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ABSTRACT 

 

Whenever world is hit by any pandemic, it creates immediate global health 

crises due its deadly spread. Social Distancing is the key measure to control the 

spread of any pandemic in absence of immediate pharmaceutical inventions. 

Motivated by current world situation due to COVID-19, the research proposes 

real time detection framework for monitoring social distancing in public areas 

for current and any future situations. The detection framework is developed 

using Support Vector Classifier (SVM) with Histogram of Gradient (HOG) and 

pre-trained neural network models. The result of two models is compared in 

terms of dimensions of detection box area. The pre-trained neural network 

model trained using transfer learning is observed to provide better detection 

results. It is used to feed on real time video to compute the pairwise centroid 

distance of the features in three dimensional spaces using tensor flow package. 

The social distancing violation term is proposed to run the experimental 

analysis and displays the top view of the detection to give real-time view for 

security surveillance representing the colour change depicting alerts. 

 

 



5 

 

INDEX 

S.No. CONTENTS PAGE No. 

1 CHAPTER 1: INTRODUCTION 7 

1.1 Background 7 

1.2 Objective 7 

1.3 Transfer Learning 8 

1.4 Human Detection and Tracking  9 

1.5 SVM classifier 11 

2 CHAPTER 2: LITERATURE REVIEW 12 

2.1 Social Distancing 12 

2.2 Background study 13 

2.3 Related Work 16 

2.4 Comparative Study 23 

2.5 Available Dataset For Human detection 24 

3 CHAPTER 3: METHODOLOGY 26 

3.1 Research Philosophy 27 

3.2 Proposed Approach 29 

3.3 EXPERIMENT AND SETUP 33 

4 Dataset 33 

4.1 Data Preporcessing 34 

4.2 Modelling phase  35 

4.3 CHAPTER 5: RESULTS AND ANALYSIS 43 

5 CHAPTER 6: CONCLUSION 47 

6 CHAPTER 7: FUTURE WORK 48 

7 CHAPTER 8: REFERENCES 49 

8 CHAPTER 9: APPENDIX 48 

9 A 54 

9 B 54 

9.1 C 55 

9.2 D 55 

9.3 E 56 

   

   

   

   

   

 

  



6 

 

Tables of Figures 

Fig1: Transfer Learning model training 

Fig3: Depicts reduce in pandemic cases. 

Fig4: Evolution of detection technique 

Fig5: Workflow of framework proposed 

Fig 6: Support vector machine classification diagram 

Fig 7: Working of Cnn models with level of layers 

Fig8 Represent RGB conversion to vector 

Fig9: Sample Image from dataset  detection using HOG  

Fig 10: Downsampled image from the dataset 

Fig 11: ROC precision curve 

Fig 12: Video detection result rom the real time video 

 

  



7 

 

CHAPTER 1: INTRODUCTION 

1.1 Background 

 

The human race has been adversely affected by the pandemic for centuries. It became a 

global health priority to built strategies to mitigate severe widespread of any new pandemic 

since providing the general population with an effective pharmaceutical drug at the initial 

stage of epidemics is a challenging task. Implementing restrictive social distancing in public 

areas, closing non-essential areas, isolation, international restrictions, and lockdown are 

containment measures to reduce the mortality rate to an epidemic and the important measure 

to fight at the early stage of the spread as suggested by World Health Organization (WHO) as 

given in plan book (HHS Pandemic Influenza Plan, 2005). The current global pandemic has 

led to a global emergency and created massive health, economic, and social challenges to 

human lives.  

  

The deployment of an integrated system that detects human social distancing would help to 

establish safe environments for workers working at essential stores and public visiting. An 

automotive detection system will help the public to deal with the current or any future 

pandemic. Already built deep learning-based human pedestrian detection algorithm helps to 

determine real-time movement and objective an alert for minimum distance between two 

people. Building an effective system that will change future pandemics strain considerably 

from the ones seen currently and in the past is a priority task to mitigate the community 

spread by any epidemic. The detection is converted to real-time bird-eye’s view 

coordinates  Another important aspect is to propose an active surveillance system that creates 

appropriate detection without sending any false violation alarms to avoid any chaos during 

pandemics
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1.2 Objective 

The main aim to develop a real-time video surveillance system to detect social distancing in 

public areas amidst any pandemic. This will avoid the immediate outbreak of the pandemic 

until the healthcare area is dealing with the identification of the cause. The proposed paper 

uses a combination of two detecting models, one with traditional Linear SVM and a hog 

descriptor and another using a pre-trained deep neural network with transfer learning to 

achieve the resource limitations and recognition accuracy. The developed models can be used 

on real video streaming to monitor public areas. It is a combination of modern deep learning 

and linear geometric modelling to accomplish real-time needs with good prediction accuracy.  

The main contribution of the proposed work: 

 If people maintain minimum social distancing in public areas. 

 To ensure visitor’s safety without affecting business service runtime. 

 To help limit no of people at a given area to avoid any overcrowding. 

1.3 Transfer Learning  

It is the pattern followed to re built a problem using model which are pre-trained. The idea is 

not to run repetitive training tasks for each layer from scratch, it intelligently transfers the 

knowledge learned from the previous learning to the next one. The fundamental idea of 

achieving the accurate bounding box requires good quality of immense data. Using resources 

to train model in Deep Learning requires good availability of machine hardware requirement 

to run complex models and would significantly use computational cost if using the cloud. 

Pre-trained models help build a trained model from the previously created model. The models 

don't provide immensely high accuracy but save efforts to re-invent the model. The research 

uses real-time application of transfer learning as claimed by great research it will the 

progressive implementation of the new learning world in artificial intelligence.  (Cao, Wang, 
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Pingkun and Li, 2020) defines that for deep learning-based models, model maps between input 

features and its label. The pre-trained model's weighted layers are used for feature extraction 

but it doesn't update the weight of the model's layer for the training task. 

 

 

 

 

 

 

 

 

Fig1: Transfer learning knowledge transfer 

 

1.4 Human Detection and Tracking 

Today, AI has proved to be a tool to fight against the pandemic from accelerating drug 

discovery to predicting the disease structure, analyzing the radical measures, automated 

human body temperature detection to ensure a safe environment. The computer vision-based 

human detection traditionally consists of comprehensive surveys and absolute evaluation of 

major detecting algorithm. This research review and describes approaches for detecting 

humans in a video. Prior knowledge on challenges like video resolution, changing human 

poses, background capabilities can help to improve the performance level of 

detection.(Fernando, Denmen, Fookes and Sridharan, 2018). Human detection is an 

implementation of object detection used to detect human walking in a video or image. The 

human detection system is an advanced area of computer vision research that evolved from a 

variety of models from detecting through human body structure or the model appearing in an 

Labelled 

images
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image. The primary aim of detecting a moving object is to separate the frame from the 

background. The object detection can be achieved with quite a perfection with the objects 

placed in controlled areas, but it is still challenging to detect an object placed in occluded and 

arbitrary poses. Hence, detecting human movements to achieve social distancing requires 

efficient training and faster processing to understand people walking in different directions 

and poses. (Object Detection in Real Images, 2010) 

Motion capturing evolved in the 1980’s with the study of human motion. The analysis and 

understanding of video is done by separating moving objects from the static background. 

