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Abstract. Facial Expression Recognition (FER) is a crucial component in affective
computing and human-computer interaction, enabling systems to interpret human emo-
tions from visual cues. This study presents a comparative analysis of seven state-of-
the-art transfer learning models—ResNet18, ResNet50, VGG16, VGG19, DenseNet121,
MobileNetV2, and EfficientNetB0—for FER tasks using the CK+ dataset. A uniform
preprocessing pipeline and training configuration were applied to ensure fair evaluation
across all models. The results reveal that ResNet18 and DenseNet121 achieve the high-
est classification accuracy (94.93%) with relatively low computational costs. The study
further applies a progressive fine-tuning strategy, improving performance stability and
training efficiency. These findings offer practical insights for selecting and adapting deep
learning architectures for emotion recognition in constrained or real-time environments
Keywords: Facial Expression Recognition (FER), Transfer Learning, Deep Convolu-
tional Neural Networks, CK+ Dataset, Fine-tuning, Emotion Recognition.

1. Introduction. Facial expression recognition (FER) has become a critical task in computer vision,
particularly in the fields of human-computer interaction, social robotics, affective computing, and behav-
ioral analysis. The ability to automatically recognize human emotions from facial images can significantly
enhance the development of intelligent systems that respond to user emotions in real-time [1]. Tradi-
tional FER approaches typically rely on handcrafted features, like LBP (Local Binary Patterns) [2], HOG
(Histogram of Oriented Gradients) [3], or GF (Gabor Filters) [4], followed by classification algorithms
like SVM (Support Vector Machines) or KNN (K-Nearest Neighbors) [5]. While these methods have
shown promising results in controlled settings, they often struggle to generalize across the different FER
databases and in real-world scenarios due to their sensitivity to features extraction methods. With the ad-
vent of deep learning, convolutional neural networks (CNNs) have demonstrated outstanding performance
in image classification tasks, including FER [6]. However, training deep models from scratch requires
large annotated datasets [6], which are not always available for facial expression analysis. To address this
challenge, transfer learning has emerged as an effective solution by leveraging the feature representations
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learned from large-scale datasets, such as ImageNet, and fine-tuning them for specific tasks with smaller
datasets [7]. In this work, we conduct a comprehensive comparison of seven popular transfer learning
models: ResNet18, ResNet50, VGG16, VGG19, DenseNet121, MobileNetV2, and EfficientNetB0 on the
CK+ dataset, a well-known benchmark for facial expression recognition. The models are evaluated under
the same training and testing conditions to ensure a fair comparison and allows for objective selection of
best-performing models for the next progressive fine-tuning step.

2. Related work on deep learning for facial expression recognition. Facial mimicry convey a
wide spectrum of emotions that are universally recognizable, making facial expression recognition (FER)
a vital component of affective computing. FER has found extensive applications in various domains,
including driver fatigue detection, human computer interaction, assistive robotics, digital entertainment,
and healthcare. In medical contexts, FER contributes to understanding patients emotional states, which
supports early intervention and improves the quality of care [8]. Additionally, facial recognition sys-
tems are increasingly integrated into security frameworks to enhance privacy and authentication. Deep
learning, as a specialized branch of machine learning, employs multilayered artificial neural networks
to automatically extract and learn hierarchical representations from data [9]. Within the domain of
computer vision, Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have
emerged as leading architectures, particularly noted for their effectiveness in feature extraction from raw
inputs. In the context of image analysis, CNNs are especially well-suited, as their convolutional layers
systematically capture spatial patterns and feature hierarchies an essential capability for accurate facial
expression recognition. Numerous studies in the literature have explored CNN-based architectures for
facial expression recognition (FER). For instance, the authors in [10] implemented a conventional CNN
composed of two convolutional-pooling layers to classify facial expressions from a self-collected image
dataset. In a more complex approach, Mollahosseini et al. [11] extended the classical CNN architecture by
incorporating four inception modules, thereby enhancing the network’s depth and capacity for feature ab-
straction based on spatio-temporal manifold (STM) modeling and expressionlet learning (STM-ExpLet).
Ruiz-Garcia et al. [12] proposed initializing the CNN using encoder weights derived from a stacked con-
volutional autoencoder. This weight initialization strategy demonstrated superior performance compared
to conventional random initialization methods. In another study, authors [13] investigated a hybrid deep
learning architecture that combined CNNs with Recurrent Neural Networks (RNNs) to capture both
spatial and temporal dependencies in facial expression data. Additionally, Liliana [14] employed a deep
CNN model consisting of 18 convolutional layers and four subsampling layers, aimed at achieving robust
FER performance through a deeper hierarchical representation. This study is fundamentally grounded
in the use of pre-trained deep learning models and transfer learning (TL) techniques. A range of estab-
lished pre-trained architectures is examined to determine the most effective model for facial expression
recognition (FER). The following subsections offer a concise overview of Convolutional Neural Network
(CNN) architectures and the rationale for employing transfer learning in this context.

