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A B S T R A C T   

Emotion recognition by artificial intelligence (AI) is a challenging task. A wide variety of research has been done, 
which demonstrated the utility of audio, imagery, and electroencephalography (EEG) data for automatic emotion 
recognition. This paper presents a new automated emotion recognition framework, which utilizes electroen
cephalography (EEG) signals. The proposed method is lightweight, and it consists of four major phases, which 
include: a reprocessing phase, a feature extraction phase, a feature dimension reduction phase, and a classifi
cation phase. A discrete wavelet transforms (DWT) based noise reduction method, which is hereby named multi 
scale principal component analysis (MSPCA), is utilized during the pre-processing phase, where a Symlets-4 filter 
is utilized for noise reduction. A tunable Q wavelet transform (TQWT) is utilized as feature extractor. Six 
different statistical methods are used for dimension reduction. In the classification step, rotation forest ensemble 
(RFE) classifier is utilized with different classification algorithms such as k-Nearest Neighbor (k-NN), support 
vector machine (SVM), artificial neural network (ANN), random forest (RF), and four different types of the 
decision tree (DT) algorithms. The proposed framework achieves over 93 % classification accuracy with RFE +
SVM. The results clearly show that the proposed TQWT and RFE based emotion recognition framework is an 
effective approach for emotion recognition using EEG signals.   

1. Introduction 

Emotions are among the most distinctive features of humans; they 
affect a person’s behavior and actions [1,2]. Understanding and 
analyzing human emotions is important part of human life. Recently, 
there has been an increased interest in automatic emotion classification 
by machine learning and artificial intelligence, since this could be used 
in human-computer interfaces (HCI) with a variety of applications 
[3–5]. These studies have shown that successful understanding of 
human emotions can lead to successful interactions between humans 
and computers, and potentially artificial emotional intelligence could be 
implemented by computer systems [6,7]. 

In order for an artificial emotional intelligent system to be successful, 
the system needs to possess a good knowledge about the human 
emotional understanding and the relationship between the affective 
expression and emotional expression [8]. Human-machine interfaces 

and collaboration exist in many domains such as health, therapy, 
gaming, to name a few. Researchers are constantly trying to increase the 
flexibility and efficiency of the interaction between computers and 
humans, and they strive to achieve high levels of satisfaction among 
users. Therefore, HCI systems require the ability to achieve a thorough 
understanding of different human emotions and emotional expression. 
Human thoughts and emotions can be expressed through verbal or 
nonverbal expressions, therefore, HCI systems need to understand, 
discern and analyze nonverbal expressions of humans. Recently, HCI 
systems have shown promise in helping understand the emotional 
behavior of a person, which is called “emotional computing” [9]. 

Electroencephalography (EEG), which can measure the neural ac
tivity in the brain with the use of contact electrodes that are placed on 
the scalp, has emerged as an important technology for HCI systems to 
utilize. EEG experiments have been used for decades to detect electrical 
signals from brain cortex while participants undertake different tasks or 
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view different stimuli. EEG signals are usually highly-varying and noisy 
voltage signals, hence the features extracted from EEG usually vary 
dramatically. A great advantage of the EEG, though, is its temporal 
resolution: EEG’s temporal resolution is much finer/faster than the 
speed of emotional changes, therefore, EEG can potentially capture, 
track and discern between emotional changes. Due to the fuzzy 
boundaries between different emotions, EEG-based emotion recognition 
(ER) is still very difficult. This is why there has not been much research 
done on ER using ensemble classifiers. Within this article, we offer a 
short summary of the related study on emotional models, the role of 
movie within emotional induction and different methods for EEG-based 
emotion classification. We utilize EEG signals and apply a novel signal 
processing and analysis methods to evaluate the output from EEG data in 
classifying three emotion states. We use the TQWT technique to identify 
neural signs and steady trends for diverse emotions and assess the 
steadiness of our models of emotion recognition. Our approach is similar 
to a recently developed method which combined feature extraction 
method to recognize six basic emotional states, including irritation, 
objection, terror, sadness, happiness, and surprise [10]. 

