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Abstract

Depression is primarily characterized by emotional dysfunction, reflected in heightened negative emotions and diminished
positive emotions. Consequently, accurate emotion recognition has become a crucial approach for assessing depression. Among
the various signals employed for emotion recognition, electroencephalogram (EEG) signals have gained considerable attention
due to their rich spatiotemporal information across multiple channels. In this study, EEG data were first preprocessed using
filtering and Euclidean alignment. For feature extraction, time-frequency features were obtained through short-time Fourier
transform and Hilbert—-Huang transform, while spatial features were extracted using convolutional neural networks. Temporal
relationships were then explored using a bi-directional long short-term memory network. Prior to convolution operations, EEG
features were transformed into 3D tensors based on the unique topology of EEG channels. The proposed framework
demonstrated strong performance on two emotion datasets: SEED and the Emotional BCI dataset from the 2020 WORLD
ROBOT COMPETITION. When applied to depression recognition, the method achieved an accuracy exceeding 70% under
five-fold cross-validation. Moreover, using a subject-independent protocol on the SEED dataset, the approach attained state-of-
the-art performance, surpassing previous studies. Overall, we present a novel EEG-based emotion recognition framework for
depression detection, offering a robust algorithm suitable for real-time clinical applications.

Keywords: Long-short term memory network (LSTM), Emotion recognition, Depression, Convolutional neural
network (CNN), Electroencephalogram (EEG)

Introduction

Emotion recognition is a central focus of affective
computing and has been extensively applied in
depression detection [1, 2]. Emotions play a critical role
in shaping human experiences, influencing both their
quality and scope [3]. With advances in brain—computer
interfaces (BCls) and artificial intelligence, EEG-based
emotion recognition has emerged as a prominent research

area. EEG signals are particularly valuable because they
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carry rich emotion-related information, exhibit high
temporal resolution, and are difficult to intentionally
mask [4—6]. These properties make EEG highly suitable
for real-time emotion monitoring, which has important
applications in domains such as fatigue detection during
driving [7], depression monitoring [8], and real-time
observation of critically ill patients [9].

Previous studies have revealed the neural basis of
emotional processing. Brain regions implicated in
emotion include the orbitofrontal cortex, insular cortex,
and anterior and posterior cingulate cortices, while the
amygdala links perception with automatic emotional
responses and memory formation [3]. Amygdala activity
is more strongly associated with negative emotions, and
right frontal lobe activation has been linked to affective
states such as fear and disgust [10]. Specifically, fear is
primarily related to amygdala activity [11], anger to the
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orbitofrontal cortex and anterior cingulate cortex [12],
sadness to the amygdala and right temporal pole [13], and
disgust to the anterior insula and anterior cingulate cortex
[14]. Furthermore, alpha-band power and hemispheric
asymmetries reflect emotional states [15-17], gamma-
band oscillations correlate with happiness and sadness,
and lateralized reductions in alpha activity in temporal
lobes correspond to joy and sorrow (left hemisphere—
sadness, right hemisphere—happiness) [18, 19].
Extracting emotion-specific EEG features that maximize
inter-class differences while minimizing intra-class
variability is essential, particularly for cross-database
applications. Common FEEG feature extraction
techniques span multiple domains. In the time domain,
methods include Hjorth parameters (activity, mobility,
and complexity) [20], higher-order crossover features
[21], and magnitude squared coherence [22]. Frequency-
domain approaches often use power spectral density [23,
24], while time-frequency analyses employ time-
frequency spectrum (TFS) features [25]. Other
approaches include autoregressive modeling [26],
asymmetric spatial patterns [27], entropy measures
(differential entropy [7], sample entropy [28],
approximate entropy [29]), maximum relevance
minimum redundancy (mRMR) [30], common spatial
patterns (CSP) [31], filter bank CSP (FBCSP) [32], and
fractal-based measures such as Higuchi fractal dimension
[33]. Features are usually extracted from delta, theta,
alpha, beta, and gamma frequency bands [34].
Combining multiple complementary features enables
more accurate characterization and classification of EEG
signals.

