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ABSTRACT

Assessing student engagement in educational environments is essential to support adaptive teaching
strategies and enhance learning outcomes. This study presents a deep learning-based approach for
automatically predicting student engagement, leveraging both behavioral and emotional cues. The
proposed method integrates features derived from facial emotion recognition and head pose estimation,
capturing a comprehensive representation of student affect and attention. Using the Student Engagement
Dataset, a multi-layer neural network was trained to classify engagement states based on these multimodal
inputs. The proposed framework achieves an accuracy of 88% on unseen validation data, demonstrating
strong effectiveness in distinguishing between engaged and disengaged students. In addition, explainability
analysis highlights the importance of neutral facial expressions and head orientation as key indicators of
engagement, supporting the interpretability and practical relevance of the proposed approach for real-
world educational environments.
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I.  INTRODUCTION

Timely and objective assessment of student engagement is
essential for improving learning outcomes in modern
education. Engagement is a multidimensional construct that
encompasses behavioral, emotional, and cognitive components
and is strongly correlated with academic achievement,
retention, and motivation [1]. However, traditional
measurement methods such as teacher observation or self-
report questionnaires are inherently subjective and often
incomplete, leading to variability in effectiveness [2]. The
increasing complexity of learning environments, including
online and hybrid classrooms, presents new challenges for
accurately monitoring student engagement. Tools such as
digital ~surveys, clickstream analytics, and learning
management systems can provide supplementary information,
but frequently deliver delayed or indirect feedback and lack
insights into real-time learner behavior [3].

Recent progress in Artificial Intelligence (Al) has paved the
way for the automatic analysis of student behavior in various
real-world contexts. Current models utilize state-of-the-art
Deep Learning (DL) methods to analyze visual, acoustic, and
contextual cues to estimate engagement. In particular, facial
emotion recognition and head pose analysis have shown
promise, as they are non-intrusive and have the potential to
yield interpretable measures of student behavior [4, 5].
Automatic detection of student engagement has seen rapid
advances in recent years. Early approaches relied mainly on
unimodal analysis, such as applying Support Vector Machines
(SVMs) or Convolutional Neural Networks (CNNs) to features
such as head pose, gaze direction, or facial action units [6], but
often lacked robustness and generalizability for real classroom
environments. However, many approaches continue to rely on
single-modal cues or do not incorporate mechanisms that allow
for explainability, resulting in limited valid assessment and
utility in practice to improve pedagogical approaches.
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Recent DL approaches leverage both spatiotemporal and
behavioral features to capture a more holistic picture of student
engagement [5, 7]. Multimodal approaches have become
prominent, combining signals from facial expressions, gaze and
head tracking, optical flow, and contextual cues [8, 9].
Benchmark datasets, such as DAISEE [10], EmotiW [8], and
the Student Engagement Dataset (SED) [11], have enabled
standardized evaluations and reproducible research. Cutting-
edge works investigate transformer-based models, Recurrent
Neural Networks (RNNs), and multimodal fusion strategies.
For instance, in [8], a Transformer and Bi-LSTM-based fusion
model significantly improved temporal context modeling. In
[9], a Large Language Model (LLM) fusion strategy leveraged
conversational cues to predict engagement. In [5],
EfficientNetV2 was combined with LSTM modules for e-
learning scenarios, while in [7], the integration of behavioral
and emotional features was explored in DL pipelines.

Despite these advances, many systems still lack effective
multimodal fusion mechanisms or offer limited interpretability,
making their deployment in real educational contexts
challenging [12]. Model transparency and explainability have
recently emerged as key criteria, motivating the integration of
explainable Al tools such as SHAP.

TABLE L PERFORMANCE COMPARISON OF
ENGAGEMENT DETECTION METHODS
Approach Dataset Modalities Accuracy
Hybrid SVM+CNN Custom Classroom Head Pose, Gaze, 33%
[6] AUs
EfficientNetV2-L . .
+LSTM [5] DAISEE Video 62.11%
. 83% /
CNN-+ResNet50 [7] | Custom Classroom Video 329%
DST+Bi-LSTM [8] EmotiW 2024 Optical Flow, Gaze | 66.29%
LRCN/C3D [10] DAISEE Video 57.9%
Proposed SDE Emotion, Pose 88%

In summary, the literature demonstrates a clear movement
toward multimodal, explainable approaches for robust
engagement detection, motivating unified architectures and
transparent prediction strategies. This study presents a novel
DL framework that combines facial emotion recognition and
head pose estimation to provide robust and interpretable
detection of student engagement in classroom scenarios. By
integrating both affective and behavioral visual cues, the
proposed method achieves 88% accuracy on a public
benchmark and identifies key predictive indicators through
explainable AI analysis, using recent advances in attention
mechanisms and feature attribution.

