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Abstract

Deep learning has substantially enhanced facial
emotion recognition, an essential element of
human-computer interaction. This study evaluates
the performance of multiple architectures,
including a custom CNN, VGG-16, ResNet-50,
and a hybrid CNN-LSTM framework, across
FER2013 and CK+ datasets. Preprocessing steps
involved grayscale conversion, image resizing,
and pixel normalization. Experimental results
show that ResNet-50 achieved the highest
accuracy on FER2013 (76.85%), while the hybrid
CNN-LSTM model attained superior performance
on CK+ (92.30%). Performance metrics such
as precision, recall, and Fl-score were used for
evaluation. Findings highlight the trade-off
between computational efficiency and recognition
accuracy, offering insights for developing robust,
real-time emotion recognition systems.
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1 Introduction

A significant indirect communication tool is facial
expression, which can convey a person’s intentions
and feelings. The goal of Face Emotion Recognition
(FER) is to recognize these expressions, and it is
relevant to fields such as human-computer interaction,
security, and healthcare. The intricacy and diversity of
human expressions provide difficulties for traditional
FER approaches. Deep Learning, on the other hand,
has revolutionized FER by offering more precise
and effective solutions. Prominent deep learning
architectures that have demonstrated exceptional
performance in image classification tasks, including
FER, are VGG-19, ResNet-50, Inception-V3, and
MobileNet. ResNet-50 uses residual information to
solve the vanishing gradient problem, while VGG-19
uses modest convolution filters in its deep network for
great performance. MobileNet provides a lightweight,
accurate model appropriate for embedded and mobile
applications, while Inception-V3 uses a modular
architecture to capture multi-scale information. This
paper provides a thorough overview of current trends
and future prospects in FER research by examining
these cutting-edge deep learning techniques and
assessing their architectures, strengths, and limits.

1.1 Deep Learning

This research study explores the field of deep
learning methods for the important problem of
classifying emotions on faces. It examines several
cutting-edge architectures, including VGG-19,
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ResNet-50, Inception-V3, and MobileNet, each with
special benefits and challenges in precisely identifying
facial emotions. In discussing how deep learning is
transforming facial emotion recognition, the study
emphasizes how this technology can learn intricate
patterns from massive datasets and outperform
conventional techniques in terms of precision. Also,
it tackles issues like overfitting, computational
complexity, and model optimization, opening the door
for further developments in areas like sophisticated
regularization strategies, simplified models, and
real-time application optimization.  All things
considered, the study offers a thorough assessment of
the state of deep learning techniques for facial emotion
classification and sketches out future directions for
development in this rapidly evolving area.

The three approaches—deep learning, machine
learning, and artificial intelligence—for determining
emotions from facial expressions are compared in
Table 1. Deep learning is the most accurate and fastest
approach, but it requires a large amount of data and
processing power. Machine learning is slower and less
accurate than deep learning, despite being easier to
use and requiring less data. Machine learning and
deep learning are combined in artificial intelligence to
achieve high accuracy and real-time processing. But
this raises ethical concerns about the privacy of data.
Generally speaking, the best technique for a specific
application will depend on how well accuracy, speed,
and ease of implementation are traded off.

2 Theory Of Emotion

This study explores facial emotion identification,
including face detection techniques such as Viola-Jones
and Haar cascades, as well as dataset kinds, labeling,
and size impact [1]. In an effort to improve
accuracy, it covers feature improvement methods
including augmentation and makes considerable
use of CNNs and SVMs for emotion categorization.
The study recommends additional investigation into
the ways in which these components interact to
improve understanding and efficacy in facial emotion
recognition systems.

This research presents a transfer learning-based facial
emotion recognition system. For emotion recognition,
the study uses pre-trained convolutional neural
networks (CNNs) from the ImageNet database, such
as VGGI19, ResNet50, InceptionV3, and MobileNet
[2]. The CK+ database was used for the experiments,
and the results showed that the following models
had outstanding accuracy rates: ResNet50 (97.7%),
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InceptionV3 (98.5%), MobileNet (94.2%), and VGG19
(96%). Notably, out of all the pre-trained networks,
InceptionV3 achieved the highest accuracy [2]. The
study suggests using these networks in the future to
identify emotions in speech and EEG signals, thus
expanding the system’s potential.

Ming et al. [3] proposed a facial expression recognition
method that incorporates a two-layer attention
mechanism into a CNN-LSTM hybrid framework.
The approach introduces CNN-ALSTM, which mines
emotion-critical regional information more effectively
than conventional CNN-LSTM models, and further
extends it to ACNN-ALSTM by adding attention at
the convolutional stage. Comparative experiments
conducted on FER2013 and the processed CK+
dataset demonstrate that the proposed ACNN-ALSTM
model outperforms related methods in expression
recognition . The study highlights that targeted
attention mechanisms can substantially improve the
identification of key facial regions and temporal
dependencies that are decisive for accurate emotion
classification.

This work uses the FER2013 dataset and a variety
of models to classify facial expressions; using the
Adam optimizer, it achieves an accuracy of 60% [4]. It
draws attention to the difficulties in predicting specific
emotions because of the scarcity of training data and
makes recommendations for data augmentation and
study of frequently anticipated emotions to improve
accuracy. In addition, the study offers insights
for future research areas by discussing the model’s
real-time capabilities and possible applications in other
domains.

