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Abstract

In this article we introduce a speech emotion recognition 

method based on Hidden Markov Models (HMM). Low-

level features, which are quite popular in Automatic Speech 

Recognition systems, are used in this method. Two strategies 

are considered and compared in this paper. Within the first 

strategy a one-from-all recognition model for each emotional 

state is constructed. A second strategy is a one-against-other 

recognition where each emotional state has its own model 

and background model (model for other emotional states). 

Optimal values of the number of HMM-states and the 

number of Gaussian mixture components that increase 

robustness of speech emotion recognition system were 

found. For proof-of-concept experiments we use the Berlin 

Database of Emotional Speech (EMO-DB). Results in 

recognition of seven discrete emotions exceeded 83% 

recognition rate. As a basis of comparison the similar 

judgment of human decision makers rating the naturalness of 

emotion for the same corpus at 78.83% recognition rate was 

compared. 

Introduction

Applications of emotional speech recognition can be 

foreseen in the broad area of human-computer interaction or 

in the field of security systems. In our research emotion 

recognition is applied within office environment. Focusing 

on the field of man machine interaction non-invasive 

advances seem more popular in recent works due to a user’s 

control of the emotion shown and a certain comfort provided 

by the noninvasive nature. Speech analysis seem to be one of 

the most promising, we focus on speech as input channel in 

this work. Most of the advances to speech emotion 

recognition rely on acoustic characteristics of an emotional 

spoken utterance. 

We decide to apply automatic speech recognition (ASR) 

methods for task of emotion recognition with in speech. One 

HMM for each predefined emotional state was trained.

For testing we will use public database Berlin Database of 

Emotional Speech (EMO-DB). 

The paper is structured as follows: Section 2 deals with 

feature extraction and HMM model specification. Section 3 

introduces the emotional database which are used for 

experiments. Finally, in the sections 4-8 experiment, 

conclusion, feature work, acknowledgments are presented. 

Emotion Modeling 

Feature extraction 

Input speech signals are processed using a 25ms Hamming 

window, with a frame rate of 10ms. We use a 39 

dimensional feature vector per each frame consisting of 12 

MFCC and log energy over the frame plus delta and 

acceleration coefficients.

Cepstral Mean Substraction (CMS) and variance 

normalization are applied to better cope with channel 

characteristics.

HMM modeling 

To estimate a user’s emotion by the speech signal we use 

HMMs. Two states HMMs and single state HMMs, also 

called a Gaussian Mixture Model (GMM), have been used. 

The objective of the emotion recognition task is to find a 

emotion model i given the set of reference models 

={ 1,…, N} and sequence of test vectors X = {x1,…, xN } 

which gives the maximum a posteriori probability P( | X). 

This requires the calculation of all P( j | X) , j = 1,…,N and 

finding the maximum among them. 

In our task, it is possible to use the likelihood P(X | )

instead of P( | X) which does not require prior probabilities 

P( ) to be known. The vectors in a sequence X, are 

independent and identically distributed random variables. 

We can define  P(X | ) as 
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where P(xt | ) is the likelihood of single frame xt given 

model , also called acoustic model. This is a fundamental 

equation of statistical theory and is widely used in speech 

recognition. Acoustic models are generated by one or few 

states HMMs. This states are associated with an emission-

probability P (X |s) which for continuous variables x is 

replaced with its probability density function (PDF). These 

PDFs are realized using weighted sums of elementary 

Gaussian PDFs (Gaussian Mixtures, which leads to the name 

GMM).  

The GMM is a weighted sum of M component densities and 

is given by the form 
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where bi(xt), i=1,...,M, is the component density and ci, i = 

1,… , M, is the mixture weight. Each component density is a 

K-variate Gaussian function of the form 
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with mean vector i and covariance matrix i. The mixture 

weights satisfy the stochastic constraint that 
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The Gaussian mixture model is parameterized by the mean 

vectors, covariance matrices and mixture weights from all 

component densities.  
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In our emotion recognition system, each emotion is 

represented by such a GMM for single state HMMs. Two 

states HMM using additional paremers[3]. 

 Databases 

To provide results on classifier on a public corpus we 

decided for the Berlin Emotional Speech database (EMO-

DB), which present seven emotions: anger, boredom, 

disgust, fear, joy, neutral, sadness. It consists of 816 phrases 

in total. 10 German sentences of emotionally undefined 

content have been acted in these emotions by 10 professional 

actors, 5 of them female. Throughout perception tests by 20 

subjects 493 phrases have been chosen that were classified 

as more than 60% natural and more than 80% clearly 

assignable. 

Experiments

The HMM parameters are estimated by the HTK toolkit [2]. 

Baum-Welch re-estimation with a number of 1 to 70 

Gaussian mixtures is used. As a general evaluation mean we 

therefore choose the popular 3-fold stratified cross validation 

(SCV).

Table 1: Confusion matrix of 3-fold SCV evaluation for 

single state HMM with 25 Gaussian Mixture components 

for PDFs, with overall accuracy of recognition 82,6% 

[%] ang. bor. dis. fear joy neut. sad.

ang. 92,1 0,8 0,8 5,5 0,8 

bor. 87,3 3,8 1,3 7,6 

dis. 2,6 2,6 81,6 10,5 2,6 

fear. 1,8 3,6 60,0 10,9 20,0 3,6 

joy. 31,2 6,2 62,5 

neut. 6,4 1,3 2,6 1,3 88,5 

sad. 1,9 5,8 92,3 

The table shows that single state HMMs show a good level 

of recognition for anger, boredom, neutral and sadness. Also 

there is still conflict between joy and anger samples [1]. 

Table 2: Confusion matrix of 3-fold SCV evaluation for 

two states HMM with 18 Gaussian Mixture components for 

PDFs, with overall accuracy of recognition 82,4% 

[%] ang. bor. dis. fear joy neut. sad.

ang. 99,2 0,8 

bor. 82,3 1,3 13,9 2,5 

dis. 2,6 10,5 78,9 7,9 

fear. 1,8 61,8 12,7 18,2 5,5 

joy. 34,4 3,1 62,5 

neut. 17,9 80,8 1,3 

sad. 1,9 5,8 92,3 

The table shows results for two states HMMs. Anger has 

better accuracy of recognition than in single state HMMs 

evaluation. For other emotional states accuracy of 

recognition are reduced. 

Conclusion

We proposed a emotion recognition method by single state 

and two states HMM with low-level features for acoustic 

models evaluation. And we obtain accuracy of recognition 

about 82,6%, which is that very close to results of emotion 

recognition based on Discriminative classifiers and high-

level features for acoustic models. 

Feature Work 

In feature work we aim to start speaker dependent emotion 

recognition evaluations, tests on father data-sets.    
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