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ABSTRACT: Emotion recognition is crucial for advancing human-computer interaction (HCI) by enabling systems
to interpret complex affective states. While Electroencephalogram (EEG) signals provide direct insights into neural
activity, facial expressions offer external emotional cues. However, unimodal systems often struggle with robustness
and generalization across diverse subjects. This study presents a Hierarchical Convolutional Neural Network (HCNN)
framework that integrates EEG and facial expressions through multi-level convolutional feature extraction and feature-
level fusion. The proposed model combines deep hierarchical representations with handcrafted temporal-frequency
and texture-based descriptors to form a unified feature vector. Experiments on the MAHNOB-HCI and DEAP datasets
show that the HCNN achieves accuracies of 91.40% and 88.09%, outperforming CNN-, LSTM-, and SVM-based
methods. The results demonstrate the model’s ability to effectively capture complementary cross-modal correlations
while reducing feature redundancy and computational complexity. The HCNN framework shows great promise for
real-time emotion recognition applications, offering a scalable, interpretable, and data-efficient solution for multimodal
emotion recognition in next-generation HCI systems.

KEYWORDS: Human-computer interaction; emotion recognition; electroencephalogram (EEG); hierarchical convo-
lutional neural network; multimodal fusion; facial expression analysis; affective computing

1 Introduction

Emotion recognition has become increasingly critical for advancing human-computer interaction
(HCI) systems across diverse application domains. Emotions represent complex mental states shaped by both
internal and external stimuli, manifesting through intricate psycho-physiological processes. Understanding
these emotional states enables deeper insights into human behavior, which is essential for designing adaptive
and intelligent systems. Affective computing has therefore emerged as a key discipline for recognizing
emotions using multimodal data in computational environments [1,2].

Early research demonstrated the limitations of unimodal emotion recognition, as reliance on a single
information source often fails to capture the multidimensionality nature of affective states. Consequently,
bimodal and multimodal approaches, particularly those combining facial expressions with electroencephalo-
gram (EEG) signals, have gained increasing attention [3-5]. These frameworks typically involve two core
stages: extracting informative representations from raw data and applying fusion strategies to integrate
complementary modalities [6].
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EEG-based emotion recognition remains one of the most actively studied areas due to EEG’s ability to
reflect neural activity associated with emotional changes. Recent studies have focused on optimizing feature
extraction techniques and selecting effective classifiers for EEG signals [1,7-9]. For example, Reference [10]
investigated early- and late-fusion strategies by integrating EEG with blood volume pulse signals, while [11]
explored deep learning methods for learning feature correlations in facial expression recognition. Hier-
archical feature learning has also been widely explored, including stacked autoencoders applied to EEG
power spectral density, modular network designs to mitigate fusion limitations [12], and multi-column
CNN architectures to improve recognition accuracy [13]. Despite these advances, many existing approaches
continue to suffer from premature fusion, feature redundancy, and increased computational overhead when
processing large-scale EEG data [14].

Beyond handcrafted feature-based approaches, deep learning has substantially advanced emotion
recognition by enabling end-to-end learning from raw or minimally processed signals. Architectures such
as CNN autoencoders [15], convolutional LSTMs [16], recurrent neural networks [17], and hybrid deep
models have demonstrated strong performance across datasets [18,19]. CNNs are effective in capturing spatial
abstractions, whereas RNNs and LSTMs model temporal dependencies. More recently, attention-based
Transformer architectures have been applied to multimodal emotion recognition to enhance cross-modal
alignment [20-22]. Nevertheless, their models often involve high computational complexity and may face
challenges related to robustness across subjects and real-time deployment [9].

Although traditional emotion models such as valence-arousal framework provide a practical founda-
tion, they may oversimplify the representation of affective states. Alternative emotion models, including
Plutchik’s Wheel of Emotions or Ekman’s six basic emotions, as well as extended dimensions incorporating
dominance, suggest richer representational possibilities for multimodal systems. Empirical evidence con-
sistently shows that integrating EEG with facial expressions improves recognition performance compared
to unimodal systems [23]; however, challenges related to feature redundancy, fusion strategy design, and
computational scalability remain unresolved [24].

Prior EEG-facial fusion studies commonly combine modalities at a single stage or rely primarily
on final-layer deep representations, which can suppress intermediate complementary cues and increase
redundancy. In contrast, we propose a hierarchical CNN-based framework that preserves and integrates
multi-level representations while also leveraging compact handcrafted descriptors for EEG and facial texture.
This hybrid design is intended to improve robustness under noise and modality uncertainty while keeping
the architecture lightweight compared with attention-heavy alternatives.

To address these challenges, this study introduces a hierarchical convolutional neural network (HCNN)
framework that explicitly extracts and preserves multi-level features representations from both EEG and
facial modalities. Unlike prior hierarchical fusion models that typically aggregate features at a single
convolutional depth or at the decision level, the proposed HCNN retains intermediate representations
at multiple abstraction levels, enabling complementary modeling of spatial, temporal, and cross-modal
characteristics. In addition, the framework integrates deep hierarchical features with hand-crafted time-
and frequency-domain EEG descriptors and facial texture features to enhance robustness against EEG
non-stationarity and facial variability while reducing feature redundancy through feature-level fusion.

In summary, this work presents a hierarchical multimodal learning framework that combines multi-
level convolutional feature preservation with adaptive feature-level fusion for bimodal emotion recognition.
The proposed approach is evaluated on benchmark datasets and demonstrates competitive performance
while maintaining lower architectural complexity compared with attention-based multimodal models.
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2 Literature Review

Emotions are commonly defined as the nervous system’s organic response to internal or external stim-
uli [25]. Classical theories proposed by [26] and [27] provide foundational frameworks for understanding
emotional states. Ekman identified six basic emotions; joy, surprise, anger, sadness, disgust, and fear, while
Russell introduced the circumplex model, in which emotions arise from varying combinations of two
neurophysiological dimensions: valence and arousal. For instance, joy is associated with positive valence and
moderate arousal. Based on these models, emotion recognition problems are frequently formulated as binary
or multi-class classification tasks defined along valence-arousal dimensions.

Among the available modalities, electroencephalogram (EEG) signals have gained prominence in HCI-
driven emotion recognition due to their affordability, high temporal resolution, and direct reflection of
neural activity. However, EEG signals are inherently non-stationary and susceptible to artifacts, posing
challenges for robust emotion classification across sessions and subjects. Despite these challenges, EEG-based
emotion recognition has been successfully applied in domains such as e-learning, healthcare, virtual reality,
entertainment, and therapeutic monitoring [28-30].

Facial expressions constitute another critical modality, offering visually interpretable cues for emotional
states. Facial expressions are commonly categorized into basic emotions, compound emotions formed by
blending basic expressions, and micro-expressions, which are subtle and involuntary. Existing facial emotion
recognition approaches can be broadly divided into geometric methods, which analyze facial landmarks [24],
and texture-based methods, which rely on descriptors such as Gabor filters and local binary patterns [31].
The Facial Action Coding System (FACS) [32] remains a widely adopted framework for decomposing facial
expressions into action units and has served as the basis for numerous recognition models [33,34].

Human emotion recognition methods generally follow two complementary strategies: behavioral
analysis and physiological signal analysis. While behavioral approaches capture external manifestations of
emotion, they may fail to reliably identify internal affective states. Physiological signals, including EEG, blood
volume pulse, and peripheral biosignals, provide richer internal representations, motivating the transition
from unimodal to multimodal emotion recognition frameworks that exploit complementary modality
strengths [35,36].

