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Abstract

For smart cities to succeed, substantial developments to take place in roads, city streets, public transportation,
houses, businesses, and other aspects of city life must be drawn up. In today’s world, there is a crucial necessity
for effective management of cities to reduce the effect of COVID19 disease with increasing population in cities.
Multiple metrics had already been taken to lower the infection rate of COVID19, from the beginning of the
outbreaks, such as maintaining distance from another person and wearing face masks. Ensuring security in public
places of smart cities needs state-of-the-art technology, including computer vision, deep learning and deep transfer
learning for automated detection of face masks and monitoring of whether people wear masks accurately. The
achievement of machine learning (ML and) artificial intelligence (Al) techniques in face recognition and object
detection makes it fit for the development of FMD methods. The fundamental concept behind the generalized
intuitionistic fuzzy soft set is highly productive in making decisions because it considers ways to manipulate an
additional intuitionistic fuzzy input from the director to balance any disturbance in the data delivered by the
assessment analyst. This manuscript offers the design of Weighted Soft Discernibility Matrix with Deep Learning
Assisted Face Mask Detection (WSDMDL-FMD) technique for Smart City Environment. The WSDMDL-FMD
technique proficiently discriminates the facial images with the presence or absence of masks. The WSDMDL-
FMD technique comprises two stages: Mask RCNN-based face detection and WSDM-based face mask
classification. Primarily, the WSDMDL-FMD technique uses Mask RCNN-based face detection. Next, the
convolutional neural network (CNN) model derives features from the detected faces and its hyperparameters can
be chosen by cuckoo optimization algorithm (COA). For face mask classification, the WSDMDL-FMD technique
applies WSDM model. To evaluate the results of the WSDMDL-FMD technique, a series of experiments were
involved. The obtained outcomes stated that the WSDMDL-FMD method reaches superior performance than other
models
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1. Introduction

Neutrosophic set (N-set) and soft set (S-set) models are the most common theories utilized in uncertainty
environments currently, and the NS-set model was developed as a novel hybrid set kind in this area [1]. In this
method, soft sets can be employed more practically to state uncertainty issues. The NS set, permitting it to be
employed more essentially in uncertainty issues and a comparison among definitions was also prepared [2].
Furthermore, basic set processes have been redefined depending on this definition. Numerous researchers have
examined this developed mathematical technique for uncertainty issues [3]. Gradually, infected individuals are
quickening vastly because people are not following the compulsory COVID rules like physical distance, keeping
rooms well-ventilated, wearing a mask [4], cleaning their hands always, evading crowds, etc [5]. While vaccines
have been planned no vaccine is 100 per cent real, it just aids to increase the protection [6]. Surgical Masks,
Procedural Face Masks or N95 respirators are few kinds of masks that aid in preventing a diseased individual from
spreading the illness to others or stopping a well wearer from the virus [7]. Similarly, mask-wearing decreases the
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possibility of other lung disorders like influenza and tuberculosis, arising throughout the epidemic, which might
then confuse or worsen the condition [8].

In the present scenario, the area of Computer Vision (CV) is emerging at a fast pace [9]. CV is a sub-division of
Artificial Intelligence (Al) that permits computers to remove beneficial data from digital imageries and videos
[10]. CV contains numerous sub-domains like Object Recognition, Object Segmentation, and Object Detection,
the “Face Mask Detection (FMD) Models” fall below the field named “Object Detection” [11]. Object Detection
has dual steps such as Image Classification and Object Localization [12]. Deep learning (DL) development with
the combination of CV provides the invention in progress in uncountable areas of technology [13]. Deep neural
network (DNN) is the major module of DL methods, which provides object detection, image classification, and
segmentation. Convolutional neural network (CNN) is the main method of DNN, which is normally utilized in CV
tasks [14]. After training the method, CNN can recognize and classify facial imageries even with slight alterations
utilizing their awesome feature extraction skill and keep image pattern facts [15].

