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ABSTRACT 

 

 
Social distancing is a recommended solution by the World Health 

Organisation (WHO) to minimise the spread of COVID-19 in public places. 

The majority of governments and national health authorities have set the 2- 

meter physical distancing as a mandatory safety measure in shopping 

centres, schools and other covered areas. In this research, we develop a 

generic Deep Neural Network-Based model for automated people detection, 

tracking, and inter-people distances estimation in the crowd, using common 

CCTV security cameras. The proposed model includes a YOLOv4-based 

framework and inverse perspective mapping for accurate people detection 

and social distancing monitoring in challenging conditions, including people 

occlusion, partial visibility, and lighting variations. We also provide an online 

risk assessment scheme by statistical analysis of the Patio-temporal data 

from the moving trajectories and the rate of social distancing violations. We 

identify high-risk zones with the highest possibility of virus spread and 

infections. This may help authorities to redesign the layout of a public place 

or to take precaution actions to mitigate high-risk zones. The efficiency of 

the proposed methodology is evaluated on the Oxford Town Centre dataset, 

with superior performance in terms of accuracy and speed compared to 

three state-of-the-art methods. 
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CHAPTER 1- INTRODUCTION 
 

 
 INTRODUCTION 

 

The novel generation of the coronavirus disease (COVID-19) were 

reported in late December 2019 in Wuhan, China. After only a few 

months, the virus was hit by the global outbreak in 2020. On May 2020 

The World Health Organisation (WHO) announced the situation as the 

pandemic1 , 2 

. The statistics by WHO on 26 August 2020 confirms 23.8 million infected 

people in 200 countries. The mortality rate of the infectious virus also 

shows a scary number of 815,000 people. With the growing trend of 

patients, there is still no effective cure or available treatment for the virus. 

While scientists, healthcare organisations, and researchers are 

continuously working to produce appropriate medications or vaccines for 

the deadly virus, no definite success has been reported at the time of this 

research, and there is no certain treatments or recommendation to 

prevent or cure this new disease. Therefore, precautions are taken by the 

whole world to limit the spread of infection. These harsh conditions have 

forced the global communities to look for alternative ways to reduce the 

spread of the virus. Social distancing, as shown in, refers to precaution 

actions to prevent the proliferation of the disease, by minimising the 

proximity of human physical contacts in covered or crowded public places 

(e.g. schools, workplaces, gyms, lecture theatres, etc.) to stop the 

widespread accumulation of the infection risk. According to the defined 

requirements by the WHO, the minimum distance between individuals 

must be at least 6 feet (1.8 meters) in order to observe an adequate 

social distancing among the people. Recent researches have confirmed 

that people with mild or no symptoms may also be carriers of the novel 

Coronavirus infections4 . Therefore, it is important all individuals maintain 

controlled behaviours and observe social distancing. Many research 

works such as 5,6,7 have proved social distancing as an effective non-

pharmacological approach and an important inhibitor for limiting the 

transmission of contagious diseases such as H1N1, SARS, and COVID-

19. Figure 2 demonstrates the effect of following appropriate social 

distancing guideline to reduce the rate of infection transmission among 

individuals8 , 9 . A wider Gaussian curve with a shorter spike within the 

range of the health system service capacity makes it easier for patients to 

fight the virus by receiving continuous and timely support from the health 

care organisations. Any unexpected sharp spike and rapid infection rate 

(such as the red curve in Figure 2), will lead to the service failure, and 

consequently, exponential growth in the number of fatalities. 



For several months, the World Health Organisation believed that 

COVID-19 is only transmittable via droplets emitted when people 



sneeze or cough and the virus does not linger in the air. However, on 8 

July 2020, the WHO announced: “ There has emerging evidence that 

COVID-19 is an airborne disease that can be spread by tiny particles 

suspended in the air after people talk or breathe, especially in crowded, 

closed environments or poorly ventilated settings. ” Therefore, social 

distancing now claims to be even more important than thought before, 

and as one of the best ways to stop the spread of the disease in addition 

to wearing facial masks. Almost all countries are now considering it as a 

mandatory practice. 

