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ABSTRACT: Electroencephalogram (EEG)-based emotion recognition has gained increasing attention 

due to its potential in objectively assessing affective states. However, many existing studies rely on limited 

datasets and focus on binary classification or narrow feature sets, limiting the granularity and 

generalizability of their findings. To address these challenges, this study explores a ternary classification 

framework for both valence and arousal dimensions—dividing each into low, medium, and high levels—

to capture a broader spectrum of emotional responses. EEG recordings from ten randomly selected 

participants in the DEAP dataset were used. Each 60-second EEG segment was divided into six non-

overlapping windows of 10 seconds to preserve temporal stability and extract reliable features. The 

Hilbert Transform was applied to compute instantaneous amplitude and phase information, enabling the 

detection of subtle variations in emotional states. These features were then classified using a feed-forward 

neural network. The proposed approach achieved impressive classification accuracies of 99.13% for 

arousal and 99.50% for valence, demonstrating its effectiveness in recognizing multi-level emotional 

states. By moving beyond binary labels and leveraging time-frequency domain features, this study 

contributes to the development of more refined and responsive emotion recognition systems. These 

findings offer promising insights for real-world applications in affective computing, mental health 

monitoring, and adaptive human-computer interaction, where precise emotion modeling plays a critical 

role. 
 

Keywords: Electroencephalography, Emotion, Feature Extraction, Hilbert Transform, Multi-Classification, Signal 

Processing 

1. INTRODUCTION 

Emotion refers to the internal affective state, mood, or subjective experience of an individual [1]. These 

emotional states emerge as responses to external stimuli such as events, social interactions, or personal 

thoughts, and are typically accompanied by physiological, cognitive, and behavioral reactions. A wide 

variety of emotions—ranging from happiness, sadness, fear, anger, and surprise to love, hatred, curiosity, 

and disappointment—constitute essential components of human nature. These emotional responses play 

a significant role in daily life, influencing interpersonal relationships, decision-making processes, learning, 

memory, and overall behavior. In recent years, there has been a growing interest in recognizing and 

analyzing these emotional states, particularly for applications in human-machine interfaces, which aim to 

create seamless interaction channels between humans and intelligent systems [2]. Conventional emotion 

recognition methods often rely on external cues such as voice intonation, facial expressions, or posture. 

However, such approaches are vulnerable to intentional suppression or masking of emotions, potentially 

leading to inaccurate interpretations. To overcome this limitation, researchers have turned to 

physiological signals, including electrooculogram, respiration patterns, galvanic skin response, and 

especially electroencephalography (EEG), which captures the brain’s electrical activity in real time [3]. 

EEG signals, which reflect neural communication via fluctuations in voltage across the scalp, are 

particularly promising for emotion recognition, as they originate directly from the central nervous 

system—the primary control center of the body [4]. These signals provide a high temporal resolution, 
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enabling fine-grained analysis of dynamic emotional processes. 

The growing interest in EEG-based emotion recognition has led to the development and use of various 

publicly available EEG datasets. One of the most widely used is the SEED dataset [5,6], which has served 

as the foundation for numerous studies. Li et al., for instance, proposed a hierarchical convolutional neural 

network (HCNN) using differential entropy features arranged in 2D maps to maintain spatial electrode 

topology, achieving a classification accuracy of 86.20% [7]. Asghar et al. adopted a deep neural network 

based on the AlexNet architecture and spectrogram preprocessing, obtaining 93.80% accuracy with an 

SVM classifier [8]. Similarly, Cheah et al. applied ResNet18 to raw EEG signals, yielding a 93.42% accuracy 

in classifying emotions into three categories [9]. Building on these approaches, Xiao et al. developed a 

four-dimensional attention-based neural network (4D-aNN) that dynamically weighted brain regions and 

frequency bands, achieving 95.39% accuracy [10]. In another study, Jin et al. examined both power spectral 

density (PSD) and differential entropy (DE) features, reporting accuracies of 85.24% and 94.72%, 

respectively, using the SEED dataset [11]. 

In addition to SEED, the DREAMER [12] and DEAP [13] datasets have been widely adopted. Song et 

al. reported average recognition accuracies of 90.4% in subject-dependent and 79.95% in subject-

independent settings on SEED, while achieving 86.23%, 84.54%, and 85.02% for valence, arousal, and 

dominance respectively on DREAMER [14]. Zhang et al. proposed a Graph Convolutional Backbone 

(GCB) network with a Broad Learning System (BLS), which achieved 94.24% accuracy using DE features 

on SEED [15]. Li et al. introduced a spatiotemporal demographic network model employing adaptive time 

windows and GRU layers, achieving 68.28% and 71.48% accuracy for valence and arousal on the DEAP 

dataset [16]. Lin et al. developed a Dual-Scale EEG Mixer (DSE-Mixer) combining brain region and 

electrode mixing mechanisms, achieving over 95% accuracy in binary classifications, and between 89.77% 

and 93.35% in four-class tasks [17]. Furthermore, Gao et al. employed a CNN architecture optimized using 

a novel GPSO algorithm for hyperparameter tuning, achieving an average accuracy of 92.00% [18]. 

