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Testing and maintenance activities of safety equipment have drawn much attention in Nuclear Power Plant (NPP) to risk and
cost control. The testing and maintenance activities are often implemented in compliance with the technical specification and
maintenance requirements. Technical specification and maintenance-related parameters, that is, allowed outage time (AOT),
maintenance period and duration, and so forth, in NPP are associated with controlling risk level and operating cost which need to
be minimized. The above problems can be formulated by a constrained multiobjective optimization model, which is widely used
in many other engineering problems. Particle swarm optimizations (PSOs) have proved their capability to solve these kinds of
problems. In this paper, we adopt PSO as an optimizer to optimize the multiobjective optimization problem by iteratively trying to
improve a candidate solution with regard to a given measure of quality. Numerical results have demonstrated the efficiency of our

proposed algorithm.

1. Introduction

Improvement of the availability performance for safety-
related systems has drawn much attention in Nuclear Power
Plant (NPP) nowadays. One way to increase availability of
these systems is to improve availability of the equipment that
constitutes them. In this way, people often pay attention to
the more efficient testing and maintenance activities. NPPs
often pursue more efficient testing and maintenance activities
to control risk and cost. Actually, safety-critical equipment is
normally on standby till occurrence of an accident situation
which requires safety-related systems to prevent or mitigate
the accident process. In order to keep safe-related systems
at a high level of availability or safety, regular testing and
maintenance activities are implemented. Efficient regular
testing and maintenance strategy can improve the availability
performance of the systems, and meanwhile it will lead to
great expenditure cost. Therefore, both risk controlling and
expenditure effectiveness have drawn much attention in NPP
(1, 2].

Technical specifications define the limits and conditions
for operating NPPs which can be seen as a set of safety

rules and criteria required as a part of safety analysis report
of each NPP. Both technical specifications and maintenance
activities are associated with controlling risk and then with
availability of safety-related systems. The resource related
to risk controlling rules and criteria formally enter into
optimization problems. Using a limited expenditure resource
to keep safety-critical equipment at a high level of availability
or safety actually is a constrained multiobjective optimization
problem where the cost or the burden, that is, number of
tests conducted, duration, incurred cost, and so forth, is to
be minimized while the unavailability or the performance of
the safety-critical equipment is constrained at a given level.
By now, some researchers have made great achievements
in nuclear technology area. References [3, 4] presented a
constrained multiobjective optimization model to solve this
problem using genetic algorithm (GA); reference [5] first pre-
sented PSA-based techniques to solve risk-cost maintenance
and testing model of an NPP using GA; reference [6] puts
forward using a multiobjective approach to regulate Nuclear
Power Plant (NPP); reference [7] presents using fuzzy-genetic
approach to optimize the test interval of safety systems at NPP
considering parameters uncertainty. In this paper, we put



forward using PSO to solve the constrained multiobjective
optimization problem which simulates the testing and main-
tenance activities. The PSO method is firstly used to solve
the multiobjective optimization problem described by testing
and maintenance activities in NPPs. It is a heuristic algorithm
and can offer the solution by iteratively trying to improve a
candidate solution with regard to a given measure of quality.
Numerical results have demonstrated the reasonability of
PSO method.

The plan of this paper is the following: Section 2
presents the unavailability and cost models of critical sys-
tems/components of NPP; Section 3 gives the multiobjective
problem model; Section 4 reviews PSO method; Section 5
presents a case study; finally, Section 6 draws a short conclu-
sion.

2. System Risk and Cost Function

2.1. System Unavailability Model. As to nuclear facilities, the
system unavailability is classified into three types: compo-
nent’s unavailability, common failure, and human errors. In
this paper, we just consider the component’s unavailability
which is caused by random failure and test and maintenance
activities which are the functions of the optimization vari-
ables such as test interval, test duration, maintenance period,
allowed outage time, and so on. The system unavailability is
often modeled by fault tree using rare-event approximation
as follows [4]:

Usystem (X) = Znuﬁ (X) > (1)

j

where X is the decision variable vector; the sum in j refers
to the number of minimal cut sets generated from the
considered system structure function and the product in i
represents the number of the basic events belonging to the
corresponding MCS. The u;(X) represents the unavailability
of the basic event i contained in minimal cut sequence (MCS)
j.

