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ABSTRACT

The study aimed to design and evaluate the architecture of a real-time facial emotion recognition
system for intelligent applications integrated into the educational infrastructure of Akhmet
Baitursynuly Kostanay Regional University (Republic of Kazakhstan). The paper analyzes modern
machine learning approaches for computer vision, including convolutional neural networks and
transformer architectures, to identify and compare baseline models for automated visual information
analysis. Experimental evaluation was conducted using the publicly available Facial Expression
Recognition 2013 (FER-2013) and Real-world Affective Faces Database (RAF-DB) datasets, which
are widely used for benchmarking emotion recognition methods. The proposed architecture
achieved higher emotion recognition accuracy than the baseline models while maintaining
comparable computational costs and improving video processing efficiency. It also required fewer
computational resources, particularly in terms of memory consumption and graphics processing unit
load. The developed system demonstrated stable performance during real-time video stream
processing and consistent recognition accuracy across different test datasets. In addition, the model
maintained reliable emotion classification under variations in input images throughout the
experiments. The practical significance of the research lies in the applicability of the proposed
system to real-world video analysis tasks, including educational, research, and intelligent
applications requiring automatic real-time recognition of users’ emotional states under limited
computational resources. The findings can support the development of intelligent systems for
behavioral analysis and the investigation of human interaction with digital environments, providing
an efficient and resource-conscious solution for real-time emotion recognition.
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1. INTRODUCTION

The development of artificial intelligence and computer vision technologies during the period from 2015
to 2025 has significantly expanded the capabilities of human-machine interaction systems. At the same
time, the tasks of automatic real-time emotion recognition remain highly relevant from the perspective
of ensuring the stable performance of models and their implementation in applied intelligent systems.
For educational institutions, including Akhmet Baitursynuly Kostanay Regional University, the use of
systems for analysing students’ emotional states during the learning process is of interest for supporting
digital educational platforms. However, the deployment of such systems is accompanied by limitations
in computational resources and variability in acquisition conditions, including lighting, viewing angle,
video stream quality, and hardware configuration, which are characteristic of the university infrastructure.
This necessitates the development of models designed for real-time video data processing using a
standard computing environment while maintaining acceptable classification accuracy. An additional
challenge arises from the discrepancy between real-world operating conditions and the laboratory
scenarios on which most existing models are trained. Such inconsistency decreases the generalization
capability of algorithms and demands their adaptation to practical operating conditions. Therefore, the
studies aimed at increasing the classification accuracy and, at the same time, optimisation of the models’
computational efficiency, including reduction of the latency of processing of the frame, the decrease of
the memory consumption, increase of the speed of processing of the video stream, have become

especially relevant.

Shaikemelova and Omarov (2025), and Uali et al. (2024) showed the prospects of deep learning
methods for analysing human emotional states and solving tasks of automatic emotion classification.
The study of Sapakova and Sarsembayev (2023) examined modern approaches to the analysis of
emotional characteristics using deep learning technologies, which confirmed the significant potential of
neural networks in processing complex behavioural data. In the study of Mutalova et al. (2024) methods
of analysis of facial images and increasing the efficiency of computer vision systems used for visual

object recognition are described.

Recent research has particularly focused on the robustness of algorithms to changes in the
characteristics of input data and in real-world operating conditions. The analysis of the results obtained
by Bekmurzayev et al. (2023) showed the importance of image pre-processing and increasing the
robustness of models to changes in lighting, image quality and environmental conditions. The works of
Gupta et al. (2023) and Wu et al. (2025) observed that the performance of emotion recognition systems

can degrade significantly when deployed from controlled laboratory conditions to real-world application
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scenarios due to variations in lighting, camera angles, image quality, and other external factors. The
authors stressed the importance of improving the generalisation ability of models and adapting them to

practical operating conditions.

Moreover, recent studies have addressed the problem of balancing the recognition performance and
the computational efficiency of models. Kudubayeva et al. (2026) have shown that one of the main
challenges in the development of intelligent systems for visual information analysis is the achievement
of high recognition accuracy with acceptable computational costs. Thus, the literature shows the
absence of universal architectures that can provide both high recognition accuracy and computational
efficiency in real-time operation. This determines the relevance of developing optimised models for
application under the computational resources’ constraints of educational institutions. In addition, the
importance of the trade-off between the classification performance and the hardware resource
requirements is highlighted, which is particularly relevant to the implementation of such systems in

large-scale educational settings.