Despite the notable progress in the field, most existing studies have focused on binary or quadrant-

based emotional categorizations, limiting their sensitivity to intermediate affective states. To address this, 

the current study proposes a ternary-level classification approach for both valence and arousal 

dimensions, offering a more granular understanding of emotion dynamics. EEG data from ten randomly 

selected participants in the DEAP dataset were analyzed. The recordings were segmented into time 

windows, and features were extracted using the Hilbert Transform (HT), which captures instantaneous 

signal characteristics such as amplitude and phase. These features were then input into a feed-forward 

neural network (FNN) for classification. To provide a comprehensive performance comparison, additional 

classifiers—k-nearest neighbors (k-NN) and random forest (RF)—were also employed. All experimental 

procedures were conducted using MATLAB 2023. 

The proposed framework achieved impressive results, with mean classification accuracies of 99.13% 

for arousal and 99.50% for valence, significantly outperforming many existing approaches. These findings 

underscore the potential of ternary-level EEG-based emotion recognition systems to enhance affective 

computing and enable more adaptive, responsive human-machine interactions. 

The rest of this paper is organized as follows: Section 2 outlines the experimental design, 

methodology, and data preprocessing steps. Section 3 presents the experimental results. Section 4 provides 

a detailed comparison with existing classification methods and discusses the implications of the findings. 

Finally, Section 5 offers concluding remarks and directions for future research. 

2. MATERIAL AND METHODS 

2.1. Data Description 

Sander Koelstra et al. [13] developed a multimodal dataset called DEAP, which includes EEG and 

physiological signals. This dataset, derived from recordings of 32 participants aged between 19 and 37 

years, maintained a balanced male-female ratio. In this study, a subset of ten participants was randomly 

selected from the original pool of 32 individuals included in the DEAP dataset. The primary objective of 
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this selection was to conduct a controlled yet representative investigation into multi-level emotion 

classification. By narrowing the focus to ten subjects, a balanced trade-off was achieved between 

computational feasibility and data variability. Furthermore, the emotion ratings provided by each 

participant were used to label their responses into three discrete classes—low, medium, and high—based 

on their individual valence and arousal scores. This ternary classification strategy was chosen to reflect 

the complexity of human emotional states beyond binary schemes and to enable more nuanced modeling 

of affective patterns in EEG signals. 

Each participant was exposed to 40 videos with emotional content, selected manually from a pool of 

120 music videos with affective tags obtained from last.fm. The videos were selected using a web-based 

subjective emotion rating interface. All videos were 1 minute in length and contained music content. EEG 

data were recorded at a sampling rate of 512 Hz using 32 active AgCl electrodes according to the 

international 10-20 system shown in Figure 1. In addition, 13 peripheral physiological signals were 

recorded, including GSR, respiratory amplitude, skin temperature, electrocardiogram, blood volume by 

plethysmograph, electromyograms of the zygomatic and trapezius muscles, and electrooculography 

(EOG). The synchronization of EEG with emotion data began with the display of a fixation cross on the 

screen, with the participant being instructed to relax for 2 minutes. Each participant was then presented 

with 40 one-minute videos on a trial-by-trial basis, preceded by a 2-second progress screen and a 5-second 

fixation cross for relaxation. Due to the highly subjective nature of emotional transition states, participant 

ratings were used to mark induced emotions. 

 The processed EEG recordings in the DEAP dataset were down-sampled to 128 Hz, and eye blink 

artefacts were removed using blind source separation. A band-pass frequency filter from 4.0 to 45.0 Hz 

was applied, and the data were averaged to the common reference before being segmented into 60-second 

trials with a 3-second pre-trial baseline (from the 5-second baseline recording). Participants' ratings were 

provided separately for valence, arousal, and dominance. DEAP and SEED are the two most widely used 

publicly available EEG emotion datasets, both of which use audiovisual stimuli to elicit emotion. While 

the DEAP dataset has a larger number of EEG recordings and physiological signals, the SEED dataset has 

a higher spatial resolution of EEG recordings due to a larger number of electrodes. The SEED dataset used 

15 different video clips with a maximum duration of 4 minutes, in contrast to the DEAP dataset which 

used 40 different 1-minute video clips. Furthermore, the SEED dataset used a categorical emotion model, 

while the DEAP dataset used a dimensional emotion model. The proposed method was only tested on the 

DEAP datasets.     

 
Figure 1. EEG electrode positions [19] 

 

2.2. Methods 

The proposed methodology comprises four distinct stages, each of which is integral to the 

comprehensive analysis of emotional responses. The general flowchart illustrating the relationship 
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between these stages is shown in Figure 2. First, a critical aspect is the establishment of three-level labels 

for each emotion, strategically segmenting the emotional spectrum into low, moderate and high intensity. 

This segmentation is crucial for the subsequent stages of the analysis process [20]. Following the careful 

categorization of emotions, the second step is to segment the data by applying a time window. This 

temporal segmentation of EEG signals is essential to capture nuanced fluctuations in emotional states over 

specific intervals. Temporal segmentation facilitates a granular examination of emotional dynamics, 

allowing for more detailed analysis. An example of temporal segmentation is shown in Figure 3. 

