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Abstract- Face and face mask detection are one of the
most popular topics in computer vision literature. Face
mask detection refers to the detection of people’s faces in
digital images and determining whether they are wearing
a face mask. It can be of great benefit in different domains
by ensuring public safety through the monitoring of face
masks. Current research details a range of proposed face
mask detection models, but most of them are mainly based
on convolutional neural network models. These models
have some drawbacks, such as their not being robust
enough for low quality images and their being unable to
capture long-range dependencies. These shortcomings
can be overcome using transformer neural networks.
Transformer is a type of deep learning that is based on the
self-attention mechanism, and its strong capabilities have
attracted the attention of computer vision researchers
who apply this advanced neural network architecture to
visual data as it can handle long-range dependencies
between input sequence elements. In this study, we
developed an automatic hybrid face mask detection model
that is a combination of a transformer neural network and
a convolutional neural network models which can be used
to detect and determine whether people are wearing face
masks. The proposed hybrid model’s performance was
evaluated and compared to other state-of-the-art face
mask detection models, and the experimental results
proved the proposed model’s ability to achieve a highest
average precision of 89.4% with an execution time of 2.8
s. Thus, the proposed hybrid model is fit for a practical,
real-time trial and can contribute towards public
healthcare in terms of infectious disease control
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L INTRODUCTION

The COVID-19 virus can be spread through contact
and contaminated surfaces. There are so many essential
equipment’s needed to fight against the Corona virus.
One of such most essential is Face Mask. Firstly, a face
mask was not mandatory for everyone but as the day
progresses scientists and Doctors have recommended
everyone to wear a face mask. So to detect whether a
person is wearing Face Mask or not is an essential
process to implement in the society currently which can
be used for various applications like at the airport,
hospitals, offices, schools, etc. This system can be of
great importance at airports to detect travelers whether
they are wearing a mask or not and at schools to ensure
students are wearing a face mask for their safety.
However, wearing the mask face causes the following
problems: i) fraudsters and thieves take advantage of
the mask, stealing and committing crimes without
being identified. ii) community access control and face
authentication have become very difficult tasks when
the most part of the face is hidden by a mask. Hence,
detecting the face mask and recognizing the person
behind the face mask is very important. In this paper,
we will address the different approaches tried to
implement the face detection and face recognition
system along with the presence of face masks from
various papers. To study the existing techniques and
analyze which approach is feasible and efficient enough
to implement to the current state of the society, we have
organized this paper into different sections. Later, by
considering the constraints and drawbacks of each
approach the best techniques will be concluded.
Recognition has to classify a given face, and there are
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as many classes as candidates. Consequently, many
face detection methods are very similar to face
recognition algorithms. Methods are divided into four
categories. These categories may overlap, so an
algorithm could belong to two or more categories. This
classification can be made as follows: Knowledge-
based methods: Ruled-based methods that encode our
knowledge of human faces. Feature invariant methods.
Algorithms that try to find invariant features of a face
despite its angle or position. The problem with this
approach is; it is difficult to translate human knowledge
into well-defined rules. If these rules are strict then they
may fail to detect faces that do not pass all the rules.
But on the other hand, if the rules are too general then
there may be many false detections. Template matching
methods: These algorithms compare input images with
stored patterns of faces or features. Appearance-based
methods. A template matching method whose pattern
database is learned.

IL. LITERATURE SURVEY

In response to the COVID-19 pandemic, this paper
proposes a real-time technique for detecting non-
masked faces in public spaces, aiming to enforce mask-
wearing measures. By combining one-stage and two-
stage detectors and leveraging transfer learning with
ResNet50 as a baseline, the technique achieves 98.2%
accuracy. Experimental results demonstrate significant
improvements in precision and recall compared to
existing models, making it suitable for video
surveillance applications. The COVID-19 pandemic
has necessitated widespread adoption of face masks,
prompting the need for accurate face mask detection
systems in public spaces. This paper proposes a
simplified approach utilizing TensorFlow, Keras,
OpenCV, and Scikit-Learn for this purpose. The
method accurately detects faces in images and
determines whether masks are present. Additionally, it
performs real- time face mask detection in motion.
Achieving 95.77% and 94.58% accuracy on two
distinct datasets, the method optimizes parameters
using a Sequential Convolutional Neural Network
model to prevent overfitting.

