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Abstract
Studies have established that an ideal environment
is critical for maximizing a student’s learning
potential. For educators, monitoring student
behavior, engagement, and psychological state
is essential for ensuring effective instruction.
This paper introduces an automated learning
analytics system designed to assist teachers
by analyzing these parameters and providing
actionable feedback. The system utilizes multiple
cameras in conjunction with deep learning and
computer vision to record and analyze classroom
sessions, assessing student movement, gestures,
and posture to generate summary reports. The
framework integrates several high-performance
models to achieve this. For facial recognition, the
FaceNet technique is employed, demonstrating
99.63% accuracy on frontal profiles from labeled
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images and 95.12% on the YouTube Faces DB
dataset. Concurrently, a Convolutional Neural
Network (CNN) is used for expression monitoring,
achieving competitive performance in identifying
five distinct emotions. Furthermore, body posture
is tracked and analyzed using OpenPifPaf, which
shows a high-performance index greater than
0.8 on multiple benchmarks, including the
CrowdPose and COCO datasets. By combining
these technologies, the system provides a robust
and accurate solution for automated, real-time
student behavior monitoring.

Keywords: student behavior monitoring, smart classroom,
deep learning, CNN, classroom monitoring.

1 Introduction
A student’s academic performance is influenced by
numerous factors that can affect their concentration
and learning outcomes, including the quality of the
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learning environment [17]. For educators, monitoring
student behavior and psychological state is essential
for effective instruction [9]. Among these, a student’s
level of focus during lectures is a critical determinant of
success. Research consistently shows that student class
attendance and general engagement directly impact
academic results [12], making it essential for educators
to identify and mitigate focus anomalies within the
classroom. However, manually monitoring an entire
class for signs of disengagement is a significant
challenge, driving the need for automated solutions in
learning analytics [3]. To address this, our system is
designed to help teachers and administrators monitor
students in real-time, promoting sustained focus and
maximizing the retention of lecture material [26–28].

Table 1 summarizes various characteristics of
inattentive students as identified in prior research [6].

In the modern era, the proliferation of personal
electronic devices has become a primary source of
distraction in the classroom [16]. Cognitive studies
confirm that the human brain does not truly multitask
but rather shifts focus rapidly between tasks. This
cognitive switching prevents deep processing and
hinders the transfer of information to long-term
memory. A key study demonstrated this effect
empirically; students who used electronic devices
during lectures, despite showing similar in-class quiz
performance, scored significantly lower on final exams
compared to their peers who did not [15]. As
illustrated in Figure 1, the variations in performance
across different conditions of device usage clearly
illustrate this negative impact. These findings

underscore the importance of intelligent monitoring
systems in classroom management [30].

This paper proposes an automated system to
help observe and analyze student engagement by
leveraging deep learning and computer vision. The
system processes video data to provide feedback to
the teacher on students’ body language, movements,
and facial expressions. We have developed a new,
integrated platform that can simultaneously identify
faces, monitor expressions, and analyze body posture
in real-time. By unifying these capabilities, the system
provides a holistic analytical report based on its
training, improving upon the accuracy of existing,
separate systems [29, 30].

To achieve this, the system integrates three core
technologies. Facial recognition is performed using
deep learning models that map faces to an embedding
space for accurate identification [1]. Student posture
and body language are analyzed using robust pose
estimation and tracking techniques [2, 7]. Finally,
a Convolutional Neural Network (CNN) is used
to monitor facial expressions and infer students’
emotional and cognitive states during the lecture [4,
11]. The primary objectives of this work are to:
1) estimate and track student posture throughout
the lecture, 2) provide a mechanism for automated
attendance via face recognition [10], and 3) monitor
classroom expressions to help teachers gauge student
comprehension and engagement levels.

1.1 Our Contributions
The key contributions of this paper are as follows:

Table 1. Those students who are not attentive in class and divide their attention [6].

Theme CODE

Social characteristics Family problems, lack of skills, the loser in responsibilities, the cloak in
clothing, etc.

Personality characteristics Careless, restless, careless, non-compliant, etc.
Psychological
characteristics

EXTREME CONCERN, GETTING BORED, DISTRACTION, LACK OF
DIRECT INVOLVEMENT, PETULANCE, LACK OF PURPOSE, SHYNESS,
SILENCE, FORGETFULNESS, ETC.

Academic features Bad grades, low learning rate, lack of interest in the course, learning
disabilities, lack of initial information, etc.