This paper delves into the complexities and limitations
of emotion recognition solely through facial
expressions, highlighting the challenges posed by
subtle facial movements and variations in expression
across different datasets and populations [5]. It
stresses the necessity for a more adaptable framework
in emotion recognition and proposes a cross-dataset
evaluation method to address biases and assess
model generalization. Despite achieving notable
results, the study emphasizes the ongoing difficulties
in accurately interpreting internal emotional states
from facial expressions alone, advocating for a
multidisciplinary approach and careful exploration of
emotion recognition systems.

The Multi-Branch Deep RBF Network, which
incorporates local information into the recognition
process through several RBF units coupled to a
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Table 1. Comparative analysis of deep learning, machine learning, and artificial intelligence techniques in face emotion

classification.

Aspect Deep Learning Machine Learning Artificial Intelligence

Description Uses neural networks to learn Classifies facial expressions using Builds complete emotion identification
hierarchically from facial expressions  statistical models and algorithms based  systems with real-time processing
and automatically extract features. on features that are extracted. capability by integrating ML and DL

algorithms.

Techniques - CNNs are used to automatically extract - Conventional classifiers such as kNN - Hybrid ML-DL techniques to increase
features. - RNNs for analysis of time. and SVM. - Techniques for feature precision. - Practical uses in sentiment

engineering. analysis, HCI, and surveillance.

Role - Improves face expression recognition - Uses features that have been retrieved - Combines DL and ML for
speed through automatic extraction to classify emotions. - Offers a comprehensive emotion identification.
of features. - Classifies data more performance baseline for comparison. - Makes emotion analysis in real time
accurately. easier.

Challenges - Excessive processing needs. - Large - Poor performance with nuanced - Ethical issues with data utilization and
labeled datasets are required. feelings. - Manual feature extraction privacy. - Ensured the ability to process

takes a lot of time. data in real-time.

Future - Effective architectures and learning - Integration for enhanced performance -  Emphasize moral Al  with

Directions transfer. - Making use of unsupervised ~with DL. - Engineered features comprehensible results. - Developments
learning to identify tiny clues. automatically. in processing in real time.

VGG-Face backbone, is introduced in this research as a
way to improve CNNs [6]. Results from six ER datasets
show that CNN performs better, particularly under
difficult circumstances like significant class overlap
and short sample sizes. The model outperforms
state-of-the-art techniques and provides opportunities
for further study into the efficient integration of local
data, the use of RBF centers for interpretability and
explainability, and the mitigation of biases in facial
emotion recognition systems.

Kopalidis et al. [7] conducted a comprehensive
survey of advances in facial expression recognition,
systematically reviewing methods, benchmarks,
models, and datasets across the field. The study
covers a wide range of deep learning architectures
including CNN-based models and attention networks,
evaluating their performance across standard FER
benchmarks such as AffectNet. The survey identifies
persistent challenges in FER research, including the
performance gap between laboratory conditions and
real-world deployment, and highlights the need
for continued development of more robust and
generalizable recognition systems.

Nan et al. [8] proposed a lightweight A-MobileNet
model for facial expression recognition by
incorporating an attention module into the
MobileNetV1 backbone.  To reduce intra-class
distance and increase inter-class distance, center
loss and softmax loss are jointly optimized during
training. Compared with standard MobileNet variants,
A-MobileNet achieves higher recognition accuracy
on the FERPlus and RAF-DB datasets without

increasing the number of model parameters. The
study demonstrates that attention-guided feature
enhancement is an effective strategy for improving
lightweight models in real-time FER applications.
Future work includes expanding the analysis to more
datasets, models, and training setups, developing
new demographic datasets and models, exploring
mitigation techniques, and refining metrics for broader
applications in multi-class multi-demographic Al
systems and medical diagnosis.

The paper introduces a CNN-based approach with
deep learning algorithms for emotional recognition
through facial features. It enhances accuracy and
classification methodology, especially in complex facial
expression identification, by employing dimensional
space reduction and kernel filters in preprocessing
[9]. Data augmentation techniques like cropping
and introducing noise, along with picture synthesis
methods, were utilized to address overfitting and
data scarcity. Future plans include extending feature
sets, recognizing additional emotions, and exploring
automatic facial emotion recognition.

Ahmad et al. [10] proposed a lightweight deep
learning framework for facial expression recognition
designed for deployment on resource-constrained
devices. The study employs optimized convolutional
architectures with reduced parameter counts to
balance recognition accuracy against computational
efficiency across multiple benchmark datasets.
Experimental evaluations demonstrate that the
lightweight model achieves competitive performance
while significantly reducing inference time and
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memory requirements. The findings offer practical
guidance for developing real-time FER systems
in embedded and mobile environments, directly
addressing the accuracy-efficiency trade-off central
to this study. In addition to addressing issues like
deepfakes, the article highlights how crucial it is for
human communication and avatar interactions to
successfully portray emotions.

