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Electroencephalography (EEG)-based emotion recognition has become an impor-
tant research direction in affective computing, driven by its applications in mental
health assessment, human—computer interaction, and brain—-machine interfaces.
Despite recent progress, challenges persist due to the high dimensionality of EEG
features and the absence of consensus on optimal deep learning architectures for
reliable emotion classification. This study introduces a unified comparative frame-
work for EEG emotion recognition that combines statistical feature extraction
with chaos-enhanced deep learning optimization. Five representative neural archi-
tectures, Transformer-based, CNN-LSTM hybrid, residual multilayer perceptron
(MLP), capsule network, and hyperbolic-inspired network, were systematically
evaluated under identical experimental conditions. EEG signals were normalized
and transformed using advanced statistical feature extraction techniques, followed
by robust data augmentation to improve model generalization. A chaos-driven
learning rate optimization strategy based on the logistic map was incorporated
into the training process to promote stable convergence and reduce susceptibility
to local minima. Experimental results demonstrated that chaotic optimization sub-
stantially improved training stability and overall classification performance across
architectures. The hyperbolic-inspired network achieved the highest validation
accuracy of 93.21% with a validation loss of 0.197 and a training time of 19.09 s,
followed closely by the residual MLP, which attained 91.80% accuracy with a loss
of 0.226. The capsule network also showed competitive performance (90.87% ac-
curacy), whereas the CNN-LSTM hybrid exhibited comparatively lower accuracy
(70.73%). These findings underscore the effectiveness of chaos-driven optimization
and provide practical insights into architecture selection for efficient and robust
EEG-based emotion recognition. The proposed framework offers a reproducible
benchmark to support informed model design in affective computing applications.

(oc) TR

1. Introduction

Electroencephalography (EEG) signals for emo-
tion recognition have been of interest in the last

* Corresponding Author

few years. This is because emotion recognition as-
sists in computing, mental health surveillance,
neurofeedback systems, and adaptive human—
computer interactions. EEG does not rely on fa-
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cial expressions and behavior.' Emotion recog-
nition based on EEG is not yet perfected due
to the non-linearity of the signal and the high
dimensionality of the data and the subject. Stan-
dard approaches to machine learning of EEG emo-
tion classification typically include handcrafted
features and shallow classifiers.* % The common
machine learning approach to EEG emotion clas-
sification does not always yield nonlinear correla-
tions in brain signals.

Deep learning enables feature learning and hier-
archical representation extraction. Convolutional
neural networks (CNNs), recurrent neural net-
works, and Transformer-based models work well
on EEG-related tasks. The performance of the
models depends a lot on design choices, optimiza-
tion methods, and training stability.” ? A ma-
jor challenge in EEG-based learning is optimiza-
tion. Standard gradient-based optimizers can con-
verge to suboptimal solutions, particularly when
the data is noisy and the feature space is high-
dimensional. Chaos-inspired optimization tech-
niques have gained popularity because they en-
hance exploration of the search space, accelerate
convergence, and help avoid local minima.!%13
Chaotic maps, such as the one shown, add con-
trolled randomness to chaos-inspired optimization
techniques and provide a clear way to adjust the
learning rate over time. Because of these chal-
lenges, this work builds an experimental frame-
work that tests several deep learning architec-
tures for EEG-based emotion recognition using
a chaos-driven optimization scheme. Specifically,
five distinct neural models, Transformer-based,
CNN-long short-term memory (LSTM) hybrid,
residual multilayer perceptron (MLP), capsule
networks, and hyperbolic-inspired networks, were
implemented and trained using identical data pre-
processing, augmentation, and evaluation proto-
cols. 716 A logistic map-based chaotic learning
rate modulation was integrated into the training
process to improve robustness and convergence
stability. The primary contributions of this study
are threefold:

(i) A comprehensive comparison of diverse deep
learning architectures for EEG emotion recog-
nition using statistical EEG features;

(ii) The integration of chaotic optimization into
model training to enhance learning dynamics
and generalization; and

(iii) A reproducible benchmarking framework
that facilitates fair evaluation and informed
architecture selection.

