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Abstract: The COVID-19 pandemic disrupted people’s livelihoods and hindered global trade and
transportation. During the COVID-19 pandemic, the World Health Organization mandated that
masks be worn to protect against this deadly virus. Protecting one’s face with a mask has become
the standard. Many public service providers will encourage clients to wear masks properly in the
foreseeable future. On the other hand, monitoring the individuals while standing alone in one location
is exhausting. This paper offers a solution based on deep learning for identifying masks worn over
faces in public places to minimize the coronavirus community transmission. The main contribution of
the proposed work is the development of a real-time system for determining whether the person on a
webcam is wearing a mask or not. The ensemble method makes it easier to achieve high accuracy
and makes considerable strides toward enhancing detection speed. In addition, the implementation
of transfer learning on pretrained models and stringent testing on an objective dataset led to the
development of a highly dependable and inexpensive solution. The findings provide validity to
the application’s potential for use in real-world settings, contributing to the reduction in pandemic
transmission. Compared to the existing methodologies, the proposed method delivers improved
accuracy, specificity, precision, recall, and F-measure performance in three-class outputs. These
metrics include accuracy, specificity, precision, and recall. An appropriate balance is kept between
the number of necessary parameters and the time needed to conclude the various models.

Keywords: deep learning; facemask; computer vision; CNN; COVID-19

1. Introduction

The research supporting people wearing masks in public locations to prevent COVID-19
transmission is advancing rapidly. Disease spread can be delayed by physically separating
sick persons from others, taking additional precautions, and minimizing the probability of
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transmission per interaction. A mask minimizes transmissibility per encounter in laboratory
and clinical settings by limiting the transmission of contaminated respiratory particles.
When public mask-wearing is widespread, it effectively reduces virus spread [1]. Recently,
researchers at the University of Edinburgh published a study to better understand the
COVID-19 pandemic response measures. Wearing a face mask or other covering over
the nose and mouth was proven to significantly minimize the risk of coronavirus spread
by avoiding the forward distance traveled by an individual’s exhaled air [2]. Face mask
detection is determining whether or not someone is wearing a mask. In computer vision
and pattern recognition, face detection is a crucial component. The face is recognized using
various machine learning techniques [3]. The existing systems have several flaws, including
high feature complexity and low detection accuracy. Face identification approaches based
on deep convolutional neural networks (CNNs) have been popular in increasing detection
performance [4]. Even though many academicians have worked hard to develop fast face
detection and recognition algorithms, there is a significant difference between ‘detection of
the face under mask’ and ‘detection of mask over face’. In practice, it is difficult to spot
mask abuse. The key challenge is the dataset limitation. Mask-wearing status datasets
are often minimal and merely identify the presence of masks. There is very little study on
detecting masks over the face in the literature. The proposed research intends to create a
technique that can accurately detect masks over the face in public places (such as airports,
train stations, crowded markets, and bus stops) to prevent coronavirus transmission, thus
contributing to public health. Furthermore, detecting faces with or without a mask in public
is difficult due to the little data available for detecting masks on human faces, making the
model difficult to train. As a result, the concept of transfer learning is utilized to transfer
learned kernels from networks trained on a large dataset for similar face detection.

In this pandemic situation, there is a need to monitor the people wearing masks
to control the spread of COVID-19. It is necessary to alert the people to wear masks
properly in public places by comparing the captured image with the datasets. If CCTV
cameras record videos, the faces appear small, hazy, and low-resolution. Because people
do not always stare straight at the camera, the facial angles change. These real-world
videos differ significantly from those obtained by webcams or selfie cameras, making
face mask recognition in practice much more difficult. Residual blocks were integrated
into the depth-wise separable convolution layer developed by MobileNetV2. Residual
networks enable deep network training by creating the network using residual models.
Residual network ResNet50V2 is one of the fastest object detection techniques for face
detection using CNN. Inception-ResNetV2 is a convolutional neural architecture based on
the Inception family of architectures that includes residual connections (which replace the
filter concatenation stage in the Inception). Efficient Net examines neural network scaling,
thereby simultaneously scaling the network’s width, resolution, and depth. The objective
was to create a face detector using ResNet50V2 to improve the efficiency of identifying
faces with better accuracy and speed. The system’s goal was to reduce manual labor by
identifying people through video analysis and determining whether or not they are wearing
masks. A heuristic evaluation with numerous users was conducted to examine usability,
concluding that the implemented system is more user-friendly, faster, and more efficient
than existing solutions. A unified approach of ResNet50V2 combines many features and
classifiers, where all features can be used to identify the mask through video detection.
ResNet50V2 can identify multiple objects in a single frame or image, providing better
accuracy since many persons can be in a single frame. ResNet50V2 correctly identifies
and warns the user with better accuracy compared toResNet101V2. The object recognition
algorithm performs better only when the images are captured, and it takes more time to
process the image and produce the output. Comparatively, ResNet50V2 gives the result by
detecting the object in the video stream. The proposed method is faster, more efficient, and
more accurate.