(Sridhar, Mueller, Oulasvirta and Theobalt, 2015) 

The process architecture of detection and tracking is broken into three main steps 

Human segmentation, detection, and tracking. 

 The segmentation is done to identify the pixels of each moving human in a video. 

Segmentation was explained by(Grimson and Stauffer, 2000) based on background 

subtraction system which passes Gaussian mixture to separate the background and 

applies two-pass grouping algorithm to segregate the pixels. 

 Human tracking is a domain of computer vision that tracks an object with a series of 

frames. Multiple humans in a video can be tracked using the idea of localizing human. 

Based on the tracked identities, the motion is analyzed. Tracking provides detection 

across the subsequent frames.  

 The detection of humans in motion is identified by breaking videos into frames and 

finding the correspondence target feature from one frame to the other frame creates a 

video sequence. Detection is a subcategory of tracking. The detection consists of a 

two-component step. First, the feature extraction algorithm encodes an image into a 

vector, and second, the recognition model classifies the targeted feature with the 

desired class.  
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1.5 Why SVM Classifier 

The base model uses detection with Histogram of Gradient(HOG) descriptor. The popularity 

and success rate of HOG feature formulated using SVM kernel weight margin is the source of 

motivation. The classifier provides enough kernel margin to create visual object classes and 

discriminate the noises and natural classes using pixels. The classifier visualise the pixel 

boundaries to support object boundaries.  The simple assumption of combining dataset to 

learn from a classifier that provides classification learning with tailored image experiment 

helps to encode feature model with informed predictions In paper (Pang, Yuan, Pan,2011)  

explained the improved working efficiency of the HOG descriptor. 
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CHAPTER 2: LITERATURE REVIEW 

2.1 Social Distancing 

Social distancing is defined as the rule required to put on the public to break the community 

contacts. On November 1, 2005, the Federal Government created (National Strategy for 

Pandemic Influenza: Implementation Plan, 2005) plans to respond to the pandemic and help 

prepare the global community to implement immediate strategies until various medical 

experts and healthcare centers undergo vaccine clinical trials. This helps manage the 

epidemic economic cost and would slow or stop the spread of the epidemic to some extent. 

The study results of targeted social distancing strategy show that with no availability of 

vaccine the local spread of the pandemic can be mitigated. The Asian pandemic of 1957-58 

and 1918 Spanish flu prove the decline in the spread rate. Studies from R, Glass and Beyeler, 

2006, have proved that social distancing may delay the peak rates and reduce active case and 

death serving to the epidemic. Both mortality and morbidity are strongly impacted by any 

pandemic disease. 

Recent research on the current pandemic COVID-19 caused due to respiratory shows around 

0.3- to 0.7-percentage loss of GDP growth. There is a crucial impact on the global economy 

apart from human loss. Due to restrictive moves, companies across the globe are 

experiencing reduce in production, supply-demand, and decline in human capital defined in 

the Risk journal. (Craven, Wilson, Liu and Mysore, 2020) 
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2.2 Background Study 

In 1963 Edward Hall, a cultural anthropologist introduced the term proxemics to define how 

to follow social distancing to avoid human closeness to protect from the virus transfer. 

(Proxemics, 2020) 

The history of social distancing is from centuries and started with the widespread of the 

bubonic plague in 1358. The epidemic had led to ceased functioning of population and 

understanding causes associated with the disease is beyond the capacity when the symptom 

measurement factor change with the growing cases of the epidemic. The infectious diseases 

are transmitted with more human contact, airborne transmission and droplet contacts while 

coughing or sneezing. (Weiss and McMichael, 2020) 

 The outbreak of pandemic diseases like Cholera, smallpox, polio, influenza were crude 

killers in human history. Historic data shows major human pandemics that occurred in the 

20th century have affected nearly 30 percent of the world population and leading to around 

0.2 percent to 2 percent of death among the infected ones as specified by  (Pandemic 

Influenza | Pandemic Influenza (Flu) | CDC,2000) 

The key takeaway from the 2009 pandemic, H1N1 influence, is mitigating the epidemic by 

addressing the social distancing practice and find out the response efficiency in the 

community and provide clinical guidance with each new symptom identified. The initial 

seeding can be created at an early stage of the epidemic with the onset prediction of limited 

parameters in the new geographical areas (Keeling and Eames, 2005). A theoretical study in 

journal (C. Reluga, 2010) performed on social distancing shows that a little behaviour change 

largely affects the transmission pattern of an epidemic. The practical analysis displays 

parameters and functional study of benefits of social distancing. It is equally important that 

the public put actions both as a community and an individual to predict the pattern and 

preventive measure of the epidemic. Social distancing is defined as a universal aspect 
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followed by people to reduce human contacts. This small change in human behaviours will 

influence large transmission pattern effects. The foundational approach used for past 

epidemics can help to build an epidemiological connection with the current and future 

pandemic situations.  The immediate occurrence of swine flu virus was identified with 

mathematical identification (NEJM, 2009) 

 During December 2019, several pneumonia cases of unknown cause were reported in 

Wuhan, China. This severe illness leads to the outbreak of current ongoing novel pandemic 

Coronavirus disease 2019(COVID-19 On 30th January 2020, WHO declared this as Public 

Health Emergency of International Concern(PHEIC). (Pneumonia of unknown cause – China, 

2020). 

The spread took to wide population since most of the population disbelieved it to be a 

seasonal flu. The closure to widespread came in action when government across the world 

imposed immediate curfew, school closures and stay at home campaign started across the 

social media to convince the young adults. Since, the symptoms are temporarily changing, the 

UNESCO declared worldwide closure and suggested countries to focus on immediate closure 

and social distancing. China has already recovered following all the extra-ordinary measures 

but to avoid the reoccurring of the virus, the country is following strict distance rules. For 

countries still under the recovering phase need to propose new business practices under the 

fast-changing situation to protect employees and find timely measures for economic 

uncertainties(Fernando, 2020) 

The empirical study of COVID-19 (BMJ, 2020) for  almost 149 countries suggests that 

average reduction of thirteen percent has been observed latest by July 2020.  

