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1. Introduction 

Laryngeal pathologies can severely affect patients' quality of life. Such pathologies cause changes in speech quality, 
and these alterations are often not detected by the human ear. The use of common techniques for diagnose these 
pathologies causes discomfort to the patient, since they are invasive techniques and yet, they have the disadvantage 
of the cost associated with these techniques being expensive. However, the measurement of some parameters related 
to pathological speech, analyzed alone, are not very conclusive, but if they are adequately associated with an AI tool, 
the results are considerably better for voice pathologies diagnose [1] [2]. The artificial intelligence tools are an added 
value for this type of task, since, the analysis of a large number of data, with several variables, is not always possible 
for the human being. 

Once the artificial intelligence system has been trained, it must be able to generalize, that is, by finding a situation 
that has never been seen previously, the system must be able to make a decision, based on similarities of parameters 
seen previously [2] [3] . Support Vector Machines (SVMs) are presented as binary classifiers, that is, they can only 
classify the data to be analyzed in one of two classes. Assuming it is possible to separate the data, it is up to the SVM 
to find a hyperplane that separates them. 

The use of this tool is an adequate choice, since there are several linear classifiers, but the SVM hyperplane is 
created based on the concept of maximum margin, that is, the plane chosen between the data that maximizes the 
distance between the two options [4] [5]. 

The main objective of this work is to study and use SVMs in order to distinguish healthy speech from pathological 
speech. The pathologic speech includes dysphonia, chronic laryngitis and vocal cords paralysis. 

In this study the relative jitter, relative shimmer, Harmonic to Noise Ratio (HNR) and Mel Frequency Cepstral 
Coefficients (MFCC) extracted from both vowels and continuous speech are used as acoustic analysis parameters. 
 

The chapter 2 of this paper describes the pathologies in use, the used parameters and their mathematical 
expressions. The subjects used in this study are characterized according to their ages. Also the organization of the 
parameters is described. 

In chapter 3 the results are present for the distinction between healthy subjects and subjects with pathology. 
Accuracy was calculated for three methods and several kernel functions. 

The conclusions are presented in chapter 4. 
 

2. Methodology 

2.1. Pathologies 

In this study three pathologies, dysphonia, chronic laryngitis and vocal cord paralysis were used. These diseases 
are the ones that most often cause disturbances in the human voice, being sometimes undetectable to the human ear. 

Dysphonia is a disorder of the voice, often caused by abnormalities that affect the vibration of the vocal chords, 
this affects the ability to speak easily and clearly. Symptoms may include hoarseness, weak voice, changes in voice 
tone and may arise suddenly or gradually. 

Chronic laryngitis consists of an inflammation that can result from inhalation of irritants or by the intensive use of 
voice. Symptoms include gradual loss of voice, hoarseness, and sore throat. 

Paralysis of the vocal cords is the total interruption of the nervous impulse, being this total it happens in the two 
vocal folds, or being partial, occurs only in one of the folds. This disease can occur at any age and the problems 
associated with this pathology correspond to voice change, airway problems and swallowing problems. 

2.2. Parameters 

For this study it was necessary to extract a set of parameters from acoustic speech files. These parameters were 
relative jitter, relative shimmer [6] [7], HNR (Harmonic to Noise Ratio) and MFCCs (Mel Frequency Cepstral 
Coefficients) [4] [8] [9]. 

http://crossmark.crossref.org/dialog/?doi=10.1016/j.procs.2018.10.039&domain=pdf
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The jitter analysis for a speech signal is the mean absolute difference between consecutive periods, divided by the 
mean period and expressed as a percentage (Eq. 1). 

 

 
Where Ti is the length of the glottal period i and N the total number of glottal periods. 

