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Abstract 

Speech emotion recognition aims at automatically identifying the emotional or 

physical state of a human being from his or her voice. The emotional state is an 

important factor in human communication, because it provides feedback 

information in many applications. This paper makes a comparison of two 

standard methods used for speaker recognition and verification: Gaussian 

Mixture Models (GMM) and Support Vector Machines (SVM) for emotion 

recognition. An extensive comparison of two methods: GMM and GMM/SVM 

sequence kernel is conducted. The main goal here is to analyze and compare 

influence of initial setting of parameters such as number of mixture 

components, used number of iterations and volume of training data for these 

two methods. Experimental studies are performed over the Berlin Emotional 

Database, expressing different emotions, in German language. The emotions 

used in this study are anger, fear, joy, boredom, neutral, disgust, and sadness. 

Experimental results show the effectiveness of the combination of GMM and 

SVM in order to classify sound data sequences when compared to systems 

based on GMM. 
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1.  Introduction 

Recognition of emotions in speech is essential for understanding human 

interactions and hence is a complex task that is furthermore complicated because 

there is no unambiguous answer to what the “correct” emotion is for a given 

speech sample. Although numerous feature extraction schemes based on both 

acoustic and prosodic features have been used [1-4] and different pattern 

recognition methods as Artificial Neural Networks (ANN) [5], Hidden Markov  
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Nomenclatures 
 

bi Component densities 

d Learned constant 

Pi Mixture weights 

xi Support vectors 
 

Greek Symbols 

 Lagrange multiplier. 

 Kernel mapping  
  Free shape parameter  

τ Relevance factor 
 

Abbreviations 

ANN Artificial Neural Networks 

EM Expectation Maximization 

GMM Gaussian Mixture Model 

RBF Radial basis function 

SVM Support Vector Machines 

UBM Universal Background Model 

Model (HMM) [5, 6], Gaussian Mixture Model (GMM) [7] have been developed, 

the emotion recognition accuracy is still short of what is desired. This paper 

describes the combination of both methods GMM which are a generative model 

and the discrimination power of SVM via the use of sequence discriminant 

kernels. Analysis of the behaviour of such hybrid systems is the object of this 

study. The evaluation presented in this work has the following parameters: (1) 7 

emotions from the Berlin database of emotional speech (Emo-Db), (2) Text-

independency and speaker-independency were assumed, and (3) Feature vectors 

were extracted on frame level.   

The rest of this paper is organized as follows. The GMM standard approach is 

presented in Section 2. In Section 3, there is an outline of the used combination of 

GMM and SVM. In Section 4, the used emotional database, the employed speech 

features and the test protocol are presented. Section 5 presents and discusses the 

research results obtained. Conclusions are drawn in section 6.  

 

2.  Basic Principles of Applied Classification Method GMM Emotion 

Discrete Classification 

Gaussian mixture density techniques are used to learn the extracted features from 

speech.  Our assumption is that we have enough data to robustly estimate weight, 

mean and variance parameters for each emotion class individually. In the 

recognition phase, testing unknown emotional samples are used to evaluate the 

performances of models. Posterior probability of the features of a given speech 

utterance is maximized over all emotion GMM densities. The GMM emotional 

model that has the maximum log-likelihood with a given input utterance is 

determined to be the recognized emotional state. Figure 1 shows the speech 

emotion classification scheme based on GMM. 
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Fig. 1. GMM emotion discrete classification. 

Gaussian mixture model is a probabilistic model for density estimation using a 

convex combination of multi-variate normal densities. A GMM aims to 

approximate a complex nonlinear distribution using a mixture of simple Gaussian 

models, each parameterized by its mean vector, covariance matrix and the mixing 

parameter. These parameters are learned by the iterative Expectation 

Maximization technique EM [8] and initialized by a clustering algorithm. The EM 

algorithm iteratively renews the GMM parameters in order to increase the 

likelihood of the estimated model for the observed GMM parameters. This 

approach alternates between performing an Expectation step (E-step), which 

computes the distribution for the hidden variables using the current estimates for 

the parameters, and a Maximization step (M-step), which re-estimates parameters 

to be those maximizing the likelihood found in the E-step. 

