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Optimizing performance is one of the main goals in science and technology. However, it is a significant challenge,
as it is usually constrained by safety requirements and budget limitations. As a result, optimization algorithms
utilizing artificial intelligence to enhance the performance of industrial systems have been developed over the last
few decades. Due to advances in computing and the proven effectiveness of artificial intelligence methods, there has
been a growing application of these methods in the nuclear sector. This has encouraged the publication of studies that
cover everything from the design phase to maintenance policies and life extension strategies. A nuclear power plant
is typically designed for a 40-year service life, during which the reliability of system components, including main
and auxiliary safety systems, is ensured by high safety standards and management policies such as maintenance,
inspection, and testing. As the end of this period approaches, plants can choose between decommissioning or
extending their service life, often opting for life extension to operate for 40 to 60 years, based on feasibility studies
that assess component performance and the need for replacements. Maintenance is crucial but can increase system
downtime. Therefore, planning for redundant trains, which allow maintenance while the system continues operating,
is fundamental. Backup systems must also maintain high levels of reliability to avoid failures when needed. This
work developed an optimization tool using Probabilistic Safety Assessment (PSA) and the Cuckoo Optimization
Algorithm (COA). Applied to a simplified model of the High-Pressure Injection System of a Pressurized Water
Reactor (PWR), the tool aims to increase component reliability and reduce costs and downtime associated with
maintenance. COA was chosen for its optimization efficiency, and the fitness function focused on minimizing
unavailability and maintenance costs. The results of this work demonstrate an improvement of up to 60% compared
to literature.
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1. Introduction

Optimizing performance is often one of the main
goals in science and technology. However, this
presents a significant challenge, as it is typi-
cally constrained by safety requirements and bud-
get limitations. As a result, optimization algo-
rithms utilizing artificial intelligence have been
developed to enhance the performance of indus-
trial systems over the past decades Castiglioni
et al. (2021); Vaishya et al. (2020); Kathen et al.
(2021). With advances in computational power
and the proven effectiveness of artificial intelli-
gence methods, there has been a growing applica-
tion of these techniques in the nuclear sector. This

trend has encouraged the publication of studies
addressing topics ranging from the design phase
to maintenance policies and lifetime extension
Nicolau et al. (2023). A nuclear power plant is
typically designed for a 40-year lifespan. During
this period, the reliability of the system compo-
nents, both primary and auxiliary, including safety
systems, is ensured by high safety standards and
the management policies (maintenance, inspec-
tion and testing) imposed on nuclear facilities
CNEN (2002, 2005, 2011). When the operational
period approaches its end, plants can choose be-
tween decommissioning CNEN (2012) or lifetime
extension. Many opt for the latter, which can ex-
tend the operation from 40 to 60 years. Feasibility
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studies are essential to ensure that components can
continue to operate and to identify which ones
need replacement. Maintenance is crucial but can
increase system downtime. Therefore, planning
for redundant trains, which allow maintenance
while keeping a system operational, is fundamen-
tal. Backup systems must also maintain high reli-
ability levels to prevent failures when necessary.
This paper developed an optimization tool using
Probabilistic Safety Assessment (PSA) and the
Cuckoo Optimization Algorithm (COA). Applied
to a simplified model of the High-Pressure In-
jection System of a Pressurized Water Reactor
(PWR), the tool aims to enhance component reli-
ability and reduce costs and downtime associated
with maintenance. The COA was chosen for its
optimization efficiency, and the fitness function
focused on minimizing unavailability and main-
tenance costs.

2. Metodology

Using a Python interface, it was possible to de-
velop the cuckoo algorithm optimization, utilizing
a cost versus reliability equation as the evaluation
function.

2.1. Cuckoo Optimization Algorithm

The Cuckoo Optimization Algorithm (COA) is a
swarm algorithm based on the behavior of the
cuckoo bird, proposed by Yang and Deb (2009).
This bird exhibits parasitic brood behavior. Un-
like other birds, cuckoos do not build their nests;
instead, they lay their eggs in the nests of other
species, leaving the host bird to incubate their
eggs.

The optimization algorithm based on cuckoo
behavior (COA) begins with an initial population
composed of mature cuckoos and cuckoo eggs.
Mature cuckoos lay their eggs in the nests of
other birds and if these eggs are not detected, they
develop and become mature cuckoos. The survival
of these eggs forms the basis of the algorithm,
where unsuccessful eggs or cuckoos perish during
competition, while successful ones migrate to bet-
ter environments and continue reproducing. The
process involves three main rules:

(i) Each host nest can contain only one cuckoo

egg at a time, chosen randomly.
(ii) The nests with the best fitness results remain

in the next generations.
(iii) A fraction of nests are discarded with a cer-

tain probability to explore new nests.

Each cuckoo egg represents a solution to the
problem, and the goal is to generate better solu-
tions by replacing low-performing ones. The al-
gorithm aims to optimize the evaluation function,
approaching the global minimum.

