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 Facial expressions play a key role in non-verbal communication by naturally 

reflecting human emotions. Facial emotion recognition (FER) using 

computer vision has gained attention with advances in deep learning. 

However, deep learning models require large datasets to perform well, 

posing a challenge for FER tasks with limited data. Transfer learning is a 

promising approach to address this issue, but a standardized method for FER 

is yet to be established. This study optimizes three transfer learning models 

ResNet-50, Inception V3, and Xception on the FER-2013 dataset. 

Experiments include testing input image sizes, hyperparameter tuning, data 

augmentation, layer addition, and training methods. Results show each 

model requires different input sizes for best accuracy. Hyperparameter 

tuning improves accuracy by 6.35%, 4.69%, and 1.04% for ResNet-50, 

Inception V3, and Xception, respectively. Augmenting only the disgust class 

yields better accuracy than augmenting all classes. The freeze fine-tuning 

method is less effective than fine-tuning alone on datasets with thousands of 

samples but outperforms the freeze layer method. The best accuracies 

achieved are 64.89% (ResNet-50), 65.83% (Xception), and 66.40% 

(Inception V3). These findings provide insights into freeze fine-tuning 

limitations and guidance for optimizing transfer learning in FER with limited 

data. 
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1. INTRODUCTION 

Emotions or facial expressions are crucial in non-verbal communication and are one of the most 

natural ways to convey internal human feelings in personal interactions [1]. Emotions are generated from the 

movements of facial muscles and can be used to convey a range of signals in communication, from indicators 

of danger to subtle communicative signals [2]. Most psychological studies show that half of the information 

conveyed in a conversation comes from the emotions displayed [1]. Paul Ekman, a leading psychologist and 

researcher in the field of emotion psychology and facial expressions, discovered that humans universally 

express their emotions through seven distinct facial expression patterns: happiness, sadness, anger, fear, 

surprise, disgust, and neutrality [3]. 

Facial emotion recognition is one of the research branches of face recognition. Facial recognition is 

a biometrics technology that uses face recognition algorithms to recognize an individual by comparing an 

input facial image and a database of faces to find the face that best matches the input image [4]. Information 

about emotions or facial expressions obtained through image processing allows the system to operate 

similarly to how the human brain processes and recognizes information. The availability of this rich 
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information provides crucial clues for the system to interpret human intentions. Therefore, facial expression 

recognition has broad applications in various fields and is becoming a crucial component in the development 

of affective computing [1]. Emotion recognition is influenced by factors such as lighting, pose, background, 

viewing angle, the camera used to capture the image, and occlusion, which occurs when the face is blocked 

by an object [5]. Emotion recognition can be performed using facial image datasets, which then go through 

pre-processing and analysis stages using pattern recognition and machine learning techniques such as 

artificial intelligence (AI), computer vision, and deep learning [6]. 

Deep learning is a branch of machine learning where algorithms are inspired by the structure of the 

human brain, leading to the creation of artificial neural networks (ANN). Deep learning encompasses several 

algorithms, including long short term memory networks (LSTM), recurrent neural networks (RNN),  

self-organizing maps (SOM), and convolutional neural networks (CNNs) [7]. CNNs are a type of deep learning 

artificial neural network widely used in digital image analysis, proving to be highly effective in various pattern 

recognition and image classification tasks [8]. Transfer learning is an approach in deep learning that utilizes 

existing knowledge from one task to assist in model training on a different task. It can reduce the reliance on 

large amounts of labeled data and training costs, allowing the adaptation of trained models to new tasks [9]. 

Most early research on facial emotion recognition used laboratory-developed datasets, such as 

JAFFE [10] and CK+ [11]. Such laboratory datasets have the disadvantage of being too uniform, as they 

typically include only positive expressions without occlusion, which makes them less applicable to complex 

real-life situations. To overcome this problem, many facial emotion recognition studies have developed 

datasets collected in unrestricted, real-world environments [12], [13]. Among all datasets, the FER-2013 

dataset is one of the most commonly used ones, as it contains a large number of facial images captured in an 

unconstrained setting but still has drawbacks such as low image resolution (only 48×48 pixels), imbalanced 

class distribution, and expressions can vary greatly between individuals. This makes the emotion 

classification process more difficult. Transfer learning is very effective in addressing this challenge, as it 

allows models pre-trained on large datasets to be applied to smaller datasets like FER-2013, improving 

performance despite limited data. 

Several previous studies have shown that transfer learning is superior to building a model from 

scratch in facial emotion recognition. A study by Hung et al. [14] using Dense_FaceLiveNet with a two-stage 

transfer learning approach on the JAFFE, KDEF, and FER-2013 datasets successfully increased the accuracy 

to 91.93%, or 12.9% higher than without transfer learning. Another study comparing two approaches on 

CNN AlexNet and VGG16 with the RaFD dataset also showed that transfer learning not only produced 

higher accuracy (98.33%) but also significantly accelerated the training time [15]. The use of Inception V3 

and MobileNet-V2 pretrained models on the Emognition dataset also produced better performance than 

models built from scratch, with an accuracy of 96% and an F1-score of 0.95 [16]. In addition, the 

development of the lightweight RS-Xception model showed that transfer learning improved efficiency and 

accuracy on various datasets, including FER2013 and RAF-DB [17]. These findings confirm that transfer 

learning is a more effective approach for facial emotion recognition tasks, especially under limited data and 

complex environments. 