The relative shimmer is defined as the mean absolute difference between magnitudes of consecutive periods, 
divided by the mean amplitude, expressed as a percentage (Eq. 2). 
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The HNR is a parameter in which the relationship between harmonic and noise components provides an indication 
of overall periodicity of the speech signal by quantifying the relationship between the periodic component (harmonic 
part) and aperiodic (noise) component. The overall HNR value of a signal varies because different vocal tract 
configurations imply different amplitudes for harmonics. HNR can be given by Eq. 3. 
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Where H is the normalized energy of the harmonic components and 1-H is the remaining energy of signal 
considered to be the non-periodic components. 

The MFCC coefficients are obtained by the Fast Fourier Transform (FFT) of the signal, which are calculated 
through the spectrum of small windows of the speech signal. This spectrum is subjected to a bank of triangular filters 
equally spaced in the Mel frequency scale, in order to approximate the perception of the human ear to the frequencies 
of the sound. 

At the output of the filters the discrete cosine transform is applied to calculate the Coefficients at the Mel frequency. 
Finally we calculate the energy and a factor that is designated by delta, in order to represent the dynamics of the signal 
from frame to frame [10]. 

2.3. Data 

In this work we used the German Saarbrucken Voice Database (SVD) to extract the parameters associated with the 
various subjects used for the study. Parameters were extracted for 473 subjects, according to groups shown in table 1. 
The size and average age of each pathologic group are constrained by the subjects available in SVD. 
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Table 1 Dataset ages by each pathologic group and control group. 

Groups Sample size Average age Standard 
deviation of ages 

Control 194 38,06 14,36 
Dysphonia 69 47,38 16,37 

Chronic Laryngitis 41 49,69 13,47 
Vocal Cord paralysis 169 57,75 13,77 

Total 473   

 

For every subject there are 9 speech sounds of sustained vowels. Three vowels, \a\, \i\ and \u\, spelled at low, 
normal, and high tones. For each speech file the parameters Jitter, Shimmer, HNR and MFCCs were extracted. 
Additionally, the SVD provides one speech file corresponding to the spelling of the sentence "Guten Morgen, wie 
geht en Ihnen?" ("Good morning, how are you?"). The MFCCs corresponding to continuous speech were also 
extracted from these sentences. In Table 2 we can see an excerpt for 3 subjects (one subject per line) from the 
organization of the matrix, relative to the parameter Jitter. 

Table 2 Excerpt from the organization of the matrix regarding the parameter Jitter for 3 subjects 

Jitter 
/a/ /i/ /u/ 

high low normal high low normal high low normal 
1,06 1,06 1,44 0,75 0,93 0,78 1,30 0,54 0,58 
0,72 5,93 0,49 0,32 0,36 0,37 0,38 0,48 0,50 
4,04 1,77 0,42 0,37 0,31 0,32 0,38 4,46 0,39 

 

2.3.1 Organization of data 

Initially all the sounds used for this study were downloaded by the 'Saarbrucken Voice Database'. Therefore the 
jitter, shimmer and HNR parameters were extracted using the software developed by Teixeira and Gonçalves [6] [7]. 
MFCCs coefficients, in a number of 13, were determined using the mfcc function of Matlab. 

Three groups of parameters were considered as input features: 
 Group I consists on the Jitter, Shimmer and HNR parameters extracted from the vowels /a/, /i/ and /u/ in 

the high, low and normal tones.  
 Group II consists of the 13 MFCCs extracted also from the same vowels. The MFCC parameters for this 

group II were extracted in only one segment of speech of the sustained vowel. It was considered that 
MFCC parameters do not change significantly along the sustained vowel. Therefore, for every subject 13 
MFCC parameters x 9 speech files were considered. Thus this matrix were converted into one row of 
13x9=117 features to be used as input of the SVM for each subject. 