This paper presents a deep learning framework that
uses both conventional and novel CNN architectures
to identify face emotions [11]. Accuracy was assessed
on lab-controlled datasets, RAFD and KDEF, with
results of 68.84% and 99.63%, respectively. For the
KDEF dataset, a custom model outperformed the most
advanced findings. In comparison to lab-controlled
datasets, the accuracy of the non-lab-controlled
datasets RAF-DB, SFEW, and AMFED+ was
75.26%, 40.78%, and 54.15%, respectively. Future
developments, according to the study, should focus
on enhancing accuracy by unsupervised pre-training
using transfer learning, pre-processing, and feature
extraction techniques.  Additionally, advanced
models like DBN, GANSs, and Facial Action Units
(AUs) should be investigated. Khattak et al. [12]
proposed an efficient deep learning technique for
facial emotion recognition using a convolutional
neural network model with optimized layer selection.
The study addresses the issue of performance
degradation caused by poor architectural choices in
prior CNN-based FER models. By carefully selecting
convolutional layers and training configurations,
the proposed method achieved 95.65% accuracy
for emotion recognition, 98.5% for age recognition,
and 99.14% for gender recognition on a dedicated
facial image dataset. The findings demonstrate
that systematic optimization of CNN layer design
is a practical and effective strategy for improving
multi-task recognition performance in FER systems.

Singh et al. [13] proposed a hybrid 3D-CNN and
ConvLSTM architecture for video-based facial
expression recognition (VFER), addressing the
spatial information loss caused by flattening
operations in fully-connected LSTM. By performing
LSTM operations in the convolutional domain,
ConvLSTM preserves critical spatial structure while
simultaneously capturing temporal dynamics from
expression sequences. The proposed pipeline achieves
competitive recognition accuracy on three public FER
benchmarks, namely SAVEE, CK+, and AFEW, while
maintaining fewer parameters and faster execution
than state-of-the-art deep models. The findings
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confirm that spatiotemporal hybrid architectures
are well suited for real-time video-based emotion
recognition on resource-limited platforms.

Magherini et al. [14] addressed the challenge of
emotion recognition under face mask occlusion, a
critical problem that emerged during the COVID-19
pandemic. Using the AffectNet dataset comprising
eight emotion classes, the study adopted an iterative
training strategy based on well-known CNN
architectures to progressively compensate for the loss
of mouth-region features when subjects wear masks.
The proposed approach highlights that deep learning
models trained on unoccluded faces suffer significant
performance degradation in real-world masked
conditions . The study underscores the necessity
of adapting FER systems to practical deployment
constraints, which is directly relevant to the robustness
considerations discussed in this work.

The study presents an Efficient-SwishNet model for
facial emotion recognition, highlighting its robustness,
space efficiency, and affordability [15]. It achieves
100% recognition rate on FERG and CK datasets,
outperforming previous algorithms on five separate
datasets. The model does a great job managing photos
with multiple orientations in addition to accurately
detecting emotions from frontal face images. The
model’s generalizability is demonstrated through
cross-corpora examination. It has trouble with covered
faces and occlusions, though, and the scientists intend
to work on these issues in later research. Their
objectives are to establish a specific FER dataset for
real-time performance testing and refine the FER
model for cross-corpora evaluation.

This work presents a transfer learning and
ResNet-based facial emotion detection system
that achieves high classification rates in several facial
expression categories [16]. The ResNet-18 architecture
performed optimally, demonstrating the method’s
efficacy in classifying compound emotions. Future
plans call for expanding evaluations to other datasets
such as Affectnet and iCV-MEFED, as well as doing
cross-database tests.

In order to combine deep learning with relational
reasoning [17], the paper presents a unified
architecture that makes use of SqueezeNet for
emotion recognition and Temporal Relation Networks
(TRNs). With its temporal relational reasoning,
the TRN performs better in training and testing
than other models, particularly the multi-scale TRN,
when compared to single-scale TRN and multi-layer
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perceptron models.

Abate et al. [18] systematically investigated the
limitations imposed on facial expression recognition
systems when subjects wear facial masks, identifying
which facial regions contribute most critically
to CNN-based feature extraction.  The study
demonstrates that occlusion of the mouth area—one
of the most discriminative regions for emotion
classification—causes substantial performance drops
in standard FER models. The authors further analyze
how deep neural networks respond differently to
partial versus full occlusion across various expression
categories. These findings provide important context
for designing FER pipelines that must operate reliably
under real-world conditions where face coverings are
present. Future research will focus on developing
real-time models for facial emotion identification
using sophisticated architectures like 3D CNN, 3D
U-Net, and YOLOy, as well as enhancing performance
in difficult situations like low light and foggy pictures.

This research outlines the advantages and
disadvantages of the conventional ML-based and
DL-based techniques to facial expression recognition
(FER) [19]. It highlights that 3D facial expression
datasets are necessary for better results and talks
about how DL approaches can be integrated with IoT
sensors to boost FER capabilities for different sectors.

Minaee et al. [20] proposed Deep-Emotion, a
facial expression recognition framework built on
an attentional convolutional network that learns
to focus on the most discriminative facial regions
during training. By integrating spatial transformer
networks with a deep CNN backbone, the model
adaptively localizes emotion-relevant areas such
as the eyes and mouth without requiring explicit
landmark annotations.  Experiments conducted
on FER-2013, CK+, JAFFE, and FERG datasets
demonstrate significant accuracy improvements over
prior CNN-only baselines. The study confirms that
attention-guided feature extraction is a powerful
mechanism for enhancing FER performance, providing
a strong conceptual foundation for the hybrid
architectures evaluated in this work.