 
 Related Works 

Many researchers have worked in the medical and pharmaceutical fields 

aiming at treatment of COVID-19 infectious disease; however, no definite 

solution has yet been found. On the other hand, controlling the spread of 

such an unknown respiratory infectious disease is another issue. Variety 

of studies with different implementation strategies5 , 6 , 15 have proven 

that controlling the prevalence is a contributing factor, and social 

distancing is an effective way to reduce the transmission and prevent the 

spread of the virus in society. Several researchers such as16 and15 use 

SIR (Susceptible, Infectious, or Recovered) model. SIR is an 

epidemiological modelling system to compute the theoretical number of 

people infected with a contagious disease in a given population, over 

time. One of the oldest yet common SIR models is Kermack and 

McKendrick models introduced in 192717. Eksin et al.16, have recently 

introduced a modified model of SIR by including a social distancing 

parameter, which can be used to determine the number of infected and 

recovered individuals. Effectiveness of social distancing practices can be 

evaluated based on several standard approaches. One of the main 

criteria is based on the reproduction ratio, Ro, which indicates the 

average number of people who may be infected from an infectious person 

during the entire period of the infection18 . Any Ro > 1 indicates an 

increasing rate of infection within the society and Ro < 1 indicates that 

every case will infect less than 1 person, hence, the disease rate is 

considered to be declining in the target population. Since the Ro value 

indicates the disease outspread, it is one of the most important indicators 

for selecting social distancing criteria. In the current COVID-19 pandemic, 

the World Health Organisation estimated the Ro rate would be in the 

range of 2- 2.519, which is significantly higher than other similar diseases 

such as seasonal flu with Ro = 1.4. In20, a clear conclusion is drawn 

about the importance of applying social distancing for the cases with a 

high amount of Ro. In another research based on the game theory on the 

classic SIR model, an assessment of the benefits and economic costs of 



social distancing has been examined21. The results also show that in the 

case of Ro < 1, social distancing would cause unnecessary 



costs, while Ro ≈ 2 implies that social distancing measures have the 

highest economic benefits. In a similar research, Kylie et al.22 

investigated the relationship between the stringency of social distancing 

and the region’s economic status. This study suggests although 

preventing the widespread outbreak of the virus is necessary, a moderate 

level of social activities could be allowed. Prem et al.23 use location-

specific contact patterns to investigate the effect of social distancing 

measures on the prevalence of COVID-19 pandemic in order to remove 

the persistent path of disease outbreak using susceptible-exposed-

infectedremoved models (SEIR). Since the onset of coronavirus 

pandemic, many countries have used technology-based solutions, to 

inhibit the spread of the disease 24,25,26. For example, some of 

developed countries, such as South Korea and India, use GPS data to 

monitor the movements of infected or suspected individuals to find any 

possible exposure among the healthy people. The India government uses 

the Aarogya Setu program to find the presence of COVID-19 patients in 

the adjacent region, with the help of GPS and Bluetooth. For example, it 

enables us to understand and predict pedestrian behaviours in traffic 

scenes, sports actions and activities, medical imaging, anomaly detection, 

etc. by analysing Spatio-temporal visual information and statistical data 

analysis of the images sequences In health-related fields, it would be also 

feasible to predict the sickness trend of specific areas32, to predict the 

density of people in public places33, or determine the distance of 

individuals from the popular swarms34, using a combination of visual 

and Geo-location cellular information. However, such research works 

suffer from challenges such as skilled labour or the cost of designing and 

implementing the infrastructures. On the other hand, recent advances in 

AI, Computer Vision, Deep Learning, and Pattern Recognition, enables 

the computers to understand and interpret the visual data from digital 

images or videos. It also allows computers to identify and classify 

different type of objects35 , 36 , 37. Such capabilities can play an 

important role in empowering, encouraging, and performing social 

distancing surveillance and measurements as well. 

 

 RESEARCH AND SIGNIFICANCE 

For several months, the World Health Organisation believed that COVID- 

19 is only transmittable via droplets emitted when people sneeze or 

cough and the virus does not linger in the air. However, on 8 July 2020, 

the WHO announced: “ There has emerging evidence that COVID-19 is 

an airborne disease that can be spread by tiny particles suspended in the 

air after people talk or breathe, especially in crowded, closed 

environments or poorly ventilated settings. ” Therefore, social distancing 



now claims to be even more important than thought before, and as one of 

the best ways to stop the spread of the disease in addition to wearing 

facial masks. Almost 



all countries are now considering it as a mandatory practice. During the 

COVID-19 pandemic, governments have tried to implement a variety of 

social distancing practices, such as restricting travels, controlling borders, 

closing pubs and bars, and alerting the society to maintain a distance of 

1.6 to 2 meters from each other10. However, monitoring the amount of 

widespread and efficiency of the constraints is not an easy task. People 

require to go out for essential needs such as food, health care and other 

necessary tasks and jobs. In such situations, Artificial Intelligence can 

play an important role in facilitating social distancing monitoring. 

Computer vision, as a subset of Artificial Intelligence, has been very 

successful in solving various complex health care problems and has 

shown its potential in Chest CT-Scan or X-Ray based COVID-19 

recognition11 , 12. Besides, deep neural networks enable us to extract 

complex features from the data so that we can provide a more accurate 

understanding of the images by analysing and classifying these features. 

