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Abstract—During the Covid-19 pandemic, students were required to wear masks in classroom learning.
However, students often do not use masks, so they are prone to transmission of Covid-19. For this reason, this
study proposes the development of a real-time multiface mask automatic detection system in classroom
learning using YOLOV4 deep learning. Experimental results on 22 samples of students who collected real-
time/live video data every 3 minutes for 20 scenarios proved that the proposed system was successful in
detecting objects wearing masks (WM) and not wearing masks (NWM) with the average percentage of
precision was 95.63% for WM and 97.33% for NWM, the average percentage of recall was 61.61% for WM
and 60.23% for NWM, and the average percentage of F-measure was 74.55% for WM and 74.00% for
NWM. This results indicate an effective, valid and accurate proposed system for monitoring the use of masks
in classroom learning easily and automatically.
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I. INTRODUCTION

In Indonesia, the education sector has implemented lockdown on almost all schools
and universities for more than a year due to the Covid-19 pandemic. This has led to the
teaching and learning process being carried out online with students learning from home,
in order to ensure that learning does not stop and to minimize the risk of Covid-19
transmission in schools and universities. Various variations of online learning have been
developed by teachers and lecturers with all their limitations in terms of ability, facilities,
and infrastructure. There are two variations of online learning used, namely: 1)
Asynchronous learning, which is carried out through WhatsApp group media, Google
Classroom, Moodle, and other online learning applications, and 2) Synchronous learning,
which uses Google Meet, Zoom Cloud Meetings, Cisco Webex, and others [1].

However, these efforts have not been enough to overcome the learning loss that has
occurred nationally. The results of the Kemdikbudristek survey in the 2020/2021
Academic Year emphasize that prolonged distance learning risks increasing learning loss,
especially in students' cognitive and character development [1]. In addition, not all
regions in Indonesia have internet access, while learning from home requires an internet
connection and good quota during the pandemic [2]. Based on data from the Indonesian
Internet Service Providers Association (APJII), Indonesia’s internet penetration rate has
experienced significant growth in recent years, with 73.7% of the population having
internet access in 2020 [3]. This translates to approximately 196.71 million internet users.
Despite this progress, there remains a significant disparity in internet access across the
country. While internet access is relatively widespread in Java and Sumatra, the situation
in other regions, particularly Kalimantan, is less favorable. Only 7.97% of Kalimantan's
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territory has adequate internet connectivity, hindering access to online resources and
services for a significant portion of the population. This shows that children in
rural/border areas, especially in North Kalimantan who do not have an internet
connection, also experience severe limitations in receiving education services during
school lockdowns. In fact, a UNICEF survey shows that 70% of students are frustrated,
anxious, and stressed due to school/university lockdowns which are certainly not
effective if distance learning is applied continuously [2].

Therefore, in 2022, the government is targeting to reopen schools and universities in
full, considering that vaccination is being intensified by the government. It was recorded
that as of July 5, 2021, 32,301,268 people in Indonesia had received their first vaccination
and 14,035,934 people in Indonesia had completed their second vaccination. The
government is targeting a national vaccination target of 181,554,465 people in Indonesia.
Vaccination is still ongoing in Indonesia to this day, although not as massive as when
Covid-19 occurred [4][5]. School-age children are prioritized to participate in mass
vaccination activities throughout Indonesia, including in North Kalimantan. As a result,
several local governments, institutions, and universities have succeeded in reopening
schools and universities that have been in lockdown for a long time. Students can return
to face-to-face learning and experience face-to-face schooling, as well as use campus
facilities, especially laboratory practicum which has been difficult to access due to
lockdown. However, all of this is done with strict Covid-19 protocols, namely a) wearing
masks; b) washing hands; c) maintaining distance; d) avoiding crowds; e) and limiting
mobility and interaction) [6][7].

