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Abstract—In the pandemic of COVID-19, the indoor physical
distancing protocol has been one of the recommendations for
people to avoid close contact with each other in order to prevent
contagious clusters. This paper proposes an end-to-end camera-
based human physical distancing recording system for an indoor
environment, specifically, a classroom. The recording system aims
to automatically trace the locations of persons and the directions
of their movements in a classroom, also with respect to the on- and
off-seat activities. No identity of persons is kept in the recording
log system, but locations of individual persons at each timestamp
are obtained; hence, the spatial and temporal distribution can be
studied further. In this paper, we illustrate the overview workflow
of the human and seat detection as well as the log system storing
human physical distancing actions.

I. INTRODUCTION

The pandemic of a novel coronavirus began in Wuhan,
Hubei, China, in late December of 2019. It quickly spread
worldwide in a short period of time [1], where Thailand
announced its first COVID-19 case as early as the first month
of 2020. Thailand has been suffering ever since then. There
were subsequent state quarantines due to the constant outbreak
within Thailand [2]. At the peak of the pandemic, Thailand
had almost thirty thousand confirmed cases of COVID-19
in one day, and the number has drastically gone down, but
there are still cases all around in the country [3]. COVID-
19 has left devastating wounds and resulted in turnarounds
in many sectors of Thailand. The economy has significantly
shrunk and slowed down to the point that it can cause severe
recessions as after-effects of the pandemic due to decreased
social interactions such as travelling. People have lost their jobs
and incomes, which in turn cause a chain effect in the decrease
of household consumption [4]. Moreover, in the educational
sector of Thailand, workers and students have never prepared
for such situations before. This requires many adaptations for
all academic staff and institutes to manage learning during the
event of a new normal [5].

The way people contact others has changed since the
wake of the COVID-19 pandemic. This was first incurred

by the global and nationwide lockdowns of most countries
around the globe, people were forced to migrate to online
space [6], especially for workers who have to remotely work
from home. The characteristic of the new social culture is
the so-called ”New Normal” [7]. The governmental strategic
policy includes nationwide lock-downs in many countries,
giving general guidelines for self-care and home isolation, and
promoting physical distancing schemes for people to follow
[8]. Physical distancing requires that the maintaining distance
between persons must be at least 1.8 meters or 6 feet apart and
the interactions should not include any kind of physical contact
[9]. Similarly, there should not be a large number of people in a
public space, especially in tight or closed-area [10]. However,
in practice, it is difficult for people to stay in proper physical
distancing at all times, especially in public spaces. Even though
it is a set of non-pharmaceutical and public health interventions
intended to prevent the aerosol spread of the novel Coronavirus
, the activities between people and behaviors have been closely
integrated and required people to physically engage with each
other at a close distance. Although the practice of physical
distancing is extremely crucial [11], people still neglect its
importance and omit to give information to medical personnel.
Regardless, the concerns of public monitoring come with
manual labor and privacy concerns in order to constantly watch
the monitoring feedback. Therefore, we proposed a certain
end-to-end system to detect and save information for medical
staff to utilize for further prevention and detection.

In this paper, the concept of the physical distancing system
will be illustrated in the purposed topic of Camera-based
Classroom Seat and Person Physical Distancing Log System
Application. The application covers from the start of detecting
the seat matrix location coordinate within the classroom.
The seat detection system is proposed by the application
of a perspective transformation along with the extraction of
contour color on the top part of the lecture table. On top of
that, the person and referring to the person with his or her
location and whereabouts in the physical distance calculation
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for determining whether he or she is in the proximity of the
virus spreading by applying the purposed ratio calculation
between window frame size and referenced room dimensions.
The physical distancing calculation system was modified using
YOLOv3, a real-time object detection system framework [12]
to accurately detect activity inside the classroom environment
as well as the bird-eye view interface that we used in the
further development in order to satisfy the indoor physical
distancing monitoring purposes.

Regarding the implementation after the detection work
which is directly related to the storage management as well
as privacy concern on video camera [13], we proposed the
application of dictionary data structure in order to store the data
in a more efficient method in terms of storage space, privacy
concern and physical distancing protocol comparing to directly
storing raw footage video data [14]. The developed dictionary
recording system will be stored the distancing activity as a log
file which can be used and manipulated for further analysis in
future work.

