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Abstract
As a hot research field, speech emotion recognition has 
attracted increasing attentions from both academic and 
business. In this paper, we proposed a method to recognize 
speech emotions adopting ANNs and to fuse two kinds of 
recognitions using different features at the decision level. 
Each emotional utterance is recognized by some individual 
recognizers firstly. Then the outputs of these recognizers were 
fused adopting the voting strategy. Furthermore, the 
dimensionality of supervectors constructed from spectral 
features is reduced through PCA. Experimental results 
demonstrated that the proposed decision fusion is effective 
and the dimensionality reduction is feasible.  
Index Terms: speech emotion recognition, ANN, decision 
fusion

1. Introduction
Speech is a dominant tool for communication, and it is also an 
important and effective approach for transmitting information 
and human emotions. With the increasing role of speech 
interfaces in human-machine interaction applications, speech 
emotion recognition becomes more and more important 
recently. Speech emotion recognition is an interesting and 
challenging speech technology, which can be applied to broad 
areas, such as environment of call center [1], treatment of 
mental and psychological diseases [2], development of 
education and entertainment software [3], and so on. Speech 
emotion recognition deals with how to make the computer 
automatically recognize various emotions in speech signal by 
extracting and analyzing some acoustic features.  

A key problem of speech emotion recognition is that 
which kinds of speech features can be used to represent human 
emotions. Some researchers have investigated the relations 
between features and emotions. With their efforts, many 
speech features were found to be used for emotion recognition. 
Statistical features based on prosody and voice quality have 
been widely used in speech emotion recognition and 
demonstrated considerable recognition success [4, 5]. Besides 
statistical features, spectral or cepstral features are another 
effective group for describing emotional states [6, 7]. Since 
these features all have played significant roles in speech 
emotion recognition, it is necessary to explore an effective 
way to complementarily fuse both two kinds of features to 
further enhance the performance of emotion recognition.

Another key issue of speech emotion recognition is how to 
choose an effective method to classify speech emotions. So far, 
many pattern classification methods have been used for speech 
emotion recognition [6-9], such as Support Vector Machine 

(SVM), k-Nearest Neighbors (k-NN), Gaussian Mixture 
Model (GMM), Hidden Markov Model (HMM), Artificial 
Neural Networks (ANN), and so on. These methods are all 
feasible, but their performances are different with each other 
seriously. The SVMs based method has been shown to be 
robust and performs well. But some fresh researches have 
indicated that ideal performance may be obtained using ANNs 
as well. However, it is difficult to determine which kind of 
ANNs is suitable for emotion recognition and it is necessary to 
compare its performance with the SVMs.  

In this paper, the ANN based decision fusion for speech 
emotion recognition was presented. Firstly four different 
ANNs were used to recognize various emotions. Then the 
voting scheme was adopted to fuse recognitions using two 
kinds of features at the decision level. Experimental results 
demonstrated that the proposed approach improved the 
performance of ANN based recognition and its accuracy was 
comparable with SVM based method.

The remainder of this paper is organized as follows. The 
features used for speech emotion recognition are introduced in 
Section 2. The principles of PCA and ANN are briefly 
described in Section 3 and Section 4 respectively. The 
proposed decision fusion is depicted in Section 5. In Section 6, 
experiments and discussions of experimental results are 
presented. In Section 7, conclusions are drawn and future 
works are suggested.

2. Features used for emotion recognition 
There are many acoustic features can be used to recognize 
speech emotions. To make full use of these features, both 
statistical and spectral features were adopted in this paper and 
they are briefly introduced in this section.

2.1. Statistical features 
The statistical features have been broadly used in speech 
emotion recognition. In this paper, raw parameters of pitch, 
intensity (energy), first four formants, duration, harmonics-to-
noise ratio (HNR), jitter and shimmer are calculated with Praat 
[10]. The first derivative of the pitch and intensity contours is 
also estimated by smoothing with a moving window. 
Afterwards the statistical features are derived via different 
statistical measurements, such as mean, median, standard 
deviation, minimum, maximum, and range. To eliminate the 
gender effect for acoustic features, other three expanded 
statistical methods are also adopted. They are shown as  
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 Since the characteristics and dynamics of these statistical 
features are different, the z-score based normalization is 
subsequently performed on each statistical feature to make 
them on similar scale. The final set includes a total of 85 
statistical features. Table 1 shows the distribution of these 
statistical features.  

Table 1. Statistical features used for recognition.

Feature type Number 
Pitch 21 

Intensity 19 
Formant 36 
Duration 2 

HNR 3 
Jitter 2 

Shimmer 2 

2.2. Spectral features 
Different from the statistical features, the spectral features 
contain the time varying information in local level spectrum. 
Usual spectral features include Linear Predictive Cepstrum 
Coefficient (LPCC), Mel-Frequency Cepstrum Coefficient 
(MFCC), and Perceptual Linear Predictive (PLP). Spectral 
features used in this paper were 13-dimensional MFCC plus 
energy, together with their delta and acceleration coefficients.  

