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Since the outbreak in December 2019, the COVID-19 pandemic has significantly 
impacted Malaysia, affecting both the nation and its citizens on a substantial scale. 
Consequently, the government has put forth several recommended standard operating 
procedures (SOPs) aimed at mitigating the pandemic's impact. These measures include 
mask-wearing, frequent handwashing, and adhering to social distancing guidelines. 
Maintaining social distance is crucial in reducing the transmission of this lethal virus 
from an individual carrying the infection to a person in good health. The method 
encompasses the utilization of the You Only Look Once (YOLO) object detection 
algorithm for the widespread application of identifying and overseeing adherence to 
social distancing practices within monitoring systems. In addition to its effectiveness in 
object detection, YOLO has gained extensive global utilization in systems for detecting 
human presence. Thus, this study provides a review of YOLO-based monitoring systems 
that have been developed previously. From that, this paper introduces a framework 
integrating thermal imaging for combined social distancing and body temperature 
monitoring. From the results, only 14% of the total numbers of visitors at the exhibition 
complied with the social distancing. The other 12.5% were in danger when they broke 
the rules while 73% of individuals were observed to be in a situation of moderate risk. 
However, most of the recorded body temperatures were normal. 
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1. Introduction 
 

In recent times, the practice of social distancing has gained prominence as a crucial protective 
measure to curb the proliferation of infectious diseases such as COVID-19 [1,2]. People can reduce 
their chances of coming into contact with respiratory droplets [3] and limit the dissemination of 
infections within society by maintaining a physical distance. Nonetheless, enforcing adherence to 
social distancing guidelines can be challenging, particularly in densely populated public areas or areas 
with high foot traffic. 
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The You Only Look Once (YOLO) computer vision algorithms have garnered attention as potential 
methods for overseeing adherence to social distancing protocols [4]. YOLO serves as a real-time 
object detection system that can accurately detect and trace individuals within video streams, 
rendering it well-suited for surveillance-oriented tasks [5-7]. By analyzing video footage, YOLO has 
the capacity to identify breaches of social distancing norms, like individuals standing in close 
proximity or surpassing occupancy restrictions within a specific location. 

While numerous studies have explored the application of YOLO in tasks related to object 
detection [8-11], a comprehensive synthesis of its utilization specifically within the realm of social 
distancing remains absent [9]. Our intention is to fill this void by conducting a systematic review that 
synthesizes prior research and assesses the effectiveness of YOLO in enhancing compliance with 
social distancing measures. This systematic review aims to provide policymakers, public health 
experts, and researchers with a comprehensive understanding of the current knowledge regarding 
the application of YOLO in promoting social distancing [10,11]. 

In this study, the You Only Look Once version 5 (YOLOv5) object detection algorithm was 
employed to monitor social distancing. YOLOv5 was chosen over newer versions because of ease of 
use and implementation. In addition, YOLOv5 offers an excellent balance between speed and 
accuracy, making it suitable for real-time applications. A state-of-the-art thermal camera with the 
YOLOv5 algorithm was calibrated to enable simultaneous measurement of body temperature. The 
key goal of this work is to introduce a framework that combines monitoring of social distancing and 
body temperature using a thermal imaging system, and to evaluate its performance by assessing it 
on a live recording dataset. 
 
1.1 Literature Review  
 

Since the rise of Covid-19 pandemic, social distancing is the most reliable practice to prevent the 
contagious virus transmission. An early and immediate practice of social distancing could gradually 
reduce the peak of the virus attack [12]. Thus, researchers have come up with effective solutions for 
social distancing measurement using surveillance videos. Figure 1 presents some examples of images 
used for social distancing monitoring systems. It can be seen from Figure 1 that most of the methods 
are developed using frontal and overhead view of the camera.  
 

  

 
Fig. 1. Example of social distance monitoring systems [7] 
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As in Punn et al., [13], a framework using the YOLOv3 model was proposed to detect humans. 
The Deepsort approach was then used to track the detected individual using bounding boxes and 
assigned identity information. In another work, an autonomous drone-based model for social 
distancing was developed [14]. YOLOv3 model with the custom dataset was trained. The drone 
camera was also used to identify people in public wearing masks. 