Developing reliable models often requires large amounts
of labeled calibration data, a process that is both time-
intensive and laborious, limiting practical deployment of
emotional BCIs. Reducing or eliminating this calibration
to achieve plug-and-play functionality is therefore a
critical challenge. Transfer learning can help by
leveraging annotated data from auxiliary users to
construct models for new users [35]. However, individual
differences in neural responses to identical stimuli
necessitate adaptation of data distributions to minimize
these discrepancies [36]. To address this, we employ an
unsupervised distribution alignment method, Euclidean
alignment (EA), to standardize data across users [37].
Deep learning has shown great potential in improving
EEG-based emotion recognition by learning hierarchical,
high-level features. Techniques such as deep belief

networks [7], recurrent neural networks [38], graph
convolutional networks [39], transfer learning [40], and
adversarial networks [41] have all been applied
successfully. Nevertheless, most studies are limited to
subject-dependent or single-database experiments, which
do not fully reflect real-world applicability. Cross-
database recognition remains a major challenge due to
differences in feature distributions between training and
test datasets, often resulting in performance degradation

[42]. In this work, we leverage deep learning’s capacity

for high-level feature learning to address this cross-

database problem.

The key contributions of this study are as follows:

e (1) We propose a comprehensive recognition
framework for emotional EEG data, covering
preprocessing, feature extraction, classification, and
cross-database evaluation.

e (2) For feature engineering, we introduce a time-
frequency-spatial extraction method that integrates
TFS, CNN, and BiLSTM to capture multi-
dimensional, informative features.

e (3) We adopt an unsupervised alignment strategy to
map EEG data from different databases into a
common space. Considering the topological
configuration of EEG electrodes, TFS features are
transformed into three-dimensional tensors to
preserve spatial relationships.

The remainder of this paper is organized as follows:
Section 2 describes the emotion datasets, preprocessing
steps, and experimental setup. Section 3 reports results
on the emotion databases and their application to
depression recognition. Section 4 discusses the
methodology and findings, and Section 5 concludes the

paper.
Materials and Methods

Animal study

As illustrated in Figure 1, this section primarily
describes the emotion databases and the methodologies
for preprocessing and feature engineering. The processes
include filtering, downsampling, Euclidean alignment
(EA), short-time Fourier transform (STFT), Hilbert—
Huang transform (HHT), transformation of one-
dimensional sequences into three-dimensional tensors,
and a spatiotemporal feature extraction framework
integrating convolutional neural networks (CNN) with
BiLSTM.
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Figure 1. Framework for cross-database emotion recognition based on EEG signals. The training data is derived
from the Emotional BCI Competition dataset of the 2020 WORLD ROBOT COMPETITION-BCI Control Brain
Robot Contest.

Emotion database

This study utilizes the SEED dataset [43], which contains
EEG recordings from 15 participants across three
sessions each. Video clips were used to evoke three
emotional states: positive, neutral, and negative. The
recordings were downsampled to 200 Hz and filtered
with a bandpass of 0—75 Hz. Segments were created at 1-
second intervals, producing 152,730 samples in total.
The additional dataset is the training portion of the
Emotional BCI Competition Database from the 2020
World Robot Competition—BCI-Controlled Brain
Robot Contest. It involves 23 participants, with two
sessions each (A and B), and video-induced emotions
labeled as happy, sad, and neutral. Acquired at a 100 Hz
sampling rate, the EEG data were divided into 1-second
segments, generating 156,520 samples overall.

Table 1 provides a comparison of the two datasets,
highlighting variations in emotional labels, participant
numbers, and total samples. For
consistency in later steps, the happy, sad, and neutral
labels in the Emotional BCI Competition Database were
aligned with positive, negative, and neutral emotions,
respectively.

session counts,

Table 1. Details of the two experimental databases.

Emotional BCI
Dataset SEED Competition
Database
Positive
’ H d
Emotion Categories neutral, appy, Sac,
. neutral
negative
Number of Channels 62 62
Number of Subjects 15 23
Number of Sessions per 3 )
Subject
Samples in
49,680 49,110
Positive/Happy Class ’ ’
Samples in Neutral 52,650 50,722
Class
Samples in 50,400 56,694

Negative/Sad Class

Total Samples 152,730 156,526

Preprocessing engineering

EEG signals captured from the scalp are often affected
by artifacts such as eye movements, blinking, or other
muscular activity, which can obscure the underlying
neural signals. To address this, preprocessing is required
to enhance the quality of the recorded data. This involves
organizing or converting the raw EEG, removing
corrupted or incomplete segments, and segmenting the
continuous recordings into meaningful units while
preserving clean data. Band-pass filtering is typically
applied to suppress noise from multiple sources, with
finite impulse response (FIR) filters being preferred due
to their ability to avoid phase distortion [44].

