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Components Assignment Problem for Flow
Networks Using MOPSO

Abdallah Aissou, Abdelhamid Daamouche, and Moatamad Refaat Hassan

Abstract— Components assignment problem subject to
multiple constraints is generally considered as a multiobjective
components assignment problem (MCAP). In this research
work, an MCAP subject to three constraints, namely the
network reliability, the total assignment cost, and the total
lead-time is considered and solved. The mathematical
formulation of the MCAP is given based on the constraints
mentioned above (network reliability, total assignment cost,
and total lead-time). Furthermore, an approach based on
multiobjective particle swarm optimization (MOPSO) is
presented to solve the MCAP problem. The main goal is to
search for the best-assigned components that maximize
network reliability and minimize both the total assignment cost
and the total lead-time. The results revealed that MOPSO is
more efficient than other optimization approaches based on
single or multiobjective genetic algorithms. In addition, there is
no need to convert the problem into minimization or
maximization and normalize the solutions based on RWGA or
NSGA approaches.

Index Terms— components assignment problem, network
reliability, multiobjective particle swarm optimization,
Stochastic-flow networks, total lead-time.

I. INTRODUCTION

n system reliability analysis, it is often supposed that the
Isystems and their elements may take two possible

states/capacities; completely functioning or totally failed.
However, in practical, real-world systems such as electric
power transmission, distribution systems, transportation
systems, computer networks, telecommunication systems,
transmission oil and gas supply. Systems are combined with
components that can function at different state levels. Such
systems can be modeled as stochastic-flow networks (SFNs)
[1]-[3]. Stochastic-flow network systems are more practical
and realistic than binary systems in many real-life
circumstances. Systems reliability is an important index in
evaluating network performance.
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Many researchers [3]-[7] have examined the evaluation of
system reliability.

The system reliability of an SFN is defined as the
probability that the network successfully transmits d units of
data/commodity from a source node to a sink node [3], [8]-
[10]. In our days, the analysis of multistate systems and
network reliability has attracted the attention of many
researchers and becomes a new subject of research, however
in a case where each arc has several capacities and may fail;
the system reliability has been evaluated in terms of
minimal path sets [3], [10], [11]. It has also been evaluated
when both the arc and the node have several capacities and
may fail [4], [9]. A flow network with two commaodities was
studied and evaluated based on minimal cuts under budget
constraints [12], [13]. The system reliability of a flow
network is defined when considering the transmission cost
as the probability that a single commodity d will be
transmitted from the source node to the sink node so that the
total transmission cost is less than or equal to c. This can be
computed in terms of the minimal path vectors to level (d, ¢)
(called (d, c)-MPs. Furthermore, authors of [3], [5], [14]-
[18] have extended the concept of the quickest way to
determine the reliability of a stochastic flow network (SFN).

The Component assignment problem (CAP) for a
stochastic-flow network is to search the optimal
arrangement of a set of components that meet some criteria
(conditions). Authors of [10] solved the component
assignment problem (CAP) for a Stochastic-Flow Network
(SFN) by developing an efficient method using a genetic
algorithm (GA) to resolve the problem of the resource
assignment by finding the best resource assignment, which
results in maximal system reliability. Generally, one of the
principal techniques used with CAP for SFN is the GA [19].
The Genetic algorithm is a method used in optimization
problems; it is inspired by the biological evolution of living
things in the real world [20], [21]. This algorithm allows the
computation of an acceptable solution to a problem whose
solution space is too large to be covered in a reasonable
time. Genetic algorithms are based on three main
components: selection, cross-over, and mutation. Various
studies in the literature applied classical GAs to resolve the
problem of reliability optimization [19], [22]-[28]. Also,
some studies utilized GAs in determining the system
reliability of a stochastic-flow network [29-30].

In addition, GA has been adopted to minimize the energy
costs of a compressor station used in gas pipelines [54] and
has also been used to find single or multiple optimal
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solutions to multiple objective multistate
optimization problems [31].