In another study, developed a device to measure the distance between individuals for monitoring 
social distancing using Raspberry Pi [15]. Distances between people detected were measured using 
the Euclidean distance formula. However, the scope of monitoring spaces could only be applied 
within small areas. Other than that, YOLOv2-based approach for human detection was proposed by 
combining a modified YOLOv2, Residual blocks and multiple Spatial Pyramid Pooling blocks [16]. The 
results show that the proposed model can detect people with higher accuracy on the Microsoft 
Common Objects in Context (COCO) human dataset. This study should also test on live recording 
dataset for live system implementation. 

In addition to human detection system using YOLO algorithm, a study was carried out to detect 
humans from a thermal dataset using YOLOv5 [17]. An owned built dataset consists of 30,000 thermal 
images and 50 thermal videos from different resources was used. Based on the obtained results, it 
can be concluded that YOLO, one of the leading deep learning algorithms, effectively captures 
humans in thermal aerial images or videos. One latest study presents a novel approach for real-time 
monitoring of adherence to physical distancing guidelines in indoor environments [18]. The method 
employs computer vision and deep learning techniques, leveraging the widely-used YOLO model. To 
facilitate real-time analysis, the YOLO model is pre-trained on Microsoft COCO dataset, enabling it to 
accurately detect individuals and estimate their physical distance in real-time. 

Convolutional Neural Networks (CNNs) have played a significant role in extracting features and 
classifying complex objects, including human detection [19]. The advancement of faster CPUs, GPUs, 
and increased memory capacities has enabled researchers to develop accurate and efficient 
detectors compared to traditional models. In another study, a deep neural network (DNN)-based 
detector was employed in combination with the Deep sort algorithm as an object tracker for people 
detection [20]. 
 
2. Methodology  
 

The method used in this study had three main parts: calibrating the thermal image system, 
putting the YOLOv5 algorithm into action, and creating a way to measure both social distance and 
body temperatures at the same time. Each step was carefully planned out to make sure it would work 
correctly and reliably in the real world. 
 
2.1 Thermal Camera System 
 

A Hikvision Network Bullet camera (Figure 2) with a thermal channel was used to measure body 
temperature. Calibration involves comparing thermal readings to a standardised temperature source 
under controlled environmental conditions, assuring an accuracy of ±0.5°C across a temperature 
range of 30°C to 45°C. To provide best coverage and precision, the camera was positioned 1.5 meters 
above ground level on a tripod. Regular calibration checks were undertaken to achieve consistent 
results in a variety of indoor environments. 
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Fig. 2. Hikvision Network Bullet camera with 
night vision with 8 MP 1/2.8” CMOS sensor 

 
2.2 YOLOv5 Algorithm Implementation 
 

In this study, YOLOv5 was selected as the human detection algorithm based on the detection 
speed which allows it to process images in real time [6]. YOLOv5 was chosen due to its optimal 
balance of speed and accuracy, which is essential for real-time applications. The training datasets 
comprised the Microsoft COCO dataset, along with a custom thermal imaging dataset that included 
30,000 thermal images and 50 videos. Data augmentation methods, including rotation, scaling, and 
brightness adjustment, were employed to replicate real-world conditions. Model training was 
performed using a learning rate of 0.01, 50 epochs, and a batch size of 16. During live monitoring, 
the algorithm identified individuals and categorised social distancing conditions into three 
classifications: 
 

i. Green: a safe distance has been maintained. 
ii. Yellow: a moderate level of risk. 

iii. Red: breach of distancing protocols. 
 
2.3 Body Temperature Measurement 
 

To measure body temperature of each individual recorded in the scene, the same thermal 
imaging camera as in Figure 2 is used. The camera measures body temperature between 30ºC to 
45ºC with 0.5ºC accuracy and with 160 x 120 resolution in the thermal channel. The camera was 
installed 1.5 meter high using a tripod in an indoor environment. The distance between the target 
and the camera was set to 1.5 meter. Figure 3 presents the experimental setup of the screening 
scheme. From Figure 3, it can be seen that the thermal camera was connected to this proposed dual-
functionality monitoring system via WIFI connection. In this experiment, a threshold of 37.2°C was 
established to define a normal body temperature. Any individual found to have a body temperature 
exceeding 37.2°C will be labelled as non-healthy. 
 