Early multimodal emotion recognition studies primarily relied on traditional machine learning tech-
niques. For Example, Reference [37] combined EEG and facial expressions using support vector machines,
achieving approximately 70% accuracy. Reference [38] employed differential entropy features from multi-
channel EEG with linear classifiers, reporting around 74% accuracy. Reference [17] examined gender-based
effects using EEG and eye movement signals, observing improved performance only under same-gender
conditions. Although these studies demonstrated the feasibility of multimodal emotion recognition, classical
machine learning approaches struggled with high-dimensional feature spaces, feature redundancy, and
computational scalability.

The advent of deep learning has significantly mitigated these limitations. Reference [39] introduced
3D and 1D CNN architectures with decision-level fusion for multimodal emotion recognition, achieving
notable performance gains. Reference [29] integrated CNN and LSTM models for EEG-based emotion
classification, outperforming unimodal baselines. Reference [24] further combined EEG with peripheral
physiological signals, reporting accuracy improvements approaching 89%. These works demonstrate the
effectiveness of deep multimodal fusion, though challenges related to redundant feature learning and
increased computational cost persist.

Recent research (2023-2025) has focused on advanced EEG-specific modeling strategies. Spectral
analysis techniques such as variational mode decomposition (VMD) and entropy-based representations (e.g.,
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differential/feature entropy) have been employed to capture discriminative EEG frequency components and
time-frequency patterns [40-42]. Deep learning models such as NeuroFeat and ERTNet have been proposed
to improve EEG feature learning and interpretability through attention mechanisms and transformer-
based architectures [43,44]. Graph neural networks have also been explored for cross-modal correlation
learning by preserving spatial electrode relationships [21]. While these approaches demonstrate strong
performance, they often require large training datasets and incur high computational overhead, limiting
real-time deployment in HCI systems.

EEG preprocessing and artifact removal remain critical challenges in emotion recognition pipelines.
EEG signals are commonly contaminated by artifacts arising from eye blinks, muscle activity, and head
movements. Traditional artifact removal techniques include independent component analysis and filtering,
while recent studies have explored machine learning-based approaches such as k-nearest neighbors and
recurrent neural networks for automated artifact detection and removal. Despite these advances, residual
noise and baseline variability continue to affect EEG-based emotion classification robustness.

Building upon these findings, this study proposes a Hierarchical Convolutional Neural Network
(HCNN) framework to address feature redundancy and computational inefficiency in multimodal emotion
recognition. By preserving multi-level convolutional representations and integrating hierarchical feature
extraction with optimized feature-level fusion, the proposed approach enhances cross-modal dependency
modelling. In addition, handcrafted time- and frequency-domain EEG features are combined with deep
representations to improve robustness against EEG non-stationarity and facial variability. A comparative
summary of prior approaches and their limitations is presented in Table 1.

Table 1: Comparison of past approaches and their limitations.

Accuracy

(%) Limitations

Study Modality Feature Extraction Model Used Dataset

Almanza-Conejo, Limited to unimodal

Almanza- EEG Channel selection + CNN DEAP 85.2 EEG; lacks
. CNN cross-modal
Ojeda [8] o
generalization
Handcrafted features
Zhang et al. [24] Facial LBP + SVM SVM FER-2013 82.7 only; poor
Expressions adaptability to
real-world data
Fusion inefhicient;
Wuetal [6]  EEG + Facial DL'b‘;zziieamre LSTM MAHNOB-HCI ~ 88.3 struggles with
redundancy
Lacks attention-based
. N . Multimodal feature Hybrid . }
Liu et al. [43] EEG + Facial selection CNN-LSTM SEED-V 89.5 ahgnment.,
dataset-specific
Real-time Custom clinical High complexity;
Mutawa et al. [9] EEG + Facial . . CNN-BIiLSTM 90.1 limited scalability in
multimodal fusion dataset
real-world
Transfer learnine + Transformer- Computationally
Sharma et al. [23] EEG + Facial & based DREAMER 92.3 expensive; limited
fine-tuned features . Lo
Fusion subject independence

(Continued)
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Table 1 (continued)

Accuracy

Study Modality Feature Extraction Model Used Dataset (%) Limitations
(J
Sensitive to noise;
Chenetal. [45] EEG + Facial Crosls-modal. Graph Neural AMIGOS 91.7  requires large training
correlation learning Network
data
Hierarchical CNN MAHNOB- aniaif)ﬁeieicif‘frastym
Proposed (Ours) EEG + Facial feature fusion + HCNN HCI, 91.4 be tI; sted };’ny
handcrafted features DEAP

large-scale datasets

3 Materials and Methods

Fig. 1 illustrates the proposed Hierarchical Convolutional Neural Network (HCNN) framework. Emo-
tion recognition requires processing complex multimodal data, where facial video and EEG signals provide
complementary affective cues. The HCNN is designed to address limitations of prior multimodal approaches,
such as inadequate cross-modality integration and feature redundancy, by employing hierarchical convo-
lutional layers that extract multi-level representations. These layers enable the joint modeling of spatial,
temporal, and frequency-domain characteristics from both modalities. This section details the datasets,
preprocessing steps, and input representation strategy used in the proposed framework.

HCNN

Pre-processed i Pre-processed L

L Ls
Facial Data | EEG Data hqn-l " i-ﬁgﬁhl Higmi
ooy .
A EzH
[ [
v v

v
4

A~ | Maxpool | Maxpool l %' Maxpool
Facial Statistical EEG Statistical
Features (LBP) Features (5.9.0..8.7) ' i :

| | 1l ¢ ]

Feature Level Fusion

-

| Classification Results |

Figure 1: HCNN-based bimodal emotion recognition model [6].

3.1 Data Preprocessing

The MAHNOB-HCI Dataset [31] consists of emotional responses elicited by 20 audiovisual stimuli.
EEG and facial recordings were obtained from 22 participants (10 males and 12 females), each of whom
provided self-assessed valence and arousal ratings on a 1-9 scale. Following common practice, a threshold
of 5 was applied to binarize emotional states into high and low classes. EEG signals were recorded from 32
electrodes placed according to the international 10-20 System with a Biosemi Active II device at a sampling
rate of 256 Hz. Synchronized facial videos were captured at a resolution of 720 x 580 pixels and 60 frames per
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second. In addition to self-reports, facial valence annotations were provided by five independent observers
using FEELTRACE [46].

The DEAP dataset [47] includes multimodal recordings from 32 participants, each exposed to 40 one-
minute music video clips. EEG signals were recorded form 32 channels at 512 Hz and downsampled to
128 Hz. Facial video recordings are available for 22 participants only; therefore, experiments involving facial
expressions and bimodal fusion were restricted to subjects with complete EEG-facial data. Participants rated
arousal and valence on a 1-9 scale, and a threshold of 5 was applied for binary classification. Trials with
missing or incomplete facial recordings were excluded rather than imputed to avoid introducing bias.

To address class imbalance after thresholding valence and arousal labels, class distributions were
examined for each dataset, and random undersampling of the majority class was applied within the training
set only. No resampling was performed on validation or test sets.

EEG signals were bandpass filtered between 4-43 Hz to eliminate low-frequency drift and high-
frequency noise. Spectral features were extracted using standard frequency bands: theta (4-8 Hz), alpha
(8-13 Hz), beta (13-30 Hz), and gamma (30-43 Hz). Ocular and muscle artifacts were mitigated using
ICA (Infomax/FastICA) with the number of independent components equal to the number of EEG
channels. Artifact-related components were identified using ICLabel, correlation with EOG channels, and
kurtosis/spectral slope criteria, and were removed before feature extraction.

