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Abstract

as attracted increasing research
mputer interfaces. However, the
hallenges for designing a deep
network framework capable of achieving high recognition 4 . ddress this, we propose a hybrid deep
learning architecture that integrates One-Dimensiona i ural Networks (1D-CNNs) with Gated
Recurrent Units (GRUs) and Long Short-Term TMs) to enhance feature extraction and
emotion classification.

Purpose: Emotion detection using Electroencephalogram (EEG) si
attention due to its potential applications in affective computi

Materials and Methods: Experiments
decreasing the number of EEG channels

accuracies 0£99.92% and 99.82%;respectively. When the input was reduced to 4 channels, the models maintained
strong classification performance ieving accuracies of 96.38% and 96.53%, respectively. These findings
demonstrate that a substantial reduction in the number of EEG channels does not necessarily compromise
recognition performance.

Conclusion: The proposed hybrid framework successfully balances accuracy and efficiency, showing that EEG-
based emotion recognition can achieve near-perfect performance with fewer channels. This reduction lowers
computational cost, simplifies system design, and enhances practicality for real-world applications. Future work
will involve applying the framework to alternative datasets and exploring adaptive channel selection strategies to
generalize its applicability further.
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EEG-Based Emotion Detection via Hybrid DL

1. Introduction

Electroencephalogram (EEG) signals have emerged
as a valuable modality for emotion recognition
research due to their potential in applications such as
online gaming, healthcare monitoring, and human-
computer interaction [l1]. Maintaining robust
classification performance while limiting the number
of EEG channels presents a significant challenge in
EEG-based emotion recognition. Traditional systems
rely on a large number of electrodes to capture detailed
brain activity, but this setup limits portability and
increases computational load. Therefore, developing
efficient models that can recognize emotions with
fewer EEG channels is both a practical and scientific
necessity.

In emotion modeling, the valence—arousal (V-A)
space is a widely used two-dimensional representation
of affective states [2]. Valence denotes the degree of
emotional pleasantness, ranging from unpleasant
states at lower values to pleasant states at higher
values. In contrast, arousal reflects the intensity
emotional activation, spanning from calm or re
conditions (low arousal) to highly excited or

categorized into four quadrants, as de
1, HVHA (High Valence, High 4

Valence, Low Arousal), a
relaxation and contentment;

HA (Low Valence,
High Arousal), encompassing emo
and tension; and LVLA (Low Valence, Low Arousal),
such as boredom and

ns such as anger

corresponding to states
depression. These four categories serve as the class
labels in our classification model. A central difficulty
in this research lies in accurately detecting and
classifying emotional dimensions from physiological
and biological signals acquired by body sensors.

In the physiological state, Electroencephalogram
(EEG) signals, which are non-linear, non-stationary,
and highly noisy, have been a significant challenge for
emotion recognition in recent years [3- 5]; the
amplitude of which ranged from 0.5 to 100 uV and
was divided into four bands named delta (1-4 Hz),
theta (4-7 Hz), alpha (8-12 Hz), beta (12-25 Hz), and
gamma (25-44 Hz). Moreover, the purpose is to define
new feature maps from EEG signals to recognize and

XX

optimize emotional states, thereby achieving higher
criteria, such as accuracy [4, 6].

Arousal

A

LVHA HVHA

Low < » High

LVLA

HVLA

combination of deep networks, a
volutional Neural Network (CNN), and Recurrent
Neural Networks (RNN). In detail, our CNN
itecture is a One-Dimensional CNN (1D-CNN).
e RNN structures are the Gated Recurrent Unit
(GRU) and the Long Short-Term Memory (LSTM),
which we have combined to produce hybrid networks
called 1D-CNN-GRU/LSTM. Moreover, they can
features based on the

extract time-dependent

structures of these networks.

In recent years, EEG-based emotion detection has
attracted considerable research interest, leading to the
development of diverse Machine Learning (ML) and
Deep Learning (DL) approaches to tackle this
complex task [4, 7]. These approaches can generally
be classified into three categories: discrete emotion
classification, two-dimensional (V—A) modeling, and
hybrid feature—architecture frameworks.

Early models relied on the classification of basic
emotions. For example, Ekman [8] introduced six
fundamental emotions (anger, disgust, fear, happiness,
sadness, and surprise), and Plutchik [3] extended this
to eight categories. However, more recent studies have
adopted the V-A model, which yields a continuous
two-dimensional mapping of emotions and has
become a standard approach in EEG-driven emotion
recognition research.
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Several researchers have employed deep learning
architectures such as CNNs, RNNs, and hybrid models
to extract both spatial and temporal features from EEG
data. For instance, Xiang Li et al. [9] proposed a
hybrid C-RNN model utilizing continuous wavelet
transforms, achieving valence and arousal
classification accuracies of 74.12% and 72.06%,
respectively. Alhagry et al. [10] utilized LSTM
networks on the DEAP dataset, achieving 85.65%
accuracy for arousal and 85.45% accuracy for valence.
Lin et al. [11] implemented an end-to-end CNN using
AlexNet and reported accuracies of 82.30% and
85.50% for arousal and valence, respectively.

