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Abstract 
 

In today’s world speech is the ideal way to interact with people. Speech emotion recognition (SER) has an increasingly significant role in 

the interactions among human beings and computers. For improving human machine interaction, it is very ideal to recognize emotions 

automatically because attention is aimed at study of the emotions. This paper is a review of classification methods and databases used for 

speech emotion recognition. Here two important fields in speech emotion recognition are addressed. First is the choice of appropriate 

classification method and second is the creation of emotional speech database or choosing appropriate database. The main purpose be-

hind this review paper is to analyze the efficiency of several techniques widely used among the field of speech emotion recognition. 
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1. Introduction 

Speech is very faster and easier way of communication between 

human beings. This fact has motivated many researchers to work 

in this field. Speech is a fast medium of interaction between hu-

mans and machines. Speech Emotion Recognition (SER) is intro-

duced recently. SER is extraction of speaker’s emotions from his 

or her speech. 

The speech emotion recognition is a highly challenging task for 

some reasons such as variety of sentences, different speakers, 

various speaking styles and speaking rates, etc. Many researchers 

focused on monolingual emotion classification rather than multi-

lingual emotion classification, because there should not be any 

cultural difference amongst speakers. 

There are mainly two types of speech emotion recognition: Speak-

er Dependant and Speaker Independent. In speaker dependant 

speech emotion recognition system, energy and pitch are used as 

features and in speaker independent speech emotion recognition 

system focus is on “What was said” regardless of “Who said it”. 

1.1. Classification approaches 

For correct identification of emotion, it is very necessary to 

choose appropriate classification approach. As per the literature 

survey, various classification approaches are used such as Gaussi-

an Mixture Model (GMM) [2] [7] [18], Hidden Markov Model 

(HMM) [27], Support Vector Machine (SVM) [8] [9] [11] [12] 

[16] [22] [24], Neural Network classifier [19] [21], Artificial Neu-

ral Networks (ANN) [25], Convolutional Neural Networks 

(CNNs) [1], Recurrent Neural Network (RNN) [4], etc. 

1.2. Speech database 

The result of study basically depends on database used to assess 

its performance. As per our literature survey, some authors have 

used available database and some create database by their own. 

The various databases used are RECOLA [1] [15], Berlin emo-

tional speech database [2] [4] [8] [11] [12] [21] [24], IEMOCAP 

database [14] [23] [26], eNTERFACE database [13], German 

database (EMODB) [19], etc. The most widely used databases are 

Berlin emotional speech database [2] [4] [8] [11] [12] [21] [24] 

and IEMOCAP database [14] [23] [26]. 

2. Literature review 

The literature review is based on studies carried out and presented 

at various levels on emotion recognition. This literature survey is 

divided according to techniques used for emotion recognition.  

In this paper [2] for automatic emotion recognition from speech 

signals authors proposed use of harmony features [2]. It is based 

on music theory. The system will measure two pitch intervals. In 

this paper, emotion recognition experiments use these harmony 

parameters with state of the art features to improve performance. 

GMM [2] [7] [18] is used for classification. The average recogni-

tion rate is improved by 2% [2]. 

In this paper [7] authors recognizes gender-dependant age and 

emotions. This system works in two-stages. At first system will 

identify the gender and then focus on recognition of emotions. 

This system performs noise elimination from voice signal. Au-

thors used Mel-Frequency Cepstral Coefficients (MFCCs) as a 

feature extraction method. For the classification of large data, 

SVM [8] [9] [11] [12] [16] [22] [24], and GMM [2] [7] [18] are 

used [7]. 

[18] In this paper, authors analyzed performance of speaker de-

pendent, speaker independent and cross language emotion recog-

nition from speech. For classification Gaussian Mixture Model 
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(GMM) [2] [7] [18], and Hidden Markov Model (HMM) [27] are 

used. IITKGP-SESC and IITKGP-SEHSC databases are used. For 

identifying emotions Mel Frequency Cepstral Coefficients 

(MFCCs) features are used. Authors found that performance of 

emotion recognition from speaker dependant system is good than 

others [18]. 

[27] In this paper, authors developed a system to recognize the 

emotions based on gender of the speaker. Hidden Markov Model 

used for gender identification. Jahmm library is adopted for im-

plementing HMM [27].  

[8] In this paper, authors proposed a method which uses fractal 

dimension features to recognize the emotion from speech signals. 

