Tables 3 and 4, it can be observed that the classifier developed
with the OpenSMILE-2 + Glottal-2 (DNN-GIF) feature set has the highest classification accuracy for both NB- and
WB-coded speech. From the Cochran’s Q test performed separately on all the classifiers of NB- and WB-coded
speech, it is observed that the null hypothesis was rejected at α = 0.0056, degrees of freedom = 9. This indicates that
all classifiers are not effectively equal in identifying the presence of dysarthria. Later, a pairwise Cochrans Q test was
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Table 3. Classification accuracies obtained for both NB- and WB-coded speech using the non-reduced and reduced feature sets of the TORGO
database.

Classification Accuracy
Feature set Without feature With feature
(NB-coded) selection (%) selection (%)

OpenSMILE-1 63.87 77.71
OpenSMILE-2 64.49 82.79
Glottal-1 (QCP) 43.52 64.12
Glottal-2 (QCP) 60.48 63.60

Glottal-1 (DNN-GIF) 54.01 72.76
Glottal-2 (DNN-GIF) 63.75 77.34

OpenSMILE-1 + Glottal-1 (QCP) 56.66 79.50
OpenSMILE-2 + Glottal-1 (QCP) 62.49 83.59
OpenSMILE-1 + Glottal-2 (QCP) 65.52 79.19
OpenSMILE-2 + Glottal-2 (QCP) 64.67 82.93

OpenSMILE-1 + Glottal-1 (DNN-GIF) 61.70 81.71
OpenSMILE-2 + Glottal-1 (DNN-GIF) 63.47 84.36
OpenSMILE-1 + Glottal-2 (DNN-GIF) 67.49 81.62
OpenSMILE-2 + Glottal-2 (DNN-GIF) 64.03 84.82

Feature set Without feature With feature
(WB-coded) selection (%) selection (%)

OpenSMILE-1 67.16 83.54
OpenSMILE-2 67.27 88.61
Glottal-1 (QCP) 50.58 66.19
Glottal-2 (QCP) 63.09 68.13

Glottal-1 (DNN-GIF) 59.54 70.57
Glottal-2 (DNN-GIF) 56.47 71.24

OpenSMILE-1 + Glottal-1 (QCP) 59.35 83.88
OpenSMILE-2 + Glottal-1 (QCP) 66.02 88.68
OpenSMILE-1 + Glottal-2 (QCP) 67.34 87.23
OpenSMILE-2 + Glottal-2 (QCP) 67.52 89.62

OpenSMILE-1 + Glottal-1 (DNN-GIF) 68.35 85.58
OpenSMILE-2 + Glottal-1 (DNN-GIF) 67.56 89.81
OpenSMILE-1 + Glottal-2 (DNN-GIF) 63.66 85.17
OpenSMILE-2 + Glottal-2 (DNN-GIF) 66.59 89.91

conducted between the best performing classifier developed with the OpenSMILE-2 + Glottal-2 (DNN-GIF) feature
set and all other classifiers. The test showed that the best performing classifier was significantly different to all other
classifiers at p < 0.005, except for the classifier developed with the OpenSMILE-2 + Glottal-1 (DNN-GIF) feature set
for both NB- and WB-coded speech.

Fig. 4 shows the scatter plots of pairs of glottal features for dysarthric and normal speech of randomly selected 100
utterances from the TORGO database. The glottal features are computed from WB-coded speech using DNN-GIF.
Even though there is slight overlap in scatter plots of pairs of glottal features, dysarthric speech can be separated from
normal speech with appropriate decision boundaries.

4. Conclusion

A new dysarthric speech classification method from coded telephone speech is proposed using glottal features.
The proposed method utilizes SVM to predict dysarthric/healthy labels by using the acoustic and glottal features
extracted from coded speech. Two sets of acoustic features are extracted using the openSMILE toolkit and two sets of
glottal features are extracted from glottal flow waveform. The glottal flow waveform is obtained from coded telephone
speech (coded with two standardized speech codecs - AMR-NB and AMR-WB) using QCP and the recently proposed
DNN-GIF method. Experimental results show that the glottal parameters resulted in fairly good classification accuracy
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Table 4. Classification accuracies obtained for both NB- and WB-coded speech using the non-reduced and reduced feature sets of the UA-Speech
database.

Classification Accuracy
Feature set Without feature With feature
(NB-coded) selection (%) selection (%)

OpenSMILE-1 90.42 91.18
OpenSMILE-2 95.11 95.25
Glottal-1 (QCP) 69.75 74.31
Glottal-2 (QCP) 67.60 68.58

Glottal-1 (DNN-GIF) 78.06 78.51
Glottal-2 (DNN-GIF) 81.49 80.54

OpenSMILE-1 + Glottal-1 (QCP) 87.66 91.70
OpenSMILE-2 + Glottal-1 (QCP) 94.40 95.64
OpenSMILE-1 + Glottal-2 (QCP) 88.39 91.22
OpenSMILE-2 + Glottal-2 (QCP) 94.85 95.58

