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Abstract

Efforts to combat the recent spread of infectious diseases require innovative solutions for characterizing their
transmission. This study introduces a system for helping people maintain safe distances from one another, thereby
decreasing the transmission of infectious diseases in crowded public spaces. Real-time video footage from surveillance
cameras was processed by the cutting-edge “You Only Look Once” ver. 8 (YOLOVS) computer vision model, which can
detect and segment individuals in images. YOLOv8 was combined with an embedded system that includes an Atmel 8-
bit AVR microcontroller and an Arduino Uno board, a buzzer, and an LCD. This proposed system can generate alerts
when people breach the set social distancing limit of 0.5 m. Its new network design increases human detection to an
accuracy range of 97%—-98%. This proposed system was trained on 70% of the dataset, and validation and testing were
performed on 15% and 15% of the dataset, respectively. Combining deep learning with embedded systems creates an
intelligent vision-based monitoring system for crowded spaces, addressing key issues pertaining to disease transmission
reduction and public health protection. The proposed system can be implemented at a low cost, such as by simply using
a resource-constrained embedded device or a microcontroller. This approach overcomes the functional challenge of
utilizing artificial intelligence-based surveillance in a scalable, decentralized, and economical manner. In general, the
proposed system has a high frame per second rate, which is satisfactory for real-time operation on edge hardware. The
novelty of this method relies on the use of the YOLOVS model to achieve precise performance while balancing accuracy
and speed on edge/embedded devices for practical, real-world epidemic control.
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1. Introduction

In recent times, and due to the commonality and
global spread of communicable diseases, and their
undeniable consequences on human health and
death rates, along with the expense of treatment and
the possibility of death while in recovery, there is an
urgent need to find ways to prevent them from
spreading. The statistics show that, in no measure of
time, the COVID-19 pandemic resulted in
7,010,681 deaths globally [1]. To address this, a
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preventive system was proposed that enforces social
distancing in crowded areas using an object
detection  algorithm  (YOLOv8) and a
microcontroller (Arduino Uno). The system detects
proximity violations and incorporates alerts to
encourage compliance. The main objective is
limiting the spread of disease, especially from
asymptomatic carriers who may unknowingly
transmit infections.

YOLOvVS8 marks a significant advancement in the
YOLO algorithm series, YOLOv8 was chosen for
with its superior balance of accuracy (mAP) and
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speed (low latency/high FPS) compared to its
progenitor (YOLOv5, YOLOv7), in particular
owing to key architectural innovations that make it
ideal for real-time embedded systems [2], providing
state-of-the-art capabilities in the domain of
computer vision.

The advanced capabilities of of the YOLOVS
model, such as its better accuracy, object detection,
superior-time inference compared to previous
versions, adaptive training methods, classification,
and use of images and videos, including real-time
streams, make it suitable for social distancing
applications [3]. YOLOVS is trained in our proposed
model from real-time video data for social
distancing monitoring in crowded places. The
proposed model can correctly detect a human
percentage 98% of the time. which warns the user
in case of a violation. This integration of software
(YOLOV8) and hardware (Arduino Uno) ensures
efficient data processing, seamless module-
hardware synergy, and reliable results.

From a technical perspective, embedded vision
systems unify image capture, processing, and
analysis within a single device. While they share
similarities with traditional machine vision systems,
embedded solutions prioritize compactness and
real-time performance, which is a critical distinction
critical in the design proposed in this work [4]. The
remainder of this paper is organized as follows:
section 2 displays contrast and summary with
related work, section 3 details the methodology,
section 4 discusses the results, section 5 comparison
and evaluation to wvalidate and estimate the
performance and efficiency of the proposed system,
finally section 6 will be the conclusion to reiterating
the problem, the suitable solution, and the most
important results.

