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Abstract - Spasmodic dysphonia presents as a neurological voice disorder characterized by spasms of the larynx
muscles that control the vocal cords. This disorder can affect individuals of all ages. In this study, we will
introduce an Automatic Voice Pathology Detection System (AVPDS), which uses an artificial intelligence
technique known as bidirectional LSTM (Long Short-Term Memory) based on a recurrent neural network
(RNN) architecture and trained to detect spasmodic dysphonia.

The system primarily utilizes Mel Frequency Cepstral coefficients (MFCCs) features, which are relevant
acoustic features and reflect the dynamic characteristic of speech and vocal track. To evaluate the efficiency of
our system we used the German Saarbrucken Voice Database (SVD). The best performances obtained for an
accuracy equals to 96.20%, while sensitivity and specificity are 90.9% and 100%, respectively.

Keywords - Spasmodic dysphonia, Saarbrucken Voice Database, Bidirectional LSTM, Mel Frequency Cepstral
Coefficients.

extractions are extracted from audio record, there
are four categories: spectral and cepstral
measures MFCCs, linear predictive cepstral
coefficients (LPCCs), cepstral peak prominence
(CPP) and the perceptual linear prediction
cepstral  coefficients (PLPCCs); jitter and
shimmer as perturbation measures; the Hurst
exponent, approximate entropy, and sample
entropy as complexity measures; and glottal
source parameters in the time and frequency
domains [4]. The most widely used features are
cepstral features, especially MFCCs, which have
been demonstrated to perform on par with or
even better than many other feature types [5].

I. INTRODUCTION

Dysphonia is a type of phonation disorder
with an impairment in the ability to produce
normal voice sounds [1]. Patients of all ages and
genders may be affected by it, and its lifetime
prevalence is 30%. It is more common in patients
who frequently use their voice, such as singers,
teachers, coaches, and phone operators [2] [3].
Spasmodic dysphonia used in this study, is a
neurologic disorder affect the voice and speech.
It is difficult to diagnose this pathology; the
invasive methods are dangerous to human health.
To detect and classify automatically healthy and

pathology of human voice, creating a non-
invasive system. The automatic classification of
voice pathology is tool to help medical person for
correct diagnosis. Generally, automatic detection
of voice disorder devises in three basic stages:
pre-processing,  features  extraction  and
classification. Pre-processing is a process of
preparing data for the analysis. Features

After extracting the vocal features, various
classification methods are employed to detect
voice pathology. Gaussian mixture models
(GMM), support vector machines (SVM),
artificial neural networks (ANN), deep learning
(DL), and other classifiers are some of the
various algorithms used for  detection.
In literature, GMM and SVM were applied to
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detect voice pathology by extracting MFCCs, this
purpose achieved an accuracy of 96.5% [6]. The
identification of spasmodic dysphonia and the
extraction of acoustic features for a comparative
study of sustained phonation (/a/) and continuous
speech signals.

Three classifiers, including the Levenberg
Marquardt Back propagation algorithm, K-
Nearest Neighbor (KNN), and Support Vector
Machine (SVM), were used to classify the
normal and spasmodic dysphonic patients. The
results of this study showed that the Levenberg
BPN network achieved an accuracy of 96.7%,
while SVM and KNN performed at 100%
accuracy [7]. The sustained phonation of the
vowel /a/ low pitch was classified and compared
by the others using Decision Tree (DT), SVM,
and KNN by extracting 11 features. The DT
algorithm produced a better classification of
86.66% [8]. In [9], spasmodic dysphonia and
other diseases were identified wusing a
Convolutional Neural Network (CNN) approach.
The model's sensitivity was 66%, its specificity
was 91%, and its accuracy was 66.9%. MFCCs
are extracted as input features to describe the
voice in the form of data and have achieved
highest accuracy of 92% using CNN algorithm
[10].

Anilkumar V and R Venkata Siva Reddy in
[11] employed the utilization of Bidirectional
Long Short-Term Memory (BILSTM) in the
classification of various pathological voice
conditions, including spasmodic dysphonia; with
three features extraction: MFCC, constant-Q
cepstral coefficients (CQCC) and All-Pole Group
Delay Function (APGDF), their proposed system
achieved an accuracy of 92.7% using the CQCC
feature extraction and the BILSTM classification
model. A smart healthcare system was developed
by [12] to detect dysphonia using a combination
of CNN and BiLSTM, the extracted features
were fused and processed, achieving an accuracy
of 95.65%.

