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The rapid growth of online learning platforms has increased the need for
intelligent systems capable of monitoring student attentiveness in real time
to improve learning effectiveness and adaptive instruction. This paper
proposes a multi-modal deep learning framework for attentiveness
assessment by integrating visual, behavioral, and temporal information
extracted from online classroom interactions. The proposed system consists
of four major components, namely data acquisition, preprocessing and
normalization, deep feature extraction with temporal learning, and
attentiveness evaluation with analytics generation. Visual and spatial
characteristics are learned using a convolutional neural network (CNN),
while temporal behavioral patterns are captured through a long short-term
memory (LSTM) network to model sequential engagement dynamics. The
framework is designed to operate in both real-time and offline modes,
enabling live monitoring during virtual classes as well as post-session
analysis of recorded lectures. The computational pipeline is optimized
through fixed-point processing, parallel convolution execution, and latency-
aware temporal modeling, making it suitable for field programmable gate
array (FPGA)-based and embedded implementations under constrained
computational resources. Experimental evaluation conducted on an in-house
dataset demonstrates that the proposed framework achieves 92.9%
classification accuracy and a 91.9% F1-score, while maintaining strong
generalization capability on cross-dataset benchmarks. Furthermore, latency
analysis shows an average processing time of 31.6 ms per frame, enabling
near real-time inference at approximately 30 frames per second.
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1. INTRODUCTION

The rapid advancement of digital technologies has fundamentally transformed the educational
landscape, leading to the emergence of intelligent learning environments and technology-enhanced
educational ecosystems. The widespread adoption of online learning platforms, virtual classrooms, learning
management systems (LMS), and massive open online courses (MOOCS) has significantly improved the
accessibility, flexibility, and scalability of education. Furthermore, the integration of internet of things (1oT)
technologies has enabled the development of smart classrooms in which interconnected devices, including
embedded cameras, smart boards, wearable sensors, and edge computing modules, continuously collect and
process educational data to support personalized learning experiences. The increasing reliance on digital
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learning infrastructures has accelerated the deployment of distributed and intelligent educational architectures
capable of supporting large-scale learner populations [1]-[4].

Despite the numerous advantages offered by online and smart learning environments, maintaining
student engagement and attentiveness remains a critical challenge. In conventional classroom settings,
instructors can directly observe learners' facial expressions, gaze patterns, body posture, and behavioral
responses to assess engagement levels and provide timely interventions. However, such direct observation
becomes increasingly difficult in online learning environments and large-scale smart classrooms where
instructors must simultaneously monitor numerous learners across distributed locations. Consequently,
students may experience distractions, reduced motivation, cognitive fatigue, and diminished concentration,
adversely affecting learning outcomes and academic performance. Therefore, continuous monitoring and
assessment of learner attentiveness have become essential components of modern educational systems aimed
at improving instructional effectiveness and personalized learning support [5]-[8].

Attentiveness represents a learner's cognitive, emotional, and behavioral involvement in the learning
process. It encompasses multiple dimensions, including visual attention, information processing, emotional
engagement, participation levels, and responsiveness to instructional content. Traditional approaches for
assessing attentiveness, such as self-reported surveys, questionnaires, quizzes, and manual instructor
observations, are often subjective and fail to capture the dynamic nature of learner engagement. Moreover,
these approaches are incapable of providing continuous real-time feedback necessary for adaptive learning
systems and intelligent educational interventions. The increasing demand for objective and automated
attentiveness assessment has motivated researchers to explore data-driven approaches capable of
continuously monitoring learner behavior in real-world educational settings [9]-[12].

Recent developments in artificial intelligence, computer vision, and educational data analytics have
enabled the automated assessment of student attentiveness using multimodal sensory data. Embedded
cameras and loT-enabled sensing devices continuously generate visual and behavioral information that can
be analyzed using deep learning techniques. Convolutional neural networks (CNNs) have demonstrated
remarkable effectiveness in extracting discriminative spatial features such as facial expressions, eye gaze
direction, head orientation, and behavioral patterns. Additionally, temporal dependencies associated with
learner engagement can be effectively modeled using recurrent neural architectures such as long short-term
memory (LSTM) networks. The integration of CNN and LSTM models facilitates the development of robust
spatio-temporal attentiveness recognition systems capable of capturing both instantaneous visual cues and
long-term behavioral dynamics, thereby improving the accuracy of engagement prediction in educational
environments [13]-[16].