This manuscript offers the design of Weighted Soft Discernibility Matrix with Deep Learning Assisted Face Mask
Detection (WSDMDL-FMD) technique for Smart City Environment. The WSDMDL-FMD technique proficiently
discriminates the facial images with the presence or absence of masks. The WSDMDL-FMD technique comprises
two stages: Mask RCNN-based face detection and WSDM-based face mask classification. Primarily, the
WSDMDL-FMD technigue uses Mask RCNN-based face detection. Next, the convolutional neural network
(CNN) model derives features from the detected faces and its hyperparameters can be chosen by cuckoo
optimization algorithm (COA). For face mask classification, the WSDMDL-FMD technique applies WSDM
model. The obtained outcomes stated that the WSDMDL-FMD method reaches superior performance than other
models.

2. Literature Survey

Mostafa et al. [16] present a YOLO-based DL C-Mask technique. After pre-processing, the process of feature
extraction is achieved utilizing a CNN method. Furthermore, a Cross-Stage Partial (CSP) DarkNet53 technique is
employed to increase the extracting procedure. The data augmentation model is also implemented for feature
generation. The feature enhancement task is accomplished by implementing the Spatial Pyramid Pooling Network
(SPPNet) and Path Aggregation Network (PANet) approaches. Also, the multi-label classification is utilized for
classification. In [17], a FMD technique with 10T is proposed utilizing a fusion DL and “Single Shot Multi-box
Detector (SSD)” techniques. The fusion optimization model namely Adaptive Sailfish MFO (ASMFO) is
employed for parameter optimization process. Then, Hybrid ResMobileNet (HResMobileNet) model is utilized
for classification, in which the parameters are tuned employing a similar ASMFO approach. Moreover, the
presented mask detection technique is related to the conventional meta-heuristic models and present classifiers.

Sheikh and Zafar [18] present a framework for the recognition of the face mask that is resilient to adversarial
outbreaks. The presented method initially constructed a FMD model by finetuning the MobileNetV2 technique
and training it on the adapted dataset. Later, the accomplishment of the method is evaluated by utilizing adversarial
images assessed by the fast gradient sign method (FGSM). Lastly, the robustness of the presented method is
depicted. AL-Ghamdi et al. [19] propose a novel DL-based FMD in Religious Mass Gathering (DLFMD-RMG)
method. The pre-processing process of the DLFMD-RMG model is achieved in two levels namely Contrast
Enhancement and Bilateral Filtering (BF). The presented approach employs ResNet-50 along with YOLOV5
techniques for face recognition. Additionally, the accomplishment of the face recognition is enhanced by the seeker
optimization algorithm (SOA) approach in order to tune the hyperparameter of the ResNet-50 method. Lastly, the
classification of the images is achieved utilizing the Fuzzy Neural Network (FNN) model.

Yasaswi [20] suggests a DL-based model for visual detection of picture processing and parking spaces. Artificial
intelligence (Al) models are also utilized. The study also utilized DL models to present a cost-efficient, simple,
and dynamic model for recognition. Also, the presented technique implements a Masked Region-Based CNN (MR-
CNN) technique and the intersection over union model. Vu et al. [21] proposed an 10T technique depending on a
DL model namely YOLO technique. Also, the presented model constructed a mask detection camera (MaskCam)
that employs the computing characteristics of NVIDIA’s Jetson Nano edge nano devices along with the smart
camera application for FMD model. Moreover, a self-built web browsing application is developed with the
MaskCam model.

3. The Proposed WSDMDL-FMD Model
In this manuscript, we offer the design of WSDMDL-FMD technique for smart city environment. The WSDMDL-

FMD technique proficiently discriminates the facial images with the presence or absence of masks. The
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WSDMDL-FMD technique comprises two stages: mask-based face detection and WSDM-based face mask
classification as illustrated in Fig. 1.

