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Abstract

Emotion analysis from facial expressions is a critical research problem with significant applications in human—computer interaction,
security systems, and healthcare technologies. Although deep learning—based methods have achieved remarkable progress in recent
years, the comparative performance of different architectures and the impact of two-stage transfer learning strategies still require
comprehensive investigation. In this study, four widely used deep learning architectures—ResNet50, DenseNet121, InceptionV3, and
MobileNetV2—are systematically compared for the task of facial emotion recognition within a two-stage transfer learning framework.
In the first stage, models pre-trained on the ImageNet dataset were employed by freezing the convolutional layers and training only
task-specific classifier layers. In the second stage, selected upper layers were unfrozen, and fine-tuning was performed to adapt the
models more effectively to the target dataset. The models were evaluated not only in terms of classification performance metrics such
as accuracy, loss, precision, recall, and F1-score, but also with respect to training time, number of parameters, and model size. All
experiments were conducted with multiple repetitions in a GPU environment to enhance the statistical reliability of the results. The
experimental findings demonstrate that the two-stage training strategy leads to significant performance improvements across all
models. DenseNet121 achieved the most balanced and highest overall performance, while ResNet50 exhibited high accuracy and
strong generalization capability. MobileNetV2, despite lower absolute accuracy, emerged as an effective alternative for resource-
constrained applications due to its low computational cost. Overall, this study provides a comprehensive evaluation of the trade-off
between model performance and computational efficiency in facial emotion recognition, contributing valuable insights to this research
domain.
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Oz

Yiiz ifadelerinden duygu analizi, insan—bilgisayar etkilesimi, giivenlik sistemleri ve saglik uygulamalari gibi bir¢ok alanda kritik 6neme
sahip bir aragtirma problemidir. Son yillarda derin 6grenme tabanli yontemler bu alanda 6nemli ilerlemeler saglamis olsa da, farkl
mimarilerin kargilagtirmali performans: ve iki agamali transfer learning stratejilerinin etkisi hilen kapsamli bigimde incelenmeye
ihtiya¢ duymaktadir. Bu ¢aligmada, ytz ifadelerinden duygu analizi problemi i¢in dort yaygin derin 6grenme mimarisi — ResNet50,
DenseNet121, InceptionV3 ve MobileNetV2 — iki asamali transfer learning yaklagimi ¢cergevesinde sistematik olarak kargilagtirilmistur.
Calismada, ImageNet veri kiimesi tizerinde 6nceden egitilmis modeller kullanilarak ilk agamada evrisimsel katmanlar dondurulmusg
ve yalnizca problem-6zgii simflandirici katmanlar egitilmistir. Ikinci agamada ise segilen st katmanlar yeniden egitime acilarak
ince ayar gergeklestirilmistir. Modeller, dogruluk, kayip, kesinlik, ger ¢agirma ve F1 skoru gibi performans metriklerinin yani sira,
egitim stiresi, parametre sayist ve model boyutu agisindan da degerlendirilmistir. Deneyler GPU ortaminda ¢oklu tekrarlar hélinde
ylirtitilerek sonuglarin istatistiksel glvenilirligi artirilmigtir. Elde edilen sonuglar, iki agamali efitim stratejisinin tim modellerde
anlaml performans artis1 sagladiini géstermistir. DenseNet121 modeli en dengeli ve en yiiksek genel performans: sunarken,
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ResNet50 yiksek dogruluk ve glicli genelleme yetenegiyle dikkat ¢ekmistir. MobileNetV2 ise dugiik hesaplama maliyetiyle kaynak
kusith uygulamalar i¢in etkili bir alternatif olarak 6ne ¢ikmugtir. Bu caligma, yiz ifadelerinden duygu analizi alaninda model bagarim1
ile hesaplama maliyeti arasindaki dengeyi butiincil bicimde ortaya koyarak bu ¢aligma alanina 6nemli bir katki sunmaktadir.

Anahtar Kelimeler: Evrisimsel sinir aglari, derin 6grenme, yiz ifadelerinden duygu analizi, model kargilagtirmasi, transfer learning

1. Introduction

Emotions are fundamental psychological components that
directly influence individuals’ cognitive processes, social
interactions, and decision-making mechanisms. The au-
tomatic perception and interpretation of human emotions
have attracted increasing research interest, particularly in
areas such as human—computer interaction, intelligent sur-
veillance systems, healthcare informatics, and educational
technologies (Calvo & D’Mello, 2010). In this context, fa-
cial expressions stand out as one of the most widely used
visual modalities in emotion recognition studies, as they
provide universal and powerful cues for emotional expres-

sion (Ekman & Friesen, 1971; Song et al., 2024).

Traditional approaches to facial emotion recognition have
generally been developed using hand-crafted feature ex-
traction techniques and classical machine learning algo-
rithms. However, these methods struggle to adequately
represent the complex spatial patterns of facial expressions,
inter-individual variations, and changes caused by environ-
mental conditions (Zeng et al., 2009; Gao et al., 2026). In
recent years, deep learning—particularly convolutional neu-
ral networks (CNNs)—has become the dominant approach
in facial emotion recognition due to its strong represen-
tational capacity in image processing tasks (LeCun et al,,

2015).

Convolutional neural networks are capable of hierarchical-
ly learning low-level features such as edges and textures as
well as high-level semantic representations. Owing to this
capability, CNN-based models can represent the complex
structure of facial expressions more effectively and achieve
higher classification performance compared to tradition-
al methods (Goodfellow et al., 2016; Huang et al., 2026).
Nevertheless, training deep learning models from scratch
requires large-scale datasets and substantial computational
resources, which poses a significant limitation for domains
such as facial emotion analysis, where annotated data are
relatively limited.

To address this challenge, transfer learning has emerged as
an effective solution by enabling models trained on large-
scale datasets to be adapted to different target tasks. Trans-
ter learning allows general visual representations learned
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from comprehensive datasets such as ImageNet to be trans-
ferred to smaller, domain-specific problems (Pan & Yang,
2010; Darraz et al., 2025). Numerous studies have reported
that transfer learning significantly improves facial emotion
recognition performance (Li & Deng, 2020; Pandey &
Vishwakarma, 2024).