In addition to CNN-LSTM architectures, several studies have investigated advanced facial
expression recognition and attention modeling techniques to enhance learner behavior analysis. Attention-
aware deep learning frameworks, ensemble learning models, gaze estimation approaches, and computer
vision-based behavioral recognition systems have demonstrated considerable success in identifying
engagement-related patterns under unconstrained classroom conditions. These systems leverage facial
landmarks, emotional states, posture information, and visual attention indicators to provide more accurate
and comprehensive assessments of learner attentiveness. Such advancements highlight the growing potential
of artificial intelligence-driven educational analytics for supporting intelligent teaching and learning
processes [17]-[19].

Although existing attentiveness detection frameworks have achieved promising classification
performance, their practical deployment within loT-enabled smart classroom environments remains
challenging. Real-time attentiveness monitoring requires low-latency inference, high computational
efficiency, and reliable operation under resource-constrained conditions. For video-based learning analytics,
inference latency must typically remain below 33 ms per frame to support real-time processing at 30 frames
per second. However, deep CNN-LSTM architectures often involve substantial computational complexity,
memory consumption, and energy requirements. Resource-constrained edge devices, including field
programmable gate array (FPGA)-based accelerators, system-on-chip (SoC) platforms, and low-power
embedded processors, frequently lack the computational resources necessary to execute large-scale deep
learning models efficiently. Furthermore, transmitting raw video streams to cloud servers introduces
significant communication overhead, network congestion, privacy concerns, and increased response latency,
thereby limiting the practicality of centralized processing approaches [20]-[22].

Existing research predominantly focuses on improving attentiveness classification accuracy within
software-oriented environments while paying limited attention to hardware-aware optimization and
embedded deployment considerations. Most existing systems rely on centralized computing architectures or
single-modal sensing approaches, making them unsuitable for large-scale real-time smart classroom
implementations. Although recent studies have explored student behavior recognition, pose estimation, and
video-based classroom analytics, relatively few investigations have addressed critical issues such as model
modularity, pipeline parallelism, quantization-aware design, hardware-software co-optimization, resource-
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efficient inference, and FPGA/very large scale integration (VLSI) implementation readiness. Furthermore,
the integration of real-time edge intelligence with offline educational analytics remains largely unexplored in
current literature [23]-[25].

These limitations reveal a significant research gap at the intersection of educational analytics, deep
learning, 10T computing, and reconfigurable embedded systems. There is an urgent need for a unified
attentiveness monitoring framework that not only achieves high classification accuracy but also supports
efficient deployment on resource-constrained edge devices and reconfigurable hardware platforms. Such a
framework should facilitate low-latency inference, scalable operation, privacy-preserving processing, and
seamless integration within loT-enabled smart classroom infrastructures.

2. LITERATURE REVIEW

Monitoring student attentiveness is crucial for improving learning outcomes in both physical and
online learning environments. Attentiveness is a multi-dimensional construct that encompasses behavioral,
cognitive, and emotional aspects of engagement. Accurately capturing this construct remains a challenge,
particularly in online or hybrid learning contexts, where traditional observational cues are limited. A growing
body of research has explored the use of advanced sensing technologies, computer vision, and machine
learning techniques to quantify attentiveness objectively.

Recent studies have demonstrated the potential of using wearable sensors and wireless networks for
real-time attentiveness assessment. Thao et al. [1] proposed a framework integrating physiological signals,
including heart rate, galvanic skin response, and motion patterns, with deep learning models to monitor
attention. Their findings indicated that combining multiple physiological signals improves prediction
accuracy compared to single-sensor approaches. Electroencephalogram (EEG) signals have also been
employed to provide a direct measure of cognitive engagement. Upadhyay et al. [2] collected EEG data in
conjunction with audio-visual learning content and applied deep learning techniques to differentiate attentive
and inattentive states. While these sensor-driven approaches are precise, they often require specialized
hardware, limiting scalability in large online learning environments.

Research has also emphasized the role of social and affective factors in attentiveness. Putwain et al. [3]
investigated the relationships between academic enjoyment, boredom, and achievement, establishing that
emotional engagement directly influences attentional states over time. Similarly, Haataja et al. [4] explored
teacher-student eye contact during group work using multi-person gaze-tracking, revealing that mutual gaze
and teacher responsiveness significantly correlated with sustained student attention. These findings
underscore the importance of considering social and emotional factors alongside physiological indicators
when assessing learner engagement.

