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Abstract— Deep face recognition is a significant area of biometric
authentication that addresses challenges such as low resolution,
varying facial expressions, and inconsistent lighting. This paper
presents a robust deep-learning approach to tackle these
challenges. The study aims to employ multi-criteria
decision-making techniques and verify the influence of individual
and group expert opinions in decision-making. However, balancing
criteria such as accuracy, sensitivity, specificity, precision, and
recall remain challenging across different models. To fill this gap,
the study utilized a decision-support framework that included the
fuzzy analytical hierarchical process to set criteria weights based on
expert input and the Technique for Order Preference by Similarity
to Ideal Solution (TOPSIS) to select the optimal model. JAFEES in
the LDN+DB model emerged as the best option, while LWF4 in the
LDN+AB model proved to be the least effective. These results are
valuable for researchers engaged in image processing, machine
learning, and decision-making techniques.

Keywords— Deep face recognition, Fuzzy system, AHP
method, TOPSIS method, Conflict of Criteria

I. INTRODUCTION

Nowadays, deep learning algorithms are widely used in
various sectors such as public security and daily life. Various
studies have used these algorithms to solve various problems
within the field of facial recognition, skin detection, and so
on. However, deep face recognition technology is
uncomplicated and can recognize faces without pause and ad
interaction. In our knowledge, human beings can be
recognized by face or voice, so many applications are
designed to recognize people based on similar methods [1].
Deep facial recognition technology has become a popular and
easy-to-use method in many studies. This technology
provides many facilities for facial recognition, despite the
presence of images suffering from distortions, roughness, or
partial obstruction. It also helps build a programming 1D for
any image using facial recognition technology based on
machine learning algorithms [2]. And helps overcome the
real challenges of a computer-programmed face predicting
behavior according to different shooting conditions such as
changing lighting direction and perspective caused by object
evolution. Whereas, analysts work through computer vision,
image investigation and preparation, design recognition, and
machine learning, inspired by various real-world
applications[3].

On the other hand, a significant challenge identified by
analyzing the face image is to describe the appearance of the
face, depending on the accuracy of the face descriptor during
the extraction of features and the representation method. Two

basic strategies were adopted to extract facial features: the
first is based on geometric inclusion and the second is based
on the appearance description [4]. Therefore, the engineering
includes a strategy based on the components of the face
image according to the reliability and accuracy of the site.
Thus, it is often difficult to perform any modifications to it.
Whereas, an appearance-based strategy depends on one of the
components, the general facial highlights or facial channels
that can be used to create the field [5]. Executing a strategy
based on appearance is great under controlled conditions.
Recently, some important strategies, used to enhance score
accuracy, have been proposed. Thus, most recent studies
focused on analyzing the vital parts of the face image, which
constitute an essential element for recognizing the face and
its external appearance. Therefore, many applications have
achieved the required results to highlight the external
appearance of the face image and obtain an effective
appearance, such as applications of augmented reality,
communications, virtual conferences, client verification files,
and so on. Thus, the deep learning algorithms of face
recognition and facial expressions are growing steadily
nowadays [6].

In this study, several limitations that arise from reliance
on a specific set of facial recognition algorithms and data sets
were identified. This study focused only on a select group of
facial recognition models. While these models are widely
used and well-established, they represent a subset of
algorithms available within this domain. There are some
factors that may affect algorithm performance such as
lighting conditions, position differences, occlusions, or
image quality are not explored extensively in this paper.
Thus, the results obtained from these specific models may not
be generalizable to other algorithms that were not considered
in this study. Future research could explore a broader range of
facial recognition models to provide a more comprehensive
analysis.

The study aims to address the conflict problem between
criteria, which posed a significant challenge [7]. Thus,
decision support techniques presented the best solutions for
multi-criteria according to experts' preferences [8]. The
group of decision-makers was adopted for the evaluation and
selection of facial recognition models according to the
proposed methodology.

According to the proposed methodology, the FAHP
method was used to calculate the weights of the criteria
according to the pairwise principle [9]. Whereas, the process
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of selecting the best alternative among facial recognition
models is carried out according to the conditions of the
TOPSIS method [10].

The paper is organized as follows; the introduction is
presented in section 1. Section 2 discusses significant related
works to deep learning models. Section 3 presents the
methods and materials used in this study. Section 4 discusses
and analyzes the results. Section 5 presents the conclusion
and future works.

Il. LITERATURE REVIEW

The related works to deep learning models for facial
recognition according to decision support methods are
presented. Several studies have addressed this issue and
proposed various approaches to solve such a problem.

Salama Abd ELminaam, Diaa, et al.[11] proposed a
face recognition approach according to fuzzy computing and
cloud computing based on three deep learning algorithms. A
deep convolutional neural network was applied to samples
according to specific conditions such as blockages, type of
lighting, and location. The DCNN algorithm can extract
facial features, which allows for comparing different facial
images effectively. This system helps to identify a group of
faces on the Internet by comparing the new images with the
images stored in the system physically.

Soni, N., Sharma, E. K., & Kapoor, A. [12] proposed a
simple and effective system using the Viola-Jones algorithm
deep learning based on facial recognition. The system was
applied based on four basic stages such as pre-processing,
successive feature extraction, feature optimization, and
recognition. This system is characterized by extracting four
basic outputs which are the local extreme diagonal humber
pattern (LDENP) feature, gradient-based directional features,
and gradient-based wave features for cascading feature
extraction.

Zeng, J., Qiu, X., & Shi, S. [13] introduced a deep
learning-based face recognition system using a MXNet
system architecture through quantitative analysis of forensic
face images that suffer from noise. Therefore, the use of
Gaussian filtering has been proven to be better than using the
image optimization method based on the self-snake model for
face image recognition. Thus, it has been proven that image
noise removal helps to improve system performance for deep
face recognition instead of using the image enhancement
method.

Serengil, S.I. and Ozpinar, A.,[14] proposed a
lightweight and hybrid framework for facial recognition to
reach a high level of performance. A hybrid framework
features working to disable the facial recognition models for
the state-of-the-art models. The framework was designed to
make a pipeline through four stages such as detection,
alignment, representation, and verification during face
recognition.

