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Abstract: The COVID-19 pandemic has been a worldwide catastrophe. Its impact, not only economi-
cally, but also socially and in terms of human lives, was unexpected. Each of the many mechanisms
to fight the contagiousness of the illness has been proven to be extremely important. One of the most
important mechanisms is the use of facemasks. However, the wearing the facemasks incorrectly
makes this prevention method useless. Artificial Intelligence (AI) and especially facial recognition
techniques can be used to detect misuses and reduce virus transmission, especially indoors. In this
paper, we present an intelligent method to automatically detect when facemasks are being worn
incorrectly in real-time scenarios. Our proposal uses Convolutional Neural Networks (CNN) with
transfer learning to detect not only if a mask is used or not, but also other errors that are usually
not taken into account but that may contribute to the virus spreading. The main problem that we
have detected is that there is currently no training set for this task. It is for this reason that we have
requested the participation of citizens by taking different selfies through an app and placing the
mask in different positions. Thus, we have been able to solve this problem. The results show that the
accuracy achieved with transfer learning slightly improves the accuracy achieved with convolutional
neural networks. Finally, we have also developed an Android-app demo that validates the proposal
in real scenarios.

Keywords: facemask-wearing condition; transfer learning; convolutional neural network; deep
learning; facial recognition; COVID-19

1. Introduction
1.1. Motivation

In December 2019, cases of pneumonia of unknown origin appeared in Wuhan, Hubei,
China, the clinical symptoms of which were very similar to pneumonia of viral origin.
In the first group of infected people, it was determined that it was a zoonotic infection,
that is, a viral transmission from animals to humans [1]. Due to the taking of samples
from the lower respiratory tract, employing the RT-PCR technique in real-time, genome
sequencing was carried out. This fact allowed us to clarify the taxonomy of this virus. New
Coronavirus 2019 (2019-nCoV) was the name that was assigned to it.

Different studies have shown the spread by aerosols and fomites of SARS-CoV-2
among humans. In addition, it has been demonstrated that the virus can be spread even
before the appearance of symptoms, referring to asymptomatic patients who are carriers
of the virus, which implies that they can spread it without showing any symptoms of the
disease. This fact has caused the rapid evolution and expansion of the pandemic. Due to
the rapid spread of the virus, the World Health Organization (WHO) declared COVID-19 a
public health emergency of international concern [2]. According to the WHO, as of 2 May
2021, there have been 151,803,822 confirmed cases of COVID-19, including 3,186,538 deaths.

The first symptoms found in this new coronavirus were coughing, fevers, and respira-
tory distress. However, with the progress of studies, other identifying symptoms of this
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virus have been determined. According to an update in March 2020 by the Council of State
and Territorial Epidemiologists (CSTE), the loss of smell and taste was added as one of
the compatible and most characteristic symptoms of this virus [3]. Moreover, in several
studies, it has been shown that the pandemic has affected us mentally, not only because of
the consequences left by the virus once the patient has recovered, but also because of the
restrictions to which we have been subjected to reduce the transmission of SARS-CoV-2.

Mental health is associated with both demographic and psychosocial factors that,
during this pandemic, cause a higher predisposition in some people to suffer these types of
problems. The psychiatric disorders associated with this pandemic are usually stress, emo-
tional disorders, depression, anxiety, sleeping problems, panic attacks, among others [4].

In addition to the symptoms of COVID-19, its rapid transmission between humans
has been the object of study. According to studies, the contagion rate is higher in closed
spaces without ventilation. This fact is because viral particles are capable of traveling in
microdroplets (<10 µm), also called aerosols. These aerosols are produced by the human
being when we speak, sing, laugh, etc. In addition, their speed increases with the force of
the flow, for example, when we run or shout. What happens is that the largest drops fall to
the ground, however, its nucleus (where the virus particle is located) is suspended in the
air and is capable of being inhaled by another person, producing a possible infection [5,6].

Due to the transmission of the virus by air, many countries have introduced the mask
as a mandatory use for protection against possible infections. With the use of the mask,
the morbidity of COVID-19 and its associated mortality has been reduced. In addition,
medical care has been reduced, preventing health systems from collapsing [7]. In addition,
the use of the mask together with social distancing has managed to flatten the epidemic
curve. The masks have the following two main functions: on the one hand, to prevent
the viral particles that travel in the aerosol from being transmitted between the general
population when coughing, speaking, sneezing, etc. On the other hand, the material from
which the mask is made allows the volatile particles to be filtered from the air. In addition,
the use of the mask has been of great help in preventing asymptomatic patients from
infecting the rest of the general population [8]. Recent studies show that surgical masks
effectively reduce the emission of viral particles. Coronavirus was detected in 30 and 40%
of samples collected in participants without face masks, but no virus in droplets or aerosols
was detected in participants with face masks. This study was conducted on exhaled air
samples of SARS-CoV and MERS-CoV from infected patients and the findings indicate that
surgical masks effectively reduce the emission of viral particles [9].

The recommendations of the Centers for Disease Control and Prevention (CDC) [10,11]
indicate that while wearing the surgical mask, on exhalation, the air from the nose and
mouth leaves with a high velocity and is directed frontally. The particles are relatively
thick, between 3 and 8 microns (1 micron = 0.001 mm), and impact directly on the inside of
the mask. Even if air escapes through the edges, bacteria, or other particles, do not escape
since, due to their thickness, they are not able to follow the flow lines of the air that leaves
the edges as long as the adjustment is correct.

The proper use of masks requires strict adherence to general hygiene measures, among
which adequate coverage of the mouth and nose, avoiding gaps between the face and
the mask, stands out. A partial, incorrect, or asymmetric fit poses a high risk for the
transmission of infection [12].

It is due to the great importance of the use of masks that it is necessary to control their
correct use. This fact leads to an increase in the control methods of non-pharmaceutical
products that allow reducing the transmission of the virus [13]. For this reason, methods
based on Artificial Intelligence (AI) have taken on great relevance, which allows a more
exhaustive control over mask use in public spaces or areas with large population concurrence.