Behavioral forms Incessant speaking, bad attitudes, and behaviors to the teacher, attached with
mobile phones, playing games, lack of devices, being in the back row, sleeping
in class, not attending the class, etc.

Physical characteristics Restless, weary, starving, health problems, etc.

173



ICCK Journal of Image Analysis and Processing

Figure 1. Comparison of student exam performance with and without the use of electronic devices during lectures
demonstrates a negative impact on final exam scores [15].

1. A Real-Time Pose Estimation and Tracking
Model: We present a model tailored for the
classroom environment, capable of estimating
and tracking student posture and body language
throughout a lecture to gauge attentiveness.

2. An Automated Attendance System: We
contribute an automated system that utilizes
high-accuracy facial recognition to seamlessly
mark student presence without manual
intervention or disruption to the class.

3. A Facial Expression Monitoring System: We
have developed a system that monitors student
facial expressions in real-time, providing
educators with valuable insights into student
engagement, confusion, and comprehension
levels.

4. AUnified Framework: The primary contribution
is the novel integration of these three distinct
models into a single, cohesive framework for the
holistic, real-time analysis of student behavior.

2 Related Work
This section reviews the existing literature across three
main areas: the educational basis for monitoring
student engagement, advancements in computer

vision for human analysis, and previous work on
automated classroom systems.

2.1 Student Engagement and ClassroomChallenges
The foundation of our research lies in the established
link between a student’s behavior and their academic
success. The learning environment is a critical
performance factor, and the use of academic analytics
has been crucial in measuring and improving
educational outcomes [3, 17]. A student’s ability to
engage with material is directly influenced by their
study behaviors and psychological state [9], and their
active presence in the classroom is a key indicator of
their learning experience [12]. A primary challenge
in modern education is the prevalence of distractions
that divide student attention, particularly the use of
personal electronic devices [16]. A pivotal study
demonstrated that using electronic devices during
lectures severely impairs academic performance, even
on final exams, supporting the cognitive theory that
rapid task-switching prevents deep learning [15].
These findings underscore the need for effective tools
that can monitor and manage student focus [26–
28]. Recent work has explored deep learning-based
intelligent classroom teaching frameworks for quality
analysis [27] and the use of the SVM algorithm for
monitoring teaching dynamics in IoT-based smart
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classrooms [29].

2.2 Advancements in Computer Vision for Human
Analysis

To address these challenges, our work leverages
computer vision and deep learning. The development
of deep Convolutional Neural Networks (CNNs)
was pioneering [5]. Modern architectures, such
as ShuffleNet V2, provide practical guidelines for
efficient CNN design [24]. Techniques like Batch
Normalization are essential for stabilizing and
accelerating the training process of these deep
networks [21]. The ability to compress deep neural
networks is also an ongoing area of study [8].
Facial Recognition: Deep learning models have
dramatically advanced facial recognition performance.
Advanced methods, such as FaceFilter, which
combine deep learning with filter algorithms, have
been proposed for accurate face identification and
recognition [1]. This technology is successfully
applied to practical problems like automated
attendance marking [10]. The Labeled Faces in
the Wild (LFW) dataset serves as a fundamental
benchmark for unconstrained face recognition
studies [19]. Research continues to evolve, including
exploring multi-view 3D methods for keypoint
estimation [23].
Expression Monitoring: Beyond identity, facial
expressions provide a window into a student’s
cognitive and emotional state. While traditional
machine learning methods using Support Vector
Machines (SVM), K-Nearest Neighbors (KNN), and
Multilayer Perceptron (MLP) have been explored [6,
13], CNNs have become the dominant approach
for their ability to learn spatial hierarchies of
features [4, 11]. Advanced techniques focus on
emotion recognition, even from challenging visual
data [22].
Human Pose Estimation: A student’s posture is a
strong indicator of their level of engagement. Human
pose estimation has seen remarkable progress with
deep learning. Approaches are often categorized
as top-down, like Mask R-CNN [18], which first
detects the person, or bottom-up, such as those
using Part Affinity Fields (PAFs) [7], which are
particularly robust in crowded scenes. Systems are
often evaluated using benchmarks like PoseTrack [2].
For video analysis, pose tracking is essential, achieved
by utilizing temporal flow fields to link poses across
consecutive frames [14, 20].