In facial emotion analysis, deep learning models with dif-
ferent architectural design philosophies—such as ResNet,
DenseNet, Inception, and MobileNet—are widely em-
ployed. The ResNet architecture enables the training of
very deep networks through residual connections (He et al.,
2016; Mughal et al., 2024), while DenseNet enhances fea-
ture reuse through dense inter-layer connections (Huang et
al., 2017; Yang et al., 2024). InceptionV3 facilitates multi-
scale feature extraction through parallel convolutional struc-
tures operating at different spatial resolutions (Szegedy et
al., 2016; Li et al., 2024). MobileNetV2, on the other hand,
offers advantages for resource-constrained environments
due to its lightweight design and low computational cost
(Sandler et al., 2018; Ruan et al., 2024).

Although these models have been applied to facial emotion
recognition in the literature, many studies focus on a single
architecture or fail to systematically compare different mod-
els under the same training strategy. Furthermore, most ex-
isting works primarily report accuracy values, while practical
considerations such as training time, number of parameters,
and hardware requirements are often overlooked. In ad-
dition, studies that comprehensively examine the impact
of two-stage training strategies—consisting of feature ex-
traction and fine-tuning—on facial emotion recognition
performance remain limited.

While numerous studies in facial emotion recognition pri-
marily focus on improving classification accuracy using
deep learning models, practical deployment of such sys-
tems requires consideration of additional factors such as
computational cost, model size, and processing speed. In
real-world applications—particularly in embedded, mobile,
or resource-constrained environments—these factors can be
as critical as recognition performance itself. Therefore, this
study does not aim to propose a new learning paradigm;
instead, it provides a systematic comparative evaluation of
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widely used CNN architectures under the same two-stage
transfer learning protocol, analyzing both their predictive
capability and their computational efficiency. This du-
al-perspective evaluation offers a more application-oriented
understanding of model selection for facial emotion recog-
nition systems. The obtained results demonstrate compet-
itive—and in several cases improved—performance com-
pared to previously reported approaches, thereby offering
practical insights into model selection for facial emotion
recognition systems.

In this study, four widely used deep learning architectures—
ResNet50, DenseNet121, InceptionV3, and Mobile-
NetV2—are comparatively investigated for facial emotion
recognition within a two-stage transfer learning framework.
In the first stage, pre-trained convolutional layers are fro-
zen, and only task-specific classifier layers are trained. In
the second stage, selected upper layers are unfrozen, and
fine-tuning is performed. The models are evaluated not
only in terms of accuracy, loss, and F1-score, but also with
respect to training time, number of parameters, and model
size. Consequently, the trade-off between model perfor-
mance and computational cost in facial emotion analysis is
comprehensively analyzed.

2. Related Works

Facial emotion recognition has long been an active research
topic in computer vision and artificial intelligence, and sig-
nificant progress has been achieved in recent years with the
widespread adoption of deep learning-based approaches.
Early studies in this field primarily relied on hand-crafted
features—such as LBP, HOG, and Gabor filters—com-
bined with classical machine learning algorithms. While
these approaches produced acceptable results in controlled
environments, they exhibited limited generalization ca-
pability under real-world conditions involving variations
in pose, illumination, and individual facial characteristics

(Zeng et al., 2009).

The success of deep learning in image processing has direct-
ly influenced facial emotion recognition research. In partic-
ular, convolutional neural networks have enabled automatic
learning of spatial patterns in facial images, leading to sig-
nificantly higher recognition accuracy compared to tradi-
tional approaches (LeCun et al., 2015). Numerous studies
have demonstrated that CNN-based methods can effective-
ly capture the hierarchical and complex features inherent in

facial expressions (Goodfellow et al., 2016).

However, training CNN models from scratch requires
large-scale labeled datasets and extensive computational
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resources, which presents a major challenge for facial emo-
tion recognition tasks. As a result, transfer learning has been
widely adopted in the literature. By leveraging models pre-
trained on large datasets, transfer learning reduces training
time while improving classification performance (Pan &
Yang, 2010).

A substantial number of studies have applied transfer learn-
ing to facial emotion recognition. Li and Deng (2020) pro-
vided a comprehensive survey highlighting the advantages
of deep CNN architectures in this domain and reported
significant performance improvements achieved through
transfer learning. Similarly, studies employing ImageNet
pre-trained models have demonstrated that satisfactory re-
sults can be obtained even with limited data (Mollahosseini

et al., 2017).

Various CNN architectures have been explored for facial
emotion recognition. ResNet-based models benefit from
residual connections that enable stable training of deep
networks and achieve high recognition accuracy (He et
al., 2016). DenseNet architectures promote feature reuse
through dense connectivity, resulting in compact and effi-
cient representations (Huang et al., 2017). Inception archi-
tectures facilitate multi-scale feature extraction and effec-
tively represent complex facial expressions (Szegedy et al.,
2016). Lightweight architectures such as MobileNet further
extend facial emotion recognition to resource-constrained
platforms by reducing computational requirements (Sandler

etal., 2018).

Despite these advances, several limitations remain in the ex-
isting literature. First, many studies focus on a single deep
learning architecture and do not provide systematic com-
parisons across different models under identical experimen-
tal conditions. Second, performance evaluations are often
limited to accuracy, while other critical metrics, such as F1-
score, training time, parameter count, and model size, are
frequently neglected. Moreover, although transfer learning
is widely used, relatively few studies have systematically in-
vestigated the impact of two-stage training strategies—fea-
ture extraction followed by fine-tuning—on facial emotion
recognition performance. In addition, comprehensive eval-
uations comparing CPU- and GPU-based training in terms
of performance and computational cost are scarce.

This study aims to address these research gaps by conducting
a comprehensive comparative analysis of four widely used
deep learning architectures—ResNet50, DenseNet121, In-
ceptionV3, and MobileNetV2—within a two-stage transfer
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learning framework. Beyond classification performance, the
models are evaluated in terms of computational efficiency,
including training time, parameter count, and model size.
Furthermore, multiple experimental repetitions in a GPU
environment are performed to enhance the statistical re-
liability of the results. Through these contributions, this
study provides both methodological and empirical insights
into facial emotion recognition using deep learning.

3. Materials and Methods

The problem addressed in this study is the automatic classi-
fication of individuals’ emotional states from facial images.
The task is formulated as a multi-class image classification
problem, where each input image is represented as defined
in Equation (1).

x€ER HxWx3 ye(l2..5 1)

The objective is to predict a label corresponding to one of
five emotion classes. The primary goal is not only to achieve
high classification performance on the training data but also
to maximize the generalization capability of the learned
model on previously unseen test samples.

In this context, rather than focusing on the performance of a
single deep learning architecture, the study presents a com-
parative analysis of four widely used pre-trained networks
with different architectural design philosophies. This ap-
proach enables a systematic evaluation of the relationships
between model complexity, computational cost, and classi-
fication performance in the facial emotion recognition task.

