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ABSTRACT 

Human emotion recognition is the key step toward innovative human-computer interactions. The 
advanced in computational algorithms and techniques has recently offered the promising results in 
recognizing human emotion. Recently, Electroencephalogram (EEG) has been shown as an effective 
way in identifying human emotion since it records the brain activity of human and can hardly be 
deceived by voluntary control.  However, due to the non-linearity, non-stationary, and chaotic nature 
of the EEG signals, it is difficult to be examined and has been an extensive research area in the 
present years. Moreover, the high dimensional of the feature vectors has make the analysis task 
more challenging. In this research, two emotion recognition experiments were performed in order to 
classify human emotional states into high/low valence or high/low arousal. The first experiment was 
aimed to evaluate the performance of Discrete Wavelet Packet Transform (DWPT) in extracting 
relevant features, while the second experiment was conducted to identify the combination of 
electrode channels that optimally recognize emotions based on the valence-arousal model. 
Additionally, in this study, a leave-one-out cross validation was performed using Radial Basis 
Function-Support Vector Machines (RBF-SVM) as the classifier on a publically available dataset. The 
experimental results have shown that an average accuracy of 68.83% with average F1-score of 0.666 
for valence and average accuracy of 68.83% with F1-score of 0.633 for arousal were achieved for 32 
subjects. Furthermore, four frontal channels which include Fp1, Fp2, F3, and, F4 were identified 
significant in providing relevant information compare to the remaining 6 channels namely T7, T8, P3, 
P4, O1, and O2 for EEG-based emotion recognition in the valence-arousal space. 

Keywords: Discrete Wavelet Packet Transform; Electroencephalogram; emotion recognition; valence-
arousal model. 

1. Introduction 

Human emotion recognition is seen has one of the key steps toward advanced human-computer 
interactions. The advancement in computational algorithms and techniques has recently added to 
the promising results in emotion recognition researches. In this research field, the brain signals 
(electrical potentials) are acquired through EEG that has been proven to be a better method for 
human emotion recognition (Chanel, Kronegg, Grandjean, & Pun, 2006). However, due to the non-
linearity, non-stationary, and chaotic nature of the EEG signals, EEG signal processing has been an 
extensive research area. Additionally several signal processing techniques have been developed in 
order to attain better classification results. 
 
In order to recognize emotions using EEG signals, a number of studies have been carried out based 
on the valence-arousal model (Russell, 1980). Valence-arousal is one of the basis forms of emotion 
classification model. There are five steps involved in EEG-based emotion recognition, which include 
signal acquisition, pre-processing, feature extraction, feature selection, and classification stage as 
shown in Figure 1. 
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Figure 1:  The Five Phases of EEG Emotion Recognition Process 
 
In this kind of research, comparative analyses of classification results from related studies are 
somehow not possible. In other words, it is very difficult to conclude on a model due to the fact that 
various researchers have used different experimental setups and have chosen different set of 
features to be analyzed. To address this issue, some researchers have conducted various analyses in 
order to compare different techniques and methods that could be used to recognize emotion from 
EEG signals on benchmark EEG datasets. Inspired by this experiment, this study aims to perform an 
analysis on a Database for Emotion Analysis Using Physiological Signals (DEAP) benchmark EEG signal 
dataset. DEAP is a multimodal dataset containing physiological signals and targeted emotions. 
Besides that, feature extraction is the most important process in EEG signal processing. It involves 
some algorithms that allow extraction of hidden information from the signals. The choice of feature 
extraction method is very essential to accurately classify emotions based on EEG signals. Due to the 
importance of the feature extraction process in EEG-based human emotion recognition, this study 
aims at evaluating Discrete Wavelet Packet Transform (DWPT) as a feature extraction method in 
valence-arousal space. 

Moreover, another important concern in EEG-based emotion recognition is to identify the 
combination of electrode channels that gives higher classification accuracy. Hence, further 
experiments are conducted in this study to identify the combination of electrode channels for EEG-
based valence-arousal emotion recognition that could obtain better classification results. Based on 
these two important issues, namely a) feature extraction techniques and b) number of electrode, 
two experiments were performed to classify human emotional states into high/low valence or 
high/low arousal. The benchmark DEAP dataset was used in order to compare the result of this study 
with other related study (Wichakam & Vateekul, 2014). 
 
