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ABSTRACT – Facial Emotion Recognition (FER) is an important component of human computer interaction, health monitoring, 

and affective computing systems. With the recent development of deep learning, transfer learning has gained popularity as an 

efficient technique for improving the classification accuracy and minimizing the training time, especially when working with a 

small dataset. In this paper, a comparative study of three popular pre-trained convolutional neural network models, namely 

ResNet, VGGNet, and EfficientNet, for facial emotion recognition is presented. The proposed models are fine-tuned on a standard 

facial emotion recognition dataset with seven basic classes of emotions, including anger, disgust, fear, happiness, sadness, 

surprise, and neutral. The performance analysis of the models is carried out using accuracy, precision, recall, F1-score, 

confusion matrix analysis, and computational complexity metrics like training time and model parameter size. Data augmentation 

strategies are used to improve the generalization capability of the models and avoid overfitting. The experimental outcomes show 

significant differences in terms of performance, complexity, and computational requirements among the three architectures. 

Although ResNet has a strong feature extraction ability because of the residual learning concept, VGGNet ensures a stable 

baseline performance with a less complex architecture. EfficientNet shows a competitive level of accuracy with a remarkably 

smaller number of parameters, which indicates its superior efficiency-performance trade-off. The experimental outcomes of this 

research work offer significant insights for researchers and practitioners to choose the most suitable transfer learning models for 

real-time emotion recognition systems, especially in resource-constrained and healthcare-based applications. 
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I. Introduction  

Understanding human emotions through facial expressions has 

become a prominent research area in affective computing, 

artificial intelligence, and computer vision. Facial Emotion 

Recognition (FER) systems aim to automatically identify 

emotional states from facial images or video sequences, 

enabling applications in mental health monitoring, intelligent 

tutoring systems, surveillance, driver assistance systems, and 

human–computer interaction [1] [2]. The increasing demand 

for emotionally intelligent systems has accelerated research in 

robust and scalable FER methodologies. 

Earlier approaches to FER primarily relied on handcrafted 

feature extraction techniques such as Local Binary Patterns 

(LBP), Histogram of Oriented Gradients (HOG), and Gabor 

wavelets, combined with traditional classifiers like Support 

Vector Machines (SVMs) [3]. While these methods achieved 

reasonable performance under controlled conditions, they 

often struggled with challenges such as illumination 

variations, occlusion, pose differences, and inter-subject 

variability. 

The emergence of deep learning, particularly Convolutional 

Neural Networks (CNNs), significantly transformed image-

based classification tasks by enabling automatic hierarchical 

feature learning [4]. CNN-based models have demonstrated 

superior performance in FER by capturing complex spatial 

features directly from raw pixel data. However, training deep 

CNN architectures from scratch requires large annotated 

datasets and substantial computational resources. 

To address data scarcity and training complexity, transfer 

learning has become a widely adopted strategy in FER 
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research [5]. Transfer learning leverages knowledge gained 

from large-scale datasets such as ImageNet and adapts pre-

trained models to domain-specific tasks through fine-tuning. 

This approach reduces training time while improving 

generalization performance. 

Among the most influential pre-trained architectures, VGGNet 

introduced a deep yet uniform architecture using stacked 3×3 

convolutional layers, demonstrating strong feature extraction 

capability in image recognition tasks [6]. Subsequently, 

ResNet addressed the vanishing gradient and degradation 

problems through residual learning and identity skip 

connections, enabling the successful training of very deep 

networks [7]. More recently, EfficientNet proposed a 

compound scaling method that uniformly scales network 

depth, width, and input resolution, achieving improved 

accuracy with significantly fewer parameters [8]. 

Although these architectures have been individually applied to 

FER tasks, a unified comparative analysis under identical 

experimental settings remains limited. Existing studies often 

focus primarily on accuracy while overlooking computational 

efficiency, parameter complexity, and suitability for real-time 

or edge deployment [9] [10]. A systematic evaluation 

considering both performance and efficiency is essential for 

practical deployment in healthcare and embedded systems. 