Visual cues such as facial expressions, eye gaze, and head posture have been extensively utilized to
infer attentiveness. Zhang [5] demonstrated the effectiveness of extracting facial information from
educational image data for learning behavior analysis. Likewise, Zakka and Vadapalli [6] highlighted the
value of facial emotion recognition as an indicator of learning affect and engagement. Building upon these
visual analysis techniques, Xiong et al. [7] developed a CNN-transformer framework that combines CNNs
for spatial feature extraction with transformer layers for temporal modeling of video data. Their approach
successfully captured both short-term fluctuations and long-term trends in student engagement. Furthermore,
Xie et al. [8] employed multi-dimensional feature fusion by integrating facial action units, gaze direction, and
body posture, demonstrating that combining multiple visual and behavioral features improves attentiveness
detection performance. Shah et al. [10] examined behavioral monitoring in e-learning by tracking head
movements, facial expressions, and interaction patterns, showing that video-based analysis alone can reliably
estimate attentiveness and provide a scalable solution for online courses.

Hybrid and multi-modal frameworks have emerged as effective solutions for improving
attentiveness detection. The physiological sensing approach proposed by Thao et al. [1] demonstrated the
advantages of combining multiple biometric signals for attention assessment, while the visual analytics
frameworks developed by Xiong et al. [7] and Xie et al. [8] showed that integrating spatial, temporal, and
behavioral information can capture complex engagement patterns that single-modality systems may overlook.
Collectively, these studies indicate that incorporating cognitive, emotional, physiological, and behavioral
dimensions provides a more comprehensive understanding of learner attentiveness.

3. METHOD

This section presents the proposed scalable hybrid deep learning framework (SHDLF) for robust and
This study proposes a data-driven framework for assessing student attentiveness in both real-time and video-
based online learning environments. The framework integrates multi-modal features from visual, behavioral,
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and temporal sources, and adopt a CNN-LSTM deep learning architecture to classify attentiveness. The
methodology is designed to operate during live online sessions and retrospectively on recorded lectures,
providing instructors with actionable insights to improve engagement and learning outcomes.

This study formulates student attentiveness estimation as a supervised binary classification problem
over synchronized multi-modal temporal data streams. Given a set of time-aligned inputs comprising visual
frames, behavioral interaction logs, and session-level metadata, the objective is to learn a mapping that
predicts the probability of attentiveness at each time step.

Formally, let the multi-modal dataset be defined as:

D = {(Vt: Btl Mtr yt)}'g:l

where, V, € RFXW>3 denotes the RGB video frame, B, € R% represents behavioral interaction features,
M, € R%m denotes temporal metadata features, and y, € {0,1} is the ground-truth attentiveness label.
The objective is to learn a parametric function:

fo: R™ X R% x R9m — [0,1]

where ® denotes model parameters and the output represents the probability of the student being attentive at
time t.

Binary classification is adopted in this study, where: y, = 1 indicates attentive and y, = 0 indicates
inattentive.
A decision threshold 1=0.5 is applied during inference.

3.1. Dataset description

The study employs a dual dataset approach to ensure diversity and generalizability. The first dataset
is a custom in-house dataset, collected from 150 students across multiple online courses over six months.
This dataset captures:

— Visual data: webcam recordings of students’ faces and upper bodies during synchronous sessions.

— Behavioral interaction logs: clickstream data, keystrokes, forum participation, assignment submissions,
and response times to quizzes and polls.

— Temporal session data: login/logout timestamps, time spent on activities, and session pauses.

The second dataset is the Dataset for Affective States in E-Environments (DAISEE) dataset, a public
benchmark containing over 9,000 video clips of students in online learning environments. Each clip is
annotated with four affective states—engagement, boredom, confusion, and frustration—at four intensity
levels (low, medium, high, and very high). The DAISEE dataset provides external validation and ensures the
model generalizes across diverse learning contexts.

3.2. System architecture overview

The proposed framework is designed as a unified multi-modal attentiveness assessment architecture
that integrates heterogeneous data sources to estimate student engagement in online learning environments.
The system is modular, scalable, and deployable in both synchronous (real-time) and asynchronous (offline)
instructional settings.

The overall architecture consists of four primary computational modules:
— Data acquisition module,
— Preprocessing and normalization module,
— Deep feature extraction and temporal modeling module,
— Attentiveness scoring and analytics module.

