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Abstract: This paper proposed an interactive dashboard applying deep learning techniques to offer
experience in online classrooms. Specific ideas were those of CNNs and GANSs to be applied for enhancing
student emotions analysis for lectures. With digital learning platforms being more adopted nowadays,
understanding the emotional state of students in lectures can have a significant effect on engagement,
outcomes, and teaching strategies.

This proposed system will address one of the significant challenges of online classrooms, that is, occluded or
partially hidden facial data, where missing facial areas are reconstructed by the GAN-based approach, making
it feasible to detect emotions accurately. Therefore, CNNs are used to classify the emotion based on the
reconstructed facial features. Real-time emotion predictions are visualized through an interactive dashboard
that incorporates inputs like the subject, course being taught, and the instructor.

It shows a variety of analytics and visualizations like charts and graphs that help teachers track and analyze
the responses of students in lectures, which is then used in modifying the teaching strategy and presentation
of contents to stimulate students even more and make an atmosphere of learning more vibrant. It can also help
in detecting learners who require more support.

The CK+ dataset was used for validation. This helped to achieve relatively high accuracy in the classification
of images representing happiness, sadness, and surprise. In the experiment, although on some occasions, it
occurred that faces from students were not visible, the system worked consistently pretty well and was quite
robust.

This system will provide a fine level of emotion-based analytics, enabling the educators to work toward
optimizing the virtual classroom environment. This real-time emotional feedback can be an enhancing
technology for the dashboard and help enhance engagement and tailor experiences to improve general
educational outcomes.

Keywords— Convolutional Neural Networks (CNN), Generative Adversarial Networks (GAN), emotion
analysis, online learning, interactive dashboard, facial expression recognition, student engagement, deep

learning, occluded facial data, real-time analytics, virtual classroom, CK+ dataset, teaching strategies,
personalized learning.
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l. INTRODUCTION
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This considers the growing importance of emotion analysis in computer-based learning systems, especially in
those areas where blended learning is becoming more dominant.

The problem with emotion analysis according to the paper concerns the occlusion or partial concealment of
facial data; this may occur when students wear masks or glasses or other covers. To this end, the research will
attempt to utilize a regenerative GAN to recover occluded parts of the face. Once facial regions have been
reconstructed, the system analyzes and predicts the students' emotions via CNNs. These predicted emotions
are then visualized on an interactive dashboard that will also include further information such as what is being
taught and who is teaching.

Live visualizations of heatmaps, bar charts, scatter plots, and other analytics enable real-time monitoring of the
emotional states of students. Such insights allow teachers to adjust their teaching approach and connect students
better with their emotional demands as they arise. Utilizing GAN, the system is able to reconstruct images of
faces with masked parts of a student's face to guarantee that there is higher accuracy in facial emotion
recognition.

The methodology section really focuses on occlusion reconstruction in comparison with the training process
adopting the CK+ dataset for emotion recognition. There is a significant part of the contribution known as
facial emotions detection, which has been proposed based on paper work and has been provided in the form of
the dashboard tool that can design a teaching intervention individually for every student's needs; it is potentially
applicable in other domains as well, such as tracking health conditions in people or monitoring the work
environment in employees. Comparison analyses in different approaches for handling occluded images are also
part of the research, and the paper talks about benefits that can be gained from the GAN-based system.

The paper then goes on to discuss ethical and privacy issues related to emotion analysis, especially as this
applies in educational settings. It also identifies consent-seeking and data security as issues that are highly
relevant to these issues in the context of facial recognition and classroom emotion analysis.

Conclusion

This is a new means to optimize the online education process by the real-time emotion analysis system. This
has potential to be an effective tool for the training expert with regard to advancing student participation and
learning and hence improving the outcome of students.