OpenSMILE-1 + Glottal-1 (DNN-GIF) 89.63 91.82
OpenSMILE-2 + Glottal-1 (DNN-GIF) 95.17 95.81
OpenSMILE-1 + Glottal-2 (DNN-GIF) 88.03 91.99
OpenSMILE-2 + Glottal-2 (DNN-GIF) 95.20 96.07

Feature set Without feature With feature
(WB-coded) selection (%) selection (%)

OpenSMILE-1 85.91 88.03
OpenSMILE-2 95.45 95.57
Glottal-1 (QCP) 69.17 77.21
Glottal-2 (QCP) 73.43 75.64

Glottal-1 (DNN-GIF) 76.71 78.13
Glottal-2 (DNN-GIF) 78.46 78.79

OpenSMILE-1 + Glottal-1 (QCP) 85.83 88.23
OpenSMILE-2 + Glottal-1 (QCP) 95.02 95.87
OpenSMILE-1 + Glottal-2 (QCP) 85.45 88.76
OpenSMILE-2 + Glottal-2 (QCP) 95.37 96.07

OpenSMILE-1 + Glottal-1 (DNN-GIF) 85.08 89.67
OpenSMILE-2 + Glottal-1 (DNN-GIF) 95.60 96.16
OpenSMILE-1 + Glottal-2 (DNN-GIF) 86.00 89.50
OpenSMILE-2 + Glottal-2 (DNN-GIF) 95.40 96.38

(63-77 %) for both NB- and WB-coded speech. From the two glottal parameter sets, the PCA-based glottal parameters
resulted in better accuracy than the conventional time- and frequency-domain parameters. The results showed that
the glottal parameters obtained from DNN-GIF lead to better accuracy compared to the parameters obtained from
QCP. This proves the effectiveness of DNN-GIF in the estimation of the glottal flow from coded telephone speech.
Experiments also showed that combining the glottal parameters with the openSMILE features results in improved
classification accuracies. This improvement in classification accuracy was shown to be statistically significant.

To the best of our knowledge, the current study is the first detailed investigation on dysarthric speech classification
using glottal features from coded telephone speech. The proposed method showed the effectiveness of glottal parame-
ters obtained from the recently proposed DNN-GIF method in dysarthric speech classification. The proposed method
also showed consistent performance for different combinations of the openSMILE and glottal features, and for both
NB- and WB-coded speech. Possible future works are as follows. Apart from the AMR-NB and AMR-WB codecs,
the proposed method can be evaluated using recent codecs, for example, Enhanced Voice Services (EVS) codec [58].
The proposed method can be extended for the speech-based telemonitoring of different neuro-motor disorders such
as Parkinson’s disease, Alzheimer’s disease, and ALS. Apart from neuro-motor disorders, the proposed method can
be utilized for different paralinguistic tasks such as the recognition of emotion, and speaker states and traits under the
coded condition.
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Table 5. Area under ROC performances of different classifiers obtained from the reduced feature sets of the TORGO and UA-Speech databases for
both NB- and WB-coded speech.

Area under ROC (AUC)
Feature set (NB-coded) TORGO UA-Speech

OpenSMILE-1 0.8081 0.9601
OpenSMILE-2 0.8705 0.9812
Glottal-1 (QCP) 0.7046 0.8098
Glottal-2 (QCP) 0.7197 0.7349

Glottal-1 (DNN-GIF) 0.8041 0.8633
Glottal-2 (DNN-GIF) 0.7632 0.8822

OpenSMILE-1 + Glottal-1 (QCP) 0.8663 0.9624
OpenSMILE-2 + Glottal-1 (QCP) 0.8981 0.9831
OpenSMILE-1 + Glottal-2 (QCP) 0.8290 0.9642
OpenSMILE-2 + Glottal-2 (QCP) 0.9026 0.9840

OpenSMILE-1 + Glottal-1 (DNN-GIF) 0.8690 0.9688
OpenSMILE-2 + Glottal-1 (DNN-GIF) 0.8902 0.9881
OpenSMILE-1 + Glottal-2 (DNN-GIF) 0.8615 0.9654
OpenSMILE-2 + Glottal-2 (DNN-GIF) 0.8978 0.9893

Feature set (WB-coded) TORGO UA-Speech
OpenSMILE-1 0.8955 0.9510
OpenSMILE-2 0.9445 0.9742
Glottal-1 (QCP) 0.6761 0.8311
Glottal-2 (QCP) 0.7702 0.8165

Glottal-1 (DNN-GIF) 0.7183 0.8640
Glottal-2 (DNN-GIF) 0.7603 0.8388

OpenSMILE-1 + Glottal-1 (QCP) 0.8947 0.9553
OpenSMILE-2 + Glottal-1 (QCP) 0.9499 0.9776
OpenSMILE-1 + Glottal-2 (QCP) 0.8975 0.9574
OpenSMILE-2 + Glottal-2 (QCP) 0.9460 0.9757

OpenSMILE-1 + Glottal-1 (DNN-GIF) 0.9014 0.9536
OpenSMILE-2 + Glottal-1 (DNN-GIF) 0.9515 0.9835
OpenSMILE-1 + Glottal-2 (DNN-GIF) 0.9086 0.9587
OpenSMILE-2 + Glottal-2 (DNN-GIF) 0.9546 0.9843
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