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Abstract: Automatically decoding emotional states through electroencephalography (EEG) poses a significant challenge, largely due to
the stochastic and nonlinear dynamics inherent in neural tracking oscillations. To address this, this study presents a novel two-phase
framework that integrates empirical mode decomposition (EMD), topographical image generation, and deep convolutional networks
to elevate affective state classification accuracy. In the initial phase, multichannel baseline signals from the DEAP repository undergo
adaptive decomposition into intrinsic mode functions via EMD, after which singular value decomposition is executed to discard
artifacts and extract the most salient signal traits. These refined feature profiles are subsequently projected onto a 2D spatial grid
mirroring the standard 10-20 electrode configuration, yielding a continuous stream of topographic EEG representations. To refine the
input space, a discrete wavelet transform routine isolates the most informative frequency coefficients, effectively mitigating the curse of
high dimensionality. Ultimately, a convolutional neural network architecture categorizes the target affective responses across both the
valence and arousal domains. Empirical evaluations reveal that this EMD-driven topographical scheme, coupled with wavelet-centric
refinement, yields highly consistent performance and substantially exceeds the capabilities of conventional classifiers, including support
vector machines and shallow ANNs. The proposed system successfully captures concurrent spatial and spectral features of neural
dynamics for dependable emotion assessment.
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1. Introduction

Analyzing and mapping human emotional profiles has devel-
oped into a cornerstone of contemporary research, driven by its
profound applications in clinical diagnostics, affective comput-
ing paradigms, and next-generation human—computer interfaces.
Because internal affective dynamics fundamentally govern behav-
ioral patterns and cognitive judgment, engineering systems
capable of automated affect tracking has become a highly active
focal point in recent literature [1, 2]. Among the diverse array
of physiological indicators, electroencephalography (EEG) stands
out as a favored modality. This preference stems from its unique
ability to capture real-time neural oscillations directly from the
scalp, thereby providing objective and unadulterated reflections of
an individual’s underlying emotional state [3]. Nonetheless, build-
ing dependable EEG-driven emotion classifiers is still severely
impeded by the intrinsically nonlinear and nonstationary traits
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of brainwaves, which are further compounded by a critically low
signal-to-noise ratio [4].

Standard paradigms for decoding emotional states via EEG
pathways predominantly depend on manually engineered fea-
tures derived from temporal, spectral, or joint time—frequency
representations. Frequent methodologies leverage power spectral
density (PSD), diverse entropy metrics, autoregressive coefficients,
and wavelet-based variables, which are subsequently processed by
classic machine learning classifiers like support vector machines
(SVM), k-nearest neighbors (KNN), and shallow artificial neu-
ral networks (ANN) [5, 6]. While these foundational frameworks
have yielded acceptable classification boundaries, their predictive
power is intrinsically constrained by the quality of the handcrafted
feature extraction phase, which frequently fails to encapsulate
the highly intricate and time-varying dynamics of neural signal
propagation [7, 8].

To mitigate the inherent nonstationary dynamics of elec-
troencephalogram (EEG) recordings, time-frequency decompo-
sition paradigms—most notably empirical mode decomposition
(EMD)—have gained substantial traction in recent studies. Rather
than relying on fixed basis functions, EMD adaptively breaks
down a complex time-series signal into a finite collection of
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intrinsic mode functions (IMFs), rendering it exceptionally robust
for deciphering nonlinear and transient neural patterns [9, 10].
Extensive literature corroborates that extracting analytical fea-
tures from these EMD-derived modes can notably elevate the
classification performance of emotion recognition models by iso-
lating more distinctive markers within the brainwave patterns
[11, 12]. Nonetheless, a persistent bottleneck of the standard
EMD algorithm is its tendency to generate an excessive number
of oscillatory components. This often results in an overly dense,
high-dimensional feature space, necessitating sophisticated feature
selection or dimensionality reduction mechanisms prior to feeding
the data into a classifier.

More recently, deep learning architectures have demonstrated
highly encouraging outcomes in decoding EEG-driven emotional
states, largely credited to their inherent capacity for autonomously
extracting hierarchical feature abstractions directly from raw data.
Specifically, convolutional neural networks (CNNs) have been
effectively adapted for brainwave analysis by converting multi-
channel EEG time series into structured two-dimensional matrices
that retain crucial spatial or spectral topological data [13, 14].
Such multidimensional mappings empower CNN frameworks to
concurrently leverage the intertwined spatial, temporal, and spec-
tral properties of neural activities. Nonetheless, the classification
accuracy and generalization capability of these convolutional
structures remain heavily contingent upon the refined quality and
mathematical compactness of the feeding input features.