 Epidemiology is the biological study to understand the causes and factors of pandemic 

diseases. To predict the evolving parameter of the epidemic, the mathematical model creates 

meaningful decision-making abilities and builds an instructive conclusion. The mathematical 
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models act as a strong tool for examining the complex aspect of strategies building and 

measure the potential costs. The model creates a behavioural adoption of social distancing to 

limit the community contact and avoiding the transmission rate of the infection and incite the 

damage of lives, economy, time, and liberty of the people. The onset model can present an 

estimate for the pandemic spread (Ferguson et al., 2020) 

 In 1972, authors (Kermack and McKendrick, 2020) established a classical SIR(susceptible-

infected-recovered) model that was introduced for the study of the plague.  

This simple model predicts transferable diseases and infers the recovery resistance such as for 

mumps, measles. Consequently, various other advanced models were built using different 

approaches since the mid-20 century. Hyman and Li (2011) Developed the SEIR( 

susceptible-exposed-infected-removed) model which formulates the disease analysis where 

the movement of an individual is based on the infection spread. The latest advanced SIER 

model proposed considering the population exposed to the pandemic and their age to 

determine the incubation stage. As pe infection spread The population is divided into 

categories like: 

 

 

Fig  13 SIR Model 

 

Susceptible(S): Potential carrier of the disease. 

Exposed (E): Infectious but not infected yet. 

Infected (I): Currently caught the disease and probably can infect others. 

Recovered(R): Group who have either recovered or died from the disease. 

Susceptible(S

) 

Exposed(E) Infected(I) Recovered(R) 
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The model is developed on the assumption that a susceptible individual has come across the 

infected person who moves into the exposed (E) class before being infectious(I). 

When an individual reached the state R, then the individual either survived the disease or 

reached the population and these changes are mathematically represented as, 

 

 

 

 

 

The equations represent the Ordinary Differential Equations (ODE’s) and parameters used 

are α, β, and γ. which are expresses as: 

 α: Inverse of the incubation period.  

β: Population's average contact rate. 

γ: Mean inverse of the infectious period. 

 

Fig3 : Change in COVID-cases Social distancing Implémentations (Chandra, Singh and 

Bajpai, 2020)  

 

2.3 Related Work: 

The detection technique has accelerated in multiple aspects including improving the detection 

metrics, the evolution of multiple techniques. With the wide progress with both tradition and 

 NIa
N

I
S

dt

dS
,   

 NIa
N

I
II

dt

dI
,     

I
dt

dR
 



17 

 

deep learning theories, the effectiveness of detection has improved with time. The detection 

technique has changed broadly with time. 

 

 

 

 

 

 

 

 

Fig4: Evolution of detection technique 

  

Traditional Detectors 

 The traditional method uses hand-crafted visual recognition called Frame differencing 

introduced in 2004. The absolute difference between the current and background frame is 

estimated at pixel or block level in the background subtraction method. Researcher study 

(Joshi and Thakore, 2012) suggests that the technique failed to segment non-background 

objects and yielded sensitivity. The technique fails to extract features from objet in uniform 

texture. 

 

Viola-Jones Algorithm 

One of the best historic development was done by Papageorgiou (1998) using the Haar 

wavelet feature and trains the object class using Support Vector Machine. The Haar wavelet 
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is based on the Viola-Jones (VJ) algorithm proposed by P. Viola and M.Jones, 2001, that 

segment images by sliding through all possible scales in a given image. Feature selection uses 

the Adaboost algorithm which breaks features into small sets to detect from a large set of 

random features and detection cascades use multi-stage detection which relatively uses less 

computation time and targets the feature more precisely. This algorithm uses each window 

and proves to provide an accuracy level low. 

  

 HOG Detector 

Later, in 2005, authors (Dalal and Triggs) developed the more efficient technique for 

detection called Histogram of Oriented Gradients(HOG) which is an improvement to VJ and 

balances feature transformation using each pixel in the image and comparing it with the 

surrounding pixel to locate the contrast and further pixels are replaced by arrows with 

contrast difference. The HOG detectors perform this pixel rescaling at a 16*16 image grid 

and point out the major point of gradients(pixel color-difference). The detector uses multiple 

rescaling to attain the size of detection sliding window. This is a highly designed detector 

which is still into existence due to its capability to balance scale-invariant feature and dense 

grid computation. M.Werman and O.Pele(2008) suggested enhancement to HOG research by 

introducing a cross bin histogram metric. X. Wang (2014) created detection using the level of 

stages to find the variations in the discrete class object. The model used regions let known for 

extracting a feature from the local region at the same level and accounted for better accuracy. 
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Deformable Part Model 

The deformable part model(DPM) succeeded in real dataset detection by using a 

multiresolution design model to detect the pixels missed out in a single-template detector. 

The DPM system uses a disjoint pipeline to obtain features and classify bounding boxes to 

obtain high scores in the detected region. This technique uses a root filter to manually specify 

the size and location of the part filters. R.Girshick (Analyzing Multilayer Neural Networks 

for Object Recognition, 2014) developed a faster implementation of using compiling 

detection using cascade architecture. 

  

 CNN based Detectors 

 The slow progress of handcrafted features and their small gain with more computation led to 

the birth of neural network and in 2012 with the advent of deep learning, detection has 

improved progressively and enormously. The deep learning methods improved the accuracy 

level and handle complex tasks more efficiently. Deep Learning is a representation of 

machine learning which uses advance learning concept to built modes with graphs and 

learning from a different level of layers. This term was first termed in 1986, but the first 

neural network was built by Rosenblat in the 1950s. It wasn’t implemented fully during that 
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period due to its high computational requirement. The unprecedented growth of detection 

started when (R. Girshick,2014) proposed the first region based CNN model 

network. (Konstantinos, Iliadis and Dimitris, 2020). Deep learning-based neural networks 

suggest that though their running speed is less it creates a more informative detection model 

using the hierarchical multi-level process for image computation. Deep Learning convolutes 

the complex structure from the large set of data and the model learns from internal 

parameters created from past layers to the current layer using the back propagation method.  

Human detection has a rigid pattern of deformation and there is no set of body trends that can 

be followed. Hence, the deep neural network learns from one network layer. It generates 

learning layers and handles complex size, position, rotation, and features of humans in a 

video. Deep models emphasize contextual feature extraction and are divided into two stages: 

  

Two-Stage Detector 

 As the name suggests, the detection helps in two levels of stages. Firstly, the proposal is 

computed and next, the object is categorized. This type uses classification models like 

Convolution Neural Network(CNN), Region-Based Convolution Neural Network(RCNN), 

and Faster Region-based Convolution Neural Network(FRCNN). These are widely used 

detection technique among researcher as it generates object score before performing any 

classification and then further generates a bounding box for detection and statistical 

visualizations. (Ren, He, Girshick and Sun, 2020) 
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CNN method iteratively uses each layer to code and fine-tunes the network to detect humans 

on deep features. The method relates to a complex neuron structure in the human cell where 

each neuron learns from the subsampled layer and built a connecting structure. In 2018, S. Z 

created an occlusion aware system that reduces the error and detects best in crowded areas. 