However, when students returned to school, some of them were seen ignoring Covid-
19 protocols. This also happens to some teachers and lecturers. They do not limit
interaction, do not keep their distance, still gather, and secretly take off their masks in the
classroom, which puts them at risk of contracting Covid-19. This is evidenced by several
schools and universities in North Kalimantan that have re-locked down after several
students, students, and lecturers were exposed to Covid-19. Extra attention is needed for
students, students, teachers, and lecturers to always comply with Covid-19 protocols,
especially in the use of masks. Direct reprimands are very difficult to do, especially when
students secretly take off their masks when the lecturer is not looking or when the lecturer
is focused on delivering material. If they are caught not wearing a mask and are
reprimanded, they put the mask back on, but then they take it off again shortly afterwards.
This condition makes the classroom an unsafe, uncomfortable, and unhealthy place for
students, because it has the potential to become a hotbed for the rapid transmission of
Covid-19. Therefore, it is necessary to develop automatic mask detection technology so
that students who open their masks can be immediately detected.

Among the studies conducted, one research on real-time face detection for people
counting in indoor areas using CCTV cameras employed the YOLO method as a CNN
architecture. This method successfully captured objects up to 10 meters away with angles
of 75° and 60° at heights of 1.5 meters, 2 meters, and 2.5 meters [8]. Another study
investigated mask detection using a combination of Viola-Jones and CNN (Convolutional
Neural Network) methods, achieving an accuracy rate of 84.23%. However, the images
used as research samples were static/still images and not real-time [9]. Additionally,
research on mask detection for the visually impaired using Raspberry Pi hardware and
Keras and Tensor Flow CNN algorithms for video/real-time images achieved an accuracy
of 98%. Nevertheless, video streaming using Raspberry Pi in this study only obtained an
FPS of 0.33, could only perform mask detection at a distance of less than 3 meters, and
did not include testing based on the angle of the mask object [10].

Mask detection was successfully performed for real-time images using the Haar
Cascade method (Viola-Jones architecture) [11][12] and the single shot multibox detector
and mobilenetv2 algorithms [13]. The highest accuracy rates achieved in each study
exceeded 88%. However, these three studies were unable to detect masks on multiple
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faces in the same image [13] and were not robust under low light conditions [11].
Subsequently, real-time mask detection research employed the CNN YOLOv3 algorithm
and tested image capture at angles of 180°, 90°, and 45°. The highest accuracy rates were
obtained at distances ranging from 2 to 5 meters, with accuracy levels between 71% and
99%. For light condition testing, accuracy rates reached 80-99% [14].

Based on the issue of mask usage in classrooms and several similar studies related to
mask detectors that have been conducted, this research proposes the development of an
automatic real-time multi-face mask detection system in classrooms to enforce Covid-19
protocols. The research will use CCTV cameras/similar to capture real-time images and
the captured images are then processed using the deep learning method based on
YOLOV4 [15][16], until the automatic detection results are obtained whether the object is
using a mask or not. If not wearing a mask, the system will display a notification in the
form of a sound/alarm. The detection method uses YOLOv4 which is robust to lighting
conditions, object angles, and the attributes used, as well as faster detection speed and
more accurate results compared to YOLOv3 [15][17].

It is expected that the proposed research design will produce effective, valid, and
accurate real-time camera-based mask detection with dynamic, fast, and lightweight
performance. Including the ease of which it can automatically monitor mask usage.
Teachers or lecturers do not need to monitor students who are not wearing masks at all
times, because the monitoring process is carried out by the proposed system. In other
words, this research is also built to support the implementation of strict Covid-19 health
protocols on face-to-face learning limited to classrooms.

