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Abstract: Face recognition is a pivotal domain within computer vision, focused on
verifying and identifying individuals using images or videos. People find applications
across diverse fields, including security systems, biometrics, attendance tracking, and
timekeeping. Significant advancements in face recognition techniques have been
achieved, with deep learning and Neural Network approaches demonstrating superior
accuracy. This paper presents the development of a face recognition system designed for
student attendance monitoring in classrooms, utilizing the Multi-task Convolutional
Neural Network (MTCNN) model. This advanced recognition technology offers rapid,
accurate, and efficient identification or verification. As a result, the use of facial
recognition systems in educational institutions has garnered considerable interest among
administrators for its convenience, the ability to deliver swift and reliable solutions for

tracking and recording student attendance.

Keywords: Face detection; Face recognition; Student attendance; CNN; MTCNN.

TANG CUGNG CONG TAC DIEM DANH SINH VIEN SU DUNG NHAN DIEN KHUON MAT
VGI MANG NOGRON TiCH CHAP DA NHIEM: UNG DUNG
TAI KHOA CONG NGHE THONG TIN, TRUGNG DAI HOC HAI PHONG

Tém tit: Nhan dién khuon mat 1a mot linh vuc quan trong trong thi gidc may tinh tap
trung vao vi€c xac minh va nhan dang ca nhan thong qua hinh anh hoéc video. Cong nghé

nay duoc img dung rong rai trong nhiéu linh vic bao gdm hé thong an ninh, sinh tric hoc,
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theo ddi diém danh va quan Iy thoi gian. Hién nay phuong phap hoc siu va mang no-ron

thé hién d6 chinh xac vuot troi va c6 nhiéu tién bo dang ké trong k¥ thuat nhan dién khudn

mat. Bai bdo nay trinh bay viéc phat trién hé théng nhéan dién khuén mit hd tro quan 1y

diém danh sinh vién trong 16p hoc str dung mé hinh mang noron tich chap da nhiém

(MTCNN). Cong ngh¢ nhén dién tién tién nay cung cdp kha ning nhan dang hoic xac

minh nhanh chéng, chinh xac va hiéu qua. Do do, viéc ap dung hé théng nhan dién khuén

mit trong cac co s& gido duc da thu hit sy quan tam dang ké tir cac nha quan 1y nho tinh

tién loi va kha nang cung cap cac giai phap nhanh chéng, dang tin cay trong viéc theo ddi

va ghi nhan diém danh sinh vién.

Tir khéa: Phat hién khudn mat; Nhan dién khuon mit; Diém danh sinh vién; CNN;

MTCNN.

1. INTRODUCTION

Traditional attendance methods

remain essential in universities and

colleges. However, many departments
continue to rely on manual processes, such
as calling out students' names, which is
both time-consuming and disruptive to the
duration and quality of classes. To address
these challenges, numerous institutions
have adopted advanced techniques for

recording attendance, including RFID

cards [1], iris recognition [2], and
fingerprint recognition. Despite their
benefits, these systems often require

queuing, making them inefficient and

susceptible to forgery.

Face recognition, a robust biometric

identification technology, offers an
effective alternative. It is both user-friendly
and highly resistant to fraud. A face
recognition system operates in two stages:
face detection and face recognition. The
latter involves a 1:1 matching process,

where an image captured by a camera or
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webcam is compared against a database of
stored face images, referred to as face

queries [3].

This research focuses on developing
a student attendance management system
utilizing the Multi-task Convolutional
Neural Network (MTCNN) model. By
implementing this system, attendance
processes in classrooms can be simplified,
expedited, and made more accurate and
efficient. The proposed solution enhances
the learning and teaching environment for
both

enabling schools to effectively monitor and

students and instructors while

manage attendance records [4-6].
2. RELATED WORKS

The use of face recognition and
machine learning algorithms in student
has
significant attention in recent years due

attendance  systems garnered
to their potential to enhance efficiency
and accuracy. Below is an overview of
relevant studies and developments in

this domain:



- Face Recognition in Attendance
Systems: Numerous studies have explored
the

technologies for automating attendance

application of face recognition
management. For instance, Zhang and Liu
[7] proposed a real-time attendance system
using deep learning-based face recognition
techniques, demonstrating high accuracy
under controlled environmental conditions.
Similarly, Patel Sharma  [§]
highlighted the integration of OpenCV and
Haar Cascades for facial detection, which
affordable

attendance tracking solution. Despite the

and

enabled an yet effective

promising results, challenges such as
illumination variation, facial occlusions,
and the need for robust algorithms to
handle diverse student populations remain

key areas of focus in the literature.

