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ABSTRACT:

In this study, a network created by converting the Petri net into a network for shutdown system, by calculating
a network’s nonlinear reliability polynomial by splitting the network into two, each having a source node and an
terminal node. This the procedure converts the system into two parallel-series block diagrams that are connected in
a series. The metaheuristic algorithm using the honey badger algorithm (HBA) and Dwarf Mongoose Optimization
Algorithm (DMO) have been used to improve the problem for the shutdown network hybridizing these algorithms
employing the penalty method, we will obtained the (PEFMHBA, PFMDMO) algorithms. Thereafter, we compared
the results of the use of the hybridization technique with the results of the process that does not use this technique. The
objective of this comparison was to ascertain whether the use of hybridization makes the results increasing reliable,
reducing cost, and shortening the duration of implementation.

Keywords: Network reliability, penalty method, honey badger algorithm, dwarf mongoose optimization
algorithm

1. INTRODUCTION

Metaheuristic algorithms respond differently when addressing certain tasks. Algorithms are developed in such a way
that a high-performance algorithm that solves particular categories for problems because no algorithm can solve every
problem in the best possible way, so as to find optimal solutions to certain complicated and major optimization issues [41],
or help determine whether a given algorithm is the best one to solve network reliability problems. The possibility that each
pair of nodes can communicate with one another is known as all-terminal network reliability, or overall network reliability.
The primary design faces difficulties in terms of determining which set of links can be utilized for a given collection of
nodes to either maximize reliability or reduce cost. Designing reliable networks is adversely affected by NP-hard design
problems [1]. The evaluation of network reliability [5, 23] was carried out using a range of tools and techniques. Because
network are based on graph theory, we used, from among the existing approaches used to assess the dependability of
networks, the graph-based algorithms that, in turn, use either minimal path sets or minimal cut sets [7, 11, 13]. Any
nonlinear reliability optimization problem may be solved using the Generalized Reduced Gradient (GRG) method. Two
reliability issues are resolved using the Luus and Jaakola method and sequential unconstrained minimization technique,
and the outcomes are compared [12]. The first problem maximizes system reliability while minimizing system cost,
the second issue is to reduce system reliability while minimizes system cost [12, 14, 19], performance indicators and
optimization methods. The development of reliability allocation methods have advanced significantly over the past few
decades [2, 6], and reliability-enhancing choices. A general strategy for distributing network reliability that may be used on
any network with identical or mismatched components was suggested by Aggarwal and Shashwati. The idea is built on the
numerical analytical method [15]. Real-world engineering systems almost always have many competing objectives, hence
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multi-objective optimization is becoming increasingly popular, leading some providers to Create the Pareto optimum set
of perfect solutions [16]. The optimization problem is often referred to as a many-objective optimization problem when
there are several objectives [17, 39].

The Nondominant Gene Sorting Algorithm, or NSGA 11, was created. Using an object-oriented methodology, residents
were assigned to a set of objects, and each individual was assigned to a corresponding object. A Pareto process based
on individual congestion ranks and levels was used, and the recommended method with multi-objective optimization
was used to assign system reliability. The multi-objective concept optimization technique is based on the ability to
calculate the maximum permissible variables of the electric vehicle speedbox perception[38]. Multi-objective system
optimization through adaptive particle swarm optimization (ADAP-PSO) is required. In order to optimize locally and
ensure diversification in the exploration of the search space, this approach uses the article component penalty function.
The multi-objective problem is replaced by a single-objective problem, [20]. The issue is described as an optimization
challenge for improving overall system reliability under resource constraints. Using a penalty function and interval
coefficients, an advanced GA was used to address the problem of unconstrained integer programming [22]. In this
research, we emphasize improving the numerical results obtained for both the Honey Badger and Dwarf Mongoose
optimization algorithms by using a method to solve the multiobjective optimization problems of the shutdown network.
This paper is organized as follows. In Section 2, we introduce the ground truth primitives for the Dwarf Mongoose
optimization algorithm. In Section 3, In section 3, the shutdown system converted into an complex network and the
reliability polynomial for it has been obtained. In Section 4, The use of algorithms to increase network reliability is
covered in Section 4. Section 5 the results of the study, and the last section for conclusions.