The unavailability expressions of basic events caused by
random failure are written as [4]:

u (X, T)=p+A-T. 2)

ur(X):p+%/\~T. 3)

Equation (2) is the time-dependent unavailability evalu-
ated att = T, where p denotes per-demand failure probability
and A represents the failure rate. Equation (3) is the average
time-dependent over a given time span T

To reflect the effect of age, preventive maintenance, and
working conditions, an averaged standby failure rate A is
developed [8, 9]:

)_t=)t0+%oc-M-(‘I’(Z))2~%-(2—8) (4)

A= Ag+ Ja- M- (¥(2)) 1+(1—s)~(M—3>]. )

—
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TABLE 1: Meanings of the parameters used in (4)-(5).

Parameter Meaning

Ao The residual standby failure rate

o The linear aging factor

Y(Z) Working condition factor

€ The maintenance effectiveness factor

M The period of a preventive maintenance
L Overhaul period to replace a component

Note that (4) is applicable for proportional age setback
(PAS) mode, and (5) is used for proportional age reduction
PAR. The meanings of the parameters involved in (4) and (5)
are listed in Table 1.

Therefore, one could apply (4) or (5) into (2)-(3) to
account for random failure contributions considering effect
of age, preventive maintenance, and working conditions.

Next, let us consider the models to account for the testing
and maintenance activities effect, [9, 10] developed three
expressions to characterize such effects:

ut(X) :ft(X)'t'%
Uy, (X) = £, (X)-m-q, (6)
u (X) = f.(X)-d(X).

The meanings of notations used in (6) are listed in Table 2.

Given that a test interval T and preventive maintenance
period M, the f,(X), f,(X), f.(X) can be calculated as
follows:

1

ft (X) = T (7)
1

ﬁ%z%mmﬂ. )

Note that, in (9), f.(X) can be calculated from (2)
replacing A with A.

Additionally, d(x) is often restricted by the allowed outage
time (AOT) in the standard PRA and is often calculated by the
following relationships:

d(X) =p-G(X)
(10)
GX)=1-eP"

where D represents the allowed downtime; ¢ is the mean time
to repair.
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TABLE 2: Meanings of the notations in (6). TABLE 3: Meanings of the notations in (11).
Notation Meanings Notation Meanings
u,(X) Unavailability caused by testing ¢(X) Yearly cost due to testing
u,,(X) Unavailability caused by preventive maintenance ¢, (X) Yearly cost due to preventive maintenance
u (X) Unavailability caused by corrective maintenance (%) Overhaul cost due to replacing a component with a
f(X) The rate of testing events © new one
Fin(X) The rate of preventive maintenance events c.(X) Yearly cost due to corrective maintenance
Je(X) The rate of corrective maintenance events ¢(X) Outage cost due to technique specification (TS)
t Mean time of testing o Constant cost due to the plant outage
m Mean time of preventive maintenance T, Average time required to start up NPP after shutdown
d(X) Mean downtime of corrective maintenance . .
Gt Hourly cost for conducting surveillance test
q: Fraction of the total time t with the component down . .
. . ] Chm Hourly cost for preventive maintenance
G Fraction of the total time m with the component down . ,
Ce Hourly cost for corrective maintenance
Cns Hourly cost for loss of production for plant downtime
2.2. System Cost Function. As to equipment, the cost expres- G The total cost of replacing a component

sions due to implementing test and maintenance activities are
often expressed as follows [8-10]:

1
¢ (X) = T " Cnt
1
Cm (X) = M *
1
“(0=1 6 (1)

¢ (X) = fe (X)-d(X) -G,
(X)) =fe(X)-[1-G(X)]-T; - g
¢, =T g

The meanings of the notations used in (11) are listed in
Table 3.