Authors of [1-2], [30], and [32] investigated the CAP for
a stochastic-flow network (SFN) under two constraints,
namely: reliability and the total cost. The idea behind their
studies was to minimize the total assignment cost and
maximize system reliability. Since both arcs and nodes are
subject to failure, the authors of [33] studied the double
assignment technique for the robust design problem,
searching for a minimum capacity assignment for each
component (arc/ node) to keep the network functioning. The
optimal two-class allocation under assignment budget
constraint is obtained by a new method based on GA
developed in [34] to maximize the network reliability.
Another algorithm taking into account each component
having a lead-time is addressed in [35], leading to the
optimal set of assignment components that maximize the
system reliability so that the total lead-time must be less
than a given value. A new algorithm called non-dominated
sorting GA (NSGA-II) is presented in [7]; the advantage of
this approach is its fast convergence to the near exact
solution. Dealing with discrete systems, the authors of [36]
developed a method based on GA devoted to analyzing a
discrete reliability optimization problem. Consequently, by
including three techniques in this new algorithm, namely
GA, fuzzy control, and neural network, Lijie [37] went
deeper into his research work to ascertain the network
reliability as the number of network nodes increases
exponentially.

Recently, a multiobjective GA based on a random
weighted GA (RWGA) was proposed in [38] to address the
CAP subject to system reliability, total assignment cost, and
total lead-time. Also, using fuzzy membership functions, the
CAP problem was formulated as a fuzzy linear problem; an
approach based on GA with fuzzy optimization was
presented in [39] to solve the CAP problem.

Particle swarm optimization (PSO), inspired by the flock
of birds and fish schooling [40], has been widely used in
many fields and proved its effectiveness in solving various
optimization problems [41]-[43]. PSO has been extended to
solve multiobjective optimization problems in [44], the
proposed PSO called MOPSO. The authors of [45] proposed
an improved version of the MOPSO by adding a constraint-
handling mechanism and a mutation operator to the original
MOPSO. Finally, in [46], a new version of MOPSO was
presented based on Pareto dominance using a crowding
factor to detect the list of available leaders. More so, a
different mutation operator has been proposed to act on
different subdivisions of the swarm with the concept of
dominance to fix the size of the set of final solutions
produced by the proposed MOPSO. PSO has been broadly
used in many applications and research areas over the past
few years; for example, in [47], employed the PSO to solve
a market potential index (MPI)-based model, and a Taiwan
High-Speed Rail Miaoli Station feeder bus routes is used as
a case study.

Also, the authors of [48] used PSO in a heuristic resource
allocation algorithm to achieve optimal resource allocation.
Moreover, in [49], the PSO technique was employed to

reliability

optimize the position and velocity in the Gravitational
search algorithm GSA running process. Authors of [50]
utilized the PSO strategy to solve the path planning problem
based on improved inertia weights.

The proposed approach presented in [38] was based on
suggesting some objective values for some constraints to
control and find the optimal solutions. Furthermore, the
method proposed in [39] is based on setting values for the
acceptable level of membership ranging from 0.3 to 0.9,
besides suggesting the objective values for all constraints to
find the optimal solution.

This paper introduces an approach based on MOPSO to
solve the MCAP subject to three constraints to alleviate the
problems mentioned above. The main goal is to search for
the best-assigned components that maximize system
reliability and minimize both the total assignment cost and
the total lead-time. In addition, MOPSO is considered faster
than other optimization algorithms [45]. Moreover, as in the
RWGA used in [38], there is no need to transform the
problem into minimization or maximization and normalize
the solutions.

The rest of this paper is organized as follows: Section 2
deals with the needed notations, and section 3 presents the
problem formulation. Next, Section 4 discusses the
reliability evaluation under a time constraint. Section 5
explains the proposed approach based on MOPSO. The
usability of the proposed approach is demonstrated through
several examples included in Section 6. The discussion is
presented in Section 7. More studied cases are given in
Section 8. Finally, Section 9 draws conclusions and future
work.

Il. NOTATIONS
n Set of nodes.
m {a.|1 < e <m}: setofarcs.
np Number of paths.
mp; Minimal path no. j;j=1, 2, ..., np.
N The number of available components.
Cx The components number k, k=1,2,..., V..
(cy) Lead-time of componentsc,,.
T The lead-time of mp;
c(cx)  The cost of the component ¢,
Rat The system reliability to the demand d under
time limit T.
X Capacity vector defined as X = (xq, x5 -+, x,)
NP Number of particles.