1 (s=w)?

2m\/o ¢ @

3.2 Preserving 3D Data Structure for HCNN Input

PDF =

To preserve spatiotemporal dependencies inherent in multimodal emotion data, the HCNN processes
both EEG and facial inputs in their native three-dimensional formats rather than flattening them into one-
dimensional vectors.

3.2.1 Video Data

Facial video data were represented in a 3D format (H x W x T), where H and W denote spatial dimen-
sions and T represents the temporal axis. Convolutional layers extracted spatial features from individual
frames, while deeper layer modeled temporal dynamics across frame sequences. Facial regions were cropped
and centered to reduce background interference [48], resized to 227 x 227 pixels, and augmented using
horizontal and vertical flips as well as small random rotations (+10°) to increase training diversity without
altering emotion-related cues.

3.2.2 EEG Signals

EEG inputs were represented in an E x T x R structure, where E denotes the number of electrodes,
T corresponds to time samples, and R represents trials. Convolutional filters were applied across electrode
dimensions to learn spatial dependencies, while subsequent layers captured temporal dynamics and trial-
level variability.

To avoid data leakage, all temporal windows generated from the same trial were assigned exclusively
to either the training, validation, or test set. No overlapping windows from the same trial appeared across
different data partitions, ensuring that performance metrics were not artificially inflated by temporal
correlation.

This three-dimensional input strategy preserves intrinsic multimodal patterns and enables the HCNN
to effectively learn complementary representations from EEG and facial data.
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4 Proposed Model
4.1 Traditional CNN Model

With advances in computational power, deep learning has become a dominant tool for classification.
Convolutional neural networks (CNNs) are particularly effective at extracting hierarchical features
representations directly from raw data by jointly learning features and classifiers within a unified frame-
work [49-51]. Convolutional layers progressively learn features of increasing abstraction, while fully
connected layers and softmax classifiers enable final decision-making.

In a standard CNN, each layer performs nonlinear transformations on the output of the preceding
layers apply trainable kernels to generate activation maps, whereas pooling layers reduce dimensionality
and improve robustness against translation and local distortion. The convolutional operation at layer [ is
expressed as:

1

F-1F-1
> 2 K (@) * O (x=poy-q) + bﬁl)) 2)
p=04g=0

Mz

O (x,y) = 0(

1

3
I

Here, m and n denote input and output feature maps, k,(qln)1 is the convolution kernel, o(.) is the nonlinear
activation function, and b,(ql) is bias.

Pooling operations reduce computational complexity and enforce invariance. For max pooling:

OV (x,) = max (O (x+i,y+])) X

1<i<h,1<j<w
where h, w define the pooling filter size.
At the output layer, softmax produces posterior probabilities:

zk

P(y=klz) =
(v = Kl2) SE e

(4)

where z is the logit vector. Training occurs through forward propagation and error-driven backpropagation,
adjusting weights to minimize classification loss [48].

4.2 Hierarchical CNN Model

The proposed Hierarchical Convolutional Neural Network (HCNN) extends traditional CNN by
explicitly preserving and integrating feature representations extracted at multiple convolutional depths.
Unlike conventional CNN architectures which rely solely on the final convolutional layer, the HCNN retains
intermediate feature vectors, denoted as FV-1, FV-2, FV-3, to capture complementary information at different
abstraction levels.

The architecture (Fig. 2) employs three convolutional blocks with kernel sizes 7 x 7,5 x 5, and 3 x 3. Each
block is followed by ConvBN (convolution + batch normalization), ReLU activation, and 2 x 2 max pooling.
Dropout is applied before fusion to mitigate overfitting. Residual connections are incorporated to improve
stability and gradient flow, consistent with modern architectures such as ResNets [52]. The hierarchical
feature representations serve distinct roles:

o FV-1 captures low-level spatial and spectral patterns, including facial edges, textures, and EEG
rhythmic activity.

o FV-2 encodes mid-level temporal dynamics and inter-channel EEG correlations.

o  FV-3 models high-level semantic and cross-modal dependencies.



8 Rev Int Métodos Numér Calc Disefio Ing. 2027;43(1):20

These feature vectors are concatenated to form a combined hierarchical feature representation denoted
as FV-C.

| HCNN :

o s o s o e e et A A i ko | Results |

L, 1L, 1L, : 1 ]

Unimodal = ) B ! = ) = | = ) - | FC I: :
Dita = ConvBN l Maxpool= : C011\'BN= l Maxpool= : CoanN= . Ma.\pool= : 5 !

e e N e B R A e e N e e | |

: FV-1 F V-ZI FV-3 :

. 4

Figure 2: Proposed model of Hierarchical CNN to recognize emotions using EEG and facial data.

4.3 Handcrafted Feature Extraction

To complement deep hierarchical representations, handcrafted descriptors are extracted to enhance
robustness, particularly for non-stationary EEG signals.

4.3.1 Hjorth Parameters

Hjorth parameters capture time-domain EEG characteristics and are defined as follows [53]:

Activity = var(y(t)) )
3 var(y'(t))
Mobility = \ | —F—=% ’
y var(y(t))
ComPZEXIty = Mobzlzty(}’(t)) ’
4.3.2 Sample Entropy

Sample entropy measures signal irregularity and complexity [54]:

A(m,r,N)
SampE ,WN)=-In—-——"— 8
ampEn (m,r,N) nA(m+1,r,N) (8)
where (m) is embedding dimension, (r) is tolerance, and (N) is data length.
For facial images, Local Binary Patterns (LBP) are applied to 3 x 3 neighborhoods [55].
7
LBP (xc,yc) = > 2"s(iy — i) 9)

n=0

where i. and i, are gray values at the center and neighbor pixels. Uniform LBP reduces feature dimensionality
and ensures rotation invariance. The resultant the LBP operator on a 3 x 3 image can be seen in Fig. 3a, while
the LBP features of a face image are shown in Fig. 3b.
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Figure 3: Feature extraction process for facial emotion representation: (a) LBP operation; (b) LBP features of a facial
image.

4.4 Matching Score-Based Fusion

Let F = {F;\,Fi,,...,F;,} be facial features and E = {E; |, E; 2, ..., E; »} EEG features. After normal-
ization via Median Absolute Deviation (MAD):

MAD = Median(|y; - y|) (10)
the normalized feature vectors are concatenated:

FV-C= [Fnorm’ Enorm] (11)

To reduce feature redundancy and emphasize informative cross-modal relationships, a matching score-
based fusion strategy is applied:

N
FV-C=) wif; (12)
i=1

where w; is the learned weight. When Sy falls into overlapping regions, Mahalanobis distance is applied
for decision refinement.

Adaptive fusion weights. Let f; € RY denote the modality-specific feature vector (e.g., EEG, face, or
hierarchical level). Fusion weights are computed by a lightweight gating module:

exp (u'f)
=————7"—,) a;=1 (13)
S, explurf) &

where u is trainable. The fused representation is then
M

ffuse = Z azfz (14)

i=1
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Matching score. We compute a similarity-based matching score between modalities using cosine
similarity:

f a Tf b
s(ato) = T (15)
all > I
and use it as an auxiliary consistency signal during training (higher similarity indicates stronger cross-modal
agreement).

