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Abstract - Accurate assessment of student engagement is
essential for improving learning outcomes; however, existing
engagement analysis methods primarily rely on behavioral logs
or self-reported measures, which inadequately capture
emotional and contextual dynamics present in real classroom
environments. The absence of well-annotated, emotion-aware
datasets further limits the development of reliable engagement
prediction systems. To address this gap, this study proposes a
structured multimodal dataset for student engagement analysis
by integrating spontaneous facial emotion data from the Indian
Spontaneous Expression Database (ISED) with real classroom
video recordings. The dataset is constructed using a systematic
methodology involving classroom video acquisition, frame
extraction, emotion labelling, and intensity scoring. It comprises
120 participants recorded across 45 classroom sessions,
resulting in 320 video samples, approximately 185,000 frames,
and a total duration of 8 hours. Each sample is annotated with
emotion categories and continuous intensity values, enabling
fine-grained affective analysis. Dataset preprocessing and
organization are performed using Python, with OpenCV for
video processing and NumPy and Pandas for data management.
To validate the usability of the dataset, baseline engagement
prediction models are implemented using TensorFlow/Keras.
Experimental evaluation demonstrates that models trained on
the proposed multimodal dataset achieve an accuracy
improvement of approximately 4-6% compared to models
trained on unimodal or activity-log-based data. The results
indicate that incorporating emotional and visual cues
significantly enhances engagement representation and
prediction reliability. In conclusion, the proposed dataset
provides a comprehensive and ecologically valid resource for
emotion-aware student engagement research. By offering
explicit dataset-level statistics and validated baseline

379

performance, this work supports future advancements in
learning analytics, intelligent tutoring systems, and
personalized education technologies.

Keywords: Classroom Video Data, Dataset Construction,
Emotion Score, Emotion Intensity, Student Engagement

1. INTRODUCTION

Student participation is central in improving academic
achievements and the achievement of effective learning. It
includes behavioural, emotional, and cognitive engagement
in the learning process and affects the manner in which
students approach the learning content, peers, and educators
(Brahim, 2022). It has always been proven through research
that keen students are more likely to enhance their
comprehension, improve their levels of retention, and
improve their levels of critical thinking (Mazumder et al.,
2024; Qarbal et al., 2025). Engagement is a measure of
immediate interest in one of the educational processes, but
also it is a reliable predictor of future academic achievement
and individual growth (Ruiz et al., 2022). Especially in
contemporary learning environments, characterised by the
use of digital learning environments, measuring engagement
and understanding the same may assist teaching professionals
in adjusting the teaching content, delivering timely
interventions, and supporting a welcoming and encouraging
learning environment (Sharma et al., 2022). Although it is of
crucial importance, the capability to objectively and in an
automatic forecast student engagement is still limited by the
presence of strong datasets (Maqsood et al., 2022). Although

IJISS Vol.16 No.2 April-June 2026


http://www.trp.org.in/
mailto:renuka.22phdecs208@student.nitte.edu.in
mailto:renukat@sjec.ac.in
mailto:sharadauday@nitte.edu.in
mailto:shree.katapady@gmail.com
mailto:rashmi.adyapady@nitte.edu.in
mailto:prathibhak@sjec.ac.in
https://orcid.org/0000-0002-5947-3318

Renuka Tantry, Dr. Sharada U Shenoy, Dr. Shreenath Acharya, Dr.R. Rashmi Adyapady and K.N. Prathibha

there are a number of datasets that can be used to perform
facial emotion recognition or behaviour detection alone,
significantly fewer publicly accessible, multimodal datasets
have been specifically prepared toward student engagement
prediction (Feng et al., 2022). Most of the available data is
too precise (addressing only facial expressions or individual
classroom behaviours) or too deprived of contextual data
indicating real attention and engagement of students
(Marquez-Carpintero et al., 2025; Mehta et al., 2022).
Moreover, not much data allows encapsulating visual (facial
and behavioural) and temporal properties with the
appropriate level of detail to model engagement correctly
(Rizwan et al., 2025). Such shortness invalidates the creation
and comparison of Al models capable of generalisation in
different classroom environments (Pabba & Kumar, 2024).
To fill this gap, it is urgently required to create well-marked
and wide-ranging plans by assembling facial expressions,
body language, and contextual hints to be able to form the
more viable and apposite detection engagement structures in
educational settings (Tao et al., 2022; Alhothali et al., 2022).

Among the changes in the realm of digital education, the
issue of student engagement is very significant but poorly
studied (Xie et al., 2025). Classical methods of detecting
engagement mostly depend on predetermined labels of the
classes or costly and laborious sensor-based devices, which
reduces their scalability and validity in the real classroom
case (Thiruthuvanathan & Krishnan, 2025). Also, publicly
available multimodal data depicting real-time behaviours of
students and emotion expressions in classrooms is in great
shortage (Johar et al., 2023; Hossen & Uddin, 2025). Rather
than defining engagement in hard and fast categories, the
study uses the emotion types and intensities to give a
better-grained view of the indication of engagements
(Mutharasi & Vijayalakshmi, 2024; Matz et al., 2023).

This work does not concentrate on the construction of deep
learning models, but it rather highlights the importance of
strict data collection, annotation and labeling processes in
providing an excellent base of emotion-aware educational
technologies. To cope with the scarcity of multimodal
engagement data, the study produces a rich, annotated dataset
consisting of spontaneous facial expression data of the Indian
Spontaneous Expression Database (ISED) and real-world
classroom video recordings (Pabba & Kumar, 2022). It aims
to measure in an ecologically robust and structured way the
emotional, cognitive and behavioral aspects of student
engagement. Unlike the currently available datasets that
separate facial expression or classroom behavior, this attempt
is a combination of controlled spontaneous emotion samples
and spontaneous classroom interaction that would provide a
more holistic interaction. The annotation of continuous
intensity scores includes emotive analogies, such as
happiness, sadness and surprise, and thus affective analysis is
more precise when using continuous scores, not categorical.
The classroom recordings contain such behavioral cues as
gaze, posture, note taking, and work with learning resources.
It employs a systematic pipeline, which comprises of
multi-angle video capture, peak-frame capture, frame
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cleaning, frame segmentation and consensus-based
annotation of type and degree of emotion. The principles of
scaling that have been checked are applied in the conversion
of the qualitative affective signals into the quantitative ones
to be examined as emotion scores. The resulting data is
comprising of heterogeneous participants, multi-session data,
organized meta-data and open data on the annotation process.
This study fills a gap that is extremely significant within
educational analytics due to the quality of the data, emotional
granularity, and contextual realism. The main contribution is
that it provides a scalable, reusable and carefully edited
multimodal data that will support future research studies in
the field of learning analytics, affective computing,
intelligent tutoring and personalized education. The key
contribution of the work is as follows:

e Developed a curated, multimodal dataset integrating
ISED and real classroom video data.

e Annotated each sample with emotion labels and
computed intensity scores instead of predefined
engagement classes.

e Designed a structured dataset partitioned into training,
validation, and testing sets for future research use.

e Established a baseline for emotion-based engagement
modeling without implementing machine learning
models.