Training deep convolutional neural networks from scratch
typically requires large-scale datasets and substantial com-
putational resources. Therefore, this study adopts a transfer
learning approach. Transfer learning is based on transfer-
ring representations learned from a large and general-pur-
pose dataset (e.g., ImageNet) to a smaller and domain-spe-
cific problem.

Accordingly, four different architectures are evaluated: Res-
Net50, DenseNet121, InceptionV3, and MobileNetV2.
These models respectively represent distinct architectural
paradigms, including residual connections, dense connec-
tions, multi-scale convolutional blocks, and depthwise sepa-
rable convolutions. This architectural diversity allows for an
in-depth analysis of the impact of model design choices on
facial emotion recognition performance.

In this study, a two-stage transfer learning—based deep
learning approach is proposed to address the facial emotion

Karaelmas Fen Miih. Derg., 2026; 16(2):88-105

recognition problem. The overall workflow of the proposed
method is illustrated in Figure 1. The process begins with
the preprocessing of the dataset, followed by the use of con-
volutional neural network architectures pre-trained on the
ImageNet dataset as feature extractors. The original classi-
fication layers of the pre-trained networks are removed, and
a new classifier structure specifically designed for the facial
emotion recognition task is integrated into the models.

The training process was conducted in two stages. In the
first stage, the convolutional base layers were frozen, and
only the newly added classifier layers were trained to enable
the learning of fundamental discriminative features. In the
second stage, selected upper convolutional layers were unfro-
zen and fine-tuned, allowing the model to learn more sub-
tle and emotion-specific facial features. Finally, the trained
models were evaluated using performance metrics such as
accuracy, loss, F1-score, and training time. This integrated
workflow enables a comprehensive analysis in terms of both
classification performance and computational cost.

3.1. Dataset and Preprocessing

The facial expression—based emotion analysis dataset used
in this study was obtained from the publicly available “Hu-
man Face Emotions” dataset shared on the Kaggle plat-
form. The dataset consists of facial images from different
individuals and includes labeled samples representing basic
emotional states. Example images from the dataset are illus-
trated in Figure 2.

The dataset used in this study is the publicly available Hu-
man Face Emotions dataset hosted on the Kaggle platform.
The dataset can be accessed at:

“https://www.kaggle.com/datasets/samithsachidanandan/
human-face-emotions” It contains labeled facial images
categorized into five emotion classes: Angry, Fear, Happy,
Sad, and Surprise. All images are anonymized and provided
for research purposes under the platform’s data-sharing pol-
icy. Since no personal identification information is included
and the dataset is publicly accessible, this study does not
require additional ethical committee approval.

The dataset is organized into five distinct emotion classes:
Angry, Fear, Happy, Sad, and Surprise. The images were
collected under natural environmental conditions and ex-
hibit significant variability in terms of facial pose, illumi-
nation, and individual differences. While this diversity en-
hances the dataset’s ability to reflect real-world scenarios, it
also increases the difficulty of the classification task.
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For the purposes of this study, the dataset was divided into
training and test subsets. The training set consists of 47,277
images, while the test set contains 11,822 images. This data
split was kept fixed throughout all experiments to ensure
a fair and direct comparison of the performance of differ-
ent deep learning architectures. The class distribution in
the dataset exhibits a certain degree of imbalance among
emotion categories, which necessitated the use of additional
evaluation metrics such as the F1-score during performance
assessment. The dataset consists of 59,099 facial images
distributed across five emotion categories: Angry (10,148),
Fear (9,732), Happy (18,439), Sad (12,553), and Surprise
(8,227). The distribution is moderately imbalanced, with
the Happy class containing the largest number of samples,
while Surprise represents the smallest portion. This imbal-
ance motivates the use of F1-score alongside accuracy for
performance evaluation.

All images were resized to meet the input requirements of
the pre-trained deep learning models. An input resolution
of 224 x 224 was used for the ResNet50, DenseNet121,
and MobileNetV2 models, while 299 x 299 was employed
for InceptionV3, as required by its architecture. All images
were processed in the RGB color space, and pixel values
were normalized to the [0,1] range. Since the original im-
ages are 48x48 pixels, they were resized to match the input
resolution required by pretrained CNN architectures (e.g.,
224x224). This resizing step does not create additional se-
mantic information; it only interpolates existing pixel values
to ensure architectural compatibility. Therefore, the objec-
tive is not to enhance image detail, but to evaluate how pre-
trained feature extractors operate under low-resolution con-
ditions. The impact of resizing should thus be interpreted as
a structural requirement of transfer learning rather than an
independent performance optimization.

Although a substantial portion of the images in the data-
set are in grayscale format, all pre-trained models employed
in this study require RGB input representations (e.g., 224
x 224 x 3). Therefore, grayscale images were converted
into three-channel RGB format before being fed into the
models. During this conversion process, the single-channel
grayscale intensity values were replicated across all three
channels, assigning identical intensity values to each chan-
nel. This approach preserves the structural and textural in-
formation of the images while ensuring compatibility with
the architectural requirements of the pre-trained networks.

This conversion strategy is widely adopted in the literature
and enables grayscale images to be effectively processed by
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RGB-based deep learning models. Consequently, the con-
volutional filters learned on the ImageNet dataset can be di-
rectly utilized, maintaining the effectiveness of the transfer
learning approach.

No data augmentation techniques were applied in this study.
This deliberate choice allows the evaluation to focus on the
inherent transfer learning capability of the pretrained net-
works without introducing artificially generated variations
into the dataset.

3.2. Deep Learning Architectures Used

In this study, four widely adopted pre-trained deep con-
volutional neural network (CNN) architectures were eval-
uated for the facial emotion recognition task: ResNet50,
DenseNet121, InceptionV3, and MobileNetV2. All models
were initialized using weights pre-trained on the ImageNet
dataset.

The original classification layers of the pre-trained models
produce 1000-class outputs specific to ImageNet. There-
fore, these top layers were removed in all architectures, and
a new task-specific classifier was appended. The added clas-
sifier consists of the following components:

*  Global Average Pooling (GAP) layer: Reduces the spa-
tial feature maps obtained from the convolutional layers
into a one-dimensional feature vector. Compared to ful-
ly connected layers, this approach significantly reduces
the number of trainable parameters and mitigates the
risk of overfitting.

*  Dense layer with 256 neurons (ReLU activation): Trans-
forms the learned general visual representations into dis-
criminative features specific to emotion classes.

* Softmax output layer: Produces class probability distri-
butions for multi-class classification.