For classification and recognition authors used Support Vector 

Machine algorithm. Authors used Berlin Emotional Speech Data-

base. Recognition rate is approximately 77% [8]. 

[9] In this paper, authors used 2 subsystems: a) Gender Recogni-

tion. Authors used various gender recognition algorithms such as 

Thresholding method using Pitch, gender recognition by binary 

SVM [8] [9] [11] [12] [16] [22] [24] classifier and gender recogni-

tion by ANN [25] and b) Emotion Recognition. In this various 

emotions such as anger, boredom, disgust, fear, happiness, sadness 

and neutral state are used. The aim of the system is to provide "a 

priori" information about the gender. This system is implemented 

by 3 methods, a Pitch Frequency Estimation method and thresh-

olding to perform gender recognition, gender recognition using 

SVM [8] [9] [11] [12] [16] [22] [24], and ANN [25], the latter by 

two Support Vector Machine (SVM) classifiers. Overall emotion 

recognition accuracy is increased from 74.28 % to 88.57 % by 

priori knowledge of the speaker gender [9].  

[11] In this paper, a system is proposed which allows recognition 

of person’s emotional state from audio signals registrations. This 

system is used to improve human-computer interaction. This sys-

tem recognizes six emotions such as anger, boredom, fear, disgust, 

happiness and sadness and the neutral state. There are 2 subsys-

tems: Emotion recognition and gender recognition. Priori 

knowledge of speaker gender will increase the performance. Pitch 

Frequency Estimation method and two Support Vector Machine 

(SVM) [8] [9] [11] [12] [16] [22] [24] classifiers are used [11]. 

[12] In this paper, authors describes the emotion recognition using 

beagle board OMAP 3530 in linux platform. Pitch, Energy, Mel-

Frequency Cepstral Coefficients (MFCC) are extracted from 

speech. In this paper, Support Vector Machine (SVM) [8] [9] [11] 

[12] [16] [22] [24] is used as a classifier.  

[16] In this paper, Mel Frequency Cepstrum Coefficient(MFCC) is 

used for extracting samples and used to train Support Vector Ma-

chine (SVM) [8] [9] [11] [12] [16] [22] [24]. English and Telugu 

languages are used. It is implemented in MATLAB 12b environ-

ment. This system shows results such as, 85.77% for speaker de-

pendent, 55.51% for speaker independent and 49.83% for cross 

language emotion recognition [16]. 

[22] In this paper, authors have used Chinese speech. From speech 

some features are extracted like Mel Frequency Cepstrum Coeffi-

cient (MFCC), pitch, formant, short-term zero-crossing rate and 

short-term energy. Authors proposed a new method which com-

bines DBN (Deep Belief Network) and SVM (Support vector 

machine) [8] [9] [11] [12] [16] [22] [24]. New classification ap-

proach achieves 95.8% accuracy, which is higher than using either 

DBN or SVM separately [22]. 

[24] In this paper, Mel Frequency Cepstral coefficients (MFCC) 

and energy of the speech signals are used as a feature inputs. Ber-

lin database of emotional speech is used. The features extracted 

from speech are converted into a feature vector, then it is used to 

train different classification algorithms namely, Support Vector 

Machine (SVM) [8] [9] [11] [12] [16] [22] [24], Random Decision 

Forest and Gradient Boosting. Random forest was found to have 

the highest accuracy [24].  

[17] In this paper, authors have used emotions from speech and 

facial gestures for speaker dependant emotion recognition. Au-

thors have used English audio-visual emotional database. In this 

method, LDA and PCA [17] are used. For classification Gaussian 

classifiers are used. The system will give higher performance for 

LDA features than PCA features. [17]. 

[19] In this paper, authors used harmony features for speech emo-

tion recognition. Use of Fourier parameter (FP) features for speak-

er independent system is proposed. By adding FP and MFCC, the 

recognition rates are increased by 17.5 on EMODB, 10 on CASIA 

and 10.5 on EESDB respectively [19]. SVM [8] [9] [11] [12] [16] 

[22] [24] classifier and Bayesian classifier are used [19]. 

[21] In this paper, for intelligent emotion recognition, features 

from speech wave are extracted, Open smile is the feature extract 

tool used to get features from speech recordings. For recognition 

of emotions, a supervised neural network is used. Berlin emotional 

database is used [21]. 