The MFCC feature extracted from each emotional 
utterance has different length, so it is necessary to process 
these features further. In recent years, the method of MFCC 
with GMM supervector was successfully used for emotion 
recognition, so the GMM supervector will also be used in this 
paper. Using the method introduced in reference [7], 
supervectors with the length of 2688 (42×64) are obtained, 
where 42 denotes the dimensionality of MFCC features and 64 
denotes the number of Gaussian mixtures.  

3. Principal component analysis 
There is an important problem that the 2688-dimensional 
supervector constructed from spectral features is redundant for 
emotion recognition. Therefore, it is necessary to reduce the 
dimensionality of supervectors. A strategy for dimensionality 
reduction is utilizing the linear combination of several features. 
Actually, the linear combination projects the large 
dimensional features into a space with lower dimension [11]. 
The PCA is an effective linear combination method indeed 
and it was adopted in this paper.

Let X be a d-dimensional feature vector. In our case, d
equals to the length of GMM supervector. Then the PCA [12] 
is defined by the following transformation,  
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where d
ix ��� X , i = 1, 2, … , n (n samples). W is a d-

dimensional transformation matrix whose columns are the 

eigenvectors. This transformation defines the d-dimensional 
space in which the covariance among the components is zero. 
In this way, it is possible to consider a small number of 
principal components exhibiting the most expressive features.  

When using the dimensionality reduction, it is still 
important that how to give an ideal value to the number of 
principal components, namely k. In this paper, the k is decided 
according to the contribution rate of accumulating variances 
[13]. The contribution rate of eigenvalues is defined as  
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If a k makes R exceed the threshold RT, it will be used. The RT
affects the recognition result more or less, so it is necessary to 
give its value through experiments.  

4. Artificial neural network 
Another key problem is that the PCA is used chiefly as a 
dimensionality reduction approach but not as the pattern 
recognition, because it is based on the optimal representation 
of the data in the sense of mean-square error [14]. Thus, it is 
necessary to combine further this dimensionality reduction 
method with some discrimination criterions to perform the 
speech emotion recognition.  

Artificial neural network is a kind of mathematical model 
which processes information by simulating the nerve tissue of 
human brain. The ANN is a complex network connected by a 
great number of computational elements and it resolves the 
given problems by learning. In this paper, four different 
networks [15] were adopted, including probabilistic neural 
network (PNN), radical basis function (RBF) network, Back 
Propagation (BP) network, and Elman network.  

5. Decision fusion 
In this section, the statistical and spectral features based 
emotion recognitions are fused at the decision level. Each 
emotional utterance is individually recognized by either of 
four ANN based recognitions. The output of individual 
recognition is the class index of emotions.  

Actually, each kind of networks has different performance 
for the statistical and spectral features. Therefore, some of the 
networks gave wrong indexes for the same testing data. For 
example, when the BP network based recognizer produced a 
wrong index, the PNN (or Elman, or RBF) networks may give 
the right one, though its accuracy of individual recognition 
may be lower than BP network.  

To improve the performance, the voting strategy was 
utilized in this paper and its detailed steps are as follows.  

(1) For statistical features, several networks with higher 
accuracy of individual recognition are selected as voting 
recognizers.

(2) The same process is performed for spectral features 
and some other voting recognizers are obtained.  

(3) The maximum posterior probability of decision fusion 
is calculated as the following equation,  
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here, x is the input sample, Ei is the i-th emotions, k is the 
label of voting recognizers, N denotes the total number of 
voting recognizers, and sgnk is the voting scheme defined as  
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In this paper, two kinds of speech features and four 
different ANNs are adopted, so the maximal number of voting 
recognizers N =8. The decision output of 8 voting recognizers 
is the final emotion index. The complete process of decision 
fusion is illustrated in Figure 1.  

Emotion 
IndexVoting

Spectral 
Features

Statistical
FeaturesEmotional 

Utterances
ANN
Set ...

Figure 1: ANN based decision fusion. 

6. Experimental results 
Experiments in this work were performed on the emotional 
speech database which contains five acted emotions, including 
anger, fear, happiness, sadness and neutral. There are totally 
1,309 utterances and each contains around 4 seconds of valid 
speech. The sampling rate of emotional utterances is 16kHz 
and the sampling precision is 16bits. The features are 
extracted every 10ms with a frame length of 25ms. The 
Hamming windowing is applied and the pre-emphasis factor is 
0.97. In the following experiments, 5-fold cross validation was 
employed for calculating the accuracy. The above mentioned 
database was equally divided into 5 disjoint subsets, then 
classifiers were trained five times and each time with a 
different subset held out as a testing set. The estimated 
classification accuracy is the mean of these five accuracies for 
the testing data.

6.1. Performance of the ANN 
Firstly, we used two kinds of acoustic features and four ANNs 
to recognize 5 emotions individually. The recognition results 
of these experiments are shown in Figure 2. To objectively 
evaluate the recognition performance of ANNs, the 
experimental results of SVM based classification methods 
were plotted in Figure 2 as well.