1.1 Motivation of the Study

The existing literature on student engagement is mostly based
on virtual learning logs, self-reported surveys, or coarse
behavioral features, which do not accurately represent the
real-time emotional and contextual aspects of learning in the
classroom. While some multimodal methods have been
proposed, they are mostly constrained by small-scale
datasets, controlled settings, and categorical engagement
measures without intensity scores for emotions. Many
existing methods also focus on model performance rather
than the construction and quality of the dataset. This indicates
that there is a definite need for ecologically valid and
emotion-aware datasets for the classroom setting. This need
has led to the development of the proposed dataset, which
combines spontaneous facial emotion information from ISED
with real classroom video data, annotated with emotion types
and continuous intensity scores.

1.2 Rest of Section

e Section 1: Introduction — Explains the importance of
student engagement and the need for better data to
study it.

e Section 2: Literature Review — Explains about
existing research on student engagement and emotion-
based learning systems.

e Section 3: Proposed Framework — Describes how
the ISED and classroom video data were collected,
labeled, and used.
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e Section 4: Dataset Results and Analysis — Describes
about the results and their effectiveness on study

e Section 5: Conclusion — Summarizes the study and
its value for future educational tools and research.

IL. LITERATURE REVIEW

Prior studies in learning analytics have leveraged virtual
learning environment (VLE) data to analyze student
engagement and academic performance. The Student
Engagement Dataset (SED), derived from Moodle-based
platforms, aggregates large-scale behavioral data such as
login frequency, course enrollment, assignment activity, and
temporal usage patterns. Although it will be possible to
conduct a statistical analysis of online interactions using such
datasets, they will mostly include the records of interactions
and academic performance, which can provide little to no
information about the affective and emotional feelings of
students. Activity measures imply engagement in an indirect
way and does not indicate real-time involvement, cognitively
or emotionally. This drawback indicates the necessity of
datasets that combine behavioural information with
emotional and visual features, which encourages the creation
of multimodal datasets of emotion-sensitive engagement.

The current literature is based on information gathered on
Virtual Learning Environments (VLEs) where the
engagement is deduced through activity logs and academic
history. These works tend to implement several machine
learning classification algorithms in high-level data
preprocessing procedures including normalization, encoding
and removing outliers. The assessment of model performance
based on such measures as accuracy, precision, recall, and
AUC is commonly reported as successful in terms of
engagement prediction by tree-based models. Although these
methods can be considered effective at predictive
performance, they are mainly aimed at comparing algorithms
and optimization of the outcomes. Engagement is a predicted
label based on the behavioral logs that is represented in the
final term that is not explicitly characterized by the emotional
or visual stimuli that exist in the real classroom setting.
Additionally, these studies rely on existing datasets, which
provide minimal information regarding the processes of data
collection and annotation. These weaknesses suggest that it is
desirable to have carefully designed datasets that would
provide affective and situational aspects of engagement,
which encourages the creation of multimodal, emotion-aware
engagement datasets (Alruwais & Zakariah, 2023).

Current literature on learning analytics has used the data of
virtual learning environment to analyse student engagement
and academic performance in distance learning environment.
Among such attempts is the Student Engagement Dataset
(SED), which was built using Moodle-based VLE data of a
large population in a university. This data is a compilation of
comprehensive behavioral data, such as course enrollment,
grades, and a record of online activity logs at each time,
which can be statistically analyzed to develop large-scale
interaction-based patterns. Correlation-based studies out of

such data give an idea of behavioral trends which relate to
academic results. Nevertheless, these methods are largely
based on the indicators of indirect engagement
(e.g. frequency of logins and counts of activities) that fail to
reflect the emotional and cognitive conditions of learners in
the process of learning. Furthermore, the engagement is
modeled at an aggregated level, so it is not possible to model
fine-grained and real-time learning dynamics. With this gap
in mind, the current research is aimed at creating a
multimodal dataset combining emotional manifestations and
classroom video data to allow representing the student
engagement more comprehensively and realistically
(Kassim et al., 2025).

The problem of ensuring engagement of the students in online
learning settings, which is especially the inability to identify
the emotional and attentional states of the students, was
discussed in recent studies. To address this drawback, the
computer vision-based techniques have been presented to
examine visual cues in the process of learning tasks. Among
others, there is one effort, which provides a video dataset of
online college students working on mathematical problems
on a virtual learning platform, with front-facing cameras
recording gestures, head pose, and gaze behavior. The
annotation of the data is done at frame-level to differentiate
between interested and distracted attentions. Deep learning
image classifiers and traditional regression-based models
used as baseline models are trained to predict student
engagement and included in the learning platform to be
evaluated. Although the given work shows that it is possible
to detect engagement with the help of vision, engagement is
modeled with coarse binary labels and is restricted to certain
tasks and environments. Moreover, the emotional intensity
and the unplanned facial expressions are not clearly modeled.
These limitations drive the rationale of more multimodal
datasets that combine the intensity of emotion with video
recordings in the classroom to have a more complete analysis
of engagement (He et al., 2025).

