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Abstract. Humans are considered to reason and act rationally and that is believed to be their fundamental difference from the 
rest of the living entities. Furthermore, modern approaches in the science of psychology underline that humans as a thinking 
creatures are also sentimental and emotional organisms. There are fifteen universal extended emotions plus neutral emotion: 
hot anger, cold anger, panic, fear, anxiety, despair, sadness, elation, happiness, interest, boredom, shame, pride, disgust, 
contempt and neutral position. The scope of the current research is to understand the emotional state of a human being by 
capturing the speech utterances that one uses during a common conversation. It is proved that having enough acoustic 
evidence available the emotional state of a person can be classified by a set of majority voting classifiers. The proposed set of 
classifiers is based on three main classifiers: kNN, C4.5 and SVM RBF Kernel. This set achieves better performance than 
each basic classifier taken separately. It is compared with two other sets of classifiers: one-against-all (OAA) multiclass SVM 
with Hybrid kernels and the set of classifiers which consists of the following two basic classifiers: C5.0 and Neural Network. 
The proposed variant achieves better performance than the other two sets of classifiers. The paper deals with emotion 
classification by a set of majority voting classifiers that combines three certain types of basic classifiers with low 
computational complexity. The basic classifiers stem from different theoretical background in order to avoid bias and 
redundancy which gives the proposed set of classifiers the ability to generalize in the emotion domain space.  
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Аннотация. Люди действуют рационально, и это их фундаментальное отличие от других видов жизни. Кроме того, в 
современной психологии подчеркивается, что люди как разумные создания отличаются чувствами и эмоциями.  Су-
ществует пятнадцать видов универсальных длительных эмоций, плюс нейтральное эмоциональное состояние, такие 
как гнев, злость, паника, страх, тревога, отчаяние, грусть, восторг, радость, интерес, скука, стыд, гордость, отвраще-
ние, презрение и нейтральное отношение. В данном исследовании рассматривается  понимание эмоционального со-
стояния человека по анализу речи в процессе общения. Доказано, что на основе достаточного объема акустических 
данных эмоциональное состояние человека может быть классифицировано набором мажоритарных классификато-
ров. Предложенный набор классификаторов построен на основе трех базовых классификаторов: kNN, C4.5 и 
SVMRBFKernel. Этот набор обеспечивает лучшую обработку классификаций эмоций, чем каждый из базовых клас-
сификаторов в отдельности. Он сравнивается с двумя другими наборами классификаторов: один-против-всех (OAA) 
мультиклассовый SVM с гибридными ядрами и с набором классификаторов, состоящим из двух базовых классифика-
торов С5.0,  и нейронная сеть (NeuralNetwork). Предложенный вариант достигает лучшего результата, чем два других 
набора классификаторов. В настоящей статье осуществляется классификация эмоций набором  мажоритарных клас-
сификаторов, который состоит из трех определённых базовых классификаторов, имеющих низкую вычислительную 
сложность. Базовые классификаторы базируются на различных теоретических данных с целью избегания отклонений 
и избыточности, что дает предложенному набору классификаторов возможность  обобщиться в пространство опре-
делений эмоций. 
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Introduction 
 

Humans are considered to reason and act rationally and that is believed to be their fundamental factor that 
differentiates them from the rest of living entities. Although, modern approaches in the science of psychology 
underline that human except of thinking creatures are also sentimental and emotional organisms. The field of 
psychology that studies this aspect of human nature is Emotion Intelligence [1]. Emotion is a subjective, 
conscious experience characterized primarily by psycho physiological expressions, biological reactions and 
mental states. It is often associated and considered reciprocally influential with mood, temperament, personality, 
disposition and motivation [2]. Emotion is often the driving force behind motivation, positive or negative [3]. 
There are fifteen universal extended emotions plus neutral emotion, that is: hot anger, cold anger, panic, fear, 
anxiety, despair, sadness, elation, happiness, interest, boredom, shame, pride, disgust, contempt and neutral [4]. 
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The experience of emotion is referenced as affect and it is a key part of the process of an organism’s 
interaction with stimuli [5]. Affect also refers to affect display [6], which is the facial, speech or gestural 
behavior that serves as an indicator of affect. Affective computing is the study and development of systems and 
devices that can recognize, interpret, process and simulate human affects. It is an interdisciplinary field spanning 
from informatics, psychology and cognitive science [7]. One field of informatics that could be used in order to 
classify affects and exploit their fundamental emotional state is machine learning. Thus we expand the wide area 
of the affective computing with this of machine learning algorithms and classification models [8]. 