 

 
Figure 2. General flow chart of the methodology proposal 

 

In this study, each 60-second EEG segment was divided into six non-overlapping windows of 10 

seconds. The rationale behind selecting a 10-second window was to maintain a meaningful balance 

between signal stability and temporal resolution. Very short windows tend to reflect transient artifacts or 

momentary fluctuations that may not correspond to stable emotional states. Conversely, significantly 

longer windows may smooth out essential temporal variations, potentially diminishing the discriminative 

power of the extracted features. Therefore, a 10-second window was deemed optimal for preserving the 

integrity of emotional patterns while providing a sufficient number of samples for robust feature 

extraction and classification. This decision also ensured consistency across all participants and trials, 

which is essential for reliable performance evaluation. 
 

 
Figure 3.  Temporal segmentation of EEG signals 

 

The third stage of the proposed method involves extracting relevant features from the segmented data. 

This step is crucial for identifying distinctive patterns and characteristics within the EEG signals that are 

indicative of different emotional intensities. Feature extraction acts as a bridge between the raw data and 

the subsequent classification process, ensuring that relevant information is used effectively. The final step 

is to classify the pre-processed data into discrete emotional classes. Specifically, EEG signals related to 

arousal and valence emotions are stratified into three distinct levels corresponding to low, moderate and 

high emotional intensity. The assignment of labels is derived from participants' ratings, in which each 

emotion is systematically evaluated. A meticulous approach is taken, whereby if individuals give a rating 
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within the range of 0-3, the label is designated as low; if the rating falls between 3-6, the label is classified 

as moderate; and if the rating extends from 6-9, the label is designated as high. It is important to emphasize 

that this categorization methodology is closely linked to the subjective ratings provided by the 

participants, reflecting the diverse range of emotional experiences and responses within the population 

studied. Through this multifaceted approach, the proposed method seeks to provide a nuanced and 

comprehensive understanding of emotional dynamics as manifested in EEG signals.  
The EEG data under consideration were acquired from 32 channels, recorded at a sampling rate of 128 

Hz, and each data segment had a duration of 60 seconds, resulting in a total of 1 trial. Expressing the data 

format as trial × number of channels × samples, the data size for the 60 second interval is 1×32×7680. For 

temporal analysis, the EEG data were then divided into 10 second windows. This temporal segmentation 

resulted in a total of 6 trials, with each trial having a data size of 6×32×1280. In the analysis pipeline, 

features essential for the subsequent classification process were extracted from the EEG signals using the 

HT method. The extracted features were then subjected to classification using three different algorithms, 

FNN, k-NN and RF. The use of multiple classification algorithms contributes to the robustness and 

reliability of the test results. In order to assess the performance of the classification models, all results were 

calculated by averaging the results after a 10-fold cross-validation. This approach ensures a 

comprehensive evaluation, taking into account variations in the dataset through multiple rounds of cross-

validation. It is worth noting that the computational infrastructure used for these processes was a 

computer with a configuration of 16 GB RAM and a 2.92 GHz Intel Core i7 processor. This hardware 

configuration is essential to meet the computational demands of the feature extraction, classification and 

cross-validation processes, thus contributing to the accuracy and efficiency of the analyses performed in 

this study. 
Furthermore, the continuous self-assessment scores for valence and arousal were discretized into 

three ordinal levels—low, medium, and high—using participant-specific thresholds. After this labeling 

process, the distribution of samples across the ternary classes was examined. While the resulting class 

frequencies were not perfectly balanced, no extreme skew was observed. To address potential bias caused 

by moderate class imbalance, a 10-fold cross-validation strategy was adopted, ensuring that each fold 

retained a representative distribution of class labels. This procedure enhances the model’s robustness by 

exposing it to diverse subsets of the data and mitigating the risk of overfitting to overrepresented classes.  

2.2.1. Feature Extraction Using Hilbert Transform 

Data mining and machine learning rely heavily on feature extraction, a technique that is integral to 

discovering and extracting attributes from data sets to improve their relevance and usability [21]. 

Essentially, the aim is to transform complex or high-dimensional data into low-dimensional, meaningful 

and unambiguous features. In the context of this study, feature extraction was performed using HT. In the 

field of EEG signal processing, the extraction of significant features is of paramount importance in 

revealing underlying patterns and information essential for subsequent analysis [22]. The HT proves to be 

a crucial tool in this regard. Particularly being adept at analyzing time-varying signals, the HT facilitates 

the extraction of amplitude and phase information from complex signals such as EEG data. By applying 

the HT to EEG recordings, researchers can capture dynamic changes in brain activity and identify 

temporal patterns associated with specific cognitive or emotional states. Incorporating the HT into feature 

extraction improves our understanding of the temporal dynamics inherent in EEG signals. This in turn 

facilitates the development of robust models for various tasks, including but not limited to emotion 

recognition, cognitive state classification, and diagnosis of neurological disorders.   