The system integrates human visibility predictions by creating the pooling layer and provides 

a compact structure. 

  

Region Convolution Neural Network 

R-CNN is a region-based two-step process that utilizes selective search to generate an 

overview scan and then identify the location of the interest. The basic sliding window 

detection is replaced by region of interest. It predicts using the bottom-up grouping and 

provides accurate boxes for inconsistent sizes. RCNN significant performance led to the 

creation of overlapped proposals and which eventually leads to slow detection. To overcome 

this SPPNet was proposed (T.Darrell et R.) which uses RCNN to combine region features by 

combining large sliding window detection. 

  

Spatial Pyramid Pooling Network: 

In 2014,  (He, Zhang and Ren, 2014) introduced the detection using a Spatial Layer(SPPNet) 

which uses a fixed input image size to create the feature map to the entire image in one go. 

Further, it generates a fixed representation of pooling regions to avoid any repetition of the 

feature computation. The SPP fails to fine-tune connected layers in the region and Fast R-

CNN came into existence to resolve this. 

 Faster RCNN 

This improved detection method uses simultaneous train and bounding box creation with the 

same network setup. In Faster R-CNN, the detection network assigns convolutional layers to 
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extract the region of interest for object identification and creates objects scores for each 

location. This design changed led to speed up the detection and achieve high accuracy. This 

framework guides the classifier on where to identify (Jiao, et L 2019). It is a faster detection 

integration of the Fast RCNN network. 

  

Single-stage Detector: 

The one-stage detector uses one layer to predict boxes for input images without any region. 

These detectors are used for quick real-time tool development due to their efficient inference 

speed.  

These regression-based detectors use You Look only once (YOLO) and Single Shot Detector 

(SSD). Cai used the self-learned network to identify humans at different scales and extract 

the features at all the levels. 

R.Eshel concentrated on crowd scene detection to understand the repulsion loss and identify 

homographies to mitigate occlusion issues. 

(] R. Eshel and Y. Moses, “Homography based multiple camera detection and tracking of 

people in a dense crowd,” in 2008 IEEE Conference) 

  

You Only Look Once (YOLO): 

 YOLO is used to distinguish class probabilities and bounding box. It is considered to be 

better than SSD as it provides the object location by looking at the image in one go. Yolo 

fails to provide localization accuracy for small objects. The various network version has been 

implemented so far Yolo v1,v2, and v3 with the objective of improved accuracy at each level 

with multi-label classifications. Fast YOLO creates a strong fit for the new domain by 

providing the fastest detector promoting state-of-art in real-time. It is the first single detector 

technique that applies a single neural to the entire image. The improvement has been done 
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based on the coordinates for Loss function the splits into five parts to detect the class 

probability.(Ahmad, Ma, Yahya and Ahmad, 2019) used the self-learned network to identify 

humans at different scales and extract the features at all the levels. The presentation of spatial 

with each bounding prediction gives multiple bounding box and model struggles with bunch 

representation of object classes as explained in paper. (Redmon, Divvala and Farhadi, 2016) 

 

  

Single Short Multi-Box Detector(SSD): 

SSD is a simple method to eliminate object detection on pixels. It generates features in one 

stage which makes it easy to train and create a straightforward system. The detector is built 

on the principle of feed-forward convolution method for creating a fixed score for bounding 

boxes as explained in paper (Liu, Anguelov and Erhan, 2016). It is significantly used for its 

multi-resolution and multi-reference detection property used even for small object detection. 

The detector detects objects on different layers while other detectors detect on the top layer 

only. 

  

2.4 Comparative Study: 

The COVID-19 outbreak and with the availability of advanced techniques several social 

detecting social distancing tools are being developed. The real-time social distance model 

developed by (Punn, Sonbhadra and Agarwal, 2020) states the violation index and human 

tracking using Faster RCNN, SDD, and YOLOv3. The author uses direct models on video 

which doesn't suggest the testing evaluation parameters. 

 (Yang et al., 2020) created critical AI molecular camera-based social distancing detection to 

avoid overcrowding the detection which was tested on three different datasets. The train set 

had missing detection where human density is high and present in occluded positions, yet the 
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author created analysis to prove social density was valid. This study (Keniya and Mehendale, 

2020) creates a dashboard that creates a count pie chart to find a social distancing violation 

and doesn't hold any model evaluation. (Han, Shen and Liu, 2016) created drones using deep 

learning to find out if a person is wearing a mask. The drone uses the yolov3 algorithm to 

check the crowd to find out the individual without masks. These recent studies on social 

distancing in terms of COVID-19 creates good social distancing detector when tested on a 

one video frame but no in-depth model evaluation and testing has been done to prove long 

run correct estimation on the detection system. 

The table illustrates the human detection accuracy and its detection rate for the traditional 

methods based on observation from the different research papers under various 

circumstances. These are the reference observation with critical study done on the papers. 

Papers Algorithm Detection  Accuracy 

Human Detection (Raghavachari, 

V2015) 

Frame differencing 0.88 0.42 

HOG human Detection (Pang, J,2011) Hog + linear SVM 0.82 0.57 

Human Detection (Raghavachari, 

V2015) 

Hog + Rbf SVM 0.85 0.73 

Deformable Human Detection(Chao, 

2013) 

Deformable model 0.61 0.83 

Table1: Comparison of various detection models 

 

2.5 Available Datasets for Human Detection: 

Based on understanding all the dataset literature research, the comparison table suggests that 

establishing human detection using INRIA Person Dataset with its static availability of 

positive and negative image sample. This dataset is used for training due to its simplest 
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format and annotation availability. The dataset help recognize situations under which other 

detection methods fail to perform. The dataset will create a smooth identification and will 

provide the bounding coordinates with better representation. This availability of data with 

single annotations, multimodal representation and segmentation will perform progressive 

understanding of the research. All the history and related work study establishes a picture 

how computer vision works and object detection application in human pedestrian detection 

with the current situation reviews.  

The dataset contains wide variety of viewpoints, and illuminated background that provides 

efficient quality to use for training and testing the train model. The Caltech dataset proves to 

be the extensively used dataset for pedestrian detection but the data format availability and 

vastness lead to inappropriate processing of data.  The use of simple data with humans 

present in various poses, position, sizes will create an appropriate task for the detection 

 

Dataset Description  Year 

MIT  Widely used pedestrian dataset built using LabelMe(Cdc.gov, 

2000) 

2000 

Caltech Famous dataset used with benchmarks. Problem occurred in 

converting the seq files and annotation files. (Caltech Pedestrian 

Detection Benchmark, 2009). Need huge time for extraction 

2009 

INRIA Dataset divided into positive and negative sample with good 

images. Widely used for HOG. 