These additional layers were designed to adapt the general
visual representations learned from ImageNet to the facial
emotion recognition task. While the GAP layer reduces
model complexity and overfitting risk, the Dense layer en-
ables the learning of high-level emotion-specific features.

3.3. Two-stage Training Strategy

Model training was conducted using a two-stage strategy.
In the first stage, the convolutional base was entirely frozen,
and only the newly added classifier layers were trained. This
stage aims to preserve the pre-trained representations while
enabling rapid adaptation of the classifier to the target task.
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In the second stage, a subset of the upper convolutional lay-
ers was unfrozen and included in training. This fine-tuning
process allows deeper layers of the network to learn fine-
grained features specific to facial expressions. Reducing the
learning rate during this stage prevents abrupt and unstable
weight updates, leading to a more stable convergence pro-
cess.

This two-stage strategy constitutes the fundamental meth-
odological basis for the performance improvements ob-
served in the training and validation curves.

The hyperparameters used in this study were selected based
on widely adopted practices in transfer learning applica-
tions. The Adam optimizer was preferred due to its adap-
tive learning capability and stable convergence behavior
in fine-tuning scenarios. A relatively higher learning rate
(107°) was used during Stage-1 to allow rapid adaptation of
the newly added classifier layers, while a lower learning rate
(107*) was employed in Stage-2 to enable gradual refine-
ment of pretrained features without disrupting previously
learned representations. The number of training epochs (50
for Stage-1 and 25 for Stage-2) was determined empirical-
ly to ensure convergence while avoiding overfitting. These
settings provide a balance between training stability, com-
putational efficiency, and model generalization.

3.3.1. Stage 1: frozen layers

In the first stage, all convolutional layers of the pre-trained
networks were frozen, and only the added classifier layers
were trained. This phase is commonly referred to as feature
extraction. The primary objective is to transfer the general
visual features learned from the ImageNet dataset directly
to the facial emotion recognition task.

During this stage, the models were trained for 50 epochs,
with a relatively higher learning rate (Adam optimizer, Ir
= 107°) to facilitate rapid adaptation of the classifier layers.
The Stage-1 results provide insight into how well the pre-
trained representations generalize to the emotion recogni-
tion problem.

3.3.2. Stage 2: fine-tuning

In the second stage, a selected portion of the upper convolu-
tional layers of each model was unfrozen. Depending on the
architecture, the last 20-30 layers were set to be trainable.
This step aims to enable the deeper layers of the network to
learn fine-grained, emotion-specific features.

The learning rate was reduced (Ir = 107*), and training was
continued for 25 epochs. The lower learning rate ensures
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that the pre-trained weights are updated gradually without
disrupting the learned representations. This stage is the
primary factor behind the performance improvements ob-
served in both the training curves and quantitative evalua-
tion tables.

In the fine-tuning stage, different depths of the network
were selectively unfrozen depending on the architecture.
For ResNet50, the final residual blocks corresponding to
approximately the last 25 layers were set as trainable. In
DenseNet121, the last dense block (approximately 30 layers)
was unfrozen to adapt high-level feature representations.
For InceptionV3, the upper inception modules responsible
for semantic feature extraction were retrained, while earlier
modules remained frozen. In MobileNetV2, only the final
bottleneck layers were unfrozen to maintain computational
efficiency while enabling limited task-specific adaptation.
This selective unfreezing strategy allows the models to learn
emotion-specific features without disrupting the general
representations transferred from ImageNet.

3.4. Performance Metrics

Model performance was evaluated using accuracy, loss, and
F1-score metrics. While accuracy measures overall classifi-
cation performance, the F1-score was employed to mitigate
the effects of class imbalance within the dataset. Training
and test metrics were reported separately to enable a de-
tailed analysis of model generalization capabilities.

Additionally, for each model, the number of parameters,
model size, and training time per epoch on CPU and GPU
were measured. This comprehensive evaluation allows for
an in-depth analysis of the trade-off between classification
performance and computational cost.

4. Results and Discussion

Experiments were conducted on both CPU and GPU en-
vironments to analyze execution behavior under different
hardware settings. To report statistically meaningful perfor-
mance metrics such as accuracy, loss, and F1-score, all mod-
els were trained 10 times independently on the GPU, and
the values presented in Table 2 correspond to the average
results obtained from these repetitions. Across these runs,
a standard deviation of approximately +0.8 was observed.

During the GPU-based repetitions, the training—test data
split was kept fixed to ensure fair comparability. However,
data augmentation procedures and sample ordering (shuf-
fling) were performed using different random seeds for each
run. This experimental design allows the robustness of the
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models’ generalization capability to be assessed against ran-
domness introduced during training, such as stochastic op-
timization and mini-batch sampling.

The low standard deviations observed in accuracy and F1-
score values across the 10 independent GPU runs indicate
that the proposed models exhibit stable learning behavior
and are not significantly affected by random initialization
or data ordering. This finding suggests that the reported
performance gains are not coincidental but rather stem from
the intrinsic learning capacity of the investigated network
architectures. To further quantify statistical reliability, 95%
confidence intervals (CI) were computed for the reported
performance metrics across the 10 independent experimen-
tal runs. The confidence interval was calculated as defined

in Equation (2).

— N
(I=x+196- % 2)

where x represents the mean performance value, s is the
standard deviation, and n is the number of repeated runs.
The resulting confidence intervals were observed to be nar-
row, indicating that the performance variations across runs
are limited and that the comparative results are statistically
stable.

In contrast, CPU-based experiments were conducted not
for performance metric comparison, but to analyze compu-
tational efficiency and training time differences across mod-
els. Therefore, each model was executed once in the CPU
environment as a representative run. The results obtained
from CPU-based experiments were used exclusively for
analyzing training duration, whereas classification perfor-

Table 1. Experimental environment specifications

mance metrics such as accuracy and F1-score were reported

based on the averaged GPU results.

All experiments followed a two-stage training strategy. In
the first stage, the convolutional layers of the pre-trained
networks were frozen, and only the newly added classifier
layers were trained (feature extraction). In the second stage,
selected upper convolutional blocks were gradually unfrozen
and fine-tuned using a lower learning rate. This experimen-
tal design enables the performance results reported for Stage
1 and Stage 2 in Table 2 to be interpreted in a consistent
and comparable manner, both in terms of hardware config-
uration and training strategy. All experimental studies were
conducted in the environment described in Table 1.