The experimental results provide valuable in-
sights into the trade-offs between model com-
plexity, performance, and optimization behavior,
advancing the development of reliable EEG-based
emotion recognition systems.

2. Related works

Recent advances in affective computing have high-
lighted the growing importance of EEG-based
emotion recognition, given its direct link to neu-
ral activity and broad applicability across brain—
computer interfaces, neurofeedback systems, men-
tal health monitoring, and human—computer in-
teraction, as illustrated in Table 1. The following
works represent key contributions that collectively
illustrate the evolution of EEG-based emotion
recognition, ranging from hybrid reservoir and
transformer models to biologically inspired data
augmentation techniques and large-scale system-
atic reviews of current methodologies.

Guo et al.® proposed the ESN-TLC model, a
combination of an echo state network (ESN), a
Transformer block, an LSTM, and a CNN, achiev-
ing an accuracy of 93%. On the DEAP dataset,
arousal accuracy was 93.9%, and valence accu-
racy was 94.2%. The model studies how reservoir
duration affects deep-reading classifiers, assists in
determining the maximum acceptable parameter
preference, and demonstrates that ESN outper-
forms conventional methods in terms of accuracy
and computational efficiency. This combination
enhances the temporal dynamics and spatial ca-
pabilities of EEG records, which are essential for
applications such as the popularization of individ-
ual emotions, adaptive neurofeedback, and brain
region analysis (BRA). Zheng et al.'® proposed
a new data augmentation model, the gustatory-
emotion coupling model with multiblock attention
module (GECM-MBAM), to complement emotion
recognition. The model replicated the 1/f charac-
teristics and synchronization in brain responses
observed via EEG, and validated bionic process-
ing for EEG signal security. MBAM, mainly based
on GECM features, facilitates emotion-related
EEG statistics enhancement. Experiments indi-
cate that GECM-MBAM significantly outper-
formed current data augmentation models in rep-
utation accuracy and achieved higher overall per-
formance metrics (96.91% accuracy on the SEED
dataset, 94.52% on the SEED-IV dataset) than
state-of-the-art algorithms. This model provides
an innovative bionic approach to improve emotion
recognition in affective computing. Wu et al. !
analyzed 341 articles from the last 3 years fol-
lowing Preferred Reporting Items for Systematic
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Reviews and Meta-analyses (PRISMA) require-
ments, summarized 16 publicly available datasets,
and evaluated different neural network architec-
tures. With increasing interest in graph neural
networks and transformers, CNNs have become
the most common. The review discussed techni-
cal features, research directions, and limitations
of current methods, including patient variabil-
ity, interpretable Al, dataset bias, and regional
localization. Cokcetin and Ucar!” focused on dif-
ferent biometric modalities (e.g., electrocardiog-
raphy [ECG], EEG, and photoplethysmography)
and assessed their reliability and performance,
as well as their evaluation between multimodal
and unimodal systems. The analysis was planned
according to PRISMA 2020 standards and fil-
tered 80 articles from a total of 2,064 preliminary
records retrieved from databases such as EBSCO
and IEEE Xplore. The results showed that ECG
systems had a high average accuracy (98.6%),
whereas multimodal systems had a higher level of
accuracy (more than 99%). Deep learning meth-
ods performed better than traditional methods,
and dataset size and signature processing options
had a significant effect on the results. The anal-
ysis demonstrated good performance of the bio-
metric constructs, which need to be tested with
larger samples, standardized norms, and further
development of complementary biometric indi-
cators to enhance their applicability. Wang et
al.'® improved EEG signal evaluation by deriv-
ing 16 features across three domains: entropy,
time-frequency, and second-order difference plot.
Pearson correlation analysis, importance rank-
ing, and Shapley additive explanations (SHAP)
interpretability analysis were used to select the
major discriminant functions, including spectral
entropy (SE), spectral wavelet (SW), zero cross-
ing rate (ZCR), short-time average (STA), central
tendency measure (CTM) 2, and CTM 5. The
ease of dimensional relaxation was facilitated by
the relief regulations. The category accuracies
achieved by grey wolf optimization with Cuckoo
search (GWOCS) using the most desirable chan-
nel aggregate based on Fz, F7, Fpl, Fp2, F3, T3,
P4, and C3 were 89.35% in move-validation and
81.12% in leave-one-subject-out (LOSO) valida-
tion. The study demonstrated the crucial roles
of the prefrontal and temporal lobe structures
in preventing dementia and concluded that the
framework is efficient in rapid channel selection
and in detecting the disorder. Xu et al.'® pro-
posed control strategies in a perception—selection—
execution hierarchy that specialize in four key
activities: trajectory duplication, movement track-
ing, assistance on demand, and movement target

