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1.                          INTRODUCTION 

 In recent years, humans have developed 

advanced technologies which have made the human-

computer interaction more attractive for humans. 

Primarily, human beings use speech to communicate 

with each other, but the complete message cannot be 

conveyed only through verbal content. Some additional 

information are required to completely understand the 

message, these includes vocalized emotions, facial 

expressions, hand gestures and body language (Kessous 

et al., 2010). From human’s point of view, the human-

machine interaction will be more interesting if machines 

can recognize human emotions and are able to respond 

accordingly. On other hand, communication will be more 

reliable if machines are able to understand human 

emotions (Cowie et al., 2001). 
 

 Automatic emotion recognition covers a wide 

range of applications including automobile systems, 

customer services systems, health care, and game and 

film industries. In recent years, researchers from 

different disciplines have taken interest in the field of 

human emotion recognition and significant progress has 

been made in several areas including recording of 

emotional databases, feature extraction, feature selection, 

and classification (Zeng et al., 2009). 
 

  One of the factors upon which the 

reliability of an emotion recognizer depends is the 

quality of emotional data used to build the emotion 

recognition system. Popular audio databases include the 

AIBO Corpus, Berlin Emotional Speech Database 

(EMODB) and Danish Emotional Speech Database 

(Batliner et al., 2004; Burkhardt et al., 2005; Engberg 

and Hansen, 1996). The emotional databases are either 

acted or natural. 
 

 Audio features of various types have been 

analyzed to achieve better emotion classification results. 

Important acoustic features include pitch, energy, 

duration, spectral energy distribution, formants, and Mel 

frequency cepstral coefficients (MFCCs). These features 

have been extracted both at utterance-level (Haq and 

Jackson, 2009; Hassan and Damper, 2009), and at frame-

level (Kao and Lee, 2006; Lin and Wei, 2005). Some 

studies have suggested the use of both acoustic and 

linguistic features to achieve improved classification 

performance (Seppi et al., 2008). The automatic 

extraction of linguistic features is a difficult task, and for 

this reason most audio emotion recognizers are based on 

acoustic features. We used acoustic features for our 

analysis. 
 

 In the field of pattern recognition, feature 

selection and reduction techniques are used to remove 

the uninformative, redundant and noisy information. 

These techniques improve the classification accuracy and 

computational efficiency. The feature search techniques 

used in the field of emotion recognition include 

sequential floating forward selection (Haq et al., 2008), 

genetic algorithms (Casale et al., 2007) and best-first 

(Gunes and Piccardi, 2005). Feature reduction techniques 

include PCA and LDA (Busso et al., 2004. 
 

 In any pattern recognition problem, the choice 

of classifier is very important. These classifiers include 

hidden Markov model (Lin and Wei, 2005), neural 

network (Petrushin, 1999), support vector machine 

(Ashraf et al., 2007), and adaptive boosting (Bartlett       

et al., 2005). 
 

2.   BERLIN EMOTIONAL SPEECH DATABASE 

 The Berlin Emotional Speech Database 

(EMODB) is a popular acted emotional database 

(Burkhardt et al., 2005) recorded from 10 professional 

actors (5 male, 5 female) in German. The database 

consists of 10 sentences: 5 with one phrase and 5 with 
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two phrases. The emotion categories consist of anger, 

boredom, disgust, fear, happiness, sadness and neutral. 

The data were recorded in an anechoic chamber with 

high quality equipment at a sampling rate of 48 kHz and 

later down sampled to 16 kHz. The recorded speech 

material consisted of 800 utterances. The database was 

evaluated by 20 subjects for recognition and naturalness 

of emotions. The final database consisted of 494 

utterances with better than 80 % recognition and judged 

as natural by more than 60 % of the listeners. The 

classification accuracy in human perception experiments 

was 84.3 %. 
 

3.               MATERIAL AND METHODS 

Proposed method  

 Proposed method  

 Emotion classification on EMODB was 

performed using a standard set of audio features. The 

feature extraction was followed by feature selection, 

feature reduction and classification using the Gaussian 

and SVM classifiers. The results were compared with the 

state-of-the-art techniques. 
 