Fig.1 Face recognition and emotional analysis

Il. TYPE STYLE AND FONTS

The literature review for this paper is based on the application of emotion analysis and dashboard tools to

improve online learning experiences. Different studies on the reviews that deal with methods for facial
expression recognition, handling occluded facial data, and interacting dashboards that are designed for real -
time analysis have been included.
Earlier work involved the recognition of facial expression under partial occlusion by employing deep learning
techniques, particularly CNNs and GANs. Authors of one paper created occluded images using facial parts
by applying sliding techniques, hiding parts of the face, and letting the neural network to recover it in
predicting expressions. It was also effective but not considering the challenges in a real-time classroom setting
that might have occlusions mainly through masks or hand movements, etc.

Another crucial experiment was based on the Lucas-Kanade algorithm in estimating optical flow, then
propagating these approximations to occluded regions. In this case, estimates resulted in reconstructed facial
data. It enabled the improvement of the accuracy of emotion detection because missing motion data that were
reprojected could be reconstructed, as in the cases of happiness, sadness, and anger. These methods were
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further tested in public datasets like the CK+ [8] and Oulu-CASIA [10] datasets, which contain facial
expressions with partial occlusions. Such analytics dashboards designed specifically for education and
healthcare domains have been studied by [5]. Actually, such dashboards could be used in real time for
visualizing complex datasets from which decisions can be made. For example, in the health care domain, the
"KnowY ourColors" system provided real-time visual feedback on blood metrics through an intuitive color-
coding scheme. In the educational context also, dashboards are increasingly used as a means of tracking
students' engagement and performance through visualization of data.

Further research was then done that combines the idea of machine learning with dashboards for developing
highly interactive, and customizable data analysis tools. For instance, "MultiVision" used the deep learning
algorithms potency in a significant processing capacity for such systems to provide suggestions on best layouts
that can suit the dashboards. In such a system, the user was enabled to display trends and correlation of the
data through many graphical elements, like heatmaps, scatter plots, histograms, etc.

The literature is rich in research papers dealing with facial expression recognition based on deep learning

approaches, and recent research has been concentrated on improving recognition accuracy in adversarial
conditions, such as partial occlusions, respectively. One of the important solutions to these problems was
achieved by GANSs, which have demonstrated their viability for reconstruction of occluded areas in a facial
image. The GANSs are especially powerful tools for generating missing facial features and for improving the
accuracy of face-expression recognition systems, as shown in [14].
In a nutshell, the different studies accepted that if deep learning techniques like CNN and GAN are integrated
into the interactive dashboard systems, online learning experiences would greatly improve. The research here
also discovered that face data occlusions are challenges in emotion analysis and offers real-time solutions in
this area toward realizing better educational outcomes because actionable insights for instructors become
possible.

11l. PROPOSED SYSTEM
A. SYSTEM ARCHITECTURE

First, the process starts with Data Collection whereby the student facial expressions captured through
webcams while undertaking online classes. Preprocessing is the next process which carries out three prime
procedures: Face Detection - ascertaining the presence of face in the images, Simulate Occlusion - examining
conditions where part of the face is obscured, and Alignment where the faces are correctly aligned to ensure
proper analysis.

Once the preprocessing is completed, the system applies a Generative Adversarial Network (GAN) to add
missing or occluded parts of the face for a clean and completed set of the dataset. Then, it conducts Emotion
Recognition in terms of a Convolutional Neural Network (CNN), which classifiers emotions based on the facial
features detected. Subsequently, the system performs an Emotion Analysis, which aggregates the recognized
emotions for a resultant assessment of students' overall engagement and emotional states. This analysis has
been published in the format of an interactive dashboard, where actual data can be visualized pertaining to the
feelings and engagement levels of students in the Display on Dashboard phase.

The dashboard offers two major functionalities: Real-Time Emotion Tracking, which continuously monitors
the emotions of students over the course of a session, thus enabling the teacher to change their strategy if
required, and Course Recommendations, where the system could recommend courses or learning materials
unique to an individual student's requirements according to their emotional or engagement patterns.