The previous studies have indicated a positive correlation
between the general engagement and academic performance
of students in a higher education setting using survey-based
data and statistical regression analysis. These kinds of studies
are usually based on self-reported indices and other
demographic factors to examine the dissimilarity in
engagement among academic levels and years of study.
Although such methods can give some precious empirical
evidence on the engagement performance relationships, they
fail to record the real-time behavioral or emotional variations
in the process of learning activities. Dimensions of
engagement, especially emotional and cognitive engagement
are typically quantified indirectly, using questionnaires and
not through observable indicators. This has resulted in an
increased interest in creating structured datasets that can
identify spontaneous expressions of emotion and contextual
learning behavior using multimodal data sources to allow a
more fine-grained and scalable analysis of engagement
(Cali et al., 2024).
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Most recent studies point to incremental use of new
methodologies of instruction in higher education, such as
gamification, artificial intelligence, and data mining, to
increase student engagement and facilitate personalized
learning patterns. MathE has been created as an online
learning platform that allows learning to occur at a
self-paced, especially in the learning of mathematics, by
offering a structured question bank and an adaptive testing
system. The data based on these platforms are usually the
answers of students to multiple choices, the choice of topic
and their performance history, which allows studying the
pattern of learning and the efficiency of platforms.
Engagement is, therefore, modeled in a narrow behavioral
framework, and not in affectual dimensions. These
constraints underline the importance of having datasets with
emotional and contextual cues and the data on interaction
prompting the creation of multimodal datasets that would
offer a much more detailed account of engagement
(Azevedo et al., 2024).

Earlier researchers have used machine learning to forecast
student performance and engagement on the basis of
structured data in interactive learning management systems
(Lam et al., 2024). The methods are often based on behavioral
characteristics, including the duration of time devoted to
tasks, activity records, and progress monitoring, which prove
the usefulness of analytic in educational evaluation and
one-on-one education (Sabuncuoglu & Sezgin, 2023).
However, in the majority of the studies, the focus has been on
comparison of models and predictive accuracy and not on the
emotional, attentional, and visual cues, which play a huge
role in the engagement. Available datasets are frequently
short, location-specific and lack a variety in time and context,
which hampers extrapolation. In addition, emotion intensity,

facial expression and classroom dynamics are hardly clearly
modeled. These shortcomings make it clear that more
multimodal datasets with behavioral, affective and contextual
signals should be made richer and scalable to facilitate more
comprehensive engagement analysis (Sashank et al., 2023).

Some of the studies conducted on the prediction of student
engagement have considered engagement as a
multidimensional construct, wherein engagement entails
behavioral, emotional, and cognitive involvement. The vast
majority of existing studies concentrate on online learning
setting, where the level of engagement is measured based on
the data on interaction, i.e. the analysis of activity record,
time spent, and participation patterns provided by the
students. These works usually define the engagement as a set
of predetermined categories, such as not engaged, passively
engaged, and actively engaged, and use machine learning to
predict the engagement rates, such as Decision Trees,
Random Forests, Logistic Regression, and Long
Short-Memory networks. Performance of a given model is
most often assessed in terms of such accuracy-based
measures, where the attention is paid to the most efficient
predictive algorithm. Nonetheless, these methods are mainly
focused on the demonstration of the performance of the
algorithm and the prediction of the outcome, whereas
engagement is provided as the final categorical label based
on the behavioral data only. The emotional moods and visual
signals, which are highly significant in influencing student
activity, are not given much attention. Furthermore, there is a
general lack of focus on the construction of data set,
emotional annotation, and actual classroom behavior. These
shortcomings underscore the necessity of properly organized,
multimodal engagement data that are emotion sensitive
(Yan et al., 2025).

TABLE I REFERENCE SUMMARY WITH DATASET, OBJECTIVE, AND SAMPLE SIZE

Training & Performance
Reference Dataset Objective Testing Outcome Limitation
Sample Size
CATBoost
1 V)
Student Predict engagement :sillif:: : 99%1%13;)0/; Dataset limited to VLE
Alruwais & Engagement . a8 acy, 743170 logs only, no
. 2. using behavioral, 32,593 precision, 100% .
Zakariah, Prediction . : multimodal data
. emotional, and observations recall, AUC . .
(2023) using VLE . (facial/emotional cues
cognitive features 0.9624;
Data absent)
outperformed
AISAR baseline
Provided
Student 16,609 anaf:f‘i};ﬁ but Dataset restricted to one
Kassim et al., Eneacement Analyze VLE activity | students; ~12 :1 n; ficant semester; no
(2025) Da tags§ (SED) and academic grades million data rela%ions e emotional/visual
points . & modalities
logins vs
performance)
) . Multimodal model | Limited modality scope
Cali, et al., Multimodal Use facial, kpyboard, . achieved higher (no classroom
Engagement and mouse inputs to | Not specified . S .
(2024) Dataset redict encasement accuracy and lower | video/audio); synthetic
p a8 MSE vs unimodal lab setting
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Study engagement via Gamified
MathE Y engageme 372 students; engagement Only MCQ-based; no
Azevedo et multiple-choice < . .
Platform 9546 analysis; allowed multimodal/affective
al., (2024) answers on a math .
Dataset responses personalized cues
platform Lo
learning insights
VnCodelab ' Stacking Classifier '
Predict performance outperformed Small sample size;
Lam et al., Performance . . .
- via engagement and 253 students others; highest focused on coding labs
(2024) Prediction
progress features accuracy among only
Study
compared models
Human- Face-based
Sabuncuoglu Centered Analyze audiovisual | 8 hours video | models: 45-85% Small-scale (only 8
& Sezgin, data with self- segmented accuracy; group hours); limited
Engagement . . . .. J . .
(2023) evaluation scores into clips activity models: up classroom diversity
Dataset
to 71%
Intelligent Classify engagement L.STM achl.evoed Very small dataset (100
Sashank et Engagement level higher prediction
> . . . 100 records samples); lacks
al., (2023) Prediction (not/passive/active) accuracy than DT, eneralizabili
System via ML RF, LR g v
. Deep CNN-based
Multimodal Fuse multimodal data | 205 samples framework Class imbalance
Yanet al., Engagement . . . -
to assess engagement | (23 high, 147 achieved high (majority moderate);
(2025) Assessment . . . .
in blended learning | mod., 35 low) classification small dataset
Framework
accuracy

In table I, the comparative analysis of the student engagement
dataset reveals diverse approaches and data sources used to
predict or assess engagement. These datasets vary in size and
form, including behaviour and educational records to
multimodal signals, such as facial expressions, mouse
movements and keystrokes (Keinert et al., 2025). Although
there are datasets such as (Kasim et al., 2025; Alruwais &
Zakariah, 2023) utilize mass VLE activity logs. The sample
size is over 12 million pieces of data (to over 100 records)
representing a broad range of research parameters and goals
that would provide greater learning analytics and adaptive
education systems.