Maxgen Maximum number of generations.
Pm Mutation rate.

I1l. PROBLEM FORMULATION

Let C={cl1<k<N}be a set of available
components, and P = {py,p, -, ..} be the assigned
components in which ¢, is assigned to the arc a; if p, = ¢y.
Therefore, the mathematical formulation of the assignment
problem is as follows:
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Maximize R, 7 (P) (@]
Minimize L(P) 2
Minimize C(P) (3)

Subject to
Pe=cp, ke {1,2--, N}fore=12,-,m. 4)
Pe * py, fore v (5)
T <Tj=12-,np. (6)

Where the total lead-time (L(P)), the total cost (C(P))
and the total lead-time of the path mp; (7;) are given by the
following equations:

L(P) = X1 £(pe) (7
C(P) = XeLi c(pe) (8)
7;= 22”:1 f(pe)lpeEmpj (9)

Constraints (4) and (5) show that each link has only one
different assighed component.

IV. RELIABILITY EVALUATION

The reliability evaluation of a flow network under
demand d in the case of considering time constraint based
on two main steps is as follows:

Step 1 For each path mp;, determine the capacity vector

X by using the algorithm presented by [16].
Step 2 The network reliability R, 7 is given by:

Ryr = Pr{ul_{X|X = x'}}
We will use the RSDP procedure described by [51] to
evaluate R, 7 by using the above rule.

Note that reliability can also be evaluated by using the
inclusion-exclusion rule [52].

V. PROPOSED APPROACH BASED ON MOPSO

In this section, we develop an approach to solve MCAP
based on the multiobjective optimization problem using
MOPSO.

. Position, Velocity, and Mutation Position

The following algorithm is used to generate NP
particles’ position (POS) for the initial step.

Begin

For i=1to NP

For j=1tom
POS[i[[l= (W — O*r +1
End for j
End for i
End
Where r is a random number between 0 and 1.

B.Velocity

To update velocity (VEL) for the current generation, we
use the following algorithm.

Begin
For i=1to NP
Forj=1tom
VEL[i][j]= W * VEL[i — 1][j — 1] + C{ *
. * (PBEST[il[j1— POS[il[j]) +
Cy x 12 » (POS[i][j] — POS[R]I[])
End for j
End for i
End.

Where POS[h][j] is a leader position (Individual best
position). The parameters W, C;, and C, represent the
inertia weight, individual confidence factor and Swarm
confidence factor.

C. Mutation

As described in [46], the mutation operator is performed
to the particle of the swarm and the range of decision
variables.

The Proposed Approach Based on MOPSO Algorithm is
as follows.

Begin
Input the components information (', ¢y, ¢(c;) and
c(cy) fork=1.2,..., V)
Input the network information (s and mp; for j =1,
2, ..., np.)
Input MOPSO parameters (NP , Maxgen, p,, and W)
Initialize swarm (POS, VEL)
Evaluate (POS).
While g < Maxgen
Update VEL and POS
Apply Mutation
Update leaders
Crowding (leaders)
Store the best POS
End While
Printout the best POS
End.

VI. CASES STUDIED

In this section, the proposed algorithm has been applied to
three network examples taken from the literature (six nodes
network and TANET (Taiwan Academic Network)). The
parameters of the MOPSO based algorithm are WP = 10,
Maxgen= 100,P,=0.5,C; =2,C, =2and W = 0.4.