In the current paper the problem of speech emotion recognition will be treated as an ensemble 
classification and prediction issue. First, a number of base classifiers are going to be used for speech emotion 
classification. Then an ensemble majority voting classifier will expand the dynamics of the base classifiers in 
order to create a concrete classification model. The proposed model is evaluated with other state-of-the-art 
models and it is proven that it achieves higher classification scores over the other models.  

The paper is organized as follows. In Section “Related Work”, the related work of the state-of-the-art speech 
classification models is presented. In Section “Data Model”, the data model which is used in the current study is 
described. In Section “Ensemble Classification”, it is described how an ensemble classifier is built from a set of base 
classifiers. In Section “Emotion Prediction”, it is presented how speech emotion can be predicted. In Section 
“Performance Evaluation”, the evaluation of the proposed model with the other state-of-the-art models is performed. 
In Section “Discussion and Conclusion”, a discussion is done in order to explain the effect of the proposed 
classification model. The paper concludes with Section “References”, where future work and trends are outlined. 
 

Related Work 
 

A vast amount of work has been done in the area of speech emotion recognition. Among all we can 
distinguish [9] where an automatic feature selector which combined the random forest RF2TREE ensemble 
algorithm and the simple decision tree C4.5 algorithm is developed. In [10] a Hidden Markov Model (HMM) is 
proposed for joint speech and emotion recognition in order to include multiple versions of each emotion. Then 
emotion classification was performed using ensemble majority voting between emotion labels. The authors in 
[11] demonstrate commonly used k Nearest Neighbors (kNN) classifier for segment-based speech emotion 
recognition and classification. In [12] frame-wise emotion classification is used based on vector quantization 
techniques. Within this scheme in order to classify an input utterance an emotion was classified using an 
ensemble majority voting scheme between frame-level emotion labels. The authors in [13] used Fuzzy Logic 
classification in order to combine categorical and primitives-based speech emotion recognition. 

The authors in [14] implemented a real-time system for discriminating between neutral and angry speech 
which used Gaussian Mixture Models (GMMs) for Mel-Frequency CepstralCoefficients (MFCC) features in 
combination with a prosody-based classifier. In [15] it is demonstrated that emotion can be better differentiated 
by specific phonemes than others using phoneme-specific GMM. The authors in [16] investigate combination of 
features at different levels of granularity by integrating GMM log-likelihood score with commonly-used 
suprasegmental prosody-based emotion classifiers. In [17] GMMs are applied to emotion recognition using a 
combined feature set which was obtained by concatenating MFCC and prosodic features.  

The authors in [18] demonstrated Support Vector Machine (SVM) classification with manifold learning 
methods using covariance matrices of prosodic and spectral measures evaluated over the entire utterance. In [19] 
an SVM Multiple Kernel Learning (MKL) is proposed, where the decision rule is a weighted linear combination 
of multiple single kernel function outputs. The authors in [20] introduce SVM classification with Radial Basis 
Function (RBF) kernels and MFCC statistics over phoneme type classes in the utterance. In [21] the authors use 
an ensemble mixture model of base SVM classifiers where the outputs of the classifiers are normalized and 
combined using a thresholding fusion function in order to classify the speech emotion. The authors in [22] use an 
ensemble mixture model of which combines C5.0 and Neural Network (NN) base classifiers in order to achieve 
speech emotion classification.  