 Group III consists in the extracted MFCCs parameters from the sentence: '' Guten Morgen, wie geht es 
Ihnen? '' ('Good morning, how are you?'). The MFCCs were extracted with a window length of 25 ms and 
using a displacement between segments of 10 ms. For the length of the sentence a total of 109 segments 
were used to extract the MFCCs. Therefore, for each subject was obtained a matrix (13x109) that were 
converted to a single vector with length 1417. The files with a length over 109 were stretched to 109 
segments in order to have vector with same length for all subjects. 
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Table 2 Excerpt from the organization of the matrix regarding the parameter Jitter for 3 subjects 

Jitter 
/a/ /i/ /u/ 

high low normal high low normal high low normal 
1,06 1,06 1,44 0,75 0,93 0,78 1,30 0,54 0,58 
0,72 5,93 0,49 0,32 0,36 0,37 0,38 0,48 0,50 
4,04 1,77 0,42 0,37 0,31 0,32 0,38 4,46 0,39 

 

2.3.1 Organization of data 

Initially all the sounds used for this study were downloaded by the 'Saarbrucken Voice Database'. Therefore the 
jitter, shimmer and HNR parameters were extracted using the software developed by Teixeira and Gonçalves [6] [7]. 
MFCCs coefficients, in a number of 13, were determined using the mfcc function of Matlab. 

Three groups of parameters were considered as input features: 
 Group I consists on the Jitter, Shimmer and HNR parameters extracted from the vowels /a/, /i/ and /u/ in 

the high, low and normal tones.  
 Group II consists of the 13 MFCCs extracted also from the same vowels. The MFCC parameters for this 

group II were extracted in only one segment of speech of the sustained vowel. It was considered that 
MFCC parameters do not change significantly along the sustained vowel. Therefore, for every subject 13 
MFCC parameters x 9 speech files were considered. Thus this matrix were converted into one row of 
13x9=117 features to be used as input of the SVM for each subject. 

 Group III consists in the extracted MFCCs parameters from the sentence: '' Guten Morgen, wie geht es 
Ihnen? '' ('Good morning, how are you?'). The MFCCs were extracted with a window length of 25 ms and 
using a displacement between segments of 10 ms. For the length of the sentence a total of 109 segments 
were used to extract the MFCCs. Therefore, for each subject was obtained a matrix (13x109) that were 
converted to a single vector with length 1417. The files with a length over 109 were stretched to 109 
segments in order to have vector with same length for all subjects. 
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To sum up, the entrance of the SVM, for group I contains the parameters jitter, shimmer and HNR of the vowels 
in a total of 27 input nodes. For group II it contains the MFCC's of the vowels with length of 117, and for group III 
contains the MFCC's of the phrase with length of 1417. 

The output of the SVM has only one binary node with 'zero' (0) for control or healthy subjects and 'one' (1) for 
subjects with pathology. 

3. Results 

The accuracy of the SVM's to classify between pathological and healthy subjects were experimented with various 
kernel functions and methods [11] [12]. The Kernel function is used to map the data in a given space and the method 
is used to find the hyperplane of separation between the mapped categories. 

The 'QP' method consists of a smooth margin quadratic programming of 2 standards, the 'SMO' method consists of 
a minimal sequential optimization and the 'LS' method consists of the least squares method [12]. 

Accuracy was determined according to equation 4. 
 

 

Accuracy = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  (4) 

 
In this work, 75% of the subjects mentioned in table 1 were used to train the SVM and to perform the test the 

remaining 25%. Accuracy are presented only for the test set. 
In the tables 3, 4, 5 and 6 diagnose was carried out by differentiating the gender of the subjects and was trained 

using 75% of female subjects and 75% of male subjects in a different SVMs. The accuracy shown was determined 
using the 25% used to perform the SVM test. For the further tables, * means that it was not possible to calculate the 
accuracy because the training was not possible for various reasons. 

In Table 3 the group I parameters was used and it was concluded that the use of “LINEAR” and “RBF” functions 
give generally better accuracy for the 3 methods. The maximum accuracy was 70% when the "LINEAR" function and 
the "SMO" method are used. 

In table 4, the procedure was similar to that of table 3. The data used were those of group II of parameters and some 
differences were obtained between some functions in the different methods, in this case the “POLYNOMIAL” and 
the “QUADRATIC” functions performed better. The maximum accuracy reached was 68%, using the functions 
"POLYNOMIAL" and " QUADRATIC" and both using the "QP" method. 

