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Abstract— The aim of this paper is to propose a model that aids
in estimating crowd density of a particular area as well as in
the means of social distancing as per certain guidelines. This is
done using model based multi-source approach. This model
surveys a small public gathering where manual counting is not
possible. This is done by extracting input video frames and
processing each frame and passing it into the model for further
detection and implementation. The concept of object detection
is used to detect individuals in the given survey feed. The model
then computes the number of people present in the area. The
distance between people present in that place is also computed
using Euclidean metric. These parameters aid in ensuring that
the particular area’s social-distancing guidelines and protocols
are being followed. The proposed model is based on YOLO, a
deep learning algorithm which performs the function of object
(here-human) detection and helps classify the required
parameters required in this project. This algorithm will be
described in detail ahead in the paper.

I INTRODUCTION

Crowd analysis and monitoring is an essential task in public
places to provide safe and secure environments. In past
decades, many crowd disasters have taken place due to lack
of crowd control management. Even though crowds are
made up of independent individuals, each with their own
objectives and behaviour patterns, the behaviour of crowds
and individual feature have been widely understood in order
to have collective characteristics that can be described in
general terms. Crowd data such as density and flow are an
important factor in the planning, design and management of
public facilities subject to dense pedestrian traffic.

In the recent break out of the COVID-19 pandemic social
distancing and limited crowd gathering play a major role in
the safety of people. This project and the model proposed is
an attempt to have a system that estimates crowd density as
well as makes sure social-distancing guidelines are being
followed to ensure public safety.

This project revolves around the counting of the crowd using
model-based multi-source approach method. It involves
taking into consideration a small public gathering where
manual counting is not possible. It begins with an image
processing step which then goes on to detect humans in this
area. Final computation step involves calculating number of
people present and the corresponding distance between
them. This is done to ensure social-distancing guidelines are
being followed in accordance. As a model, to monitor
human crowd is the need of an hour to ensure no guidelines
and protocols are tempered with, in a public place.

ILLITERATURE SURVEY

Object detection and image processing both have been
studied extensively and are in fact still in  the works to be
made more efficient and prevailing. With machine learning
and deep learning advancing in the last few years, several
classifiers and algorithms have been developed and many
are also in the works of further research and improvements.
Initially, Haar wavelet transform (HWT) for image
processing and SVM for classification was proposed in
2001. [14]. This paper proposed a vision-based approach but
lacked in detection efficiency. Over the decades, crowd
density and analysis prevailed and improvements were
made.

In 2011, a paper was proposed to work on a density-based
approach to human detection and crowd analysis. A baseline
tracking procedure consisting of detection, geometric
filtering and agglomerative clustering was computed. This
made sure to improve detection as compared to earlier
paper.[15]. In an attempt to focus on SVM classification,
video-frames were collected meticulously so as to create a
data cluster that automatically pre-processes the SVM data
sets. This minimized the presence of noise key frames [16].
A paper using k-means clustering was also proposed which
estimated the number of pedestrians which was used to give
speedy results in low density crowds. [11]. Fourier analysis
were also implemented in order to detect in a largely dense
crowd video frames coupled with head-detections, interest-
point based counts and the use of confidence maps. [18]. The
area of image processing also involved the usage of gray
level co-occurrence matrix (GLCM) whose characteristics
were used to feed into SVM data for further classification.
[12].

In 2015, the use of an extensive dataset provided by
Microsoft COCO made image processing and labelling
easier. It used the concept of bounding boxes while labelling
which gave further clarity in detection and made room for
future scope in object detection.[9]. In the coming decade,
the use of a new, faster deep learning algorithm named
YOLO came into the works, along with the use of COCO
datasets. [8]. It was incorporated into a model that viewed
object detection as a regression problem and was used to
predict bounding boxes as well as classify them, all in a
single neural network. This ensured an end-to-end detection
to be made possible along with desired optimizations.