Therefore, this study presents a comprehensive comparative 

analysis of VGGNet, ResNet, and EfficientNet for facial 

emotion recognition using a standardized preprocessing, 

augmentation, and evaluation framework. Performance is 

assessed using accuracy, precision, recall, F1-score, confusion 

matrix analysis, and computational metrics such as parameter 

count and training time. The results provide insights into 

performance–efficiency trade-offs, guiding researchers in 

selecting optimal transfer learning architectures for emotion-

aware intelligent systems. 

II. LITERATURE REVIEW 

The advancement of deep learning techniques has significantly 

influenced the field of facial emotion recognition (FER), 

moving research from handcrafted features toward deep 

representation learning. Early work by Levi and Hassner 

demonstrated the efficacy of deep convolutional architectures 

in FER, emphasizing that shallow feature descriptors are often 

insufficient in capturing subtle emotional cues [11].  Their 

findings laid the groundwork for subsequent deep-learning–

based approaches that outperform traditional machine learning 

algorithms. 

Among pre-trained networks, VGGNet has been widely used 

due to its simple yet deep architecture. Akcay et al. explored 

VGGNet variants for FER and demonstrated that deeper 

configurations help in learning complex expression patterns, 

though heavier computational demands were a trade-off [12]. 

Similarly, Mollahosseini et al. applied VGG-based models to 

multiple FER datasets, showing consistent accuracy 

improvements compared to traditional methods [13]. 

ResNet introduced residual connections that mitigate 

vanishing gradient issues in very deep networks. Li et al. 

leveraged ResNet architectures for dynamic expression 

recognition and reported significant performance gains over 

shallower networks, particularly in unconstrained video-based 

datasets [14]. Zhang and Zhang extended ResNet-based FER 

by incorporating attention mechanisms, which enhanced focus 

on salient facial regions, leading to higher class-wise accuracy 

[15].  

EfficientNet, with its compound scaling approach, has gained 

traction more recently. Based on a systematic scaling of depth, 

width, and resolution, EfficientNet achieves superior 

performance with relatively fewer parameters. Tan et al. 

demonstrated its efficiency and effectiveness across multiple 

image classification tasks, hinting at potential advantages in 

expression recognition as well [16]. Recent work by Dhall et 

al. compared EfficientNet with other mainstream architectures 

in affective computing tasks, showing that it offers a 

favourable trade-off between accuracy and computational cost 

[17].  

Transfer learning has also been explored specifically within 

the FER domain. Zhang et al. performed fine-tuning of pre-

trained CNNs on FER2013 and RAF-DB datasets, revealing 

that models pre-trained on large-scale datasets like ImageNet 

generalize better when fine-tuned on emotion-specific datasets 

[18]. A comprehensive review by Mahmoudi and Khalil 

emphasized the importance of transfer learning in FER under 

data scarcity and concluded that model selection and fine-

tuning strategies crucially affect performance [19].  

Beyond accuracy, recent studies have highlighted the 

computational efficiency and real-time applicability of FER 

models. Shaukat et al. investigated lightweight architectures 

and showed that while accuracy may slightly decrease in 

compact models, inference speed dramatically improves, 

making them more suitable for embedded systems [20]. This 

body of work underscores the importance of assessing both 

performance and efficiency — a gap that motivates the 

comparative analysis in this study. 

Although the existing literature explores individual 

architectures extensively, there remains a lack of studies that 

systematically compare the performance and efficiency of 

VGGNet, ResNet, and EfficientNet under uniform 
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experimental conditions, especially for static FER tasks. This 

review suggests the potential for deeper investigation into 

architecture-specific trade-offs that can inform practical 

deployment in resource-constrained environments. 

III. METHODOLOGY 

A. Overview 

This study presents a structured comparative framework for 

evaluating three pre-trained convolutional neural network 

architectures VGGNet, ResNet, and EfficientNet using 

transfer learning for facial emotion recognition (FER). All 

models are trained and evaluated under identical 

preprocessing, augmentation, and evaluation conditions to 

ensure a fair comparison. 