2. BACKGROUND

In order to calculate accurate approximations to solutions to optimization problems that are challenging or impossible
to solve with other optimization techniques like linear programming and nonlinear programming, many metaheuristic
and evolutionary algorithms, frequently inspired by natural systems, are used. Meta-heuristic and evolutionary algorithms
are widely applicable, independent-of-the-problem methods for resolving a wide range of difficult engineering problems.
To solve complicated engineering optimization problems [41]. Due to the importance of these algorithms, we highlight
them by presenting some of them, as well as trying to improve them by conducting a hybridization process for optimizing
network reliability problems.

2.1 NETWORKS RELIABILITY

The ability of a system to run as intended, faultlessly, in an operational environment, for a certain amount of time, is
the generally accepted definition of "reliability", in the engineering community. A more complete definition of reliability
is that it is the science of anticipating, assessing, avoiding, and mitigating problems throughout time [44]; any system
that can be visualized as a collection of tiny circles (nodes) connected by lines (edges) is referred to as a network. A
broad discipline, networks deal with a variety of real-world systems in areas including industry, communication, software
engineering, ..., etc. [45].

Definition 1. [42, 43] The minimal path set connects the source and sink nodes as long as it does not contain any cycles.
The minimal path set cannot be reduced, as it has no redundant elements, and removing any of the edges from the path
means that the source and sink nodes are no longer connected.

2.2 THE HONEY BADGER ALGORITHM

Honey badger (HB) foraging behavior is mimicked by the honey badger algorithm (HBA). The HB looks for food
sources either by tracking the honey guide bird or by sniffing and burrowing. The first situation is referred to as the
"digging mode", while the second section is referred to as "honey mode". It employs its keen sense of smell to locate the
prey. When the prey comes, it scans the area around the prey to determine the ideal location for burrowing and capturing
it. In the concluding scenario, the honey badger locates the beehive correctly in the final scenario by following the honey
guide bird’s lead [4, 24, 25].

2.2.1. Mathematical Model

These subsections provide an explanation of the HBA’s mathematical models [24, 25]. It combines the stages of
exploration and exploitation. Theoretically, global optimization is done using the Honey Badger Algorithm (HBA).The
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population of potential solutions (X) in the HBA is represented, mathematically as:

X1l X12 %13 ... XID
K21 X2 M23 ... H2D
X= . . . . . )
Xnl Hp2 Xp3 ... XnD,
By its position, each badger in the population is represented x; = %11 , %12 %lD , where D indicates the number of variables,

and i = 1,2,3,...,n, where n is the population size.

e Step 1. Initialization phase: Equation (1) can be used to initialise the respective positions of honey badgers with n
population, in detail, the HBA algorithm is as follows

%; = tb; +o1%(ub; — th;),01 € [0,1], (1

where %; is the ith honey badger position and corresponds to a candidate solution in a population of size n, while
ub;, €b;, denote the upper and lower bounds of the search space, respectively.

e Step 2. Determining Intensity (/): The two main parameters that impact intensity are the prey concentration strength
and the separation between it and the i — th honey badger. The prey’s scent intensity is /;, when the scent is faint, the
prey travels slowly and vice versa. It displays the potency of the prey’s scent. Inverse Square Law (ISL) offers it.

S
Ii=00 X ———,02 €[0,1], 2
i=02 (4”d,-2)gz [0,1] 2
S = (i = %ae1)?, 3)
d = A prey — Xi, @

where the source’s power or concentration distance is denoted by the symbol S, d; is what separates the ith badger
from its victim.

e Step 3.Update density factor: Timing-dependent randomization, which is managed by the density factor (@), ensures
a seamless transition from exploration to exploitation. to lessen randomization over time, use Equation (5), which
updates the decreasing factor @ with each iteration.

—t

a/:GXexp(t ), (@)

max

where (C) is an integer constant greater than 1 ( the value of 2 as the default), and (#,,,,) represents the maximum
number of iterations.

e Step 4. Leaving the local optimum: Use this stage along with the next two to exit local optima regions. The suggested
approach uses a flag digamma in this case to modify search direction, giving agents a high chance to exhaustively
explore the search space.

e Step 5. The HBA position update procedure (x,,,,) features two unique phases, the "digging phase" and the "honey
phase," as was already explained. The following provides an explanation.

