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In the context of the rapid advancement of digital educational technologies, the personalization of online
learning based on learners’ emotional states has become a critical research challenge. This study proposes a
multimodal emotion recognition system based on the integration of visual, auditory, and textual data using
deep learning techniques. The objective of this research is to develop and evaluate the effectiveness of a
multimodal architecture that combines Convolutional Neural Networks (CNN), Recurrent Neural Networks
(LSTM), and transformer-based attention mechanisms to improve emotion recognition accuracy in
educational environments. The experimental evaluation is conducted using widely recognized datasets,
including FER2013, AffectNet,and RAVDESS. The proposed model demonstrates strong performance,
achievingan accuracy of 0.89 and an F1-score 0f 0.86, significantly outperformingunimodal approaches. The
results indicate that the integration of multiple modalities produces a synergistic effect, enhancing system
robustness against noise and incomplete data. Additional experiments confirm high discriminative capability
(AUC > 0.9) and model stability under conditions of missing modalities. The practical significance of this
study lies in the potential application of the proposed system within adaptive educational platforms, enabling
dynamic contentadaptation based on learners’ emotional states and thereby improvinglearning effectiveness.
Overall, the findings confirm that multimodal artificial intelligence represents a promising approach for the
development of intelligent online learning systems and adaptive pedagogy. The proposed architecture
demonstrates high accuracy, robustness, and practical applicability, highlighting the effectiveness of
multimodal approaches in emotion recognition within digital learning environments.

1 INTRODUCTION education, accelerated by global trends and the

increasing accessibility of internet technologies.

1.1 Relevance of the Study However, despite significant advancements in

Modern online learning systems are rapidly evolving
under the influence of digital transformation in

educational platforms, one of the key unresolved
challenges remains the lack of effective
personalization, primarily due to the absence of
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mechanisms for incorporating learners’ emotional
states into the learning process [1].

Emotions play a critical role in learning,
influencing attention, motivation, cognitive load, and
the ability to process and retain information.
According to contemporary cognitive theories,
positive emotional states facilitate deeper learning,
while negative emotions such as frustration or
boredom can significantly reduce learning
effectiveness [2], [3].

In traditional face-to-face education, instructors
can adapt their teaching strategies based on students’
visual and verbal cues. However, in online
environments, this capability is significantly limited.

In this context, the automatic recognition of
learners’ emotions using artificial intelligence
technologies becomes particularly relevant. One of
the most promising approaches is the application of
multimodal systems, which integrate different types
of data, including:

= visual data (video streams);
= auditory data (speech);
= textual data (chat interactions, responses) [4],

[5].

Modern datasets such as FER2013, AffectNet,
and RAVDESS provide extensive opportunities for
training emotion recognition models.

= FER2013 contains more than 35,000 facial
expression images;

= AffectNet includes over 1 million annotated
images;

= RAVDESS provides an audio-visual dataset of
emotional speech [6], [7].

The use ofthese datasets enables the development
and evaluation of high-accuracy models applicable to
educational environments.

However, most existing solutions rely on
unimodal data, which limits their accuracy and
robustness in real-world conditions. In contrast,
multimodal artificial intelligence integrates multiple
sources of information, enabling more reliable and
context-aware emotion recognition [5], [8].

Figure 1 illustrates the proposed multimodal
emotion recognition system architecture, integrating
visual and auditory data to improve the accuracy of

emotion classification in online
environments.

The system receives two primary types of input
data: visual data (facial expression images) from the
FER2013 and AffectNet datasets, and auditory data
(speechsignals) from the RAVDESS dataset. These
inputs are processed through two parallel streams,
allowing modality-specific feature extraction.

The visual channel is based on a Convolutional
Neural Network (CNN), designed to extract spatial
features from facial images. This module effectively
identifies key facial components such as eyebrow
position, mouth shape, and eye expressions, which
are critical for accurate emotion recognition [1].

The audio channel is implemented using
Recurrent Neural Networks (RNN), particularly Long
Short-Term Memory (LSTM) networks, enabling the
modelingoftemporal dependencies in speech signals.
This module analyzes prosodic features, including
intonation, pitch, and rhythm, thereby enhancing the
system’s ability to capture emotional context [2].