Ling, Hefei, et al.[15] proposed attention using a
convolutional neural network (ACNN) to discriminate face
recognition that aims to reduce redundancies in information
and focus on image spatial maps. The proposed attention
module focused on the spatial attention channels and block
comprising the feature maps of the image. Feature maps
multiply the matrix according to the relationship between the
channels and the matrix of the spatial relationship to obtain a

smooth and strong face image.

Zhu, Zheng, et al.,[16] introduced a new face
benchmark consisting of noisy 4M/260M  faces
(WebFace260M) and clean 2M/42M faces (WebFace42M)
training data relying on a high-accuracy time-constrained
evaluation protocol. This protocol was designed for face
recognition under inference time constraint and is efficient
and scalable. This study reduced the relative failure rate by
40% on the challenging 1JB-C group and ranked third among
430 entries in the NIST-FRVT based on WebFace42M
dataset.

Boutros, Fadi, et al., [17] proposed an Elastic Face
penalty loss system that would allow flexibility of payment in
order to ease fixed penalty margin restrictions when
separating categories. This system is a state-of-the-art face
recognition solution proposed to incorporate a fixed penalty
margin over a commonly used classification loss function,
softmax loss, into the supernormal envelope to increase the
discriminatory power of face recognition models, by
minimizing interclass variance and maximizing interclass
variance. The system is implemented using random margin
values derived from a normal distribution at each training
iteration.

Giral, D., Hernandez, C., and Salgado, C .,[18]
proposed evaluating the performance of the spectral decision
model of CRN using deep learning technology based on three
basic decision-making techniques Vise Kriterijumska
Optimizacija I Kompromisno Resenje (VIKOR), Technique
for Order Preference by Similarity to Ideal Solution
(TOPSIS), and Simple Additive Weighting (SAW). To
achieve this, the applied model, Support Vector Machine
(SVM) algorithm based on deep learning, is to extract
features within three levels of traffic (high, medium, and
low). An experimental power matrix was created to measure
the spectrum level for the primary user.

Al-Bander, Baidaa, et al.,[8] presented a multi-criteria
decision-making framework for evaluating and selecting the
optimal deep learning model for skin cancer detection by
integrating the entropy method with the Vise Kriterijumska
Optimizacija | Kompromisno Resenje (VIKOR) method. A
deep convolutional neural network (CNN) algorithm was
applied, to implement optimization, transfer learning, class
balancing, transfer learning, data augmentation, and network
complexity, according to multiple evaluation criteria. The
values of the evaluation criteria weights are calculated by
applying entropy, while VIKOR is used to select the optimal
alternative.

I1l. MATERIALS AND METHODS

In this section, the proposed research direction is discussed
to solve the conflicting problems between the multiple
criteria of the face recognition approach using a hybrid
decision-making technique. According to the literature, many
studies have applied these techniques to solve problems in
various sectors such as education, industry, and healthcare
centers [19]. The proposed methodology was applied in three
phases; the first phase was implemented based on the four
datasets within eleven deep learning models for face
recognition. The second phase implements the training and
evaluation process for eleven models according to five
parameters using a deep learning algorithm. In the final



phase, the selection process is carried out based on the
MCDM techniques. Whereas, the AHP method was applied
to calculate the weights of five main criteria based on the
fuzzy triangular numbers approach. In contrast, the TOPSIS
technique is used to select the ideal alternative from eleven
face recognition models. Figure 1, shows a framework for the
decision-making approach proposed.
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Fig 1. Framework for decision-making approach proposed

A. Materials

In the proposed system, four public databases were
adopted for training and validation using the deep learning
algorithm for face recognition models as in Figure 1. These
databases are discussed according to each set's name, number
of images, and category as shown below:

Data set

The study utilizes four major facial recognition datasets:
JAFFE, LFW, CK, and CAS-PEAL. Below are the key
details:

JAFFE: 213 digital images of 10 Japanese woman
specialties with six facial expressions.

LFW: 13,000digital images gathering from websites
sources, indicating 1,680 individuals.

CK: 486digtal images of facial texture frequently utilizing
in sentiment recognition purpose.

CAS-PEAL: 99,594 digital images from 1,040 dealing
with fluctuating environments such as lighting changing,
occlusion occurring, and facial term.

1) JAFFE Database

Japanese Facial Expression Database (JAFFE): The
database includes 213 images of 7 appearances (6 main
appearances + 1 gallery) taken from 10 Japanese women
models. Each photo has been evaluated on 6 feeling
spellbinding words by 60 Japanese subjects. The database
was organized and amassed by Michael Lyons, Miyuki
Kamachi, and Jiro Gyoba. A database of outward appearance
images was gathered. Ten expressers postured 3 or 4 cases of
each of the six essential outward appearances (bliss, trouble,
amaze, outrage, sicken, fear) and a nonpartisan face for a sum
of 219 images of outward appearances. For the
straightforwardness of the test plan, just Japanese female
articulations are considered. Every feeling took photos of her
while looking through a semi-intelligent plastic sheet towards
the camera. Hair was tied far from the face to uncover every
expressive zone of the face. Tungsten lights were situated to

facilitate even brightening of the face. A case encased the
district amongst camera and plastic sheets to lessen
back-reflection. The images were imprinted in monochrome
and digitized utilizing a flatbed scanner [20].

2) LFW Database

A dataset of Labeled Faces in the Wild has been
categorized according to the environment from which it was
collected. A facial recognition issue has been resolved for an
unrestricted set of images in this dataset. The dataset includes
a total of 13,000 face images that are collected online from
1680 subjects [21].

3) CK Database

The dataset includes images of facial expressions called
Cohn-Kanade. This type of dataset contains several images of
facial expressions that are widely used in academic studies
for automatic analysis. CK Dataset has two versions so far.
This type of dataset contains a total of 486 diverse facial
images taken from 97 subjects. Therefore, this type of data
set is not subject to censorship because it is environmental
data [22].

