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Abstract. Due to the COVID-19 pandemic, there has been a huge impact world-
wide. The transmission of COVID-19 can be prevented using preventive measures
like social distancing and face masks. These measures could slow the spreading
and prevent newer ones from occurring. Social distancing can be followed even by
those with weaker immune systems or certain medical conditions. With the new
normal into play, maintaining distance in social and wearing masks are likely to
be followed for the next two years. This paper studies about maintaining distance
in social and detection of masks using deep learning techniques. Several object
detection models are used for detecting social distance. The inputs used are in the
form of images and videos. With this system, the violations can be detected which
will reduce the number of cases. In conclusion, the proposed system will be very
efficient and can also be used to introduce newer preventive measures.
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1 Introduction

Deep learning is a combination of artificial intelligence (AI) and machine learning (ML)
that imitates the method of how humans gain knowledge. In recent years, more attention
has been gained by deep learning in object detection and its applications. A research trend
has been shown by deep learning in several classes of object detection and recognition
in AL Even on challenging datasets, outstanding performance has been achieved.

The processing of artificial intelligence (Al) is done by merging large data with
intelligent algorithms in which the features and patters will be learnt automatically.
Most of the Al examples are profoundly dependent on deep learning and natural language
processing. Al is a wide-ranging field of study that comprises of several theories and
methodologies. Al is divided into three subfields: Machine Learning, Neural networks
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and Deep Learning. By means of these technologies, computers could be trained for
completing complex tasks with large datasets [30].”

Coronavirus disease (COVID-19) is a transmittable virus caused by the SARS CoV-2
virus [28]. The risk of being affected by COVID-19 is highest in crowded and poorly
ventilated places. Outbreaks have been reported in crowded indoor spaces where people
speak or sing loudly such as restaurants, choir rehearsals, fitness centres, nightclubs,
offices and worship places [29].

Due to the COVID-19 pandemic, we have started taking precautionary measures
such as social distancing and face masks. The aim of maintaining distance in social is to
decrease the fast spread of the disease through breaking the chain of communicating and
prevent additional ones from occurring (by WHO - World Health Organization). These
measures would reduce the number of COVID-19 cases and also reduce the possibilities
of being affected. One of the best ways of prevention or slowing down the transmission
is to be well informed about the virus and the disease. By following social distancing
by staying at least 1 metre apart from others, properly using a tight mask and regularly
cleaning your hands [28]. Social distancing can be followed even by those with weak
immune systems or certain medical conditions. Similarly, face masks can be worn in
hazardous or polluted environment.

Manual checking of people following social distancing and people wearing face
masks correctly is a long and tedious process. In order to monitored the violations
with ease, the system can detect social distancing and facial mask using Deep Learning
techniques. This paper also provides information on implementation of distancing from
others and detecting the mask using YOLO v5 object detection model [3]. The sections
are divided as follows: Sect. 2 provides information on the works which are related to the
paper and similar researches carried out by other fellow researchers, Sect. 3 describes the
various object detection that may be implemented for social distancing and detection of
mask in detail. Section 4 provides information on how the implementation was carried out
using YOLO v5 object detection model. Section 5 explains the outcomes obtained from
the implementation. Finally, the conclusion and future scope of the paper is explained
in Sect. 6.

2 Related Works

Since the announcement of the new COVID-19 virus, everyone was advised to wear face
masks and follow social distancing. Hence, there has been several researchers, who were
keen on finding a proper monitoring or detecting system for these new norms. Different
types of object detection models and algorithms have been used.

There have been several applications for which the detection models have been
proposed. Also, the type of inputs varies with each application. The inputs are in the
form of images, videos and real-time videos.