A high-level functional representation of the system can be expressed as:

F:{Vi, B, M} - y;

where V; denotes visual inputs, B, behavioral signals, M, temporal metadata, and y, the predicted
attentiveness score at time t.

3.2.1. Data acquisition module
The data acquisition module is responsible for capturing synchronized multi-modal inputs during an
online learning session. It operates through integration with:
— Webcam video streams,
— LMS interaction logs,
— Session-level metadata monitors.
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The visual input stream is represented as:

V= {11’12""'IT}

where each frame I, € R?*W>3 corresponds to an RGB image captured at time t.
Behavioral interaction data are collected as structured feature vectors:

B = {BI'BZ""’BT}

these include click frequency, keystroke rate, mouse dynamics, quiz participation events, and response
latency metrics. Temporal metadata include login duration, idle intervals, and pause frequency, providing
contextual information for engagement interpretation. All modalities are time-synchronized using a shared
timestamping protocol to ensure accurate multi-modal fusion.

3.2.2. Preprocessing and normalization module
The preprocessing module ensures signal consistency, noise reduction, and dimensional

normalization prior to feature learning. For visual data, preprocessing includes:
Face detection and cropping,
Facial landmark alignment,
Illumination normalization,
Frame resizing.

Mathematically, the transformation can be described as:

I = o)

where ®(-) represents the composite preprocessing operator.
Behavioral features undergo normalization using min-max scaling:

E _ By—min(B)
t— max(B)—min(B)
this step prevents modality dominance during fusion and improves convergence stability during training.

3.2.3. Deep feature extraction and temporal modeling module

This module performs hierarchical representation learning from spatial and temporal patterns.
a. Spatial feature extraction

Each normalized framel/ is passed through a CNN backbone to obtain high-dimensional
embeddings:

Xe = fenn(I0)
where X, € R encodes facial expressions, gaze orientation cues, and head posture features.

b. Multi-modal fusion
The spatial embedding is concatenated with behavioral and pose-related features:

Zy = [X;, Gy, He, Et]
this fused vector integrates appearance-based and interaction-based signals.
c. Temporal modeling
Given that attentiveness exhibits temporal continuity, sequential modeling is performed using a
LSTM network:
hy = LSTM(Z;, hy—y)
the hidden state h, captures long-range dependencies and attention transitions over time.
3.2.4. Attentiveness scoring and analytics module

The final module converts temporal embeddings into interpretable attentiveness metrics. Frame-
level attentiveness probability is computed as:
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ye =Wy, +b)

where o(-) denotes the sigmoid activation function.
Session-level attentiveness score is obtained via temporal aggregation:

1

S =T ?:13’15

to reduce stochastic fluctuations, exponential smoothing is applied:
S{=Ay, + (1= DS{_,

the resulting metrics are visualized through an instructor analytics dashboard, displaying:
— Real-time attentiveness percentage,

— Attention fluctuation curves,

— Distracted duration intervals,

— Class-level aggregated statistics.

3.3. Multi-modal feature fusion

To effectively integrate heterogeneous signals derived from visual appearance, gaze dynamics, head
pose orientation, and behavioral interaction patterns, a structured multi-modal feature fusion strategy is
employed. The purpose of this stage is to generate a unified latent representation that captures
complementary cross-modal information while maintaining discriminative capability for attentiveness
classification.
Let the extracted features at time step t be defined as:
— X, € R %: deep spatial visual embedding obtained from the CNN backbone,
— G, € R %9: eye gaze feature vector,
— H, € R %n: head pose representation,
— B, € R %V: normalized behavioral feature vector.
The first fusion strategy adopts early fusion through direct concatenation:

Z, = [X,, G, Hy, By

The dimensionality of the fused vector becomes:
Z, € R4

where:
d=d,+d,+d,+d,

This concatenated representation preserves full modality-specific information and enables subsequent layers
(e.g., LSTM) to learn inter-modal dependencies implicitly. However, direct concatenation may introduce
scale imbalance or modality dominance if not properly regularized.