prediction. It describes the mechanisms, scenar-
ios, and characteristics of several strategies, and
even discovers challenges and limitations in power
systems, manages coupling, and algorithm adapta-
tion. Their study refined the end-effector control
strategy to improve a general control framework
for exoskeletons. Yu and Liu?? proposed a method
to enhance sentiment and emotion types using
advanced preprocessing strategies, including noise
elimination and tokenization, to obtain in-depth
knowledge. Using an interest-based gated recur-
rent unit for sentiment classification can filter
out important tasks, whereas the spatiotemporal
optics algorithm can group sentiments by Twitter
1D, location, and timestamp. The multi-beauty
CatBoost algorithm then classifies these images
into emotions, including anxiety and happiness,
addressing overfitting and increasing accuracy. Im-
plemented in Python 3, their model outperformed
current methods, with an average accuracy of
92.04%, precision of 93.20%, recall of 92.58%, F-
score of 91.8%, and computation time of 74.8 ms
(Table 1).

3. Proposed work

We proposed a framework for EEG-based emotion
recognition, integrating statistical feature pre-
processing, advanced data augmentation, multi-
architecture deep learning, and chaos-driven op-
timization (Figure 1). The primary objective
of this framework is to ensure fair architectural
comparison, stable model training, and robust
classification performance across diverse neural
network designs.

D = {(xi,9i) }1ry (1)

where D denotes the EEG emotion dataset,
x; € R represents a d-dimensional statistical fea-
ture vector extracted from EEG signals, and
y; € {1,2,...,C} denotes the corresponding emo-
tion label, with C' the emotion classes.

The objective is to learn a nonlinear mapping
function:

fo : R - RC (2)

parameterized by 6, such that the predicted class
probabilities:

yi = softmax(/fs(x;)) (3)

minimize classification error while maintaining
strong generalization capability on unseen EEG
samples 17720,
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Table 1. Summary of related studies in emotion recognition and EEG analysis.

Methodology

Performance

Study Data/Domain

Guo et al.® EEG (DEAP)

Zheng et al. 1® EEG (SEED,
SEED-1V)

Wu et al. 16

EEG (System-
atic Review)

Cokeetin  and EEG, ECG,
Ucar 7 PPG
Wang et al. 18 EEG (demen-

tia diagnosis)

ESN-TLC model integrating echo
state networks (ESC), Trans-
former blocks, LSTM, and CNN
Gustatory—Emotion  Coupling
Model with Multiblock Attention
Module (GECM-MBAM)
PRISMA-based review of 341
studies and 16 public datasets
PRISMA 2020 systematic review
of unimodal vs multimodal bio-
metrics

Feature extraction (entropy, time—
frequency, SODP) -+ Relief +
GWOCS

Accuracy: 93.9%
(arousal), 94.2%
(valence)
96.91% (SEED),
94.52% (SEED-
V)

ECG: 98.6%:;
Multimodal:
>99%

89.35%  (CV),

81.12% (LOSO)

Xu et al. !? Exoskeleton Review of perception—decision— -
control execution control strategies
Yu and Liu?° Social media SENTI-EMO: Attention-based Accuracy:
text (Twitter) GRU + STO + CatBoost 92.04%, F1:
91.8%

Abbreviations: DEAP: Distributed Evolutionary Algorithms in Python; ECG: Electrocardiography; EEG: Electroen-
cephalography; GRU: Gated recurrent unit; LSTM: Long short-term memory; PPG: Photoplethysmography; SENTI-EMO:
Sentiment and emotion classification; SOPD: Second-order difference plot; STO: Spatiotemporal optic.