This study introduces a comprehensive EEG-based affec-
tive computing framework that synergistically marries EMD,
multi-feature 2D brainwave mapping, wavelet-driven coefficient
refinement, and deep CNNs. The primary objective of the engi-
neered pipeline is to maximize the discriminative power of the
extracted feature profiles while systematically purging irrelevant
noise and data redundancies from the multichannel recordings. To
ascertain the practical viability of this methodology, systematic
validations are carried out on the DEAP repository—a premier,
gold-standard benchmark widely utilized within the neurocom-
puting community for evaluating physiological emotion detection
models [15, 16]. Engineered as a rigorous and original inquiry,
this manuscript meticulously adheres to a standardized, trans-
parent presentation architecture in strict alignment with global
academic reporting protocols, thereby guaranteeing the absolute
reproducibility of this hybrid empirical schema.

The foundational goal of this investigation centers on engi-
neering a resilient, highly accurate automated architecture capable
of concurrently encapsulating the localized spatial topologies and
the intricate nonlinear spectral variations inherent in multichannel
EEG data. By doing so, the framework systematically addresses
and mitigates the challenges associated with stochastic artifacts
and the curse of high dimensionality in affective state estimation.
In pursuit of this comprehensive goal, the definitive advancements
and core contributions introduced by this research are outlined
below:

1) An EMD-based feature extraction scheme is employed to
address the nonstationary nature of EEG signals [9, 10].

2) A two-dimensional image representation of multichannel EEG
signals is constructed based on the spatial distribution of
electrodes.

3) Wavelet-based feature extraction and selection are applied to
reduce feature dimensionality while preserving discriminative
information [8, 17].

The proposed framework is validated on the DEAP
dataset, and its performance is compared with existing emotion
recognition methods reported in the literature [13, 15].
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2. Related Work

2.1. EEG-based emotion recognition

Deciphering affective responses via EEG metrics has been
subjected to extensive scrutiny, primarily owing to the utility of
brainwave monitoring in capturing immediate cortical activities
triggered by emotional dynamics. Early scholarly attempts pre-
dominantly focused on computing handcrafted feature profiles
from EEG time series across both temporal and spectral perspec-
tives. Typical analytical indicators encompassed PSD, localized
statistical properties, entropy-centric variants, and Hjorth descrip-
tors, all of which have been thoroughly validated as rich sources
of discriminative affective information [5, 18-20].

Such manually engineered attributes are standardly paired
with classic machine learning taxonomies, including SVM, KNN,
and shallow ANN. Extensive literature has documented accept-
able classification boundaries when deploying these traditional
models on gold-standard repositories like the DEAP database
[6, 15]. Nonetheless, the overall efficacy of these conventional
approaches remains strictly bound to the painstaking process of
feature engineering, and their cross-subject generalization capac-
ity is frequently compromised when confronted with the highly
nonstationary and nonlinear complexities inherent in raw EEG
dynamics [7, 8].

2.2. Time—frequency and decomposition-based
methods

To adequately counter the inherently nonstationary proper-
ties of brainwave recordings, contemporary studies have exten-
sively investigated joint time—frequency analytical models and
signal decomposition methodology. Within this technical reper-
toire, the wavelet transform has gained widespread acceptance,
primarily owing to its mathematical capacity to project mul-
tichannel EEG data onto multi-resolution frameworks across
concurrent temporal and spectral dimensions [17]. Consequently,
feature sets extracted via wavelet-centric algorithms have consis-
tently demonstrated superior classification margins over isolated
temporal or frequency-domain parameters in complex affective
state estimation tasks [8].