A. Face Detection Module

Primarily, the WSDMDL-FMD method exploits Mask RCNN-based face detection. CNN known as Mask-RCNN
is used in this study [22]. This model expands the Fast-RCNN by integrating another branch to predict the pixel-
level segmentation mask for all the detected objects. In this paper, it is suitable for the studied application because
it incorporates instance segmentation and object detection tasks. The network structure includes three major
elements: a region proposal network (RPN) to suggest the ROI for the object segmentation, a convolutional
backbone for feature extraction, and an ROI head and box head to select the region and refine the boundary for
more accurate segmentation. In Mask RCNN architecture, hyperparameter setting is most critical factors which
influence the behaviours of Mask RCNN during the inference and training phases. This hyperparameter, including
number of iterations, learning rate, and batch size, considerably influences performance of the model.
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Figure 1: Workflow of WSDMDL-FMD technique

B. Face Mask Classification Module

a) CNN Architecture

Next, the CNN model derives features from the detected faces. A great ML model, CNN are aided type of neural
network [23]. CNN uses many mathematical methods such as regularization, backpropagation (BP) and gradient
descent. Convolution (Conv), max-pooling, and fully connected (FC) layer are 3 foremost layers of a CNN method.
Fig. 2 illustrates the architecture of CNN.

Conv Layer: This layer is a main part of CNN. Filtering is executed in exact settings to offer few outputs from

input in this layer. The neurons are organized in a a rectangular grid. So this indicates that the filters can contain a

rectangle grid or a cubic block. It is functional from the topmost left to the bottommaost right. A novel neuron was
181

DOT: https://doi.org/10.54216/1]NS.250116

Received: April 12, 2024 Revised: May 02, 2024 Accepted: June 17, 2024



https://doi.org/10.54216/IJNS.250116

International Journal of Neutrosophic Science (IINS) 1ol 25, No. 01, PP. 179-189, 2025

attained after computing the weight size of pixels by w'x + b. The output size is measured by 3 kinds of
hyperparameters in this layer such as depth, stride and zero padding.

Fully Connected
Layer

Softmax

Pooling Pooling Pooling i ‘_7_:::_,:_-;:::' Activation

Output

Detected Image Conv + ReLU Conv + ReLU Conv + ReLU

Figure 2: CNN Architecture

The stride identifies filters by pixels in the input neuron. Also, it states that the space or the amount of pixels the
filter avoids or changes over in an input pixel matrix. If the stride value is 2 or higher, a huge stride produces a
lesser output. Where Zero padding is employed when the filter is not appropriate in an input image. It is nothing
but the filling procedure with 0 for regulating the dimension of the input neuron. It is naturally employed if the
input dimension in output neuron wants to be preserved. The below-mentioned calculation is employed in order
to compute size of output neurons:

w — ks + 2p;
—
St

Here, k, represents the filter size, pg refers to the padding size, St denotes the stride and w signifies the input
neuron size. In addition, linear algebraic processes are used in CNN. Assume that the matrix sizes are X and Y,
whereas Y displays the column and X displays the row. A two-dimensional convolutional cube computes the 2D
Conv with 2 matrices of input. The size of matrix for M and N are (X, Y)y) and (Xy, Yy), respectively. The Conv
formulation is given below if the cube defines the whole size of output.

Output = 1 (€]

C@b)=) Ky =1 ) (Y= DM@ +Na-xb-y) @)
x=0 y=0

Where

Max-Pooling Layer: This executes the subsequent process after every Conv layer. The size of input neuron was
decreased by utilizing the pooling layer. It models the Conv layer of small rectangular blocks and obtains them to
yield only output from every block. The below-mentioned formula is the max —pooling layer:

hf = Maxzey @ seniyy (@) C))
This layer is formed by using the filters and sampling them in every layer.

FC Layer: It is formed by linking all previous neurons. Because it was linked from every input to output neuron,
this layer normally boosts decreasing spatial data. The BP model is nothing but a gradient descent-based model
which centers its FF on declining cross-entropy loss to minimise NN fault

X Y
P=>" s logd! ©)
a=1b=1

Here, X denotes the no. of samples, s, = (0,...,0,1,...,1,0, ..., 0) and d, are the required output vectors, and the
output vector where the subsequent formulation can achieve:

efa
4P = 5——. 6
a =3 fa 6)

The weighted penalty is assumed to emerge the L function to comprise a value of 5 to increase weight value.
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Q

a=1b=1 P

Here, P signifies the total amount of layers, e, represents the weight of connection, and @ displays layer 1
connection.

