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Abstract:

This study presents an emotion recognition approach using five-channel electroencephalogram
(EEG) signals analyzed through convolutional neural networks (CNN) and long short-term
memory (LSTM) networks. The goal is to achieve robust binary classification (positive vs.
negative emotion) using minimal electrode input to reduce computational cost. We employed
five electrodes positioned in the prefrontal and temporal regions of the brain to reduce
computational complexity and enhance classification accuracy. Using the SEED dataset (SJTU
Emotion EEG Dataset), we applied continuous wavelet transform (CWT) to generate 2-D
images for the CNN model and wavelet packet transform (WPT) for gamma band extraction
in the LSTM model. Our results show an average classification accuracy of 94.57+0.06% for
CNN and 74.6% for LSTM. We emphasize that, despite using basic architectures, effective
performance was achieved with minimal electrodes. Training time for the CNN model was 3
minutes, and for the LSTM model was 31 minutes, which indicates the robustness of this
methodology. This lightweight system has practical applications in emotion-aware
technologies, mental health tools, and human-computer interaction.
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1. Introduction

Over the past several decades, emotion recognition has garnered significant attention from researchers due to its broad
applicability and potential benefits. Human emotion is a complex phenomenon involving a cascade of physical and chemical
processes within the body, particularly in the brain [1]. Physiologists typically employ two primary models to characterize
emotions: the discrete (basic) emotion model and the dimensional model [2]. Discrete emotions, which were interpreted by
Tomkins [2], comprise nine basic emotions: interest-excitement, surprise-startle, enjoyment-joy, distress-anguish, disgust,
fear-terror, anger-rage, contempt-disgust, and shame-humiliation. It is believed that these nine basic emotions play an
important role in optimal mental health [2]. Due to the inherent complexities of affective states, some researchers argue that
the discrete model has limitations. Consequently, dimensional models, such as Russell’s 2D emotional model (Figure 1), are
more frequently used. This model delineates four major regions: Region 1 encompasses high arousal positive valence (HAPV)
emotions, ranging from feelings of pleasure to excitement; Region 2 covers high arousal negative valence (HANV) emotions,
extending from nervousness to annoyance; Region 3 involves low arousal negative valence (LANV) emotions; and Region 4
includes low arousal positive valence (LAPV) emotions, such as calmness and relaxation [2].
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Figure 1. Russell’s 2D emotional model [2]containing four major regions. Region 1: high arousal positive valence (HAPV)
emotions. Region 2: high arousal negative valence (HANV) emotions. Region 3: low arousal negative valence (LANV) emotions,
and Region 4: low arousal positive valence (LAPV) emotions.

Physiological signals, which are responses to external stimuli originating from the central and autonomic nervous systems
(CNS and ANS), offer valuable insights into the underlying mechanisms of emotion [3]. Among these signals, brain signals
are particularly useful for emotion recognition, as they provide a direct window into brain activity. These signals contain
distinct features that can be analyzed in both the time and frequency domains.

By extracting these features and applying deep neural networks, brain-computer interfaces (BCIs) can engage more
intelligently with users, taking their emotional states into account [3].

Traditionally, affective computing [4] has relied on more conventional modalities such as facial expressions, vocal
intonations, and body gestures to infer physical and emotional states. For instance, some researchers [5] have used dynamic
features like Electrocardiogram (ECG), Electrodermal Activity (EDA), and Electromyography (EMG), and eye-blink signals
for fatigue detection. Some researchers use speech spectrograms as an input feature for speech emotion recognition. These 2-
D representations of speech signals are very suitable for extracting important features of speech signals [6]. Facial expressions,
analyzed through computer vision techniques, provide an intuitive and non-invasive method for detecting emotions. For
instance, specific facial action units are linked to different emotional expressions, such as smiles for happiness or frowns for
sadness. Similarly, audio signals, including pitch, tone, and speech rhythm, have been extensively used to classify emotional
states. Also, EEG has been used for the classification of the BCI multi-class motor imagery task [7] and epileptic seizure
detection [8]. While these methods have shown considerable success in controlled environments, they are often limited by
variations in lighting, occlusions, or cultural differences in facial expressions, as well as background noise in audio recordings.
Consequently, there has been a growing interest in using more direct physiological signals, such as EEG, to overcome these
challenges and enhance the robustness of emotion recognition systems [9].