2.1. Convolutional Neural Network (CNN). Owing to its inherent structural design, the Convo-
lutional Neural Network (CNN) is particularly well-suited for image-related tasks [15]. A typical CNN
is composed of an input layer, multiple convolutional and pooling hidden layers, followed by an output
layer. The core operation of convolution, a mathematical process involving two functions, produces a
third function that represents a modified version of the original input. In the context of CNNs, small-
sized kernels (e.g., 3*3 or 5*5) slide across the input image to extract useful local features through
convolutional operations. Pooling, on the other hand, serves as a non-linear downsampling mechanism.
It reduces spatial dimensions by aggregating information from non-overlapping regions, thereby produc-
ing a more compact feature representation. Figure 1 illustrates a basic CNN architecture comprising
two convolutional-pooling layers. The first convolutional layer applies convolution to the input image,
generating convolved feature maps (CFMs), which are then passed to a pooling layer to produce the first
set of subsampled feature maps (SFMs). This process is repeated in the second convolutional-pooling
layer. Subsequently, the output of the second pooling layer is flattened and passed to a fully connected
(dense) layer, where each neuron is linked to all activations from the previous layer. The final layer, often
referred to as the loss layer, defines the objective function and guides the training process by penalizing
deviations between predicted and actual outputs. Such CNN architectures are widely adopted for pattern
recognition tasks involving small-sized input images (e.g., 48*48), such as handwritten digit classification.
Further details regarding CNN design and functionality can be found in the literature [16].
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Figure 1. General scheme of a Transfer Learning (TL) CNN model

2.2. Transfert Learning. Facial Expression Recognition (FER) using a pre-trained Convolutional Neu-
ral Network (CNN) model through an appropriate transfer learning (TL) strategy constitutes the primary
contribution of this work. Authors in [17] provided valuable insights into the internal representations
learned by CNNs. Their findings indicate that the initial layers of a CNN capture low-level features such
as edges and corners, while intermediate layers detect more complex patterns like textures and shapes.
Higher layers progressively learn abstract and task-specific representations. Since low-level visual fea-
tures are generally consistent across images, the representations learned by the lower layers of CNNs for
FER are often transferable from models trained on other image-based tasks, such as object classification.
Given the computational demands and data requirements of training CNNs from scratch with randomly
initialized weights, leveraging pre-trained models and fine-tuning them via TL presents a more efficient
and effective solution for FER.

Figure 2. Basic topology of a Convolutional Neural Network (CNN)
model

Figure 2 illustrates the general architecture of a transfer learning (TL)-based CNN model. In this
configuration, the convolutional layers (originating from a pre-trained model) are used for low and mid-
level feature extraction, while the original classification head is removed. In its place, a new task-specific
classifier is added and fine-tuned on the target FER dataset to adapt the model to the specific classification
and recognition task. The new added classifier component typically consists of one or more dense layers,
which are fully connected and responsible for performing the final classification specific to the target task.
Three commonly adopted strategies are used for fine-tuning in TL:

• training the entire model
• training a subset of layers while freezing the others
• training only the newly added classifier while keeping the convolutional base frozen.