The instructor may implement these suggestions when this is the Teacher Assigns Course phase, thus
enhancing learning experiences of bored or failing students. Additionally, the system dynamically monitors
student engagement and tracks long-term emotions; hence, an effective understanding of trends in student
engagement over several class sessions is generated. This flow ensures the analysis of immediate and long-
term student emotions, thereby creating a dynamic, personalized learning environment.
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Fig.1. System Architecture Diagram

B. Existing System -

Existing systems for emotion recognition and engagement tracking in online classrooms leverage various
technologies to improve remote learning. One of the most common tools is emotion recognition systems, which
use Convolutional Neural Networks (CNNs) to detect and classify emotions based on facial expressions. Often,
such systems use pretrained models like FER or AffectNet, which have been prelearned on extensive datasets
to recognize the easiest emotions-apparent happiness, sadness, or confusion. However, these systems often fail
to deliver with real-time performance in low quality or poor lighting conditions or even when parts of the face
are occluded, reducing the accuracy in identifying subtle emotions or engagement.

Current engagement detection systems typically rely on a combination of attention tracking with head pose
or eye-gaze monitoring, behavioral analytics in mouse and keyboard interactions, and sometimes even
biometric feedback, such as heart rate, to gauge student focus. Such systems are helpful in that they give
valuable information on the students' focus; however, they often stop short of providing a complete picture of
emotional engagement. In an effort to overcome the small or biased train dataset, several systems add GANs
for data augmentation through artificially synthesized facial expressions. However, this area is still at a very
nascent stage in application in real-time educational settings.
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IV. METHODOLOGY AND ALGORITHMS

The salient methodology would be developing an interactive dashboard that offers real-time emotional
response data to instructors, which can then fine-tune their teaching strategy. The core model is on facial
expression recognition and reconstruction using occluded image, utilizing regenerative GANs and CNNSs.
S

1.Data collection

The first action of the methodology is to gather facial data. Such data are highly essential for training the deep
learning models that will later on determine the analyses of students' emotional states. In this task, the authors
employ the CK+ dataset, which is a broadly established dataset for facial emotion recognition and comprises
over 981 images of 123 subjects showing seven basic emotions: anger, contempt, disgust, fear, happiness,
sadness, and surprise. To address occlusion (for example, parts of the face obscured due to masks or other
objects), the researchers simulate occluded facial data by blacking out specific regions of the face, such as the
eyes, nose, or mouth. Such simulation enhances the model's capability to recognize emotions from incomplete
facial data and thus robust for real-world scenarios where online students may partially obscure their faces
during virtual lessons.

2.Deep learning models Image analysis methodology involves two key components, namely CNN for emotion
recognition and GAN for facial reconstruction. The facial expression from the images is recognized by the
CNN, while the GAN model deals with the reconstruction for the cases when certain regions of an image are
occluded.

2.1 CNN for Emotion Recognition

CNNs are a class of deep learning models highly effective in image processing. In this work, a CNN model
is designed to classify emotions based on facial features. The model includes several convolutional layers for
feature extraction, followed by max-pooling layers to reduce the spatial dimensions of the data. After the
convolutional layers, fully connected layers are used to output probabilities for each emotion category.
Supervised learning; the CNN is trained to map facial features of one's face to emotion categories by using
the labeled data from the CK+ dataset.

2.2 Regenerative GAN for Facial Reconstruction

Therefore, in this paper, the occlusion in face images is solved using GAN; the GAN framework involves a
composition of two neural networks: generator and discriminator, where the generator generates a whole face
from a partial or occluded image, and the discriminator tries to distinguish between real (complete images)
and generated ones. The regenerative GAN used in this study, dubbed ReGAN, learns to fill in missing parts
of the face, effectively "reconstructing” the image. The generator is trained to minimize the difference between
the generated image and the original, while the discriminator is trained to distinguish between real and
generated images. Thisadversarial process continues until the generator produces high-quality reconstructions
that the discriminator cannot distinguish from real images

Fic.4 AccurAacY oF CNN PROPOSED SYSTEM

IUCRT2411277 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | c495


http://www.ijcrt.org/

www.ijcrt.org © 2024 1JCRT | Volume 12, Issue 11 November 2024 | ISSN: 2320-2882

3. Emotion Analysis Pipeline

The pipeline begins with the facial data being preprocessed for analysis. This includes face detection,
alignment, and normalization. Once the preprocessing is complete, the occluded images are passed through the
regenerative GAN for reconstruction. After the faces are reconstructed, the CNN model analyzes the faces to
detect emotions.