Il. RESEARCH METHODS
A. YOLOV4 (You Only Look Once v4)

YOLOv4 is a single-stage object detection algorithm for real-time images,
representing an advanced development of YOLO [15]. Single-stage means that the neural
network predicts the image bounding box into its class directly from the entire image in
just one evaluation [18]. This makes the YOLO algorithm and its derivatives fast enough
to detect real-time images/live video. YOLOv4 employs the CSPDarknet53 CNN
backbone architecture [15] consisting of 162 layers. The input layer is a still image or a
frame from a moving image that is resized according to the configuration initialization.
Next, the input layer is processed into the CSPDarknet53 architecture. This architecture
features additional implementations such as CSP (Cross Stage Partial), Cross Mini-Batch
Normalization [19], Self Adversarial Training, FPN (Feature Pyramid Network), SPP
(Spatial Pyramid Pooling), BoS (Bag of Specials), and so on, which enhance the accuracy
performance and detection efficiency of YOLOv4. The Bag of Specials (BoS) approach is
additionally received where 'specials' allude to systems that improve network execution
while expanding the expense of observation at a lower cost [20]. Furthermore,
performance enhancement is also supported by the output generated from the convolution
process, which is combined with the convolution results (feature results) of the previous
output layer.

B. Design and Creation of the Proposed System

The proposed system in this research aims to develop an automatic mask usage
detection system in classrooms as part of enforcing Covid-19 protocol rules. To ensure
the system's suitability for real-world conditions, a preliminary analysis is necessary to
identify the specific tasks required to address the research problem. The preliminary
analysis revealed the following needs: a) The proposed system should automatically
detect mask usage in classroom learning spaces; and b) The proposed system should
display notifications in the form of messages, marker images, or beep sounds if students
are detected by CCTV/similar cameras as not wearing masks[21].
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Based on the initial requirements, we designed the hardware system to be built as
shown in Figure 1. The figure illustrates three hardware components: a camera sensor, a
laptop/PC, and a tripod (serving as the camera sensor's stand). Figure 1 also depicts the
estimated camera mounting height, as well as the distance, range, and angle of the
camera’s image capture relative to the object. Furthermore, the minimum specifications
for the computer and camera are provided in Table 1.
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Figure 1. The Proposed Hardware Design

Tabel 1.
Minimum Computer and Camera Specifications
Component Minimum Specification
Computer
CPU Core 15 8™ 1,8 Ghz
VGA NVDIA Geforce 4 GB
0os Windows 11
CUDA 11.2
OpenCV 4.2
YOLO Versi 4
Camera Stream Webcam or Similar
Quad 10 MP Autofocus
Resolution Full HD 720p/25fps
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Figure 2. The Proposed Software Design

©Asosiasi Prakarsa Indonesia Cerdas (APIC)
147



Arif Fadllullah et al. / Jurnal Sistem Cerdas (2024) Vol 07- No 02 elSSN : 2622-8254 Hal : 144 - 154

For the software design of the system, particularly in the image classification section,
this research proposes the use of the YOLOv4 deep learning method, which employs the
CSPDarknet53 CNN backbone architecture. The proposed system flowchart can be seen
in Figure 2. The proposed system design consists of three main parts: dataset
construction, model training, and mask detection.

Dataset construction is a technique for creating a ready-to-use data collection for
training into a model. To create a ready-to-use training dataset, the first step is annotation,
which involves labeling and categorizing images containing faces with and without
masks. The labeling format used in data annotation is <size> and <object>, where the
<size> format contains <width><height>, which are values based on the length and width
of the image, and <object> contains <name>, which is the type of class or category of the
object in the image, and <bndbox> contains <ymin><ymax><xmin><xmas>, which are
the bounding box prediction values for each object detected in each image [14].

After the annotation process is complete, the next step is to introduce variations to the
dataset, such as rotation, cropping, and flip, through the data augmentation process. Data
augmentation is a technique for artificially increasing the size of a training dataset by
creating variations of existing images. This is done to improve the generalization ability
of the model, which means that the model will be better able to perform well on unseen
data. The results of this process are then built into a dataset construction that is ready to
be used as training data.

Next, the anchor boxes setting is performed, which will be used to detect multiple
objects in the image with different sizes and with their center points located in the same
cell. After that, parameter settings are performed, such as batch, max_batches,
subdivisions, steps, width, height, classes to adjust the training scenario configuration.
The max_batches value is the iteration limit for stopping the training process. The batch
value is used to determine the number of images to be processed by the network weight
before it changes. The smaller the batch value, the faster the training process, but the
lower the accuracy.