Various methods have been proposed to monitor brain activity during emotional episodes, with the electroencephalogram
(EEG) being one of the most commonly employed techniques in brain-based emotion recognition due to its effectiveness,
low-cost setup, and high temporal resolution [9]. Several approaches have been developed for classifying emotions using EEG
signals across time, frequency, and time-frequency domains. Research has shown that analyzing EEG signals in the time-
frequency domain is particularly effective for capturing dynamic changes in neural spectra. For instance, Alex et al. [10]
utilized time-frequency techniques to distinguish between genuine and fake emotional expressions, employing k-nearest
neighbor (KNN), support vector machine (SVM), and artificial neural network (ANN) algorithms, with ANN and KNN
classifiers yielding the best results. Lou et al. [11] implemented a spiking neural network to classify emotions based on features
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extracted using discrete wavelet transform (DWT), variance, and Fast Fourier Transform (FFT), finding that variance features
were more effective for processing raw EEG data.

Bagherzadeh et al. [12] employed 2 effective connectivity measures for recognizing five emotional states, utilizing pre-
trained deep learning algorithms, including ResNet-50, which achieved the highest accuracy among other previous works.
During emotional episodes, specific brain lobes exhibit heightened activity relative to other regions. Zheng et al. [13]
demonstrated that the lateral temporal areas show increased activation for positive emotions compared to negative ones,
particularly in the beta and gamma sub-bands. While many studies [14-16] have highlighted the robustness of convolutional
neural networks (CNNs) in automatically extracting features for emotion recognition, whether using pretrained networks or
constructing novel network structures. Some research, such as that by Zhang et al. [17], has explored hierarchical feature
extraction. They constructed various network hierarchies with CNNs to classify emotional states more effectively. In their
work, both EEG signals and Peripheral Physiological signals (PPS) of the DEAP dataset are used, and features of both signals
are extracted. Hwang et al. [15] proposed a method to estimate 3-class emotional states (positive, negative, neutral) from the
62 channels of the EEG SEED dataset. Their method consists of two steps. In the first step, topology-preserving differential
entropy features are generated. In the second step, a CNN network is used for classification. Yang et al. [16] took the
constructed 3D EEG cube as input and used a continuous CNN for emotion prediction from the DEAP dataset.

Mahmoud et al. [18] Leverage CNNs to learn discriminative cues directly from raw EEG signals, simplifying the
preprocessing pipeline and extracting more informative features. They evaluate their approach on two benchmark emotion
datasets, DEAP and SEED. The study reports state-of-the-art performance, achieving accuracies of 96.32% on the SEED
dataset and 92.54% on the DEAP dataset.

In this work, we employed five electrodes positioned in the prefrontal and temporal regions of the brain to reduce
computational complexity and enhance classification accuracy. In the proposed framework, the continuous wavelet transform
(CWT) was utilized as a time-frequency analysis technique on EEG signals to generate 2-D images for CNN-based feature
extraction, while the wavelet packet transform was applied for gamma band analysis using the Long Short-Term Memory
(LSTM) network.

The paper is organized as follows: the database, methods, and proposed networks are described in Section 2. Experiments
and results are comprehensively illustrated in Section 3, and finally, the conclusion and discussion are handled in Section 4.