II. RELATED WORK

A. Perspective Transformation

Perspective Transform, in the context of image processing,
is the methodology that is normally implemented to alter one’s
perspectives to a different perspective dimension in space, e.g.,
from a camera viewing angle into a bird-eye viewing angle
[15]. The method deals with the conversion of perspectives
of an image and it allows a perception of the image from a
different field of view. For our case, perspective transformation
disregards the problem of people blocking the camera and
it grants a better viewing angle for us to process the image
detection [16]. The perspective transformation presents an
alternate way of satisfying the need for depth estimation and
approximating the distance between people as well as allowing
the top-view angle for determining precise locations [17]. In
this paper, this is done using the function provided by OpenCV
open-source tool [18].

B. Person Detection

In this case, we utilized the ”You Only Look Once” Version
3 algorithm (YOLOv3) for real-time person detection. It is
an algorithm that uses features learned by a fully-connected
convolutional neural network to detect an object. Objects
detection or person detection has been crucial for many real-
world applications and YOLOv3 can perform greatly on the
task since it runs faster and more effectively compared to
other detection methods. This can be referenced from many
applications such as surveillance and security or even counting
objects based on recognition and detection [19]. For example,
a pedestrian detection system that utilizes the algorithm of
RT-YOLOv3 or Real-Time YOLOv3 [20]. Most of these
applications have been applied to detecting human and object
in outdoor environments.

C. Contour Extraction

OpenCV is a Python open-source computer vision and
machine learning software library. It was built with the main
purpose of functioning in real-time computer vision processing
[21]. In the library provided by OpenCV, there are many
functions available for the users to utilize and implement.
Contour detection grants us the ability to detect the borders
of objects, and localize them easily in an image [22]. This
could be one of the first pre-processing steps for analysing
images. We, therefore, adopted the use of the contour detection
technique in our pipeline, allowing efficient and fast debugging
when scanning all seats in a classroom scenario.

III. SYSTEM PIPELINE

Our proposed system is an end-to-end camera-based human
physical distancing recording system. The system itself takes a
video file as input and stores the physical location of the seat
and people in every fixed timestamp. The system will keep
the coordinates of seat and person locations in a log file in the
local storage, instead of keeping the video data to reduce the
storage capacity [23].

A. Seat Detection

To perform the detection of each seat in a room, we applied
the principle of contour color extraction [24] on the top part
of the seat/table as in Fig. 1 which shows the robust feature
extracted as its unique contour shape. The result of the contour
detection was proven to work well for the first rows of the seat.
Meanwhile, the rest of the rows still could not be detected that
well.

The perspective transformation helps transform the projec-
tion of the original image into a new visual plane that can
be suitable for our requirement [15]. The equation of the
perspective transformation is defined in Equation (1).

[
x′, y′, w′] = [

u, v, w
] a11 a12 a13

a21 a22 a23
a31 a32 a33

 (1)

The original image is represented by u and v and is also
corresponding to the perspective transformation of the image
coordinates x and y, where x = x′/w′ and y = y′/w′.

We, therefore, applied the perspective transformation by
selecting the region of interest (ROI) which, for this work, is
the top seat area of every seat in the room before performing
the seat contour detection to enhance the detection ability of
the system.

B. Person Detection

Detection of a person, in our case, is designed to perform
using the well-known YOLOv3 since it has the ability to detect
objects based on the trained weights and data set [25], [19].
We implemented the algorithm with the weighted and pre-
trained model of which we specifically selected the function
that can be utilized to perform human body detection as in
Fig. 2. In the standard pre-trained YOLOv3, the bottom center
of the detection box on the human body was defined to be



Proceedings of 2022 APSIPA Annual Summit and Conference 7-10 November 2022, Chiang Mai, Thailand

Fig. 1. Detection of the white top-seat table contour.

a reference point of the person’s location. In this work, we
improved the body reference point to suit our environment
by firstly calculating the height-to-width ratio of the box
rounded to the detected human object. The ratio is denoted
as QBox = hBox/wBox. Where hBox and wBox represent the
height and the width of the box, respectively. As a result of
our experiments, the value for QBox that is greater than or equal
to 1.6, refers to a standing person in the box; otherwise, the
person is sitting down (on a seat). After we had determined the
constant threshold for classifying standing and sitting persons
based on the dimensions of the detected box, we then defined
the two criteria for adjusting the new reference point of the
box accordingly.