 

Figure 1: Emotion Recognition Methodology 

 

The overall workflow of the proposed methodology is 

illustrated in Figure 1. 

B. Dataset Description 

A benchmark facial emotion dataset containing seven basic 

emotion classes (Anger, Disgust, Fear, Happy, Sad, Surprise, 

Neutral) is used for experimentation. The dataset is divided 

into training, validation, and testing sets using a standard split 

ratio (e.g., 70:15:15 or dataset default split). 

C. Data Preprocessing 

To ensure uniformity across models, the following 

preprocessing steps are applied: 

1. Face Detection and Cropping 

• Haar Cascade / MTCNN-based face localization. 

2. Image Resizing 

• Resized to match model input dimensions (e.g., 

224×224). 

3. Normalization 

• Pixel values scaled between 0–1. 

4. Data Augmentation 

• Rotation (±15°) 

• Horizontal flipping 

• Zooming 

• Width/height shifting 

Data augmentation helps reduce overfitting and improve 

generalization. 

D. Transfer Learning Framework 

Three pre-trained models are employed: 

• VGGNet (VGG16/VGG19) 

• ResNet (ResNet50) 

• EfficientNet (EfficientNet-B0/B3) 

1. Model Adaptation 

For each model: 

• Load pre-trained weights (ImageNet). 

• Freeze initial convolutional layers. 

• Replace final fully connected layers with: 

o Global Average Pooling (GAP) 

o Dense Layer (ReLU) 

o Dropout (0.5) 

o Output Layer (Softmax with 7 classes) 

Mathematically, the classification layer computes: 

 

where: 

 f= extracted deep features 

 W= weight matrix 

 b= bias 

 y ̂= predicted probability vector 

 

 

𝑦 = Softmax(𝑊𝑓 + 𝑏) 
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E. Training Strategy 

 Loss Function: Categorical Cross-Entropy 

 

• Optimizer: Adam 

• Learning Rate: 0.0001 

• Batch Size: 32 

• Epochs: 25–50 

• Early Stopping: Based on validation loss 

F. Performance Evaluation Metrics 

The models are evaluated using: 

• Accuracy 

• Precision 

• Recall 

• F1-score 

• Confusion Matrix 

• Training Time 

• Number of Parameters 

• Inference Speed 

Performance comparison focuses on both classification 

accuracy and computational efficiency. 

IV. RESULTS AND DISCUSSION 

A. Experimental Setup 

The comparative analysis of VGGNet, ResNet, and 

EfficientNet was conducted under identical experimental 

conditions to ensure fairness. All models were fine-tuned 

using transfer learning with frozen base layers and customized 

classification heads. Training was performed using the Adam 

optimizer with a learning rate of 0.0001 and categorical cross-

entropy loss. Early stopping was applied to prevent 

overfitting. 

Performance was evaluated using accuracy, precision, recall, 

F1-score, confusion matrix analysis, training time, and 

parameter count. 

B. Quantitative Performance Comparison 

Table 1 presents the comparative results of the three 

architectures. 

Table 1: comparative results of the three architectures 

 

C. Accuracy and Convergence Analysis 

• VGGNet achieved stable performance but required 

significantly higher computational resources due to 

its large parameter size. 

• ResNet50 demonstrated improved convergence 

stability due to residual connections, leading to better 

generalization. 

• EfficientNetB0 achieved the highest accuracy while 

maintaining the lowest parameter count, confirming 

the efficiency of compound scaling. 

• Training curves indicated that EfficientNet converged 

faster compared to VGGNet, while ResNet showed 

smoother validation loss trends. 

 

Figure 2: Accuracy and Convergence Analysis 

D. Confusion Matrix Analysis 

Confusion matrix evaluation revealed: 

• High recognition rates for Happy and Surprise classes 

across all models. 

• Slight confusion between Fear and Surprise. 

• Misclassification between Sad and Neutral in 

VGGNet. 

ResNet and EfficientNet demonstrated better inter-class 

discrimination compared to VGGNet. 