The main contributions of the proposed work (techniques and benefits) are as follows:
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1. A real-time system was built for determining whether a person on a webcam is
wearing a mask or not.

2. A balanced dataset for a facemask with a nearly one-to-one imbalance ratio was
generated using random oversampling (ROS).

3. An object detection approach (ensemble) combined a one-stage and two-stage detector
to recognize objects from real-time video streams with a short inference time (high
speed) and high accuracy.

4. Transfer learning was utilized in ResNet50V2 for fusing high-level semantic informa-
tion in diverse feature maps by extracting new features from learned characteristics.

5. An improved affine (bounding box) transformation was applied in the cropped region
of interest (ROI) as there are many changes in the size of the face and location.

The remainder of the paper is arranged as follows: Section 2 presents the litera-
ture review. The proposed methodology is given in Section 3. Section 4 provides the
implementation results and discussion. Lastly, the conclusions and future work are speci-
fied in Section 5.

2. Literature Review

Transfer learning is an approach in which knowledge acquired by a CNN from pro-
vided and related data is used to solve the problem. Deep learning networks pretrained on
previous datasets can be fine-tuned to achieve high accuracy with a smaller dataset. The
methods which are used for deep learning are discussed below. Sethi et al. [5] proposed
a multigranularity masked face recognition model developed using MobileNetV2 and
achieved 94% accuracy. Sen et al. [6] built a system that differentiates those who use face
masks and those who do not utilizing a series of photographs and videos. The suggested
method employed the MobileNetV2 model and Python’s PyTorch and OpenCV for mask
detection, with 79.24% accuracy. Balaji et al. [7] included an entrance system to public
locations that distinguish persons who wear masks from those who do not. Furthermore, if
a person violates the rule of wearing a facemask, this device produces a beep as an alert.
The video was captured with a Raspberry-PI camera and then converted into pictures for
further processing. The usage of masks significantly slow the virus’s spread, according to
Cheng et al. [8]. It was determined that YOLO v3-tiny (You Only Look Once) can detect
mask use in real time. It is also small, fast, and excellent for real-time detection and mobile
hardware deployment. Sakshi et al. [9] created a face mask detector based on MobileNetV2
architecture utilizing Keras/TensorFlow. The model was changed to guarantee face mask
recognition in real-time video or still pictures. The ultimate goal is to employ computer
vision to execute the concept in high-density areas, such as hospitals, healthcare facilities,
and educational institutions. Using a featured image pyramid and focus loss, a single-stage
object detector can detect dense objects in images over several layers. Jiang et al. [10]
proposed a two-stage detector that achieves amazing accuracy and speeds comparable to
the single-stage detector. It divides a picture into GxG grids, each providing N-bound box
predictions. Each bounding box can only have one class during the prediction, preventing
the network from finding smaller items. Redmon et al. [11] introduced YOLO, which uses a
one-phase prediction strategy with impressive inference time, but the localization accuracy
was low for small images. YOLOv2 with batch normalization, a high-resolution classifier,
and anchor boxes were added to the YOLO network.

YOLOv3 is an improved version of YOLOv2, featuring a new feature extraction net-
work, a better backbone classifier, and multiscale prediction. Although Kumar et al. [12]
suggested a two-stage detector with high object detection accuracy, it is limited for video
surveillance due to sluggish real-time inference speed. Although Morera et al. [13] sug-
gested YOLOv3, it achieved the same classification accuracy as a single-shot detector (SSD).
Furthermore, YOLOv3’s inference demands significant CPU resources, making it unsuitable
for embedded systems. SSD networks outperform YOLO networks due to their compact
filters of convolution type, extensive feature maps, and estimation across manifolds. The
YOLO network has two fully linked layers, while the SSD network utilizes varied-sized
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convolutional layers. The region-based convolutional neural network (R-CNN) presented
by Girshick et al. [14] was the first CNN implementation for object detection and localiza-
tion on a large scale. The model generated state-of-the-art results when tested on standard
datasets. R-CNN first extracts a set of item proposals using a selective search strategy and
then forecasts items and related classes using an SVM (support vector machine) classifier.
He et al. [15] introduced SPPNet, which is a categorization system for gathering features
and feeding them into a fully connected layer. SPNN can create feature maps in a single-
shot detection for the whole image, resulting in a nearly 20-fold boost in object detection
time over R-CNN. Both the detector and the regressor are trained simultaneously without
changing the network configurations. Girshick et al. [16] introduced fast R-CNN in which
the region of interest (RoI) pooling layer is used to fine-tune the model. Nguyen et al. [17]
proposed fast R-CNN, which is an extension of R-CNN and SPPNet. Although fast R-CNN
efficiently integrates the properties of R-CNN and SPPNet, its detection speed is still inferior
to single-stage detectors. Fu et al. [18] proposed faster R-CNN, which combines fast R-CNN
and RPN. It achieves nearly cost-free region proposals by gradually integrating individual
components of the object detection system (e.g., proposal detection, feature extraction, and
bounding box regression) in a single step. Even though this integration breaks beyond the
fast R-CNN speed bottleneck, the subsequent detection stage has computation redundancy.
The region-based fully convolutional network (R-FCN) method supports backpropagation
for both training and inference, according to Dvornik et al. [19]. Liang et al. [20] introduced
the feature pyramid network (FPN) to recognize nonuniform objects; however, academics
rarely employ this network due to its high processing costs and memory requirements.
He et al. [21] proposed mask R-CNN to improve faster R-CNN by utilizing segmented
mask estimates on each RoI. Most existing systems use images to identify the presence or
absence of a mask. Fewer algorithms give output with more than a 90% accuracy rate in
video streaming. The users are also detected through images, but this works efficiently only
when they remain stationary, posing a problem for real-time implementation. Capturing
the user’s image and then determining the presence/absence of a mask takes more time
and is a little more complicated than in video streaming. ResNet50V2 correctly identifies
the presence/absence of a mask with better accuracy compared to MobileNetV2. The video
analysis method can be used for face mask detection. Of all the approaches proposed
in the literature, ResNet50V2 appears to be the most promising face mask detection as
it uses a fast and accurate object detection algorithm. The ResNet50V2 approach allows
the accuracy of determining mask wearing in a video and identification/extraction of the
pixels associated with each individual.