For similar recognition tasks, fine-tuning only the classifier and/or a few upper layers is typically
sufficient. Conversely, for tasks that are significantly different from the original recognition task, it
becomes necessary to fine-tune the entire network to achieve optimal performance. Accordingly, the fine-
tuning process is applied to the added classification layers and, depending on task similarity, to a selected
subset or the entirety of the convolutional layers. CNNs are designed to handle complex image data using
multiple hidden layers, which can make training difficult, especially with high-dimensional inputs. Each
CNN architecture differs in how these layers are organized and connected, influencing performance and
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efficiency [6]. One of the earliest model in large-scale image recognition came with AlexNet [18], which
introduced a five-layer convolutional structure and achieved impressive results on the ImageNet dataset.
Building on this, ZfNet [19] improved efficiency by replacing large convolutional filters with smaller ones,
achieving similar accuracy with fewer parameters. While ZfNet required around 1 million images for
training, AlexNet needed approximately ten times more data to achieve similar performance. Following
these two models, the VGG family brought deeper networks. VGG-16 [20] introduced 13 convolutional
layers and consistently used small 3Ö3 filters to increase depth while controlling complexity. VGG-
19 extended this architecture further with 16 convolutional layers, offering even more representational
power. Skip connections are an important idea used in many recent CNN models. This concept was first
introduced in Residual Networks (ResNet) [21]. A skip connection takes the input of a layer and adds it
to the output of a later layer. This helps the network keep useful information and makes training easier.
It also reduces the problem of vanishing gradients. There are several versions of ResNet with different
depths. Some common examples are ResNet-18, ResNet-50, and ResNet-101. The number in the name
shows the total number of layers. However, the number of convolutional layers is usually one less than the
depth. DenseNet [22] improved the idea of skip connections by introducing dense connections between
layers. In this model, each layer receives inputs not only from the previous layer but from all earlier
layers. Also, the output of each layer is passed to all following layers. This is done by concatenating
the feature maps from the previous layers as input to the current layer. In a traditional CNN with N
layers, there are N direct connections. In contrast, DenseNet has N(N+1)/2 direct connections. Because
every layer has access to all earlier features, there is less information loss, and the network becomes
more compact and efficient. However, this dense connectivity increases the number of input features in
deeper layers, which can raise the computational cost. To reduce this, DenseNet uses 1Ö1 convolutions
to shrink the number of channels, improving both speed and memory usage. Each layer’s output is
computed by applying a non-linear function to the concatenated outputs of all previous layers. DenseNet
comes in different versions. For example, DenseNet-161 contains 157 convolutional layers organized into
four modules. Recently, researchers have introduced new CNN architectures that are computationally
efficient yet powerful, offering strong performance with fewer parameters. Among these, MobileNet and
EfficientNet stand out as two popular lightweight models. MobileNet is designed for mobile and embedded
applications [23]. It uses depthwise separable convolutions to reduce the number of computations and
parameters while maintaining good accuracy [23]. This makes it ideal for real-time image processing tasks
on resource-limited devices. On the other hand, EfficientNet introduces a compound scaling method
that uniformly scales the model’s depth, width, and input resolution [24]. It achieves state-of-the-art
performance on many benchmarks using fewer parameters and lower computational cost compared to
traditional models. Both architectures reflect a shift toward efficient deep learning models that are suitable
for deployment in practical, real-world environments. Recent studies have highlighted the effectiveness
of transfer learning in FER, where models pre-trained on large image datasets are fine-tuned on facial
expression datasets. For instance, transfer learning with VGG-19, ResNet50V2, and DenseNet-121 has
yielded significant performance improvements by selectively freezing layers and applying regularization
strategies to mitigate overfitting. These methods have reported accuracy gains compared to earlier
approaches.

3. Methodology. In this study, we evaluate and compare the performance of several deep learning mod-
els for facial expression recognition (FER) using the widely adopted benchmark datasets: CK+. These
datasets were selected for their diversity in image quality, annotation schemes, and representativeness of
human emotions, which support a robust comparative analysis.

3.1. Extended Cohn-Kanade (CK+) Dataset. The CK+ dataset includes 593 sequences from 123
subjects, with the final frame of each sequence annotated with one of seven emotion labels: anger,
contempt, disgust, fear, happiness, sadness, and surprise. For this study, only the peak expression
frames were used, resulting in approximately 327 labeled images. The dataset features both posed and
spontaneous expressions under controlled conditions. Similar preprocessing steps were applied: conversion
to RGB, resizing to 224Ö224 pixels, and normalization. Images were normalized using the mean and
standard deviation values of the ImageNet dataset to ensure compatibility with pre-trained transfer
learning models. Some samples images from the CK+ dataset are presented in Figure 3.

3.2. Preprocessing. To ensure consistency and compatibility with pretrained CNN models, all images
from the, CK+ dataset underwent a standardized preprocessing pipeline. The preprocessing steps were
as follows:
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Figure 3. Samples images from CK+ dataset

• Cropping : Cropped face portion from the image is considered as input in the FER task to enhance
facial properties.

• Resizing: All facial images were resized to 224Ö224 pixels, which is the standard input dimension
required by most CNN-based architectures such as ResNet, VGG, DenseNet, and EfficientNet.
This resizing step ensures uniformity across datasets and aligns with the expectations of models
pretrained on ImageNet.