Finally, in [23] the authors use an ensemble majority voting classifier which combines kNN, C4.5 and 
SVM Polynomial Kernel. The results were apparently better than the previous approaches. However, the 
emotions classified were limited to the six basic emotions with regards to the Ekman’s emotion taxonomy [24]. 
In this paper we propose a model which is designed to extend the classification to sixteen emotions. The 
proposed model is compared with the model in [21] and the model in [22], given the same speech emotion 
database [25]. The results show that the proposed model achieves better performance than those models. 
 

Data Model 
 

HUMAINE [25] database is used in order to perform emotion classification from speech utterances. The 
speech utterances ranged from positive to negative emotions. We used fifteen universal extended emotions plus 
neutral emotion, that is: hot anger, cold anger, panic, fear, anxiety, despair, sadness, elation, happiness, interest, 
boredom, shame, pride, disgust, contempt and neutral. A set of acoustic parameters which are related to the 
aforementioned emotional [4] are employed.  
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The acoustic parameters are: 
– F0:  

1. Perturbation,  
2. Mean,  
3. Range,  
4. Variability,  
5. Contour,  
6. Shift Regularity. 

– Formants:  
7. F1 Mean,  
8. F2 Mean,  
9. F1 Bandwidth,  
10. Formant Precision. 

– Intensity:  
11. Mean,  
12. Range,  
13. Variability. 

– Spectral Parameters:  
14. Frequency range,  
15. High-frequency energy,  
16. Spectral noise. 

– Duration:  
17. Speech rate,  
18. Transition time. 
We perform z-transformation [26] to these eighteen acoustic parameters and we feed them to the base 

classifiers, as it is discussed in the next section. 
 

Ensemble Classification 
 

The proposed model is based on ensemble classification majority voting scheme over certain types of 
base classifiers which are of low computational complexity [27]. Three base classifiers are used from different 
theoretical background in order to avoid bias and redundancy [8]. 

The three base classifiers are: 
1. kNN, which is a nonparametric classifier, 
2. C4.5, which is a nonmetric classifier, and 
3. SVM with RBF Kernel, which is a linear discriminant function classifier. 
 

 
Predicted Emotion 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

A
ct

ua
l E

m
ot

io
n 

E1 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E2 0 0.9 0 0 0 0 0 0 0 0 0 0 0 0 0.1 0 
E3 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E4 0 0 0 0.9 0 0 0 0.1 0 0 0 0 0 0 0 0 
E5 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 
E6 0 0 0 0 0 0.8 0 0 0.2 0 0 0 0 0 0 0 
E7 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 
E8 0 0 0 0 0 0 0 0.9 0 0 0 0 0.1 0 0 0 
E9 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 

E10 0 0 0 0 0 0 0 0 0 0.8 0.2 0 0 0 0 0 
E11 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 
E12 0 0 0 0 0 0 0 0.1 0 0 0 0.9 0 0 0 0 
E13 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 
E14 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 
E15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 
E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 

 

Table 1. Confusion matrix of kNN for Emotion Class Accuracy ݁. Prediction Accuracy  ൌ 0.95 
 

Classification problem 
A number of observation pairs ሺݔ, ݅	ሻݕ ൌ 1,… , ݊ where ݔ ∈ ܺ ⊂ Թ and ݕ ∈ ܻ ൌ {hot anger, cold anger, panic, 
fear, anxiety, despair, sadness, elation, happiness, interest, boredom, shame, pride, disgust, contempt, neutral} is 
observed. ܺis known as the predictor space (or attributes) and ܻ is the response space (or class). In this case the 
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number of attributes is eighteen like the number of the acoustic parameters. The objective is to use these 
observations in order to estimate the relationship between ܺand ܻ, thus predict ܻ from ܺ. Usually the 
relationship is denoted as a classification rule, 

݄ሺܺሻ ൌ argmaxܲ൫ݕหܺ, θ൯   (Eq. 1) 
where, ݆ ൌ 1,… ,3, and	ܲሺ. , . ሻ is the probability distribution of the observed pairs, θ is the parameter vector for 
each base classifier, and ݆ is the number of the base classifiers. In this case, we have three classification rules, 
one for each base classifier. 
 