The HT, introduced by David Hilbert in the early 20th century, has proven to be a versatile 

mathematical operation with applications spanning diverse fields such as telecommunications, physics, 

and biomedical signal processing [23]. Its efficacy is particularly notable in the analysis of time-varying 

signals, where the representation of frequency as a rate of change in phase over time facilitates the 

investigation of non-stationary signals [22]. In the context of raw data, which inherently encompasses a 

multitude of frequencies evolving   over time, the HT simplifies the representation of these frequencies in 
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the frequency domain. Notably, it introduces a ±90°phase shift based on the sign of each frequency 

component within a function. In the case of this study, the EEG signal, denoted as 𝑘(𝑙), undergoes HT 

processing. This involves convolving the signal with ℎ(𝑡) = 1/𝜋𝑙, as outlined in Equation 1. The impulse 

response of ℎ(𝑙) is detailed in Equation 2. 

 

                                            𝐻{𝑘(𝑡)} = 𝑘̂(𝑙) = k(𝑙) ∗
1

𝜋𝑙
=

1

𝜋
∫

k(𝜏)

𝑙−𝜏
𝑑𝜏

∞

−∞
                                               (1) 

 
                                                   𝐻(𝜔) = 𝐹[ℎ(𝑙)] = −𝑖 ∗ 𝑠𝑖𝑔𝑛(𝜔)                                                              (2) 

 

In Equation 2, the impulse response of the signal exhibits a phase shift of +𝑖 for 𝜔 < 0 and −𝑖 for 𝜔 > 0. 

This indicates that the HT introduces a  +90 degree shift for negative frequency components of the signal 

𝑘(𝑙) and a −90 degree shift for positive frequency components. Adhering to the principle of causality, the 

HT of a signal 𝑘(𝑙) is associated with both its real and imaginary parts, as elucidated in Equation 3. The 

averaging of the real parts of 𝑘̂(𝑙), denoted as (𝐻𝑇𝑓𝑒𝑎𝑡), is mathematically expressed in Equation 4. Here, 𝑛 

represents the length of 𝑘̂(𝑙). In the present study, the values of (𝐻𝑇𝑓𝑒𝑎𝑡) are employed as features, 

effectively representing EEG trials. This utilization of (𝐻𝑇𝑓𝑒𝑎𝑡) as features in the context of EEG trials serves 

to encapsulate the temporal dynamics revealed through the HT.  

 

                                            𝑘𝑛̂(𝑙) = 𝑟(𝑘𝑛̂(𝑙)) + 𝑖(𝑘𝑛̂(𝑙))                                                                     (3) 
 

     𝐻𝑇𝑓𝑒𝑎𝑡 =  
∑ 𝑟(𝑘𝑛̂𝑖(𝑙))𝑛

𝑖=1

𝑛
                                                                             (4) 

 
 In this study, the HT was utilized to extract features from EEG signals, owing to its effectiveness 

in capturing both the instantaneous amplitude and phase components of neural activity. These 

characteristics are essential for decoding the temporal dynamics of emotional states, which often manifest 

in subtle changes in neural oscillations. Unlike Fourier Transform, which is constrained by the assumption 

of signal stationarity and lacks temporal resolution, HT provides an analytic signal representation that 

maintains the non-stationary and nonlinear properties of EEG. Compared to Wavelet Transform, HT also 

offers a simpler implementation framework without the requirement for predefined basis functions, and 

with more direct access to phase-related features that are known to be informative in affective computing 

contexts. 

2.2.2. Classification Procedure 

Both data mining and machine learning require classification techniques [24]. Classification is 

essentially the process of assigning components in a data collection to a particular class or category. This 

process assigns components to specific classes based on characteristics in the existing data collection. 

Classification algorithms discover patterns throughout the learning process and accurately categories 

subsequent cases. The error matrix (or confusion matrix) is a table used to evaluate the performance of a 

classification model. This matrix shows the relationship between the actual and expected classes of the 

model. A three-class error matrix is often divided into four categories: true positive (yP), true negative 

(yN), false positive (hP) and false negative (hN). yP, a true positive occurs when the model correctly 

predicts a sample to be positive, yN, a true negative occurs when the model correctly predicts a sample to 

be negative, hP, a false positive occurs when the model incorrectly classifies a sample as positive, and hN, 

a false negative occurs when a model incorrectly predicts a sample to be negative [25]. The three-class 

confusion matrix is shown in Table 1. These metrics allow us to evaluate the performance of a classification 

model from different perspectives. CA is the overall accuracy rate, sensitivity (SeN) is how well one class 

is recognized, and specificity (SeP) is how well other classes are recognized. CA, SeN and SeP are also 

given in equations 5, 6 and 7, respectively. 
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To evaluate the robustness of the proposed model, 10-fold cross-validation was employed. This 

technique ensures that each segment of the data is used in both training and validation phases, minimizing 

bias and improving the model’s generalizability. This method provides a balanced compromise between 

training size and evaluation reliability. 

