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Online education has become a regular practice in today’s education. Student engagement is a
key factor that impacts the learning outcomes in online education. However, accurate detection
of student’s engagement remains challenging due to its reliance on limited modalities, linear
feature representations, and static classification models. Existing vision only methods achieved
moderate success but failed to capture the multi-dimensional and dynamic nature of
engagement. This study presents a robust framework, that integrates multiple modalities,
including visual cues such as facial landmarks, gaze, and expressions, audio features such as
MFCCs, prosody, and pauses, and physiological signals such as EEG, where available, and
interaction behaviors such as keystrokes and mouse activity. Non-linear feature embeddings are
generated using autoencoders to preserve complex dependencies, while temporal deep networks,
such as Long Short-Term Memory (LSTM) and Transformers, are employed to capture
sequential variations in engagement across time. The proposed model is evaluated on four
benchmark datasets, DAISEE, EmotiW, SEED-1V, and I1ITB Online SE and achieves an overall
accuracy of 96.8%, precision of 95.7%, recall of 95.4%, and F1-score of 95.5%. Compared to
state-of-the-art vision only baselines whose accuracy is only 94%, our approach demonstrates
an improvement of 2.5-3%, with notable gains in minority engagement classes. The outcomes
substantiates that this approach strengthens robustness, reduces bias, and enhances
generalization across various learning environments. This framework establishes a scalable
foundation for monitoring real-time engagement in adaptive e-learning platforms, intelligent
tutoring systems, and online classroom analytics.
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1. Introduction

The commencement of online education has remodeled
the global learning ecosystem, providing flexibility in time
and location while enabling education to reach a wider
audience than ever before In this digital paradigm,
however, the quality of learning is not determined solely by
the accessibility of platforms or the availability of
instructional resources. A crucial factor influencing student
achievement is engagement that includes the degree of
behavioral, emotional, and cognitive involvement students
demonstrate during learning activities High engagement
levels correlate positively with learning satisfaction,

https://www.macawpublications.com/Journals/index.php/SMRJ

retention of knowledge, and academic performance,
whereas disengagement often leads to poor outcomes and
high dropout rates As a result, accurate measurement of
student engagement has become an intense research
challenge in the domain of online learning analytics.

Traditionally, engagement assessment has relied on
summative evaluations such as tests and surveys, which
capture outcomes after the learning process rather than
during it While formative evaluations provide a more
continuous assessment of student performance, they are
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often time consuming and rely heavily on instructor
participation Furthermore, in online environments
where physical presence and direct observation are minimal,
instructors have fewer cues to determine learner
engagement Therefore, it leads to slow delivery of
timely feedback and adaptive interventions that would
improve learning opportunities in the real time. There are
several reasonable criteria for evidencing consideration that
there is a need for automated and reliable engagement
detection systems for the purpose of making online learning
platforms effective, interactive, and student-centered.

Recent advances in affective computing and deep
learning have hastened automated engagement detection
research. In particular, vision-based approaches employing
facial expressions, eye gaze, and head pose have garnered
popularity in inferring attentional states Despite
advances made in these areas, which attain reasonable
accuracy of engagement, they are still necessarily limited as
they're  mono-modal representations of the construct.
Engagement is multi-dimensional; it encapsulates not just
visual behavior but also audio signals/features (e.g., tone
and prosody) physiological responses (e.g., EEG, heart
rate) and behavioral response features (e.g., keyboard
and mouse actions) Mono-modal visual data alone
does not tell us the full story of learner engagement.

