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Resumo

A prdtica de registrar e monitorar a frequéncia dos alunos é uma ac¢do fundamental em vdrios contextos, especial-
mente no ambiente escolar. No entanto, devido ao seu processo manual, muitas vezes consome uma parte significativa
do tempo de aula. Este artigo apresenta um sistema de registro automatizado de frequéncia de alunos de ponta a
ponta utilizando cameras de vigildncia presentes na sala de aula. O sistema usou tecnologias avancadas, como visd@o
computacional, reconhecimento facial e técnicas de Rede Neural Convolucional (CNN) para simplificar o processo
de frequéncia e melhorar a distribuicdo do tempo em sala de aula. O estudo avalia o desempenho de cinco sessoes
de aula de um conjunto de dados piiblico e trés sessoes de aula coletadas por nés na escola estudada neste artigo
em diferentes cendrios, com qualidade de imagem e posicionamento do aluno variados. Nossos resultados desta-
cam a superioridade do ResNet29 na deteccdo e no reconhecimento de alunos, especialmente em imagens de baixa
resolugdo. Em comparagdo com os modelos Facenet512, Facenet e ArcFace, em termos de precisdo final da mar-
cagdo de frequéncia, o modelo apresentou resultados métricos superiores, com um aumento de 50% da precisdo em
comparagdo com os outros, atingindo 80% de precisdo, além de demonstrar ser superior nas métricas de precisdo,
recuperagdo, Fl-score e AUC-ROC. A implantacdo do sistema em um ambiente escolar apresentou resultados pro-
missores, o que levou a planos de expansdo para outras salas de aula. A natureza leve e ndo intrusiva do sistema estd
alinhada com o conceito de salas de aula inteligentes de iiltima geragdo, enfatizando seu potencial para revolucionar
o0 gerenciamento de presenca em instituicoes educacionais.

Palavras-chave: Infraestrutura tecnologica e conectividade, andlise visual; visdo computacional; reconhecimento
de faces; detecgdo de faces, redes neurais profundas; sistemas automatizados; vigildncia por video; sistemas em
tempo real

Abstract

The practice of recording and monitoring student attendance is a fundamental action in various contexts, especially
in the school environment. However, due to its manual process, it often consumes a significant part of class time.
This paper presents an end-to-end automated student attendance recording system utilizing classroom surveillance
cameras. The system used advanced technologies such as computer vision, face recognition, and Convolutional
Neural Network (CNN) techniques to streamline the attendance process and enhance the time distribution in the
classroom. The study evaluates the performance of five class sessions from a public dataset and three class sessions
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collected by us at the school studied in this paper through different scenarios with varying image quality and student
positioning. Our results highlight the superiority of ResNet29 in detecting and recognizing students, especially in
lower-resolution images. Compared to Facenet512, Facenet, and ArcFace models, in terms of final frequency marking
accuracy, the model showed superior metric results by having an increase of 50% of accuracy compared to the
others, reaching 80% accuracy, as well as demonstrating being superior in precision, recall, F1-score, and AUC-ROC
metrics. The system’s deployment in a school setting has shown promising results, prompting plans for expansion
to additional classrooms. The lightweight and non-intrusive nature of the system aligns with the concept of Next-
Generation Smart Classrooms, emphasizing its potential to revolutionize attendance management in educational
institutions.

Keywords: Technological infrastructure and connectivity; Visual Analysis; Computer Vision; Face Recognition; Face
Detection; Deep Neural Networks; Automated Systems; Video Surveillance; Real-time Systems
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1 Introduction

School attendance is a fundamental aspect of daily routines for teachers and students, serving as
a record of presence and a crucial indicator of student performance. Regular attendance often
correlates with academic success, engagement, and commitment, making it a valuable criterion in
educational assessment. Patterns in attendance data can reveal insights into student engagement
levels and potential external factors affecting learning, thus supporting informed interventions to
enhance educational outcomes. Therefore, attendance is no longer just a record but one of the most
accurate pieces of information for analyzing students’ performance (Adelman, 2006). Although
still widely used, manual attendance recording presents challenges such as time consumption, the
potential for human error, and difficulties in immediately integrating this data with other relevant
data information, like student performance and attention span (Ashfaq et al., 2023).

Automating the attendance process offers numerous advantages, such as minimizing er-
rors caused by misrecording or proxy attendance—when someone marks attendance on behalf of
another—ensuring authenticity in attendance records, and freeing up time for teachers to focus
on pedagogical activities (Decoito & Richardson, 2018). Additionally, it supports the vision of
technology-integrated education, fostering the concept of Next-Generation Smart Classrooms pre-
sented by (Uskov et al., 2015) and applied in systems like CODEX (Norton et al., 2024) and the
work from (Costa & Guedes, 2022).

