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Abstract.  Speech emotion recognition (SER) is an attractive and challenging task in 

human-computer interaction and artificial intelligence technologies.  SER is the process 

of recognizing emotions from speech utterances. This work is based on emotion recogni-

tion from speech, and our purpose is to study the effect of gender classes on the SER. 

Three emotional databases with different languages: ADED, EMO-DB and ShEMO in 

Algerian dialect, German and Persian languages respectively, are used to evaluate the 

performance of the SER system. Extracting features from speech is a required step in the 

creation of the SER system. Combinations of prosodic and MFCC features are exploited 

as speech features in the system of recognition. This last is based on Linear Discriminate 

Analysis (LDA), Deep Neural Networks (DNN) and Support Vectors Machine (SVM) as 

methods of classification. The results obtained show us that the system of SER is influ-

enced by gender classes. The recognition rates of SER systems with gender distinction 

are higher than the recognition rates of SER systems without gender distinction. 
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1         Introduction 

The human-machine interface becomes more significant if the machines can recog-

nize emotions.  Speech signal processing to recognize emotions has become one of 

the important areas of speech research. Speech emotion recognition (SER) has wide 

applications in human-machine interaction and artificial intelligence technologies. 

SER is applied in intelligent tutoring systems, speech translation systems, telephone 

banking, call center conversation, robots, lie detection, and medical field [1]. 

  Speech emotion recognition is the technique used to recognize the emotional state 

of a speech signal. SER is defined as the task of automatically classifying emotions 

from an unknown utterance of speech from a list of emotions. The purpose of this 

work is to study the effect of gender classes on the SER system. We based on anger 

and neutral emotions on the system of recognition. Each SER system needs a database 

for its operation. Three emotional speech databases with different languages are ex-

ploited in this work. These databases are the Algerian Dialect Emotional Database 

(ADED) [2], Berlin Database of Emotional Speech (EMO-DB) [3] and the Sharif 

Emotional Speech Database (ShEMO) [4]. To design a system for emotion recogni-

tion in speech, choosing suitable features is a crucial step. A combination of speech 

features, including prosodic (pitch and intensity) and MFCC features are used in this 
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work. The SER systems are based on classification methods. The system of SER in 

this work is based on three classifiers: Linear Discriminate Analysis (LDA), Deep 

Neural Networks (DNN) and Support Vectors Machine (SVM). 

     This document is structured as follows: Some of the previous works are discussed 

in the second section. In the third section, the methodology of this work is described, 

including emotional databases, speech features, and classifiers. Section four presents 

the experiments and results. Finally, we finish with a conclusion. 

 

 

2      Previous works 
 

Speech signal contains various important information such as language, emotion, 

gender, and phonetic information. Recognition of emotion from speech is a very im-

portant field for researchers. The technique for automatically identifying the emotion 
of a particular speech is called Speech Emotion Recognition (SER). Some emotional 

databases, speech features, and classification methods used in SER are presented 

briefly in this section. 

     Selection of databases for training and testing of speech emotion recognition sys-

tems is one of the major issues of debate in research. A suitable database is crucial for 

SER to improve its performance. Among the most used databases are the Berlin data-

base (EMO-DB) [3], the Danish (DES) database [5] and the Polish emotional data-

base [6]. EMO-DB has been widely used to improve and develop several emotional 

recognition systems, and it has been exploited to make comparisons with other data-

bases. This database contains seven emotions. The Danish (DES) database contains 

five emotional states. The database of Polish emotional speech contains 288 segments 
pronounced in six emotions. There are many other speech emotional databases in 

different languages, such as the SAVEE database in English [7], KISMET [8] in 

American English [9], IITKGP-SEHSC in Indian [10], Sharif Emotional Speech Da-

tabase (ShEMO) in Persian [4], and CEMO in French [11]. There are a few databases 

on Arabic speech and emotion. Among these databases, we cite the Tunisian dialect 

database [12], the Moroccan emotional database (MEDB) [13], the Emirati speech 

database (ESD) [14] and the Egyptian Arabic speech emotion (EYASE) [15]. 

      Extraction of features from speech is a very important step in analyzing the signal 

of speech. To recognize information such as emotion, gender, and language from 

speech, speech features related to the information involved were needed. Thus, the 

performance of the SER system depends on speech features. In literature, for the SER, 

various speech features have been used to develop the SER systems. Prosodic fea-
tures, including pitch, intensity, and duration, have been widely exploited for recog-

nizing speech emotions. Statistical values of pitch and energy features have been used 

to classify the emotional states in the SER systems [16]. Pitch and intensity have been 

employed as speech features to recognize emotions in Telugu speech [17]. Spectral 

features such as Mel Frequency Cepstrum Coefficients (MFCC), Linear Prediction 

(LP), Linear Predictive Cepstral Coefficients (LPCC) and perpetual linear prediction 

