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1. INTRODUCTION

Automatic emotion recognition is becoming necessary for early detection of emotional disorders and
therapy monitoring [1], and as a driver of brain-computer interfaces (BCIs) [2]. One source of emotional
information reflecting a person's true and objective condition is electrical signals in the brain [3], recorded
via an electroencephalogram (EEG). Accordingly, current research on emotion recognition is of interest [4].

The challenge in emotion recognition is that EEG signals do not have a standard shape and are
non-stationary [5], and across multiple channels, data redundancy increases the complexity of emotion
identification from EEG signals [6]. Feature extraction is a crucial step in emotion recognition. Usually, it
uses the frequency or time-frequency domain, considering the frequency bands relevant to emotion class [7].

This research used data from the SJTU emotion EEG dataset (SEED), provided by the
Brain-like Computing and Machine Intelligence (BCMI) laboratory, with three classes: positive, neutral, and
negative [8], [9]. These three classes exhibit distinct frequency bands: theta, alpha, beta, and gamma,
4-48 Hz [8], [10]. Positive emotions are generally associated with increases in beta and gamma components,
resulting in cognitive enhancement. Positive emotions are generally associated with increased beta and
gamma waves, indicating cognitive enhancement. Neutral emotions are balanced across all waves. Negative
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emotions, on the other hand, are characterized by increased theta and alpha waves. Therefore, frequency band
extraction provides distinguishing features for emotion classes [11]. Wavelet transforms are effective for
analyzing the EEG signals, enabling time-frequency decomposition. This is achieved by decomposing
specific frequency bands to preserve the temporal dynamics essential to emotion. It provides robustness
against noise [10].

Previous studies on emotion classification have used convolutional neural networks (CNN),
recurrent neural networks [12], and graph neural networks (GNN). CNNs exploit local spatial and spectral
correlations among EEG channels and frequency bands. CNNs are effective in capturing discriminative
emotional patterns in EEG signals [8], followed by 2D CNNs for multi-channel analysis [13], [14],
asymmetric variables across channel pairs [15]. EEG signals from multi-channel arrays often require spatial
feature extraction, which can be accomplished with a CNN. Therefore, hybrid CNN-recurrent neural network
(RNN) is often used as sequential [16] and parallel [11] approaches. However, these approaches are
susceptible to fluctuations and have high computational time.

CNNs are limited to local recognition, while RNNs process sequential data and lose parallel
information. Transformers allow each element to be simultancously and globally spatially connected,
similar to the connections of neurons in the brain [17]. Transformers more effectively capture global
relations through self-attention mechanisms, making them well-suited for emotion classification from
EEG signals. Furthermore, transformer computation is faster for training and capturing spatio-temporal
patterns. Research shows that transformer-based models achieve superior performance and robustness in
EEG signal classification, allowing for dynamic generalization during learning by reducing irrelevant
components or noise [10], [17].

The vision transformer (ViT) has attracted attention in EEG-based emotion recognition due to its
robust self-attention mechanism, which enables effective modeling of global dependencies across brain
regions and time sequences. When the time-frequency feature extraction results are partitioned into patches,
ViT can capture broad contextual relationships that are difficult to model using CNNs or RNNs [17], [18].
ViT relies solely on data-driven learning, making it less effective when trained on medium-sized EEG
datasets such as SEED and prone to overfitting. This is especially true when inter-subject variability is high,
a challenge that becomes critical as ViT's performance declines significantly [17]. The simplicity of ViT
computation allows for faster learning. This is due to its flexibility in handling various EEG signal
representations by converting them into image formats, making it compatible with ViT patch tokenization.
The patch size is adjustable, allowing ViT to effectively learn hierarchical representations while preserving
global structural relationships in multi-channel EEG signals and frequency-band variability. ViT computation
can be dynamically scaled and allows for parallel computation by processing all input tokens simultaneously.
This method facilitates long-term temporal modeling, addressing RNN issues. ViT allows mapping across
EEG signal channels and frequency bands. It contributes to classification in brain mapping.

Previous research used a single-channel ViT [19]. However, EEG signals are recorded from
multiple channels and require exploration of the information contained in each frequency band [18].
Therefore, wavelet and CNN need to be combined with ViT. The hybrid model helps improve patch-based
ViT learning. Hence, the interpretation and physiological relevance of the learned attention maps are more
meaningful. CNN-ViT was used for emotion classification of a single channel [20], [21].