Some research on emotion recognition in the FER-2013 dataset using has been conducted 

previously. This includes a study by Yen and Li [1], which aims to determine the importance of using 

transfer learning for facial emotion recognition (FER) and the effect of training datasets and training types on 

transfer learning. The results of research on five transfer learning models show that class weight is the 

optimal technique for balancing data, the freeze+fine-tuning training method proposed in this study can 

improve accuracy without being affected by data size, and multi-stage training significantly improves model 

accuracy on the FER-2013 dataset. Research conducted by Shahzad et al. [18] aims to improve FER 

performance with a zoning-based method (ZFER) that extracts and divides facial reference points into four 

regions, using VGG-16 and fully connected neural network (FCNN) models for emotion classification. As a 

result, the method achieved 98.4% accuracy on the CK+ dataset and 65% on FER-2013, with zoning 

increasing the accuracy from 98.47% to 98.74% on CK+. Research conducted by Urnisha et al. [19] focuses 

on improving FER using the transfer learning method with MobileNetV2 architecture. The results showed an 

accuracy of 99% on random images and video clips, and an accuracy value of 61% on the FER-2013 dataset, 

showing progress in real-time facial expression recognition. Several previous studies have proven that 

transfer learning and the use of multiple training models can improve accuracy on the FER 2013 dataset. 

Summary of previous research related to facial recognition can be seen in Table 1. 

This study proposes an optimization of three transfer learning: ResNet-50, Inception V3 and 

Xception for facial emotion recognition on FER 2013 dataset by testing various strategies, such as image 

resizing, hyperparameter tuning, data augmentation, and the addition of dropout layers and batch 

normalization. In addition, training methods such as fine-tuning, freezing, and freeze fine-tuning are applied 

to the pre-trained models to identify the best combination for achieving the highest accuracy. Unlike previous 
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studies that considered freeze fine-tuning to be superior, the findings reveal that this method is less effective 

on small datasets like FER-2013. These results provide new insights into the limitations of freeze fine-tuning 

and offer practical guidance for optimizing transfer learning in facial emotion recognition tasks. 

 

 

Table 1. Summary of previous research 
No Authors (Year) Method Dataset Input type Accuracy/Notes 

1 [14] Dense_FaceLiveNet with 
two-stage transfer learning 

JAFFE, KDEF, 
FER-2013 

Image, 
Video 

Accuracy 91.93%, 12.9% higher than without 
transfer learning 

2 [15] CNN (AlexNet, VGG16) 

with transfer learning 

RaFD Image Transfer learning: Accuracy 98.33%, faster 

training time than from scratch 
3 [16] Inception V3, MobileNet 

V2 (pretrained) 

Emognition Video to 

Image 

Accuracy 96%, F1-score 0.95, outperformed 

optimized models from scratch 

4 [17] Lightweight RS-Xception 
(transfer learning-based) 

FER-2013, CK+, 
Bigfer2013, 

RAF-DB 

Image Transfer learning improved accuracy and 
efficiency across datasets 

5 [1] Xception, EfficientNet-B0, 
Inception, ResNet-50, 

DenseNet-121 

FER-2013 Image Freeze + fine-tuning improves accuracy; class 
weights effective for balancing 

6 [18] ZFER with VGG-16 and 
FCNN 

CK+, FER-
2013 

Image 98.4% (CK+), 65% (FER-2013); zoning 
improved CK+ accuracy to 98.74% 

7 [19] MobileNetV2  

(transfer learning) 

FER-2013 Image, 

Video 

99% (random images/video), 61% (FER-

2013); effective for real-time recognition 
8  This study (Proposed) ResNet-50, 

Inception V3, 

Xception 

FER-2013 Image Optimization through multiple 

strategies: i) input size testing, ii) 

hyperparameter tuning, iii) augmentation 
schemes, iv) additional architectural layers, 

and v) evaluation of three training methods 

 

 

2. BACKGROUND STUDY 

2.1.   Emotion recognition 

Facial emotions and expressions are crucial in non-verbal communication and serve as a natural way 

to convey human internal feelings in personal interactions [1]. Emotions arise from the movements of facial 

muscles and can communicate various signals in communication, from warnings to subtle cues. For instance, 

raising eyebrows or furrowing the brow during a conversation can convey messages without words [2], Such 

expressions help clarify emotions, intentions, or feelings and can strengthen or complement verbal 

communication. Studies in psychology indicate that about half of the information exchanged in conversations 

comes from displayed emotions [1]. For example, a conversation accompanied by a happy or sad face can 

significantly influence how the listener receives the message. Renowned psychologist Paul Ekman 

discovered that humans universally express emotions through seven similar facial expressions: happiness, 

sadness, anger, fear, surprise, disgust, and neutrality [3].  