Examples include diagnosis, clinical management and treatment, as well 

as the prevention and control of COVID-1913 , 14 . The main contribution 

of this research can be highlighted as follows: 

• This study aims to support the reduction of the corona virus spread 

and its economic costs by providing an AI-based solution to automatically 

monitor and detect violations of social distancing among individuals. 

• We develop one of the most (if not the most) accurate deep neural 

network (DNN) models for people detection, tracking, and distance 

estimation called Deep social. 

• We perform a live and dynamic risk assessment, by statistical 

analysis of spatiotemporal data from the people movements at the scene. 

• The developed model is a generic human detection and tracker, not 

limited to social-distancing monitoring, and can be applied for various 

real- world applications such as pedestrian detection in autonomous 

vehicles, human action recognition, anomaly detection, and security 

systems. More details and further information will be provided in the 

following sections. In Section 2 we discuss the related work, existing 

challenges, and research gaps in the field. The proposed mythology 

including the model architecture and our object detection techniques, 

tracking, and red-zone prediction algorithm will be proposed in Section 3. 

In Section 4 experimental results and performance of the system is 

investigated against the state-of-the-art, followed by discussions and 

concluding remarks in Section 5 



 

CHAPTER 2 - AIM AND SCOPE 

 

 OBJECTIVES 

With the recent outbreak and rapid transmission of the COVID-19 

pandemic, the need for the public to follow social distancing norms and 

wear masks. According to the World Health Organization, to follow proper 

social distancing, people in public places must maintain at least the 

distance which can be specfied the user to their own needs and enforce 

maintaining that same disctance between each other. This project helps 

enforce proper social distancing in real time and send email alerts. 

 MODULE DESCRIPTION 

The modules focuses on how to identify the person on image/video 

stream maintaining distance with the help of machine learning YOLO 

algorithm by using the OpenCV, Tensor flow and python. The first module 

uses ip address to connect footage from the recording device and the 

computer system processing/computing the data. Social Distancing 

system finds the gap between two persons detected in the camera. The 

platform generates notifications and calls an external alarm (via email) to 

warn if anyone is found violating laws. 

 
 OBJECT DETECTION AND TRACKING MODELS 

 

the successful object detection models like RCNN [61], fast RCNN [62], 

faster RCNN [38], SSD [63], YOLO v1 [40], YOLO v2 [64] and YOLO v3 

[65] tested on PASCAL-VOC [66] and MS-COCO [67] datasets, undergo 

trade-off between speed and accuracy of the detection which is 

dependent on various factors like backbone architecture (feature 

extraction network 

e.g. VGG-16 [68], ResNet-101 [69], Inception v2 [70], etc.), input sizes, 

model depth, varying software and hardware environment. A feature 

extractor tends to encode the models input into certain feature 

representation which aids in learning and discovering the patterns 

associated with the desired objects. In order to identify multiple objects of 

varying scale or size, Table I describes the performance in terms of 

accuracy for each of these popular and powerful feature extraction 

networks on ILSVRC ImageNet challenge [71], along with the number of 

trainable parameters, which have a direct impact on the training speed 

and time. 



 

CHAPTER 3- SYSTEM DESIGN & METHODOLOGY 

 

 
 EXISTING SYSTEM 

A. Social Distancing 

1) Definition and Classifications 

Social distancing refers to the non-pharmaceutical measures to reduce 

the frequency of physical contacts and the contact distances between 

people during an infectious disease outbreak [11]. Social distancing 

methods can be classified into public and individual measures. Public 
measures include closing or reducing access to educational institutions 

and workplaces, canceling mass gatherings, travel restrictions, border 

control, and quarantining buildings. Individual measures consist of 
isolation, quarantine, and encouragement to keep physical distances 

between people [16]. Although these measures can cause some negative 

impacts on the economy and individual freedom, they play a crucial role 
in reducing the severity of a pandemic [11]. 

 
2) Measurements and Models 

The evaluation of social distancing measures is often based on several 
standardized approaches. One of the main criteria for social distancing 

measures selection is the basic reproduction number Ro which represents 
on average how many people a case (i.e., an infectious person) will infect 

during its entire infectious period [24]. For example, Ro<1 indicates that 
every case will infect fewer than 1 person, and thus the disease is 

declining in the considered population. Since the value of Ro represents 

how quickly the disease is spreading, Ro has been one of the most 
important indicators for social distancing measures selection [25], [32]. 