Therefore, we modified the algorithm that is used to identify
the location of the person in each frame. Instead of using the
conventional point at the bottom-middle point of the detected
human body, we use the appropriate reference point c which
can take values of either 0.775 or 0.675 in the case of a person
standing or sitting, respectively. That is the value for the verti-
cal proportion from the top-middle point of the box, where the
reference point is located. The standing and sitting scenarios
are illustrated in Figs. 3(b) and 3(c) respectively, compared
to Fig 3(a) where the conventional algorithm is applied to
determine the reference location of a person. Such reference
points for standing and sitting cases were conditionally given
by Equation (2).

c =

{
0.775; if QBox ≥ 1.6

0.675; otherwise
(2)

Therefore, this proposed condition and calculation approach
was then used to improve the accuracy of the persons’ locations
in the classroom environment.

C. Physical Coordinate Calculation

After determining the seat and person reference point co-
ordinates, we performed the calculations to turn the general
image coordinates of the detected object to calculate physical
coordinates. The physical coordinate calculations were per-
formed by taking the two required reference parameters quoted
from room physical dimensions. These reference parameters

Fig. 2. Human body detected using YOLOv3 in green boxes. The image
reference frame is drawn with a black line

Fig. 3. Illustration of human body detection reference point (green) for (a)
original approach (at the bottom-middle point of the green box), (b) a person
standing between seats(77.5% of vertical proportion from the top-middle point
as himage1/wimage1 ≥ 1.6), and (c) sitting on the seat(67.5% of vertical
proportion from the top-middle point as himage2/wimage2 < 1.6).

were used to calculate the ratio between the real size of the
room and the pixel size of the region of interest on the image
frame. The ratio of image and room size is calculated as in
Equation (3).

QPhysical =
ImageSize

RoomSize
(3)

This QPhysical is a ratio used to determine the physical
coordinate (actual location) of the seat and persons. This was
calculated using the window (screen) scale and the object pixel
coordinate as in the following Equation (4).

CPhysical =
(C Image × SImage)

QPhysical
(4)

The calculation to calibrate the size of the image to the real-
world size in bothx and y axes were performed separately for
each of the room’s dimensions using the Equations (3) and (4).
The physical coordinates denoted as CPhysical representing the
actual location of the object that appear in the image at the
pixel coordinate C Image with the scale of SImage on the screen,
which is then calibrated by the physical ratio QPhysical. Finally,
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the calculated physical location CPhysical for x and y axes will
be used to project the physical coordinate value on the bird-eye
view interface as well as to be kept in the log file for future
physical distancing protocol uses.

D. Log File

This paper proposes the approach that stores seat and human
physical distancing activities as dictionary data, .JSON, log-file
instead of the traditional way of keeping the whole .mp4 or
.mov video file type [26]. This novel application of a log file
system is proposed in our work more efficiently in terms of
manageable ways for storing raw video files itself and letting
the person monitor the distancing activity all the time. Our
proposed method takes every relevant object and its physical
coordinates detected from the surveillance camera video input
and then stored them in a form of .JSON formatted log file. The
log file consists of three major parameters that can influence
the physical distancing protocol.

IV. IMPLEMENTATION

Initially, we recorded the video data in a classroom using a
webcam Logitech C920 HD Pro.

The video frame of the empty room was used to initial-
ize the seat coordinate detection and all video frames were
used for human location identification. Seat locations were
extracted by applying color contour detection on the seat’s
unique area. Before applying color contour detection, we pre-
processed the first frame sliced to enhance the ability of seat
color contour detection by perspective transforming the image.
The perspective transformation gives the model the ability to
better detect every seat in the room compared to applying
the model directly to the original image in Fig. 4. The seat
matrix coordinate and person coordinates are calibrated on the
same reference frame in the bird-eye view. We modified the
pre-trained model’s person detection parameters and calculate
the physical location. This was done by firstly adjusting the
confidence value of the model which consequently made the
model more responsive to the detection of people at further
distances. Then we calculated the physical location of the
person with respect to the person coordinate in the image. This
information about the seat and human coordinates is recorded
in the log file for their displacement measures.

These data are all kept in form of a dictionary of numerical
lists with respect to date and timestamps, which is convenient
for any future observation needed. The overall diagram of the
system workflow is demonstrated in Fig. 5.

V. PERFORMANCE EVALUATION

We investigated the uncertainty of determining the seat
physical locations by computing the difference between the
calculated value and the actual measurement value for every
seat position (relative to the reference frame) as illustrated in
Fig. 6.