1. Digging phase: Equation (6 ) Honey badgers act in a manner resembling a cardioid shape.
Hnew = Xprey +F XBXIX % prey + F X 03 X @ X d; X |cos(2mp4)[1 — cos(2mos)]|, (6)

where ., represents global optimum, or the best position of the prey as of yet. § > 1 indicates the honey
badger’s capacity to find food (default value is 6) 03,04, and o5 are three different generated random numbers
inside the range [0, 1]. The search direction is controlled by the flag F, which is defined by (7)

£ 1 ,ifo<0.5
T -1 otherwise,

)

where pg € [0, 1].
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2. Equation (8) describes how the honey badger is guided to the hive by the guide bird:

%new:%prey+FXQ7 Xaxd;, (8)

where r; € [0, 1], the prey position is represented by x,.y, the badger’s most recent location is represented by e,
a and F and are determined using equations (5) and (7), respectively. Equation (8) can be used to demonstrate that
a badger conducts a search close to the prey position x ., that has already been identified based on the spatial
awareness of d;,in this stage,time-varying search behaviour « has an impact on the search. A honey badger may
also find F disturbance.

2.3 DWARF MONGOOSE OPTIMIZATION ALGORITHM

Dwarf Mongoose Optimization Algorithm (DMO) is an algorithm with a population-based metaheuristic that drew
its inspiration from the foraging and social behavior of dwarf mongooses. It uses a mathematical model to address
optimization issues and starts with random initialization, focusing on the global best optimal solution. [26, 27].

2.3.1. The DMO mathematical model
The candidate population of the mongoose is initialized as the first step in the DMO solution. This population is
produced stochastically between the lower and upper boundaries of a certain task.

X1 %12 %13 ... Aid
%21 A2 A23 ... K24

X=| . ) . B )
Xnl  An2  %n3 cee Mpd

where X stands for the population of candidates that are running for office d, which represents the problem dimension,
was made, n, which represents the population size, the DMO begins by setting the initial value to a group solution using
the following Equation (10 )

%i,j=€j+rand><(uj—€j), (10)

where rand is a random number from [0, 1]. The u; and ¢; limits define the search domain. The Alpha Group, Scouts,
and Babysitters are the three groups that make up the DMO. Each team uses a unique strategy to capture the food. The
following is used to represent the details of these groups:

1. Alpha Group: After the population has been formed, the fitness of each solution is determined. The alpha female
G, isidentified using Equation (11), which establishes the fitness probability value for each population.
fiti

S S v

The n—bs , where bs is the quantity of nannies. Peep denotes that the family stays on course thanks to the dominant
female’s vocalization. Every mongoose that rests in the initial sleeping mound is set phi, which is situated they all
spend the night. The DMO uses Equation (12) to choose an applicant for a food position.

Xiy1 = %+ phi X peep, (12)

There is a uniform distribution for the value phi, which ranges from [-1,1]. Equation(13) outputs the sleeping
mound after each repetition.

Sitis1 = fit;
sm; = ———————| (13)
" max(|fitis, fiti)
Equation (14) gives the average number of sleeping mounds that have been found.
v fit
_ Zi /i (14)
n
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2. Scout Group: When the conditions for criteria exchange babysitting are met. The program moves on to the scouting
stage, when it analyzes the next food source or sleeping mound, after the prerequisite for a daycare swap is satisfied.
Scouts look for the next sleeping mound to ensure exploration because mongooses are known to shun old ones. In
our model, which combines foraging and reconnaissance, the direction he walks depends on whether it is successful
in locating a new sleeping mound. The family will come to a fresh sleeping mound if they stray far enough.
Additionally. Equation (15) is a representation of the scout mongoose.

- xi—cf X phixrand X [x;— ] ,ifei1 > @i (15)
il ®i+cf xoxrand X [x;—fl]  ,otherwise,

where rand € [0.1]. Equation (16) to compute (cf) value and Equation (17) is used to calculate value u.

it iter
of = (1= =P, (16)
maxXiter
i X smy
ji= S (17)
%

3. Babysitters Group: Inferior group members who look after the young are frequently cycled out of the group on
a regular basis, allowing the alpha female to lead the other group members on daily foraging forays. Babysitters
influence the algorithm, depending on the percentage selected, by diminishing the size of the population as a whole;
their predominance is proportional to the population’s size. By lowering the number of people in the population by
the percentage of babysitters, we might be able to recreate this group. The scouting and food source data previously
held by the family members replacing them are reset by the babysitter exchange parameter.

2.4 PENALTY FUNCTION METHOD (PFM)

Optimization problems might be written in as follows

min or max  f(x)

subject 1o hj(x)=0 ,j=12,..1
7 j( ) ' J (s

gi()2,i=12,...,m

x€R"

Constrained optimization problems are transformed into unconstrained optimization problems using penalty methods [28],
with penalty terms is written as equation (19).