111, PROPOSED FRAMEWORK

The framework that is presented in the current research is
concerned with the precision and organization of multimodal
data that is particularly aimed at guiding the prediction of the
engagement degree by the students with the assistance of the
emotional analysis. This framework is a synthesis of two
significant sources of data, which are the Indian Spontaneous
Expression Database (ISED) and a self-provided classroom
video collection. The ISED offers high-quality spontaneous
facial expression labels for annotation on emotion tags and
importance scores to form an effective basis of training.
Comparatively, the student video dataset presents classroom
interactions found in real life and works as the input in
validation, mimicking real learning conditions. The
framework entails isolation of peak frames of videos by
manually labelling them on emotion type and intensity and
then calculating emotion scores using a standardised logic of
scale. This emotion-based approach does not use determinate
classes of engagement but focuses more on representing the
emotion in detail. The dataset will be organised to have

training, validation and testing sets and therefore will be
consistent and scalable. This architecture creates the
foundation for further use in the tasks of the machine learning
and intelligent educational systems orientated at the model of
emotion-aware engagement. Fig. 1 shows the proposed
Framework.

Indian Spontaneous Expression
Database (ISED)

¢

Extract Peak Frames

'

Annotation (Emotion Type, Intensity)

'

Compute Emotion Scores

}

Dataset for Student Engagement
Prediction

Fig. 1 Proposed Framework

3.1 Dataset Description

In this section, research describe two primary datasets used
for the creation of an emotion-labelled resource aimed at
supporting the prediction tasks of student engagement. The
first dataset is the Indian Spontaneous Expression Database
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(ISED), including high-quality video samples of spontaneous
facial expressions representing a series of basic feelings such
as happiness, sadness, anger, surprise and neutrality (Happy
et al., 2015). It acts as a fundamental source to learn dataset
emotion-related features. In the second dataset, there is a
classroom video recording collected from real student
interaction during learning sessions, which captures natural
behaviour and emotional manifestations. These recordings
were achieved with diverse participants and camera angles
and with different engagement levels, yet under realistic
conditions. Together, these datasets provide a comprehensive
mixture of controlled emotional signs and real-world
behaviour, enabling the development and verification of
intensity-based engagement analysis of emotions.

Classroom Student Video Dataset is the result of an organized
experimental design, the purpose of which was to observe
natural behavioural and emotional expressions to indicate
different degrees of involvement in classroom tasks. To
ensure the ecological validity and also to ensure that there
was control in the experiment, the students were provided
with specific learning and collaborative activities and the data
were recorded under two different conditions, i.e., Session I
(video-based activity) and Session II (tool-based activity).
During the first session (Session I), the students were exposed
to instructor-led concept-based discussions and it was noted
that they were attentive in terms of facial expression, gaze
direction, posture and gestures as they followed brief
educational video modules. The camera was strategically
positioned in three fixed angles front-facing camera, which
would capture micro-expressions and direct attention, a side
view camera, which was used to observe the dynamics of
gestures and partial profile cues, and a top-corner camera to
capture the interactions between groups in general and their
engagement. These multi-angle placements belong to the
established practices of engagement-oriented video to
guarantee the complete coverage of space and align with the
previous research on multimodal learning analytics.

During the second session (Session II), students completed
the tasks of problems solving using tools, and the interactions
of students with digital tools, notes, and shared resources
were filmed. This session was to produce various responses
affective and behavioural as opposed to passive video
observation. The combination of the two sessions, in which
one is based on perceptual attention and the other is an
interactive interaction, results in a balanced set of data, which
includes cognitive, emotional, and behavioural aspects of
engagement. All of them were recorded with high-definition
(1280472 pixels, 30 FPS) cameras under controlled
classroom lighting so that facial clarity was not lost. The
cumulative time spent during all the recording sessions went
beyond eight hours. Videos were subsequently collected and
the videos reviewed manually to isolate single frames where
facial areas were clearly visible. The Occlusion or moving
blurs frames were discarded. The segments were grouped into
clips of 10 seconds and manually annotated by trained raters
who were given a score on the type of emotion
(e.g., happiness, surprise, sadness, and disgust, neutral) as
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well as the intensity of the emotion, based on consensus, to
achieve inter-rater  reliability. The  well-designed
data-collection design allows a smooth correspondence
between the controlled data on emotion provided by ISED
and spontaneous data on behaviour in the classroom set-ups.
The availability of multi-angle recordings, predetermined
activity guidelines, and dual-session engagement situations
guarantees the appropriateness of the dataset to a multimodal
analysis in the future and the creation of emotion-sensitive
engagement prediction algorithms. Subsequent to this, this
dataset is the empirical basis to the actualization of the
suggested framework presented in later sections to support
the advancement of the raw observation to intelligent
feedback creation in the educational Al systems.

3.1.1 Indian Spontaneous Expression Database (ISED)

The Indian Spontaneous Expression Database (ISED)
consists of two major parts — video and peak images — both
of which are aimed at capturing and presenting spontaneous
emotional expressions by the participants in a defined and
descriptive form. The central part of the dataset is the video
recordings. Every participant makes some short video
sequences at hand, and the latter demonstrate the natural
unfolding of one in a row of emotional facial interactions.
These expressions build up to a neutral baseline, then to
emotional intensity; they represent the entire time events that
happen on the face. Such development is essential to training
models on the dynamics of emotions changing through time
and not just on the recognition of unchanging changes in the
face. Video data is also organised in a systematic way so that
all participants have a dedicated folder under the videos/
directory named PS. Each folder contains individual video
clips, which are named in sequence (e.g., 4.avi is the fourth
video clip). An example is the file videos/PS 1/4.avi, which
shows that this is the fourth video of recording emotional
expressions in Participant 1.