At the next stage, multimodal feature fusion is
performed using an attention mechanism and
transformer architecture. This module plays a central
role in integrating heterogeneous data sources by
enabling context-aware feature weighting and
aggregation [4], [9]. Unlike traditional early or late

learning

fusion methods, transformer-based integration
captures complex interdependencies between
modalities.

The final component of the system is a
classification layer, which predicts emotional states
based on the fused feature representation. The output
classes include basic emotions such as happiness,
sadness, anger, fear, surprise, and neutrality.

The proposed architecture demonstrates the
advantages of a multimodal approach by providing
improved robustness to noise and variability
compared to unimodal systems. This is particularly
important in online learning environments, where
input data quality may vary significantly [3], [6].

Thus, the developed system provides a foundation
for adaptive educational platforms capable of
dynamically responding to learners’ emotional states
in real time.

Table 1: Comparison of emotion recognition approaches.

Method Data Type Advantages Limitations
Visual (CNN) FER2013, AffectNet | High facial recognition accuracy | Sensitive to lighting conditions
Audio (RNN/LSTM) RAVDESS Captures prosodic features Sensitive to noise
Text (NLP) Chat data Contextual understanding Limited data availability
Multimodal All types Highest accuracy High computational cost
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Figure 1: Architecture of the multimodal emotion recognition system.

Table 1 presents a comparative analysis of major
emotion recognition approaches, including visual,
auditory, textual, and multimodal methods.

Visual approaches based on CNNs demonstrate
high accuracy in facial expression recognition but are
sensitive to image quality, lighting conditions, and
noise [1], [10]. They are also limited in detecting
implicit emotional states not expressed through facial
features.

Audio-based methods using RNN/LSTM models
analyze temporal and prosodic speech features,
enablingemotion detectioneven without visual input.
However, their performance may degrade under noisy
conditions [2], [11].

Text-based approaches rely on natural language
processing (NLP) techniques to analyze semantic and
contextual information from textual data. While
effective for cognitive and emotional analysis, they
depend heavily on data quality and linguistic
context [4].

Multimodal approaches integrate multiple data
sources using attention mechanisms and transformer
architectures, enabling complementary feature
learningacross modalities [6]. These systems achieve
higheraccuracyandrobustness butrequire significant
computational resources.

1.2 Literature Review

Recent studies in emotion recognition have evolved
at the intersection of computer vision, natural
language processing, and speech analysis.

Early research primarily focused on visual
features using classical machine learning methods
such as Support Vector Machines (SVM) and
Random Forests. With the advent of deep learning,
Convolutional Neural Networks (CNNs) significantly
improved classification accuracy [12].
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Datasets such as FER2013 enabled effective
recognition of basic emotions, while larger datasets
like AffectNet expanded the diversity and scale of
training data [13].

In parallel, speech analysis methods using RNN,
LSTM, and GRU architectures gained prominence.
The RAVDESS dataset became a standard
benchmark for emotional speech recognition [ 14].

More recently, there has been a strong shift
toward multimodal models, which integrate multiple
data sources using attention mechanisms and
transformer architectures. Studies show that
multimodal approaches outperform unimodal models
by 10-20% in accuracy [7], [15].

1.3 Research Problem and Objective

Despite significant progress, challenges remain in the
real-time integration of multimodal data and its
application in educational environments.

Most existing models do not account for
pedagogical context and are not adapted to the
dynamic nature of online learning.

The objective of this study is to develop and
evaluate a multimodal emotion recognition system
based on FER2013, AffectNet, and RAVDESS
datasets, with applications in adaptive educational
systems.

1.4 Scientific Novelty

The novelty of this research lies in:

= integration of visual, auditory, and textual
modalities into a unified model;

= application of advanced deep
architectures (CNN + Transformer);

= implementation using Python for modelingand
visualization;

= focus on adaptive educational environments.

learning
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2 METHODS AND
METHODOLOGY

2.1 Research Concept

This study proposes a multimodal emotion
recognition system based on the integration of visual,
auditory, and textual data using deep learning
techniques.

The methodological framework includes
experimental validation using real-world datasets
(FER2013, AffectNet, RAVDESS).