3.1. Feature preprocessing and
normalization

Given the raw statistical EEG features x;, z-score
normalization was applied to mitigate scale im-

balance and improve numerical stability:
. Tii — b
Fij = ——— (4)
g3

where pjand o; denote the mean and standard
deviation of the j-th feature computed from the
training set, respectively. To address missing val-
ues, column-wise mean imputation is employed:

s —
Y % Efil x;j, otherwise

3.2. Advanced data augmentation

To enhance robustness and reduce overfitting,
multiple stochastic data augmentation techniques
were applied during training?'23.

3.2.1. Noise injection

Random noise is added to the input features:
X =x+e€ (6)

where € is sampled from one of the following
distributions:

€ ~ N (0,a0), e ~ Laplace(0,x0),e ~ U(—a, )

3.2.2. Random feature scaling

Noise injection is employed as a stochastic data
augmentation strategy to enhance model robust-
ness and improve generalization when learning
from EEG-derived statistical features.?* 28 EEG
signals are inherently noisy due to physiological
artifacts (e.g., eye blinks and muscle activity),
sensor displacement, and environmental interfer-
ence (Figure 2). Rather than treating noise solely
as an undesirable factor, controlled noise injec-
tion enables the model to learn invariant and
discriminative representations that are resilient
to real-world perturbations. Feature-wise scaling
is applied as:

x =x®s,s; ~U(0.8,1.2) (7)

3.2.3. Time warping

Time warping is an augmentation technique de-
signed to simulate temporal variability in EEG-
derived features by introducing controlled nonlin-
car distortions along the temporal axis.? 32 EEG
signals are inherently time-dependent, and emo-
tional responses often manifest with varying onset
times, durations, and temporal dynamics across
subjects and trials (Figure 3). Time warping
enables the learning model to become invariant
to such temporal misalignments while preserv-
ing the underlying emotional patterns. For time-
dependent features, interpolation-based temporal
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Figure 1. Overall framework of the proposed electroencephalography (EEG)-based emotion recognition system

warping is applied:

x'(t) = Interp (x(¢(t))) (8)

where ¢(t)represents a nonlinear temporal distor-
tion function.

3.2.4. Feature masking

Feature masking is a regularization-based data
augmentation technique that enhances model ro-
bustness by randomly suppressing a subset of in-
put features during training.333% In EEG-based
emotion recognition, extracted statistical fea-
tures may contain redundancy, noise, or channel-
specific bias. 36738 Feature masking encourages the
learning model to avoid over-reliance on any sin-
gle feature or frequency component and instead
learn distributed, robust representations. Ran-
dom feature-level dropout is applied to simulate

signal degradation:
o {l‘j, with probability p )
7710, otherwise

3.3. Deep learning architectures

Five neural architectures were implemented to
model EEG emotion patterns under a unified
experimental setup.

3.3.1. Transformer-based architecture

Transformer-based architecture was designed
to model global dependencies among high-
dimensional EEG statistical features by lever-
aging self-attention mechanisms (Figure 4).

Unlike convolutional or recurrent models that
focus on local or sequential relationships, the
Transformer enables direct interactions between
all feature dimensions, making it well-suited for
capturing the complex inter-feature correlations
inherent in EEG signals. Input features are lin-
early projected into a latent space:

z =Wpyx+b, (10)

Self-attention is computed as:

T

Attention(Q, K, V') = softmax (QK

m)v (11)
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Finish
Figure 2. Flowchart illustrating the noise-based data augmentation process applied to electroencephalography

(EEG) feature data

Start

")

Figure 3. Flowchart of the time-warping augmentation process applied to electroencephalography (EEG)
feature data
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Figure 4. Transformer-based architecture for electroencephalography (EEG) time-series emotion classification

Transformer layers capture long-range dependen-
cies before classification.