Emotion recognition is influenced by factors like lighting, pose, background, perspective, camera 

quality, and occlusion, where a face is partially obstructed by another object. The accuracy of emotion 

recognition is largely dependent on the processing capabilities of the visual recognition system, supported by 

how information is understood and processed [5]. Emotion recognition can be performed using facial image 

datasets, which undergo preprocessing and analysis through pattern recognition techniques and machine 

learning methods like computer vision, artificial intelligence, and deep learning [6]. Recognizing emotions is 

essential as it enhances the quality of interactions between humans and computers, applicable in various 

fields. In tourism, AI-based facial emotion recognition can help assess tourists' satisfaction or dissatisfaction 

in real-time by analyzing facial expressions, allowing for more accurate response adjustments, such as 

offering additional solutions when negative emotions are detected to enhance customer experience [20]. In 

healthcare, emotion recognition technology aids in monitoring patients' emotional conditions, especially 

those with facial paralysis, facilitating diagnosis and treatment adjustments [21]. In education, facial emotion 

recognition helps assess student engagement in real-time, enabling educators to adjust teaching methods and 

materials to improve effectiveness and academic results [22]. Overall, this technology enables computer 

systems to respond to user emotions more humanely. 

 

2.2.  Transfer learning 

Transfer learning is a machine learning approach that enables the use of a model trained for one 

specific task as a starting point for addressing another related task. This method is especially advantageous 

when existing procedures that tackle the main issue are available, and the new task demands a large amount 

of data [23], It is frequently utilized across various model types, particularly CNNs in image recognition 

tasks. In transfer learning, the features from the pre-trained model are extracted, which means that training 
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can commence without starting from scratch. Typically, transfer learning models are trained on extensive 

datasets, and the parameters derived from these models can be utilized in specialized neural networks for 

other similar tasks. This allows the model to be directly employed for making predictions in new tasks or for 

training in related applications. 

 

2.2.1. ResNet-50 

ResNet-50 [24] is a popular CNN model designed to address network degradation in deep 

architectures. Its skip connections allow inputs to skip certain layers, helping to reduce vanishing gradients 

and overfitting. This design contributed to its success in winning the 2015 ImageNet challenge. 

 

2.2.2. Xception 

Xception [25] is a modern CNN model that combines concepts from GoogleNet and ResNet. Unlike 

those two models, Xception uses a separable convolution layer that separates spatial and cross-channel 

patterns. This reduces computational complexity, number of parameters, and memory usage while improving 

model performance. 

  

2.2.3. Inception  

Inception [26] or GoogleNet, was developed by Google to optimize parameter usage in networks. 

The model utilizes an efficient inception module, minimizing the number of parameters without sacrificing 

accuracy. Inception V3 is one of the most frequently used variants in facial emotion recognition. 

 

 

3. METHOD  

This study aims to optimize transfer learning for facial emotion classification on the FER-2013 

dataset by utilizing three pre-trained models: ResNet-50, Inception V3, and Xception. The experiments were 

conducted directly on Kaggle notebooks with P100 GPU accelerator. The local machine used for 

preprocessing and minor computations had the following specifications: Intel(R) Core(TM) i5-8265U, 4 GB 

RAM and running in Windows 11. All models were implemented using TensorFlow with Keras API, and 

additional Python libraries included NumPy, Pandas and Scikit-Learn. The optimization process is carried 

out in several stages and applied to each model. The first stage involves testing three variations of input 

image sizes to determine the most suitable resolution for each model. The second stage focuses on tuning 

four key hyperparameters: learning rate, batch size, optimizer, and epochs, aiming to find the best 

combination for each architecture. The third stage applies data augmentation to address the imbalance of the 

dataset with two types of schemes, applied only to the minority class and applied to all classes. In the fourth 

stage, architectural modifications are made by adding dropout layers and a combination of dropout layers and 

batch normalization to improve model generalization and stability. The final stage tests three different training 

methods to evaluate their impact on model performance. The best results from each stage serve as the basis for 

the next stage, ensuring that the optimal combination of settings and architectures is achieved for each model.  

All experiments were implemented using the TensorFlow and Keras frameworks in Python. The 

experiments were conducted using Kaggle Notebooks with the GPU P100 accelerator, supported by a personal 

laptop with an Intel(R) Core(TM) i5-8265U processor, 4 GB RAM, and Windows 11 operating system. Identical 

data splits and preprocessing steps were applied across all models to ensure fair comparison of performance. 

Figure 1 illustrates the overall research stages and experimental setup used in this study, providing a clear 

depiction of the workflow implemented for optimizing transfer learning on the FER-2013 dataset. 

 

 

 
 

Figure 1. Experimental setup and research stages of proposed method 
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3.1.  Dataset 

FER-2013 is a dataset introduced at an international conference on machine learning in 2013 [27]. 

It can be accessed for free through the Kaggle website. The FER-2013 dataset consists of 35,887 images 

with grayscale mode and an image size of 48×48 pixels. The FER-2013 dataset is divided into training data 

(27,809 images) and testing data (7,178 images), with each set further categorized into seven emotion 

classes: angry, disgust, fear, happy, neutral, sad, and surprise. A sample of FER-2013 facial emotion 

images is shown in Figure 2 and the distribution of images in the training and testing data can be seen in 

Table 2. 