2. Methods and Materials
2.1. Database

EEG data from nearby time points have certain correlations. On the other hand, EEG activity may undergo coherent, subtle
changes over time. Therefore, using convolutional neural networks (CNNSs) or recurrent neural networks (RNNs) such as long
short-term memory (LSTM) is a reasonable choice [19]. In this study, we utilized the SJTU Emotion EEG Dataset (SEED),
which is a public database provided by the BCMI laboratory [20]. This database provides EEG signals collected from 15
participants while they watched 15 different video clips, each designed to evoke a distinct emotional response: positive,
neutral, or negative. Each participant completed the experiment three times over the course of three weeks, with a one-week
interval between sessions. EEG signals were recorded using a 62-channel device at a sampling rate of 1000 Hz. For the
preprocessed data, all signals were downsampled to 200 Hz, and a bandpass filter with a range of 0—75 Hz was applied. The
dataset for each participant comprises 16 arrays: 15 arrays containing the preprocessed signals and one label array, where
labels are represented as 1 (positive), -1 (negative), and 0 (neutral).
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Figure 2. The block diagram of the proposed methodology: 1) EEG acquisition as external stimuli, 2) Processing the pre-processed
EEG data using the CWT and WPD to generate distinct representations (image and time-series representations), 3) Training CNN
(with image representation as input data) and LSTM (with time-series representation as input data) networks with processed
data. 4) Evaluating the performance of both models to determine which architecture yields superior results
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Our proposed methodology focuses on binary classification of emotions using a significantly reduced number of electrodes.
As previously mentioned, the dataset includes 45 sets of EEG signals (15 participants x 3 experiments) in both raw and
preprocessed forms. To ensure a fair comparison with existing studies, we used the preprocessed data. For each participant,
we excluded the EEG signals associated with neutral emotions because we wanted to do binary classification. We manually
selected 10 EEG recordings corresponding to positive and negative emotions based on the labels provided in the dataset. These
selected signals were used for both CNN and LSTM classifications.

Since it has been proven that the prefrontal and temporal lobes of the brain have a strong correlation with positive and
negative emotional states [21-23], we utilized the following 5 electrodes: FP1, FPz, FP2, T7, and T8 for the classification task.

The block diagram of the proposed methodology is depicted in Figure 2. In the proposed framework, the continuous wavelet
transform (CWT) was utilized as a time-frequency analysis technique on EEG signals to generate 2-D images for CNN-based
feature extraction, while the wavelet packet transform was applied for gamma band analysis using the LSTM network.

2.2. Wavelet Transform

As previously noted, information loss during the processing and feature extraction of EEG signals is often inevitable. One of
the primary advantages of time-frequency analysis is its ability to preserve both temporal and frequency domain features. This
dual preservation capability allows for accurate time resolution at high frequencies and effective frequency resolution at low
frequencies [2].

The Continuous Wavelet Transform (CWT) was employed to convert the 1-D EEG time-series signals into 2-D time-
frequency images, which served as the input for our Convolutional Neural Network (CNN). This transformation allows the
CNN to leverage its spatial feature extraction capabilities by treating the time-frequency representations as image data. The
continuous wavelet transform (CWT) of a given signal is defined as the integral of a family of wavelet functions [24]:

1 (o t-b
CWT(a,b) = = [, v, () - x(B)dt (M
The CWT is defined as the sum of the signal multiplied by scaled and shifted versions of the wavelet function y[24].
CWT(scale, position) = ffom x(t) - Y(scale, position, t)dt (2)

The function y(t) is known as the mother wavelet, and the components of the functions y_ , (t) They are called daughter

wavelets. The daughter wavelets are simply obtained by scaling and shifting the mother wavelet. The scale factor a represents
the scaling of the function y(t), while the shift factor b represents the temporal translation of the function.

For the Long Short-Term Memory (LSTM) network, we used Wavelet Packet Decomposition (WPD) to extract specific
frequency bands, particularly the gamma band (30-75 Hz), from the EEG signals. WPD is a generalization of the Discrete
Wavelet Transform (DWT) that provides a richer analysis by decomposing both the approximation and detail coefficients at
each level, allowing for a more precise isolation of desired frequency components. The discrete wavelet transform (DWT)
will be obtained as follows:

. o 1 t-2Jk

DWTGR)= [ x(®) 7= () d. (3)
where j is the scale parameter, and £ is the shift parameter. WPD applies this decomposition iteratively to segment the signal's
frequency spectrum into distinct sub-bands. By isolating the gamma band through WPD, we obtain a focused time-series
feature set for the LSTM, enabling it to model temporal dependencies within this specific frequency range relevant to
emotional processing.