3.1 Feature Extraction 

 We extracted 384 audio features that were used 

in the Interspeech 2009 Emotion Challenge (Schuller      

et al., 2009) using the openEAR toolkit (Eyben et al., 

2009). The feature set consisted of low-level descriptors 

(LLD) including fundamental frequency (f0), energy, Mel 

frequency cepstral coefficients (MFCCs), zero crossing 

rate (ZCR) and line spectral frequencies (lsf). The delta 

coefficients were calculated for each of these LLD. In 

the next step, the following functions were applied to the 

LLD and their delta coefficients: mean, standard 

deviation, kurtosis, skewness, minimum and maximum 

value, relative position, range, and 2 linear regression 

coefficients. Feature normalization was performed using 

the means and standard deviations calculated from the 

training data. 
 

3.2 Feature Selection and Reduction 

 For the audio emotion classification, we adopted 

a two-step process: feature selection with Plus 𝑙-Take 

Away 𝑟 algorithm, followed by feature reduction with 

PCA and LDA. 
 

Feature Selection 

 The Plus 𝑙-Take Away 𝑟 algorithm is a feature 

search method based on some criterion function (Kittler, 

1978). It combines the sequential forward selection 

(SFS) and sequential backward selection (SBS) 

algorithms to achieve better results. At each step, 𝑙 
numbers of features are included to the current feature 

set and 𝑟 numbers of features are discarded. The process 

continues until the required feature set size is achieved. 

The feature search was performed with 𝑙 = 2 and 𝑟 = 1, 

i.e., one feature was added at each step. We used this 

algorithm for feature selection based on Bhattacharyya 

distance criterion (Campbell, 1997).  

 Features were normalized prior to applying the 

feature selection by using the Z-norm (i.e., mean 

subtraction and division by standard deviation). The 

Bhattacharyya distance provides the separability between 

two classes. The distribution of classes was assumed to 

be normal. For m number of classes the separability 

measure is obtained by averaging it over all binary 

combinations of the classes. 
 

Feature Reduction 

 Statistical methods can be used to reduce the 

dimensionality of a feature set. PCA technique (Shlens, 

2005) is used to extract the important characteristics of 

high-dimensional data and to remove the uninformative 

and noisy data. The LDA method (Duda et al., 2001) 

provides the separation between classes based on the 

ratio of between-class variance to within-class variance. 

For feature reduction, we applied both PCA and LDA as 

linear transformation . 
 

3.3 Classification 

 The Gaussian classifier utilizes the Bayes 

decision theory for classification. It is assumed that the 

class-conditional probability p(x|ωi) have Gaussian 

distribution for each class ωi. The Bayes decision rule is 

described as 

iBayes = arg max
i

P(ωi|x)

= arg max
i

p(x|ωi)P(ωi)                (1) 

where P(ωi|x) denotes the posterior probability, and 

P(ωi) defines the prior class probability. A single 

component Gaussian was used to model each emotion 

class ωi using a diagonal covariance matrix. 

 The SVM and Gaussian classifiers were used to 

classify between seven emotion classes using three types 

of features: raw, PCA-transformed, and LDA-

transformed.  
 

4.                 RESULTS AND DISCUSSION 

 Experiments were conducted by dividing the 

data into 10 sets for leave-one-speaker-out (LOSO) 

cross-validation. Each set consisted of data from a single 

speaker. For each experiment, 9 sets were used for 

training and 1 set for testing. Finally, the results were 

averaged over 10 speakers’ data. 

Emotion classification was performed using 

three sets of features: 384, 170 and 105. Features were 

selected from the subgroups of full feature set. The set of 

105 selected features consisted of 20 f0 , 25 energy, 25 

MFCC, 10 ZCR and 25 lsf features, whereas the set of 

170 selected features included 30 f0 , 40 energy, 40 

MFCC, 20 ZCR and 40 lsf features. 
 

4.1 Analysis of results 

 The classification accuracies achieved for seven 

emotion classes with the SVM and Gaussian classifiers 

are shown in (Fig. 1). The results were achieved using 

the raw features without applying a linear 

transformation, and the features with PCA and LDA 
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transformation. The performance of the Gaussian 

classifier was lower with the raw features and linear 

transformation resulted in a significant improvement in 

the classification accuracy. Feature selection helped to 

improve the classification performance. For a feature set 

of 384 features, the performance was lower with the raw, 

PCA and LDA features.  
 

 

                                                           (a) 
 

 
 

(b) 
 

Fig. 1: Average classification accuracy (%) achieved for seven 

emotions on EMODB using 105, 170 and 384 Raw, PCA-

transformed, and LDA-transformed features with (a)  

Gaussian, and (b) SVM classifiers. 
 