Mathematically, Ro can be determined by 
Ro=∫∞0b(a)F(a)da,(1) 

Different combinations of these classes result in different types of models, 

such as MSEIR, MSEIRS, SEIR, SEIRS, SIR, and SIRS. The acronyms 

of these models represent the classes that they take into account and the 

transition of individuals between these classes. The reason for these 

variations is that some classes are not needed in certain cases, e.g., birth 

immunity might not exist for a novel strain of virus. For example, the 

MSEIRS model is similar to the MSEIR model, except that the recovered 

individuals can be infected again, and thus the MSEIRS is only used for 

the cases where immunity is not permanent. Among these models, the 

classic SIR model is the most common. Let S(t) be the number of 

susceptible, I(t) be the number of infected, and R(t) be the number of 

recovered individuals in a population at time t . Moreover, let β be the 



average number of adequate contacts (i.e., contacts that infect a new 

case) and 1γ be the average infectious period. 

 
 SYSTEM CAPABILITIES 

To evaluate the effectiveness of social distancing, a common approach is 

to measure the attack rate which is the percentage of infected people in a 

susceptible population (where no one is immune at the beginning of the 

disease) at the time of measurement [27]. The attack rate reflects the 

severity of a disease at a given time, and thus it has different values 

during the disease outbreak. Among these values, the peak attack rate is 

often considered and compared to the current healthcare capacity (e.g., 

intensive care unit capacity) to see the current system’s ability to handle 

the peak number of patients. After the outbreak is over, data is often 

collected to determine the final attack rate which is the total number of 

infected cases over the entire course of the outbreak divided by the total 

population. 

 
Social distancing measures are proven to be effective when implemented 

properly [27]–[28][29][30][31][32][33]. Different types of social distancing 

measures may have diverse levels of effectiveness on the disease 

spread. In [27], the effect of social distancing measures at workplaces is 

evaluated by an agent-based simulation approach. In particular, six 

different workplace strategies that reduce the number of workdays are 

simulated. The results show that, for seasonal influenza (Ro=1.4 ), 

reducing the number of workdays can effectively reduce the final attack 

rate (e.g., up to 82% if three consecutive workdays are reduced). 

Nevertheless, in pandemic-level influenza (Ro=2.0 ), reducing the 

number of workdays has a significantly weaker impact, i.e., 3% (one extra 

day off) to 21% decrease (three extra consecutive days off). Several 

other studies present similar results. In [28], it is shown that workplace 

social distancing can reduce the final attack rate by up to 39% in a 

Ro=1.4 setting. Similarly, [29] shows that different types of measures can 

reduce the attack rate from 11% to 20% depending on the frequency of 

contacts among the employees. 

For school closure measures, studies also show positive effects. In [30], 

a modeling technique is employed to examine the effects of four different 

social distancing measures under three varying Ro settings. Among 

different types of measures, the school closure measure is shown to be 

able to reduce the final attack rate by 20%, 10%, and 5%, and the peak 

attack    rate    by    77%,     47%,     and     32%     in     the     cases 

where Ro<1.9 , 2.0≤R0≤2.4 , and Ro>2.5 , respectively. Similarly, it is 

shown in [31] that prolonged school closure in a pandemic context can 

reduce the final attack rate by up to 17% and the peak attack rate by up 

to 45%. 



Another common social distancing measure is the isolation of confirmed 

cases and cases with similar symptoms. In [32], large-scale epidemic 



simulations are performed to evaluate different strategies for influenza 

pandemic mitigation. Among the simulated strategies, the results show 

that the proper implementation (such that an isolated individual reduces 

90% of its contact rate) of isolation can reduce the final attack rate by 7% 

in a Ro=2 setting. Similarly, it is shown in [30] that isolation can reduce 

the final attack rate by 27%, 7%, and 5%, and the peak attack rate by 

89%, 72%, and 53% in the cases where Ro<1.9 , 2.0≤R0≤2.4 , and 

Ro>2.5 , respectively. 

For household quarantines, studies have shown that this measure can be 

effective if the compliance level is sufficient. In [32], the effects of 

voluntary quarantine of household for a duration of 14 days are 

examined. Simulations are carried out with the assumption that 50% of 

households will comply, which leads to a 75% reduction of external 

contact rates, while the internal contact rate will increase by 100%. The 

results show that this measure can reduce the final attack rate by up to 

6% and the peak attack rate by up to 40%. Similarly, in [33], simulations 

are performed to examine the impacts of different measures. For 

household quarantines, the result shows that this measure can reduce 

the final attack rate by 31% and the peak attack rate by 68% with Ro=1.8 

and a compliance rate of 50%. 