In this paper, we suggested an approach based
on BILSTM to investigate the effect of dynamic
coefficients on the detection of spasmodic
dysphonia. In the experiments, the Saarbrucken
voice dataset (SVD) is used. The remaining
sections of the paper are structured following: the

proposed methodology is described is section II.
Moving on to section Ill, we present in a detail
the experimental results and discussions. Finally,
we conclude our work.

Il. PROPOSED METHODOLOGY

In this paper, we propose a non-invasive
system to detect spasmodic dysphonia. Figure 1
presents this proposed, which is consist of three
parts. First, the collected signal is preprocessed in
wav format; then the features of the preprocessed
audio signal are extracted; finally, an algorithm
model has been developed for training and
testing.
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A) Dataset used

In our works, we used Saarbrucken voice
disorder (SVD) database, which is freely
downloadable [12] maintained by the Institute of
phonetics at Saarland University. This database
contains sustained vowels /a/, /il and /u/ with
different intonations (normal, low, high, low-
high-low), along with a spoken sentence in
German “Guten Morgen, wie geht es Thnen?”
(“Good morning, how are you?”). All recorded
SVD voices were sampled with a resolution of
16-bit at 50 kHz.

The voices analyzed were collected from 128
speakers divided into 64 healthy speakers (22
men and 42 women) and 64 patients with
spasmodic dysphonia (22 men and 42 women).
We download files from the web site [13] and we
have used only the sentence “Guten Morgen, wie
geht es Thnen?”, the voices records were saved in
“.-wav” format.

B) Features extraction

1. Mel-Frequency Cepstral Coefficients (MFCCs)
MFCCs are a suitable choice for acoustic feature
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extraction in voice pathology detection due to
their ability to effectively extract meaningful
features from vocal signals. Several studies have
shown that MFCC coefficients form the basis for
numerous methods of voice disorder detection
and classification, as evidenced by references [14-
18]. They capture important characteristics of
speech and vocal tract dynamics.

The extraction process of MFCCs is shown in
Fig.2. The process can be described as follows:
the voice signal in wav format is input, we apply
pre-emphasis, framing, windowing, and FFT to
the voice waveform. These operations transform
the continuous voice signal into a one-
dimensional array with larger values. Following
that, a series of Mel-scale triangular band pass
filters are used. Subsequently, a logarithmic
operation is performed, and the vertical scale is
adjusted. Finally, we compute the n-order MFCCs
using discrete cosine transform (DCT).
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Fig. 2. The extraction process of MFCCs

= Pre-emphasis is operation performed by
applying a high-pass filter to the audio waveform.
This filter accentuates the change in amplitude
between  consecutive samples, effectively
amplifying the high-frequency content. The most
common form of pre-emphasis is achieved using
a first-order finite impulse response (FIR) filter
with a simple equation:

y() =x() —axx(t—1) @

Where: y(t): the pre-emphasized signal at time t;
X(t): the original audio signal at time t; x(t-1): the
original audio signal at the previous time step; o:
the pre-emphasis coefficient, typically set to a
small value like 0.95.

=  Framing: the speech signal is divided

into small duration blocks of 20-30 ms known as
frames. Each frame contains N samples, and
adjacent frames are separated by M. Framing is
necessary because speech signals change over
time, but when we analyze them within these
short time intervals, they appear relatively stable.
This allows us to perform short-time spectral
analysis.

framenum = w @)
mc

=  Windowing: each frame is multiplied by

a window function (e.g., Hamming) to reduce

spectral leakage and minimize the effects of

discontinuities at the frame boundaries.
xq[i] = xo x wli] 3)

= Fast Fourier Transform (FFT): the
windowed frames are passed through an FFT to
convert them from the time domain. This results
in a series of spectra, one of each frame.

X[k] = V=3 xnle (W) (4)

= Mel Filter-bank: the power spectrum
obtained from the FFT is then passed through a
bank of Mel filters, which are triangular filters
spaced on the Mel scale of frequency. These

filters emphasize the perceptually relevant
frequency bands of the signal.
y(m) = I¥; Hy (OIX[K]|? (5)

=  Logarithmic Compression: the logarithm
of the filter-bank energies is taken to mimic the
logarithmic response of the human auditory
system. This step also helps to linearize the
energy distribution.