Euclidean alignment (EA) is then used to reduce
variability across subjects. By projecting each user’s
EEG data into a transformed space, EA minimizes
differences in the second-order statistics of the mean
covariance matrices among users. This procedure is
applied to both auxiliary and new users. As a result, the
aligned data from different users share a similar average
covariance structure, enabling models trained on one set
of users to generalize more effectively to others.

Data alignment
EA provides a simple, fully unsupervised approach for
harmonizing EEG data across individuals or domains

[35]. The method begins by computing the mean of the
spatial covariance matrices across all subjects.

N
_ 1
R =ﬁ;Xn(Xn)T (D

Then the alignment is carried out by
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Here, Xn€R represents the n-th EEG trial, where ¢
denotes the number of channels and 7 the number of time
samples. After alignment, the EEG trials are whitened,
ensuring that each subject’s mean spatial covariance
matrix becomes the identity matrix [45]. This procedure
reduces variability across subjects, producing a more
consistent EEG distribution that is essential for reliable
cross-database recognition.

Time-frequency spectrum

EEG signals are inherently non-linear and non-
stationary, meaning their statistical characteristics, such
as spectral density, vary significantly over time.
Traditional spectral analysis cannot capture these time-
varying components nor provide precise time-frequency
localization. Time-frequency analysis, however, allows
the examination of how the spectral content of a non-
stationary EEG signal evolves over time, producing a
joint time-frequency distribution (TFD) of signal power
[46]. In this study, two techniques—short-time Fourier
transform (STFT) [47-49] and Hilbert—-Huang transform
(HHT) [50, 51]—are employed for time-frequency
spectrum (TES) analysis, following the approach
described by Song ef al. [25].

For STFT, the TFS is computed as:

f+°ow(r
- 2 3)

—t) x (e /2™ dr

TFSsrpr(t, f) =

where x(t) is the EEG time series and w(t—t) represents
the short-time analysis window.

The Hilbert-Huang spectrum is derived using HHT,
which involves three main steps. First, empirical mode
decomposition (EMD) is applied to decompose the signal
into a set of intrinsic mode functions (IMFs):

K
x(©) = ) IMF(©) + 15 () @
i=1

Here, rK(t) is the residual signal, which is either constant
or monotonic, and each IMF satisfies specific conditions.
Next, the Hilbert transform is applied to each IMF to
obtain its corresponding Hilbert spectrum, representing

the IMF in the time-frequency domain. An analytic signal
for each IMF, reconstructed from a conjugate pair
(IMF,IMFy#) is expressed as:

Zy = IMF(t) + JIMF;; = A (t)e/%® )

where Ax(t) denotes the instantancous amplitude Zi(7)
and O(t) the instantaneous phase of IMFi(t). Finally, the
Hilbert spectra of all IMFs are combined to obtain the
spectrum of the original signal. The original time series
x(t) can then be reconstructed as:

K
x() = ) A(©)emS S0 ©)
i=1

and the instantaneous frequency is calculated as:

i) = = ™

2m dt
Thus, the squared amplitude A% (t) together with the
instantaneous frequency fi(t) forms the time-frequency
spectrum of the EEG signal.

T transforming 1d feature sequences into 3d tensors
EEG signals are notoriously difficult to interpret due to
their high noise levels and the subtle, often non-obvious
relationships between the signals and specific brain
activities. Many existing studies simplify EEG data as
linear sequences, neglecting the complex
interdependencies between neighboring channels or the
benefits of representing EEG in alternative formats, such
as image-like structures [52].

Considering the natural topological arrangement of EEG
electrodes, illustrated in Figure 2, the one-dimensional
sequence St =[slf, ..., scf, ..., sSCf]—where scf denotes
the TFS feature extracted from the c-th electrode at
frequency f—can be reorganized into a three-
dimensional tensor Tn € RHXWXF. In this
representation, H and W define the spatial dimensions
(height and width) corresponding to the electrode layout,
while F represents the number of features per channel in
the nth EEG trial. The mapping from the 1D feature
vector to the 3D tensor (H, W, F) captures both the spatial
structure of the electrodes and the extracted feature
information.
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Figure 2. Topological arrangement of 64 EEG electrodes represented on a 2D plane. Each circle corresponds to
an electrode, with its serial number and label shown inside. The left and right mastoid electrodes (M1 and M2)
serve as reference electrodes during signal acquisition and are therefore excluded from the input used for emotion
recognition.
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BiLSTM+2dCNN temporal information. Spatial features are first extracted
We proposed a cascaded deep convolutional recurrent  using a 2D CNN, followed by a BiLSTM layer to model
neural network (CDCRNN) framework, illustrated in  temporal dependencies. The output from the final time
Figure 3, to effectively capture the spatiotemporal step of the BILSTM is passed through a fully connected
characteristics of EEG signals. The model takes as input  layer, and a softmax layer is applied at the end to generate
the 3D tensor Tn, which encodes both spatial and the final emotion prediction.
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Figure 3. Cascaded 2D CNN + BiLSTM architecture.