The purpose of this research was to evaluate the performance of architectural solutions used in facial
emotion recognition systems in the aspect of classification accuracy and computational efficiency when
processing real-time video stream in the limitations of computational resource of educational
infrastructure. To achieve this goal, the following objectives were set: to compare the performance of
different types of neural networks, to analyse quality metrics using publicly available datasets, to
evaluate the computational requirements of the developed models, to compare the architectures of
Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM) recurrent neural networks
and Vision Transformers, to assess their suitability for real-time video stream processing, to evaluate
the model performance using the FER-2013 and RAF-DB datasets, and to summarize the findings from

the perspective of their practical applicability under conditions of limited computational infrastructure.

The scientific novelty of the study is a comparative assessment of convolutional neural network
architectures, recurrent neural networks and Vision Transformers (ViT) in terms of the compromise
between the accuracy of emotion recognition and computational efficiency during processing of real-
time video stream. The main focus, contrary to most of the studies in the field, is to analyse the
applicability of the models under the computational resource constraints of educational infrastructure in

terms of classification accuracy, computational load and practical feasibility.

2. MATERIALS AND METHODS

The empirical research of the facial emotion recognition system was carried out in Akhmet Baitursynuly
Kostanay Regional University. Source data. The FER-2013 and RAF-DB datasets, which are publicly
available, were used. The FER-2013 dataset is composed of 35,887 facial images divided into seven
emotional classes, while RAF-DB was employed to increase the sample variability and
representativeness of the experimental data. The pre-processing procedure included resizing the

images to a common size and normalising the pixel values.
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Within the study, a comparative evaluation of the architectures of convolutional neural networks (CNNs),
three-dimensional convolutional neural networks (3D-CNNs), Long Short-Term Memory (LSTM)
recurrent neural networks, and Vision Transformers (ViT) was conducted. Model training and testing
were performed under identical experimental conditions using the university's computing infrastructure

and graphics processing units (GPUs).

Classification performance was evaluated using the Accuracy and F1-score metrics. Overall

classification accuracy was calculated using Equation (1):

Accuracy = (TP + TN) /(TP + TN + FP + FN) (1)

where TP — true positives; TN — true negatives; FP — false positives; and FN — false negatives.

Model performance was evaluated using the test subsets of the FER-2013 and RAF-DB datasets in

accordance with the standard protocols for their application in facial emotion recognition tasks.

To evaluate computational efficiency, GPU utilisation, random access memory (RAM) consumption,
and energy consumption were assessed. Measurements were performed during real-time processing
of a Full HD (1920%1080) video stream. Data were collected using GPU monitoring tools (NVIDIA
Management Library, NVML) and the psutil library. The obtained values are presented as average and

peak measurements over the processing period of the test video stream.

The experimental validation of the system was conducted in university classrooms under real
educational conditions. To evaluate model robustness, testing was performed at different head rotation
angles (0°, £15°, £30°, and +45°) under natural lighting conditions. The analysis included an evaluation
of emotion recognition accuracy and video stream processing latency. The system was implemented in
Python using machine learning and computer vision libraries. To improve computational efficiency,
standard neural network architecture optimisation techniques aimed at reducing the computational
complexity of the models were applied. The computational experiments were implemented locally,
without data transfer to external servers, which confirms the autonomous execution of the computational

experiments.

3. RESULTS

During the empirical study, a comparative evaluation of facial emotion recognition models was
conducted using the publicly available FER-2013 and RAF-DB datasets. The obtained results showed
that the baseline convolutional neural network (CNN) achieved an Accuracy of 66.7% on the FER-2013
dataset and 79.4% on the RAF-DB dataset, with an F1-score of 0.68. The use of the 3D-CNN
architecture increased Accuracy to 68.9% and 80.8%, respectively, with an F1-score of 0.71. The Long
Short-Term Memory (LSTM) recurrent neural network achieved an Accuracy of 65.4% on FER-2013
and 77.8% on RAF-DB, with an F1-score of 0.65. The highest performance among the baseline models

was achieved by the Vision Transformer (ViT), which attained an Accuracy of 72.4% and 85.9%,
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respectively, with an F1-score of 0.74. In turn, the proposed architecture demonstrated the best overall
performance, achieving an Accuracy of 74.1% on FER-2013 and 89.2% on RAF-DB, with an F1-score
of 0.81.