A. Six-Node Network

This network is with six nodes and 9 links as shown in
Fig.1and with twenty available components given in Table I,
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as studied by authors of [35], [38], [39] and [53]. The mp; = {as, a;7, aig, A9, Aq2, 13, 14, A15, 16},
network has twelve paths that are as follows: mp, = {as, a7, aig, d19, Ao, Az1, Az},
mp; = {ay, ay, aq}, mps = {ag, as, ag, ag, aip, a11, A12, A13, A1a, A1, A16},
mp,; = {ay, a4, a7, ag}, mps = {as, az, ag, as, ayo, 11, azo, 21, A2},
mp; = {a,, as, ag}, mp; = {ay, asy, @17, Ayg, 19, A1z, Ai3, A1a, Ays, A1),
mps = {a1, a5, a7, as}, mpg = {ay, az;, a17, 18, 19, Az0, A21, A2},

mps = {ay,as, ag, ag},
mpe = {a,,as, as, ag},
mp7 = {aZ’ a3l ag},

mpqy = {as, 17, ayg, 19, A12, A13, A1s, A15, A16 ),
mpyo = {az, a17, 15, 19, Az, A1, Az2},

mpg = {a,, ag, a;, aq}, mpy1 = {as, az3, Qz4, g5, Az, A7, Azg},
mpy = {ay, as, ay, ao}, mpy; = {as, az3, Az, Azs, Aze, Az7, A0},
mpyo = {ay,as, a4, a7, ag}, mpyz = {as, z3, az4, Azs, 26, A27, A33, A30},
mpyy = {az, a3, as, ag}, mpys = {as, z3, az4, Azs, g6, A27, A33, A31 }.

mpi; = {a2r as, s, dy, a9}-
. ) The available components information is shown in Table
Table 11 shows the best assigned components for this I (80 components). The assigned components for this

network satisfying the aforementioned criteria (maximum network that correspond to the best candidate solutions are
network reliability, minimum total lead-time, and minimum  spown in Table V.

total assignment cost).

S
a
O a2
az
. a14 ’
az a3
azy
Fig.1.The six-nodes network example. 3 Q
. ais a2
B. TANET with 30 links as O O
This network has one source and one sink as shown in O
Fig.2. It has 6 paths found by [18] as follows: N et a5
mp, = {ay, az, as, as, as, ag, az, ag, Ao, A1, G11, A12, A13}, O O
mp; = {ay,az, a1, as5, A16, A17, A9, G20}, a7 O
mpz = {ay,a, az, as, as, g, az, ag, 15, a9, Az}, O a7 a
mpy = {a14, a15, A1, A17, A9, A0}, &5~ *
mps = {ayy, Az3, Az4, Azs, Aze- A7, Az}, and
a
mpe = {32, 23, Azs, Azs, A6, 27, A29, 30} ® o aig O
. . . a
Table 11l shows the information of 80 available 10 O
components [34]; the corresponding lead-time for each O a7 Ao
component is taken from [38]. Table 1V shows the assigned a a
components for this network that correspond to the best u 1 ® O
candidate solutions obtained by the proposed approach, as Q 0O
described in Table VII. as, ag
. azp
azo
C. TANET with 33 links ,
13
This network has two sources and two links with 33 links D

as shown in Fig.3. It has 14 paths found by [18] are as

follows: Fig.2. TANET with 30 links
mpy = {ay, 3, 17, 1g, Ar9, A1z, A13, A14, A15, A1),

mp, = {ay, asy, 17, 18, 19, Az, A1, Az2},
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TABLE |
COMPONENTS INFORMATION FOR SIX-NODE NETWORK
N B e e L] 1
1 0.01 | 0.00 1 001 ]| 0.00 | 0.01]0.00] 0.97 2 10
2 0.05 | 0.05 ] 005|015 0.20 | 0.50 0 3 60
3 0.07 | 0.08 | 0.00 | 0.85 0 0 0 2 10
4 0.70 | 0.00 | 0.00 | 0.00 | 0.00 | 0.30 0 2 20
5 0.01 | 0.00 | 0.00 | 0.05 | 0.00 | 0.00 | 0.94 1 50
6 0.01 | 0.00 1 0.00 | 0.01 | 0.00 | 0.00 | 0.98 3 60
7 0.50 | 0.50 0 0 0 0 0 3 20
8 0.25 | 0.25 | 0.50 0 0 0 0 1 50
9 0.15] 0251010} 0.10 | 0.10 | 0.10 | 0.20 2 80
10 | 0.00 | 0.05 | 0.05 ] 0.90 0 0 0 2 100
11 ] 0.01 | 0.99 0 0 0 0 0 1 70
12 | 0.02 | 0.00 | 0.05 ] 0.00 | 0.05 | 0.00 | 0.88 1 60
13 | 0.07 | 0.00 | 0.28 | 0.00 | 0.00 | 0.65 0 3 10
14 | 0.05 | 0.05 | 0.90 0 0 0 0 2 20
15 | 0.60 | 0.40 0 0 0 0 0 2 50
16 | 0.15 | 0.00 | 0.00 | 0.00 | 0.85 0 0 1 60
17 | 0.10 | 0.10 | 0.10 | 0.70 0 0 0 1 20
18 | 0.70 | 0.00 | 0.00 | 0.00 | 0.00 | 0.30 0 3 50
19 | 0.07 | 0.18 | 0.75 0 0 0 0 2 80
20 0.40 0.40 0.20 0 0 0 0 3 100
TABLE Il
ASSIGNED COMPONENTS FOR SIX-NODE NETWORK
dT Assigned components Rir(P) | £L(P) C(P)
6,7 | 11 2 121165 4 17 3 | 097125 14 360
6,8 112382144517 0.98597 15 300
60| 28131114 4517 |oogear0| 15 310
8,9 1474 51712138 0.98531 15 260