Then, the system cost model is easily formulated by
summing up the corresponding cost contributions of the
relevant components as follows:

CX)=Ya(X), (12)

i=1

where n represents the total number of the components in the
considered system. Obviously, this model can be described by
a multiobjective optimization problem.

2.3. Constraints. The presence of constraints significantly
affects the performance of an optimization algorithm, includ-
ing evolutionary search methods. Satisfying constraints is a
difficult problem in itself often. There have been a number
of approaches to impose constraints including rejection of
infeasible solutions, penalty functions and their variants,
repair methods, use of decoders, and so on. A comprehen-
sive review on constraint handling methods is provided by
Michalewicz [11]. All the methods have limited success as
they are problem dependent and require a number of addi-
tional inputs. When constraints cannot be all simultaneously
satisfied, the problem is often deemed to admit no solution.

The number of constraints violated and the extent to which
each constraint is violated need to be considered in order to
relax the preference constraints. Generally speaking, we can
impose constraints over (1) the objective functions and (2)
the values the decision variables in vector x can take. In our
first case, we apply constraints over one of the two possible
objective functions, risk or cost function, which will act as
an implicit restriction function alternatively. For example,
if the selected objective function to be minimized is the
risk, then the constraint is a restriction over the maximum
allowed value to its corresponding cost. In our second case,
we handle constraints directly over the values the decision
variables in vector x can take, that is, technical specification
and maintenance requirements (TS&M) parameters, which
are referred to as explicit constraints. Examples of this type
of constraints in optimizing TS&M include limiting the
STIs, AOTs, and the preventive maintenance (PM) period
to take typified values because of practical considerations of
planning, representing each one, for example, an hour, a day,
a month, or any other realistic period in the plant, instead of
only mathematical solutions that are often unpractical.

3. Multiobjective Optimization Model

As to a general multiobjective optimization problem, it
often has n-dimensions decision variables and m-dimension
optimizing objectives and can be expressed as follows:

min Y =F(X)=(f;(X), f,(X),..., fn (X))

st.  g,(X)<0, i=12,...,9
(13)

i=1,2...,p
X e [Xmin’Xmax] >

hy (X) =0,

where X is an n-dimension decision space and Y is an m-
dimension objective space defining m mapping functions
from decision space to objective space. The g;(X) represents g



inequality constraints and h,;(X) represents p equalities con-
straints. X, and X denote the low and upper boundaries
of the decision variables, respectively.

The specific multiobjective optimization model for opti-
mizing testing and maintenance activities at NPP can be
expressed as follows:

min C(X)
Ugystem (1) ~Uy <0 (14)
Xigw < X < Xyp»

where U, is a given limited unavailability level. In this paper
we are using PSO based techniques to solve the minimization
problem described with (14).

