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Abstract. Facial emotion detection systems have witnessed significant advancements, particularly with
the utilization of convolutional neural networks (CNNs). This paper provides a thorough survey of such
systems, beginning with an introduction to artificial intelligence and the evolutionary trajectory of neural
networks, including artificial neural networks (ANNs), recurrent neural networks (RNNs), and CNNs. The
paper elaborates on CNNs' architecture and functionality, elucidating key components such as
convolutional layers, pooling layers, and fully connected layers, while also spotlighting prominent CNN
architectures like AlexNet and ResNet. It delineates the broad scope and diverse applications of facial
emotion detection systems across various domains, including marketing research, crowd testing, Al robots,
banking, and entertainment. In the literature review section, recent research papers on CNN models for
facial expression recognition are synthesized, highlighting variances in datasets, methodologies, and
accuracy levels. The paper concludes that CNNs represent the current pinnacle of facial emotion
classification techniques, surpassing previous methodologies such as eigenfaces. It underscores the
efficacy of deep CNN architectures trained on extensive facial image datasets in proficiently identifying
emotions from facial expressions. Moreover, the paper emphasizes the necessity for ongoing endeavors to
enhance accuracy, particularly concerning complex emotions like disgust. In essence, CNNs exhibit
substantial promise for the development of real-world facial emotion detection systems, heralding a new
era of sophisticated emotion recognition technology.

Keywords: Facial emotion detection, Convolutional neural networks, Artificial intelligence, Neural
network architectures

1. INTRODUCTION

Facial emotion recognition has become a burgeoning field of study, propelled by advancements in artificial
intelligence and machine learning techniques. The ability to automatically analyze human facial expressions holds
immense potential across various domains, including healthcare, education, human-computer interaction, and
driver safety systems. By accurately detecting and interpreting emotions from facial cues, researchers and
developers aim to enhance medical diagnoses, facilitate personalized education for individuals with learning
disabilities, improve user experiences in interactive technologies, and enhance safety measures in transportation.
Historically, the analysis of facial expressions relied on manual observation and interpretation, a time-consuming
and subjective process prone to errors. However, recent breakthroughs in deep learning, particularly with the
advent of convolutional neural networks (CNNs), have revolutionized facial emotion detection. CNNs, inspired
by the biological processes of visual perception, have demonstrated exceptional capabilities in learning
hierarchical representations from raw image data, making them well-suited for tasks such as facial feature
extraction and emotion classification.

This report undertakes a comprehensive review and critique of a recent research paper published in the
International Journal of Advance Research and Innovative Ideas in Education (IJARIIE), which explores the
utilization of CNNs for facial emotion detection systems. The selected paper not only provides insights into the
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technological underpinnings of CNNss and their application in facial emotion recognition but also delves into the
practical implications and challenges associated with deploying such systems in real-world scenarios. The
overarching goal of this report is to critically evaluate the methodology, findings, and implications presented in
the chosen research paper. Through a rigorous analysis, we seek to assess the validity of the authors' claims
regarding the effectiveness and feasibility of CNN-based facial emotion detection systems. Furthermore, we aim
to identify areas of strength and weakness in the paper's approach, highlight potential avenues for future research,
and offer recommendations for advancing the field. By synthesizing the insights gleaned from the reviewed paper
and contextualizing them within the broader landscape of facial emotion recognition research, this report aims to
contribute to a deeper understanding of the capabilities and limitations of CNNs in this domain. Ultimately, our
findings seek to inform and guide future research endeavors aimed at developing more robust, reliable, and
ethically sound facial emotion detection systems.

2. RELATED WORKS

Facial emotion recognition (FER) using convolutional neural networks (CNNs) has witnessed significant
advancements in recent years, driven by the growing demand for automated emotion analysis in various fields
such as healthcare, education, and human-computer interaction. This literature review aims to delve deeper into
the contributions and methodologies of recent research papers in this domain. Mehendale (2020) introduced a
novel approach termed Facial Emotion Recognition using Convolutional Neural Networks (FERC), which
proposes a two-tier CNN structure for FER. The primary objective of this approach is to isolate core expressional
vectors (EVs) from facial images while eliminating background noise. Mehendale's model achieved impressive
accuracy rates, demonstrating the effectiveness of CNNs in accurately recognizing facial emotions. This work
underscores the importance of preprocessing techniques and feature extraction in enhancing FER performance.
Jaiswal (2020) developed a facial expression classification model using CNNs, with a focus on depth-wise
separable convolutions and pointwise convolutions. Despite encountering challenges in accurately recognizing
certain emotions, such as disgust, the model demonstrated promising accuracy rates. Jaiswal's study highlights the
potential of CNN-based approaches in FER applications and underscores the importance of addressing challenges
in recognizing diverse facial expressions.