3.3.2. CNN-LSTM hybrid architecture

The CNN-LSTM hybrid architecture was de-
signed to jointly capture spatial feature corre-
lations and temporal dependencies within high-
dimensional EEG-derived statistical features
(Figure 5). CNNs are effective at learning lo-
cal spatial patterns, while LSTM networks ex-
cel at modeling temporal dynamics.3*4? Their
integration provides a powerful framework for
EEG-based emotion recognition, where both in-
teractions and sequential dependencies are criti-
cal. Local spatial feature extraction is performed

using 1D convolution:

h.=Conv1D(x) (12)

Temporal dependencies are modeled via LSTM:
h;=LSTM(h,) (13)

3.3.3. Residual multilayer perceptron

The residual MLP architecture was designed to
address the challenges of training deep fully con-
nected networks on high-dimensional EEG statis-
tical features (Figure 6). Standard MLP often
suffers from vanishing gradients and performance
degradation as network depth increases. To over-
come these limitations, residual connections are
incorporated to facilitate efficient gradient flow
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Figure 5. Convolutional neural network—long short-term memory (CNN-LSTM) hybrid architecture with
self-attention for electroencephalography (EEG) time-series emotion classification

and stabilize optimization. Residual connections  3.3.4. Capsule network

stabilize deep learning: Capsule networks were designed to preserve hi-

erarchical relationships and spatial dependen-
hiy1 = F(ly) + Iy (14) cies between features by grouping neurons into
vector-valued entities called capsules. Unlike tra-
ditional neural networks that encode information

where F(-) denotes a nonlinear transformation using scalar activations, capsules represent fea-

block.
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Predicted
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End

Figure 6. Residual multilayer perceptron (MLP) architecture for electroencephalography (EEG) feature-based

emotion classification

tures as vectors whose length encodes the presence
probability of a pattern, while their orientation
captures instantiation parameters (Figure 7).
This property is particularly advantageous for
EEG emotion recognition, where emotional states
arise from coordinated interactions across multi-
ple EEG features and channels. Primary capsules
are formed as:

’LLi:Wi.’L'

(15)

Capsule outputs are concatenated and classified,
preserving part—whole relationships in EEG rep-
resentations.

3.3.5. Hyperbolic-inspired network

The hyperbolic-inspired network was designed
to enhance nonlinear representation learning by
exploiting the properties of hyperbolic tangent
activations. EEG emotion patterns are highly non-
linear, nonstationary, and distributed across mul-
tiple statistical features (Figure 8). Hyperbolic
functions provide smooth saturation behavior and
symmetric activation ranges, making them well-
suited for modeling such complex brain dynamics
while maintaining numerical stability. Hyperbolic
tangent activation enhances nonlinear representa-
tion:

hy41= tanh(W;h;+b;) (16)
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Figure 7. Capsule network architecture with dynamic routing for electroencephalography (EEG) feature-based

emotion classification

3.4. Chaotic optimization strategy

Deep neural networks trained on high-dimensional
EEG feature spaces often suffer from slow con-
vergence, premature stagnation, and entrapment
in local minima, particularly when the dataset is
limited or the class distributions are imbalanced
(Figure 9). To address these challenges, a chaos-
driven optimization strategy is incorporated into
the training process to dynamically regulate the

learning rate and enhance exploration during pa-
rameter updates. To enhance training stability
and escape local minima, a chaos-driven learn-
ing rate mechanism was introduced. The chaotic
sequence was generated as:
T = axi(l — x¢),a = 3.8 (17)
To ensure stable training, gradient clipping is
applied during backpropagation to prevent ex-
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Figure 8. Hyperbolic-inspired neural architecture for electroencephalography (EEG) feature-based emotion

classification

ploding gradients. Specifically, norm-based clip-
ping is used to constrain the magnitude of gradi-
ents before updating the model parameters. This
is particularly important in the proposed frame-
work, where chaotic learning rate modulation, ran-
dom noise augmentation, and the incorporation
of a hyperbolic linear layer may increase gradi-
ent variability. By limiting gradient magnitudes,
the model achieves more stable convergence and
improved robustness.