b) COA-based Parameter Selection

For parameter selection, the hyperparameters can be chosen by COA. Yang and Deb In 2009, established COA, a
nature-inspired metaheuristic algorithm [24]. The obligate brood parasitism includes many different kinds of
cuckoos, making it to lay the egg on the nest of other host birds. The female cuckoos are used to imitate the egg
and color of other cuckoo species. This boosts their reproductive ability and reduces the relinquishment probability.
In the optimization algorithm, there are three idolized rules which explain their application. A metaheuristic
approach for the random exploration of the optimum strategy within the search range heavily relies on
randomization. Random walking is employed in carrying out this randomization. The randomized walking is
presented for the COA by using Lévy fight (LF) to increase the efficiency of search space in unpredictable
circumstances. The LF provides a randomized walking based on the distribution of Lévy’s power law as
demonstrated in Eq. (8),

Lévy ~u=t*(1<21<3) (8)
Where u denotes the Lévy distribution. New one surrounds the optimal solution, which accelerates the local search.

The new strategy by using LFs and their fitness is compared with initial cuckoo population n for the nest x; and

the leftover eggs in the nest for the objective function f(x) = (x4, ..., x4)t. If the updated solution is superior to
the randomly chosen nest then it replaces the egg with new egg. While most of the worst nests are ignored, the

optimum solution is retained for further analysis. The new solution, xl.(t“) from LFs, is performed by using Eq.
(9):

xl.(t“) =xf+a® Levy(d) 9)
The entry-wise multiplication is represented by the product, if @ > 0 then the stepsize related to the scale is 1.

The fitness selection is the major factor which effects the COA performance. The hyperparameter selection method
includes the solution encoding technique for assessing the efficiency of the solution candidate. Here, the COA
deliberates accuracy as the most important condition to design the FF.

Fitness = max (P) (10)

TP

P=TrvFp

(11)
Where TP and FP are the true and the false positive values.
c) Classifier Selection

For face mask classification, the WSDMDL-FMD technique applies WSDM model. In this part, we provide the
main descriptions of fuzzy set (FS), intuitionistic fuzzy set (IFS), soft set (SS), generalized IFSS, soft discernibility
matrix (SDM) and weighted soft discernibility matrix (WSDM) [25].

In this research work, finite set ¥ = {£,,4,, ...,£,} and P = {e,, e,, ..., e,,} signifies the group of m attributes and
n alternatives. An FS is definite to handle uncertainty depending upon the opinion of gradualness efficiently.

Description 1. The membership value &, : ¥ — [0,1] describes the FS A over the ¥, while &,(#) specified the
membership of a group £ € ¥ in FS A.

Similar to membership degree, human perception states that there is a non-membership grade of a group.
Moreover, an IFS is definite by Atanassov to outline the vagueness of individuals when need the verdicts over the
origins.

Description 2. An IPS A over the space Y is definite below
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A={t &9t €T}, (12)

Whereas, &;: ¥ - [0,1] and 94:Y - [0,1] denotes the grade of positive and negative memberships,
correspondingly. Moreover, it is essential that 0 < é; + 9; < 1.

A SS delivers an effectual structure to deal with vagueness with the parametric opinion, that is, every group is
estimated by few norms of features.

Description 3. Assume that p is a parameter space, Y is a universe set, A € p and P(Y) are the power set of ¥ - A
pair (F, A) is known as an SS over ¥, whereas ¥ is a set-valued map assumed by F : 4 » P(¥).

Description 4. Let p is a parameter space, Y is a universal set, A c p and IF () the set every IFS of Y. A pair
(F, A) is named an IFSS over Y, while F is a set-valued map known by £ : 4 — IF (7).

The GIFSS idea is very inspiring in decision-making because it studies how to exploit a further input of
intuitionistic fuzzy to diminish any probable distortion in the data delivered by assessing specialists. Initially, the
author explains the GIFSS, but it contains some issues, so, Feng re-defines the GIFSS, which is given below.

Description 5. Assume that Y as a collection of universe, A c p is a set of parametric. By a GIFSS, thus (¥, 4, p),
where (F, A) denotes the IFSS over ¥ and p : A — IF (A) denotes an IFS in A.

Here, (¥, A) is termed basic IFSS (BIFSS) and j is termed the parametric IFS (PIFS).