Table 1. Class labels 

Confusion 

Matrix 

Predicted Classes 

𝐶𝑙𝑎𝑠𝑠1 𝐶𝑙𝑎𝑠𝑠2 𝐶𝑙𝑎𝑠𝑠3 

Actual 

Classes 

𝐶𝑙𝑎𝑠𝑠1 yP ℎ𝑃1 ℎ𝑃2 

𝐶𝑙𝑎𝑠𝑠2 ℎ𝑁1 yP ℎ𝑃3 

𝐶𝑙𝑎𝑠𝑠3 ℎ𝑁2 ℎ𝑁3 yP 

 

     𝐶𝐴 =  
𝑦𝑃

yP+ℎ𝑃1+ℎ𝑃2+ℎ𝑃3+ℎ𝑁1+ℎ𝑁2+ℎ𝑁3
𝑥100                                                        (5) 

 

     𝑆𝑒𝑁 =  
𝑦𝑃

yP+ℎ𝑁1+ℎ𝑁2+ℎ𝑁3
𝑥100                                                               (6) 

 

     𝑆𝑒𝑃 =  
𝑦𝑃

yP+ℎ𝑃1+ℎ𝑃2+ℎ𝑃3
𝑥100                                                                (7) 

 

2.2.2.1. Feedforward Neural Network 

FNN is a neural network model commonly used in artificial intelligence and machine learning. This 

paradigm features a forward flow in the information processing process, meaning that information starts 

in an input layer and progresses through subsequent layers to the output layer [26]. FNN consists of three 

basic layers, each of which consists of many neurons (or nodes): the input layer, the hidden layer(s), and 

the output layer. The input layer contains the data that the model receives from the outside world. Hidden 

layers are used to extract features from this input and improve the model's learning capabilities. The 

output layer is responsible for the final prediction or classification results of the model. Each neuron 

generates an output by multiplying its inputs with weights and sending them through an activation 

function. This is done using backward learning algorithms, which change the parameters of the model as 

it learns. FNNs have a wide range of applications. They have been used effectively in a wide range of 

applications, including classification, regression, pattern recognition and prediction [27]. When discussing 

FNNs in academic articles, aspects such as activation functions, number of layers, number of neurons, 

learning methods and performance evaluation measures are often highlighted. In addition, analyses of 

the model’s effectiveness and learning capabilities in a given application provide valuable academic 

information. 

In this study, the FNN model was developed using MATLAB’s feedforwardnet function, which is part 

of the Deep Learning Toolbox (formerly known as Neural Network Toolbox). The model was configured 

with default parameters, except that the maximum number of training epochs was set to 100. All 

experiments were conducted with 10-fold cross-validation, and the reported metrics represent the 

averaged results over the folds. 

2.2.2.2. k-Nearest Neighbors 

The k-NN algorithm is a supervised machine learning approach utilized for classification tasks. Its 

operation involves assigning a label to a test trial based on the classification of its nearest neighbor(s) 

within the training set. The algorithm strives to assess the distance or similarity between instances in the 

training and test datasets. This study employed various distance measures, including Euclidean, Cosine, 

City Block, and Correlation [28], to determine the proximity between trials. Notably, the Euclidean 

distance yielded the most favorable outcomes among these measures. The Euclidean distance (EUC) 
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between two trials is quantified using Equation 8, where b and v represent n points, and EUC denotes the 

Euclidean distance. The selection of an appropriate distance measure is crucial in influencing the 

algorithm's performance, and in this case, the study found the Euclidean distance to be the most effective 

[29]. Another key consideration in the k-NN method is determining the value of the k parameter. This 

parameter indicates the number of the nearest neighbors to be considered in the classification process. In 

the present study, the optimal value of k was systematically determined for each modality and subject in 

each run, using the cross-validation method. This meticulous approach ensured the robustness of the k-

NN model, and subsequent test classifications were performed accordingly. The systematic calculation of 

optimal k-values contributes to the adaptability and effectiveness of the model across different datasets 

and scenarios. 

 

     𝐸𝑈𝐶(𝑏, 𝑣) = √∑ (𝑦𝑏𝑖 − 𝑦𝑣𝑖)2𝑛
𝑖=1                                                      (8) 

 

2.2.2.3. Random Forest Algorithm 

The RF is a powerful and popular ensemble learning approach in machine learning [30]. An ensemble 

learning technique combines many separate models to make predictions, and RF is known for its 

adaptability and resilience. The algorithm is a member of the decision tree family of techniques and is 

characterized by its ability to generate a large number of decision trees during training. The RF generates 

a forest of decision trees, each of which is created using a portion of the training data and features. 

Randomization in the selection of both data instances and features increases the diversity among the 

constituent trees, which helps the model resist overfitting and improves generalization performance on 

previously unknown data. In a RF, predictions are made by aggregating the outputs of individual trees. 

For classification tasks, the method uses a majority voting mechanism, but for regression tasks it takes the 

average of the predictions. This ensemble-based technique allows RF to capture complicated correlations 

within the data, providing a robust solution to a wide range of machine learning problems. One of the 

main advantages of the RF is its ability to handle large, high-dimensional datasets containing both 

categorical and numerical variables. In addition, its inherent resistance to overfitting, ease of 

implementation, and adaptability to different domains contribute to its prominence in academic research 

and practical applications [31]. The versatility and effectiveness of the algorithm make it a useful tool for 

solving complicated problems in a wide range of disciplines, including finance, healthcare and image 

identification. 