Concurrently, EMD has emerged as a prominent, data-driven
signal factorization architecture tailored explicitly for deciphering
nonlinear and highly nonstationary time-series data. By adap-
tively partitioning complex brainwaves into their fundamental
IMFs, EMD allows for a highly granular inspection of underlying
EEG microstructures [9, 10]. A growing body of research confirms
that leveraging features derived from these EMD components
significantly bolsters affective classification performance, as the
method effectively isolates the most salient frequency-domain
markers hidden within the neural streams [11, 12]. However, a
notable drawback is that EMD frequently yields an excessive
volume of feature variables. This expansion heavily inflates the
overall computational overhead, thereby demanding the integra-
tion of subsequent feature selection protocols or dimensionality
reduction strategies prior to final classification.

2.3. Deep learning approaches

More recently, deep learning methodologies have gained
significant momentum within the domain of EEG-based affect
decoding. ConvNet structures, in particular, have been deployed
to autonomously extract discriminative feature abstractions
from multichannel brainwave records, effectively diminishing the
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traditional reliance on painstaking handcrafted feature engineer-
ing [13, 21, 22]. These convolutional-based frameworks have
yielded highly encouraging outcomes across established affec-
tive benchmarks, most notably the DEAP repository [14, 15,
23]. A particularly potent paradigm for adapting CNNs to neu-
ral time series involves mapping multichannel EEG streams into
structured two-dimensional matrices that preserve the topograph-
ical and spatial configurations of the scalp electrodes. Such
topology-preserving, image-like configurations empower convolu-
tional deep architectures to concurrently exploit interleaved spatial
and spectral neural signatures [13, 14]. Notwithstanding these
breakthroughs, current deep learning designs are still constrained
by vulnerabilities concerning optimal input data representation,
susceptibility to environmental noise, and elevated feature dimen-
sionality. These persistent bottlenecks underscore the imperative
for developing hybrid topologies that systematically unify adap-
tive signal factorization, targeted feature selection, and deep
learning architectures [24].

A summary of representative EEG-based emotion recogni-
tion studies reviewed in this section is provided in Table 1.

3. Proposed Method

3.1. Overview of the proposed framework

The global architecture of the engineered EEG-driven affec-
tive computing pipeline is schematically depicted in Figure 1.
As outlined in this operational flowchart, the execution path
of the developed framework is organized into sequential phases
encompassing signal preprocessing, feature extraction, topologi-
cal feature transformation, and final deep classification. In the
introductory stage, the raw electroencephalogram (EEG) time
series undergo specialized preprocessing to filter out background
noise and physiological artifacts. Subsequently, the EMD algo-
rithm is deployed to adaptively factorize the brainwaves into their
constituent IMFs. The most distinct and informative oscillatory
components are then isolated and projected onto a structured
two-dimensional matrix configuration that mirrors the physical,

EEG Signal
EMD Process
Extract IMF1 to IMFS
SVD Decomposition
Extract Energy Distribution Of signals and Cluster
Feature Selection with DWT

Classify signals with CNN

Figure 1. Flowchart of the proposed EEG-based emotion recogni-
tion framework

spatial distribution of the scalp electrodes. To optimize the input
space, mitigate the curse of dimensionality, and suppress residual
artifacts, a wavelet-centric feature selection routine is executed.
Ultimately, these refined feature abstractions are funneled into a
deep CNN to execute emotion classification. This unified schema
is specifically tailored to master the inherently nonlinear and non-
stationary dynamics of neural oscillations while maximizing the
discriminative strength of the resulting feature profiles.

3.2. EEG preprocessing

During the signal conditioning phase, the raw electroen-
cephalogram (EEG) recordings undergo rigorous preprocessing
to ensure they are optimal for downstream analytical operations.
To minimize computational overhead without compromising fun-
damental neurophysiological signatures, the continuous EEG
streams are initially downsampled to 128 Hz from their native
acquisition rate of 512 Hz. A zero-phase band-pass filter with

Table 1. Concise summary of representative related works on EEG-based emotion recognition

Reference no. Main objective

Limitations

Method/technique

Advantages

(19]

(0]

(8]

(12]

(21]

[14]

Emotion recognition
from EEG signals

Classification of emo-
tional states using
EEG

Time-frequency anal-
ysis for EEG-based
emotion recognition

Enhancement of EEG
emotion recognition
accuracy

Automatic feature
learning from EEG
signals

Deep learning-based
EEG emotion
recognition

Handcrafted feature extrac-
tion (PSD, entropy,
Hjorth parameters)

Conventional machine
learning classifiers (SVM,
KNN, ANN)