[71[13].
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Diving further into the image processing aspect, a multi-
source-based approach involving Fourier analysis, Local
binary pattern, Gray level dependence matrix (GLDM)
features and Histogram of oriented gradient (HOG) for head
detection to estimate the total count was proposed in 2017.
[17]. This paper focused mainly on still images for crowd
density estimation. A better version of YOLO called O-
YOLO (optimised YOLO) was proposed which was 1.18
times faster than YOLO. [1]. In addition to this, a feature
pyramid network (FPN) was introduced which worked on
extracting features with speed and accuracy to use in YOLO
implementation.[6][5]. YOLO was also proved more
efficient on comparison with other deep learning algorithms
such as CNN and R-CNN. [2]. A deeper convolutional
network was also proposed in the year 2019, which focused
on both crowd-counting as well as high density crowd
analysis. [10]. R-CNN and its faster versions — Fast R-CNN
and Faster R-CNN were also compared with YOLO and
YOLO- vl, v2, v3 which gave us the desired results and
route to the usage of YOLO proving to be most useful.

[31[4]-

IN.METHODOLOGY

As discussed earlier, various methods have been studied
extensively, various deep learning algorithms, classifiers
coupled together to result in the field of this project.
However, in this paper we will be using YOLO, a new deep
learning algorithm which aids in detection as well as
classification of required parameters that are further used to
compute crowd number and the distance between
individuals in the given area.

A) Algorithm

In this paper we have used YOLO v3 method and the
language used is Python. The basic working of this model
can be depicted by a flowchart attached as follows:

Image

Pre-Processing

YOLO
implementation &

people detection

Computation

Fig. 1 Program Algorithm

B) System description
As shown earlier the model has been divided into three main
stages which will be explained in detail further.

1. IMAGE PRE-PROCESSING -
This is the most important stage of this model. It involves
extracting of frames of input video feed. These frames are
individually processed and smoothened out. This is done to
obtain required computation parameters and the output of
the processed stage is later fed into the YOLO model for
further implementation and detection.

2. DETECTION AND IMPLEMENTATION —

In this stage YOLO is implemented on the input frames by
darknet and people are detected. This is precisely done by
taking measure of parameters — bounding boxes, centroids
and confidences. COCO dataset has been used in order to
detect classID (i.e. personldX in this case) and give accurate
detection. The number of detections made i.e. number of
people detected in the respective video frame is also
computed. These values aid in the computation stage later.
This is known to be the fastest real-time object detection
algorithm and takes 45 seconds to implement per frame as
compared to other deep algorithms discussed earlier. The
output of this stage is passed on to computation stage.

3. COMPUTATION —

This stage has two main objectives. One is to count the
crowd and second is to determine distance between any two
individuals in the given video feed. This is done by loading
the YOLO object detector that is trained on COCO names
on to the darknet. A minimum threshold is set for minimum
distance required to be followed as per guidelines. The
Euclidean distance is calculated from centroids of the
bounding boxes and compared with minimum threshold.
These values including the total number of people detected
and the number of social distance guidelines being violated
are all displayed on to the screen of each video frame.

C) YOLO (You Only Look Once)

YOLO is a clever convolutional neural network (CNN) for
doing object detection in real-time. It is a new approach to
object detection. As opposed to the past work in the field of
object detection, classifiers are repurposed and used for
detection as well. YOLO network comprises of only a single
neural network. This single network alone predicts bounding
boxes and class probabilities directly from full images in one
evaluation. This model has several advantages over
classifier-based systems. In this, the entire image is viewed
at once at test-time and the predictions are formed by the
global context in the image. Unlike systems like R-CNN,
which require numerous prediction values for an evaluation,
YOLO is extremely fast and has an efficient evaluation
process. It is found to be more than 1000x faster than R-
CNN and 100x faster than Fast R-CNN.

YOLOV3 is the third version of YOLO which has been
implemented in this project. It makes use of darknet 53. [4].
With the help of YOLO, end-to-end training is applied along
with real-time speed. This allows in maintaining high
average precision. The mean average precision of a
YOLOv3 model is 63.4 for 45 seconds per frame
processing.[8]. In this model, we use this advantage of
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YOLO along with the concepts of non-maximum
suppression [2] which help remove redundant, low
confidence bounding boxes and threshold values which help
qualify bounding boxes only above a certain confidence
level. These values are standards set by the YOLO
algorithm.