4) CAS-PEAL Database

The face image dataset is a tough and unrestricted data set
called CAS-PEAL. The sponsoring organization of the
National High-Technology Program and IS VISION created
a data set that includes several facial recognition images.
Currently, the total number of facial images in this data set is
99,594 taken from 595 images of males and 445 of females in
various situations, including facial expressions, accessories,
and lighting [23].

B. Methods

This section discusses the structure of the ANN algorithm
applied according to selected criteria based on
decision-making methods [24]. Figure 2 shows artificial
neural network structure.

Input layer Hidden layer Output layer

Fig 2. Artificial neural network structure

1) LDN

In the local direction number pattern (LDN) model, each
pixel in the input image is assigned a binary code. Thus, all
regulatory elements in the image that determine the
proportion of texture and its density changes will be encoded.
Edge magnitudes are mainly unaffected by variations in
lighting. Edge magnitudes are mainly unaffected by
variations in lighting. In this pattern, the values of the
neighborhood's edge responses are calculated based on the
higher or more positive and negative direction values using



the compass mask.

2) LDN +HAAR and LDN+DB

This method helps to extract the face components' level
features. Wavelet transform appears to give a decent match to
the space-recurrence qualities of common images.
Subsequently, it is substantially simpler to fabricate a
reasonable image demonstrate in the wavelet area than, say,
in the pixel space. The DWT is utilized for the most part
attributable to its great confined recurrence qualities and its
capacity to manage unexpected changes, spikes, floats, and
patterns. Therefore, 2-D haar and duchies wavelet transforms
are used to generate DWT features from the input LDN code.

3) LDN+LH LDN ,HML HLDN and LDN+MLH

It is composed of two histograms HLDN Histogram
(HLH) and Multi-Feature HLDN Histogram (HMLH). The
HLH takes the HLDN code of the input face image and
generates the histogram features. In LHL, the histogram just
encodes the event of certain miniaturized scale designs
without area data, to total the area data to the descriptor, to
partition the face picture into little districts, {R1, ..., RN },
and separate a histogram Hi from every locale Ri. Therefore,
a histogram Hi uses each code of the data as a container to
gather all codes. At long last, the LH is registered by linking
those histograms:

LH =TI, H' @

Where the HMLH model is created by combining features
with varying resolutions. This combination of resolutions of
the multi-histogram is called HLDN (HMLH) as in the
formula:

MLH, =1 ;;1Hi[ @)

Frannlyy =

4) HLDN+PCA

» Algorithm 1, depicted a hybrid local directional number
(HLDN) based on the proposed facial recognition approach
« Algorithm 1: HLDN

+ Input: test face image | and

» Tk // Kirsch operator threshold value

 Output: face descriptor HLDN

+ 1. Perform DoG to the test face image as:

* I'=DoG (1) // Algorithm 2

2. Apply Kirsch compass mask to extract 8 directions of
pre-processed image (1)

e K [i]=kirsch (I'); i=1....8 masks

3. Generation HLDN face descriptor using threshold value

(Tk)

o [m, n] =size (I

« fori=1:m

« forj=1:n

. for k =1:8

. out (k) = KKk(i,j)

. end for

. if(max(out)> Tk) then
. HLDN(i,j)=max(out);
. end if

« endfor

« end for

Return (HLDN)

» Apply PCA algorithm based on HLDN

a) Deep neural network models (DNNs)

In this paper, deep neural networks (DNNSs) are used
which is one important type of the neural networks approach,
and are applied to the models of image filters. This type of
algorithm is used mainly in classification or prediction, and it
was implemented in this study to extract the basic
characteristics of facial images. Figure 3 shows the DNN
structure.

Input layer Hidden layer 1

Hidden layer 2 Qutput layer

Fig 3. Deep neural network stricture

b) DNN factors

In this study, five main parameters affecting the
performance and selection of multi-depth face recognition
models were determined based on the DNN algorithm.
According to these parameters, decision-making methods are
used to evaluate the most appropriate models for face
recognition tasks. Five basic parameters are discussed in
details as follows:

» Random Gradient Ratios [25]: Random gradient ratios
refer to a technique used in deep neural networks (DNNSs)
during the training process. It involves adjusting the learning
rate for each parameter in the network using a random ratio.
This technique helps in optimizing the training process and
improving the convergence of the model.

» Weight Balance [26]: Weight balance refers to the
distribution of weights assigned to different layers or nodes in
a DNN. Balancing the weights ensures that the network
learns effectively and avoids any bias toward specific
features or patterns. It plays a crucial role in achieving
accurate and robust face recognition models.

» Transfer learning scheme [27]: Transfer learning is a
technique where pre-trained models are used as a starting
point for a new task. In the context of face recognition,
transfer learning involves using pre-trained DNN models that
have been trained on large datasets, such as ImageNet, and
fine-tuning them for the specific face recognition task. This
approach helps in leveraging the knowledge learned from a
large dataset to improve the performance of the model on a
smaller face recognition dataset.

- Data augmentation strategy [28]: Data augmentation
involves applying various transformations or modifications
to the original training data to increase its diversity. In the
context of face recognition, data augmentation techniques
can include random rotations, scaling, cropping, or adding
noise to the face images. By augmenting the training data, the
model becomes more robust and generalizes better to unseen
faces.



» Time complexity of the computational network [29]: Time
complexity refers to the amount of time required for a
computational network, such as a DNN, to process and
analyze input data. In the context of face recognition, time
complexity is an important consideration as it affects the
efficiency and real-time performance of the model. It
involves analyzing the computational requirements of the
network, such as the number of layers, nodes, and operations
performed, to understand the time it takes for the network to
process face images.

c) Fuzzy Analytic Hierarchy Process method

In the last century, the fuzzy theory was invented to
establish a new concept that distributes values in a
probabilistic way based on fuzzy variables by L. Zadeh [29].
Fuzzy theory is based on elastic constraints for fuzzy values
assigned to specific variables. This theory has been used in
various sectors such as education, healthcare, industry, and so
on [30].