In this study, a 2D CNN combined with BiLSTM was
designed to capture rich spatiotemporal representations
from multi-channel EEG data. Each EEG segment,
lasting 1 second, is treated as an individual sample. Time-
frequency features were extracted for each segment using
STFT and HHT, and these features were then fed into the
deep network for further representation learning. Each 1-
second sample, denoted as Xi (i=1, 2, ..., n), is treated
as a spatial image with five channels. Five convolutional
layers with 3x3 kernels and ReLU activations were used
to learn local non-linear spatial patterns, followed by
fully connected layers to capture global spatial features.
Since spatial information alone is often insufficient for
representing temporal signals discriminatively, a
BiLSTM layer was employed to model temporal
dependencies and enhance the representation.

Experimental settings

The raw EEG signals were first processed using a 50th-
order FIR band-pass filter in the 1-50 Hz range. For
consistency with the SEED dataset, the Emotional BCI
data were downsampled to 200 Hz, followed by EA
(artifact elimination). The relative energy of five
frequency bands—delta (14 Hz), theta (4-8 Hz), alpha
(8-14 Hz), beta (14-30 Hz), and gamma (30-50 Hz)—
was extracted for each electrode channel using both
STFT and HHS methods. This yielded 310 features per
sample (5 frequency bands x 62 electrodes), which were
then reshaped into a 3D tensor of size 9xX9x5.

The resulting 3D tensors were input to the spatiotemporal
network for training. The network was trained with a
batch size of 32, a frame length of 12 seconds, and 100
epochs. Cross-entropy was used as the loss function,
while the SGD optimizer was applied with an initial
learning rate of 0.005. The learning rate was updated
according to: Ir = init_Ir*(0.95%°°"1% where init 1r
is the initial learning rate.

Results and Discussion

Emotion recognition performance

To evaluate the performance of the proposed emotion
recognition framework, three experimental protocols
were designed. In all three protocols, the training and test
sets are strictly non-overlapping, and the test labels are
never used during training. In the first two protocols,
training and test sets are drawn from different databases,
while the third protocol uses a leave-one-subject-out
approach. Considering class imbalance, both accuracy
and weighted F1-score were reported. The model was
also applied to depression recognition using five-fold
cross-validation.

In the first protocol, the entire Emotional BCI
competition database was used for training, and the
SEED dataset was used for testing. Recognition results
for two types of manually extracted features are
summarized in Table 2, showing that features extracted
using STFT achieved better performance. To further



30
J Med Sci Interdiscip Res, 2025, 5(2):24-38
consistently achieved the highest recognition rate among
the three emotion classes. Overall, recognition rates with
STFT features were higher than those with HHS features.

Novak and Dvora

illustrate class-wise predictions, confusion matrices were
analyzed. Figure 4 presents confusion matrices for STFT
and HHS features, showing that neutral emotion

Table 2. Recognition results on the emotional database.

Traini Validati
Experiment Source Dataset — Target Dataset ratning aication
Performance Performance
Fl1 Fl1
0, V)
Accuracy (%) Score Accuracy (%) Score
Emotional BCI ition D
1 motional BCI Competition Database %3.56 0.84 83.60 0.84
— SEED
’ SEED — Emotional BCI Competition 7433 072 70.26 0.70
Database
3 Leave-One-Subject-Out 81.58 0.80 79.29 0.77
With EA Without EA
Neutral 0.06 Neutral 0.20
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n
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Figure 4. Confusion matrix for Protocol 1. The y-axis indicates the actual labels, and the x-axis shows the
predicted labels. Panels (1) and (2) correspond to results using STFT features, while panels (3) and (4) correspond
to HHS features. Panels (1) and (3) include the Euclidean Alignment (EA) module, whereas panels (2) and (4)
present results without EA.