Multiobjective optimization has been applied in many
fields of science, including engineering, economics, and
logistics where optimal decisions need to be taken in the
presence of tradeoffs between two or more conflicting objec-
tives. For a nontrivial multiobjective optimization problem,
there does not exist a single solution that simultaneously
optimizes each objective. When one deals with multiob-
jective optimization problems with conflicting optimization
criteria, there is not only a single solution but also a set
of alternative solutions [12]. None of these solutions can
be said to be better than the others with respect to all
objectives. Since none of them is dominated by the others,
they are called nondominated solutions. The curve formed
by connecting these solutions is known as a Pareto optimal
front and the solutions that lay on this curve are called
Pareto optimal solutions. Classical optimization methods
for multiobjective optimization suggest converting it to a
single-objective optimization problem through emphasizing
one particular Pareto-optimal solution at a time. This is the
disadvantage of classical optimization methods, because find-
ing Pareto-optimal solutions set is required often. Recently,
a number of evolutionary algorithms (MOEAs) have been
proposed [13-15]. The reason is their ability to obtain multiple
Pareto-optimal solutions in one single simulation run. In
these algorithms, genetic algorithm (GA) is wisdom and
popular for multiobjective optimization problems and GAs
are adaptive methods that can be used in searching and
optimization problems. Genetic algorithms belong to the
larger class of evolutionary algorithms (EA), which generate
solutions to optimization problems using techniques inspired
by natural evolution, such as inheritance, mutation, selection,
and crossover. The particle swarm optimization (PSO) is one
type of evolutionary algorithms (EAs); PSO shares many
similarities with evolutionary computation techniques such
as genetic algorithms (GAs). The system is initialized with
a population of random solutions and searches for optima
by updating generations. However, unlike GA, PSO has no
evolution operators such as crossover and mutation but its
particles have mnemonic ability of the historical optimal
positions. Thus PSO is of simplicity, flexibility, and easy
operation compared with GA. In PSO, the potential solutions,
called particles, fly through the problem space by following
the current optimum particles. As many other EAs such as
genetic algorithm (GA), Ant Colony Optimization (ACO),
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and so forth, PSO can find Pareto optimal solutions and
have chances to find near global solutions, only with different
probability and reliability in finding these solutions. The more
details of PSO will be introduced later on.

4. The Multiobjective Optimization
Algorithm Based on PSO

4.1. Particle Swarm Optimization. Particle swarm optimiza-
tion (PSO) has been successfully used to optimize non-
linear functions, combinatorial optimization problems and
multiobjective problems [16, 17] because of its simplicity,
flexibility, easy operation, and fast convergence. PSO is
originally attributed to Eberhart et al. [18, 19] and was first
intended for simulating social behaviour, [20] as a stylized
representation of the movement of organisms in a bird flock
or fish school. The algorithm is simplified and it is observed
to be performing optimization. The book by Kennedy and
Eberhart [21] describes many philosophical aspects of PSO
and swarm intelligence. An extensive survey of PSO applica-
tions is made by Poli [22]. The PSO’s basic idea is having a
population of candidate solutions, here dubbed particles, and
moving these particles around in the search-space according
to simple mathematical formula over the particle’s position
and velocity. Each particle’s movement is influenced by its
local best known position and is also guided toward the best
known positions in the search-space, which are updated as
better positions are found by other particles. This is expected
to move the swarm toward the best solutions. However, as
many other metaheuristic methods, PSOs do not guarantee
that an optimal solution is ever found. More specifically, PSO
does not use the gradient of the problem being optimized;
PSO can therefore also be used on optimization problems that
are partially irregular, noisy, change over time, and so forth.

Let N be the number of particles in the swarm, each
having a position X; = (x,»l,xiz,...,x,»D)T in the search-
space and a velocity V;, = (v, V..., V;p) . Let P, =
(Pi1> Pias---» Pip) " be the best known position of particle .
There is the best particle in the swarm labeled by g and let
Py = (Pg1>Pgrs--> pgD)T be the best known position of the
entire swarm; that is to say, P, is the optimal position of search
history before. Particles update their velocity and position as
the following formula:

kel _ K kK k kK k
Vi T Vi tan; (Pij - xij) TG (ng - xij) (15)
k+1 k k+1
=Xt (16)
where i = 1,2,...,N, j denotes the jth dimension of

the particles, k is the number of iterations, and ¢, ¢, are
the acceleration constant, whose values are often in [0, 2].
r; ~ u(0,1) and r, ~ u(0,1) are two independent identity
distribution random numbers. Generally, v;; is kept within
V.ax)- The first part of formula (15) vfj is the

particle velocity of the last iteration, the second part ¢, 1, j ( pf} -

the range [V,

in>

xf.‘j) is the cognitive part, and the third part Cz”zj(sz - xfj)
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Initialize population in hyperspace
(includes position and velocity)

Evaluate fitness of individual particle
(mark the personal best of each particle and
the global best of the whole population)

N2

global best

Modify velocities based on personal best and

)

Update the position of each individual particle

condition?