2.1.1. Generation of the Search Space

In optimization problems solved by genetic al-
gorithms, solutions are represented by chromo-
somes, which are vectors of binary values. In the
cuckoo algorithm, these vectors are called nests or
habitats. Each nest represents a potential solution
to the problem and has the same dimension as
the search space. In an N-dimensional problem,
a nest is a vector that represents a position in the
N-dimensional space, as shown in Equation 1, i.e.,
a possible solution. Each component of this vector
is a real number and this position defines the nest
within the search space.

Nest = [x1, x2, x3, x4, ..., xn] (1)

The performance of a given nest is measured by
evaluating the objective function fo, which can be
defined by Equation 2.

fo(Nest) = fo(x1, x2, x3, x4, ..., xn) (2)

At the start of the algorithm, a number of N-
dimensional nests are created to search for the
solution to the problem. The evolution of the COA
is represented by Equation 3, where Lévy denotes
the Lévy Flight and is a scaling parameter. In this
work, α = 1 was used.

Nestt+1
i = Nestti + α · Lévy(λ) (3)

The COA code was developed using Python (Ver-
sion 3.11) with the help of the NumPy library
(Version 1.24) to perform some mathematical op-
erations and manipulate matrices.

2.1.2. Lévy Flight

Lévy flight is a type of random movement where
step distances follow the Lévy distribution. This
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pattern can be observed in the foraging behavior
of albatrosses and other animals. In the COA, the
Lévy distribution is used, as proposed by Yang
and Deb (2009), to simulate the nest site selection
process during optimization.

The Lévy distribution can be expressed, in a
simplified form, by the equation L(s) ∼ u−λ,
with 1 < λ < L ≤ 3 being maintained, or by
Equations 4 and 5.

L(s, γ, μ) =

√
γ

2π
exp

(
− γ

2(s− μ)

)
1

(s− μ)
3
2

(4)

L(s, γ, μ) = 0 (5)

With γ being a scaling factor for the given prob-
lem, and μ > 0 representing the minimum step
size, the step length can be obtained using Equa-
tion 6:

S =
u

|v| 1
β

(6)

The Lévy flight involves choosing a random di-
rection, generating a random number, and tak-
ing a step for the algorithm.In addition to the
Lévy flight, the COA discards a percentage of
nests based on the abandonment probability pa
and replaces these nests with new ones generated
randomly. This discard process requires a higher
processing capacity; however, it aids in the search
for the global fitness, as it constantly creates new
random nests, thus reducing the probability of the
algorithm becoming trapped in a local maximum
or minimum Kennedy and Eberhart (1995).

2.2. Reliability Model

This paper employs the methodology used by
Lapa et al. (1999, 2000) to estimate the reliability
of a component under a prevention and main-
tenance policy, building on a model by Lewis
(1996). The approach extends the calculation of
reliability across varying time intervals, not lim-
ited to periodic maintenance. The reliability of
a component, R(t), under a corrective mainte-
nance policy is defined in terms of its mainte-
nance schedule. The component’s reliability at

time t, given the last maintenance at Tm(last), is
expressed using an exponential function derived
from the Weibull distribution Da Luz (2009), with
parameters such as the component’s characteris-
tic life(θ), aging factor(m, and the probability of
unsatisfactory maintenance(p), Equation7 is ob-
tained, with problem parameters Nicolau et al.
(2023):

Rm[t, Tm(i), Tm(last)] =

exp[−((t− T (last)/θj)
m
j + (−[p(last)]+

last∑
i=1

[−((Tm(i)− Tm(i− 1))/θj)
m
j ]]

(7)

While Equation 7 describes the reliability of a
single component, the focus of this work is to
estimate the availability of a system with mul-
tiple components. This requires considering the
combination of all components in the system, as
shown in Equation 8, where the mixed configu-
ration of components directly influences system
performance and reliability. Where Us represents
the unavailability of the system as a whole, g is
the number of parallel paths, and p is the number
of components in series in each path.

Us =
n∏

g=1

n∏
p=1

Urp (8)

2.3. Cost Model

The cost involved with testing and repairs plays
a key role in the choice of maintenance for the
components of a system, and is considered in the
calculations presented in this work. The equation
representing the cost model in this paper was
developed by Da Luz (2009) and is expressed in
Equation9. In this equation, Q denotes the compo-
nent index, and j denotes the maintenance index.
Cm and Cr refer to the costs associated with
preventive maintenance and repairs, respectively
while Tmis represents the total mission time.
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(9)
This equation results in the sum of the total

cost (CT ) of the planned maintenance for the X

components of the system under analysis.

2.4. Fitness Function

The fitness function, which evaluates a nest in
the COA (as proposed by Da Luz (2009)), is a
weighted sum that considers the average unavail-
ability of the system throughout the component’s
mission, as well as the total costs related to main-
tenance activities. Equation 11 shows the impact
of a certain maintenance policy on the reliability
of the system.

Fun = T−1
mis

∫ Tmis

0

Rsis dt (10)

The fitness function then becomes a combination
of Equation11 and the total costs related to the
maintenance policy (presented in Equation 9).