Wavelet transform-based
feature extraction

Empirical mode decom-
position (EMD)-based
features

CNNs

CNN with EEG-to-image
representation

Simple and inter-
pretable feature
design

Acceptable perfor-
mance on the DEAP
dataset

Effective handling of
nonstationary EEG
signals

Adaptive decomposi-
tion for nonlinear
signals

Reduced reliance on
handcrafted features

Exploitation of
spatial-spectral
information

Limited capability in
modeling nonlinear
EEG patterns

Strong dependence on
feature engineering

High-dimensional
feature space

Increased com-
putational
complexity

Sensitivity to
noise and data
representation

Risk of overfitting and

high computational
cost
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a passband of 4-45 Hz is subsequently implemented to elimi-
nate low-frequency baseline drift alongside high-frequency noise
interference. Furthermore, specialized ocular artifact suppres-
sion routines are deployed to mitigate the confounding effects of
electrooculographic eye movements.

To purge transient and unstable initial brain states, the open-
ing 3-s segment of each EEG recording is systematically pruned.
The remaining stable time series are then partitioned into 60-
s epochs, directly aligned with the presentation window of the
emotional stimuli. For the subsequent feature extraction phase,
a subset of ten symmetric EEG channels—specifically F3-F4,
F7-F8, FC1-FC2, FC5-FC6, and FP1-FP2—is strategically
chosen. This selection provides an ethically and anatomically
balanced spatial topology across both hemispheres while concur-
rently restricting structural data redundancy. Collectively, these
stabilizing procedures guarantee that the resulting brainwave sig-
nals are artifact-free, standardized, and precisely conditioned for
robust features.

3.3. Feature extraction using EMD

To effectively address the inherently nonlinear and non-
stationary dynamics of EEG signals, EMD is utilized as the
foundational feature extraction technique. In the EMD process,
each raw EEG signal x(¢) is adaptively decomposed into sev-
eral IMFs. The local mean mk(¢)is derived from the upper and
lower envelopes, defined by the local maxima emax(z) and minima
emin(?) as follows:

[emin (Z) + Cpmax ([)]

: M

my (1) =
This shifting process continues until the resulting component
satisfies the criteria of an IMF. Following this decomposition,
five primary IMFs are extracted from each channel, capturing
oscillatory patterns across distinct frequency scales. In this study,
five primary IMFs are extracted from each channel. To mitigate
redundancy and isolate the most discriminative neural patterns,
singular value decomposition is subsequently applied, where only
the dominant components associated with the largest singular val-
ues are retained. Specifically, the signal is reconstructed using the
six most significant components, which balances the preservation
of emotion-related information with the suppression of stochas-
tic noise. Finally, second- and fourth-order spectral moments are
derived from the Hilbert transform of the reconstructed signal, as
formulated in Egs. (2) and (3).

My pivy(pa, i=0.12... 2

+0o0
F(w) = f 1) ety 3)

This multi-stage process represents the initial stage of the pro-
posed framework’s novelty, ensuring a high-quality feature set for
downstream classification.

3.4. EEG-to-image representation

The construction of the EEG images involves a multi-feature
mapping approach. For each of the 32 channels, we extract three
distinct frequency-domain features: Energy, Entropy, and Stan-
dard Deviation from the reconstructed IMF components. These
three features form the depth (channels) of our input tensor,
resulting in a representation of size 32 x 3 X 125 for each trial.
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This structure allows the CNN to learn spatial patterns across the
10-20 system while simultaneously evaluating different statisti-
cal characteristics of the signal. This multi-feature representation
ensures that the deep learning model captures both the inten-
sity and the complexity of the neural oscillations associated with
different emotional states.

3.5. Wavelet-based feature selection

To optimize the constructed EEG-based topological maps
and concurrently mitigate the computational complexity imposed
on the downstream neural network, a discrete wavelet transform
(DWT) is deployed as a targeted feature selection architec-
ture. The image-like EEG matrices undergo a multilevel dyadic
decomposition, yielding distinct sub-bands that permit a highly
granular inspection of spatial-spectral neural behaviors across
varying resolutions. To enforce elevated discriminative margins
while successfully damping stochastic artifacts, a rigorous thresh-
olding protocol is enforced: exclusively the 10 most salient
wavelet coefficients are preserved, whereas the minor coefficients
are systematically pruned. This selective mechanism fulfills a
dual objective—it drastically compresses the dimensionality of
the overall feature space and significantly bolsters the frame-
work’s resilience against non-physiological noise. By isolating and
channeling only the most informative spectral components, this
wavelet-centric filtration stage directly elevates the processing effi-
ciency and cross-subject generalization capabilities of the emotion
recognition model.