Next, subdivision is responsible for processing the batch value into smaller parts, often
called mini-batches. The division is done by taking the subdivision value. For example, if
the batch value is 64 and the subdivision value is 16, then the training process is
performed for 4 (64/16) images for each mini-batch. This process will take place 16 times
until the training process on one batch is complete. Then, the system will switch to the
next batch, which is also valued at 64. The classes value is the class value to be predicted,
in this research it is 2 (Masked and Unmasked).

The next step is to train the configured model using the YOLOv4 method. The
training process is where the neural network is trained to learn a pattern to recognize
objects based on the parameter settings made in the previous steps. This training process
will then produce a weight file. Then, the final step is to detect mask usage on real-time
images. The testing process is done by inputting the image to be detected, then
performing image detection analysis based on the weight file. At this stage, the system
performs the detection and prediction process on the objects in the tested image. If the
system finds a human object without a mask, a notification appears in the form of a
message/alarm/sound.

C. Image Dataset Collection Technique

In this research, dataset collection is carried out in a secondary manner so that the
training data used to model the weight file as an object prediction tool is very complete
and rich in image libraries. In this case, the dataset that will be trained to obtain the
weight file model is from Kaggle:

https://www.kaggle.com/datasets/andrewmvd/face-mask-detection.
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This data is in the form of still images containing human objects wearing or not
wearing masks, which have been annotated. Then, for testing data, the image data will be
tested to see if there are students wearing masks and those who are not wearing masks.
The source of this image testing data is moving images (videos) that are taken directly
using a camera and then compared with the weight file. The location that will be used as
the testing data collection room is the Department of Computer Engineering classroom,
Faculty of Engineering, Universitas Borneo Tarakan.

D. Real-Time Image Testing Data Collection with Masked and Unmasked Objects

The testing data collection technique is carried out through direct observation of the
real-time testing video/images that will be used. The testing sample used is real-time
moving images in the classroom taken through CCTV/similar cameras. These real-time
moving images will contain around 22 objects of students from the Computer
Engineering Department who are randomly arranged wearing or not wearing masks. The
shooting process will be set for 3 minutes and taken 20 times. This process is carried out
live and in real-time, meaning that when the CCTV camera takes pictures of students,
then at that time it is immediately processed until the system is able to directly detect
student objects wearing masks or not wearing masks, including the system being able to
activate notification messages/ alarms/sounds when there are students who are not
wearing masks.

E. System Performance Evaluation Technique
The system detection performance evaluation technique is carried out on the testing
data. On the testing data, evaluation is carried out by comparing the performance of the
proposed system in detecting masks against the actual conditions (classification) to obtain
the values of precision, recall, and F-measure [22] based on the identification results
from: a) TP (True Positive), which is the number of real objects that are correctly
detected by the system; b) FP (False Positive), which is the number of noise objects that
are correctly detected by the system; and c¢) FN (False Negative), which is the number of
real objects that are not correctly detected by the system [23].
Precision is the number of correct predictions compared to the total number of objects
detected by the system, with the formula (1):
TP
TP+FP 1)
Recall is the number of correct predictions compared to the total actual results, with
the formula (2):
recall = — (2)
TP +FN
F-measure is the harmonic mean of precision and recall, where the best score is close
to 1 and the worst is close to 0. F-measure formula (3):
2 x precision x recall @3)
(precision + recall)

In this research, F-measure is used to assess the classification of image objects of
students wearing masks (WM) and those not wearing masks (NWM), rather than
accuracy. This is because accuracy is well-suited for use when the distribution of positive
and negative classifications is balanced (the number of masked and unmasked objects is
balanced), while F-measure is better suited for use when the distribution of masked and
unmasked object classifications is unbalanced and random, and can change over time.

precision =

F —measure=

I11. RESULTS AND DISCUSSION
Figure 3 shows the implementation of the hardware design for the proposed system.
The camera sensor is mounted on a tripod and placed on a table with a sensor height of
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1.6 m. The camera sensor is then connected to a laptop/PC using a USB type C cable and
is directed at a specific angle to capture images of students in front of it. Figure 3 shows
that the system successfully captures image objects of students wearing and not wearing
masks in the classroom of the Department of Computer Engineering, Faculty of
Engineering, Universitas Borneo Tarakan.