3.1Facade Region Occlusion Simulation

The authors simulate occlusion of the black rectangle in different regions of the face, such as around eyes,
nose, and the mouth. The same algorithm used for face detection, namely, the Haar Cascade classifier, uses
machine learning object detection, for this purpose to detect these regions. Once the occlusion regions are
identified, a black rectangle is drawn over them to represent occlusion.

3.2 Emotion Recognition

After the facial reconstruction, the CNN model computes the probabilities of the seven categories of
emotions present in the reconstructed image. These probabilities will then be used to display the final predicted
emotion for each student in the online classroom.

4. Dashboard layout

The proposed dashboard is part of the methodology. It provides real-time visual feedback for educators
about engagement and emotions of students during online lectures. The dashboard contains a variety of data
visualization, ranging from heatmaps, bar charts, scatter plots, to 3D animations, making the analysis user-
friendly and intuitive.

4.1 Visualizations and Customization

Heatmaps: These highlight facial regions critical for detecting specific emotions, helping educators
understand which facial expressions students are using.

Bar Charts: Represent the accuracy of emotion recognition for each test. 3D Animations: Visualize
reconstructed facial expressions, making it easier to assess the system’s performance.

Scatter Plots: These track emotion distribution across the classroom, allowing instructors to gauge the
overall emotional state of their students.

Activation Maps: Show which parts of the face are most important for recognizing a particular emotion.

The dashboard can be customized and teachers change the layout and visualizations according to preference.
For example, teachers can choose the graphs they wish to show and filter the data by student or time period.
These flexibilities enable educators to adapt their teaching methods according to real-time feedbacks of
students' emotions. 5. Performance Review The proposed models are rigorously evaluated based on standard
machine learning metrics - accuracy, precision, recall, and F1-score. The evaluation is carried out on the CK+
dataset, and the dashboard visualizes the result in terms of confusion matrix, precision-recall curve, and ROC
curve. Loss Functions 5.1 The GANs and CNNs are respectively trained on these particular loss functions: L1
and L2 Loss: For the generator in a GAN, the L1 and L2 loss functions are used to minimize the difference
between the generated and original images. The use of a binary cross-entropy loss function is what the
discriminator in the GAN uses when distinguishing between real and generated images. GAN Loss: The total
loss for the GAN is a summation of the generator and discriminator losses ensuring that both networks get
optimally trained.

V.FEATURES AND ANALYSIS
1.Neural Network Effectiveness:

Neural networks do very well for things like image recognition and speech recognition and natural language
processing et cetera. Neural networks, especially the deep learning models, are primarily known for their
excellence in pattern recognition, which makes them outstanding at tasks where it is necessary to find
complex, non-linear patterns in huge amounts of data.

2.Feature Extraction:

Neural networks, particularly convolutional neural networks (CNNs), are highly effective at feature
extraction. In traditional machine learning, feature engineering was manual and time-consuming, requiring
domain expertise. In contrast, deep neural networks automatically extract features from raw data. For
example, in image recognition, CNNs learn hierarchical feature maps, from detecting edges in the lower
layers to more abstract concepts (such as object parts) in the deeper layers.
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3.Advantages of Deep Learning:
Deep learning models offer several advantages over traditional methods:

- Automation of Feature Extraction: These models automatically extract relevant features from the data
without the need for manual input.

- Scalability: Deep learning thrives on large datasets and high computational power, allowing for more
accurate and complex models.

Adaptability: Neural networks can generalize across different types of tasks (e.g., image, text, and audio)
by adapting their architectures.

Non-Linearity: Deep learning models can represent highly non-linear relationships in data, making them
superior to many traditional models.

