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Abstract: This Paper focuses on enhancing the detection of student attentiveness in online
classes through the use of Recurrent Neural Networks (RNNs). The system leverages video
data to assess student engagement by analyzing both emotions and behavioral cues over
time. RNN-based models are employed to handle the temporal nature of video frames,
allowing the model to track changes in student behavior and emotional responses throughout
the session. To address the challenge of processing large video datasets, a Hierarchical
Video Summarization technique is used to identify key frames that summarize critical
information. These key frames are then fed into the RNN for sequential analysis to detect
patterns of engagement and disengagement. Face detection and emotion analysis are
performed using advanced deep learning methods, such as a multi-scale face detection
approach integrated with RNNs, which improves the system’s ability to track faces and
emotions across different resolutions and frame rates. EmoNet, a neural network specifically
tuned for emotion classification, is incorporated to identify various emotional states such as
interest, boredom, frustration, and confusion. The network is optimized using
hyperparameter tuning and regularization techniques, ensuring high accuracy and
performance. The proposed RNN-powered system provides an unobtrusive method for real-
time tracking of student attentiveness, offering valuable insights to educators for improving
online learning environments. Metrics such as accuracy, precision, recall, and F1-score are
used to evaluate the system, with a specific focus on student engagement in South Asian
classrooms.
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INTRODUCTION

Modern education system rely heavily on learning environments in which students
engage with a real-tutor teacher or auto-tutor to acquire the necessary information due
to human-to-human connection instructors may engage with pupils based on their
observable actions emotions in conventional learning in this age of the smart city there
are several learning environments used in the teaching-learning process including social
e-learning collaborative e-learning m-learning even there are smart campus that
employs webinars and auto-tutors in addition to conventional learning and e-learning
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these different learning environments may be even more customized by including
emotional and behavioral engagement analysis tools which can automatically predict
the student’s participation and helps modify the teaching style accordingly to improve
the teaching-learning process.

Deep learning, a neural network that mirrors the brain, has emerged significantly due to
its superior performance in various domains such as automated text creation, healthcare,
image recognition, self-driving automobiles, e-commerce, and personal assistance. It
uses massive datasets, high computing requirements, and takes less time to learn and
assess.

Head pose estimation has been explored in three dimensions to compute the head's Euler
angle and integrate spatial structure. A novel annotation technique and a vector-based
approach have been introduced for enhancing head pose recognition. Kumar et al.
suggested an improved framework for Google LeNet and utilized the AFLW dataset to
learn posture judgments in a rough form. Ranjan et al. developed a multi-task CNN to
identify multi-class criteria based on facial features, while Ruiz et al. introduced the
RGB technique combined with regression limitations to refine pose estimation.

2. LITERATURE SURVEY

Automatic Summarization of Surveillance Videos ASOSV. Prior knowledge of the
data, processing cost, and scalability always matter. Lu et al. developed unsupervised,
efficient, scalable key-frame selection for surveillance footage summarizing. The
Martingale Test is used for abnormality testing, and change detection per frame is based
on RPM (Randomized Power Martingale), with the next value expected to be the same
as the current value. According to the authors, key frame selection was subjective and
result comparisons used older technology. Frame-based, frame-clustering, and
subspace analysis Findings showed that extracting attributes took more time. Each
frame was analyzed for trustworthiness. The authors manually selected the group
parameter’s frame count.

Ruipeng et al. technique allows simultaneous holistic and object summarization. This
method uses a heuristic hierarchical code book to summarize video. Indexing matches
a video’s features or objects to search criteria. A content-based retrieval system must
employ an index to manage frames, objects, features, and segments linked to key frame
extraction. This approach needs an index page that specifies extraction-related indices.

Indexing in surveillance footage is done on the basis of facial and geometric
characteristics. Powerful feature identification and extraction algorithms are used in
these systems. SIFT, SURF, and MSER are feature extraction methods that use
background subtraction and concentrate on the foreground. Yabin Zhao presented
DBSCAN-based background removal in 2015 using a recall method. Jiaxin Wu
described a method using SIFT for Video Representation based High Density Peaks
Search (VRHDPS). The method decreases memory requirement and increases
accuracy, and F-score.

Michael et al. experimented with indexing and choosing keyframes in surveillance
videos. To reduce the computational expense of processing numerous color channels in
color frames, the raw video is split up into frames and converted to grayscale.
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The approach gathers frame histograms and computes the global difference using an
adaptive threshold. Fei et al. recommended keyframe selection by emphasizing
compressed video summary.

Yang et al. method for video skimming that was based on highlight production using
an autoencoder RNN with long short-term memory (LSTM). Jung et al. suggested
unsupervised long-video summarization.

Chunk and Stroke Network is used to retrieve key video clips (CSNet). Adding a
regularization loss variable termed variance loss fixes poor feature learning with flat
score distributions for each frame. CNN uses feature analysis for VAE and GAN based
skimming summaries. Yujia et al. suggested an online autoencoder. CNN extracted
features and autoencoder LSTM cells computed temporal characteristics. Two
algorithms separate each frame’s items and monitor their trajectories to summarize
motion clips.

Student participation is a pivotal factor in the success of online learning. Image analysis
techniques, including facial expression assessment, gaze tracking, and posture
recognition, have been increasingly used to evaluate involvement. This survey explores
different methodologies and strategies in this field.

The growth of online education has prompted the development of automated
approaches to measure learner involvement. Traditional methods, such as self-reports
and instructor observations, can be subjective and inconsistent. Image analysis provides
a non-intrusive, automated solution by evaluating facial cues, gaze patterns, and body
posture.

