International Journal on Science and Technology (IJSAT)

3 E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

A Framework for Human Behavior Detection
Using Facial Expression

Prof. Gajendra Singh Rajput?, Prof. Divya Kumawat?, Prof. Ajeet Singh
Rajput®, Khushi Jain* Rishabh Jain®

12345Computer Science and Engineering Medi-caps University Indore, M.P., India
gajendrasingh.rajput26@gmail.com, 2divya.kumawat@medicaps.ac.in,
Sajeetsingh.rajput@medicaps.ac.in,
“en21cs301377@medicaps.ac.in,’en21cs301629@medicaps.ac.in

Abstract

Facial Expression Detection (FED) is a vital application that helps computers perceive human behavior
via facial expression analysis. In this research paper, we embark on a quest to make FED systems better
using sophisticated algorithms and methodologies. We aim to make FED models more accurate and
efficient in performance, thus leading to more empathetic and natural human-computer interactions. We
explore the technical complexities of FED, learning cutting-edge techniques like convolutional neural
networks and recurrent neural networks to decode facial signals and identify expressions with greater
precision. We also touch on issues of dataset diversity, deployment in real-world settings, ethical
implications, and user experience, aiming to design FED systems that are not only technologically
advanced but also sensitive to the privacy of individuals and cultural differences. Through our work, we
hope to lay the groundwork for more compassionate and inclusive human-computer interactions,
ultimately leading to a future where technology complements our understanding of emotions and deepens
human relationships.
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1. INTRODUCTION

Facial Expression Detection (FED) is all about training computers to recognize human emotions through
facial expression detection. In this research paper, we are on a quest to improve FED systems’ ability to
know what people feel using new and better methods, including real-time Facial expression detection
(FED) capability. Facial expression understanding is essential because it allows computers to talk to
humans more naturally and sympathetically. The difficulty is however that facial appearance varies with
lighting and angle. The answer to this is that we use sophisticated techniques like recurrent neural
networks and convolutional neural networks to enable our FED systems to accurately detect emotions.
Our method is not only technological improvement but also live testing to make our FED systems stable
and reliable under varied circumstances. With our systems placed under real circumstances, we expose
them to be tested for performance and adaptability and thus we build more robust human-computer
interfaces. Other than that, we also have a healthy respect for user privacy and ethical issues, and our FED
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systems are planned with courtesy to users' dignity and feelings. By maintaining ethical guidelines, we
would like to create trustworthy systems that can deliver user experiences without violating their rights.

Briefly, our work strives to make FED systems intelligent and empathetic and, by extension, facilitate
human-computer interactions and comprehension. Through a combination of technical innovation, field
trials, and ethical principles, we aim to advance the field of FED and improve human-computer
interactions as a whole.

Emotion
Facial Expressions

EBE

Neutral Anger Disgust Fear

Happy Surprise Neutral

Intrinsic to the nature of our work is the inclusion of real-time Facial expression detection feature, which detects faces
automatically and extracts emotion from live video streams. The feature, built upon OpenCV's Haar Cascade
classifier and pre-trained deep neural network model, is an essential contribution towards human being's evolution
and computer interaction because it enables computers to sense and react to the emotions of humans in real-time.

2. LITERATURE REVIEW

A. Advancements in Algorithmic Techniques:

The recent past has witnessed researchers pushing the frontiers of New-FED applications of Facial
Expression Detection FED-specialized algorithms. Zhang et al. (2020) introduced new architecture that
utilized attention mechanisms and multimodal learning to enhance the performance and robustness of
FED systems. The algorithm focuses on face areas through the utilization of attention mechanisms, and
multimodal learning blends information from various sources, such as facial images and voice signals.
Chen et al. (2021) also promoted a top-level algorithm that utilizes convolutional neural. User and field
tests were conducted by Kim et al. (2021) also suggested a top-level algorithm which uses convolutional
neural. recurrent neural networks to be trained so that they could learn encoding spatial relationships and
temporal patterns of facial expression and hence improved emotion recognition performance over a very
wide range of datasets and environmental conditions.

B. Enhancing Data Quality and Diversity:

High-quality and large-scale databases of various ethnicities, ages, and facial expressions should be
available for testing and training FED systems. This has, to date, been attained through Li et al. (2019)
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and Wang et al. (2022), whereby large-scale facial expression, age, and ethnic rich datasets were created.
Such databases should help the FED models generalize both across environments and populations
effectively. Apart from that, techniques such as self-supervised learning and domain adaptation have been
explored to facilitate dataset bias and domain shift. With data augmentation and domain adaptation of
models, FED systems can function well in real applications.