= Discrete Cosine Transform (DCT): the
log-filter-bank energies are transformed using the
DCT. This decorrelates the features and reduces
the dimensionality of the feature vector.

s(m) = log (ZNZX (012 Hn () ) (6)
0<m<sM
M : the number of filters

= Cepstral Coefficients: the resulting DCT
coefficients are known as MFCCs. Typically,
only a subset of these coefficients is retrained for
further analysis, as higher order coefficients often
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contain less relevant information.

1

c(m) = ENZh s(m) cos[2(m —2))]

(7
Where: n = 1,2,3,4,...L; L: the order of MFCC.

2. Root Mean Square Energy (rms)

The RMS Energy is a feature that measures
the squared values of the mean of the squared
values of samples within a segment or frame of a
signal. It provides insight into the magnitude or-
energy of the signal during that specific time
interval. Mathematically is defined:

[(x%+x§+--~+x,2,)]
n

RMS = (8).
Where : - X1, X2...xn are the individual values in
the samples, n is the total number of samples.

3. Zero Crossing Rate (zcr) -

The zero-crossing rate (ZCR) is used to
measure the rate which a signal changes its sign
within a given time frame. Within each frame, the
number of times the signal crosses the zero-
amplitude level (l.e., changes from positive to
negative) is counted. The count of zero-crossings
is divided by the duration of the frame to calculate
the ZCR. It's often expressed as the number of
zero-crossing per unit of time, such as zero-
crossing per second.

number of zcr

ZCR = - 9
total duration

Where:

total duration = % (10)

N: is the number of samples, and Fs: is the
sample rate.

C) Classifier description

Bidirectional LSTM is a type of recurrent
neural network (RNN) architecture used in deep
learning and signal processing. It is an extension
of the traditional LSTM network, which is
designed to address the vanishing long-range
dependencies in sequential data. The key
characteristic of a BILSTM network is that it
simultaneously processes input sequences in both
the forward and backward directions. This
bidirectional processing allows the network to
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consider not only the past context (previous
elements in the sequence) but also the future
context (subsequent elements in the sequence)
when  making predictions or  capturing
dependencies. This is particularly useful when
information from both directions is essential for
understanding the context. Fig. 3. presents the
architecture of BiLSTM used in our work.

Here's how a BiLSTM network works:

- Forward LSTM: this component captures
dependencies and features in a forward direction
by processing the input sequence from begin to
end.

- Backward LSTM: simultaneously, reversing
the order of processing the input sequence, a
second LSTM records features and dependencies
in the opposite direction.

- Combination: the forward and backward
LSTMs' outputs are typically combined in some
way (e.g., concatenation or addition) to create a
unified representation of the input sequence that
encodes both forward and backward information.

I1l. EXPERIMENTAL RESULTS AND
DISCUSSIONS

During training and testing, ensure that we are
evaluating the model’s performance using
appropriate metrics such as accuracy, sensitivity,
specificity, precision and F1 score to measure
the effect of features dynamics on vocal
pathology. We used four combinations when the
number of coefficients is changes.

- Accuracy is a typical measure used to assess
how well a classification model is performing. It
indicates the percentage of accurately classified
samples among all instances in the dataset, it is
calculated using the formula:

TP+TN

— X 100%
TP+TN+FP+FN

accuracy = (1)

- Sensitivity quantifies the percentage of true
positives that the model correctly detects, it is
calculated using the formula (12). This metric is
crucial because it indicates how well the model
identifies voices as ill.

TP
TP+FN

sensitivity = X 100% (12)



244 NARDJES MERZOUGUI, MOHAMED CHERIF AMARA KORBA, FETHI AMARA

- Specificity indicates the voice as healthy. It is
calculated using the formula:

TN
TN+FP

specificity = x 100% (13)

- Precision measures the proportion of correctly
predicted positive out of all instances predicted as
positive, mathematically, it is calculated using
the formula:

TP
TP+FP

precision = x 100% (14)

- F1_score is a measurement that yields a single
value by combining sensitivity and precision, is
calculated using the formula:

precision xsensitivity

flscore = 2% (15)

precision + sensitivity

-
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Fig. 3. Bidirectional LSTM model architecture

The influence of MFCC with various

coefficients on performance is shown in Table 1,
shows that achieved highest accuracy of 92.3%,
sensitivity of 90.9%, 100% of precision and
specificity, and f1_score of 90.9%.
The result of performance with combining
MFCC, RMS, delta-RMS and ZCR is shown in
table 2, the best performance is where number of
coefficients of MFCC equal 12, 96.2% accuracy,
90.9% sensitivity, 100% precision and specificity,
and 95.2% of f1_score.

