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ABSTRACT

Facial emotion detection (FER) is now a fundamental component of human-computer interaction, allowing
systems to successfully understand and detect to human emotions. However, developing accurate FER systems
often requires the use of significant annotated datasets and significant computational resources. This research
proposes a model for facial emotion detection based on transfer learning. In this paper, ResNet50, residual neural
network architecture with 50 layers is used for recognition of human emotion. The suggested model is tested on
CK+ and FER+ datasets. The suggested model outperformed other baseline techniques with classification
accuracy of 62.8% on FER+ and 97.6% on CK+.
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1. INTRODUCTION

One of the most important aspects of nonverbal communication is the understanding of human emotions from
facial expressions. As technology becomes more and more integrated into everyday life, a key area of research in
artificial intelligence is how to make machines understand and react to human emotions. Facial Emotion
Recognition (FER) is used in a wide range of applications, including evaluations of mental wellness and
personalized learning environments, as well as driver monitoring systems and interactive forms of entertainment

[1].

Despite increased interest, FER remains a challenging endeavor due to the broad range of facial emotions across
humans, traditions, environments, and obstacles. Conventional machine learning techniques for facial emotion
detection rely on handcrafted features, emotion-specific datasets, which could restrict ability to be generalized and
scalability [2]. The latest developments in deep learning, specifically Convolutional Neural Networks (CNNSs),
have considerably increased facial emotion classification performance. But developing deep neural networks from
beginning is extremely expensive and often needs large volumes of information with labels, which are frequently
insufficient in emotion recognition applications. To solve these restrictions, this study investigates the use of
transfer learning that have been trained for huge-scale image classification tasks and applies them to the FER.
This study aims to develop a transfer learning-based FER model on publically available datasets.Several already
trained networks are currently accessible, such as DeepNet, ResNet, GoogleNet, and AlexNet[3-6] .

This research is divided into five phases. In the first, the problem's statement and inventive ideas are presented.
The associated material is illustrated in the second part. In the third section, the suggested model is discussed. The
outcomes of the study are shown in the fourth section. The summary of the work is presented in the last part.

2. RELATED WORK

Traditional two-step method of machine learning has been applied to detecting emotion. In the initial phase, a
classifier like the Support Vector Machine , a neural network, a random forest , etc. is applied to identify the
emotions, and in the second step, a variety of significant characteristics as well as features are obtained from the
images[9-10].

Q. Wei [11] presented a salient feature extraction based deep convolutional network. Khan, et al. [12] proposed a
novel saliency map methods for recognition of human facial emotion.

Zhao et al. [13] proposed a saliency maps based method to compare different techniques qualitatively. Authors
[14] implemented deep-learning-based based using "LayerWise Relevance Propagation™ (LRP) and "Spectral
Relevance Analysis" (SpRAY). Khattak et al. [15] developed an effective deep learning approach to classifying
age as well as gender from expressive facial features and for recognizing emotional responses. Using a modified
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joint trilateral filter and a deep convolutional neural network, Kumari et al. [16] designed an efficient emotion-
based facial recognition model. Kong et al. [17] used the voting technique to identify a cromegaly from human
facial photos.

Using a dataset of 26,000 patient cases, Gurovich et al. [18] developed a deep convolutional neural network and
achieved accuracy of 60%.

A transfer learning-based approach was presented by Jin et al. [19] to identify several disorders from facial
photos, including leprosy, Down syndrome, hyperthyroidism, and beta-thalassemia.

Several models were developed by the authors using pre-trained models such as VGG 16, ResNet50, and AlexNet
as feature extractors and used disease-specific face (DSF) dataset [20].

Razavian et al. [21] showed how well convolutional neural networks trained on massive datasets, like ImageNet,
operate as feature extractors in the context of applying transfer learning to medical diagnosis. A system for
identifying six developmental diseases from facial photos was presented by Shukla et al. [22] using deep
convolutional neural networks.

In conclusion, it is clear that CNN architecture produces good results for classification tasks and can be applied to
FER applications. Transfer learning can be used to reduce computational complexity and enhance accuracy by
transferring knowledge from a pre-trained network architecture trained with high resolution images from a large
dataset to learn on a new, smaller dataset without losing classification performance.

In this research paper, developed an efficient model based on ResNet50 model, which was previously trained on
ImageNet dataset. This method concatenates additional layers on top of the previous ResNet50 model to create a
modified trained model. The model is then tested on the benchmark datasets.

3. PROPOSED MODEL

Figure 1 presents the suggested transfer learning model with ResNet50 network. In this proposed work, important
image features are extracted using the convolution process and their dimensions are reduced via pooling. To
improve the model's performance, batch normalization and activation function ReLU are applied.

Architecture of Resnet50 network

The architecture of ResNet50 is separated into five different layers, as shown in the figure 1. The size of the input
image is 128x128x3. First layer is convolutional layer, second layer is batch normalization, third layer is ReLu
and fourth layer is maxpool. In stage 2, 3, 4, first layer is convolutional layer second layer is Id block. For
classification, Average pool, flattening and fully connected layers is used.
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Figure 1: Architecture of ResNet50 for facial emotion recognition.
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4. EXPERIMENT AND RESULTS

The proposed model is trained on a 2GB NVIDIA GeForce MX150 GPU with 8th Gen Intel Core i5-8250U
processor, 1.6 GHz base processor speed (6MB Cache, up to 3.4 GHz), All the parameters have been fixed during
implementation. The Learning rate () was set to 0.01, batch size to 16. The proposed model is tested on CK+[7]
and FER+[8] benchmark dataset.
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Figure 2: Training accuracy vs loss of ResNet50 on CK+ dataset.
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Figure 3: Confusion matrix of CK+ Dataset
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Figure 2 illustrates the accuracy and loss curves for the CK+ dataset over the training epochs. The training loss at
the final epoch is approximately 0.0243, while the testing accuracy reaches 97.6%. Figure 3 further highlights the
performance of the proposed model on the CK+ dataset, reporting a testing accuracy of 97.64%.
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Figure 4: Training accuracy vs loss of ResNet50 on FER+ dataset.

Figure 4 presents the accuracy and loss curves for the FER+ dataset over the training epochs. It shows that the
training loss at the final epoch is approximately 1, while the accuracy reaches 97.6%. Figure 5 illustrates the
performance of the proposed model on the FER dataset, where it achieves a testing accuracy of 62.8%.
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Figure 5: Accuracy of Resnet50 for each class on FER+ dataset.

Copyrights @ Roman Science Publications Ins.
International Journal of Applied Engineering & Technology

Vol. 4 No.3, December, 2022

461



International Journal of Applied Engineering & Technology

CONCLUSION

This research work presents a deep residual network, ResNet-50, for facial emotion detection. The proposed
framework employs convolutional layers for feature extraction and pooling layers to reduce feature
dimensionality. To improve performance, batch normalization and the ReLU activation function are incorporated.
The proposed research model is evaluated on two benchmark datasets CK+ and FER+. On the CK+ dataset, it
achieves the highest accuracy of 97.6%, whereas on the FER+ dataset, it attains 62.8%.
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