Dhanya et al. (2022) proposed a five-layer CNN architecture for emotion analysis, achieving remarkable accuracy
on the FER2013 dataset. Their work emphasizes the importance of diverse CNN architectures in capturing
complex features from facial images and accurately classifying emotions. By leveraging deep learning techniques,
Dhanya et al. showcase the potential of CNNs in addressing the inherent complexities of FER tasks. Arvind et al.
(2022) introduced a facial emotion recognition system that incorporates Gabor filtering and CNN-based
classification. By preprocessing facial images with Gabor filters and training a CNN model, they achieved high
accuracy rates, highlighting the importance of preprocessing techniques in improving FER performance. Arvind
et al.'s research underscores the robustness and generalizability of CNN-based FER systems across different
datasets and domains. Moreover, studies by SoadAlmabdy and LamiaaElrefaei (2019), Li et al. (2019), and
Saravanan et al. (2019) have also contributed significantly to advancing CNN-based approaches for FER. These
studies explore various aspects of CNN architectures, preprocessing techniques, and dataset utilization, further
enriching the understanding of FER methodologies. Additionally, research by Ko (2018), Singh and Jasmine
(2019), Lawrence et al. (1997), and Hashmi (email: Sameer.aqib@northsouth.edu) provides valuable insights into
face recognition and detection methods, laying the groundwork for FER research and highlighting the
interdisciplinary nature of this field. Collectively, these studies underscore the significant progress made in CNN-
based FER systems and highlight the potential of deep learning techniques in addressing the complexities of
emotion recognition from facial expressions. Further research in this area holds promise for developing more
robust and accurate FER systems with diverse applications in real-world scenarios.
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TABLE 1. Literature Review: Recent Studies on Facial Emotion Recognition Using CNNs

Study Methodology Key Findings
- Introduced a novel approach for FER using CNNs. -
Proposed a two-tier CNN | Implemented a two-tier CNN structure to isolate core
Mehendale (2020) structur.e.terme'd Facial Em(.)tion ex.prf:ssif)nal vectors (EVs). from fac%al imgges wh.ile
Recognition using Convolutional | eliminating background noise. - Achieved impressive
Neural Networks (FERC). accuracy rates, demonstrating the effectiveness of CNNs
in accurately recognizing facial emotions.
Developed a facial expression | - Demonstrated promising accuracy rates in classifying
classification model using CNNs, | facial expressions. - Highlighted challenges in
Jaiswal (2020) focusing on depth-wise separable | accurately recognizing certain emotions, such as disgust.
convolutions and  pointwise | - Showcased the potential of CNN-based approaches in
convolutions. FER applications.
Proposed a five-layer CNN | - Emphasized the importance of diverse CNN

Dhanya et al. (2022)

architecture for emotion analysis,
achieving remarkable accuracy
on the FER2013 dataset.

architectures in accurately classifying emotions. -
Showcased the potential of CNNs in addressing the
complexities of FER tasks.

Arvind et al. (2022)

Introduced a facial emotion
recognition system incorporating
Gabor filtering and CNN-based
classification.

- Achieved high accuracy rates by preprocessing facial
images with Gabor filters and training a CNN model. -
Highlighted the importance of preprocessing techniques
in improving FER performance. - Demonstrated the
robustness of CNN-based FER systems across different
datasets and domains.

Lietal. (2019)

Investigated emotion recognition
using CNNs.

- Explored various CNN architectures for emotion
recognition tasks. - Enriched the understanding of FER
methodologies.