Yes

Satisfy the terminal

PSO terminates

FI1GURE 1: PSO algorithm procedure.

is the momentum part. A basic PSO algorithm is shown in
Algorithm 1.

The summary flow chart of the basic PSO is shown in
Figure 1.

The basic PSO described above has a small number of
parameters that need to be fixed. One parameter is the size
of the population. This is often set empirically on the basis
of the dimensionality and perceived difficulty of a problem.
Values in the range 20-50 are quite common.

Also there are many variant PSOs based on the basic
PSO such as the PSO with inertia weight [19], the PSO with
constriction coeflicients [23], and so forth. The PSO with
inertia weight is motivated by the desire to better control
the scope of the search, reduce the importance of V., and
perhaps eliminate it altogether. The PSO with constriction
coeflicients which is based on some form of damping of the
dynamics of a particle (e.g., V;,,) is necessary. These variant
PSOs are applicable in different situations. In this paper, we
only consider the basic PSO version to verify the validity of
PSO for minimizing the testing and maintenance cost in NPP.

4.2. The Proposed Multiobjective Optimization Algorithm.
The basic idea of multiobjective optimization algorithm
based on PSO in this paper is that through spliting and
merging the dominated set and nondominated set repeatly,
we can reach a better balance between the algorithm effi-
ciency and accuracy. This is based on the idea of fitness
dominance, which is similar with the idea mentioned in
literatures [23-25]. Let the initial population size be n. P_Set
is one nondominated subset of the population whose size is
n, and NP _Set is another n, size dominated subset which

meets n; +n, = n (1l <
X, € NP_ Set, there at least exists an element X; € P_Set
wﬂich holds that X; dominates X; (1 <i<n;,1< j<mn,).In
each iteration process, only update the elements in NP _Set
and then compare them with the elements in P_Set based
on fitness dominance rules. Then the dynamic switching
strategy can be described as follows: for any X; € P_Set,
if there exist X; € NP_Set, holds X; dominates X;, then
switch the positions of these two elements. After the previous
preparation, we are now ready to describe the multiobjective
optimization algorithm based on basic PSO (abbreviate it as
MOBPSO (see Algorithm 2)). Let the jth constraint for the
jth dimension of X; = (x;;, X, -, xiD)T be Xijlower < Xij <
(1<j<D).

ny, n, < n). For any element

xij—upper

5. Case Study

In this section, the high-pressure injection system (HPIS) is
considered a case study; the simplified structure diagram is
shown in Figure 2.

The system consists of 7 valves and 3 pumps. The function
is drawing water from the refueling water storage tank
(PWST) and discharges it into the cold legs of the reactor
cooling system through any of the two inlets, A or B. The
components reliability parameters are listed in Table 4.

The components cost information is shown in Table 5.

The constraints on the test intervals are listed in Table 6.

The constraints on components preventive maintenance
intervals are listed in Table 7.

The decision variables vector is chosen as
X = {T\,K,,K;,M,,n;, M,,D,,D,} where D, are D, are



TaBLE 4: Components reliability parameters.
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(1) Initialize a population array of particles with random positions and velocities on D
dimensions in the search space.

(2) For loop

(3) For each particle, evaluate the desired optimization fitness function in D variables.

(4) Compare particle’s fitness evaluation with its P,. If current value is better than P, then
set P, equal to the current value, and P, equal to the current location X; in D-dimensional space.

(5) Identify the particle in the neighborhood with the best success so far, and assign its index to
the variable g.

(6) Change the velocity and position of the particle according to (15)-(16).

(7) If a criterion is met (usually a sufficiently good fitness or a maximum number of iterations),
exit loop.

(8) end loop

ALGORITHM 1: Basic PSO [18].

(1) Initialize a population array of particles with random positions and velocities on D
dimensions in the search space and the population size is n = Pop_Max.