1.2. The Aim of the Study

Our objective is to study the application of Machine Learning techniques to distinguish
whether a person is wearing a mask properly. Therefore, this project must take into account
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not only the presence or absence of a mask, but also its proper use, meaning, and being able
to distinguish when it is well placed and when it is not. It offers detection and warning
regarding multiple possibilities of placement errors that, without this application, would
be hard for a person to notice. Although one of the most obvious mistakes is the use of
the mask under the nose, there are others, such as the use of the mask over glasses, which
are more difficult to detect, but no less important, or the poor fitting of the mask to the
face. For the development of this application, deep learning techniques have been used
to recognize people’s faces and proper mask use. For this aim, we need a solid training
set that allows us to achieve good accuracy and reduce bias. Since there is no training set
available for this task, one of the challenges of the project has been its creation.

1.3. Related Work

Due to the serious threat of the COVID-19 pandemic, novel solutions to optimize
the incorrect use of prevention mechanisms are a hot topic. AI is one of the most useful
techniques in adapting problems such as image classification to different situations. In
this subsection, we are going to describe the most relevant works about AI and COVID-19
technical solutions.

AI and CNN solutions can solve problems by detecting patterns in images. Authors
such as Chung et al., in [14], have developed an application integrated with the mobile
phone capable of recognizing and classifying plants through the use of images using
InceptionV3 CNN [15]. They have also implemented a prototype for identifying tree
species with which real-time classification is performed remotely.

However, the current pandemic situation produced by SARS-CoV-2, in which we find
ourselves, has led various authors to try to improve the control of the spread of the virus
by developing applications to control the use of masks. Although, indeed, in previous
years, authors such as Nieto-Rodriguez et al. had already developed this type of system
to deal with other epidemics. Nieto-Rodriguez et al. in 2015 [16] developed a real-time
image processing system in VGA resolution reaching 10 fps. VGA resolution allows the
object to be 5 m from the camera to distinguish faces or masks. The system was developed
to control the use of masks by medical personnel within operating rooms. In this way, an
alarm goes off when the health personnel do not carry it because its use is mandatory.

Nevertheless, it has been in the last two years that the number of publications related
to these AI systems has skyrocketed due to the critical situation we are facing.

Chen et al., in [17], have developed a mobile application that allows us to determine
the service life of a facemask, indicating what period it is in, in addition to telling us what
its level of effectiveness is after a period of use. To do this, they use microphotographs by
extracting four characteristics of gray, employing co-occurrence matrices (GLCM) from
the microphotographs of the facial mask. Using KNN, three results are obtained. The
precision of these is 82.87% (macro measurements). The precision of “normal use” and
“not recommended” reaches 92.00 and 92.59%.

Nonetheless, the need to control the overcrowding of people who wear or do not wear
masks in public spaces has increased in importance in recent years.

Nagrath et al., in [18], have developed a design that can differentiate between the use of
a facial mask or not. To perform real-time mask detection, they have used the MobileNetV2
architecture [19] as the framework for the classifier, together with the SSDMNV2 approach,
which uses the single-shot multi-box detector as a face detector. By these means, they
propose to use deep learning TensorFlow, Keras, and OpenCV to detect face masks. The
precision of this study is 92.64% and it has an F1 score of 0.93. Mata, in [20], created a CNN
model to be able to differentiate which people use a mask and which do not. It is based on
a deep learning technique using an image or a video stream.

In a study carried out by Jauhari et al., in [21], the aim was to detect facial patterns to
be able to detect the presence of facial masks in images. For this, it was based on Single
Board Computer (SBC) Raspberry Pi. A face detection system based on the Viola Jones
method was used to obtain efficient, fast, and accurate results. This method allows the
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adjustment of the cascade classifier to determine the area of the face in the image. The
precision of this study is 90.9%. Sen et al., in [22], through the sequence of images and
video, have developed a system capable of differentiating between people who wear face
masks from those who do not. They use a MobileNetV2 model [19] along with python’s
PyTorch and OpenCV for mask detection. The model has an accuracy of 79.24%. At the
same time, an entry system to public places, which differentiates people who wear a mask
from those who do not, has been proposed by Balaji et al. in [23]. In addition, this system
has an alarm that emits a beep with a red or green tone to alert if a person is not wearing a
mask. A Raspberry-PI camera is used to capture the video and transform it into images for
further processing.

Recent studies show the applicability of these types of applications. Kurlekar et al.,
in [24], have developed a system that can be integrated with offices, airports, and public
places in general. With their application, they can detect face masks in static images as well
as in real-time videos. To do this, they used Computer Vision concepts and Deep Learning,
using OpenCV and Keras/TensorFlow. Sakshi et al., in [25], using Keras/TensorFlow,
developed a face mask detector. The architecture on which it was based is MobileNetV2 [19].
The model has been trained with several variations to ensure that the system can identify
face masks in real time through video or still images. The final objective is, through
Computer Vision, to implement the model in areas of high population density, health care
areas, educational institutions, etc.

In 2020, Cheng et al., in [26], proved that the detection of the use of masks was
important in stopping the spread of the virus. With the use of YOLO v3-tiny, it has proven
to be suitable for the real-time detection of mask use. Plus, it is small, fast, and suitable for
mobile hardware deployment, as well as real-time detection. Loey et al., in [27], developed
a hybrid system for the detection of face masks. They selected three data sets. The simulated
masked face data set, the real-world masked face set, and the tagged faces in nature. The
design of this study is composed of Resnet-50 [28], for the feature extraction component.
A second component for the classification of face masks is used by this system based on
Support Vector Machines (SVM) and a joint algorithm for the mask classification process.
The precision of the system is 99.49%, 99.64%, and 100%, respectively, for each of the data
sets studied.

In addition to the need to be able to detect the use or not of a mask, the detection of
when it is used in a wrong way due to its incorrect positioning is of great relevance. This
misuse significantly reduces its effectiveness against the virus. For this reason, several
authors, in addition to detecting its presence or absence, have focused on detecting its
correct or incorrect placement. In 2020, Rudraraju et al., in [29], developed an application
based on two steps. On the one hand, it detected the use or non-use of a facial mask. After
detecting a mask, it distinguished between its correct or incorrect use. To do so, it relies
on fog computing. Two nodes are used to process the video sequencing. Each fog node
implements two MobileNet models [19]. For face detection, Haar cascade classifiers are
used. Streaming takes place locally at each fog gateway without relying on the Internet. In
this way, only the mask is allowed to enter the room and only if the mask is well placed.
The accuracy of this system is around 90%.