- Contributed to advancing CNN-based approaches for

Saravanan et al. (2019) Explor.ec.l f acial emotion FER. - Explored preprocessing techniques and dataset
recognition using CNNss. e e
utilization in FER tasks.
Reviewed facial emotion
Ko (2018) recognition based on | - Provided insights into visualization methods for FER.
visualization methods.
Singh & Jasmine (2019) Investigated facial recognition | - Contributed to the understanding of face recognition

systems.

methods.

Lawrence et al. (1997)

Explored face recognition using
CNNGs.

- Laid the groundwork for CNN-based approaches in
face recognition.

Hashmi (email:
Sameer.aqib@northsouth.edu)

Investigated face detection in
extreme conditions using
machine learning approaches.

- Explored machine learning methods for face detection
tasks.

Proposed a two-tier CNN
structure termed Facial Emotion

- Introduced a novel approach for FER using CNNs. -
Implemented a two-tier CNN structure to isolate core

Mehendale (2020) 7 ) ; expressional vectors (EVs) from facial images while
Recognition using Convolutional eliminating background noise. - Achieved impressive
Neural Networks (FERC). accuracy rates, demonstrating the effectiveness of CNNs
in accurately recognizing facial emotions.
Developed a facial expression | - Demonstrated promising accuracy rates in classifying
classification model using CNNs, | facial expressions. - Highlighted challenges in
Jaiswal (2020) focusing on depth-wise separable | accurately recognizing certain emotions, such as disgust.

convolutions  and

convolutions.

pointwise

- Showcased the potential of CNN-based approaches in
FER applications.
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Study

Methodology

Key Findings

Arvind et al. (2022)

Introduced a facial emotion
recognition system incorporating
Gabor filtering and CNN-based
classification.

- Achieved high accuracy rates by preprocessing facial
images with Gabor filters and training a CNN model. -
Highlighted the importance of preprocessing techniques
in improving FER performance. - Demonstrated the
robustness of CNN-based FER systems across different
datasets and domains.

SoadAlmabdy & LamiaaElrefaei
(2019)

Explored deep  CNN-based
approaches for face recognition.

- Provided insights into CNN architectures for face
recognition tasks. - Contributed to the advancement of
CNN-based approaches in FER.

Lietal. (2019)

Investigated emotion recognition
using CNNs.

- Explored various CNN architectures for emotion
recognition tasks. - Enriched the understanding of FER
methodologies.

- Contributed to advancing CNN-based approaches for

Saravanan et al. (2019) EXplor.ecll f acial emotion FER. - Explored preprocessing techniques and dataset
recognition using CNN’s
’ utilization in FER tasks.
3. PROPOSED MODELS

(a)

(b)

Input image CNN for
Or frame from * background »| Face vector
video removal
— e Expressional
Predicted CNN for vector
emotion classification extraction

Mood: Happy

Facial emotion recognition (FER) is a burgeoning field within artificial intelligence (Al), with applications ranging
from human-computer interaction to mental health monitoring. In order to develop robust FER systems, it is
crucial to implement a comprehensive methodology encompassing data collection, preprocessing, neural network
setup, and advanced feature extraction techniques. This section outlines a systematic approach to building a state-
of-the-art FER system utilizing Convolutional Neural Networks (CNNs) and advanced background removal

mechanisms.

3.1 Data Collection and Preprocessing: The initial step involves curating a diverse dataset containing facial
images displaying a spectrum of emotions, including anger, sadness, happiness, fear, and surprise. To ensure
consistency and quality, preprocessing tasks such as resizing, normalization, and conversion to grayscale are

performed on the dataset.
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3.2 Neural Network Setup: A CNN architecture is employed for FER, configured with multiple layers and filter
configurations. Hyperparameters are fine-tuned to optimize the CNN's performance in accurately recognizing and
classifying emotions from facial images. Regular monitoring and adjustment of the model during training enhance
its ability to generalize across diverse emotional expressions.

3.3 Background Removal: An advanced background removal mechanism is developed to optimize feature
extraction, focusing on isolating facial elements. Cutting-edge algorithms, such as skin tone detection, are utilized
to meticulously delineate the face from its background, ensuring a refined process for extracting and analyzing
facial features.

3.4 Convolution and Feature Extraction: Convolutional layers are dedicated to feature extraction, emphasizing
the detection of key facial components like eyes, nose, lips, and ears. Filters employing advanced edge detection
and pattern matching techniques are designed to recognize and highlight specific facial features effectively.