 
Fig. 3. Experimental setup of the proposed system 
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2.4 Social Distance Measurement 
 

The Euclidean distance formula was utilised to evaluate social distancing by calculating the spatial 
separation between individuals within the camera's field of view. Ensuring compliance with social 
distancing regulations, particularly in densely populated and enclosed spaces, poses a significant 
challenge. Therefore, there is a pressing requirement to develop an automated system capable of 
identifying individuals who do not adhere to these distancing directives. The distance between 
individuals within the camera's field of view was calculated using the geometric distance formula as 
in Eq. (1) to assess social distancing: 

 

𝐸 =  √(𝑥1 −  𝑥2)2 +  (𝑦1 −  𝑦2)2           (1) 
 
Where, x and y represent the coordinates of two individual. When the calculated distance between 
two individuals’ dips beneath a pre-established threshold, it signals a breach of the social distancing 
standard. Consequently, the threshold for the present frame is established by deducting the shoulder 
width from the height value, as follows in Eq. (2): 
 
Threshold (T) = height (h) – width (w)          (2) 
 

Once the threshold value for the frame has been calculated, the next step involves determining 
the distances between the detected individuals in pairs. To accomplish this, it is necessary to utilize 
the YOLO models and detect at least two individuals enclosed within bounding boxes in the video 
frame. To compute the pixel distance between the center points of these paired individuals, the 
Euclidean formula outlined in Eq. (1) was employed. Figure 4 illustrates the center points of two 
bounding boxes of detected persons that were used to compute the distance between two 
individuals. 

 
Fig. 4. Center points of the bounding boxes [21] 

 
According to Yurttas [21], the average height of men and women in Malaysia is 1.68 m and 1.57 

m, accordingly. Meanwhile, the average shoulder width of a Malaysian is 0.4 m [22]. These values 
were then applied to Eq. (2), values of 1.28 m and 1.17 m were obtained respectively for men and 
women. However, gender is not a distinctive factor in this study. Hence, one could consider that the 
threshold values determined in pixels within video frames effectively represent a distance of 1.28 
meters. The rationale behind utilizing the threshold value of 1.28 meters in this context is to ensure 
a minimum social distance of one meter between individuals. When the estimated distance between 
two individuals falls below the threshold value, a violation of social distancing is detected. In such 
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cases, the colour of the bounding box of the individuals automatically changes to red to indicate the 
situation. 

There are three distinct colours assigned to the bounding boxes of individuals, each colour 
indicates a specific meaning or condition. Firstly, green colour indicates safe social distancing 
between individuals. Secondly, yellow bounding box illustrates medium risk. Finally, red colour is 
used to indicate that social distancing is violated. 
 
2.5 Data Collection 
 

The proposed system was tested during an indoor show at TATI University College in Malaysia. A 
total of seven movies were taken, capturing 651 people at various crowd densities. YOLOv5 achieved 
an average detection speed of 30 frames per second, indicating real-time capability appropriate for 
surveillance purposes. Figure 5 shows several recorded scenes during the exhibition. In Figure 4, 
YOLOv5 algorithms detected visitors and indicated their presence by creating bounding boxes around 
them. This detection occurred in real-time during the recording process. 
 

 

 
Fig. 5. Human were detected using YOLOv5 in live scene 

 
The study looked at social distancing compliance and found that just 14% of people kept safe 

distances (green), 73% were categorised as intermediate risk (yellow), and 12.5% were in violation 
(red). These findings highlight a considerable gap in adherence to public health guidelines. Body 
temperature monitoring found constant values in the usual range of 36°C to 37.2°C, with no 
individuals identified as febrile. The dual-functionality system recognised and classified both 
characteristics simultaneously, demonstrating its operational capabilities. Figures 5 depicting the 
distribution of bounding box colours and the relationship between crowd density and distance 
compliance demonstrate these findings. Interestingly, higher crowd densities were related with more 
red boundary boxes, indicating a corresponding increase in social distance breaches. 
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Table 1 
Properties of the recorded videos 
Test data Number of frames Duration (second) Resolution 

Video-1 325 13.7 800 x 600–1024 x 768 
Video-2 341 13.8 800 x 600–1024 x 768 
Video-3 325 13.7 800 x 600–1024 x 768 
Video-4 333 14 800 x 600–1024 x 768 
Video-5 375 15 800 x 600–1024 x 768 
Video-6 359 14.4 800 x 600–1024 x 768 