Wang et al. 2021, in [30], using hybrid machine learning techniques, proposed to
detect the use of masks using a two-stage approach. In the first stage, the user wearing
a face mask is detected using the Faster RCNN and InceptionV2 [15] structure model.
The second step is directed to a stage of verification of real face masks implemented by a
classifier through a learning system. The general accuracy for simple scenarios is 97.32%,
while for more complex scenarios it is 91.13%.

Smart Screening and Disinfection Walkthrough Gate (SSDWG) was created by Hussain
et al. in 2021 [31]. It is a low-cost, fast and effective virus spread detection and control
system based on IoT, for all places of entry. In addition to registering body temperature
through temperature sensors that do not require physical contact, the system is also capable
of differentiating people who wear face masks from those who do not. For the classification,
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it was also added not only if they were wearing a mask but also their correct use. For this
classification, VGG-16, MobileNetV2 [19], InceptionV3 [15], ResNet-50 [28], and CNN have
been compared using a transfer learning approach. The use or non-use of the mask was
implemented through deep learning in real time. The obtained precision was 99.81 and
99.6% using VGG-16 and MobileNetV2, respectively. In addition, the classification of the
type of mask, either N-95 or surgical masks, has also been implemented. Qin et al., in [32],
using super-resolution and classification networks (SRCNet), with the training from the
Medical Masks database, have developed a method to identify the presence or absence
of a mask. This method, in addition, is capable of identifying the most frequent error of
its misuse, such as wearing the mask under the nose. The algorithm used is based on the
following four steps: image pre-processing, face detection and cropping, super-resolution
images, and mask detection. The precision achieved with the use of this methodology is
98.70%. Table 1 summarizes the different works presented in this section.

Table 1. Summary of the related works.

1st Author [ref] Date Type of
Detection

Face
Detector

Classification
Model

Software
Library

Best
Accuracy

Nagrath [18] March
2021

mask/
no mask

Single shot
multibox MobileNetV2 TensorFlow,

OpenCV 92.64%

Mata [20] April
2021

mask/
no mask

Image Data
Generator CNN TensorFlow,

OpenCV 60%

Jauhari [21] March
2021

mask/
no mask

Cascade
Viola Jones AdaBoost Python 90.9%

Sen [22] February
2021

mask/
no mask - MobileNetV2 PyTorch, OpenCV 79.2%

Balaji [23] 2021 mask/
no mask

Viola-Jones
detector VGG-16 CNN TensorFlow,

OpenCV 96%

Kurlekar [24] April
2021

mask/
no mask - CNN TensorFlow,

OpenCV, Caffe -

Sakshi [25] March
2021

mask/
no mask - MobileNetV2 TensorFlow, Keras 99%

Cheng [26] 2020 mask/
no mask

YOLO v3
-tiny CNN + SVM - -

Loey [27] January
2021

mask/
no mask YOLO v3 Resnet50 + SVM - 99.5%

Rudraraju [29] September
2020

mask/
no mask/
nose out

Haar
cascade
classifier

MobileNet OpenCV, Keras 90%

Wang [30] January
2021

mask/
no mask/
nose out

Fast RCNN InceptionV2 OpenCV, Matlab 91.1%

Hussain [31] April
2021

mask/
no mask/
nose out

YOLO v3

VGG-16,
MobileNetV2,
InceptionV3,

ResNet50

Keras 99.8%

Qin [32] September 2020
mask/

no mask/
nose out

Multitask
Cascaded CNN SRCNet Matlab 98.7%

The rest of the paper is structured as follows. In Section 2, materials and methods, we
explain how we obtained the training data, how they are labeled, and the details of the
intelligent system. In Section 3, the results are shown and described. Section 4 includes the
discussion and, finally, Section 5, shows the conclusion along with future work.
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2. Materials and Methods

This section describes the methods used in solving the problem. Our system is divided
into 5 phases. Each one of the first five points in this section corresponds to these phases.
In the last section, the system validation is described.

2.1. Obtaining the Data Set

The main objective of this paper is to identify mask placement errors using machine
learning techniques. The drawback of machine learning is the need of a properly labeled
training set.

Most of the works related to mask detection have chosen to use a synthetic corpus [33].
The idea consists in drawing, on the image of a face, the drawing of a mask. This method
has been very useful in detecting if a mask is being used. However, the problem that
interests us is much more complex. We want to detect small problems with the placement
of the mask. The synthetic corpus would not work for our problem.

To tackle the problem, we decided to resort to citizen collaboration. We developed an
application, shown in Figure 1, for mobile phones, which asked users to place the mask in
different positions and take a selfie. The application was published on Google Play [34]
and we went to the media to disseminate it [35]. The application was downloaded by more
than 500 users during the summer of 2020 and about 3200 images were obtained, with a
resolution of 360 × 480, half of them from the front and the other half from the side.

Figure 1. Application in Google Play for the acquisition of the training set.

2.2. Labeling

The labeling was carried out by a nursing group from the hospital of Ontinyent. To
speed up the work, an Android application was developed that allowed us to label 12 types
of problems as well as the location where the problem was evident. Figure 2 shows this
application, with an image from the front and another from the side. The labels were: 1—
mask incorrectly extended, 2—non-symmetrical placement, 3—incorrectly bent in the nasal
part, 4—adjusted below the bridge of the nose, 5—glasses placed under the mask, 6—neck
adjustment greater than 1 cm, 7—with a beard, the use of a mask is not recommended,
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8—incorrectly placed rubber band, 9—lateral gap greater than 1 cm, 10—exposed nose,
11—without a mask, 12—others.

Figure 2. Application for the labeling of the training set.

Table 2 shows the statistics of the labeling process. Up to three errors could be
indicated in each image. With the correct mask, 24.5% of the images were labeled, with an
error of 55.9%; with two, 15.0%; and with three, 4.5%.

Table 2. Statistics of the labeling process.