Fan Zuo et al. in their paper, analysed several object detection models and found
that YOLO v3 had better performance in comparison with others [1]. Similarly, X. Kong
et al. in their paper, has compared YOLO v3 object detection model with Faster RCNN
and Single-Shot detector (SSD) on the basis of Frame rate, Inference time and Mean
Average Accuracy (mAP). The observations from the comparison were that the YOLO
v3 was better and efficient than Faster RCNN and SSD [8].
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Few researchers proposed new models and frameworks. This also includes com-
bining two or more models and algorithms and forming a hybrid model. Shilpa Sethi
et al. in their paper, has proposed a real time mask identification framework based on
edge computing. This uses deep learning and includes video restoration, face detection
and mask identification [6]. Similarly, Qin B et al. used a face mask wearing condition
identification method by using image SRCNet [5]. SRCNet stands for super-resolution
and classification networks.

Most of the distance calculations are calculated using the Euclidean distance for
mula. X. Kong et al. and A. Gad et al. both have used Euclidean distance formula in
their papers [2, 9]. Similarly, bird-eye is used for calibration. X. Kong et al. and A. Gad
et al. both have used bird-eye for calibration in their papers [2, 9].

In the recent years, CNN models for example VGG16, AlexNet, ResNet-50 and
InceptionV3 have been trained to achieve exceptional results in object detection [6].
With the help of the neural network structure, deep learning in object detection has been
capable of self-constructing the object description and learning advanced features that
cannot be obtained from the dataset. This has been the success of deep learning [4].

Raghav Magoo et al. proposes a model which can be used in embedded systems
for surveillance applications. This model is a combination of one-stage and two-stage
detectors. This model achieves less inference time and higher accuracy. An experiment
was conducted using ResNet-50, MobileNet and AlexNet. From the experiment, it was
observed that the proposed model obtains an accuracy of 98.2% when implemented with
ResNet-50 [6].

B. Wang et al. in their paper proposes a two-stage model to identify the state of
wearing a mask using a combination of machine learning methods. The first stage detects
the mask wearing region of the person. This is on the basis of a transfer model of Faster
RCNN and InceptionV2 structure. The second stage verifies the real face masks with the
help of extensive methodology. The implementation is done by training a double stage
model [7].

L. Jiao et al. in their paper have reviewed the various deep learning-based object
detection methods. All the different methods have been explained and analysed in detail.
This paper also lists the various applications and recent trends of object detection. This
survey has been very helpful in the study of various deep learning techniques [12].

M. R. Bhuiyan etal. in their paper proposes a deep learning-based face mask detection
method using YOLO v3 model. The authors have stated that “Experimental results that
show average loss is 0.0730 after training 4000 epochs. After training 4000 epochs mAP
score is 0.96. This unique approach of face mask visualization system attained noticeable
output which has 96% classification and detection accuracy” [13].

M. Cristani in their paper has introduced the VSD (Visual Social Distancing) prob-
lem. The VSD analyses human behaviour with the help of video cameras and imaging
sensors. The use of VSD beyond social distancing applications are also discussed in this
paper [14].

M. Qian et al., in their paper has discussed about the social distancing measures for
COVID-19. The author provides several information on social distancing other strategies.
The author concludes that “social distance measure is the most effective practice to
prevent and control the disease” [15].
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S. Saponara et al., proposes an Al based system for classifying distance in social.
This Al system can track people, detect social distancing and monitor body temperature
with the images obtained from the thermal cameras [16].

Shashi Yadav proposes a computer vision based real time automated monitoring for
social distancing and face masks. This approach uses computer vision and MobileNet
V2 architecture. The process includes gathering and pre handling the data, development,
training of the model, testing the model and model implementation [17].

Dzisi and Dei in their paper has discussed about the adherence to distancing in social
and wearing mask in public transportation during COVID-19 in different countries. The
paper mainly focuses on the situation in Ghana. A study on the people of Ghana about
their compliance to face masks and social distancing in public transportation has also
been discussed [18].

X. Peng et al., in their paper proposes a tracking algorithm in realtime for detection
of face. Two steps of this approach: detection of face using RetinaFace and Kalman
filter as tracking algorithm. Even though the proposed algorithm was not trained using
datasets, it showed amazing results [19].