The working of YOLO is given as follows: An input image
is divided into a S x S grid and this grid is particularly
responsible for detection.[5] Each of these grid cells predict
corresponding bounding boxes and confidence scores for
each of the boxes. If no object exists in that cell, the
confidence scores should be zero. If an image is detected,
then the confidence score must be equal to the intersection
over union (I0U) between the predicted box and the ground
truth.[4][6]. YOLO v3 makes prediction across 3 different
scales. The detection layer is used make detection at feature
maps of three different sizes, having strides 32, 16, 8
respectively. In YOLO v3 trained on COCO, number of
bounding boxes is 3 and number of classes is 80. [3]. This
makes the kernel size come to 1 x 1 x 255.

The prediction system in YOLO works as follow: The first
detection is made by the 82nd layer.[8] For the first 81
layers, the image is down sampled by the network, such that
the 81st layer has a stride of 32. If we have an image of 416
X 416, the resultant feature map would be of size 13 x 13.
One detection is made here using the 1 x 1 detection kernel,
giving us a detection feature map of 13 x 13 x 255.

Further, layers are up-sampled by a factor of 2 and
concatenated with feature maps of a previous layers having
identical feature map sizes. Another detection is how made
at layer with stride 16. The same up-sampling procedure is
repeated, and a final detection is made at the layer of stride
8. Then, the second detection is made by the 94th layer,
yielding a detection feature map of 26 x 26 x 255.

The third and final detection is made at 106th layer, yielding
feature map of size 52 x 52 x 255.

For an image of size 416 x 416, YOLO predicts ((52 x 52) +
(26 x 26) + 13 x 13)) x 3 = 10647 bounding boxes. However,
in case of our image, there's only one object or in other
words a single class. Now to reduce the detections from
10647 to 1 because we only need single class detection non-
maxima suppression is used.

IV.FEATURES

This model is customized to a particular class that aids in the
accurate detection of humans with high confidence values.
It makes use of the fastest single neural network — YOLO
that ensures object detection and classification along with
computation of required parameters are done within a single
layer. This optimizes the task at hand which makes this
model a desirable choice. It also makes sure to display all
the results in a presentable and legible manner, hence, aids
in ensuring the social-distancing guidelines are being
followed and the crowd density is in accordance to the
particular area’s protocols.

V.RESULTS

The people detection algorithm was carried out using you
only look once (YOLO) algorithm to detect people and these
results were computed to check distance and count total
number of people. Yolo V3 is specifically used and the
weights for yolov3 are used along with COCO names data
set for object detection.

Results for the test were carried out for different scenario
that are given below for different crowd density which are
low, medium and high in scenario 1, scenario 2 and scenario
3 respectively.

Scenario 1:

In this result it can be seen that the model we made is able
to detect people and display the detected number of people
in low density of people present in an area and also violation
is also detected for the people in close proximity.

Scenario 2:

In this result it can be seen that the model we made is able
to detect people and display the detected number of people
in medium density of people present in an area and also
violation is also detected for the people in close proximity.

Scenario 3:

In this result it can be seen that the model we made is able
to detect people and display the detected number of people
in relative high density of people present in an area and also
violation is also detected for the people in close proximity.
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VI.CONCLUSION AND DISCUSSIONS

In this paper, YOLO has been successfully implemented to
detect people as well as a means of a social distance detector.
This model is efficient in giving results comprising of high
confidence values for detection of only a customized class
ID which is that of a person. It has been tested for videos
from different scenarios and different viewing angles, which
make it unique to the application of maintaining a social
distancing guideline in various areas according to their
respective safety measures and protocols. For future scope
and improvement of this model, the boundary conditions can
be closely monitored in order to give accurate results in a
highly congested and over-populated areas.
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