3. DEPICTION OF EXPERIMENTAL RESULTS 

In this study, an illustrative graph is used to convey the research results, as exemplified by the subject-

specific bar graphs shown in Figure 4. Each graph shows the 10-fold cross-validation results for three 

classification algorithms: k-NN, RF and FNN, applied to 10 different subjects. The individual columns 

within the bar graph correspond to the CA, SeP and SeN achieved for each subject, labelled 

𝑆1, 𝑆2, 𝑆3, 𝑆4, 𝑆5, 𝑆6, 𝑆7, 𝑆8, 𝑆9  and 𝑆10, representing subject 1 to subject 10 respectively. The demarcation lines 

between the bar columns act as boundary indicators, with values of 20, 40, 60, 80 and 100 delineating the 

CA, SeP and SeN scale. In the figure, Subject 10 achieves a value of 88.68% according to the SeP metric, 

whereas a separate calculation reveals a value of 75.82% for Subject 6 based on the SeN metric. Notably, 

given that the experiment involved 10 different subjects, the totality of the experimental results, including 

the subject-specific test CA, SeP and SeN results for each classifier, is systematically presented using these 

graphical representations to enhance the visual clarity and comprehension of the study results. 
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Figure 4. General presentation of topic-specific bar graphs 

 

4. RESULTS 

The primary aim of the current investigation was to overcome this limitation by assessing the 

classification accuracy and efficacy of different EEG feature sets in discriminating emotional states, with 

a particular focus on valence and arousal. Initially, a crucial aspect was the curation of a 3-class EEG 

dataset, where the establishment of three-level labels for each emotion played a pivotal role in strategically 

segmenting the emotional spectrum into low, moderate and high intensities. The dataset was then 

segmented into 6-second intervals. Features based on the HT were then extracted from the segmented 

signals, and the resulting features underwent classification using FNN, with subsequent labelling of 

unknown test trials. The proposed methodology for the ternary-level emotion dataset, comprising 10 

randomly selected subjects, was applied independently to each subject, targeting valence and arousal 

emotions within 6 second time segments. The entirety of the EEG channels was used in all classification 

processes, and the resulting classification results were computed for metrics such as CA, SeN, and SeP. 

The subject-specific bar chart in Figure 5 shows the classification results for each metric using FNN.  

 
Figure 5. Classification results for a) valence and b) arousal emotion with FNN 
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As shown in the figure, the optimal test CA values for valence were found to be 100.00% for subjects 

S1, S3 and S10 respectively. In contrast, the lowest test CA of 98.75% was observed for subject S6 and S7. 

Furthermore, the highest test CAs for arousal were calculated as 100.00% for subjects S5 and S6 while the 

least favorable test CAs were documented as 97.50% for subjects S10. In order to provide a comprehensive 

comparison of the classification results, we also used k-NN and RF algorithms to compute classification 

results for valence and arousal emotions. The results for k-NN are shown in Figure 6, while those for RF 

are shown in Figure 7. As can be seen in Figure 6, the best CA was computed at 97.08% for S1, while the 

worst CA was determined at 69.16% for S7 for valence. Conversely, in Figure 6, the highest CA was 

calculated at 97.50% for S1, while the lowest CA was recorded at 60.00% for S2 for arousal. In Figure 7, the 

CA was calculated at 95.83% for S1, while the least favorable CAs were determined at 77.91% for both S2 

and S7 in the context of valence classification. Conversely, within the same figure, the highest CAs were 

calculated at 94.58% for S1 and S4, while the lowest CA was recorded at 74.16% for S2 in the context of 

arousal classification. In addition, to highlight the effectiveness of using the FNN classifier to classify 

valence and arousal emotions, we present the mean classification results in Table 2. For valence emotion, 

the average values for k-NN were calculated as 77.91%, 76.08% and 87.97% for CA, SeN and SeP, 

respectively. In contrast, the corresponding averages for RF were 85.75%, 82.87% and 91.89%. Similarly, 

for arousal emotion, the means for k-NN were 79.66%, 75.68% and 88.18%, while for RF they were 85.79%, 

81.53% and 91.27%. In particular, when examining the results in the table, it becomes clear that the most 

favorable average classification results are obtained with FNN. Specifically, for valence the averages were 

99.50%, 99.52% and 99.73% for CA, SeN and SeP, respectively, whereas the averages were 99.13%, 98.96% 

and 99.47% for arousal emotion. These results highlight the effectiveness of the FNN in discriminating 

signals within the proposed experimental paradigm of this study. 

 

Table 2. Result of classifying mean CA, SeN and SeP metrics for valence and arousal 

Classifier 
Valence Arousal 

CA SeN SeP CA SeN SeP 

k-NN 77.91 76.08 87.97 79.66 75.68 88.18 

RF 85.75 82.87 91.89 85.79 81.53 91.27 

FNN 99.50 99.52 99.73 99.13 98.96 99.47 

 

 

Figure 6. Classification results for a) valence and b) arousal emotion with k-NN 
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Figure 7. Classification results for a) valence and b) arousal emotion with RF 
 

As shown in Table 3, the subject-wise and average confusion matrix results for valence classification 

with FNN indicate that the model performed particularly well in distinguishing high valence levels. For 

instance, the number of correctly classified high-valence instances was consistently high across most 

subjects. This trend suggests that the features extracted for high valence states were more distinguishable, 

possibly due to higher signal-to-noise ratio or stronger EEG activation patterns associated with high 

arousal-affective states. 

