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A B S T R A C T

Effective maintenance optimization strategies are crucial for improving the complex equipment reliability and 
reducing the maintenance costs. However, the effectiveness of the maintenance procedures applied to industrial 
equipment is affected by uncertainty, e.g. due to the professional skills of maintenance personnel, the actual 
condition of the equipment being maintained. The quantification of the uncertainty on the effect of maintenance 
has practical significance and must be accounted in the development of maintenance strategies for reducing 
equipment probability of failure. This paper proposes a multi-objective maintenance strategy considering the 
uncertain impact of the maintenance actions. The impact of maintenance actions on the reliability of components 
is first studied and a reliability assessment model is developed, which considers the skill of maintenance 
personnel and the actual condition of the equipment. To optimize the multi-objective maintenance strategy, a 
multi-strategy particle swarm optimization (MS-PSO) algorithm is proposed. Two case studies are considered to 
verify the effectiveness of the proposed approach for multi-objective maintenance strategy optimization. In the 
case studies considered, it turns out that the maintenance cost rate (MCR) is reduced throughout the system life 
cycle and the cumulative availability is improved.

1. Introduction

Equipment and engineering systems are exposed to failures due to 
harsh external environments [1,2] and internal degradation of the 
components [3], which may cause significant economic losses, and even 
human injuries and fatalities [4,5]. This motivates industry re
quirements for high system reliability and security [6,7]. Maintenance is 
necessary for ensuring system reliability, availability, and equipment 
safety. However, the development of maintenance strategies is 
challenging.

Existing maintenance strategies include corrective maintenance 
(CM) [8], scheduled preventive maintenance (PM) [9,10], opportunistic 
maintenance (OM) [11], condition-based maintenance (CBM) [12,13], 

and predictive maintenance (PdM) [14]. Many related studies have been 
conducted. For instance, considering that the failure type affects the 
system maintenance costs, Dui et al. [15] proposed a variable system 
cost method considering the full life cycle; they developed PM strategies 
by identifying component failure modes and integrating them into the 
full life cycle assessment. Considering the insufficient reliability utili
zation caused by premature maintenance, Lu et al. [16] proposed a 
multi-objective optimization model for OM strategy, and evaluated the 
economic benefits and failure risks. Levittin et al. [17] analyzed the 
expected task cost composition of incomplete production by a system 
and minimized it. Zhang et al. [18] proposed a cost-based maintenance 
priority model for assisting in the selection of the components for PM 
and reducing the system maintenance costs. The aforementioned 
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researches focus on the development and optimization of maintenance 
strategies centered on the maintenance costs.

However, formulating an effective maintenance strategy is not only 
about seeking the lowest maintenance cost, especially for complex 
equipment and systems [19,20]. It may require the consideration of also 
other factors, such as the availability and reliability [21]. Zuo et al. [22] 
proposed a continuous bi-objective optimization model for planning the 
risk-related resources and developed a rule-based metaheuristic algo
rithm, showing the importance of risk responses in project risk man
agement. Cai et al. [23] considered that the degradation of structural 
systems is caused by multiple factors and proposed a hybrid method to 
predict the life of submarine pipelines to provide a basis for 
condition-based maintenance. Wang et al. [24] considered the impact of 
the failure modes of leakage and burst on pipeline maintenance, and 
established a multi-objective maintenance optimization model for 
pipelines with availability and cost rate as optimization objectives. Han 
et al. [25] developed two dynamic risk models and proposed a system
atic multi-objective optimization framework for the optimization of PM 
intervals to ensure the safety of critical equipment in offshore facilities. 
Wei et al. [26] proposed a multi-objective optimization decomposition 
strategy for complex equipment of aero-engines, eliminating the need 
for pre-established maintenance thresholds for different objectives.

For many complex equipment and systems, the development and 
actuation of the maintenance strategies is affected by various un
certainties, for example, due to the random process of degradation and 
the operational and environmental combinations. Chen et al. [27] 
considered that insufficient knowledge of maintenance and degradation 
mechanisms would lead to epistemic uncertainty of maintenance pa
rameters, and proposed an OM optimization model for continuous 
manufacturing systems by introducing an opportunity time window to 
constrain production. Considering the increased uncertainty in the 
operation process of the control system as the complexity increases, Liu 
et al. [28] proposed a hybrid multi-stage control system rule constraint 
prediction method to make up for the lack of understanding of the real 
degradation process. Considering that the lack of available information 
on components or systems will lead to cognitive uncertainty and thus 
affect the assessment of system importance, Chen et al. [29] proposed an 
uncertainty comprehensive importance measure to effectively evaluate 
the importance of components. Li et al. [30] considered that these un
certainties such as randomly occurring shocks would cause additional 
damage to equipment, and proposed a reliability model based on Mar
kov regeneration process to explain their impact on reliability modeling. 
Considering the uncertainty of machine failures, Ruiz-Rodríguez et al. 
[31] formulated a stochastic scheduling problem to maximize machine 
uptime by decreasing the mean time to repair. Li et al. [32] proposed a 
comprehensive decision-making framework to consider component 
failure time uncertainty, and used the Monte Carlo method [33] to 
generate random scenarios. Considering the uncertainty of the impact of 
external shocks on the degradation rate, Zhang et al. [34] proposed a 
component maintenance priority selection strategy to guide system 
maintenance. Some studies have also considered the uncertain effects of 
external disasters and random shocks, incorporating them into the 
maintenance optimization of subsea control systems [35,36].

In practice, the components of a system undergo several possible 
imperfect maintenances during the lifetimes, until a perfect mainte
nance is carried out, i.e. until the component is replaced with new ones. 
The reliability of components will be improved after repairs, but the 
technical level of different maintenance personnel will have a great 
impact on the quality of component repairs. These uncertainties directly 
affect the evaluation of system reliability and availability, which affects 
the formulation of maintenance strategies. Neglecting the impact of 
uncertain on maintenance can lead to unreasonable maintenance stra
tegies, which can have negative consequences, including unjustified 
maintenance expenses and production losses. In the development of 
maintenance strategies, the consideration of these uncertainties and the 
quantitative analysis of their impact on the reliability modeling and 

maintenance optimization are lacking, especially in the existing multi- 
objective maintenance strategies. Therefore, they should be further 
studied.

In addition, in order to solve the optimization problem in mainte
nance strategies, intelligent algorithms are required to determine the 
optimal solution in multi-objectives. The commonly used algorithms for 
solving multi-objective optimization include the genetic algorithm (GA) 
[37] and PSO algorithm [38,39]. The GA search starts from the group, 
and it is able to conduct simultaneous comparisons of multiple in
dividuals, which has broad application prospects. However, the results 
of the search depend on the initialization population and evaluation 
function. Therefore, the accurate choice of parameters significantly af
fects the quality of the solution, and most of the existing methods for the 
selection of these parameters rely on the experience. In addition, a 
complex problem requires high computational load and computing re
sources. The basic PSO algorithm evaluates the quality of the solution 
through fitness. Therefore, it has simpler rules than the GA, it requires 
fewer parameters to be adjusted, and it can be more easily implemented. 
In addition, each particle in PSO is guided by its historical local and 
global best positions. This mechanism allows the particles to quickly 
converge to the optimal solution. However, many problems, such as 
local optimal solutions and poor diversity may occur during the opti
mization solution process.