A triangular fuzzy number (TFN) is adopted which
represents the membership function of three basic elements
adopted @ = '[aﬂ ﬂ'",ﬂ"} for more detail as in the

following formula [31]:

Triangular Fuzzy Numbers =(ﬂ{, a™, ﬂ“} (3)
(x—a) [ la,— a) if o, £x = a,
wa(x)= (a,—x) [ (a,— a,) if a,<x £ a,

0, Otherwise.

u r_: (X 4
1

v

0

Fig 4. Represents the TFN scheme

Figure 4 illustrates the TFN scheme that consists of three
basic values. Usually, triple numbers consist of the lowest

value as @', the middle value as @™ , and the upper value as
a“ thena! = a™ = a*, where thea' = a™ = a* to
be i a crisp number. Table 1 depicts the TFN measurements.

Table 1. Triangular fuzzy number measurements

Multiplication
operation
Division operation

& * E:{n'-* .[J'-. a™ s B g s bu]

ﬁ;‘r5={n'-,'r Y. ﬂi"l'.lllrbi"l'. .n“l.'rbf]

TFN Formulas Measurements of TFN

Addition operation & + F={(gl + B!, g™ + B™ g% + B¥)
Subtraction d— B=(gl — B, a™ — BT g% — B¥)
operation

The AHP method is an important method of decision support
which is widely used to calculate criteria weights. The fuzzy
triangular number approach was combined with the AHP
method applied to evaluate the different criteria in this study.
According to [32], the pairwise comparisons using triangular
fuzzy numbers presented a fuzzy number that takes into
consideration the interdependencies between the decision
criteria. However, it is computationally exceedingly
challenging to compute fuzzy eigenvalues and fuzzy
eigenvectors using the direct approach. The AHP technique
structure is depicted in Figure 5.

Goal

Goal level

Criteria

Alternatives

Fig 5. AHP technique structure

The methodology relied on the concept of triangular fuzzy
numbers to calculate the correlation between the criteria
based on the pairwise comparison. However, computing
fuzzy eigenvalues and fuzzy eigenvectors via the direct
method is computationally exceedingly challenging. Figure 3
illustrates the AHP technique structure. Basically, the
decision matrix can be represented according to the rules of
the analytical hierarchy process method asd = (m xn). In
addition, the decision matrix can also be represented using
the concept of triangular fuzzy numbers as follows:

A= (al,a™,a")
The DM consists of triple values:

i m u i m u
R A F T T LT
A= : : ()]
[ m u [ m u
Bm1rOm1r Em1 o Cmns Cmn
where the matrix (4) can be converted to the reciprocal form
when achieving the required conditions:

ﬁi}-:{ﬂ-;}';ﬂ-:_?;ﬂ-ij (5)
. 1 1 1
A=\ T -m n (6)
ij “ij “if
Where thei,j =1,2,...... ,n
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Where 0 < agj < agz,‘- < a;f‘}- Jij=12,....,n.

In this stage, various criteria are compared based on the
proposed measures. Therefore, the fuzzy logic approach is
best suited for dealing with uncertainties. Thus, in arithmetic
operations, it is possible to use linguistic terms to be easily
converted into triangular fuzzy numbers. Table 2 includes the
formula for converting the decision matrix values into TFN
based on the rules of the AHP method.

Table 2.Linguist scale converted to TFN

Linguist scales Triangular Fuzzy  Reciprocal triangular

number fuzzy number
Equal (1,1,1) (1,1,1)
significance
Slightly (2,3,4) (0.25,0.33,0.5)
significance
Strong (4,5,6) (0.167,0.20,0.25)
significance
Very strong (6,7,8) (0.125,0.43,0.167)
significance
Extremely (9,9,9) (0.111,0.111,0.111)
significance

Table 3 shows a Likert scale that consists of five basic
language values to create a decision matrix [33] . These
metrics have been applied to the values obtained by the
FAHP method based on the pair-wise concept.

According to Table 3, the decision matrix was created to
evaluate the various deep face recognition dataset based on
multiple criteria. The criteria were evaluated based on expert
opinions using pairwise comparison. The outputs of the
decision matrix will be adopted as the basic inputs of the
TOPSIS method in the next stage.

Table 3.Decision matrix structure

2 2 2 5
g 2 2 2 3
3 Z 5 S g
Alternative Acc.v Se.v Spv  .Prv(A Re.v
1 (AUTs (AUTs) (Al/Ts)  1UTs)  (ALTs)
)
Alternative Acc.v Se.v Spv  Prv(A Re.v
2 (A2/Ts (A2/Ts) (A2/Ts) 2/Ts)  (A2/Ts)
)
Alternative Acc.v Se.v Sev  Prv(A Re.v
3 (A3/Ts  (A3/Ts) (A3/Ts) 3/Ts)  (A3/Ts)
)
Alternative  Acc. v Se.v Sp.v  Prv(A Re.v
n (An/Ts (An/Ts) (An/Ts) n/Ts) (An/Ts)
)

Acc. v: Accuracy value, Se. v: Sensitivity value, Sp. v: Specificity value, Pr.
Vi

Precision value, Re.v: Recall value, A: Alternatives, Ts: Test sample, n:
Number of Alternatives.

d) Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS) technique

The TOPSIS technique is a similarity-to-ideal solution
technique developed by Hwang and Yoon (1981). The
TOPSIS technique selects alternatives based on the distance
between the positive ideal solution which gives the best
values and the negative ideal solution which gives the worst
values. This technique is the most widely used and popular
because of its ease of use and clarity, as it can be applied to
solve various problems that consist of a large number of
criteria and alternatives. This technique is based on
mathematical and statistical models that give verifiable and
quantitatively comparable results, which enhances the
reliability of the results it provides. Therefore, these factors
make this technique the ideal choice for many researchers
and decision-making specialists, and more popular than
others. This technique includes several rules that must be
applied to ensure an ideal selection among the other options,
as follows:

1. The normalization stage of the decision matrix
In this step, different attributes are compared to be converted
the dimensioned attributes to non-dimensional attributes. The

normalization process in matrix (x;;)m., Which is
converted to the form, R = (13 ) mn:
—
. m z
hij = xij!'r\‘llzizixij (®)
The new matrix R is represented below:
M1 Mz e Mg
Ta- T . ™
R — ._l == ) _.” (9)
Ym1  Tm2 Tmn