In, Q. Feng describes the SDM for SS, which delivers the finest alternative and also an order relation between
every alternative.

Description 6. Here (¥, A) be an SS over ¥ - F defined the partition UIND (¥, 4) = {N;:i < ||} of Y. The SDM
is described as M = (M (N}, N;)); j<¢|, Whereas M(N;, N;) is named the SDP between N; and N;, which is defined
below

M(N, N;) ={E'UEl: i,j <|?|}. (13)
In which
E ={e):F(t;,€y) = 1and F(¥,¢€,) = 0,V¢; € N;, V¥ € N}
and
BV ={(€) : F(¢;¢,) = 1and F(¢;,€,) = 0,¥¢; € N;, V¢; € N;}.
The symbol e,i, (or ez’;) signifies the element in N; (or N;), which contains the 1 value at the attribute €, i.e.,
F(tiep) =1,¢ €N, (or F(¥),€,) = 1,4; € N)).
The WSDM is definite below.

Description 7. Where, (¥, 4) is an SS over Y - F defined the partition UIND (¥,4) = {N;:i < |V|} of Y. The
WSDM is definite as M = (M(N;, N;)); j<¢|, Whereas M(N;, N;) is named the SDP among N; and N; and
expressed as

M(N,N)={EVE: ij<|?|}. (14)
In which
El = {e;,*ai:ﬁ(fi, ey,) = Land F(¢;,€, = 0,v¢; € N, V¢; € N;}

and
B = (e £(£),e,) = 1and F(£;,€,) = 0,V € N;, v, € N;}.

The symbol e:,*‘?"' (ore f:wj) signifies the elements in N; (or N;), which contains the value 1 at the parameter e,
i.e., f‘(fi,fp) = 1,{1 € Ni(OT'j:\'([j,Ep) = 1,{1 € ]V}) .
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Also, Q. Feng provides few assets of SDM and WSDM.

Proposition 1. Let the (¥, A) be an SS over ¥, whereas ¥ = {£,¢,, ..., ¢,} and (N, N;) = |M(N;, N;)|. The
following are the features of SDM:

1: M(N;, Ny) = @(Vi < n);
2: M(N;,N;) = M(N;, N;)(Vi,j < n);

w

c@(Ny, N;) = 0(Vi < n);
(N ) = (N N (Vi < m;

Lo, N)) = IM(N, NI = |EF] + |E),

[© 2 BN

6: If o(N;, N;) = 2m(m € N*) and |E‘| = |E/| Then the elements of N; and N; have similar order;

~

1f (N, N;) = 2m + 1(m € N*), then |E?| # |E/|, that is, |E?| < |E7| or |EY| > |EY| and there is an order
relation among the elements of N; and N;.

4, Performance Validation

This section inspects the face mask detection results of the WSDMDL-FMD technique on Kaggle dataset [26].
Table 1 reports detailed face and mask detection results obtained by the WSDMDL-FMD technique and existing
DL models [27].

Table 1: Face and Mask detection outcome of WSDMDL-FMD approach with existing DL approaches

Model F_a_ce Detection I\/_Ia_sk Detection
Precision Recall Precision Recall
RetinaFaceMask-MobileNet 83.00 95.60 82.30 89.10
RetinaFaceMask-ResNet 91.90 96.30 93.40 94.50
DL-ARRCS-ResNet50 99.20 99.00 98.92 98.24
WSDMDL-FMD 99.57 99.37 99.24 98.81

Face Detection

Il RetinaFaceMask-MobileNet
Em RetinaFaceMask-ResNet
I DL-ARRCS-ResNet50

s WSDMDL-FMD

Values (%)

Precision Recall

Figure 3: Face detection outcome of WSDMDL-FMD approach with existing DL approaches

In Fig. 3, the face detection results of the WSDMDL-FMD technique can be compared to other methods. The
results portrayed the proficiency of the WSDMDL-FMD technique in face detection. In terms of prec,, the
WSDMDL-FMD technique demonstrates increased prec, of 99.57% whereas the RetinaFaceMask-MobileNet,
RetinaFaceMask-ResNet, and DL-ARRCS-ResNet50 models attain decreased prec, of 83.00%, 91.90%, and
99.20%, correspondingly. Also, in terms of reca;, the WSDMDL-FMD method validates better reca; of 99.37%
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while the RetinaFaceMask-MobileNet, RetinaFaceMask-ResNet, and DL-ARRCS-ResNet50 methods accomplish
decreased reca; of 95.60%, 96.30%, and 99.00%, correspondingly.

