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Abstract—Social distancing is a necessary precaution measure
taken in order to have more control over the outbreak of
infectious diseases such as COVID-19. Most of Social distancing
monitoring approaches are based on Bluetooth and mobile
phones that require an app to be downloaded on all phones.
This paper proposes a different approach to monitor social
distancing, using cameras, and combining different computer
vision algorithms. The approach utilizes the concept of inverse
perspective mapping (IPM) together with the camera’s intrin-
sic information to produce a bird’s eye view with real-world
coordinates of the frame being processed from a video source.
The process starts with image enhancement, foreground detection
using Gaussian Mixture Model (GMM) background subtraction,
tracking using Kalman filter, computing real-world distance
measurements between individuals, and detecting those who have
been in less than 2 meters apart as they are considered to be in
contact. This tool could assist the efforts of the governments
to contain the virus. It can be implemented in closed areas
or institutions, monitor the extent of people’s commitment, and
provide analysis and a faster approach to detect possibly corona
suspicion cases. The approach is tested on the task decomposition
data set, which included frames of closed areas and the camera’s
intrinsic parameters. Another data set was created with different
scenarios to increase the confidence level of our algorithm. The
results showed the success of our approach in detecting the
violation in social distancing with accurate measures of the real-
world coordinates.

Index Terms—Social Distancing, COVID-19, GMM, Kalman
Filter, Inverse Perspective Mapping, Bird’s Eye View

I. INTRODUCTION

COVID-19 pandemic has risen as a common enemy for the
whole of humanity, killing people and destroying economies.
The pandemic effects will remain for years, and the recovery
of the communities will take time. While the epidemic has
lasted for months until now and everyone is suffering, it’s not
clear when the virus will be cured that if it will. Economies
are being opened again, and everyday life activities are
resumed, but this may eventually lead to another wave of the
virus if the personnel didn’t abide by social distancing and
safety regulations. Therefore, being able to measure the extent
of the people’s commitment in some areas is required. Hence,
new means of contact tracing and reporting are needed to
be developed to fulfill this objective. This tool will serve a
significant role in providing analytical data for the authorities
to measure the levels of commitment of people in some

locations and provide early warnings to take actions on the
uncommitted private and public institutions and markets.

In the World Health Organisation (WHO) definitions, a
contact in terms of COVID-19 is defined as either direct
contact to a COVID-19 case or being within 1-meter of a case
for more than 15 minutes [1]. The process of contact tracing
helps control diseases and build a commitment map, which
will help in a safer steady recovery. Contact tracing methods
were always introduced whenever a pandemic appears, such
as the H1N1 and SARS [2], [3]. Similarly, now COVID-19
appeared, which is very contagious, and contact tracing is
needed more than before.

Some different technologies and methods are used to
achieve contact tracing. A technique used is AI-based, where
a video stream is processed, and the algorithm detects
the people who violate the social distancing regulations.
Smartvid.io developed a tool that notifies about social
distancing in working sites. Megvii’s Contactless Screening
makes a combination between normal cameras and thermal
cameras so detect not only social distancing violations
but also report possible cases of COVID-19 [4]. Other
methods include mobile apps that adapt short-range wireless
technologies like Bluetooth and GPS [5].

However, most of these methods face some challenges like
accuracy, cost, privacy, availability, or power consumption.
Even though the AI-based approaches are great solutions,
they are costly in terms of training and collecting data, and
they require high computational units, which will limit its
availability. The App-based approaches are more common,
but they might lack accuracy due to technical limitations
by the user’s phone processing unit’s performance or the
Bluetooth models themselves who have a limited number of
devices they can communicate with simultaneously. Privacy
issues arise if the collected data are not safely encrypted, as
sharing the contact history data will violate the user’s privacy
to unauthorized parties. Add to that the issue of significant
power consumption caused by the GPS and Bluetooth being
turned ON all the time. Moreover, not all users may have
Bluetooth or GPS on their phones, limiting the uses of these
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apps to certain users only or of a specific group of users [6].

However, the approach proposed in this paper is affordable
by the different private and governmental institutions as it
can be implemented to the current surveillance cameras,
unlike the previous methods that are costly or require
some authorities that are given to governmental agencies.
Moreover, this approach can be used indoors or in places
(i.e., factories, hospitals, etc.) where noise affects mobile
phones’ performance.

This paper uses the IPM model to estimate the distance
between objects using a single camera. The inverse perspective
mapping approach is described in [7], where the method is
used for mapping roads in a bird’s eye view. In [8]–[11],
IPM-based distance estimation approaches were proposed.
However, most of the applications of distance estimation
and motion predictions are in the advanced driver assistance
systems (ADAS). Some of these applications are proposed in
[10], [12].

II. PROPOSED METHOD

The first step is to extract the camera’s intrinsic information
for capturing the scene by using the approach described in
[13]. A model of a checkerboard of known square dimensions
is used in order to scale the pixels in the image captured by
the camera to compute the focal length, principal point, etc.
Figure 1 shows the model of the checkerboard used and the
successful detection of the points with a low mean error.

