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Abstract. Monitoring social distancing in public spaces plays a crucial role in controlling and slowing the
spread of the coronavirus during the COVID-19 pandemic. Using camera-equipped drone, the system
presented in this paper detect unsafe social distance between people by applying deep learning algorithms
namely the YoloV4 CNN algorithm to detect persons in images, in combination with trans-formation
equations to calculate the real world position of each person, and finally calculate the distance between each
pair in order to determine whether it is safe. We show also the results of training and testing a model using
YoloV4 algorithm, and test the system for social distance calculation.

1 Introduction
The 2019 coronavirus pandemic (COVID-19) which was
reported by China in Wuhan, Hubei province on
December 31, 2019 [1], caused a global crisis by its
lethal spread around the world. Medical experts,
scientists and researchers have worked intensively to
search for the vaccine and the effective drug for this
deadly virus. To limit the spread of the infectious virus,
the world community is looking for precautions and
alternative measures.
Currently, since vaccination rates are still low on poor
areas and due to newer strains that are highly contagious,
social distancing is still considered an adequate
precaution against the spread of this virus. Research has
shown that social distancing measures are more
effective. This reduced the average number of infections
by 92% and 24% in mid-2020 and at the end of 2020,
respectively [2]. This distancing involves maintaining a
distance of 1.5 m between people, which can prevent the
spread of most infectious respiratory diseases.
Current research offers effective solutions to measure
this distance using surveil-lance videos as well as
approaches based on computer vision, machine learning
and deep learning. In this article, a solution based on
deep learning is proposed. This solution is based on a
camera-equipped drone, which essentially consists of
two parts the first is the detection of individuals gathered
in a public place using convolution net-works followed
by the calculation of the distance between these
individuals.

2 Related works
Recent studies highlighted the effectiveness of social
distancing practices during the COVID-19 pandemic.
Most of this research focuses on techniques based on

computer vision, because it offers a cheaper and more
attractive alternative to smartphones for safety
assessment or pedestrian detection [6].
For object detection, two main approaches are used. The
first is a region-based approach, such as Fast-RCNN,
Faster-RCNN [10], Mask RCNN, and RetinaNet, which
detects humans from images in two steps. The work [9]
uses the RCNN [14], Fast RCNN [13], and Faster RCNN
algorithm to detect masks and social distancing in real
time. Despite the high detection precision of these
approaches, their applications could be limited due to
their great complexity. The second approach is called the
single stage approach which includes the You Only Look
Once (YOLO) [3] model, improved versions of this
YOLO3 [4] YOLO4 [5] models, as well as the Multibox
Single Shot detector (SSD). These approaches combine
the pixels of the image with bounding boxes and class
probabilities in order to detect people or objects; they are
generally faster than region-based methods.
By combining these computer vision techniques with
distance approximation methods, it can be determined
whether a group of people meets social distancing
requirements, which helps reveal patterns of human
contact and the effectiveness of social distance policies.
Among the most recent work that has been conducted to
investigate the problem of visual social distancing for
COVID-19, the work [11] that uses the SSD300 model
to detect people in a video or image, implementing
surveillance of social distance in real time. The work [7]
proposes a new technique for detecting and tracking
people by deep learning, which exploits the YOLOv2
approach, using thermal images. The distance calculated
using the Euclidean distance between two bounding
boxes. The work [8] developed an autonomous dronebased model for social distance monitoring. They trained
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the YOLOv3 model with a custom dataset. Calculations
made by measuring the centroid distance between
pedestrians. The YOLOv4 model was used for the
detection and tracking of people using a single time-offlight (ToF) camera [12].

3 Methodology
The main problem that we are trying to solve in this
project is the detection of people who do not follow the
measures of social distancing using a camera-equipped
drone. The problem can be divided into two axes, the
first is the detection of people by a detection algorithm
using deep neural networks, which gives as a result the
locations of the objects/people detected in the image, this
result is then used in the second stage to estimate the
position of persons in ground and then calculate the
social distance using the output of the first stage
combined with camera position and orientation, to detect
if people are respecting the social distancing rules as is
shown in the figure 2.

