N
N

N

HAL

open science

System Remaining Useful Life Maximization through
Mission Profile Optimization

Ferhat Tamssaouet, Khanh Nguyen, Kamal Medjaher

» To cite this version:

Ferhat Tamssaouet, Khanh Nguyen, Kamal Medjaher. System Remaining Useful Life Maximization
through Mission Profile Optimization. Asia-pacific conference of the prognostics and health manage-

ment society, PHM Society, Jul 2019, Pékin, China. hal-02800796

HAL Id: hal-02800796
https://hal.science/hal-02800796
Submitted on 5 Jun 2020

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-02800796
https://hal.archives-ouvertes.fr

System Remaining Useful Life Maximization through Mission
Profile Optimization

Ferhat Tamssaouet', Khanh T.P. Nguyen?, and Kamal Medjaher?

123 [aboratoire Génie de Production, LGP, Université de Toulouse, INPT-ENIT, Tarbes, France

ferhat.tamssaouet @enit.fr

thi-phuong-khanh.nguyen @ enit.fr
kamal. medjaher @enit.fr

ABSTRACT

In the last two decades, prediction of the remaining useful life
(RUL) of critical components and more recently of systems
(SRUL) received an increasing attention. Indeed, this pre-
diction allows scheduling predictive maintenance actions in
order to avoid damages caused by unexpected failures. A ma-
jor part of the studies related to failure prognostics reported
in the literature considers the mission profile as a static pa-
rameter when evaluating RUL/SRUL. However in practice,
operating parameters can be adjusted according to the sys-
tem health state for extending the SRUL while satisfying the
performance requirements. Therefore, this paper addresses
the issue of adjusting the mission profile of a multicompo-
nent system in order to maximize its SRUL. To do this, a
variant of the inoperability input-output model is used to rep-
resent the system degradation and take into account the in-
teractions between its components. Then, the mission profile
parameters (load levels and durations) are optimized using a
genetic algorithm-based method to maximize the SRUL. The
proposed method is finally applied to a mechatronic system
to demonstrate its effectiveness.

1. INTRODUCTION

Prognostics and Health Management (PHM) systems aims to
monitor the degradation status of a component or a system.
More specifically, the purpose of prognostics is to estimate
the remaining useful life (RUL) of a given system in order
to take adequate decisions to keep it under acceptable perfor-
mances. For that reason, the topic of prognostics has become
a full-blown research framework in the last two decades, with
a profusion of papers covering numerous of scientific prob-
lems and various fields of applications (Atamuradov, Medja-
her, Dersin, Lamoureux, & Zerhouni, 2017).
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Despite the notable progress and convincing results, gener-
ally, prognostics studies were approached from a component-
level view, assuming independent degradation processes in
components. Neverthless, engineering systems may present
complex interactions among components. Indeed, the com-
bination of small degradation levels observed in different
components may cause a system failure event, depending on
the interactions among these components (Daigle, Bregon,
& Roychoudhury, 2012). Hence, for complex engineering
systems, it is necessary to study the concept of failure prog-
nostics at system-level, by considering the mutual interac-
tions between its elements, in order to enhance the effec-
tiveness and the relevance of the post-prognostics decisions
(Bougacha, Varnier, Zerhouni, & Hajri-Gabouj, 2018).

Considering Post-Prognostics issues, the works reported in
literature focus on the maintenance decisions (Bougacha et
al., 2018), and do not investigate the operational decisions
such as the definition of the appropriate mission profile. In
reality, the way in which a system is used significally impacts
the future evolution of its degradation (Goebel et al., 2017).
Therefore, the optimization of the mission profile (MP) is an
essential aspect that should be carefully studied to extend the
system life time.

In order to address the practical requirements and fill the liter-
ature gaps already mentioned, this paper develops two main
original contributions: i) the proposition of a variant of the
inoperability input-output model (IIM) to evaluate the system
residual life time (SRUL), and ii) the optimization of the MP
parameters to maximize the SRUL.

Regarding the first contribution, the IIM proposed in this
work allows tackling the issues related to the system-level
prognostics such as modelling the interactions between the
system components and the mission profile effect. Further-
more, one of the challenges of the modelling issue, that is
how to identify the appropriate parameters to capture the mu-
tual interaction between the system components, is also ad-
dressed in this paper.
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As for the second contribution, a variant of the genetic al-
gorithm (GA) is developed to optimize the MP parameters
(load levels and durations) when handling multiple opera-
tional constraints.