Apart from the abovementioned measures, the effectiveness of the other 

social distancing measures either received limited attention or was often 

considered in combination with another approach. In [32], the 

effectiveness of travel restrictions and border control measures are 

examined. However, the results only show that different levels of travel 

restrictions (from 90% to 99.9%) can delay the peak attack rate by up to 

six weeks, while how travel restrictions affect the attack rate is not 

examined. Another type of measure that does not receive much attention 

is community contact reduction measures (e.g., avoiding crowds and 

mass gatherings cancellation). In [30], it is shown that this type of 

measure can reduce the final attack rate by 17%, 14%, and 10%, and the 

peak attack rate by 72%, 49%, and 38% in the cases where Ro<1.9 , 

2.0≤Ro≤2.4 , and Ro>2.5 , respectively. 

When combined together, social distancing measures are proven to be 

even more effective [30], [32], [34]. It is shown in [30] that when all four 

measures, i.e., school closure, isolation, workplace nonattendance, and 

community contact reduction, are in effect, they can drastically reduce the 

attack rates in all the considered Ro settings. In particular, the final attack 

rate can decrease from 65% to only 3% and the peak attack rate from 

474 cases per 10 thousand to only five cases, in the highest Ro setting. 

Similarly, [32] examines the effects when household quarantines, 

workplace closures, border control, and travel restrictions are combined. 

The results show that the final and peak attack rates are three times and 

six times, respectively, lower than when no policy is implemented. 

Moreover, the peak attack rate can be delayed by nearly three months in 



a Ro=1.7 setting. In [34], it is also shown that when four types of 

measures (i.e., school closure, household quarantines, workplace 

nonattendance, 



and community contact reduction) are in effect, the final attack rate can 

be reduced 3–4 times depending on Ro . 

There are several studies focusing on the negative impacts of social 

distancing. In [35], simulations are performed based on a standard SIR 

model to evaluate the benefit and cost of different social distancing 

strategies. In this study, simulations are carried out without and with 

social distancing under different caution levels settings. Simulation results 

are evaluated based on the benefits of the reduced infection rate and the 

economic cost of reducing contacts. The main finding of this work is that 

a favorable result can only be obtained by implementing social distancing 

measures with a high caution level. Since the economic cost is also 

considered, it is shown that implementing social distancing with an 

insufficient caution level gives worse results than that of the case without 

social distancing. In [36], a game theoretical approach based on the 

classic SIR model is proposed to evaluate the benefits and costs of social 

distancing measures. Interestingly, the results show that in the case 

where Ro<1 , the equilibrium behaviors include no social distancing 

measures. Moreover, social distancing measures are shown to achieve 

the highest economic benefit when Ro≈2 . 

 
 WAYS OF REPORTING 

There are many ways of reporting. Some of the methods of reporting alert 

are as follows: 

• Through virtual 

• Through email or messaging 

 
 

 MODULES 

• The modules focuses on how to identify the person on image/video 

stream maintaining distance with the help of machine learning YOLO 

algorithm by using the OpenCV, Tensor flow and python. The first module 

uses ip address to connect footage from the recording device and the 

computer system processing/computing the data. 

• Social Distancing system finds the gap between two persons detected in 

the camera. The platform generates notifications and calls an external 

alarm (via email) to warn if anyone is found violating laws. 



CHAPTER 4 - SOFTWARE DEVELOPMENT METHODOLOGY 

 

 ARCHITECTURAL DESIGN 
 
 

 
Fig 4.1: BLOCK DIAGRAM 

 

The flow diagram of the framework is shown in Fig 4.1. The recorded overhead 

data sets are split into training and testing sets. A deep learning-based detection 

paradigm is used to detect individuals in sequences. There are a variety of object 

detection models available. Due to the best performance results for generic object 

detection, in this work, YOLOv3) is used. The model used single-stage network 

architecture to estimate the bounding boxes and class probabilities. The model 

was originally trained on the COCO (Common objects in context) data set . For 

overhead view person detection, transfer learning is implemented to enhance the 

detection model's efficiency, and a new layer of overhead training is added with 

existing model. 

 
 

 
After detection, the bounding box information, mainly centroid information, is used 

to compute each bounding box centroid distance. We used Euclidean distance 

and calculated the distance between each detected bounding box of peoples. 

Following computing centroid distance, a predefined threshold is used to check 

whether the distance among any two bounding box centroids is less than the 

configured number of pixels or not. If two people are close to each other and 

thedistance value violates 



the minimum social distance threshold. The bounding box information is stored in 

a violation set, as seen in Fig 4.1, and the color of the bounding box is 

updated/changed to red. A centroid tracking algorithm is adopted for tracking so 

that it helps in tracking of those people who violate/breach the social distancing 

threshold. At the output, the model displays the information about the total number 

of social distancing violations along with detected people bounding boxes and 

centroids. 