Front Image Side Image

1st Error 2nd Error 3rd Error 1st Error 2nd Error 3rd Error

Correct 518 0 0 476 0 0
without a mask 350 0 0 328 0 0

adjusted below the bridge of the nose 284 74 12 261 67 12
mask incorrectly extended 247 192 58 210 104 21

exposed nose 245 1 0 218 2 0
non-symmetrical placement 108 54 15 56 10 0
lateral gap greater than 1 cm 85 21 0 92 24 1

glasses placed under the mask 82 10 1 77 9 0
incorrectly placed rubber band 81 40 6 98 47 6

incorrectly bent in the nasal part 71 11 1 68 8 0
neck adjustment greater than 1 cm 25 9 2 34 12 2

with a beard, mask is not
recommended 12 0 0 11 0 0

The application asked the user to take two selfies; one from the front and the other
from the side of the face. As can be seen in Table 2, some errors were better detected
from the side, such as “incorrectly placed rubber band” or “lateral gap greater than 1 cm”.
However, it was decided that the side angle selfie would not be used given the user’s great
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difficulty in taking them. In fact, almost 10% of the side photographs were poorly framed
and had to be discarded.

In this project, we will focus on the 5 most frequent problems (see Figure 3). To
achieve this, some errors have been eliminated, such as “incorrectly placed rubber band”
and “neck adjustment greater than 1 cm”. Others, such as “adjusted below the bridge of
the nose” and “incorrect nasal bend” have been joined into a single type: “bad adjustment
of nasal bridge”.

Figure 3. Example of samples of the 6 categories detected once cut.

Only the images from the front and that also only present one type of problem, or
none, will be used. These images have been divided into two sets, 1000 for training and
194 for validation.

It is important to highlight that there is high subjectivity in the labeling of the data set.
Determining that the mask is perfectly fitted is relative. Some tests carried out show how
two experts evaluating the same set provided a difference in up to 10% of the labels.

2.3. Facial Detection and Cropping

When obtaining the data set, the volunteers were asked to place their faces on a
template. However, these indications were not followed very strictly. To normalize this
situation, it has been decided to perform face detection, to eliminate the edges of the image
without relevant information. Rapid Object Detection Using a Boosted Cascade of Simple
Features [36] was adopted for facial detection, which has been shown to perform well in
obtaining facial areas.

2.4. Classification

Recently, machine learning has experienced a breakthrough thanks to the emergence
of Deep Learning. More specifically, CNN are the main ones responsible for this revolution.
A convolutional network is structured hierarchically. The first layers are responsible for
extracting generic features from the image such as edges or textures. The following layers
use these previous characteristics to search for more specific characteristics. This process is
continued for several layers until it is possible to detect characteristics with a high semantic
value such as the detection of eyes or nose. Finally, a conventional neural network is used
to perform the classification.
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Although CNNs are widely used in natural language or audio processing tasks, several
studies show that their use have obtained the best results in image recognition tasks. These
results make the use of CNN in our problem, a natural choice. Nevertheless, in machine
learning, obtaining the data set is the most complex part. The most common is having
little data.

A widely used technique to obtain the most out of the data set is Data Augmenta-
tion [37]. It consists of making small modifications to the images such as small rotations,
translations, and zooming in the input images to increase the variability of the training
set. After several experiments, we verified that translation and zoom operations did not
improve the results. We think it may be because the face is already cropped in the images.
Finally, the training dataset was randomly rotated in a range of [−5◦, 5◦] and with a
horizontal flip.

When few training samples are available, the Transfer Learning technique is quite
useful. This method is based on using a model that was previously trained on a large data
set, usually in a large-scale image classification task. This model will be used to customize
this model for our task.

Transfer Learning is applied in two phases. First, we use the convolutional layers from
the original model for feature extraction. The last layers, where the images are classified,
are replaced to fix our problem. In the first phase the convolutional layers are fixed, only
the classification layers are trained. In the second phase, known as fine tuning, all layers
are unlocked, and the system is retrained. In this way, the extraction of characteristics fits
our task.

We have, nowadays, a great variety of convolutional networks with dozens of layers al-
ready trained at our disposal. We can highlight MobileNet [19], Inception [15], ResNet [28],
VGG [37], and Xception [38]. All these networks have been trained with the ImageNet
corpus [39], a large data set with more than 14 million images where 20,000 different objects
are recognized.

2.5. Decision System

This section proposes a decision system to detect, in real situations, errors in the use
of masks. Depending on these errors, the system acts in the following different ways: by
alerting errors, asking the user to solve the problem, etc.

The block diagram of the system is depicted in Figure 4. There are four different
actors that constitute our proposal. The first one is the face detection module. This module
presents a computer vision solution for face detection in real time. The second one regards
classifying. The classifying module receives the input from the face detection module.
Then, based on the system explained in the previous section, the classifying stage detects
the errors in the facemask placement. The error and situation analysis module is included
in third place. This module is an algorithm that evaluates the error given by the classifying
system to select the most appropriate action. This is explained later in this section. The
actuator module interacts with all the previous ones to create the warning or thanks the
person for their correct use of the facemask.

Now, the only module that we need to specify is the decision system. Figure 5 shows
the flow diagram of the algorithm. First, the warning level is initialized. Then, the module
waits for an output, which is the probability of having a facemask placement error. When
the module receives the output from the classifying module, it analyzes the predicted
class with the highest probability, that is, the predicted error. Some error classes are more
important than others, in which case they will be labeled as serious. For the most important
errors, such as no mask detected, the system should ask the user to wear a mask, raise
an alert, and block the entrance to the place if necessary. Some other errors are low-risk
errors, which can be solved with a warning message to the user. When this happens, the
face recognition module has to be started again. However, if there are continuous errors
with the mask, due to the fact that the user does not want to wear it correctly, that would
be treated as a serious error.
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Figure 4. Block diagram of the system.

Figure 5. Flow diagram of the decision algorithm.

2.6. System Validation

To validate that the proposed method can be used in real situations, a real-time
demonstration on a mobile application has been developed. The application has been
developed on Android and can be downloaded from Google Play [40].

The device must be placed at the entrance of a public place, such as a hospital or
educational center. Using the camera, the presence of a face will be detected, to isolate
the area of interest as indicated in Section 2.3. Using a voice message, it will be indicated
if a facemask-wearing problem is detected. Otherwise, the user will be thanked for its
correct use.