More advanced hybrid architectures have also
emerged. Li et al. [12] presented CLRNN (CNN-
LSTM-RNN) with 75.21% average accuracy per
subject. Zhang et al. [13] introduced a multi-task
shared hidden layer deep neural network (MT-SHL-
DNN), reaching 78.34% on the ABS dataset. Cimtay
[14] applied a dense CNN to DEAP and SEED,
achieving up to 72.80% accuracy on DEAP. Acharya
et al. [15] combined FFT-based feature extraction with
CNN and LSTM models, reporting up to 88
Zhang et al. [16]
handcrafted statistical features and achieved,94.

|
LSTM model using frequeéhe§~domain features

validation. Iyer et al. [17]
d 97.16% on the

¥| integrated pre-

accuracy. Similarly,

(differential entropy) and achie
SEED dataset. Uttam Singh et al. [
processing, data augmentation, and metaheuristic
channel selection, achieving 92.5% (valence) and
81.25% (arousal) accuracy. Jha et al. [19] applied a
multi-column CNN architecture to brainwave and
DEAP datasets and reported 81% accuracy on the
latter. Fan et al. [20] used capsule networks and
residual LSTM (ICaps—ResLSTM), obtaining over
97% accuracy on DEAP and DREAMER datasets.
Asemi et al. [21] proposed a hybrid GWO-XGBoost
method with feature selection, reaching 89.63%
(arousal) and 89.08% (valence) using statistical
features.

While
progress, most rely on the full 32-channel EEG
configuration, which increases hardware complexity

these studies demonstrate significant
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and reduces portability. Moreover, few provide a
detailed analysis of model size, computational cost, or
In contrast, our proposed
methods are designed with lightweight architectures, a
reduced number of trainable parameters, and
computation, all while achieving

inference efficiency.

optimized
comparable or even superior performance.

Specifically, the input dimensionality is minimized
without compromising classification accuracy by
systematically decreasing the number of EEG
channels to eight and four, guided by physiological
and anatomical considerations. This reduction not
only decreases training time and memory demands but
also lowers energy consumption, thereby enhancing
the feasibility of the proposed framework for real-time

g propose the EEG-based hybrid deep
gning models (1D-CNN-GRU/LSTM)
ored for emotion recognition.

We demonstrate that the proposed models
can maintain high accuracy using only four
EEG channels, a setting rarely explored in
the literature.

e We design a lightweight 1D time-series
architecture specifically tailored to reduce-
channel EEG (4-8 electrodes). By aligning
temporal receptive fields and recurrent
memory depth with the minimal-channel
constraint, the model preserves state-of-
the-art accuracy (=96% with 4 electrodes)
while substantially reducing model size and
on-device computational cost.

e  Our approach achieves a practical trade-off
between accuracy, simplicity, and real-time
applicability, making it suitable for
portable EEG systems.

Unlike previous CNN-RNN hybrids that assume
dense multi-channel EEG input, our design explicitly
co-optimizes (i) 1D temporal convolutional kernels,
(i) GRU/ALSTM memory wunits, and (iii)
normalization/activation schemes for an information-
bottleneck regime with only 4-8 channels. This
coupling is crucial when spatial redundancy is limited;
it preserves discriminative temporal dynamics without
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relying on wide spatial sampling and thus makes the
architecture suitable for wearable, reduced-electrode
emotion-recognition systems.

The remainder of this paper is organized as follows.
Section 2 provides an overview of the methods and
approaches relevant to this study. Section 3 presents
the experimental results and corresponding
discussion. Finally, Section 4 concludes the paper and
outlines directions for future research.

2. Materials and Methods

A brief explanation of the hybrid networks is
provided below. Moreover, an overview of the
proposed methodology is depicted in the block
diagram shown in Figure 2.

2.1. Dataset

In this work, we used a well-known dataset of
physiological signals called DEAP [22]. DEAP is a
multimodal dataset that contains 32 EEG channels a
other peripheral physiological signals, suc
Electromyogram (EMG), blood volume
(EOG),
plethysmograph, and Galvanic Skin
collected from 32 participants (16 ma
aged between 19 and 37 [22].

Electrooculogram skin

Participants were expose
gwing every trial,
their emotional

each lasting one minute. ¥
participants provided self-repo
states along the dimensions of arousal (passive—
active), valence (negative—positive), liking (like—
dislike), and dominance. In this study, we employed
pre-processed EEG signals sampled at 128 Hz. EOG
artifacts were removed from the recordings, and a
band-pass filter in the frequency range of 4.0-45 Hz
was subsequently applied.

The common reference for the EEG signals is their
average. The dataset is categorized into four classes,
as described in Section 1, based on the threshold
values of valence and arousal. Table 1 summarizes the
corresponding class labels. A threshold of 5 is applied
for dimensional categorization, whereby values
greater than 5 are considered high.

Table 1. The Classification Labels

Classified Labels
Labels
HVHA HVLA LVHA LVLA
Valance >5 >5 <5 <5
Arousal >5 <5 >5 <5
election

oal of this research is to improve
ep neural networks in the DEAP
rpose, the number of required
was reduced to four, while still

tilizing a larger number of channels, as
ibed in Table 2. To reduce system complexity
maintaining high recognition accuracy, we
ected a subset of EEG channels based on a
combination of physiological, anatomical, and prior
literature insights [23, 24]. Specifically, the prefrontal,
frontal, and occipital lobes are known to be critical in
emotional processing, as supported by numerous
neuroscientific findings. Accordingly, our 14-channel
configuration includes regions across the frontal (e.g.,
FP1, FP2, F3, F4), temporal (T7, T8), parietal (P7,
P8), and occipital (O1, O2) lobes.