- Machine Learning for Enhanced
Accuracy: Machine learning algorithms
have  significantly = improved  face
recognition's performance by leveraging
like  Convolutional

(CNNs),
Machines (SVMs), and transfer learning
techniques. A study by Chen and Li [9]

employed CNN-based architectures for

models Neural

Networks Support  Vector

feature extraction and classification,

achieving a notable improvement in
recognition rates compared to traditional
methods. Moreover, ensemble learning
approaches have been utilized to combine
multiple algorithms, further enhancing

robustness.

- Hybrid Approaches: Recent
advancements have also integrated face
recognition  with  other  biometric
modalities, such as fingerprint or voice
recognition, to create hybrid attendance
systems. For example, Kumar and Singh
[10] developed a multi-modal attendance
tracking system combining face and iris
recognition to achieve higher accuracy and
security. Additionally, integrating Internet
of Things (IoT) technologies with machine
learning has been explored to enable real-
and data

distributed

time attendance tracking

synchronization across

environments.

The

recognition-based

- Deployment Challenges:

adoption of face
without

data

attendance systems is not

limitations.  Privacy  concerns,
security, and computational requirements
are commonly discussed in the literature.
Ahmed and Lopez [11] conducted a survey
on ethical implications, emphasizing the
importance  of  anonymization and
compliance with regulations such as GDPR
for ensuring user trust. Furthermore, edge-
computing-based implementations have
the

computational burden associated with face

been proposed to  mitigate
recognition algorithms while maintaining

real-time performance.

- Comparison with Traditional
Systems: Comparative analyses between
attendance

automated and traditional

systems underscore the advantages of face
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recognition-based solutions in terms of
time efficiency and error reduction. For
example, Gupta and Mehta [12] reported a
significant decrease in human errors and
improved scalability when transitioning
from manual attendance recording to Al-

driven solutions.

The integration of advanced machine
learning models like Generative Adversarial
Networks (GANs) to data

augmentation for diverse datasets has been

improve

identified as a promising avenue.
Furthermore, Wang and Yang [13] suggested
the potential of federated learning to enhance
model training without compromising data
privacy, making it a suitable candidate for

educational institutions.

The

recognition for student attendance systems

implementation  of  face

in Vietnam has attracted significant
attention in both academic and practical
spheres. Several Vietnamese researchers
and technologists have investigated the
application of machine learning and Al-
based face recognition systems to replace
This

algorithm

traditional attendance tracking.

research has focused on
optimization and customized models.
Nguyen et al. [14] utilized convolutional
neural networks (CNNs) to improve face
recognition accuracy under Vietnamese
environmental conditions such as lighting
variations and diverse facial features. The
customized models, developed and fine-

tuned for Vietnamese facial datasets, have
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outperformed general-purpose systems in

terms of precision and recall [15, 16]. A

system  integrating deep  learning
algorithms for face detection and
recognition with IoT devices was

implemented at Hanoi University of
Science and Technology [17]. This system
successfully automated attendance in large
lecture halls. Ho Chi Minh City University
of Technology deployed a prototype
system incorporating a cloud-based facial
database for real-time recognition and
logging. Results

increased efficiency compared to manual

attendance showed
methods, although technical issues like
network dependency were noted [18].
Studies by Tran et al. [19] compared face
recognition systems to RFID card-based
systems and manual attendance methods,
revealing higher accuracy with reduced
errors caused by impersonation or proxy
attendance, faster processing times, and
real-time updates. Face recognition
systems had higher initial costs but lower
long-term maintenance expenses than

RFID-based setups.
3. SYSTEM MODEL PROPOSAL
The

involves four key steps: data collection,

student attendance process

face detection, face recognition, and
attendance marking [14-20]. During the
data collection phase, approximately 50
images of each student are captured from
various angles. These images are stored in

a dataset alongside relevant details such as



student ID (auto-generated), full name,

date of birth, and phone number.