Classification accuracy above 80 % was 

achieved for both the PCA and LDA with 170 and 105 

features. On the other hand, the SVM classifier 

performed better with the raw features in comparison to 

the PCA and LDA features. The performance was lower 

with 384 features, and classification accuracy above 80 

% was achieved for the raw, PCA and LDA with 170 and 

105 features. 
 

A comparison of the classification accuracies 

for the two classifiers indicated comparable performance 

for PCA and LDA applied to different numbers of 

features (105, 170, and 384). For 384 features, the 

classification performance of both classifiers was low. 

Feature selection improved the classification accuracy of 

both classifiers. In general, the Gaussian classifier 

performed better for LDA compared to PCA. The best 

performance achieved with the Gaussian classifier was 

86 % (standard error (SE): 2.1) with 105 LDA-

transformed features, and with the SVM classifier it was 

87 % (SE: 2.0) using 105 and 170 raw features. 
 

4.2 Comparison to other techniques 

 The EMODB has been used by many 

researchers for the investigation of audio emotion 

classification. A comparative analysis of various 

techniques is given in (Table 1) for seven emotion 

categories. Shami and Verhelst (2007) achieved a 

classification accuracy of 75.5 % using 200 features with 

an SVM classifier for 10-fold cross-validation. Hassan 

and Damper (2009) reported an average classification 

accuracy of 70.8 % by selecting 14 out of 166 audio 

features using SFS. The k-nearest neighbour classifier 

was used for classification with 10-fold cross-validation. 

Vlasenko et al. (2007) combined the frame and turn-level 

features and performed speaker normalization. An 

average classification accuracy of 81.6 % was achieved. 

The classification accuracy improved to 89.9 % (76 out 

of 1407 features) with the correlation-based feature 

selection. The classification was performed using an 

SVM classifier with leave-one-speaker-out cross-

validation. Vlasenko et al. (2008) reported a 

classification accuracy of 83.2% with an SVM classifier 

by applying speaker normalization and feature selection 

to 1406 features. An average accuracy of 82.9 % was 

achieved with MFCC features and vocal tract length 

normalization. 
 

Table 1: Comparison of average recognition rates achieved with 

different techniques for seven emotions on EMODB. 
 

Reference Method 
Recognition 

rate (%) 

Shami and 

Verhelst (2007) 
SVM classifier 75.5 

Hassan and 

Damper (2009) 

Sequential forward selection, k-

nearest neighbour classifier 
70.8 

Vlasenko et al. 

(2007a) 

Correlation-based feature 

selection, SVM classifier 
89.9 

Vlasenko et al. 

(2008) 

Speaker normalization,  

SVM classifier 

83.2 

 

MFCC features,  

vocal tract length normalization 
82.9 

Our Method 

Plus l-Take Away r selection, 

LDA, Gaussian classifier 
86.3 

Plus l-Take Away r selection,  

SVM classifier 
87.3 

 

In comparison to other researchers, we achieved 

an average classification accuracy of 86.3 % with a 

Gaussian classifier by applying LDA to 105 features, and 

the best performance of 87.3 % was obtained with an 

SVM classifier using 105 features without any linear 

transformation. We achieved better performance than 

those reported by Shami and Verhelst (2007), Hassan 

and Damper (2009) and Vlasenko et al. (2008). On the 

other hand, Vlasenko et al. (2007) reported a slightly 

better performance with multiple level features and 

correlation-based feature selection. 
 

To conclude, the results indicated better 

performance with the selected features. The SVM 

classifier performed better with the raw features as 

compared to the PCA- or LDA-transformed features, 

whereas the performance of the Gaussian classifier 

improved with the linear transformation. 
 

5.     CONCLUSION AND FUTURE WORK 

 For the speaker-independent task using the 

Berlin database, the average recognition rates 
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comparable to humans and state-of-the-art techniques 

were achieved for the audio modality. An emotion 

recognition system consisting of feature selection using 

the Plus 𝑙-Take Away 𝑟 algorithm, feature reduction 

using the PCA and LDA, and classification using 

Gaussian and SVM classifiers was tested and high 

performance was achieved. The best classification 

achieved for seven emotions on EMODB was 86.3 % 

with a Gaussian classifier using 105 LDA-transformed 

features, and it was 87.3 % with an SVM classifier using 

105 raw features. In comparison to other techniques, we 

achieved a better or comparable performance on the 

EMODB.  
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