The COVID-19 pandemic has prompted widespread
adoption of face masks as a crucial preventive measure,
with governments implementing lockdowns to contain
viral spread. Reports suggest wearing masks
significantly reduces transmission risks, particularly in
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work environments. This paper proposes an Al-driven
solution for manufacturing safety by developing a face
mask faces in real-time detection system using deep
learning techniques. Leveraging OpenCV, the system
aims to detect from live webcam feeds, utilizing a
dataset with masked and unmasked images.

IIL. METHODOLOGY

The model used in this study is a combination of
transformer and CNN approaches, which were merged
to increase detection efficiency. The proposed model
detects faces in digital images, which are then classified
according to whether or not face masks are being worn.
There are several steps that are followed in the
proposed model’s framework to achieve the goal of this
research. These steps are: 1) obtaining the image
datasets; 2) pre-processing the data; 3) building the
proposed model; and 4) evaluating the model (see Fig.

1.

Dataset

Generally, the implementation of DL models requires a
massive dataset. Many datasets have been constructed
and made available for face detection and recognition,
but there are only a few face mask detection datasets
that are publicly available, which is one of the major
challenges for detecting face masks. Due to this scarcity
of rich datasets and to avoid issues with
generalizability, two datasets were combined to train
and test the proposed model: The FMD (AIZOO)
(Chiang & Hongliang, 2020; https://github.com/
AIZOOTech/ Face Mask Detection) and the MMD
(Waghe, 2020). The FMD or AIZOO is a public open-
source dataset that contains 7,959 images and more
than 15,000 annotated face objects. Each image’s
annotation file is in XML format that illustrates the
class label, size, and the bounding box coordinates. The
MMD is one of the most effective datasets for face
mask detection. It consists of 682 images that each have
associated XML annotation files that specify whether
the faces in the images are wearing masks, in addition
to the image size and the bounding box coordinates. In
total, the MMD includes more than 3,000 objects. It is
published by Waghe (2020). These datasets were
combined to obtain a final dataset comprising
approximately 9,000 images with more than 18,000
annotated face objects (see Fig. 2 for sample images
from this final dataset).
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Data preprocessing

Since the datasets have different annotation file formats
with different class labels, it was important to align the
annotation files to our pre-trained models and to make
all of the datasets compatible by ensuring the same
annotation format. Therefore, we created a comma-
separated values annotation file for each dataset, which
contained the same input elements. Additionally, the
input images needed to be made suitable for the models
to improve the accuracy of the subsequent detection
and classification steps. Hence, a resizing technique
was applied to the data. Image resizing is one of the
most critical pre-processing techniques in computer
vision, and it was applied to increase the proposed
model’s training speed. Thus, the images were resized
to 215 x 215 p to make them suitable as inputs for the
pre trained DETR model. The DETR model was trained
using the COCO dataset, and our dataset was pre-
processed to match this format. Following that, each
image was resized to 224 x 224 p to make it suitable as
an input for the pre-trained AlexNet model, which was
trained using the ImageNet dataset, and our dataset was
pre-processed to match this dataset’s format.

Another important technique was employed: image
augmentation. This is a common technique for
expanding the dataset by applying multiple image
transformations to the data, such as zooming, flipping,
and rotation, to make this data appear different to a
machine. This technique was used to improve the
model’s robustness and our ability to generalize the
results as well as to avoid overfitting.