The existing literature study has some limitations, which are summarized as follows:

a. Various models have been pretrained on standard datasets, but only a limited number
of datasets handle facemask detection to overcome the COVID-19 spread.

b. Due to the limitedness of facemask datasets, varying degrees of occlusion and se-
mantics are essential for numerous mask types.

c. However, none of them are ideal for real-time video surveillance systems.

According to Roy et al., surveillance devices are constrained by a lack of processing
power and memory [22]. As a result, these devices necessitate efficient object detection
models capable of performing real-time surveillance while using minimal memory and
maintaining high accuracy. Although one-stage detectors are suitable for video surveillance
in many applications, hey have limited accuracy [23]. Two-stage detectors offer accurate
detection in case of multifaceted input at the expense of high computing time [24]. The
aforementioned factors require creating a combined surveillance device, thereby saving
computing time with improved accuracy. To obtain the required image complexity score,
each image is represented in a pyramid, extracted features are combined, and L2 normal-
ization is performed. The input samples chosen for analysis should always be balanced,
containing the appropriate number of samples belonging to each class label. Handling
an imbalanced dataset is important for better classification [25,26]. According to the pa-
pers described above, deep learning architectures are rapidly being applied to facemask
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detection to prevent COVID-19 spread using a transfer learning-based deep neural net-
work [27–34]. Other deep learning [35–42] and optimization algorithms are also used to
solve various optimization problems [43–51]. However, several gaps in using deep learning
systems for real-time implementation and prevention strategies must be addressed, as
indicated [52–57].

3. Proposed Methodology

Figure 1 shows the proposed real-time face mask detection system, which is imple-
mented in two phases (training and deployment). The training and deployment phase
algorithms are given in Algorithms 1 and 2, respectively. The training phase consists
of 11 steps ranging from dataset collection to image classification (the dataset is classi-
fied into three classes: face with the correct mask, face with an incorrect mask, and face
without a mask). In the first step, the data frame is extracted using OpenCV, followed
by random oversampling to balance the unequal number of classes by performing im-
balance computation and random oversampling (ROS) using ρ. In the third step, image
augmentation and face detection are applied by passing through many convolutional
layers, which extract feature maps. In the next step, transfer learning is implemented by
replacing the last predicting layer of the pretrained model with its predicting layers to
implement fine-tuned transfer learning. Finally, in the last step, a pretrained classifica-
tion model, ResNet50V2, is applied to classify images. The training phase is applied to
the MAFA dataset [56] described in the next section. The deployment phase consists of
12 steps ranging from data collection (live video) to displaying personal information (such
as identity and name) and violation information (such as location, timestamp, camera type,
ID, and violation category, e.g., face without a mask and face with an incorrect mask).
In the first step, the data frame is extracted using OpenCV, followed by image complex-
ity prediction to identify whether the image is soft or hard. Object classification using a
semi-supervised approach is applied. In the next step, transfer learning is implemented by
replacing the last predicting layer of the pretrained model with its predicting layers to im-
plement fine-tuned transfer learning. Finally, identity prediction by applying a pretrained
classification model, ResNet50V2, is the last step in classifying images.
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Algorithm 1. Training phase

Input: MAFA dataset containing videos

Processes:
Frame extraction, random oversampling,
image augmentation, face detection and
transfer learning with pretrained classification

Frame extraction using OpenCV:

Step 1:

Split the video captured using
cv2.VideoCapture(<path_of_video>) through
inbuilt camera into frames and save using
cv2.imwrite()

Random over sampling:

Step 2:

Unequal number of classes is balanced by
performing imbalance computation and
ROS using ρ

ρ =
count(majority(Di))
count(minority(Di)) ,

where Dmi and Dma are majority and minority
classes of D,

Image augmentation and Face detection:

Step 3:
At various locations, the image is passed
through a large number of convolutional
layers, which extract feature maps.