A framework of emotion recognition system is presented in Fig. 1, 
which establishes the methodological framework in this study. In the 
methodology presented in Fig. 1, a multiscale principal component 
analysis (MSPCA) is utilized for removing the various types of the arti
facts and disturbances after acquisition and segmentation of the signal 
[11]. In the second stage, useful features are extracted, and they are used 
to train the classifier using TQWT. Subsequently, dimension reduction is 
employed to decrease unnecessary features in order to accomplish better 
recognition performance [12]. The framework, using ensemble classi
fiers, can consequently achieve improved classification accuracy. 

The research motivation of this study is threefold: employment of 
MSPCA for noise removal, TQWT [13] for feature extraction, and 
employment of rotational forest ensemble classifier for classification. 
Even though these methods are not novel on their own, the combination 
as a framework represents a novel framework. Current studies are 
drifting towards the developing ensemble classifiers [14]. For example, 
Tsai [15] identified the reliability of the ensemble classifiers on the 
mixture of different classifiers to achieve a higher performance by 
removing each “oversight” in a single classifier [16]. Diverse harmo
nized models are used to build homogenous classifier ensembles in 
biomedical signal classification and the learning algorithm utilizing the 
harmonized model achieved a higher classification accuracy [17]. Since 
ensemble techniques diminish the effect of variation in the signal by 

averaging classifier outputs [18], there are numerous researches on 
optimizing the recognition rate of the emotion recognition systems in 
terms of the classification accuracy and training time. Alickovic and 
Subasi [19] used an ensemble model to improve the classification per
formance utilizing SVM-based ensembles. Nevertheless, these algo
rithms achieved minor improvements [20]. Subasi et al. [21] suggested 
a signal recognition system by using bagging ensemble models having 
diverse classification models in order to accomplish better recognition 
accuracy. Subasi et al. [22] also employed Adaboost ensemble classifier 
in healthcare application. 

Yang et al. [23] suggested a hierarchical structure of the network 
with other network branches to differentiate 3 human affective states or 
emotions: 1) positive; 2) negative; and 3) neutral. Every branch inside 
the network, which consists a considerably large number of nodes that 
are hidden, may be practical as an autonomous invisible layer for rep
resenting features. The experimental findings from using two separate 
EEG datasets indicate that a positive outcome is achieved by employ
ment of both single and multiple modalities of the proposed technique. 
Y.-J. Liu et al. [24] developed a diverse collection of 16 emotional film 
clips, chosen from over 1000 film excerpts. Based on the emotional 
classes convinced by these film clips, they suggested an emotional 
recognition system induced by real-time video to recognize the 
emotional states of a person through brain wave analysis. Thirty subjects 
participated and watched 16 structured film clips characterizing 
emotional interactions in real-life and emphasizing seven distinct emo
tions and neutrality. These findings show the advantage in terms of 
classification accuracy over current high performing, real-time ER sys
tems from EEG signals and the potential to identify related affective 
states close to the 2-dimensional valence-arousal domain. Various other 
feature selection and feature reduction methods have been proposed in 
the literature [25–30]. Similar studies presented in this field in the 
literature are presented in Table 1 below. 

Our study presented in this paper employs a rotation forest ensemble 
classifier on emotion classification. To achieve the stated aims, a new 
emotion classification framework which relies on rotation forest 
ensemble classifier is introduced and it aims at improving the ER ac
curacy. Hence, the contribution of this research to studies on emotion 
recognition is employing TQWT feature extraction technique combined 
with rotation forest ensemble (RFE) classifier in emotion classification. 
Prior to this work, RFE models have been rarely used for EEG signal- 
based ER research. Moreover, usage of the TQWT-based feature 
extraction technique improved the accuracy of the suggested model. In 

Fig. 1. EEG based Emotion Recognition Framework for HCI.  
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this paper, RFE classifier is proposed to achieve emotional EEG signal 
classification with high accuracy. RFE classifiers can suitably better 
acquire the essential features of EEG signals. Novelties of the presented 
work are given as below.  

- A new emotion classification/recognition model which combines 
MSPCA denoising, TQWT-based feature extraction with rotation 
forest ensemble classifier is presented to provide a high classification 
performance from EEG data.  

- This model is both highly accurate and computationally simple, 
when compared with various computationally demanding deep- 
learning based models which are used for emotion recognition 
from EEG data. 