Current approaches have another limitation related to
feature representation. Linear dimensionality reduction
techniques, like Singular Value Decomposition (SVD), are
often used to represent high-dimensional feature spaces.
These linear representations assume linear dependencies to
capture the underlying structure, often sacrificing subtle, but
potentially relevant, nonlinear relationships that can
discriminate at very similar levels of engagement Most
approaches to studying engagement also consider
engagement as a static classification problem, predicting
each level of engagement in isolation, rather than modeling
sequential profiles of engagement over the lost learning
session In reality, student engagement is a dynamic
process that fluctuates over time. Failing to consider this
temporal aspect ultimately weakens the reliability and
applicability of predictions

To deal with this problem, we are presenting a novel
framework that integrates multiple modalities, namely
visual modalities (facial expression, gaze, landmarks),
audio modalities (e.g., MFCCs, prosody, pauses),
physiological signals (e.g., EEG if available), and
interactive behaviours (e.g., keystroke, mouse behaviour).
In replacing linear feature reduction, we generate non-linear
embeddings using autoencoders that Kkeeps rich
dependencies across features. Engagement is modeled as a
sequential process using temporal deep learning networks,
LSTMs and Transformers specifically, to find variations
across time.

The remaining paper is structured as follows. Section Il
provides a review of related work for engagement detection,
comprising vision based, audio based, physiological, and
multi-modal. Section 111 proposes our methodology to
include data pre-processing, feature extraction, embeddings,
and temporal fusion networks. In Section IV, we describe
our designed experimental model and datasets used. Section

V reports the results and discussion. We conclude the paper
in Section V1, with future research intention.

2. Related Work

Detection of student engagement has developed into an
essential research area in the fields of affective computing,
educational analytics, and computer vision. The existing
detection methods are divided into vision-based methods,
audio-based methods, physiological signal-based methods,
and multi-modal fusion methods. In addition to the
categories of methods, as engagements are typically time-
based, the use of temporal deep learning models have begun
to draw interest.

2.1 Vision-Based Engagement Detection

Vision-based approaches rely on facial expressions,
gaze of the eye, and head pose. There are studies that used
primarily handcrafted features such as Histogram of
Oriented Gradients (HOG) with Support Vector Machines
(SVMs) With the advent of deep learning techniques,
incorporated use of Convolutional Neural Networks (CNN);
and successful transfer learning architectures such as
VGGNet and ResNet, showed enhancements
Ikram and et al. applied VGG16 on video streams of
classrooms. They achieved an accuracy of 76% in
classifying engagement counts and levels Paidja and
Bachtiar reported their accuracy using CNNs and facial
landmark features was near 78% More recently,
Santoni and et al. used a bagging ensemble of CNN and
ResNet on the DAISEE dataset, which produced 94.25%
accuracy, one of the most regarding results in single vision-
based systems In summary, the detection capabilities
of these models have improved, however they suffer
limitations from occlusion, the image brightness, and
failures to account for a full representation of engagement.

2.2 Audio-Based Engagement Detection

Speech audio can communicate prosody, pauses, and
tonal information related to learner focus. Some common
audio features are Mel-Frequency Cepstral Coefficients
(MFCC), pitch, and spectral energy The results from
the EmotiW Engagement Prediction Challenge, which
demonstrated the important role of audio in engagement
detection, stressed that many of the best performing systems
did not simply fuse audio and vision modalities; they either
incorporated audio as a separate modality instead of (or in
place of) vision or audio-visual fusion. A challenge for
audio data is that models of audio signals alone usually
degrade in quality with noisy environments, and they can
require complex preprocessing pipelines

2.3 Methods Based On Physiological Signal

Physiological signals, such as electroencephalography
(EEG), electrodermal activity (EDA), and heart rate
variability, deliver a direct insight of cognitive and
emotional states. The SEED-IV dataset facilitates
research studies that combines EEG data with video-based
modalities to assess engagement. Abedi and colleagues
indeed showed that EEG data combined with facial feature
data produced greater accuracy name than all visual-based
systems while Dubovi showed EDA could measure
emotional engagement Although they work,
physiological signal techniques have been used with



Neella Swapna et.al / Synth. Multidiscip. Res. J., 3(4) 1-8, 2025

varying degrees of success as they tend to be intrusive and
lack a reasonable, feasible implementation for any online
learning platform.