Step 4:
In each of those feature maps, a 4 × 4 filter is
used to determine a tiny low default box
and predict each box’s bounding box offset.

Step 5:

Five predictions are included in each bounding
box output: x, y, w, h, and
confidence. The centroid of the box is
represented by x and y in relation to the
grid cell limits

Step 6:
Conditional class probabilities are also
predicted in each grid cell, Pr(class | object)

Step 7:

The truth boxes are matched with the expected
boxes using
intersection over union (IOU),
Intersectionoverunion(IOU) =

areaofoverlap
areaofunion .

Transfer Learning:

Step 8:
Replace last predicting layer of the pretrained
model with its own predicting layers to
implement fine-tuned transfer learning.

Step 9:

Generic features are learnt by the network’s
initial lower layers from the pretrained
Model, and its weights are frozen and not
modified during the training.

Step 10:
Task-specific traits are learned at higher layers
which can be pretrained and fine-tuned.

Pre-trained classification:

Step 11:
Apply pretrained classification model,
ResNET50V2 to classify images.

Output:
Images in the dataset are classified into three
classes: face with correct mask, face with
incorrect mask, and face without mask.
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Algorithm 2. Deployment phase

Input: Live video

Processes:
Frame extraction, image complexity predictor,
transfer learning with
pretrained classification and identity prediction

Frame extraction:

Step 1:

Split the video captured using
cv2.VideoCapture(<path_of_video>)
through inbuilt camera into frames and save
using cv2.imwrite()

Step 2:
Face detection using MobileNetV2 and
ResNET50V2 is performed by
comparing with trained images

Step 3:

During testing, class-specific confidence scores
are obtained using
Pr(Class | Object)× Pr(Object)×
[0U = Pr(Class)× 10U.

Step 4:
The truth boxes are matched with the expected
boxes using IOU,
Intersectionoverunion =

areaofoverlap
areaofunion .

Image Complexity Prediction:

Step 5:
To identify whether the image is soft or hard,
object classification
using semi-supervised approach is applied.

Step 6:

For predicting the class of soft pictures, the
MobileNet-SSD model is used,
L = 1/N(Lclass + Lbox),
where N is the total number of matched boxes
with the final set of matched
boxes, Lbox is the L1 smooth loss indicating
the error of matched boxes, and
Lclass is the softmax loss for classification.

Step 7:
For predicting challenging pictures, a faster
RCNN based on ResNet50V2 is used.

Transfer Learning:

Step 8:

Replace last predicting layer of the pretrained
model with its own predicting
layers to implement fine-tuned transfer
learning.

Step 9:

Generic features are learnt by the network’s
initial lower layers from the pretrained
Model, and its weights are frozen and not
modified during the training.

Step 10:
Task-specific traits are learned at higher layers
which can be pre-trained and fine-tuned.

Pre-trained classification:

Step 11:

By applying pretrained classification model,
ResNet50V2, images are classified into
face with mask, face with no mask, and face
with incorrect mask.

Identity prediction:

Step 12:
OpenFace is applied to detect the face is with
or without mask. Affine transformation
is applied to detect the non-mask faces.

Output:

Display the personal information such as
identity and name and violation information
(such as location, timestamp, camera type, ID,
and violation category, e.g., face without mask
and face with incorrect mask).
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In the proposed model for face mask detection, a simple and user-friendly system
brings comfort to users. It uses a web camera as its hardware requirement and processes the
video captured. The web camera can be placed where the shop’s entrance, hotels, offices,
etc., are visible so that a face mask can be easily detected. In the proposed methodology,
the video is processed using transfer learning and an efficient deep learning method
for detecting the face mask. The proposed solution is applied to the face mask dataset,
i.e., MAFA (benchmark dataset), to check the efficiency of the proposed solution. The
dataset name is face mask data consisting of 15,000 images with 7500 people wearing
masks and 7500 images with people not wearing masks (Samples of the pictures from the
dataset can be found in Figure 2, obtained from MAFA https://www.kaggle.com/datasets/
revanthrex/mafadataset (accessed on 1 November 2021)).
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Learning more features using learning algorithms is difficult due to the face mask
dataset’s small size and various image complexities. Transfer learning based on deep
learning is used to pass knowledge learned from a source task to a related target task. It is
also used to train the network more quickly, reliably, and cost-effectively. The proposed
work generally consists of preprocessing with an image complexity predictor, pretrained
classifier, and identity predictor.