This study shows that the VGG16 model (model B)
achieves 100% and 73% success rates, respectively,
with the fewest average losses of 0.011 and 0.1875,
outperforming models C and A in face and emotion
recognition [21]. However, because VGG16 has
more layers, the training process takes longer.
Despite having a little lower accuracy (87% for

face and 67% for emotion detection), Model C
contains fewer parameters, which allows for a quicker
training procedure. Real-time face and emotion
detection systems for humanoid robots have effectively
integrated both models. The study emphasizes the
necessity of additional system enhancements as well
as the significance of dataset size and illumination
concerns for future advancements.

This research presents a deep learning model-based
real-time engagement detection method for online
learners by analyzing facial emotions [22]. The
system creates an engagement index (EI) that indicates
whether a user is "engaged" or "disengaged" based
on the monitoring of facial expressions through
built-in web cams. It uses MFACXTOR for face point
extraction and Faster R-CNN for face detection. It is
trained on FER-2013, CK+, and custom datasets. The
best-performing configuration combining ResNet-50,
VGG-19, and Inception-V3 achieved an accuracy
of 92.32%. The method successfully determined
involvement levels after testing on 20 students. Future
developments could expand to larger datasets and
students with specific needs, as well as incorporate
data from more sensors.

Canal et al. conducted a systematic literature review of
state-of-the-art facial emotion recognition techniques,
analyzing 94 distinct methods drawn from classical
and neural network-based approaches [23]. The study
identifies prevailing trends in FER development and
highlights persistent challenges including illumination
variation, pose diversity, and dataset limitations,
advocating for continued advancement of deep
learning-based solutions to improve recognition
robustness in real-world scenarios.

ELsayed et al. [24] presented an improved
automatic facial expression recognition system
specifically designed for masked faces by combining
CNN with Local Binary Pattern (LBP) feature
extraction. The hybrid approach leverages upper-face
features—primarily the eye and forehead regions—to
compensate for the loss of mouth-area cues caused
by mask occlusion, which are traditionally among the
strongest indicators of emotion. The proposed method
was evaluated on standard FER benchmarks and
demonstrated improved recognition accuracy under
partial occlusion conditions compared to conventional
CNN-only approaches. This work highlights the
importance of robust feature engineering when
deploying FER systems in environments where
facial occlusion cannot be avoided. Subsequent
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investigations ought to devise approaches to enhance
mask-wearing communication, as it is vital for
handling present and potential pandemics.

Alsharekh proposed a deep learning framework
for facial emotion recognition in the context of
verbal communication, emphasizing the role of facial
expressions as a complementary channel to speech
in human interaction [25]. The study evaluates
CNN-based architectures for recognizing emotions
during communicative scenarios and discusses
practical implications for affective computing and
avatar-based interaction systems. Future directions
include extending the framework to incorporate
gender classification, age prediction, and additional
deep learning models for broader applicability.

The research created a facial emotion recognition (FER)
model by integrating a CNN with a Haar-Cascade
classifier [26]. The model demonstrated 90% accuracy
in image-based testing, but it encountered difficulties
in real-time emotion identification, especially when
dealing with masked faces. In the future, 3D CNN, 3D
U-Net, and YOLO settings for landmark-based emotion
identification will be used to address biases and noise
in facial expressions, with the aim of boosting accuracy
in real-life scenarios.

Dewi et al. [27] conducted a comparative analysis
of deep learning algorithms for real-time facial
expression recognition across multiple benchmark
datasets including FER2013, JAFFE, AffectNet,
and CK+. The study evaluates CNN, attentional
convolutional networks (ACNs), and deep belief
networks (DBNs), finding that DBNs achieved
the highest accuracy of 98.82%, while CNNs
demonstrated strong generalization capability across
varied conditions. = The authors systematically
identify key challenges in FER deployment, including
pose variation, illumination change, occlusion,
and inter-subject diversity. Their findings provide
directional insights for advancing real-time FER
systems and underscore the importance of dataset
diversity and model selection in achieving robust
recognition performance.

With the use of the AffectNet dataset and deep CNN
models [28], this research is able to identify emotions
from masked faces with an accuracy of 69.3% and
an average confusion matrix of 71.4%. In the future,
the model will be improved via semi-supervised
learning, attention processes without landmarks will
be improved, and a prototype device to help visually
impaired people recognize their environment will be
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developed.

Sajjad et al. [29] presented a comprehensive survey
of deep learning methods for facial expression
recognition, systematically reviewing challenges,
applications, and future research guidelines across the
field. The survey covers a broad range of architectures
including CNN-based models, hybrid spatiotemporal
networks, and attention mechanisms, evaluating
their performance on benchmark datasets such as
FER2013, AffectNet, and RAF-DB. Key challenges
identified include dataset imbalance, inter-subject
variability, occlusion, and the computational demands
of real-time deployment. The study serves as an
authoritative reference for understanding the current
state of deep FER research and directly informs
the architectural choices examined in this work.
Prospective avenues for advancement encompass
enhancing resilience, precision, confidentiality,
and user acceptance via multi-modal approaches
and sophisticated learning methodologies such as
unsupervised and reinforcement learning.