The 8-channel and 4-channel configurations were
derived by progressively eliminating less emotion-
relevant channels while preserving bilateral symmetry
and anatomical coverage. In the 4-channel

configuration, we selected two frontal channels (FP1,

Hybrid Network

Figure 2. The overall block diagram of the proposed method
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FP2) and two occipital channels (O1, O2), which are
highly associated with emotional valence and arousal
in EEG literature [23, 24]. While our current study
focuses on these manually selected subsets, future
work will involve evaluating data-driven channel
selection techniques (e.g., mutual information,
feature  elimination,  metaheuristic
algorithms) and comparing performance across
different combinations. Such analysis can further
validate the robustness of our selected configurations.

recursive

Table 2. Channel Selection

14 Channels 8 Channels 4 Channels

Chans. Index region Chans. Index region Chans. Index region
AF3 2 F FP1 1 F FP1 1 F

AF4 18 F FP2 17 F FP2 17 F
F3 3 F AF3 2 F o1 14 (0]
F4 20 F AF4 18 F 02 32 ¢]
F7 4 F (0] 14 O
F8 21 F 02 30 O

FC5 5 F PO3 13 P

FCo6 22 F PO4 31 P
T7 8 T
T8 26 T
P7 12 P
P8 30 P
(6] 14 (0]

F: Frontal T:Te

02 32 0 P: Parietal O:

The selection of EEG cha

by previous neurophysiologie
empirically validated through s
analysis. As demonstrated in bles 4 and 6,

classification accuracy exhibits a gradual and
consistent decrease as the number of channels is
reduced from 14 to 8 and further to 4 channels. This
monotonic performance trend indicates that each
reduction step corresponds to a measurable loss of
spatial information, rather than an abrupt or erratic
change that could suggest redundancy or information
leakage. Moreover, the preservation of bilateral
symmetry in channel selection contributes to balanced
class-wise performance, as reflected in the confusion
matrices,

thereby supporting the stability and

interpretability of the reduced-channel configurations.
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2.3. Pre-Processing

Given that raw EEG signals are inherently prone to
artifacts, ranging from eye blinks and muscle activity
to environmental noise, pre-processing is an essential
step in ensuring reliable emotion recognition. These
non-neural components can significantly degrade the
quality of extracted features and lead to poor
classification performance. To ensure signal reliability
and optimize model learning, we applied a
comprehensive pre-processing pipeline to the DEAP
dataset, including artifact handling, baseline
correction, band-pass filtering, epoching, shuffling,
and normalization, as detailed below.

e primary EEG frequency bands
and low gamma) relevant to
7 Although the DEAP dataset

me fluctuations caused by movement artifacts.
e versions of this work may incorporate

pendent Component Analysis (ICA) or Blind
ource Separation (BSS) for more advanced artifact
Each trial baseline-corrected by
subtracting the mean signal during the 3-second pre-

removal. was
stimulus interval from the entire trial to eliminate
initial resting-state bias. The continuous EEG signals
were segmented into non-overlapping 2-second
epochs, resulting in 31 epochs per 60-second trial.
This duration was chosen to balance temporal
resolution and signal stability. Each epoch contains
256 samples (given the 128 Hz sampling rate),
forming the input window for the deep learning
models. To avoid potential bias arising from the order
of data collection, all epochs were randomly shuffled
that the model
generalizes well and does not overfit to specific
sequences or subjects.

before training. This ensures

EEG signal amplitudes vary across channels and
subjects. We applied two normalization methods:

1. Min-Max Scaling

Rescales each signal to the range [0,1], enhancing
uniformity across inputs, calculated as (Equation 1):

XX



EEG-Based Emotion Detection via Hybrid DL

X - Xmin

Xscaled = X (1)

max — Xmin

Where min is the minimum, max is the maximum,
and X is the attribution value.

2. Z-score Normalization

Each channel was standardized by subtracting its
mean and dividing by its standard deviation, thereby
preserving the statistical structure of the data while
reducing sensitivity to inter-subject variability,
obtained as (Equation 2):

2

Where u and o are the mean and standard deviation
of X , respectively.

2.4. Proposed Deep Neural Network

We propose two hybrid deep neural network
architectures: 1D-CNN-GRU and 1D-CNN-LST
These models combine convolutional layers, wk
are well-suited for spatial pattern extraction,
recurrent layers, which are capable of modeling

leverages the complementary str
architectures to capture complex
dependencies in EEG data.

2.4.1.0ne-Dimensional C ional Neural

Network

One-Dimensional Convolutional Neural Network
(1D-CNN) structure is described in Figure 3. The
structure of 1D-CNNincludes convolutional layers
with small kernel sizes to extract localized signal
features, followed by max-pooling to reduce
to prevent

dimensionality and dropout layers

EREEE

Fully

Input Channel 1D Convolution 1D Max-Pooling 1D Convolution
Connected

Figure 3. The structure of 1D-CNN
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overfitting. The final dense layers map the extracted
features to the emotion class space. This structure is
particularly effective for 1D time-series signals such
as EEG [3].