2. Creating a weighted normalized decision matrix

In this step, the decision makers collect the weights
as W =Wy, Wy, Wz, =, W=, Wy , in the normalized
decision matrix. In the resulting matrix, the values of the
matrix column (V) are multiplied by the values of the
corresponding weights w;. Therefore, the decision matrix

weights must be equal to 1.

m

=Wy =1

(10)

The resulting matrix (V) can be represented as follows:

M1 Wz e Vi
V= Va1 Vzz - L’::u _
Vil Vima Vi
Wity Wala Wil
'-‘ri:'-':i ug'.:r:: ""’:lz:}f:lz 1)
WitTm1 Walnz W mn

3- Determine the ideal positive and negative solutions



In this step, two types of alternatives are selected A*

(positive ideal alternative) and, A~ (negative ideal
alternative) as follows:
A* =

i=1,2, ...Jm)}

(12)
(13)

{((IIIEEI.X Vi |_.f = _.F); (l'ﬂt_ill Vi l’ = }_)

— ¥ * ¥
= {El, Uy ey Up oo u,i}

i=12, ...,m)}

(14)

A =

(CRATYCSATS

= (o) (15)
Therefore, the [ represents a subset of the{i = 1,2, ..., m},
that included the beneficial attributes as in [~ to be a
complement set of ], while other subset included
non-beneficial attributes { /™), to be cost set of J.

4- Computing the separation scale based on the Euclidean
distance

In this step, the distance between the alternatives as in V is
calculated based on the positive ideal vector A* using the
Euclidean distance as follows:

I 2 i
Sp = ,JE;'!:J.(EE_;" - L}-"} ,i=(12,--m)

(16)

In contrast, the separation values for all alternatives as in V
are calculated based on the negative ideal vector A~ as
follows:

I 2 i
Si- = ,le;'!:i("’i}'_ L}-_} ,i=(12,--m)

17)

5- Calculating the closeness of the ideal solution
In this step, the value of closeness of 4; to the ideal

solution A* is calculated depending on the separation values
calculated in the previous step as in the following formula:
Co=5-/(5-+52), 0=Cpr <1, i=
(1,2,---m)

(18)
Finally, C;+ = 1 when only (A&; = A*), whereas, C;+ =0
when only (&; = A7)

e) Group decision maker

Individual and group decision-makers are the two
fundamental principles on which Multiple Criteria Decision
Making (MCDM) approaches are based [35]. In the context
of selecting a specific option, the individual decision-making
process involves each person presenting their own viewpoint
or preferences. However, when multiple decision-makers are
involved, the decision is no longer made by a single member
as in the individual decision-making process as shown in
Figure 7. Instead, it becomes a collective effort where the
choice is determined through group decision-making.

Group decision-making involves gathering
decision-makers from various domains or areas of expertise

[36], [37], [38], [39]. This approach ensures that the
decision-making process benefits from the diverse
knowledge and perspectives of multiple experts as in Figure
6. The collective judgment of these experts is considered to
be more comprehensive and informed compared to a decision
made by a single individual.

To facilitate the group decision-making process, certain
steps are followed. First, the decision group identifies and
defines the criteria that will be used to evaluate the face
recognition models. The process of assigning weights to
criteria involves careful consideration of the expertise and
opinions of the decision group members. Various techniques,
such as the Analytic Hierarchy Process (AHP) or the Analytic
Network Process (ANP), can be used to calculate these
weights.

Once the criteria weights are determined, each expert
in the decision group provides their individual
recommendations for the selection of face recognition
models based on their own assessment of the criteria.
These individual recommendations are then aggregated to
reach a final group recommendation. The final group
recommendation represents the collective judgment and
consensus of the decision group.
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Fig 7. Individual decision maker

IV. RESULT AND DISCUSSION

The proposed methodology provided two different types
of outcomes. First, the outcomes of integrating the fuzzy
system with the AHP method to determine the criteria
weights according to the opinion of the decision-makers
group are discussed. Secondly, the TOPSIS technique was
used to determine the results of internal and external
aggregation by selecting the ideal alternative that is closest to
the positive ideal solution and furthest to the negative ideal
solution.

1) Criteria weights calculated

In this section, the results of the first type are discussed
after calculating the values of the criteria selected in this
study. Five basic criteria have been adopted and their weights
calculated according to the integration of the fuzzy system
with the analytic hierarchy process (AHP) method based on
the principle of the pairwise. Table 4 shows the values of the
criteria weights that were calculated in the FAHP method for
six experts in the field of computer science.

Table 4. Criteria weights-based FAHP method

< 9 ? g S

2 £ = £ z =

5 & 0§ & & ¢
EX-1 0398 0089 0093 0028 0392
EX-2 0412 0068 0111 0027  0.383
EX-3 0470 0064 0077 0029 0361
EX-4 0418 0114 0098 0030  0.340
EX-5 0421 0062 0093 0032 0392
EX-6 0466 0065 0087 0025  0.358

The process of calculating the weights is an important
stage in completing the solution by applying the FAHP
method. Basically, the weight values calculated in the
previous stage will be the main inputs for the TOPSIS
method. In detail the preferences of the experts are discussed
as follows:

o First Expert

Figure 8 shows the results according to the internal
aggregation depending on computing the weight of the
criteria according to the judgment of the first expert. The
percentage of the first criterion, accuracy was 40%, while the
percentage of the sensitivity criterion was 9%, as well as the
percentage of the specificity criterion, is 9%, in contrast, the
percentage of the precision criterion is 3%. Finally, the
percentage of the recall criterion is 39%. The internal
aggregation value according to the results of the TOPSIS
method for the first expert for selecting the best alternative is
0.919080, while the worst alternative was 0.071001, and the
calculation of the mean values was 0.777687- SD+ was
0.146420, respectively.
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Fig 8.Ranking for the first expert