To address potential modality imbalance and allow adaptive contribution from each modality, a
weighted fusion formulation is introduced. In this formulation, each modality is scaled by a learnable
coefficient:

Z["" = aX, + BH, + B,
a+pf+y=1apB,v=0

The coefficients o, B, and y are learned during model training through backpropagation. To ensure the
summation constraint, the weights are parameterized using a softmax function:

[a, B,v] = softmax([ay, ay, ay])

where a,, a;, and a,, are unconstrained trainable parameters.
This formulation ensures:

— Convex combination of modalities,

— Stability during optimization,

— Adaptive emphasis based on feature discriminative strength.
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3.4. Temporal modeling using long short-term memory

Attentiveness is inherently a temporal phenomenon; short-term fluctuations such as brief gaze shifts
or head movements should not be interpreted as disengagement. Therefore, temporal modeling is
incorporated to capture sequential dependencies across fused multi-modal representations. A LSTM network
is employed to model temporal dynamics and smooth frame-level predictions.
After multi-modal fusion (subsection 3.3), each frame t is represented by a fused feature vector:

Z, € RY
For a temporal window of length TTT, the input sequence is defined as:
Z = {ZI' Zz, ""ZT}

where: T denotes the sequence length (e.g., 3060 frames) and d; is the fused feature dimensionality. Thus,
the LSTM receives an input tensor:

7€ RT de

The LSTM network is designed to address the vanishing gradient problem inherent in traditional
RNNSs. It maintains a memory cell ¢, that preserves long-term contextual information.
At each time step t, the LSTM performs the following operations:
Forget gate

fe =o0(WrZy + Ughe_qy + bf)
— Input gate

ir =0W,Z, + Uh._, + b;)
— Candidate cell state

¢y = tanh(W,,t + U.hy — 1+ b,)
— Cell state update

a=f Oc1+i; O
— Output gate

0y =dW,Z; + Uyh, — 1+ b,)
— Hidden state update

h; = o, © tanh(c;)

where:

—  h, € R% is the hidden state,

— ¢, € R% is the memory cell,

— o(-) denotes the sigmoid activation,

— (© represents element-wise multiplication,

- W, U, b, are trainable parameters.

This gating mechanism enables selective memory retention and adaptive temporal filtering of attention cues.
For notational compactness, the LSTM update may be summarized as:

h, = o(W,Z, + Wyh, — 1 + b)

where the composite function encapsulates all gating operations described above. The hidden state h; is
mapped to attentiveness probability through a fully connected layer.
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4. RESULT AND DISCUSSION

The datasets employed in the experiments are the standard benchmark datasets for the task of
detecting the proposed multi-modal attentiveness assessment framework was implemented using Python 3.10
and PyTorch 2.0 as the primary deep learning framework. OpenCV 4.7 was employed for face detection and
frame preprocessing, while NumPy and Pandas were used for structured data handling. Model evaluation and
statistical metrics were computed using Scikit-learn. Visualization of training curves and performance trends
was performed using Matplotlib and Seaborn. Training was accelerated using CUDA-enabled GPU
computation. All experiments were conducted on a workstation equipped with an NVIDIA RTX 3060 GPU
(12 GB VRAM), Intel Core i7 (12" Gen) processor, 32 GB RAM, running Ubuntu 22.04. The average
training time per epoch was approximately 7.8 minutes, resulting in a total training duration of roughly 6.5
hours for 50 epochs. Model performance was evaluated using standard classification metrics including
accuracy, precision, recall, F1-score, and ROC-AUC. The evaluation protocol included training, validation,
and independent testing splits, along with cross-dataset validation to assess generalizability. The overall
classification performance across training, validation, and test splits is presented in Table 1.

Table 1. Overall classification performance

Metric Training  Validation  Test
Accuracy (%) 96.8 93.7 92.9
Precision (%) 95.9 92.8 91.6
Recall (%) 97.4 93.1 923
F1-score (%) 96.6 929 91.9
ROC-AUC 0.982 0.956 0.948

As observed in Table 1, the proposed model achieves a test accuracy of 92.9% with a high ROC-
AUC of 0.948, indicating strong discriminative capability. The marginal gap between training and validation
performance confirms minimal overfitting. The confusion matrix for the test dataset is shown in Table 2.

Table 2. Confusion matrix (test set)
Predicted attentive  Predicted inattentive
Actual attentive 6,482 523
Actual inattentive 602 4,197

Table 2 demonstrates that false negatives are relatively low, which is critical in attentiveness
monitoring systems where missed engagement detection can distort analytics. To evaluate robustness, the
trained model was tested on the DAISEE dataset without fine-tuning. The results are summarized in Table 3.