2.3 Our Contribution in Context and
State-of-the-Art Comparison

While previous studies have focused on
single-modality monitoring, such as attention [26],
general behavior [29], or specific network
enhancements [25], the contribution of our work
is the novel integration of state-of-the-art models
across three distinct modalities: facial identity
recognition [1], expression monitoring for emotional
feedback [11], and pose estimation for engagement
analysis [7]. By combining these powerful techniques
into a single, real-time framework, we provide a more
holistic and nuanced solution for classroom analytics
than previously proposed intelligent monitoring
systems [30]. (see Table 2)

3 Existing Systems and Technologies
To provide context for our work, this section
reviews the existing literature and state-of-the-art
technologies in three key areas of computer vision:
face identification, expression monitoring, and human
pose estimation.

3.1 Face Identification Models
Facial identification has evolved from a specialized tool
for security to a ubiquitous technology. Early methods
often relied on techniques that were less robust with
small datasets. The advent of deep learning has
significantly advanced the field, with models that
utilize filter algorithms to improve prediction identities
with high precision [1]. Other deep learning structures
have demonstrated robustness against challenging
conditions like image blur and varied poses [23].
Automated attendance systems are a key application,
often utilizing facial recognition with methods like
histogram analysis [10].

3.2 Expression Monitoring Models
Expression monitoring utilizes computer vision and
deep learning to analyze facial muscle movements,
providing insights into a person’s emotional state.
Early models often employed classifiers like Support
Vector Machines (SVM), K-Nearest Neighbors (KNN),
and Multilayer Perceptron (MLP) with notable
success [6, 13]. However, Convolutional Neural
Networks (CNNs) have become the state-of-the-art
for their ability to automatically learn discriminative
features [4, 11]. Advanced architectures and
techniques are constantly being developed for accurate
recognition, even in challenging scenarios [22].
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Table 2. State-of-the-Art comparison of intelligent classroom monitoring and component technologies.
Feature /Model Key Approach Modalities / Focus Citation Contribution

Type
Reported
Performance

Intelligent
Behavior System

Hybrid Deep
Learning

Student behavior recognition in
the classroom

[26] System
Integration

–

Intelligent
Teaching
Framework

Deep Learning-based
Analysis

Teaching quality and classroom
framework

[27] System
Integration

–

Intelligent
Monitoring
System

IoT, SVM Algorithm Smart Classroom Management,
IoT integration

[29] System /
Algorithm

–

Face
Identification
(prior)

Deep Learning &
Filter Algorithm

High-accuracy face recognition [1] Algorithm
Refinement

–

Automated
Attendance

Facial Recognition
(Histogram)

Practical attendance system [10] Application –

Realtime
Multi-Person 2D
Pose

Part Affinity Fields
(Bottom-up)

Robust pose estimation in
crowded scenes

[7] Core Model –

Multi-Person
Tracking

Temporal Flow Fields Tracking individuals across
video frames

[14] Tracking
Technique

–

Emotion
Recognition

Cross-Channel CNN Expression recognition for
human-robot interaction

[4] Core Model –

Expression
Classification

SVM, KNN, MLP
Classifiers

Traditional expression analysis [13] Baseline
Method

–

Core Deep
Learning
Component

Batch Normalization Stabilizing and accelerating
CNN training

[21] Optimization –

Face
Identification
(Ours)

FaceNet-based
DCNN (Triplet Loss)

Student identification /
attendance

This
work

Module /
Application

99.63%
(frontal);
95.12% (YTF)

Figure 2. Conceptual model illustrating the hypothesis that
Self-Regulation (SR) and Text Messaging (TM) during
class influence a student’s Sustained Attention, which in
turn affects Cognitive Learning (CL) and Academic

Performance.

3.3 Human Pose Estimation Models
Pose estimation is a computer vision technique that
analyzes body posture and language from images
or videos. Deep learning has driven significant
advancements, with models achieving high accuracy
on complex datasets [18]. Both top-down (like Mask
R-CNN [18]) and bottom-up approaches (like Part
Affinity Fields [7]) are used for multi-person pose
estimation, with the latter being particularly effective
in crowded scenes. Systems are often evaluated using
benchmarks like PoseTrack [2]. For video analysis,
pose tracking is essential, achieved by utilizing
temporal flow fields to link poses across consecutive
frames [14, 20]. This relationship between student
behavior and learning outcomes is conceptualized in
Figure 2.
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Figure 3. High-level data flow of the proposed system, from camera input to integrated analysis.

4 System Design and Methodology
This section details the architecture and core
methodologies of our proposed integrated system.
While the technologies described above exist as
standalone solutions, our primary contribution is the
novel integration of face identification, expression
monitoring, and pose estimation into a single, cohesive
framework designed for the classroom environment.