The research presented in this paper considers uncertain factors in 
maintenance behavior, and quantitatively analyzes its impact on the 
reliability modeling and maintenance optimization. In addition, a multi- 
strategy particle swarm optimization (MS-PSO) algorithm is proposed to 
overcome some problems faced by the traditional PSO algorithm, i.e., 
falling into local optimal solutions and lacking global diversity in the 
multi-objective solutions. Fig. 1 shows the flowchart of the proposed 
multi-objective maintenance strategy. The main contributions of this 
paper are summarized as follows: 

1) A system reliability model incorporating the uncertainty of mainte
nance effects is developed, along with a reliability assessment 
method that comprehensively accounts for both the professional 
skills of maintenance personnel and the condition of the components. 
In comparison to conventional reliability models that neglect main
tenance uncertainties, the proposed approach more accurately mit
igates the risk of underestimating the failure probability of 
maintained components.

2) A novel MS-PSO algorithm is introduced to optimize the multi- 
objective maintenance strategy. The performance of MS-PSO is 
benchmarked against NSGA-II, with the results demonstrating that 
the proposed MS-PSO achieves superior solution uniformity and 
accuracy compared to both NSGA-II and basic PSO. Specifically, the 
solution distribution on the Pareto front (PF) is more uniform and 
closely aligned with the true PF. These findings indicate that the 
proposed algorithm outperforms NSGA-II and PSO in terms of opti
mization efficiency and solution quality.

3) A multi-objective maintenance decision-making model for the life 
cycle management of complex systems is formulated and optimized 
using the proposed MS-PSO algorithm. This approach enables the 
optimization of maintenance time and actions, ensuring system 
safety while simultaneously minimizing the MCR and enhancing 
cumulative availability.

The remainder of this paper is organized as follows. Section 2 in
troduces the reliability model considering the uncertain maintenance 
impact and the multi-objective maintenance optimization model. Sec
tion 3 details the proposed MS-PSO algorithm, including the introduc
tion of the adaptive weight optimization strategy and multi-weight 
subspace particle constraint strategy adopted to overcome the short
comings of the basic PSO algorithm. Section 4 presents two case studies 
for the application of the proposed models and algorithm. Finally, the 
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Fig. 1. Flowchart of the proposed multi-objective maintenance strategy.
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conclusion and future directions of work are discussed in Section 5.
Acronyms Symbols

PSO Particle swarm 
optimization

βi Shape parameter of component i

MS- 
PSO

Multi-strategy-particle 
swarm optimization

γi Scale parameter of component i

MCR Maintenance cost rate Tm The m-th imperfect maintenance 
time

CM Corrective maintenance νi
Tm

Professional skills for m-th 
maintenance

PM Preventive maintenance E(ν) Expectation of professional skills
OM Opportunistic 

maintenance
σ(ν) Standard deviation of 

professional skills
CBM Condition based 

maintenance
Cim Imperfect maintenance cost

PdM Predictive maintenance Cpm Perfect maintenance cost
GA Genetic algorithm Csp Spare parts cost
NSGA- 

II
Nondominated sorting 
genetic algorithm-II

Cd Downtime cost

PF Pareto front Com Uncertainty loss cost
PDF Probability density 

function
κa Penalty factor for advanced 

maintenance
MTTF Mean time to failure κd Penalty factor for delayed 

maintenance
MTTR Mean time to repair τm Maximum downtime for m-th 

maintenance
HV Hypervolume ρi

Tm
State of the component during 
the m-th maintenance

IGD Inverted generational 
distance

μ̃i(Tm) Repair rate of component i for 
the m-th time

FT Fuel tank m The number of maintenance 
actions

EDP Engine driven pump w Inertia weight
EMP Electric motor pump c1 Local learning factor
FSOV Fire shut-off valve c2 Global learning factor
Acc Accumulator λ̃i(t) Failure rate of component i 

considering maintenance actions
SV Solenoid valve R̃i(t) Reliability of component i 

considering maintenance actions
RAT Ram air turbine δ Adjustment coefficient
PTU Power transfer unit As System availability

2. Construction of multi-objective models for multi-component 
system

This section mainly describes the construction of multi-component 
system reliability model considering maintenance uncertainty and the 
construction of multi-objective function for a maintenance optimization 
model, providing a basis for the formulation and optimization of a multi- 
objective maintenance strategy for complex system.

2.1. Multi-component system reliability model considering the 
maintenance uncertain impact

The lifetime of the i th component of a mechanical system is often 
assumed to follow the Weibull distribution [40], whose probability 
density function (PDF) is: 

fi(t|β, γ) =
βi

γi
⋅
(

t
γi

)βi − 1

⋅exp
(

−

(
t
γi

)βi
)

(1) 

where βi is the shape parameter and γi is the scale parameter. These 
parameters can be determined based on historical failure data.

The failure rate function of component i can then be expressed as 

λi(t|β, γ) =
βi

γi
⋅
(

t
γi

)βi − 1

(2) 

During the entire lifecycle operation, perfect maintenance or 
imperfect maintenance will generally be performed based on the state of 
the component. Perfect maintenance usually involves replacing parts to 
keep the component in perfect condition, while the imperfect mainte
nance involves disassembling and reassembling the parts of the 

component. When imperfect maintenance is performed on a component, 
its failure rate is reduced, which allows to extend its service life. With 
reference to Fig. 2, we can update the effect of imperfect maintenance on 
the failure rate as follows: 

λ̃i(t|β, γ) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

λi(t|β, γ), t < T1

λi(t|β, γ) − νi
T1

λi(T1),T1 ≤ t < T2

⋯

λi(t|β, γ) −
∑M

m=1
νi

Tm
λi(Tm), t ≥ TM

(3) 

where λ̃i(t|β, γ) is the failure rate of component i considering the main
tenance actions, Tm is the time of the m-th imperfect maintenance, νi

Tm 
is 

the professional skills of the maintenance technician repairing compo
nent i for the m-th maintenance time.

Note that it is reasonable to assume that 0 < ν < 1. A large ν in
dicates that the maintenance technicians have good repair capacity, and 
a small ν indicates that the maintenance level of technician is poor. The 
factor ν of professional skill is a random variable, which we assume to 
follow beta distribution, whose PDF is [41]: 

f(ν;α, ζ) = 1
B(α, ζ)

⋅να− 1⋅(1 − ν)ζ− 1 (4) 

where α is the shape parameter, ζ is the scale parameter and the beta 
function B(α, ζ) is given by: 

B(α, ζ) =
∫1

0

tα− 1⋅(1 − t)ζ− 1dt (5) 

The expectation E(ν) and standard deviation σ(ν) of the beta distri
bution are used to represent the average operating capacity of the 
maintenance personnel and the uncertainty of the average skills 
respectively: 

E(ν) = α /α+ ζ (6) 

σ(ν) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

αζ/(α + ζ)2
(α + ζ + 1)

√

(7) 

The reliability of component i at time t can be expressed as: 

Ri(t) = exp

⎛

⎝ −

∫t

0

λi(φ)dφ

⎞

⎠ (8) 

If component i has undergoes imperfect maintenance M times before 
time Tm, its reliability can be expressed as: 

R̃i(t) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

exp

⎛

⎝ −

∫t

0

λ̃i(φ)dφ

⎞

⎠ = Ri(t), t < T1

Ri(t)⋅exp

⎛

⎝(t − T1)⋅λi(T1)⋅
∫1

0

νi
T1

⋅f(ν)dν

⎞

⎠,T1 ≤ t < T2

⋯

Ri(t)⋅exp

⎛

⎝
∑M

m=1

⎛

⎝(t − Tm)⋅λi(Tm)⋅
∫1

0

νi
Tm

⋅f(ν)dν

⎞

⎠

⎞

⎠, t ≥ TM

(9) 

For a series system, the reliability is then calculated as: 

R̃s(t) =
∏n

i=1
R̃i(t) (10) 

and for the parallel system, the reliability is: 
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R̃s(t) = 1 −
∏n

i=1
(1 − R̃i(t)) (11) 

2.2. Maintenance cost model

The maintenance costs usually include the component replacement 
costs, downtime costs, spare parts ordering costs, and inspection costs, 
etc. These cost functions are detailed in the sequel. 