2.4.2.Recurrent Neural Network

To address the limitations of simple Recurrent
Neural Networks (RNNs), particularly their inability
to retain long-term dependencies due to vanishing
gradient problems, we employed two advanced
recurrent units: Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU). These architectures
are designed to capture the temporal structure of EEG
signals more effectively [4, 7].

the GRU reduces model
ing time without compromising
ed by LSTM networks.

corporates input, forget, and output
ate the flow of information and preserve
; emporal dependencies. This makes it
icularly suitable for modeling delayed emotional
onses in EEG data.

Both GRU and LSTM architectures were
implemented and evaluated to determine their
effectiveness in emotion recognition using reduced-
channel EEG inputs. The detailed internal structures

of these recurrent units are illustrated in Figure 4 [25].

24.2.1. Long Short-Term Memory

Figure 4a illustrates the basic Long Short-Term
Memory (LSTM) structure. It has three gates: input,
forget, and output gates [1, 4, 25]. According to these
gates, LSTM decides which information is essential to
keep and which is unnecessary. Memory units used in
the LSTM cell allow it to carry relevant information
and remember the previous steps. Cell state (c,) is the
key part of an LSTM. The first gate, known as the
forget gate, determines which information from the
cell state should be retained and which should be
discarded, a decision governed by a sigmoid activation
function. The second gate, i.e. the input gate, regulates
which new information will update the cell state, again
using a sigmoid function to control this process.
Subsequently, a tanh layer generates a vector of

FBT, Vol. 13, No. 4 (Autumn 2026) XX-XX
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candidate values in the range of —1 to 1, representing
potential updates to the cell state, as in Equation 3.

3)

tanh(x) = m —

2.4.2.2. Gated Recurrent Unit

Figure 4b shows the basic Gated Recurrent Unit
(GRU) architecture. It is like an LSTM with a forget
gate [1, 4, 25]. However, it has fewer parameters than
LSTM. The point of this network is to be faster than
LSTM in computing the parameters. Also, this
network contains the rest and update gates. The GRU
integrates the current input with the hidden state from
the previous time step, which carries the relevant
historical information. It then produces the output for
the current time step and updates the hidden state,
which is subsequently propagated to the next time step
[4, 26]. As shown in Figure 4a, there is a tanh, the
same as LSTM, in the hidden state of the network.

Figure 4. RNN structure (a) LSTM (b) GR

2.5. Data Shape

split into train,
a ratio of

All pre-processed data we
validation, and test subsets
60%:20%:20%, respectively. To prevent overfitting
and ensure robust generalization, we carefully
designed the data-splitting process to avoid any
potential data leakage. Specifically, we employed a
subject-independent evaluation strategy, where the
data from each subject is strictly used in either the
training or testing set, but never both. This approach
ensures that the model does not rely on subject-
specific patterns and instead learns generalizable
emotional features across individuals.

Although the DEAP dataset contains 32-channel
EEG recordings for 32 subjects, we extracted non-
overlapping 2-second epochs per trial (31 per 60-
second video), and these were grouped by subject
before shuffling and partitioning. No overlapping

FBT, Vol. 13, No. 4 (Autumn 2026) XX-XX

epochs from the same subject, trial, or emotional
condition were allowed to be distributed across
training and test sets. These steps were taken to ensure
that the exceptionally high accuracy is due to the true
model performance and not a side effect of data
leakage or memorization.

2.5.1.Validation Integrity and Leakage Control

To ensure the validity and reliability of the reported
results, a strict subject-independent validation strategy
was employed, with particular attention to preventing
data leakage. Given the exceptionally high
classification accuracies observed in reduced-channel
EEG settings, rigorous validation integrity is essential
to confirm thagfthe results reflect genuine model

an memorization or statistical

orrection, segmentation, and

vere performed independently within

assigned exclusively to training, validation,
pst sets at the subject level, ensuring that no
idual contributed samples to more than one
bset. Epoch segmentation was applied only after
subject-level partitioning, which prevents overlapping
temporal windows from the same subject or trial from
being distributed across different splits.

Second, normalization statistics were computed
solely from the training subjects and subsequently
applied to the validation and test sets. This design
guarantees that no statistical information from unseen
subjects influenced model training. All shuffling
procedures were restricted to the training set, and no
trial-level or epoch-level samples were shared across
subsets.

Beyond protocol design, the integrity of the
validation strategy is further supported by the model's
different  channel
configurations. As reported in Tables 4 and 6,
classification accuracy consistently decreases as the
number of EEG channels is reduced from 14 to 8 and
finally to 4 channels. This performance reduction is

empirical behavior  across

consistent with the decrease in available spatial
information when fewer EEG channels are used.
Instead, the observed performance trend indicates that
reduced

the models rely on progressively
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physiological information, thereby providing indirect
empirical evidence that the reported accuracies are not
inflated by leakage artifacts. Collectively, the
combination of subject-independent partitioning and
leakage-aware pre-processing supports the validity of
the subject-independent evaluation procedure and
indicates that the reported results reflect genuine
generalization across subjects rather than data leakage
or overfitting.