2.3. Convolutional Neural Network

A Convolutional Neural Network (CNN) is a specialized deep learning model designed to process and analyze visual data,
such as images. The core concept of CNNs lies in their use of convolutional layers, which implement local filtering using
small kernels on the input data. These filters slide systematically over the data, extracting essential features and generating
feature maps that represent the learned characteristics of the input. The output of each convolutional layer is a set of feature
maps that encapsulate these learned features. To reduce the spatial dimensions of these feature maps and enhance
computational efficiency, CNNs often incorporate pooling layers. The most common type of pooling is max pooling, which
selects the maximum value within a localized region of the feature map. This operation helps in down-sampling the data while
retaining critical information.

After passing through several convolutional layers and pooling layers, the output is flattened and directed into one or more
fully connected layers, ultimately feeding into an output layer for classification or regression tasks. In our proposed
methodology, we designed a CNN with six convolutional layers using the tanh activation function, complemented by four
max-pooling layers (Figure 3). The default B1, 2, and € values for the Adam optimizer (learning rate = 0.0001) as implemented
in the TensorFlow/Keras framework (e.g., $1=0.9, 2=0.999, e=10—7) were used. The batch size was not fixed. A total of 2200
images were generated by applying CWT to 1-D EEG signals, which served as input for the CNN. Unlike most existing studies
that employ 32 or 62 channels for emotion recognition, our methodology utilizes a limited number of electrodes (only 5
electrodes), achieving high accuracy while significantly reducing computational complexity.
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Figure 3. Architecture of the proposed CNN. We discovered that placing max-pooling layers between the first three convolutional
layers resulted in a substantial decline in validation accuracy. Thus, no max-pooling layer was used between these layers.

Through multiple experimental iterations, we discovered that placing max-pooling layers between the first three
convolutional layers resulted in a substantial decline in validation accuracy. This decrease is likely due to the information loss
associated with max-pooling, despite its advantages in dimensionality reduction. Max-pooling can cause critical feature loss,
which is detrimental in scenarios requiring detailed feature preservation. To mitigate this issue and retain useful features, we
did not include pooling layers between the first three convolutional layers. A hyperparameter is implemented, which is called
the dropout rate. The dropout rate refers to the proportion of neurons randomly deactivated, or "dropped out," during a forward
pass in training. This regularization technique is applied to prevent overfitting by reducing the network's reliance on specific
neurons, thereby encouraging the model to develop more generalized representations. Typically, the dropout rate indicates the
fraction of neurons set to zero (e.g., a 0.5 dropout rate means half of the neurons are omitted during training). In our proposed
CNN structure, the dropout rate was set to 0.6, and the stride was configured to (1,1). Stride refers to the number of steps the
convolutional filter moves (or slides) across the input feature map during the convolution operation. A flattened layer was
subsequently used to convert the multidimensional feature maps into a single continuous linear vector, preparing data to be
input into the dense layers, which require 1D input. The final classification was performed using a dense layer. A dense layer
combines and interprets the features from the convolutional and pooling layers to make predictions. The detailed input and
output shapes of each layer are illustrated in Figure 4.

2.4. LSTM network

An LSTM network is a type of recurrent neural network (RNN) designed to address the vanishing gradient problem [25]. It
has the ability to capture long-term dependencies in sequential data, making it well-suited for tasks like language modeling,
speech recognition, and time series prediction. LSTMs use memory cells with gates to control information flow, enabling
them to retain relevant information for extended periods and forget irrelevant information [26]. Figure 5 shows the LSTM
structure, which is used in this paper. We used a subject-independent split: data from the first trial of each subject were used
for training, and data from the second trial were used for testing. The third trial was omitted due to computational constraints.
This approach helps ensure generalization across sessions and avoids potential data leakage. For LSTM, we extracted gamma-
band time series using wavelet packet decomposition (Daubechies-4, 4 levels). There was no data overlap between training
and testing sets.