[25] In this paper, emotion recognition from female speech is 

done. Authors have created database of 340 samples and used four 

emotions such as neutral, happy, sad and anger. Malayalam lan-

guage is used for this work. For feature extraction Daubechies8 

wavelet was used. Artificial neural network [25] was used for 

pattern recognition. An overall recognition accuracy of 72.055% 

obtained from this experiment [25]. 

[15] In this paper, authors have decided to use Semi-supervised 

learning (SSL) algorithms for unlabelled data. Self-training of 

conventional SSL has an error of self-accumulation. To overcome 

this issue authors proposed an enhanced learning strategy. In this 

method re-evaluation of previously automatically labeled samples 

is done, in this training set is updated by correcting mislabeled 

samples. Authors have used multiple modalities and models of 

SSL system to increase the performance [15]. 

[23] In this paper, authors proposed to utilize Deep Neural Net-

works (DNNs) [23] to estimate emotion states for each speech 

segment in an utterance, construct an utterance level feature from 

segment-level estimations, and then employ an ELM to recognize 

the emotions for the utterance. The system will improve accuracy 

by 20% [23]. 

[26] In this paper, authors used para-lingual information from 

speech, this system is based on a Deep Neural Network [23], and 

it is applied to spectrograms. This method gives better results 

compared to other methods. Convolution-only deep network with 

lower complexity achieves a prediction accuracy of 66% on IE-

MOCAP, while a combination of convolution-LSTM higher-

complexity model achieves 68% [26]. 

[1] In this paper, authors presented a model for continuous emo-

tion recognition from speech. This paper is based on Deep Neural 

Networks (DNN). The model trained end-to-end and it uses Con-

volutional Neural Networks (CNN), this extracts features from the 

raw signals, and stacked this data on top of a 2-layer Long Short-

Term Memory (LSTM). This model performs very well in terms 

of concordance correlation coefficient and the state-of-the-art 

methods for the RECOLA database [1]. 

[4] In this paper authors, have used speech emotion recognition 

system; important speech features are used in this paper. It con-

tains emotion information such as pitch, energy, formant frequen-

cy, Mel Frequency ceptrum coefficients (MFCC), linear prediction 

cepstrum coefficients (LPCC) and Modulation Spectral Features 

are used. Recurrent neural network (RNN) classifier is used to 

classify emotions found in the Berlin and Spanish databases. Its 

performances are compared to Multivariate linear regression 

(MLR) and Support vector machine (SVM) [8] [9] [11] [12] [16] 

[22] [24] classifiers. Berlin emotional speech database and Span-

ish emotional database is used. In this paper, authors combined 

MFCC and MS features for RNN model in Spanish emotional 

database, the authors achieved the result of 90.05%. For Berlin 

emotional database using MLR classifier, authors achieved results 

of 82.41% [4]. 

[5] In this paper, authors done analysis of emotions using Formant 

frequencies (F1, F2, F3), instantaneous fundamental frequency 

using Zero Frequency Filtering, signal energy and dominant fre-

quencies. Authors used German and Telugu Emotion Databases 

[5]. 

[3] In this paper, authors used neutral, anger, joy and sadness emo-

tions. In this, classifications are performed for different classifiers. 
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Authors says that, for increasing accuracy, data should be collect-

ed from one person rather than group of people [3]. 

[10] In this paper, Hybrid feature extraction method is used for 

100% accuracy for all emotions. The speaker dependent Emotion 

Recognition system gave 100% accuracy for all emotions such as 

happy, sad, surprise, anger and neutral. For speaker independent 

ER system, Mel Frequency Cepstrum Coefficient (MFCC) gives 

100% accuracy for surprise emotion, Perceptual Linear Predictive 

(PLP) gives 100% accuracy for Anger emotion and LPCC features 

give 100% accuracy for fear emotion [10]. 

[13] In this paper, for improving accuracy authors combined evo-

lutionary algorithm (EA) with Empirical Mode Decomposition 

(EMD). In this method, emotional speeches are decomposed into 

several Intrinsic Mode Functions (IMFs) by use of EMD process-

es. Emotion from speech is extracted using IMFs. MFCC are 

computed and used [13]. 

[14] In this paper, authors used iterative feature normalization 

(IFN) framework. This is speaker dependant approach. In this 

method, normalization is applied to all samples. Performance of 

emotion detection based on IFN framework gives better accura-

cies. The IFN improves the accuracy in detecting emotional 

speech obtained from real life and unconstrained recordings [14]. 

[20] In this paper, authors have used acoustic and spectral features 

and studied automatic recognition of human emotional states. 