In Table 5, group III of parameters is analyzed and "LINEAR" function achieved better performance. The 
maximum accuracy value of 69% is obtained when using the "LINEAR" function, using the "QP" or "SMO" method. 

Table 3 Accuracy in test set for Group I parameters considering gender 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 69,0 59,5 68,0 59,5 * 

SMO 69,8 57,8 68,0 65,5 63,8 

LS 65,5 56,0 68,0 66,4 53,5 

 

Table 4 Accuracy in test set for Group II parameters considering gender 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 56,0 68,0 58,6 68,1 * 

SMO * 66,4 58,6 66,4 60,3 

LS 53,5 66,4 58,6 67,2 45,7 
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Table 5 Accuracy in test set for Group III parameters considering gender 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 69,0 58,6 58,6 58,6 * 

SMO 69,0 58,6 58,6 62,9 63,8 

LS 62,9 57,8 58,6 62,9 53,5 
 

An attempt was made to obtain a greater precision than previously obtained, joining group I, group II and group 
III. Therefore the total number of input features is now 1561. 
 

Table 6 Accuracy in test set for Groups I, II and III of parameters considering gender 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 69,8 58,6 58,6 58,6 * 

SMO 69,8 58,6 58,6 60,3 69,8 

LS 66,4 56,9 58,6 60,3 53,5 
 
Analyzing table 6, it is noticed that the introduction of all the groups to be analyzed does not have great 

advantage. The best accuracy is equal as the case of group I. 
In conclusion, the best accuracy considering gender is very similar for the 3 groups of parameters and is between 

68 and 70%. 
 
The study was also made without gender separation, this can be seen in table 7, where group I is used, in table 8 

where group II is applied and in table 9 where group III is used, finally, in the table 10, the three groups are used as 
in table 6. 

Table 7 Accuracy in test set for Group I parameters without gender separation 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 70,9 61,5 70,9 61,5 * 

SMO 69,2 58,1 66,7 64,1 61,5 

LS 61,5 61,5 70,9 67,5 54,7 
 

Table 8 Accuracy in test set for Group II parameters without gender separation 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 58,1 63,2 59,0 63,3 * 

SMO * 58,1 59,0 60,7 59,8 

LS 55,6 58,1 59,0 60,7 44,4 
 

Table 9 Accuracy in test set for Group III parameters without gender separation 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 67,5 59,0 59,0 59,0 * 

SMO 67,5 59,0 59,0 61,5 41,0 

LS 62,4 58,1 59,0 61,5 49,6 
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using the 25% used to perform the SVM test. For the further tables, * means that it was not possible to calculate the 
accuracy because the training was not possible for various reasons. 

In Table 3 the group I parameters was used and it was concluded that the use of “LINEAR” and “RBF” functions 
give generally better accuracy for the 3 methods. The maximum accuracy was 70% when the "LINEAR" function and 
the "SMO" method are used. 

In table 4, the procedure was similar to that of table 3. The data used were those of group II of parameters and some 
differences were obtained between some functions in the different methods, in this case the “POLYNOMIAL” and 
the “QUADRATIC” functions performed better. The maximum accuracy reached was 68%, using the functions 
"POLYNOMIAL" and " QUADRATIC" and both using the "QP" method. 

In Table 5, group III of parameters is analyzed and "LINEAR" function achieved better performance. The 
maximum accuracy value of 69% is obtained when using the "LINEAR" function, using the "QP" or "SMO" method. 

Table 3 Accuracy in test set for Group I parameters considering gender 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 69,0 59,5 68,0 59,5 * 

SMO 69,8 57,8 68,0 65,5 63,8 
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Table 5 Accuracy in test set for Group III parameters considering gender 
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QP 69,0 58,6 58,6 58,6 * 

SMO 69,0 58,6 58,6 62,9 63,8 

LS 62,9 57,8 58,6 62,9 53,5 
 

An attempt was made to obtain a greater precision than previously obtained, joining group I, group II and group 
III. Therefore the total number of input features is now 1561. 
 