2. Related Work

In recent days, object detection algorithms
involved in major daily life applications to ensure
accurate data processing within record time and
obtain the required results to deal with and process
a specific case, many researchers employ the
YOLOvVS object detection algorithm in several
applications such as an et al proposed algorithm to
detect the small size object for particular scenarios
by using camera and YOLOv8algorithm [5], they
built autonomous vehicles by using YOLOVS to
mace scan and detect the object to prevent the road
collision by detecting the small object The test
results show that this approach performs faster and
more accurately than YOLOVS on the large-scale
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small object detection dataset (SODA-A). It meets
the speed, accuracy, and cost-effectiveness
requirements for commercial vehicles in high-speed
road driving situations with an accuracy rate of
64.5% and decreased processing requirements of
7.1 GFLOPs [6], In this work, the researchers tackle
the previously described issues and provide a
pipeline based on deep learning for flexible small
object recognition. The researchers leverage the
temporal context in video and data augmentations
specifically designed for small items (mAP = 0.839)
to produce a significant improvement in YOLOv8
(baseline mAP = 0.465) using an in-house dataset of
civilian and military objects. A model trained on a
varied dataset performs better than environment-
specific models, their results show that the speed of
the YOLOVS architecture may be used to accurately
detect small objects in a variety of situations.[6][7].
As the importance of dynamic scene interpretation
grows in artificial intelligence and computer vision,
M. Safaldin etc. [8] proposed enhanced YOLOVS
detection model highlights the potential of
specialized object detection and underscores the
significance of our findings in the evolving field of
object detection. Arho [9] focus on comprehensive
YOLOVS review (v1-v8). Ma et al. [10]. Terven et
al. [10]. Ali & Zhang [11] analyze the edge-
computing potential of YOLO and identified
latency challenges. Vaghela et al. [12] deployed
YOLOVS for land cover classification and achieved
94% accuracy. Arho [13] applied YOLOVS to retail
object detection and achieved 88% accuracy. Islam
[14] demonstrated the utility of PyCharm for Al
projects. Araya et al. [15] characterized LCDs for
embedded interfaces. Chen et al. [16] proposed a
YOLOV8-based neural network architecture called
YOLO-SHIP-DETECTION (YOLO-SD), which
introduces a coordinate attention module for
capturing remote dependencies and achieves
accurate position information (93.2% mAP at 909.1
frames per second [FPS]). Khel et al. [17] adopted a
hybrid YOLOv4 strategy to decrease the
computational memory requirements and ultimately
meet real-time application conditions. Mostafa et al.
[18] developed YOLOv8-Mask and achieved 92.2%
mask-detection accuracy in public spaces. Kim et al.
[19] combined IoT sensors with YOLOv8 for
hospital occupancy monitoring. Rodriguez et al.
[20] surveyed embedded systems for pandemic
control, focusing primarily on cost efficiency.
Hardan et al. [21] proposed a system consisting two
phases: first, the faces of people are detected via the
Viola—Jones algorithm, and second, the Euclidean
distances between the centers of rectangular
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bounding boxes generated in the first phase are
measured.

The rapid evolution of computer vision and
embedded systems has spurred diverse
methodologies for addressing public health
challenges, particularly pandemic control. Here, the
current work was compared with recent studies to
critically position the proposed embedded vision
system for social distancing monitoring. The

comparisons were used to evaluate four critical
dimensions, namely, the YOLOvS variants,
hardware integration, and healthcare applications,
as part of the algorithmic innovations and their
corresponding  theoretical frameworks. The
pragmatic benefits and shortcomings of the
proposed system were also benchmarked against
prior works. The findings are presented in Tables 1
to 4.

Table 1,

Comparisons in terms of YOLOVS algorithm improvements

Reference Technique Strengths Weaknesses vs. This Work
High recall for small Limited to Focuses on small
Modified YOLOVS & autonomous objects, while this

DC-YOLOVS [5]

YOLOVS-QSD [6]

Temporal-YOLOvS
(7]

for small objects.

Reduced
computational cost
(7.1 GFLOPs).

Temporal video
context for small
objects.

objects (e.g., road

debris).

Optimized for edge
devices; low latency.

Improved mAP

(0.839) using video

sequences.

vehicles; no real-
world testing.

Narrow application
(autonomous
vehicles only).

Requires high-end

integration.

GPUs; no hardware

work detect humans
in crowds.

Shares efficiency
goals but lacks
health-focused
alerts.

Uses video analysis
but misses cost-
effective hardware.