(2)Fori=1ton
Evaluate the fitness function in D dimensional variables, namely,
F(X;) = {fl(Xi)’ X, fm(Xi)}'
End for

(3) Divide the initial population into two subsets P_Set and NP_Set. whose population sizes are
n, and n, respectively.

(4) Update the velocity and position of each particle according to (15)-(16).

Where PZ ; s selected from the subset of P_Set randomly. For the constraint-handling
k+1 k+1 k+1

approach, update the x;; i i; isin the constraint interval,

k+1
(5) Dynamic switckiing strategy: Compare each particle in NP_Set with that in P_Set. Let the
particles in NP_Set be X;,..., X;,... ,X,,2 and the elements in P_Set be X,..., Xj, L X
Fori=1ton,
For j=1ton,
IfF(X,) < F(X,)
Switch X; and X then update their index and position in sets.
End if
End for
End for
Update the two sets P_Set and NP_Set.
If there exist k same particles in P_Set, delete them and re-initialize k particles in NP_Set,
and vice versa.
Update #, and n,.
If n, # nor not reaching the given maximum iterative number, goto Step 3.

withxf.‘j+ X ifx§+ x

namely xf] + x;; is feasible.

ny*

ALGORITHM 2: MOBPSO.

TaBLE 5: Components cost information (RMB/h).

Equipment A, (10°/h) p(107) t/h u/h  m/h Equipment Gt Che Crum

Valves 5.50 2.00 0.85 0.80 2.5 Valves 150 115 120

Pumps 3.50 0.55 5.00 4.5 25 Pumps 150 115 120

Equipment Agetype  «a=10""h ¥(2) e /9,

Valves PAR 0.45 1 0.5 1

Pumps PAS 0.25 1 0.5 1 Our first case of study encompasses two different single

the allowed outage time for valves and pumps, respectively.
For the valves, the permitted range is4h < D, < 24h. As to
the pumps, the permitted range is 24h < D, < 168 h.

objective optimization problems, considering the optimiza-
tion of the risk function and adopting the cost function as an
implicit constraint or vice versa.

Firstly, we choose the system yearly cost as an objec-
tive function and the system unavailability is treated as
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TABLE 6: Constraints on test intervals (TT).

Test interval Valves Pumps Constraints Permitted range

T, V1, V2 kT 168h < T, <8670h
PA, PB, PC 2”20

T, V3,V5 T.oK K T, 1<K, <10

T, V4,V7, V8 1<K, <10

Inlet A Valve 3 (V3) Pump A (PA) Valve 1 (V1)
—><
Valve 6 (V6) Pump B (PB
@_ RSWT]
Valve 7 (V7)X Valve 5 (V5) Pump C (PC) | Valve 1 (V2
><] | D><J—
Inlet B
FIGURE 2: HPIS system of a PWR.
2200 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ T
2100 F - e

2000
1900
1800
1700 |
1600
1500
1400

Cost function mean value

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Iterative number

FIGURE 3: Convergence evolution versus cost function.

a constraint (u, < 1.0e — 4). The customized basic PSO
described in previous section has been used as optimizer. The
optimization results are shown in Figure 3. From Figure 3,
we can see the mean value of fitness (cost) in one particle
decreases gradually along with the increasing of the iterative
number.

Then, we choose the system yearly unavailability as the
objective and treat the system yearly cost as a constraint (¢, <
2460 RMB). The optimization results are shown in Figure 4.
The results show that the mean value of unavailability also
decreases as the increasing of the iterative number.

The optimized results are shown in Table 8.

As observed in Figures 3-4, objective functions are
becoming convergent with the increase of the iteration num-
ber. PSO optimizer finally presents a valid optimized variable
vector. In case 1, optimized results keep the considered system
nearly at the same risk level, but greatly reduce the cost.
Moreover, optimized solutions notably decrease the system
risk level remaining at almost the same expenditure cost.