CNN is suitable for feature extraction, but learning gets stuck on neuron localization. Therefore,
classification is performed using the ViT to capture the global connectivity of multi-channel EEG signals and
various frequency bands with brain connections during specific emotions. The integration of DWT, 2D CNN,
and ViT in this paper represents a new step towards improving accuracy, training stability, and efficiency, as
well as understanding the relevance of each frequency band to emotions.

The novelty of this research is the integration of a 2D-CNN based on wavelets with ViT for
EEG-based emotion classification. Wavelets enable the extraction of frequency bands that correspond to
distinct emotion classes. The 2D CNN-VIiT architecture allows for more stable and robust generalization of
the EEG signal with certain emotions. A hybrid CNN-transformer architecture has been applied to the DEAP
dataset from previous research [21].

2. METHOD
2.1. Dataset description

This study employs SEED, a widely used benchmark for EEG-based emotion recognition [8], [9].
The SEED dataset contains EEG recordings from 15 subjects, each participating in 3 experimental sessions.
Subjects were exposed to stimuli eliciting three emotional states (positive, neutral, and negative) through
emotional film videos. EEG signals were recorded using 62 channels following the international
10-20 system, with a sampling rate of 200 Hz. The reduction from 62 channels to 12 channels was performed
using a relevant region-based channel selection approach [15]. Emotions are closely related to the frontal,
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temporal, and parietal areas. They are FT7, FT8, T7, T8, C5, C6, TP7, TP§, CP5, CP6, P7, and P8 [22]. This
approach maintains neurophysiological relevance while reducing redundancy and computational complexity,
a particularly beneficial property for transformer-based architectures.

Let x.(t) € R, denote the raw EEG signal amplitude recorded from the c®® EEG channel at a
discrete time index t, where ¢ € {1, 2, ..., 12}. An EEG trial consisting of 12 channels and T = 1000 points or
5 seconds is represented in (1).

x(1) - x,(1000)
S : (1)
12(1) - x,,(1000)

2.2. Model design

EEG-based emotion recognition integrates time-frequency analysis, local spatial-spectral feature
learning, and global contextual modeling. Raw signals are extracted in the theta, alpha, beta, and gamma
frequency bands using discrete wavelet transform (DWT). The presence of each of these bands is strongly
correlated with emotional states, facilitating the identification stage [23]. The proposed model, based on a
S5-second dataset or 1,000 points, is decomposed using DWT. Then, the 12 channels are extracted using a
2D CNN and mapped using ViT, as shown in Figure 1.
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Figure 1. Hybrid 2D CNN-ViT model

Figure 1 describes the complete architecture of the proposed model, including the training and
identification stages. During the training stage, EEG data from 15 subjects were collected while they viewed
stimulus videos from three emotion classes (positive, neutral, and negative) across 12 main channels. The
EEG signals were segmented into five-second segments, a time window duration proven to provide an
optimal balance between temporal resolution and stability of emotional features [24]. Then, they were
processed using the DWT to extract five frequency bands, including theta, alpha, beta, and gamma waves,
which represent cognitive and emotional activity [25]. The DWT results are expressed as a 2D topomap
measuring 32 x 32 pixels that displays the distribution of frequency energy against EEG channel positions,
an effective technique for preserving spatial information [26]. This topomap is used as input to a 2D CNN to
extract local spatial patterns across channels and frequency bands. The result is an 8 x 8 x 256 feature map,
which is then flattened into a feature embedding (64 patches x 256 dimensions) and sent to ViT. ViT learns
global relationships between patches using a multi-head self-attention mechanism that is superior in
capturing long-term dependencies compared to recurrent methods [27]. The output of ViT is passed to the
multi-layer perceptron (MLP) head and softmax classifier to determine three emotion classes. The proposed
architecture supports real-time emotion prediction, as shown by the bottom path in Figure 1. New EEG data
recorded in real time is then processed with DWT — 2D CNN — ViT, and every 5 seconds, it generates a
label for one of the three emotion classes.
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2.3. Discrete wavelet transforms
After band-pass filtering in the range of 4—48 Hz, the EEG signal is expressed as (2).

X (t) = Faogp{xc ()} 2

The preprocessing stage uses the DWT. This method was chosen because it can analyze non-stationary
signals such as EEG and provides detailed information on frequency changes over time. Wavelet-based
approaches are superior at capturing abrupt transitions in biomedical signals compared to standard
Fourier-based methods [28]. Each EEG signal segment from the previous stage is decomposed to produce
five main frequency bands: theta (4-8 Hz), alpha (8—13 Hz), beta (14-30 Hz), and gamma (31-48 Hz) [29],
which are related to emotional states. For example, the alpha band often appears in relaxed states, while the
beta and gamma bands are more dominant during times of high mental activity or strong emotions [30].
Recent computational neurophysiology studies confirm that power fluctuations in the high-frequency bands
(beta and gamma) are the most consistent biomarkers for distinguishing positive and negative emotional
valence [25]. Applying the DWT to the filtered EEG signal yields wavelet coefficients as shown in (3).