Mohana et al. proposed a hybrid CNN-LSTM network
for emotion recognition from facial expression
sequences, extracting spatial features through CNN
and temporal dependencies through bidirectional
LSTM (Bi-LSTM) [30]. The method was evaluated
on the CK+ benchmark dataset using hold-out
cross-validation, achieving an accuracy of 0.92,
with balanced precision, recall, F1-score, and ROC
curve metrics reported to provide a comprehensive
performance assessment. The proposed architecture
also demonstrates effectiveness on an in-house
IoT-captured dataset, achieving 0.84 accuracy,
underscoring its adaptability to real-world deployment
conditions. The results confirm that bidirectional
temporal modeling of expression sequences provides
a significant advantage over single-frame static
recognition approaches.

Using computer vision and deep learning techniques,
this work conducts a systematic literature review (SLR)
on emotion recognition, examining 77 academic papers
[31]. It highlights trends in emotion recognition across
face and body positions and highlights possible uses
in law enforcement and healthcare. Convolutional
Neural Networks (CNNs) are robust and accurate,
yet they still face issues with limited technology and
scarce data. Promising techniques such as vision
transformers are particularly useful for handling micro-
and macro-expressions. Despite the constraints of
the dataset, future study may include hand and body
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expressions. Continuous efforts are being made to
improve accuracy and practical utility in real-world
circumstances.

3 Material Methods
3.1 Face Emotion Recognition Method

Utilizing computer vision and deep learning
approaches, the Face Emotion Recognition (FER)
framework in this study systematically analyzes
facial emotions. The pipeline encompasses image
preprocessing for consistency, feature extraction
using CNN-based architectures including VGG-16
and ResNet-50, temporal modeling via LSTM, and

emotion classification using the extracted features.

The technique seeks to improve emotion identification
technology by precisely identifying and classifying
the emotions portrayed in faces.

Face Emotion Recognition Method
C Face Emotion Recognition Method )
v l N
i
| Input Dataset
< Pre-Processing )
Pre-Trained Network
Convolutional Base w
(Feature Extraction)
| VGG 19 | | Resnet 50 | | MobileNet ‘ ‘ Inception V3 |
| Classifier ‘ Classifier | ‘ Classifier ‘ ‘ Classifier |
—’QPerformance Analysis >¢—

Figure 1. Face emotion recognition method.

Figure 1 presents a flowchart of the computer vision
pipeline for facial emotion recognition, beginning with
image pre-processing to ensure consistency across
the dataset. A pre-trained CNN such as VGG-16 or
ResNet-50 serves as the feature extractor, after which
a classifier assigns the corresponding emotion label to
each input face image. A classifier uses these extracted
features to classify the emotions that are represented in
the faces. Ultimately, the system’s efficacy is assessed
to see how well it can identify emotions.

Table 2 provides an overview of the many conventional
facial emotion recognition (FER) techniques that have
been used in different research. The sources include a
list of the datasets and methods utilized in the emotion

categorization decision-making process. Commonly
used datasets with classifiers such as HMM, SVM,
KNN, and deep belief networks are CK+, MMI,
and JAFFE. Feature extraction techniques include
Gabor wavelets, PCA and LDA, HOG, and LBP. These
techniques often aim to categorize six or seven primary
emotions, however some studies focus on a specific
subset of emotions. The table illustrates the range of
techniques and datasets used to identify emotions from
facial expressions.

3.2 Comparing With The Modern Techniques

The comparison with state-of-the-art methods
highlights the efficacy of four deep learning
architectures in facial emotion recognition: a
custom CNN, VGG-16, ResNet-50, and a hybrid
CNN-LSTM model. The structural components of
these models include convolutional layers for feature
extraction, pooling layers for dimensionality reduction,
batch normalization for training stability, activation
layers for non-linearity, and fully connected layers for
classification. Because performance varies depending
on a number of factors, including processing resources,
dataset size, and accuracy requirements, there is no
single optimal architecture. Rather, the effectiveness of
each model is influenced by its own layer configuration
and depth.

3.2.1 Emotion  Recognition  System  Effectiveness
Assessment on CFEE and RAF Databases

Using the posed CFEE and spontaneous RAF
databases, this part assesses the system’s efficacy
in identifying basic and compound emotions by
contrasting the outcomes with sophisticated current
approaches. The comparison of the CFEE database’s
basic emotion recognition (7 classes) with two
cutting-edge investigations is shown in Table 3.
Notably, a study that used the AlexNet CNN
architecture was able to attain 74.799% test accuracy.
Seventy percent of the photos in this study were used
for training, and test and validation sets each had 159
images.

Using the RAF database, Table 4 offers a comparative
comparison of the system’s performance in identifying
basic and compound emotions. The comparison
incorporates findings from multiple cutting-edge
methods.  The top-performing tested methods
are emphasized, showcasing their recognition rates
against the spontaneous emotional expressions in
the RAF database. These comparisons highlight
the system’s efficacy and offer a baseline against
the highest reported recognition rates found in
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Table 2. A discussion of the typical conventional FER techniques in a summary.

