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Preface

This CCIS volume 1754 contains the refereed proceedings of the Second International
Conference on Optimization, Learning Algorithms and Applications (OL2A 2022), a
hybrid event held during October 24–25, 2022.

OL2A 2022 provided a space for the research community on optimization and
learning to get together and share the latest developments, trends, and techniques, as
well as to develop new paths and collaborations. The conference had more than three
hundred participants in an online and face-to-face environment throughout two days,
discussing topics associated with optimization and learning, such as state-of-the-art
applications related to multi-objective optimization, optimization for machine learning,
robotics, health informatics, data analysis, optimization and learning under uncertainty,
and Industry 4.0.

Five special sessions were organized under the following topics: Trends in Engineer-
ing Education, Optimization in Control SystemsDesign,Measurementswith the Internet
of Things, Advances andOptimization inCyber-Physical Systems, andComputer Vision
Based on Learning Algorithms. The OL2A 2022 program included presentations of 56
accepted papers. All papers were carefully reviewed and selected from 145 submissions
in an single-blind process. All the reviews were carefully carried out by a scientific com-
mittee of 102 qualified researchers from 21 countries, with each submission receiving
at least 3 reviews.

We would like to thank everyone who helped to make OL2A 2022 a success and
hope that you enjoy reading this volume.

October 2022 Ana I. Pereira
Andrej Košir

Florbela P. Fernandes
Maria F. Pacheco
João P. Teixeira

Rui P. Lopes
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Abstract. Classifying and recognizing voice pathologies non-invasively
using acoustic analysis saves patient and specialist time and can improve
the accuracy of assessments. In this work, we intend to understand which
models provide better accuracy rates in the distinction between healthy
and pathological, to later be implemented in a system for the detection
of vocal pathologies. 194 control subjects and 350 pathological subjects
distributed across 17 pathologies were used. Each subject has 3 vow-
els in 3 tones, which is equivalent to 9 sound files per subject. For each
sound file, 13 parameters were extracted (jitta, jitter, Rap, PPQ5, ShdB,
Shim, APQ3, APQ5, F0, HNR, autocorrelation, Shannon entropy and
logarithmic entropy). For the classification between healthy and patho-
logical, several classifiers were used (Decision Trees, Discriminant Analy-
sis, Logistic Regression Classifiers, Naive Bayes Classifiers, Support Vec-
tor Machines, Nearest Neighbor Classifiers, Ensemble Classifiers, Neural
Network Classifiers) with various models. For each patient, 118 parame-
ters were used (13 acoustic parameters * 9 sound files per subject, plus
the subject’s gender). As pre-processing of the input matrix data, the
Outliers treatment was used using the quartile method, then the data
were normalized and, finally, Principal Component Analysis (PCA) was
applied in order to reduce the dimension. As the best model, the Wide
Neural Network was obtained, with an accuracy of 98% and AUC of 0.99.

Keywords: Speech pathologies · Machine learning · Speech features ·
Principal component analysis · Vocal acoustic analysis

c⃝ The Author(s), under exclusive license to Springer Nature Switzerland AG 2022
A. I. Pereira et al. (Eds.): OL2A 2022, CCIS 1754, pp. 419–426, 2022.
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1 Introduction

Vocal pathologies interfere with vocal quality, altering the phonation process.
These pathologies affect about 10% of the population [1] and exist in different
stages of evolution and severity. Harmful habits lead to a drastic increase in
these pathologies [2].

For the detection of pathologies associated with the voice, there are a several
exams, which can be perfomed, but they are uncomfortable and invasive for
patients, as well as time intensive.

The auditory acoustic analysis intends, in a non-invasive way, to quantify
and characterize the voice sound, but it is not objective and will depend on the
experience of the physician who performs the evaluation [3]. The development of
automatic techniques for acoustic analysis saves time for the patient and gives
support to the specialist to improve the accuracy of assessments [4].