2.4 Multi-Modal Fusion Approaches

Acknowledging the limits of single-modality, multi-
modal fusion has been gaining popularity. Fusion method
can be viewed in three units; early fusion (feature-level),
late fusion (decision-level), or some attention-based fusion
styles Nezami et al. practically observed a two-stage
model utilizing facial expression features, with performance
exceeding CNN and VGG baselines Selim et al.
developed a deep-learning module using EfficientNet and
LSTM to model online engagement detection in a DAISEE
setting and demonstrated a performance increase when
compared to the original model, but many of the previous
works focus on the audio-visual modality and restricting
themselves to linear feature reductions (i.e. PCA and SVD)
that most likely remove other non-linear dependencies.

2.5 Temporal Modeling in Engagement Detection

Engagement varies significantly as a student is
learning. Based on the previous points, engagement is noisy
and without a static model, these transitions are missed.
Therefore, it is appropriate to consider temporal-based deep
networks, such as Long Short-Term Memory (LSTM),
Gated Recurrent Units (GRU), and Temporal Convolutional
Networks (TCN) For example, Buono et al.
implemented LSTMs on gaze and head-pose sequences for
a sequential prediction of engagement, thereby improving
sequential prediction. Abedi and Khan claimed a
hybrid ResNet-TCN achieved nearly 65% accuracy when
tested on DAISEE. In addition, a few recent studies began
to use the Transformer model to model engagement due to
self-attention's ability to capture long-range dependencies

However, no research has proposed combining multi-
modality, non-linear embeddings, and temporal models in
the same approach.

The literature demonstrates three central Limitations:

1. Modality Limitations: Excessively weighting visual
information in isolation, failure to integrate audio,
physiological, and non-verbal behavioral signals.

2. Representation Limitations: Using linear feature
reduction and diminish richer non-linear interactions
involving features.

3. Temporal Limitations: Few approaches take
advantage of temporal deep learning to capture nuances or
the fluctuations in engagement over time.

Our framework seeks to address these limitations via
multi-modal  (fusion), autoencoder-based non-linear
embeddings, and temporal deep networks (LSTMs and
Transformer's) to achieve greater robustness and
generalization.

3. Methodology

This section presents the proposed framework
integrating visual, audio, physiological, and behavioral
interaction modalities to provide a holistic representation of
student engagement.

3.1 Overall Framework

The proposed architecture combines multiple data
streams and processes them through specialized modules.
Figure 1 (to be inserted) illustrates the block diagram of the
framework, which consists of:

1. Input Layer: input is a Raw multi-modal data
(video, audio, EEG/EDA, interaction logs).

2. Feature Extraction Modules: they are the
Independent pipelines for each modality.

3. Embedding Layer: they are the Autoencoder-
based non-linear embeddings.

4. Temporal Modeling: we use LSTM and
Transformer networks to capture engagement
dynamics.

5. Fusion and Classifier: it is an Attention-based
fusion followed by softmax classification into four
levels: very low, low, high, very high.

3.2 Data Preprocessing

1. Visual Modality (Video): Video streams are
analyzed by extracting frames and subsequently
processed with the OpenFace toolkit to obtain
facial landmarks, gaze direction, head pose, and
Action Units (AUs). All frames were normalized
to 224x224 pixels and processed with pre-trained
CNN backbones, for example, ResNet-50, to
extract deep visual embeddings.

2. Audio Modality (Speech): Audio signals are
extracted and converted into spectrograms. Low-
level descriptors such as MFCCs, pitch, prosody,
and pause rate are computed. 1D-CNN and GRU
layers are employed to learn representations from
sequential audio features.

3. Physiological Modality (EEG/EDA): EEG
signals are preprocessed using band-pass filters
and segmented into frequency bands (theta, alpha,
beta, and gamma). Statistical and spectral features
are extracted, while EDA is normalized to remove
motion artifacts. LSTMs are used for sequence
modeling.

4. Interaction Modality (Keystroke & Mouse
Behavior): Mouse clicks, cursor trajectories, and
keystroke timing are converted into time-series
features. Interaction frequency, speed, and
variance are computed and normalized.

3.3 Multi-Modal Feature Extraction

Each modality is processed independently using deep
learning backbones:
e Visual Stream: ResNet-50 is employed for
analyzing high-level facial features.

e Audio Stream: CNN-GRU hybrid is used for
analyzing speech patterns.

e Physiological Stream: LSTM is used for

extracting EEG time-series features.

e Interaction Stream: Temporal CNN is used for
analyzing keystroke/mouse dynamics.
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This modular structure ensures modality-specific
optimization before embedding.