In Fig. 4, the mask detection outcomes of the WSDMDL-FMD method are compared to other methods. The
outcomes depicted the ability of the WSDMDL-FMD method on mask recognition. In terms of prec,, the
WSDMDL-FMD method reveals improved prec, of 99.24% while the RetinaFaceMask-MobileNet,
RetinaFaceMask-ResNet, and DL-ARRCS-ResNet50 techniques accomplish reduced prec,, of 82.30%, 93.40%,
and 98.92%, correspondingly. Also, in terms of reca;, the WSDMDL-FMD system determines improved reca,
of 98.81% while the RetinaFaceMask-MobileNet, RetinaFaceMask-ResNet, and DL-ARRCS-ResNet50 methods
accomplish reduced reca; of 89.10%, 94.50%, and 98.24%, correspondingly.

Mask Detection

Il RetinaFaceMask-MobileNet
I RetinaFaceMask-ResNet
[ DL-ARRCS-ResNet50

— WSDMDL-FMD

100 -

Values (%)

Precision Recall

Figure 4: Mask detection outcome of WSDMDL-FMD approach with existing DL approaches

In Fig. 5, the training and validation accuracy outcomes of the WSDMDL-FMD method under Face detection are
established. The accuracy values are calculated for 0-25 epochs. The figure emphasized that the training and
validation accuracy values display a growing inclination which reported the capability of the WSDMDL-FMD
method with enriched performance over numerous iterations.

Training and Validation Accuracy - Face Detection

—— Training
0.99 1 Validation
0.98
5. 8.974
(3]
©
[
2
[8)
2 0.964
0.95
0.94
T T T T T
0 5 10 15 20 25

Epochs

Figure 5: Accu,, curve of WSDMDL-FMD approach under Face detection
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Figure 6: Loss curve of WSDMDL-FMD approach under Face detection

In Fig. 6, the training and validation loss graph of the WSDMDL-FMD method under Face detection is exhibited.
The loss values are calculated for 0-25 epochs. It is characterized that the training and validation accuracy values
demonstrate a declining inclination, reporting the ability of the WSDMDL-FMD method to balance a tradeoff
between data fitting and generalization.
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Figure 7: Accu,, curve of WSDMDL-FMD approach under Mask detection
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Figure 8: Loss curve of WSDMDL-FMD approach under Mask detection

In Fig. 7, the training and validation accuracy results of the WSDMDL-FMD method under Mask detection are
validated. The accuracy values are calculated for 0-25 epochs. The figure emphasized that the training and
validation accuracy values display a growing tendency which reported the capability of the WSDMDL-FMD
method with enriched performance over several iterations.

In Fig. 8, the training and validation loss graph of the WSDMDL-FMD method under Mask detection is
demonstrated. The loss values are calculated for 0-25 epochs. It is characterized that the training and validation
accuracy values demonstrate a declining tendency, reporting the ability of the WSDMDL-FMD method to balance
a tradeoff between data fitting and generalization.

Thus, the results guaranteed that the WSDMDL-FMD technique proficiently detects the face masks.
5. Conclusion

In this manuscript, we offer the design of WSDMDL-FMD technique for smart city environment. The WSDMDL-
FMD technique proficiently discriminates the facial images with the presence or absence of masks. The
WSDMDL-FMD technigue comprises two stages: Mask RCNN-based face detection and WSDM-based face mask
classification. Primarily, the WSDMDL-FMD technique uses Mask RCNN-based face detection. Next, the CNN
model derives features from the detected faces and its hyperparameters can be chosen by COA. For face mask
classification, the WSDMDL-FMD technique applies WSDM model. To evaluate the results of the WSDMDL-
FMD technique, a series of experiments were involved. The obtained outcomes stated that the WSDMDL-FMD
method reaches superior performance than other approaches
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