 

 

       
       

       
       

Angry Disgust Fear Happy Neutral Sad Surprise 

 

Figure 2. Sample facial emotion images from the FER-2013 

 

 

Table 2. Dataset description 
Class Training Testing 

Angry 3.995 958 

Disgust 436 111 
Fear 4.097 1.024 

Happy 7.215 1.774 

Neutral 4.965 1.233 
Sad 4.830 1.247 

Surprise 3.171 831 

Total 27.809 7.178 

 

 

3.2.  Data pre-processing 

The data pre-processing stage includes changing the image mode to RGB and resizing the image to 

150×150 pixels, 200×200 pixels, and 224×224 pixels. This resizing aims to determine the most suitable input 

image size for each transfer learning model (ResNet-50, Inception V3, and Xception) to achieve the highest 

accuracy. All pixel values are normalized by scaling them to the range [0, 1] to standardize the input 

distribution. At this stage, testing experiments are carried out on the three transfer learning models to find the 

most suitable input image size for each transfer learning model so that it produces the highest accuracy value. 

This test was conducted using Adam optimizer, learning rate 0.001, batch size 64, and epoch 10 for each 

model. It is important to note that no data augmentation is applied at this stage, augmentation is implemented 

later in a separate experimental phase to assess its specific contribution to performance and class imbalance 

mitigation. 

 

3.3.  Feature extraction 

Feature extraction in this study applies three transfer learning models that have proven to excel in 

the image recognition process: ResNet-50, Inception V3, and Xception. Each transfer learning model utilizes 

a deep convolutional architecture to extract visual patterns from facial images in the FER-2013 dataset. The 

feature extraction process involves using the initial layers of these models to obtain relevant representations, 

which are then used in the classification stage. The architectural structure of ResNet-50, Inception V3, and 

Xception used as the baseline models in this study is illustrated in Figure 3. 
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ResNet50 Inception V3 Xception 

 

Figure 3. Transfer learning architecture 
 

 

3.4.  Hyperparameter tuning 

At this stage, the hyperparameter tuning test scenario will be conducted using the input image that 

achieved the best accuracy in previous tests for each model. ResNet-50 and Xception will use an input image 

size of 150×150 pixels, while Inception v3 will use an input image size of 224×224 pixels. Hyperparameter 

tuning testing is conducted to identify the optimal combination of optimizer, batch size, learning rate, and 

epoch for the three models that provide the best performance characterized by the highest accuracy value. 

The optimizers tested are Adam, RMSProp, and SGD. The batch sizes to be tested are 32, 64, and 128. The 

learning rates to be evaluated are 0.01, 0.001, and 0.0001. The number of epochs to be tested are 10, 50, and 

100. The default initial parameters used for all models are Adam optimizer, learning rate of 0.001, batch size 

of 64, and 10 epochs. 
 

3.5.  Augmentation 

To address the issue of class imbalance, particularly the limited number of disgust class images, two 

augmentation strategies are evaluated in a separate experimental phase. The first involves targeted 

augmentation applied only to the disgust class using OpenCV transformations (e.g., rotation, zoom, flipping). 

The second approach applies augmentation to all classes using the Augmentor library to maintain balanced 

representation. These methods aim to enhance training diversity and assess which augmentation technique 

yields the best accuracy across different models. Oversampling or weighted loss functions are not used in this 

study; augmentation is the primary strategy for handling imbalance. This testing stage uses the optimal 

parameters obtained from the previously conducted hyperparameter tuning scenarios. Augmentation 

parameters for the disgust class alone, as well as for all classes, are shown in Table 3. 
 

 

Table 3. Augmentation parameters only for disgust class and entire class  
Augmentation Library Parameter 

Only disgust class OpenCV (cv2) Rotate 90 Clockwise 
Rotate 90 Counterclockwise 

Rotate 180 

Flip Horizontal 
Flip Horizontal + Rotate 90 Degrees Clockwise 

Flip Horizontal + Rotate 90 Degrees Counterclockwise 

Flip Vertical 
Flip Vertical + Rotate 90 Degrees Clockwise 

Flip Vertical + Rotate 90 Degrees Counterclockwise 

Entire class 
(Including disgust class) 

Augmentor Rotate (Probability=0.5, Max_Left_Rotation=20, Max_Right_Rotation=20) 
Rotate_Random_90 (Probability=0.5) 

Width_Shift_Range = 0.2 

Height_Shift_Range = 0.2 
Flip_Left_Right(Probability=0.5) 

Flip_Top_Bottom(Probability=0.5) 

Fill_Mode = 'Nearest' 

Sample (7215) 
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3.6.  Addition of layers 

Dropout and batch normalization are crucial techniques in neural networks that enhance 

performance and training stability. Dropout reduces overfitting by randomly disabling some neurons during 

training, while batch normalization normalizes each mini-batch's input to accelerate training and mitigate 

vanishing gradient issues. Both techniques improve the generalization and efficiency of neural networks. 

Experiments with adding dropout and batch normalization layers aim to assess their impact on accuracy 

when augmenting the disgust class in each transfer learning model. The architecture of each model when 

adding dropout layers and batch normalization is presented in Figures 4 and 5. 

 

 

 

 

 
   

Figure 4. Dropout layer architecture  Figure 5. Dropout and batch normalization  

layer architecture 

 

 

3.7.  Training method 

Based on several previous studies, common training methods in computer vision research include 

fine-tuning, freeze layer, and freeze+fine-tuning. Fine-tuning involves taking a pre-trained model and 

adapting it to a new, more specific dataset. This process updates the weights of some or all network layers, 

allowing the model to learn features that are more relevant to the new data. 