Therefore, this article aims to understand which models provide better accu-
racy rates in the distinction between healthy and pathological.

This article is organized as follows: Sect. 2 describes the state of the art.
Section 3 describes the database, the speech parameters and the feature extrac-
tion process. Section 4 presents the results obtained for the different classifier
models. Finally, Sect. 5 presents the discussion and final conclusions.

2 State of the Art

The automatic recognition of voices with pathologies, using speech processing
tools, has shown significant results.Most of the published works classify the sign as
having the pathology or not, or by the classification of a specific pathology. Reid
et al. 2022 [5], Zhang et al. 2021 [6] and Castellana et al. 2018 [7] are examples
where the classification between healthy and pathological voice is made.

Recognition voice pathologies intends to identify the specific pathology that
affects the patient’s voice. However, this area has few contributions and the group
of different pathologies is limited. These results do not allow these systems to
be used in clinical evaluations, requiring a deeper investigation with different
pathologies.

Ankışhan, 2018 [8] and Rabeh, et al., 2018 [9] obtained an accuracy of 100% in
the classification between pathological and healthy and Chen and Chen 2022 [10]
obtained an accuracy of 99.4%. Hammami, et al., 2020 [12] obtained an accuracy
of 99.26% in the classification between pathological and healthy, however, when
distinguishing between hyperfunctional dysphonia and recurrent paralysis, the
accuracy is 90.32%. Ali, et al., 2018 [13] for the classification between pathologi-
cal and healthy obtained an accuracy of 99.72%, however, to distinguish between
polyp, keratosis, vocal cord paralysis, nodules and spasmodic dysphonia obtained
accuracies of 97.54%, 99.08%, 96.75%, 98.65%, 95.83%, 95.83% and 99.13%. The
classification of pathologies in the proposed system is binary in nature. Mojaly,
et al., 2014 [14] in the binary classification between healthy and pathological
obtained an accuracy of 99.98% with a standard deviation of 0.0263. For the
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multiclass classification (nodules, vocal cord polyps and keratosis), the accuracy
was 99.85% with a standard deviation of 0.1657.

Published works demonstrate that it is possible to classify between healthy
and pathological speech with a high degree of accuracy. However, these works
use only a few pathologies and do not extend to a wider group of pathologies.

In studies that seek to classify different pathologies, they usually use a very
small group of pathologies and with lower accuracy.

3 Materials and Method

This section describes the database, the speech parameters and the feature
extraction process.

3.1 Database

The German Saarbrucken Voice Database (SVD) was used. This database is
available online by the Institute of Phonetics at the University of Saarland [15].
The database consists of voice signals of more than 2000 subjects with several dis-
eases and controls/healthy subjects. Each person has the recording of phonemes
/a/, /i/ and /u/ in the low, normal and high tones, swipe along tones, and the
German phrase ”Guten Morgen, wie geht es Ihnen?”. The size of the sound files
is between 1 and 3 s and have a sampling frequency of 50 kHz.

For the analysis, 194 control subjects and 350 pathological subjects dis-
tributed across 17 pathologies were used. In the description of the curated
database by Fernandes et al. 2019 [16], the total number of subjects is 901.
However, since some sound files had some noise, these were excluded. Dyspho-
nia was also excluded, as it is not a pathology, but a voice disorder, therefore,
as a pathology, Hyperfunctional Dysphonia (89 subjects), Vocal Cord Paralysis
(74), Functional Dysphonia (51), Psychogenic Dysphonia (31), Spasmodic Dys-
phonia (24), Chronic Laryngitis (23), Vocal Cord Polyp (14), Reinke’s Edema
(14), Hypofunctional Dysphonia (9), Carcinoma of Vocal Cord (7), Hypopharyn-
geal Tumor (4), Cyst (3), Granuloma (2), Hypotonic Dysphonia (2), Laryngeal
Tumor (1), Intubation Granuloma (1), Fibroma (1).