The paper is structured as follows: In Section 2, we elaborate on the 
details of the dataset, our classification model architecture and the 
overall framework. The results of the experiment are given in Section 3. 
Section 4 presents the conclusions and discussions. 

2. Materials and methods 

2.1. Participants and dataset 

The publicly available SEED dataset [34] is used in this study. Fifteen 
test participants/subjects (seven males and eight females) with mean 
age of 23.3 and standard deviation (SD) of 2.4 participated in the ex
periments. The EEG dataset is composed of signals acquired from the 
subjects while the subjects were viewing emotional video tapes. To 
explore neural signs and notable reactions across different individuals 
and different EEG sessions, participants were asked to carry out the trials 
for three sessions each. This resulted in total of 45 experiment sessions in 
this dataset. The time interval between each session for each subject was 
a week or more. The facial expressions of the subjects were recorded 
during the EEG recording sessions (“facial videos”), concurrently. EEG 
signals were acquired employing an ESI NeuroScan System employing a 
sampling frequency of 1000 Hz from 62-channel active AgCl electrode 
cap in accordance with the standard 10–20 system. Selected emotional 
video clips were utilized as stimuli in the experiments for negative, 
positive and normal emotions. The time interval of every video clip is 
around four minutes. The EEG data were sampled down to 200 Hz. A 
lowpass frequency filter of 0–75 Hz was used [23,33,45]. Sample 
emotional EEG signals are given in Fig. 2. 

2.2. Signal denoising with multi-scale PCA 

PCA combines the variables as a linear weighted sum of transforms. 
The direction on the hyperplane which gives the highest achievable 
residual variance in the studied instances characterized by the principal 
components, whilst keeping orthonormality. Multi-scale PCA (MSPCA) 
is a combination of the principal component analysis and wavelets, and 
it eliminates the cross-correlation among instances [19,46]. In the 
implementation, Symlets four wavelet was utilized as a primary wavelet 
with 5 level decomposition. 

2.3. Feature extraction with tunable Q wavelet transform (TQWT) 

Reducing the input parameters to a classification algorithm, i.e. the 
number of features, to a number less than the number of samples, is 
important for a classification algorithm to perform successfully. For 
example, in electromyography (EMG), an electrical measurement tech
nique similar to EEG, small number of carefully extracted features can 
help diagnose neuromuscular disorders. Wavelets are among the widely 
used techniques to reduce number of features in EEG and EMG. Using 
the TQWT, which simplify the signal into a series of simple functions, 
namely wavelets, we can obtain a signal decomposition with a high time 
resolution. The wavelets were computed from a single basis function ψ 
by expansion and translations of the basis function [47]. In general, the 
CWT (continuous wavelet transform) [48,49] for a continuous signal x 
(t) is expressed as 

CWTx(τ, a) =
∫∞

− ∞

x(at)
1̅
̅̅
a

√ ψ
(t − τ

a

)
dt, (1)  

where ψ(t) is the primary wavelet function, a is the scale factor which 
translates the wavelet function across x(t), and τ is a variable that has the 
role to tune the time scale of the wavelet function, ψ [48–50]. 

The TQWT is an imperative instrument for the moving signal 
breakdown or analysis. A TQWT has three main parameters, namely r, 
Q, and j which are tunable. Q represents the Q-factor; r represents the 
oversampling rate; and j represents the levels of decomposition. The 
amount of the wavelet oscillations are adjusted by Q, whereas r controls 
the unnecessary ringing to define the wavelet temporal localization 
while conserving its form [13,51]. Hypothetically, the appropriate 
wavelet transform Q-factor’s value depends on the anticipated signal 
oscillatory behavior. Hence, the wavelet transform must possess a 
comparatively high Q-factor while breaking down and studying the 
oscillatory signals such as speech, electrocardiograph (ECG), EMG, EEG 

Table 1 
Review of existing emotion recognition techniques from physiological signals.   