In contrast, low valence samples showed more variability across subjects. For example, S10 had only 

1.80 correctly classified low-valence samples, while S6 achieved 8.80. Some misclassifications were 

observed between low and adjacent medium valence classes, particularly in S9 and S6, where 0.1 and 0.2 

samples were misclassified, respectively. This may be attributed to overlapping feature representations 

between low and medium emotional states, which are often less separable in EEG-based studies. 

Medium valence classes generally showed high accuracy, with almost no confusion across categories. 

However, Subjects 2 and 7 had 0.1 misclassifications from medium to low, indicating a subject-dependent 

variability in class separability.  

Similarly, in Table 4, arousal classification with FNN yielded highly accurate results for high arousal 

across multiple subjects. For instance, S1 (14.3), S3 (7.1), S5 (10.8), S6 (12.0), and S10 (12.5) showed nearly 

perfect or perfect classification in the high arousal category. Misclassifications primarily occurred in 

medium arousal samples, such as in S1 and S2, where 0.1–0.2 samples were misclassified into the high 

class. This is expected due to the gradual transition in physiological patterns between medium and high 

arousal states. Interestingly, the medium arousal class showed the highest variation in classification 

accuracy. For example, S4 had the highest correct classification count for medium arousal (15.9), while S9 

and S10 had lower accuracy due to confusion with low and high classes. The low arousal class was 

generally well classified across subjects, with particularly strong performance in S8 (7.8), S9 (6.4), and S3 

(4.2), but some instances in S10 and S6 were misclassified into the medium or high classes. In both valence 

and arousal confusion matrices, a clear trend is observed where extreme classes (low and high) tend to be 

classified more accurately than the intermediate (medium) class. This can be attributed to the relatively 

blurred emotional boundaries. 
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Table 3. Subject-wise and average confusion matrix results for valence classification with FNN 

 

S1 
Predicted Classes 

low medium high 

Actual 

Classes 

low 7.20 0.00 0.00 

medium 0.00 6.00 0.00 

high 0.00 0.00 10.80 
 

 

S2 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.60 0.00 0.00 

medium 0.10 8.30 0.00 

high 0.00 0.00 12.00 
 

 

S3 
Predicted Classes 

low medium high 

Actual 

Classes 

low 5.40 0.00 0.00 

medium 0.00 11.40 0.00 

high 0.00 0.00 7.20 
 

 

S4 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.00 0.00 0.00 

medium 0.00 10.8 0.00 

high 0.00 0.10 10.10 
 

 

S5 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.00 0.00 0.00 

medium 0.00 11.30 0.10 

high 0.00 0.00 9.60 
 

 

S6 
Predicted Classes 

low medium high 

Actual 

Classes 

low 8.80 0.00 0.20 

medium 0.00 6.00 0.00 

high 0.10 0.00 8.90 
 

 

S7 
Predicted Classes 

low medium high 

Actual 

Classes 

low 6.50 0.10 0.00 

medium 0.10 8.30 0.00 

high 0.10 0.00 8.90 
 

 

S8 
Predicted Classes 

low medium high 

Actual 

Classes 

low 6.60 0.00 0.00 

medium 0.00 4.80 0.00 

high 0.00 0.10 12.50 
 

 

S9 
Predicted Classes 

low medium high 

Actual 

Classes 

low 4.70 0.00 0.10 

medium 0.00 7.10 0.10 

high 0.00 0.00 12.00 
 

 

S10 
Predicted Classes 

low medium high 

Actual 

Classes 

low 1.80 0.00 0.00 

medium 0.00 12.00 0.00 

high 0.00 0.00 10.20 
 

 

We also conducted a comparison with studies in the literature that used the same dataset. The 

methods and results of these studies are presented in Table 5. Looking at the results in the table, it is clear 

that previous research efforts have opted to create a common dataset with four classes combining valence 

and arousal, rather than clearly classifying valence and arousal emotions. In contrast, the current study 

classified valence and arousal emotions into three distinct levels. A review of the literature shows that the 

best result, with a score of 96.90%, was achieved by classifying deep learning architectures with features 

based on continuous wavelet transform (CWT). Conversely, in [38], the least favorable result was 

calculated at 69.67%, using Graph Regularized Extreme Learning. Comparing the results obtained, it is 

clear that the ternary classification proposed in this study makes a significant contribution to the literature, 

achieving test accuracies of 99.50% and 99.13%.   

 Furthermore, Although the class structures differ among studies, we report the comparison to 

demonstrate the robustness of our model under a more fine-grained ternary classification setting, which 

is inherently more complex than binary class divisions. 

4. CONCLUSIONS 

This study implemented and evaluated a methodological framework to fulfil its primary objective to 

assess the classification accuracy and efficacy of different EEG feature sets in discriminating emotional 
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states, with a particular focus on valence and arousal. The research began with the curation of a 3-class 

EEG dataset, strategically incorporating three-level labels indicative of emotional intensity. This was 

followed by temporal segmentation into 10-second intervals, which facilitated the extraction of HT-based 

features for subsequent classification using FNN. Application of the ternary-level emotion dataset to 10 

subjects produced subject-specific bar charts depicting FNN classification results. In addition, a 

comparative analysis with related studies using the same dataset revealed a departure from the 

conventional approach of creating a common dataset with four classes combining valence and arousal 

emotions. Instead, our study adopted a more refined structure by distinctly categorizing valence and 

arousal emotions into three levels each. This enhanced labeling scheme improved the granularity and 

interpretability of emotion classification results. 