Given the limited resources of a mobile device, it was decided to use a small and
fast model. Specifically, MobileNet V2 [19] is used. As shown in the next section, very
competitive results can be obtained using only 14 MB of device memory. As will also
be depicted in the next section, some types of problems are not detected satisfactorily
(specifically, “overlapping with glasses” and “bad lateral adjustment”). For this reason,
these types of detection have not been included in the demonstration.

3. Results

To validate the proposal, we have carried out the experiments described in this section.
Firstly, input images were down-sampled to 224 × 224. The Adam method was adopted
as the optimizer. The network was trained for 20 epochs with an initial learning rate
of 10–4 and with a learning rate dropping factor of 0.9. The batch size was 32. Transfer
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learning was applied for fine-tuning the same parameters, except the learning rate reduced
to 10–5. The OpenCV and TensorFlow libraries were used. The link [41] shows the Python
code used in each experiment.

3.1. Convolutional Neural Networks

We start by testing a traditional convolutional network. The results are shown in
Figure 6. The two upper curves correspond to accuracy and the lower ones to loss. The
following four convolutional layers have been used: 32 of 3 × 3, 44 of 5 × 5, 128 of 5 × 5,
and 128 of 3 × 3. In each layer max-pooling (2 × 2) and ReLU activation function is used.
For classification, 3 dense layers of 512, 256, and 6 neurons are used.

Figure 6. Accuracy and Loss for CNN model for training and validation set.

Figure 7 shows the Confusion Matrix obtained in the validation set. Each row of
the matrix represents the instances in an actual class, while each column represents the
instances in a predicted class. See Figure 3 for more detail on the categories. Therefore, the
diagonal shows the samples that are correctly classified. For example, in this experiment,
there are 25 samples labelled as “NO MASK”. There are 23 samples that have been correctly
classified, one as “NOSE OUT”, and another as “CORRECT”.

Figure 7. Confusion Matrix for CNN model in the validation set.

In this case, we can confirm that there is a high accuracy except for in the “GLASSES”
and “FIT SIDE” classes. “GLASSES” corresponds to “overlapping with glasses”, “N. BRIDGE”
to “bad adjustment of the nasal bridge”, and “FIT SIDE” to “bad lateral adjustment”.
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3.2. Transfer Learning

To illustrate the advantages of using Transfer Learning as the facemask-wearing
condition identification network, we compare the more relevant models, including Mo-
bileNetV2 [19], Xception [38], InceptionV3 [15], ResNet-50 [28], NASNet, and VGG19 [37].
We compare features such as network size, the number of parameters, depth, and accu-
racy for both our task and the ImageNet task, as shown in Table 3. The first and the
second rows represent the first experiment described in this section, with and without data
augmentation. The rest of the rows are the different models of Transfer Learning with
Data Augmentation. Depth refers to the topological depth of the network. This includes
activation layers, batch normalization layers, etc. ImageNet accuracy refers to the accuracy
obtained in the ImageNet task [42]. Figure 6 shows the accuracy of the transfer learning
models. As can be seen in Figures 6 and 8, the precision is very noisy, varying greatly from
one epoch to the next. In order to better compare the results, the accuracy shown in Table 3
corresponds to the average of the last three epochs.

Table 3. Comparison of the results obtained from the different models used.

Model Size Parameters Depth Accuracy ImageNet
Accuracy

CNN without data aug 32 MB 8.5 M 15 0.763 -
CNN 32 MB 8.5 M 15 0.797 -

MobileNet V2 14 MB 3.5 M 88 0.812 0.713
Xception 88 MB 22.9 M 126 0.802 0.790

InceptionV3 92 MB 23.9 M 159 0.819 0.779
ResNet-50 98 MB 25.6 M - 0.742 0.749

NASNetLarge 343 MB 88,9 M - 0.799 0.825
VGG16 528 MB 138.4 M 23 0.834 0.713

For each of the indicated models, their feature extraction layers have been used. After
these, a layer of averagePooling2D is added and two dense layers of 512 and 6 neurons.
The training is carried out in two phases. On epochs 1 to 20, the transfer model is locked
and only the classification layers are trained. On epochs 21 to 40, fine-tuning is performed,
unlocking learning of all the layers. Other configuration details are described in the
Training details. Figure 8 shows the evolution of training for each model. The two upper
curves correspond to accuracy and the lower ones to loss. The best results are obtained
with VGG16. An improvement of 5% is observed for the results obtained with CNN.

If we analyze these results in more detail using the confusion matrix (Figure 9), we
can observe how some kinds of errors such as “GLASSES” and “FIT SIDE” present lower
accuracy than the others. However, the mislabeled samples have been reduced from the
CNN experiment. Consequently, the accuracy is improved with this model.

Table 4 shows the classification results obtained, in the validation set, for each of the
classes using the VGG16 model.
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Figure 8. Accuracy for several Transfer Learning models for training and validation set.

Figure 9. Confusion Matrix for VGG16 model in the validation set.
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Table 4. Classification results for VGG16 model in the validation set.

Precision Recall F1-Score

GLASSES 0.56 0.63 0.59
FIT SIDE 0.73 0.67 0.70

NOSE OUT 0.93 0.90 0.91
CORRECT 0.87 0.88 0.87
N.BRIDGE 0.75 0.75 0.75
NO MASK 1.00 1.00 1.00

total 0.84 0.85 0.85

4. Discussion

Due to the great general concern in society about the pandemic caused by the new
virus called SARS-CoV-2 and with it, the need to use masks, many authors have developed
different applications to detect the presence or absence mask as well as their proper use. In
Table 1, different projects are presented with the main objective of developing applications
capable of detecting masks.

While our best results’ precision is, at first glance, lower than most of the related work,
our system analyzes a more complex problem, and the lowered accuracy is due to this fact.
By simplifying our results to “MASK” and “NO MASK”, our accuracy increases to 100%,
as can be seen in Figure 9, as the 25 “NO MASK” samples are classified correctly, and all
the other samples are classified as one of the “MASK” classes, even if the exact errors are
not always detected.