Freeze layer is a strategy where certain layers in a neural network are kept frozen and not updated 

during the fine-tuning process. This means that the weights and parameters in these layers remain unchanged 

while only the other layers are allowed to adapt to new data. This technique helps prevent the waste of 
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computing resources and training time during the fine-tuning process. It is commonly used when applying 

transfer learning to extract features, as freezing the feature-extracting layers allows Fine-Tuning to focus on 

adapting more complex features relevant to new tasks. 

Freeze+fine-tuning is a combination of the two previous strategies and represents a new method 

introduced by Yen and Li [1]. In the initial stage, some or all layers (base layers/pre-trained method) are 

frozen to prevent updates during several training iterations. Once these frozen layers stabilize or converge, 

they are then unfrozen, and the entire network is retrained (fine-tuned) to better adapt to the new dataset. This 

approach combines the advantages of transfer learning with specific adjustments to new data, enhancing the 

method's adaptability to changing conditions or data characteristics. 

The training method test was conducted to determine which method performed best, as indicated by 

the highest accuracy value. Each method was tested without augmentation and with augmentation applied to 

the disgust class, incorporating dropout or batch normalization layers based on the best accuracy values 

obtained from previous tests. 

 

3.8.  Evaluation 

The evaluation of the study was conducted by applying a multi-class confusion matrix to calculate 

the accuracy parameters for each transfer learning model. The evaluation used 7,178 facial emotion images 

as test data. 

 

 

4. RESULTS AND DISCUSSION 

4.1.   Results 

4.1.1. Data pre-processing 

The results of the input image size testing show that the best accuracy for the ResNet-50 model is 

achieved at an image size of 150×150 pixels, with an accuracy value of 58.5400%. For the Inception V3 

model, the best accuracy obtained is 61.3402% at an image size of 224×224 pixels. The Xception model 

demonstrates the highest accuracy at an image size of 150×150 pixels, reaching an accuracy of 64.8231%. 

Based on the image size testing results, the Xception model outperforms the other two models as it has the 

highest accuracy. The results of the data pre-processing testing can be seen in Table 4. 

 

 

Table 4. Results of input image size experiments for each model 
Model Image size Accuracy Loss 

ResNet-50 150×150 58.5400% 1.4291 

200×200 56.7150% 1.7919 

224×224 56.3945% 1.5979 
Inception V3 150×150 59.0276% 1.1698 

200×200 60.4068% 1.2950 

224×224 61.3402% 1.1147 

Xception 150×150 64.8231% 1.3942 

200×200 62.3433% 1.7233 

224×224 59.0137% 1.9313 

 

 

4.1.2. Hyperparameter tuning 

In hyperparameter tuning, four scenarios were conducted. In the first scenario, three types of 

optimizers: Adam, SGD, and RMSProp, were tested using the following fixed parameters: learning rate = 0.001, 

batch size = 64, and epochs 10. The test results showed that the ResNet-50 model experienced an increase in 

accuracy when using the RMSProp optimizer, while the highest accuracy for the other two models was 

achieved with the Adam optimizer. The lowest accuracy across all models was observed when using the SGD 

optimizer. In the second scenario, three learning rate values were tested: 0.01, 0.001, and 0.0001, with each 

model using the optimizer that produced the best accuracy in the first scenario. The remaining parameters 

were set as follows: batch size = 64 and epochs 10. The test results showed that ResNet-50 and Inception V3 

achieved increased accuracy with a learning rate = 0.0001, while Xception reached the highest accuracy with 

a learning rate = 0.001. All models exhibited the lowest accuracy with a learning rate of 0.01. 

In the third scenario, three batch sizes: 32, 64, and 128, were tested with each model using the best 

optimizer and learning rate from the previous test scenario, and the remaining parameter was set to  

epochs = 10. The test results showed that the ResNet-50 model achieved higher accuracy with a batch size of 

128, while the highest accuracy for the other two models was obtained with a batch size of 64. The lowest 

accuracy for ResNet-50 and Xception was observed with a batch size of 32, while Inception V3 achieved its 

lowest accuracy with a batch size of 128. The test results indicate that Inception V3 and Xception achieved 
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increased accuracy with 50 epochs, whereas ResNet-50 showed improved accuracy with 100 epochs. In this 

scenario, all models experienced enhanced performance. The results of the hyperparameter tuning are 

presented in Table 5 to Table 8. The optimal hyperparameter tuning scenario for each model, which produced 

the best accuracy, is presented in Table 9. 

 

 

Table 5. Optimizer test results 
 

Model 
Scenario 1: Optimizer  

Optimizer Accuracy Loss 

ResNet-50 Adam 58.5400% 1.4291 
SGD 58.3728% 1.5121 

RMSprop 59.4455% 1.6206 

Inception V3 Adam 61.3402% 1.1147 

SGD 54.1655% 1.4524 

RMSprop 59.0694% 1.3616 

Xception Adam 64.8231% 1.3942 

SGD 53.3157% 1.2768 

RMSprop 60.2257% 1.6826 

 Table 6. Learning rate test results 
 

Model 
Scenario 2: Learning rate 

Learning rate Learning rate Learning rate 

ResNet-50 0.01 0.01 0.01 
0.001 0.001 0.001 

0.0001 0.0001 0.0001 

Inception V3 0.01 0.01 0.01 

0.001 0.001 0.001 

0.0001 0.0001 0.0001 

Xception 0.01 0.01 0.01 

0.001 0.001 0.001 

0.0001 0.0001 0.0001 

   