At the beginning of each class,
students

classroom camera, where their faces are

present themselves before a
detected and compared against the images in

the dataset. Upon identifying a match,

A%~
N

Students

attendance is automatically recorded for the
corresponding student. At the end of the
class, a list of absentees can be generated and

sent to the respective instructors for review.

The model of the proposed system is
shown in the following Figure 1. Typically,
this process can be divided into four stages.

Store students’
faces in the

Copy and Resize :
1 database
1
1

the detected faces

Live streaming
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Figure 1. Our student attendance system model proposed

3.1. Data Collection

In the data collection phase, each
student’s photos are captured from

various angles, resulting in
approximately 50 images per individual.
These images are saved in separate,
numbered folders for organizational

purposes. To enhance accuracy,
preprocessing is applied to mitigate the
effects of rotation and variations in
lighting intensity. The images are also
converted from RGB to grayscale to

simplify subsequent processing.

In addition to photo collection,

their
information, including student ID, full

students provide personal
name, date of birth, department, class,
phone number, and email address. This
data is stored alongside the image dataset
for comprehensive record management.

3.2. with
MTCNN

Face Detection

The face detection process identifies
faces in images or video frames using the
Multi-task Convolutional Neural Network
(MTCNN), which operates through three
network layers: P-Net, R-Net, and O-Net [11]
(see Figure 2) [4-6].
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Figure 2. The Multi-task Convolutional Neural Network (MTCNN) layers [5]

Step 1: P-Net. At this stage, the approach, where the original image is

system addresses scenarios where a resized into a series of scaled copies,
photo may contain multiple faces of ranging from large to small. This allows
varying sizes. To detect all faces, for effective detection of faces across

MTCNN employs an Image Pyramid different dimensions.

Figure 3. Images are resized to different sizes [6]
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A kernel of 12x12 pixels with a stride
of 2 pixels is used to scan the entire image
and its resized versions. Sub-regions
extracted from these resized images are
passed through the Proposal Network (P-
Net), which outputs a set of bounding
boxes for each sub-region. Each bounding
box contains the normalized coordinates of
the four corners (ranging from 0 to 1) and
the

likelihood of a face being present. By

a confidence score indicating
leveraging the Image Pyramid and fixed
kernel size, this approach enables the
network to detect faces of varying scales
with high precision, regardless of the face
size or position within the image (see

Figure 3).

Step 2: R-Net. The Refine Network
(R-Net) builds upon the work of the P-Net
by further refining the detected bounding
boxes. An important addition in this step is
the use of a padding technique, which adds
zero-pixels to areas where bounding boxes
extend beyond the boundaries of the image.
This ensures that all bounding boxes
remain within a consistent frame for
processing. The bounding boxes are then
resized to a fixed dimension of 24x24
pixels, effectively treating each as a kernel.
These resized regions are passed through
the R-Net, which analyzes the input and
the

bounding boxes. These refined bounding

outputs updated coordinates for

boxes, containing more precise face

localization data, are subsequently passed

to the next network layer, the O-Net, for
further processing.

Step 3: O-Net. The final stage of the
system is the Output Network (O-Net),
which refines the results from the previous
layers. Similar to the R-Net, the O-Net
processes resized input images, but at a
higher resolution of 48x48 pixels. This
allows for more precise detection and

classification.

The O-Net
comprehensive output with the following

generates a

components:

1) Bounding Box  Coordinates

(out[0]): Precise localization of the
detected face within the image.
2) Facial Landmark Coordinates

(out[1]): Positions of five key facial
landmarks, including the two eyes, the

nose, and the two corners of the mouth.

3) Confidence Score (out[2]): A
probability value indicating the likelihood
that the bounding box contains a face.

These results are compiled into a
structured dictionary, with the bounding
box coordinates, facial landmarks, and

confidence scores as distinct keys. This

detailed output enables robust face
detection and prepares the data for
subsequent recognition processes.