T. Q. Vinh and N. T. N. Anh in their paper propose a real-time face mask detector.
This system uses Haar cascade classifier for face detection and YOLO v3 algorithm for
identifying the face. The final output shows that the accuracy can achieve till 90.1%
[20].

A. Nowrin et al., in their paper have studied about the various face mask detection
techniques with different datasets. This paper also provides information on both ma
chine learning and deep learning based algorithms which are used for object detection
[21].

M. Z. Khan et al, have proposed a hotspot zone detection using computer vision and
deep learning techniques. Experiments on different object detection algorithms have
been carried out. Using confusion matrix, 86.7% accuracy was achieved for the whole
human object interaction system [22].

J.Zhang et al., in their paper proposes a novel face mask detection framework namely
Context-Attention R-CNN. This paper also proposes a new practical dataset which covers
several conditions. Based on experiments, this proposed framework achieves 84.1% mAP
on the proposed dataset [23].

S. Srinivasan et al., in their paper proposes an effective solution for person, distancing
in social and detecting the mask using object detection and binary classifier based on
CNN. This paper also studies the various face detection models. The final system achieves
an accuracy of 91.2% [24].

A. Rahman et al., in their paper have analysed the various COVID-19 diagnosis
methods which uses deep learning algorithms. The paper also provides information
about the security threats to medical related deep learning systems [25].

M. Sharma et al., in their paper proposes an intelligent system for social distance
detection using OpenCV. The process includes three steps: object detection, distance
calculation, violation visualization [26].

K. Bhambani et al., in their paper has focused on providing a better solution for
social distancing and face mask detection using YOLO object detection model on real
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time images and videos. The proposed model has obtained an accuracy of 94.75% mAP
[27].

3 Relevant Methodologies

Several methodologies are available to be used for detection of social distance and
wearing of mask. Each methodology has its own characteristics and differ from each
other. A few of them are explained below.

3.1 Convolutional Neural Network (CNN)

CNN has evolved into a popular class of deep learning methods. It has also been drawing
interest from a wide range of fields. CNN can automatically learn the three-dimensional
orders of features and through using backpropagation algorithm. The CNN architecture
can be described as numerous layers, particularly convolution layer, pooling layer and
fully connected layers. It takes an image as input, assigns priority with learnable weights
and biases to numerous object features and distinguishes between them (Fig. 1).

CONVOLUTIONAL DETECTOR
INPUT ) | STAGE: AFFLNE | [l |  STAGE:NON-
TRANSFORM LINEARITY
NORAMLISATION
OUTPUT.
remture vae | €L (ogﬁ&iu @B | PoOLING STAGE

Fig. 1. Different stages in a typical CNN Layer.

The level of pre-processing required by CNN is significantly less in comparison with
other classification algorithms. In comparison with its forerunners, CNN has the ability
to identify key distinct features without any intervention of humans.

3.2 Object Detection

Object detection is associated with computer vision and image processing. It deals with
feature detection of certain classes like humans, buildings or vehicles [12]. A traditional
object detection algorithm can be divided into region selector, feature ex tractor and
classifier [11]. Object detection comprises of both object classification and location
regression [10] (Fig. 2).

The present deep learning-based object detectors are segregated into double stages
namely, First-stage and second-stage detectors. Even though double-stage detectors
obtain outstanding outcomes on various public datasets, they lag behind in low inference
speed. On the other hand, one-stage detectors are fast and most preferred for several real-
time object detection applications. On the whole, one-stage detectors have comparatively
poor performance than two-stage detectors [10].
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Fig. 2. Block diagram of a traditional object detection algorithm.

3.3 YOLO Object Detection Model

You Only Look Once (YOLO) is a popular object detection model used by research
scholars around the world. YOLO is a CNN for executing the detection of objects in
realtime. One of the advantages of YOLO is that it can be faster than other networks but
still maintain the accuracy rate [29, 31] (Fig. 3).