Problem Method Dataset Evaluation Criteria 

[31] Emotion recognition from EEG Fast Fourier transform, Bayes’ theorem and supervised learning DEAP [32] Accuracy 
[9] Emotion recognition from multimodal 

physiological signals 
Ensemble deep learning model DEAP [32] multimedia 

database 
Accuracy, Boxplot 
analysis, 

[33] Emotion recognition from EEG Differential entropy, rational asymmetry, power spectral density, 
differential causality differential asymmetry, asymmetry 

DEAP [32] and SEED 
[34] datasets 

Accuracy 

[35] Emotional 
Feature Extraction 

Dual-tree complex wavelet packet transform, SVD, SVM, F-ratio DEAP [32] Accuracy 

[36] EEG signal classification Wavelet decomposition, PCA and SVM Collected dataset Accuracy 
[37] EEG emotion recognition The recalibrated speech affective space model Collected dataset Accuracy 
[38] Emotion classification and recognition The wavelet transform DEAP [32] emotion 

database 
Accuracy, Euclidean 
distances 

[39] Emotional state recognition Multivariate synchrosqueezing transform DEAP [32] Accuracy 
[40] Emotion 

recognition 
The deep belief network Collected dataset Accuracy 

[41] EEG signal classification Circular back propagation and deep Kohonen neural networks DEAP [32] Accuracy, sensitivity, 
specificity 

[42] EEG-based emotion classification Machine learning DEAP [32] Accuracy 
[43] Human emotion recognition Deep Belief Network, Fine Gaussian SVM DEAP [32] Accuracy, Confusion 

matrix 
[44] Emotion and personality recognition ASCERTAIN framework Collected dataset Accuracy  
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etc. Most of the time the wavelet transforms show an insignificant ability 
of tuning the Q-factor. Since they are limited to be used with certain 
applications, TQWT is proposed to overcome this problem. The exact 
rebuilding oversampled filter banks, with real scaling factors, are uti
lized to implement the TQWT. According to Selesnick [13] an effective 
implementation of the TQWT can be accomplished with a good 
over-sampling ratio. The TQWT has a significant similarity with the 
rational-dilation wavelet transform (RADWT) [52]. Similar to the 
RADWT, TQWT is discrete-time and moderately over-sampled to keep 
the perfect reconstruction capability. As compared to the RADWT, the 
TQWT is computationally more efficient because of its intelligent con
struction which is based on the radix-2 fast Fourier transforms (FFTs). 
Furthermore, it is easily configurable as a function of the intended 
application since the configuration can be done by tuning its three pa
rameters, Q, r and j [13]. 

2.4. Dimension reduction 

One method of reducing EEG data dimension is to use the 1 st, 2nd, 
3rd and 4th order statistics of the sub-bands, and the feature set being 

minimized, which is computed from the sub-bands of the signal 
decomposition. Specifically, the following six statistical features were 
computed:  

1. Mean absolute value (MAV) of each sub-band,  
2. Average power of each sub-band,  
3. Standard deviation of each sub-band,  
4. Absolute mean values of adjacent sub-bands’ ratios,  
5. Skewness of each sub-band,  
6. Kurtosis of each sub-band. 

2.5. Rotation forest ensemble (RFE) 

One ensemble learning approach that has the basic objective of 
constructing diverse but precise classifiers is the rotation forest 
ensemble (RFE). A bagging approach alongside random sub-space 
approach are combined with PCA to build an ensemble of decision 
trees. The input variables are spread in a random manner into k disjoint 
subsets in each iteration. To generate a linear combination of the subsets 
variables which are rotational movement of the foremost axes, PCA is 

Fig. 2. Emotional EEG signals.  
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utilized for every subset in turn. To evaluate the values for the extracted 
features, k sets of principal components (PC) are utilized; at each iter
ation they provide the feedback to the tree learner. Owing to the pres
ervation of all the components acquired on each subclass, the number of 
the generated attributes is as many as the original ones. PCA is utilized 
for the training examples from a selected sub-set of class values at 
random in order to avoid the creation of similar coefficients as a result of 
selecting same feature sub-set in different iterations. Although the 
values of the extracted features sent into the decision tree learning 
model are determined from all the examples in the training set. A small 
amount of the dataset can be produced in every iteration before 
implementing PC transformations, in order to further increase diversity. 
Experiments suggest that rotation forest can offer a comparable output 
to random forests, with a smaller number of trees. A recent study of 
diversity which is measured by the Kappa statistics that is employed in 
evaluating the agreement amongst classifiers against error for pairs of 
elements of an ensemble, indicates a marginal improvement in 
diverseness and a reduction in error in rotation forests compared to 
bagging, this seems to translate into considerably improved results for 
the ensemble in general [53]. 