2.6. Hyperparameter

To achieve the best results, hyperparameters must
be tuned. The batch size used in our model is 256.
Moreover, the loss function, named categorical cross-
entropy, was employed to update the weights during
backpropagation, which is suitable for multi-labeled
data. Our research work uses the optimizers Adam,
Adamax, and AdamW. The Adamax, Nadam, and
AdamW are variants of the Adam optimization. The
Adamax optimizer is a first-order gradient-based
optimization method. Based on its capability of
learning the rate of data characteristics setting, it is Qi
of the suitable optimizers in time-variant proce
However, the Nadam optimizer is the same as
Adam optimization with Nesterov _i@mentt
AdamW is a stochastic method that
implementation of weight decay

optimizer. In addition, the callk
patience value of 20, monif®
value. 200 is our default ep0

2.7. 1D-CNN-GRU

A combination of 1D-CNN and GRU is the first
proposed model. Table 3 presents the structural details
of this network. The input size of the network is
256x1. The first layer is convolutional with a filter size
of 125 and the activation function of rectified linear
units (ReLU), calculated as Equation 4. Following the
first convolutional layer, a max-pooling layer with a
pool size of 2 was applied. To mitigate overfitting, a
dropout rate of 0.2 was introduced after the second
convolutional layer, which was identical to the first.
These layers were followed by two GRU layers with
256 and 32 units, respectively, each accompanied by a
dropout layer of 0.2. The output was then flattened to
form a one-dimensional feature vector before being
passed to a dense layer with 128 units and a ReLU
activation function. Finally, a dense output layer with

XX

four units, corresponding to the number of classes, was
employed with a SoftMax activation function for
classification, calculated by Equation 5.

F(x) = max (0,x) @
= SXP )
SoftMax(x;) = Yexp (xj) ®

2.8. 1D-CNN-LSTM

This model is almost identical to the first proposed
network, 1D-CNN-GRU. The only difference is
replacing the LSTM layer with the GRU. We
summarize the model's overview in the Table 3.

d the performance of both models
analytical analysis, including a

ummarizes prediction classes versus true classes
classification problem. In classification tasks,
racy measures the proportion of inputs that are
correctly categorized into their true classes (Equation
6):

TP + TN
TP+TN+ FP+FN

Accuracy = x 100 (6)

Where TP is True Positive, TN is True Negative, FP
is False Positive, and FN is False Negative.

An important parameter for the analysis of an
imbalanced dataset is the Fl-score. The measure is
defined as the harmonic mean of precision and recall,
with weights reflecting their relative importance. They
can calculate as follows (Equations 7-9):

TP
= 7
recall TPLFN (7
.. _ TP
Precision = ——— ()

precision X recall
F1 —Score = — )
precision + recall

FBT, Vol. 13, No. 4 (Autumn 2026) XX-XX
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Table 3. The structure details of the Hybrid Networks

The Hybrid Proposed Networks

1D-CNN-GRU Parameter 1D-CNN-LSTM Parameter
Input layer (256, 1) Input layer (256, 1)
CONVID + ReLU F=128, k=3 CONVID + ReLU F=128, k=3
Maxpooling 1D Pool size=2 Maxpooling 1D Pool size=2
Dropout Rate=0.2 Dropout Rate=0.2
CONVID + ReLU F=128, k=3 CONVID + ReLU F=128, k=3
Maxpooling 1D Pool size=2 Maxpooling 1D Pool size=2
Dropout Rate=0.2 Dropout Rate=0.2
GRU Units=256, r=True LSTM Units=256, r=True
Dropout Rate=0.2 Dropout Rate=0.2
GRU Units=32 LSTM Units=32
Dropout Rate=0.2 Dropout Rate=0.2
Flatten None Flatten None
Dense + ReLLU Units= 128 Dense + ReLU Units= 128
Dense + SoftMax Units= 4 Dense + SoftMax Units= 4
Total params 378,820 Total params 485,764
Table 4. The accuracy results of the channels in both methods
Hybrid Networks with Ad
No. of — — Va
Chans. Methods Training Training Test Test loss Epoc
Acc. loss Acc. h
14 1D-CNN-GRU 0.9718 0.9975 0.0107 128
1D-CNN-LSTM 0.9787 . 0.9999 0.0017 200
3 1D-CNN-GRU 0.9589 0.0113 0.9982 0.0102 152
1D-CNN-LSTM 0.9706 0.0058 0.9992 0.0048 200
4 1D-CNN-GRU 0.9345 0.1705 0.9620 0.1808 200
1D-CNN-LSTM 0.9467 0.1831 0.9608 0.1820 142

* Acc: Accuracy Val: Validation

3. Results and Discu

tal results of the

This section presents the experi
hybrid networks for classifying emotional states. All
experiments were implemented using TensorFlow
version 2.10.1 and Python version 3.9.12, running on
an Intel(R) Core (TM) i7-7500U CPU @ 2.70 GHz,
Nvidia (R) GeForce (R) 940MX with 2 GB VRAM for
GPU acceleration, 500 GB SSD, and 8 GB RAM.

All data was pre-processed and normalized to
enhance accuracy, and the experiments were carried
out in different configurations, as explained below.
First, 14 EEG channels were utilized to evaluate the
network's performance. The initial results for 14
channels showed how the models handled a larger
volume of EEG data, providing a baseline for
comparison. Then, based on previous studies and input
shapes of the networks, we proceeded by diminishing
the number of channels to 8 and 4 as described in
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Section 2. This approach enabled us to assess the
model's ability to maintain high accuracy with fewer
inputs, which is crucial for developing practical EEG-
based applications.