The test footage was recorded at a resolution of 1920x1080.
The program was run on a system using an Nvidia RTX 3070
GPU. In terms of the computational costs, we measured the

Fig. 4. Classroom seat detection before applying the perspective transforma-
tion.

average time taken to process a single frame from the video
source to be 0.08 seconds.

VI. RESULT AND DISCUSSION

A. Detection Enhancement

Our developed system initiates seat positioning in a class-
room using seat contour detection. In the classroom environ-
ment, considering the top section of the seat, the constraints
that are resulted from further seats cause the contour detection
to be less precise than in the front-row seats. We then proposed
the use of perspective transform for enhancing the detection
ability for the seats at further distance [27]. The perspective
transformation gives a higher ability for the seat detection algo-
rithm to detect the seats in the back rows as seen in the images
before and after applying the perspective transformation shown
in Fig. 4 and Fig. 5 step d), respectively.

B. Physical Distancing

We used the upper left-hand corner of the detected seat
bounding area after the perspective transformation had been
applied in Fig. 5 step d) as the reference point for the system.
This reference point was used as the origin of the person and
seat coordinates that can then be used for the calculation of
the physical locations (see Fig. 6). Perspective transformation
of the image space into a bird-eye view allowed physical
coordinates to be calculated [28]. Actual distance in real-
world units can be estimated using the system. However,
there are still some errors from the transformation, which can
generally be found in a number of related researches [29],
[30], [31]. Paying particular attention to selecting the area
of interest and the proper algorithm to calibrate the image-
physical distance would help gain a more precise image-based
distance measurement.

We have implemented the system for the location estimation
of the persons and seats using the camera-based system in
order to work out the actual human and seat locations in
the classroom. As a result of the performance evaluation
compared against the accepted value (i.e. the actual physical
distance measured in the classroom), the average error of seat
location computed using the proposed system is ±5.25 cm
with a standard deviation of 4.64 cm. This suggests the over-
all performance of our camera-based system in determining
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Fig. 5. The system workflow for camera-based indoor physical distancing log recording system.

locations in the real world. This scale of the error shows a
slight effect on the physical distancing protocol in the indoor
environment, specifically, the classroom when compared scale-
wise. Therefore, the system can be generalized to obtain the
distances between persons. In particular, the system provides
the accurate determination of whether or not the person is at
an appropriate distance apart from other persons, following the
official distancing recommendation for COVID-19 prevention
i.e. 180 cm [10]. Where the uncertainty of 5.25±4.64 cm
causes a tiny significance to the scale of the distancing;
therefore, the system is reliable enough in terms of giving a
proper physical distancing suggestion.

C. Seating Behavior

Sitting and standing persons are classified based using the
condition defined in Equation (2). That is we consider the
height-to-width ratio of the area surrounding a detected person
as the criteria for classifying whether a person is on- or
off-seat. According to the on- or off-seat classification, an
appropriate reference point to represent the spatial location
of the person in the classroom space was made as seen in
Fig. 3. This proposed method partly solved the problem of the
hidden part of the human body behind the seat, hence more
precise locations were achieved in our indoor environment
when compared to the traditional approach in Fig. 3(a). The
improvement of the body reference point shows the ability to
develop a more precise location identification system by giving
the adaptable reference point based on the various environment
in the future. In addition, the effect of body movements when
sitting on a seat was observed. The physical locations of
persons sitting on particular seats were calculated. Taking into
account the usual movements, the maximum distance of any

person away from his/her seat was determined. We found that
such maximum sitting boundary is 46×87 cm with respect to
the seat centroid, which is reasonable according to the actual
dimensions of the seat. Hence, the distance error determined in
the previous section is neglected compared to the movement
of people. This helps define a sitting area of a person and
suggests whether a particular seat is occupied or available,
which is worth recording in the log file for reference and
analysis purposes.

VII. CONCLUSION

We developed the person and seat log file recording system
for physical distancing observation from video data from
a classroom with limitations on human detection. Human
body reference point determination techniques and physical
coordinate calculations were performed to create positioning
strategies that can identify the locations of persons and seats
physically. The proposed strategies were evaluated and anal-
ysed for the effectiveness of the system usage. The system also
proved to be possible future development for a more variate
environment. The output from the system can be recorded as
a log file for analysis afterwards.
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Fig. 6. Plot of error between the actual (measured) locations and the calculated
locations (using the perspective transform technique) of the seats in the
classroom with the specified ordinal seat locations as recorded in the log
file.
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