 
 

In this work, YOLOv3 is used for human detection as it improves predictive 

accuracy, particularly for small-scale objects. The main advantage is that it has 

adjusted network structure for multi-scale object detection. Furthermore, for 

object classification, it uses various independent logistic rather than softmax. The 

model's overall architecture is presented in Fig 4.1; it can be seen that feature 

learning is performed using the convolutional layers, also called Residual Blocks. 

The blocks are made up of many convolutional layers and skip connections. The 

model's unique characteristic is that it performs detection at three separate 

scales, as depicted in Fig 4.1 .The convolutional layers with a given stride are 

practiced to downsample the feature map and transfer invariant-sized features 

(Redmon & Farhadi, 2018). Three feature maps, as shown in Fig. 4.1, are utilized 

for object detection. 

 
 

The architecture shown in Fig. 4.1 is trained using an overhead data set. For that 

purpose, a transfer learning approach is adopted that enhances the efficiency of 

the model. With transfer learning, the model is additionally trained without 

dropping the valuable information of the existing model. Further, the additional 

overhead data set trained layer is appended with the existing architecture. In this 

way, the model takes advantage of the pre-trained and newly trained information, 

and both detection results further deliver better and faster detection results. 

 

After calculation of the bounding box information, the result is used to compute 

each bounding box centroid distance. We used Euclidean distance and 

calculated the distance between each detected bounding box of peoples. 

Following computing centroid distance, a predefined threshold is used to check 

whether the distance among any two bounding box centroids is less than the 

configured number of pixels or not. If two people are close to each other and the 

distance value violates the minimum social distance threshold. The bounding box 

information is stored in a violation set, as seen in and the color of the bounding 

box is updated/changed to red. A centroid tracking algorithm is adopted for 

tracking so that it helps in tracking of those people who violate/breach the social 

distancing threshold. At the output, the model displays the information about the 

total number of social distancing violations along with detected people bounding 

boxes and centroids. 



After detecting people in video frames, in the next step, the centroid of each 

detected person bounding boxes shown as green boxes are used for distance 

calculation, as shown. The detected bounding box coordinates are used to 

compute the bounding box's centroid. it demonstrates accepting a set of 

bounding box coordinates and computing the centroid. After computing, 

centroid, a unique ID is assigned to each detected bounding box. In the next 

step, we measure the distance between each detected centroid using Euclidean 

distance. For every subsequent frame in the video stream, we first compute 

bounding box centroids shown and then calculate the distance (highlighted with 

red lines) between each pair of detected bounding box centroids. The 

information of each centroid is stored in the form of a list. Based on distance 

values, a threshold is defined to check if any two people are less than pixels 

apart or not. If the distance violates the minimum social distance set or two 

people are too close, then the information is added into the violation set. The 

bounding box color is initialized as green. The information is checked in the 

violation set; if the current index exists in violation set, the color is updated to 

red. Furthermore, the centroid tracking algorithm is used to track the detected 

people in the video sequence. The tracking algorithm also helps to keep track of 

people who are violating the social distance threshold. At the output, the model 

displays information about the total number of social distancing violations. 

 
 

 METHOD FOR EQUATING THE OUTPUT 

 

In the grid cell, if the person is detected then = 1, otherwise equals to 0. The 

conditional class probabilities for class in grid cell are represented as . The 

localization loss estimates the failures in the predicted bounding box sizes and 

locations. The bounding box containing the detected object, i.e., a person, is 

added. It is defined as (Redmon & Farhadi, 2018) which is used for object 

detection, otherwise it is equal to 0. Instead of predicting simple height and width, 

the model predicts the square root of the bounding box width and height. the scale 

parameters is used for predictions of bounding box coordinates and equals to 5 as 

(Redmon, Divvala, Girshick, & Farhadi, 2016). The predicted positions are 

represented with in th cell of detected bounding box, while the actual positions of 

bounding box in the th cell is defined using . The Equation measures the loss 

function of predicted bounding box having coordinate value . To represent the 

possibility of the detected person in the th bounding box is used. The value of is 

constant, the function in Eq. (5) calculates sum over each bounding box, using as 

predictor for each grid c. The bounding box confidence score in cell and is used to 

weights down the loss during detecting background. As in most cases detected, 

bounding boxes do not contain any objects that cause a class imbalance problem; 

therefore, the model is more frequently trained to detect background rather than 

detect objects. To solve this, the loss is weight down by a factor. 