 

Table 4. Subject-wise and average confusion matrix results for arousal classification with FNN 

 

S1 
Predicted Classes 

low medium high 

Actual 

Classes 

low 4.20 0.00 0.00 

medium 0.00 5.30 0.10 

high 0.10 0.00 14.30 
 

 

S2 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.00 0.00 0.00 

medium 0.00 11.80 0.20 

high 0.00 0.00 9.00 
 

 

S3 
Predicted Classes 

low medium high 

Actual 

Classes 

low 4.20 0.00 0.00 

medium 0.00 12.60 0.00 

high 0.00 0.10 7.10 
 

 

S4 
Predicted Classes 

low medium high 

Actual 

Classes 

low 2.40 0.00 v 

medium 0.00 15.90 0.30 

high 0.00 0.10 5.30 
 

 

S5 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.00 0.00 0.00 

medium 0.00 10.20 0.00 

high 0.00 0.00 10.80 
 

 

S6 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.60 0.00 0.00 

medium 0.00 8.40 0.00 

high 0.00 0.00 12.00 
 

 

S7 
Predicted Classes 

low medium high 

Actual 

Classes 

low 3.60 0.00 0.00 

medium 0.00 5.400 0.00 

high 0.00 0.2 14.80 
 

 

S8 
Predicted Classes 

low medium high 

Actual 

Classes 

low 7.80 0.00 0.00 

medium 0.10 5.30 0.00 

high 0.00 0.00 10.80 
 

 

S9 
Predicted Classes 

low medium high 

Actual 

Classes 

low 6.40 0.00 0.20 

medium 0.00 4.20 0.00 

high 0.10 0.00 13.10 
 

 

S10 
Predicted Classes 

low medium high 

Actual 

Classes 

low 1.60 0.10 0.10 

medium 0.00 9.30 0.30 

high 0.00 0.10 12.50 
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Table 5. Comparison of classification accuracy with prior studies 

References 
Procedure 

Features Method Classifier Method Classes CA (%) 

[19] Time domain features CNN  4 76.77 

[32] 
Empirical mode 

decomposition 
LSTM  4 88.42 

[33] CWT 
AlexNet, ResNet-18, Vgg-19, 

Inception-v1, Inception-v3 
 4 96.90 

[34] 
Frequency temporal 

spatial 
CNN-FcaNet  4 88.46 

[35] Information Potential RF  4 71.43 

[36] 
Pearson correlation 

coefficient 
CNN  4 73.10 

[37] 

Power spectral density, 

differential entropy, 

differential asymmetry, 

rational asymmetry, 

asymmetry and 

differential causality 

Graph regularized Extreme 

Learning 
 4 69.67 

[38] 
Phase space dynamics 

and poincare sections 
Multi-class SVM  4 81.67 

[39] Spectrograms CNN  4 75.00 

Proposed 

Method 
HT FNN  3 

Valence:99.50 

Arousal: 99.13 

 

The model achieved exceptionally high classification accuracies—99.50% for valence and 99.13% for 

arousal—driven by the synergy of carefully designed methodological components. Specifically, the 

segmentation strategy increased training data while maintaining temporal integrity; the use of Hilbert 

Transform-based features enabled the extraction of rich instantaneous signal characteristics; and the 

neural network architecture captured relevant discriminative patterns. Together, these elements 

contributed to the robust performance of the proposed approach. 

The presented methodology offers a solid foundation for future research into emotional state detection 

using advanced signal processing and classification techniques. The proposed three-level emotion 

classification framework has promising implications across various real-life domains. In healthcare, such 

models can be integrated into neurofeedback systems for emotion regulation therapies, particularly in 

managing anxiety, depression, or post-traumatic stress disorder (PTSD). In education, emotion-aware 

intelligent tutoring systems can adapt instructional content based on a learner’s emotional state, 

enhancing engagement and learning outcomes. In the field of human-computer interaction, particularly 

in affective computing and virtual reality environments, real-time emotion detection can improve system 

responsiveness and user experience. Furthermore, the model’s capacity to distinguish between low, 

moderate, and high emotional intensities allows for a more nuanced understanding of affective states, 

which is critical in continuous monitoring applications. These insights demonstrate that the model is not 

only technically robust but also applicable in diverse interdisciplinary settings where emotional 

intelligence is increasingly vital. 

Despite the promising performance of the proposed model, several limitations must be 

acknowledged. EEG signals are prone to noise arising from muscular artifacts, environmental interference, 

and hardware limitations. The controlled laboratory setting may not fully reflect real-world emotional 

dynamics, potentially affecting ecological validity. Moreover, the use of a feed-forward neural network, 

although effective in static classification tasks, does not leverage temporal relationships that may exist 

within EEG time series. These aspects may introduce variability in classification performance and will be 
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systematically addressed in future investigations. 
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