Furthermore, the chaotic optimization strategy
is applied globally to the entire training process
rather than being restricted to a specific archi-
tectural component. The chaotic sequence dy-
namically modulates the learning rate, thereby
influencing all network parameters during opti-

mization. Although the hyperbolic linear layer
benefits from this strategy due to its nonlinear
representation capability, it is not the sole com-
ponent affected by the chaotic mechanism.

The learning rate at iteration t is defined as:

ne = 10(0.5 4 x¢) (18)

where g is the base learning rate. This dynamic
adjustment introduces controlled stochasticity
into the optimization process.

A class-weighted cross-entropy loss is em-
ployed:

C
L=— Z wcycl()g(?:/c)

c=1

(19)
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Figure 9. Chaotic optimization strategy for adaptive training of the proposed electroencephalography (EEG)

classification model

where w,. compensates for class imbalance. Opti-
mization is performed using AdamW:

(20)

me
Oprq = 0 — np———
t+1 t nt\/th—I-E

4. Results

4.1. Dataset description

The data consisted of EEG brainwave records,
with features extracted using an original statis-
tical strategy. The dataset was designed to facil-
itate research in the fields of affective comput-
ing, mental state recognition, and brain—machine
interfaces. The EEG data were recorded using
a controlled, yet realistic, experimental model
(Table 2). Two healthy subjects (one male and
one female) were recruited to record data with
the Muse EEG headband (InteraXon, Canada), a
non-invasive consumer-grade device with dry elec-
trodes. The frontal and temporal brain regions

of interest in emotion processing were recorded
using four EEG channels (TP9, AF7, AF8, and
TP10), placed according to the international 10—
20 system. Positive, neutral, and negative were
three emotional states provoked using carefully se-
lected audiovisual stimuli. Every state of emotion
was documented for three minutes, along with a
six-minute baseline recording in the neutral rest-
ing condition. Ecological validity was increased
with naturalistic video stimuli and a real-world
recording setting, whereas inter-subject variabil-
ity and signal drift were reduced with the help
of a baseline session (Table 3). Emotional elic-
itation was produced through well-known film
and multimedia content used in the framework of
affective computing studies. Emotions of loss and
grief caused negative feelings, whereas musical
sequences, nature pictures, and humor generated
positive feelings. The variety of stimulus sources
and types of scenes provided strong emotional
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Table 2. Electroencephalography (EEG) data collection protocol

Parameter

Description

Participants

Emotional states

Recording duration per state

Baseline recording

EEG device

Electrode type

EEG channels

Electrode placement standard
Data acquisition environment

2 healthy subjects (1 male, 1 female)
Positive, neutral, negative

3 min

6 min (resting neutral state)

Muse EEG headband

Dry electrodes

TP9, AF7, AFS8, TP10

International 10-20 system
Non-invasive, real-world setting

Table 3. Emotional stimuli used for data collection

Emotion Stimulus Source/Publisher Scene description
Negative Marley and Twentieth Century Fox Death scene

Me
Negative Up Walt Disney Pictures Opening death scene
Negative My Girl Imagine Entertainment Funeral scene
Positive La La Land Summit Entertainment Opening musical sequence
Positive Slow Life BioQuest Studios Nature timelapse footage
Positive Funny Dogs MashupZone Humorous dog video compi-

lation

involvement and minimized bias associated with
stimuli, thereby enhancing the applicability of the
learned representations in general.

4.2. Feature extraction and signal
processing

Raw EEG signals were initially temporally resam-
pled to guarantee that all recordings had similar
signal alignment. EEG signals were not analyzed
using handcrafted frequency-domain features; in-
stead, they were mathematically modeled in the
time domain, and statistical descriptors of the
dynamics of brainwaves were obtained. This ap-
proach retains the temporal nature and can be
compared with machine learning and deep learn-
ing. The feature vectors were constructed to pro-
vide a common input space across all considered
models, enabling a fair comparison of the vari-
ous network architectures. Table 4 identifies the
feature extraction and processing pipeline.