4.Interpretability vs. Performance:

There is a trade-off between the performance of neural networks and their interpretability. Deep neural
networks often achieve superior accuracy but are notoriously difficult to interpret, hence the term "black
box." On the other hand, simpler models like decision trees or logistic regression provide transparency and
can be much more interpretable, but they often lack the performance and flexibility of deep neural networks.

Techniques that have been developed to help make neural networks better interpretable include attention
mechanisms, saliency maps, and XAl methods.

5.Validation and Generalization:

In deep learning, validation checks whether the model is not overfitting to the training data, and techniques
used to avoid overfitting include cross-validation, dropout, early stopping, and batch normalization.
Generalization: The model's ability to do well on unseen data. Proper validation of neural networks helps
them generalize well, but the challenges arise, more particularly overfitting for deep models, if the training
data is limited or imbalanced.

6.Limitations and Challenges:

- Data Dependence: Neural networks require large datasets to avoid overfitting and ensure high
performance.

- Computational Cost: Training large neural networks requires a lot of computational resources, primarily
GPUS/TPUEs.

- Interpretability: Neural networks are complex and difficult to interpret.

- Sensitivity to Quality of Data: Noisy or biased data may significantly degrade the performance of a neural
network.

One of the primary concerns is ethical and privacy related, where in tasks like face recognition or emotion
analysis it could be biased or data could be misused.

7.Future Directions:

The future of neural networks and deep learning points towards:

- Improved Interpretability: Methods for better explanation of what is going on inside deep networks.
- Transfer Learning: Pre-trained models being adapted to specific tasks with minimal data.

- Edge Al: Moving Al from the cloud to devices like smartphones, enabling real-time inference.

- Al-Augmented Learning: Neural networks working with a human expert to enhance the latter's judgment
and insight, whether in medicine or education. Ethical Al: The building of fair, transparent, and accountable
Al would be the focal point, free from bias and ethical application of Al.

8.Ethical Considerations:

Neural networks have ethical issues, particularly when used in sensitive applications, like emotion
recognition or surveillance. These include: - Models will perpetuate biases present in the training data;
hence, most data-driven models would have unfair or inaccurate outcomes.
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Privacy: The use of neural networks for activities such as identifying a face infringes on an individual's
privacy. Autonomy. As Al systems make more decisions -especially in areas like healthcare or education,
strict human oversight must prevent the malpractice of such system. These factors are critical to the more
general assessment of effectiveness and function in current and future applications of neural networks.

VI. CONCLUSION

The research successfully developed a deep learning-based interactive dashboard to enhance the online
classroom experience by analyzing students' emotions in real time. Using convolutional neural networks
(CNNs) for emotion recognition and generative adversarial networks (GANSs) for facial reconstruction, the
system effectively detects emotions, even with occluded facial data, providing valuable insights to
educators. This allows teachers to dynamically adjust their teaching strategies, improving student
engagement and learning outcomes.

Validated with the CK+ dataset, the model showed high accuracy in emotion recognition and demonstrated
strong generalization abilities. The dashboard’s visualizations—such as heatmaps, confusion matrices, and
precision-recall curves—offer educators clear, actionable data on student emotions, helping them make
informed, data-driven decisions.

While the system offers significant potential to transform online learning, it also raises ethical concerns,
particularly related to student privacy and data security. Ensuring the responsible use of Al in educational
settings is crucial for future applications.

In conclusion, this interactive dashboard provides a powerful tool for improving the online classroom
experience. However, future work must focus on refining the model’s interpretability, expanding dataset
diversity, and addressing ethical considerations to ensure responsible and widespread use in education.

VII. FUTURE WORK

Future work should focus on improving the interpretability of deep learning models to enhance transparency
and trust in emotion recognition systems. Expanding the dataset to include more diverse and real-world
classroom environments will improve model generalization. Additionally, integrating advanced privacy-
preserving techniques, such as federated learning and differential privacy, will address ethical concerns
related to data security. Exploring multimodal approaches that combine facial, voice, and text analysis could
further enrich emotional insights. Lastly, real-time feedback loops between emotion analysis and adaptive
teaching methods can be refined to create even more personalized and responsive virtual learning experiences.
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