The overall performance indicators of the evaluated models are presented in Table 1.

Table 1: Comparison of emotion recognition accuracy metrics.

Accuracy (FER- Accuracy (RAF- F1-
Architecture
2013), % DB), % score
Baseline Convolutional Neural Network
66.7 79 0.68
(CNN)
3D Convolutional Neural Network (3D-
68.9 80.8 0.71
CNN)
Long Short-Term Memory (LSTM)
65.4 77.8 0.65
Recurrent Neural Network
Vision Transformer (ViT) 72.4 85.9 0.74
Proposed Architecture 741 89.2 0.81

Note: the results were obtained during experimental testing using the constructed dataset.

Source: compiled by the authors.

An analysis of the results presented in Table 1 shows that the proposed architecture demonstrates
higher Accuracy and F1-score values than the models considered. On the RAF-DB dataset, the
Accuracy reached 89.2%, exceeding the performance of the baseline CNN model. The results obtained

(Table 2) confirm the effectiveness of the proposed approach for the task of facial emotion recognition.

Table 2: Technical performance characteristics of the system.

System parameter Baseline model Proposed model Percentage change
Frame Rate (FPS) 32 48 +50%

Latency (ms) 31.5 18.2 -42.2%
VRAM Usage (GB) 4.2 2,1 -50%

Source: compiled by the authors.

The analysis of the technical characteristics shown in Table 2 reveals that the proposed model
enhances the system performance over the baseline architecture. The processing rate was increased
to 48 FPS. The inference latency has been reduced to 18.2 ms. The video memory usage decreased
to 2.1 GB. The results demonstrate the viability of the proposed model for real-time data processing

tasks.

A confusion matrix was used to evaluate the classification performance for each class. The best

classification accuracy was obtained for the “happy” and “neutral” classes. At the same time, the largest
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number of classification errors was observed in the recognition of the "fear" and "surprise" emotions.

These results reflect differences in the recognition accuracy of individual emotional states.

To provide a clear analysis of the data representation structure, the image was visualised as a set of
structural components. This approach makes it possible to represent the distribution of information
within the original image in an interpretable form. An example of the visual representation of these
components is presented in Figure 1.

Figure 1. Representation of an image as a set of three-dimensional structures.
Source: compiled by the authors based on Kaur et al. (2026).

As shown in the figure, the original image is represented as a set of structural components that differ in
the extent of their contribution to the final data representation. This visualisation makes it possible to
illustrate the characteristics of the internal distribution of information within the image and to present the

processing results in an interpretable form.

A comparative analysis of computational resource requirements is presented in Table 3. The proposed
model demonstrates reduced computational resource utilisation compared with the architectures
considered. The model required less random-access memory (RAM) and computational resources
compared to baseline models, enabling more efficient data processing without sacrificing the
performance of emotion recognition. The results obtained confirm the possibility of the application of
the proposed architecture to real-time tasks and systems with limited computational resources.

Table 3: Analysis of system resource consumption during model inference.

architectural Peak power consumption
. gpu utilisation (%) RAM usage (MB)
solution (W)
CNN (ResNet-50) 78 1,450 120
3D-CNN 92 2,100 165
ViT 85 3,200 140
Proposed
) 45 850 85
Architecture

Note: measurements were performed during the processing of a Full HD (1920%x1080) video stream.

Source: compiled by the authors.
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As demonstrated in Table 3 the proposed architecture is less computationally demanding than the
models under consideration. In particular, use of the GPU, the consumption of random-access memory
(RAM) and the peak energy consumption are reduced. This suggests a more efficient use of computing

resources at inference time than the baseline architectures.

The experimental validation, carried out in university classrooms, evaluated the system stability when
processing video streams. During the testing process, the average values of the important key
performance indicators such as recognition accuracy and frame processing time were recorded. The
obtained results show a stable operation of the system in terms of long-term operation and without

significant deviations of the main performance indices.