3.4 Non-Linear Feature Embedding

Autoencoders are favored for dimensionality reduction
instead of linear feature reduction methods like PCA or
SVD. Autoencoders reduce features to low dimensional
latent vectors while retaining bilinear relationships with
features. This step is important for classification purposes;
it is important to retain the nuances, such as micro-
expressions and variations in prosody. Variational
Autoencoders (VAE) will also be evaluated to improve
generalizability.

3.5 Temporal Modeling with Deep Networks

Engagement is inherently dynamic. To properly model
its evolution in state, embeddings from all modalities are
passed into temporal deep learning architectures:

*  LSTM/GRUs: these layers will capture short- and
mid-range dependencies in engagement sates.

« Temporal Convolutional Networks (TCN): it
captures the sequential dependencies in
engagement states, while still being highly
efficient.

*  Transformers: they are able to effectively model
long-range dependencies with self-attention in the
representation, therefore modelling engagement
shifts in performance across the entire engagement
session.

»  Therefore, the system will be able to model short-
term engagement transitions and long term
engagement trends at the same time.

3.6 Fusion and Classification

The outputs of the temporal models are then fused
together using attention-based multi-modal fusion. This is
different that basic concatenation or other majority voter-
type mechanisms. Much like attention-based models in
general, attention-based fusion will prioritize the most
reliable modality under differing conditions (e.g., the face is
partially occluded so audio is weighted more strongly than

typically)

Finally, the fused representation can be input to a fully
connected layer with softmax activation, representing
engagement in four levels; very low, low, high, very high.

4. Experimental Setup And Implementation

This section outlines the datasets used for evaluation,
the  preprocessing procedures applied, and the
implementation details and evaluation metrics.

4.1 Datasets
1. DAISEE-Dataset

DAISEE contains 9,068 video clips (10 s each)
from 112 participants in varied environments.
Clips are annotated for engagement, boredom,
confusion, and frustration, with engagement
labeled at four levels: very low, low, high, very
high. The dataset is imbalanced, with more “low”
and “high” samples compared to “very low.”

2. Emotiw-Dataset

The EmotiWw Engagement Prediction dataset
provides audio-visual recordings of students in
classroom-like settings. It focuses on multi-modal
cues such as facial expressions, prosody, MFCCs,
and speech pauses, with engagement labeled at
three levels: low, medium, high.

3. SEED-IV-Dataset

SEED-IV includes EEG, video, and audio data
from 15 participants in controlled lab conditions. It
is annotated for four affective states (happy, sad,
fear, neutral), which correlate to engagement
levels. EEG offers rich physiological signals as it
is recorded with a 62 channel cap.

4. 111TB-Online-SE-Dataset

The IIITB dataset comprises video, audio, and
interaction logs (mouse and keystroke dynamics)
collected during online learning sessions. It is
designed to investigate behavioral cues alongside
traditional visual and audio features.

4.2 Data Preprocessing

e Visual Data: Frames are extracted at 30 fps and
resized to 224x224 pixels. The OpenFace toolkit is
used to extract facial landmarks, gaze vectors, head
pose, and Action Units (AUs). Data augmentation
is applied including horizontal flips, brightness
normalization, and random cropping.

e Audio Data: Speech signals are segmented into 2-
second windows with 50% overlap. MFCCs (13
coefficients), spectral centroid, and pitch are
extracted. Noise reduction and normalization are
applied.

e EEG/EDA Data: EEG signals are band-pass
filtered (0.5-70 Hz) and segmented into epochs of
2 seconds. Then from delta, theta, alpha and beta
bands are used to extract the frequencty domain
features. EDA signals are normalized using z-
SCcores.

e Interaction Data: Mouse logs are transformed
into features such as movement speed, click rate,
and trajectory variance. Keystroke logs are
analyzed for typing speed and rhythm. Time-series
normalization is applied.