F(x) = f(0) + p(,k,9), 19)
The penalty function p is usually of the form
] m
PO 8) = D ki) + Y 9igi0)?, (20)
j=1 i=1

The parameters «; and ©; are called penalty parameters and the function
gi(%) = max{0,g;()}, 2D

And Equation (20) is the quadratic penalty. It is possible to create penalty functions that are precise in the sense that, for a
given value of the penalty parameter, the solution to the penalty problem returns the exact solution to the original problem.
These functions eliminate the need to work through an endless series of penalty issues in order to arrive at the right answer.
However, the fact that a new difficulty introduced by these penalty functions is that they are non differentiable, and where
the exact Penalty function is defined by [29, 30].

1 m
FGo) = £+ ) klh 0l + ) digi0), (22)
Jj i
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One simple solution for problems with inequality constraints is to turn a constrained optimization problem into an
unconstrained one, which can be accomplished by imposing a penalty for every violation of a constraint known as an
exterior penalty method [31, 32] terms is written as Equation (23).

F(x) = fOO)+ 9 ) (8i(2)7, (23)

m
i=1
where exponent g is a non-negative constant and 9 is a positive penalty parameter.
3. CASE STUDY OF NETWORK
We use the network of the shut down system [33] in the Figure (1), conversion In this case, the Petri Nets (PN) is

transformed into a network where the nodes stand in for the locations, and a single edge replaces the transitions and their
connecting arcs. [34]. We obtain the network represented in the Figure (2).

FIGURE 1. Petri net of shutdown system

FIGURE 2. Shutdown network

3.1 RELIABILITY POLYNOMIAL OF THE SHUTDOWN NETWORK
Most of the methods for computation are polynomial to networks that contain one source vertex and one terminal vertex

[3, 35], While the shoutdown network contains two source vertices and one terminal, to obtain the network equation, we
will suggest that we divide the network into two sub networks, each containing one source, as shown in Figure(3).
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Shoutdown sub network 1 Shoutdown sub network 2

Shoutdown sub network
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Shoutdown block diagram

The minimal path sets for the first sub network are
{R1,R3,R11},{R1, R4, R12},{R1,R5, R13},{R1,Re, R14}.
and the second sub network are
{R2,R7,R11},{R2, R, R12},{R2, R, R13}, {R2, R0, R14}-

We find polynomial of the shutdown network by represented parallel-series system of minimal path sets [36]. As two sub
networks work together [33], we will link them in a series as shown in Figure 4

Riysi = RIR3R11 + R1R4R12 + R1RsR13 + R1R6R14 — R{R3R4R11R12 — R R3R5R1R13 — R R3R6R 1 R14—
RiR4R5R12R13 — RiR4RsR12R14 — R1R5R6R13R 14 + RIR3R4R5R 11 R12R 13 + RIR3R4RR11R12R 14 (24)
+R{R3R5R6R 1R 13R14 + R1R4R5RsR12R13R14 — RIR3R4R5RsR 1 R12R13R 4.

and

Rys, = RaR7R(1 + RoRgR12 + RaR9R 13 + RyR10R14 — RyR7R3R11R12 — RoR7R9R | R13 — RyR7R10R 11 R 14—
RyRgR9R172R13 — RoRgR10R12R14 — R2R9R19R13R 14 + R2R7RgR9R 1R 12R13 + RoR7RgR10R11R12R14 (25)
+RoR7R9R10R11R 3R 14 + RoR§R9R 10R12R13R 14 — RyR7RgR9R10R 11 R12R13R 4.

By Equations (24) and (25) get
%Sy.\' = Rsysl -s},\sysz- (26)
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4. MULTI-OBJECTIVE SYSTEM RELIABILITY OPTIMIZATION

The following formula can be used to express the multi-objective problem (MOP), the mathematical model for
multi-objective system reliability allocation by using objective function is written as follows [20]:

max  Rgy(Ry),

min  Cy(R;)

subject to : Rin < Rys < Riax
a<R;i<b,for i=1,..,n, a,bel0.5,1]