Statistics of face detection effectiveness at different camera angles are shown in Table 4.

Table 4: Effectiveness of face detection according to camera angle.

Head Rotation Angle .
Detection Accuracy (%) Latency (ms)
(Degrees)
0° (frontal) 99.8 3.8
+15° 98.5 4.1
+30° 94.2 4.5
+45° 87.6 5.2

Note: measurements were performed under the actual lighting conditions of university classrooms.
Source: compiled by the authors.

Analysis of the confusion matrix revealed individual systematic classification errors between emotional
states with similar visual features. An increase was observed in the recognition accuracy of each

individual class after making changes to the model.

The tests showed that the system provides stable face detection and emotion recognition on the test
data. The model demonstrates stable performance during video stream processing without a significant
decrease in classification quality. Analysis of the obtained results indicates the appropriate functioning
of the system in various input data conditions in the performed experiments. Overall, stable values of
the emotion recognition quality metrics were observed without pronounced fluctuations between data
subsets. It was also shown that the system preserves its operational ability in processing successive
video frames, demonstrating stable performance indicators in the test scenario. This indicates that the

model can be applied to real-time video data analysis tasks.

In order to provide a general assessment of model behaviour on different subsets of test data, a further
analysis of the results was conducted. The analysis showed that the performance of classification could
be influenced by the complexity of the input images, but in all the experiments performed, the model
maintained its performance under different conditions in general. The system performance was also
estimated during the processing of video streams with different numbers of objects in the frame. It was
shown that an increase in the number of faces resulted in an increase of processing time and a decrease

of frame processing rate and the system was working in the mode of video data processing. Further
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investigation of the classification results for different emotional states was carried out separately. Non-
uniform recognition performance for different classes was revealed, i.e., some emotions were
recognised with higher accuracy than others, which is a characteristic feature of the multiclass
classification task. The general analysis of the model robustness shows that the system performs stable
under changes in characteristics of input data within the tests conducted, without any substantial

degradation in quality.

Also, the robustness of the model against partial facial occlusions was studied. Recognition
performance was found to degrade with the decrease in availability of informative image regions, in line
with the general dependence of pattern recognition tasks on the completeness of the input data.
Furthermore, an evaluation of computational resource utilization during system operation under a
standard computing environment was also performed. The results demonstrate that the model can be
run without specialized hardware and with a manageable computational resource load. The
experimental results show that the proposed system achieves a stable trade-off between recognition
accuracy and computational efficiency and can therefore be considered as adequate for video data

analysis applications under near real-time conditions.

A comparison of the performance of the proposed model with respect to the baseline architectures was
also performed. The results indicate that the proposed model performs better in terms of the main
performance metrics than the alternative approaches used in the experiment. Both the Accuracy and
F1-score steadily improved over the various test datasets. Analysis of the error distribution revealed
that the classification performance could be different depending on the complexity of the classes to be
recognised. This is in accordance with the general features of the multiclass emotion classification task.
Also, it was found that the model maintains stable performance with changes in the parameters of the
input video stream within the experimental testing. No significant deterioration in recognition
performance was observed. Overall, the comparison results show that the proposed model provides

better recognition performance than the base architectures while maintaining stable system operation.

Moreover, it should be noted that the comparison of the architectural approaches allows identifying a
general trend of improving the recognition performance with the increasing model complexity. In
particular, the transition from conventional convolutional models to architectures with enhanced spatio-
temporal processing leads to a continuous increase in classification accuracy (Lavrentieva et al., 2019).
Meanwhile, the proposed model has the most balanced recognition performance and computational
complexity, making it more suitable for practical application. The analysis of results in Table 1 indicates
that the models exhibit consistent differences across the different datasets. The baseline architectures
are less accurate than state-of-the-art approaches that employ more sophisticated feature extraction
mechanisms (Manghisi et al., 2020). Meanwhile, the proposed model still keeps its advantage on both
test datasets, which demonstrates better generalisation ability. The results of the computational
efficiency analysis confirm that the proposed architecture provides a significant reduction in the
computational load in comparison to the baseline models. This is reflected in reduced memory
consumption and lower graphics resource demands, while maintaining a comparable recognition