2005 

CityPerson Cityscape dataset, images similar to Caltech Dataset 2017 

Kitti Images from the pedestrian in traffic analysis. Supports good when 

detection multi objects in the frame  

2012 

Table 2: Comparison on various datasets 
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CHAPTER 3 METHODOLOGY 

The research methodology explains the critical analysis of the overall study of the research. 

This section defines the learning path and an in-depth analysis of the area being studied. It 

helps to apply the training for the problem in study and obtain conclusions from the scientific 

techniques. (Rajeshkar, Philominthan and Chinnathambi, 2013) 

 Various libraries, datasets, and algorithm models are used to yield highly efficient human 

detection. This chapter is a walkthrough of the research method and models adapted to 

develop the model that precisely describes the human bounding box. The right bounding box 

accuracy is important to calculate the mathematical distance between two people to 

understand if there is any social distancing violation. The research uses two detecting 

techniques HOG-SVM and deep neural network approach to evaluate a model that detects 

humans in a video. This machine learning-based system will create an automated solution for 

cameras to run fast-paced detection to alert people based on their social distance. Thus, 

leading to immediate containment measure across the general population to live across the 

essential buying and restrict the global impact of the pandemic. The detecting tool can be 

combined into security cameras in public places, work areas, and, factories. The detection 

tool detects distance in red where anyone violates the minimum distance, the system can be 

used to generate an alert alarm to remind people to maintain a safe environment. As per the 

current pandemic, the countries that are trying to reopen again to avoid economic loss can 

follow this to avoid any risk of second peak waves. 

This section gives the brief explanation on methods used for research. Section I explains the 

philosophy, this represent the workflow of the detection system created and how it can be 

achieved. Next Section describes the architecture of models proposed for achieving the target 

result. The implementation of these models is further taken to the next chapter. 
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3.1 Research Philosophy: 

 The main objective of computer vision is to let the machine understand and analyze the 

image information. This attempt to recognize and categorize the objects present in the image 

surrounding. This practice uses idea of human vision to translate images into a binary format 

based on image factors. One such idea of human detection and tracking can be built using 

crowd analysis with the tracking system. The system built can be used to detect human 

moving in any direction, and pose (Build your Social Distancing Detection Tool using Deep 

Learning, 2020). The presented research utilizes human detection framework and tracking 

model to fight the spread. The tool’s implementation flow is divided into three main steps. 

1. Detection 

It is the first step to identify a human presence in the video. The prime task to achieve 

here is to find humans present in any position, pose, or context. To solve the detection 

complexities, the detection uses modelling techniques HOG descriptor and SVM 

trained model, second, deep learning pre-trained convolution network. Further, non-

maximum Suppression (NMS) rule is applied to detain any over fitting risk involved. 

The best model is fed to the frames of real-time video for human detection. The best-

suited model is used on the frames of the video.  

2.  Measurement: 

Once the human bounding box is detected accurately the model employs the pairwise 

distance between two humans to compute efficient vector representation that 

distinguishes batch of people violating the minimum distance limit. Since the CCTY 

cameras area of the video is limited to certain distance length, the research uses blue 

coded are to consider as the area under CCTV observation which assist humans 

present only in the blue coded area. Each individual thus detected in the video is 
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connected to the detection space with 3-dimensional feature representation with 

(x,y,d). The distance matrix is obtained from the bounding box centroid calculated 

with its edges and the colour alert property is used if any neighbouring human 

walking besides forms a group. 

3.  Calibration  

This method is used to detect the video to find out the perspective view from the 

video which helps to create a bird’s eye of human walking and based on the 

assumption that all humans are present in the same ground plane. The distance is 

scaled with creating common ground and human vertical, horizontal movement. The 

input video taken is viewed from an arbitrary position, and all four corner points are 

selected to map the points to create a top view. This creates a transforming view for 

the entire video. 

 

 

 

 

 

 

 

 

Fig 5: Workflow of framework proposed(Appendix) 
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3.2 Proposed Approach 

With no prior experience in computer vision based deep learning research, the given research 

was initially focused to build the detection model on HOG and Linear SVM algorithm. It has 

been preferred at the first sight since deep learning neural networks uses large dataset and 

high computational power to train on really huge dataset to create each training layer.  It has 

been observed that HOG despite the method being a decade older it still provides outstanding 

results even today. Further, with more exhaustive literature study, it is found that  deep 

learning based pre- trained models can be used with the given  time constraint  of the research 

work. The pre trained models are built using transfer learning. Transfer learning uses 

knowledge transfer technique that processes the targeted task with vast computation and the 

resources used on skilled from huge datasets. It makes the detection process lot easier by 

training the model on relatively less data. Here, the neural networks are trained models which 

help to reuse them depending on the desired task. The traditional deep learning models take 

days or weeks to train on the datasets to produce good quality results. Also, training on deep 

neural network involves complex architecture and require millions of annoted image 

parameter. The pre trained models are used with fewer modifications and convolution layers 

can be used as feature extractor. These layers can be removed with the feature requirement 

and can be combined as the data is moved on. The research builds this neural style transfer 

technique to build the detection and is preferred for its great performance with optimized 

results. The two modelling techniques are compared based on their performance measure to 

be used on the real video for human detection. 

 

 



30 

 

HOG and SVM classifier: 

The Histogram of Oriented Gradients descriptor uses the idea of localized cells to maintain 

geometric invariance and transformation. SVM is a supervised learning model that divides 

classes using a hyper plane. Hyper plane uses line of decision boundary to separate the 

classes. SVM models use various kernel types and the presented research uses Linear one. 

The HOG descriptor is reviewed under the literature section and SVM works with kernel 

trick to map data points that are inseparable. This is visualized in the figure below. Various 

kernel settings are used to specify the dimension. Kernel function is defined as vector input 

placed in the original space which return dot product vector in feature space. The vectors are 

placed in high dimension with the product transformation. SVM uses linear, radial and 

polynomial as the kernel types. 