 
Predicted Emotion 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

A
ct

ua
l E

m
ot

io
n 

E1 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E2 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E3 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E4 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 
E5 0 0 0 0 0.9 0 0 0 0 0 0 0 0 0 0.1 0 
E6 0 0 0 0 0 0.8 0 0 0 0 0.2 0 0 0 0 0 
E7 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 
E8 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 
E9 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 
E10 0 0 0 0 0 0 0 0 0 0.9 0.1 0 0 0 0 0 
E11 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 
E12 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 
E13 0 0 0 0 0 0 0 0 0.1 0 0 0 0.9 0 0 0 
E14 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 
E15 0 0 0 0 0 0 0 0 0.1 0 0 0 0 0 0.9 0 
E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 

                  
 

Table 2. Confusion matrix of C4.5 for Emotion Class Accuracy ݁. Prediction Accuracy  ൌ 0.96 
 

Ensemble majority voting classification  
Each of the three base classifiers is an expert in a different region of the predictor space because they treat the 
attribute space under different theoretical basis [28]. The three classifiers could be combined in such a way in 
order to produce an ensemble majority voting classifier that is superior to any of the individual rules. A popular 
way to combine these three base classification rules is to let an ensemble classifier, 

ሺܺሻܥ ൌ ,ሼ݄ଵሺܺሻ	݁݀݉ ݄ଶሺܺሻ, ݄ଷሺܺሻሽ   (Eq. 2) 
to classify ܺ to the class that receives the largest number of classifications (or votes) [29]. In the next section the 
three base classifiers and the ensemble classifier are built. It is shown that the ensemble majority voting classifier 
achieves better accuracy as it is analyzed in the relative confusion matrices.  
 

 
Predicted Emotion 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

A
ct

ua
l E

m
ot

io
n 

E1 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E2 0 0.9 0 0 0 0 0 0 0 0 0 0 0 0 0.1 0 
E3 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E4 0 0 0 0.9 0 0 0 0 0 0 0 0 0 0 0.1 0 
E5 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 
E6 0 0 0 0 0 0.9 0 0 0 0.1 0 0 0 0 0 0 
E7 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 
E8 0 0.1 0 0 0 0 0 0.9 0 0 0 0 0 0 0 0 
E9 0 0 0 0 0 0 0 0 0.9 0 0.1 0 0 0 0 0 
E10 0 0 0 0 0 0 0 0.1 0 0.9 0 0 0 0 0 0 
E11 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 
E12 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 
E13 0 0 0 0 0 0 0 0 0 0.1 0 0 0.9 0 0 0 
E14 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 
E15 0 0 0 0 0 0 0 0.1 0 0 0 0 0 0 0.9 0 
E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 

 

Table 3. Confusion matrix of SVM RBF Kernel for Emotion Class Accuracy ݁. Prediction Accuracy  ൌ 0.95 
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Prediction accuracy  
In order to measure the accuracy of the classification, we define the metric of classification accuracy. In the case 
of a separate emotional class, we define the emotion class accuracy, 

݁ ൌ
௧ೖା௧ೖ

௧ೖା௧ೖାೖାೖ
   (Eq. 3) 

here, ݇ ൌ 1,… , 16, denotes the number of the emotional classes, and ݐ, ,݊ݐ ,݂ ݂݊ denote the emotion class 
true positive, true negative, false positive and false negative classified utterances, respectively. In the case of all 
emotional classes in average, we define the prediction accuracy, 

 ൌ
∑ ೖ
భల
ೖసభ

ଵ
     (Eq. 4) 

which denotes the overall accuracy of a classifier given a specific observed number of observation pairs  
ሺݔ, ݅	ሻݕ ൌ 1,… , ݊ for the fifteen universal extended emotions plus neutral emotion. 
 