The image is scaled, and the dataset is unbiased in the first step. Then, the image is
divided into soft and hard types according to complexity. For predicting the class of soft
pictures, the MobileNet-SSD model is used. For predicting challenging images, a faster
RCNN based on ResNet50V2 is used. In the second step, transfer learning is applied.
The classifier model classifies into three classes: face detection with a correct mask, face
detection with an incorrect mask, and face detection with no mask. Personal identification

https://www.kaggle.com/datasets/revanthrex/mafadataset
https://www.kaggle.com/datasets/revanthrex/mafadataset
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and violation information are then displayed for further action. A full description of the
three phases of the planned architecture is provided below.

3.1. Dataset Characteristics

This paper conducted experiments using the medical face mask dataset, i.e., MAFA [56],
published by Shiming Ge. The MAFA dataset consists of 35,803 masked faces with a mini-
mum size of 32 × 32. The faces in this dataset have a different orientation and occlusion
degree. We selected 15,000 images that contained frontal faces from MAFA. The dataset
was divided into three parts for training, validation, and testing with 11,000, 2000, and
2000 images, respectively. Figure 2 shows sample images from the MAFA dataset. The data
are presented in Figure 2, adapted from [58].

3.2. Image Prepocessing and Face Detection

Bias denotes a dataset with an unequal number of classes. This bias was balanced, and
frames were extracted from the videos and resized to 128 × 128 pixels. Data augmentation
is a widely used approach for getting the most out of a data source. In CNN, the initial
layers are in charge of extracting generic visual elements such as edges and textures. The
subsequent layers look for more specific qualities on the basis of the preceding attributes.
This procedure is applied for numerous layers until high-value semantic traits can be
detected, such as detecting eyes or noses. Finally, the categorization is carried out using a
traditional neural network. Variety of the training set can be obtained from changes made
to the photos such as rotations, translations, or zooming.

The transfer learning approach is preferable in the case of limited samples available in
the training set. Then, the dataset can be increased to a large size by performing a different
arrangement of faces on a template. However, this cannot be meticulously followed in real
time. Hence, face detection is achieved by removing the image boundaries with no useful
information. For this purpose, an effective approach called rapid object detection with a
boosted cascade of simple features is utilized.

OpenCV considers a snapshot of a live video in a given location and converts it into
frames. The facial photos are extracted and used to distinguish the person not wearing a
mask on their face. Face features are extracted from photos using the ResNet50V2 model,
and these features are subsequently learned using many hidden layers. An alarm sound
will be played to a person without a mask whenever the model recognizes someone without
a mask. The various steps in image augmentation for classification are illustrated in Figure 3.
The data are presented in Figure 3, adapted from [58].
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3.3. Image Complexity Prediction

The image complexity predictor uses a semi-supervised object classification strat-
egy to split the data into soft or hard images. This strategy is preferred when limited
labeled and unlabeled data are present in the dataset. Then, the soft images are pro-
cessed using a single-stage detector, and hard images are processed using the two-stage
detector. Compared with trained images, the predictor optimizes face detection accu-
racy and computational time while detecting faces using MobileNetV2 and ResNet50V2.
A fully connected layer follows two convolutional layers with 512 neurons and a read-
out layer with 10 neurons in the curriculum learning network. This helps in learning
harder images step by step and is included in class labels, producing high accuracy
even for small networks. The algorithm for the image complexity predictor is shown in
Algorithm 3.

Algorithm 3. Image complexity predictor

Input:
Images from the MAFA dataset
containing videos

Processes: Single- and two-stage detectors

Step 1:
Split soft images (very few people in an image)
and hard images (group of people in different
poses and locations with background).

Step 2:
Apply a single-stage detector to process
soft images.

Step 3:
Apply a two-stage detector to process
hard images.

Output:
Set of region proposals (R denotes image left
position with height and width, and G denotes
bounding box around the image)

3.4. Transfer Learning-Based Pretrained Classification Model

Transfer learning was founded on developing learning by transferring information
from a previously learned task to a new task. There are two stages in transfer learning. In
the initial feature extraction phase, only the classification layers are trained; however, in
the second phase of fine-tuning, all layers in the system are retrained. Transfer learning
using MobileNetV2, VGG19, ResNet50V2, AlexNet, and InceptionV3 is shown in Figure 4.
The data are presented in Figure 4, adapted from [58].

AlexNet has five convolutional layers and three fully connected layers. It employs
ReLu, which is much quicker than sigmoid, and adds a dropout layer after each
FC layer to reduce overfitting. By substituting large kernel-sized filters (11 and five in
the first and second convolutional layers, respectively) with multiple 3 × 3 kernel-sized
filters one after the other, VGG19 outperforms AlexNet. The activations in Inception are
sparsely connected, which means that not all 512 output channels are connected to all 512
input channels.