BOUNDING
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Fig. 3. Block diagram of YOLO object detection model.

The YOLO model takes 45 fps (frames per second) to process images in real-time
and the Fast YOLO model takes an extraordinary 155 fps to process images. The Fast
YOLO model achieves twice the mAP of real-time conventional detection models. When
generalising from natural photos to other domains like networks, the YOLO model
outclasses existing detection models like R-CNN and DPM.

3.4 Faster R-CNN

Faster R-CNN is a combination of Fast R-CNN and RPN [6]. R-CNN represents Region-
Based Convolutional Neural Network and RPN represents Region Proposal Network.
To substitute the selection search algorithm, the Faster R-CNN uses RPN. This proposal
generator is learned by using supervised learning methods. RPN is a fully convolutional
network which uses a random sized images and generates various object detection pro-
posal on each position of the feature map [10]. This allows cost free region proposals by
integrating individual blocks of object detection in a single step. The individual blocks
include feature extraction, proposal detection and bounding box regression [6].

3.5 Single-Shot Detector (SSD)

Initially, SSD identified for detecting objects using deep neural networks to solve com-
puter vision problems. SSD will not reinitiate the features for the bounding box hypoth-
esis [9]. RPN-based approaches like R-CNN require double stages. One stage for gener-
ating region proposal and another is for identifying object of each proposal. Therefore,
two-shot approaches consume more time. In SSD, a single shot is enough to detect the
various objects in an image. Hence, SSD is faster and time-efficient in comparison with
the other two-shot RPN-based approaches [33].
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3.6 AlexNet

AlexNet is a CNN architecture model which comprises a total of 8 layers along with
weights. Among the 8 layers, the first 5 layers are convolutional layers and the remain-
ing 3 layers are fully connected layers. The Rectified Linear Unit (ReLU) is used after
every layer (both convolutional and fully connected) [34]. ReLU helps in preventing
the computation growth required for operating the neural network. The next layer indis-
criminately assigns inputs to zero with the occurrence rate of every stage. This helps to
prevent overfitting [32]. The dropout method is used before or within the two fully con-
nected layers. But on using this method, the time required for the network to converge
increases [35].

3.7 Inception V3

Inception v3 is mainly used as assistance in image analysis and object detection. Incep-
tion v3 is the third version of the Inception CNN from Google. It comprises of 42 layers
which slightly is higher than the v1 and v2 models. Inception v3 is an optimized edi-
tion of Inception v1. The main purpose of this version is to allow deeper networks,
along with numerous parameters. In comparison with the parameters of AlexNet (60
million), Inception v3 has lesser parameters (25 million). In comparison with Inception
v1, Inception v3 has a deeper network and higher efficiency. It is also less expensive.

3.8 MobileNet

MobileNetis a portable efficient CNN used in several applications. They are small in size,
low latency and low powered models. Since it is light weighted, it has lesser parameters
and higher classification accuracy. MobileNet comprises of depth-wise separable con-
volution layers which consists of a depth-wise convolution and a point wise convolution.
Along with each depth-wise and point-wise convolution, a MobileNet includes a total
of 28 layers. MobileNet also introduces two new universal hyperparameters: width and
resolution multiplier. This permits developers to choose between latency and accuracy
on the basis of the requirements.

3.9 Visual Geometry Group (VGG)

VGG or Visual Geometry Group is an advanced object detection and recognition model
which supports up to 16 or 19 layers. As input, the VGG accepts 224 x 224 pixel RGB
image. 3 x 3 convolutional layers are used. Also, a 1 x 1 convolutional filter is present.
This acts as linear transformation for the input. The convolutional filter is then followed
by aReLU unit. The VGG is made up of three complete communicated layers. The initial
layer comprises of 4095 channels each and the third layer comprises of 1000 channels.
The hidden layers of VGG uses ReLU, as it is time efficient.
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4 Implementation

Several papers with several methodologies and techniques of deep learning were studied.
As per the study, it has been found that the social distancing and face mask can be detected
efficiently by using CNN and YOLO object detection model. The latest version of the
YOLO model, the YOLO v5 object detection model has been used.