(1) Imperfect maintenance cost

The imperfect maintenance costs are those costs for components that 
can be repaired by disassembling and reassembling the components and 
replacing small internal parts. It usually includes some repair costs for 
the maintenance personnel. The cost of the system imperfect mainte
nance can be expressed as: 

Cim =
∑k

i=1

(
ci

im + εi
imτi

im
)

(12) 

where k is the number of components of the system requiring for 
imperfect maintenance, ci

im is the parts cost of the imperfect mainte
nance of the i th component, εi

im is the maintenance cost per unit time of 
the maintenance personnel for the imperfect maintenance of the i th 
component, and τi

im is the time needed for the imperfect maintenance of 
the i th component. 

(2) Perfect maintenance cost

The perfect maintenance cost is the cost of replacing components 
with new ones, which can be expressed as: 

Cpm =
∑n− k

i=1

(
ci

pm + εi
pmτi

pm

)
(13) 

where n is the number of components requiring maintenance, ci
pm is the 

replacement cost of the i th component, εi
pm is the maintenance cost per 

unit time of the maintenance personnel for the i th component, τi
pm is the 

downtime of replacement of the i th component. 

(3) Spare parts cost

For performing the maintenance tasks, the relevant components 
requiring maintenance should be determined according to the mainte
nance plan, and the spare parts should be ordered. If spare parts are not 

ready when the planned maintenance time is reached, the imple
mentation of the maintenance plan will be affected, if they become 
available long before the planned maintenance, storage costs are usually 
paid. The dispatch cost of spare parts can be expressed as: 

Csp =
∑n

i=1

(
ci

sδ
i
sd

i
s&h + ci

hδi
h

(
1 − di

s&h

))
(14) 

where ci
s and ci

h are the spare parts out-of-stock cost and holding cost for 
the i th component maintenance per unit time respectively, δi

s and δi
h are 

the corresponding out-of-stock time and holding time respectively, di
s&h 

indicating whether the spare parts for the i th maintenance component 
are out of stock (di

s&h = 1) or not (di
s&h = 0). 

(4) Downtime cost

The downtime cost depends on the duration of the system down 
state. The maintenance times of n components requiring maintenance 
are τ1

im, τ2
im,…, τk

im, τ1
pm, τ2

pm,…, τn− k
pm . Assuming that the maintenance ac

tivities for each system component do not affect each other and they are 
performed in parallel, the downtime of the system depends on the 

longest maintenance time of a component, τm = max
0≤i≤n

{
τi

im, τi
pm

}
. 

Therefore, the system downtime cost can be expressed as: 

Cd = cdτm (15) 

where cd is the cost of production loss per unit time and τm is the 
maximum downtime for the m-th maintenance. 

(5) Uncertainty loss cost

A penalty factor is introduced to represent the cost loss caused by 
advanced or delayed maintenance and the associated cost can be 
expressed as: 

Com = κa⋅(Tm − ta)⋅dm
a + κd⋅(td − Tm)⋅dm

d (16) 

where κa andκd are the penalty factors for advanced maintenance and 
delayed maintenance per unit time respectively, ta and td are the actual 
advanced maintenance time and delayed maintenance time respec
tively, dm

a and dm
d are binary variable to determine whether the m-th 

maintenance is advanced or delayed respectively (dm
a = 1&dm

d = 0if 
advanced, dm

a = 0&dm
d = 1 if delayed).

The total maintenance cost of the system is the sum of the afore
mentioned cost items: 

Fig. 2. Changes in component failure rate during a replacement cycle.
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Ctotal = Cim + Cpm + Csp + Cd + Com (17) 

The maintenance cost rate (MCR) of the system is the ratio of the 
total maintenance cost to the running time before the m-th maintenance: 

MCRm =
Ctotal

Tm
(18) 

2.3. Availability model of the system

The availability is a measure of the ability of a system or component 
to return to a state in which it can execute its intended function after 
maintenance. It is typically expressed by the ratio of the mean time to 
failure (MTTF) to the sum of MTTF and mean time to repair (MTTR). The 
repair rate of a component is usually related to its conditions, such as the 
number of repairs, the complexity of the component and the profes
sionalism of the maintenance personnel, etc. Therefore, the component 
repair rate can be expressed as: 

μ̃i(Tm) = ρi
Tm

νi
Tm
,m = 1,2,…,M (19) 

where ρi
Tm 

is the state of the component during the m-th maintenance, 
which is related to its number of repairs and its complexity 
(0 ≤ ρi

Tm
≤ 1).

Therefore, the MTTR of component i can be expressed as: 

MTTRi =
1
μ̃i

(20) 

The MTTF of a component can then be defined as: 

MTTFi =

∫∞

0

tfi(t)dt (21) 

Considering the imperfect maintenance of components, their reli
ability is updated every time a maintenance is performed. By trans
formation f(t) = d(1 − R(t)) /dt, the MTTF of component i can be 
rewritten as: 

MTTFi =

∫∞

0

R̃i(t)dt (22) 

where the reliability of component i at time t considering the mainte
nance action is derived as presented in Section 2.1.

Let MTTFi = ϑ̃
− 1
i , for a series system, the availability is then calcu

lated as: 

As =
∏n

i=1
Ai =

∏n

i=1

μ̃i

ϑ̃i + μ̃i
(23) 

and for the parallel system, the availability is [42]: 

As = 1 −
∏n

i=1
(1 − Ai) = 1 −

∏n

i=1

(

1 −
μ̃i

ϑ̃i + μ̃i

)

(24) 

2.4. Multi-objective maintenance optimization model

In this study, the system maintenance optimization objectives are the 
MCR, reliability, and availability. The decision variables are the number 
of maintenance actions (m) and the maintenance times (Tm). The 
following three scenarios for multi-objective optimization are 
considered: 

Scenario 1: The objectives of the optimization are the minimization 
of the MCR and the unavailability with the constraint of reliability. 
The optimization model can be expressed as: 

⎧
⎨

⎩

minMCR(m,Tm)&minA(m,Tm)

s.t.R(m,Tm) ≥ R0
m ∈ N+;Tm > 0

(25) 

where A(m,Tm) = 1 − A(m,Tm) is the unavailability, R0 is the con
straining minimum reliability required for the system, and N+ is the set 
of positive integers. 

Scenario 2: The objectives of the optimization are the minimization 
of the MCR and the unreliability with the constraint of availability. 
The optimization model can be expressed as: 
⎧
⎨

⎩

minMCR(m,Tm)&minR(m,Tm)

s.t.A(m,Tm) ≥ A0
m ∈ N+;Tm > 0

(26) 

where R(m,Tm) = 1 − R(m,Tm) is the unreliability and A0 is the mini
mum availability acceptable for the system. 