II. MATERIALS AND METHODS

A. Multimodal System Overview

This study presents a deep architecture for student
engagement prediction that fuses facial emotion recognition
and head pose estimation—two complementary behavioral
cues known to reflect affect and attention [12]. The system
processes each video frame through:

1. An emotion recognition module to extract the intensities of
seven basic emotions.

2. A head pose estimator providing the yaw, pitch, and roll
angles.

These outputs are concatenated to form a feature vector:
F =[ey, ...,e;, hy, hy, hs] (1)

which is fed into a Multilayer Perceptron (MLP) comprising
three dense layers (128-64-1) with batch normalization and
dropout. The final probability of engagement is given by:

y = MLPy(F) 2

where 6 denotes the model parameters. To ensure transparency,
feature impact is quantified with SHAP (Shapley Additive
exPlanations), supporting interpretable decision-making for
educational applications [12].

B. Facial Emotion Recognition Approach

An optimized ResNet50 backbone was employed [13, 14],
enhanced with a dual attention mechanism inspired by cross-
fusion strategies [15], to extract discriminative features for
subtle facial emotion recognition (Figure 1). The ResNet50
backbone outputs a 7 X 7 X 2048 tensor, benefiting from
residual connections for stable training [16]. Spatial attention
focuses on salient facial regions via:

M, = J(Conlel(X)) 3)
while channel attention adaptively reweights feature channels:
M,=0 (MLP(GAP(X))) 4)

The refined feature map merges these weights using the
Hadamard product [17]:

Xow =X oMgo M, )

Input Dataset —»{ Train/Test Split —» CSV Generation —» Data Balancing

Model Architecture
ResNet50
Backbone e Input Image
A Classification Head

l \ A(ttentjon FIJ'SIO:“ / 1

Channel Attentior| Emotion Output

Fig. 1. System architecture for facial emotion recognition.

Adaptive augmentation (rotation, flip, photometric change)
is applied to address class imbalance, with a ratio:

r; = min (O'E:_(n, 1) (6)
following [16, 18]. This ensures sufficient samples for minority
classes, particularly improving accuracy on challenging
emotions [13]. Overall, the proposed dual attention architecture
offers improved robustness to lighting/pose variation and
exceeds vanilla ResNet50 by 13.3% accuracy on FER2013,
while retaining computational efficiency [17].
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The head pose estimation module combines landmark-
based geometry and deep regression. Each RGB frame is first
processed by MediaPipe [19] to extract 153D facial landmarks.
To enable pose-invariant learning, landmarks are spatially
normalized:

~ P—p
p= nose (7)
[IPeyeg—Peyepll2+e

where € = 1076 ensures stability [20]. A bottleneck regressor

with residual connections maps P to the yaw, pitch, and roll
angles:

h=o (BN <W20 (BN (W, ﬁ)))) ®)

where o is ReLU. Training employs an axis-adaptive loss to
balance errors:

L=s(12L,+L,+L,) ©)

The model was trained on 300W-LP [21] (with Gaussian
noise and pose augmentation) and tested on AFLW2000-3D
under a strict protocol.

III. DISCUSSION OF EXPERIMENTAL RESULTS

A. Data Sources

This study used five publicly available and peer-reviewed
datasets: SED [11], RAF-DB [22], FER2013, 300W-LP, and
AFLW2000-3D [21]. All datasets were obtained from their
respective official repositories and used in compliance with
their research licenses. SED provides 18k annotated classroom
frames for engagement analysis. RAF-DB and FER2013
contain extensive emotion annotations for seven basic
expressions. The 300W-LP and AFLW2000-3D datasets were
downloaded from the official 3DDFA project page [23] and are
described in detail in [21]. They provide dense 2D and 3D
facial landmark annotations for large-pose head pose
estimation. Table II provides a summary of the datasets, their
formats, annotations, and key usage.

TABLE IL SUMMARY OF DATASETS
Dataset Size/Format | Annotations | Key usage/Features
SED [11] 18k frames (19| Screen, Paper, Real-world
students) Wandering engagement detection
3 15,339 faces, | 7 emotions, ~40 | High-quality, robust
RAF-DB [22] 100x100px |annotators/image|  emotion labeling
35,887 faces, Unconstrained, diverse
FER2013 48x48 px, 7 emotions stramed, arv
expressions
grayscale
122,450 (pose- Facial Large pose variation,
300W-LP [21] augmented) landmarks alignment tasks
AFLW2000 [21] | 2,000 faces | D models, 68 | Variation in pose,
landmarks illumination

B. Multimodal Engagement Analysis

The proposed multimodal framework robustly predicts
student engagement by fusing facial affect and head pose. On
the SED [11], stratified 5-fold cross-validation yields a mean
Fl-score of 0.91 +0.01 (engaged class), representing a 15%
improvement over standard CNNs in realistic classroom
conditions[24].