 

 

 

 

 

 

Figure6: (Support Vector Machines, 2016) 

The generic schematic of HOG descriptor classifier using SVM is as per the given HOG 

architecture. The Hog Descriptor uses only 64*124 pixels images to run the computation. It 

follows the Histogram distribution to find the directions of edges in the image. As defined in 

the literature review, the hog features are extracted from the image and normalized to use for 

the training to the SVM classifier. The HOG computation is a repetitive step since it uses 

sliding window at each pixel to outline the intrinsic scale from the image. The figure 

illustrates the HOG descriptor process visually  
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Deep Learning Model: 

Convolution Neural Network is a concept of Deep learning and its working method is similar 

to that of human brain neurons. The Deep learning system recognises the structure and 

pattern using different processing layers. Deep learning improves performance tasks, 

recognition ability, and detects the pattern in the image. The system architecture of CNN is 

based on max-pooling layers and convolutions. The convolution layer is the input layer to 

frames and the videos fed to the system. The performance activation filter is employed on 

pixels of the images. The filter is repetitively generated for all the pixels of the picture to 

create the feature map. Further, the feature map is fed to Rectifier Unit to convert the non-

linear values. The result obtained from the feature map is utilized to locate object 

identification for the image. The generated values from the feature map create the detection 

accuracy. This is the learning ability of convolution neural networks by learning with the 

large filters created from the trained dataset. Thus advanced level filter created on images or 

video frames provide accurate identification. 

 

 Working of CNN 

The classifier model applies weights and bais to the images for the classifier o differentiate 

different object at the time when an image is fed as input. The CNN models use the ConvNet 

layer to perform the pre-processing which is why computation time is less in comparison to 

any other algorithm. ConvNet layers use filters and provide object classification by extracting 

features from the object. This layer uses the pairwise extraction method of spatial and 

temporal structures using consecutive frames rather than a single frame. 
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Fig 7: Working of Cnn models with level of layers 

 

Input images are extracted from the RGB layer. This layer seperates the image planes into 

Red, Green, and Blue. ConvNet reduces the layer into machine understanding without 

loosing any feature in the image and thus helps to produce good predictions. 

 

 

 

 

 

 

 

Fig8 Represent RGB conversion to vector 
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CHAPTER 4: EXPERIMENTS AND SETUP 

The task here explains the implementations of HOG and SVM classifier and pre-trained 

network model. The section gives brief about the Dataset used, preprocessing steps and 

analysis if any. The training model used and their evaluation results. Further, the model is 

implemented on real time video to run measurement to find out the centroid distance and 

explains how bird-eye’s view is created from the static video.  

4.1 Dataset: 

The focus of this research was to use a dataset which is publicly available with annoted files. 

Labelling and collection of data utilizes huge time and leads to improper data if thorough 

evaluation is not done.  The Caltech dataset proves to be the extensively used dataset for 

pedestrian detection but the data format availability and vastness lead to  inappropriate 

processing of data.  The use of simple data with humans present in various poses, position, 

sizes will create an appropriate task for the detection.  The dataset represent both positive and 

negative samples and this simplicity of data doesn’t create difficult in object class extraction.  

It contains images from various sources and normalized presentation on images makes it 

easier to create the HOG descriptor as it takes additionally few days to resize the sets of 

images. The dataset contains train and test images. The training folder contains 2416 positive 

images and  1218 negative images with annotations in training set. For testing set, it includes 

1126 positive images and 453 negative images. It contains set of normalized images with 

representation og 64X128 pixels and 70X134 pixels. The total size of the data set is around 

1.05 GB with each static image and their annotations. 

Due to COVID restrictions collecting video was challenging, hence the test video is taken 

from (PETS, 2009)  which has been used widely to count number of people in the image and 

fits best for the desired task.  
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4.2 Data Pre-Processing: 

It is important to convert in the read format for the python to use the image dataset.  An 

image is a two-dimensional array presentation that uses pixel range of 0-255 to present the 

distortion range. Mathematically give by (x,y) coordinates where x and y represent the 

horizontal and vertical co-ordinates respectively. 

Read Image: The first step is to set the positive and negative images to the path variable for 

the easy extraction. The images are presented in array using for loop. 

Resize Image: The dataset is resized to desired format to feed to the HOG descriptor and 

convolution model. The first variable stores image in grayscale format for machine 

understanding and set the resize parameter later. Various different image formats and it sizes 

are available when images are captured using various source as camera, or video frames.  The 

normalised images are stored using numpy array. 

 

 

Fig8 Sample Images from the dataset 

The pre-processing steps describes the use of python package OpenCv with numpy array 

(Open, 2018). The labels are extracted from the positive and negative image sets. The images 

are fed to the system using OpenCv Library in Python which provide wide support for images 
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stored in png format. The jpg format files are not readily available for resizing and had to be 

converted to png. OpenCv contains all the supported modules to achieve the conversion 

tasks. Labels are assigned to the images using numpy array package.  Preprocessing code-

snipet is described in appendix. 

4.3 Modelling Phase: 

This area represents the training steps attained for feature extraction and then using the train 

model to evaluate on the test data. Steps are defined for baseline and deep neural network 

model. 

 

Primary Model 

The HOG descriptor is used as label extractor to extract human from the images and these set 

of images is trained using Linear SVM classifiers. Technically, the hog descriptor states that 

images of human being detected contains subsequent equal size across the centre, background 

and the context whereas negative images can be any shape, size. The steps involved for the 

model implementation are defined (Appendix) 

 

Normalise Data: The pre-processed images are stored and significant HOG feature is 

extracted from each positive and negative sample. The Hog features and corresponding label 

is stored in array list. The HOG parameters are defined with the official paper described.  The 

Hog uses gamman correction to normalize the images. The image is set to window size of 

64X128 and then converted to RGB and gray scale model. HOG feature extract from RGB 

model. 
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Fig 10: Down sampled image from the data 

Hog gradient: The HOG parameter describes the image with the parameters as defined in the 

official paper. This is the key step as it extracts the desired features from the images and is 

crucial as training can be affected if this part goes wrong. The extracted features and labels 

are stored in a python list. The gradient creates he histogram orientation required to compute 

the good accuracy. The HOG gradient uses simple matrix to calculate the images distance 

from horizontal and vertical points to achieve the approximations. The Hog descriptor uses 

below image gradients mathematic approximation to extract the feature array 

The gradient direction is computed by:  

 

 

Where: Gx is the horizontal image gradient derivation 

Gy is the vertical image gradient derivative. 
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Further histogram creates element array corresponding to the element occurance. For 

instance, in a given image histogram box represents pixels with the same color. Histograms 

converts the data space to real values.  Each pixel value of histogram H is represented by: 

H(a)= H(a)+ NG(x,y) 

The binary images chosen from the histogram creates sub-images. The pixels are further 

subdivided into array of different components that normalizes the data with factor f: 

  

  

This vector assembles all the pixel block to represent the vector component in one 

dimensional array. 

 

Train-Test Split 

The Hog feature and ground truth vector which uses label representation are used for train-

test split. The feature descriptor defines block  of negative and positive sample is combined 

and shuffled, converted into input format for the SVM classifier training with the right labels. 