Scenario 3: The objectives of the optimization are the minimization 
of the MCR, the unreliability and the unavailability. The optimiza
tion model can be expressed as: 
⎧
⎪⎪⎨

⎪⎪⎩

minMCR(m,Tm)&minR(m,Tm)&minA(m,Tm)

s.t.MCR(m,Tm) ≤ MCRmax
R(m,Tm) ≥ R0;A(m,Tm) ≥ A0
m ∈ N+;Tm > 0

(27) 

where MCRmax is the upper limit for the MCR.

3. Adaptive MS-PSO algorithm for multi-objective optimization

A multi-objective PSO algorithm is used to solve the optimization 
models of the three multi-objective scenarios. Compared with other al
gorithms, the PSO algorithm has clear advantages such as its insensi
tivity to initial values, high global search ability and high convergence 
speed. However, the PSO algorithm can fall into local optimal in the 
later stages. In order to solve the aforementioned problems, an adaptive 
MS-PSO algorithm is proposed.

3.1. Basic definition of PSO

PSO is a heuristic optimization algorithm, where each particle rep
resents an individual solution in the search space. Particles have position 
and velocity in the problem domain, where individuals search for local 
optimal solutions, and information is exchanged between local and 
global. The particles having the highest performance in the group guide 
the individuals to search for positions, and their speed and position are 
adjusted through local optimality and global optimality during each 
iteration to determine the global optimal solution.

Assuming that N particles exist in the M-dimensional search space, 
and each particle represents a solution, the position and speed of the i th 
particle after the k-th iteration can then be expressed as: 
⎧
⎨

⎩

Xi,k =
(

x1
i,k, x

2
i,k,…, xM

i,k

)

Vi,k =
(

v1
i,k, v

2
i,k,…, vM

i,k

) (28) 

After k iterations, the local optimal position searched by the i th 
particle and the global optimal position searched by the group can be 
expressed as: 
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{
Pi,k,best =

(
p1

i,k, p
2
i,k,…, pM

i,k

)

Gk,best =
(
g1

k , g
2
k ,…, gM

k
) (29) 

In this study, the minimization optimization objective is denoted by 
min f(X). In the local optimization process, if the current fitness value of 
the local is greater than his historical optimal fitness value, his historical 
optimal position is retained. If the current fitness value of the local is less 
than his historical optimal fitness value, his historical optimal position is 
updated to the current position: 

Pi,k,best =

{
Xi,k, f

(
Xi,k
)
< f
(
Pi,k− 1,best

)

Pi,k− 1,best, f
(
Xi,k
)
≥ f
(
Pi,k− 1,best

) (30) 

In the basic PSO algorithm, the changes of the velocity and position 
of the particles at the (k + 1)-th iteration can be expressed as: 
{

Vm
i,k+1 = wVm

i,k + c1r1

(
Pm

i,k,best − Xm
i,k

)
+ c2r2

(
Gm

k,best − Xm
i,k

)

Xm
i,k+1 = Xm

i,k + Vm
i,k+1

(31) 

where m = 1,2,…,M, w is the inertia weight which represents the impact 
of the velocity of the previous generation of particles on the velocity of 
their current generation, c1 and c2 respectively represent the local and 
global learning factors indicating the weight of the next action of the 
particle derived from its own experience part or the experience part of 
other particles. r1 and r2 are random numbers in the range of [0 1], used 
to increase the randomness of the search.

3.2. Adaptive weights optimization strategy

This study adopts the PSO algorithm to solve the multi-objective 
optimization model. The inertia weight and learning factor of the 
basic PSO do not change with the number of iterations. Consequently, 
the algorithm is sensitive to the initial parameters value, it easily falls 
into local optimal, which significantly decrease the effectiveness of the 
global search within the solution space.

As improvement, an adaptive weight optimization strategy is here 
proposed, where the inertia weight and learning factor are dynamically 
adjusted with the number of iterations. In the early stage, a large inertia 
weight is used to increase the global search capacity, which allows the 
particles to explore new areas and escape from the local optimal. In the 
late stage of the search, a smaller inertia weight of the w is used to in
crease the local search ability, which allows the algorithm to quickly 
converge to the optimal solution. This adaptive weight strategy can 
balance the global and local search capacities, which can result in a 
superior optimal solution. The dynamic change of the inertia weight w 
with the number of iterations k can be expressed as: 

w(k) = (w0 − wK) ∗ tan
((

1 −
k
K

)

+ δ
)

+ wK (32) 

where k and K represent the current number of iterations and the 
maximum number of iterations respectively, w0 and wK represent the 
initial inertia weight and the inertia weight of the maximum number of 
iterations respectively, δ is the adjustment coefficient and tan(⋅) is the 
tan function.

The learning factor represents the weight of the next action of the 
particle derived from its own experience or the experience of other 
particles. A low value causes the particles to hover around the target 
area, whereas a high value makes them cross the target area. This study 
aims at achieving particle diversity in the initial stage and quickly 
converging to the global optimum in the late stage. Therefore, the 
weight of the local learning factors should be gradually increased, 
whereas that of the global learning factors should be gradually 
decreased, so as to more effectively balance the global and local search. 
The dynamic adjustment of the learning factor can be expressed as: 

⎧
⎪⎪⎨

⎪⎪⎩

c1(k) =
(
c0

1 − cK
1

)
∗ tan

(
k
K
+ δ
)

+ cK
1

c2(k) =
(
c0

2 − cK
2
)
∗ tan

((

1 −
k
K

)

+ δ
)

+ cK
2

(33) 

where c0
1 and c0

2 are the initial local and global learning factors respec
tively, cK

1 and cK
2 are the local and global learning factors of the 

maximum number of iterations respectively.

3.3. Multi-weight subspaces particle constraint strategy

When the PSO algorithm is in the searching process, it is usually 
accompanied by the loss of population diversity, which may lead to a 
local optimal and precocious convergence. In general, the more popu
lation diversity, the higher the probability of global convergence of the 
algorithm. In order to improve the diversity of the particle search pro
cess, a multi-weight subspaces particle constraint strategy is proposed to 
balance the local optimal and global optimal phases of search.

The strategy is based on the current global optimal particle and 
global optimal particle before iteration, and it also considers the particle 
constraint area. In this area, the weight of the particle changes with the 
distance (i.e., Euclidean distance). This allows to increase the diversity 
of the particles during the search and also increase the global perfor
mance of the PSO algorithm. The framework of the multi-weight sub
spaces particle constraint strategy is shown in Fig. 3.