C. Real-world Deployment and Evaluation:

Although laboratory tests are useful, FED systems need to be tested in the field context. User and field
trials were established by Kim et al. (2020) and Lee et al. (2021) to examine the
usability and real performance of FED systems in human being and computer interaction, health, security
domains. The research emphasizes the relevance of realistic constraints and users' opinions should be
considered during the design and development stages of FED technologies. With field testing
of FED systems under different conditions, researchers can determine if they meet end-users' requirements
and requirements.

D. Ethical Considerations and Societal Impact:

With the emergence of new FED technologies, social and ethical concerns need to be considered. Patel et
al. (2018) and Liu et al. (2022) also considered ethical values anpolicy-making towards ethical design and
deployment of FED systems. Ethical application of FED technologies is guaranteed by valued priorities
like privacy, fairness, and transparency. Apart from that, philosophers also considered the social effects
of FED, including bias, discrimination, surveillance problems. In doing so, researchers try to ensure ethical
processes and prevent harms through the application of FED technologies.

E. Human-Centric Design and User Experience:

Along with technological innovation, human-centered design principles were discovered by scientists to
provide usability and user acceptance of FED systems. Picard (2017) and Cowen et al. (2020) suggest
user-centered design practices and user involvement in the design process.

By making human wants and preferences the number one agenda the system, FED systems can be
accessible, usable, and inclusive to various classes of users.

3. METHODOLOGIES

A. Dataset Preparation:

The accuracy of any Facial expression detection (FED) model greatly depends on the richness and quality
of data on which the model is trained. In order to train our FED model well and equip it with generalization
capability, we construct a large rich set of diverse data with high levels of facial expressions, ethnicities,
ages, and atmospheres. We controlled environments.

However, as per the data of the sets of diversity variability, we enhance our dataset with artificially
generated samples that are generated by exposing them to high-level methodologies such as data
augmentation and generative adversarial networks (GANS).
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Operations such as rotation, translation, and scaling are performed on images and thus produce different
kinds of facial expressions. Synthetic facial expressions are also produced with the help of GANs by
training a generator network to produce realistic face images similar to our dataset.

By enriching our dataset with synthesized samples, we not only achieve a more diverse range of facial
expressions but also counteract the biasing effect of our dataset. From this enriched dataset, we then train
our FED system, which makes it proficient in learning and generalizing from a wide range of facial
expressions that it would encounter in reality.

B. Model Selection:

Having a well-chosen dataset at our disposal, the second step in our suggested approach is to choose a
suitable model architecture for our FED system. Due to the intricacies of Facial expression detection tasks,
we choose a hybrid model architecture that combines the advantages of convolutional neural networks
and recurrent neural networks

Convolutional neural networks are best at learning spatial features from images, and this property makes
convolutional neural networks best suited for learning complex facial features and recognizing patterns
associated with different expressions, and therefore the model is highly suitable for Facial expression
detection tasks. However, RNNSs are best suited for modeling temporal relationships between sequential
data  Enabling them to record the changing nature of the facial expressions through time.

In our proposed hybrid model framework, we employ a Convolutional Neural Network module to extract
features from face images, uninterrupted by a subsequent Recurrent Neural Network component to
proficiently model the temporal relationships inherent in the feature representations. The above framework
supports our FED system to adeptly capture the spatial and temporal cues in face expressions and therefore
to better observe slight changes and nuances in expressions of emotion.

C.Training and Evaluation:

Training and testing our FED system consist of a sequence of iterative steps toward achieving optimal model
performance and robustness. We start by initializing our model parameters with pre-trained weights from state-of-the-
art CNN models like VGG or ResNet, which utilize transfer learning to speed up convergence and enhance
performance.

During training, we use methods like mini-batch training, dropout regularization, and early stopping to avoid overfitting
and enhance generalization performance. Micro-batch training includes splitting datasets into batches of smaller size
and iteratively updating model parameters with stochastic gradient descent (SGD) or its variants. Dropout regularization
avoids co-adaptation of neurons by dropping out units randomly during training, which lowers the occurrence of
overfitting.

Besides, we perform rigorous testing using typical measures like precision, accuracy, F1-score, and recall on both
training set and validation set to measure the performance of our model. We also do exhaustive testing on actual datasets
and perform user studies to measure the usability and effectiveness of our FED system in practice across diverse
applications like human-computer interaction and emotion-driven interfaces.