The above table (TABLE II) shows the best optimal
solutions obtained by applying the new proposed approach
based on the multiobjective particle swarm optimization
(MOPSO) on the Six-Node Network (with 6 nodes and 9
links) as shown in Fig.1. For each case value of d and T as
we saw from the most left column of the TABLE II, the
values of the second column labeled “Assigned
components” represent the best 9 components assigned to
the network links a;, a,, as, ..., ag in order to meet the
required conditions of the network (maximum system
reliability, minimum total assignment cost, and minimum
total lead-time). The third column labeled R, »(P) displays
the best values of the maximum network reliability, the
column named L(P) illustrates the optimal values of the
total lead-time achieved under the given criteria, and finally

the most right column shows the best values (minimum
ones) of the total assignment cost associated with assigned
components satisfying the criteria described in the problem
formulation section namely (maximum system reliability,
minimum total assignment cost, and minimum total lead-
time).

The results of the network reliability, total lead-time and
total assignment budget shown in TABLE Il corresponding
to Ryr(P), L(P) and C(P) respectively, will be used in the
comparison with the results obtained by some other studies
taken from literature in order to study the efficiency of the
proposed MOPSO that will be described in details in section
VII. The results of applying the proposed approach on large
networks (more nodes and links) are shown in TABLE IV
and TABLE V.
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TABLE Il
COMPONENT INFORMATION FOR TANET NETWORK