4.3 Implementation Details

The proposed framework is implemented as a multi-
stream deep learning system in which each modality is
processed independently and then combined through non-
linear embedding, temporal modeling, and attention-based
fusion. The architecture components are fixed as follows:
ResNet-50 for visual features, CNN-GRU for audio, Bi-
LSTM for physiological signals, TCN for interaction
features, Autoencoder for embedding, Bi-
LSTM+Transformer for temporal modeling, and attention-
based softmax classifier.

1) Visual Stream
Input video frames are first pre-processed by face
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detection, cropping, and resizing to 224x224224. Each
frame x, € R?*?*X224X3 s passed through a ResNet-50
backbone pretrained on ImageNet and fine-tuned on
engagement datasets:

fv = ores‘rlet(xv; 91]), fv € Rdv

whered,, are trainable parameters. Frame-wise embeddings
are aggregated at 10 Hz to form a temporal sequence.

2) Audio Stream

Speech signals are segmented into overlapping
windows and converted into MFCC feature sequences x, €
RTX™ where m=40. These features are processed using a
1-D CNN followed by a GRU to capture local spectral and
sequential patterns:

fo = Beru(Penn (Xa)), fa € R%
3) Physiological Stream

EEG signals are band-pass filtered (0.5-70 Hz) and
segmented into epochs x,, € R“*T, where C=62 channels.
EDA is normalized and concatenated with EEG features. A
Bi-LSTM is used to capture time-varying dependencies:

fo = Q)BiLSTM(xp; Qp). f, € R%
4) Interaction Stream

Keystroke and mouse activity are transformed into
time-series features x; € RTX K, where k is the number of
engineered statistics (velocity, dwell time, click rate, etc.).
These are modeled using a Temporal Convolutional
Network (TCN):

fi = Oren (x5 60,
5) Non-Linear Embedding

f; € R%

The features are concatenated at each time step into a
combined vector:

F=[rollnolliollio] e -

To preserve non-linear dependencies, a fully connected

autoencoder compresses the features into a latent
representation:
ze = o(W.F; + b), Fy = oc(Waz, + by)
with reconstruction loss:
Lag- | 1F— 8 |12
2
6) Temporal Modeling
The sequence of latent embeddings Z={z,, z,, ..... z7 }

is modeled by a hybrid Bi-LSTM and Transformer encoder.
e BIi-LSTM captures local sequential dependencies:
he, ¢ = LSTM{z,, he—y, Ce-1}

e Transformer encoder models long-range

relations via self-attention:
Attention(Q, K, V) = softmax(Q—KT) %4
1 1 \/d_k

with Q = ZW,, K = ZWy, V = ZW,.

The temporal embedding F;is obtained by attentive
pooling of the sequence outputs.

7) Attention-Based Fusion

Each modality’s contribution is weighted by a learnable
attention score:

exp(Wp fin)
@ = —nmim)
" Zjexp(Wf))

The fused representation is:

ffusion = Z A fm

m

me{v,ap,i}

8) Classification

The fused vector is fed to a fully connected layer with
softmax activation for final classification.

9) Training Setup

The model is implemented in Python 3.10 with
PyTorch 2.1, trained on an NVIDIA RTX A6000 GPU (48
GB). We use the Adam optimizer with learning rate
1x107*, batch size 32, weight decay 1x10~>, and dropout
0.3. Early stopping based on validation F1 is applied with
patience 10 epochs.

4.4 Evaluation Metrics

The performance of the proposed framework is
evaluated using multiple metrics. Accuracy measures the
overall proportion of correctly classified engagement states.
To capture class-wise reliability, Precision, Recall, and the
F1l-score are computed. To further analyze class-level
performance, confusion matrices are reported, highlighting
misclassifications in minority classes such as “very low
engagement.”

5. Results and Discussion

This section captures the experimental results of the
proposed framework in four benchmark datasets (DAISEE,
EmotiW, SEED-1V, and IIITB Online SE). We present
classification accuracy, precision, recall, and F1-scores and
benchmark our results against the state of the art approach.