Due to the various lengths of signals, all signals were padded in the first layer in order to have the same length as the longest
time series. A bidirectional LSTM (BiLSTM) layer with 100 neurons is applied to the sequences for detecting time
dependencies. BILSTMs have the feature of additional training by training the data in two different directions (from left to
right and from right to left), which increases the performance and accuracy of the model. Also, BILSTM works effectively to
solve sequence prediction issues and time series [27]. The activation function used for updating cells and hidden neurons is
tanh. In addition, we consider the Adam optimizer with a learning rate of 0.001 for loss calculations. After all, a fully connected
layer, a Softmax layer, and a classification layer are used to classify time-related patterns, respectively.

3. Evaluation and Results

The evaluation of the classification results is done using the confusion matrix, whose entries contain the percentage of
classification results, as shown in Table 1. Based on the confusion matrix, one usually defines 5 main metrics for result
evaluation, which are accuracy, specificity, sensitivity, precision, and F-measure [28].

Accuracy: This metric measures how many cases are correctly classified. It works well if the classes are balanced. It is
defined by Equation 4:

TP+TN

Accuracy = ool ’
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conv2d_input | input [(None, 224, 224, 3)]

InputLayer output: | [(None, 224, 224, 3)]

conv2d input: (None, 224, 224, 3)
Conv2D | output: | (None, 224, 224, 32)

|

conv2d_1 input: (None, 224, 224, 32)
Conv2D output: | (None, 224, 224, 32)

conv2d 2 input: (None, 224, 224, 32)

Conv2D | output: | (None, 224, 224, 32)

}

max_pooling2d | input: | (None, 224, 224, 32)
MaxPooling2D | output: | (None, 112, 112, 32)

I

conv2d_3 | input: (None, 112, 112, 32)
Conv2D | output: | (None, 112, 112, 64)

l

max_pooling2d_1 input: | (None, 112, 112, 64)
MaxPooling2D output: (None, 56, 56, 64)

conv2d_ 4 input: (None, 56, 56, 64)

Conv2D output: | (None, 56, 56, 128)

max_pooling2d_2 input: (None, 56, 56, 128)
MaxPooling2D output: | (None, 28, 28, 128)

conv2d_5 | input: | (None, 28, 28, 128)

Conv2D | output: | (None, 28, 28, 128)

max_pooling2d_3 input: (None, 28, 28, 128)
MaxPooling2D output: | (None, 14, 14, 128)

}

flarren | inpur: | (None, 14, 14, 128)

Flatten | output: (None, 25088)

|

dense | input: | (None, 25088)
Dense | output: (None, 512)

I

dropout input: (None, 512)
Dropout | output: | (None, 512)

I

dense_1 input: (None, 512)
Dense output: (None, 2)

Figure 4. Detailed input and output shape of each layer of the proposed CNN Architecture. In the first layer, "None" represents
the batch size. Since we didn’t use a fixed batch size here, we show this parameter as "None". ""224" represents the height and
width of the input/output images, and "3" corresponds to an RGB image, where the 3 channels represent red, green, and blue
color intensities for each pixel. For each layer, the name, input size, and number of filters are presented. The data in the other

rows have the same meaning

Sensitivity: It is also called recall. It measures how often a classifier correctly classifies a positive result. It is defined by
Equation 5:
TP
(TP+FN) )
Specificity: It is also known as the true negative rate (TNR). A highly specific test means that there are more true negative
results. It is calculated by Equation 6:

TN (6)

(TN+FP)

Sensitivity =

Specificity =

Precision: Precision is a measure of statistical variability. This metric denotes the percentage of correct classifications. It is
defined by Equation 7:

TP (7)

Precision = ———
(TP+FP)
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F-Measure: It represents the harmonic mean of precision and sensitivity values. It is important because if the precision
increases, the sensitivity would decrease instead. It is defined by equation (8):

(PrecisionxSensitivity)

F=2X

(Precision+Sensitivity) (8)