Every video is annotated with one of four basic emotion
classes:

e 1: Happiness

e 2: Surprise

e 3:Sadness

e 4: Disgust
The labels are given according to the spontaneous emotional
response recorded in each video and are identical throughout
all files included in the dataset, which makes it convenient to
map and refer to. The ISED also has photos of the peak (static
frames that signify the point of strongest emotional impact in
each video sequence). The choice of these frames and
extraction is made by careful visual inspection or defined
thresholds on the intensity. Being saved in the zip archive
called peaklmages.zip, these images provide a concise but
very informative perspective of the emotion that is presented
in the video. The vocabulary used in the names of the images
of peaks is dry and logical: each image has the following
name: Participant Clip Frame.jpg. For example, file
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26_7 39.jpg participants corresponds to 26, the 7th video clip
and the 39th frame of that clip, which has been identified as
the point of peak emotional expression. The researchers do
them wusing dual-formal-structure-temporal video and
high-spuriousness, still frame-flexibility. The dynamics of
temporary expression can be analysed using video data and
snapshot-based classification or training image-level
recognition models can be done using the peak paintings. The
dataset provided by this organisation is very appropriate to be

used in multimodal analysis, and it can be generalized in
different tasks in machine learning, including supervised
classification, feature extraction, and the training of deep
learning models.

The .mat file named ISED_details.mat dataset, the metadata
is given a structured form to allow analysis and programmatic
access. This file contains tabular information containing the
following information about each sample:

TABLE I OVERVIEW OF METADATA FILE

Column Description
1 Participant Number (e.g., 1, 2, ..., 50)
2 Unique Participant ID
3 Video Number
4 Peak Frame Number in the video clip (starting from frame 1)
5 Full Video File Path
6 Full Peak Image Path
7 Emotion Label (encoded as: 1 = Happiness, 2 = Surprise, 3 = Sadness, 4 = Disgust)
3+ Facial Landmark Coordinates: includes pixel positions of the face bounding box, and key points such as nose,
left eye, and right eye in the peak frame

Table II ISED details.mat, an essential component of the
dataset as it includes detailed annotations and structural data
and makes the dataset simpler to navigate and analyse in the
most productive manner. The various fields in this metadata
table describe the individual video clips and their associated
peak image. The first represents the number of participants,
whereas the second column assigns a unique ID to the
participant to make associating data instances quite clear. The
third column represents the video number per participant,
followed by a peak frame number, the frame in the video
sequence currently demonstrating the strongest degree of
emotion. The fifth and sixth columns give the full file paths

of the original video and the peak image, respectively,
associated with this. Column 7 is the label of emotion, since
it is coded in a numerical way with 1 representing happiness,
2 surprise, 3 sadness and 4 disgust. Since the eighth column,
the metadata contains coordinates of facial landmarks, that is,
the pixel coordinates of the face-bounding box, nose, left eye,
and right eye in the peak frame. This metadata makes it easy
to map video data and visual information, and this is essential
in training emotion recognition models, defining datasets,
annotating datasets, and analysing at the frame level or
feature level.

Fig. 2 Sample ISED Images

Some representative sample images from the Indian ISED are
presented in fig. 2, the quality and variety of the spontaneous
facial expressions captured in the dataset. These pictures

correspond to the frame of emotional intensity extracted from
the video clip and reflect a series of feelings such as
happiness, surprise, sadness and hatred. Visual examples
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highlight the ability of a dataset to catch subtle and natural
facial signals in realistic conditions, which are essential for
training emotion recognition models. Each image displays
the activities and manifestations of the facial muscles
associated with different emotional stages that provide a
visual reference to the types of characteristics that can be
learnt and analysed in the prediction functions of
engagement.

When referring to this study, it can be said that the procedure
of measuring affective reactions based on the ISED includes
the scope of converting crude annotation into a valuable score
explained as the Emotion Score. Calculation of this score
involves two basic components that are found in the dataset:
the emotion label, which identifies the type of emotion
viewed, and the emotion intensity, which refers to the degree
of how the emotion is portrayed through a particular frame.
This transformation would have the goal of normalising
emotional clues to one numerical value that represents the
level of perceived engagement of the emotion expression. All
the termed emotions indicate a broad type of affective
response, and rather than boxing them through a categorical
set, the present study defines each term in terms of how they
may contribute to and represent engagement levels, like low,
medium or high. An individual scoring formula is used
against each type of emotion to provide an accurate score on
the level of the emotion in terms of its normal strength and
applicability in real-life learning contexts. As an example,
emotions such as happiness are assigned larger values in the
base, and that upper value is 100, which shows that those
emotions are highly linked to active engagement. On the
contrary, less favorable affective traits, including sadness or
disgust, are dimensioned in a more conservative way (with
lower score ceilings) in order to reconcile with the common
view of their connection with disengagement or passive
states. This scale technique will help to convert the
qualitative data of the emotions to a more quantitative format
that is more compatible with machine learning and statistical
analysis. Following the numerical scoring of the facial
expressions, the research makes it possible to incorporate the
emotional information into the engagement prediction
models. These scores are also used in reference to the
labelling of video clips in the student dataset; this is done to
make sure there is consistency across controlled emotion
samples (ISED) and spontaneous classroom recordings. The
last outcome is that the emotion score will be a useful item in
the creation of a robust emotion-aware engagement detector
that would serve in an educational setting successfully.

One of the most important functions in this simplification is
the compute _emotion_score(row) one that has the capability
of converting raw emotion records into a standard numerical
value in what is termed Emotion Scores. The dataset contains
two significant fields each in a row: Emotion Label Emotion
Label indicates the emotion that was identified in a video
frame (e.g. happiness, surprise, sadness or disgust). Rather
than viewing these as given categorical emotional states, this
research interprets these states as relevant to the levels of
engagement or in terms of being high, medium or low
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engagement. The min() function is used in each formula to
prevent the resulting score to be larger than its assigned
maximum value. This normalization facilitates the
consistency of different types of emotions, as well as the
differing intensity levels of said emotion, as such this
normalization facilitated a smooth integrative process of
emotion types and intensities into machine learning models
used to predict engagement. After calculating these emotion
scores, they can be saved in a separate column
Emotion_Score that can further be used as a feature to train
predictive models or study some emotional trends in a dataset
of classroom engagement.