Mabhalanobis refinement. For classification, we optionally refine the decision by measuring the
Mahalanobis distance between the fused embedding and class prototypes:

DC(X) = (x_‘“c)TZ_l (X_.“c)’ (16)

where p, and X are estimated from training embeddings of class ¢. The predicted class is arg min D.(x).
This refinement reduces sensitivity to feature-scale imbalance and improves separation when class distribu-
tions overlap.

Finally, handcrafted features H = {H;, H,, ..., Hy, } are appended to FV-C:

Xp={X,....,. X4, H,...,Hy,} 17)

This enriched representation integrates deep hierarchical features with handcrafted descriptors for
classification via softmax.

4.5 Training Configuration

All networks were implemented in PyTorch and trained using the AdamW optimizer with an initial
learning rate of le-3 and a cosine learning-rate schedule. The batch size was 32, and training was run for up
to 100 epochs with early stopping (monitor: validation loss; patience: 10 epochs; min_delta: le-4). Dropout
was applied after each convolutional block with a probability of 0.3, and L2 regularization (weight decay) was
set to le—4. We used binary cross-entropy loss for valence/arousal classification, and all experiments were
repeated with a fixed random seed (42) to ensure reproducibility.

5 Results and Discussion

The performance of the proposed deep learning-based emotion recognition framework was evalu-
ated using EEG and facial sequences from the DEAP and MAHNOB-HCI datasets. Since frontal brain
regions are strongly associated with emotion processing [56], six frontal EEG channels were selected
for analysis. EEG signals were bandpass filtered between 4-43 Hz to eliminate low-frequency drift and
high-frequency noise. Spectral features were extracted using standard frequency bands: theta (4-8 Hz),
alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-43 Hz). Ocular and muscle artifacts were mitigated
using ICA (Infomax/FastICA) with the number of independent components equal to the number of EEG
channels. Artifact-related components were identified using ICLabel, correlation with EOG channels, and
kurtosis/spectral slope criteria, and were removed before feature extraction.

A sliding-window strategy with a window length of 6 s and 50% overlap was applied, producing nine
segments per trial and yielding 360 samples per subject across 40 trials. As described in Section 3, all windows
originating from the same trial were assigned exclusively to either the training, validation, or test set to avoid
temporal leakage. The resulting feature dimensionality per sample was 23,040 for EEG (6 x 5 x 128 x 6) and
9,275,220 for video data (227 x 227 x 30 x 6).
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Model performance was evaluated for unimodal (EEG-only and facial-only) and bimodal con-
figurations. Emotion recognition was formulated along the valence (pleasure/satisfaction) and arousal
(activation-de-activation) dimensions, as illustrated in Fig. 4. Results were reported in terms of accuracy,
precision, recall, and Fl-score.

Arousal
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Figure 4: Valence-Arousal representation of emotional states (self-created).

5.1 Statistical Testing

Statistical significance was evaluated at & = 0.05. When assumptions of normality were satisfied, we used
a paired t-test; otherwise, we used the Wilcoxon signed-rank test. In addition to p-values, we report effect
sizes (Cohen’s d/Hedges’ g) to quantify the magnitude of improvements. Results with p > 0.05 are described
as not statistically significant.

For facial expression data, Levene’s test yielded p = 0.068, satisfying homogeneity, so a standard ¢-test
was applied. For EEG data, Levene’s test gave p = 0.052, indicating a borderline violation; therefore, Welch’s
t-test was used.

5.2 Facial Expression Results

Using MAHNOB-HCI, the model achieved 82.43% (arousal) and 81.51% (valence). On DEAP, accuracies
were 80.08% (arousal) and 80.74% (valence). Precision, recall, and Fl-scores are presented in Table 2.

Table 2: Facial-expression-only emotion recognition results on MAHNOB-HCI and DEAP datasets.

Dataset Emotion  Accuracy (%) Recall (%) Precision (%) F1-Score (%) p-Value
Arousal 82.43 83.12 83.34 85.56 0.018

MAHNOB-HCI Valence 81.51 83.22 82.71 83.91 <0.001
DEAP Arousal 80.08 80.97 79.73 80.13 0.068

Valence 80.74 80.59 80.36 81.05 0.025
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For MAHNOB-HCI, both valence and arousal results were statistically significant (p < 0.05). For DEAP,
valence recognition was statistically significant (p = 0.025), while arousal recognition did not reach statistical
significance (p = 0.068). A cross-dataset comparison of facial-expression-based results is shown in Fig. 5.

86.00% 85.56%
83.91%

84.00% 83.12% 83.22% 83.34%2 190

82.43% 71%

81.51% .
82.00% 80.74% 0.97% 81.05%
' 80.59% 369
0.08% / L ° 9.7350 ,364’ 0.13%

80.00% | ] \ ‘
76.00%

Accuracy Recall Precision F-Measure

H MAHNOB-HCI Arousal H MAHNOB-HCI Valence B DEAP Arousal & DEAP Valence

Figure 5: Comparison of valence and arousal recognition using facial expression data.

5.3 EEG Results

With EEG data alone, HCNN achieved 83.27% (arousal) and 83.62% (valence) on MAHNOB-HCI, and
80.15% (arousal) and 79.82% (valence) on DEAP. Precision, recall, and Fl-scores are provided in Table 3.

Table 3: EEG-only emotion recognition results on MAHNOB-HCI and DEAP datasets.

Dataset Emotion  Accuracy (%) Recall (%) Precision (%) F1-Score (%) p-Value
Arousal 83.27 82.29 82.75 82.96 <0.001

MAHNOB-HCI Valence 83.62 82.18 82.64 82.05 <0.001
DEAP Arousal 80.15 79.37 79.77 80.41 0.052
Valence 79.82 79.95 80.11 80.52 <0.001

For MAHNOB-HCI, all results were significant (p < 0.05). On DEAP, arousal was borderline (p = 0.052),
while valence remained highly significant (p < 0.001). Combined results are shown in Fig. 6.

5.4 Fusion Results

Bimodal fusion consistently yielded the highest performance across both datasets. On MAHNOB-HCI,
accuracies 0of 90.72% (arousal) and 91.40% (valence) were achieved. On DEAP, fusion results reached 88.09%
(arousal) and 87.84% (valence). In both datasets, valence recognition outperformed arousal recognition,
indicating stronger cross-modal reinforcement for affective valence. Fusion results are summarized in Table 4
and illustrated in Fig. 7.

All fusion results were statistically significant (p < 0.05). Performance improvements can be attributed
to hierarchical multiscale feature extraction and adaptive feature-level fusion, which effectively capture
complementary information from EEG and facial modalities.
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Figure 6: Comparison of valence and arousal recognition using EEG data.
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Figure 7: Comparison of fusion-based valence and arousal recognition results.
Table 4: Bimodal EEG-facial fusion results on MAHNOB-HCI and DEAP datasets.
Dataset Emotion  Accuracy (%) Recall (%) Precision (%) F1-Score (%) p-Value
Arousal 90.72 91.51 91.26 92.39 0.005
MAHNOB-HCI
Valence 91.40 91.75 90.87 92.44 <0.001
DEAP Arousal 88.09 88.08 88.83 89.19 <0.001
Valence 87.84 87.96 88.14 88.72 0.006

5.5 Comparative Analysis

To benchmark performance, the HCNN was compared with state-of-the-art CNN- and SVM-based
emotion recognition models (Table 5). The proposed method surpassed existing techniques, with a 3.2%
accuracy improvement over the best multimodal fusion approach [6]. The hierarchical fusion strategy was
the primary driver of this gain.
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Table 5: Comparative performance of emotion recognition models.