a3 “ -5

1 hJ >y i 2 A 3 | L
Figure 5 The proposed system'’s testing successfully detected WM (wearing masks) and NWM (not
wearing masks/unmasked) student objects in the classroom

The testing outcomes of the proposed system are presented in Figures 4 and 5. Figure
4 showcases the system's effectiveness in identifying mask usage on two image objects. It
is observed that for two closely positioned image objects, the proposed system accurately
captures and classifies mask usage on the image objects. Additionally, Figure 5 highlights
the system's ability to detect mask usage on image objects with multiple faces (22 student
samples). The system successfully identified the majority of student objects wearing
masks and conversely, successfully identified the majority of student objects not wearing
masks. Nonetheless, there were still cases of object misidentification, where the system
incorrectly classified objects as wearing or not wearing masks.
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Table 2.
Evaluation Outcomes Based on Precision, Recall, and F-measure
Precision (%) Recall (%0) F-measure Message Notification/
Scenario Alarm NWM
WM NWM WM NWM WM NWM
1 90,91 100,00 62,50 50,00 74,07 66,67 ON
2 100,00 100,00 53,85 60,00 70,00 75,00 ON
3 90,00 100,00 60,00 66,67 72,00 80,00 ON
4 100,00 100,00 63,64 57,14 77,78 72,73 ON
5 100,00 100,00 46,15 6250 63,16 76,92 ON
6 90,91 100,00 62,50 50,00 74,07 66,67 ON
7 100,00 100,00 64,29 7500 78,26 85,71 ON
8 91,67 100,00 61,11 40,00 7333 57,14 ON
9 100,00 100,00 57,14 57,14 72,73 72,73 ON
10 100,00 100,00 69,23 6250 81,82 76,92 ON
11 100,00 80,00 4444 57,14 6154 66,67 ON
12 72,73 100,00 61,54 5556 66,67 71,43 ON
13 88,89 8333 6667 6250 7619 7143 ON
14 87,50 83,33 6364 6250 7368 71,43 ON
15 100,00 100,00 72,73 55,56 84,21 71,43 ON
16 100,00 100,00 69,23 5556 8182 71,43 ON
17 100,00 100,00 71,43 7143 8333 8333 ON
18 100,00 100,00 66,67 66,67 80,00 80,00 ON
19 100,00 100,00 57,14 70,00 72,73 82,35 ON
20 100,00 100,00 58,33 66,67 73,68 80,00 ON
Mean 95,63 97,33 61,61 60,23 7455 74,00 (20/20 *100) = 100,00

To validate the proposed system's ability to accurately capture and classify images of
students wearing masks (WM) or not (NWM) in real-time within the classroom, the
precision, recall, and F-measure values were calculated. Table 2 presents the testing
results of the proposed system based on precision, recall, and F-measure. According to
the precision calculations, the proposed system achieved an average precision score of
95.63% for WM and 97.33% for NWM. The highest precision scores for WM and NWM
were 100%, while the lowest precision scores were 72.73% for WM and 80% for NWM.
The precision results indicate that the proposed system, which utilizes deep learning CNN
based on YOLOvV4, has a prediction accuracy close to perfect for the student image
objects successfully detected by the system. This is evidenced by the fact that most
scenarios, both WM and NWM, have the highest precision score of 100%.

This signifies that in most scenarios, when the proposed system accurately detects
student image objects, it can also effectively differentiate between student objects
wearing masks (WM) and those not wearing masks (NWM) from the successfully
detected objects. However, there remain precision scores falling below <100% in certain
scenarios. This implies that when the system successfully detects WM objects, there are
instances where NWM objects are misclassified as WM by the system, and vice versa.
This suggests that there are cases where the system successfully detects the object but
incorrectly determines whether it falls into the WM or NWM classification. Detection
errors can arise due to several factors, including: a) The mask’s color closely resembles
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the student's skin tone or the color of the student's hijab, leading to the misclassification
of the student object as NWM; b) The NWM student's facial area is obscured by hands or
other objects during camera sensor capture, causing the system to misidentify the student
object as WM; and c) Students cover their faces with hijabs without wearing masks,
sometimes leading to misclassification as WM objects by the system.