The training set with X_train and Y-train contains around 14600 features with their 

corresponding labels. The train data uses SVM classifier with kernel as “rbf” as any non-

linearity can be handled by this, keep probability set as True. The trained model uses 

normalized X and Y values.  

Further, sliding window is used over each image to find the bounding box of the image 

before and after suppression. The bounding detection is reduced to average area if there are 

multiple bounding boxes. 
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The trained SVM model is tested on the test image dataset of INRIA which is extracted using 

the same hog descriptor. The test and train accuracy is compared and specified predicted 

accuracy of around 65% proves to be a descent one. However, SVM using GridSearch can’t 

prove to work for the model as it would take days to run on the dataset features extracted 

around 12960 features. Hence, it classifier is not the reason for overfiting. Model struggled to 

predict due to high positional difference of human placed in test data and somewhere 

classifier failed to compare the negative features. The design model of Hog and SVM 

classifier specifies the process steps taken to execute the Python code.  

 

 

Figure: Sample Image from dataset  detection using HOG  

 

 

Deep Convolution Neural Network 

The precise understanding of object detection leads to the careful representation of the object 

detection and its learning model. The Deep neural based models architects the shallow 

problem not handled by traditional methods. This mlti layer technique uses two comparative 
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technique 2 layer and l-layer. The pretrained models are available in tenforflow api. It is the 

extensive API which is available open source framework for the programming and helps 

achieve range of tasks. The tensor uses nodes representation to perform the mathematical 

operations and represent the edges using tensors. Tensors are multidimensional array and its 

various features can be implemented using Tensorflow. The same implementation can be 

implemented in the model defined below. 

 Feature Extraction: The dataset is stored in hdf file format for neural network 

extraction. The preparation to train the classifier involves tuning the data and the 

sample was divided into 60 percent train, 20 percent validation and 20 percent test. 

Further, each image is fed in the shape of (height, width, 3), 3 represents the RGB 

channel and stored in numpy-array. Further, the training and test numpy array is 

converted to flattered images which reshape the image to a single vector. The color 

pixels of images are represented using the vector range of 0-255. This is done to 

standardize the dataset, converting the numpy array mean and dividing standard 

deviation of each array value. The model here uses three main steps of initialising 

parameters, measuring cost function and gradient, and using the gradient descent 

algorithm.  

 Layers:  The modelling layer in this research uses two layers two layers and L-layers. 

The parameter propagation computes the cost function and its gradient. Two-layer 

uses single hidden layer and L-layer uses multiple layers. The layers uses epochs 

learning to analyse the default training cycle of the training set. 

 Parameter Initialisation: The parameters define the corresponding vector and scalar 

of the input images. After, parameter initialization, the parameter learning step is done 

using forward and backward propagation. Forward propagation function compute the 

cost function and the gradients for the propagations.  The parameters for both L-layer 
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and two –layer network are specified. Two layer uses random initialization for 

defining the weight matrix and zero initialisation for bias. L-layer uses complex 

structure to initialise weights and bias.  

 Propagation and Model Functions: The forward propogation module computes the 

linear equation using the given representation. The propagate function helps cimpute 

the gradient loss. With these parameter values, the cost function learns from J to 

minimize the loss. The rules are applied to the learning rate. 

 

 

  

 

 

Linear Activation Forward module uses two activation functions for the process. Sigmoid 

function returns two values A corresponding to backward function. Relu function creates the 

activation function. First it uses linear function and then Activation function to compute the 

forward propagation. Cost Function checks the model learning cost function is computed. It 

is a decision boundary to evaluate how much loss has been witnessed. The learning rate is 

specified to know how soon the model learns. 

The dataset is loaded using the load data function and all these parameter function are run on 

the train, test and validation data which is split into 60, 20 and 20 respectively. The train 

model is evaluated on the test set.(Appendix) shows the brief utilization of these functions 

step by step. All the functions are overall structured to put in the model which together 

creates the cost function after every epocs value and displays the learning rate and accuracy. 

With the parameters and learning rate used the 2-Layer models gives much more accuracy 

and these factors are further discussed into result section. 
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Video Feed: 

The results and evaluation parameter needs to be analysed to find out which model to run on 

the video used for testing. The video is divided into frames to run the detection and human 

bounding box are analysed to find if the detection is done the right way. However, the 

selected model once passed through the video is used for the second set of social distancing 

detection. 

The model selected is fed into the code using the tensorflow graphs which predicts the output 

from the each video frame. The frames are converted using Opencv and displays the output 

based on chosen model. For each frame passed to the model, it calculates the bound box 

coordinates, class of prediction. Since model prediction is done on to some threshold are then 

human moving out of the will be considered as weak entity. The centroid of the bounding box 

is build using 2 bottom points of the human detection. Further,  math.sqrt() function builds 

the threshold distance of the pixels. 

    

 

Fig 12: Detection result from the neural network testing on the video 
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Motivated by (Adrian,2020) implementation, the model creates the top view to find the 

transformed view of the image. A function is created that uses four corner point to transform 

image marix. OpenCv functions are used to run the computation. To execute the proposed 

code MacOs operating system is used  with intel Core i5 processor with 8 GB memory. The 

python modules and its usage is defined in the Appendix C with the pseudo code for all the 

 models for better model preparation understanding.  All the result and evaluation process is 

defined in the next section. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER 5: RESULTS AND ANALYSIS 
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To analyse the end result multiple performance metrics are used to figure out the performance 

of the train and test dataset. Baseline model is evaluated based on the accuracy score using 

curve plot and for the pre-trained models the optimization is figured out using the parameter 

tuning as it varies depending on the datasets and the optimisation technique. 

 

Primary Model: 

 This model was evaluated on the measures prediction summary of the models. The four 

terms defined for measuring the evaluation are the  true positive(TP), false positive(FP), true 

negative(TN) and false negative(FN). The key idea is to identify the key error made by the 

classifier. The model area under the curve and the receiver operating characteristic 

curve(AUC-ROC) curve displays the probability score of predictions and threshold value of 

the model. This is used to differentiate between the both negative and positive class samples. 

The classification accuracy call display how well the model performed and   precision was 

used to depict the frames which have been detected truly by the model. Recall defines the 

truly labelled results. 

 Accuracy =        
FNFPTNTP

TNTP




                      

 Precision =        
FPTP

TP


                                             

 Recall =            
FNTP

TP
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Fig: ROC precision curve 

The model fails to provide exceptionally poor performance results for the detection. 

However, it has been observed that correcting the gamma function, block size and gradient 

filter combination helps in the great detection results. The investment was not done to tune 

the model as the HOG features extraction takes around 5 hours to extract and if the operating 

system sleeps, it eventually had to run again and overall performance of the computer system 

is difficult to handle. Knowing the bounding box detection area, it was not recommended to 

further use the model as this will impact the distance measurement results of the detection 

system. 