Ck 0 1 Capz;cny 3 7 t(er) |cler)
1 0.0004 0.0392 0.9604 0 0 1 100
2 0.000512 0.017664 0.203136 0.778688 0 1 50
3 0.000343 0.013671 0.181629 0.804357 0 1 65
4 0.015 0.985 0 0 0 2 80
5 0.0016 0.0768 0.9216 0 0 2 70
6 0.005929 0 0.142142 0 0.851929 1 135
7 0.003 0 0.997 0 0 2 60
8 0.007225 0 0.15555 0 0.837225 1 35
9 0.005929 0 0.142142 0 0.851929 1 35
10 0.003 0.997 0 0 0 2 80
11 0.034 0.966 0 0 0 2 55
12 0.0036 0.1128 0.8836 0 0 3 40
13 0.000001 0.000297 0.029403 0.970299 0 2 110
14 0.000784 0.054432 0.944784 0 0 1 65
15 0.000225 0.02955 0.970225 0 0 1 70
16 0.095 0.905 0 0 0 3 15
17 0.005776 0.140448 0.853776 0 0 3 35
18 0.000625 0.04875 0.950625 0 0 2 75
19 0.000729 0.022113 0.223587 0.753571 0 1 40
20 0.001 0.027 0.243 0.729 0 2 35
21 0.000512 0.017664 0.203136 0.778688 0 1 45
22 0.004225 0.12155 0.874225 0 0 3 30
23 0.005929 0 0.142142 0 0.851929 1 85
24 0.003 0 0.997 0 0 2 70
25 0.000216 0.010152 0.159048 0.830584 0 3 55
26 0.034 0.966 0 0 0 2 30
27 0.000512 0.017664 0.203136 0.778688 0 2 55
28 0.000343 0.013671 0.181629 0.804357 0 1 60
29 0.001 0.027 0.243 0.729 0 3 35
30 0.0009 0.0582 0.9409 0 0 2 85
31 0.002809 0.100382 0.896809 0 0 1 60
32 10.000166375]0.008575875] 0.147349125 ]0.843908625 0 2 70
33 0.000125 0.007125 0.135375 0.857375 0 2 80
34 0.0001 0.0198 0.9801 0 0 1A1 140
35 0.025 0.975 0 0 0 3 10
36 0.024 0.976 0 0 0 3 60
37 0.000125 0.007125 0.135375 0.857375 0 2 75
38 ]0.000110592]0.006580224| 0.130507776 |0.862801408 0 1 85
39 0.0001 0 0.0198 0 0.9801 1 100
40 0.001849 0 0.082302 0 0.915849 3 60
41 0.001024 0.061952 0.937024 0 0 2 60
42 0.000676 0.050648 0.948676 0 0 2 65
43 0.007921 0.162158 0.829921 0 0 4 35
44 0.000512 0.017664 0.203136 0.778688 0 2 25
45 0.001 0.027 0.243 0.729 0 5 20
46 0.097 0 0.903 0 0 4 40
47 0.000001 0.000297 0.029403 0.970299 0 3 135
48 0.022 0.978 0 0 0 2 70
49 0.000256 0 0.031488 0 0.968256 1 145
50 0.001225 0 0.06755 0 0.931225 1 70
51 0.025 0.975 0 0 0 3 70
52 ]0.000274625]0.011851125| 0.170473875 |0.817400375 0 2 65
53 0.000529 0 0.044942 0 0.954529 3 120
54 0.000144 0 0.023712 0 0.976144 1 110
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55 | 0000216 | 0010152 | 0159048 | 0.830584 0 2 70
56 |0.000117649]0.006850053] 0.132946947 ]0.860085351 0 1 50
57 0.046 0 0.954 0 0 2 50
58 0.083 0 0017 0 0 3 20
50 |0.000015625]0.001828125| 0.071296875 |0.926859375 0 3 105
60 |0.000274625]0.011851125| 0.170473875 |0.817400375 0 2 60
61 | 0001369 | 0071262 | 0927369 0 0 2 85
62 | 0.000001 | 0000297 | 0029403 | 0970299 0 2 125
63 | 0000512 | 0017664 | 0203136 | 0.778688 0 3 50
64 | 0.006084 | 0.143832 | 0.850084 0 0 2 20
65 | 0.004006 | 0.119808 | 0.876096 0 0 5 25
86 | 0003481 | 0.111038 | 0.885481 0 0 2 50
67 0.035 0.965 0 0 0 2 80
68 0.022 0 0078 0 0 3 70
69 |0.000166375]0.008575875| 0.147349125 |0.843908625 0 3 85
70 |0.000042875]0.003546375| 0.097778625 |0.898632125 0 3 %
71 0.000024389]0.002449833| 0.082027167 |0.915498611 0 2 100
72 | 0.000324 0 0.035352 0 0.064324 1 9%
73 10.000000343]0.000145971] 0.020707029 |0.979146657 0 2 145
72 | 0004356 | 0123288 | 0.872356 0 0 3 30
75 0.055 0.045 0 0 0 2 15
76 | 0001936 | 0084128 | 0913936 0 0 5 55
77 10.000035937]0.003159189] 0.092573811 |0.904231063 0 ) 85
78 | 0.000484 0 0.043032 0 0.056484 2 115
79 | 0.000121 0 0.021758 0 0078121 1 100
80 0.001 0.099 0 0 0 2 100
TABLE IV
ASSIGNED COMPONENTS FOR TANET WITH 30 LINKS
dT Assigned components Ryr(P) | L(P) ]| C(P)
47 4 433 21 6 15 39 53 6160 64 80 37 20 65 17
416 | 7958 447511778233 54514 099984 | 59 | 1115
9 27 49 251080313 6 75151656 173710734
616 1 " 44517 2 47 72 54 83960 34 0.99993 | 49 | 1360
80391 3154 2 20 7 4912 31138 1328 8186 10
818 172114 159 34161922 23 0.99985 | 47 | 1415
3936575018321 48567217 3112 104 3320
918 | 553 6655 630 9 7 118 34 52 0.99990 f 52 | 1320
TABLE V
ASSIGNED COMPONENTS FOR TANET WITH 33 LINKS
dT Assighed components Ryr(P) | L(P)]| C(P)
64 6513 21 351557 67 70 50 48 19 33 6 59 37 29 5 11
416 1 79382241 738 39 436 52 61 40 0.99958 | 63 | 1440
71184278 38 28 52 539 51654020 5049 2162
6.16 | 6170261 59 17 234 511 6763847 0.99923 | 66 | 1325
20 646339 36 68 2860 70 547916 65 34 78 51 14 35
818 | 513 2067 17619124 8 50 57 44 0.99870 64 | 1355
311729 47 711 14 24 75 412 47 2166 62 53 60
918 | 35 797270 864 61 155739 652850 6 0.99999 | 62 | 1325