A group of particles is initialized in space, where each particle is a 
potential solution. All the particles follow the current optimal particles 
in the solution space. Then the optimal particle is selected to update the 
local and global extreme values until the optimal solution of the 
Euclidean distance is found to establish the weight subspaces. The 
Euclidean distance between the two global optimal particles is 
computed as: 

dk,k− 1
(
Gm

best
)
=
∑M

m=1

(
fm

(
Gm

k,best

)
− fm

(
Gm

k− 1,best

))2
(34) 

where Gm
best is the m-dimensional global optimal particle, fm

(
Gm

k,best

)
is its 

fitness value in the k-th iteration, and fm
(

Gm
k− 1,best

)
is its fitness value in 

the k-1-th iteration.
A weight subspace is constructed near the Euclidean distance of the 

two global optimal particles in the k-1-th and k-th iterations, and the 

Fig. 3. Framework of the multi-weight subspaces particle constraint strategy.
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particles are guided to search within this space for the most likely global 
optimal position. This allows to increase the efficiency of the population 
search. The weight subspaces of the particles can be expressed as: 

Sk,k− 1
(
Gm

best
)
= h
[
Gm

k,best,G
m
k− 1,best

]
(35) 

where h[⋅] is the constructor function of the subspace. When the particles 
are in the search state, those at different positions in the subspace are 
assigned different weights to guide them to the direction of the unex
plored area of the target space where the global optimal solution is most 
likely to occur. The distance arrangement of different particles and 
global optimal particles in the subspace can be expressed as: 

d⊥

(
Xm

j,k

)
= sort

{⃒
⃒
⃒Xm

j,k, dk,k− 1
(
Gm

best
)⃒⃒
⃒
J

j=1

}
,Xm

j,k ∈ Sk,k− 1
(
Gm

best
)

(36) 

where sort{⋅} is the arrangement function of different particles in the 
subspace, Xm

j,kis the m-dimensional position vector of particle j in the k-th 
iteration of the subspace, and J is the number of particles in the 
subspace.

The diversity of the particles in the search process can be improved 
by applying the strategy of multi-weight subspaces particles constraint. 
Then subspaces are searched to determine the weight of different par
ticles based on the Euclidean distance between them. This process 
guides the particles to move towards the unexplored area in the target 
space, which increases the effectiveness of the population search and the 
global performance of the PSO algorithm.

3.4. The solution process of the proposed adaptive MS-PSO

The proposed adaptive MS-PSO algorithm is used for solving the 
multi-objective optimization model under the three scenarios previously 
introduced. Fig. 4 shows the flowchart of the system maintenance 
optimization algorithm based on the adaptive MS-PSO. The steps of this 

algorithm are summarized as follows: 

Step 1 Initialize the particle swarm parameters, set the size of the 
particle swarm N, particle dimensions M and the number of iterations 
K, randomly initialize the position Xi,k and speed Vi,k of each particle, 
calculate the fitness value f

(
Xi,k
)

of each particle, and determine the 
initial local optimal value Pi,0,best and global optimal value G0,best of 
the particles.
Step 2 The adaptive weight optimization strategy is used to 
dynamically adjust the inertial weights w(k) and learning factors 
c1(k)&c2(k) to provide conditions for particles to quickly converge to 
the global optimum Gm

k,best , and enable the balance between the 
global and local searches.
Step 3 Update the particle position Xm

i,k and speed Vm
i,k, and calculate 

the fitness value of particle. The fitness values at different points 
form the PF. For the latter, all the possible solutions should be 
considered and some of them are chosen based on the decision var
iables of the solution set.
Step 4 The multi-weight subspace particle constraint strategy is used 
to set a constraint area Sk,k− 1

(
Gm

best
)

near the Euclidean dis
tancedk,k− 1

(
Gm

best
)

of the two generations of global optimal particles. 
The weight of the particles within this area changes with the vertical 

distance of the Euclidean distance d⊥

(
Xm

j,k

)
, which increases the di

versity of the particles during the search process.
Step 5 Recalculate the fitness value, update the local optimal value 
Pm

i,k,best and global optimal value Gm
k,best of the particles in the sub

space, and select the global optimal solution from them.
Step 6 Check whether the algorithm has completed its iterations. If 
the number of iterations is equal to the predefined value, or the 
difference between the fitness value of the optimal solution from the 
previous iteration and that from the current iteration is smaller than 
a specified threshold, the current global optimal solution is output as 

Fig. 4. Flowchart of the adaptive MS-PSO algorithm.
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the final search result. Otherwise, step 2 is performed and the next 
round of iterations is entered.

4. Case studies

Two case studies are considered to demonstrate the effectiveness of 
the adaptive MS-PSO algorithm and the superiority of the proposed 
multi-objective maintenance strategy optimization.

4.1. Case study 1: verification of the adaptive MS-PSO algorithm

In this section, PSO, NSGA-II, and the proposed adaptive MS-PSO are 
compared. The ZDT1 and DTLZ1 test functions are considered for the 
dual-objective and three-objective problems, respectively [43].

The ZDT1 function is a widely used benchmark function for multi- 
objective optimization. It is a two-objective problem with a convex 
Pareto front, making it a standard test for evaluating the performance of 
multi-objective optimization algorithms. The ZDT1 function can be 
expressed as: 
⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

f1(x) = x1

f2(x) = g(x)⋅
[
1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x1/g(x)

√ ]

g(x) = 1 + 9

(
∑n

i=2
xi

)/

(n − 1)

(37) 

where x1 ∈ [0,1], n is the total number of variables.
The DTLZ1 function is part of the DTLZ suite of test problems 

designed for multi-objective optimization. DTLZ1 is specifically chal
lenging because it includes a high-dimensional search space and re
quires the optimization algorithm to converge to a Pareto front that 
forms a simplex. The DTLZ1 function can be expressed as: 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

fi(x) =
1
2
x1x2⋯xM− 1(1 + g(xM:n)), i = 1,…,M − 1

fM(x) =
1
2
(1 − x1)(1 + g(xM:n))

g(xM:n) = 100

[

|xM:n| +
∑n

j=M

( (
xj − 0.5

)2
− cos

(
20π

(
xj − 0.5

)))
]

(38) 

where x = (x1, x2, ..., xn) is the decision variable vector, M is the number 
of objective functions and k is a parameter used to define the complexity 
of the function. The domain of each decision variable xj is [0,1].

Aiming at a fair comparison, for all the test problems, N is set to 100 
and the maximum number of iterations is set to 80. For the proposed 
adaptive MS-PSO method, the maximum number of subspaces is set to 8. 
The setting parameters of the proposed method are shown in Table 1.

The inertia weight iteration curve of the MS-PSO algorithm is shown 
in Fig. 5. It can be observed that with the increase in the number of it
erations, the inertia weight maximum value of 1.5 can be nonlinearly 
adjusted to the minimum value of 0.6 using the tan function. The inertia 
weight of the basic PSO decreases linearly with the increase in the 
number of iterations. When the number of iterations reaches about 60, 
the MS-PSO algorithm tends to be stable. Therefore, the MS-PSO algo
rithm has better performance in terms of efficiency than the basic PSO 

algorithm.
The performances of the three considered methods are compared on 

dual-objective and three-objective test functions, using the parameters 
of Table 1. The results of the comparison are shown in Figs. 6 and 7.

Fig. 6 shows the results of the comparison between PSO, NSGA-II, 
and the proposed adaptive MS-PSO on the ZDT1 test function. It can 
be seen that the non-dominated solution set obtained by the proposed 
adaptive MS-PSO algorithm in the dual-objective test function is closer 
to the true PF and the solution set is more dispersed than the PFs of the 
other two algorithms. This demonstrates that the proposed method 
outperforms the basic PSO and NSGA-II algorithms.