IJSAT25025015 Volume 16, Issue 2, April-June 2025 4



https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

=0

Train
ing Dataset Pre-processing Feature RetU || Pootin Sn!‘l,\l:f.\ Traimed CNN
Phase Extractio Classifier Model

(o

Testing Phase | Pre-processing l’ cature Facial Expressions (Happy, Fear, Disgust,
X Extractio Neutral, Sad, Angry, Surprise)

Figure 0.2: Working of Face Recognition Model.

Through this holistic method of dataset preparation, model selection, training, and evaluation, we aim to
create a robust and reliable FED system capable of accurately identifying human emotions in real-time,
thus improving human-computer interactions and promoting empathetic computing environments.

D Integrating Real-Time Facial expression detection:

Real-time FED system based on computer vision methods, is critical for our research paper that focused
on improving human-computer interaction. The functionality smoothly combines face detection and
emotion recognition, allowing the system to identify faces in real-time video frames Utilizing OpenCV’s
Haar Cascade classifier and predicting emotions like happiness, sadness, neutral, disgust, fear, surprise,
and anger from a pre-trained deep learning model. The Video Camera class coordinates the real-time
pipeline, grabbing video frames, detecting faces, predicting emotions, and visually providing feedback in
the form of bounding boxes and text labels. This system plays a significant role in human-computer
interaction and human development in that it forces computers to approach and react to human emotions
in improved accuracy and investigation of new ways to further improve the performance and application
of user experiences.

4., RESULT ANALYSIS

A. Performance Metrics:

To quantify the performance of our Facial expression detection (FED) system numerically, we use
standard performance metrics like precision, accuracy, F1-score, and recall. These measurements were
helpful in identifying the ability of the system to correctly label facial expressions and system
performance across various sets of emotions

1. Accuracy: Accuracy IS used to determine the ratio
of correctly classified instances with respect to the overall instances. Higher Precise accuracy shows
improved performance in emotion recognition overall.
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2. Precision: Precision determines the ratio of accurate positive predictions to every positive prediction
made by the system. Accuracy make reference to the ability the system to reduce false positives, making
it more reliable for emotion detection tasks.

3. Recall: Recall is the proportion of correctly classified positive predictions to all true positive
instance in the dataset. it reflects the system ability to respond to all instances of a certain emotion,
indicating its efficiency in comprehensive emotion detection.

4.  Fl-score: Fl-score is the harmonic mean between recall and precision and gives a balanced
measurement of the accuracy with which a system is operating. Comprehending both false positives and
false negatives, it is a very helpful metric, especially when using imbalanced data sets, and provides an
inclusive measurement of how a system does at emotion recognition tasks. From these performance
figures, we get useful information about the strength and weakness of our Facial expression detection
(FED) system.

This assessment helps us analyze the zones that can be enhanced to strengthen its performance so as to
allow on-going progress toward better accuracy in emotion identification as well as higher effectiveness.

5. Detection Results:

We report the detection results of our FED system by examining its performance on a test dataset
consisting of real-world facial expressions. We plot the system’s predictions for various facial expressions
and contrast them with ground truth labels test the precision and reliability of the detection process.

a.  Confusion Matrix: We build a confusion matrix to illustrate the distribution of the predicted and
true emotion labels. This matrix is helpful in providing information regarding the capability of the system
in properly classifying various emotion classes and determining the common causes of misclassification

b. Detection Accuracy: We compute the total emotion recognition accuracy and evaluate the
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performance of the system on all emotion categories. We calculate the predicted label and true label of each
instance of the test set to estimate how well the system can recognize some of the emotions like happiness,
sadness, anger, and surprise.

Log-loss (cost function):
training (min:  0.866, max:  1.786, cur:  0.866)
validation (min:  0.970, max:  1.705, cur:  0.970)

accuracy:
training (min:  0.313, max:  0.675, cur:  0.675)
validation (min:  0.381, max:  0.643, cur:  0.643)

Epoch 00015: saving model to model_weights.h5

448/448 [ ] - 27s 60ms/step - loss:
0.8659 - accuracy: 0.6748 - val_loss: 0.9700 - val_accuracy: 0.6426
CPU times: user émin 50s, sys: 57.4 s, total: Tmin 47s

Wall time: 6min 46s

c.  Error Analysis: We conduct an error analysis to identify the most common types of errors made by
the FED system, such as confusion between similar emotions or misclassification of ambiguous
expressions. This analysis helps us understand the system's limitations and informs strategies for
improving its performance.