We denote the training data matrix with X, and we assume L number 
of classifiers in the classifier ensemble D1;. . . ; DL. F represents the 
feature set. The number L should be set beforehand as in most ensemble 
methods. We implement the following procedures in order to establish 
the training example for Di:  

1. Distribute F to K arbitrary separate subsets (K is set at the beginning) 
in order to obtain the maximum chance for the highest diversity. For 
a given number of samples N, all feature subset includes M = N/K 
features (assuming K to be a factor of N for the sake of simplicity; if 
not, every feature subset includes roughly M = N/K features each).  

2. represent the jth subset of features for the training set of classifier Di 
by Fi,j, pick arbitrarily subset of classes that are not empty for each 
subset and make a bootstrap of objects with the %75 of the dataset. 
Do PCA by making use of the M features in Fi,j only, and the chosen 
subset of training data X. Save the coefficients of the PC, each of size 
M×1. There is possibility of some eigenvalues being 0 (zero), so we 
might not get all M vectors. Therefore, Mj ≤ M. We run a PCA 
(principal component analysis) on a subset of classes so as to refrain 
from identical coefficients in the case that we have the exact feature 
subset for various distinct classifiers.  

3. The extracted vectors with coefficients should be arranged in a 
scattered rotation matrix Ri. To measure the training example for Di 
classifier, the columns of Ri are reorganized to match the original 
features. Designate the reorganized rotation matrix, which is of size 
N×n [54]. 

3. Results 

3.1. Performance evaluation 

For performance evaluation, we use basic performance measures 
such as overall accuracy, F-measure, kappa statistic (KS) and area under 
the ROC curve (AUC). True Negative (TN) and True Positive (TP) are the 
correct predictions while a False Positive (FP) just like the name implies, 
is falsely predicted as positive (whereas it is actually negative) and a 
False Negative (FN) is falsely classified as negative (whereas it is actually 
positive) [53]. The ROC curve is a graphical tool for evaluating classifier 
efficiency. ROC curves reflect a classifier’s output without taking into 
account the costs of error or the class distribution. In the ROC curve, the 
TP rate is denoted by the vertical axis while FP rate is denoted by the 
horizontal axis. If the class distributions and costs are not known, the 
area under the ROC curve is convenient, and one model is selected to 
denote all cases. The KS is an evaluation metric which takes into account 
the desired figure by extracting it from the accomplishments of the 
classifier, expressing the result as a percentage of the number of the 
classifiers. Therefore, KS reflects the relationship amongst the noticed 
classes and the expected classes, while adapting to a relationship that 
happens by chance. Nevertheless, factors like the basic success rate are 
not taken into account [53]. Cohen [55] described the kappa statistic as 
an agreement index as follows, 

K =
P0 − Pe

1 − Pe
(2)  

where P0 is the observed agreement and defined as 

P0 =
TN + TP

TN + TP + FP + FN
(3) 

The probability of random agreement is measured by Pe [10]. Total 
random agreement probability is the probability that they agree on 
either “Yes” or “No”, i.e.:  

Pe= PYES + PNO                                                                              (4) 

Table 2 
EEG signal classification accuracy for three different emotional states without MSPCA Denoising.  

Table 3 
F-measure, ROC area (AUC) and kappa statistic for EEG signal classification without MSPCA Denoising.  
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where 

PYES =
FP + TP

TN + TP + FP + FN
∗

FN + TP
TN + TP + FP + FN

(5)  

PNO =
FN + TN

TP + TN + FP + FN
∗

FP + TN
TN + TP + FP + FN

(6)  

3.2. Experimental results 

Table 2 presents classification accuracy results using eight different 
classifiers e.g., Artificial Neural Network, k-NN, SVM, RF, C4.5, CART, 
REP tree, and LAD tree. The left half of the table presents single classifier 
results whereas the right half presents the RFE results. Table 3 presents 
the other aforementioned classification performance results, i.e., F- 
measure, ROC area, and Kappa values. The classifiers are run several 
times to achieve the highest performance with trial-and-error method. 
The best performance is achieved with RFE + SVM. In the imple
mentation of the random forest ensemble classifier, the default values 
are used in WEKA.1 In the the implementation of the SVM, the PUK 
kernel with a C value of 100 is used. As shown from the results in 
Tables 2–5, three main findings can be observed: a) the model with the 
highest performance (accuracy) uses the SVM, and the one with the 
lowest performance uses the LAD tree; b) the RFE always outperforms 
the single classification method; c) The MSPCA denoising increased the 
performance of the classifiers. 