3.2 Speech Parameters

This section describes the set of features extracted from each sound file.

Jitter is defined as the glottal variation between the vibration cycles of the vocal
cords. Subjects who have difficulty controlling the vocal cords usually have higher
jitter values [16,17]. The measures to be used of jitter will be Absolute Jitter
(jitta), Relative Jitter (jitter), Relative Average Perturbation Jitter (RAP) and
Five-point Period Perturbation Quotients Jitter (PPQ5).

Shimmer is defined as the variation in magnitude over the glottal periods.
Higher shimmer values may be caused by reduced glottal resistance and injuries,
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leading to variations in glottal magnitude [16,17]. The shimmer measures to
be used are Absolute Shimmer (ShdB), Relative Shimmer (shim), Three-point
Amplitude Perturbation Quotient Shimmer (APQ3) and Five-point Amplitude
Perturbation Quotient Shimmer (APQ5)

Fundamental Frequency (F0) in a speech signal, the vibration frequency of
the vocal cords is considered to correspond to the fundamental frequency [18].
The F0 is determined using the Autocorrelation method with a frame window
length of 100 ms and considering a minimum F0 50Hz.

Harmonic to Noise Ratio (HNR) allows measuring the relationship between
the harmonic and noise components of a speech signal, where the periodicity of
the signal is provided, quantifying the relationship between the harmonic part
and noise. The HNR value of a signal can vary as there are different configura-
tions of the vocal tract, providing different amplitudes for the harmonics [19–21].

Autocorrelation measures the similar parts of the speech signal, repeated
throughout the signal. The more similar repetitions there are along the signal,
the greater the autocorrelation value [16,22].

Entropy it considers the amount of energy present in a complex system, as it
allows quantitative assessment of the degree of randomness and uncertainty of a
given data sequence. Entropy analysis makes it possible to accurately assess the
nonlinear behavior characteristic of speech signals [23].

3.3 Feature Extraction Process

Each subject has 9 sound files per subject. For each sound file, 13 parameters
were extracted (jitta, jitter, RAP, PPQ5, ShdB, Shim, APQ3, APQ5, F0, HNR,
autocorrelation, Shannon entropy and logarithmic entropy), making 117 param-
eters per subject and the subject’s sex was added. The input matrix is composed
of 118 lines x N subjects.

Considering the work by Silva et al. 2019 [24], where an improvement of up to
13% points was obtained, the data of the input matrix were pre-processed using
the treatment of Outliers by the quartile method. This process aims to identify
outliers and change their value by a threshold value determined according to the
method used.

Then the data were normalized using the resizing method between [−1, 1].
To reduce the dimension, Principal Component Analysis (PCA) was used.

This technique uses mathematical concepts such as standard deviation, covari-
ance of eigenvalues and eigenvectors. Starting from the covariance matrix, eigen-
vectors and eigenvalues are calculated, being necessary to decide the quantity
of principal components. Then it is only necessary to calculate the accumulated
percentage of the eigenvalues. Therefore, the first eigenvectors that will corre-
spond to 90% or 95% of the accumulated percentage will be selected, meaning
that 90% or 95% of the data are explained in the first eigenvectors. Finally,
the fitted data are multiplied by the inverse of the selected eigenvector matrix
[25]. This analysis was applied to the 118 parameters, with a variance of 95%,
resulting in 21 new features.
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4 Results and Discussion

In Table 1, it is possible to observe the results for the various classifiers used. For
all classifiers, the cross-validation technique was applied, with cross-validation
of 10 times.

Subjects were grouped into two groups, one group with control subjects and
a second group with all subjects with some pathology. Therefore, the model is a
binary classification process.

Table 1. Results of the various techniques used to classify.