3.6. CNN architecture for emotion classification

To optimize the CNN parameters for emotion classifica-
tion, we employ the Categorical Cross-Entropy loss function.
This function measures the dissimilarity between the predicted
probability distribution and the actual labels (high/low valence or
arousal). The loss L is formulated as:

L=-3" yi-log(3) 4

where y; represents the ground truth label and y, is the pre-
dicted probability output from the Softmax layer. The network is
trained using the Adam optimizer with an initial learning rate of
0.001 and a batch size of 32. To prevent overfitting, a dropout rate
of 0.5 is applied to the fully connected layers. The detailed archi-
tecture of the proposed CNN model, including the arrangement
of convolutional, pooling, and fully connected layers, is illustrated
in Figure 2.

4. Experimental Setup

4.1. Dataset description

The proposed method is evaluated using the DEAP dataset,
which is a publicly available benchmark dataset widely used for
emotion recognition based on physiological signals. For this study,
EEG data from 32 participants were utilized, which were recorded
as they viewed various music videos intended to trigger specific
affective reactions (DEAP database).

Each subject watched 40 one-min video trials, and EEG
signals were recorded using 32 channels following the standard
electrode placement. After each trial, subjects provided self-
assessment ratings for emotional states using numerical scales.
In this study, two emotional dimensions, namely, valence and
arousal, are considered for emotion recognition.
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Figure 2. The proposed CNN architecture for emotion classification, illustrating the sequence of convolutional, pooling, and fully

connected layers

In alignment with established methodological standards, the
affective state estimation task is cast as a series of indepen-
dent binary classification paradigms. For each distinct emotional
dimension—specifically valence and arousal—the individual exper-
imental trials are categorized into two discrete cohorts (demarcated
as high and low) by applying a definitive thresholding mech-
anism to the subjectively reported self-assessment ratings. This
specific experimental design facilitates a rigorous and standardized
benchmarking of the developed framework, ensuring perfect com-
patibility with the validation environments utilized in precedent
literature evaluating the DEAP repository.

4.2. Evaluation metrics

To evaluate the performance of the proposed emotion recog-
nition framework, classification accuracy is employed as the
primary evaluation metric. Accuracy is defined as the ratio of
correctly classified samples to the total number of samples and
provides an overall measure of classification performance.

In addition to accuracy, other performance measures such as
precision and recall are also considered where applicable, follow-
ing the evaluation protocol described in this study. These metrics
provide further insight into the classification behavior of the
proposed method, particularly in terms of class-wise prediction
performance.

4.3. Implementation details

All experiments are conducted using MATLAB for signal
processing, feature extraction, and image generation stages, while
Weka is used for certain classification and evaluation procedures,
as described. The CNN’s structural design follows the details in
Section 3, with its configuration values determined through initial
testing conducted during this research.

The CNN training process is performed using the selected
EEG-derived image features, and the network parameters are
optimized using the loss function defined in Eq. (4). To ensure
reliable performance estimation, the experimental results are
obtained using a cross-validation strategy, consistent with the val-
idation protocol adopted in this research. This implementation
setup ensures fair and reproducible evaluation of the proposed
method.

5. Results and Discussion

5.1. Classification results

The classification performance of the proposed framework
is evaluated in terms of emotion recognition accuracy for both
valence and arousal dimensions. The overall classification results
obtained from the experiments are summarized in Table 2, which
reports the average accuracy across all subjects on the DEAP
dataset.

As shown in Table 2, the proposed method achieves an aver-
age classification accuracy of 60.52% for valence recognition and
67.36% for arousal recognition. These results indicate that the
proposed framework is able to effectively capture discriminative
emotional patterns from EEG signals at the population level.

The observed performance can be attributed to the joint
contribution of EMD-based adaptive signal decomposition,
EEG-to-image representation preserving spatial information,
wavelet-based feature selection for dimensionality reduction, and
CNN-based classification. Overall, the obtained results demon-
strate the robustness and effectiveness of the proposed framework
under the experimental settings described in Section 4.