Fig. 7 shows the results of the comparison between PSO, NSGA-II, 
and the proposed adaptive MS-PSO on the DTLZ1 test function, where 
the gray part denotes the true PF. It can be seen that the approximate 
solution set obtained by the proposed adaptive MS-PSO algorithm in the 
three-objective optimization problem is close to the true PF, which 
demonstrates that the obtained solution set is accurate and more so than 
those obtained by the basic PSO and NSGA-II algorithms. In addition, the 
obtained solutions are scattered, which shows that the proposed algo
rithm has satisfactory convergence and diversity.

As shown in Table 2, we randomly selected 10 solution sets from 
Fig. 7 to compare different optimization algorithms. The PF satisfies 
∑3

i=1fi = 0.5. The closer the sum of the objective function solutions 
obtained by the algorithm is to 0.5, the closer the approximate solution 
set obtained by the algorithm is to the true PF, indicating that the so
lution set obtained by the algorithm is more accurate. From Table 2, we 
can see that the solution of the proposed adaptive MS-PSO algorithm is 
closer to the true PF.

Furthermore, the hypervolume (HV) and inverted generational dis
tance (IGD) metrics are used to evaluate and compare the performances 
of the three algorithms.

The HV index is used to evaluate the degree to which the target space 
is covered by an approximation set. This is the most commonly used 
evaluation index. Note that a reference point is required, and the HV 
value is the volume of the hypercube formed between the PF and the 
reference point. The larger the HV value, the better the diversity and 
convergence of the algorithm, and the closer the solution found to the 
true PF. The HV indicator is calculated as: 

HV(f r, P) = Vol
(
⋃

p∈P

[
f1(p), f r

1
]
×
[
f2(p), f r

2
]
× ...×

[
fm(p), f r

m
]
)

(39) 

where f r
i is the reference point and fi(p)is the solution set.

The IGD index is used to evaluate the gap between the approximate 

Table 1 
Parameters setting of the proposed adaptive MS-PSO algorithm.

Parameter Value

Particle swarm size 100
Maximum number of iterations 80
Variation range of inertia weight 1.5–0.6
Local learning factor change range 1.3–2.1
Global learning factor change range 1.9–1.1
Maximum number of subspaces 8

Fig. 5. Iteration curve of inertia weight.
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PF and the true PF. For each solution in the true PF, that in the 
approximate PF which is the closest to it is found, its Euclidean distance 
is calculated. The smaller the IGD value, the closer the approximate PF 
to the true one, the better the diversity and convergence of the algo
rithm. Note that the IGD calculation requires the determination of the 
true PF. The IGD indicator is computed as: 

IGD(PF∗,P) =
∑

y∈PF∗d(y,P)
|PF∗|

(40) 

where d(y, P) is the minimum Euclidean distance between solution y and 
that in set P.

Tables 3 and 4 represent the results of the comparison between the 
PSO, NSGA-II, and the proposed adaptive MS-PSO on the ZDT1 and 
DTLZ1 test functions, respectively. It can be seen from Table 3 that the 
HV value obtained by the adaptive MS-PSO algorithm in the ZDT1 test 
function is larger and the IGD value is smaller compared to those ob
tained by the other two algorithms. This demonstrates that the 
approximate solution obtained by the proposed algorithm is more ac
curate and its approximate solution is closer to the true solution. Similar 
results are observed from Table 4, which shows that the proposed al
gorithm improves the diversity and accuracy of the solution, and it 
outperforms the basic PSO and classical NSGA-II algorithm in solving 
multi-objective optimization problems. The MS-PSO algorithm achieves 
a better balance between convergence and diversity by employing a 
multi-objective particle swarm mechanism that adjusts particle move
ment based on both global and local search tendencies. This leads to 
faster convergence toward the Pareto optimal front while maintaining a 
diverse set of solutions, which is critical for achieving higher HV and 
lower IGD values. In comparison, NSGA-II relies on a genetic algorithm 

Fig. 6. Comparison between PSO, NSGA-II, and the proposed adaptive MS-PSO on the ZDT1 test function.

Fig. 7. Comparison between PSO, NSGA-II, and the proposed adaptive MS-PSO 
on the DTLZ1 test function.

Table 2 
Comparison of PSO, NSGA-II and the proposed adaptive MS-PSO on the solution 
set of DTLZ1 test function.
∑3

i=1
fi PSO NSGA-II MS-PSO

1 0.5341 0.5247 0.5060
2 0.5242 0.5232 0.5049
3 0.5293 0.5119 0.5074
4 0.5358 0.5133 0.5058
5 0.5352 0.5215 0.5132
6 0.5259 0.5287 0.5128
7 0.5331 0.5118 0.4989
8 0.5349 0.5106 0.4943
9 0.5218 0.5280 0.5007
10 0.5347 0.5190 0.5160

Table 3 
Comparison between the performances of the PSO, NSGA-II, and the proposed 
adaptive MS-PSO on the ZDT1 test function.

Algorithm HV IGD

PSO 116.43 9.41E-02
NSGA-II 117.18 7.95E-02
MS-PSO 119.67 4.63E-02
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framework, which can sometimes struggle with maintaining diversity, 
and PSO can face difficulties in multi-objective optimization due to its 
single-swarm structure.

4.2. Case study 2: optimization of maintenance strategies for an aircraft 
hydraulic system

To verify the superiority of the proposed multi-objective mainte
nance strategy, the proposed method is applied to the A320 aircraft 
hydraulic system, which is one of the important onboard systems of the 
A320 aircraft. It is a complex system exhibiting redundancy and oper
ating at high power. It consists of multiple sets of hydraulic systems that 
are independent and backing up each other. The hydraulic system fail
ures can affect the normal operation of the system, and increase the costs 
and risks, such as due to flight delays and downtime. They can even 
threaten the flight safety. Therefore, the optimization of the mainte
nance strategy of the hydraulic system is needed to improve its opera
tion reliability and availability, and to reduce its life cycle maintenance 
costs.

The structure diagram of the hydraulic system is shown in Fig. 8. The 
A320 has three independent hydraulic systems. The hydraulic system 
changes the low-pressure hydraulic oil in the fuel tank (FT) into high- 
pressure hydraulic oil through the engine driven pump (EDP) or elec
tric motor pump (EMP). In addition, it uses the high-pressure hydraulic 
oil to drive the actuators of the aircraft. Some auxiliary components in 
the system, such as the fire shut-off valves (FSOV), accumulators (Acc), 
solenoid valve (SV), ram air turbine (RAT), and power transfer unit 
(PTU), allow the hydraulic system to safely and stably work, and help 
reducing the external interferences. The three hydraulic systems can 
independently provide 3000 PSI pressure to the pressure system.

After performing maintenance operations on the components, their 
condition will be improved. However, the quality of the repair is closely 
related to the expertise of the personnel and the condition of the repair 
components. In other words, the actual value of the repair quality is 

different from the expected repair effect, and thus this situation should 
be considered in the reliability modeling of repairable systems. The 
reliability and maintenance optimization of the components of hy
draulic systems are studied using the proposed reliability model, which 
considers the maintenance uncertain impact. The reliability parameters 
of the components are shown in Tables 5 and 6. These data can be 
estimated from historical maintenance records.

It is assumed that the system is in a perfect state at the initial time 
with all components brand new. Fig. 9 illustrates the reliability trend of 
the hydraulic system components over time, in the absence of any 
maintenance operation.