The Gaussian mixture density is given by:                      
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where x is a dimensional random vector, bi(x) are the component densities and pi 

the mixture weights. Each component density is a d-variate Gaussian function 

having the form: 
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Mixture weights (pi) must satisfy constraint:     
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The number of Gaussian components indicates the number of clusters within 

each class. The GMM classifier returns probabilities that the tested utterance 

belongs to the GMM model, which is trained for each emotion category. The best 

matching emotion is given by the maximum overall probability for the given 

unknown emotion. Two critical factors in training a Gaussian mixture emotional 

model are selecting the order of the mixture and initializing the model parameters 

prior to the EM algorithm.  

 

3. Basic Principles of Applied Classification Method GMM-SVM 

Discriminant Sequence Kernels 

A hybrid classifier based on the combination of a generative model GMM and 

discriminative classifier SVM is proposed, to achieve better classification and 

computation performances. The GMM-SVM paradigm has been introduced and 

successfully applied to speaker recognition [9]. In this work, GMM supervector 

based SVM is adopted for emotion recognition of speech. Details of the method 

are described as follows.  

3.1. Support vector machines and discriminant sequence kernels 

The support vector machine (SVM) [7] performs essentially a binary nonlinear 

classification based on hyperplane separation. SVM performs a non-linear 

mapping from an input space to a high-dimensional space thanks to kernel 

functions to achieve a maximum margin hyperplane. 

1

( ) ( , )
N

i i i

i

f x y K x x d


   (4) 

where xi are the support vectors chosen from training data via an optimization 

process and yi∈ {−1, +1} are respectively their associated labels. N denotes the 

number of support vectors and d is a (learned) constant. K(x, xi) is the kernel 

function and must fulfill some conditions: 

( , ) ( ) ( )tK x y x y   (5) 

where Φ is a mapping from the input space to a possible infinite-dimensional space. 

The use of SVM at frame level, as in the case of GMMs, showed its limitations for 

speech recognition [10] in terms of efficiency and training time, as the number of 

frames increases. This can be overcome by using SVM kernels to classify sequences 

instead of frames. The used kernel in this study is the radial basis function (RBF) 

kernel. LIBSVM package [11] is used for SVM training and testing. 

2

( , ) expi j i jK x x x x   
    

(6) 

 

3.2. GMM supervector 

First, a universal background model (UBM) is learned with multiple audio files 

from all training different emotions. The UBM is trained with the EM algorithm on 

its training data. From this initial model, an adapted GMM is created for each 
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emotional class by maximum a posteriori (MAP) estimation, allowing for prior 

distribution to be incorporated in the final estimation process. This allows a detailed 

model to be trained when little data is available, which is often the case when a 

large number of parameters are estimated. Only the mean vectors are adapted while 

the covariance matrices and weights remain unchanged. The prior distribution for 

this estimation is determined by the UBM parameter and a factor τ governing the 

influence or relevance of the UBM on the final emotion model. The relevance factor 

is a way of controlling how much observed training data influence the model 

adaptation. From the adapted GMM, the final GMM supervector is constructed as 

the representation of the input utterance. The supervector of a GMM is defined by 

concatenating the mean of each Gaussian mixture, which can be thought of as a 

mapping between an utterance and a high-dimensional vector. The framework of 

the proposed emotion recognition system is illustrated in Fig. 2.  

 

Fig. 2. GMM-SVM emotion discrete classification. 

 

4. Experimental Evaluation 

4.1. Database  

In EMO-DB [12], ten professional native German actors (5 female and 5 male) 

simulated 7 emotions, producing 10 utterances. 5 utterances are short, while the 
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remaining 5 are long. The emotions are: anger, boredom, disgust, fear, 

happiness, sadness, and neutral [12]. This emotional speech corpus is probably 

the most often used database in the context of emotion recognition from speech, 

and also one of the few for which some results can be compared. The speech 

data were recorded at a sample rate of 16 kHz and a resolution of 16 bits.                 

In this study, only 500 sentences are used. These sentences were not equally 

distributed between the various emotional states as shown in Table 1. 