By simplifying our results to “NOSE OUT”, “NO MASK”, and “CORRECT” we can
also use the confusion matrix shows in Figure 9. In this case, the classes “GLASSES”, “FIT
SIDE”, and “N.BRIDGE” are unified with “CORRECT”. If we obtain the new confusion
matrix and perform the calculations, the new precision obtained is 97.4%. This result is
comparable to those obtained in [29–32] and could be improved with specific training for
these three classes.

On the one hand, references [18–27] developed a mask detection system that can dif-
ferentiate between the presence or absence of a mask. On the other hand, references [29–32]
are also able to detect if the nose is outside the mask. This circumstance would reveal an
incorrect use of the mask, but as has been discussed in this project, it is only one of the
possible incorrect uses.

In the case of our study, a system has been developed that is capable of detecting
not only the presence or absence of the mask, but also different placement errors that
current systems are not capable of detecting, such as the mask being placed below the
nose, incorrect placement due to the use of glasses, that the nasal bridge of the mask is not
correctly adjusted, or that the mask is too wide for the person, causing lateral gaps where
the virus can easily enter.

To do this, different CNN-based deep learning techniques have been tested. However,
the use of data augmentation does not appear to offer significant improvements, possibly
due to the way the images are cropped. The transfer learning technique has been used to
try to alleviate training shortages. We have tested the current most successful models. The
results vary depending on the network used. The VGG16 model presents the best results
(83.4% precision). This shows us that the knowledge of image processing can be used in
the problem of detecting the correct use of the face mask. As library software, we have
used OpenCV and TensorFlow. In addition, our system can detect with great precision
other errors not usually considered in the placement of masks that have been mentioned
above. By ignoring these errors, this misuse can help spread the virus.

Although in the labeling part of the corpus, more mask wearing problems were
considered, in the present study we work with five types of errors. With the easiest of
these to detect, such as the “no mask” or “nose out” errors, we have obtained a precision of
100 and 93%, respectively. The detection of an “incorrect adjustment of nasal bridge” error
has a success rate of 75% and “incorrect lateral adjustment” a success rate of 73%. The type
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of error with the worst results is “overlapping with glasses” with 56%. This bad result may
be due to a lack of examples in the training set.

Finally, in addition to studying the system, a mobile application has been developed.
This application is accessible to all citizens and can be used to see the mistakes made
regarding the placement of the mask in situ. In this case, as a classificatory model, we
use MobileNetV2. This is because it demands fewer resources than others that were
tested in this project and, thanks to this, it can be implemented in real time on current
mobile phones, which is a requirement of our demonstration. Moreover, although the error
detection precision is decreased, it is still high enough to be able to use the application to
detect errors in the misplacing of a mask.

5. Conclusions

Identifying mask misuse is challenging. The limitation in the data sets is the main
challenge. Data sets on mask wearing status are generally small and only identify the
presence of masks. To solve the problem, we have carried out a campaign to collect images
through an app, appealing to citizen participation. The samples obtained have been labeled
by a group of health experts.

To our knowledge, no studies have been conducted on the identification of different
misuses of masks through deep learning. The study carried out from [29–32] only detected
the most obvious error, consisting of wearing the mask under the nose. Our proposal is
capable of detecting, in addition to the previous mentioned issue, other types of problems,
which occur very frequently. Even many of the users are unaware that they are using the
mask incorrectly. However, we have not been able to detect other types of problems, such
as (“incorrect lateral adjustment” and “glasses underneath”). For these cases, it is necessary
to find an alternative approach or increase the number of training samples.

To validate that our proposal can be used in real situations, a real-time demonstration,
an Android application, has been developed. It can be downloaded from Google Play [40].
The system is made to detect errors through the use of selfies. For this reason, for errors of
bad lateral placement such as the crossing of rubbers, it would be good to teach the system
to detect it with a lateral image. Although there really is a significant problem, it should
be taken into account that a bad lateral adjustment indirectly causes an alteration in the
frontal positioning of the mask, which can be detected with a frontal image. In this case,
the system can be improved gathering more samples and teaching the system to detect,
among other alterations, the crossing of the rubbers laterally.

The results support the possibility of its use in real circumstances, which makes it
possible to prevent the spread of the pandemic. In future works, we want to enhance the
study including other kinds of mask wearing problems and study the inclusion of other
types of inputs to improve the accuracy of the “GLASSES” and “FIT SIDE” classes. On
the other hand, and despite the fact that the application is capable of detecting different
anomalies, it may be necessary to teach the system to differentiate between different
components that currently make up the mask. This is because they have become another
complement to our clothing. Many of the masks have sequins, other drawings ranging
from simple squares to drawn smiles. An improvement in the system would be to verify
that the application can detect these modified masks just as it does with surgical and FP2.

Furthermore, this system could be applied to different networks and scenarios. We
could apply this to Smart Cities or Industrial Internet of Things environments to prevent
security issues and decide when an alert should be raised.

Author Contributions: Conceptualization, J.T.; methodology, J.T. and A.R.; software, J.T.; validation,
J.T. and S.V.-T.; investigation, A.R. and J.T.; data curation, J.T.; writing—original draft preparation,
J.T., S.V.-T., A.R.; writing—review and editing, J.L.; supervision, J.L. All authors have read and agreed
to the published version of the manuscript.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.



Healthcare 2021, 9, 1050 16 of 17

Code Availability: The code used in the present work, including image processing and network
structures, is available at [41].