The rest of the paper is organized as follows. Section 2 described various feature extraction 
methods. In Section 3, the details of DEAP dataset are offered and DWPT feature extraction method 
is introduced. The two experiments performed in this study are explained in methodology section. 
The results of the two experiments are presented in Section 4. Finally, conclusion remarks and future 
works are given in Section 5. 
 
2. Related Studies  

In emotion recognition, the features are the characteristics of EEG signals that help in distinguishing 
different emotions (Hosseini & Khalilzadeh, 2010).  Hence, the choice of feature extraction approach 
is very important to accurately classify emotions. Several algorithms have been developed to extract 
hidden information from EEG signals and it has been regarded as the most important process in EEG 
signal processing. Feature extraction approaches that have been implemented in EEG emotion 
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recognition can be mainly categorized into three categories. One approach is the use of time domain 
analyses such as statistical parameters like mean, standard deviation, variance, and power. Other 
time domain analyses are Fractal Dimension (FD), Hjorth parameters, and Event Related Potentials 
(ERP). A second approach is the use of frequency domain analysis. Frequency domain features can 
be extracted using Fourier Transform (FT) and Discrete Fourier Transform (DFT). The third approach 
is the Time-Frequency domain analysis. In Time-Frequency domain, such as the Discrete Wavelet 
Transform (DWT) can be used to extract features like energy and entropy. 

Time domain analysis such as the statistical parameters and frequency domain analysis such as FT 
and DFT are regarded as linear analysis (Hosseini & Khalilzadeh, 2010). Some researchers have used 
linear analysis, in which linear analysis only preserves the power spectrum but destroys the spike 
wave structure (Liu, Sourina & Nguyen, 2011).  Furthermore FT and DFT were also not able to deal 
with non-stationary signals because they miss local changes in high frequency components while 
considering the whole time domain. 

Considering the non-linearity and non-stationary properties of the EEG signals, some researchers 
have used Fractal Dimension (FD) and Discrete Wavelet Transform (DWT). FD is found to be suitable 
for the analysis of non-linear systems (Hosseini & Khalilzadeh, 2010; Liu, Sourina & Nguyen, 2011; 
Hosseini & Naghibi-Sistani, 2009).  DWT has also been found to be suitable for non-stationary and 
time-varying signals as it allows simultaneous time and frequency signal analysis and it has been 
successfully used by Murugappan, Rizon, Nagarajan, Yaacob, Hazry & Zunaidi (2008)  and  
Murugappan, Nagarajan & Yaacob (2011) with promising results. Discrete Wavelet Packet Transform 
(DWPT) which is an advance form of the DWT has recently been used in EEG signal processing. DWPT 
was used to decompose EEG signals in Wali, Murugappan & Ahmmad (2013) in order to classify 
driver distraction levels and in Murugappan, Wali, Ahmmad & Murugappan (2013) in order to 
classify driver drowsiness levels. 

3. Methods 

Two experiments were performed in the study. The first experiment was to compare the result of 
entropy features extracted by DWPT with the bandpower features extracted by (Wichakam & 
Vateekul, 2014). The second experiment was to compare the combination of 4 frontal channels, 
which are Fp1, Fp2, F3, and F4 with that of the combination of 10 channels, namely Fp1, Fp2, F3, F4, 
T7, T8, P3, P4, O1, and O2. 

3.1 Dataset Description 

The DEAP EEG signal dataset has been used in this study. This dataset consists of physiological 
signals recorded from 32 subjects while watching music video. The signals were recorded in 40 trials 
of experiments for each subject, while they are watching 40 music videos. After 1 minute of 
watching each music video, participants are required to report their emotion by means of 
continuous scales ranging from 1 to 9. Self-Assessment Manikins (SAM) were used for this purpose, 
in which it contains four different type of feeling that include arousal, valence, dominance and liking. 
The EEG dataset was also pre-processed as follows: (1) the data was down-sampled from 512Hz to 
128Hz; (2) the EOG artefacts were removed and the signals were filtered by applying a band-pass 
frequency filter, and (3) a signal with frequency range 4-45Hz is produced. Each participant’s file of 
the pre-processed data mainly contains two arrays: the EEG data file and the labels data file. There 
are 40 electrode channels that have been used in this experiment, however only the first 32 are for 
EEG recordings, while the remaining 8 are for other physiological signals. The ratings of the subjects 
on each trail are stored in the label data file, which were used as the classification target. This study 
is generally concerned with only the valence and arousal ratings. 
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3.2 Extracting Entropy Features Using DWPT 