   

Table 7. Batch size test results 
 

Model 
Scenario 3: Batch size 

Batch size Accuracy Loss 

ResNet-50 32 58.8047% 3.1573 

64 60.9083% 2.8245 

128 64.3912% 2.9262 

Inception V3 32 64.3773% 1.6329 

64 64.8091% 1.7979 

128 62.2597% 1.8830 
Xception 32 59.6963% 1.4543 

64 64.8231% 1.3942 

128 61.5492% 1.4642 

 Table 8. Epoch test results 
 

Model 
Scenario 4: Epoch 

Epoch Epoch Epoch 

ResNet-50 10 10 10 

50 50 50 

100 100 100 

Inception V3 10 10 10 

50 50 50 

100 100 100 
Xception 10 10 10 

50 50 50 

100 100 100 

 

 

Table 9. Optimal hyperparameter tuning scenarios for each model 
Model Input shape Optimizer Learning rate Batch size Epoch 

ResNet-50 150×150 RMSprop 0.0001 128 100 

Inception V3 224×224 Adam 0.0001 64 50 
Xception 150×150 Adam 0.001 64 50 

 

 

4.1.3. Augmentation 

The results of data augmentation across all transfer learning models indicate that augmenting the 

disgust class in the FER-2013 dataset yields better accuracy compared to applying augmentation across all 

classes in the dataset. The augmentation applied to the disgust class, which is the minority class in the  

FER-2013 dataset, enables the transfer learning model to better recognize and deeply learn the image patterns 

within that class. However, the application of data augmentation to the FER-2013 dataset using the  

ResNet-50, Inception V3, and Xception transfer learning models did not significantly impact the overall 

model performance. In the ResNet-50 and Xception models, the implementation of augmentation led to 

accuracy decreases of 1.5185% and 1.3235%, respectively. Meanwhile, in the Inception V3 model, 

augmentation slightly increased accuracy by 0.1533%. The results of augmentation for the disgust class alone 

and for all classes in the FER-2013 dataset are presented in Table 10. 

 

 

Table 10. Augmentation testing results only for the disgust class and entire classes  
Model Augmentation Accuracy Loss 

ResNet-50 

None 64.8927% 3.1570 

Disgust 63.3742% 3.3166 

All Class 50.2647% 4.2476 

Inception V3 

None 66.0351% 1.9707 

Disgust 66.1884% 2.0119 

All Class 57.8434% 2.5671 

Xception 

None 65.8261% 2.4100 

Disgust 64.5026% 2.1018 

All Class 52.8002% 2.4890 
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4.1.4. Addition of layers 

Based on the experimental results of adding dropout and batch normalization layers to the disgust 

class augmentation, it can be seen that for the ResNet-50 model, the highest accuracy of 63.3742% was 

achieved without adding any layers. In contrast, the Inception V3 model achieved the highest accuracy of 

66.3973% when the dropout layer was included. In the Xception model, the highest accuracy of 65.4778% 

was achieved with the addition of both the dropout and batch normalization layers. For the ResNet-50 and 

Xception models, applying augmentation to the disgust class along with adding dropout or batch 

normalization layers did not improve accuracy compared to the models without augmentation. However, in 

the Inception V3 model, the inclusion of the dropout layer enhanced accuracy, surpassing the accuracy 

achieved without augmentation on the disgust class. The results of incorporating these layers into each model 

are presented in Table 11. A comparison of accuracy values with and without augmentation for the disgust 

class is shown in Table 12. 

 

 

Table 11. Experimental results of adding dropout layers and batch normalization  

to each model 
Model Layer Accuracy Loss 

ResNet-50 None 63.3742%  3.3166 

Layer Dropout 61.2566% 4.9117 

Layer Dropout + Batch Normalization 57.8434%  3.4950 
Inception V3 None 66.1884% 2.0119 

Layer Dropout 66.3973% 2.1880 

Layer Dropout + Batch Normalization 66.1884% 1.8499 

Xception None 64.5026% 2.1018 

Layer Dropout 24.7144% 1.9056 
Layer Dropout + Batch Normalization 65.4778% 2.1353 

 

 

Table 12. Comparison of accuracy values without applying augmentation,  

applying augmentation, and applying additional layers to each model 
Model Augmentation Layer Accuracy Loss 

ResNet-50 None None 64.8927%  3.1570 

Disgust None 63.3742%  3.3166 

Disgust Dropout 61.2566%  4.9117 

Inception V3 None None 66.0351%  1.9707 
Disgust None 66.1884%  2.0119 

Disgust Dropout 66.3973%  2.1880 

Xception None None 65.8261%  2.4100 

Disgust None 64.5026%  2.1018 

Disgust Dropout + Batch Normalization 65.4778% 2.1353 

 

 

The implementation of dropout and batch normalization layers resulted in a significant decrease in 

accuracy across all models. The application of dropout alone on the Xception model led to a substantial 

accuracy drop of 41.1117%, while ResNet-50 experienced a decrease of 3.6361%. In contrast, Inception V3 

showed a slight accuracy increase of 0.3622%, although this change was not significant. This indicates that 

the effects of using dropout and batch normalization layers can vary greatly depending on the transfer 

learning model employed. Adjustments based on deeper observations are necessary if these techniques are to 

be applied to transfer learning models. 