References
1. Nishiura, H.; Jung, S.M.; Linton, N.M.; Kinoshita, R.; Yang, Y.; Hayashi, K.; Kobayashi, T.; Yuan, B.; Akhmetzhanov, A.R. The

extent of transmission of novel coronavirus in Wuhan, China, 2020. J. Clin. Med. 2020, 9, 330. [CrossRef] [PubMed]
2. Pedersen, S.F.; Ho, Y.C. SARS-CoV-2: A storm is raging. J. Clin. Investig. 2020, 130, 2202–2205. [CrossRef]
3. Dawson, P.; Rabold, E.M.; Laws, R.L.; Conners, E.E.; Gharpure, R.; Yin, S.; Buono, S.A.; Dasu, T.; Bhattacharyya, S.; Westergaard,

R.P.; et al. Loss of taste and smell as distinguishing symptoms of coronavirus disease 2019. Clin. Infect. Dis. 2021, 72, 682–685.
[CrossRef] [PubMed]

4. Hossain, M.M.; Tasnim, S.; Sultana, A.; Faizah, F.; Mazumder, H.; Zou, L.; McKyer, E.L.J.; Ahmed, H.U.; Ma, P. Epidemiology of
mental health problems in COVID-19: A review. F1000Research 2020, 9. [CrossRef] [PubMed]

5. Brooks, J.T.; Butler, J.C. Effectiveness of mask wearing to control community spread of SARS-CoV-2. JAMA 2021, 325, 998–999.
[CrossRef]

6. Wang, J.; Pan, L.; Tang, S.; Ji, J.S.; Shi, X. Mask use during COVID-19: A risk adjusted strategy. Environ. Pollut. 2020, 266, 115099.
[CrossRef]

7. Joo, H.; Miller, G.F.; Sunshine, G.; Gakh, M.; Pike, J.; Havers, F.P.; Kim, L.; Weber, R.; Dugmeoglu, S.; Waston, C.; et al. Decline in
COVID-19 hospitalization growth rates associated with statewide mask mandates—10 states, March–October 2020. Morb. Mortal.
Wkly. Rep. 2021, 70, 212. [CrossRef]

8. Li, T.; Liu, Y.; Li, M.; Qian, X.; Dai, S.Y. Mask or no mask for COVID-19: A public health and market study. PLoS ONE 2020,
15, e0237691. [CrossRef]

9. Leung, N.H.; Chu, D.K.; Shiu, E.Y.; Chan, K.H.; McDevitt, J.J.; Hau, B.J.; Yen, H.-L.; Li, Y.; Ip, D.K.M.; Peiris, J.S.M.; et al.
Respiratory virus shedding in exhaled breath and efficacy of face masks. Nat. Med. 2020, 26, 676–680. [CrossRef]

10. U.S. Food & Administration (FDA). N95 Respiradores Y Mascarillas Quirúrgicas (Mascarillas). Available online: https://www.
fda.gov/medical-devices/personal-protective-equipment-infection-control/n95-respirators-and-surgical-masks-face-masks (ac-
cessed on 11 March 2020).

11. Centers for Disease Control and Prevention. CDC 24/7. Frequently Asked Questions about Personal Protective Equipment.
Available online: https://www.cdc.gov/coronavirus/2019-ncov/hcp/respirator-use-faq.html (accessed on 14 August 2021).

12. SANDETEL Junta de Andalucia. Estado del Arte: E-Salud & E-Inclusión Estudio de Las Tecnologías de la Información y la Comunicación
Aplicadas a la Salud y a la Inclusión; Dandatel: Seville, Spain, 2011.

13. Aiello, A.E.; Perez, V.; Coulborn, R.M.; Davis, B.M.; Uddin, M.; Monto, A.S. Facemasks, Hand Hygiene, and Influenza among
Young Adults: A Randomized Intervention Trial. PLoS ONE 2012, 7, e29744. [CrossRef]

14. Chung, Y.; Chou, C.A.; Li, C.Y. Central Attention and a Dual Path Convolutional Neural Network in Real-World Tree Species
Recognition. Int. J. Environ. Res. Public Health 2021, 18, 961. [CrossRef]

15. Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the Inception Architecture for Computer Vision. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016;
pp. 2818–2826.

16. Nieto-Rodríguez, A.; Mucientes, M.; Brea, V.M. System for medical mask detection in the operating room through facial attributes.
In Proceedings of the Iberian Conference on Pattern Recognition and Image Analysis, Santiago de Compostela, Spain, 17–19 July 2015;
Springer: Cham, Switzerland, 2015; pp. 138–145.

17. Chen, Y.; Hu, M.; Hua, C.; Zhai, G.; Zhang, J.; Li, Q.; Yang, S.X. Face mask assistant: Detection of face mask service stage based on
mobile phone. IEEE Sens. J. 2021, 21, 11084–11093. [CrossRef]

18. Nagrath, P.; Jain, R.; Madan, A.; Arora, R.; Kataria, P.; Hemanth, J. SSDMNV2: A real time DNN-based face mask detection
system using single shot multibox detector and MobileNetV2. Sustain. Cities Soc. 2021, 66, 102692. [CrossRef]

19. Howard, A.G.; Zhu, M.; Chen, B.; Kalenichenko, D.; Wang, W.; Weyand, T.; Andreetto, M.; Adam, H. Mobilenets: Efficient
convolutional neural networks for mobile vision applications. arXiv Prepr. 2017, arXiv:1704.04861.

20. Mata, B.U. Face Mask Detection Using Convolutional Neural Network. J. Nat. Remedies 2021, 21, 14–19.
21. Jauhari, A.; Anamisa, D.R.; Negara, Y.D.P. Detection system of facial patterns with masks in new normal based on the Viola Jones

method. J. Phys. Conf. Ser. 2021, 1836, 012035. [CrossRef]
22. Sen, S.; Sawant, K. Face mask detection for covid_19 pandemic using pytorch in deep learning. In IOP Conference Series: Materials

Science and Engineering; IOP Publishing: Bristol, UK, 2021; Volume 1070, p. 012061.
23. Balaji, S.; Balamurugan, B.; Kumar, T.A.; Rajmohan, R.; Kumar, P.P. A brief Survey on AI Based Face Mask Detection System for

Public Places. Ir. Interdiscip. J. Sci. Res. IIJSR 2021, 5, 108–117.
24. Kurlekar, M.S. Face Mask Detection System Using Deep Learning. Turk. J. Comput. Math. Educ. Turcomat 2021, 12, 1327–1332.
25. Sakshi, S.; Gupta, A.K.; Yadav, S.S.; Kumar, U. Face Mask Detection System using CNN. In Proceedings of the 2021 IEEE

International Conference on Advance Computing and Innovative Technologies in Engineering (ICACITE), Greater Noida, India,
4–5 March 2021; pp. 212–216.