The DWT is based on multi-resolution analysis of wavelet transform and it is the method of 
repeatedly filtering a given signal with two filters; a high band-pass filter and low band-pass filter, 
which cut the frequency domain in the middle. Subsequently, DWT decomposes the signal into an 
approximation (A) and detailed signal (D) corresponding to different frequency ranges, while 
conserving the time information of the signal. The resulting approximation signal is further divided 
into new approximation and detailed signal. The difference between DWT and DWPT is that DPWT 
can further decompose the detailed signals whereas the DWT only decompose the resulting 
approximation signals into new approximation and detailed signal, as illustrated in Figure 2 and 
Figure 3. For such a reason, DWPT is preferred over DWT as it may reduce the information lost. 

 

 

Figure 2: 3-level DWT decomposition 

 

Figure 3: 3-level DWPT decomposition 

Suitable level of decomposition and wavelet function must be wisely considered when dealing DWPT 
decomposition in order to achieve the required bands for analysis purposes. Daubechies wavelet 
functions 4 (db4) is chosen to be used in this work based on work of Wali, Murugappan & Ahmmad 
(2013). By applying db4 function for five-level DWPT decomposition of a signal, the resulting 
decomposition tree is presented in Figure 4. This method was applied on each 10 trial’s signals which 
represent the 10 EEG channels, in order to extract the four frequency bands, theta, alpha, beta (low 
beta and high beta) and gamma. As a result of the pre-processing of the DEAP EEG signal, whereby 
the signals were filtered to 4-45Hz, the delta band is not used in this work. Additionally, some 
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researches have shown that delta band is less significant in human emotion recognition 
(Murugappan, Nagarajan & Yaacob, 2011; Wichakam & Vateekul, 2014).  Details of the frequency 
bands and the correlated DWPT packets used are provided in Table 1. 
 
The result from Murugappan, Nagarajan & Yaacob (2011) has shown that entropy features captures 
the non-linearity of the EEG signals over different emotions better than other linear statistical 
features like power, standard deviation, and variance. Similar findings are also reported by Rached & 
Perkusich, (2013) that claimed entropy features give higher accuracy than the energy features. 
Based on these findings, the entropy features for each extracted bands were computed after the 
feature extraction process. The DWPT decomposition and the computation of the entropy features 
were implemented using MATLAB. MATLAB function “wpdec” is used for the decomposition and 
“wpcoef” is applied for calculating the coefficient. On the other hand, the entropy is also computed 
using the “wentropy” function. 
 

 

Figure 4: 5-Level DWPT Decomposition Tree  

 

Table 1: Frequency bands and correlated DWPT packets 

 

3.2. Experiment One 
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The aim of this experiment is to propose DWPT as a feature extraction method in EEG based 
valence-arousal emotion recognition. In order to be able to evaluate the performance of the 
proposed method, experimental conditions were set up similarly as the study carried out by 
Wichakam & Vateekul, (2014). The 10 EEG electrode channels namely Fp1, Fp2, F3, F4, T7, T8, P3, 
P4, O1, and O2 that were used in (Wichakam & Vateekul, 2014) are also used in this experiment. 

The entropy features of the theta, alpha, beta, and gamma bands through the 10 EEG electrode 
channels Fp1, Fp2, F3, F4, T7, T8, P3, P4, O1, and O2 were extracted using DWPT. The normalized 
feature vectors with the classification targets were then presented to RBF-SVM classifier. A leave-
one-out cross-validation classification experiment was performed on each subject’s dataset. The 
accuracy and F1-scores were recorded. The process was repeated for all the 32 subjects and the 
accuracy and F1-scores were averaged. The formula used for computing the accuracy and F1-score is 
presented in (1) to (5), where, the true positive, false positive, true negative, false negative were 
represented as TP, FP, TN, and FN respectively. 

 

3.3. Experiment Two 

The 4 electrode channels, which include  Fp1, Fp2, F3, and F4, were used in this second experiment, 
instead of the 10 electrode channels ( Fp1, Fp2, F3, F4, T7, T8, P3, P4, O1, and O2) that was used in 
experiment one. DWPT was again used to extract entropy features of theta, alpha, beta, and gamma 
via the four electrodes. The process was repeated for all the 32 subjects and the accuracy and F1-
scores were averaged. The aim of this second experiment is to compare the performance of the 4 
combination of electrode to the 10 combinations that were used in experiment one in order to 
identify the combination of electrodes that gives better classification results. 