Particularly, the emotion labels and peak intensity frames of
ISED are utilized to:

e Train models to be able to tell different emotional
states apart

e Extract facial expression and intensity of emotion
features

e Provide a reference model to support emotion-level
annotation in the student video dataset

e Provide a baseline for emotion classification before
validating engagement predictions on actual student
data

3.1.2 Classroom Student Video Dataset

Student Video Dataset was selected to be designed in a way
that records natural classroom interactions and emotional
cues that indicate engagement in real world learning settings.
These recordings are the real dynamics of a classroom unlike
the controlled ISED dataset as they provide a good
contextual-level of information on emotion-to-engagement
mapping. The information was gathered during 8 hours of
real classroom sessions of undergraduate students of different
gender and academic backgrounds. The videos were captured
at 1280x720 at 30 FPS at the consumer cameras
(smartphones/webcams) that were staged in various
positions:

e Front-facing cameras: recorded overt facial responses
and micro-expression.

e Top-corner cameras: offered broad based group
interaction and general involvement.

e Side-angle cameras: centered on gestures, direction of
gaze, and posture.

This multi-angle design allowed to have both individual
facial parameters and group-wide behavioral parameters to
analyse. Nevertheless, clean student frames (those in which
the face of one student was distinctly visible without
occlusion) were annotated only. Frames that had group shots,
faces that were blurred or partly obscured features were
deleted to ensure that the quality of data was not
compromised. All retained clips were divided in 10-second
windows and labelled with:
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Label of emotion (e.g., happy, sad, surprised,
disgusted, indifferent).

An intensity score of emotion, which is rated by a
variety of annotators to ascertain inter-rater reliability.

This data set thus supplements ISED with ecologically robust
classroom data to fill the gap between laboratory controlled
and real-life educational settings. The following fig. 2 shows
the Classroom Student Video Dataset collection process:

Classroom Setup
(Students in Live Learning)

/V

y

Front Eamera
(Faces)

Side Camera
(Gestures)

Overhead Camera

'

Raw Video Recordings

!

Frame Cleaning
(Remove Group Shots & Unclear Faces)

'

Segmentation
(10s Clips)

\ 4

Annotation Process
(Emotion + Intensity)

'

Final Clean Dataset
(for Model Training & Validation)

Fig. 3 Classroom Student Video Dataset Collection Process

The collection of the data under the Student Video Dataset in
this work was self-collected to aid the real-life modelling of
the student engagement by recording the natural classroom
physical behaviour as mentioned in fig. 3. The collection was
selected during several classroom lessons taking place in a
specially controlled academic environment. The video
recordings recorded a total of around 8 hours with
undergraduate students taking an active role in classroom
activities. The group of participants is rather diverse, both in
gender and academic status, which offers a wide outlook on
classroom activity and emotional involvement. A consumer-
grade camera, such as a smartphone camera or webcam, was
used to record the video data with a resolution of 1280x720
pixels at 30 frames per second (FPS). The recording system
consisted of various camera angles, one with a front view to
get direct facial reactions and others at the upper corner
positions to gain more of the overall interaction of the groups.
Such a multi-angle strategy ensured imaging of individual
and group-level behaviour but also created complexity in the
analysis of the data in the presence of occlusions and
competing facial features when imaging groups. First, raw
video data material consisted of a lot of cases of group shots
with many students in one frame. They were not considered
the frames that could be used to analyse individual emotions
and participation because facial features and expressions data
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isolated were not honest anymore. In order to guarantee the
quality of the data and use of individual-level annotation,
researcher then manually removed all the footage and frames
with group shots or obscured scenes and only kept those
scenes in which the facial region of only one student was
observed perfectly clearly.

Fig. 4 shows samples of students in the dataset. From clean
data, the video clip was cut into manageable segments usually
sampled for 10 seconds in length and frame-tier analysis. All
these frames were then annotated by hand with two important
attributes, an emotion label (e.g. happiness, sadness) and a
rating of feeling intensity, which is a score of the level of
emotional expression. To improve the validity of the results,
several annotators viewed the same segment, so there was a
chance to come to a consensus about the labeling of emotions
and intensity scores. This collaborative method not only
reduced bias but also diversified the information on the
emotional expression. It is used as the main verification in
self-conscious student video dataset research. It also fills a
gap between the controlled, emotion-coloured ISED data and
the dynamic, in the field real-world classes, which provides a
good basis to test the model models of training and
engagement.
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Sample Id 1

Sample Id 7

Sample Id 2

Sample Id 3

Sample Id &

Fig. 4 Students Video Sample

3.2 Dataset Structuring

The data on the research are applied to this research and are
harmoniously structured to allow the creation and
performance analysis of emotion-sensitive engagement
forecasting models. It contains the sequences of facial
images, small video sequences and manually calculated
feature vectors, and the respective emotion labels and
intensities accompany them. These annotations are provided
on a frame or segment level and patterned representation of
them has high resolution in emotional conditions. The data
will be divided into two parts one (80 %) to train the model

Happiness

Happiness

Sadness

Happiness

and to validate, and the other (20 %) to test the model, and
finally testing (20 %) to assess the performance. In particular,
regarding the validation set, real-world data on the student
video is used to bring the set into the context of a real
classroom. In addition, each data point will be enhanced by
metadata (age group of a participant, type of activity in the
classroom and the environmental conditions). This syntactic
structure can be applied in a predictable manner to model
pipelines, and it can be applied to better report on
performance within different learning contexts, which
facilitates  scalable  experimentation and informed
interpretation regarding student engagement tendencies.

Disgust

Sadness

Fig. 5 Emotion Sample

Fig. 5 displays a grid of six photos, each of which has a
person's face. The photos are arranged in two rows of three.
Each image is labelled with a specific feeling: happiness,
sadness or hatred. The top line expresses happiness to a
person, then the person expresses grief, and a third person
expresses hatred. The bottom line also expresses happiness to
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a person, another person expresses happiness, and finally, the
person expresses sadness. This grid appears to be a visual
dataset used for training or testing of a visual recognition
system, where each image acts as an example of a particular
facial expression that suits a given feeling.
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Engaged Engaged

Not Engaged

Not Engaged

Not Engaged

Engaged

Engaged

Not Engaged Not Engaged

Not Engaged

Fig. 6 Student Engagement Sample

Fig. 6 shows a grid of sixteen photos with four rows and four
columns; each is labelled to display either a planned or
engaged state. The top two rows include eight separate
individuals, all of whom are labelled as attached, displaying
facial expressions and currencies that suggest that they are
attentive or involved. In contrast, the two lines below present
eight other individuals, which are not attached, with facial
expressions and body language that indicate attention or lack
of interest. This layout strongly suggests that the image is a
dataset used to evaluate training or machine learning models,
designed to detect a person's engagement level, possibly

based on visual signs such as facial expressions and body
gesture.