6. Discussions:

From our system performance analysis and detection evaluation output, we have a discussion where we
interpret results and draw corresponding conclusions regarding our FED system's effectiveness. We
discuss the system's strengths and weaknesses, areas of good performance and areas of improvement.

1. Strengths: We recognize strengths of our FED system, such as having very high accuracy in
recognizing some emotion categories or being resistant to face and light variations. We describe why such
strengths exist and how to utilize them to enhance the system even further.

2. Limitations: We know the limitations of our FED system, e.g., its lower accuracy in detecting
subtle or ambiguous facial expressions or its vulnerability to environmental factors like noise or
occlusions. We discuss the issues created by these limitations and suggest countermeasures to prevent
them in future versions of the system.

3. Future Directions: Based on our strengths and weaknesses analysis, we identify potential future
research and development directions in Facial Expression Detection (FED). We introduce new approaches
and methods for enhancing the accuracy, robustness, and usability of FED systems towards bridging the
current gaps and pushing the state-of-the-art in emotion recognition technology.

Through detailed discussion of outcome and analysis, we seek to present the most important outcomes on
the effectiveness and performance of our Facial Expression Detection system to guide subsequent research
and facilitate further advancement of emotion recognition technology.

IJSAT25025015 Volume 16, Issue 2, April-June 2025 7



https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

3 E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

7. CHALLENGES

Facial expression detection (FED) or FED is faced with many challenges while trying to accurately
interpret human emotions. One of the largest challenges is the diversity of the facial ways humans express
their emotions—each human has different features on his or her face depending on context, culture, and
personality. Deciphering these facial expressions is trying a jigsaw puzzle, and it is made worse by the
fact that emotions are not objective. A smile seen by a person might look differently to another person.
Besides, FED systems must cope with the fact that there isn't end-to-end training data, which makes them
unable to comprehend the full range of human emotions. Lighting and environmental interference are
external forces that further complicate matters and distort the facial shape, so attempts at recognition
become confusing. Real-time processing is also a challenge, with calculations done on near-instant levels
without sacrificing accuracy. Also, privacy and ethics are more important than success, requiring careful
use of data and algorithmic bias. There is also a mismatch between scientific communities like computer
science, psychology, and human-computer interaction, requiring that quite a number of challenges be
overcome, that is, interdisciplinary collaboration is required. Finally, success for FED also depends on not
just and open communications.

8. CONCLUSION

We were battling with the devious complexity and vagaries of the facial cues,
wrestling with inadequate information and resourceful
environmental circumstances making successful identification quite difficult. Hindsight would leave us
beaming with pride with what we have achieved. Our study is not only a monumental leap for technology
but also the precursor to guide our existence nearer to machines and therefore form bridges of greater
interaction and perception in cyberspace. Our stringent tests and evaluations have yielded fruit,
demonstrating the applicability of our approach to real-world cases. Tuning all of our
model's parameters and determining its optimal position within the parameters, we set records in
identifying a wide range of human emotions. In retrospect, we cannot help but take pride in what has been
achieved. Our initiative is not just a step for technology but the bridge that will help us improve
our life during machines, thus building bridges of more interaction and empathy in the virtual world. But
with passion and love for excellence, we went out to overcome these challenges. With the assistance of
advanced algorithms, carefully constructed datasets, and with experience in a variety of areas, we
developed a FED system more precisely than its predecessors in
performance.

Our extensive tests and trials are now a reality, and we have found just how well our method works out
there in the real world. With all the parameters of our model having been fine-
tuned and the optimal value being struck within its range, we have achieved all-
time highs in accuracy levels to detect an enormous range of human emotion.. In retrospect, we can't help
but be proud of what we've accomplished. Our work is not so much of a technological step ahead but with
the ability to Improve our relationship with computers, resulting in Increased understanding and empathy
in cyberspace.

The system applies computer vision to introduce an FED system in real time. The system employs face
detection and emotional recognition, picking up on happiness and sadness feelings with the Haar Cascade
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classifier of OpenCV and a deep neural network. Real-time handling is conducted through the Video
Camera class, acquiring frames, locating faces, doing emotional prediction, and generating visual output.
Human being and computer interaction is redefined in that computers can perceive and act based on
feelings, to allow natural interaction. Future development focuses on increasing precision and finding new
ways to uncover additional uses, a sign of commitment to computer-human interactions technology.
Looking forward, we never shy away from giving our best. We just expand the fronts of FED technology,
looking debacle with hope and determination. Forward as a force unto itself we take our steps,

toward that day machines will not just sense what we feel, but touch us deeply on a sense of connection.
Enriching lives not only in meaning, but in richness, enrichment.
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