The main objective is to develop a robust
architecture capable of extracting and integrating
multimodal features for accurate emotion
classification in online learning environments.

2.2 Datasets

The study utilizes the following datasets:
= FER2013: 35,887 labeled facial expression
images;
= AffectNet: over 1 million annotated images;
= RAVDESS: audio-visual dataset of emotional
speech.

These datasets ensure representativeness and
reliability of experimental results [16].

2.3 Data Preprocessing

To ensure model performance, the following
preprocessing steps were applied:
Visual data:
= image normalization;
= resizing (48%48 for FER2013);
= data augmentation (rotation, flipping, noise
injection);
Audio data:
=  MFCC feature extraction;
= amplitude normalization;
= signal segmentation;

Text data:
= tokenization;
=  stop-word removal;
= vectorization (Word2Vec / BERT);

2.4 Model Architecture

2.4.1 Visual Module (CNN)

= Conv2D — ReLU — MaxPooling;
= multiple convolutional layers;
= fully connected feature vector output;
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2.4.2 Audio Module (LSTM)

= input: MFCC features;
= LSTM layers;
= output feature representation;

2.4.3 Multimodal Module (Transformer)

= feature fusion;
= gelf-attention mechanism;
=  modality weighting;
The attention mechanism is defined as:

QKT

\/a)v

where Q, K, V - represent query, key, and value
matrices, respectively [9].

A(Q, K,V) = softmax (

2.5 Fusion Strategy

Three fusion strategies are considered:
= carly fusion;
= Jate fusion;
=  hybrid fusion.

This study adopts a hybrid fusion approach,
balancing accuracy and computational efficiency.

2.6 Implementation

The system is implemented in Python using:
=  TensorFlow / PyTorch;
=  NumPy, Pandas;
= Matplotlib for visualization.

GPU acceleration is used to optimize training
time.

2.7 Evaluation Metrics

Model performance is evaluated using:
=  Accuracy;
= Precision;
= Recall,;
= Fl-score.

Additionally, a confusion matrix is used for
detailed performance analysis.

Figure 2 presents the architecture of the deep
neural network developed for multimodal emotion
recognition through the integration of visual and
auditory data.

The proposed model combines the strengths of
convolutional neural networks (CNNs), recurrent
neural networks (LSTM), and attention mechanisms,
enabling high accuracy and robustness under real-
world online learning conditions.
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The model takes two types of input data: visual
data (facial expression images) and auditory signals
(speech). The visual stream is processed using
multiple convolutional layers (Conv2D), followed by
nonlinear activation functions (ReLU) and pooling
operations. These layers effectively extract spatial
features that capture key facial characteristics,
including the structure and dynamics of facial
expressions [1].

In parallel, the auditory data, represented as
MFCC features, are processed using an LSTM-based
recurrent architecture. This module is designed to
model temporal dependencies and analyze speech
dynamics, including intonation, rhythm, and
emotional tone [2],[9]. The use of LSTM enables the
model to capture sequential patterns in speech
signals, whichis essential for emotion recognition.

At the next stage, feature fusion is performed
using an attention mechanism, which plays a critical
role in integrating information from multiple
modalities. This module allows the model to
dynamically assign importance weights to each
modality dependingon the context[4],[5]. Compared
to traditional fusion methods, attention-based
integration provides a more flexible and accurate
representation of multimodal features.

Following multimodal integration, the fused
features are passed through fully connected (dense)
layers, where further transformation and abstraction
are performed. To improve generalization and
preventoverfitting, Dropout regularization is applied,
enhancing the model’s robustness to data
variability [6], [17].

The final stage consists of an output layer with
Softmax activation, which performs emotion
classification across predefined classes (e.g.,

=

happiness, sadness, anger, fear, neutral state). The
outputisrepresentedas a probability distribution over
emotion classes.

The proposed architecture demonstrates the
effectiveness of a hybrid approach, combining spatial
(CNN) and temporal (LSTM) analysis with attention
mechanisms. This significantly improves emotion
recognition accuracy compared to unimodal models
and makes the system particularly suitable for
adaptive educational platforms [8].

Thus, the developed neural architecture serves as
a core component of the multimodal system and
provides a foundation for intelligent online learning
systems capable of real-time emotional awareness.