VII.

In this research work, a new approach based on MOPSO
is presented to solve multiobjective components assignment
problems subject to three constraints, namely Network
Reliability, Total Cost,
searching process about the optimal components, there is no
need to suggest objective values by a user; just input the

DiscussiON AND COMPARISON

SFN information and run the algorithm to get the results.
The MOPSO based approach is implemented using
MATLAB 2013a. Comparing the results obtained by the
proposed approach applied to a small network (Network
with six nodes) to the ones obtained using either the
approach in [38] or [39] as shown in Table VI and Fig.4,
Fig.5, and Fig.6, we observe that, they are better for at least
two main objectives; reliability and total cost. Also, the

and Total lead-time. Through the
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“results obtained for TANET with 30 links as shown in
Table VII and Fig.7, Fig.8, and Fig.9, one can observe that
the values of the network reliability and assignment cost
derived from the proposed approach are better than the ones
obtained in [38] or [39]. Also, the obtained results with a
large network, for example, TANET with 33 links, the
proposed approach gave better results compared with the
ones obtained by applying the approaches of [38] or [39] as
shown in Table VIII and Fig.10, Fig.11, and Fig.12. For
some cases, as shown in Table VI and Fig.4, where d=8 and
T=9, the algorithm in [45] did not give any result and [47]
gave R=0.989896 almost equal to R=0.98531 obtained by
the proposed algorithm, but the cost obtained from the
proposed approach (C=260) is better than the one obtained
in [39] (C=420). In addition, the values of Table VII and
Table VIII show that our proposed approach gives better
results with larger networks. Therefore, applying the
proposed approach leads to optimal solutions, especially
with the networks having many links, as shown through
illustrative examples.

Moreover, since our proposed approach is based on
MOPSO, the convergence to the optimal solutions is faster
than [38] and [39]. Finally, we can say that our proposed
approach gives better results than the ones achieved by the
two mentioned works (namely, [38] and [39]) approximately
in all aspects (maximum network reliability, minimum total
lead-time, and minimum total assignment cost) especially
when dealing with large networks.

VIlI. MORE STUDIED CASES

Table 1X shows the results of applying the new proposed
approach using MOPSO to some networks taken from
literature, [15] and [54]. For case no. 1, we used the
components information given in Table | and used Table 11
for other cases. The values for d and T were selected
randomly. As we observed from the results shown in Table
IX, values of the reliability, total lead- time, and total cost

are getting better and better as the number of the
components (arcs and nodes) of a network is increasing. For
instance, for the network with 30 nodes and 33 links the
value of the network reliability is maximized (Rg=0.99999)
compared to the one obtained from the network with 5
nodes and 8 links (Rggo =0.99445). Therefore, applying our
new proposed approach to the large networks (networks
with a large number of nodes and links) will lead to better
results (maximum network reliability, minimum total lead-
time, and minimum total assignment cost) and optimal
solution with minimum convergence time.