Method Accuracy (%) Precision Recall F1-Score
CNN-LSTM [6] 88.3 86.9 85.5 86.2
SVM + Handcrafted Features 82.7 81.2 80.9 81.0
Transformer-based Fusion Network [57] 89.6 88.4 875 88.0
Graph Neural Network for Multimodal
EEG-Facial Fusion [45] 902 89.5 89.0 89.3
Proposed HCNN Model 91.4 90.8 90.2 90.5

5.6 Computational Complexity

We report parameter count, FLOPs, and inference latency (batch = 1) to support practical deployability.
The proposed HCNN contains 3.2 million parameters and requires 1.2 GFLOPs per inference. On an NVIDIA
Tesla V100 GPU, average inference time was 25 ms per sample. These results indicate that the proposed model
is computationally feasible for near real-time HCI settings relative to attention-heavy multimodal designs.

6 Discussion

The proposed HCNN demonstrates competitive performance when compared with representative
multimodal emotion recognition approaches reported in recent literature. Table 6 summarizes compara-
tive results across studies employing EEG, facial expressions, and hybrid fusion strategies. For example,
Reference [6] introduced a hierarchical LSTM-based framework that integrates EEG and facial expressions
through temporal feature aggregation. Reference [58] proposed a multimodal approach combining CNNs
and decision trees to fuse EEG, facial expressions, and galvanic skin response signals, reporting accuracies of
81.2% and 91.5% on the LUMED-2 and DEAP datasets, respectively. Reference [59] employed LIBSVM with
fuzzy logic-based decision fusion of EEG and facial features, achieving 85.7% accuracy, while [60] explored
decision-level fusion methods using enumerated weighting and adaptive boosting, reporting relatively lower
online recognition performance.

Table 6: Comparison of the proposed method with state-of-the-art methods.

Study Methodology Dataset  Accuracy (%) Advantages Limitations
Huang SVM for fusion DEAP 70.0 Compu.tatlonal Low accuracy; feature
etal. [60] efficiency redundancy
Ramzan and CNN-LSTM DEAP 85.2 Temporal feature Wealf cross-rpodahty
Dawn [29] extraction integration
Hierarchical MAHNOB- Improved modality ~ High computational
Wu etal. [0] LSTM HCI 85.5 fusion cost; sequential nature
Cimtay and . Efficient
Ekmek- Pretrained CNN DEAP 79.2 cross-subject Modest acciracy
. . (transfer learning) e improvement
cioglu [28] classification
, , Strong multimodal o .
Hierarchical . Limited scalability
4 .
Zhang et al. [24] Fusion CNN DEAP 85.7 fusion; good across datasets

accuracy

(Continued)
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Table 6 (continued)

Study Methodology Dataset  Accuracy (%) Advantages Limitations
Transformer- Captures long-range . .
Lietal. [57] based multimodal DEAP, 88.6 dependencies; Rec!ulres large datasets;
. SEED . high GPU memory
fusion robust fusion
Graph Attention
Networks (GAT) . Computational
Hassan Preserves spatial .
on EEG DEAP 89.8 . complexity; slower
et al. [61] electrode relations L
topography + training
CNN on video
Strong global
Sharma Cross-attention DEAP, 902 context learning; Limited interpretabilit
etal. [23] Multimodal ViT DREAMER ’ high cross-subject P Y
accuracy
Hierarchical CNN  MAHNOB- oL Multilevel feature
Proposed . (MAHNOB- . . - Complex training
with feature-level HCI, extraction and .o
HCNN Model fusion DEAP HCI)/ fusion pipeline
88.1 (DEAP)

While prior studies often rely on similar emotional state categorizations, our research focuses specif-
ically on valence and arousal to facilitate direct comparison. As shown in Table 6, the proposed model
significantly outperforms other multimodal approaches. By adopting a hierarchical structure, the model
enhances multilevel feature representation of bimodal data and reduces variations from physical parameter
adjustments, thereby improving classification performance.

ROC analysis further validates the method. Fig. 8 presents ROC curves for valence and Fig. 9 for arousal.
In both cases, performance on the MAHNOB-HCI dataset was superior, although results across both datasets
were consistent with accuracy, precision, recall, and F1 metrics.

1o Receiver Operating Characteristic
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ol
&
~ 0.6 1
2
:‘U;;
e
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£

0.2 //, - = Mid

R4 MAHNOB-HCI (AUC = 0.9106)
,/’ —— DEAP (AUC = 0.8828)
0.0 . . . :
0.0 0.2 0.4 0.6 0.8 1.0

False Poitive Rate

Figure 8: Comparison of results between datasets using the ROC curve on the valence space.
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Figure 9: Comparison of results between datasets using the ROC curve on the arousal space.

Topographical analysis provides additional insight into the neurophysiological relevance of the
extracted features. As shown in Fig. 10, frontal EEG electrodes exhibit stronger correlations with both
valence and arousal across multiple frequency bands, highlighting the importance of frontal brain activity
in emotion processing. Fig. 11 shows that valence-related correlations are more broadly distributed across
electrodes, whereas arousal-related correlations are predominantly concentrated in frontal regions. These
observations are consistent with prior findings reported by [56], reinforcing the physiological plausibility of
the proposed approach.

Delta [4, 8]Hz Theta [8, 13]JHz  Alpha [13, 30]Hz Beta [30, 43]Hz Gamma [4, 43]Hz

Arousal

Figure 10: The correlation maps between PSD values, averaged over all sequences, using MAHNOB-HCI dataset and
continuous valence for delta, theta, alpha, beta, and gamma bands.

Experiments with varying train-test split ratios (Tables 7 and 8) confirm the robustness of the proposed
approach. Accuracy improved with larger training proportions, while p-values remained stable, indicating
statistical reliability regardless of split ratio.

Subject-independent experiments were also performed to test generalization across individuals. Results
confirmed that the proposed HCNN effectively transfers learned features to unseen subjects, maintaining
satisfactory accuracy in bimodal recognition. Evaluating feature-level fusion at different HCNN layers
further demonstrated effective integration of EEG and facial modalities. These outcomes highlight the
model’s potential for practical emotion recognition applications.
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Figure 11: The correlation maps between PSD values, averaged overall sequences, using DEAP dataset and continuous
valence for delta, theta, alpha, beta and gamma bands.

Table 7: Average accuracies and standard deviation (%) of varying train-test split ratios on MAHNOB-HCI dataset.

Train/Test Split Emotion Accuracy (%) p-Value*
oo Aroua s0722 248 oo
o 5
T b

Note: *p-values are computed from paired statistical tests on subject-level accuracies. Standard deviations are reported
only for accuracy values.

Table 8: Average accuracies and standard deviation (%) of varying train-test split ratios on DEAP dataset.

Train/Test Split Emotion Accuracy (%) p-Value*
e 5
T o
o a E

Note: *p-values are computed from paired statistical tests on subject-level accuracies. Standard deviations are reported
only for accuracy values.

6.1 Overfitting Analysis

Given the limited size of the benchmark datasets, overfitting was a potential concern. To mitigate this,
dropout layers and batch normalization were employed throughout the network, and training and validation
performance were continuously monitored. The close alignment between training and validation accuracy
indicates that the model generalizes well within the evaluated datasets. Early stopping was applied to prevent
excessive fitting to the training data, contributing to stable convergence behavior.