The performance results presented in Table 2 provide a
comprehensive basis for the comparative evaluation of four
different deep learning architectures on the facial emotion
recognition task. When the outcomes obtained during both
the Feature Extraction and Fine-Tuning stages are jointly
analyzed, it is evident that the DenseNet121 model exhib-
its the most consistent and superior performance across all
evaluation metrics. In particular, the notable improvement
in test accuracy and Fl-score after fine-tuning indicates
that this architecture achieves a more balanced and stable
class-wise discrimination. The dense connectivity pattern of
DenseNet121 enables effective feature reuse and enhanced
gradient flow, allowing the model to represent subtle facial
expression variations across different emotion classes more
effectively. Precision and recall values were additionally re-
ported to complement the F1-score and to provide a clearer
interpretation of class-level performance. The slight differ-
ences between these metrics reflect prediction asymmetries
that commonly arise in facial emotion recognition due to
inter-class similarity and dataset imbalance.

Attribute Value

Memory 24 GB

GPU NVIDIA GeForce GTX 1650 4 GB VRAM
CPU AMD Ryzen 5 5600H 3.3 GHz

Storage 500 GB SSD

Python Version 3.8

TensorFlow Version 2.10

CUDA Version 11.2

cuDNN Version 8.1

Jupyter Notebook Version 6.4x
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Table 2. Performance results (mean * standard deviation and 95% confidence interval over 10 independent runs)

Loss F1-Score

Accuracy

Accuracy

Loss F1-Score

(Train)  (Train)  (Train)  (Tes)  (Test)  (Test)  [rcsion  Recall
Stage-1 (Frozen Layers)
ResNet50 0.815 0.722 0.811 0.775 0.785 0.772 - -
DenseNet121 0.824 0.663 0.832 0.833 0.714 0.793 - -
InceptionV3 0.793 0.745 0.774 0.781 0.806 0.740 - -
MobileNetV2 0.756 0.837 0.762 0.712 0.871 0.734 - -
Stage-2 (Fine-Tuning)
ResNet50 0.916 0.293 0.925 0.864 0.362 0.897 0.905 0.889
DenseNet121 0.904 0.241 0.918 0.883 0.383 0.911 0.923 0.900
InceptionV3 0.897 0.381 0.896 0.858 0.415 0.863 0.872 0.855
MobileNetV2 0.844 0.582 0.857 0.825 0.566 0.824 0.836 0.813

Based on the comparative results, DenseNet121 achieves
the highest overall performance with an accuracy of 0.883,
supported by strong precision (0.923) and recall (0.900),
indicating a well-balanced capability to correctly identi-
fy emotion classes while maintaining low misclassification
rates. ResNet50 follows closely, obtaining 0.864 accuracy
with precision (0.905) slightly higher than recall (0.889),
suggesting confident predictions with a small tendency to
miss some samples. InceptionV3 demonstrates moderate
performance (accuracy 0.858), where the relatively close
precision (0.872) and recall (0.855) values reflect stable
yet less discriminative feature learning compared to deeper
architectures. MobileNetV2, while computationally light-
weight, yields the lowest accuracy (0.825) along with lower
recall (0.813), indicating reduced sensitivity to subtle facial
variations. Overall, these findings show that densely con-
nected and deeper architectures provide more consistent
class-level recognition, whereas lightweight models trade a
small amount of predictive performance for efficiency.

The ResNet50 model emerges as the second most success-
ful architecture, closely following DenseNet121 in over-
all performance. The substantial increase in test accuracy
and the marked reduction in loss values after fine-tuning
demonstrate the effectiveness of residual connections in
learning complex emotion-specific patterns. However, the
slightly higher loss values compared to DenseNet121 sug-
gest that ResNet50 may experience relatively greater diffi-
culty in generalizing certain emotion classes. Despite this,
the strong accuracy and F1-score results confirm that Res-
Net50 remains a robust and reliable option for facial emo-
tion recognition tasks.
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The InceptionV3 model achieves a moderate level of per-
formance, ranking below DenseNet121 and ResNet50 but
above MobileNetV2. The observed improvement in accura-
cy and Fl-score after fine-tuning highlights the advantage
of its multi-scale convolutional design, which enables the
extraction of facial features at different spatial resolutions.
Nevertheless, the relatively higher loss values indicate that
InceptionV3 may exhibit instability in learning decision
boundaries, potentially due to higher inter-class similarity
among facial expressions. This finding suggests that Incep-
tionV3 may benefit more significantly from larger and more
diverse datasets.

The MobileNetV2 model yields the lowest accuracy and
F1-score among the evaluated architectures; however, its
performance remains consistent with expectations giv-
en its lightweight design and limited parameter capacity.
Considering its compact architecture, the performance im-
provement observed after fine-tuning is noteworthy. The
increase in test accuracy and Fl-score demonstrates that
MobileNetV2 can still achieve reasonable generalization
performance even in low computational cost environments.
Nonetheless, its representational capacity appears limited
when distinguishing between complex and fine-grained
facial emotion patterns, especially compared to deeper and
more expressive architectures.

Table 3 presents the normalized confusion matrices aver-
aged across runs, providing a detailed view of class-level
prediction behavior for each architecture. Across all models,
the Happy class exhibits the highest true positive rates (up
to 0.95), indicating that it is the most visually distinctive
emotion and can be recognized reliably regardless of net-
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Table 3. Normalized confusion matrices (class-wise averages) of the evaluated models

Actual \ Predicted Angry Fear Happy Sad Surprise
ResNet50
Angry 0.86 0.04 0.02 0.07 0.01
Fear 0.04 0.82 0.02 0.03 0.09
Happy 0.02 0.01 0.95 0.01 0.01
Sad 0.08 0.02 0.02 0.85 0.03
Surprise 0.02 0.10 0.02 0.02 0.84
DenseNet121
Angry 0.88 0.03 0.02 0.06 0.01
Fear 0.04 0.84 0.01 0.03 0.08
Happy 0.02 0.01 0.95 0.01 0.01
Sad 0.07 0.03 0.02 0.86 0.02
Surprise 0.01 0.07 0.02 0.02 0.88
InceptionV3
Angry 0.86 0.04 0.02 0.07 0.01
Fear 0.06 0.79 0.03 0.04 0.08
Happy 0.04 0.01 0.92 0.02 0.01
Sad 0.08 0.03 0.02 0.85 0.02
Surprise 0.01 0.09 0.01 0.02 0.87
MobileNetV2
Angry 0.80 0.07 0.04 0.08 0.01
Fear 0.08 0.76 0.02 0.03 0.09
Happy 0.04 0.01 0.92 0.02 0.01
Sad 0.10 0.04 0.03 0.81 0.02
Surprise 0.02 0.11 0.02 0.02 0.83