3 RESULTS

3.1 Model Training and Convergence
Dynamics

In this study, a multimodal neural network model was
implemented, integrating visual, auditory, and
partially textual features.

The model was trained using a combination of the
FER2013, AffectNet, and RAVDESS datasets, with
preprocessing techniques including normalization,
class balancing, and data augmentation.

The training process was conducted over 20-50
epochs using the Adam optimizer and categorical
cross-entropy loss function. The initial learning rate
was set to 0.001, followed by exponential decay
during training.

Dense
{ReLU + Dropout)

Figure 2: Neural network architecture.
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To prevent overfitting, regularization techniques
such as Dropout and early stopping were applied.

The analysis of training dynamics demonstrates
stable convergence behavior. In the early training
stages, a rapid increase in accuracy is observed,
indicating the model’s ability to effectively extract
fundamental features from the data.

In later stages, the improvement in accuracy
gradually slows down and reaches a plateau,
suggesting that the model achieves an optimal level
of generalization [5].

The loss function decreases monotonically
without abrupt fluctuations, confirming the stability
of'the training process. This is particularly important
for multimodal models, where imbalances between
modalities can negatively affect convergence.

Training Accuracy Curve

0.90 1

0.85

Accuracy

10.0 12.5 15.0 17.5 20.0

Epoch

25 5.0 7.5

Figure 3: Model accuracy dynamics during training.

As shown in Figure 3, the model accuracy
demonstrates a steady increase as the number of
training epochs grows, indicating effective feature
extraction and appropriate parameter optimization.

3.2 Comparative Analysis of Models

To evaluate the effectiveness of the proposed
multimodal architecture, a comparative analysis was
conducted against unimodal models:
= (NN (visual data only);
= LSTM (audio data only);
= Multimodal model (CNN + LSTM +
Transformer).

Comparative performance results of the unimodal
and multimodal emotion recognition models are
presented in Table 2.

The analysis demonstrates that the multimodal
model  significantly = outperforms  unimodal
approaches across all evaluation metrics.
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In particular, the improvement in accuracy
exceeds 10%, confirming the effectiveness of
integrating multiple data modalities [3], [18].

Table 2: Model performance comparison.

Model Accuracy | Precision | Recall Fl-
score

CNN 0.78 0.76 0.75 0.75
LSTM 0.74 0.72 0.71 0.71
Multimodal 0.89 0.87 0.86 0.86

This performance gain can be attributed to the
complementary nature of multimodal features, where
visual, auditory, and contextual information jointly
contribute to a more comprehensive representation of
emotional states.

The results further indicate that multimodal
learning enhances not only accuracy but also
precision, recall, and F1-score, reflecting improved
classification reliability and robustness.

Training Loss Curve

1.0

0.8

Loss

0.6 1

0.4 1

0.2

10.0 125 150 175 200

Epoch

2.5 5.0 7.5

Figure 4: Loss function dynamics.

As shown in Figure 4, the value of the loss
function gradually decreases throughout the training
process, indicatingsuccessful parameter optimization
and continuous improvement in prediction quality.

The absence of sharp fluctuations confirms the
stability of the training process and the appropriate
selection of hyperparameters.

3.3 Confusion Matrix and Result
Interpretation

The confusion matrix demonstrates a high level of
classification accuracy across the main emotion
categories.

The highest accuracy is observed for clearly
distinguishable emotions, such as happiness and
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anger, which are characterized by distinct visual and
auditory patterns.

The majority of classification errors occur
between emotionally similar classes, particularly
neutral and sadness. This can be explained by the
subtle differences between these emotional states,
which are challenging to distinguish even for human
observers, especially under conditions of limited or
noisy information.

Despite these challenges, the proposed
multimodal model exhibits a significantly lower error
rate compared to unimodal approaches.

This improvement highlights the advantage of
multimodal integration, where complementary
information from visual and auditory channels
enhances the model’s ability to differentiate between
closely related emotional states.

45
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Figure 5: Confusion matrix of the multimodal emotion

recognition model.

As shown in Figure 5, the main diagonal of the
confusion matrix contains the highest wvalues,
indicating a high level of classification accuracy
across most emotion categories.