18 Rev Int Métodos Numér Calc Disefio Ing. 2027;43(1):20

6.2 Sensitivity Analysis

The robustness of the proposed model was examined under controlled input perturbations. Experi-
mental results show that the HCNN maintains stable performance under low-level noise conditions, with
only marginal accuracy degradation. However, higher noise levels (¢ > 0.1 in EEG signals) resulted in more
pronounced performance drops, suggesting sensitivity to severe signal corruption. These findings indicate
that while the model is reasonably robust, additional adaptive noise filtering or more advanced augmentation
strategies could further enhance resilience.

6.3 Limitations and Future Work

Despite the encouraging results, several limitations should be acknowledged. First, both DEAP and
MAHNOB-HCI datasets were collected in controlled laboratory environments, which may not fully reflect
real-world emotional variability. Second, the current framework focuses on binary valence and arousal classi-
fication, which may oversimplify complex affective states. Third, although subject-independent performance
is promising, further validation on larger and more diverse populations is required.

Future work will focus on extending the framework to real-time emotion recognition in dynamic
environments, incorporating additional affective dimensions such as dominance, and exploring discrete
emotion categories. Integrating lightweight attention mechanisms and evaluating the model on larger-scale
or in-the-wild datasets may further improve generalizability and applicability.

7 Conclusion

This study presented a hierarchical bimodal learning framework for emotion recognition that integrates
EEG and facial expression data through feature-level fusion. The proposed CNN-based architecture was
evaluated on the DEAP and MAHNOB-HCI benchmark datasets. Dataset-specific preprocessing procedures
were applied to mitigate noise in EEG and facial signals, and class balancing strategies were employed
within the training data to address class distribution imbalance. The HCNN framework was used to classify
emotional states along the valence and arousal dimensions.

Experimental results indicate that the fusion of hierarchical deep features with complementary
handcrafted descriptors yields improved and consistent performance across both datasets. By preserving
multi-level representations, the proposed approach reduces information loss associated with premature
feature aggregation and enhances the robustness of bimodal feature learning. The results further demonstrate
that the framework generalizes reasonably well across subjects under subject-independent evaluation
settings.

Overall, the proposed HCNN provides an effective multimodal learning strategy for affective computing
and brain—computer interaction research. While the reported results are encouraging, further validation
on larger-scale and real-world datasets is necessary to assess robustness under unconstrained conditions.
Future work will focus on extending the framework toward real-time emotion recognition, incorporating
additional affective dimensions such as dominance, and improving generalizability through adaptive fusion
and lightweight model optimization.

Acknowledgement: Not applicable.

Funding Statement: This work was supported by the Department of Scientific Research at Shandong Xiehe University,
Jinan, China.

Author Contributions: The authors confirm contribution to the paper as follows: Conceptualization, Muhammad
Shafiq, methodology, Muhammad Shafig; software, Salman Afsar Awan; validation, Salman Afsar Awan; formal



Rev Int Métodos Numér Calc Disefio Ing. 2027;43(1):20 19

analysis, Tahir Kamal; investigation, Tahir Kamal; resources, Salman Afsar Awan; data curation, Muhammad Shafiq;
writing—original draft preparation, Muhammad Shafiq; writing—review and editing, Tahir Kamal, and Salman Afsar
Awan; visualization, Tahir Kamal; supervision, Salman Afsar Awan; project administration, Muhammad Shafig;
funding acquisition, Muhammad Shafiq. All authors reviewed and approved the final version of the manuscript.

Availability of Data and Materials: The data that support the findings of this study are available from the Correspond-
ing Author, Muhammad Shafiq, upon reasonable request.

Ethics Approval: This study used publicly available datasets (DEAP and MAHNOB-HCI). The datasets were collected
and released for research purposes by the original authors with appropriate ethical approval. Therefore, additional
ethical approval was not required for this study.

Conflicts of Interest: The authors declare no conflicts of interest.

Nomenclature

HCNN Hierarchical Convolutional Neural Network
HCI Human-computer interaction

EEG Electroencephalogram

FACS Facial Action Coding System

References

1. Al-Saadawi HFT, Das B, Das R. A systematic review of trimodal affective computing approaches: text, audio, and
visual integration in emotion recognition and sentiment analysis. Expert Syst Appl. 2024;255(3):124852. doi:10.
1016/j.eswa.2024.124852.

2. CaiY, LiX, Li]J. Emotion recognition using different sensors, emotion models, methods and datasets: a compre-
hensive review. Sensors. 2023;23(5):2455. doi:10.3390/s23052455.

3. Ghaleb E, Popa M, Asteriadis S, editors. Multimodal and temporal perception of audio-visual cues for emotion
recognition. In: Proceedings of the 2019 8th International Conference on Affective Computing and Intelligent
Interaction (ACII); 2019 Sep 3-6; Cambridge, UK. doi:10.1109/acii.2019.8925444.

4. Rehman AU, Ali Naqvi R, Rehman A, Paul A, Sadiq MT, Hussain D. A trustworthy SIoT aware mechanism as an
enabler for citizen services in smart cities. Electronics. 2020;9(6):918. doi:10.3390/electronics9060918.

5.  ShafigM, Fan Q, Alghamedy FH, Obidallah WJ. DualEye-FeatureNet: a dual-stream feature transfer framework for
multi-modal ophthalmic image classification. IEEE Access. 2024;12:143985-4008. doi:10.1109/access.2024.3469244.

6. WuD, Zhang ], Zhao Q. Multimodal fused emotion recognition about expression-EEG interaction and collabora-
tion using deep learning. IEEE Access. 2020;8:133180-9. doi:10.1109/access.2020.3010311.

7. Liu H, Lou T, Zhang Y, Wu Y, Xiao Y, Jensen CS, et al. EEG-based multimodal emotion recognition: a machine
learning perspective. IEEE Trans Instrum Meas. 2024;73(8):1-29. doi:10.1109/tim.2024.3369130.

8. Almanza-Conejo O, Almanza-Ojeda DL, Contreras-Hernandez JL, Ibarra-Manzano MA. Emotion recognition in
EEG signals using the continuous wavelet transform and CNNs. Neural Comput Appl. 2023;35(2):1409-22. doi:10.
1007/500521-022-07843-9.

9. Mutawa AM, Hassouneh A. Multimodal Real-Time patient emotion recognition system using facial expressions
and brain EEG signals based on Machine learning and Log-Sync methods. Biomed Signal Process Control.
2024;91(6):105942. doi:10.1016/j.bspc.2023.105942.

10. Nakisa B, Rastgoo MN, Rakotonirainy A, Maire F, Chandran V. Automatic emotion recognition using temporal
multimodal deep learning. IEEE Access. 2020;8:225463-74. doi:10.1109/access.2020.3027026.

11. Jirayucharoensak S, Pan-Ngum S, Israsena P. EEG-based emotion recognition using deep learning network with
principal component based covariate shift adaptation. Sci World J. 2014;2014(2):627892. doi:10.1155/2014/627892.

12. Riyad M, Khalil M, Adib A, editors. Cross-subject EEG signal classification with deep neural networks applied
to motor imagery. In: Mobile, secure, and programmable networking. Cham, Switzerland: Springer International
Publishing; 2019. p. 124-39. d0i:10.1007/978-3-030-22885-9_12.


https://doi.org/10.1016/j.eswa.2024.124852
https://doi.org/10.1016/j.eswa.2024.124852
https://doi.org/10.3390/s23052455
https://doi.org/10.1109/acii.2019.8925444
https://doi.org/10.3390/electronics9060918
https://doi.org/10.1109/access.2024.3469244
https://doi.org/10.1109/access.2020.3010311
https://doi.org/10.1109/tim.2024.3369130
https://doi.org/10.1007/s00521-022-07843-9
https://doi.org/10.1007/s00521-022-07843-9
https://doi.org/10.1016/j.bspc.2023.105942
https://doi.org/10.1109/access.2020.3027026
https://doi.org/10.1155/2014/627892
https://doi.org/10.1007/978-3-030-22885-9_12

20

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

Rev Int Métodos Numér Calc Disefio Ing. 2027;43(1):20

Yang H, Han ], Min K. A multi-column CNN model for emotion recognition from EEG signals. Sensors.
2019;19(21):4736. d0i:10.3390/519214736.