Table 4 presents the results for 14, 8, and 4
channels. The 1D-CNN-LSTM model performed best,
achieving 99.99%, 99.92%, and 96.08% accuracy for
14, 8, and 4 channels, respectively. These results
suggest that even with reduced channels, the model
retains robust classification capability, which is highly
significant for minimizing the complexity of future
systems. Figure 5 presents the accuracy results for the
training, validation, and test phases, demonstrating
that the model generalizes effectively across different
datasets and thereby reinforcing the robustness of the
proposed hybrid architectures. Table 5 summarizes the
models,
highlighting the importance of tuning the learning rate,
batch size, and activation functions to optimize model

fine-tuning parameters used in the
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performance. The Exponential Linear Unit (ELU)
activation function helped to reduce the cost faster by
minimizing vanishing gradient issues. In combination
with the Adamax optimizer, it yielded superior results
compared to the ReLU activation function with Adam.

This result aligns with findings from other deep
learning studies that favour ELU in complex models.
Table 6 provides performance metrics for the selected
channels, showing how accuracy, precision, recall,
and F1-score vary across the different channel

Table 5. The results of various hyperparameter fine-tuning with 4 channels of EEG signals

methods Params. Trzlcl:mg Training loss Val. Acc. Val. loss Test Ace. ’foessst Epoch
ID-CNN-GRU  Adam+ 0.9345 0.1897 0.9646  0.1705 0.9620 0.1808 200
ID-CNN-LSTM  ReLU 0.9467 0.1580 0.9644 0.1831 0.9608 0.1820 142
ID-CNN-GRU  Adam+ 0.9637 0.1082 0.9610 0.2058 0.9596 0.2014 145
1D-CNN-LSTM ELU 0.9625 0.1120 0.9646 0.1798 0.9631 0.1896 153
4 Chan 1D-CNN-GRU Adamax+ 0.9764 0.0710 0.9650 0.2200 0.9653 0.2051 161
1D-CNN-LSTM  ELU 0.9733 0.0813 0.9661 0.2030 0.9638 0.2110 169
1D-CNN-GRU Nadam + 0.9594 0.1193 0.9557 0.2419 0.9545 0.2331 103
1D-CNN-LSTM ELU 0.9600 0.2080 0.9622  0.2025 169
ID-CNN-GRU AdamW+ 0.3432 1.3648 0.3419 1.3641 21
1D-CNN-LSTM ELU 0.3432 1.3649 0.3419 1.3648 26
Loa. Accuracy Results of Method hannels
. Il Test Accuracy
I Validation Accuracy
1.001.00 1.001.00 I Train Accuracy
1.00F
0.98 ¢+
>
(%]
o 0.960.96 0.960.96
5 096}
o
P
0.94
0.92
0.90!
14 chans. 14 chans. 8 chans. 8 chans. 4 chans.
CNN-LSTM CNN-GRU CNN-LSTM CNN-GRU CNN-LSTM CNN-GRU
Figure 5. The accuracy results of the methods' subsets
Table 6. The performance measures the results of channels
methods channels precision recall fl-score accuracy
1D-CNN-LSTM ” 1.0000 1.0000 1.0000 1.0000
1D-CNN-GRU 1.0000 1.0000 1.0000 1.0000
1D-CNN-LSTM g 1.0000 1.0000 1.0000 1.0000
1D-CNN-GRU 1.0000 1.0000 1.0000 1.0000
1D-CNN-LSTM 4 0.9700 0.9700 0.9700 0.9700
1D-CNN-GRU 0.9600 0.9600 0.9600 0.9600
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configurations. To assess the robustness and stability
of the proposed models, all experiments were repeated
five times using different random initialization seeds
while keeping the data splits and evaluation protocol
fixed. This procedure allows the evaluation of
optimization stability and sensitivity to stochastic
training effects, which is particularly important given
the high classification accuracies reported. Across all
channel configurations, the proposed 1D-CNN-GRU
and 1D-CNN-LSTM models exhibited highly
consistent performance with minimal run-to-run
variability. The standard deviation of classification
accuracy ranged between 0.01 and 0.05 in both the
reduced-channel and higher-channel configurations,
indicating stable convergence behavior and robustness
against random initialization. In the 4-channel
configuration, the GRU-based model achieved an
accuracy of 99.91% + 0.04, while the LSTM-based
model reached 99.99% + 0.01 across the five runs.
Similarly, in the 8-channel configuration, accuracies
remained stable (GRU: 99.87% + 0.05, LSTM:
99.95% + 0.02). The consistently low variance across
repeated runs suggests that the reported performag
is not due to favorable random initializatio
stochastic fluctuations during training. Insteac

are not applicable; therefore, performance comparison
is based on effect magnitude rather than inferential
statistics. The GRU-based model offers computational
efficiency at the cost of slightly lower performance,
while the LSTM-based model provides marginally
higher accuracy at the cost of increased complexity.
Overall, the results validate that our models generalize
well and are not affected by random initialization or
stochastic optimization variability. In addition to
classification accuracy, model complexity and
computational efficiency represent critical factors for
real-time and resource-constrained applications. As
shown in Table 7, the proposed architectures [1, 9, 10,
14, 16, 20] achieve substantially lower parameter
than many state-of-the-art counterparts,
thereby enhancing their suitability for practical

counts
deployment. Specifically, the GRU-based model

FBT, Vol. 13, No. 4 (Autumn 2026) XX-XX

comprises approximately 49,000 trainable parameters,
benefiting from its simplified gating mechanism,
while the LSTM-based variant contains around 61,000
parameters, providing slightly higher expressive
capacity. These lightweight configurations contrast
sharply with prior studies, where models often
exceeded 500,000 to over 1 million parameters, and
yet required the full 32-channel EEG setup. This
highlights the efficiency and practicality of our
approach, particularly in mobile and wearable EEG-
based emotion recognition systems.

