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Figure 1: Components in measuring and visualizing social distance: planar homography, pedestrian detection, distance calcu-

lation, and visualization.

Abstract

Social Distancing has proved a necessary measure in con-
trolling the spread of Coronavirus. The CDC (Center for dis-
ease control and prevention) in the United States recommends
6 feet as a safe distance between individuals. Therefore, a
surveillance system capable of measuring distances between
individuals can prove beneficial in limiting the spread. Video
surveillance systems have already been introduced in various
fields of our daily life to enhance security and protect indi-
viduals and sensitive infrastructure. In this work we present
a way to use the existing video surveillance infrastructure to
measure and monitor social distancing. We present a prac-
tical approach to monitor this distance using artificial intel-
ligence and projective geometry techniques. Our approach,
after initial setup, works in real-time requiring only a monoc-
ular surveillance camera feed. The proposed approach utilizes
YOLO v4 neural network object detector for detecting pedes-
trians in the camera’s view. Projective transformation is used
to localize the pedestrians on the ground. Finally, the real
world distances between pedestrians is calculated and visu-
alized with the right perspective and occlusion relations as if
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the distance marks are actually on the ground. All the imple-
mentation is in real-time, and is performed on python using
the OPENCYV libraries and the YOLO v4 neural net with pre-
trained weights. Experimental results are provided to validate
our approach. The code of this work will be made publicly
available at GitHub upon acceptance.

Introduction

The world is amidst a global pandemic. Coronavirus is con-
tinuing its spread across the world, with more than four
million confirmed cases in 188 countries. At the time of
starting this work, more than 300,000 people had lost their
lives to the virus(CDC July,2020). Governments around the
world are scrambling to come up with ways to contain
the virus and limit the spread. Visual surveillance systems,
which are common in urban environments, aim at providing
safety in everyday life. High quality surveillance cameras
are already present in most busy streets and departmental
stores. Although they were initially commissioned for secu-
rity surveillance, they can be re-purposed to help limit the
spread of COVID-19. The CDC (Centers for disease con-
trol and prevention) recommends 6 feet as a safe distance
between individuals to limit the spread (CDC July,2020). In
this paper we present a practical way to monitor this dis-



tance. Our approach goes through four steps (Figure 1): (1)
Planar homograph estimation; (2) pedestrian detection; (3)
distance calculation; and (4) social distancing visualization.

For achieving the goal of a practical measuring and vi-
sualization for social distancing, well-studied computer vi-
sion techniques such as planar homography and object de-
tection using neural networks are employed. As the first step
(the initialization), the homography or projective transfor-
mation is computed between the ground plane in the real
world and ground plane as it is represented in the image
plane of a camera. Homography is required to be computed
only once and can be done before hand. We will use the es-
timated homograph of the ground plane along with the point
of intersection of a pedestrian with the ground plane to lo-
calize the pedestrian. Then in the second step, the YOLO
v4 neural network object detector(Bochkovskiy, Wang, and
Liao 2020) is used for detection pedestrians on surveillance
video feed. In the third step, the point of intersection of each
pedestrian with the ground plane is then estimated and lo-
calized using the pre-calculated homography, and the dis-
tance between any two of them are calculated. Finally, in
the fourth step, the distances between pedestrians are visual-
ized with the right perspective and occlusion relations using
a simple Augmented Reality composition of the real scene
background, the social distance marks on the ground, and
the images of the detected pedestrians, as if the marks are
actually on the ground.

Since the only computationally expensive task is the ob-
ject detection, which is a real-time implementation of the
YOLO object detector, this approach can be run in real time.
Furthermore, this approach only requires 4 points of corre-
spondence on the ground visible in the video feed for esti-
mating the planar homography, which can easily be sourced
from online maps (if the view is outdoors) or floor plans (if
the view is indoors). Therefore, after the initial setup step,
this approach will work requiring only the video feed (steps
two to four).

The results of the applied social distancing approach will
be presented using the camera database from the Perfor-
mance Evaluation of Tracking and Surveillance Challenges
(PETS) in the year 2009 (Ferryman and Shahrokni 2009).
All the implementation is performed on python using the
OPENCYV libraries and the YOLO v4 pretrained neural net.
The results show reasonable amount of success, and the code
of this work will be made publicly available at GitHub upon
acceptance.

The paper is organized as the following. Section dis-
cusses related work on social distancing monitoring using
Al and computer vision. After this, the four steps of our
approach are detailed in four sections: Section discusses
the calculation of the ground plan homography; Section
describes the real-time pedestrain detection step using the
YoLo v4 neural net; Section details the procedures of pedes-
trian localization using the piercing point of each detected
person on the planar ground, and distance calculation be-
tween any two of them; and Section presents a number of
ways to visualize the social distancing measurement results
and our final choice. Then Section provides our experimen-
tal results on the PETs dataset, with a video supplement, and

finally in Section we conclude our work with some discus-
sions of future work.

Related work

Due to the importance of social distancing measures, a num-
ber of works have appeared in the last few months. Sim-
ilar to our work, a social distancing monitoring approach
(Punn, Sonbhadra, and Agarwal 2020) that utilizes YOLOv3
and Deepsort on CCTV footage was proposed to detect and
track pedestrians followed by calculating a violation index
for non-social distancing behaviors. The way this approach
estimates the position of pedestrians is unclear as there is no
implementation discussion on this part and the work mostly
focuses on the deep sort algorithm. Another work(Cristani
et al. 2020) defines social distancing monitoring as a visual
social distancing problem. This work introduces a skeleton
for a detection based approach to inter-personal distance
measuring. It also discusses the effect of social context on
people’s social distancing and raises privacy concerns.