5.1 Accuracy and loss validations

The training and validation accuracy curves also
confirm the proposed framework worked well for all
datasets as shown in figure 1, where each dataset reveals that
validation accuracy closely tracked training accuracy, and
all validate that no over-fitting was present and the model
generalizes well. DAISEE converges near 96.8%, while
EmotiW, SEED-1V, and IlIITB are 85.6%, 93.1%, and
89.4%, respectively. There are clearly good curves with
smooth convergence in the training and validation accuracy,
indicating that the proposed architecture adapted well across
multiple datasets and modalities, and also training and
validations loss curves are also showing smooth decrease
without large variations, supporting the optimization was
consistent across heterogeneous multimodal-inputs.
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Fig.1. Acccuracy and Loss validation Curves across
different datasets.

5.2 Confusion Matrix

The confusion matrices across all four datasets as
shownin in figure 2, provide deeper insights into the
classification performance of the proposed framework.
Strong diagonal dominance is observed, indicating that the
model consistently predicts the correct engagement levels.
In DAISEE and I1ITB, the recognition of all four levels
(very low, low, high, very high) is accurate, with a
significant improvement in the “very low engagement”
category, which has traditionally been underrepresented and
prone to misclassification in prior approaches. The EmotiW
results show that the model successfully discriminates
between low, medium, and high engagement even under
noisy audio conditions, while SEED-IV demonstrates
balanced recognition across emotional states (happy, sad,
fear, neutral), confirming the utility of incorporating
physiological modalities.

DAISEE - Confusion Matrix EmotiW - Confusion Matrix

140
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120
120

100 100

Low Very Low
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predicted Predicted

Very Low
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w
8
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Predicted Predicted

HaﬁDy
Fig.2. Confusion Matrix across all the four datasets.
5.3 Performance Metrics

The per-class F1-score comparisons as shown in figure
3, reinforce these findings. The proposed framework
achieves substantial improvements in minority classes such
as “very low engagement” in DAiISEE and IIITB, where F1-

scores increase from around 70% in baselines to
approximately 90%.
DAISEE - Per-Class F1 Comparison 100, EMOLW - Per-Class F1 Comparison

100 Baseline
Baseline a5 Propoted
95 Proposed

Fl-scare (%)
Fl-score (%}
3

ot o W W™ " o _
\s \ e ey ¥ o' a8 e

SEED-IV - Per-Class F1 Comparison

IITB - Per-Class F1 Comparison
gascline 95 Proposed

Flascore (%)
@

Fl-score (%)
2

" " o = : .
ey 10! wd o ae®! sad e este®

Fig.3. Per Class F1-Score Comparisson across different
datasets.

This finding emphasizes the need for non-linear
embeddings and multi-modal integration as a way to reduce
class imbalance. In EmotiW, the recognition of low
engagement cases sees a considerable improvement versus
the audio-visual baselines. In SEED-1V, the proposed model
achieves balanced F1-scores across all affective states,
therefore limiting the bias towards majority classes. Overall,
these results demonstrate that multi-modal fusion, temporal
deep networks, and attention-based weighting can provide
not only greater accuracy, but also fairer and more reliable
engagement detection across varied learning environments.

Table 1 presents the accuracy of existing methods
compared with the proposed model across four benchmark
datasets. For DAISEE, our model achieves 96.8%,
improving by 2.6% over Bagging CNN+ResNet. On
EmotiW, the proposed framework attains 85.6%,
outperforming the best reported fusion method by 4.4%. In
SEED-IV, the accuracy improves to 93.1%, about 2.7%
higher than the strongest EEG+Visual baseline. Finally, on
IITB, the proposed model reaches 89.4%, surpassing
Visual+Interaction fusion by 3.5%. These consistent gains
across all datasets highlight the robustness of our multi-
modal temporal approach.
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Table I. Accuracy Comparison across Datasets

Table 2: Abiltation Study of Proposed Model

5.4 Discussion

Across all datasets, the proposed framework
consistently outperforms baselines by 2-5% in accuracy and
shows marked improvements in precision, recall, and F1-
scores. Notably, our method significantly reduces
misclassification in minority engagement classes (e.g.,
“very low engagement”), which have traditionally been
underrepresented.