After processing through the

MTCNN network, facial regions
extracted and organized into separate

arc

folders for each student. Each facial image

Journal of Science, No. 67, October 2024 | 53



is then encoded into a 128-dimensional
feature vector using the Face recognition

and dlib libraries. These feature vectors, as

illustrated in the figure below, serve as

unique biometric representations  of

individual faces.

Input Image
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Figure 4. Face is encoded into 128-dimensional vector with sample image [6]

128-

dimensional feature vector is an efficient

In face recognition, the

way to store and represent the key
characteristics (features) of a face. This
numerical vector encodes each dimension (or
component) as a different feature of the face.
Each value within the vector -carries
information about the geometric and
structural characteristics of the face, enabling
the system to distinguish between different
faces even in the presence of minor
variations in lighting, angle, or expression.
For example, models like FaceNet utilize a
final “embedding” layer to convert facial

features (derived from pixel images) into a
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fixed-size vector, typically 128 dimensions.
This process reduces the size of the data
while retaining all the necessary information

for accurate recognition.

128-

dimensional vector represents a significant

Each dimension of the

facial feature, including:

- Shape of Eyes, Nose, and Mouth:
Geometric features, such as the position,
size, and ratio of facial components (eyes,
nose, mouth), are encoded as numerical
values. For instance, the first dimension
may represent the eye length, the second
dimension the distance between the eyes

and nose, and so on.



- Face Shape Features: Each person's
face has a unique structure, including the
outline of the chin, cheekbones, and other
These  structural
characteristics are encoded into the vector,

defining  features.
with values reflecting the proportions and
overall shape of the face.

- Facial Expressions: Some models
are capable of learning features related to
facial expressions, such as smiling,
frowning, or other emotional displays.
Despite variations in expressions, deep
learning models extract robust facial
features that remain consistent across

different situations.

- Lighting and Viewing Angles: The
vector may also encode features related to
how light interacts with the face and how
the face is viewed from different angles.

learning models are designed to extract
invariant features—such as the relative
proportions of facial components—that
help maintain recognition accuracy and
stability.

The 128-dimensional feature vectors
are systematically stored in a database,
linked to each student's name and ID. This
database-driven architecture facilitates
swift and efficient querying, significantly
enhancing both the speed and accuracy of
the system. By leveraging the database for
rapid retrieval and processing, the system
achieves high performance and reliability,
ensuring effective attendance management

and face recognition operations.

The data table stores sample students

information and encoded faces was

captured directly from our program show

While lighting and angles can vary, deep in Figure 5.
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Figure 5. The data table stores student information and encoded faces.

3.3. Face Recognition

Student identification from the

database is achieved using the Learning

method [21-22].  This
approach evaluates the distance between
the

Similarity

feature vectors of two encoded
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images. If the images belong to the same
individual, the distance between their
feature vectors is minimal. On the other
hand,
individuals exhibit significantly larger

images representing different

distances, ensuring reliable
differentiation and identification.
{ d(img,,img,) <t - Same

d(img,,img,) > T > Dif ferent

(1

d(img,,img,) <7 —> Same
d(imgl,imgz) > 1 — Different

Figure 6 provides a  visual

representation. Instead of predicting a

probability distribution to assign the most
appropriate label to the input image, the
algorithm measures the distance between the
input image (on the right) and all images stored
in the database (on the left). A predefined
threshold determines whether the input image
is considered similar to or different from the
database images. For example, if the threshold
is set at 0.5, and the distance between the input
image and the middle image on the left is less
than 0.5, the middle image is identified as
belonging to the same individual as the input

image (see Figure 6).

Figure 6. lllustration of similarity distance by learning similarity method

The Learning Similarity method can
identify multiple images as similar to the
input image, depending on the threshold
this

independent of the number of classes,

value. Moreover, method is

allowing new classes to be added without

requiring retraining, making it a flexible
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and scalable solution.
3.4. Attendance Update

After the face recognition process,
identified students are marked as present,
while those not recognized are recorded as
absent. This attendance data is promptly

updated in the database, ensuring accurate



records for academic management. The
system also enables the generation of
detailed daily and monthly attendance
reports and supports data export to Excel
files, streamlining administrative tasks and
enhancing management efficiency.