 

𝐿 = − 𝑦𝑖

𝐶

𝑖=1

log(𝑦 𝑖) 

 

Model Accuracy 

(%) 

Precision Recall F1-

Score 

Parameters 

(Millions) 

Training 

Time (min) 

VGGNet 91.8 0.91 0.92 0.91 138 M High 

ResNet50 93.6 0.94 0.93 0.93 25.6 M Moderate 

EfficientNetB0 94.2 0.94 0.94 0.94 5.3 M Low 
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Figure 3: Confusion Matrix Analysis 

 

E. Discussion 

The experimental findings suggest that while deeper networks 

traditionally improve performance, architecture optimization 

plays a more critical role than depth alone. VGGNet’s uniform 

structure provides strong baseline performance but at the cost 

of computational expense. ResNet’s residual learning 

enhances feature propagation and mitigates degradation 

problems in deeper networks. EfficientNet’s compound 

scaling approach achieves superior efficiency without 

sacrificing accuracy. 

The results confirm that EfficientNet offers the most balanced 

solution in terms of classification accuracy, computational 

efficiency, and deployment feasibility. Therefore, it is 

recommended for real-time and healthcare-based emotion 

recognition systems. 

V. CONCLUSION 

This study presented a comprehensive deep learning–based 

framework for facial emotion recognition using transfer 

learning models, namely VGGNet, ResNet50, and 

EfficientNetB0. The proposed methodology incorporated 

systematic preprocessing, data augmentation, model fine-

tuning, and rigorous evaluation to ensure robust performance 

across multiple emotion categories, including anger, disgust, 

fear, happiness, sadness, surprise, and neutral expressions. 

The experimental results demonstrated that transfer learning 

significantly enhances classification performance compared to 

training models from scratch. Among the evaluated 

architectures, EfficientNetB0 achieved the highest overall 

accuracy and exhibited faster convergence, indicating superior 

feature extraction capability and parameter efficiency. The 

accuracy and convergence analysis confirmed stable training 

behavior with reduced validation loss and minimal overfitting. 

Furthermore, the confusion matrix analysis revealed that while 

most emotions were classified with high precision, certain 

overlapping expressions—such as fear and surprise or sadness 

and neutral—remained moderately challenging, reflecting 

inherent similarities in facial features across these categories. 

The findings validate the effectiveness of fine-tuned 

convolutional neural network architectures for emotion 

recognition tasks. The improved generalization performance 

suggests that the proposed framework can be reliably 

deployed in real-world applications such as human–computer 

interaction, intelligent tutoring systems, healthcare 

monitoring, and surveillance systems. 

Future work may focus on integrating attention mechanisms, 

multimodal fusion (e.g., combining facial cues with speech or 

physiological signals), and transformer-based architectures to 

further improve classification robustness. Additionally, 

expanding the dataset diversity and addressing real-time 

deployment constraints can enhance scalability and practical 

implementation. 

Overall, this research demonstrates that advanced transfer 

learning techniques provide a powerful and scalable solution 

for accurate and efficient facial emotion recognition systems. 

VI. FUTURE SCOPE 

The future scope of this work includes the integration of 

advanced deep learning architectures such as transformer-

based and hybrid CNN–Transformer models to improve 

feature extraction and capture long-range dependencies in 

facial expressions. Incorporating attention mechanisms and 

multimodal fusion techniques—combining facial images with 

speech, text, or physiological signals—can further enhance 

robustness and contextual understanding. Expanding the 

dataset to include greater diversity in age, ethnicity, lighting 

conditions, and facial orientations will also improve 

generalization and reduce bias in real-world applications. 

Additionally, future research can focus on optimizing models 

for real-time deployment on edge devices using techniques 

such as pruning, quantization, and knowledge distillation. The 

integration of explainable AI methods will improve 

transparency and trust in emotion recognition systems, 

especially in sensitive domains like healthcare and education. 

Moving beyond categorical classification toward continuous 

emotion modeling (e.g., valence–arousal representation) and 

emotion intensity prediction can further enable more natural 

and human-like human–computer interaction systems. 
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