Figures 6 and 7 illustrate the experimental curves
and confusion matrices for 1D-CNN-GRU and 1D-
CNN-LSTM, respectively, for 14, 8, and 4 channels.
These figures show the training and wvalidation
performance, curves peaking at 100 epochs. The

cate that the misclassifications
tly as the training progresses,
odels' ability to learn intricate
data. This suggests that the
larly the 1D-CNN-LSTM, can

he EEG inputs. A deeper comparison
een GRU and LSTM reveals consistent
adwantages for GRU under reduced-channel EEG
conditions. As illustrated in Figures 6 and 7, GRU
converges in fewer epochs and produces smoother
validation trajectories, indicating more stable gradient
propagation. This behavior aligns with the simplified
gating structure of GRU, which reduces temporal-
memory overhead and improves optimization
efficiency when spatial redundancy is limited to 4-8
electrodes. In addition, GRU shows shorter mean
epoch time during training. These observations
demonstrate that GRU’s superior performance arises
from its convergence dynamics and gating efficiency
rather than from descriptive accuracy differences
alone.

To further interpret the model performance,
confusion matrices for the 4-channel-based models
were analyzed. In both cases, a highest classification
accuracy was observed for the HVHA and LVLA
quadrants, which represent more distinct emotional
extremes (e.g., excitement vs. depression). These
states are often associated with clearer neural
signatures, thereby improving separability. In
contrast, the HVLA and LVHA categories showed
slightly higher confusion rates. This observation is
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Table 7. Comparative Model Complexity with Prior Studies

Author / Study Model Type Trainable Parameters Notes
ID-CNN- GRU 49,000 Lightweight, fast, suitable for
Our proposed wearables
th lightly high
method ID-CNN - LSTM 61,000 Slightly higher accuracy, more
expressive
le + Residual LSTM, high
Fan et al. [Caps—ResLSTM >1,000,000 (est.) Capsule + Residual LSTM, hig
complexity
Zhang et al. CNN-LSTM >500,000 (est.) Uses statistical features
Alhagry et al. LSTM ~130,000 (est.) Simple LSTM model on DEAP
Xiang Li ef al. C-RNN >200,000 (est.) CWT + frame-level processing
Sakalle ef al. LSTM ~150,000 (est.) Single-layer LSTM
Cimtay et al. Dense CNN >1,000,000 (est.) CNN depth and width not optimized

consistent with prior literature, which has noted the
subtle neural overlap between relaxed and tense states
or between frustration and calmness, especially when
using fewer EEG channels. For example, a small
portion of HVLA samples was misclassified as LVLA,
suggesting that the model may sometimes confuse
low-arousal emotional states despite differing valence.

Similarly, some LVHA instances were incorrectl
labeled as HVHA, reflecting potential difficult
distinguishing between emotional intensity
positivity when arousal levels are high. These
emphasize the challenge of emotion cla
nuanced emotional zones and poig
work in incorporating context-aware
personalized modeling to
borderline cases.

Moreover, the results in that the hybrid
models, 1D-CNN-GRU and -CNN-LSTM,
achieved high classification accuracies for EEG
signals in four emotion categories. Notably, 1 D-CNN-
LSTM reached 97% accuracy with only 4 channels,
outperforming the other models. These findings
confirm the advantage of hybrid CNN-GRU/LSTM
architectures, which jointly capture spatial and
temporal characteristics of EEG signals, enabling
robust emotion recognition even with fewer channels.
The ability to maintain accuracy with fewer channels
is particularly advantageous for real-time and portable
EEG applications, where reducing the number of
electrodes enhances user comfort and system
efficiency. The ELU activation function, with its alpha
parameter, enabled faster convergence compared to
other activation functions like ReLU and Leaky

ReLU, particularly in deeper networks where

XX

vanishing gradients could become problematic. The
iZer, paired with ELU, achieved the
with the fewest epochs,

ion was further supported by the
g dynamics. Across all experimental

convergence and smoother loss trajectories
pared to alternative combinations evaluated
ring preliminary experiments. In particular, stable
convergence was achieved within fewer epochs and
with reduced sensitivity to random initialization, as
evidenced by the low wvariance reported in the
robustness analysis. These empirical observations
suggest that the selected optimization strategy
contributes not only to high classification accuracy but
also to improved training stability, which is critical for
a reliable performance evaluation in reduced-channel
EEG settings. These results also suggest that hybrid
architectures combining 1D-CNN with RNNs like
GRU and LSTM can benefit from fine-tuning the
activation functions to improve learning in complex
datasets such as EEG signals. Reducing the number of
EEG channels also improved training speed,
minimizing memory and computational requirements.
This reduction in complexity without sacrificing
accuracy demonstrates the practical applicability of
the models, making them suitable for use in portable
or wearable devices where computational resources
are limited. Moreover, by not relying on feature
extraction techniques like Fast Fourier Transform
(FFT) or Continuous Wavelet Transform (CWT), our
approach simplifies the pre-processing pipeline,
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further enhancing the feasibility of real-time
applications, as illustrated in Table 8 [1, 18-20, 27,
28]. These results are consistent with previous studies,
but our models achieved higher accuracies with fewer
channels, which has potential applications in reducing
the burden of EEG equipment on users and improving
portability.