In this study, the dataset is strategically divided to adapt to
model development and evaluation in various sources as
mentioned in table III. The training set contains 80% of the
Indian Spontaneous Expression Database (ISED), which
provides a rich foundation of the comfortable facial
expressions annotated with emotional labels and intensity
scores to effectively train the model:

TABLE III DATA SPLITTING
Round Dataset Ratio Description
Round Consists solely of 80% gf the ISEI? datas.et, used to train the.z
1 ISED Training 80% and Testing 20% | model on spontaneous facial expressions with annotated emotion
labels and intensity scores.
Round ISED and Training ISED and Testing Comprises 20% of the sglf-qollected student video data§et, psed
2 Classroom Classroom exclusively for model validation and hyperparameter tuning in real
classroom contexts.
Round Merged ISED and | Training ISED+Classroom 80% The remaining 20% of the ISED dataset, kept unseen during
3 Classroom Data ISED+Classroom Testing -20% | training, used to evaluate the model’s generalization performance.

The verification set contains 20% of the self-eccentric student
video dataset, which represents the real-world classroom
landscapes and serves to fix the hyperparameter, assessing
the adaptability of the model for practical learning
environments. Finally, the test set contains the remaining
20% of the data issued, which is completely ignored during
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training and is used to objectively evaluate the normalisation
capacity of the model. This division ensures a strong training
process, validating the performance of the model under
realistic conditions and maintaining fairness in the final
assessment.
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3.3 Annotation and Labelling Strategy

The process of annotation and labelling in this research is
aimed at recording the level of emotions and their degrees of
intensity but not the level of engagement itself. Via this
method, more multi-dimensional data is produced, which can
be used in a range of emotion-aware prediction of
engagement applications. The main annotation process
objective lies in labelling each of the frames or segments of
the video that will be contained in the dataset with two
important attributes:

e Emotion Label — the emotion that is expressed in the
frame (e.g., happy, sad, angry, neutral, surprised, or
disgusted).

e Emotion Intensity Score — this is the numerical rating of
the strength or vividness of the emotion presented.

e Frame and Segment-Level Marking

Annotations took place at the frame level or short video
segment level, according to the presence of clarity and
consistency in emotional display. There was a frame-level
labelling that was employed in instances where the emotions
were changing at a high rate. In segments that contained the
same emotional state, the same annotation was used on all the
frames in such a segment. Granularity was chosen in a way
that it provided accuracy in labelling and efficiency in the
annotation process.

The annotation of data was done using well-trained human
annotators who are already exposed to the concept of facial
expression recognition. A set of standardised guidelines,
including some examples of each and every emotion
category, was explained to the annotators to diminish the
subjective variability.

e Step 1: Observe the video frame or segment to see direct
facial expressions of eyebrow movement, eye opening,
mouth shape and the head direction.

e Step 2: Determine the emotion that is mostly revealed.
In case of ambiguity of the expression, the annotators
referred to the most salient visual indication.

e Step 3: Allocate an intensification score depending on
how strong an emotion is perceived to be. Bear in mind
that this decision is influenced by the tension shown in
the facial muscles, how expressive someone was and
how long or how short the emotion lasted.

e Step 4: Write down the label as well as the intensity
score in the annotation sheet of the data set.

Three annotators to independently reduce bias annotated each
frame or section. For each example, the last label was
determined using a consensus-based approach:

e If all the annotators agreed, the label was directly
accepted.

e If there was disagreement, the majority vote set the
label.

o In matters of equally divided opinions, a discussion was
held to reach the agreement, and the frame was re-
examined for clarity.

Final feeling intensity score of every frame was obtained as
mean value of the scores of three annotators which were a
balanced remedy, and which brought about the variance in
personal perception.

IV. DATASET RESULTS AND ANALYSIS

This section will contain a more detailed analysis of the
proposed multimodal dataset of student engagement in its
statistical properties, annotation features, and patterns
identified. The data obtained is displayed at the level of the
datasets to provide the clarity of the composition and quality
of the obtained data. The category of emotion frequency and
intensity of variation of sample distribution are regarded as
the important points to highlight the representativeness of the
dataset. It also establishes the consistency and reliability of
annotation in order to determine the strength of the labelling
process. The contextual and temporal trends of the sessions
in the classroom are also provided.

Participant Number Participant ID Video Number Peak Frame Number ~ Video File Path Peak Image Path Emotion Label Emotion Intensity
0 o PSAf i 142 " hideos/PS 51111.avi" ‘peakimages/51_t1_142jpg 1 375
1 g s 13 §7 " hideos/PS 913 "peakimagesd_f3_87 jog’ 1 475
l A AU b 43" hideos/PS 246 "peakimagesi24_6 43 jog’ 1 375
i ] Ps3 16 21 "hideos/PS 6. ‘peakimages3_16_21 jpg' § 425
! I Y 4 215 " Nideos/PS 45/4.avi 'peakimagesid5_4_215]pg 4 35

Fig. 7 Sample Participant Detail
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Fig. 7 above the Indian spontaneous expression database
(ISED) presents a sample view of the metadata, describing
the key features for each recorded example. Each row
corresponds to a unique emotional expression captured from
a participant, identified by their participant number and ID.
Metadata contains the video clip number and peak frame
number, which indicates the exact frame where it reaches its
highest intensity. Full video (Vi) and extracted peak image
(JPG) file paths are also made readily accessible and
accessible. All of the examples are labeled with an emotion
category, which identifies the categories of expressions
made, and a constant emotion on a similar scale is a similar
emotion intensity score. As an illustration, the first-row
participant presents the 11th video clip of 51, in which the
best expression can be found on the frame 142, marked with
a 3.75 feeling. This Structured Format is helpful in terms of
exact analysis and effective incorporation into machine
learning pipes.