Citations Collections of Data Methods of Decision Making Characteristics Analysis of
Emotions
[32] FECR - HMM and the SVM classifier -PCA and LDA - 6 Emotions
[33] CK Plus - Classifier using support vector - Gabor wavelets, nonlinear -6 Emotions
machines NLPCA, and the Haar wavelet
transform
[34] MMI, Japanese Female Facial - large margin classifier - ORB, SIFT, SURF -7 Emotions
Expression Database, CK+ Data
set
[35] CK+, MMI Facial Expression - SMO, MLP, and KNN for -DCT, HOG - 7 Emotions
Corpus categorization
[36] CK Plus - Denoising Sparse Autoencoder - Gabor Function, LBP, SIFT,and -7 Emotions
HOG
[37] Dataset from a visual depth -The DBN - Features of MLDP-GDA - 6 Emotions
camera in real time
[38] BOSPHORUS - Euclidean distance - Geometric descriptor - 4 Emotions
[39] CK+, MMI Dataset, MUG - The AdaBoost-ELM, KLT, and - Salient geometric features - 7 Emotions
EBGM
[40] BVTKEFER, BCurtin Faces - The Random forest classifier - LBP - 6 Emotions
[41] UVANEMO, SPOS, MMI, and - Support Vector Machine - Four standard features—raw - 2 Emotions Smile
BBC pixels, Gabor, HOG, and (genuine and fake)
LBP—as well as RSTD
[42] CK+ Facial Expression Dataset - Conditional Random Field and - The Geometric descriptor - 7 Emotions
KNN
[43] CK+, Japanese Female Facial -EHMM - ASM and 2D DCT - 7 Emotions
Expression Database
[44] Cohn-Kanade Plus, JAFFE -SVM, PCA, LDA, and K-NN - Gabor wavelets and geometric -7 Emotions
Dataset, MUG features
[45] CK, JAFFE, USTCNVIE, Yale, - Markov Hidden Models - Chan-Vese energy function, -6 Emotions
FEI Bhattacharyya distance function,
wavelet decomposition and
SWLDA
[46] Extended Cohn-Kanade Dataset - The SVR - Gabor wavelets, AAMS, and -7 Emotions

feature descriptors

the literature review. Notably, Khattak et al. [12]
reported a recognition accuracy of 95.65% using an
optimized CNN architecture with carefully selected
layer configurations on a dedicated facial image
dataset, further demonstrating the effectiveness of
deep learning approaches for FER.

Yu et al. [60] explored the use of large-scale unlabeled
facial data to enhance FER model performance through
semi-supervised learning strategies. The approach
demonstrates that leveraging unlabeled data can
substantially improve recognition generalization on
standard FER benchmarks, offering a practical solution
to the labeled data scarcity problem commonly
encountered in FER research.

Yu et al. [61] presented a collection of advances
in biometric recognition and affective computing
through the CCBR 2024 proceedings, covering topics
including face detection, affective computing, and
human-computer interface. The volume highlights the
growing convergence between biometric recognition
systems and emotion-aware computing, providing
relevant context for the multi-class facial expression
classification task addressed in this work.
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4 Background on Deep Learning Architectures

4.1 VGG-19

The Visual Graphics Group at Oxford introduced
VGG-19, a convolutional neural network (CNN) that
is well-known for being both straightforward and
efficient in image identification applications, in 2014.
With its modest receptive fields (3x3) and max-pooling
layers, VGG-19 has a simple architecture made up
of 19 layers (16 convolutional and 3 fully linked).
The network performs admirably, particularly in
picture classification tasks like the ImageNet challenge,
where it obtained remarkable accuracy thanks to its
depth and homogeneous structure. However, the
model’s high parameter count and considerable depth
result in substantial computational complexity, which
limits its usefulness for real-time applications on
resource-constrained devices. In spite of this, VGG-19
continues to be a cornerstone model in the field of deep
learning research, acting as a standard and influencing
later network architectures.

4.2 Resnet50

ResNet50 is a groundbreaking deep learning
model that transformed computer vision through
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Table 3. Evaluation of the CFEE database’s fundamental and compound emotions with modern methods.

Ref.  Approach The procedure Examples Classes  Precision
[47] iﬁf: and appear + Nearest 10-fold cross-validation 1610 7-class  96.96%
70%-15%-15% o
[48] The AlexNet CNN (train/validation test) 1127, 245, 238 74.79%
[47] Shape ~and appearance  + 10-fold cross-validation 5060 22-class  76.91%
Nearest mean
[49] The Highway-CNN 10-fold cross-validation 52.14%
[16] gy Reonett® Deep Featwres + 10 fo1d cross-validation 1610 7-class  98.02%*,99.19%+
70% train-15% test 1365 81.93%
10-fold cross-validation 5060 22-class  80.69%
Table 4. Comparison of The RAF database applying modern methods.
Ref  The process The Samples  Classes  Recall The precision
[50] Gabor + mSVM 15339 7-class 65% -
Deep Locality-Preserving CNN + mSVM 15339 7-class  74% 84.13%
[12]  Efficient CNN with optimized layer selection - 7-class 95.65% -
[51] Multi-Region Ensemble -CNN (VGG-16) 15339 7-class 77% -
Multi-Region Ensemble CNN (AlexNet) 15339 7-class  75% -
[52] Vlsuall attribute and feature network (group-level affect 15339 7-class 779 )
analysis)
[53] Double Completed-LBP (Double Cd-LBP) 15339 7-class 78% -
[54] Transfer learning Resnet-18 (AffectNet database) 15339 7-class 80% -
[55] Covariance pooling after final convolutional layers 15339 7-class 79% 87.0%
[56]  Patch-Gated CNN (PG-CNN) 15339 7-class - 83%
Conditional generative adversarial network-based EAU-Net o
[57] " Network (CGAN based EAU-Net) 15339 7-class - 81.83% -
[58] Region Attention Network (RAN) 15339 7-class - 86.90%
[59] Pyramid With Super-Resolution (PSR) Network (VGG-16) 15339 7-class 80.78%  88.98%
[50] Deep Locality-Preserving CNN + mSVM 3954 11-class  44.55%  57.95%
[16] Resnet-18 Deep Features + SVM 15339 7-class 86% 93.29%
3954 11-class  63.27%  76.52%
19059 l6-class - 60.76%