It can be seen that the reliability of the components of the hydraulic 
system gradually decreases with its operation time. In order to ensure 
the required level of the system reliability and prevent possible failures, 
maintenance is performed for the component A (FT), component F (Acc) 
and component B (FSOV) at time t = 150 d. Considering the professional 
skills of the maintenance personnel and the actual condition of the 
components, the uncertain impact of maintenance on the component 
reliability are shown in Fig. 10.

It can be seen that as expected, considering the maintenance un
certain impact, the improvement of the reliability of the components is 
lower than without considering it. It can also be seen that simply 
ignoring the maintenance uncertain impact results in higher calculated 
reliability probabilities, leading to conservative maintenance and more 
likely latent failures. Lower professional skills of the maintenance 
technician may lead to more frequent imperfect repairs or longer repair 
times, thereby increasing the likelihood of system failures.

The three multi-objective optimization scenarios of Section 2.4 are 
analyzed with respect to the maintenance of the aircraft hydraulic sys
tems. The maintenance costs for the different components are shown in 
Table 7.

To optimize the three different scenarios, the simulation parameters 
are set as follows: the minimum system reliability requirement is R0 =

0.9, the minimum system availability requirement is A0 = 0.9, and the 
maximum system maintenance cost rate is MCRmax = 17$/d. The failure 
threshold of different components of the hydraulic system is set to 0.6. In 

Table 4 
Comparison between the performances of the PSO, NSGA-II, and the proposed 
adaptive MS-PSO on the DTLZ1 test function.

Algorithm HV IGD

PSO 1216.79 8.47E-02
NSGA-II 1238.42 8.21E-02
MS-PSO 1241.58 5.83E-02

Fig. 8. Structure diagram of the hydraulic system of the A320 aircraft.

Table 5 
Parameters of components of the aircraft hydraulic system.

Paraments A B C D E F G H

β 3.4 4.1 6.4 3.5 7.1 2.6 4.9 5.8
γ 178 246 303 282 385 219 265 360
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order to simulate the uncertainty of the failure threshold in the real 
world, a random variable δ is added to the component failure threshold, 
which follows a Gaussian distribution N

(
0.6,0.052).

The proposed MS-PSO algorithm is used to solve the multi- objectives 
optimization problem. For all three scenarios, a particle swarm size of 
100, a maximum number of iterations of 80, a maximum number of 
subspaces of 10, a variation range of inertia weight of 1.5–0.6, a vari
ation range of local learning factor of 1.2–2.3, and a variation range of 
global learning factor of 1.9–1.2 are used.

The first multi-objective optimization scenario consists in maxi
mizing the availability and minimizing the MCR. The PF of the first 
multi-objective optimization scenario is shown in Fig. 11, and the PF 
optimal solution of scenario 1 is shown in Table 8.

It can be seen from Fig. 11 that the system availability and MCR 
obtained with various numbers of maintenance actions are different as 
expected. For any given number of maintenance actions, the higher the 
MCR, the higher the system availability, which is expected and also 
consistent with the actual situation. When the component number of 
maintenance actions is 3, the MCR is the lowest and the availability is 
the highest. The maintenance optimization numbers of results of sce
nario 1 are shown in Table 8.

It can be seen from Table 8 that in terms of MCR, when the number of 
maintenance actions is 4, the PF corresponding to the MCR significantly 
changes (from 14.89 $/d to 16.07 $/d). The lowest MCR, maintenance 
actions number, and system availability are 11.13 $/d, 3, and 0.9618, 
respectively. The maintenance times are 312, 558, and 861 d. Therefore, 
when the number of maintenance actions is 3, the MCR and availability 
are best.

Fig. 12 shows the PF for different numbers of maintenance actions in 
scenario 2. The optimization aims at maximizing the reliability and 
minimizing the MCR. It can be seen that for any given number of 
maintenance actions, the higher the reliability, the higher the required 
MCR. The combination of the MCR and reliability obtained by three 
maintenances is the optimal one. When the number of maintenance 
actions is 3, the variation range of unreliability and MCR is the smallest. 
Table 9 shows the maintenance optimization results of scenario 2. It can 
be seen that the optimal MCR, reliability, and the number of mainte
nance actions are 15.11 $/d, 0.9644, and 3, respectively. The mainte
nance times are 374, 597, and 854 d.

Fig. 13 shows the PF for different numbers of maintenance actions in 
scenario 3. The optimization aims at maximizing the reliability, avail
ability and minimizing the MCR. The results are similar to those of 
scenarios 1 and 2. For any given number of maintenance actions, the 
higher the MCR, the higher the reliability and availability. A high 

Table 6 
Different maintenance actions parameters.

Maintenance actions α ζ E(ν) σ(ν)

1 14 6 0.7 0.1
2 12 3 0.8 0.1
3 2.4 0.6 0.8 0.2
4 2.975 1.275 0.7 0.2

Fig. 9. Reliability of the components of a hydraulic system over time.

Fig. 10. Reliability of components with and without considering the mainte
nance uncertain impact.

Table 7 
Maintenance costs of different components of the hydraulic system.

Components Cim/×

102$

Cpm/×

102$

Csp/×

102$

Cd/×

103$

Com/×

103$

FT 57 128 12 400 100
FSOV 103 210 35
EDP 135 278 29
EMP 110 236 25
RAT 94 195 19
Acc 87 173 16
SV 105 226 23
PTU 76 159 18

Fig. 11. PF for different numbers of maintenance actions in scenario 1.
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maintenance actions indicates a high MCR. Moreover, it can be seen 
from Table 10 that, when the number of maintenance actions increases, 
the reliability and availability first increase and then decrease, while the 
MCR first decreases and then increases. Furthermore, the reliability, 

availability, and MCR reach their optimal values at a maintenance ac
tion of 3. More precisely, the MCR, reliability, and availability are 14.83 
$/d, 0.9668, and 0.9632, respectively. The maintenance times are 353, 
631, and 835 d

A comparison between the MCR values with and without the 

Table 8 
Maintenance optimization results of scenario 1.

Optimization objectives Maintenance number Maintenance Time (day) System availability Maintenance cost rate ($/d)

minMCR(m,Tm)

&maxA(m,Tm)

2 396,784 0.9281 14.64
384,791 0.9259 14.38
376,813 0.9242 14.19
387,785 0.9226 14.01
413,796 0.9217 13.95
401,804 0.9209 13.89

3 283,518,896 0.9719 12.04
276,545,874 0.9706 11.86
280,531,882 0.9678 11.63
293,574,839 0.9646 11.37
312,558,861 0.9618 11.13

4 306,463,683,875 0.9675 16.07
338,496,702,863 0.9664 15.93
317,485,658,839 0.9641 15.59
343,517,702,885 0.9629 15.42
310,475,662,847 0.9603 15.16
352,538,715,894 0.9564 14.89

Fig. 12. PF for different numbers of maintenance actions in scenario 2.

Table 9 
Maintenance optimization results of scenario 2.