ResNet50V2 was fine-tuned with five additional layers: a 5 × 5 average pooling layer,
a flattening layer, and a dense rectified linear unit (ReLU) layer with 128 neurons and
0.5 dropouts of an output layer consisting of softmax function as the activation function.
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3.5. Identity Prediction

The identity predictor is applied using OpenFace 0.20 for detecting faces with or with-
out a mask. For processing non-masked faces, an affine transformation is applied, as shown
in Figure 5. The data are presented in Figure 3, adapted from [56]. The pair (R, G) represents
the region proposal where R = (Rx, Ry, Rw, Rh) represents the pixel coordinates of the
center of proposals along with width and height, and G = (Gx, Gy, Gw, Gh) represents
coordinates of each ground-truth bounding box. After applying the affine transformation,
bounding box regression is applied for moving information from the region proposal (R)
to bounding box (G), representing ground truth with no loss of information. Then, a
scale-invariant transformation is performed on pixel coordinates of R, and then log space
transformation is applied on the R’s width and height. Tx(R), Ty(R), Tw(R), and Th(R)
represent the corresponding four transformations, and coordinates of the ground-truth box
are obtained using Equations (1)–(4).

Gx = Tx(Rx) + Rx, (1)

Gy = Ty
(

Ry
)
+ Ry, (2)

Gw = Tw(Rw) + Rw, (3)

Gh = Th(Rh) + Rh, (4)

where f6(R) represents the linear function of Pool6 feature of R. The equation for Ti(R) is
shown in Equation (5).

Ti(R) = wi f6(R), (5)
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where wi represents the weight learned by optimizing the regression, as given by
Equation (6).

wi = ∑
n∈R

(tn
i − ŵ f6(Rn))2 + λ|ŵi|2, (6)

where ti represents the regression target which is related to coordinates, width, and height
of region proposal pair (R, G) as denoted in Equations (7)–(10), respectively.

tx =
Gx − Rx

Rw
. (7)

ty =
Gy − Ry

Rh
. (8)

tw = log
(

Gx

Rw

)
. (9)

th = log
(

Gh
Rh

)
. (10)
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3.6. Loss Function and Optimization

In classification theory, the loss function and objective function transfer estimated
distributions onto true distributions. This function’s output should be minimized using
an optimization method. Classification and regression losses are used in the single-shot
detector. The confidence level in the predictions of each bounding box produced by the
network is measured by the classification loss. Categorical cross-entropy is used to calculate
this loss, as given by Equation (11).

Loss = ∑ t(x) log(e(x)), (11)

where t(x) and e(x) represent true and estimated distributions over categorical variables,
respectively. The regression loss is the difference between the network’s predicted bounding
boxes and the ground-truth bounding box.

3.7. Control of Overfitting

Even though data augmentation and an unbiased dataset are used, the model must
be generalized to fit any pattern in the input and respond with appropriate results. When
the time to train the model increases, the model becomes overfitted. To reduce the over-
fitting problem to a negligible value, the feature selection process is performed with a
better optimizer.

3.8. Evaluation Parameters

The standard evaluation parameters such as accuracy, recall (sensitivity), precision,
F-measure, and specificity are calculated on the basis of the number of true positives (TP),
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the number of true negatives (TN), the number of false negatives (FN), and the number of
false positives (FP) as given in Equations (12)–(16).

Accuracy =
(TN + TP)

(TN + TP + FN + FP)
. (12)

Precision =
TP

(TP + FP)
. (13)

Recall =
TP

(TP + FN)
. (14)

F−measure =
(2× Precision× Recall)
(Precision + Recall)

. (15)

Specificity =
TN

(TN + FP)
. (16)

The TP, TN, FN, and FP values are calculated using the confusion matrix in Table 1,
and the corresponding formulas are given below.

Table 1. Confusion matrix.

Predicted Values

Face Wearing
Mask Correctly

Face Wearing
Mask Incorrectly

Face Wearing
No Mask

A
ct

ua
lv

al
ue

s Face wearing
mask correctly a b c

Face wearing
mask incorrectly d e f

Face wearing
no mask g h i

• Face wearing mask correctly:
TP = a.

FN = b + c.

FP = d + g.

TN = e + f + h + i.

• Face wearing mask incorrectly:
TP = e.

FN = d + f.

FP = b + h.

FP = b + h.

• Face wearing no mask:
TP = i.

FN = g + h.

FP = c + f.

TN = a + b + d + e.

Inference time represents the time spent reading from the input image to the final class
prediction.
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The number of trainable and nontrainable parameters present in different layers
affects the capability of prediction, the complexity of the model, and the amount of memory
required. The confusion matrix values combining all comparison models are depicted
in Table 2.

Table 2. Confusion matrix results for all comparison models.