Nowadays, many schools are implementing additional security measures to ensure the safety
of their students. One such measure is installing surveillance cameras, which monitor the school’s
perimeter and classrooms for suspicious activities, potential threats, or issues of student miscon-
duct (Ghimire & and, 2023). Moreover, surveillance cameras installed in the classroom open new
opportunities to automate school attendance. Leveraging an existing classroom tool, such as the
surveillance camera, aims to enhance its role in supporting school operations. Allowing cam-
eras to manage attendance streamlines the process, helping to maintain an environment of trust
while also saving class time and giving teachers more opportunities to focus on their lesson plans.
For this type of automation to be effective, however, it is essential to implement it ethically and
with respect for privacy, particularly when handling sensitive personal data, in compliance with
regulations such as Brazil’s General Data Protection Law (LGPD).

Machine learning (ML) is a promising solution for automating school attendance. Previous
works, such as those by Gupta et al. (Gupta et al., 2018) and Sreedevi and Ranjith Ram (Sreedevi
& Ram, 2019), have demonstrated the potential of integrating ML solutions with surveillance
cameras in educational settings for more efficient monitoring and attendance control. Further-
more, Filho et al. (Lavareda Filho et al., 2022) showed a practical application of face recognition
systems in a school environment. However, these solutions still require improvements, includ-
ing challenges in dealing with low-quality video sources, unsuitable lighting conditions, privacy
issues, and ethical concerns.

In this context, the main goal of our work was to address these limitations by developing
an end-to-end automated student attendance system using Deep Neural Networks and surveil-
lance cameras. Our system is designed to operate in practical environments with raw lighting and
low-resolution conditions, handling detection and recognition tasks while generating attendance
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reports and managing class schedules. At the same time, build the idea of a future classroom, the
Next-Generation Smart Classrooms (Uskov et al., 2015).

The leading contributions of this work include developing an automated attendance system
integrated with existing surveillance cameras to minimize additional hardware costs; besides this,
the system is designed with a practical approach, focusing on real-world classroom environments
with not ideal video quality conditions. The system achieves 80% in accuracy and F1-Score
performing the attendance in challenging video conditions. With the entirety of the structure
around the model being built by us, the organization and speed achieved are improved, allowing
attendance to be realized in real-time. Together with all this, we care about privacy and security
challenges associated with using Al for student monitoring, ensuring that ethical considerations
are considered throughout the implementation. The study lays a foundation for future advance-
ments in creating Next-Generation Smart Classrooms by addressing these practical and ethical
challenges.

2 Related Works

Kaliappan et al. (Kaliappan et al., 2019) have shown a system that resignifies surveillance cameras
inside a school perimeter to a smart camera that can perform face detection and face recognition.
Their approach uses three technologies: Haarcascades, Triplet Loss, and FaceNet (Schroff et al.,
2015). The detection and recognition are realized to register attendance and improve energy saving
by turning off the power supply when no student is detected. The counterpart of this approach,
even though it uses Deep Learning, is the need for more than 50 images per student, making it
difficult to apply in an entire school because of the exhaustive process aiming to collect 50 images
to get good results.

Gupta et al. (Gupta et al., 2018) presented the idea of a system where surveillance cam-
eras perform attendance through face recognition using neural networks leveraging insights from
Next-Generation Smart Classrooms to enhance scalability and adaptability. At the same time,
Sreedevi and Ranjith Ram (Sreedevi & Ram, 2019) proposed a non-intrusive system based on
face recognition using the Viola-Jones algorithm and Principal Component Analysis (PCA) with
Eigenvalues; both systems focus on saving time and reducing administrative burden and have
shown the same flaws: applying the solution in a prepared environment with a high-definition
camera and a smaller classroom, with fewer students in a small space, not addressing the major
situation in most classrooms.

According to Serengil and Ozpinar (2020) (Serengil & Ozpinar, 2020) work, the most ac-
curate model involving face recognition is FaceNet512 (Firmansyah et al., 2023), a variation of
the model FaceNet, developed by Google Inc. FaceNet (Schroff et al., 2015) proposes a solution
based on CNN and in the Inception architecture (Szegedy et al., 2015). The original Facenet study
creates 128-dimensional vectors, but the FaceNet512 approach, developed by David Sandberg, is
an extended version of Facenet, creating 512 dimensions. Its neural network consists of a CNN
that uses Adam as the optimizer, Triplet Loss as a facial verification power, and Euclidean dis-
tance calculation as a measure of face similarity. Its most expressive results were obtained using
the Labeled Faces in the Wild (LFW) database (Huang et al., 2008). The main disadvantage of
this model is its application in a context; as a robust model, it can return optimal results but will
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consume more machine resources, making it very difficult to apply in an entire school system
without spending significant capital to improve its capacity.

Sawal et al. (Sawall et al., 2021) presented a student attendance recording system using
students’ smartphones and the school’s Wi-Fi network. This method establishes a system of zero
effort and interaction, where the student’s presence is confirmed through their connection to the
school’s access point. However, the system requires the student to maintain a constant connection
to the school’s Wi-Fi network, which can result in distractions during class. Furthermore, the
system is vulnerable to cheating, as the smartphone only needs to be at the school to register
attendance rather than the student who owns the smartphone.