Classifier Model type Accuracy (%)

Decision Tree Fine Tree 88.1

Medium Tree 88.1

Coarse Tree 89.5

Discriminant Analysis Linear Discriminant 96.1

Quadratic Discriminant 94.3

Logistic Regression Logistic Regression 96.5

Naive Bayes Gaussian Naive Bayes 85.3

Kernel Naive Bayes 86.8

Support Vector Machines (SVM) Linear SVM 96.5

Quadratic SVM 96.9

Cubic SVM 97.2

Fine Gaussian 92.1

Medium Gaussian SVM 95.2

Coarse Gaussian 64.9

Nearest Neighbor (KNN) Fine KNN 89.7

Medium KNN 84.9

Coarse KNN 65.8

Cosine KNN 91.7

Cubic KNN 84.2

Weighted KNN 84.2

Ensemble Boosted Trees 87.1

Bagged Trees 93.4

Subspace Discriminant 96.1

Subspace KNN 96.7

RUSBoosted Trees 92.1

Neural Network Narrow Neural Network 97.8

Medium Neural Network 97.4

Wide Neural Network 98.0

Bilayered Neural Network 96.7

Trilayered Neural Network 97.4
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Analyzing the results presented in Table 1, it is possible to perceive that the
best results are obtained with the Wide Neural Network, where an accuracy of
98% was obtained to distinguish between healthy and pathological subjects. For
healthy individuals, in 194 cases it classified 7 incorrectly, and for pathological
individuals in 350 it classified 4 incorrectly. However, it is possible to verify the
good performance of this network, since it obtained an AUC of 0.99. This model
has 100 node in the hidden layer and the activation function used was ReLU.
Taking into account the state of the art these results are similar to what already
exists, however these results are obtained taking into account more pathologies.

Teixeira et al., 2017 [26] presented hit rates of 100% to distinguish between
female subjects and 90% for males, in the distinction between healthy and patho-
logical, however they only used dysphonia as a pathology. Zakariah et al. 2022
[11] in the classification between healthy and pathological obtained an accuracy
of 77.49%, as pathologies used Dysphonia, chronic laryngitis, dysody, functional
dysphonia, vocal cord cordectomy and leukoplakia. Comparing these two studies
with the results obtained, it is possible to perceive that the obtained ones are
better, as they obtain a higher rate and consider more pathologies. If the results
are compared with the state of the art, these results are similar to what already
exists, however, these results are obtained taking into account more pathologies.

5 Conclusion

The objective of this work is to try to find a simple Artificial Intelligence model,
which requires little computational load, and which achieves good accuracy rates
in the distinction between healthy and pathological subjects, to later be imple-
mented in a system for the detection of vocal pathologies. This system in a first
experimental phase will be placed in hospitals and will allow to collect voices of
subjects giving an indication if the subject is healthy or pathological. A second
phase aims to distinguish the various pathologies.

Taking into account the state of the art, it is possible to see that there are
several works where this topic is addressed and with high accuracy rates, how-
ever these works usually have few pathologies, even those that do not identify
pathologies. In this work, 17 pathologies were considered, thus, 194 control sub-
jects and 350 pathological subjects were used.

For each subject there are 9 sound files, which correspond to 3 vowels, and
each vowel has 3 tones. For each sound file, 13 parameters were extracted, giving
a total of 117 input features per subject, to which the subject’s gender was also
added. The input matrix is then composed of 118 lines x N number of subjects.

As pre-processing of the input matrix data, the Outliers treatment was used,
where the quartile method was used. Then the data were normalized between
[−1,1] and finally the Principal Component Analysis technique was applied in
order to reduce the size of the data.

For the classification between healthy and pathological, several classifiers
with different models were used. As the best model, the Wide Neural Network
was obtained, with an accuracy of 98% and AUC of 0.99. This result is within
the best values described in the state of the art.
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As future work, we intend to identify the pathology and the degree of severity.
However, there are certain difficulties as there are many pathologies with similar
symptoms and voice characteristics. The database is still limited in size for the
vast majority of pathologies, so an extension process of the database is already
underway.

Acknowledgments. The work was supported by the Foundation for Science and
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