Emotion Prediction 
 

10-fold-cross-validation technique [30] is used, provided by WEKA data mining open source workbench 
[31], in order to measure the emotion class accuracy ݁	and the prediction accuracy  for the proposed 
classification scheme. HUMAINE [25] database is used in order to perform emotion classification from the same 
speech utterances. Specifically, English language speech information of 48 persons (26 males and 22 females) is 
exploited. Every person has expressed speech utterances of the fifteen universal extended emotions plus neutral 
emotion, thus the total number of the observed pairs is ݊ ൌ 768. Because of space limitations in visualizing the 
results in tabular format a label is assigned to each emotion, that is E1: hot anger, E2: cold anger, E3: panic, E4: 
fear, E5: anxiety, E6: despair, E7: sadness, E8: elation, E9: happiness, E10: interest, E11: boredom, E12: shame, 
E13: pride, E14: disgust, E15: contempt and E16: neutral. 

The confusion matrix [32] is presented in Table 1 for the emotion class accuracy ݁	and the prediction 
accuracy  of the kNN nonparametric classifier. Table 2 presents the confusion matrix for the emotion class 
accuracy ݁	and the prediction accuracy  of the C4.5 nonmetric classifier. Table 3 presents the confusion matrix 
for the emotion class accuracy ݁	and the prediction accuracy  of the SVM RBF Kernel classifier. The 
confusion matrix for the emotion class accuracy ݁	and the prediction accuracy  of the proposed ensemble 
majority voting classifier are presented in Table 4.  
 

 
Predicted Emotion 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

A
ct

ua
l E

m
ot

io
n 

E1 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E2 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E3 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E4 0 0 0 0.9 0 0 0 0.1 0 0 0 0 0 0 0 0 
E5 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 
E6 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 
E7 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 
E8 0 0.1 0 0 0 0 0 0.9 0 0 0 0 0 0 0 0 
E9 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 
E10 0 0 0 0 0 0 0 0 0 0.9 0.1 0 0 0 0 0 
E11 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 
E12 0 0 0 0 0 0 0 0.1 0 0 0 0.9 0 0 0 0 
E13 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 
E14 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 
E15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 
E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 

 

Table 4. Confusion matrix of Ensemble Majority Voting Classifier for Emotion Class Accuracy ݁.  
Prediction Accuracy  ൌ 0.97 

 

Confusion matrices were obtained from WEKA. Specifically, 10 fold cross validation is used where the 
sample is divided into 10 equal length parts. There is no resampling in the classification process. For 10 
consecutive repetitions the classifier is trained with 9 parts and tested with the remaining 1 part. During the 
repetitions each of the 10 parts is considered only one time for testing. For each repetition classification results 
are computed which are summarized to true positives, true negatives, false positives and false negatives. After 
the 10 repetitions the classification results are averaged and presented in the confusion matrices. Confusion 
matrices have more information than the presented classification schema in (Eq. 2) because expect of the true 
positives and true negatives, described in (Eq. 2), they also incorporate the false positives and false negatives as 
well. In WEKA, confidence interval for each acoustic parameter value is set to 95 percent. 
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Table 5 depicts the overall emotion class accuracy e୩	for the three base classifiers and the proposed 
ensemble majority voting classifier. Table 6 depicts the overall prediction accuracy 	for the three base 
classifiers and the proposed ensemble majority voting classifier. As it is proved, the emotion class accuracy 
݁and the prediction accuracy  of the ensemble majority voting classifier is greater than these of the three base 
classifiers. In the discussion Section “Discussion and Conclusion” it is explained why these experimental results 
are observed.  