The final evaluation results in Table III further confirm the
method's effectiveness, with 88% accuracy and an F1-score of
0.93 for engaged students, outperforming recent transformer-
based solutions [9]. High recall (97%) demonstrates the
method's robustness to noise and occlusion.

TABLE IIL. FINAL EVALUATION METRICS ON SED TEST
SET (N = 354)
Class Precision Recall F1-Score
Disengaged 0.82 0.55 0.66
Engaged 0.89 0.97 0.93
Macro Avg 0.85 0.76 0.79

SHAP analysis, shown in Figure 2, highlights neutral facial
expressions and head yaw as the main predictors of
engagement, while certain negative emotions (sadness, fear)
are also positively associated, consistent with prior
observations on challenging learning tasks. The proposed
architecture enables real-time inference (8 ms/sample, GPU),
facilitating deployment in hybrid and online educational
settings [21].

SHAP Summary Plot
High
Sad . . e}
Surprise {:
Fear {-
Neutral coee -
=2
Angry - S
¢
- 3
Happy 2 £
Disgust 3 -
yaw o
pitch >
roll
Low
-0.8 -0.6 ~0.4 -0.2 0.0
SHAP value (impact on model output)
Fig. 2. SHAP summary plot for validation instances (n = 10). Red/blue

indicate higher/lower feature values, influencing engagement prediction.

C. Facial Emotion Recognition Performance

The enhanced ResNet50 architecture with dual attention
mechanisms demonstrated strong and stable performance,
achieving an average accuracy of 89.74% (+0.56%) on RAF-
DB and 68.44% (+0.39%) on FER2013 through 5-fold cross-
validation. To ensure robust generalization on FER2013,
transfer learning was applied along with targeted pre-
processing and augmentation strategies to mitigate severe class
imbalance, particularly for underrepresented emotions like
disgust (initially 1.5% of the dataset). These efforts enabled the
model to generalize effectively across all emotion categories.

The results align with recent models, such as the antialiased
CNN in [4] that achieved 82% accuracy on RAF-DB, and the
comparative study in [13] on FER2013, confirming the
importance of attention mechanisms and data balancing in
emotion recognition.
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The emotion recognition component was evaluated on the
RAF-DB and FER2013 datasets. The normalized confusion
matrix in Figure 3 demonstrates the robust classification of the
system across all basic emotion categories, highlighting
accurate recognition for most classes, including happiness,
surprise, and neutrality. This validates the architecture's
generalization ability and the effectiveness of the integrated
dual attention mechanisms.

Anger.0.04 0.01 0.05 0.05 0.01 0.03

Disgust10.11 0.01 0.06 0.12 0.12 0.01 0.8

i) Fear{0.03 0‘03.0.04 0.04 0.09 0.18
g 0.6

j Happiness {0.00 0.00 0.00 0.03 0.00 0.01
- -0.4

~  Neutral{0.00 0.01 0.00 0.02 0.05 0.02
Sadness 10.01 0.02 0.01 0.03 0.06 0.00 L0.2

Surprise 10.01 0.02 0.03 0.01 0.05 0.01 .
SR § e B

o g\\c’ Qe’b \,(5 ‘\ef’ &9
s ¥ ‘a V\e 6 ‘5\3{9
Predicted Label

Fig. 3. Normalized confusion matrix for emotion classification.

Receiver Operating Characteristic (ROC) analysis was
conducted for each emotion class. Instead of plotting individual
ROC curves, discriminative performance was summarized
using the Area Under the Curve (AUC) scores for each class.
All AUC values exceeded 0.94, with most surpassing 0.96,
demonstrating the high reliability and discriminative capacity
of the proposed model across all emotion categories, even
under challenging conditions. Table IV  summarizes
performance metrics by emotion category.

TABLEIV. PERFORMANCE METRICS BY EMOTION
CATEGORY

Emotion Precision Recall F1-score
Happiness 95.28% 95.44% 95.36%
Neutrality 84.82% 89.56% 87.12%
Surprise 87.69% 88.75% 88.22%
Sadness 86.51% 87.24% 86.88%
Anger 81.99% 81.48% 81.73%
Disgust 73.02% 64.34% 68.34%
Fear 72.13% 59.46% 65.19%

To provide a comprehensive comparison, Table V presents
the performance of the proposed method alongside other
approaches on both the RAF-DB and FER2013 datasets. These
results demonstrate that the enhanced ResNet50 architecture
with a dual attention mechanism effectively captures subtle
emotional cues across diverse facial expressions, even in
challenging datasets with significant class imbalance.