its innovative use of residual learning. With 50
convolutional layers split up into five phases, each
containing bottleneck blocks, ResNet50 improved
training efficiency by introducing identity shortcut
connections to resolve gradient problems and allow
for previously unattainable network depths. It gained
greater accuracy on benchmarks such as ImageNet by
using a combination of 1x1, 3x3, and 1x1 convolutions
along with batch normalization. As a result, it became
indispensable for tasks like object recognition (e.g.,
Faster R-CNN) and picture segmentation (e.g., Mask
R-CNN). ResNet50 is a mainstay of contemporary
computer vision systems because of its capacity to
optimize deep networks.

4.3 Inception V3

Amongst the Inception family of CNNs, Inception V3,
created by Google in 2015, stands out for its emphasis
on object recognition and image classification. Its
Inception module, which uses a variety of filter sizes to
capture features, factorized convolutions for efficiency,
auxiliary classifiers to help with deep network training,
and the regular application of batch normalization

and ReLU for quicker convergence are some of its
salient features. Stem layers, Inception modules,
auxiliary classifiers, and final layers for classification
make up its architecture. Exceptional advantages
include cutting-edge performance in picture tasks,
less overfitting, and effective feature extraction.
As a flexible and efficient model in contemporary
computer vision, Inception V3 has applications in
picture categorization, object recognition, and transfer
learning.

Figure 2 compares three CNN architectures used for
facial emotion detection, namely VGG-19, ResNet-50,
and Inception V3. Convolutional layers for feature
extraction, pooling layers for dimensionality reduction,
batch normalization for training stabilization,
activation layers for adding non-linearity, and
fully connected layers for classification are the
structural elements shared by these models. The
order and number of layers in each architecture
vary: Inception V3 mixes convolutional and inception
modules, ResNet-50 has fifty, while VGG-19 has
sixteen convolutional layers. The size of the dataset,
the amount of computing power needed, and the
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Figure 2. The deep learning models utilized in facial
emotion recognition.

level of accuracy needed determine the optimal
architecture for a given job; the image does not
reveal the top-performing model for facial emotion
identification.

4.4 MobileNet

Google presented MobileNet in 2017 as a powerful
deep learning solution designed specifically for
embedded and mobile devices. Its main innovation is
depthwise separable convolutions, which significantly
lower processing demands by splitting ordinary
convolutions into depthwise and pointwise layers.
Furthermore, MobileNet adds parameters such as
width and resolution multipliers, which provide
simple scaling and customization of model efficiency
and size. ~ With inverted residuals and linear
bottlenecks, the transition to MobileNetV2 improves
feature representation even more, preserving high
accuracy at cheap computing costs.  Because
of its adaptability and suitability for a range of
computer vision tasks, including object identification,
segmentation, and image classification, MobileNet
has become the standard for real-time applications
on platforms with limited resources.

5 Implementation

The proposed algorithm for face emotion recognition
using a Convolutional Neural Network (CNN) takes as
input an image dataset D = {I1, I»,..., I, } containing
human face images, along with a corresponding set
of emotion labels L = {lj,ls,...,l,}, where each
l; belongs to the predefined set of emotion classes
{Happy, Sad, Angry, Surprise, Neutral, Disgust}.
These inputs enable the model to learn the visual
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patterns associated with different emotional states.
The output of the algorithm is a predicted emotion
label 1 for a given new test image, representing the
most probable emotion expressed in that image. For
instance, if the test image depicts a smiling face, the
predicted output may be “Happy.” The dataset used in
this algorithm typically consists of well-known facial
emotion databases such as FER2013, CK+, or JAFFE,
which contain annotated facial images across multiple
emotion categories. Prior to training, each image
undergoes preprocessing steps, including conversion
to grayscale to reduce computational complexity,
resizing to a fixed resolution of 48x48 pixels to ensure
uniformity, and normalization of pixel intensity values
using I’ = 1/255 to scale the data to the range
[0, 1]. These preprocessing operations enhance model
efficiency and accuracy by ensuring that the input
features are consistent and suitable for CNN-based
learning.