 

Secondary Model: 

The two pretrained models used have been trained with default parameters and result analysis 

is done by changing these parameters to analyse the performance based on the changes. 

 Layers dimension: Implementing two layer model uses less computation time and 

yields good result. 
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 Learning Rate: Change in learning rate is non-deterministic, it depends on the data 

and optimiser. However, it is well know the increase in learn rate reduces the model 

train time and same has been analysed with different learning rates. 

 Mini batch: Mini batch is tested on one set of modelling as it takes huge computation 

time and the result  

 Number of Epochs: The training epochs have been kept two range 1000 and 1500 as 

extending more than to this will give unbiased results. The change in the training 

epochs is expected to yield better results. 

 Layer Dimension: Change in ;ayer dimension was expected to yield better accuracy 

but two layers performs better than 5-layer model 

 Learning Rate effect: The accuracy is best proven for the training model with rate of 

0.075. The learning rate have significant role to play in the accuracy rate  The 5 layer 

model with L2 regularisation and gradient descent performs worst and the one trained 

with two layers and significant rate of learning 0.075 performs better than the other. 

This process is slow and tedious, if tested on GPU high end result preictions would 

have been attained. 

 

Learning Rate Layer Train Accuracy Test Accuracy 

0.075 2 85.3% 77.7% 

0.009 5 59.6% 62.09% 

0.01 2 59.67% 62.09% 

0.001 5 62.56% 74.3% 

0.0001 2 52.2% 56.6% 

Table 3: Accuracy with different layer training 
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Fig12:  learning rate predictions of few tests 

 Training Epochs set:  It is theoretically proves that increasing train set epochs should 

result better result and the model learns more feature , this has been simultaneous 

observed that model with 1500 epochs has significantly performed well than the one 

set to 1000 as if anything missed in learning cycle will add to more when no of 

training iterations are more 

The bounding box results from the models thus used depicts that pre-trained models 

works effectively great if the computational speed is high, best results can be obtained. 
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CHAPTER 6: CONCLUSION 

The key takeaway from the research includes the broad understanding of image classification 

using the pre-trained techniques. The key takeaway from the intrinsic research on the project 

has created a better knowledge on deep learning models. The fact that pre-trained models can 

be used effectively to tackle huge datasets and problems faced by machine learning. It is one 

roof concept that establishes well defined detection for any classification object. The machine 

learning SVM classifier is a great classification model if the features are extracted the right 

way. The Hog descriptor could have been improved changing the gamma qualisation which 

equally effects the scale derivate of the detection descriptor. Various issues have been 

witnessed while working on the research. The most important area is finding the image 

dataset which is suitable for the desired task. The online platform consists of images in vivid 

format and they need to be through processed before moving further. The deep learning 

modelling suggests the advance level of detection that can be attained. 
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CHAPTER 7: FUTURE WORKS 

With the changed lifestyle of the current pandemic basic measure are to be taken to slow the 

process and this research created a proof concept that help to create the monitor system and 

have not been tested in real due to restrictive movements. The detection might yield vivid 

result when tested in real time and improvement can be visualised. Gathering proper dataset 

to meet the requirements with the desired task is an important task. Brief data analysis has to 

be done attain the quality data without delaying on the modelling.  Though this research uses 

pre trained data for the secondary model but the experiments analyses proves that proper 

understanding of using combination for learning rate, no of epochs is important to achieve 

minimum loss. As this leads to high computation time of yielding results in rates. Using 

cloud storage to run the HOG descriptor would have helped to run iterations on the model. 

The research was inclined to test the models on another pedestrian dataset Caltech but due to 

vastness of the data, it needed more time to understand the data. The analysis could have been 

more robust if faster model which have been adapted by researches very recently might have 

helped to remove occlusions. The long term achievement can be attained by following the 

transfer learning based models followed by keras, darknet which proves to yield faster 

implementation results. Implementing the detection system with count of people help 

business to stop people from not coming the the stores or work area for not more than he limit 

stated. Future business implementation would be connecting the alarm system or alert 

message to let people know they are violating the minimum stated rule or can be configured 

via GPS to the devices if this is for a workplace and company wants to make sure employs 

are working in safe environment 
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CHAPTER 9: APPENDIX 

 A 

Packages used to build the tool: 

Numpy: Fundamental packages to create lists and load data features in Python 

Matplotlib: graph plot library 

PIL: Image testing model 

H5py: To store and load h5py files. 

Sckit.learn: Library for scientific computing. Taking evaluation scores, train test 

split, classifier 

Pandas: data manipulation tool 

 

B 

1. Requirement_1.txt gives working environment for HOG and SVM model 

2. Requirement2.txt given working environment for Deep Neural network models 

C Workflow of the detection: 

 

1. The object detection models are developed with various feeding requirment. 

2. The best trained model is fed to the detecting video which generates the bounding 

boxes and the people identified with color representation. 

3. Each individual thus detected in the video are connected to the detection space with 3-

dimentional feature representation with (x,y,d). Here d represents the depth of the 

human detected and (x,y) donates the centroid cordinates of the human 

detected. Mathematically the depth is calculated as: 
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The bounding box is computed by the given equation: 
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4.  The distance matix is obtained from the bounding box centroidcalculated with its 

edges and color property is used if any neighbouring human walking besins forms a 

group. 

5. Mathematically the social distancing violation is representd as  

Vi=np/ng 

Where np: Number of people in close proximity 

 Ng: No of people in cluster identified 

 Vg: The violation Index  

 

D Pseudo Code: HOG+ SVM 

1. Input image pre-processing 

 Computing the image for machine read 

 Resize to HOG descriptor 

2. Using HOG parameter to compute the  

3. Training: Using SVM kernel to fit the train model 

4. Testing: Testing the model with the test set 

5. Evaluation of the metrics. 

6. Computing the image for machine read 

7. Resize to HOG descriptor 

Pseudo Code: 

1. Input image stored in hdg file are extracted. 

2. Train- test split of 60 and 40 respectively. 

3. Define the model. 

4. Initialise the model parameter 

5. Use loop to: 

Calculate the current loss (forward propogation) 

Calculate current gradient (backward) 
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Update gradient parameter 

6.Merge all functions to Model parameter/ 

7. Evaluated the model by changing the parameters. 

 

 

 

 

        

                  

 

 

 

 

E. The Code is self-explanatory. All the function used and defined have been well 

structured. Each code function is explained before using it. Refer the artefact file to access 

the whole code view. 

Start 

Pre-process Dataset 

HOD Feature Extraction 

SVM Training 

(with label 1 to positive 

Hog feature and 0 to 

negative) 

Detection 

Get SVM 

Model 

(e.g. svm 