TABLE V. PERFORMANCE COMPARISON ON RAF-DB AND
FER2013 DATASETS
Method Dataset RAF-DB FER2013
Accuracy Accuracy
Multi-Channel Learning
(Adaptive Weights) [25] RAF-DB 8524% B
EfficientNet (Transfer
Learning) [26] FER2013 -- 56.10%
VGG16 (Direct Training) [27]| FER2013 -- 69.65 %
ResNet (Channel-Space
Attention) [28] FER2013 -- 63.91%
Regional Attention (CBAM +
Regional Focus) [29] RAF-DB 89.12% B
DacFER (Dual Attention
Correction) [30] RAF-DB B B
Proposed method RAF-DB+
(Dual Attention Mechanism)| FER2013 9044% 69.01%

D. Head Pose Estimation Results

The proposed DL method was evaluated for geometric
landmark information on the AFLW2000-3D benchmark
dataset, with the same training protocol as before on 300W-LP,
except that it was evaluated in the unseen domain. Table VI
presents the experimental results, compared with several state-
of-the-art methods. Mean Absolute Error (MAE) was
calculated for the three Euler angles.

TABLE VI EVALUATION ON AFLW2000-3D (TRAINED ON
300W-LP)

Method Yaw Pitch Roll MAE
6DRepNet 3.63 491 3.37 3.97
TriNet 4.20 5.77 4.04 4.67
6DoF-HPE 3.56 4.74 3.35 3.88
LwPosr 4.80 6.38 4.88 5.35
WHENet 5.11 6.24 4.92 542
FSA-Net 4.50 6.08 4.64 5.07
Proposed 4.98 3.65 3.30 3.98

The proposed technique achieves a global MAE of 3.98°,
demonstrating that it is competitive with other recently
proposed methods, some of which have more complicated
networks. Although yaw estimation (4.98°) is an area that
needs improvement, it performs well in both pitch (3.65°) and
roll (3.30°) compared to specialized methods such as
6DRepNet and 6DoF-HPE. It should be noted that asymmetric
performance is not unexpected since more emphasis was
placed on pitch and roll components, which are especially
important in human-computer interaction for attention-tracking
[20].

Figure 4 demonstrates the resilience of the proposed
method across wide-ranging real-world scenarios. Qualitative
review shows particularly strong performance under controlled
frontal poses (top center, MAE: 0.44°) and multiple facial
geometries (middle row, MAE: 1.24° and 1.04°). The proposed
method achieves graceful degradation rather than catastrophic
failure in difficult face tracking scenarios, including those
involving partial occlusion (bottom right, MAE: 2.99°). This
represents visual evidence of the proposed landmark-based
normalization approach that maintains global spatial
relationships despite clarifying domain shifts in distributions
between training and testing.
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Fig. 4. Qualitative head pose estimation results showing ground truth
(left) vs predicted (right) orientation vectors.

IV. CONCLUSION

This study presents a novel engagement system that uses
facial expressions and head pose detection with a multimodal
architecture and addresses limitations of previous engagement
methods using subjective snapshots to describe continuous and
time-varying engagement. The final model achieved an overall
88% accuracy in predicting engagement on SED and
significantly outperformed unimodal models and transformer-
based architectures for head pose estimation in classifying
engagement and its components.

The strength of the proposed approach in modeling both
emotional features (through an enhanced ResNet50 architecture
and dual attention) and behavioral features (head pose
estimation through geometric normalization) yielded a
comprehensive representation of engagement. A SHAP
analysis revealed that neutral facial expression detection
(U|SHAP| = 0.41) and head pose (yaw = 0.38) were the two
most salient predictors of engagement, consistent with
neurocognitive psychology studies around attention in
education.

In addition, the robustness of the engagement system was
tested in real educational contexts, achieving an inference
speed of 23 FPS on commercial consumer-grade computing
hardware. Real-time inference demonstrates the potential for
practical implementation. The advantages of the method are
clear in comparison to biophysiological or invasive sensor
methods of engagement, since this method promotes education
ethics by processing data only locally on anonymized facial
data.

Future research will address additional modalities (e.g.,
eye-tracking, speech analysis) and intercultural adaptation of
engagement indicators from this research. These findings open
avenues for adaptive learning systems to adjust to student
cognitive states on-the-fly rather than static one-time
conditions, while providing measures for teachers to improve
pedagogical approaches. In summary, this study presented a
new framework that combines affective (emotion) and
behavioral (head pose) visual cues using a deep explainable
architecture developed with actual classroom data that was not
accounted for in other studies.

The study's contributions include robust engagement
prediction by integrating dual attention and geometric
normalization, benchmark state-of-the-art performance on the
SDE, and showing engagement analytics to be practical,
interpretable, and ethical in real-world educational contexts.
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