 

4.1.5. Training method 

Based on the test results, it can be concluded that all three transfer learning models achieved the best 

accuracy by applying the fine-tuning training method. For the ResNet-50 and Xception models, the highest 

accuracy was obtained without applying any augmentation or additional layers, with accuracy values of 

64.8927% and 65.8261%, respectively. In the case of the Inception V3 model, the best accuracy was 

achieved by applying augmentation and adding a dropout layer, resulting in an accuracy of 66.3973%. The 

training method test results are presented in Table 13. The combination of augmentation and layers that 

produced the highest accuracy for each model can be seen in Table 14, while the combinations of 

augmentation and additional layers for each transfer learning model during training are displayed in  

Table 15. 
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Table 13. Training method test results 
Model Layer Augmentation Training method Acc (%) Loss 

ResNet-50 

None None 
Fine Tuning 64.8927 3.1570 

Frezee Layer 39.9415 1.5731 

Freeze + Fine Tuning 60.5461 3.3006 

None Disgust 
Fine Tuning 63.3742 3.3166 

Frezee Layer 39.8300 1.6070 

Freeze + Fine Tuning 61.3123 3.7348 

Dropout Disgust 
Fine Tuning 61.2566 4.9117 
Frezee Layer 18.1666 1.9184 

Freeze + Fine Tuning 63.2488 6.1145 

Inception V3 

None None 
Fine Tuning 66.0351 1.9707 

Frezee Layer 56.7707 3.5197 

Freeze + Fine Tuning 63.7643 1.9639 

None Disgust 
Fine Tuning 66.1884 2.0119 

Frezee Layer 55.7119 3.6822 

Freeze + Fine Tuning 64.6420 1.8421 

Dropout Disgust 

Fine Tuning 66.3973 2.1880 

Frezee Layer 42.7835 1.5189 

Freeze + Fine Tuning 65.4221 1.7153 

Xception 

None None 
Fine Tuning 65.8261 2.4100 

Frezee Layer 54.7228 3.3743 

Freeze + Fine Tuning 64.2240 1.6895 

None Disgust 

Fine Tuning 64.5026 2.1018 

Frezee Layer 52.5355 3.5379 

Freeze + Fine Tuning 64.8091 1.6027 

Dropout + Batch 
Normalization 

Disgust 

Fine Tuning 65.4778 2.1353 

Frezee Layer 57.2026 1.8044 

Freeze + Fine Tuning 64.2658 1.8135 

 

 

Table 14. A combination that produces the best accuracy value for each model  
Model Metode training Layer Augmentation Acc (%) Loss 

ResNet-50 Fine tuning None None 64.8927 3.1570 

Inception V3 Fine tuning Dropout Disgust 66.3973 2.1880 

Xception Fine tuning None None 65.8261 2.4100 

 

 

Table 15. Combination of augmentation and additional layers for each model in the training method 
Training method Layer Augmentation Model Acc (%) Loss 

Fine tuning 
None None ResNet-50 64.8927 3.1570 
Dropout Disgust Inception V3 66.3973 2.1880 

None None Xception 65.8261 2.4100 

Freeze layer 
None None ResNet-50 39.9415 1.5731 
None None Inception V3 56.7707 3.5197 

Dropout + Batch Normalization Disgust Xception 57.2026 1.8044 

Freeze + Fine tuning 
Dropout Disgust ResNet-50 63.2488 6.1145 
Dropout Disgust Inception V3 65.4221 1.7153 

None Disgust Xception 64.8091 1.6027 

 

 

4.2.  Discussion 

The results of this research were obtained from a series of tests such as testing input image size, 

hyperparameter tuning, data augmentation, adding dropout layers, and batch normalization to the transfer 

learning model architecture and determining the appropriate model training method. This test provides some 

information regarding the performance of the transfer learning model in various conditions so that it can help 

identify the best combination of methods to achieve optimal accuracy on the FER-2013 dataset.  

The results of testing different input image sizes show differences in the accuracy values obtained in 

each transfer learning model. Choosing an appropriate input image size can help the transfer learning model 

effectively capture and analyze image information, thereby enhancing its ability to recognize and classify 

images accurately. It is important to note that the optimal input image size is not necessarily the one with the 

highest resolution. This research demonstrates that ResNet-50 and Xception achieve their best accuracy with 

the smallest input image size of 150×150 pixels, while Inception V3 performs best with the largest input 

image size of 224×224 pixels. 

The hyperparameter tuning test results show that selecting the optimizer, learning rate, batch size, 

and epoch for each transfer learning model is very important to improve the learning ability and accuracy of 

the model. Selecting the right hyperparameter tuning can help increase the efficiency and accuracy of the 
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model in recognizing data that has never been encountered or seen before. This can be proven from the 

results of hyperparameter tuning testing on ResNet-50, Inception V3, and Xception which increased model 

accuracy by 6.3527%, 4.6949%, and 1.039% respectively. 