Several prototypes utilizing machine learning and Al
along with cameras and sensors have been developed as
commercial solutions for social distancing monitoring and
enforcing. Landing AI (13 June,2020) has proposed a social
distancing detector using a surveillance camera to highlight
social distancing violations. The work in (Prateek Khandel-
wal 2020) details a systems that was deployed in a manu-
facturing plant to monitor worker activity. This type of im-
plementation requires knowledge of a lot more of camera
parameters and complex transformations compared to our
work.

In addition to surveillance cameras, LiDAR based (14
July,2020) and stereo camera based (16 June,2020) sys-
tems are also commercially deployed. These approaches re-
quire special hardware made for the specific application. A
very recent work(Yang et al. 2020) proposes a non-intrusive
warning system with softer omni-directional audio-visual
cues. It evaluates critical social density and modulates in-
flow into a region-of-interest. The approach in its implemen-
tation is very similar to ours. Although ours further focuses
on a better visual representation using projective geometry.

Planar Homography Estimation

2D projective geometry is the study of properties of the pro-
jective plane P, that are invariant under a group of trans-
formations known as projectivities (Hartley and Zisserman
2003). A projectivity is also called a homography. Hence,
homography is a special case of projective geometry. It en-
ables the mapping of points in spaces with different dimen-
sionality. A point X" observed in a view (such as an image)
can be mapped into its corresponding point X in another
perspective or coordinate system (such as a ground plane)
(Figure 2). Planar homography is a linear transformation on
3 homogeneous vectors represented by a non-singular 3x3
matrix H (up to a scale factor):
Xl# x hi1 hio hlS# XgL#
S Xo =H X5, = h21 h22 h23 X
X3 X3 hs1 hsz hss X3
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where (X1,X2,X3) are the homogeneous coordinates on
the ground plane and (x},x},x}) are the homogeneous
coordinates on the image, S is the scale factor and H is the
homography matrix with 8 DoF (degrees of freedom) as it
is estimated up to a scale, and H is a homogeneous matrix.
Due to the scale factor, only the ratio of the matrix elements
is significant. Lending to its homogeneous nature, It is
generally normalized (Aghajan and Cavallaro 2009) with

h33=1
or

h11+h12+h13+h21+h22+h23+h31+h32+h33= 1.

x \\\ planar surface

Figure 2: A visual representation of homography and the
corresponding points

We can use this property to localize the pedestrians in
view and calculate their locations on the ground with respect
to each other. For this purpose, we need to find the homogra-
phy matrix between ground plane in real world coordinates
and ground plane as it is represented in the image plane.
This can be achieved by finding four corresponding points
between the two planes and using them to find the matrix
elements. Let the inhomogeneous coordinates of a pair of
matching points x and x’ in the world and image plane be
(X, ¥) = (X1=X3, X2=X3) and (X? , y? ) = (x]=x3, x5=x3), re-
spectively. The projective transformation of these points can
be written in inhomogeneous form as:

X1 _ h1xX’ +hppy” + hig

X = =
X3 hg1X?+ hgoy! + has
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Xz _ ho1X! + haoy! + hys
> 0 0 (3)
Xz haix’ + hgpy’ + hgg

Each point correspondence generates two equations for the
elements of H, which after multiplying out are:

y:

X(h31X’ + hgoy’ + hgz) = hi X’ +hppy' +hiz  (4)

y(ha1X” + haoy! + hag) = hai X" + hapy’ + s (5)

These equations are linear in the elements of H. Four
point correspondences lead to eight such linear equations in
the entries of H, which are sufficient to solve for H up to an
insignificant multiplicative factor. In other words, we only
need to identify four points on an image with corresponding
four points on the ground plane with known locations (i.e.,
relative locations/distances in feet) (Figure 2). The only re-
striction is that the four points must be in “general position”,
which means that no three points are col-linear. One thing to
note here is the computation of the Homography matrix H in
this way does not require knowledge of any of the camera’s
parameters or the pose of the plane (Hartley and Zisserman
2003).

Now that it is possible to compute point correspondences
from the 2D space to the 3D world and vice versa, it is
also possible to determine the number of pedestrians and
their exact (relative) location in a scene. This further requires
finding the point of intersection of the pedestrians with the
ground plane which is achieved in the following steps.

Real-time Pedestrian Detection Using YOLO

Object detection is the process of locating where certain ob-
jects are in an image and then correctly classifying those
objects. Yolo is a fast, accurate neural network for object
detection (Redmon et al. 2016). Yolo network architecture
is like a FCNN (fully convolutional neural network) . The
architecture splits the input image into grids and for each
grid generates bounding boxes and class probabilities for
those bounding boxes. This type of model has several advan-
tages over traditional classifier-based systems. It looks at the
whole image at test time, so its predictions are informed by
global context in the image. It also makes predictions with a
single network evaluation unlike systems like R-CNN which
require thousands of passes for a single image. This makes
it extremely fast, more than 1000x faster than R-CNN and
100x faster than Fast R-CNN. (Redmon et al. 2016).

Figure 3: Bounding boxes drawn on the original frame from
the result of the YOLO neural net

In this work, The fourth revision of Yolo (Yolo v4) is