For Protocol 2, the SEED dataset served as the training
set, and the Emotional BCI Competition Database was
used for testing. Recognition performance for the two
manually extracted feature types is reported in Table 2.
STFT features outperformed HHS features by 4.07%,
although the overall accuracy was about 9% lower than

in Protocol 1. Confusion matrices for STFT and HHS
features are shown in Figure 5. STFT features produced
relatively balanced recognition across all three emotion
categories, while with HHS features, positive emotion
was recognized considerably more accurately than
neutral or negative emotions.
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Figure 5. Confusion matrix for Protocol 2. The y-axis represents the actual labels, and the x-axis shows the
predicted labels. Panels (1) and (2) depict recognition results using STFT features, while panels (3) and (4)
correspond to HHS features. Panels (1) and (3) include the Euclidean Alignment (EA) module, whereas panels (2)
and (4) show results without EA.

In the third protocol, recognition outcomes for both  To assess the contribution of the EA module, an ablation
databases are summarized in Table 2, reporting accuracy  study was conducted. As illustrated in Figures 4 and 5,
and weighted Fl-score. The results are organized by and Table 3, including EA substantially improved
database, averaging the performance of all subjects recognition accuracy in both Protocols 1 and 2.
within each dataset, and the overall mean accuracy across ~ Additionally, to investigate the temporal dependencies in
all subjects is also calculated. STFT features consistently ~ EEG emotion frames, experiments were performed using
yielded slightly higher recognition performance frame lengths ranging from 8 to 32 with a step size of 4.
compared with HHS features. These tests were conducted under Protocols 1 and 2, and
the results are presented in Figure 6.

Table 3. Results of the ablation study on the EA module.

Domain Adaptation Direction Feature Extraction Emotion F1 Accuracy
Method Alignment (EA) Score (%)
Emotional BCI Competition Database — SEED STFT With EA 0.84 83.56
Without EA 0.54 57.29
HHS With EA 0.84 83.60
Without EA 0.49 53.84
SEED — Emotional BCI Competition Database STFT With EA 0.72 74.33
Without EA 0.48 52.40
HHS With EA 0.70 70.26
Without EA 0.53 53.46

Bold values indicate identical experimental conditions and highlight the maximum performance when comparing results with or without the EA
module.
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Figure 6. Influence of time window length on recognition performance, with time measured in seconds.

Depression recognition results

For depression detection, we employed the MODMA
multi-modal dataset, which provides 128-channel ERP
recordings from 53 participants—24 diagnosed with
major depressive disorder and 29 healthy controls—
ranging in age from 16 to 52 years [53—55]. Considering
the electrode layout shown in Figure 7, the extracted 3D
tensors have dimensions of 21x19x5.

Participants were divided into five folds for cross-
validation. To account for unequal group sizes, the first
three folds each included 5 depressed and 6 healthy

subjects, while the final fold comprised 4 depressed and
5 healthy subjects. Recognition outcomes for each fold
are summarized in Figure 8.

The ERP task was a dot-probe paradigm, in which cue
stimuli consisted of three types of emotional-neutral face
pairs: Happy-Neutral (“hcue”), Fear-Neutral (“fcue”),
and Sad-Neutral (“scue”). In addition to evaluating
overall accuracy, we analyzed recognition performance
for each specific cue type. Among them, the highest
recognition rate was achieved for the “hcue” condition,
reaching 71.14%.

Channel locations
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Figure 7. Two-dimensional representation of the 128-electrode EEG layout. Each circle corresponds to an
electrode, with its serial number and label shown inside.
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Figure 8. Illustrates the classification performance of the spatiotemporal neural network applied to the depression
dataset.

This study presents a comprehensive pipeline for EEG-
based emotion recognition, achieving an overall accuracy
exceeding 80%. In the preprocessing stage, an
unsupervised Euclidean Alignment (EA) method is
applied to map data from different databases into a
common feature space. Time-frequency features are then
extracted using STFT, followed by spatial feature
learning via CNN and temporal modeling using
BiLSTM. Prior to the CNN operations, the one-
dimensional EEG time series is transformed into a three-
dimensional tensor based on the spatial arrangement of
the electrodes, ensuring that inter-channel correlations
are fully preserved. The 2D CNN captures spatial
patterns, while the BiLSTM models the temporal
relationships across the extracted features.