VIII. CONCLUSIONS AND FUTURE WORK

This paper presented an approach based on MOPSO to
determine the optimal components that can be assigned for
an SFN to maximize system reliability and minimize both
the total cost and total lead-time.

To the best of our knowledge, solving MCAP using
MOPSO based approach is never studied or discussed
before.

Also, there is no need to convert the problem into
minimization or maximization and normalize the solutions
as in RWGA used by authors of [38].

Furthermore, there is no need to formulate the problem as a
fuzzy linear problem using fuzzy membership functions as
studied in [39].

The SFNs are used to represent many real-life systems,
such as computer systems, manufacturing systems, and
logistics systems, to evaluate their performance by
considering one or more constraints. This paper presented a
MOPSO based solution approach to optimize the reliability
with subject to total assignment cost and total lead-time
constraints. As future work, one may extend the problem to
SFN with multiple sources subject to multiple constraints,
for instance, system reliability, cost, lead-time, and budget.
Finally, we recommend using the proposed approach,
especially for large-size networks.

TABLE VI
RESULTS OF THE SIX NODES NETWORK IN COMPARISON WITH [38] AND [39].
Assou et al. (2019) Hamdy et al. (2019) The proposed approach
d,T
Ryr(P) | L(P) [ C(P)| Rar(P) | L(P)] C(P) Ry 7 (P) L(P) | CP)
6,7 0.973036 15 510 | 0.988833 12 440 0.97125 14 360
6,8 0.987345 14 520 | 0.989945 12 460 0.98597 15 300
6,9 | 0.985979 19 540 | 0.989773 | 14 | 420 0.96419 15 310
8,9 - - - | 0989896 | 14 | 420 0.98531 15 260
TABLE VI
RESULTS FOR TANET WITH 30 LINKS IN COMPARISON WITH [38] AND [39]
4T Assou et al. (2019) Hamdy et al. (2019) The proposed approach
Rar(P) | LP)| C(P) | Rar(®P) | L(P)] CP) Ry (P) LP) | CP)
4,16 0.9999745 66 1735 0.998347 43 1460 0.99984 59 1115
6,16 0.999986 61 1435 0.998934 42 1485 0.99993 49 1360
8,18 0.999172 61 1825 0.998810 43 1425 0.99985 47 1415
9,18 0.985317 61 1825 0.997983 44 1515 0.99990 52 1320
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TABLE VIII
RESULTS FOR TANET WITH 33 LINKS IN COMPARISON WITH [39]

a1 Hamdy et al. (2019) The proposed approach

Ryr(P) | L(P)]| C(P) Ry (P) L(P) | CP)
4,16 0.999614 42 1485 0.99958 63 1440
6,16 0.998926 41 1345 0.99923 66 1325
8,18 0.998596 44 1425 0.99870 64 1355
9,18 0.997066 43 1320 0.99999 62 1325

Fig.3. TANET with 33 links
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TABLE IX
MORE STUDIED CASES
e ln | dT P Rir(P) | L) | c(®)
8,9 17 131213524 0.99445 15 240
1 518
6,9 1813231145 0.99819 15 280
28 36 60 11 6 22 63 65 14 49 17 2 50 1 33
59 340 62 7 35 4 0.99997 43 745
2 12 | 21
5196412670221 16 6 5256 3 7 65 54
7,9 %0 22 4 8 60 0.99975 39 800
35 | 57 33 48 14 32 35 22 63 1 16 69 65 59 29 2 0.99999 57 1300
30 35196131449 66626447 842
3 15| 30
29 44 6 41 68 21 24 48 51 23 64 60 38 50 1
59 318 31 71 80 20 61 2 4 513 7 47 8 27 0.99999 57 1205
25 37 12 56 63 26 7 9 61 2 60 19 52 77 72
49 | 3554 62 48 66 1 64 32 5 53 16 10 47 3 4 18 | 0.99999 67 1435
6 8
4 30 | 33
80 2 10 58 7513 32313451 36439 12
8,9 11 17 14 6 39 7 15 56 50 8 29 16 62 38 18 0.99999 60 1495
19 20
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