40% parameter Focused on aerial Prioritizes
Lightweight o P : ' lightweight design
LAYN [9] YOLOVS for drones. reduction; suitable imagery; no crowd but lacks human
for drones. applications. . .
proximity metrics.
Table 2,

Comparison the paper with other recently works according to embedded systems and hardware integration

Reference Technique Strengths Weaknesses vs. This Work
YOLO-SD
demonstrates mAP Expensive LIDAR Outperforms in

Chen et al. [16] YOLO-SD 0f 93.2% with sensors; complex precision but sacrifices

10T-YOLO [19]

10T sensors +
YOLOVS for
hospital occupancy.

frames per second
rate of 909.1

Integrates IoT for
real-time tracking.

setup.

Cloud-dependent; no
local alerts.

cost efficiency.

Avoids cloud
dependency; operates
offline.

Table 3,

Comparison the paper according to healthcare and public health applications

Reference

Technique

Strengths

Weaknesses

vs. This Work

YOLOv8-Mask
(18]

Papan &
Maheswari [2]

Hardan &
Almusawi [21]

Mask compliance
detection

Fall detection
with YOLOvS8 +
cloud.

Viola-Jones face
detection +
Euclidean
distance
measurement.

High accuracy for
mask detection
(92.2% acc.)..

92% accuracy;
cloud analytics.

-Lightweight
algorithm (low
computational
cost);
-Effective for
masked /side-
profile faces.

Narrow scope (masks
only); no proximity
analysis.

Relies on cloud
infrastructure; latency
issues.

-No alert system.
-Limited to visible
faces (misses
backward-facing
people).

-Lower adaptability in
crowds.

Targets a different
pandemic protocol
(masks vs. distancing).
Prioritizes edge
computing for real-time
response.

YOLOVS full-body
detection, Active
enforcement via alerts,
broader applicability in
dynamic environments.
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-Simple calibration
(2m — 1923.55
pixels).

Table 4,

Comparison the paper according to surveys and benchmark studies

Reference Technique Strengths Weaknesses vs. This Work
Validates
YOLO architecture Compr.ehenswe No practlcal' YOLQVS ]
Terven et al. [10] . analysis of YOLO implementation or superiority but lacks
review (v1-v8). . . ,
evolution. hardware testing. our system’s
integration.
YOLO’s edge- Identifies latency No solution iﬁgi{fgzzs tge;rvia
Ali & Zhang [11] s cdg . challenges for edge proposed; theoretical . gap
computing potential. Arduino-based
deployment. only.
alerts.
Guides design . Builds on identified
Bhowmik & Embedded vision principles ggi%(vzg 18); pre- principles that might
Appiah [4] systems review. (compactness, real- advancements be insufficient for
time). ) modern YOLOV8

The tables above contrast detection accuracy,

computational efficiency, hardware costs, alert
mechanisms, and real-world applicability. This
analysis reveals how our system bridges gaps in
existing solutions—such as the reliance on
expensive LiDAR [16], the lack of multimodal
alerts [17], or cloud dependency ([2])—while
achieving 97-98% accuracy with a low-cost, edge-
deployable design. Through this synthesis, the
integrating YOLOv8 with embedded hardware
advances real-time was demonstrated, accessible
epidemic prevention tools for crowded spaces.
The YOLOV8 object detection framework proposed
in this work utilizes motion-specific detection in
various visual contexts. The design and
preprocessing aspects of the YOLOvS8 framework
were modified to improve model sensitivity to
object motion. For the KITTI, LASIESTA,
PESMOD, and MOCS benchmark datasets, the
enhanced YOLOv8 framework outperformed the
leading detection models in terms of responding to
highly dynamic conditions. The real-time
processing speed of the modified YOLOvS model
was 30 FPS, with an overall accuracy of 90%, a
mean average precision (mAP) of 90%, and an loU
of 80%. This work opens research opportunities for
object path planning in security, traffic control, film
analysis, and similar disciplines, extending the
benefit from mere observational tasks to the motion
sensing of animals and humans [8].
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3. Methodology

A quantitative methodology will be used to
analyse the objects in live video to recognize and A
quantitative design was used to analyze objects
shown in live videos and recognize and identify
only the humans in the same video footage. This
approach allows for the methodical measurement
and statistical analysis of large patterns not only in
live videos but also in static images. This
quantitative analysis provides objective and
measurable insights into the proposed system
performance, ultimately informing data-driven
decisions for improving human recognition and
detection. For the integration process, the software
tools are represented by a YOLOvS8-based deep
learning  algorithm, whereas the hardware
component is represented by the microcontroller
and other supplementary components (e.g., the
sensors and the display component). This software—
hardware integration is the main requirement for
obtaining a professional embedded vision system.
The YOLOvV8 network architecture, flowchart,
block diagram, and system design are elaborated in
this section.