work structure. The most frequent misclassification occurs
between Fear and Surprise, where prediction leakage is con-
sistently observed, reflecting the similarity of facial muscle
activations associated with these expressions. A secondary
confusion pattern appears between Angry and Sad, par-
ticularly in MobileNetV2, suggesting that lightweight ar-
chitectures have more difficulty capturing subtle variations
in brow and mouth regions. Among the evaluated models,
DenseNet121 demonstrates the strongest diagonal domi-
nance, confirming its more consistent class discrimination
capability. In contrast, MobileNetV2 shows comparatively
higher off-diagonal values, indicating reduced sensitivity
due to its compact design. These observations support the
quantitative results by illustrating how deeper and densely
connected architectures achieve more stable emotion sepa-
ration, whereas lightweight models provide efficiency at the
cost of slightly increased class overlap.
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Opwerall, the results presented in Table 2 and the correspond-
ing performance trends illustrated in Figure 3 indicate that
both model depth and connectivity structure play a critical
role in facial emotion recognition performance. Further-
more, the fine-tuning strategy proves to be indispensable
across all evaluated architectures. While DenseNet121 and
ResNet50 are particularly well-suited for scenarios requir-
ing high accuracy and strong generalization capability, Mo-
bileNetV2 offers an effective alternative for resource-con-
strained applications by balancing computational efficiency
and acceptable performance. These comparative findings
numerically support the graphical analyses and demonstrate
that the performance values reported in Table 2 are con-
sistent with the theoretical characteristics of the respective
model architectures.
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Figure 3. Performance comparison of deep learning architectures.

The results presented in Table 4, which include training
time, number of parameters, and model size, enable a com-
prehensive evaluation of the four deep learning architectures
not only in terms of classification performance but also with
respect to computational cost and resource requirements. In
particular, the training time measured per epoch on both
CPU and GPU platforms clearly reveals the impact of hard-

ware acceleration on different model architectures.

The ResNet50 and DenseNet121 models exhibit the lon-
gest training times on the CPU due to their deep architec-
tural structures and relatively high parameter counts. This
behavior can be attributed to the large number of convo-
lutional layers and the intensive matrix multiplications
performed at each layer, which are executed with limited
parallelism on CPU hardware. In contrast, a substantial re-
duction in training time is observed for both models when
executed on the GPU, highlighting the indispensable role
of CUDA-based parallel computation for deep neural net-
works. Despite offering higher parameter efficiency than
ResNet50, DenseNet121 still imposes a relatively high
computational load even on the GPU, primarily due to its
densely connected layer structure.

The InceptionV3 model, although comparable to ResNet50
in terms of parameter count, exhibits a distinct computa-
tional profile as a result of its multi-scale convolutional
blocks and branched architecture. The relatively long train-
ing time on the CPU suggests that the branched structure
increases sequential computation overhead. On the GPU,
however, the benefits of parallel processing significantly re-
duce the training time, although it remains higher than that
of lightweight architectures such as MobileNetV2.
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The MobileNetV2 model clearly stands out in Table 4 with
the lowest number of parameters and the smallest model
size. Thanks to its depthwise separable convolution design,
it achieves the shortest per-epoch training times on both
CPU and GPU platforms. This characteristic makes Mo-
bileNetV2 particularly suitable for resource-constrained en-
vironments and real-time applications. Nevertheless, when
evaluated together with the performance results in Table
2, it becomes evident that the reduced computational cost
comes at the expense of a certain loss in classification ac-
curacy. Therefore, MobileNetV2 represents a favorable op-
tion for applications that prioritize efficiency—performance
trade-offs rather than maximum accuracy.

From the perspective of model size, a direct relationship
between parameter count and storage requirements can
be observed. The larger model sizes of DenseNet121 and
ResNet50 increase memory demands during deployment,
which may pose limitations in memory-constrained sys-
tems. Conversely, the compact model size of MobileNetV2
provides a significant advantage for embedded systems and
mobile devices. InceptionV3 occupies a middle position in
terms of model size, offering a balanced compromise be-
tween performance and storage requirements.

Overall, Table 4 clearly demonstrates that the model achiev-
ing the highest classification accuracy is not necessarily the
most computationally efficient, and similarly, the fastest
and smallest model does not yield the highest recognition
performance. In this context, DenseNet121 and ResNet50
are well-suited for academic and industrial applications
where high accuracy is the primary objective, whereas Mo-
bileNetV2 emerges as a rational choice for scenarios with
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Table 4. Comparison of deep learning architectures based on experimental results

(DpodyCP0) | (EpodhGFD) | p Nombof  ModelSme O
- (Min.) - (Min.) %
ResNet50 42.9 6.2 25.6 98 0.864
DenseNet121 49.3 8.1 7.9 33 0.883
InceptionV3 55.7 7.8 23.9 92 0.858
MobileNetV2 14.2 2.8 3.4 14 0.825

strict latency and hardware constraints. InceptionV3 can be
regarded as an intermediate alternative that balances com-
putational cost and classification performance.

In this study, the emotion recognition performances of
ResNet50, DenseNet121, InceptionV3, and MobileNetV2
were investigated within the framework of a two-stage
training strategy. In the first stage, the convolutional lay-
ers of the pre-trained networks were frozen (Stage-1: Fro-
zen Layers), and only the top classifier layers were trained.
In the second stage, a selected subset of deeper layers was
unfrozen (Stage-2: Fine-Tuning) to enhance the model’s
dataset-specific representational capacity. During Stage-1,
the convolutional backbones pre-trained on ImageNet were
kept fixed for all models, and only the newly added fully
connected (Dense) layers were optimized. The accuracy and
loss curves obtained in this stage reflect the extent to which
the general visual representations learned from ImageNet
can be transferred to the facial emotion recognition task.
When the accuracy and loss curves plotted in the Python
environment are jointly analyzed together with the quan-
titative results reported in Table 2, it becomes evident that
the training dynamics and performance improvements of
each model are closely linked to their architectural charac-
teristics.

Unlike many prior studies that report only accuracy-based
comparisons, this work jointly evaluates recognition per-
formance and computational characteristics, including
parameter count, training duration, and model size. Such
an analysis enables a more realistic interpretation of model
suitability for deployment scenarios, revealing that the most
accurate architecture is not necessarily the most efficient,
and vice versa. This perspective contributes to bridging the
gap between algorithmic evaluation and practical imple-
mentation.