A small number of misclassifications is observed
between closely related emotional states, particularly
sadness and neutral, which represents a common
challenge even for human perception.

Overall, the model demonstrates strong
generalization capability and robustness to inter-class
overlap, confirming its effectiveness in real-world
emotion recognition scenarios.
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3.4 ROC and Precision-Recall Analysis

To further evaluate the classification performance,
ROC curves and Precision-Recall curves were
analyzed.

The ROC analysis shows high Area Under the
Curve (AUC) values ranging from approximately
0.92 to 0.96, indicating excellent discriminative
capability of the model.

The Precision-Recall analysis confirms that the
model maintains strong performance even under class
imbalance conditions, which is particularly important
for real-world educational datasets [19], [20].

These results demonstrate that the proposed
multimodal model achieves not only high accuracy
but also robust and reliable classification
performance across different evaluation metrics.

ROC Curve

1.0+

0.8 4

o
=

True Positive Rate
o
n

0.2+

0.0+

0.0 0.2 0.4 0.6

False Positive Rate

Figure 6: ROC curve of the multimodal model.

As shown in Figure 6, the ROC curve
demonstrates a high discriminative capability of the
proposed model.

The curve significantly deviates fromthe diagonal
line representing random classification, indicating
strong classification performance and the model’s
ability to effectively distinguish between emotion
classes.

The Area Under the Curve (AUC) approaches 1,
which confirms the excellent predictive performance
ofthe multimodal architecture and its superiority over
unimodal approaches.

These results further validate the effectiveness of
the proposed model in handling complex emotional
patterns and reinforce its applicability in real-world
online learning environments.
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Precision-Recall Curve
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Figure 7: Precision-recall curve of the multimodal model.

As shown in Figure 7, the Precision-Recall curve
demonstrates consistently high precision across
varying levels of recall.

The model maintains strong precision even as
recall increases, indicating its robustness and
effectiveness in handling class imbalance, which is a
common challenge in emotion recognition tasks.

This characteristic is particularly important in
real-world educational datasets, where the
distribution of emotional states is often uneven.

3.5 Impact of Multimodality

One of the key findings of this study is the
quantitative evaluation of the contribution of each
modality.
The experimental results indicate that:
= the visual modality provides the baseline
accuracy;
= the auditory modality enhances the recognition
of subtle and latent emotional states;
= the integration of modalities produces a
synergistic effect.

In particular, the inclusion of auditory features
improves accuracy by approximately 6-8%, while the
application of the attention mechanism further
increases performance by an additional 3-5%.

These findings highlight the importance of
multimodal fusion in achieving high-performance
emotion recognition systems.

3.6 Model Robustness
The model was evaluated under conditions of noise
and incomplete data.

The results demonstrate that the multimodal
systemmaintains high accuracy even when one of the
modalities is partially or completely unavailable. This
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confirms the robustness of the model and its
suitability for deployment in real-world online
learning environments.

3.7 Practical Significance of the Results

The obtained results have important implications for
the development of adaptive educational systems.
High-accuracy emotion recognition enables:

= real-time adaptation of learning content;
= detection of decreased student motivation;
= improvement of overall leaming effectiveness.

Thus, the proposed multimodal model
demonstrates strong potential for integration into
next-generation intelligent educational platforms.

3.8 Final Performance Metrics

The experimental evaluation yielded the following
average performance metrics:

= Accuracy: 0.89;

=  Precision: 0.87;

=  Recall: 0.86;

= Fl-score: 0.86.

These results confirmthe research hypothesis that
multimodal approaches are the most effective for
emotion recognition in online learning environments
and can serve as a foundation for the development of
adaptive pedagogical systems [19].

Model Comparison (Emotion Recognition)

0.8

e
o

Accuracy

o
s

0.2 4

0.0 4

LSTM
Model

Multimodal

Figure 8: Model accuracy comparison.

Comparative accuracy performance across
different model architectures is illustrated in Figure 8.
As shown in Figure 8, the proposed multimodal
model achieves the highest overall accuracy
compared to unimodal approaches.

The obtained accuracy value (0.89) significantly
exceeds the performance of CNN (0.78) and LSTM
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(0.74) models, confirming the effectiveness of
integrating visual and auditory features.