3.1. YOLOVS8 Network Architecture

The absence of rapid and accurate object
detection tools has been a constant issue in the broad
field of computer vision. The You Only Look Once
(YOLO) series is one of the pioneers in this field
and has continuously pushed the envelope of
creativity [10]. With each new version, YOLO has
transformed the space of object detection, and
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YOLOVS is the next significant step. This article
goes into more detail about YOLOVS’s features,
how it works differently from other methods, the
composition of YOLOvS8, and how it performs
better than previous versions.

3.1.1.Core of v8 YOLO

The key difference in YOLOvVS, compared to other
approaches, is the use of a single neural net to
predict bounding boxes and class probabilities from
the whole image in one pass. This innovative
approach differs from most, which typically divide
the image into distinct components to analyze [11].
Rapid response and high accuracy, achieved by
performing all computations in a single pass over
the full image, are critical requirements for real-time
surveillance and autonomous vehicle applications.

YOLOVS represents a rapid improvement in object
detection, and its resulting accuracy, speed, and
flexibility are invaluable in computer vision. Along

Backbone FPN
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L. > > P4 Head
\ = YOLO Loss
-
N > N S S ey
o4 ) -d
' Mgt ' 5 P YOLO Loss
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with increased uptake and the release of multiple
versions to address the evolving demands of
products, YOLOvV8 has also been considered a
flexible tool in healthcare, security systems, and
self-driving vehicles. The release of YOLOVS is
monumental in advancing innovation in computer
vision, transforming industries and changing the
ways in whichsystems interact with visual data [12].
In addition to computer vision, YOLOvVS has been a
pillar in the constantly changing Al landscape
because of its indisputable influence on this field.

3.1.2.YOLOVvS8 Work Principle

The YOLOV8 algorithm employs a basic deep
convolutional neural network to recognize objects
within an input image, live video, or recorded video
after receiving it as input [13]. The CNN model's
architecture, which serves as the foundation for
YOLOVS, is displayed in Figure 1.
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Fig. 1. Full YOLOVS algorithm

3.2. Block Diagram

The block diagram shown in Figure 2. software
and hardware components are coupled in the
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embedded vision monitoring system. The objective
is to prevent the spread of epidemics by controlling
social distance.
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Webcamera

Power Supply

Microcontroller
Arduino

-
o

Fig. 2. Block diagram detection system

3.3. Flowchart

The system is initiated once a camera installed in
a crowded area is powered for monitoring.
Simultaneously, the YOLOv8 module is activated to
detect humans, and real-time video is captured by
the camera. Upon detection, the module draws
bounding boxes around each identified individual.
The system then calculates the distance between
every pair of people. If the distance is less than 0.5
m, the integration between the PyCharm interface
[14] and the microcontroller triggers three actions:
(1) an alarm message is displayed on the LCD
screen, (2) an audible buzzer is activated, and (3) an
alert is broadcast via a speaker to enforce social
distancing. After proximity violations are resolved,
the system resumes continuous monitoring. The
workflow of this process and the corresponding
flowchart are shown in Figure 3.

Open carneta for monitor'ing‘
_ =
.q,

‘ Detect Object from real time ‘

v
Select persons

Compute the

Connect from
microcontroller

i

Print alarm message on
LCD

Run Buzzer

Voice cornmand

v

Fig. 3. Flowchart detection system

3.4. System design

The design of the embedded vision system,
detailing  the  connections  between  the
microcontroller, LCD is illustrated in Figure 4. The
buzzer, and sounder are used to enforce social
distancing in crowded areas. This schematic was
developed using the Proteus simulator tool [9].

=R 2 LCDY
Q1 R0

23y 23, ssuazass
,,H BEREERE|
T

Fig. 4. Full System Design.
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4. Result

In the beginning, the captured video will be
training as an input video to the YOLOvVS module as
shown in Figure 5.

Fig. 5. The input video captured by the installed
camera

The result of the proposed monitoring system
can be illustrated by two part, the first one is
represented by the output of the YOLOVS training
on the video, analysing the patterns, detection of just
the human in the video, and making bounding boxes
around each human, as shown in Figure 6.