performance. Thus, the model shows a more efficient use of computational resources. The analysis of
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the confusion matrix shows that the majority of the classification errors are due to the overlap between
visually similar emotional classes. This is a characteristic of the emotion recognition task and was found
over all the models considered. The proposed architecture shows a decrease in the number of such
errors compared to the baseline approaches, which implies a better separation of the feature space.
The results obtained in general confirm the efficiency of the proposed approach for the task of
recognizing emotional states from facial images. The proposed model achieves better accuracy and
robustness compared to the baseline architectures, while also being more efficient in terms of
computational resources. This makes it a feasible solution to problems of visual data analysis in applied
intelligent systems. The obtained results confirm that the differences between the architectures are
reflected not only in the absolute values of the performance metrics, but also in their stability over
different types of data. Simpler models are more sensitive to changes in the structure of the input data
(Seidaliyeva and Smailov, 2025). More complex architectures have a more stable performance across
the test datasets. The evaluation of the generalisation capability of the models should be specially
considered. The proposed architecture achieves high performance on different datasets without
significant loss of efficacy, indirectly showing stronger feature extraction and less dependence on the
characteristics of the training dataset. Moreover, it is worth noting that the consistency among the
Accuracy and F1-score metrics was noticed for all the considered cases, confirming the lack of a bias
towards individual classes. This is common in multiclass classification problems where unbalanced
predictions may affect the distribution of errors across classes and the overall performance measures
of the model. The reduction in computational load achieved by the proposed model suggests a more
efficient architectural organisation of the computational process (Bezrukova et al., 2022). This is
reflected in lower resource utilization with similar performance, thus making the model more appropriate
to be integrated into computationally resource-limited environments. The experimental study results
reveal that the proposed architecture offers a more balanced trade-off between recognition performance
and computational efficiency. This makes it possible to consider it as a balanced solution for automatic
analysis of emotional states in video streams. Also, the nature of the classification errors is largely
dictated by the visual similarity between individual emotion classes. This is typical for emotion
recognition tasks and it sets an upper limit on the performance that can be achieved for all the

considered models.

Furthermore, it is worth mentioning that the obtained results are in good agreement between the
different parts of the model performance evaluation. In particular, a correspondence between
classification accuracy and F1-score values was found, which indicates balanced predictions and the
lack of a pronounced bias towards individual classes. This consistency is an important indicator of
correct model behaviour in multiclass classification tasks, where the distribution of errors across classes
may significantly affect the overall interpretation of the results. The comparative analysis of
architectures shows that the performance improvement in recognition is due to more effective feature
extraction and better model generalisation capability. Also worth noting are the differences between the
models not only in the final metric values but also in the pattern of the distribution of errors which reflects
the differences in their underlying operating principles. Simple architectures are more sensitive to

variability in the input data, whereas more complex models provide more stable performance across
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different subsets. Special attention is deserved by the interpretation of the results regarding practical
applicability. The proposed model allows to obtain a better trade-off between recognition performance

and computational cost and makes it suitable for real-time systems.

The proposed approach is more versatile and potentially applicable to a variety of practical tasks
involving video data analysis due to the reduction in resource requirements while keeping a high level
of accuracy. It should also be underlined that the results obtained in the experiments show the
robustness of the model to changes in the input data within the test datasets used. This also applies to
maintaining stable values of the key performance indicators when crossing different data sets and test
scenarios. This robustness indicates good generalisation ability and the ability of the model to maintain
its effectiveness when dealing with data that differ in structure and visual features. From an error
analysis point of view, it can be observed that most of the errors are caused by the inherent complexity
of the emotion recognition task, due to a high visual similarity among individual classes. This limits the
maximum achievable classification accuracy and is a common property of all the models considered.
However, the proposed architecture shows a more effective feature space separation, which is
manifested in the decrease in the number of typical classification errors compared to the baseline
approaches. Finally, the results support the conclusion that the proposed system provides a good trade-
off between accuracy, robustness and computational efficiency, making it suitable for automatic emotion

analysis in video stream processing conditions.