In facial emotion recognition, certain emotion classes—
such as fear and surprise—exhibit visually similar facial pat-
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terns, which makes class separation particularly challenging.
This issue becomes more pronounced in architectures with
limited representational capacity, leading to relatively lower
accuracy and F1-score values for such models.

The limited gap observed between training and test met-
rics, particularly during the fine-tuning phase, indicates that
the models improve their generalization capability without
exhibiting overfitting behavior. This observation confirms
that the adopted two-stage training strategy is well-suited
for the facial emotion recognition problem.

For ResNet50, the Stage-1 training curves presented in
Figure 4 show a stable but limited increase in accuracy.
The training accuracy converges at approximately 81.5%,
while the test accuracy stabilizes around 77.5%. During this
phase, the loss curves remain relatively high (training loss =
0.72, test loss = 0.78), suggesting that the general-purpose
teatures extracted by the frozen deep layers are insufficient
for capturing the fine-grained patterns required for emo-
tion recognition. The plateau observed in the accuracy curve
turther supports the conclusion that the model struggles to
discriminate subtle facial expression variations when deeper
layers are not adapted to the target domain.

In contrast, the Stage-2 fine-tuning phase yields a substan-
tial performance improvement, as clearly reflected both in
the training curves and in Table 2. The training accuracy
increases to 91.6%, while the test accuracy reaches 86.4%,
accompanied by a sharp reduction in loss values (training
loss = 0.29, test loss = 0.36). These results indicate that
re-optimizing the deeper layers through residual connec-
tions provides a significant representational advantage.
Moreover, the smoother and more stable behavior of the ac-
curacy—loss curves during this stage demonstrates that Res-
Net50 achieves a more robust and well-generalized learning
behavior after fine-tuning.
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Figure 4. Graphical representation of the experimental results obtained with the ResNet50 architecture.
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Figure 5. Graphical representation of the experimental results obtained with the DenseNet121 architecture.

An examination of the DenseNet121 curves presented in
Figure 5 reveals that this model exhibits a higher and more
stable accuracy profile than the other architectures, even
during the Stage-1 phase. The training accuracy reaches
82.4%, while the test accuracy attains 83.3%, accompanied
by relatively lower loss values (training loss = 0.66, test loss
~ 0.71). These results indicate that the dense connectivity
mechanism enables effective feature transfer even at early

training stages. The reduced oscillations observed in the ac-
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curacy curves further demonstrate that DenseNet’s feature
reuse strategy contributes to stabilizing the learning process
and facilitates more consistent convergence behavior.

During the Stage-2 fine-tuning phase, DenseNet121
achieves the highest overall performance among all evaluat-
ed models. The test accuracy increases to 88.3%, while the
test F1-score reaches 91.1%, and the loss values decrease
to approximately 0.38. These results indicate that DenseN-
et121 is particularly effective at learning fine-grained dis-
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tinctions between emotion classes. Moreover, the limited
discrepancy between the training and test curves suggests
a relatively low risk of overfitting, clearly highlighting the
strong generalization capability of the DenseNet121 archi-
tecture.

An examination of the graphs presented in Figure 6 indi-
cates that InceptionV3 exhibits a more fluctuating accuracy
trajectory during the Stage-1 training phase compared to
the other models. The training accuracy stabilizes at ap-
proximately 79.3%, while the test accuracy remains around
78.1%, accompanied by a test loss of approximately 0.81.
These observations suggest that the multi-scale filtering
structure of InceptionV3 may experience instability when
discriminating between visually similar facial expressions.
The noticeable oscillations in the accuracy curves imply
that the model encounters difficulties in consistently distin-
guishing certain emotion classes across epochs.

During the fine-tuning stage, the performance of Incep-
tionV3 improves significantly. The test accuracy increases
to 85.8%, and the test F1-score reaches 86.3%. The more
regular and steadily decreasing loss curves observed in this
phase highlight the positive impact of adapting deeper
network layers to the target dataset. Nevertheless, when
compared to DenseNet121 and ResNet50, InceptionV3
achieves slightly lower accuracy levels, suggesting that this
architecture may require greater data diversity or a longer
fine-tuning duration to reach its optimal performance on
the given emotion recognition dataset.

An analysis of the graphs presented in Figure 7 shows that
MobileNetV2, due to its lightweight architectural design,
produces comparatively lower accuracy values during the
Stage-1 training phase. The training accuracy remains
at approximately 75.6%, while the test accuracy stabilizes
around 71.2%, accompanied by relatively high loss values
(test loss = 0.87). These results indicate that the limit-
ed number of parameters constrains the model’s ability to
capture complex and fine-grained emotional patterns in fa-
cial expressions. The early plateau observed in the accuracy
curves further supports the notion that the representational
capacity of MobileNetV?2 is restricted during the feature ex-
traction stage.

In contrast, the Stage-2 fine-tuning phase yields a substan-
tial performance improvement for MobileNetV2. The test
accuracy increases to 82.5%, while the test F1-score reaches
82.4%, alongside a notable reduction in loss values to ap-
proximately 0.56. These improvements demonstrate that
selectively unfreezing deeper layers enables the model to
learn more discriminative emotion-specific features. The
smoother and more stable training curves observed during
this phase indicate that, despite its low computational com-
plexity, MobileNetV2 is capable of achieving a satisfactory
level of generalization performance. Consequently, Mobile-
NetV2 emerges as a viable alternative for emotion recog-
nition tasks in resource-constrained environments, where
computational efficiency is a critical requirement.
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Figure 6. Graphical representation of the experimental results obtained with the InceptionV3 architecture.
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Figure 7. Experimental performance curves of the MobileNetV2 architecture.
Table 5. Comparison with facial emotion recognition studies in literature
Ref Techniques Accuracy/result (%)
Lietal., 2021 Dual-Branch Center Face detector (DBCFace) 90.34
Pranav et al., 2020 DCNN 78.04
Verma et al., 2019 CNN, DNNs 86.73
Yang et al., 2020 Feature separation model exchange-GAN 86.33
Zhang et al., 2021 GAN 89.01
Ali et al., 2023 Ensemble Classifier 83.19
ResNet50 86.4
. DenseNet121 88.3
'This Study -
InceptionV3 85.8
MobileNetV2 82.5

When the accuracy and loss curves plotted for all models are
jointly examined, it becomes evident that Stage-1 represents
an initial feature representation phase, whereas Stage-2
constitutes the primary learning phase. The simultaneous
increase in accuracy and decrease in loss during Stage-2
clearly indicate that the fine-tuning process contributes not
only to memorization but also to improved generalization

capability.