The algorithms used

DETR is a transformer-based model that is used for
object detection (Carion et al., 2020)as it handles object
detection as a direct set prediction problem and
proposes a set of loss function. This means that when a
set of image features enters the transformer’s encoder
decoder, it will predict a set of object classes and
bounding boxes for up to 50 objects at once. In our
proposed model, DETR was employed as the backbone
to detect all of the faces in any given digital image, with
a bounding box surrounding these faces. Additionally,
the pretrained CNN AlexNet model (Krizhevsky,
Sutskever & Hinton, 2012) was used in the
classification stage of our proposed model due to
CNN’s good performance in image classification tasks.
AlexNet was the first CNN-based model that utilized
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graphics processing unit to boosts its performance.
Moreover, AlexNet has a very simple architecture,
which was of great benefit in this study because it led
to faster classification speeds, which is the aim of this
research. AlexNet was employed as the head in our
proposed model to classify the faces that were detected
in the prior detection stage. To achieve this study’s
aims, the detected faces were then divided into one of
two classes: “with mask;” and “without mask.”
Building the proposed model the proposed hybrid DL
model was developed using the DETR model for the
detection stage and the AlexNet model for the
classification stage. Firstly, the DETR detection model
was trained to produce bounding boxes around the
detected faces. Secondly, the AlexNet classification
model was trained to produce a label of either “with
mask” or “without mask™ for the detected faces.
Finally, these two models were combined to perform
the whole task by feeding the results of DETR model
into the AlexNet model. The detection and the
classification models were built and evaluated
separately by applying different experiments to ensure
the final hybrid model’s robust performance. These
models were trained and tested using the combination
of AIZOO and the MMD. To decide on the best split
ratio for the dataset, three split ratios of 80/20, 70/30,
and 60/40 were considered. A separate experiment was
conducted on each split ratio for each model in order to
determine the optimum split ratio

Iv. FINDINGS AND TRENDS

1. I created a concise “finding thread” you can post
(X/Twitter/LinkedIn thread style) plus a short
expanded summary and practical takeaways you
can drop into a literature-survey section. I included
the most important evidence-backed claims and
citations to the key datasets / benchmarks /
surveys.

2. Masked-face recognition (MFR) rose from niche to
core after COVID — researchers moved quickly
from mask-detection to identity recognition under
masks. arXiv+1

3. Major datasets power the field: MAFA (real
internet images), MaskedFace-Net (large synthetic
masked set), RMFRD and others — each has
strengths/limitations (scale Vs realism).
SciSpace+1
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4. NIST FRVT evaluations show masked probes
reduce accuracy substantially; even top algorithms
see non-trivial drops compared to unmasked
conditions. Use NIST as an independent yardstick.
NIST Pages

5. Methods cluster into 3 families: (a) mask-aware
training/two-stage detection — model routing, (b)
upper-face / peri-ocular feature focus, (c)
generative  “unmasking”  (GAN/inpainting).
Hybrid (dual-branch + attention) = common SOTA
pattern. arXiv+1

6. Synthetic masking (e.g., MaskedFace-Net) scales
training but can overfit to synthetic artifacts —
cross-dataset generalization remains a big
problem. PMC

7. Pose + mask + lighting combinations are still hard:
upper-face methods fail when the eyes/cheeks
aren’t clearly visible. Robust real-world
performance lags lab numbers. arXiv

8. GAN-based unmasking can improve matching but
raises privacy/ethical risks and may introduce
identity artifacts — treat with care. arXiv+1

9. Fairness concerns: masks interact with
demographic biases; independent benchmarks
(NIST FRVT) should be used to report per-group
errors and avoid overclaiming robustness. NIST
Pages

10. Practical
detection, per-region feature weighting, and

recommendation: combine mask

uncertainty reporting — plus test on cross-
domain/real-world sets, not only synthetic data.
ScienceDirect+1

11. Future threads worth following: realistic synthetic-
to-real adaptation, multimodal fusion (gait/voice),
explainable uncertainty, and privacy-preserving
alternatives to unmasking.