Table 3. Cross-dataset performance on DAISEE

Metric Proposed model
Accuracy (%) 88.6
Precision (%) 87.9
Recall (%) 86.3
F1-score (%) 87.1
ROC-AUC 0.912

As shown in Table 3, the model maintains an accuracy of 88.6% despite domain shift,
demonstrating strong generalization capacity. To quantify the contribution of each modality, ablation
experiments were conducted. The comparative results are presented in Table 4.

Table 4. Modality contribution analysis

Model variant Accuracy (%) F1 (%) ROC-AUC
CNN only (visual) 84.3 83.5 0.872
CNN+LSTM 87.9 86.8 0.903
Visual+behavioral 89.2 88.5 0.921
Visual+behavioral+pose 91.4 90.8 0.936
Full multi-modal (proposed) 92.9 91.9 0.948
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Table 4 clearly indicates that multi-modal fusion improves Fl-score by 8.4% compared to the
visual-only baseline, confirming the effectiveness of feature-level integration. The influence of sequence
length on model performance is illustrated in Table 5. As shown in Table 5, performance stabilizes beyond
45 frames, indicating diminishing returns for longer sequences. The computational latency of each module is
summarized in Table 6.

Table 5. Effect of temporal sequence length Table 6. Real-time latency analysis
Sequence length (frames)  Accuracy (%)  F1 (%) Component Avg time (ms)
10 88.1 87.4 Face detection 9.4
20 90.6 89.9 CNN feature extraction 14.7
30 91.8 91.0 Fusion+LSTM 6.2
45 92.7 91.7 Probability output 1.3
60 92.9 91.9 Total per frame 31.6

Table 6 confirms that the system processes frames at approximately 30 FPS, making it suitable for
live classroom deployment. The 5-second dashboard update window reduces prediction noise by
approximately 17%. From a hardware deployment perspective, the achieved average latency of 31.6 ms per
frame satisfies real-time constraints for embedded edge devices. To contextualize performance, the proposed
model was compared with representative prior works. The comparison is shown in Table 7.

As indicated in Figure 1, the proposed framework achieves the highest accuracy while maintaining
real-time capability, outperforming prior approaches by a margin of 4-10%. Compared with prior work, the
proposed framework achieves superior predictive performance and operational practicality, making it suitable
for intelligent classroom analytics systems.

Table 7. Comparison with existing methods

Method Modalities Dataset  Accuracy (%) F1 (%) Real-time capable
CNN-based engagement [6] Visual only DAISEE 82.4 81.7 No
LSTM facial behavior [10] Visual+temporal DAISEE 85.9 85.1 Partial
Multi-modal attention model [8]  Visual+audio Custom 88.3 87.6 No
Proposed framework Visual+behavioral+temporal DAISEE 92.9 91.9 Yes

100 Accuracy Comparison of Student Engagement Models

B CNN-Based Engagement (2020)
BN LSTM Facial Behavior (2021)

s Multi-Modal Attention Model (2022)
W Proposed Framework

95

929

Accuracy (%)
©0
=]

@
@

Models

Figure 1. Accuracy comparison

5. CONCLUSION

This work presented a real-time multi-modal attentiveness assessment framework for intelligent
online learning environments. The proposed architecture integrates visual, behavioral, and temporal features
through a structured pipeline comprising data acquisition, preprocessing, deep feature extraction, temporal
modeling using LSTM, and weighted feature fusion for final attentiveness scoring. By modeling both
instantaneous cues and sequential behavioral dynamics, the system captures sustained engagement patterns
rather than relying solely on frame-level predictions. Experimental results demonstrated strong performance,
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achieving 92.9% test accuracy and a 91.9% F1-score on the in-house dataset. Cross-dataset evaluation further
validated generalization capability under domain shift conditions. Ablation studies confirmed that multi-
modal fusion significantly improves predictive performance compared to unimodal approaches, while
temporal modeling reduces false disengagement detection. Real-time latency analysis showed an average
processing time of approximately 31.6 ms per frame, enabling deployment at nearly 30 FPS in live classroom
scenarios. Compared with existing approaches, the proposed framework offers improved accuracy,
robustness to environmental variations, and practical real-time operability. Future work will focus on
integrating transformer-based temporal encoders, incorporating additional modalities such as audio cues,
enhancing fairness through more diverse datasets, and developing lightweight edge-deployable versions.
Explainable Al techniques will also be explored to improve interpretability and transparency of attentiveness
predictions.
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