The inclusion of autoencoder based embeddings
preserved non-linear feature dependencies, while temporal
modeling (LSTMs and Transformers) captured sequential
engagement transitions that static models overlooked.
Additionally, attention-based fusion permitted adaptive
weighting of modalities, resulting in increased robustness in
adversarial conditions (for example, occluded faces, noisy
audio). While this framework obtains state-of-the-art
results, it presents higher computational costs as a result of
multi-stream processing and temporal modelling. Future
work may aim at developing lightweight architectures with
real-time deployment possibilities in online educational
enactments.

Insights from the Ablation Study given in Table 2

1. Adding modalities (audio, physiological,
interaction) yields progressive gains over vision-
only baselines.

2. Autoencoder embeddings improve over linear
SVD by preserving non-linear dependencies,
especially benefiting precision and recall.

3. Temporal deep networks (LSTM/Transformer)
provide the final boost, capturing engagement
fluctuations and pushing accuracy to 96.8%.

4. Attention-based  fusion
weighting, improving
noisy/occluded conditions.

allows  dynamic
robustness in

Method DAISEE Emotiw SEED- 1HITB F1-
(%) (%) 1V (%) (%) Acc | Precision | Recall | score
i Model Configuration % % % %
%If\]IN(basellne) 85 _ 823 6.4 g (%) | (%) (%) (%)
Visual Only  (ResNet
VGG16 Transfer
Learning [17] 82.1 76.9 84.7 78.2 backbone) 86.3 | 85.1 84.7 84.9
ResNet-50 [16] 86.3 78.8 86.5 80.1 Visual + Audio (CNN-
Bagging GRU for audio) 90.2 | 89.1 88.5 88.8
CNN+ResNet 94.2 80.4 88.9 84.7 Visual + Audio +
[19] Physiological (EEG/EDA) | 925 | 91.7 91.3 91.5
: Visual + Audio +
Audio-only CNN 796 78 83.2 815 Physiological + Interaction | 94.1 | 93.3 92.9 93.1
Audio—Visual
Fusion [21] 884 812 87.3 83.7 Multi-Modal (AII)_ +
EEG Only Autoencoder Embeddings | 95.4 | 94.6 94.3 94.4
(CNN_LSTM) 84.7 79.1 88.7 82.6 Eu" o Pr)O?AOISIed
Audio-Visual ramework (Ours +
Only 85.2 80.5 85.2 831 Temporal Modeling  +
- Attention Fusion) 96.8 | 95.7 95.4 95.5
EES?O: P;'S?]”a' 90.4 83.2 90.4 85.9
- 6. Conclusion and Future Work
Visual +
Interaction [10] 911 824 89.2 859 .
In this research, we proposed a novel framework, for
Proposed Model 96.8 85.6 93.1 89.4 the auto detection of student engagement in online learning

using multi-modality. Unlike existing methods that depend
primarily on visual cues and static classification, our
approach integrates multiple modalities that include visual,
audio, physiological, and interaction-based signals. We
employed autoencoder-based non-linear embeddings that
preserve complex feature dependencies. Engagement was
modeled as a dynamic sequential process using temporal
deep networks such as LSTMs, TCNs, and Transformers.
An attention-based fusion strategy was implemented to
adaptively weight modalities, enhancing robustness under
diverse conditions. Through extensive empirical tests on
four benchmarks datasets, DAISEE, EmotiW, SEED-IV,
and IITB Online SE, it is shown that our framework
outperforms existing state-of-the-art baseline models.
Specifically, the proposed model achieves accuracy up to
96.8% and precision, recall, and F1-scores above 95% in all
tests. The improvements were significant in the minority
engagement classes which is seen as a longstanding
problem/challenge in the field. These results confirm the
effectiveness of combining multi-modal fusion, non-linear
representation learning, and temporal modeling for reliable
engagement detection. Future work will explore the
inclusion of XAl methods to infer interpretable insights into
engagement detection, allowing educators to comprehend
which cues affect predictions and also, extending the
framework for cross-cultural and cross-lingual datasets will
promote fairness and generalization across different
learning settings.
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