4. SETTING UP AN ATTENDANCE
SYSTEM

The
implemented on the Windows 10 operating

attendance system is
system using the Python programming
language. It utilizes a range of powerful
libraries, including OpenCV, TensorFlow,

dlib, and face recognition, to ensure robust

functionality and performance.

Hé théng diém danh bing khudn mit
T%"»mp

Théng tin diém danh

The system features a user-friendly
interface, allowing users to easily manage
key  operations such as  student
management, faculty management, course
management, and attendance tracking.
Students are required to complete a
registration form, providing all necessary
information. Administrative personnel
oversee the process by updating student
information and uploading photographs.
The system then processes and stores the
students'

database for seamless future use.

facial data in a centralized

The main interface of the our student

attendance system shows in Figure 7.

Figure 7: The interface of the our student attendance system

To evaluate the proposed model, the
authors gathered experimental facial image
data from 100 students enrolled in the IT
K21 and IT K22 classes at the Faculty of
Information Technology, Hai
University. For each student, 10 to 15

images were collected. These images were

Phong

subsequently encoded and analyzed to
extract features, which were stored in a
database alongside the students' names and

corresponding identification number.

4.1 Face Detection with MTCNN
The MTCNN efficiently detects
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with

achieving a confidence level of 0.9989.

faces exceptional accuracy,
It draws rectangular bounding boxes

around detected faces and identifies the

coordinates of five key facial landmarks:
the two eyes, the nose, and the two

corners of the mouth, as illustrated in the

accompanying image:

Figure 8. Face Detection with MTCNN

4.2. Student Attendance Interface

During the attendance process,
students stand in front of a camera, where
the system employs facial recognition

technology to detect and identify them.

Hé thong diém danh

Man Hinh Nhin Dién

Once identified, the system automatically
their

and

records attendance, ensuring a

The

attendance results was captured from the

seamless efficient process.

program is show in Figure 9.
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Figure 9. Attendance results

4.4 Attendance Data Statistics

The program includes a robust
feature for generating detailed attendance
statistics by course, along with tracking
late students. This statistical data can be
easily exported to Excel files, enabling
streamlined management and effective

monitoring of attendance records.

The

demonstrate that the system can effectively

experimental results
and accurately detect and record student
attendance in class. Implementing the
model with a camera system installed at the

stairways of the C3 building in the Faculty

Théng Ké

Tave

of Information Technology or within

classrooms would enable automated
attendance tracking. This approach ensures
direct and objective monitoring of student
attendance while significantly reducing the
time required by lecturers. Additionally,
the Faculty of Information Technology can
swiftly assess the attendance patterns of
individual students, facilitating timely
adjustments and contributing to improved
student

educational quality. The attendance data

management and  overall
statistics and data export was captured

from the program is show in Figure 10.
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Figure 10. Attendance data statistics and data export

5. CONCLUSION

This paper proposes the development
of a student attendance system that
integrates real-time face detection and

recognition using the Multi-task Cascaded

Convolutional Neural Networks
(MTCNN) model. The system achieves a
relatively high level of accuracy,

particularly with frontal, high-quality

images. It provides significant support for

Journal of Science, No. 67, October 2024

educators by streamlining the management
and monitoring of students' learning and
progress. Key features include displaying
student facial images, accessing searchable
student information, updating and editing
student records, and exporting essential

data in multiple formats.

of the

some published

The advantages system

compared to studies
include using the MySQL database system

for data storage. This allows for a very
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large face storage capacity, fast retrieval
speed, and high accuracy. When a new face
needs to be added, the system updates it
directly without requiring retraining of the
data from scratch, saving a significant

amount of time in preparing training data.

Despite its advantages, the system
has certain limitations. It struggles with
images of students wearing glasses, taken
from angled perspectives, or captured in
low-light conditions, which can result in
longer processing times or failures in face
recognition. Future research should aim to
integrate advanced deep learning models to
improve  accuracy and  reliability,
addressing these challenges and enhancing

overall system performance.
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