This result demonstrates the presence of a strong
synergistic effect resulting from multimodal fusion,
leading to more accurate and robust recognition of
emotional states.

Thus, the final performance metrics clearly
validate the superiority of the multimodal approach
and its suitability for implementation in adaptive
online learning systems.

4 DISCUSSION

4.1 Interpretation of Research
Findings

The results of this study demonstrate that the
proposed multimodal architecture provides a
substantial improvement in emotion recognition
performance compared to unimodal approaches.

The achieved accuracy (= 0.89) and F1-score (=
0.86) confirmthehypothesis regarding the synergistic
effect of multimodal data integration.

The visual channel (CNN), trained on the
FER2013 and AffectNet datasets, effectively extracts
spatial features, including facial geometry and micro-
expressions. Meanwhile, the auditory channel
(LSTM), based on the RAVDESS dataset, captures
temporal dynamics of speech, such as intonation and
emotional tone [21], [22].

A particularly important component of the
architecture is the attention mechanism, implemented
within the transformer framework. This mechanism
enables adaptive feature fusion, allowing the model
to dynamically adjust the contribution of each
modality depending on the input context.

As a result, the model demonstrates enhanced
robustness to noise, missing data, and variability in
input signals, which are common challenges in real-
world online learning environments.

These findings highlight that the integration of
multimodal data not only improves classification
accuracy but also significantly enhances the stability
and generalization capability of the model.

Figure 9 presents the contribution of different
modalities to the overall classification accuracy. As
shown in Figure 9, the contribution of different
modalities to the overall model accuracy is
heterogeneous.

The visual modality (CNN) provides the largest
contribution to baseline accuracy, which is explained
by the high informativeness of facial expressions in
emotion recognition tasks.

The auditory modality (LSTM) contributes
additional performance gains by capturing temporal
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and prosodic characteristics of speech, enabling the
detectionoflatent emotionalstates that arenot always
visually expressed.

Contribution of Modalities to Model Accuracy

0.4 1

0.34

Contribution

0.14

0.0-

CNN (Visual) LSTM (Audio)

Modality

Attention Fusion

Figure 9: Contribution of modalities to model accuracy.

A particularly important component is the
multimodal fusion module based on the attention
mechanism, which enables a synergistic effect
through adaptive weighting of features from different
sources.

This approach significantly improves the overall
model accuracy compared to single-modality
systems.

Thus, the results presented in Figure 9 confirm
thateffective multimodal integration is akey factor in
enhancingemotion recognition performancein online
learning environments.

4.2 Comparison with Existing Studies

The results obtained in this study are consistent with
recent research in the field of multimodal machine
learning.

Previous studies report that multimodal systems
achieve performance improvements in the range of 8-
15% compared to unimodal models [11], [22].

In the present study, an improvement of more than
10% was achieved, confirming the effectiveness of
the proposed architecture.

Unlike traditional approaches that rely solely on
CNN or RNN models, the proposed framework
integrates multiple neural architectures with an
attention mechanism, aligning with currenttrends in
deep learning research [10], [23].

4.3 Theoretical Contribution

From a theoretical perspective, this study
demonstrates the effectiveness of hybrid architectures
that integrate:

=  gpatial features (CNN);
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= temporal dependencies (LSTM);

= contextual integration (Transformer +
Attention).
These findings confirm that multimodal

representations are inherently more informative than
unimodal ones and enable the development of more
accurate models of emotional states.

Furthermore, this work extends existing
approaches to educational data analysis by
incorporating affective parameters into learning
models, an area that has been relatively
underexplored in prior research [24]-[27].

4.4 Practical Implications for Online
Learning

The practical significance of this study lies in the
potential application of the proposed system in
adaptive educational platforms.
Real-time emotion recognition enables:

= detection of decreased student engagement;

= adaptation of learning material complexity;

= adjustment of instructional pacing;

= improvement of overall learning effectiveness.

For example, when frustration is detected, the
system can provide additional explanations, whereas
in cases of boredom, it can accelerate the learning
pace or modify content delivery strategies.

4.5 Limitations of the Study

Despite the promising results, this study has several
limitations:

1) Thedatasetsused donot fullyreflectreal-world

online learning conditions;

2) The proposed model requires significant
computational resources;
Cultural differences in emotional expression
are not considered.