 

Performance Evaluation 
 

The proposed model is compared with other two classification models [21] and [22], in literature and it is 
proved to achieve better results by means of emotion class accuracy ݁and prediction accuracy , given the same 
speech emotion HUMAINE database [25]. The same experimental setup is used as in Section “Emotion 
Prediction”. 10-fold-cross-validation technique is used in order to measure the emotion class accuracy ݁and the 
prediction accuracy  for the compared classification schemes. The model in [21] uses a one-against-all (OAA) 
multiclass SVM classification scheme with Hybrid kernel functions, which constitutes an ensemble classifier. 
The core of OAA for multiclass SVM classifiers, as it is introduced in [33], is that the observed pair ሺݔ, ݅	ሻݕ ൌ
1,… , ݊ can be classified only if one of the SVM classes accepts the observed pair while all other SVMs reject it 
at the same time, thus making a unanimous decision. The model in [22] uses an ensemble classifier which 
constitutes of a combination of C5.0 and NN base classifiers. The core of the combined ensemble classifier is 
that it classifies an observed pair ሺݔ, ݅	ሻݕ ൌ 1,… , ݊ to the class with the higher probability density function 
(PDF) among the two base classifiers.  

 

 
Emotion Class Accuracy ݁ 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

C
la

ss
if

ie
r kNN 1.0 0.9 1.0 0.9 1.0 0.8 1.0 0.9 1.0 0.8 1.0 0.9 1.0 1.0 1.0 1.0 

C4.5 1.0 1.0 1.0 1.0 0.9 0.8 1.0 1.0 1.0 0.9 1.0 1.0 0.9 1.0 0.9 1.0 
SVM RBF 1.0 0.9 1.0 0.9 1.0 0.9 1.0 0.9 0.9 0.9 1.0 1.0 0.9 1.0 0.9 1.0 
Majority 1.0 1.0 1.0 0.9 1.0 1.0 1.0 0.9 1.0 0.9 1.0 0.9 1.0 1.0 1.0 1.0 

 

Table 5. Emotion Class Accuracy ݁ for the three base classifiers and the proposed Ensemble Majority Voting 
Classifier 

 

 Prediction Accuracy  

C
la

ss
if

ie
r kNN 0.95 

C4.5 0.96 
SVM RBF 0.95 

Majority 0.97 
 

Table 6. Prediction Accuracy p for the three base classifiers and the proposed Ensemble Majority Voting  Classifier 
 

 

 
Predicted Emotion 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

A
ct

ua
l E

m
ot

io
n 

E1 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E2 0 0.9 0 0 0 0 0 0 0 0 0 0 0 0 0.1 0 
E3 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E4 0 0 0 0.9 0 0 0 0 0 0 0 0 0 0 0.1 0 
E5 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 
E6 0 0 0 0 0 0.9 0 0 0 0.1 0 0 0 0 0 0 
E7 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 
E8 0 0.1 0 0 0 0 0 0.9 0 0 0 0 0 0 0 0 
E9 0 0 0 0 0 0 0 0 0.9 0 0.1 0 0 0 0 0 
E10 0 0 0 0 0 0 0 0.1 0 0.9 0 0 0 0 0 0 
E11 0 0 0 0 0 0 0 0 0 0 0.9 0 0 0 0.1 0 
E12 0 0 0 0 0 0 0 0.1 0 0 0 0.9 0 0 0 0 
E13 0 0 0 0 0 0 0 0 0 0.1 0 0 0.9 0 0 0 
E14 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 
E15 0 0 0 0 0 0 0 0.2 0 0 0 0 0 0 0.8 0 
E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 

 

Table 7. Confusion matrix of OAA multiclass SVM classifier with Hybrid kernel functions for Emotion Class  
Accuracy ݁. Prediction Accuracy  ൌ 0.93 
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Predicted Emotion 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16
A

ct
ua

l E
m

ot
io

n 

E1 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E2 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E3 0 0 1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 
E4 0 0 0 0.9 0 0 0 0 0 0 0 0 0 0 0.1 0 
E5 0 0 0.1 0 0.9 0 0 0 0 0 0 0 0 0 0 0 
E6 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0 0 
E7 0.1 0 0 0 0.1 0 0.8 0 0 0 0 0 0 0 0 0 
E8 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 
E9 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 
E10 0 0 0 0 0 0 0 0 0 0.9 0.1 0 0 0 0 0 
E11 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 
E12 0 0 0 0 0 0 0 0.2 0 0 0 0.8 0 0 0 0 
E13 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 
E14 0 0 0 0 0 0 0 0 0 0 0 0 0.1 0.9 0 0 
E15 0 0 0 0 0 0 0 0 0.1 0 0 0 0 0 0.9 0 
E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 