Fit = Wd(1− Fun) +Wc C
0→Tmis

Tsis
(11)

In this expression, Wd and Wc correspond to the
weights assigned to unavailability and the total
maintenance costs of the system components, re-
spectively. The value of Wd ranges from 0 to 1,
while Wc ranges from 0 to 1, divided by the prod-
uct of the number of components and the maxi-
mum number of interventions (maintenances).

2.5. Problem Modeling

In this study, a simplified model of the High Pres-
sure Safety Injection System (HPIS) was chosen.
It is a standby system, consisting of three pumps
and four valves, forming an interconnected set of
components. Figure 1 shows the diagram of the
HPIS adopted in this work.

The operational characteristics used, such as
test time and repair time, are fictitious values;

however, they are based on typical values found
in the literature for similar components Harunuz-
zaman and Aldemir (1996).

Fig. 1. Simplied diagram of the HPIS system

The problem was modeled based on the study
by Luz, A. F., 2009 [14]. Initially, a limit of 23 in-
terventions, or maintenances, was defined for each
component of the system. Thus, considering the 7
components mentioned, up to 161 maintenances
(7x23) could be scheduled, which represents the
maximum number of elements that the candidate
solution vector – or the nest in the COA – could
contain.

Thus, the search space of the COA will have
161 dimensions. The position vector (nest) of the
COA is composed of X = x0, x1, x2, ..., x160,
totaling 161 elements, with each component hav-
ing 23 elements. A 540-day operation period was
defined for the system, with a time interval of
1 day. Therefore, the candidate solution to the
problem considers the following conditions:

• The elements of the solution vector are real
numbers ranging from -540 to 540 (mission
time);

• Each real value is rounded to the nearest inte-
ger;

• Values between 1 and 540 represent valid days
for a stop;

• Values below 1 are not considered as stops,
resulting in fewer than 23 interventions per
component;

• Identical stop values are not accepted for the
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same component.

3. Tests and Results

3.1. Tests

For this study, typical values from the litera-
ture were adopted for the maintenance and repair
costs of the HPIS components Harunuzzaman and
Aldemir (1996). The following parameters were
considered:

• Mission time of 540 days, with the average
interval between reloads.

• Time required for performing a maintenance (or
outage time):

– Valve: TMV = 8h

– Pump: TMP = 24h

• Weibull parameters:

– mv(valves) = 1, 35

– mp(pumps) = 1, 8 (Aging factor)
– θv(valves) = 600days

– θp(pumps) = 600days (characteristic
life)

It is assumed that, since the time required to repair
a pump is greater than the time allocated for valve
maintenance, when a valve is stopped for any type
of maintenance (preventive or corrective), only
tests (preventive maintenance) will be performed
on the pump. However, when the pump is stopped,
both types of maintenance can be performed on
both components.

Five tests were conducted for each population
(20, 50, and 100 particles), across 500, 1000,
and 2000 generations. The best results from each
generation were compared with those reported in
the literature, which addressed the same problem
using the Particle Swarm Optimization algorithm.
These results are presented in Table 1.

Table 1. Comparison of results between COA and
PSO algorithms.

Population Generations COA PSO

20 500 0.002733 0.004917
20 1000 0.002666 0.002967
20 2000 0.002421 0.004938
50 500 0.002420 0.003210
50 1000 0.002441 0.002705
50 2000 0.002176 0.001730
100 500 0.002424 0.002423
100 1000 0.002196 0.002399
100 2000 0.002205 0.006679

Source: Own elaboration.

3.2. Results

Analyzing the result of the best fitness (50 nests
with 2000 generations).

Table 2. Maintenance schedule of components.

Components Stops Days of stops

Valve 1 2 9-15
Valve 2 6 72-158-251-302-333-404
Valve 3 8 19-56-161-193-252-373-400-485
Valve 4 10 8-13-18-36-40-58-210-255-270-457
Pump 1 3 194-199-499
Pump 2 4 129-203-265-387
Pump 3 5 50-68-242-256-426

Source: Own elaboration.

It can be observed that the algorithm did not
schedule maintenance on the same day, thereby
avoiding a low system reliability during mainte-
nance periods.

4. Conclusion

This paper presented the use of the COA opti-
mization algorithm for maintenance planning of
the HPSI system components in a nuclear power
plant. The main objective was to evaluate the
reliability of these components and the costs as-
sociated with performing maintenance when re-
quired. The parameters used are consistent with
those reported in the literature Da Luz (2009);
Harunuzzaman and Aldemir (1996). When com-
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pared to the results reported in the literature Lon-
gen (2022), the COA showed an average improve-
ment of 21.05%. Furthermore, it achieved perfor-
mance gains of up to 66.98% compared to the PSO
algorithm, highlighting its effectiveness in solving
the proposed problem.

In terms of computational efficiency, for the
most computationally intensive case(2000 itera-
tions and a population size of 100), the COA
algorithm completed execution in 77.9 seconds,
whereas the PSO algorithm took 98.8 seconds.
This represents a 21.15% reduction in execution
time, reinforcing the COA’s advantage in optimiz-
ing both performance and computational cost.
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