 
3. Results  
 

All bounding boxes were documented and depicted in Figure 6. In the figure, three distinct colours 
of bounding boxes were utilized: red denoted instances of social distancing violations, yellow 
indicated a medium risk distance, and green represented a safe distance maintained between 
individuals. As can be seen in Figure 6, the results show that the dual-functionality system works well 
for monitoring social distance and body temperature in real time, but there are still some areas that 
need more research. The low rate of compliance (14% green) shows that action is needed right away. 
For example, real-time feedback systems (like audible or visual alerts) could be used to encourage 
proper behaviour. The system's fast detection speed (30 FPS) also shows that it can be used in the 
real world. However, it is still hard to make it work in bigger places with bigger surveillance areas. 

The accuracy of detection was affected by things in the environment, such as lighting and the 
moving of people. For example, in pictures with a lot of people, overlapping bounding boxes 
sometimes caused wrong classifications. To solve this problem, you might need to use more 
advanced tracking methods, such as DeepSORT, to make things more accurate. Also, the fact that the 
system didn't pick up on any cases of elevated body temperature says that it can be used for more 
than just responding to pandemics. It can be used to keep an eye on public health in general, like 
finding people in busy places who are likely to get sick from the heat. 
 

 
Fig. 6. Number of bounding boxes per individual 
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Ethics are still the most important thing. Data security laws must be followed when collecting 
personally identifiable information about people. To build trust among the public, future versions of 
the system should include methods for making data anonymous and safe ways to handle data. 
Findings would be more useful if they could be applied to a wider range of situations by including 
more locations in the dataset, like outdoor areas and busy public places. Comparative studies with 
other detection models, like Faster R-CNN, could also help put the system's performance benefits in 
context. Adding AI-powered behavioural analytics to predict how crowds will move and look at long-
term compliance trends would make the system even better. 

The dual-functionality system has a lot of promise as a public health tool, but it needs to be 
improved all the time and be supervised in an ethical way to make it work best and be accepted by 
everyone. In Figure 7, the body temperature of an individual is visibly presented at the top of each 
corresponding bounding box. As shown, the body temperature of the depicted persons read as 36.5o 
C and 36.1oC. This functionality enables the system to effectively measure two critical factors 
potentially associated with the transmission of the COVID-19 virus, or any other airborne diseases. 
By simultaneously monitoring social distancing compliance and recording body temperatures, this 
system facilitates a comprehensive approach to mitigating the spread of the virus. 
 

  
Fig. 7. The body temperatures of two individuals have been recorded. Both individuals 
exhibit normal body temperatures, as indicated by the presence of green bounding 
boxes around them 

 
4. Conclusions 
 

A study shows that YOLOv5 object identification and thermal imaging can track social distance 
and body temperature simultaneously. However, certain limitations must be noted to contextualise 
the findings. The method is less successful in vast or dynamic areas due to fixed camera positioning. 
Crowded places may overlap bounding boxes, reducing social distancing accuracy. Camera height and 
angle affect detection accuracy, especially for people at the frame's margins. Since training and 
testing took place indoors, YOLOv5 may function poorly in low-light or outdoor scenarios. Reflections, 
external heat sources, and barriers can cause thermal imaging noise. Training datasets lack age, 
clothing, height, and body type variation, which may restrict generalisability to different groups. 
Extreme temperatures and unusual human positions were not effectively represented, which may 
impair detection accuracy. 

The study also calculates social separation using a typical anthropometric threshold based on 
average height and shoulder breadth. Individual or regional body dimensions may impact these 
estimations' accuracy. The single threshold of 37.2°C for healthy and ill people does not account for 
natural body temperature changes induced by exercise or ambient circumstances. Due of high-
resolution cameras and computationally costly algorithms, scalability is another issue. Real-time 
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processing speed depends on GPU performance and network connectivity, which may limit scaling 
to larger installations or multi-location implementations. Finally, ethical and privacy issues must be 
addressed. Privacy difficulties arise with surveillance technologies, especially in public. The system 
anonymises data, although misuse or unauthorised access is possible. Clear data usage 
communication and user permission are essential for GDPR compliance. 
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