3.3. Discussion 

This research presents a novel electroencephalography (EEG) based 
ER framework. The suggested approach consists of four major stages, 
namely MSPCA denoising, TQWT feature extraction, dimension reduc
tion and classification with RFE. Eight different conventional classifiers 
models are used in the classification phase and a comprehensive 
benchmark is obtained. According to the obtained results from 
Tables 2–5, the classifier with the best result is the SVM with RFE 

ensemble technique and the worst one is the LAD tree. To systematically 
assess the effectiveness of the suggested technique, the emotion recog
nition accuracy, F-measure, AUC and Kappa statistics are used. To show 
success of the suggested technique, different well-known methods are 
employed for comparison purposes. This paper is one of the first appli
cation which utilizes combined TQWT and RFE classifier framework for 
the EEG based emotion recognition. There are several studies which 
used various feature extraction and classification approaches. The ac
curacy of the suggested approach is also compared with seven widely 
used state-of-art methods in Table 6. It can be seen from the table that 
the suggested approach in this study outperforms the previous studies 
for EEG-based emotion recognition. 

As shown in Table 6, the proposed framework outperforms in terms 
of emotion recognition accuracy. These results clearly show the effec
tiveness of the proposed framework in EEG based emotion recognition 
when compared to other existing methods. Also, the approach achieved 
approximately 18 % higher recognition rate than the deep learning 
method. The merits of the method are given as below.  

• A novel lightweight approach is used because whole components of 
the proposed have basic mathematical background.  

• The proposed approach can easily be employed to tackle signal 
processing hiccups because the proposed method is very simple.  

• The proposed feature extraction method is very effective because 
high classification rates are achieved by using the suggested TQWT- 
based feature extraction method. This situation clearly shows that 
the features extracted are distinctive.  

• A highly accurate EEG based emotion recognition framework is 
proposed. The comparisons are also shown the success of the pro
posed approach. 

Demerits of the newly proposed method are;  

• The method can be tested on bigger and heterogeneous datasets.  
• In this dataset, we classified positive, negative and neutral emotions. 

Variable emotions for instance surprise, anger, sadness, disgust, etc. 
can be used to test the proposed TQWT based method. 

Table 4 
EEG signal classification accuracy for three different emotional states with MSPCA Denoising.  

Table 5 
F-measure, ROC area (AUC) and kappa statistic for EEG signal classification with MSPCA Denoising.  

1 https://www.cs.waikato.ac.nz/ml/weka/ 
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4. Conclusions 

This study presents a novel TQWT and rotation forest ensemble 
classifier-based emotion recognition framework by using EEG signals. 
The proposed framework consists of MSPCA-based denoising, TQWT- 
based feature extraction, dimension reduction with statistical values 
and classification by using eight conventional classifiers widely 
considered as benchmarks. The proposed TQWT-based framework 
achieved 93.1 % classification accuracy using RFE + SVM ensemble 
classifier. In summary, in this paper, a novel and highly accurate EEG 
signal processing method for emotion recognition is presented. The 
proposed technique is lightweight and its mathematical models are 
simple. Since it is automated, there is no meta-heuristic optimization 
method involved in order to increase classification accuracy. 

In the future studies, our novel TQWT-based RFE emotion recogni
tion framework can be utilized to analyze other EEG datasets from 
different experiments, and other biomedical signals such as ECG and 
EMG. Testing and validating the proposed method on bigger and het
erogeneous datasets is of interest. In this study, we only classified pos
itive, negative and neutral emotions. Using a wider variety of emotions 
such as surprise, anger, sadness, disgust, etc. in order to test the pro
posed TQWT-based RFE emotion recognition framework would also be 
of great interest. 
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