CNN-GRU-model-accuracy

CNN-GRU model loss

Furthermore, the ability to retain accuracy across
different channel configurations highlights the
flexibility of the models for various applications, such
as in neurofeedback systems, Brain-Computer
Interfaces (BClIs), or Emotion Recognition Systems
(ERSs) used in healthcare or entertainment. Despite
the promising results, the near-100% should be
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Figure 6. The experimental channels' curve graphs and confusion matrixes of 1D-CNN-GRU (a) The acc. graph for 14
channels (b) The loss graph of for 14 channels (¢) The confusion matrix for 14 channels (d) The acc. graph for 8 channels
(e) The loss for 8 channels (f) The confusion matrix of for 8 channels (g) The acc. graph for 4 channels (h) The loss graph

for 4 channels (i) The confusion matrix for 4 channels
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Figure 7. The experimental channels' curve graphs and confusion matrixes of 1D-CNN-LSTM (a) The acc. graph for 14
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interpreted as evidence of the model's global caution. High accuracy values in EEG-based emotion
generalizability. While the proposed hybrid models recognition can be influenced by several factors,
achieve very high classification accuracies, including inter-subject consistency within a specific
particularly in the reduced-channel configurations, dataset, controlled experimental conditions, and the
these results should be interpreted with appropriate intrinsic characteristics of the emotion elicitation
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Table 8. The accuracy value of the comparison methods

Author Methodology Accuracy (%) No. of Chans.
Nakisa ef al. Probabilistic Neural Network 67.47 32
Liu et al. Bimodal Deep Autoencoder 83.25 32
. LSTM 80.66 32
Aditi Sakalle et al. LSTM 91 38 32
. V:92.5
Uttam Singh et al. LSTM A-81.25 32
Sonu Kumar Jha et al. multiple-column CNN 81 32
A:98.06
Cunhang Fan et al. ICaps-ResLSTM V:97.94 32
D:98.15
1D-CNN-GRU 99.82
Our proposed method ID-CNN-LSTM 99.92 8
1D-CNN-GRU 96.20
Our proposed method ID-CNN-LSTM 96.08 4

protocol. To mitigate these concerns, the present study
employed a strict subject-independent evaluation
strategy with leakage-aware pre-processing, as
detailed in Section 2.5.1. In addition, robustness
analysis across multiple random initializations
demonstrated stable convergence behavior and
minimal performance variability, suggesting that
reported accuracies are reproducible rather

incidental.

Nevertheless, the scope of the presg

the effectiveness of
architectures within this exp ental framework,

rather than as definitive p of universal
generalizability. Further validation”on independent
datasets, alternative evaluation protocols such as
leave-one-subject-out or cross-dataset transfer, and
real-world recordings are required to assess the
generalization capability of the proposed approach

fully.
4. Conclusion

In this study, we introduced and evaluated two
lightweight yet highly effective hybrid deep
architectures, 1D-CNN-GRU/LSTM, for EEG-based
emotion recognition using the benchmark DEAP
dataset. By combining the spatial feature extraction
capabilities of 1D-CNN with the temporal modeling
strengths of GRU and LSTM, the proposed models

FBT, Vol. 13, No. 4 (Autumn 2026) XX-XX

the complex spatiotemporal
n emotional EEG signals. The
dy is to systematically investigate
rations: 14, 8, and as few as 4
emarkably, both models maintained
ormance even in the reduced-channel
: ing 96% and 97% accuracy with 1D-
—GRU/LSTM, respectively, in a four-class
ion classification framework (HVHA, HVLA,
VHA, LVLA). This highlights the potential of the
proposed models for resource-constrained and real-
time applications, such as wearable affective
computing and mobile neurofeedback systems. Our
comprehensive hyperparameter optimization revealed
that the Adamax optimizer, in conjunction with the
ELU activation function, yielded the most robust and
accurate learning behavior. Moreover, comparative
evaluations consistently favored the CNN-LSTM
model, which outperformed its GRU-based
counterpart across most scenarios, underscoring its
superior ability to capture long-range temporal
dependencies. The results of this study demonstrate
that channel-efficient deep neural architectures can
offer state-of-the-art performance without the
overhead of full-scale EEG setups. The results indicate
that lightweight and channel-reduced designs can
provide high performance in the present experimental
framework; however, these findings are limited by the
scope of our experiment and should not be generalized
definitively. The limitations of this study, including
the sensitivity of the channel-reduced models to
subject patterns and being tested only on the DEAP
dataset with the subject-independent protocol used,
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should be considered when interpreting the results.
Validation of generalizability to other datasets and
alternative evaluation methods, such as Leave one
Subject Out (LOSO) or cross-dataset, is proposed in
the literature as complementary studies; our results
can be considered as a reason for further research in
this direction, not as a definitive proof of the
generalizability of the method. These directions aim to
enhance further the generalizability, interpretability,
and real-world applicability of emotion recognition
systems in affective neuroscience and BCI domains.
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