Automatic detection of students’ engagement during online learning: A bagging ensemble deep learning approach
ABSTRACT
· The COVID-19 pandemic has reshaped education and shifted learning from in-person to online. While this shift offers advantages such as liberating the learning process from time and space constraints and enabling education to occur anywhere and anytime, a challenge lies in detecting student engagement during online learning due to limited interaction.
·  Student engagement, defined as the active involvement of students in the educational journey, is a critical factor influencing the overall learning experience. This research addresses this challenge by proposing a model using bagging (bootstrap aggregating) ensemble learning applied to 1-dimensional convolutional neural networks (1D CNN), 1-dimensional residual networks (1D resnet), and hybrid ensemble deep learning models. 
· Utilizing the daisee dataset, our findings indicate that the bagging ensemble of the 1D CNN model achieves 93.25% accuracy, surpassing the individual model by 3.25%. The deep learning ensemble bagging attains 93.75%, outperforming the unique 1D resnet model by 3.5%. Additionally, the hybrid ensemble bagging achieves the highest accuracy of 94.25%, a 1% improvement over the 1D CNN model and a 0.5% increase over the 1D resnet model.


CHAPTER-1
INTRODUCTION

· With the enrichment and development of internet technology, online education courses are becoming more and more popular with students. Students can gain knowledge through online education anytime, anywhere, without being constrained by time and space, and can repeatedly watch video that they do not understand.
·  Greatly enhancing the convenience of students' learning, while promoting the sharing of educational resources. Engagement is one of the affective state [1] which is a link between the subject and resource. It has various aspects such as emotional, cognitive and behavioral aspect. 
· In the online education environment, to help the students to retain their attention level or track those parts of the video where they loss the attention it is mandatory to track student engagement based on a series of external expressions such as the subject's emotions [2], behaviors, and postures.
· Now, a large number of research experts at home and abroad have recorded the process of students' online learning by video, and then judged the student's learning engagement by observing the behavior of the students in the video, however, there are also some scholars who conduct research on student engagement recognition through questionnaires, quizzes [3], etc
· Engagement intensity is a complex emotional state, which is not only related to the subject's emotions [4], but also to the subject's posture and some actions. Judging students' engagement in learning through limited video data is still a serious challenge. 
· In this paper, our task is to automatically identify students engagement in learning from multiple feature perspectives, making full use of student's eye gaze information, head pose information, facial action unit information, and body posture information. 
· We think that the student's engagement in learning can be reflected by some behaviors [5] of the students during the course of the lesson. Such as when the students look away from the screen or outside the screen range, when watching the video, the eyes are half closed or fully closed, yawn and restlessness in a chair, etc. These behaviors reflect that the student's engagement in learning is not high, otherwise it indicates that the student has a higher degree of engagement in learning. 


CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· They mainly make two contributions: 1. For artificial tagging, two video lengths are used, that is, a long clip of 60 seconds and a short clip of 10 seconds. Experiments have proven that people have a better understanding of 10-second short clip videos. 2. They identify student engagement by extracting manual features and use the classifier to classify engagement. 
· The experiment results show that, in the short video binary classification task of 10 seconds, the recognition result of the machine learning model is equivalent to the level of manual annotation. It is clear that the method of machine learning can be used for automatic recognition of learning participation. 
· Since then, domestic and foreign scholars have carried out a series of more in-depth studies on the prediction of student engagement. The main research methods include frame-based methods, space-time-based features methods, and multi-modal features-based methods. Besides, spatio-temporal-based methods are sometimes used in combination with the other two methods.


2.1.1 DRAWBACKS OF EXISTING SYSTEM ARE 
· Need for large datasets: deep learning models typically require large volumes of labeled data to train effectively. If the dataset is insufficient or imbalanced, the model's performance might degrade, leading to inaccurate engagement predictions.
·  High computational requirements: deep learning models, particularly ensemble methods like bagging, can be computationally intensive. This requires considerable hardware resources, which can be costly, especially for real-time applications or in resource-limited environments. 
· Difficulty in debugging: in ensemble models, particularly those with many deep learning components, identifying which part of the model is making a wrong prediction or why the system fails can be challenging. 
· Bias and fairness: deep learning models can inadvertently learn biases from the data, leading to biased engagement predictions. For instance, a model might unfairly assess certain demographic groups as less engaged based on skewed training data, which can result in unfair outcomes.