In 2023, Chetty and Sharma (attendance_fisherface) proposed the FisherFace algorithm,
among different tested algorithms, in addition to Fisher’s Linear Discriminant (FLD) (Kar et al.,
2012) approach to perform the attendance through a computer’s webcam. When it comes to face
recognition, using the framework of the pattern classification paradigm, the Fisherface algorithm
tackles this problem by thinking of each pixel value in a sample image as a coordinate in a space
with a high dimension. At the same time, the FLD works by optimizing the total scatter across all
classes through linear discrimination. Under ideal conditions, this algorithm has a low error rate,
but it relies on ideal scenarios to perform the attendance. The face detection algorithms this work
uses are likely to fail under extreme illumination conditions and perform poorly when there is a
preponderance of shadowing, indicating that the system cannot model or hide the shadowed parts.

The main problem of all these systems is to focus on a specific solution, not making them
general enough by not dealing with questions like computational resources’ consumption, use of
robust techniques, and fail-safe logistics simultaneously.

3 Materials and Methods

3.1 System Overview

The pipeline of this work is shown in Figure 1. Each of its parts is described below:

* First, (A) an API deals with the attendance scheduling and classrooms, cameras, and data
that should be analyzed by the model (Section 3.2).

* Next, (B) the student’s data from (school name - blinded) is collected, including the stu-
dents’ faces (Section 3.3).

e Then, (C) the data from the surveillance cameras in classrooms are collected, and the faces
of the students attending in the classroom are filtered using the face detection model (Section
3.4).

* Finally, step (D) represents the last stage, where student recognition and attendance record-
ing occur. The camera captures images of students’ faces, which are then processed by the
face recognition model, ResNet29, converting each face into an embedding. These student
embeddings are stored and used to compare with new face embeddings from each detected
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frame. Ultimately, a comparison is made between the embeddings of known students and
any newly detected faces to mark attendance (Section 3.5).
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Figure 1: Schematic containing all the processes required to run the automatic frequency system.

3.1.1 Ethical Background

The rst consideration when developing a system that utilizes facial recognition technology is
obtaining explicit consent to use the images of the individuals involved. In this project, which was
conducted in partnership with an educational instituti@ehool name - blindedusing student

data and images was strictly governed by the Brazilian General Data Protection Law (LGPD).
Compliance was ensured through a consent clause, whereby parents or guardians formally autho-
rized the collection and use of student's data and images. The entire application’s structure was
supported and integrated into the school's internal system and database, making it only accessi-
ble to the school's employees and internal collaborators, avoiding transferring sensible data and
keeping the work ow internal.

3.2 APl and Components Outline

One or two CCTV cameras have been installed in the classroom to ensure all students are visible
without blind spots. These cameras are Clear CCTV L42 IP models with 2 megapixels. The API
was connected to all the school cameras and was available through a Network Video Recorder
(NVR). It can access every student's essential information, such as registration number, registra-
tion photo, name, and class number. The API's interface works as an attendance scheduler based
on the input video captured in different classrooms. Once the classroom code is registered in our
system, the API starts to track the classroom's image cameras. It retrieves the attendance predicted
by the system to théschool name - blinde$)database and returns statistical data to be displayed

for the users, as can be seen in Figure 2.
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Figure 2: Main page of the system in initial stages, showing the distribution of students and its states of recognition.

We worked with two classrooms: rst, we used t{gehool name - blindedjatabase com-
posed of 3 class sessions from 6th grade of elementary school, each with 60 frames and 34 stu-
dents, resulting in 180 classroom images and 34 student images, all students with ages between 10
and 12. As a second database, we used the public data from Mery et al. (Mery et al., 2019), which
comprises 5 class sessions, resulting in 45 classroom images with 67 students distributed in ages
between 20 and 30. Both databases were veri ed regarding accuracy, precision, recall, F1-Score,
and Area Under the Curve with Receiver Operating Characteristic (AUC-ROC).

Table 1: Table containing the data composition from the two sources analyzed in this work.

Source Sessions Number of student§ Camera input size Student input size
(school name - blinded 3 34 2,304x1,296 200x200
Mery et al., 2019 5 67 2,000x2,000 150x150

3.3 Data composition

All the data was acquired by the pedagogical sector of¢skbbool name - blindegdWwhich took

care of the contractual procedures with the parents, registering the students' faces in the school's
database at the time of enrollment and providing access to the surveillance cameras. The students'
face images are captured at the start of each school year and linked to the students' registration
records; all of it is stored in JPG format, RGB, 240 DPI, and have 5,472x3,648 of resolution, to
be posteriorly cropped to 200%200, keeping all the original properties. In contrast, the classroom
images were captured using the surveillance cameras present in the classrooms, returning images
in 2,304x1,296 resolution, in JPG format, RGB, and having 96 DPI.

The data source is not limited to the RTSP protocol; it can also include raw video les or a
sequence of individual frames. Figure 3 illustrates the camera placement in the classroom. The
two images highlight the dual data streams captured, as two cameras are positioned to eliminate
blind spots.
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