The dataset’s class distribution is shown in Ta-
ble 5, with an almost equal distribution across
the three emotional groups. The neutral, negative,
and wonderful lessons include 716, 708, and 708
samples, respectively, for a total of 2,132. This
balanced distribution reduces class bias and min-
imizes the need for aggressive reweighting during
training. The dataset was divided into training
and validation sets using an 80:20 split (Table 6),

ensuring sufficient data for both learning and gen-
eralization evaluation. As presented in Table 7,
each EEG sample is represented by 2,547 statisti-
cal features, resulting in a high-dimensional input
space.

The classification task consisted of three emo-
tion classes. Class weights were computed to
further compensate for minor class imbalance,
ensuring stable optimization and balanced deci-
sion boundaries during training. The proposed
HybridRobertaEEG architecture, detailed in Ta-
ble 8, employs a deep feature processing pipeline
composed of fully connected layers with progres-
sive dimensionality reduction. Gaussian error lin-
ear unit activation functions, batch normaliza-
tion, and dropout regularization were applied to
improve convergence stability and prevent overfit-
ting. A multi-head interest mechanism operating
in a 128-dimensional latent space was incorpo-
rated to improve feature interaction modeling.
The very last fusion and class layers map discov-
ered representations of the three-emotion train-
ing.

Model complexity statistics are reported in Ta-
ble 9, indicating a total of 1.61 million trainable
parameters. Training was conducted on a GPU
enabled by compute unified device architecture,
using a chaotic optimization strategy based on a
logistic map to dynamically modulate learning be-
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Table 4. Feature extraction and processing strategy

Step Description

Signal preprocessing
Feature extraction
Temporal modeling
Output features
Intended use

Temporal resampling of raw electroencephalography (EEG) signals
Original statistical feature extraction strategy

EEG waves mathematically represented in time domain

Statistical descriptors of brainwave dynamics

Machine learning and deep learning models

Architecture Comparison - Training Histories

Training Loss

Validation Loss

Training Accuracy

[ 2 4
Epoch
Validation Accuracy

4 I 2 4
Epoch Epoch
Training F1-Score

Validation F1-Score

6 [ 0 2 4 6 8
Epoch Epoch

Figure 10. Comparison of training and validation performance across different deep learning architectures. (A)
Training loss. (B) Validation Loss. (C) Training accuracy. (D) Validation accuracy. (E) Training Fl-score. (F)

Validation F1l-score

Abbreviations: CNN: Convolutional neural network; LSTM: Long short-term memory; MLP: Multilayer

perceptron.

Table 5. Class distribution of the dataset

Class Number of samples
Neutral 716

Negative 708

Positive 708

Total 2,132

havior. The model converged quickly and achieved
significant performance improvements within the
first three epochs. The validation accuracy rose to
90.16% in Epoch 1 and 91.80% in Epoch 3, and
the validation loss steadily decreased, indicating
effective generalization. Table 10 reports train-
ing performance across epochs. Table 11 shows
the best validation performance, with an accu-
racy of 91.80% at Epoch 3 and a corresponding
approximate learning rate of 8.26 x 10~4. Even
though training was set to 50 epochs, early con-
vergence indicates the usefulness of the chaotic
optimization strategy for speeding up learning
and preventing overfitting,.

Table 12 shows a thorough comparison of
various chaotic-optimized deep learning architec-
tures. The CNN-LSTM hybrid model performed
poorly, with a maximum validation rate of 70.73,
which could be attributed to its limited capac-
ity to model high-dimensional statistical features.
Conversely, the residual MLP and the capsule
network achieved high validation accuracies of
91.80% and 90.87%, respectively. The hyperbolic
network was the most appropriate, achieving the
highest overall performance with a validation ac-
curacy of 93.21% and the lowest validation loss
(0.197). These findings emphasize the benefits of
hyperbolic representations for hierarchical and
complex emotional patterns in EEG data, espe-
cially when incorporated with chaotic optimiza-
tion strategies (Figure 10 and 11).