The effect of the combination of MFCC, delta-
MFCC, RMS, delta-RMS and ZCR on
performance is presented in table 3. It
outperformed in terms of 92.3% of accuracy,
90.9% precision and sensitivity, 93.3% of
specificity and 90.9% of f1_score. When we
combined MFCC, delta-MFCC, delta-delta-

MFCC, RMS, delta-RMS and ZCR, the results of
performance are described in table 4.

TABLE 1. PERFORMANCE OF THE (AVPDS) OBTAINED USING MFCC

FEATURES
L\:)t;rffl:ﬂ:zeig Ac?;or)acy Sen(sol/:)vny Precision (%) Spe((;(f];cny FlZ;:Jz)ore
12 84.60 81.80 81.80 86.70 81.80
14 92.30 81.80 100.0 100.0 90.00
16 92.30 90.90 90.90 93.30 90.90
18 88.50 90.90 83.30 86.70 87.00
20 88.50 90.90 83.30 86.70 87.00
22 92.30 90.90 90.90 93.30 90.90

TABLE 2. PERFORMANCE OF THE (AVPDS) OBTAINED USING MFCC
FEATURES, RMS, ARMS AND ZCR

L\loberff l:ﬂ::;g Acz;or)acy Sen(sol/f)l)vny Pre(z/l:)lon Spe(coz;cny F1 score (%)
12 96.20 90.90 100.0 100.0 95.20
14 92.30 90.90 90.90 93.30 90.90
16 92.30 90.90 90.90 93.30 90.90
18 88.50 90.90 88.30 86.70 87.00
20 92.30 90.90 90.90 93.30 90.90
22 84.60 90.90 76.90 80.0 83.30

TABLE 3. PERFORMANCE OF THE (AVPDS) OBTAINED USING
MFCC, A MFCC, RMS, ARMS AND ZCR

Nbr MFCC Accuracy Sensitivity Precision Specificity F1_score

coefficients (%) (%) (%) (%) (%)
12 88.50 81.80 90.00 93.30 85.70
14 80.80 90.90 71.40 73.30 80.00
16 92.30 90.90 90.90 93.30 90.90
18 88.50 81.80 90.00 93.30 85.70
20 84.60 81.80 81.80 86.70 81.80
22 92.30 90.90 90.90 93.30 90.90

TABLE 4. PERFORMANCE OF THE (AVPDS) OBTAINED USING
MFCC, A MFCC, AA MFCC, RMS, ARMS AND ZCR

Nbr MFCC Accuracy Sensitivity Precision Specificity F1_score

coefficients (%) (%) (%) (%) (%)
12 92.30 90,90 90.90 93.30 90.90
14 92.30 90.90 90.90 93.30 90.90
16 92.30 90.90 90.90 93,30 90.90
18 88.50 90.90 83.30 86.70 87.00
20 84.60 90.90 76.90 80.00 83.30
22 92.30 90.90 90.90 93.30 90.90

In summary, Table 2 shows the optimal
outcomes for each combination. High accuracy
achieved of 96.20%. Balanced sensitivity and
specificity are respectively 90.90 % and 100 %.

The results of comparative analysis with
related work in Table 5 were truly encouraging as
our approach suggest that the model performs
well in correctly identifying both positive and
negative case.
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TABLE 5. ACCURACY RESULTS COMPARING WITH RELATED WORK.

Xiaoping AV and Ghulam and Proposed
and all [10] all [11] all. [12] system
92.00% 92.70% 95.65% 96.20 %

IV. CONCLUSION

This work proposed a non-invasive system to
detection voice disorder based on BIiLSTM. The
proposed AVPDS evaluated using SVD database.
We observe that the second-degree dynamic
coefficients, namely delta-delta MFCC, RMS,
and ZCR, make a substantial contribution to the
system's performance. The F1-score consistently
surpasses 90% across various humbers of MFCC
coefficients. It's worth highlighting that the
system's performance begins to decline when the
number of MFCC coefficients exceeds 12. This
observation underscores the delicate balance
between feature dimensionality and performance
in our system.

In future work, we will investigate to
detection voice pathology using CNN model with
others acoustic features to enhance the system's
performance.
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