3.5 Feature Vector and Analysis: A Facial Expression Vector (EV) is created to encapsulate distinct facial
expression features. Techniques such as normalized Euclidean distances among facial landmarks and Canny edge
detection are employed to analyze expressions, particularly in video inputs.

3.6 Optimization and Parameter Selection: The most effective number of layers and filters for the CNN
architecture is determined through comprehensive performance analysis. Different configurations are explored to
attain peak accuracy while minimizing computational overhead.

3.7 Testing and Validation: The dataset is partitioned into training and testing subsets to validate the FER
system's accuracy. Performance is evaluated across various iterations, and error bars are calculated to assess the
model's effectiveness.

4. IMPLEMENTATION

4.1 Overall Procedure: The development of a facial emotion recognition system using Convolutional Neural
Networks (CNNs) encompasses several crucial stages. Initially, there's data collection and preprocessing,
involving the compilation and normalization of facial image datasets. Subsequently, the construction of the CNN
model takes place, focusing on designing architectures for efficient feature extraction. During model training,
accuracy is closely monitored to prevent overfitting, incorporating regularization techniques as necessary. The
comprehensive evaluation includes testing on unseen data, analyzing confusion matrices, and assessing real-world
generalization. Interpreting results involves correlating facial features with emotions and investigating model
limitations. The final phase entails model deployment, optimizing for integration into applications and configuring
pipelines for real-time emotion classification. An iterative approach is adopted to refine datasets, model
architectures, and training techniques, aiming for a robust system that either matches or surpasses human-level
competency. This iterative process carefully balances accuracy and inference efficiency in the design of the CNN.

4.2 Algorithm: CNN, or Convolutional Neural Network, is a pivotal tool in image processing, distinguished by
its incorporation of convolution layers to enhance result quality. CNN stands out for its efficiency compared to
traditional feed-forward neural networks. Widely applied in real-time scenarios like face detection, X-ray image
recognition, self-driving cars, document analysis, cancer detection, and natural language processing (NLP), CNN
is known for its versatility. In the context of CNN, "convolution" involves combining. mathematical functions to
create a third function for extracting features from specific images. The architecture of CNN is essentially divided
into two primary components: feature extraction, which isolates and identifies specific characteristics in an image,
and classification, where the fully connected layer predicts the image's class based on the convolution layer's
output. The CNN structure encompasses three core layers—Convolution, Pooling, and Fully Connected—
providing a robust framework for thorough image analysis and classification.

4.2.1 Two-Level CNN System: This design encompasses distinct CNN structures to address background removal
and facial feature extraction separately.

4.2.1.1 Background Removal and Feature Extraction: The initial CNN layer is specifically designed for
background removal, employing specialized filters such as skin tone detection and Hough transform to isolate
facial components. The subsequent CNN layer at the second level concentrates on the identification and extraction
of essential facial features crucial for emotion detection, including eyes, lips, nose, and ears.
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4.2.1.1.1 Skin Tone Segmentation: In the Facial Emotion Recognition System (FERC), skin tone detection is
utilized to isolate the human face from the background, thereby enhancing accuracy by emphasizing facial
elements. The incorporation of the Hough transform contributes to the detection of circular patterns, ultimately
improving the identification and isolation of facial components to ensure precise emotion analysis.

4.2.1.1.2 Keyframe Extraction: The Facial Emotion Recognition System (FERC) employs Maximally Stable
Frame Identification to pinpoint stable frames with minimal variations, which is essential for effective emotion
analysis in videos. The integration of the Canny edge detector assists in the selection of frames with well-defined
features, thereby improving the accuracy of emotion analysis within the FERC system.

4.2.2 Enhanced Emotion Detection Accuracy: The utilization of CNNs in Facial Emotion Recognition (FERC)
significantly enhances emotion detection accuracy by facilitating precise identification and analysis of facial
features. The multi-layered architecture of the CNN plays a pivotal role in improving the system's capability to
accurately discern and classify emotions based on facial expressions. In FERC's Facial Feature Extraction process,
there is a meticulous focus on the precise localization and identification of essential facial components such as
eyes, nose, mouth, and other distinctive features relevant to emotional expression. This involves employing
advanced image analysis techniques to extract key facial characteristics, transforming them into a comprehensive
feature vector. This vector encapsulates crucial spatial and structural information about facial expressions, forming
the basis for accurate emotion detection within the FERC system.