From Figure 2, we can see that for the statistical features, 
the recognition accuracies of BP and Elman networks are 
higher. This is because the RBF and PNN networks both need 
more features for training to obtain an ideal network with 
suitable construct, which is different with the former two. By 
contrast, for the spectral features, the performances of BP and 
Elman networks are worse than that of RBF and PNN, which 
is an inverse situation to statistical feature based recognition. 
It demonstrated that the 2688-dimensional supervector is 
actually redundant for BP and Elman networks.  

Last but not least, it is noticed that the recognition 
accuracies of ANNs with single kind of feature are relatively 
lower than that of SVM. The main reason is that the 
performances of ANNs based methods will be impacted by 
some key factors, including learning or training strategy, 
number of layers, transmitting functions, number of nodes in 
each layer, and so on. Thus, it is difficult to find a network 
with perfect construct which is commonly suitable for various 

kinds of speech features. This problem confines the practical 
applications of ANN for speech emotion recognition.
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Figure 2: Recognition results using different features 
and classification methods. 

6.2. Dimensionality reduction 
A crucial factor of dimensionality reduction is the threshold 
RT named contribution rate of eigenvalues. It is noticed that 
the recognition accuracies are different with various values of 
RT. So we investigated the influence of threshold RT as well 
and the experimental results are shown in Figure 3.
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Figure 3: Experimental results using different 
thresholds of eigenvalues contribute rate. 

From Figure 3, we can see that the recognition accuracy of 
RBF network firstly declines with the increase of RT, but it 
arises from the lowest point again. However, the accuracies of 
other three networks decline with the increase of RT mainly, 
which is different with the RBF network.

It is important that for these four networks, their highest 
accuracy of emotion recognition all happened at the point of 
RT=60%. It indicated that the dimensionality of supervectors 
after reduction are relatively ideal when RT = 60%. Therefore, 
the final value of RT was 60% in the proposed system.  

6.3. ANN based decision fusion 
As described in section 5, there are totally 8 optional 

voting recognizers. But it is unnecessary to use all these 
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recognizers actually considering the computational cost. So 
we selected fewer networks which have higher accuracies of 
individual recognition. According to the above mentioned 
experimental results, for the statistical features, the accuracies 
of BP and Elman networks were higher than the other two. 
Similarly, for the spectral features and dimensionality 
reduction based recognition, the BP and Elman networks also 
outperformed than the RNF and PNN networks. Thus, the 
former two networks were selected as final voting recognizers. 
The flow chart of decision fusion shown in Figure 1 was 
instantiated to Figure 4 for our deliberate purpose to 
emphasize the ANNs finally adopted and how to use them in 
the decision fusion system.  

Statistical
Features

Spectral 
Features

BP

Elman

BP

Elman

Emotion 
Index

(output)

Emotional 
Utterances Voting

*

Figure 4: Selected ANN based decision fusion. 

In Figure 4, the output of spectral features and BP network 
based recognition was signed as output* because of its highest 
accuracy. From Figure 4, we can see that two kinds of features 
and two networks were adopted for decision fusion, so the 
final number of voting recognizers N=4. According to the 
formula (6) and (7), the decision criteria can be defined as
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The proposed decision fusion has two advantages. One is 
that if one or two voting recognizers gave the wrong index, the 
accuracy is hard to be impacted. The other one is that if three 
or all networks output the wrong index, the accuracy of 
decision fusion will be consistent with the recognizer with the 
highest accuracy of individual recognition. Finally, we listed 
the ANN and SVM based decision fusion together in Table 2.  

Table 2. Comparisons of two decision fusion.

Method Accuracy (%)
SVM based decision fusion [7] 86.5 

ANN based decision fusion 86.5 

From Table 2, we can see that the two decision fusion 
have the approximate accuracy. After decision fusion, the 
performance of ANN based method can reach the same level 
with SVM at least, although the accuracies of individual 
recognition using single ANN are lower than that of SVM. 
Anyhow, a potential advantage for ANN based method is that 
there are more adjustable factors, such as inherent parameter, 
training scheme, and topology. Further investigations on these 
aspects will bring improved performance for the ANN and 
decision fusion based speech emotion recognition.  

7. Conclusions
The ANN based decision fusion for speech emotion 
recognition was proposed in this paper. Several recognizers 
were used to classify emotions individually and the voting 

scheme was adopted for the final decision. Experimental 
results demonstrated that it is difficult to find a network which 
is commonly suitable for various speech features. And it is 
necessary to perform the dimensionality reduction for 
supervectors. Besides, it is demonstrated that the proposed 
decision fusion improved the performance of ANN based 
recognition and its accuracy was comparable with SVM based 
method. In future work, we will experiment several feature 
selection approaches to obtain an optimal feature subset rather 
than perform the simply dimensionality reduction. We will 
further investigate some key factors of ANN to improve the 
performance of decision fusion and compare it with more 
recognition methods. We will also analysis the recognition 
result using more popular database, such as Berlin database of 
emotional speech (EMO-DB).  
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