3)

In addition, real-world educational scenarios may
involve external factors such as lighting conditions,
background noise, and internet connectivity, which
may affect model performance [17], [28]-[32].

4.6 Future Research Directions

Future research may focus on:
= integration of physiological data (e.g., EEG,
eye-tracking);
= development of lightweight models for real-
time applications;
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= application of self-supervised leaming
approaches;

= deployment of models in real educational
platforms.

Particular attention should be given to the use of
large language models (LLMs) for analyzing textual
modalities and improving the interpretability of
emotion recognition systems.

Model Robustness to Missing Modalities

0.88

e
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=}
@
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Available Modalities

Figure 10: Model robustness under modality loss.

Therobustness of the proposed multimodal model
under missing modality conditions is illustrated in
Figure 10. As shown in Figure 10, the proposed
multimodal model demonstrates a high level of
robustness to the loss of individual modalities.

When using the full set of input data (visual and
auditory), the model achieves its maximum accuracy
(= 0.89), representing the optimal configuration.

When the auditory modality is removed, a
moderate decrease in accuracy is observed (to
approximately 0.83), indicating the importance of
speech characteristics for emotion recognition,
particularly in cases where visual cues are weak.
However, even under these conditions, the model
maintains a high level of performance, demonstrating
the strong informativeness of the visual modality.

A more pronounced decrease in accuracy occurs
when the visual modality is excluded (to
approximately 0.80), confirming the critical role of
facial expressions in emotion recognition tasks.
Nevertheless, the relativelyhigh accuracy achieved in
the absence of visual data highlights the effectiveness
of the auditory channel and the model’s ability to
compensate for missing information.

Overall, the results presented in Figure 10 confirm
that the proposed multimodal architecture exhibits
strong fault tolerance and robustness, enabling
effective operation under conditions of incomplete or
noisy data.
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This characteristic is particularly important for
real-world online learning environments, where data
availability and quality may vary significantly.

Thus, therobustness of the model to modality loss
further validates its suitability for deployment in
adaptive educational systems and emphasizes the
advantagesof multimodal approaches over traditional
unimodal methods.

4.7 General Summary of the Study

In summary, the conducted research confirms thatthe
multimodal approachis the mosteffective strategy for
emotion recognition in online learning environments.

The proposed architecture demonstrates high
accuracy, robustness, and practical applicability. The
results provide a foundation for the development of
next-generation intelligent educational systems
capable of incorporating learners’ emotional states
and dynamically adapting the learning process in real
time.

S CONCLUSIONS

This study developed and analyzed a multimodal
emotion recognition system designed for application
in online learning environments.

The proposed architecture integrates visual,
auditory, and textual data using advanced deep
learning techniques, including CNN, LSTM, and
transformer-based attention mechanisms.

The results demonstrate that the multimodal
approach significantly improves emotion recognition
accuracy compared to unimodal models. The
achieved performance metrics (accuracy ~ 0.89, F1-
score~(.86) confirmthe effectiveness of multimodal
integration and highlight the presence of a strong
synergistic effect.

The analysis shows that the visual modality plays
a dominant role in emotion recognition, while the
auditory modality provides complementary
information, capturing temporal and prosodic
characteristics of speech.

Theuse of attention mechanisms enables adaptive
feature fusion and enhances themodel’srobustness to
data variability.

Furthermore, the proposed model demonstrates
highresilienceto modality loss, makingit suitable for
real-world applications where data may be
incomplete or noisy. This represents a significant
advantage over traditional approaches.

The practical significance of this research lies in
the potential integration of the proposed system into
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intelligent educational platforms. Real-time emotion
recognition enables dynamic adaptation of the
learning process, increased student engagement, and
improved knowledge acquisition.

Despite the promising results, the study has
certain limitations, including the use of standardized
datasets and the high computational requirements of
the model.

Future research will focus on expanding
multimodal inputs through the inclusion of
physiological data (e.g., EEG, eye-tracking) and
optimizing the architecture for real-time deployment.

Overall, the proposed system represents an
effective solution for emotion recognition in online
learning and provides a strong foundation for the
development of next-generation adaptive educational
technologies.
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