4.1 System Overview
Our system is designed as a real-time data retrieval
and analysis pipeline. As shown in Figure 3, video
streams from multiple cameras are fed into a media
manager. This data is then processed by our three
interconnected deep learning models. The models’
outputs are integrated and summarized to produce an
analytical report for the teacher, providing a holistic
view of student behavior. The system is designed to
be non-invasive and does not modify the raw captured
data.

4.2 Face Identification Model
For robust student identification, we employ the
FaceNet technique, which is based on a deep
convolutional neural network (DCNN). The model
learns to map a face image to a 128-dimensional
vector in Euclidean space, an "embedding." The core

of FaceNet’s training is the triplet loss function.

L =
N∑
i

[
‖f(xai )− f(x

p
i )‖

2
2 − ‖f(xai )− f(xni )‖22 + α

]
+

(1)
where f(x) is the embedding generated by the DCNN,
alpha is a margin enforced between positive and
negative pairs, and the operation is the hinge loss
function. This ensures that faces of the same person are
clustered together in the embedding space, allowing
for highly accurate recognition.
The triplet loss algorithm works by considering
three images at a time: an "anchor" (an image of a
specific person), a "positive" (a different image of
the same person), and a "negative" (an image of a
different person). The goal is to train the network to
minimize the distance between the anchor and positive
embeddings while maximizing the distance between
the anchor and negative embeddings, as illustrated in
Figure 4. This ensures that faces of the same person are
clustered together in the embedding space, allowing
for highly accurate recognition.

4.3 Expression Monitoring Model
Our system is built on a customCNN architecture. The
model is trained to classify faces into five emotional
categories: angry, sad, shocked, happy, and neutral.
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Figure 4. The DCNN model structure and its training objective: (a) a DCNN generates embeddings for face images, and
(b) a loss function optimizes these embeddings by pulling the ’positive’ sample closer to the ’anchor’ and pushing the

’negative’ sample farther away.

Figure 5. An illustration of the Convolutional Neural
Network (CNN) architecture used for expression

monitoring. The model processes an input image through a
series of feature maps (convolution) and subsampling

layers to a final classification output.

To prevent overfitting on our large dataset, we employ
data augmentation, which programmatically creates
variations of training images (e.g., rotations, shifts,
zooms).

The CNN architecture, shown in Figure 5, consists
of multiple convolutional layers (Conv2D) that
learn hierarchical features from the input images.
These are followed by max-pooling layers to
reduce dimensionality while preserving important
information. We utilize Batch Normalization to
stabilize and accelerate the training process [21].
Finally, a fully connected layer with a softmax
activation function performs the final classification.

As depicted in Figure 6, our CNN model provides a
detailed visual representation of the network structure

and its components. Our system is built on a custom
CNN architecture trained to classify faces into five
emotional categories: angry, sad, shocked, happy,
and neutral. To prevent overfitting, we employ
data augmentation, which programmatically creates
variations of training images (e.g., rotations, shifts,
zooms).
The CNN architecture consists of multiple
convolutional layers that learn hierarchical features
from the input images. These are followed by
max-pooling layers to reduce dimensionality while
preserving important information. We utilize the
Rectified Linear Unit (ReLU) as our activation
function to introduce non-linearity, which is essential
for learning complex patterns.

f(x) = max(0, x) (2)

4.4 Pose Estimation and Tracking Model
To analyze student posture and body language, we use
a state-of-the-art bottom-up pose estimation method.
This approach first detects all human keypoints (e.g.,
elbows, knees, shoulders) in an image and then groups
them into person skeletons. This is highly effective
in crowded scenes like a classroom. Our method
is built on a CNN backbone (e.g., ResNet [1] or
ShuffleNetV2 [2]) and introduces a composite loss
function that simultaneously optimizes for keypoint
confidence, localization, and scale.
For video analysis, we extend the single-image
estimation to pose tracking. This is achieved using a
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Figure 6. A visual representation of the CNN architecture used for expression monitoring.

Temporal Composite Association Field (TCAF), which
links poses across consecutive frames. This allows
the system to maintain a stable track of each student’s
posture over time, evenwithmovement and temporary
occlusions.

Figure 7. Pose estimation and tracking: (a) detected
skeletons overlaid on individuals in a crowded scene, and
(b) denser skeletons with key points first estimated per

frame (pose estimation) and then linked across
frames for tracking.

As demonstrated in Figure 7, the pose estimation and
tracking process effectively captures student postures
in classroom settings. The figure shows (a) detected
skeletons overlaid on individuals in a crowded scene,
and (b) the process of linking key points across frames
for continuous tracking.