• Normalization: Image pixel values were normalized using the mean and standard deviation values of
the ImageNet dataset, mean = [0.485, 0.456, 0.406] and standard deviation = [0.229, 0.224, 0.225].
This step aligns the image intensity distribution with that of the training set used for pretrained
models, improving convergence during fine-tuning.

• Dataset Splitting: Dataset was randomly split into training (70%), validation (15%), and test
(15%) subsets. A fixed random seed was applied during the split to guarantee reproducibility of
results across different runs. This strategy ensures a balanced and consistent evaluation of model
performance during training, hyperparameter tuning,and final testing.

These preprocessing steps were crucial in preparing the datasets for the transfer learning experiments
conducted in this study, ensuring fairness, consistency, and replicability across all comparative evalua-
tions.

3.3. Models. In this study, we adopted transfer learning to leverage the feature extraction capabilities
of deep convolutional neural networks pretrained on the ImageNet dataset. The following state-of-the-art
architectures were selected due to their proven performance and varying depth, parameter complexity,
and design paradigms:

• ResNet18
• ResNet50
• VGG16
• VGG19
• DenseNet121
• MobileNetV2
• EfficientNet-B0

These models span a wide range of computational complexities and depths, making them suitable
for a comparative study of performance versus efficiency in facial expression recognition (FER) tasks.
Figure 4 presents the detailed schematic architecture of the proposed method. It includes the selection
of pre-trained models trained on the ImageNet dataset, modification of their final layers, preprocessing
of the CK+ dataset, and an initial training phase to identify the best-performing models. These selected
models are then fine-tuned to produce the final versions, which are subsequently evaluated during the
validation step.

3.3.1. Architectural Modifications. To adapt deep CNN models for the FER task, we replaced the final
classification layer of each architecture with a new fully connected layer outputting 7 classes, corre-
sponding to the seven universal facial expressions: anger, disgust, fear, happiness, neutral, sadness, and
surprise. All pretrained layers are retained to exploit the general visual features learned on the ImageNet
dataset, while the new classification layer was trained on the CK+ datasets.

3.3.2. Parameter Count and Model Size. To further contextualize the trade-off between performance and
efficiency, we computed the number of trainable parameters for each model.

Table 1 summarizes the parameter counts, which range from lightweight architectures such as Mo-
bileNetV2 ( 2.2M parameters) to heavier models like VGG19 (exceeding 143M parameters). This com-
parison helps to evaluate how model complexity impacts training time, memory consumption, and clas-
sification accuracy in FER tasks.
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Figure 4. General scheme of the proposed comparative facial expression
recognition (FER) system based on transfer learning using several deep
CNN models.

Table 1. Model Parameters Comparison

Model Parameters

resnet18 11,180,103
resnet50 23,522,375
vgg16 134,289,223
Vgg19 143,667,719
densenet121 6,961,031
mobilenet v2 2,232,839
efficientnet b0 4,016,515

3.4. Training Configuration. Fine-tuning is a crucial step in transfer learning, and a carefully designed
strategy is employed to optimize the performance of the selected models. In the first stage, the newly
added layers are fine-tuned, as their weights are randomly initialized and require learning from the target
dataset. After this initial training phase, the best-performing models are identified based on their test
accuracies. In the second stage, a progressive fine-tuning strategy is applied to these selected models.
Specifically, portions of the pre-trained convolutional base are gradually unfrozen and fine-tuned in a
step-by-step manner. Figure 5 illustrate the general scheme of progressive fine-tuning



62 H.H. Nedjar, A. Mebarki and S.S. Benharrats

Figure 5. Progressive fine-tuning

If the added layers and the pre-trained layers are trained simultaneously from the beginning, the
randomly initialized weights of the added layers can produce unstable gradients. These poor gradients may
propagate into the already well-trained parts of the network, potentially degrading overall performance.
To avoid this issue, a pipeline fine-tuning strategy is employed. In this approach, the training begins
with the added layers only. Once these layers are stabilized, selected blocks of the pre-trained CNN are
progressively unfrozen and fine-tuned in a step-by-step manner. This gradual adaptation allows for more
stable learning and leads to better accuracy.

We have employed the Adam optimization algorithm [25] during the progressive fine-tuning phase.
Adam is a widely used optimizer that combines the strengths of two earlier methods: AdaGrad [26], which
adapts the learning rate for each parameter based on accumulated past gradients, and RMSProp [27],
which adjusts learning rates using an exponentially weighted moving average of squared gradients. Adam
maintains two momentum terms, governed by the hyperparameters β1 and β2, which estimate the first
and second moments of the gradients, respectively. These parameters, together with the learning rate,
play a critical role in controlling the convergence behavior and overall performance of the training process.