In the second case we consider the model as a multi-
objective optimization problem and obtain the nondomi-
nated solutions with MOBPSO algorithm. Figure 5 shows the
obtained nondominated solutions.

0.035

0.03
0.025
0.02
0.015
0.01
0.005

Risk function mean value

0 1 1 1 n 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Iterative number

FIGURE 4: Convergence evolution versus risk function.

X 110_4 Pareto front

091 -
08 -«
0.7 |
0.6 |
05
04t %
03 x.
02t

01t

Risk function

Xy
*hkk g
. . 4 ke Mk kW kok Kk e ke e

0 1 1 1 1 1
1500 2000 2500 3000 3500 4000 4500
Cost function

FIGURE 5: Obtained nondominated solutions with MOBPSO.

6. Conclusions

One important aspect of the nuclear industry is to improve
the availability of safety-related equipment at NPPs to achieve
high safety and low cost levels. In this paper, the multiobjec-
tive optimization algorithm based on PSO has been applied
to solve the constrained multiobjective optimization of test-
ing and maintenance-related parameters of safety-related
equipment. The numerical results indicate that PSO is a
powerful optimization method for finding NPP configuration
resulting in minimal cost and unavailability. Also based on
the MOBPSO, we obtain the nondominated solutions set. The
results successfully verify that the PSO is capable of finding
a nondominated solution of a constrained multiobjective
problem in resource effectiveness and risk control of NPP.
The multiobjective optimization algorithm based on PSO
should attract more attention to apply in optimization of
testing and maintenance activities of safety equipments at
NPPs. Exploring the capacity (including topology structure,
the optimal selection of parameters, and the integration with
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TABLE 7: Constraint on preventive maintenance intervals.
Ma%ntenance Valve Pump Relationship Permitted range
period
2<n <20
M, VI-V7 — L =n -M,
M, o PA. PB, PC ! 720 < M, < 20280
720 < M, <20280
TaBLE 8: Optimized results. References
Variables Initial values Optimized results [1] IEAE, “Risk based optimization of technical specifications for
Case 1 Case 2 operation of nuclear power plants,” IAEA-TECDOC-729, 1993.
T, 2180 1629 2275 [2] M. Harunuzzaman and T. Aldemir, “Optimization of standby
K 2 10 1 safety system maintenance schedules in nuclear power plants;”
K2 5 5 ] Nuclear Technology, vol. 113, no. 3, pp. 354-367, 1996.
’ [3] S. Martorell, S. Carlos, A. Sanchez, and V. Serradell, “Con-
n, 24 3 2 . > . .
strained optimization of test intervals using a steady-state
M, 4000 14653 2507 genetic algorithm,” Reliability Engineering and System Safety,
M, 4000 16805 10157 vol. 67, no. 3, pp. 215-232, 2000.
D, 10 5 8 [4] S. Martorell, A. Sdnchez, S. Carlos, and V. Serradell, “Simulta-
D, 75 115 100 neous and multi-criteria optimization of TS requirements and
U(Xx) 4.0¢ — 4 1.8665¢ — 4 0.97693¢ — 5 maintenance at NPPs,” Annals of Nuclear Energy, vol. 29, no. 2,
C(X) 2460 1728.7 57672 Pp. 147-168, 2002.

other EAs, etc.) of PSO for the testing and maintenance cost
model is our future work.

Acronym

ACO: Ant Colony Optimization
AOT: Allowed outage time

GA:  Genetic algorithm

HPIS:

High-pressure injection system
MCS: Minimal cut sequence
NPP: Nuclear Power Plant
PAR: Proportional age reduction

PAS:  Proportional age setback
PSWT: Refueling water storage tank
PSO:  Particle swarm optimization.

Notation

Failure rate

Averaged failure rate

The residual standby failure rate

Repair rate

Decision variable vector

Cumulative distribution function

Age cofactor

The maintenance effectiveness factor
: Working condition factor

Overhaul period.
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