Table 2. Subject-wise classification accuracy (%) of the proposed
method for valence and arousal recognition on the DEAP dataset,
along with the average performance across all subjects

Statistic Valence (%) Arousal (%)
Minimum 33.33 44.44
Maximum 82.22 97.78
Average 60.52 67.36

5.2. Effect of feature selection

To analyze the impact of feature selection on classification
performance, the effect of applying wavelet-based feature selec-
tion is examined. The comparison between classification results
obtained before and after applying wavelet-based feature selection
is presented in Table 3. As reported in Table 3, the use of wavelet
transform significantly reduces the number of features while
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maintaining, and in some cases improving, classification accu-
racy. The systematic preservation of only the most significant
wavelet coefficients allows for the efficient elimination of irrel-
evant and noisy data components. This reduction leads to
improved generalization performance and lower computational
complexity, highlighting the important role of wavelet-based fea-
ture selection in enhancing the efficiency and effectiveness of the
proposed framework.

Table 3. Effect of wavelet-based feature selection on the number
of features and classification accuracy

Average
Feature reduction classification Execution
method rate (arousal) [%0] time (s)
PCA 62.50 31.1
LDA 60.77 29.0
SFS 50.42 39.5
DWT 67.36 253
(proposed/selected)
No feature reduction 64.13 31.7

5.3. Comparison with existing methods

To establish a rigorous benchmark, the classification efficacy
of the developed framework is systematically contrasted against
existing state-of-the-art EEG emotion recognition methodologies,
notably traditional machine learning paradigms such as SVM
and shallow ANN. These comparative metrics, evaluated on
the benchmark DEAP repository, are compiled and organized
in Table 4. The empirical evidence documented in Table 4
highlights that the proposed integrated architecture consistently
surpasses the performance margins of the conventional SVM-
and ANN-driven classifiers evaluated under identical conditions.
This measurable optimization in predictive accuracy is funda-
mentally driven by three concurrent architectural advantages: the
data-adaptive signal factorization facilitated by EMD, the topo-
logical conservation of spatial electrode relationships through the
structured EEG-to-image mapping, and the highly focused dimen-
sionality reduction enforced by the wavelet-centric coefficient
filtration prior to deep convolutional processing. Collectively,
these validation outcomes solidify the architectural superior-
ity of the introduced hybrid pipeline over legacy frameworks
that depend strictly on manual feature engineering or non-deep,
shallow classification networks.

Table 4. Comparison of the proposed method with existing EEG-
based emotion recognition approaches on the DEAP dataset

Valence Arousal
classification classification
Methods rate (%) rate (%)
Bayesian network [13] 53.40 53.42
DBN [14] 51.00 52.03
Proposed method 60.52 67.36

6. Conclusion

This investigation successfully engineered a hybrid, multi-
stage architecture for EEG-driven affective state estimation,
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systematically integrating EMD, topological EEG-to-image
mapping, and a DWT feature selection protocol prior to a
deep CNN classifier. The core mission of this pipeline was to
mitigate the classic bottlenecks inherent in neurophysiological
streams, specifically their nonstationary behavior and unfavor-
able signal-to-noise ratios. By projecting the factorized oscillatory
constituents onto a structured, topology-preserving spatial matrix,
the deep learning model successfully captured and exploited the
intricate topographical interactions among distinct cortical zones.

Empirical validation executed on the gold-standard DEAP
repository demonstrates that merging wavelet-centric coefficient
filtration with deep convolutional topologies offers a highly
dependable paradigm for decoding both valence and arousal
dimensions. More specifically, the experimental outcomes reveal
that preserving exclusively the most salient wavelet coefficients
effectively condenses the input space and expels data redundan-
cies without degrading the overall predictive accuracy of the
emotion recognition system. Although this empirical inquiry was
restricted to a single benchmark repository, the documented
metrics substantiate that the introduced multi-tiered schema con-
sistently surpasses legacy methodologies, including conventional
SVM and shallow ANN frameworks. Moving forward, future
research trajectories should investigate the scalability of this archi-
tecture across diverse alternative databases to comprehensively
ascertain its cross-subject generalization capabilities and resilience
under varied environmental constraints.
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