B e AWE g e TN B

4 = 2 C

FER O QAP

Fig. 6. Human recognition and detection.

Computing the distance between every two

people and getting the output as a saved video
describing the location of each human in the video
as post-process per image.
The second part of the output represents the design
connecting PyCharm to the microcontroller. An
‘AADFramework.Apptemplate.py’ file is added to
the project via the YOLOVS algorithm. Adding this
file ensures that PyCharm and the microcontroller
trigger the LCD, buzzer, and sounder to generate
alerts for social distances of less than 0.5.m (Figure
5). The sounder and buzzer continuously generate
alerts at this distance (i.e., less than 0.5 m) (Figure
7).
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Fig. 7. Alarm message.

The distance between humans in the bounding
boxes in the video is calculated as follows:

100
(a[1]+b[1]). (a[1]-b[1])?’

(1)

Dist. =

(a[0] - b[OD? +

Equation number (1) represent Euclidean
Distance formula [22], this formula purpose to
compute the distance between point (a), and point
(b) in 2D space
If the distance was more than half a meter the
proposed system would be an ideal state.
Depending on the condition in the equation (2)

if Ometer < Dist. < 0.5meter * calibration:
return True

Q)

At each training iteration of the proposed
monitoring system, the Python code is executed via
the PyCharm IDE [14]. The Python console
subsequently reports certain metrics, including the
number of humans detected, the time taken for
detection, and the time taken for preprocessing, in
real time. As shown in Table 5, the time taken to
complete the preprocessing decreases from 250 ms
for the first detection to 207.1 ms for subsequent
detections. With programmatic optimizations based
on the algorithm and repeated executions, this
improved speed is a key benefit of the detection
system, in which real-time performance is
combined with rapid computation. This research
verified that YOLOv8 marks a decisive step in the
development of object detection science, as it
balances speed, accuracy, and flexibility across a
wide range of applications in the computer vision
field. Owing to the benefits of YOLOVS, the
training time for the detection model can be
radically reduced without sacrificing the computing
accuracy for human-to-human distances within
high-density crowds, contributing to the control or
prevention of the spread of infectious diseases



Khansaa Dheyaa Aljafaar

Al-Khwarizmi Engineering Journal, Vol. 22, No.1, pp. 44- 54 (2026)

Table 5,

Preprocess time for every new training
No. of humans Humans detect in the frame Time of detection Preprocess
detect
6 12 persons 15.6 ms 250 ms
12 14 persons 15.6 ms 234.4 ms
15 19 persons 15.6 ms 218.7 ms
17 15 persons 15.6 ms 207.1ms

The unprecedented adoption of YOLOVS has
opened up new, unexplored avenues in real-time
surveillance, healthcare, and artificial intelligence.
Being the cornerstone technology, YOLOVS is all
set to reshape the definition of real-time object
recognition and bring intelligent systems to a
completely new dimension. This migration from
previous versions of YOLO to YOLOv8 marks
much more than incremental improvement-it
represents a paradigm shift toward embedding
sophisticated vision systems that can seamlessly
integrate with real-world complexities and are
getting ready to bring a revolution to automated
decision-making.

5. Comparison and Evaluation

To benchmark our approach against existing
methodologies, a comprehensive comparative
analysis in Table 6 is provided, which highlights
performance metrics, innovations, and limitations
relative to recent studies.

This research paper presents a novel embedded
vision system utilizing YOLOvS for real-time
pedestrian detection and Arduino hardware to
generate alerts regarding social distancing. In
comparison to other recent studies:

Strengths: Our solution integrates deep learning
algorithms alongside embedded hardware to
identify pedestrians with a 97%-98% accuracy
range. Our solution integrates a real-time alert
feature as aid in response for public health and
safety.

Differences: Our research is differentiated from
the other studies that examine small object detection
(Lou et al., 2023), autonomous vehicles (Wang et
al., 2024), and motion enhancement (Safaldin et al.,
2024) by it specifically being designed for real
world implementation for pandemic prevention.

Unique Contributions: Our embedded vision
system for social distancing uniquely combines
YOLOv8 human detection accuracy (97-98%
accuracy) with a low cost embedded alerting system
(Arduino), thus addressing gaps that exist in other
research (e.g. reliance on LiDAR in [16], did not
include auditory alerts in [17]).