The results of data augmentation in all transfer learning models show that data augmentation in the 

disgusting class in the FER-2013 dataset has better accuracy when compared to augmenting all classes in the 

FER-2013 dataset. The augmentation applied to the disgust class alone, which is a minority class in the  

FER-2013 dataset, allows the transfer learning model to better recognize and study in depth the image 

patterns in the disgust class. Applying data augmentation to the FER-2013 dataset using the ResNet-50, 

Inception V3, and Xception transfer learning models did not have a significant impact on overall model 

performance. In the ResNet-50 and Xception models, applying augmentation causes a decrease in accuracy 

of 1.5185% and 1.3235%. Meanwhile, in the Inception V3 model, applying augmentation can increase 

accuracy, although only by 0.1533%.  

The addition of dropout and batch normalization layers in the transfer learning model architecture 

and the application of augmentation to the disgust class were carried out to determine the potential for 

increasing accuracy in the transfer learning model. The results show that applying layer dropout and batch 

normalization shows a very significant decrease in accuracy for all models. Applying the dropout layer alone 

results in a significant accuracy decrease in Xception, dropping to 41.1117%. In ResNet-50, it leads to a 

3.6361% decrease in accuracy. However, in Inception V3, it causes a slight increase in accuracy of 0.3622%. 

This indicates that the impact of using dropout and batch normalization layers can vary greatly depending on 

the transfer learning model employed. Adjustments need to be made with more in-depth observations if you 

want to apply them to the transfer learning model. 

Testing several training methods, including fine-tuning, freeze fine-tuning, and freeze layers, 

revealed that fine-tuning provided the best performance. It achieved the highest accuracy values across all 

transfer learning models used. The freeze-fine tuning method [1] turns out to have lower performance when 

compared with the fine-tuning method but turns out to be better when compared with the freeze-layer 

method. This is evident from the significant increase in accuracy values for all transfer learning models that 

apply the freeze fine-tuning method when compared with the application of the freeze layer method. 

The results of this research reveal significant differences compared to Yen's research [1], which 

shows that the freeze-fine-tuning method performs better than the fine-tuning method. Yen's research [1] 

used the source dataset ImageNet (14,197,122 images) and AffectNet (0.4 million images) with the target 

dataset FER-2013 (35,887 images), whereas this study only used the FER-2013 dataset which was divided 

into train data (28,709 images) and test data (7,178 images). The differences in the results of this study can be 

caused by differences in the number of datasets used in the training process. Freeze-fine tuning does have 

better performance than fine-tuning on very large training datasets with millions of images. Meanwhile, on a 

small training dataset that only has thousands of images, fine-tuning performance is proven to be superior 

when compared to freeze fine-tuning performance on all transfer learning models used. A comparison of the 

accuracy values obtained in this research with previous research can be seen in Table 16. 

 

 

Table 16. Comparison of results of this study with those of previous studies 
Technique/Model Source dataset Target dataset Accuracy 

CNN [28] FER-2013 FER-2013 65,97% 

ResNet-50 (This Study) FER-2013 FER-2013 64.89 % 

ResNet-50 [1] ImageNet FER-2013 70% 

Improved ResNet-50 [29] FER-2013 FER-2013 57.31% 

ResNet-50 [30] FER-2013 FER-2013 62,55 % 
Inception V3 (This Study) FER-2013 FER-2013 66.40 % 

Inception V3 [1] ImageNet FER-2013 65 % 

Inception V3 [31] FER-2013 FER-2013 63,9 % 
Inception V3 [32] FER-2013 FER-2013 63,21 % 

Xception (This Study) FER-2013 FER-2013 65.83 % 

Xception [1] ImageNet FER-2013 67% 

Xception [30] FER-2013 FER-2013 60,35% 

 

 

5. CONCLUSION 

This study compares the performance of transfer learning models ResNet-50, Inception V3, and 

Xception in recognizing facial emotions using the FER-2013 dataset. Initially, Xception outperformed both 

ResNet-50 and Inception V3. However, after implementing various adjustments, Inception V3 exhibited 

superior performance compared to the other two models. 
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The techniques applied during data preprocessing, hyperparameter tuning, data augmentation, layer 

addition, and different training methods had varied impacts on model accuracy. Input image size significantly 

influenced transfer learning performance; larger images did not always lead to higher accuracy, with some 

models performing better with smaller images. Hyperparameter tuning was crucial for identifying optimal 

parameters that could enhance the accuracy of each model significantly. Data augmentation had a minimal 

effect, as indicated by slight changes in accuracy across models. The addition of layers, such as dropout and 

batch normalization, showed varying impacts, often resulting in decreased accuracy. Among the training 

methods tested, fine-tuning proved to be the most effective in improving accuracy compared to freeze-fine 

tuning and freezing layers. 

The evaluation results indicate that the fine-tuning training method achieved the highest accuracy on 

the FER-2013 dataset. This finding contrasts with Yen's study, which claimed that freeze-fine tuning was 

superior for large datasets like ImageNet and AffectNet. In contrast, fine-tuning was more effective for the 

smaller FER-2013 dataset.  

The differences in accuracy may stem from the dataset sizes used in the studies, with freeze-fine 

tuning being more effective for very large datasets, while fine-tuning yielded better results on smaller 

datasets like FER-2013. This highlights the importance of selecting training methods based on the size and 

characteristics of the dataset to achieve optimal performance. 
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