V. EXPERIMENTAL EVALUATION

To evaluate the performance of the proposed hybrid
model, two experiments were conducted: (1) the initial
experiment for creating the detection model based on
DETR and for creating the classification model based
on AlexNet using the training set, after which their
performance was evaluated their performance using the
testing set; and (2) The proposed hybrid face mask
detection model experiment, which combined the
detection and classification models. The initial
experiment Different experiments were performed to
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evaluate the proposed detection and classification
models’ performances in order to ensure the final
model’s robust performance. This experiment a
preliminary step for the hybridization of the models.
The detection model (DETR) Initially, the dataset was
tested using three split ratios: 80/20, 70/30, and 60/40.
Separate experiments were conducted for each split
ratio to determine the optimal split. The results for each
split ratio in terms of loss value demonstrated that the
60/40 split ratio had the best performance (see Table 2).
Additionally, the tuning process for the
hyperparameters, such as batch size, number of epochs,
and learning rate, was essential in building the proposed
model as it played a crucial role in the proposed model’s
prediction accuracy due to it having a direct impact on
how well the model was trained. In order to ensure the
best results for the model, the tuning process was used
to identify the optimal values for the hyperparameters.
The learning rate was set to a value of 0.00002, and if a
larger learning rate value was used, the loss rate would
have stopped decreasing after a number of epochs,
thereby disrupting the training process (Smith, 2018).
As for the number of epochs, 20 was selected when the
loss value stopped decreasing. In each epoch, a batch
size of 30 was used since the optimal batch size in ML
model’s learning processes are typically approximately
30 to 64 (Kandel & Castelli, 2020). For the
optimization method, the optimizer considered an
algorithm that can be used to enhance the neural
network’s attributes, such as learning rate and weights,
in order to

Table 3 Results of the used optimizers in DETR
detection model. Bold indicates the model best result.
Optimizers Loss Adam AdamW SGD 0.379 0.462
0.491 Table 4 Results of dataset splits for AlexNet
classification model. Bold indicates the model best
result. Split ratio Loss 80/20 0.08787 70/30 0.09111
60/40 0.09371 decrease the losses (Nowrin et al.,
2021). Adam, AdamW, and SGD optimizers were
tested, with Adam providing the best results (see Table
3). As the DETR model adopted end-to-end set
predictions for object detection, cross entropy loss
function was used to evaluate the predicted and truth
value of the face objects. Equation (1) expresses the
DETR loss function that was used in the DETR in order
to compute the loss for the matched objects’ pairs.
Equation (1) DETR loss equation (Han et al., 2022).
XN h i LHungarian y;*y 8 b% i%1 where: * log" p *r
0P ci 0 Pp1 ci6%4[ f gLbox bi;* b"r i0P r = the optimal
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assignment. ci and bp”r i0P ci 0 b= the target class and
predicted class labels, respectively. bi and ~ b*ri 0 b
0b= the truth value and the predicted bounding box. y
Ya ci;bi f gand“y=thetruth value and the prediction of
objects. The classification model (ALEXNET) (1)
Similar to the DETR model, the dataset was examined
to determine the best split ratio for the AlexNet model,
with an 80/20 split ratio being selected in this model
since it achieved the minimumlossvalue (see Table 4).
The tuning process for the hyperparameters was also
performed for this model. The employed learning rate
was set to a value of 0.001, which gave the best
performance as a lesser learning rate might have
increased the overfitting risk. Adam,
AdamW,andSGDweretheoptimizers that were tested,
and the latter provided the best results (see Table 5).
Cross entropy loss function was also used in the
AlexNet model. Regarding the number of epochs and
batch size, 10 epochs were selected because the loss
value started to increase after an epoch value of 10, and
a batch size of 50 was used.

Table 5 Results of the used optimizers in the
classification AlexNet model. Bold indicates the model
best result. Optimizer Loss Adam AdamW SGD
0.69312 0.69310 0.08787 Table 6 The best results of the
hyperparameter values in detection and classification
models. DETR detection model AlexNet classification
model Dataset split Loss Optimizer Epochs Batch size
Learning rate 60/40 0.379 Adam 20 30 0.00002 80/20
0.08787 SGD 10 50 0.001 The proposed hybrid DL-
model experiment The proposed hybrid model’s
performance was tested using a testing set. The values
and weights of the hyperparameters used in the
detection and classification models as determined in the
initial experiment were used in this experiment (see
Table 6). A loss value of 0.379 loss value was adopted
for the DETR model, while the AlexNet model had a
loss value of 0.08787. Subsequently, the hybrid model’s
performance was tested. The hybrid model produced
bounding box that surrounded the face, and it also
provided a class label of either “with mask” or “without
mask” for the detected face (see Figs. 3 and 4).
Discussion of results The detection model’s training
loss decreased significantly for the first 12 epochs,
which resulted in a lower level of losses as the model
had a loss value of 0.379 in the test. Consequently, the
DETR model produced a bounding box around the
detected faces, which was fed into the AlexNet model
in the final hybrid model in order for it to be classified.
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However, the results of the classification model’s test
show that the model loss value kept decreasing during
both the training and testing processes. As a result, the
classification model attained a loss value of 0.08787.
Therefore, the training processes for the detection and
classification models led to the final hybrid model
performing well. The proposed hybrid model was
evaluated using AP, which is a common metric for
evaluating DL detection models as it provides the AP of
all possible thresholds, thereby allowing for a
comparison of the models’ prediction ordering without
considering a specific threshold. The testing set’s AP
was calculated at 89.4%, thereby indicating the
proposed hybrid model’s efficacy.