Performance: Performance is superior to similar
studies in the literature ([5], [19]) in accuracy while
maintaining real-time speed at 15.6 ms/frame.

Practicality: Our solution operates an offline
system which varies from relying on cloud systems
([2], [19]) provides this as a critical feature for
broadband and connectivity challenges in
community settings.

Table 6,
Comparison of this this work with three recent research papers.
Research Paper 1 Research Paper 2 Research Paper 3
Criteria This Paper (Lou et al., 2023) (Wang et al., 2024)  (Safaldin et al.,
[5] [6] 2024) [8]
Title Embedded Vision DC-YOLOVS: YOLOvV8-QSD: Improved YOLOV8
System to Prevent Small-Size Object Small Object for Detecting
the Spread of Detection Algorithm Detection for Moving Objects
Epidemics by Based on Camera Autonomous
Controlling Social Sensor Vehicles
Distance Based on
YOLOVS
Year of Publication 2024 2023 2024 2024
Methodology Uses YOLOVS for Focuses on small Enhances YOLOvVS  Improves YOLOvV8

real-time human
detection, combined
with an embedded
system (Arduino) for

object detection
improvements by
modifying YOLOvVS
architecture

for autonomous
vehicle applications
by reducing
computational cost

performance by
integrating motion
analysis for
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Dataset Used

Accuracy/Performance

Strengths

alerting social
distance violations
Real-time video
from surveillance
cameras in crowded
places

Human detection
accuracy (97%-
98%),

Real-time detection
with embedded
alerting system;
integration of deep

Custom dataset for
small object
detection

Mean Average
Precision (mAP)
between (50%-95%)
depend on object
speed.

Effective in
detecting small
objects under
various conditions

SODA-A dataset for
small object
detection in
autonomous
vehicles

Accuracy (64.5%),
computational
efficiency (7.1
GFLOPs)

Optimized for
autonomous
vehicles; efficient in
detecting small

detecting moving
objects

KITTI, LASIESTA,
PESMOD, and
MOCS benchmark
datasets

Accuracy (90%),
mAP (90%), IoU
(80%), FPS (30)

Motion-aware
detection improves
accuracy for
dynamic scenes

learning and
microcontroller

objects at high speed

6. Conclusion

To maintain human health and reduce the
transmission of diseases, reduce the strain on the
public health system in societies, and protect
individuals from experiencing the suffering of
recovering from infectious diseases, this proposed
system suggests a smart solution by employing
computer vision using YOLOS algorithm,
complimentary with an embedded system using
microcontroller and some other supplementary like
sensors and display component to get a perfect
protective system to represent embedded vision
system, firstly, by training the YOLOvVS on real-
time video capturing by the webcamera installed in
the crowded place, process the video frame by
frame, detect just the human from the captured
video and neglected the other objects, the human
detection was achieved a high resolution of up to
97%, after that the proposed system computes the
distance between every two persons, according to
the distance measured the microcontroller will
send a control signal to the other components the
LCD, buzzer, and sounder to maintain the social
distance by the alert message.

In this proposed system a clever safety solution
was built that improves monitoring capabilities
while lessening the workload for human operators
by utilizing YOLOv8's power for video analytics.
In addition to enhancing safety measures protocol,
this proposed system shows how artificial
intelligence (AI) can be used to develop more
responsive and intelligent surveillance systems.
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7. Future Work

To develop the proposed YOLOv8-based
embedded system from a reactive perception
mechanism into a accurately intelligent and
dynamic control system, several method for future
work are identified, focusing on advanced
combination of cutting-edge Al methodologies.
The proposed system approach deal with
individuals as isolated objects. the Future work will
proceed out with simple bounding-box-based
distance computation to model the complex
relationships and collective dynamics of the crowd.
This can be achieved through the combination of
Graph Neural Networks (GNNs). Specifically,
detected individuals can be elected by as nodes,
with their nearness and velocity differences
forming the weighted edges of a spatial-temporal
graph. Training the GNN to survey these relational
features will authorize the system to accurately
differentiate between deliberate social groups, and
spontaneous, momentary  violations,  thus
significantly make less false alarms and upgrade
compliance analysis accuracy.
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