4. DISCUSSION

The obtained results showed that the proposed architecture had a more balanced relation between the
performance in emotion classification and the computational efficiency than the baseline models. This
suggests the possible use of the model for facial image analysis tasks with limited computational
resources. The results were compared with the findings of Wang et al. (2026) and Paul et al. (2025)
and the results are consistent with the patterns established before in computer vision. Specifically, it
has been shown that Vision Transformer models have a higher classification accuracy than the
conventional convolutional neural networks, as they model the global dependencies within the images
more efficiently. Simultaneously, these studies also reported an increase in the computational
complexity of transformer architectures, which is a characteristic limitation of this class of models.
Similar findings were reported by Talaat (2023), who also noted the increased computational resource
requirements of transformer architectures. The results of the current study showed that the adapted
architecture can improve the classification performance while keeping the computational complexity at
an acceptable level. Therefore, modified transformer-based approaches are a promising solution for
facial emotion recognition tasks (Milloshi and Lako, 2024; Jaiprakash et al., 2020). Thus, the obtained
results are consistent with the existing literature and extend it with regard to the analysis of the trade-

off between model performance and computational efficiency in multiclass emotion classification tasks.

The study by Akula et al. (2026) noted that variability in visual conditions, including changes in

brightness and the presence of shadows, may adversely affect the performance of computer vision
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systems. This is associated with the sensitivity of models to changes in the distribution of pixel
intensities, which leads to reduced stability of feature extraction (Mazhibayeva et al., 2026). The findings
of the present study are generally consistent with these observations, as they revealed differences in
classification performance across emotional categories and variable visual examples in the FER-2013
and RAF-DB datasets. Aly (2025) emphasised the importance of identifying locally informative facial
regions, including the eyes, eyebrows, and mouth, to improve emotion classification performance. The
results obtained are consistent with these conclusions regarding the dependence of model performance
on the effectiveness of extracting meaningful facial features. In particular, architectures with a greater
capacity for identifying informative features achieved higher Accuracy and F1-score values (Smailov et
al., 2025; Tavolzhanskyi et al., 2025). Thus, the findings of the study confirm the importance of image
pre-processing and key feature extraction mechanisms for improving emotion recognition performance,
which is consistent with previously published studies and extends them in the context of a comparative

analysis of different neural network architectures.

The studies by Dwijayanti et al. (2022) noted that the effectiveness of emotion recognition systems
largely depends on the computational resources required for model training and inference. The
employment of high-end graphics processing units is considered as one of the main requirements for
the functioning of modern deep learning algorithms and, therefore, restricts their implementation in case
of limited computational infrastructure (Bilan et al., 2017; Ginters and Revathy, 2021; Ginters et al.,
2018). The findings of the present work demonstrate that the model architecture differences have a
large influence on computational complexity with similar classification performance. A comparison of
the considered architectures demonstrates that it is possible to reduce computational costs by
architectural optimisation without significant degradation of Accuracy and F1-score. We observed in
particular reductions in GPU utilization, memory consumption and inference latency while maintaining
high accuracy. These results are consistent with previous studies and confirm the importance of the

optimization of neural network architectures for the efficient computer vision systems.

Abdelkader et al. (2026) have shown that some basic emotional states are characterized by partially
overlapping facial features, which makes their automatic discrimination more difficult. Such overlap is
most prominent in key facial regions like the eyes, eyebrows and mouth, which are used by most
computer vision models for feature extraction. Gong et al. (2025) arrived at similar conclusions,
demonstrating that classification accuracy can decrease when emotional expressions are weakly
pronounced and visually similar patterns exist across different classes. The results of the present study
corroborate these observations and contribute to the understanding of how visual feature similarity
affects classification errors in facial emotion recognition tasks. It was found that the biggest difficulties
are in the recognition of emotions of similar facial features, because their feature spaces partially
overlap (Efremov, 2025; 2026; Jaiprakash et al., 2019). Hence, the results validate the limited
distinguishability of specific emotional categories as an inherent property of multiclass classification
tasks for facial images, which needs to be taken into account when analysing the classification errors
of models.
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Machine learning models trained on imbalanced datasets can be biased towards dominant classes,
leading to poor classification performance for underrepresented categories (Duggento et al., 2019; Raj
et al., 2025), as observed in the study of Fakhar et al. (2022). The results of the present study are in
agreement with these observations on the effect of class distribution on the overall classification
performance. In particular, the F1-score indicates the balance between precision and recall and allows
to evaluate the model performance in conditions of heterogeneous data distribution (Salmanov, 2025;
Salmanov and Mahmudov, 2012). The comparison with the previously published studies showed that
the class imbalance is still one of the factors that affect the performance of emotion recognition systems,
especially in the multiclass facial image classification tasks. The interpretation of the results was

therefore carried out taking into account the distribution of data among the emotional categories.