Sequence input

BiLSTM

Fully Connected

Softmax

Classification

Figure 5. The block diagram of using LSTM: 1) Padding the input signals to match the length of the longest time series, 2) Using a
bidirectional LSTM (BiLSTM) layer with 100 neurons to capture time dependencies in both forward and backward directions, 3)
Employing a fully connected layer, Softmax layer, and classification layer for time-related pattern classification

Table 1. Definition of a confusion matrix

Predicted Value

Positive Negative

Positive  True Positive (TP)  False Negative(FN)
Negative  False Positive(FP)  True Negative(TN)

3.1. Model Evaluation
3.1.1.CNN model

The model evaluation has been done on the SEED database. A balanced database consisting of 2200 images was obtained,
that 1100 of which 1100 were labeled as positive and 1100 were labeled as negative. These images were pooled into a common
dataset. We trained the CNN for 60 epochs using 80 percent of the images for training, and 20 percent were used for the test
set. As shown in Figures 6 and 7, the validation accuracy reached a stable state after certain epochs. The average accuracy of
the proposed methodology after 10 runs is 94.57+0.06 % (standard deviation =~ 0.064). For each run, only the training data
has been shuffled. The confusion matrix obtained from the model evaluation can be seen in Figure 8. Values of test data
evaluation metrics for our proposed CNN model are presented in two distinct classes, positive and negative, as shown in Table
2. The reason for presenting these metrics separately is that high precision for one class and low precision for the other might
indicate class imbalance or a bias in the predictions. Similarly, the specificity might indicate the model's ability to avoid false
positives for one class versus the other. These values do not vary too much, which is an indication of our model’s robustness
in correctly classifying two positive and negative emotions.

Table 2. Values of test data evaluation metrics

Precision Recall F1-score Total

Positive Class 94.5% 93.9% 94.5%
Negative Class 94.4% 94.3% 94.4%
Average Accuracy 94.57 +£0.06 %

We did a comparison with other studies using the same dataset in Table 3, which shows that our proposed CNN structure is
highly capable of classifying emotions with only five electrodes, compared to the conventional 32- or 64-electrode
configurations. This reduction in the number of electrodes offers several key advantages. First, it significantly enhances the
system's practicality by reducing setup complexity, which is critical for real-world applications such as wearable devices or
clinical settings. Second, it lowers the computational cost and data processing requirements, facilitating faster analysis and
enabling the deployment of resource-efficient models. In our proposed methodology, the CNN model’s training time was 3
minutes, which means that GPU-based classification using 5 electrodes is a promising method for building a reliable emotion
recognition system. Finally, minimizing the number of electrodes improves user comfort and reduces potential obstructions,
making the system more user-friendly and scalable for diverse populations. Despite the reduced sensor count, the proposed
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method demonstrates competitive performance, underscoring its efficacy and potential for broader adoption in affective
computing and neuroscience research. As we can see in Table 3, to our knowledge, there is only one work ([29]) that uses a
small number of EEG electrodes from the SEED dataset for emotion recognition, similar to our work, but the results of their
work are lower than the results we obtained. There are also two works that use the DEAP dataset for emotion recognition, and
they select EEG electrodes that have more influence on emotion recognition. Zhang et al. [30] use mRMR and ReliefF
algorithms for finding the best EEG electrodes that show the emotion. They consider different cases, and in the best situation,
they obtained 90% accuracy by selecting 12 EEG electrodes from all 32 electrodes of the DEAP dataset. In another work,
Prodhan et al. [31] achieved 95% accuracy for emotion classification by using 12 EEG electrodes of the DEAP dataset. These
results show that finding suitable electrodes that could represent the emotion features is not easy. In our work, we can find
suitable electrodes, and we can obtain 95% accuracy using only 5 EEG electrodes, which is very valuable.

Training and Validation Loss

1.0 1
—— Training Loss

Validation Loss
0.8 1

0.6 1

0.4

0.2 1

0.0 1

0 10 20 30 40 50 60
Figure 6. Training and validation loss vs. number of epochs for the proposed CNN model

3.1.2.LSTM Model Evaluation

We utilized the wavelet packet transform with 4 levels of decomposition using Daubechies 4 as the mother wavelet to extract
the gamma band from the signals.