 

Table 8. Confusion matrix of Combined C5.0 and NN classifier for Emotion Class Accuracy ݁. Prediction  
Accuracy  ൌ 0.94 

 

Table 7 presents the confusion matrix for the emotion class accuracy	݁	and the prediction accuracy  of 
the OAA multiclass SVM with hybrid kernel functions. Table 8 presents the confusion matrix for the emotion 
class accuracy ݁	and the prediction accuracy  of the combined C5.0 and NN classifier. Table 9 depicts the 
overall emotion class accuracy ݁	for these two models and our ensemble majority voting classifier. Table 10 
depicts the overall prediction accuracy 	for these two models and our ensemble majority voting classifier.  

As it is proved the emotion class accuracy ݁	and the prediction accuracy  of the ensemble majority voting 
classifier is greater than these of the other two compared classifiers. In the discussion Section “Discussion and 
Conclusion” it is explained why it is observed these experimental results. 
 

 
Emotion Class Accuracy ݁ 

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13 E14 E15 E16

C
la

ss
if

ie
r SVM 

Hybrid 
1.0 0.9 1.0 0.9 1.0 0.9 1.0 0.9 0.9 0.9 0.9 0.9 0.9 1.0 0.8 1.0 

C5.0 – NN 1.0 1.0 1.0 0.9 0.9 1.0 0.8 1.0 1.0 0.9 1.0 0.8 1.0 0.9 0.9 1.0 
Majority 1.0 1.0 1.0 0.9 1.0 1.0 1.0 0.9 1.0 0.9 1.0 0.9 1.0 1.0 1.0 1.0 

 

Table 9. Emotion Class Accuracy ݁ for the two compared classifiers and the proposed Ensemble Majority  
Voting Classifier 

 

Discussion and Conclusion 
 

A discussion is performed in order to explain why these experimental results are observed in the two 
previous Sections “Emotion Prediction” and “Performance Evaluation”. In Section “Emotion Prediction” it is 
proved that the ensemble majority voting classifier achieves better scores than the three base classifiers. This is 
explained because each base classifier is biased in a specific domain of the emotion classification problem, thus 
the advantages of one classifier might be disadvantages for the other two classifiers and vice versa. The overall 
superiority of the ensemble classifier is its ability to combine the redundant information of the base classifiers in 
order to create a more sound classification scheme.  
 

 Prediction Accuracy  

C
la

ss
if

ie
r SVM Hybrid 0.93 

C5.0 – NN 0.94 

Majority 0.97 

Table 10. Prediction Accuracy p for the two compared classifiers and the proposed Ensemble Majority Voting 
Classifier 

 

In Section “Performance Evaluation” it is also proved that the ensemble majority voting classifier 
achieves better scores than the two compared ensemble classifiers. In the case of [21] model this is explained 
because the base classifiers are of the same general SVM linear discriminant functions bias. In the case of [22] 
model this is explained because the base classifiers where too few (i.e., only two) in order their union not to be 
able to generalize to the whole set of pairs ሺݔ, ݅	ሻݕ ൌ 1,… , ݊. Both [21] and [22] models do not take into 
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consideration the majority votes, of the whole set of the classifiers (see Eq. 2, Section “Ensemble 
Classification”), which is used by the proposed model. 

It is proved that the proposed ensemble majority voting classifier achieves better performance in 
classifying the fifteen universal extended emotions plus neutral emotion than the three base classifiers and the 
other two compared ensemble classifiers. Future work is intended by exploiting other context (i.e., facial 
expressions) in order to design multimodal models. 
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