Facial expression recognition (FER) is one of the most common techniques for
assessing participation. Deep learning models, such as Convolutional Neural Networks
(CNNs), are often employed to classify emotions like happy, sad, surprised, or neutral.
Relevant works: Zhao et al. (2021) applied CNN-based FER models to detect emotions
in virtual classes, achieving 85% accuracy in participation prediction. Gudi et al. (2020)
used deep learning models with facial action units to assess cognitive engagement.

Eye-tracking helps determine whether learners are focused on the screen or distracted.
Relevant works: Cheng et al. (2022) used webcam-based gaze estimation to measure
attention and correlate it with quiz results. Liu and Wang (2021) developed a lightweight
model to track gaze direction in real-time and provide an attention score based on gaze
fixation.

Body posture and head movements serve as indicators of attentiveness or
disengagement. Relevant works: Kumar et al. (2020) used OpenPose to analyze posture
and classify levels of engagement. Yang and Xu (2021) developed a hybrid model that
combined head pose analysis and facial cues to enhance the precision of engagement
prediction.

Combining various image analysis techniques with audio and textual can enhance
prediction accuracy. Relevant works: Hernandez et al. (2022) integrated FER, gaze
tracking, and posture analysis using a deep learning ensemble model, achieving 90%
accuracy in engagement prediction. Raj et al. (2021) used a transformer-based model to
fuse video and audio cues for predicting involvement.
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3. LIMITATIONS OF EXISTING SYSTEM

This study explores the application of k-Nearest Neighbors (kNN) for predicting student
engagement in educational settings, with a comprehensive examination of its advantages
and disadvantages. The kNN algorithm is utilized to predict engagement levels based on
historical data, considering various features related to student interactions, attendance,
and participation. The research begins by preprocessing and selecting relevant features
from the dataset, including but not limited to attendance records, assignment completion
rates, and participation metrics. These features serve as the basis for the kNN algorithm,
which classifies a student’s engagement level by considering the engagement patterns
of its k-nearest neighbors.

While kNN is known for its simplicity and ease of implementation, this study critically
evaluates its limitations in the context of student engagement prediction. One major
disadvantage lies in its sensitivity to irrelevant features and noise, which can affect the
accuracy of predictions. The impact of feature selection and noise reduction techniques
on the model’s performance is thoroughly analyzed. Furthermore, the study addresses
the challenge of determining the optimal value for the ‘k’ parameter in kNN,
emphasizing the trade-off between model sensitivity and robustness. The computational
cost associated with large datasets and the need for efficient algorithms to handle the
increased complexity are also discussed as potential drawbacks.
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Fig . 1: Student Engagement Management using KNN
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4. PROPOSED SYSTEM

In the modern educational landscape, predicting and enhancing student engagement is
crucial for optimizing learning outcomes. This paper introduces a novel system for
student engagement prediction leveraging the capabilities of Recurrent Neural
Networks (RNNs). The proposed system aims to capture temporal dependencies in
facial expression sequences, providing real-time insights into student engagement
levels during classroom activities.

The research employs a dataset consisting of facial expression sequences captured in
real-time classroom settings. Facial landmarks and expressions are extracted using
computer vision techniques, and these features are then fed into an RNN architecture
to capture temporal dependencies and patterns in students’ reactions. The RNN model
is designed to learn the dynamic nature of facial expressions over time, enabling it to
recognize subtle changes indicative of variations in Engagement levels.

The research employs a dataset consisting of facial expression sequences captured in
real-time classroom settings. Facial landmarks and expressions are extracted using
computer vision techniques, and these features are then fed into an RNN architecture
to capture temporal dependencies and patterns in students’ reactions. The RNN model
is designed to learn the dynamic nature of facial expressions over time, enabling it to
recognize subtle changes indicative of variations in engagement levels.

5. OUTCOME ANALYSIS

For training of model we have used custom dataset of 1000 images and their
corresponding text description of their facial expression
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Fig. 2: Sample images of datasets.
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Implementation Details

For implementation, we have designed the following modules:

1. Registrations: The new Students should register which are after activated by the admin.

2. Student login: All the Students who are registered and activated by admin can login
with their respective credentials.

3. Admin login: Here the admin can view the data of all the student attentiveness.

4. Live cam: It is done by OpenCV, where different facial expressions of students are
detected.

Fig. 3: In above screen python server started and now open browser and enter URL as
http://127.0.0.1:8000/ and then press enter key to get below page.

Student Engagement Predictionfor Online  tome  sudeats  admin
2s

Iasse Regisiraiions

Fig. 4: Home Page of the model
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Fig. 5: User Registration Pagé
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Fig. 6: Student Login Page
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5. CONCLUSION

This study demonstrates the potential of Recurrent Neural Networks (RNNs) in
analyzing and predicting student engagement in online learning environments. By
leveraging RNNs, which are adept at handling sequential data, we were able to
effectively capture patterns in student behavior over time, such as interaction
frequency, response times, and participation levels. The model's ability to process and
predict engagement provides educators and institutions with valuable insights that can
be used to tailor learning experiences, improve retention, and foster better outcomes.

The results confirm that RNNs can identify key indicators of engagement, such as active
participation and content comprehension, with a high degree of accuracy. Moreover, by
analyzing engagement patterns, we can foresee potential issues such as student
disengagement or drop-off, enabling timely intervention.

Despite the promising results, several areas remain for further research. Improving the
model's ability to generalize across different learning platforms, refining the accuracy
of engagement predictions, and incorporating additional data sources like video
interactions or emotional sentiment are all avenues for future work. Additionally,
addressing challenges like data privacy and ethical concerns related to student data will
be crucial as such systems gain widespread adoption.

In conclusion, the application of RNNs to student engagement in online classes holds
significant promise for enhancing educational outcomes and creating more
personalized, interactive learning environments. With further refinement and broader
implementation, RNN-based models could play a pivotal role in shaping the future of
online education.
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