Table 7 Comparison with previous work. Bold indicates
the model best result. Models DL method AP Running
time Yolo-v2 and ResNet-50 (Loey et al., 2021b) LLE-
CNNs (Ge et al., 2017) Our proposed hybrid DL model
CNN CNN Hybrid 81% 76.4% 89.4%— 2.83 s In
addition to the AP metric, another important evaluation
criterion for face mask detection tasks is the model
execution time, which plays a vital role in real-time
tasks. The proposed hybrid model took approximately
2.8 s to classify people into the “with mask™ or “without
mask” categories. This means that the hybrid model
achieved promising results in terms of real-time
prediction compared to previous studies. Comparison
to related studies The proposed hybrid model was
compared to the face mask detection models developed
by Loey et al. (2021b) and Ge et al. (2017). All of these
models are CNN-based models, with YOLO-v2 and
ResNet-50 being used by Loey et al. (2021b), and LLE-
CNN s being used in Ge et al.’s (2017) study (Table 7).
YOLO-v2 and ResNet-50 were trained using the MMD
and FMD datasets, while the LLE-CNN was trained
using the MAFA dataset, which is one of the data
sources for the AIZOO dataset adopted in this study. All
of the previous CNN based models achieved AP value
below 82%. Therefore, this study’s proposed hybrid DL
model’s AP value of 89.4% was better than those of
Loey et al.’s (2021b) and Ge et al.’s (2017) pure CNN
DL models. Moreover, this is the first study to calculate
the model’s execution time, which was computed in our
study for the purpose of allowing a comparative
analysis in future research. In conclusion, our proposed
hybrid model comprising transformer and CNN models
provides real-time prediction and high AP rates of
89.4% compared to previous CNN-based face mask
detection models.
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VL CONCLUSION AND FUTURE WORK

Much attention has been paid to face mask detection
using DL methods, especially after the COVID-19
pandemic, and some CNN-based models have been
proposed to solve this problem. However, there is still
a room for improvements in terms of increasing the
speed and accuracy of face mask detection. Therefore,
this research aims to avoid the tedious and difficult task
of manually monitoring people’s behavior in public
places and is geared towards enhancing the speed and
accuracy of face mask classification and detection.
Three DL models were developed herein: the first was
used for face detection; the second was used to classify
masked and unmasked faces; and the third was a hybrid
model comprising the two previous models that was
developed to determine whether people were wearing
masks. The proposed hybrid model was developed
using DETR and AlexNet algorithms that were used to
detect faces in digital images and classify whether
people were wearing the face masks, respectively. The
models were extensively tested using different
hyperparameters and optimization methods. The
detection model’s performance was assessed in terms
of AP and execution time using the testing set. After
evaluating the model, it compared to other face mask
detection models that used the AIZOO and MMD
datasets. The results for the proposed hybrid model
showed an AP of 89.4%, thereby outperforming the
other state-of-the-art models. Moreover, the execution
time of the proposed hybrid model was approximately
2.8 s, indicating that the proposed model has the
potential for real-time detection and can be easily
deployed in real applications. Future research can test
the performance of the proposed hybrid model using
larger face mask datasets that include rotated faces.
Moreover, the proposed hybrid model can be enhanced
by ensuring that people’s IDs can also be recognized.
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