27

where Ry is the overall system reliability, C; is the system cost, Ry, is its minimum allowable value, Ry is its
maximum allowable value. R; is the i — th component reliability. In order to resolve the multi-objective system reliability
optimization problem, search for Pareto-optimal solutions by the Weighted Sum Method (WSM)[37] has been used. The
single-objective function (SOP) is created by converting the objective functions of Equation (27) as follows :

mlnf(Rl) =wCs— U)Z%Xys + W(Rl)’ (28)
where w; and w» is the weight vector, such that wi +wy = 1, where ¥(R;) is the penalty function computed as follows
Y(R;) = 1max{0,Ryax — Q%sys} +rmax{0, %sys = Rpin}, (29)

where 1,1, are the penalty factor. We present the mathematical models to case studies for system configuration. Using
(HBA,DMO) algorithms and calculating them in two ways one by using the penalty method with algorithms (PFMHBA,
PFMDMO), and another without using the it, with the original algorithms (Place constraints within the algorithm imple-
mentation steps), used number of iterations = 1000. The findings were rounded to four decimal places in order to determine
a network best reliability values, and compare results values of R;, ‘Rsys and total cost C;. Take w; = wy = 0.5, and use
parameters for HBA algorithm are 8 = 6, ¢ = 2 and for DMO algorithm are bs=4, number of scouts=2, peep=4, performed
on the MATLAB 2018.

4.1 MATHEMATICAL MODEL I

max %sys(Ri), fOr i=1,..,14
14
/4
] s(Rp) = i(Z —)R; ki, =1,..,14
min  Cy(R;) ;a(an(z) Yi,  for i 0

subject to : 0.95 < R, <0.9999
0.75<R;<0.9999, for i=1,..,14

maximize the reliability network %sys represented in Equation (26), and a; = 0.003 , «; = 2 for all i.
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Table 1. Comparison for results values of algorithms for model I

Components No algorithm
HBA PFMHBA DMO PFMDMO
Component R 0.9445 0.9557 0.9491 0.9554
Component Ry 0.9447 0.9557 0.9453 0.9557
Component R3 0.8828 0.9089 0.8723 0.9088
Component R4 0.7705 0.7914 0.8065 0.7857
Component Rs 0.8781 0.9054 0.8932 0.9048
Component Rg 0.808 0.821 0.7836 0.8152
Component R; 0.8811 0.9073 0.8823 0.9059
Component Rg 0.7517 0.7639 0.8173 0.7773
Component Ry 0.8774 0.9046 0.8392 0.9071
Component Ry 0.8836 0.9072 0.8489 0.9098
Component Ry 0.8887 09118 0.8948 0.917
Component Ry, 0.8002 0.8165 0.8334 0.8123
Component R;3 0.7500 0.7500 0.7501 0.7501
Component R4 0.8853 0.9098 0.8766 0.9132
Rsys 0.9500 0.9932 0.9502 0.9941
C; 1.5076 2.3617 1.5643 2.3883
time-run 8.977251 | 2.736140 | 407.616973 | 20.021530

.9

.

=]

-4

fl.7

.

(=

.

L

fl.

.

.3

fl.

b

.

—

=

FIGURE 5. Comparison results values R; of algorithms for model I

As illustrated in the Table (1) and the Figure (5), we have the results for values PFMHBA and PFMDMO algorithms,
results have improved reliability shutdown network, and values of %sys were (0.9500,0.9502) by using (HBA,DMO) algo-
rithms respectively while values were( 0.9932,0.9941) by(PFMHBA , PEMDMO) algorithms. Values R; of component
between 0.7500 < R; < 0.9445 and 0.7500 < R; < 0.9557 for the (HBA,PFMHBA ) algorithms respectively. Values R; of
component between 0.7501 < R; <0.9491 and 0.7501 < R; < 0.9554 for the (DMO,PFMDMO ) algorithms respectively.
Total cost for best values reliability Cy = 2.3617 and 2.3883 for (PFMHBA , PEMDMO) algorithms. Execution time for
PFMHBA and PFMDMO algorithms were less than execution time (HBA,DMO) algorithms where the time was 8.977251
and 407.616973 for (HBA,DMO) algorithm, while the time was 2.736140 for PEMHBA algorithm and 20.021530 for the
PFMDMO algorithm.
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4.2 MATHEMATICAL MODEL II

max Rg(R), for i=1,..14
14 b
min  Cy(R;) = ;aiexp(l_—Ri), for i=1,..14 an
subject to : 0.95 < Ry <0.9999
0.75<R; <0.9999, for i=1,..14

and R represented in Equation (26), a; = 0.1 and b = 0.03 for all i.