The recall calculations reveal that the proposed system achieved an average recall
score of 61.61% for WM and 60.23% for NWM. The highest recall scores for WM and
NWM were 72.73% and 75%, respectively, while the lowest recall scores were 44.44%
for WM and 40% for NWM. This signifies that the proposed system utilizing YOLOv4
deep learning is reasonably capable of accurately detecting WM and NWM student image
objects from the entire dataset. However, it also indicates that there are WM and NWM
student image objects that were not successfully captured by the system. The system may
fail to capture objects due to several factors, including: a) The student image objects are
situated at the maximum distance or beyond the camera’s range; b) Both WM and NWM
student objects are in a lowered and sideways position, as illustrated in Figure 6.

| ‘ ¥ — ey ' 4 i
Figure 6 Evaluation Outcomes of the Proposed System for Scenario-13

Figure 6 illustrates that some NWM and WM students cannot be detected by the
system due to their images being captured while they are lowering their heads or facing
sideways. Additionally, students sitting at the back of the classroom cannot be detected or
misidentified by the system due to their significant distance from the camera sensor
position and the insufficient lighting, which causes color blurring in the facial area below
the nose, leading the system to assume that these students are wearing masks when they
are not.

Based on the F-measure calculations, the proposed system achieved an average F-
measure score of 74.55% for WM and 74.00% for NWM. The highest F-measure scores
for WM and NWM were 84.21% and 85.71%, respectively, while the lowest F-measure
scores were 61.54% for WM and 57.14% for NWM. The average success rate of
message/alarm/sound notifications when NWM students were successfully detected by
the system across all scenarios was 100%. This demonstrates that the system successfully
classified or distinguished between real-time image objects or live video of WM and
NWM students due to the average F-measure score > 70% approaching 1 (100%) and the
sound notification/message display becoming ON (active) when there are students who
are not wearing masks.

These findings demonstrate that the successfully designed proposed system can
effectively, validly, and accurately detect whether students are wearing masks with
dynamic performance and lightweight resources. It facilitates automated mask usage
monitoring in classrooms. Teachers and lecturers are relieved from the constant
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obligation of monitoring and reminding students who fail to wear masks, as the proposed
system handles this process automatically. The testing results substantiate the system's
readiness to support the implementation of strict Covid-19 health protocols in limited
face-to-face learning settings in classrooms. Automated mask detection through CCTV
cameras will undoubtedly contribute to enforcing Covid-19 protocols more objectively.
The proposed system automatically detects such violations and triggers
message/alarm/sound notifications, eliminating the need for educators to constantly
monitor and remind negligent students who remove their masks in class.

IV. CONCLUSIONS

This study proposes the development of an automatic multiface mask detection system
in classrooms for Covid-19 protocol enforcement. The proposed system utilizes a CCTV
camera or similar device to capture real-time images, which are then processed using
YOLOV4 deep learning to identify whether the image objects are wearing masks or not. If
a mask is not detected, the system will trigger a message/sound/alarm notification.
Experimental results on 22 samples of students who collected real-time/live video data
every 3 minutes for 20 scenarios proved that the proposed system was successful in
detecting objects wearing masks (WM) and not wearing masks (NWM) with the average
percentage of precision was 95.63% for WM and 97.33% for NWM, average recall scores
of 61.61% for WM and 60.23% for NWM, and average F-measure scores of 74.55% for
WM and 74.00% for NWM. These findings indicate that the successfully designed
proposed system can effectively, validly, and accurately detect whether students are
wearing masks with dynamic performance and lightweight resources. This includes the
ease of automatically monitoring mask usage in classrooms.
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