4. Results 

The results of the two experiments on DEAP datasets are presented as follows. 

4.1 Classification Results for Experiment One 

In experiment one, DWPT is used as a feature extraction algorithm. The classification accuracy and 
F1-score values for all the 32 subjects were averaged. The experimental results have shown that an 
average accuracy for valence and arousal were 68.83% and 68.83% respectively, whereas  66.59% 
and 63.28% of average F1-score are achieved for valence and arousal correspondingly. This 
classification results are then compared to those results that have been obtained in (Wichakam & 
Vateekul, 2014). Figure 5 and Figure 6 illustrated that DWPT could obtain better average accuracy 
with 0.688 and 0.688 compare to 0.649 and 0.649 on valence-arousal classification that was 
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achieved in (Wichakam & Vateekul, 2014). The similar enhancement was also discovered in F1 score 
with an improvement of 0.139 as show in Figure 7. In summary, the results achieved in this study by 
using DWPT to extract entropy features are higher compared to the result achieved when applied 
bandpower features in (Wichakam & Vateekul, 2014).  These findings are aligned with works that 
has been reported by Youn, Jeon, Jung & Lee, (2007).   

 

Figure 5 and Figure 6: Average Accuracy Compared 

 

Figure 7:  Average F1-Score Compared 

 

4.2. Classification Results for Experiment Two 

The aim of this second experiment is to compare the performance of the 4 combination of electrode 
to the 10 combinations to identify the combination of electrodes that gives better classification 
results. The classification accuracy and F1-score values for all the 32 subjects were averaged. Table 2 
shows the average accuracy and F1 score for valence and arousal classes. Unlike experiment one 
where both valence and arousal class show an improvement, in this experiment different number of 
electrodes has diverse impact on arousal and valence class. The experimental results have found 
that larger number of electrodes could lead to better classification of arousal but low in term of 
valence. The contradict scenario is then observed when only 4 electrodes are used, in which the 
classification result of valence is higher as presented in Figure 8 and Figure 9.  

 

Table 2: Results of 4 channels compared with 10 channels 
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        Figure 8: Average Accuracy Compared                             Figure 9.  Average F1-Score Compared 

 

5. Conclusion 

The main objective of this study is to discover the feature extraction method and the combination of 
electrode channels that optimally implements EEG-based valence-arousal emotion recognition. 
DWPT was proposed as a feature extraction method. The entropy features of the theta, alpha, beta, 
and gamma bands through 10 EEG channels Fp1, Fp2, F3, F4, T7, T8, P3, P4, O1, and O2 were 
extracted using DWPT and Radial Basis Function-Support Vector Machine (RBF-SVM) was used as the 
classifier. The experiment results have been compared with work done by Wichakam & Vateekul, 
(2014) which has used bandpower features. The result of this experiment showed that entropy 
features extracted using DWPT are better than the bandpower features. Moreover the identical 
findings have previously been showed in Youn, Jeon, Jung & Lee, (2007) where DWPT is reported as 
a better extraction technique compare to bandpower method. 

The second experiment aimed at comparing the result achieved in the first experiment using the 10 
channels with another combination of 4 channels Fp1, Fp2, F3, and F4 in order to identify the 
combination of electrode channels that optimally recognize emotions based on the valence-arousal 
model in EEG emotion recognition. The result of the second classification experiment shows that the 
combination of the 4 channels are better than the combination the 10 channels for only valence 
level emotion recognition. On the other hand, the combination of the 10 channels is better for only 
arousal level emotions recognition. Moreover, it is interesting to note that these 4 channels could 
offer significant information even small numbers of electrodes are incorporated in the experiment 
(Coan, & Allen, 2004). Although no concrete conclusion can be made from experiment two, it is clear 
that diverse brain region may associate with different emotion state. Hence, it is quite hard to 
eliminate the channels without prior analysis on its correlation. 

Future works will be focused on implementing these combinations of channels and feature 
extraction method on another dataset in order to validate the result and findings in this work. 
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Further effort will be made to utilize these findings to build systems that are specific in solving real 
life problems. 
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