Authors reviewed acoustic features and proposed features from 

time-frequency representation. This system shows Recognition 

accuracy of 94.6% for SES database of emotional speech of Span-

ish language [20]. 

 
Table 1: Summary 

Paper 

No. 

Classifiers Database 

1 Convolutional Neural Network (CNNs) [1] RECOLA 

2 Bayesian learning framework, Gaussian mixture model (GMM) [2] [7] 

[18] 

Berlin Emotion Database 

3 Mel-frequency cepstral coefficients (MFCC) and AUC Manually created in Russian language 
4 Recurrent neural network (RNN) [4], 

Multivariate linear regression (MLR) and Support vector machine 

(SVM) [8] [9] [11] [12] [16] [22] [24] 

Spanish emotional database, 

Berlin emotional database 

5 Signal energy, Zero-crossing rate (ZCR)  IITKGP-SESC Telugu speech database, German emotion database 

6 MLB (Maximum-Likelihood Bayes), 

NN (Nearest Neighbor) and HMM (Hidden Markov Model) [27] 

Manually created 

7 GMM [2] [7] [18], SVM [8] [9] [11] [12] [16] [22] [24] Database created from various audio clips  

8 Support Vector Machine(SVM) [8] [9] [11] [12] [16] [22] [24] Berlin Emotional Speech Database 

9 Support Vector Machine (SVM) [8] [9] [11] [12] [16] [22] [24], Artifi-
cial Neural Networks (ANN) 

Employed Reference Database (DB) 

10 Hidden Markov Model (HMM) [27] Manually created 

11 Support Vector Machine(SVM) [8] [9] [11] [12] [16] [22] [24] Reading-Leeds Database, Belfast Database, CREST-ESP, Berlin 
Emotional Speech (BES) Database 

12 Support Vector Machine(SVM) [8] [9] [11] [12] [16] [22] [24] Berlin Emotional Speech Database 

13 Evolutionary algorithm (EA) with Empirical Mode Decomposition eNTERFACE 2005 emotion database 
14 Iterative Feature Normalization (IFN) IEMOCAP database 

15 Semi-supervised learning (SSL) approaches RECOLA 

16 Support Vector Machine (SVM) [8] [9] [11] [12] [16] [22] [24] Manually created 

17 PCA, LDA [17] British English audio-visual emotional database 

18 Gaussian Mixture Model (GMM) [2] [7] [18], Hidden Markov Model 

(HMM) [27] 

IITKGP-SESC 

and IITKGP-SEHSC emotional speech database 
19 Support Vector Machine(SVM) [8] [9] [11] [12] [16] [22] [24], 

Bayesian classifier 

EMODB, EESDB database and CASIA database 

20 Gabor Transform and 
Discrete Wavelet (DWT) 

SES database of emotional speech in Spanish language 

21 Neural network approach Berlin Database of Emotional Speech 

22 Deep Belief Network (DBN) 
and SVM (support vector machine) [8] [9] [11] [12] [16] [22] [24] 

Chinese Academy of Sciences emotional speech database 

23 Deep Neural Networks (DNNs)[1][23][26]  IEMOCAP database 

24 Support Vector Machine [8] [9] [11] [12] [16] [22] [24], Random Deci-
sion Forest and Gradient Boosting. 

Berlin Database of Emotional 
Speech 

25 Artificial Neural Network (ANN) [25] Elicited emotional database 

26 Deep Neural Network [1] [23] [26] IEMOCAP database 
27 Hidden Markov Model [27] Not mentioned 

 

3. Conclusion 

This paper presents survey of Emotion Recognition from Speech 

addressing use of various algorithms of Speech Emotion Recogni-

tion System. In this paper, we reviewed and discussed various 

speech emotion recognition systems. We had also seen its perfor-

mance in terms of various classifiers and datasets. Authors had 

used variety of classifiers like Gaussian Mixture Model (GMM) [2] 

[7] [18], Hidden Markov Model (HMM) [27], Support Vector 

Machine (SVM) [8] [9] [11] [12] [16] [22] [24], Neural Network 

classifier, Artificial Neural Networks (ANN) [25], Convolutional 

Neural Networks (CNNs) [1], Recurrent Neural Network (RNN) 

[4], etc. Well-designed classifiers have obtained high accuracies 

for various emotions. Result varies for different databases. It is 

found that some emotions are recognized very correctly but there 

is problem for other emotions. So, there are so many contributions 

needed in this area. 
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