Optimization objectives Maintenance number Maintenance Time (day) System reliability Maintenance cost rate ($/d)

minMCR(m,Tm)

&maxR(m,Tm)

2 463,816 0.9459 16.45
421,784 0.9451 16.41
459,738 0.0945 16.36
413,795 0.9438 16.32
398,717 0.9432 16.29
435,834 0.9429 16.26
442,763 0.9422 16.24

3 364,591,846 0.9672 15.53
383,618,862 0.9664 15.40
325,574,797 0.9661 15.29
343,641,816 0.9654 15.21
389,637,825 0.9651 15.15
374,597,854 0.9644 15.11

4 318,537,741,894 0.9543 16.77
286,512,726,851 0.9534 16.71
349,553,718,883 0.9526 16.65
294,541,753,916 0.9521 16.62
327,574,712,874 0.9516 16.57
291,545,763,906 0.9509 16.54

Fig. 13. PF for different numbers of maintenance actions in scenario 3.
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maintenance uncertain impact is shown in Fig. 14. It can be seen that the 
MCR obtained considering the maintenance uncertain impact is lower 
than that without considering it. This may be due to the fact that during 
the actual maintenance process, the quality of maintenance is related to 
the professional skills of maintenance personnel and the condition of the 
repaired components. Neglecting the maintenance uncertain impact 
may lead to underestimating the risk of failure of the maintained com
ponents. This increases the probability of system failure, which results in 
increasing the unnecessary failure maintenance expenses and system 
downtime costs. Considering maintenance uncertainty can more effec
tively formulate maintenance strategies by incorporating some unex
pected situations that may occur, reduce unexpected failures and 
excessive downtime, and thus reduce the MCR. In addition, the 
increased failure probability also leads to the increase of the uncertainty 
loss of the system. Therefore, the MCR considering the maintenance 
uncertain impact is lower than the without considering it.

Fig. 15 shows a comparison between the system cumulative avail
ability with and without considering the maintenance uncertain impact. 
It can be seen that the cumulative availability of the system considering 
the maintenance uncertain impact is higher than that without consid
ering it. This may be due to the fact that neglecting the maintenance 
uncertain impact may result in underestimating the risk of failure of the 
maintained components, leading to the increase of the probability of 
system failure. By considering the maintenance uncertain impact, the 
proposed strategy can better adapt to real-world conditions. This allows 
for more realistic modeling of system behavior and the development of 
more robust maintenance plans, leading to higher cumulative 

availability. On the other hand, strategies that ignore maintenance un
certainty often rely on fixed plans, which may not adapt well to unex
pected outages, leading to lower overall availability.

Finally, the proposed multi-objective maintenance strategy is 
compared with scheduled maintenance, single objective maintenance 
and multi-objective maintenance strategies. The obtained results are 
shown in Figs. 16 and 17.

Fig. 16 shows a comparison of the system cumulative availability for 
different maintenance strategies. It can be seen that the system cumu
lative availability of the multi-objective maintenance strategy is better 
than that of the single-objective maintenance and scheduled mainte
nance strategies. This suggests that the multi-objective maintenance 
strategy is more effective in maintaining the operational performance of 
system throughout its life cycle. This may be due to the fact that the 
multi-objective maintenance strategy can be considered as the optimal 
system maintenance through its comprehensive consideration of mul
tiple system indicators, such as system reliability, availability, and 
maintenance costs. In contrast, the corrective maintenance strategy only 
addresses issues after a failure occurs, resulting in lower availability due 
to increased downtime. The single-objective maintenance strategy, 
while optimizing one aspect, does not account for other critical factors 
that could affect overall system performance. Scheduled maintenance, 
on the other hand, relies on predetermined intervals for maintenance 
actions, which can lead to either excessive maintenance or the inability 
to prevent failures in a timely manner. Therefore, the multi-objective 
maintenance strategy significantly improves the cumulative availabil
ity of the system.

A comparison between the MCR results of scheduled maintenance, 
single objective maintenance and multi-objective maintenance strate
gies for different maintenance frequencies is shown in Fig. 17. It can be 
seen that the multi-objective maintenance has the lowest MCR, followed 
by the single-objective maintenance, while the corrective maintenance 
has the highest one. This is due to the fact that the corrective mainte
nance strategy, which reacts to system failures, often leads to higher 
costs due to unplanned repairs and longer downtimes. The scheduled 
maintenance involves a downtime for inspection and the replacement of 
components at specified intervals. This kind of maintenance plans based 
on empirical decisions tend to be conservative, which results in over- 
maintenance and poor economics. The single-objective maintenance 
strategy focuses on optimizing a specific factor but fails to consider other 
important aspects, leading to suboptimal cost management. The multi- 
objective maintenance strategy comprehensively considers different 
maintenance indicators and determines the optimal solution of main
tenance time through an optimization algorithm. Thus, the optimal MCR 
of the system can be obtained based on ensuring its reliability and 
availability.

Table 10 
Maintenance optimization results of scenario 3.

Optimization objectives Maintenance number Maintenance Time (day) System reliability System availability Maintenance cost rate ($/d)

minMCR(m,Tm)

&maxR(m,Tm)

&maxA(m,Tm)

2 442,839 0.9432 0.9162 15.41
415,794 0.9425 0.9154 15.37
423,812 0.9419 0.9149 15.34
396,775 0.9413 0.9137 15.27
428,783 0.9406 0.9129 15.18

3 364,618,794 0.9689 0.9671 14.97
337,582,816 0.9681 0.9657 14.91
348,591,772 0.9674 0.9645 14.85
353,631,835 0.9668 0.9632 14.83

4 315,537,684,864 0.9586 0.9564 16.43
284,516,641,837 0.9582 0.9559 16.37
296,548,713,892 0.9574 0.9548 16.32
321,545,682,849 0.9568 0.9553 16.27
304,524,663,823 0.9561 0.9525 16.21

Fig. 14. Comparison between the MCR values with and without the mainte
nance uncertain impact.
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5. Conclusion and future research

In this study, a reliability model for multi-component repairable 
systems which takes the maintenance uncertain impact into consider
ation is proposed. It comprehensively evaluates the reliability by 
considering the skills of the maintenance personal and the actual con
dition of the components to be maintained, so as to determine the system 
states after maintenance and provide a basis for the formulation of the 
next maintenance action. Compared with reliability models that do not 
consider the maintenance uncertain impact, the proposed approach re
duces the risk of failure of maintained components being 

underestimated. Then a multi-objective maintenance strategy optimi
zation model is developed and solved using a proposed MS-PSO algo
rithm. The results show that the proposed MS-PSO algorithm can ensure 
higher uniformity and accuracy of the solution compared with NSGA-II 
and basic PSO. That is, the distribution of the solution on the Pareto 
front (PF) is uniform and closer to the true PF. Therefore, the proposed 
algorithm has higher performance than the NSGA-II algorithm and PSO 
algorithm. A case study of an aircraft hydraulic system shows that the 
proposed reliability modeling and maintenance strategy optimization 
considering the maintenance uncertain impact is effective for reducing 
the failure probability of the system while reducing the unnecessary 

Fig. 15. Comparison between the cumulative availability with and without maintenance uncertain impact.

Fig. 16. Comparison of cumulative availability for corrective maintenance, scheduled maintenance, single objective maintenance and multi-objective mainte
nance strategies.
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failure repair and system downtime costs. The proposed multi-objective 
maintenance strategy significantly reduces the MCR and improves the 
system cumulative availability compared with existing scheduled 
maintenance and single objective maintenance strategies.

Although the proposed method provides valuable insights for the 
formulation of maintenance strategies considering the skills of mainte
nance personnel and the actual condition after maintenance, the pro
posed method relies on the accuracy of the input data, and the 
performance of the proposed method may deteriorate when the data is 
scarce or unreliable. In future work, the proposed method will be 
combined with hybrid multi-unit maintenance strategy for joint 
optimization.
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