Following Stage-2, DenseNet121 and ResNet50 distinct-
ly outperform the other models in terms of both accuracy
and F1-score, while MobileNetV2, despite its lower abso-
lute performance, provides a significant balance between
classification performance and computational efficiency.
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InceptionV3, on the other hand, achieves moderate accu-
racy levels but exhibits a more fluctuating training behavior
compared to the other architectures.

Table 5 presents a comparative evaluation between the pro-
posed approach and recent studies in the literature on facial
emotion recognition. Since the majority of existing works
report only classification accuracy as their primary per-
formance indicator, accuracy was selected as the common
reference metric to enable a fair comparison. As observed,
previously reported accuracy values range between approxi-
mately 78% and 90%, depending on the model architecture
and learning strategy employed. The results obtained in this
study fall within this performance band, with DenseNet121
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achieving 88.3% accuracy and ResNet50 reaching 86.4%,
demonstrating competitive performance relative to state-of-
the-art approaches. These findings indicate that the pro-
posed two-stage transfer learning framework yields results
consistent with contemporary deep learning-based FER
methods while additionally providing insights into compu-
tational efficiency and model complexity, which are often
not discussed in earlier studies.

Opverall, these graphical results clearly demonstrate that ar-
chitectural complexity, parameter count, and fine-tuning
strategies directly influence performance in fine-grained
classification tasks such as facial emotion recognition.
The use of a single dataset and the inherent visual simi-
larity among certain emotion classes may have constrained
the performance of some models. Additional experiments
conducted on different datasets would further enhance the

generalizability of the findings.
5. Conclusion

In this study, four widely used deep learning architectures—
ResNet50, DenseNet121, InceptionV3, and Mobile-
NetV2—were comprehensively evaluated for facial emotion
recognition within a two-stage transfer learning framework.
The primary objective was not only to assess classification
accuracy but also to jointly analyze training dynamics, gen-
eralization capability, and computational cost, thereby en-
abling a more holistic evaluation of architectural choices for
emotion analysis applications.

The experimental results clearly demonstrate that the two-
stage training strategy yields a significant performance
improvement across all models. During the first stage
(Stage-1), where the convolutional backbones were frozen,
the pretrained networks provided stable but limited perfor-
mance, indicating that generic visual representations alone
are insufficient for fine-grained emotion classification. In
contrast, the Stage-2 fine-tuning phase resulted in substan-
tial improvements in both accuracy and F1-score, accompa-
nied by consistent reductions in loss values. These findings
highlight the critical role of adapting deep feature repre-
sentations to emotion-specific patterns for capturing subtle
facial expression variations.

Among the evaluated models, DenseNet121 emerged as the
most balanced and highest-performing architecture in both
training and testing phases. Its dense connectivity facilitates
efficient feature reuse, enabling more stable learning and
robust performance, particularly in scenarios involving class

imbalance. ResNet50 closely followed DenseNet121, deliv-
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ering high accuracy and strong generalization performance,
thereby reaffirming the effectiveness of residual connections
in stabilizing deep network training.

Although InceptionV3 benefits from its multi-scale convo-
lutional design, it underperformed compared to DenseN-
et121 and ResNet50 on this dataset. The observed fluctu-
ations in accuracy and loss curves suggest that the archi-
tecture may be more sensitive to visual similarities among
emotion classes. MobileNetV2, while yielding the lowest
absolute performance, stands out due to its low parameter
count, compact model size, and short training time. These
characteristics make it a compelling choice for real-time and
resource-constrained applications, where computational ef-
ficiency is a primary concern.

When the experimental findings, performance tables, and
training curves are jointly considered, it becomes evident
that model performance should not be evaluated solely
based on accuracy. Training time, parameter count, and
hardware requirements must also be taken into account.
The multiple GPU-based experimental repetitions con-
firmed the stability and robustness of the reported results,
while the representative CPU-based experiments clearly
demonstrated the importance of hardware acceleration for
deep learning-based emotion recognition.

This study also has certain limitations. First, the experiments
were conducted on a single dataset, and no cross-dataset
validation was performed to assess robustness across differ-
ent cultural and demographic contexts. Additionally, data
augmentation techniques were not employed, and the anal-
ysis focused exclusively on static facial images, excluding
temporal information from video sequences.

Another limitation is the restricted number of emotion cat-
egories in the dataset. Future work will extend the analysis
to benchmark datasets containing neutral and additional
expressions to further validate the findings.

It should be noted that most studies in the literature report
results using different datasets, preprocessing pipelines, and
evaluation protocols, making direct comparison inherent-
ly challenging. Therefore, the purpose of Table 5 is not to
claim superiority over prior works, but rather to position
the obtained results within the commonly reported perfor-
mance range. In addition to this contextualization, the pres-
ent study aims to offer an alternative evaluation perspective
to existing approaches by jointly analyzing recognition per-
formance together with training cost, parameter size, and
computational behavior—factors that are often overlooked
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in earlier studies. This comparison demonstrates that the
proposed framework achieves competitive accuracy while
providing a more comprehensive understanding of model
selection criteria for practical applications. Future work will
extend this evaluation to multiple benchmark datasets to
further validate generalizability.

Future research may extend this work by conducting
cross-dataset evaluations to further assess generalization
performance. Incorporating multimodal cues such as head
pose, eye movements, or facial muscle activations may fur-
ther enhance recognition accuracy. Moreover, exploring
Vision Transformers (ViT) and hybrid CNN-Transformer
architectures could provide valuable insights into architec-
tural advancements for emotion analysis. Finally, investigat-
ing model compression, quantization, and knowledge distil-
lation techniques would significantly broaden the applica-
bility of these models in real-time and embedded systems.

Recent studies have explored transformer-based architec-
tures such as Vision Transformers (ViT) for facial emotion
recognition, offering an alternative to convolutional mod-
els through global attention mechanisms. While such ar-
chitectures may provide advantages in large-scale datasets,
the present study focuses on widely adopted CNN back-
bones to analyze performance—efficiency trade-offs under
limited-resolution conditions. Future work may extend
this framework to include transformer-based models and
cross-dataset validation to further examine generalizability.
Additionally, visualizing computational cost—performance
relationships using Pareto-style analysis could provide fur-
ther insights into model selection for deployment-oriented
scenarios.

In conclusion, this study presents a comprehensive and
comparative analysis of deep learning architectures for fa-
cial emotion recognition under a two-stage transfer learning
paradigm. By explicitly addressing the trade-off between
classification performance and computational cost, the
findings offer valuable guidance for both academic research
and real-world deployment scenarios.
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