Table 2. Comparison for results values of algorithms for model I

Components No algorithm
HBA PFMHBA DMO PFMDMO
Component R 0.9499 0.9614 0.9485 0.9499
Component Ry 0.9499 0.9588 0.9519 0.9499
Component R3 0.8745 0.9124 0.8884 0.8745
Component R4 0.7500 0.7500 0.7782 0.7500
Component Rs 0.8663 0.8998 0.8569 0.8663
Component Rg 0.7556 0.7500 0.7978 0.7556
Component Ry 0.869 0.9074 0.8601 0.8690
Component Rg 0.7500 0.7500 0.7968 0.7500
Component Ry 0.8613 0.9042 0.8391 0.8613
Component Ry 0.8677 0.9093 0.8625 0.8677
Component R 0.8829 0.9115 0.8938 0.8829
Component R, 0.7597 0.7500 0.8149 0.7597
Component Ry3 0.7500 0.7500 0.7501 0.7636
Component R4 0.8769 0.9134 0.8643 0.9080
Rsys 0.9500 0.9999 0.9513 0.9999
op 1.8128 1.9602 1.8225 1.9894
time-run 7.095848 | 3.114306 | 532.490625 | 22.722261

09

0

be

0.

-1

[X

=

tn

0.5

0.

S

=
La

0.

[

0.

FIGURE 6. Comparison results values R; of algorithms for model II

As illustrated in the Table (2) and the Figure (6), the results for values PFMHBA and PFMDMO algorithms. Results
have improved reliability shutdown network; values of ‘Rsys were (0.9500,0.9513) by using (HBA,DMO) algorithms
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respectively, while values were( 0.9999) by(PFMHBA , PFMDMO) algorithms. Values R; of component between 0.7500 <
R; £0.9499 and 0.7500 < R; < 0.9614 for the (HBA, PFMHBA ) algorithms respectively. Values R; of component between
0.7500 < R; <£0.9499 and 0.7501 < R; < 0.9519 for the (DMO,PFMDMO ) algorithms respectively. Total cost for best
values reliability Cy = 1.9602 and 1.9894 for (PFMHBA , PEFMDMO) algorithms. Execution time for PFMHBA and
PFMDMO algorithms were less than execution time for (HBA,DMO) algorithms where the time was 7.095848 and
532.490625 for (HBA,DMO) algorithm, while the time was 3.114306 for PFMHBA algorithm and 22.722261 for the
PFMDMO algorithm.

5. MAIN RESULTS

Compare results of algorithms for models LII. Tables (1,2), and the Figure (7a) illustrates (PFMHBA and PFMDMO)
algorithms improve results system reliability ‘Rsys for models. The best results of system reliability %sys =0.9999 for
(PFMHBA and PFMDMO) for model II, is shown in the Figure (7c). PFMHBA and PFMDMO) algorithms able to reduce
the execution time, best time to implement these algorithms is PEMHBA. The Figure (7b) shows that the lowest cost value
of the models for best R, was for the PEMHBA of the model II.

08

0.6

04

02

[ model I
[ model 1T
0
HBA P-HBA DOM P-DOM HBA P-HBA DOM P-DOM
(a) Values R; (b) Values Cy

10?

10%

I odel |
T model 11

HBA P-HBA DOM P-DOM
(¢) Time of implementation

FIGURE 7. Comparison results algorithms for two models

6. CONCLUSION

This paper shows the directed network for shutdown system as in Figure (2). It has been created by converting the Petri
net (PN), and the nonlinear reliability polynomial (26) for this network, which is simplified by splitting the network into
two sub-networks as shown in Figures ( 3,4 ), which represent between two parallel- series systems. In order to study the
improvement of the reliability of shutdown system, we applied (HBA,PFMHBA, DMO, and PFMDMO) algorithms to
solve of multi-objective nonlinear problems. Reliability optimization problem has been addressed by using the WSM to
the MOP single-objective problems SOP. The constraints handling was done via PF method. Two mathematical models I,
II were used to calculate reliability and cost. The results shown by the comparison between the two cases (by using PF and
without it) made it clear to us that PFMHBA is the best technique to improve the reliability of a given system than other
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techniques as shown in Tables (1,2). The second advantage of this technique includes the execution time of the algorithm,
as shown in Figure (7c). From the point of view of industries related to aerospace, medicine, military industries, ... etc.
The issue of cost increase can be considered a secondary factor in the case of increasing reliability, and this ensures that
the comparison results are practically acceptable.
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