Algorithm 1: Face Emotion Recognition using
CNN

Data: Image dataset D = {Iy, I, ..., I} containing human faces;
Corresponding emotion labels L = {i1,12,...,ln} where

l; € {Happy, Sad, Angry, Surprise, Neutral, Disgust}

Result: Predicted emotion label [ for a given test image

Start;

Load dataset D, L;

Preprocessing:;

Convert images to grayscale;

Resize to 48 x 48 pixels;

Normalize pixel values: Inorm = % ;

Initialize CNN parameters: number of filters f, kernel size k,
learning rate «;

for e = 1to E (epochs) do

foreach batch B in dataset do

Forward propagation:;

Convolution: Z =W x X + b;

Apply ReLU activation: A = max(0, Z);

Pooling (Max-pooling) to reduce dimensions;

Fully Connected Layer: y = Wx 4 b;

SoftMax output: P(y;) =

eVi

=5 e
Loss function: £ = — Y Ytrue log(ypred);

Backpropagation: W < W — a%;

end

end

Test with new face image — output I;
Stop;

In the context of this algorithm, the dataset refers to a
structured collection of facial images paired with their
corresponding emotion labels. Each image contains a
clear view of a human face, and each label specifies the
emotion being expressed, such as Happy, Sad, Angry,
Surprise, Neutral, or Disgust. The dataset serves as the
foundation for training and evaluating the CNN model,
as it provides both the visual features (facial patterns,
muscle movements, expressions) and the ground truth
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emotions that the model must learn to recognize.

Commonly used facial emotion datasets include
FER2013, which contains 35,887 grayscale facial
images of size 48 x 48 pixels distributed across seven
emotion categories; CK+ (Extended Cohn-Kanade),
which consists of image sequences capturing the
progression of facial expressions from neutral to
peak emotion; and JAFFE, a dataset of posed facial
expressions from Japanese female subjects. In the
preprocessing stage, all images are converted to
grayscale, resized to 48 x 48 pixels to maintain
consistency, and normalized using I’ = I/255 to scale
pixel values to the range [0, 1]. This ensures uniformity
in image size and intensity distribution, which is
crucial for the CNN to effectively learn discriminative
features for emotion classification.

6 Results

The implementation phase involved evaluating four
deep learning models for face emotion recognition
using two benchmark datasets. A custom CNN
trained on FER2013 achieved 70.25% accuracy, while
fine-tuning VGG-16 improved performance to 74.10%
as per Figure 3.

Model Performance with IQR & MSME Error Bars

85

&0

. - /
e ;/ /

65

Percentage ()

B {custom} VGG-16 (fine-tuned) ResNet-50 (transfer) CNN + LSTM

Figure 3. Model performance with MSME Error rate.

ResNet-50 with transfer learning further increased
accuracy to 76.85%, demonstrating the advantage
of deeper architectures. For video-based emotion
detection, a hybrid CNN + LSTM model trained on the
CK+ dataset achieved the highest performance, with
92.30% accuracy and balanced precision, recall, and
Fl-score of 0.92. These results highlight that transfer
learning and temporal modeling significantly enhance
emotion recognition accuracy compared to basic CNN
architectures as discussed in Table 5.

The comparative analysis of different deep learning
architectures for face emotion recognition reveals

notable performance variations across models and
datasets. The custom CNN achieved a moderate
accuracy of 70.25% on the FER2013 dataset, indicating
that while it can capture essential facial features,
it lacks the depth to handle complex variations.
Fine-tuning VGG-16 improved accuracy to 74.10%,
reflecting the benefits of leveraging pre-trained
weights. ResNet-50 with transfer learning further
enhanced performance to 76.85%, showcasing
the advantage of deeper architectures with skip
connections for robust feature extraction. The
highest performance was obtained using a hybrid
CNN+LSTM model on the CK+ dataset, achieving
92.30% accuracy, highlighting the importance of
temporal sequence modeling for emotion detection
in controlled environments. The inclusion of IQR
and MSME error metrics provides insight into model
stability and generalization, indicating that deeper
pre-trained networks not only improve accuracy but
also reduce variability. Overall, results confirm that
dataset characteristics and model depth significantly
influence recognition performance.

Table 5. Performance of the models on FER2013 and CK+

datasets.
Model Dataset  Accuracy(%) Precision Recall F1-Score
CNN FER2013 70.25 0.69 0.70 0.69
(custom)
V.GG_lé FER2013 74.10 0.73 0.74 0.73
(fine-tuned)
ResNet-50 ppRo013  76.85 0.76 077 076
(transfer)
CNN +
LSTM CK+ 92.30 0.92 0.92 0.92

7 Conclusion

This study demonstrates noteworthy progress in facial
emotion recognition (FER) through the systematic
evaluation of deep learning architectures, including
a custom CNN, VGG-16, ResNet-50, and a hybrid
CNN-LSTM framework. The superior performance of
ResNet-50 on FER2013 (76.85%) and the CNN-LSTM
model on CK+ (92.30%) highlights the potential
of transfer learning and temporal modeling for
practical applications in security systems, mental
health monitoring, and human-computer interaction.
While acknowledging the difficulties associated with
overfitting, computational complexity, and model
optimization, the paper also makes recommendations
for future directions in the field, including feature
augmentation techniques, transfer learning, and
integration with other modalities including voice and
EEG inputs. Through a comprehensive assessment
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of deep learning models, technical discussion, and
application area identification, the research opens the
door for future advancements and improvements in
FER systems, leading to more accurate and efficient
human-emotion recognition technologies.
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