Predicted Value
face wearing

mask correctly
face wearing

mask incorrectly
face wearing

no mask

fa
ce

w
ea

ri
ng

m
as

k
co

rr
ec

tl
y

0.94 0.058 0.002

A
ct

ua
lV

al
ue

s

fa
ce

w
ea

ri
ng

m
as

k
in

co
rr

ec
tl

y

0.079 0.9 0.021

fa
ce

w
ea

ri
ng

no
m

as
k

0.005 0.00497 0.99

4. Results and Discussion

The proposed algorithm was implemented in Python, and the integrated development
environment was PyCharm, a popular Python IDE created by JetBrains to conduct Python
language programming. The experiment was set up by loading different pretrained models
using the Charm package (https://github.com/JetBrains/awesome-pycharm (accessed on
11 July 2022)) run on an Intel(R) Core i7 2.80 GHz CPU with 8 GB RAM and the Windows 10
operating system. The proposed system uses MaskedFace-Net (MFN) and Flickr-Faces-HQ
Dataset (FFHQ) with 67,193 pictures of faces with a correct mask, 66,899 pictures of a face
with an incorrect mask, and 66,535 pictures of a face with no mask. Figure 6a–d exhibit the
accuracy of face mask detection for various models.

After numerous experiments, it was discovered that translation and zoom operations
did not affect the results. Finally, the training dataset was rotated and flipped horizontally
randomly in the range of [−5◦, +5◦].

The proposed technique with a multilayer convolutional network for recognizing ob-
jects from color images achieves larger mAP, more frames to increase speed, and acceptable
accuracy. The training accuracy increases sharply and becomes stable at epoch 2 due to
a balanced dataset in ResNet50V2, as depicted in Figure 6a. The training and validation
accuracy differs at the maximum by 25% at epoch 2.5 in VGG19, as shown in Figure 6b. The
training and validation accuracy differs at the initial epoch and becomes stable at epoch 1
in InceptionV3, as shown in Figure 6c. The training and validation accuracy is the same at
every epoch of the execution in MobileNetV2, as shown in Figure 6d.

The accuracy of the ResNet50V2 model was higher when compared to other models,
namely, VGG19, MobileNetV2, and InceptionV3, by 2.92, 0.44, and 3.38, and by 9.49, 1.31,
and 4.9 when using the biased dataset in both training and validation phases, respectively,
as depicted in Figure 7.

https://github.com/JetBrains/awesome-pycharm
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Figure 7. Training and validation accuracy in face mask detection.

The input picture size was 840 × 840 with a batch size of 2 in strong ResNet50V2
backbone, while the input image size is 640 × 640 with a batch size of 32 in light Mo-
bileNetV2backbone. Although multiple network components can improve detection perfor-
mance, the ResNet50V2 backbone achieved the greatest improvement in several parameters
with the balanced dataset. ResNet50V2 showed an improvement in parameters precision,
recall, F-measure, accuracy, and specificity by 1.22, 3.21, 0.43, and 2.22 and by 0.17, 2.13,
0.16, and 1.08, respectively when compared to AlexNet and MobileNetV2 (see Figure 8).
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Figure 8. Performance of various parameters in the face mask detection.

The total number of trainable and nontrainable parameters in ResNet50V2 was
24 million; hence, high computation cost was incurred, whereas, in MobileNetV2, VGG19,
and InceptionV3, is the numbers were 2.4 million, 20 million, and 22 million, respectively.
MobileNetV2 uses Dropout in the fully connected network, such that the number of param-
eters in the network is greatly reduced compared to ResNet50V2. InceptionV3 uses filter
concatenation in the convolution layer rather than the connected layer to reduce the number
of parameters. As VGG19 uses batch normalization in the connected layer, the number of
parameters is reduced. MobileNetV2 extracts features using depth-wise convolutions and
adjusts channel numbers using channel-wise convolutions; hence, the computational cost
of MobileNetV2 is substantially lower than networks utilizing traditional convolutions.
Thus, MobileNetV2 performs well in real-time object detection using surveillance devices
with less memory consumption.

ResNet50V2 achieved 97% when averaging precision, recall, and F1-score values as
the bias was removed among the three classes of facemask detection. Compared to other
models, MobileNetV2, InceptionV3, and VGG19, ResNet50V2 led to improvements by
0.5%, 6.5%, and 3%, as shown in Table 3. ResNet50V2’s inference time was reduced by
4 ms, while InceptionV3, VGG19, and MobileNetV2’s inference times were reduced by
2 ms. The integrated system used MobileNet-SSD for face detection and ResNet50V2 as the
backbone for facemask classification; hence, high accuracy with decreased inference time
was obtained. A deep neural network is costly since it demands substantial computing
power and requires time to train huge datasets. Deep-learning-based transfer learning
is utilized to pretrain the ResNet50V2 network faster and cost-effectively by deleting the
batch normalization layer in the network at test time. As faster R-CNN uses RPN, it is more
efficient in generating ROI and runs at 10 ms per image. The parameter values for different
models are denoted in Table 3.

Figure 9a–d show various screenshots illustrating facemask detection with three-
class outputs.