2.2. PROPOSED SYSTEM

· The system integrates multimodal data inputs, including visual (e.G., Facial expressions, eye tracking), auditory (e.G., Speech analysis), and behavioral (e.G., Mouse and keyboard interactions) signals to capture a comprehensive view of student engagement.
·  These diverse data sources are processed through a deep learning pipeline that involves multiple stages, including data collection, preprocessing, feature extraction, and model training.
· At the core of the system is a bagging ensemble approach, which combines the outputs of multiple deep learning models to improve prediction accuracy and reduce overfitting. This ensemble method helps ensure that the engagement detection is robust across varying student behaviors and learning contexts. 
· Specifically, the system utilizes different types of models, such as convolutional neural networks (cnns) for image data (e.G., Facial expression recognition), recurrent neural networks (rnns) or long short-term memory (LSTM) networks for sequential behavioral data, and other deep learning architectures tailored for different input modalities. These models are trained on labeled datasets to classify student engagement into categories (e.G., Engaged, disengaged) or provide continuous engagement scores.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· Robustness to overfitting: by combining the predictions of multiple models, bagging reduces the risk of overfitting that individual models, especially deep learning models, might suffer from. This is particularly useful in educational environments, where engagement data can be noisy and diverse.
· Adaptive learning: continuous engagement tracking enables adaptive learning systems that can adjust course materials, pace, or teaching methods based on real-time engagement data, leading to more personalized learning experiences.
· Comprehensive engagement detection: by processing various input signals (audio, visual, behavioral), deep learning models can detect subtle cues of engagement (or disengagement) that may be missed by human observers or simpler machine learning methods. 
· Automatic feedback generation: by automatically identifying disengaged students, the system can prompt instructors to intervene, or generate automated notifications and suggestions for students, enhancing the overall learning process without requiring constant human oversight.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.




2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   


2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005










2.5 MODULE DESCRIPTION
· Data collection module
· Preprocessing module
· Feature extraction module
· Bagging ensemble module

Data collection module
· Purpose: this module is responsible for collecting various forms of data related to student engagement during online learning. It might involve tracking a range of interactions such as facial expressions, eye movement, keyboard activity, mouse clicks, audio input (speech), and other behavioral indicators that can signal student engagement or disengagement.
· Data sources:
· Visual data: video data for detecting facial expressions, eye gaze, or body posture.
· Audio data: speech analysis to detect engagement via voice tone, participation in discussions, etc.
· Interaction data: tracking mouse movements, clicks, and keyboard inputs to gauge engagement in interactive tasks or quizzes.

Preprocessing module
· Purpose: the preprocessing module prepares the raw data for input into the deep learning models. This includes cleaning the data, normalizing or scaling numerical inputs, and transforming raw data (e.G., Video frames, audio recordings) into formats that the model can process.
· Tasks:
· Noise reduction: for audio and video data, removing noise or irrelevant background elements.
· Data transformation: converting visual or audio data into useful features (e.G., Extracting facial landmarks, speech sentiment, eye gaze direction).


Feature extraction module
· Purpose: this module extracts relevant features from the raw data to be fed into the model. For deep learning systems, feature extraction involves processing complex raw inputs (e.G., Images, sounds) into numerical representations that capture the key information about student engagement.
· Tasks:
· Facial expression recognition: detecting emotions like happiness, confusion, boredom, or interest through facial landmarks and expressions.
· Speech emotion recognition: analyzing voice tone and speech patterns to infer emotional states related to engagement.

Bagging ensemble module
· Purpose: bagging (bootstrap aggregating) is an ensemble learning technique that combines multiple models to improve accuracy and reduce overfitting. This module applies the bagging technique to the engagement classification model, using multiple trained classifiers to make a final decision.
· Tasks:
· Model diversity: train several independent deep learning models (e.G., CNN, LSTM, etc.) On different subsets of the data to introduce diversity in the predictions.
· Aggregation: use voting, averaging, or another aggregation method to combine the outputs of the different models into a final prediction of student engagement.
CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 


















CHAPTER 5
CONCLUSION 
CONCLUSION
· Predicting student engagement in an online learning environment is a challenging task. In order to make a more accurate judgment of student learning participation, in this paper, we propose a method of video feature fusion based on the idea of neural turing machine read heads.
·  From the perspective of multiple features, we get the fusion of multiple short video features by using two fully connected layers. It can be found from table I that our method can more accurately predict the student's learning participation than the traditional method of weighted summation and averaging.
·  In future work, we will continue to study which of the features could play a greater role in judging students' engagement in multi-modal features, and are more related to their accuracy. At the same time, we will consider adding an LSTM network to our model in order to better grasp the time signal of the input information.