We used MATLAB 2022, which offers a wide range of deep learning tools. Therefore, due to its robustness, we implemented
this program first to extract the gamma band and afterward to use the LSTM neural network for emotion classification. The
dataset consisted of three trials, each comprising film clips with a duration of approximately 4 minutes. The first and second
trials were used for training and testing, respectively, while the third trial was excluded to reduce computational costs and
address hardware constraints. The proposed LSTM structure achieved an accuracy of 74.6% after a single training run. The
training process, illustrated in Figure 9, reveals oscillations in accuracy over epochs. These fluctuations, observed on the Y-
axis, are a common phenomenon in neural network training due to the stochastic nature of optimization processes.
Contributing factors include the randomness of weight initialization, the use of mini-batches in stochastic gradient descent,
and learning rate variations. Such oscillations reflect the model’s navigation through complex loss landscapes, often
encountering local minima or saddle points during training.

Training and Validation Accuracy

1.0 1
0.9 1
0.8 1
0.7 1
o [
_/ —— Training Accuracy
054 VY Validation Accuracy
0 10 20 30 40 50 60

Figure 7. Training and validation accuracy (Y-axis) vs. number of epochs for the proposed CNN model
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Figure 8. Confusion matrix of the CNN model (Based on average accuracy percentage). The y-axis shows actual values, and the x-

axis shows the predicted output of the model

Table 3. Comparing the results of our proposed models with other studies

Data Accuracy(%) Classifier No. of electrodes Study
SEED 94.57(x0.06) CNN-SoftMax 5 Proposed methodology
SEED 74.6 LSTM-SoftMax 5 Proposed methodology
SEED 86.03 DBN 12 Zheng et al. [20]
SEED 87.26 K-NN 22 Lietal. [25]
SEED 97.16 CNN+LSTM (stack) 62 Iyer etal. [32]
90.41 . . .
SEED 3 classes (Positive, negative, neutral) Extracting differential entropy featurestCNN 62 Hwang et al. [15]
91.67 4
SEED 23 Improved CNN 6 Ramar et al. [29]
94.33 prov 9 :
95.67 12
Training Progress

T

50

Hteraion

||
20

£l

i 0 4

teration

Figure 9. Training Accuracy and Loss for the proposed LSTM model. The y-axis and x-axis depict accuracy and number of
iterations, respectively. This plot was illustrated using MATLAB
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4. Discussion and Conclusion

In this study, we employed two deep neural network architectures, Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks, to classify emotional states from EEG signals (positive and negative classes). Our primary
objective was to develop a robust methodology for binary emotion classification using only five strategically selected
electrodes, aiming to reduce computational complexity and enhance practical applicability.

Our CNN model achieved a remarkable average classification accuracy of (94.57+0.06) % after 10 runs. This high
performance underscores its effectiveness in distinguishing emotional states from EEG data, even with a minimal number of
electrodes, which is significant for real-world applications where computational resources and user comfort are critical. The
success of the CNN can be largely attributed to its inherent ability to effectively process the 2-D images generated by the
Continuous Wavelet Transform (CWT) from the 1-D EEG signals. CWT transforms the temporal EEG data into a time-
frequency representation, creating rich spatial patterns (like spectrograms) that CNNs are exceptionally well-suited to learn
and extract features from. This transformation effectively leverages the CNN's strength in identifying hierarchical patterns
and local dependencies within these image-like representations, suggesting that the spatial and spectral characteristics captured
by CWT are highly discriminative for emotion classification in our setup. The CNN model’s training time was approximately
3 minutes, further demonstrating its efficiency.