(PLP) have been used in many works of SER [16]. The MFCC and DWT (Discrete 

Wavelet Transform) have been investigated in the classification system of different 

emotions from speech [18]. Voice quality features like jitter, shimmer and Harmonic 

to Noise Ratio (HNR) have been also used in the system of SER in numerous works 
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[16]. Jitter and shimmer have been utilized for recognizing different emotions by 

using multiple classifiers [19]. Different combinations of various speech features have 

been exploited to improve the performance of recognition in the SER systems. In 

[20], a combination of various features such as fundamental frequency (F0), energy, 

formants, and energy in Mel and MFCCs has been explored to classify speech emo-

tions. A combination of spectral, vocal quality and prosodic features has been exploit-

ed in emotion recognition using different databases [21]. Speech features such as 
duration, energy, pitch, MFCC, PLP, HNR, shimmer, jitter, and teager operator have 

been used in systems of automatic speech recognition [22].  

 Classifiers are essential and important parts of emotion recognition systems. To 

develop SER systems, several classification methods have been applied. Support Vec-

tors Machine (SVM), Linear Discriminant Analysis (LDA), K Nearest Neighbor 

(KNN), Gaussian Mixture Model (GMM), Hidden Markov Model (HMM), Convolu-

tional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Deep Neural 

Networks (DNN) were the most commonly used classifiers in the systems of SER 

[16][23]. 

 

 

3      Methodology 

 
The objective of this work is to study the effect of gender classes on the system of 

speech emotion recognition (SER). The process for building an SER system requires 

emotional emotion databases, features, and classification techniques. Scheme of the 

SER systems is illustrated in figure 1. To achieve our aim, three databases with dif-

ferent languages are used: the Algerian Dialect Emotional Database (ADED), the 

Berlin Database of Emotional Speech (EMO-DB) and Sharif Emotional Speech Data-

base (ShEMO). The influence of gender on SER is evaluated in two emotional states:  

anger and neutral. The system of SER is divided into a gender distinction part and 

without gender distinction part. In the gender distinction part, the speech utterances of 

each database are divided into male and female utterances. For the feature extraction 

step, the prosodic features (pitch and intensity) and the MFCC features are exploited. 

In the classification step, three classifiers: LDA, SVM and DNN are applied to evalu-

ate the performance of SER. The response in the form of a recognition rate is obtained 

and studied for its accuracy. 

3.1       Emotional speech databases 

A suitable database is required for the speech emotion recognition (SER). As men-

tioned above, three databases: ADED, EMO-DB and ShEMO are used to achieve our 

objective. The Algerian Dialect Emotional Database (ADED) is an Algerian database. 

ADED database composed of 200 audio files, contains four emotional states [2]. The 

Berlin database of emotional speech (EMO-DB) is a German database; it contains 535 

sound files recorded into 7 emotion states [3]. The Sharif Emotional Speech Database 

(ShEMO) is a Persian database; it consists of 3000 speech samples in six different 

emotions [4]. 
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Fig. 1.  Scheme of emotions recognition systems based on gender classes. 

 

 

3.2      Features extraction 

 

Extraction of features is a crucial step in recognition of emotion from speech. The 

statistical values of pitch and intensity, and MFCCs parameters are exploited in this 

paper. Table 1 show the features selected in this work. PRAAT software [24] is ex-

ploited to directly extract the statistical values of pitch and intensity features. The 

MFCCs parameters are extracted using MATLAB. 

 

 
   Table 1. Speech features extracted in this work. 

 

Features extracted 
 

Prosodic features Mean of pitch 
Maximum of pitch 
Minimum of pitch 
Standard deviation of pitch 
Mean of intensity 
Maximum of intensity 
Minimum of intensity 
 

MFCC 13 MFCCs 
 

 

Emotional Speech 

 

Classification 

Features Extraction 

Emotions 

 

Gender distinction 

Neutral          

 

 Without gender distinction 

Male utterances Female utterances Male and female utterances 

Anger 

 

Prosodic and MFCC features 

LDA 

 

SVM 

 

DNN 

 

ADED database 

 

EMODB database 

 

ShEMO database 
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          Speech signal consists of unvoiced and voiced parts. This last is produced by the 

periodic vibration of the vocal cords. Its periodicity is known as pitch [25]. The pitch 

contour of speech is shown in Figure 2 by a blue line.  The pitch feature has been used 

to develop the SER systems in many works [13],[16–17]. 

     Intensity provides a measure of the voice loudness and represents the force with 

which the sound is emitted [26]. The contour of intensity is shown by a green line in 

figure 3. The intensity feature has been investigated in the SER systems [13],[ 17]. 

 

 

 
Fig. 2.  Speech signal and its corresponding pitch contour. 