 IDENTIFYING THE ACTORS 

 

Even just in case of multiple individuals, everyone is taken base reference with 

various to the latter gift eleven in their locality. As an example, 10 persons, A, B, 

C, D, E, F, G, H, I, J. If A, B, C, D area units along, all of twelve of them could be 

a base of relevance to one another. This multiple freelance reference approach 

will offer correct results thirteen while not exploiting any leaf turned down. 

 
 USE CASES 

 
The experiment finally offers output in two ways in which one could be a series of 

pictures with info concerning the number of individuals violating the social 

distancing rule. The authorities or employees accountable will read these pictures 

and regulate the watching. The pictures have all details like no individuals, time 

and place. the opposite output is in variety of associate degree alert message 

sent which might apprise the individual that they're presently violating and quickly 

reposition themselves.. 

 
 IMPLEMENTATION DETAILS 

 
Initially we decided to build our framework on the YOLO model. Each bounding 

box object that's detected is the design output, its score of confidence and cluster 

that area unit a group of systemically spaced coordinates and for various ratios 

and scales of rectangles named boxes. YOLO method might create the prediction 

of its kind Associate in Nursing position of an object simply by seeing the image 

one time. YOLO takes under consideration object identification issues as 

regression jobs in situ of category verification to portion anchor class chance 

boxes. one convolution predicts the network and also the bounding boxes for 

every category beside their category potential faults. 

 
 PERFORMANCE EVALUATION 

 

We have compared the newly trained YOLOv3 with other deep learning models. 

The True detection and False detection rate of different deep learning models are 

depicted in Table . From the results, it can be seen that transfer learning 

improved the results significantly for the overhead view data set. The false 

detection rate of different deep learning models are very small, about 0.7–0.4% 

without any training, which reveals the effectiveness of deep learning models. 

Different pre-trained object detection models are tested on the overhead data set. 

Although the models were trained on the different frontal data sets, they still show 

good results by achieving an accuracy of 90%., the comparison results of 

different state of the art detection are outputted. 



The experiment finally offers output in two ways in which one could be a series of 

pictures with info concerning the number of individuals violating the social 

distancing rule. The authorities or employees accountable will read these pictures 

and regulate the watching. The pictures have all details like no individuals, time 

and place. the opposite output is in variety of associate degree alert message 

sent which might apprise the individual that they're presently violating and quickly 

reposition themselves.. 

 
 

To achieve this, stopping the fast and wide spreading is only the sole possibility 

neglected to any or all nations. Hence, strict police work is the foremost priority 

for the governments to confirm human-to-human transmission doesn’t occur, 

particularly thanks to breaking social twenty one distancing norms. The long run 

work lies in deploying mask detection and temperature detection of every person 

within the crowd. twenty three Combining multiple models in an associate 

ensemble learning framework is instrumental for the end-to-end pipeline for 

complete watching of every person. an individual inadvertently might have covid 

symptoms, and may be copied simply and stop the unintentional transmission. 

 
 

 FURTHER OPTIMIZING THE METHODOLOGY 

 

The transfer learning methodology is applied to improve the accuracy of the 

detection model. Using an overhead data set, the model is additionally trained 

using 500 sample frames. The epoch size 40 and batch size 64 is set for training 

of the model. The training loss and accuracy curves are shown in model diagram 

above . A new layer is obtained after training the model; that is further appended 

with a pre-trained model. The model is now tested for the same test video 

sequences, as discussed in the above sub-section. The experimental findings 

reveal that transfer learning significantly increases the detection results, as seen. 

From the sample images, it can be visualized that the model detects the 

individuals at various scene locations. People with various characteristics are 

effectively-identified due to close interactions between people, violation is recorded 

by automated system. The same behavior can be found in output where people 

are around dozen in both and and violation in is three times as compared to 

multiple people are walking, and entering in the scene are detected and 

monitored. The framework effectively detected the breach of social distance 

between people and marked the bounding box as red rectangles if people are too 

close to each other. 

 
Results of social distance monitoring, using transfer learning. It can be seen 

that the detection performance of the model is improved after transfer learning. 

In sample frames, the people in green rectangles maintain social distancing 

while in red rectangles are those who breach/violate the social distance 



CHAPTER 5-RESULTS AND DISCUSSION 

 

In this work, a deep learning-based social distance monitoring framework is 

presented using an overhead perspective. The pre-trained YOLOv3 paradigm is 

used for human detection. As a person's appearance, visibility, scale, size, 

shape, and pose vary significantly from an overhead view, the transfer learning 

method is adopted to improve the pre-trained model's performance 

 

 
Fig 5.1: Home Page 

The Fig 5.1 is the home page of the project. This page will appear once the user 

or the admin make a log-in into the portal. It is the frontend of the project or it can 

also be termed as user interface. Here the user the gets the multiple options to 

execute or access their task as per need. It also contains the news feed from 

where we can get various types or different types of information. 