The learning rate was set to 0.0005, based on preliminary experiments that balanced convergence
speed and stability. The Cross-Entropy Loss function was employed as the objective function, as it is
suitable for multi-class classification problems like facial expression recognition (FER), where the task
involves predicting one of seven mutually exclusive emotion categories.

4. Results and discussion. Table 2 presents the test set accuracies for the TL deep models and time
consumed in 20 epochs of training:

Table 2. Obtained results of TL Deep Models

Model Accuracy (%) Time (Minutes) Error

resnet18 94.01 1.2 0.001
resnet50 81.57 2.4 0.023
vgg16 86.18 3.5 0.074
Vgg19 82.03 4.0 0.281
densenet121 94.01 2.5 0.002
mobilenet v2 92.36 1.3 0.008
efficientnet b0 91.71 1.5 0.024

It is noteworthy from Table 2 that ResNet18 and DenseNet121 achieve the highest test accuracy (more
than 94%) with the minimum error reached in training phase. This performance indicates its superior
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ability to generalize across different facial expression datasets. Vgg16 and Vgg19 are too heavy for this
task (3.5 and 4 mins for less than 86% accuracy). Furthermore, Figure 6 and Figure 7 illustrates the
evolution of the Loss functions and the accuracies reached during the training phase for all models in
the first step. As observed, Vgg16 and Vgg19 are the worst models in termes of accuracies, DenseNet121
consistently reaches a lower training error compared to the other models, further confirming its robustness
and effectiveness for facial expression recognition

Figure 6. Loss functions evolution in the training step

Figure 7. Accuracies evolution in the training phase

Based on these results, the best-performing models selected for the second stage of progressive fine-
tuning were ResNet18 and DenseNet121. The test accuracy of both models improved equally, reaching
94.93Table 3 presents a comparative summary of several studies on facial expression recognition (FER)
using the CK+ dataset.

The study by Wu et al. [28] employs a method termed the Generic Model (GM), which incorporates
a modified CNN model with spatial normalization for classification. For feature extraction, the authors
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Table 3. Comparison method applied on CK+ dataset

Author Method Accuracy (%)

Wu & Lin [28] GooGleNet 85.71
AlexNet 85.87
AlexNet + SVM 86.83
GM 86.83
GM + AFM 87.78
GM + W-AFM 88.25
GM + W-CR-AFM 89.25

Mollahosseini et al. [11] STM + SVM 91.13
STM-ExpLet + SVM 94.19

Sawardekar & Naik [29] LBP with CNN 90.00
Sanin et al. [30] Cov3D + LogitBoost 92.30
Ouellet et al. [31] DCNN + SVM 94.40
Makhmudkhujaev et al. [32] LPDP 94.50
Bashar et al. [33] MTP + SVM 94.93
Turan et al. [34] LGBPHS + SLPM-NN 92.23

LPQ + SLPM-NN 94.61
LGBPHS + SVM 91.91
LPQ + SVM 94.93

Kim et al. [35] LBP + deep neural network 96.46
Zeng et al. [36] Deep learning + handcrafted feature 97.35
Debnath et al. [37] LBP + ORB + CNN model 98.13
Our study TL-DCNN 94,93

utilize Adaptive Feature Mapping (AFM), along with its weighted variant (W-AFM), and Weighted Cen-
ter Regression AFM (W-CR-AFM). They evaluate their approach by comparing its performance against
two well-established CNN architectures, AlexNet and GoogleNet. Their experimental results demon-
strate that the GM combined with W-CR-AFM achieves superior performance, attaining an accuracy of
89.25%.

Mollahosseini et al. [11] proposed a dynamic facial expression recognition framework based on spatio-
temporal manifold (STM) modeling and expressionlet learning (STM-ExpLet). Their approach captures
the temporal evolution of expressions by decomposing data into localized spatio-temporal modes, achiev-
ing robust alignment and discriminative representation. The method demonstrated strong performance,
reporting accuracies of 91.13% for STM and 94.19% for STM-ExpLet.

Sanin et al. [30] introduced spatio-temporal covariance descriptors (Cov3D) for feature extraction,
coupled with LogitBoost classifiers, achieving 92.30% accuracy.