Fig. 1: Detection and projection of checkerboard squares points

These parameters, together with the camera’s lens’ location

in the real world, including the height from the ground
level in the scene, the yaw, and the pitch, are used in the
inverse perspective mapping process to produce a bird’s eye
view of the image. Figures 2 and 3 show 2 sample frames
and their respective bird’s eye view transformation computed
by inverse perspective mapping for the 2 data sets used. It
can be observed that the centroid of the foreground region
(people) is not identifying its location as the person’s height
is effecting the projection and leads to converging. For this
reason, the locations of the foreground regions are specified
by the minimum center point towards the lens of the camera
as it can be taken at ground level and hence provide more
accurate results of the location in real-world coordinates.

Fig. 2: Sample frames of the task decomposition dataset and their respective
bird’s eye view transformation

Fig. 3: Sample frames of the custom dataset and their respective bird’s eye
view transformation

The original input frame is subjected to a Gaussian smooth-
ing filter to reduce the noises in the image. Then GMM
background subtraction is applied to detect the foreground
objects, which in our case is represented by the individuals
moving through the frames captured by the camera. The GMM
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modeling of the background is introduced in [14], where the
statistical distributions of pixels through multiple frames are
used to obtain the strongest weighted intensity levels of pixels
that have been detected consistently multiple times. These
pixels are used to model the background, which is subtracted
from the original scene to obtain the difference, and that is
the foreground. Figures 4 and 5 show sample frames and the
foreground regions using the GMM background subtraction.

(a)

(b)

Fig. 4: Sample frames of the task decomposition dataset and their foreground
segmentation using GMM

(a)

(b)

Fig. 5: Sample frames of the custom dataset and their foreground segmentation
using GMM

One drawback of the GMM foreground detection approach
is the inability to detect foreground objects that have stopped
moving due to the constant updating of the background model,
which gives it the advantage of being adaptive to environmen-
tal conditions such as illumination variation. To overcome this

disadvantage and have unique tracking of different objects in
the scene over multiple frames, the approach introduced in
[15] is applied where a Kalman filter is used to predict the
location of the object in the next scene using constant velocity
model and gets updated with every true value obtained till the
prediction matches the truth. Figures 6 and 7 show unique
tracking of objects in multiple scenes using Kalman filter.

Fig. 6: Unique tracking of objects in multiple frames of the task decomposition
dataset

Fig. 7: Unique tracking of objects in multiple frames of the custom dataset

The location in pixels of the objects detected and tracked
together with the bird’s eye view model obtained previously
are used in the projective transformation algorithm to obtain
the locations in real-world coordinates [13]. The projective
transformation approach utilizes the triangular equations to
project the locations of the pixels of the foreground region into
their locations in real-world coordinates. Finally, the euclidean
distances between the centroids of all the regions projected
are computed and compared to a threshold of 2 meters, which
specifies that two people have been in contact or not, as shown
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in figures 8 and 9.

Fig. 8: locations and distances in real world coordinates of the task decom-
position dataset

Fig. 9: Locations and distances in real-world coordinates of the custom dataset.
Where intentionally, 10cm in real-world is treated as 1m.

To verify that the camera’s calculated real-word coordinates
and distances are accurate, a comparison between the calcu-
lated and measured measurements is performed. The compar-
ison was performed on the distances between the items in 9.
The actual distance is obtained using a ruler and compared
with the distance calculated through the algorithm. Table I
shows the comparison, and since the error was below 5%,
retrieving the real-world distances was successful.

TABLE I: Comparison between the calculated and the measured distances
between the objects in 9

Distance # Calculated Distance
(Algorithm)

Measured Distance
(Ruler) Error %

Distance 1 12 cm 11.5 cm 3.45 %
Distance 2 9 cm 9.2 cm 2.17 %
Distance 3 18 cm 17.4 cm 1.69 %

Figure 10 shows the flow chart of the overall proposed
approach.

III. EXPERIMENTAL TESTING AND RESULTS

Figure 11 shows the results of the proposed approach in
detecting violations in social distancing for individuals who

Fig. 10: Flow chart of the proposed method

have been in less than 2 meters apart. It can be observed that
the inverse perspective mapping approach utilizing the camera
intrinsics parameters showed success in accurately identifying
the real-world coordinates. It can be observed a limitation in
the algorithm in detecting overlapping people and keep track
of them. This disadvantage can be overcome by multiple
cameras having different views of the same location and
coordinating to provide better detection and projection into
real-world coordinates.

A. Limitations and Future Work

The proposed algorithm aims not to prevent social distance
violations but rather to decrease its excessive occurrence.
People would always be in company when spotted in public
places, which would raise a lot of warning signs on our
system. But the increase of the distance violations in specific
regions such as cashier lines should necessitate an action. The
proposed approach, together with a face recognition algorithm,
can simplify the process of contact tracing. The information
about each individual found in public places and the people
who have been in contact with are stored on a database and
accessed when there has been an infection. This can speed up
the process of contact tracing and give better control over the
spreading of the disease.

IV. CONCLUSION

In conclusion, the paper proposed a new approach to de-
tecting social distancing violations using inverse perspective
mapping and camera intrinsic parameters. The results showed
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Fig. 11: Detection of social distancing violation

our algorithm’s success in obtaining accurate measurements
of distances and objects’ locations in real-world coordinates.
The proposed method can be utilized in closed areas to ensure
that social distancing has not been overlooked or violated and
hence provide better control over the transmission of infectious
diseases.
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