J
%= ) a4l g+ E D A5 bi® )
j=1

Where aj(,ck) is channel approximation coefficient c, dj(i) is detail coefficient on scale j, and ¢(t),(t) are
scale function and wavelet. Wavelet coefficients are grouped into emotion-related EEG bands as (4).

w, = [wf, wg,wh, w!] @)

Where 6 is 4-8 Hz, a is 8-13 Hz, B is 13-30 Hz, and vy is 3048 Hz.

The DWT decomposition results for each EEG channel are then arranged into a 2D matrix that
represents the energy distribution of each frequency band across the channels. This 2D representation is used
as input for a 2D-CNN to recognize spatial patterns between channels and frequency characteristics related to
emotions. This transformation to an image matrix format allows the CNN model to exploit spatial
correlations between electrodes that are often lost when using only one-dimensional vectors [26]. For each
trial, the wavelet features are arranged into a 2D representation as (5).

M € R¢*B %)
Where C is 12, B is 4 (number of frequency bands), and M is channel-frequency EEG feature map.

2.4. Hybrid 2D convolutional neural network—vision transformer
A hybrid model combining CNN and ViT. At this stage, a convolution operation is applied to
extract local patterns from the 2D DWT representation. The convolution operation is formulated in (6).

SE) =X xK)(i,)) = XmZa X (( —m, j —n).K(m,n) (6)

Where X is the input matrix resulting from the DWT transformation, K is the convolution kernel, and S(i, j)
is the convolutional feature map.

CNNs extract important emotional features in specific frequency bands from multi-channel EEG
signals. Multiple convolutional layers, activation functions, and max pooling operations reduce dimensionality
without losing information, which are key advantages of CNNs. Meanwhile, ViT models global relationships
among features via a self-attention mechanism [31]. The output of the CNN is converted into a fixed-size
patch embedding. ViT utilizes two attention heads and one encoder layer, each equipped with multi-head
self-attention and a feed-forward network. The CNN feature map is divided into N patches as (7).

Zo = [23,28, ..., 2)] (7)
2, =pE +e (®)
Where p; is patch EEG i-th, E is matrix embedding, and e; is positional encoding.

The output of ViT is passed to a fully connected layer and finally determines the emotion category:
positive, neutral, or negative using softmax [32]. The function use (9).
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9 = softmax(WczL + bc) )

Where § € R3 is the probability of class: positive, neutral, and negative. The dataset is split 80% for training
and 20% for testing, a standard split ratio used in the SEED dataset to avoid overfitting and validate model
generalization [33]. The pre-experimental results determined the parameters of batch size 4, AdamW
optimizer, and learning rate 0.0001, as in Table 1.

Table 1. Architecture of hybrid DWT-2D CNN-ViT

Layer Configuration Output shape  Number of parameters
Input layer EEG (32 x 32 x 3) 32x32x%x3 0
Conv2D 1 32 filter, kernel 3 x 3, ReLU 30 x 30 x 32 896
MaxPooling2D 1  Pool 2 x2 15 x 15 %32 0
Conv2D 2 64 filter, kernel 3 x 3, ReLU 13 x 13 x 64 18,496
Flatten - 10816 0
Patch embedding 16 x 16 patch 16 x 256 -
ViT encoder 1 layer, 2 head, MLP dim 256 16 x 256 -
Dense (softmax) Output = 3 classes 3 771
Number of parameters 20,000

Table 1 shows that the CNN component extracts spatial features from the DWT results, while ViT
learns global relationships across channels and time. This model configuration improves the model's ability
to recognize emotional patterns, as measured by accuracy, stability, and time. Throughout the training
process, accuracy values increased steadily, indicating that the model effectively and efficiently learned
spatial patterns and relationships among EEG channels. The AdamW optimizer was selected based on its
ability to separate weight decay from the gradient adaptation step, a common weakness of the standard
Adam. Comparative studies have shown that AdamW converges faster and generalizes better than classical
optimization methods such as RMSProp or regular Adam [34].