Ouellet et al. [31] employed a Deep Convolutional Neural Network (DCNN) model for feature ex-
traction, followed by classification using a Support Vector Machine (SVM). Their DCNN architecture
comprises seven layers (including a logistic regression layer), with five convolutional layers and two fully-
connected layers. Features of interest were extracted from the fifth layer (prior to any fully-connected
transformation) and the sixth layer. These extracted features were then fed into an SVM for classification.

Makhmudkhujaev et al. [32] proposed the Local Prominent Directional Pattern (LPDP), a novel de-
scriptor that extracts statistical neighborhood information to generate robust facial features. Their
method achieved state-of-the-art performance with 94.5% recognition accuracy.

In [33], the authors propose an effective appearance-based facial feature descriptor called the Me-
dian Ternary Pattern (MTP), a novel local texture operator for facial expression recognition (FER). By
thresholding pixel intensities against the local median grayscale value and quantizing the neighborhood
into three levels, MTP robustly encodes texture information. When combined with an SVM classifier,
this approach achieves 94.93% recognition accuracy.

Turan et al. [34] employ two feature extraction methods—Local Gabor Binary Pattern Histogram
Sequence (LGBPHS) and Local Phase Quantization (LPQ)—for facial representation. They evaluate
classification performance using both Support Vector Machine (SVM) and Neural Network (NN) clas-
sifiers, with Subspace Learning Projection Matrix (SLPM) applied for dimensionality reduction in the
NN-based approach. The optimal configuration achieves 94.93% accuracy using LPQ with SVM.
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Kim et al. [35] proposed an efficient facial expression recognition algorithm that achieved 96.46%
accuracy by combining appearance and geometric features using deep neural networks. Their dual-
network approach integrates static appearance features, extracted from LBP-based Action Unit (AU)
information, with dynamic geometric features derived from facial landmark movements between neutral
and peak expressions. This feature fusion results in a more robust representation for accurate facial
expression analysis.

In [36], the authors proposed a general framework for embedding hand-crafted features into a deep
network for improved feature learning. This approach uses deep metric learning to guide the deep
network with hand-crafted features, enabling the learning of more discriminative representations. The
learned deep features are then fused with the hand-crafted features through a fusion network for final
recognition. This method achieved an accuracy of 97.35%.

The study in [37] proposed a model called ConvNet, which combines features extracted from Local
Binary Pattern (LBP), region-based Oriented FAST and Rotated BRIEF (ORB), and a Convolutional
Neural Network (CNN) for facial expression recognition. These features were fused and used as input to
train the ConvNet model. By leveraging this fusion-based approach, the method achieved a recognition
accuracy of 98.13%.

In summary, recent advancements in facial expression recognition (FER) have demonstrated the ef-
fectiveness of combining handcrafted features with deep learning approaches, as seen in table 3 by using
methods like GM with W-CR-AFM [28], STM-ExpLet [11], Cov3D [30], and MTP [33], achieving accura-
cies ranging from 89.25% to 94.93%. More recent works have pushed performance further by leveraging
deep networks and feature fusion strategies, with Kim et al. [35], [36], and [37] reporting accuracies of
96.46%, 97.35%, and 98.13%, respectively. Within this landscape, our work explores a transfer learning
(TL)-based approach using deep convolutional neural network models trained by a progressive fine tune
algorithm (the best accuracies was for ResNet18 and DenseNet121). Our study achieves a competitive
accuracy of 94.93%, demonstrating the potential of TL-based architectures in delivering high performance
with less reliance on complex feature engineering.

5. Conclusion. While numerous studies have explored deep learning models for FER, direct and com-
prehensive comparisons of transfer learning approaches under standardized conditions remain limited.
Most existing works either focus on a single model architecture, use different training protocols, or eval-
uate on multiple datasets without isolating the impact of model choice. To address this gap, our study
systematically benchmarks seven diverse and widely-used CNN architectures under identical training,
augmentation, and evaluation settings on the CK+ dataset. This controlled comparison not only identi-
fies the most effective base models for FER but also establishes a reproducible baseline for future research.
Our investigation demonstrates that among these models, ResNet18 and DenseNet121 achieve superior
performance, reaching 94.93Beyond methodological contributions, this work has practical implications
for real-world applications. In human-computer interaction, the identified efficient models enable more
responsive affective systems. Furthermore, in healthcare domains particularly mental health assessment,
reliable FER systems can assist clinicians in monitoring emotional states and detecting early signs of
psychological conditions, demonstrating the translational value of robust model benchmarking.
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