Analysis of Protocol 1’s confusion matrix indicates that
the recognition rates for the three emotion categories are
relatively balanced under both STFT and HHS feature
extraction methods, with positive emotion achieving the
highest accuracy. In Protocol 2, neutral emotion shows
the highest recognition rate using HHS features, whereas
negative emotion is recognized least accurately. Overall,
there is approximately a 9% drop in accuracy when

comparing Protocols 1 and 2, likely due to the greater
diversity of samples in the Emotional BCI database (as
seen in Table 1, where the first 15 participants and the
last eight participants differ across the three emotion
categories).

Across all protocols, the TFS features extracted via STFT
consistently outperform those obtained with HHS in
terms of both accuracy and weighted F1-score. Figures
9 and 10 visualize the features extracted by STFT and
HHS, respectively. The three emotion categories are
displayed across five frequency bands, with each
spectrum arranged according to the electrode layout
shown in Figure 2. Notably, the two methods yield
different high-frequency patterns: for STFT, the relative
energy in the beta (14-30 Hz) and gamma (30-50 Hz)
bands is high, showing clear distinctions among the three
emotion categories. In contrast, HHS features show
relatively high relative energy for positive and neutral
emotions in these bands, while negative emotions
consistently exhibit low energy across all frequencies.
This explains why recognition performance with HHS is
generally lower than STFT, although HHS still performs
well for positive and negative emotion classification.
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Figure 9. Relative energy maps of time-frequency spectrum (TFS) features derived using the short-time Fourier
transform (STFT), arranged according to the electrode layout shown in Figure 2.
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Figure 10. Displays the relative energy distribution map in the time-frequency spectrum (TFS), computed using
the HHS algorithm, and arranged according to the electrode layout presented in Figure 2.

To additionally verify the superiority of the proposed
approach, we benchmarked it against leading
contemporary techniques. Table 4
performance metrics of various subject-independent
EEG-based emotion recognition models tested on the

summarizes

SEED dataset. These include Support vector machine
with linear kernel (SVM) [56], principal component
analysis using kernel method (KPCA) [57], component
analysis for transfer learning (TCA) [58], parameter
transfer in transductive setting (TPT) [59], adversarial

neural network for domain adaptation (DANN) [60],
graph convolutional neural network with dynamical
structure (DGCNN) [39], domain adversarial neural
network across bi-hemispheres (BiDANN) [61],
BiDANN with subject adaptation (BiDANN-S) [41],
spatial-temporal neural network with hierarchical design
(R2G-STNN) [62], and graph that adapts per instance
(IAG) [63]. The results in the table indicate that our
approach delivers the top mean accuracy while exhibiting
the lowest standard deviation. Distinct from the
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compared baselines, our model was trained with
additional data from the Emotional BCI database. This
augmented training corpus improves the model's ability
to generalize, highlighting the strength of our method in
capturing diverse spatiotemporal features and achieving
reliable emotion recognition across different datasets or
participants.

Table 4. Average accuracies (Acc) and standard
deviations (Std) achieved on the SEED dataset in
subject-independent EEG emotion recognition tasks.

Approach Mean Accuracy / Standard
Deviation (%)
SVM [56] 56.73/16.29
KPCA [57] 61.28/14.62
TCA [58] 63.64 /14.88
TPT [59] 76.31/15.89
DANN [60] 75.08/11.18
DGCNN [39] 79.95/09.02
BiDANN [61] 83.28/09.60
BiDANN-S [41] 84.14/06.87
R2G-STNN [62] 84.16/07.63
TAG [63] 86.30/06.91
Proposed method 86.42/05.26
Conclusion

This research developed a comprehensive pipeline
encompassing preprocessing through to emotion
classification using EEG signals, attaining an accuracy
exceeding 80%. Notably, the application of this model to
EEG-based depression detection holds substantial
importance. The preprocessing stage, integrated with an
unsupervised Euclidean Alignment (EA) technique,
effectively aligns data from diverse databases into a
unified space. Multi-domain features spanning time,
frequency, and spatial dimensions are extracted by
integrating three approaches: Short-Time Fourier
Transform (STFT), Convolutional Neural Network
(CNN), and Bidirectional Long Short-Term Memory
(BILSTM). Prior to the CNN processing, the one-
dimensional time-series signals are reshaped into a three-
dimensional tensor based on the topographic layout of the
EEG electrodes. Looking ahead, future work will focus
on developing end-to-end, real-time emotional brain-
computer interfaces  tailored for  depression
identification.
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