The model training process uses a cross-entropy loss function to minimize prediction errors in
multi-class classification. This function works by calculating the logarithmic difference between the
softmax-predicted probabilities and the actual class labels, thereby forcing the model to increase the
confidence in the correct class [35]. All experiments were implemented using the PyTorch framework on a
graphics processing unit (GPU)-powered computing environment for accelerated CNN and self-attention
matrix operations.

3. RESULTS AND DISCUSSION
3.1. Configuration design experiment

To obtain the optimal model configuration, experiments were conducted on several key parameters
of the hybrid CNN-VIT architecture, including positional embeddings, ViT dimensions, the number of
attention heads, the number of encoder layers, and the learning rate, which are presented in Table 2. Table 2
shows that increasing model capacity does not always result in better performance. In configuration B, the
ViT dimension was increased to 256 with eight attention heads, but accuracy actually decreased by 33%.
Configurations A and B are too complex, leading to unstable learning and overfitting. Conversely,
configuration C is more lightweight and achieves 87% accuracy. This simpler architecture can adjust
the learning rate and improve training efficiency while maintaining gradient stability. The optimal
configuration (C) achieved the highest performance with 87% accuracy, significantly outperforming the
initial setup (A) by 28%. Furthermore, the minimal loss of 0.10 in configuration C indicates a significantly
more precise model compared to the others. These results confirm that the applied optimization successfully
stabilized the training process and maximized learning ability.

Table 2. Performance comparison between configurations
Configuration  Positional embedding  ViT (dim-head-layer) Learning rate  Accuracy (%) Loss Convergence remarks

A (initial) Random 128-4-2 10-3 59 0.80 Highly fluctuating
B Random 256-8-2 10-3 33 1.10 Model not learning
C (optimal) Null 128—-2-1 10-4 87 0.10 Stability and fast

Figure 2 shows the transient-state performance from Table 3 of three model designs. Figure 2(a)
shows the accuracy performance. Initially, they have an accuracy of 59% with fluctuations. Configuration A
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appears unstable due to the random embedding. However, the optimal configuration B continues to improve
and reaches 87%. Configuration B remains low, indicating underfitting due to excessive complexity and a
poor learning rate. For the loss value shown in Figure 2(b), the orange curve decreases rapidly from
0.809 to 0.087, indicating solid convergence is occurring. The initialization results remain high and unstable,
while configuration B fails to significantly reduce the loss, indicating underfitting.
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Figure 2. Performance of hybrid CNN-ViT of (a) accuracy and (b) loss

Table 3 presents a detailed comparison of precision, recall, and Fl-scores for each class. As
observed, the proposed improvements resulted in significant performance gains across all categories. In the
negative class, precision increased sharply from 36% to 84%, while recall rose from 12% to 80%, indicating
that the optimized model successfully identifies previously missed negative emotions. Similar enhancements
are evident in the neutral class, where precision improved from 47% to 82%, with recall remaining stable at a
high level (85% to 86%). Meanwhile, the positive class achieved the most consistent results, with precision
rising from 80% to 94% and recall from 66% to 93%, culminating in a high F1-score of 93%. These metrics
confirm that the optimal configuration offers superior sensitivity and precision compared to the initial model.

Table 3. Performance comparison between the initial and the improvisation

Class Precision (%) Recall (%) F1-score (%)
Initial Optimal _ Initial  Optimal  Initial _Optimal

Negative 36 84 12 80 18 82

Neutral 47 82 85 86 60 84

Positive 80 94 66 93 72 93

3.2. Effect of hybrid component: ablation testing

The model configuration was ablated by removing one of the components of DWT, 2D CNN, and
ViT, on its performance, as shown in Table 4. It is shown that DWT improves accuracy by 38.76% and
reduces time by 21.68 minutes. Meanwhile, 2D CNN spatial extraction improves accuracy by 9.53% and
reduces time by 17.3 minutes. ViT achieves an accuracy increase of 1.58% but reduces computation time
significantly, namely 40%, characteristic of training.