Fig. 1. System components and sensors

For the Object detection task, we used multiple
architectures all based on the darknet deep learning
framework [15], and the YOLO algorithm [3]. The first
architecture that we used is the YoloV3 [4], which is an
improved version of the original YOLO algorithm and
the second version YoloV2 [16]. In this architecture,
they improved the training performance and accuracy,
and they added scale output to deal with different objects
sizes, we used also 2 different resolutions, 416 pixel by
416 and 608 by 608. After that we tested training also on
YoloV4 [5] which is the newest version that is based
also on darknet framework, in this version they added a
lot of new features that can be used to decrease the
training time, like new augmentation techniques (Mixup,
Cutout, cutmix) and many others techniques.
1.1.1 Dataset
The dataset that we used in the beginning was a general
purpose ‘Visdrone-DET’ dataset used originally as
challenge for object detection for vehicles, persons, and
other classes of aerial images captured from a drone in
cities [18]. We selected from the dataset images that
contains a majority of persons in them, we arrived at
1735 images, divided to either 608 by 608 or 416 by 416
depending on the architecture used, and contains around
38762 person/bounding box in them. After seeing the
results, we augmented the dataset with another dataset
for person detection ‘Okutama-action’ [17] to improve
further the performance and generalization of our model;
this dataset consists of 43 minutes of image sequences of
aerial footage of persons with annotations, to add to
3491 images.
3.2 Social distance measurement

To solve this we are using a drone equipped with an
RGB camera, a GPS sensor for the location capture, the
IMU sensor for the orientation of the camera, this is then
forwarded to the companion computer embedded in the
drone (see figure 1) through the autopilot.

Fig. 2. Flow chart diagram of the whole system

3.1 Person detection
1.1.1 Darknet

2

To measure the distance between people in the image,
first we need the camera intrinsic parameters, like the
sensor size of the camera, the focal length, field of view,
etc. we need also extrinsic camera parameters that we
capture using external sensors, GPS for position of the
camera/drone, and IMU for attitude of camera. We also
need the position of objects in the image using the
detection algorithm results. Then we use triangulation
equations to calculate the real world position of persons
based on all those information, so then we can calculate
the distance between each pair of persons. The figure 3
shows a scenario where the drone is hovering on persons
and shows the frames of reference of position and
orientation.
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Fig. 3. Shooting scenario, and frames of reference

3.3 Algorithm
The Social distance-monitoring algorithm (see Figure 4)
consists of an outer while loop where we capture every
camera frame alongside the camera position from the
GPS, the camera orientation from the IMU, and pass it to
the object detection algorithm, which gives us as a result
the bounding boxes of the objects/persons in the image.
Then we loop through those bounding boxes after we get
their center bottom coordinates, and we calculate the
geolocation for each pair of the objects, so finally we can
measure the Euclidian distance between the pairs, and
decide whether the distance is safe of not.
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We began testing with the YoloV3 with the original
weights of COCO dataset [20], where we got a mAP of
38.78, after that we trained the YoloV3 on 2 resolutions,
the first is the default resolution with 608 by 608; that
reached 63.04 AP after 6773 iteration (see figure 5), and
the second resolution of 416 by 416 reached an AP of
44.57, we trained also the YoloV4 with 608 resolution
and we reached 74% of AP after 16474 iteration (see
figure 6).

Fig. 4. Social distance monitoring algorithm

4 Results and discussion
The training and testing stage of the person detection
algorithm, was done on a Google Colab virtual machine
which gives a handful of GPUs, ranging from a Tesla
T4, Tesla P4, Tesla K80, and even P100 [19]. The results
of tests below are all done on a Tesla P4 GPU as seen in
(table 1).

Fig 5. YoloV3 608 training loss and mAP50 charts
For the performance side you can see the inferences
times on (Table 1). YoloV3 with the input resolution of
416 pixel by 416 had the fastest time on the Tesla T4
with an average time of 28 ms, followed by the same
architecture with an input resolution of 608 by 608 of
47ms. The original architecture with coco dataset
weights had an inference time of 54 ms considering the
bigger output shape of 80 classes instead of the single
person class output. Finally, the YoloV4 had a similar
inference time of 54 ms, which is good considering the
bigger architecture and all the added features and
training time advantage and precision over the old one.

Table 1. Different architectures performance results
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Fig. 6. YoloV4 training loss chart
To test the social distance method, we have done a static
test with an android phone camera due to lack of proper
equipment, where we captured images from a high
vantage point, and the position and orientation of the
phone. As first results, we got an average error of 40 cm,
which is not very bad considering the accuracy of phone
measurements.

5 Conclusion & Future works
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In this paper, we presented our work on creating a
system for person detection for monitoring crowd social
distance. In the first part, we used deep learning
approach for the object detection where we trained a
model that reached good performances for the task. For
the social distance and location calculation, we have
developed a method based on triangulation equations to
transform from the image pixel space to 3D world space
and calculating the distance between each pair of
persons, and then we did a proof of concept test using
phone camera and measurements. The results are good
considering the accuracy of measurements. Regarding
future works, we are waiting for testing equipments, and
we are building a proper dataset for social distance
calculation benchmark.
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