e Second Expert

Figure 9 shows the results according to the internal
aggregation depending on computing the weight of the
criteria according to the judgment of the second expert. The
percentage of the first criterion, accuracy was 41%, while the
percentage of the sensitivity criterion was 7%, as well as the
percentage of the specificity criterion, is 11%, in contrast, the
percentage of the precision criterion is 3%. Finally, the
percentage of the recall criterion is 38%. The internal
aggregation value according to the results of the TOPSIS
method for the second expert for selecting the best alternative
is 0.900922, while the worst alternative was 0.111928, the
calculation of the mean values was 0.781784- SD+ was
0.136433, respectively.
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Fig 9. Ranking for the second expert

e Third Expert

Figure 10 shows the results according to the internal
aggregation depending on computing the weight of the
criteria according to the judgment of the third expert. The
percentage of the first criterion, accuracy was 47%, while the
percentage of the sensitivity criterion was 6%, as well as the
percentage of the specificity criterion, is 8%, in contrast, the
percentage of the precision criterion is 3%. Finally, the
percentage of the recall criterion is 36%. The internal
aggregation value according to the results of the TOPSIS
method for the third expert for selecting the best alternative is
0.941695, while the worst alternative was 0.058460, the
calculation of the mean values was 0.815714- SD+ was
0.145186, respectively.
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Fig 10. Ranking for the third expert

. Fourth Expert

Figure 11 shows the results according to the internal
aggregation depending on computing the weight of the
criteria according to the judgment of the fourth expert. The
percentage of the first criterion, accuracy was 47%, while the
percentage of the sensitivity criterion was 6%, as well as the
percentage of the specificity criterion, is 8%, in contrast, the
percentage of the precision criterion is 3%. Finally, the
percentage of the recall criterion is 36%. The internal
aggregation value according to the results of the TOPSIS
method for the fourth expert for selecting the best alternative
is 0.903867, while the worst alternative was 0.074911, the
calculation of the mean values was 0.773660- SD+ was
0.135270, respectively.
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Fig 11.Ranking for the fourth expert

. Fifth Expert

Figure 12 displays the outcomes of the internal
aggregation based on computing the weights of the criteria
under the fifth expert's assessment. The percentage of the first
criterion accuracy as a percentage of the first criterion was 42
percent, whereas sensitivity as a percentage of the criteria
was 6 percent, specificity as a percentage of the criteria was 9
percent, and precision as a percentage of the criteria was 3
percent. The recall criterion's percentage is 39 percent in the
end. The internal aggregation value for the fifth expert for
choosing the best alternative is 0.926550, while the worst
option was 0.086290, according to the TOPSIS technique
results. The computation of the mean values was
0.795150-SD was 0.145230, respectively.

Final Ranking Exp-5
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Fig 12. Ranking for the fifth expert

o Sixth Expert

Figure 13 shows the results according to the internal
aggregation based on computing the criteria's weights
following the sixth expert's assessment. The percentage of the
first criterion, accuracy was 47%, while the percentage of the
sensitivity criterion was 6%, as well as the percentage of the
specificity criterion, is 9%, in contrast, the percentage of the
precision criterion is 3%. Finally, the percentage of the recall
criterion is 36%. The internal aggregation value according to
the results of the TOPSIS approach for the sixth expert for
choosing the accurate alternative is 0.903867, while the worst
alternative was 0.074911, the calculation of the mean values
was 0.773660- SD+ was 0.135270, respectively.
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Fig 13.Ranking for the sixth expert

o Internal and external aggregation calculated:

The values of the internal and external grouping were
determined based on the conditions of the TOPSIS technique
based on the opinions of the experts. As a result, these results
can be assessed based on how closely the values of the
experts' results match those of the first section. The results of
the internal aggregation in Table 5 show there was a large
match between the results of the six experts. According to the
literature, the equation is used to calculate the internal
aggregation values as follows:

Internal Aggregation=S-/(S- + S+)