Table 4. Ablation testing of DWT, 2D CNN, ViT

Model Accuracy (%) Loss Learning time (minutes)
2D CNN+VIT (without DWT) 47.93 (}) 0.42 34.02 ()
DWT+VIiT 77.16 (1) 0.48 29.70 (1)
DWT+2D CNN 85.11 (1) 0.18 29.65 (1)
DWT+2D CNN+VIT 86.69 (1) 0.08 12.34 ()

Figure 3 shows that the model without DWT has an accuracy below 50% and a loss above 1.0
during training. In contrast, the DWT + 2D CNN + ViT model shows fast and stable convergence starting
from the 10th epoch. The combination of DWT, CNN, and ViT is efficient and robust. The performance in
each case in Table 4 can be illustrated in Figure 3(a) for accuracy, which presents a marked improvement
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over configurations without DWT. Then, the feature reduces dimensionality while still preserving local
spatial features for use in CNNs. Simultaneously, ViT is also added, achieving the highest accuracy, with
improved training stability and reduced computation time. Figure 3(b) presents the corresponding loss
comparison. The DWT-CNN-VIT model provides the lowest loss value, converges, and is stable. These
results confirm that DWT plays a crucial role in extracting features in relevant frequency bands. CNN
effectively models local spatial patterns, and ViT captures simultaneous spatio-temporal relationships
through self-attention.
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Figure 3. Performance of each component of (a) accuracy and (b) loss

3.3. Effect of learning weight correction techniques

After determining the configuration and main components, several optimization algorithms were
assessed for their impact on training. The optimizers compared were Adam, AdamW, AdaMax, NAdam, and
RMSProp, all with learning rate of 1 x 10*. The performance comparison results are presented in Table 5.

Table 5. Comparison of some optimizers
Optimizer  Accuracy (%) Loss  Learning time (minutes)

Adam 86 0.091 12.35
AdamW 87 0.087 12.34
AdaMax 83 0.128 13.50
NAdam 86 0.093 18.04
RMSProp 86 0.105 15.38

Based on Table 6, all optimizers demonstrated relatively stable performance with accuracy above
82%. The differences in results across optimizers were not significant, indicating that the model had achieved
architectural stability; thus, changes to the optimization algorithm did not significantly affect the final
performance. The more influential factors affecting accuracy were model configuration, architectural
components (DWT, 2D CNN, and ViT), and learning rate adjustments. Nevertheless, AdamW was chosen as
the primary optimizer because it provided the best balance between gradient stability, 87% accuracy, and an
efficient learning time of 12 minutes.

3.4. Comparison with previous research

To assess the effectiveness of the proposed model, a comparison was conducted with several
previous studies on the SEED dataset. The goal was to evaluate the performance improvement of the
DWT + hybrid 2D CNN-ViT method compared to CNN- and RNN-based approaches, as presented in
Table 6. The performance of the proposed method was tested on the same dataset, SEED. Table 6 shows that
the DWT + hybrid 2D CNN-ViT approach successfully surpassed previous research. The proposed method
achieved an accuracy of 86.69%, higher than the CNN-only and CNN-RNN approaches. The integration of
DWT, CNN, and ViT improves the model's ability to recognize emotional patterns more accurately,
efficiently, and stably and has the potential to be applied to emotion monitoring.
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Table 6. Comparison with previous research

Method Accuracy (%)
Differential entropy (DE) + SVM and graph regularized extreme learning machine (GELM) [36] 79
Wavelet + 2D CNN [13] 83
Wavelet + multiple CNN [14] 81
Hybrid parallel 2D CNN-GRU [11] 84
DWT + hybrid 2D CNN-VIiT (proposed methods) 87

4. CONCLUSION

The research shows a way to emotion recognition of EEG signals using a hybrid wavelet transform,
the 2D CNN, and the ViT. This seems to improve the recognition of emotional patterns and the robustness
overall. Wavelet transform with DWT gets the relevant frequency bands and handles the non-stationary
aspects of the EEG signals. The 2D CNN captures local spatial features, while the ViT learns global
relationships between features through self-attention, enabling it to capture more complex patterns than a
single CNN method. The combination of these three methods provided good classification performance in
distinguishing emotional states. The evaluation metrics include accuracy, precision, recall, and F1-score,
which gave good performance. This approach demonstrates high potential for application in BCI systems and
real-time emotional monitoring. Architectural configurations such as the number of attention heads, encoder
layers, parameter selection, and weight correction techniques or optimizers significantly influence the
accuracy, stability, and robustness of emotion recognition. The AdamW optimizer provides accuracy
improvements, although not significantly more than the other architectural configurations. Overall, the
recognition performance of the three emotion classes is relatively similar. However, the positive emotion
class provides superior accuracy compared to the other classes. This is not only due to the characteristics of
training data, but also because the positive emotion class is relatively easy to recognize from its more
distinctive frequency band, which is enhanced by the use of wavelet transforms. Future work will focus on
extending the proposed models for cross-dataset evaluation, exploring adaptive channel selection, and
investigating lightweight transformer variants to improve generalization and real-time performance.
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