26. Cheng, G.; Li, S.; Zhang, Y.; Zhou, R. A Mask Detection System Based on Yolov3-Tiny. Front. Soc. Sci. Technol. 2020, 2, 33–41.
[CrossRef]

http://doi.org/10.3390/jcm9020330
http://www.ncbi.nlm.nih.gov/pubmed/31991628
http://doi.org/10.1172/JCI137647
http://doi.org/10.1093/cid/ciaa799
http://www.ncbi.nlm.nih.gov/pubmed/32562541
http://doi.org/10.12688/f1000research.24457.1
http://www.ncbi.nlm.nih.gov/pubmed/33093946
http://doi.org/10.1001/jama.2021.1505
http://doi.org/10.1016/j.envpol.2020.115099
http://doi.org/10.15585/mmwr.mm7006e2
http://doi.org/10.1371/journal.pone.0237691
http://doi.org/10.1038/s41591-020-0843-2
https://www.fda.gov/medical-devices/personal-protective-equipment-infection-control/n95-respirators-and-surgical-masks-face-masks
https://www.fda.gov/medical-devices/personal-protective-equipment-infection-control/n95-respirators-and-surgical-masks-face-masks
https://www.cdc.gov/coronavirus/2019-ncov/hcp/respirator-use-faq.html
http://doi.org/10.1371/journal.pone.0029744
http://doi.org/10.3390/ijerph18030961
http://doi.org/10.1109/JSEN.2021.3061178
http://doi.org/10.1016/j.scs.2020.102692
http://doi.org/10.1088/1742-6596/1836/1/012035
http://doi.org/10.25236/FSST.2020.021106


Healthcare 2021, 9, 1050 17 of 17

27. Loey, M.; Manogaran, G.; Taha, M.H.N.; Khalifa, N.E.M. A hybrid deep transfer learning model with machine learning methods
for face mask detection in the era of the COVID-19 pandemic. Measurement 2021, 167, 108288. [CrossRef] [PubMed]

28. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.

29. Rudraraju, S.R.; Suryadevara, N.K.; Negi, A. Face Mask Detection at the Fog Computing Gateway. In Proceedings of the 2020
IEEE 15th Conference on Computer Science and Information Systems (FedCSIS), Sofia, Bulgaria, 6–9 September 2020; pp. 521–524.

30. Wang, B.; Zhao, Y.; Chen, C.P. Hybrid Transfer Learning and Broad Learning System for Wearing Mask Detection in the COVID-19
Era. IEEE Trans. Instrum. Meas. 2021, 70, 1–12.

31. Hussain, S.; Yu, Y.; Ayoub, M.; Khan, A.; Rehman, R.; Wahid, J.A.; Hou, W. IoT and Deep Learning Based Approach for Rapid
Screening and Face Mask Detection for Infection Spread Control of COVID-19. Appl. Sci. 2021, 11, 3495. [CrossRef]

32. Qin, B.; Li, D. Identifying Facemask-Wearing Condition Using Image Super-Resolution with Classification Network to Prevent
COVID-19. Sensors 2020, 20, 5236. [CrossRef]

33. Cabani, A.; Hammoudi, K.; Benhabiles, H.; Melkemi, M. MaskedFace-Net—A dataset of correctly/incorrectly masked face
images in the context of COVID-19. Smart Health 2021, 19, 100144, ISSN 2352-6483. [CrossRef] [PubMed]

34. “Intemasc Captura” Application. Available online: https://play.google.com/store/apps/details?id=es.upv.mastermoviles.
intemasc.captura (accessed on 13 July 2021).

35. Media Dissemination. Available online: http://mmoviles.upv.es/intemasc/stiker_difusion.mp4 (accessed on 13 July 2021).
36. Viola, P.; Jones, M. Rapid object detection using a boosted cascade of simple features. In Proceedings of the 2001 IEEE Computer

Society Conference on Computer Vision and Pattern Recognition. CVPR 2001, Kauai, HI, USA, 8–14 December 2001; pp. 511–518.
[CrossRef]

37. Simonyan, K.; Zisserman, A. Very Deep Convolutional Networks for Large-Scale Image Recognition. arXiv 2014, arXiv:1409.1556.
38. Chollet, F. Xception: Deep Learning with Depthwise Separable Convolutions. In Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition Workshops (CVPRW), Honolulu, HI, USA, 21–26 July 2017; pp. 1800–1807.
39. Russakovsky, O.; Deng, J.; Su, H.; Krause, J.; Satheesh, S.; Ma, S.; Huang, Z.; Karpathy, A.; Khosla, A.; Bernstein, M.; et al.

ImageNet Large Scale Visual Recognition Challenge. Int. J. Comput. Vis. 2015, 115, 211–252. [CrossRef]
40. “Mask Detect” Application. Available online: https://play.google.com/store/apps/details?id=es.upv.mastermoviles.intemasc.

rec (accessed on 14 August 2021).
41. Code Used in the Present Work. Available online: https://github.com/jesus-tomas-girones/Mask_Detect (accessed on

13 July 2021).
42. ImageNet Task. Available online: https://keras.io/api/applications (accessed on 13 July 2021).

http://doi.org/10.1016/j.measurement.2020.108288
http://www.ncbi.nlm.nih.gov/pubmed/32834324
http://doi.org/10.3390/app11083495
http://doi.org/10.3390/s20185236
http://doi.org/10.1016/j.smhl.2020.100144
http://www.ncbi.nlm.nih.gov/pubmed/33521223
https://play.google.com/store/apps/details?id=es.upv.mastermoviles.intemasc.captura
https://play.google.com/store/apps/details?id=es.upv.mastermoviles.intemasc.captura
http://mmoviles.upv.es/intemasc/stiker_difusion.mp4
http://doi.org/10.1109/CVPR.2001.990517
http://doi.org/10.1007/s11263-015-0816-y
https://play.google.com/store/apps/details?id=es.upv.mastermoviles.intemasc.rec
https://play.google.com/store/apps/details?id=es.upv.mastermoviles.intemasc.rec
https://github.com/jesus-tomas-girones/Mask_Detect
https://keras.io/api/applications

	Introduction 
	Motivation 
	The Aim of the Study 
	Related Work 

	Materials and Methods 
	Obtaining the Data Set 
	Labeling 
	Facial Detection and Cropping 
	Classification 
	Decision System 
	System Validation 

	Results 
	Convolutional Neural Networks 
	Transfer Learning 

	Discussion 
	Conclusions 
	References