Convolution Layer: The main purpose of the convolutional layer is to take input from the user and apply a set of
filters with parameters learned during training. The result is the creation of a feature map or activation map. These
filters are usually smaller than the input image, and the convolution operation involves element-wise
multiplication of the input image and filter image, producing a matrix that highlights specific features.

Pooling Layer: Pooling operations help condense the information in the activation map, reducing its spatial
dimensions and retaining essential features for more efficient processing in subsequent layers of the neural
network. This layer employs various pooling techniques, including Min pooling, Max pooling, and Average
pooling. In Min pooling, the pixel with the lowest value within a specified block is chosen, while Max pooling
selects the pixel with the highest value.

Fully-Connected Layer: In this layer, the input is derived from the activation function or convolution layer and
is reshaped to generate a single vector. This vector serves as the input for the subsequent hidden layer. The fully-
connected output layers provide the final output to the user, incorporating the learned features and patterns from
the preceding layers to make predictions or classifications based on the input data.

Algorithm: Facial Emotion Recognition using CNNs

Input: Facial image dataset with labeled emotions
Output: Predicted emotion label for each facial image

1. Data Preprocessing:
- Collect a diverse dataset containing facial images displaying a range of emotions.
- Preprocess the dataset by resizing, normalization, and converting to grayscale.

2. Neural Network Setup:
- Design a CNN architecture with multiple convolutional layers, pooling layers, and fully connected layers.
- Define filter configurations, activation functions, and optimization algorithms.

3. Model Training:
- Split the dataset into training and testing subsets.
- Train the CNN model on the training dataset, adjusting weights and biases iteratively to minimize loss.
- Utilize techniques like dropout and batch normalization to prevent overfitting.

4. Model Evaluation:
- Validate the trained model on the testing dataset to assess its performance.
- Calculate metrics such as accuracy, precision, recall, and F1-score.
- Analyze confusion matrices to understand the model's ability to correctly classify emotions.

Copyright@2023REST Publisher 18



Amrutha Muralidharan Nair/ Computer Science, Engineering and Technology, 2(1), March 2024, 13-20

5. Emotion Prediction:
- Input a new facial image into the trained CNN model.
- Obtain the predicted probability distribution over different emotion classes.
- Select the emotion label with the highest probability as the predicted emotion.

6. post-processing:
- Visualize the predicted emotion label on the facial image.
- Evaluate the model's performance on real-world scenarios and refine as necessary.

7. Model Deployment:
- Integrate the trained CNN model into applications requiring real-time facial emotion recognition.
- Optimize the model for deployment on various platforms and devices.

8. Continuous Improvement:
- Monitor the model's performance in production and collect feedback.
- Periodically retrain the model with new data to adapt to changing patterns and trends.

9. Conclusion:
- Summarize the results and insights gained from the facial emotion recognition system using CNNSs.
- Discuss potential areas for further research and improvement.

5. EXPERIMENTAL FINDINGS

As depicted in Table 2, the FERC method presents a unique approach, employing two 4-layer networks to achieve
an impressive accuracy of 96%. In contrast, other methodologies adopt a combined strategy to address background
removal and facial expression detection within a single CNN network. The decision to address these issues
separately not only reduces complexity but also minimizes tuning time. Although our classification focuses on
five moods, it's noteworthy that misclassifications occurred in the sixth and seventh mood cases, contributing to
the overall error rate. Zao et al. achieved a remarkable accuracy of 99.3%, albeit with the drawback of using a 22-
layer neural network, which significantly extends training time. Importantly, FERC is the sole method
incorporating a keyframe extraction approach, distinguishing it from others that rely solely on the last frame.
Conversely, Jung et al. attempted to work with fixed frames, resulting in a less efficient system for video input.
Moreover, our approach allowed for a more extensive 25-fold training, surpassing the typical tenfold training
utilized by most other methods due to the smaller network size.