In contrast, our LSTM network, which analyzed gamma-band time-series features extracted using Wavelet Packet
Decomposition (WPD), achieved an accuracy of 74.6% after a single training run. While this result demonstrates the LSTM's
capability to process sequential EEG data for emotion recognition, its performance was notably lower than that of the CNN.
This discrepancy merits a rigorous examination. Several factors likely contributed to the LSTM's relatively modest accuracy.
Firstly, the LSTM focused solely on the gamma band, which, while associated with cognitive and emotional processes, might
not encapsulate the full spectrum of temporal dependencies crucial for robust emotion differentiation. Integrating features
from a broader range of frequency bands (e.g., alpha, beta, and theta) or more complex time-frequency representations (similar
to the CWT used for the CNN) could provide richer temporal context for the LSTM. Secondly, the LSTM's hyperparameters
were not as extensively optimized as the CNN's; the architecture was relatively basic, and further exploration of different
LSTM layer configurations, neuron counts, dropout rates, and learning rate schedules could significantly enhance its
performance. Thirdly, due to computational constraints, the third trial of the SEED dataset was omitted for the LSTM training,
potentially limiting the amount of temporal data available for the model to learn from compared to the CNN, which utilized
2200 generated images. Lastly, while LSTMs are excellent at capturing long-term dependencies in time-series data, the
specific nature of EEG emotional patterns might benefit more from the multi-scale spatial feature extraction offered by CNNs,
particularly when signals are pre-processed into a 2D format like those from CWT.

When comparing our results with prior studies using the SEED dataset (Table 3), the strengths and areas for future
improvement become clearer. Our CNN's 94.57% accuracy with only five electrodes is highly competitive, and in many cases
superior, to methodologies using a significantly larger number of electrodes (e.g., Zheng et al. [20] with 12 electrodes at
86.03%, Li et al. [25] with 22 electrodes at 87.26%). This highlights our CNN's efficacy and the practical advantage of a
reduced electrode setup, which is crucial for building lightweight, comfortable, and resource-efficient emotion recognition
systems. While Iyer et al. [32] achieved a higher accuracy (97.16%) using a CNN+LSTM (stack) approach, it is important to
note that their methodology utilized 62 electrodes, emphasizing the trade-off between electrode count and potential accuracy
gains. Our work demonstrates that high performance can still be achieved with significantly fewer sensors. Regarding our
LSTM, its 74.6 accuracy, while demonstrating potential, is lower than other reported LSTM-based approaches or hybrid
models. This reinforces the need for further investigation into optimal feature engineering for temporal models and more
extensive hyperparameter tuning, as discussed above.

Our findings indicate that different neural network architectures offer distinct advantages depending on the data
representation. The CNN's proficiency in extracting spatial features from CWT-transformed EEG signals proved more
effective in our current setup. However, the LSTM's capability to model temporal sequences, despite its current performance,
remains highly relevant for analyzing time-series data like EEG. This suggests that a hybrid approach, or a more tailored
feature extraction method for the LSTM, could provide a more comprehensive understanding of the emotional dynamics
encoded in brain signals. Future research could explore combining these architectures with a smaller number of electrodes to
create a more agile detection system and further reduce computation cost, or incorporating advanced techniques such as
attention mechanisms to enhance the model's ability to focus on critical regions of the data.

Overall, this study contributes to the growing body of work in affective computing by demonstrating the potential of deep
learning models for emotion recognition using a reduced number of electrodes. By refining these models and exploring new
hybrid approaches, there is significant potential to develop more accurate and efficient emotion recognition systems for brain-
computer interface (BCI) systems and real-world applications, such as mental health monitoring, human-computer interaction
(HCI), and adaptive learning environments.

Looking forward, future work could expand on these findings by integrating multi-modal data, such as combining EEG with
other physiological signals or contextual information, to further enhance emotion classification accuracy. Evaluation on
another database (DEAP) was intended, but access to the DEAP dataset was not possible due to the unavailability of the
dataset's website at the time. The study, conducted on a limited dataset of 15 participants from a single country, highlights the
necessity of validating the results on a larger, more diverse dataset. This would include participants of varying ages, cultural
backgrounds, and nationalities to ascertain the generalizability of EEG-based methods across these factors. Ultimately, the
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ambition is to develop emotion recognition systems that are not only more accurate but also capable of real-time application,
paving the way for more empathetic and adaptive human-computer interactions.
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