Ghaleb E, Popa M, Asteriadis S. Metric learning based multimodal audio-visual emotion recognition. IEEE
Multimed. 2019;27(1):37-48. d0i:10.1109/mmul.2019.2960219.

Cho J, Hwang H. Spatio-temporal representation of an electoencephalogram for emotion recognition using a three-
dimensional convolutional neural network. Sensors. 2020;20(12):3491. d0i:10.3390/s20123491.

Tang H, Liu W, Zheng WL, Lu BL, editors. Multimodal emotion recognition using deep neural networks. In: Neural
information processing. Cham, Switzerland: Springer International Publishing; 2017. p. 811-9. d0i:10.1007/978-3-
319-70093-9_86.

Bao LQ, Qiu JL, Tang H, Zheng WL, Lu BL, editors. Investigating sex differences in classification of five emotions
from EEG and eye movement signals. In: Proceedings of the 2019 41st Annual International Conference of the
IEEE Engineering in Medicine and Biology Society (EMBC); 2019 Jul 23-27; Berlin, Germany. doi:10.1109/embc.
2019.8857476.

Bilal A, Sun G, Li Y, Mazhar S, Latif ]. Lung nodules detection using grey wolf optimization by weighted filters and
classification using CNN. J Chin Inst Eng. 2022;45(2):175-86. d0i:10.1080/02533839.2021.2012525.

Zhou ], Wei X, Cheng C, Yang Q, Li Q. Multimodal emotion recognition method based on convolutional auto-
encoder. Int ] Comput Intell Syst. 2018;12(1):351-8. doi:10.2991/ijcis.2019.125905651.

Pei G, Li H, Lu Y, Wang Y, Hua S, Li T. Affective computing: recent advances, challenges, and future trends. Intell
Comput. 2024;3(5):76. doi:10.34133/icomputing.0076.

Wu Y, Mi Q, Gao T. A comprehensive review of multimodal emotion recognition: techniques, challenges, and
future directions. Biomimetics. 2025;10(7):418. doi:10.3390/biomimetics10070418.

Shafig M, Ayub S, Muthevi AK, Prabhu MR. AI-driven Life Cycle Assessment for sustainable hybrid manufacturing
and remanufacturing. Int ] Adv Manuf Technol. 2024;184(3):1002. doi:10.1007/s00170-024-14930-9.

Sharma A, Sharma K, Kumar A. Real-time emotional health detection using fine-tuned transfer networks with
multimodal fusion. Neural Comput Appl. 2023;35(31):22935-48. d0i:10.1007/s00521-022-06913-2.

Zhang Y, Cheng C, Zhang Y. Multimodal emotion recognition using a hierarchical fusion convolutional neural
network. IEEE Access. 2021;9:7943-51. doi:10.1109/access.2021.3049516.

Scherer KR. What are emotions? And how can they be measured? Soc Sci Inf. 2005;44(4):695-729. doi:10.1177/
0539018405058216.

Ekman P, Friesen WV, O’Sullivan M, Chan A, Diacoyanni-Tarlatzis I, Heider K, et al. Universals and cultural
differences in the judgments of facial expressions of emotion. ] Pers Soc Psychol. 1987;53(4):712-7. do0i:10.1037/
0022-3514.53.4.712.

Russell JA. A circumplex model of affect. ] Pers Soc Psychol. 1980;39(6):1161-78. doi:10.1037/h0077714.

Cimtay Y, Ekmekcioglu E. Investigating the use of pretrained convolutional neural network on cross-subject and
cross-dataset EEG emotion recognition. Sensors. 2020;20(7):2034. doi:10.3390/s20072034.

Ramzan M, Dawn S. Fused CNN-LSTM deep learning emotion recognition model using electroencephalography
signals. Int ] Neurosci. 2023;133(6):587-97. d0i:10.1080/00207454.2021.1941947.

Shafiq M, Thakre K, Krishna KR, Robert NJ, Kuruppath A, Kumar D. Continuous quality control evaluation during
manufacturing using supervised learning algorithm for Industry 4.0. Int ] Adv Manuf Technol. 2023;117(3):408.
d0i:10.1007/s00170-023-10847-x.

Soleymani M, Lichtenauer J, Pun T, Pantic M. A multimodal database for affect recognition and implicit tagging.
IEEE Trans Affect Comput. 2012;3(1):42-55. doi:10.1109/t- affc.2011.25.

Rosenberg EL, Ekman P. What the face reveals: basic and applied studies of spontaneous expression using the
Facial Action Coding System (FACS). Oxford, UK: Oxford University Press; 2020.

Alghamedy FH, Shafiq M, Liu L, Yasin A, Ali Khan R, Mohammed HS. Machine learning-based multimodel
computing for medical imaging for classification and detection of Alzheimer disease. Comput Intell Neurosci.
2022;2022(6):9211477. doi:10.1155/2022/9211477.

Yu H, Liu H. Regression-based facial expression optimization. IEEE Trans Human Mach Syst. 2014;44(3):386-94.
doi:10.1109/thms.2014.2313912.


https://doi.org/10.3390/s19214736
https://doi.org/10.1109/mmul.2019.2960219
https://doi.org/10.3390/s20123491
https://doi.org/10.1007/978-3-319-70093-9_86
https://doi.org/10.1007/978-3-319-70093-9_86
https://doi.org/10.1109/embc.2019.8857476
https://doi.org/10.1109/embc.2019.8857476
https://doi.org/10.1080/02533839.2021.2012525
https://doi.org/10.2991/ijcis.2019.125905651
https://doi.org/10.34133/icomputing.0076
https://doi.org/10.3390/biomimetics10070418
https://doi.org/10.1007/s00170-024-14930-9
https://doi.org/10.1007/s00521-022-06913-2
https://doi.org/10.1109/access.2021.3049516
https://doi.org/10.1177/0539018405058216
https://doi.org/10.1177/0539018405058216
https://doi.org/10.1037/0022-3514.53.4.712
https://doi.org/10.1037/0022-3514.53.4.712
https://doi.org/10.1037/h0077714
https://doi.org/10.3390/s20072034
https://doi.org/10.1080/00207454.2021.1941947
https://doi.org/10.1007/s00170-023-10847-x
https://doi.org/10.1109/t-affc.2011.25
https://doi.org/10.1155/2022/9211477
https://doi.org/10.1109/thms.2014.2313912

Rev Int Métodos Numér Calc Disefio Ing. 2027;43(1):20 21

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

Araujo JDL, da Cruz LB, Diniz JOB, Ferreira JL, Silva AC, de Paiva AC, et al. Liver segmentation from
computed tomography images using cascade deep learning. Comput Biol Med. 2022;140(8):105095. doi:10.1016/j.
compbiomed.2021.105095.