TABLE 2. Comparison of Facial Emotion Recognition Methods: Accuracy and Network Complexity

No. of mood Key frame N/Wsize Accuracy No. fold
FERC IE Edge based 8 96 25
Zaoetal.[37] 6 Last frame 22 99.3 10
Jungetal.[38] 7 Fixed frame 4 91.44 10
Zangetal.[39] 7 Last frame 7 97.78 10

As shown in Table 3, the FERC method exhibits a comparable level of complexity to that of Alexnet, yet it
outperforms renowned architectures like VGG, GoogleNet, and ResNet in terms of speed. Notably, FERC
demonstrates superior accuracy compared to established standard networks. Nevertheless, it is worth noting that
in specific scenarios, particularly when the iteration count for GoogleNet reaches the range of 5000 and beyond,
GoogleNet may outperform FERC. Despite this, the efficiency of FERC, coupled with its competitive accuracy,
positions it favorably among the considered networks, presenting a compelling alternative for applications where
speed and accuracy are crucial considerations.

TABLE 3. Performance Evaluation of Facial Emotion Recognition Architectures: Speed and Accuracy Comparison

Algorithm Accuracy (%) Computational complexity
Alexnet [40] 57-87 o4
VGG [41] 67—-68 O°
GoogleNet [42] 83-87 O°
Resnet [41] 73.30 oOle
FERC 78-96 O4
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FERC introduces an additional distinctive contribution through the incorporation of skin tone-based features and
Hough transform for circles-in-circle filters. Utilizing skin tone as a pre-processing method proves to be not only
rapid but also robust in handling input data. This innovative combination of features is poised to significantly
enhance the efficacy of FERC. With these novel functionalities, it is anticipated that FERC will emerge as the
preferred method for mood detection in the years to come, underscoring its potential impact and relevance in
advancing the field of emotion recognition. The integration of skin tone-based features and specialized filters
aligns FERC with contemporary demands for efficient and accurate mood detection, positioning it as a frontrunner
in the evolving landscape of emotion analysis methodologies.

6. CONCLUSIONS

This paper underscores that deep convolutional neural network architectures represent the current state-of-the-art
technique for classifying facial emotions. CNNs surpass past machine learning approaches for facial recognition
such as eigenfaces by facilitating automatic feature extraction from images without manual intervention. The
strengths of CNNs outlined in this survey include their weight sharing, local receptivity, and built-in invariance
to location and rotation changes. Through an extensive literature review and background on neural networks, the
authors highlight successful implementations of customized CNN models for facial emotion detection. Accuracies
up to 98% were achieved on standardized facial image datasets like FER2013, although imbalanced class and
generalizability issues persist in real-world heterogeneous settings. Nonetheless, recent research strongly indicates
facial emotion classification is a viable application area for CNN technology. Moving forward, enhancing factors
like dataset diversity, model depth combinations, multimodal integration, and specialized loss metrics offer fruitful
directions to overcome current limitations. Expanding applications into unexplored domains like banking,
automotive systems, crowd analysis, and medical diagnoses can reveal hugely impactful use cases at scale.
Overall, with prudent progress in key aspects, deep CNNs are poised to drive facial emotion detection capabilities
to new heights and enable emotionally intelligent systems in the years ahead. Expanding training datasets presents
a major area for improvement. Included datasets should feature images taken under challenging real-world
conditions like low light, occlusion, varied angles. This will enable models to learn robust representations
applicable to complex application environments. Advancing model architectures also provides room for progress.
Experiments should investigate deeper CNN stacks, combining CNN layers with RNNs or other approaches for
even better feature learning compared to existing models. Incorporating attention mechanisms into architectures
could allow models to focus on emotionally salient facial regions. Designing customized loss functions and
metrics to better capture emotion subtleties could lead to performance gains. Enabling multimodal emotion
analysis by fusing information from facial expressions, voice signals, and body language could achieve a more
nuanced understanding of human emotions. Humans perceive emotions through multiple modalities in tandem
rather than via visual or auditory senses alone. Multimodal approaches attempt to emulate this for even finer
emotion recognition. Expanding applications is also an exciting direction. Facial emotion analysis could bring
benefits for new applications like driver monitoring systems, medical diagnosis aids, mental health tracking apps,
or education/learning tools for the impaired. Applied research focused on such promising areas will reveal new
real-world uses. Reference
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