The model is trained on an overhead data set, and the newly trained layer is 

appended with the existing model. To the best of our knowledge, this work is the 

first attempt that utilized transfer learning for a deep learning-based detection 

paradigm, used for overhead perspective social distance monitoring. The 

detection model gives bounding box information, containing centroid coordinates 

information. Using the Euclidean distance, the pairwise centroid distances 

between detected bounding boxes are measured. To check social distance 

violations between people, an approximation of physical distance to the pixel is 

used, and a threshold is defined. A violation threshold is used to check if the 

distance value violates the minimum social distance set or not. Furthermore, a 

centroid tracking algorithm is used for tracking peoples in the scene. 

Experimental results indicated that the framework efficiently identifies people 



walking too close and violates social 



distancing; also, the transfer learning methodology increases the detection model's 

overall efficiency and accuracy 

 

 

Fig 5.2: program output in interactive mode 

 

The model is trained on an overhead data set, and the newly trained layer is 

appended with the existing model. To the best of our knowledge, this work is the 

first attempt that utilized transfer learning for a deep learning-based detection 

paradigm, used for overhead perspective social distance monitoring. The 

detection model gives bounding box information, containing centroid coordinates 

information.. 

 
Fig 5.3: Log-In Page 



The Fig 5.3 the module detects the human objects. The difference between this 

case is that it is tracking a live footage directly from sources like cctvs or 

cameras. It also provides real time information such as number of human objects 

detected, location and all such details. Results of social distance monitoring, 

using transfer learning. It can be seen that the detection performance of the 

model is improved after transfer learning. In sample frames, the people in green 

rectangles maintain social distancing while in red rectangles are those who 

breach/violate the social distance 

 

 
Fig 5.4: Negative detection 

 
The Fig 5.4 shows that the human objects within the frame are inside of the 

threshold range and hence they are marked by a red aura. Note that this is still  

real time tracking and the output changes constantly live. However, in some 

cases, the person's appearance is changing; therefore, the model gives miss 

detections. The reason for miss detection may be, as the pre-trained model is 

applied, and an individual's appearance from an overhead view is changing, 

which may be misleading for the model. 

 
Social distance monitoring from an overhead view using a pre-trained 

detection model. In sample frames, the people in green rectangles are those who 

maintain the social distancing. The people who violate the social distance 

threshold are shown red in rectangles. The manually labels yellow positive cross 

shows miss detections. 



In this work, a deep learning-based social distance monitoring framework is 

presented using an overhead perspective. The pre-trained YOLOv3 paradigm is 

used for human detection. As a person's appearance, visibility, scale, size, 

shape, and pose vary significantly from an overhead view, the transfer learning 

method is adopted to improve the pre-trained model's performance. The model is 

trained on an overhead data set, and the newly trained layer is appended with the 

existing model. 

To the best of our knowledge, this work is the first attempt that utilized transfer 

learning for a deep learning-based detection paradigm, used for overhead 

perspective social distance monitoring. The detection model gives bounding box 

information, containing centroid coordinates information. 

Using the Euclidean distance, the pairwise centroid distances between detected 

bounding boxes are measured. To check social distance violations between 

people, an approximation of physical distance to the pixel is used, and a 

threshold is defined. 

A violation threshold is used to check if the distance value violates the minimum 

social distance set or not. Furthermore, a centroid tracking algorithm is used for 

tracking peoples in the scene. This portal can be logged in by both admin and the 

user. 

The admin can log-in to check the working of the portal and to maintain the 

database. The user log-in to access the portal and report crime. The admin 

provides the required security to the users so that the data does not get deleted 

or leaked. The user interface contains the log in or registers form. 

Experimental results indicated that the framework efficiently identifies people 

walking too close and violates social distancing; also, the transfer learning 

methodology increases the detection model's overall efficiency and accuracy. For 

a pre-trained model without transfer learning, the model achieves detection 

accuracy of 92% and 95% with transfer learning. The tracking accuracy of the 

model is 95%. The work may be improved in the future for different indoor and 

outdoor environments. 

Different detection and tracking algorithms might be used to help track the person 

or people who are violating or breaches the social distancing threshold.From the 

results, it can be seen that transfer learning improved the results significantly for 

the overhead view data set. 

The false detection rate of different deep learning models are very small, about 

0.7–0.4% without any training, which reveals the effectiveness of deep learning 

models. Different pre-trained object detection models are tested on the overhead 

data set. 
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