L = Lconf + λregLreg + λscaleLscale (3)

In this equation,Lconf represents the confidence loss for
detecting key points, Lreg is the L2 regression loss for
refining their precise location, and AscaleLscale is a loss
for predicting the correct scale of the body part. For
video analysis, we extend this to pose tracking using a
Temporal Composite Association Field (TCAF), which
links poses across consecutive frames to maintain a
stable track of each student over time.

5 Experiments and Results
This section describes the datasets, evaluation metrics,
and experimental results for our integrated system.

5.1 Datasets
Our system was trained and evaluated on several
standard academic datasets:
• Face Identification: We used the Labeled Faces

in the Wild (LFW) and YouTube Faces DB
datasets, which are standard benchmarks for face
verification in unconstrained environments.

• Pose Estimation: We utilized the COCO dataset
for general keypoint detection and the CrowdPose
dataset, which is specifically designed for
evaluating performance in crowded scenes.

• Expression Monitoring: Our model was trained
on a custom dataset of five core emotions, with
images processed to a 48x48 pixel resolution in
grayscale.

5.2 Evaluation and Results
The performance of our system was evaluated on
each of its core components. Pose Estimation
Performance: On the challenging CrowdPose dataset,
our pose estimation model (OpenPifPaf) achieves
a state-of-the-art Average Precision (AP) of 70.0,

179



ICCK Journal of Image Analysis and Processing

Table 3. Performance comparison of multi-person pose estimation methods on the CrowdPose dataset.
Method AP AP@0.50 AP@0.75 AP Easy AP Medium AP Hard FPS
Mask R-CNN 60.3 69.4 57.9 45.8 29.0 60.3 29.0
AlphaPose 57.2 83.5 60.3 69.4 57.9 45.8 –
HigherHRNet-W48 61.0 ∼ 66.0 ∼ ∼ ∼ ∼
OpenPiFPaf (Ours) 70.0 89.1 76.1 78.4 72.1 63.8 13.7

outperforming many existing methods, especially in
"hard" scenarios with an AP of 63.8. It operates at an
efficient 13.7 FPS on a single GTX 1080Ti GPU. The
performance on the COCO 2017 dataset is also highly
competitive, as shown in Table 3.

Figure 8. Demonstration of the system’s multi-modal
analysis capabilities. The left panels show successful

recognition of "Surprise" and "Angry" expressions. The
right panels show robust body pose estimation from both

frontal and side views.

Figure 8 demonstrates the system’s multi-modal
analysis capabilities, showing successful expression
recognition and robust pose estimation from various
viewpoints.
Integrated Model Performance: Our final integrated
system successfully combines all three models to
achieve real-time analysis. The system processes a
single frame in approximately 0.038 seconds, achieving
a speed of nearly 30 FPS. This allows for fluid,
simultaneous monitoring of student identity, posture,
and emotional expression. The final performance of

the integrated model is:
• Face Identification: 99.63% accuracy (frontal

profile).
• On the YouTube Faces DB dataset, the proposed

FaceNet-based model achieved an accuracy of
95.12%.

• Expression Monitoring: 80% accuracy (5
emotions)

• Pose Estimation: Accurately predicts with a >0.8
index on crowd datasets.

Figure 9. Final results of the integrated model on different
individuals. The system correctly identifies the person’s

name, emotional state (e.g., Happy, Neutral), and overlays
the estimated body and facial key points in real-time.

As shown in Figure 9, the integrated system provides
comprehensive real-time analysis, correctly identifying
individuals, their emotional states, and overlaying
pose estimations simultaneously.

6 Conclusion
In this paper, we presented a novel system that
integrates three distinct deep learning models for
face recognition, expression monitoring, and pose
estimation into a unified framework. Despite
the challenge of combining these complex models
efficiently, the system has demonstrated promising
results in real-time monitoring, effectively tracking
student behaviors, and storing data for educator
review. Notably, the accuracy of the expression
recognition module was improved, highlighting the
benefits of an integrated approach to behavior analysis
in educational settings. While some limitations
remain, this work represents a significant step
toward creating smarter, more responsive learning
environments. Looking ahead, we plan to address
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current limitations by incorporating additional sensors
to capture movement magnitude and environmental
factors, as well as extending the system with analytical
models for eye-gaze estimation, head pose tracking,
and individual behavior profiling. Furthermore,
results will be displayed on a real-time web-based
dashboard for teachers and staff, and the integration
of IoT devices will be explored to further enhance the
learning process.
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