Table 6 Accuracy in test set for Groups I, II and III of parameters considering gender 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 69,8 58,6 58,6 58,6 * 

SMO 69,8 58,6 58,6 60,3 69,8 

LS 66,4 56,9 58,6 60,3 53,5 
 
Analyzing table 6, it is noticed that the introduction of all the groups to be analyzed does not have great 

advantage. The best accuracy is equal as the case of group I. 
In conclusion, the best accuracy considering gender is very similar for the 3 groups of parameters and is between 

68 and 70%. 
 
The study was also made without gender separation, this can be seen in table 7, where group I is used, in table 8 

where group II is applied and in table 9 where group III is used, finally, in the table 10, the three groups are used as 
in table 6. 

Table 7 Accuracy in test set for Group I parameters without gender separation 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 70,9 61,5 70,9 61,5 * 

SMO 69,2 58,1 66,7 64,1 61,5 

LS 61,5 61,5 70,9 67,5 54,7 
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QP 58,1 63,2 59,0 63,3 * 

SMO * 58,1 59,0 60,7 59,8 

LS 55,6 58,1 59,0 60,7 44,4 
 

Table 9 Accuracy in test set for Group III parameters without gender separation 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 67,5 59,0 59,0 59,0 * 

SMO 67,5 59,0 59,0 61,5 41,0 

LS 62,4 58,1 59,0 61,5 49,6 
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Table 10 Accuracy in test set for Groups I, II and II without gender separation 

 LINEAR POLYNOMIAL RBF QUADRATIC MLP 

QP 70,1 59,0 59,0 59,0 * 

SMO 70,1 59,0 59,0 61,5 41,9 

LS 67,5 59,0 59,0 61,5 48,7 
 
In table 7, for group I, again functions “LINEAR” and “RBF” give better accuracy at the level of 71 %. For table 

8, group II, the accuracy become now lower than for the other groups of parameters, been the higher accuracy of only 
63 %. For table 9, group II of parameters the accuracy also decrease to only 67,5%. Using the all parameters together 
in table 10 the accuracy achieved again the level of 70%. 

Thus, this second group of experiments (without gender separation) show better results when using the group I of 
parameters. And the accuracy was slightly better than the accuracy achieved with gender separation. 

With or without gender separation the better accuracy was achieved using “LINEAR” function with the “QP” or 
the “SMO” method. 

4. Conclusions 

This paper describes the experience of use SVM for diagnose between control subjects by subjects with one of the 
3 pathologies (dysphonia, chronic laryngitis and vocal cord paralysis) using 3 groups of parameters extracted from 
the sustained vowels speech files or from a sentence. The analysis of the accuracy was carried out with and without 
gender consideration for different functions and methods of the SVM. 

The function that indicates less favorable results is "MLP". The "QP" method is also the least favorable if used in 
conjunction with the "MLP" function. Therefore this function and method are not recommended to be used together. 

It is understood that when analyzing group III the results are practically identical when adding all the data, which 
leads to conclude that a lot does not mean that a better learning is done by the SVM. 

A maximum of 70,9% of accuracy in the test set was achieved using the jitter, shimmer and HNR parameters, 
"LINEAR" function with the "QP" method without gender separation. Anyhow very similar accuracy was achieved 
with other group of parameters. 

In general, group II gives slightly lower results in relation to the remaining groups, whereas group I appears to 
contain better information. Therefore, the use of MFCCs for sustained speech is not recommended. 

Concerning gender, the results of Teixeira and Fernandes [13] is reinforced, where it is affirmed that there is not 
a significant difference discriminating the gender of the subjects used. Analyzing the results obtained it is noticed that 
for both cases, whether or not gender is discriminated, the "LINEAR" function presents better results than the others. 

Future work intends to measure the accuracy of diagnose of each individual pathology using SVM and other 
machine learning tools. 
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