 

 

 
Fig. 3.  Speech signal and its corresponding intensity contour. 

 

 Mel Frequency Cepstrum Coefficients (MFCC) features are the most spectral fea-

tures used in the field of speech emotion recognition [13][18][21-22]. MFCC based 

on how we actually percept the speech sound. MFCC represents the power spectrum 

of a speech signal based on a non-linear scale of frequency (Mel-scale). 

 

   The formula to convert the frequency to Mel scale frequency: 

 

                                𝑚(𝑓) = 2595 log (1 + 𝑓 700⁄ )                                             (1) 
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     Figure 4 shows the procedure to calculate the MFCC parameters. The procedure is 

composed of the following blocks: pre-emphasize, hamming window, FFT, triangular 

band-pass filter, logarithm, and discrete cosine transformation (DCT) [27]. 

 

 

 

 
 

 

 

   
 
 

Fig. 4.  Scheme of the procedure to calculate the MFCC parameters. 
 
 

3.3      Classifiers 

Classifier is perquisite step in SER systems. Three methods of classification are ex-

ploited for SER in this work. These classifiers are: Linear Discriminate Analysis 

(LDA), Deep Neural Networks (DNN) and Support Vectors Machine (SVM).  LDA is 

a robust and simple classification technique with a linear decision boundary. The 

method of linear separation finds the linear transformation and maximizes the dis-

tance between the two classes in the new space [28]. Deep Neural Networks (DNN) 

has achieved great success in classification tasks. DNN is a feed-forward neural net-

work with fully connected layers and hidden layers. Between the input and output 

layer more hidden layers are present [29]. Support Vectors Machine (SVM) is a sim-

ple machine learning that is applied in classification fields. The process in SVM is to 

transform the input features into a high dimensional feature space by using the kernel 

function [30]. 

 

4        Experiments and results 

 
As we mentioned above, the aim of this work is to study the effect of gender classes 

on the speech emotion recognition (SER) in three different languages. To achieve our 

goal, three databases in three different languages are used, ADED, EMO-DB and 

ShEMO databases in Algerian, German and Persian, respectively. Several experi-

ments are performed to study the influence of gender on SER. The systems of SER in 

the experiments are divided into system with gender distinction (male or female) and 

system without gender distinction (male and female). A combination of prosodic and 

MFCC features are used as feature vectors in the system of recognition. The experi-

ments are based on LDA, SVM and DNN classifiers. The results are obtained using 

MATLAB software. The experiment results are presented in table 2.  According to the 
results obtained, it is observed that the recognition rates in system with gender dis-

tinction are higher than the recognition rates in system without gender distinction. It is 

concluded that the recognition accuracy of the SER is influenced by the gender clas-

ses. In previous works, the effect of gender classes on SER was studied. The recogni-

tion accuracies of system with gender distinction are higher than the system without 

Speech 

signal 

Pre-

emphasize 

Hamming 

window 
FFT 

MFCCs DCT Logarithm 
Triangular band-

pass filter 
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gender distinction in [31], [32] and [33] which used German, Indian, and English 

emotional databases, respectively. 

 
Table 4. Experiments results of gender effect on SER. 

 
Databases Gender class Classifiers 

LDA SVM DNN 

 

ADED Database 

 

 

Without gender distinction 

(M and F) 

79.17% 83.33% 85.41% 

Male utterances (M) 

 

88.63% 93.18% 100% 

Female utterances (F) 

 

93.18% 97.72% 95.45% 

 

EMO-DB Database 

 

 

Without gender distinction 

(M and F) 

94.44% 93.05% 94.44% 

Male utterances (M) 

 

100% 100% 100% 

Female utterances (F) 

 

98.61% 100% 100% 

 

ShEMO Database 

 

 

Without gender distinction 

(M and F) 

84.02% 68.75% 84.72% 

Male utterances (M) 

 

93.05% 94.44% 100% 

Female utterances (F) 

 

88.89% 93.05% 91.66% 

 

 

5        Conclusion 

 
Speech emotion recognition (SER) plays an important role in human-machine interac-

tion and artificial intelligence fields. This work was based on the recognition of 

speech emotions. And the purpose was to study the effect of gender classes on SER in 

different languages. Three databases with different languages, ADED, EMO-DB, and 

ShEMO, were used. Combinations of prosodic and MFCC features were exploited as 

features vectors in the SER system. This last was based on three classification tech-

niques: Linear Discriminate Analysis (LDA), Deep Neural Networks (DNN) and 

Support Vectors Machine (SVM). Several experiments were performed to study the 

influence of gender on SER. It is concluded that the performance of SER is influenced 

by the gender classes. It was observed that the recognition accuracy in the system 

with gender distinction is higher than the recognition accuracy in the system without 
gender distinction. In the future, the present work can be extended to other emotions, 

speech features, and emotional databases in other languages. 
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