Table 1. Number of utterances in Emo-Db. 

Emotion Number 

Anger 128 

Boredom 81 

Disgust 44 

Fear 69 

Joy 71 

Sadness 62 

Neutral 45 

 

The whole available dataset has been divided into two subsets: one with 70 

percent of the source data, for training the model, and one with 30 percent of the 

source data, for testing the model. 

 

4.2. System description 

The classification performance largely relies on the kind of features we can 

extract. Features such as mel frequency cepstral coefficients (MFCCs) are 

typically used in automatic speech recognition, as these cater for a robust and 

reliable recognition performance independent of the speakers and the 

accompanying different characteristics of voices which also change according of 

the speakers’ emotional states. In [13, 14], the authors showed that MFCC 

features yield surprisingly good performance on the emotion recognition task. In 

this paper, MFCC are adopted as feature parameters for our SER. First, the signal 

is passed through a pre-processing system that normalizes amplitude, reduces the 

amount of noise and extracts MFCC parameters. Mel filter banks are placed in 

[20-3000] Hz. The used evaluation measure is the unweighted accuracy (UA), i. 

e., the unweighted average of the recalls of the ‘positive’ and ‘negative’ classes, 

which has been the official competition measure of the first of its kind 

INTERSPEECH 2009 Emotion Challenge [15]. 

 

5. Results and Discussion 

5.1. GMM emotion discrete classification results 

The experiments below were aimed at comparison and analysis of: 

 Influence of different training size on GMM emotion classification; 

 Influence of the used GMM components number; 
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 Influence of the used EM iterations on the GMM emotion classification; 

 Influence of the matrix covariance choice; 

 Influence of the used initialization algorithm; 

 Influence on the sorted GMM mixtures on the GM emotion classification. 

 

Experiment1- Relation between emotion recognition performance and 

different amount of training data 

Figure 3 shows the effect of the data set size on the classification performance for 

the seven emotions. As it can be seen in the figure, larger amounts of training data 

help to increase emotion recognition rate. But also, when the training set is 

sufficiently large, additional training data makes less impact on increasing the 

emotion recognition rate.  

 

 

Fig. 3. Relationship between emotion                                                            

recognition rates and various training sizes. 

 

Experiment 2 - Choosing the number of GMM components. 

There is no theoretical way to determine the number of mixture components 

(model order) and the optimum number of training iterations (EM iterations) a 

priori. The selection of the model order is a compromise between the amount of 

training data and the resolution of GMM modeling ability. This experiment has 

to find out the best number of mixtures which corresponds to the best system 

performance. N mixtures are conveniently picked, going from 1 to 256 with 

diagonal covariance matrices and one EM iteration for all GMM based density 

functions. Change of the recognition rate along with the number of Gaussian 

mixture components N is observed and shown in Fig. 4. 

The obtained results showed that too few components will not be able to 

accurately model the distinguished characteristics of an emotion distribution. 

Another thing to note is that from 1 mixture up to 64 mixtures, the accuracy 

increases in small steps, but from 64 to 256 mixtures a small drop is seen. We 
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remark also that sadness is well recognized even with one GMM mixture. Too 

many components relative to limited training data induce too many free 

parameters to be estimated reliably, thus degrade performance. For this task, the 

highest recognition rate of 82. 7 % is achieved by 64 GMM mixtures.  

 

Fig. 4. Influence of the used number of mixture on GMM recognition. 

 

Experiment 3 - trials with number of iterations using EM algorithm 

An exhaustive series of preliminary results varying the number of mixtures and 

EM iterations are processed. A selection of these results is provided in Fig. 5. 

No significant difference of emotion recognition rate was found between 1 

and 1000 iterations for all GMM components. When one GMM mixture is 

utilized, varying the EM iterations has no impact on the accuracy of the system. 

The same thing is noted when 256 mixtures are employed. The highest 

classification accuracy was obtained with 64 mixtures and one EM mixture. 

Figure 6 shows the comparison of classification accuracies of all emotions, in the 

case of 64 mixtures. 
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Fig. 5. Influence of the used number of EM iterations on GMM recognition. 

 

Fig. 6. Influence of the used number of EM iterations on all emotions. 