Table 5. Results of Internal aggregation

EX1 EX2 EX3 EX4 EX5 EX6 som | som | interna
S+ s- S+ s- S+ s- S+ s- S+ s- S+ s S ®) a9
0.0158 0.0494 0.016 0.0521 0.014 0.0567 0.015 0.0458 0.0154 0.0537 0.0142 0.0563 00004 | 0314 | 07764
0.0077 0.0578 0.0083 0.0598 0.0059 0.063 0.009 0.0526 0.0067 0.0614 0.0064 0.0626 0044 | 03573 | 08903
0.0386 0.038 0.0377 0.042 0.0353 0.0489 0.0338 0.0373 0.0383 0.0436 0.0351 0.0484 02188 | 02582 | 05412
0.0134 0.0528 0.014 0.0549 0.012 0.0593 0.0124 0.0496 0.0133 0.0564 0.0122 0.0589 00773 | 03319 | o811
0.0158 0.0494 0.016 0.0521 0.014 0.0567 0.015 0.0458 0.0154 0.0537 0.0142 0.0563 00004 | 0314 | o0.7764
0.0086 0.0568 0.0092 0.0588 0.0067 0.0622 0.0098 0.0516 0.0076 0.0605 0.0073 0.0618 00491 | 03517 | o0.8774
0.0333 0.0439 0.0327 0.0467 0.0306 0.0531 0.029 0.0441 0.0333 0.048 0.0304 0.0526 01894 | 02883 | 0.6035
0.0097 0.057 0.0109 0.0585 0.0086 0.0626 0.0091 0.0538 0.0098 0.06 0.009 0.0622 00571 | 03541 | o0.8611
0.0077 0.0578 0.0083 0.0598 0.0059 0.063 0.009 0.0526 0.0067 0.0614 0.0064 0.0626 0044 | 03573 | 08903
0.0076 0.0578 0.0081 0.0598 0.0058 0.063 0.0089 0.0525 0.0065 0.0614 0.0063 0.0626 00433 | 03571 | o0.8918
0.027 0.0466 0.0265 0.049 0.0248 0.0549 0.0234 0.0462 0.0269 0.0503 0.0246 0.0545 01533 | 03016 | 0.6629
0.0054 0.0613 0.0069 0.0628 0.0041 0.0659 0.006 0.0565 0.0051 0.0644 0.0048 0.0655 00324 | 03764 | 0.9208
0.0631 0.0048 0.0642 0.0081 0.0673 0.0042 0.059 0.0048 0.0657 0.0062 0.0669 0.0054 03863 | 00335 | 0.0798
0.0074 0.0579 0.0079 0.0599 0.0056 0.0631 0.0087 0.0527 0.0063 0.0615 0.0062 0.0627 0042 | 03578 | 0.8949
0.0107 0.0536 0.011 0.0559 0.009 0.0598 0.011 0.0492 0.01 0.0575 0.0094 0.0594 0061 | 03355 | 0.8461
0.0107 0.0536 0.011 0.0559 0.009 0.0598 0.011 0.0492 0.01 0.0575 0.0094 0.0594 0061 | 03355 | 0.8461
0.0151 0.0495 0.0149 0.0521 0.0133 0.0567 0.0144 0.0457 0.0145 0.0538 0.0135 0.0563 00856 | 03141 | o0.7857
0.007 0.0589 0.0075 0.0608 0.0052 0.0639 0.0083 0.0535 0.0059 0.0624 0.0058 0.0635 00396 | 0363 | o0.9016
0.0151 0.0495 0.0149 0.0521 0.0133 0.0567 0.0144 0.0457 0.0145 0.0538 0.0135 0.0563 00856 | 03141 | o0.7857
0.0151 0.0495 0.0149 0.0521 0.0133 0.0567 0.0144 0.0457 0.0145 0.0538 0.0135 0.0563 00856 | 03141 | o0.7857
0.0201 0.0463 0.0199 0.0492 0.0182 0.0545 0.0183 0.0435 0.0198 0.0508 0.0182 0.054 01145 | 02983 | 0.7225
0.0061 0.0587 0.0068 0.0605 0.0046 0.0638 0.0071 0.0537 0.0052 0.0621 0.0051 0.0634 00349 | 03623 | 0.912
0.0061 0.0587 0.0068 0.0605 0.0045 0.0638 0.007 0.0537 0.0052 0.0622 0.0051 0.0634 00347 | 03623 | 0.9126
0.0061 0.0596 0.0067 0.0613 0.0044 0.0644 0.0073 0.0543 0.005 0.063 0.005 0.064 00345 | 03666 | 0.914
0.0061 0.0587 0.0068 0.0605 0.0046 0.0638 0.0071 0.0537 0.0052 0.0621 0.0051 0.0634 00349 | 03623 | 0.912
0.0102 0.0542 0.0105 0.0564 0.0086 0.0603 0.0103 0.0499 0.0096 0.058 0.009 0.0599 0058 | 03387 | 0.8536
0.0099 0.0543 0.01 0.0565 0.0084 0.0603 0.01 0.05 0.0092 0.058 0.0087 0.0599 00562 | 0339 | 08577
0.0091 0.0552 0.0094 0.0573 0.0075 0.0611 0.0095 0.0507 0.0083 0.0589 0.0079 0.0606 00517 | 03439 | 0.8693
0.0102 0.0542 0.0105 0.0564 0.0086 0.0603 0.0103 0.0499 0.0096 0.058 0.009 0.0599 0058 | 03387 | 0.8536

0.0242 0.0452 0.0241 0.0481 0.022 0.0538 0.0215 0.0433 0.0241 0.0496 0.022 0.0534 0138 | 02933 0.68

0.0085 0.0583 0.0099 0.0598 0.0073 0.0636 0.0081 0.055 0.0086 0.0612 0.0078 0.0632 00502 | 03612 | 0.878
0.0206 0.0495 0.0207 0.0517 0.0188 0.057 0.0181 0.0481 0.0206 0.053 0.0188 0.0566 01177 | 0316 | 0.7286
0.024 0.048 0.024 0.0503 0.0219 0.056 0.0211 0.0471 0.024 0.0516 0.0219 0.0555 01368 | 03085 | 0.6928
0.0192 0.0507 0.0194 0.0527 0.0175 0.0579 0.0168 0.0492 0.0192 0.0541 0.0175 0.0575 01096 | 03221 | 0746
0.019 0.0498 0.019 0.052 0.0174 0.0573 0.0166 0.0481 0.019 0.0535 0.0173 0.0568 01083 | 03175 | 0.7456
0.016 0.0517 0.0164 0.0538 0.0145 0.0587 0.0142 0.0495 0.016 0.0552 0.0146 0.0582 00017 | 03272 | o781
0.0192 0.0498 0.0194 0.052 0.0175 0.0572 0.0169 0.048 0.0192 0.0534 0.0176 0.0568 01098 | 03172 | o0.7428
0.0071 0.0593 0.0076 0.0612 0.0052 0.0642 0.0085 0.0537 0.0059 0.0629 0.0057 0.0637 0.04 0365 | 09012
0.0135 0.0508 0.0136 0.0534 0.0118 0.0578 0.0132 0.0468 0.0129 0.0551 0.0119 0.0573 00769 | 03212 | o0.8067
00112 0.0539 0.0117 0.0559 0.01 0.0602 0.0103 0.0505 0.0111 0.0575 0.0102 0.0598 00645 | 03377 | 0.839%
0.0124 0.0532 0.0129 0.0553 0.0112 0.0597 0.0113 0.0501 0.0124 0.0568 0.0113 0.0593 00716 | 03344 | 0.8235




Whereas, calculating the values of the external aggregation by averaging the rank of the six experts. Therefore, the results of
the external aggregation values for selecting the ideal alternative were proven to be 0.920481, while the value for the worst
alternative was 0.079632 and the average values were 0.792634 and SD+ 0.141425, respectively. Table 6, shows the ranking
of the face recognition models using the TOPSIS method.