The four pretrained models, ResNet50V2, MobileNetV2, InceptionV3, and VGG19,
were compared for performance analysis. ResNet50V2 was the optimal model in terms of
inference time, error rate, detection speed, and memory usage among the compared models.
Figure 9 shows screenshots of three-class face mask detection. The data are presented in
Figure 9, adapted from [58].
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Table 3. Different models and their parameter values.

Models

Total Number of
Trainable and
Nontrainable

Parameters

Precision Recall F1-score Inference
Time (ms)

Training
Accuracy

Validation
Accuracy

MobileNetV2 2,422,339 0.97 0.96 0.97 15 91.49 89.18

VGG19 20,090,435 0.94 0.94 0.94 11 89.01 81

InceptionV3 22,065,443 0.91 0.9 0.91 9 88.55 85.59

ResNet50V2 23,827,459 0.97 0.97 0.97 7 91.93 90.49
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5. Comparison with Related Works and Discussion

Developing a system that can be easily embedded in a device that can be utilized in
public spaces to aid in the prevention of COVID-19 transmission requires more accurate face
detection, precise localization of the individual’s identity, and avoidance of overfitting. To
further demonstrate the quality of the proposed model, we compared AlexNet, MobileNet,
and YOLO baseline models in terms of accuracy, precision, and recall for detecting human
images with and without a mask. Table 4 summarizes the outcomes of this comparison,
demonstrating that the proposed system outperformed other models in terms of accuracy,
precision, and recall. Experiments demonstrated that the proposed system can accurately
detect faces and masks while consuming less inference time and memory than previously
developed methods. To address the data imbalance issue identified in the previously
published dataset, efforts were made to create an entirely new, unbiased dataset that is well
suited for mask detection tasks related to COVID-19, among other applications.
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Table 4. Performance comparison of different methods in terms of accuracy (AC) and average
precision (ap).

Reference Methodology Classification Detection Result

(Ejaz et al., 2019) [59] PCA Yes No AC = 70%

(Ud Din et al., 2020) [60] GAN Yes Yes -

Proposed Improved ResNetV2 Yes Yes

AC = 91.93%
AP = 97%

Recall = 97%
F-Score = 97%

6. Improvement in Accuracy Using MAFA Dataset in the Proposed Method

• In the original imbalanced MAFA dataset, random oversampling was applied to
obtain the balanced dataset, and image augmentation was also performed to improve
the accuracy.

• In a large dataset ranging from simple to complex images, transfer learning was
applied to pretrain the parameters, especially for small objects, which also improved
the accuracy of the model.

• In the fine-tuning phase of transfer learning, all the layers in the system were pre-
trained. Accordingly, the optimum value for each parameter was obtained, which was
used to improve the accuracy of the model.

• Using MobileNetV2 for face detection and ResNet50V2 for mask detection improved
the accuracy of the system.

• Two-stage detection for classifying images according to groups, distant views, and
occlusions also improved the accuracy but at the cost of computational time.

• The batch normalization layer in ResNet50V2 for pretraining the parameters and L2
normalization to accurately predict the image complexity were used to improve the
accuracy of the system.

7. Conclusions

The proposed work presented a deep-learning-based solution for identifying masks
over faces in public locations to reduce coronavirus community spread. The ensemble
approach aids in reaching high accuracy, but it also significantly improves detection speed.
Furthermore, transfer learning on pretrained models and rigorous testing on an unbiased
dataset resulted in a reliable and low-cost solution. The findings support this application’s
viability in real-world scenarios, thus helping to prevent pandemic spread. Compared
with existing approaches, the proposed method achieved better performance in terms
of accuracy, specificity, precision, recall, and F-measure in three-class outputs. A proper
tradeoff was maintained between several required parameters and inference time using
different models. To improve the proposed method’s performance, different datasets with
different sizes can be used for medical face masking detection. Furthermore, data can
be pretrained using new deep learning methods, which can result in a huge number of
features in the datasets. Hence, to improve accuracy, we can apply a new metaheuristic
algorithm for solving the image classification problem based on feature selection. Moreover,
to improve the accuracy of the new metaheuristic algorithm, we can use hybrid algorithms
or a different operator to enhance the exploitation stage, such as random opposition-
based learning (ROBL) and opposition-based learning (OBL) to prevent local optima and
accelerate the convergence. Future work can be expanded to include other mask-wearing
issues to improve accuracy. The developed model can be implemented using surveillance
devices for biometric applications, especially in polluted industries with facial landmark
detection and face masks.
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Abbreviation

CNN Convolutional neural network
ResNet Residual network
ROI Region of interest
YOLO You only look once
R-CNN Region-based convolutional neural network
ROS Random oversampling
IOU Intersection over union
MFN MaskedFace-Net
FFHQ Flickr-Faces-HQ Dataset
ROBL Random opposition-based learning
OBL Opposition-based learning
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