The work of Subramanian et al. (2022) on real-time emotion recognition systems as a way to adapt
digital services to users’ emotional states supports the consistency of the findings of the present study
with previously published evidence. The authors showed that the practical value of such solutions
depends not only on the accuracy of classification but also on the ability of these solutions to work
reliably under conditions of limited computational resources. Pabba and Kumar (2022) reported similar
findings in their study on the use of facial expression recognition technologies for monitoring student
engagement. Stable model performance in real-world operating conditions was the focus of that study,

which is consistent with the findings in the present study.

The obtained results confirmed a general pattern characteristic of computer vision tasks: the quality of
emotion classification is largely determined by the ability of the model to extract robust and informative
facial features. The differences between the examined architectures were reflected in how effectively
they could represent spatial dependencies and the level of generalisation achieved on the test data.
The more sophisticated architectures such as Vision Transformers and the proposed model
demonstrated superior performance over the baseline convolutional and recurrent approaches. This
means that the application of global feature analysis mechanisms leads to the more accurate
interpretation of visual information for multiclass emotion classification tasks (llyina, A., 2024; Zaki, et
al., 2021; Zheng et al., 2024). At the same time, constraints related to the similarity of visual
characteristics of some emotional categories were revealed, which caused partial overlap of feature
spaces and increased the probability of classification errors. This characteristic is an intrinsic property
of facial emotion recognition tasks and should be considered when interpreting the model performance
(Ginters, 2020; Mohanraj et al., 2019).

In addition, it was shown that model performance was affected not only by architectural properties but
also by the quality of input data, considering variations in lighting, viewing angles and the intensity of
emotional expressions. It was observed that deterioration in visual conditions reduced the
distinguishability of individual classes, particularly in cases involving only subtly expressed facial
movements (Babak and Kulyk, 2023; llyina, 2025; 2026; Tan et al., 2025). It was also found that
optimisation of the computational structure of the model reduced processing latency and increased the
video stream processing rate without any substantial loss of classification accuracy, which is particularly

important for real-time applications.
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Thus, the study confirmed the importance of neural network architecture selection as one of the key
factors influencing the quality of emotion classification and demonstrated the need for further
improvement of methods for distinguishing closely related emotion classes, as well as enhancing model

robustness to variability in the input data.

5. CONCLUSIONS

As a result of the study, an architecture for a facial emotion recognition system was developed and
experimentally validated on the basis of a comparative analysis of deep learning models. Experimental
testing using the FER-2013 and RAF-DB datasets demonstrated the superiority of the proposed solution
over the baseline architectures. The comparison of the performance of CNN, 3D-CNN, LSTM and Vision
Transformer models revealed differences in their ability to extract features, generalise data and
computational efficiency. The results show that more sophisticated architectures, such as Vision
Transformers and the proposed model, obtain higher Accuracy and F1-score values, while maintaining
similar computational costs. These results confirm the remarkable impact of architectural features on

the trade-off between classification accuracy and computational complexity.

The proposed model leverages the advantages of convolutional architectures designed for efficient
spatial feature extraction and transformer-based approaches that allow modelling of global
dependencies in images. This resulted in building a more informative feature representation than that
of recurrent models. The experiments revealed that the LSTM architecture achieved lower classification
performance than the other studied methods, which limits its usefulness for facial emotion recognition
tasks on static facial images. The proposed architecture achieves better performance than the other
models with Accuracy of 89.2% and F1-score of 0.81 on FER-2013 and RAF-DB datasets. The obtained
results confirm the effectiveness of the proposed approach for the task of multiclass facial emotion
classification in the context of limited computational resources. The study is limited by lower
classification accuracy for visually similar emotional states due to partial overlap in feature spaces of
individual classes. Future work should focus more on the further development of deep learning
architectures and model training methods to improve the distinguishability of emotional categories and

further enhance recognition performance.
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