Table 6. TOPSIS ranking to select the ideal alternative

Models Dataset Final Final Final Final Final Final External | Internal
Ranking-1 | Ranking-2 | Ranking-3 | Ranking-4 | Ranking-5 | Ranking-6 aggr aggr
LWF1 0.7573 0.7653 0.8018 0.7537 0.7771 0.7986 0.7756 0.7765
CK1 0.8822 0.8781 0.9148 0.8540 0.9022 0.9067 0.8897 0.8904
LDN

CAS1 0.4965 0.5271 0.5805 0.5243 0.5323 0.5795 0.5400 0.5412
JAFEE1 0.7974 0.7963 0.8322 0.8001 0.8089 0.8284 0.8106 0.8110
LWF2 0.7573 0.7653 0.8018 0.7537 0.7771 0.7986 0.7756 0.7765
LDN CK2 0.8685 0.8650 0.9026 0.8406 0.8885 0.8949 0.8767 0.8774
*HAAR CAS2 0.5684 0.5879 0.6340 0.6035 0.5004 06335 | 06030 | 0.6036
JAFEE2 0.8539 0.8427 0.8796 0.8557 0.8594 0.8739 0.8609 0.8611
LWF3 0.8822 0.8781 0.9148 0.8540 0.9022 0.9067 0.8897 0.8904
CK3 0.8834 0.8803 0.9159 0.8552 0.9039 0.9079 0.8911 0.8918

LDN+DB
CAS3 0.6331 0.6492 0.6890 0.6634 0.6513 0.6887 0.6625 0.6630
JAFEE3 0.9191 0.9004 0.9417 0.9039 0.9266 0.9313 0.9205 0.9208
LWF4 0.0710 0.1119 0.0585 0.0749 0.0863 0.0752 0.0796 0.0798
CK4 0.8865 0.8840 0.9184 0.8588 0.9070 0.9106 0.8942 0.8949

LDN+AB
CAS4 0.8337 0.8358 0.8690 0.8174 0.8523 0.8640 0.8454 0.8461
JAFEE4 0.8337 0.8358 0.8690 0.8174 0.8523 0.8640 0.8454 0.8461
LWF5 0.7660 0.7780 0.8096 0.7609 0.7876 0.8071 0.7849 0.7857
CK5 0.8940 0.8898 0.9251 0.8661 0.9141 0.9167 0.9010 0.9017

LDN+HL
CAS5 0.7660 0.7780 0.8096 0.7609 0.7876 0.8071 0.7849 0.7857
JAFEES 0.7660 0.7780 0.8096 0.7609 0.7876 0.8071 0.7849 0.7857
LWF6 0.6967 0.7118 0.7499 0.7040 0.7196 0.7481 0.7217 0.7226
CK6 0.8436 0.8455 0.8778 0.8266 0.8623 0.8727 0.8547 0.8555

LDN+VL
CAS6 0.6967 0.7118 0.7499 0.7040 0.7196 0.7481 0.7217 0.7226
JAFEEG 0.6967 0.7118 0.7499 0.7040 0.7196 0.7481 0.7217 0.7226
LWF7 0.9058 0.8984 0.9333 0.8840 0.9221 0.9251 0.9114 0.9120
CK7 0.9064 0.8993 0.9338 0.8846 0.9229 0.9257 0.9121 0.9127

LDN+LH
CAS7 0.9074 0.9009 0.9362 0.8820 0.9259 0.9279 0.9134 0.9140
JAFEE7 0.9058 0.8984 0.9333 0.8840 0.9221 0.9251 0.9114 0.9120
LWF8 0.8421 0.8436 0.8746 0.8294 0.8585 0.8699 0.8530 0.8537
CK8 0.8456 0.8496 0.8775 0.8335 0.8628 0.8732 0.8570 0.8577

LDN+MLH
CAS8 0.8591 0.8590 0.8904 0.8426 0.8760 0.8849 0.8687 0.8694
JAFEES 0.8421 0.8436 0.8746 0.8294 0.8585 0.8699 0.8530 0.8537
LWF9 0.6511 0.6656 0.7095 0.6682 0.6731 0.7077 0.6792 0.6800
CK9 0.8731 0.8582 0.8966 0.8720 0.8773 0.8898 0.8778 0.8781

LDN+HML

CAS9 0.7061 0.7138 0.7520 0.7264 0.7202 0.7503 0.7281 0.7286
JAFEE9 0.6671 0.6768 0.7189 0.6911 0.6829 0.7172 0.6923 0.6928
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ccording to Rachel, Jenisha, et al.,[] they used the same
techniques applied in our study. However, this study
focused solely on the selection process without addressing
the relationship between collective and individual expert
opinions. In contrast, our study detailed the individual and
group expert opinions and their impact on making the
appropriate decision in selecting the optimal alternative.
Therefore, our study offers a more accurate comparison of
these two types of opinions that must be considered.
Consequently, the results obtained in our study are more
reliable compared to previous studies.

The results demonstrated consistency with the study's
objective. They established the relationship between the
values of individual and group expert opinions and their
impact on decision-making. Thus, the study concluded that
there is a strong alignment between external and internal
aggregation, as shown in Figure 14.
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Fig 14.Group ranking based TOPSIS method

V. CONCLUSION

In this study, the proposed methodology based on
decision-making methods was used to evaluate and select the
ideal model. Eleven models for deep facial recognition,
comprising four basic datasets were adapted as alternatives
based on five specific criteria. A decision matrix (DM) was
created, incorporating various face recognition models,
which were then evaluated using multiple criteria. To
calculate the criteria weights, the fuzzy system was combined
with the hierarchical analysis process using the wise pair
principle, which is considered one of the best methods
according to the literature. The TOPSIS method was
employed to select the ideal alternative by determining the
closest positive geometric distance and the farthest negative
geometric distance from the ideal solution. However, the
study acknowledges a limitation in terms of missing some
essential criteria that could have a significant impact on the
final results. The findings indicate that the LDN+DB model
using the JAFFE dataset is the best and is the recommended
choice among all the models, while the LDN+AB model
using the LWF dataset performed the worst. In contrast, the
results showed the relationship between the values of
external and internal aggregation and their impact on
decision-making. Thus, the results proved that there is a great
deal of consistency between them. Therefore, future studies
should focus on considering the time complexity factor and
defining objective procedures for evaluating facial



recognition models in real-time.
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