TABLE IV EMOTION SCORE CALCULATION

. Associated . .
Emotion Eneacement Scoring Maximum
Label £ag Formula Score Cap
Level
Min (100, 80
Label 1 High + intensity X 100
4)
. . Min (80, 60 +
Label 2 Medium-High intensity x 4) 80
. Min (60, 40 +
Label 3 Medium intensity x 4) 60
Label 4 Low _ Min (35, 35
intensity x 8)

Emotion Intensity: table IV shows the degree of the
expression of the emotion in the specific frame and it usually
varies between no value and the maximum value dependent
on the annotations in particular data. Individual mathematical
formulas are implemented to each type of emotion to use in
calculating the Emotion Score. These formulas normalize the
strength of each emotion to a limited number that displays its
average influence on the engagement of the students in
academic settings.

For instance:

e Label 1, by extension to high engagement, has a high
base value that is limited to 100.

e Label 2 is also associated with a somewhat positive
engagement cue, but with a bit lower cap.

e [Label 3 is instead a moderate indicator and hence
possesses a lower range of scores.

e Label 4 which is highly correlated with disengagement
or negative reaction is rated towards the lower end.
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In this study, instead of relying on pre-degraded engagement
categories, each sample is annotated with two major
indicators: emotion type — like happiness, sadness, surprise,
or disgust — and a feeling intensity score, which is a constant
value received from human annotations and a custom scaling
formula. This dual labelling method gives a more detailed
and adaptable depiction of the emotional stages, and data is
able to record the minor differences in expression and
involvement in emotion. This fine-stable labelling allows
more precise and adjustable modelling since such broad
emotional indicators will be later mapped at a broader level
of engagement depending on particular application needs or
experimental design.

The input formats in this study are intended to be effective in
representing and storing the dynamic and fine nature of
student emotions. These are sequences of facial images,
which are obtained out of the ISED and classroom video data
to record the temporal change in facial expression. Every
image is normalised and standardised (e.g. in .JPG or .PNG
format) so that it is stable through model training. Moreover,
video clips are typically employed to maintain the natural
sequence of emotional transitions, are approximately 10
seconds long, and contain some metadata like resolution
(1280x720), frame count, and participants. To facilitate
quantitative analysis, feature vectors are extracted on
peak-frames and image-series, such as feature landmark
coordinates, gaze direction as well as manual annotated
intensity values. These vectors are represented in structured
files like .CSV or. NPY thus allowing easy incorporation in
machine learning pipelines in order to forecast emotion-
incinerated engagement.

Fig. 8 depicts the chosen sample record out of the end
structured dataset that illustrates how the raw emotion labels
and intensity have been transformed into the standardised
emotion scores that can be used downstream. Each row is a
specific participant and video clip, with the fields of
participant numbers and metadata, such as ID, video number
and peak frames, where the emotional expression is most
significant. Video and image file path models Model of
related video and image file path are used to refer to the
related media resources to be used in training and
verification. The emotional label identified identifies the type
of emotion and the intensity of feelings is expressed as the
intensity of emotions in a scale. The notable findings in the
figure is the emotion-skor that is determined by the custom
scaling logic in relation to each type of emotion. For example,
the participant expresses a feeling with a label of 421 and an
intensity of 2.75, resulting in a high engagement score of
91.0. This integrated visual ensures a consistent and
quantitative representation of emotional states, enabling
more accurate modelling of student engagement.

IJISS Vol.16 No.2 April-June 2026



Renuka Tantry, Dr. Sharada U Shenoy, Dr. Shreenath Acharya, Dr.R. Rashmi Adyapady and K.N. Prathibha

Participant  Participant Video Peak Frame Emotion Emotion
Number ID Number Number Video File Path Peak Image Path Label Intensity Emotion_Score
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Fig. 8 Sample Records with Computed Emotion Scores
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Fig. 9 Average Emotion Score Vs. Intensity by Emotion

Fig. 9 presents a comparison between the average emotion
score and emotion intensity for four different emotions:
disgust, happiness, sadness and surprise. For each feeling,
there are two. Teal-coloured bars represent the average
emotion score, which is much more consecutive than small,
coral-coloured bars representing the average emotion
intensity. Happiness has the highest emotion score, then
surprise, then sadness and finally disgust. In particular, the
emotion intensity score for all four emotions is very low and
looks similar to each other, showing that while the model or
system is confident in its emotional scoring, the intensity of
those feelings in data is generally weak.
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V. CONCLUSION

A hierarchical multimodal database to enable
emotion-conscious student interaction evaluation in the
classroom learning setting. The dataset has 120 participant
records, 45 classroom sessions, which cover 320 video
samples and 185,000 frames totalling to & hours.
Well-defined categories of emotions and continuous scores
of intensities are annotated on each sample giving the ability
of fine-grained representation of the engagement dynamics
that go beyond the coarse categorical labels. Analysis of
data-sets showed realistic distribution patterns of emotions,
natural imbalance of classes, and regular annotation patterns,
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all of which was a representation of natural behavior in a
classroom. Temporal observations also showed the change in
emotional intensity per learning session, which is dynamic in
terms of the student engagement. In addition to numerical
characterization, the key value addition of this work is that it
creates a reusable and extensible research resource of the
learning analytics community. As opposed to the current
datasets that are based on the evaluation of behavioural
records only or self-reported scales, the offered dataset is a
combination of visual, emotional, and contextual data,
making it more ecologically valid and analytical. The dataset
will be applicable to a general deployment of diverse future
applications, such as engagement prediction, affective
computing, intelligent tutoring systems, and personalized
learning analytics. Using accessible statistics of dataset and
standardized annotation, with baseline validation, the work
sets a strong foundation of reproducible and scalable research
in student engagement to fill a significant gap in
emotion-aware data on education.

Future Works will be improved by adding more participants
to the dataset, both classroom sessions and subject diversity
to increase the generalizability. Audio cues and physiological
cues can also be introduced to increase engagement
representation through other modalities. It is possible to use
the high-level deep learning and temporal modeling
techniques to compare the engagement prediction and help it
with the assistance of the dataset. Also, the publishing of
standardized evaluation protocols will help in just
comparisons and reproducibility in subsequent studies on
engagement.
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