Rajan S, Chenniappan P, Devaraj S, Madian N. Novel deep learning model for facial expression recognition based
on maximum boosted CNN and LSTM. IET Image Process. 2020;14(7):1373-81. doi:10.1049/iet-ipr.2019.1188.
Huang H, Hu Z, Wang W, Wu M. Multimodal emotion recognition based on ensemble convolutional neural
network. IEEE Access. 2019;8:3265-3271.

Joshi V. M, Ghongade R. B. Optimal number of electrode selection for EEG based emotion recognition using linear
formulation of differential entropy. Biomed Pharmacol J. 2020;13(2):645-53.

Zhao Y, Cao X, Lin J, Yu D, Cao X. Multimodal emotion recognition model using physiological signals.
arXiv:1911.12918. 2019.

Xu D, Qin X, Dong X, Cui X. Emotion recognition of EEG signals based on variational mode decomposition and
weighted cascade forest. Math Biosci Eng. 2022;20(2):2566-87. doi:10.3934/mbe.2023120.

Wang T, Huang X, Xiao Z, Cai W, Tai Y. EEG emotion recognition based on differential entropy feature matrix
through 2D-CNN-LSTM network. EURASIP ] Adv Signal Process. 2024;2024(1):49. doi:10.1186/s13634-024-01
146-y.

Alidoost Y, Mohammadzadeh Asl B. Entropy-based emotion recognition using EEG signals. IEEE Access.
2025;13(6):51242-54. doi:10.1109/access.2025.3553809.

Liu R, Chao Y, Ma X, Sha X, Sun L, Li S, et al. ERTNet: an interpretable transformer-based framework for EEG
emotion recognition. Front Neurosci. 2024;18:1320645. doi:10.3389/fnins.2024.1320645.

Choudhury N, Das D, Deka D, Ghosh R, Deb N, Ghaderpour E. NeuroFeat: an adaptive neurological EEG feature
engineering approach for improved classification of major depressive disorder. Biomed Signal Process Control.
2026;113(3):109031. doi:10.1016/j.bspc.2025.109031.

Chen W, Liao Y, Dai R, Dong Y, Huang L. EEG-based emotion recognition using graph convolutional neural
network with dual attention mechanism. Front Comput Neurosci. 2024;18: 1416494. doi:10.3389/fncom.2024.
1416494.

Kumfor F, Landin-Romero R, Devenney E, Hutchings R, Grasso R, Hodges JR, et al. On the right side? A
longitudinal study of left-versus right-lateralized semantic dementia. Brain. 2016;139(3):986-98. doi:10.1093/brain/
awv387.

Koelstra S, Muhl C, Soleymani M, Lee JS, Yazdani A, Ebrahimi T, et al. DEAP: a database for emotion analysis;
using physiological signals. IEEE Trans Affect Comput. 2012;3(1):18-31. doi:10.1109/t-affc.2011.15.

Yamashita R, Nishio M, Do RKG, Togashi K. Convolutional neural networks: an overview and application in
radiology. Insights Imag. 2018;9(4):611-29. doi:10.1007/s13244-018-0639-9.

He K, Zhang X, Ren S, Sun J, editors. Deep residual learning for image recognition. In: Proceedings of the 2016
IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 2016 Jun 27-30; Las Vegas, NV, USA.
doi:10.1109/cvpr.2016.90.

Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks. Commun
ACM. 2017;60(6):84-90. d0i:10.1145/3065386.

Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, et al. Going deeper with convolutions. In: Proceedings
of the 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 2015 Jun 7-12; Boston, MA,
USA. doi:10.1109/cvpr.2015.7298594.

Zhang C, Ma G, Zhang L, Shihada B. Graph neural networks empowered origin-destination learning for urban
traffic prediction. CAAI Trans Intel Tech. 2025;10(4):1062-76. d0i:10.1049/cit2.70021.

Hjorth B. EEG analysis based on time domain properties. Electroencephalogr Clin Neurophysiol.
1970;29(3):306-10. doi:10.1016/0013-4694(70)90143-4.

Richman JS, Moorman JR. Physiological time-series analysis using approximate entropy and sample entropy. Am
J Physiol Heart Circ Physiol. 2000;278(6):H2039-49. doi:10.1152/ajpheart.2000.278.6.12039.

Ojala T, Pietikainen M, Maenpaa T. Multiresolution gray-scale and rotation invariant texture classification with
local binary patterns. IEEE Trans Pattern Anal Machine Intell. 2002;24(7):971-87. d0i:10.1109/tpami.2002.1017623.


https://doi.org/10.1016/j.compbiomed.2021.105095
https://doi.org/10.1016/j.compbiomed.2021.105095
https://doi.org/10.1049/iet-ipr.2019.1188
https://doi.org/10.3934/mbe.2023120
https://doi.org/10.1186/s13634-024-01146-y
https://doi.org/10.1186/s13634-024-01146-y
https://doi.org/10.1109/access.2025.3553809
https://doi.org/10.3389/fnins.2024.1320645
https://doi.org/10.1016/j.bspc.2025.109031
https://doi.org/10.3389/fncom.2024.1416494
https://doi.org/10.3389/fncom.2024.1416494
https://doi.org/10.1093/brain/awv387
https://doi.org/10.1093/brain/awv387
https://doi.org/10.1109/t-affc.2011.15
https://doi.org/10.1007/s13244-018-0639-9
https://doi.org/10.1109/cvpr.2016.90
https://doi.org/10.1145/3065386
https://doi.org/10.1109/cvpr.2015.7298594
https://doi.org/10.1049/cit2.70021
https://doi.org/10.1016/0013-4694(70)90143-4
https://doi.org/10.1152/ajpheart.2000.278.6.h2039
https://doi.org/10.1109/tpami.2002.1017623

22

56.

57.

58.

59.

60.

61.

Rev Int Métodos Numér Calc Disefio Ing. 2027;43(1):20

Choi DY, Kim DH, Song BC. Multimodal attention network for continuous-time emotion recognition using video
and EEG signals. IEEE Access. 2020;8:203814-26. doi:10.1109/access.2020.3036877.

Li M, Qiu M, Kong W, Zhu L, Ding Y. Fusion graph representation of EEG for emotion recognition. Sensors.
2023;23(3):1404. doi:10.3390/523031404.

Cimtay Y, Ekmekcioglu E, Caglar-Ozhan S. Cross-subject multimodal emotion recognition based on hybrid fusion.
IEEE Access. 2020;8:168865-78. d0i:10.1109/access.2020.3023871.

Zhang H. Expression-EEG based collaborative multimodal emotion recognition using deep AutoEncoder. IEEE
Access. 2020;8:164130-43. d0i:10.1109/access.2020.3021994.

Huang Y, Yang J, Liu S, Pan ]. Combining facial expressions and electroencephalography to enhance emotion
recognition. Future Internet. 2019;11(5):105. doi:10.3390/£111050105.

Hassan CAU, Ehatisham-ul-Haq M, Murtaza F, Ullah Yasin A, Sajid Ullah S. EmoTrans attention based emotion
recognition using EEG signals and facial analysis with expert validation. Sci Rep. 2025;15(1):22004.


https://doi.org/10.1109/access.2020.3036877
https://doi.org/10.3390/s23031404
https://doi.org/10.1109/access.2020.3023871
https://doi.org/10.1109/access.2020.3021994
https://doi.org/10.3390/fi11050105

	Hierarchical Convolutional Neural Network for Emotion Recognition Using EEG and Facial Expressions
	1 Introduction
	2 Literature Review
	3 Materials and Methods
	4 Proposed Model
	5 Results and Discussion
	6 Discussion
	7 Conclusion
	Nomenclature
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