Object detectors detect a corresponding label and a bounding box. In both the sce-
narios, bounding boxes are used for indication. All the codes were run in Google Colab.
The inputs were mounted on Google Drive and imported into the Colab.

4.1 Face Mask Detection

Input is a custom dataset. The dataset consists of 50 images along with its corresponding
labels to indicate the mask correctly. First step is to clone the repository from GitHub
[36]. Then, all the required dependencies are installed. The inputs are mounted on Google
Drive and imported into the Colab file (Fig. 4).

l Cloning YOLO v5 repository l

I Installing requirements file l

l Uploading the custom dataset l

l Training the dataset I

l Displaying the output I

Fig. 4. Outline of Face Mask Detection

A configuration file is created to provide information about the dataset and its location
to the model. The dataset path is provided for training and validation. Then the number
of classes and name of the class are provided. The design of the model can be seen
with all the layer informations. The model starts training and the results are logged. The
models are trained for 50 epochs, tested and validated. PR and F1 curves are plotted.
In addition to the custom data set, a video file is given as input, trained and validated
(Fig. 5).
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Fig. 5. Sample custom face mask dataset.

4.2 Social Distance Detection

Upload the dataset

¥

Compress and convert the video format

7

I Load the YOLO v5 model l

)

I Defining the distance and people detection parameters l

I Training the model by iterating the video frames l

I Final output video l

Fig. 6. Outline of Social Distancing Detection

The input is the processed video output of the face mask detection. This will use
Euclidean distances. The ED between the centroids of all the regions projected will be
computed (Fig. 6).

The Euclidean distance is expressed as

d= \/(xz —x)%+ (2 —y1)?

where,

(x1, y1) are the coordinates of one point.

(x2, y2) are the coordinates of the other point.

d is the distance between (x, y1) and (x2, y2).

All the required libraries are imported. The drive is mounted and input is copied
to the Colab file. Pre-processing of the video like compression and conversion of the
video format is carried out. This YOLO model uses PyTorch library. With the help of the
specified distance formula, the YOLO model detects people and draws rectangle boxes
surrounding them.

Bounding boxes will be used to indicate the person and lines will be used to indicate
close distance contacts. The colour of the bounding boxes will switch from green to red,
if the social distancing norms are violated.
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To detect people in a video, frame by frame iteration is carried out and at the end of
the process, the output file is saved.

5 Results

The results of the implementation are analysed and found to be satisfactory. From the
PR and F1 curve graphs from the face mask detection, the efficiency of the trained model
can be understood. A PR curve is plotted by taking the values of Precision and Recall
on the y-axis and x-axis respectively. The F1 curve is plotted by taking the values of the
harmonic mean of both precision and recall. The average precision rate is found to be
60%, the average recall rate is found to be 74% and average accuracy mAP was found
to be 62% (Figs. 7 and 8).

mask 0.995
w—all classes 0.995 MAP@0.5

0.8

0.6

Precision
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0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 7. Precision-Recall curve.

Figure 9 and 10 showcases the result outcome of the implementation. The red boxes
detect the mask and the green box detects the social distance. Few limitations in the
implementation are: uncontrollsed background and illumination. The camera angle and
lighting conditions affect the detection of the person. Even in a diverse environment,
problems occur in the people detection.
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Fig. 10. A video frame of social distancing and face mask detection.
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Conclusion and Future Scope

Even though the COVID-19 scenario has come to an end. New variants are still emerging
around the world. To prevent further spread of the disease, everyone should follow the
guidelines and norms advised by the WHO. The detection of social distancing and face
mask is to provide an awareness to the people that the disease is still on the loose.

As future scope, the model can be trained to give comparatively better results. Real-

time video can be taken as input and trained. To enhance the model further, temperature
and cough detection can be added in addition to face mask and social distancing.
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