 

Experiment 4 -Influence of the used initialization algorithm: K-means vs 

Fuzzy-C-Means  

The parameters of the GMM for emotional models, in general, are estimated 

iteratively using the EM algorithm, which converges to the maximum likelihood 

estimate of the mixture parameters. However, the EM optimization strategy has 

been known to suffer from several problems. One of the problems is that, as a 

local method, it is too sensitive to the initial set-ups of the parameters and it may 

converge to the boundary of parameter leading to inaccurate estimation.  

To verify this problem, Fig. 7 shows the influence of the initialization 

algorithm and compares the performance of a soft clustering (e.g., fuzzy C means 

or FCM) and a hard clustering technique (e.g., K-means or KM). The obtained 

results show that K-means algorithm is better than FCM algorithm. 
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Fig. 7. Comparative analysis of K-means and FCM. 

 

Experiment 5 - Influence of the matrix covariance choice 

Commonly, GMM models in speech recognition applications assume diagonal 

covariance matrices. This experiment takes different covariance matrix 

approximations. We compared the performance of diagonal, full, spherical and 

probabilistic principal component analyzers (PPCA) covariance matrices. The 

results are shown in Fig. 8. 

This experiment reveals that in this task, the diagonal covariance models 

perform better than the other covariance models. 

 

Fig. 8. Comparative analysis of matrices covariance. 

5.2.  Method GMM-SVM discriminant sequences Gaussian kernel results 

The experiments conducted in this section were aimed at comparison and 

analysis of: 

 Influence of the used GMM components number; 

 Influence of the used relevance factor number; 

 Influence of the used EM iterations on the GMM emotion classification; 
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 Influence on the sorted GMM mixtures on the GM emotion classification. 

Experiment 1 - trials with different number of Gaussian components 

Figure 9 reports results for different Gaussian component numbers and found out 

that the optimal dimensions for this system is 128. 

 

Fig. 9. Influence of the used number of mixture on GMM recognition. 

Experiment 2 - trial with different values of relevance factor 

The GMM-SVM classifier is evaluated with seven different relevance factor values. 

From the results presented in Fig. 10,  the optimal relevance factor value is 16. 

 

Fig. 10. Influence of the used relevance factor. 
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5. Conclusions 

Automatic recognition of emotions used in a text independent speech and speaker 

independent environment has been evaluated using MFCC features and were 

conducted on the actor recorded simulated database Emo-DB. The modeling step 

in speech emotion recognition has an enormous influence on the recognition task. 

In fact, the initial model parameters have an influence on the final determined 

parameters of the emotion models. The experiments were aimed at comparison and 

analysis of several parameters in two methods. The first one provided a 

performance evaluation of the GMM model. The objective of this study is to define 

the optimal GMM parameters. Such parameters were the optimum number of 

Gaussian densities, optimum number of EM iterations, and the covariance matrix 

type. We tried also to see the impact of selecting GMM with the N top highest 

weights on the emotion recognition performance. The second one is based on a 

hybrid GMM/SVM approach. Significant improvement in speech emotion 

recognition is achieved. It can be easily observed that GMM/ SVM has provided 

a better performance than GMM for emotion identification task.  

Although several papers have been published on emotional speech recognition, 

very few have considered hybrid classification methods. In [16], a hybrid 

classification method that combined the decision trees and the GMM means 

supervector was proposed. The highest accuracy classifying three emotional classes 

was reported to be 84%. In [17], the Linear Discriminant Classifier with Gaussian 

class-conditional probability distribution and K-Nearest Neighbors were used to 

recognize negative and non-negative emotional classes. The highest accuracy was 

reported to be 89.06%. In [18], the authors proposed a hybrid scheme that combines 

the Probabilistic Neural Network (PNN) and the GMM for identifying emotions 

from speech signals. Experimental results showed that the proposed scheme were 

able to achieve 80.75%. The method explored in this paper achieved a recognition 

rate of 89.49% to recognize seven different emotional classes.  

Considering the fact that the current used database consists of speech only 

with acted emotional styles, we plan to develop an automatic emotion recognizer 

in real situations. 
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