5. Conclusion

In this paper, we present a unified and system-
atic framework for EEG-based emotion recog-
nition that integrates statistical feature extrac-
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Table 6. Training and validation data split

Dataset Split

Number of Samples

Percentage (%)

Training 1,705
Validation 427
Total 2,132

80
20
100

Table 7. Feature and class configuration

Parameter

Value

Feature type
Number of features
Number of classes
Class weights

Electroencephalography statistical features
2,547

3

[0.3347, 0.3306, 0.3347]

Table 8. HybridRobertaEEG model architecture summary

Component

Description

Electroencephalography feature
processor

Activation function
Normalization

Regularization

Attention mechanism

Fusion layer

Output classes

Fully connected layers (2,547 — 512
—» 256 — 128)

Gaussian error linear unit

Batch normalization

Dropout (p = 0.3)

Multi-head attention (128 dimen-
sions)

Dense layers (128 — 256 — 128 —
64 — 3)

3 (neutral, negative, positive)

Table 9. Model complexity

Metric Value
Total parameters 1,612,163
Trainable parameters 1,612,163

Optimization device
Optimization strategy

Compute unified device architecture (GPU)
Chaotic optimization (logistic map)

Table 10. Training performance across epochs

Epoch Train Train accuracy Validation Validation accu-
loss (%) loss racy (%)

1 0.8689 68.50 0.5076 90.16

2 0.6197 84.05 0.4755 90.63

3 0.5660 86.22 0.4464 91.80

tion with chaos-enhanced deep learning optimiza-
tion. By evaluating five representative neural
architectures—Transformer-based, CNN-LSTM
hybrid, residual MLP, capsule network, and
hyperbolic-inspired network—under identical ex-

perimental conditions, the work provides a fair
and comprehensive comparison of architectural
effectiveness for affective EEG classification. The
experimental results demonstrate that chaos-
driven optimization, implemented through a
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Table 11. Best validation performance

Metric Value

Best validation accuracy 91.80%
Epoch achieved 3

Learning rate (approx.) 8.26 x 1074

Number of epochs

50 (early best at Epoch 3)

Table 12. Performance comparison of chaotic-optimized deep learning architectures

Architecture Parameters Best validation ac- Best valida- Training
curacy (%) tion loss time (s)
CNN-LSTM hybrid 43,971 70.73 0.581 21.21
Residual MLP 754,319 91.80 0.226 21.78
Capsule network 168,323 90.87 0.237 19.43
Hyperbolic network 688,975 93.21 0.197 19.09

Abbreviations: CNN: Convolutional neural network; LSTM: Long short-term memory; MLP: Multilayer perceptron.

Final Performance Comparison

03T

0.335
0.30
0.248
0.25
2
s 0.20
A 0.168
0.15 4

0.10

0.05

Accuracy

0333 0.337 F1-Score

0.176
0.166

0.00

Architecture

Figure 11. Final performance comparison of the evaluated deep learning architectures in terms of accuracy

and F1l-score

Abbreviations: CNN: Convolutional neural network; LSTM: Long short-term memory; MLP: Multilayer

perceptron.

logistic-map—based learning rate modulation, sig-
nificantly improves training stability, accelerates
convergence, and enhances generalization perfor-
mance across all evaluated models. Among the
tested architectures, the hyperbolic-inspired net-
work achieved the best overall performance, reach-
ing a validation accuracy of 93.21% with the low-
est validation loss and reduced training time. The
residual MLP and capsule network also exhibited
strong performance, confirming the effectiveness
of residual learning and dynamic routing mech-
anisms for modeling EEG features. In contrast,
the CNN-LSTM hybrid model showed compar-

atively lower accuracy, highlighting the limita-
tions of sequential architectures when applied to
high-dimensional statistical EEG features. De-
spite the promising results, this study has sev-
eral limitations that warrant further investiga-
tion. The dataset was collected from a limited
number of participants, which may restrict the
generalizability of the models across diverse pop-
ulations and emotional expressions. Future work
should incorporate larger, multi-subject datasets
with greater demographic diversity to improve
robustness and cross-subject generalization. In-
corporating frequency-domain, time—frequency,
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and graph-based EEG representations could fur-
ther enhance emotional discrimination.
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