The remainder of the paper is organized as follows. Section
2 briefly presents the proposed methodology while its main
steps are described in Sections 3, 4 and 5. In detail, Section
3 presents the inoperability input-output model. Next, Sec-
tion 5 describes the method of estimating the parameters of
the IIM. The problem of the mission profile optimization is
addressed in Section 5. Section 6 deals with a practical ex-
ample and, finally, Section 7 concludes the paper and gives
some future works.

2. PROBLEM STATEMENT AND PROPOSED METHODOL-
OGY

Let us consider a system whose components are subject
to different intrinsic continuous degradation processes that
evolve (from a healthy state to failure) in the absence of
maintenance actions. In practice, a component fails when its
degradation level exceeds a fixed failure threshold. In this pa-
per, the intrinsic degradation process and the failure threshold
of each component are assumed to be known. However, the
interdependencies between the components are hidden and
are also interesting subjects to be further investigated and esti-
mated. Besides, the system works under different operational
conditions. These operational conditions may be related to
the number of cycles to be executed, the operating time or the
performances to be achieved (load, speed, torque, etc.). Their
impact on the system is assumed to be known thanks to pre-
vious practical experimental studies. Considering the system
health state and the operational constraints it must meet, an
important question raised here which is: how to plan its ap-
propriate future usage (i.e. mission profile) to maximize its
useful lifetime?

In order to address the above question, firstly, it is neces-
sary to model the system degradation while taking into ac-
count the component interactions and the MP impact. In the
paper (Tamssaouet, Nguyen, & Medjaher, 2018), the PHM-
adapted-IIM is proven as a promising solution for this first
task. Its parameters, that characterize the component inter-
dependencies, are estimated using a generalized linear model
(GLM). Secondly, the IIM with its identified parameters is
used to evaluate the SRUL corresponding to every mission
profile under which the system works. These SRUL values
are used as evaluation criterion for identifying the best appro-
priate MP parameters that maximizes the system life time.
This procedure is illustrated in Figure 1.

3. INOPERABILITY INPUT-OUTPUT MODEL

The inoperability input-output model (IIM) is an extension
of the Input-Output model developed by Leontief Wass-
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Figure 1. Methodology for optimizing the mission profile.

ily in 1936 (Leontief, 1936). The IIM and its variants
are usually used to investigate the global effects of nega-
tive events on highly interdependent infrastructures or multi-
sector economies (Santos & Haimes, 2004). This is achieved
by using the concept of inoperability, which is defined as the
inability of a system to perform its intended functions. In
addition, the IIM capacity to take into account mutual inter-
actions between numerous elements offers a promising per-
spective when applying this model in PHM domain.

The IIM adapted to prognostics was proposed in (Tamssaouet
et al., 2018) as follows:

q(t) = K(t).[A.q(t — 1) +c(t)] (1)
where:

e (1) is a vector representing the overall inoperability of
the system’s components at time ¢t. Each component of
this vector is a value between 0 and 1, where ¢;(¢t) = 0
corresponds to a healthy component and ¢;(¢t) = 1to a
faulty component.

e A isamatrix representing the interdependencies between
the system’s components. Each element a;; of the ma-
trix corresponds to the influence of the inoperability of a
component j on the inoperability of a component 7. The
bigger a;; is, the greater is the influence of j on 7. The
signification of a;; values is presented in Table 1.

e ¢(t) is a vector representing the internal inoperabilities
of the system’s components at time ¢, i.e. the intrinsic
degradation of the components due to wear, corrosion or
any other failure mechanism. The parameter ¢;(¢) can
be obtained by normalizing the health indicator of the
component ¢ to its failure threshold (Tamssaouet et al.,
2018).

e K(t) is a diagonal matrix representing the factors influ-
encing the inoperabilities of the components at time ¢ in
relationship with the system mission profile. Each el-
ement k;(t) is specific to only one component i. The
meaning of k; values is presented in Table 2.

As one can notice in (1), the degradation of a component 1,
characterized by an inoperability ¢;(t), depends on its inher-
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ent natural degradation mechanisms expressed by ¢;(t) and
the degradation induced by the interactions with other com-
ponents through the term A.q(¢). This makes it possible to
estimate the health state of a system more accurately.

Table 1.
nents.

Degradation influence between multiple compo-

case
Q55 = 0 and Aj; = 0

Description

Component j and ¢ are indepen-
dently subject to gradual degrada-
tion.

Component j influences unilater-
ally the degradation behavior of
component ¢.

Components j and ¢ influence each
other.

aij > 0 and aj; = 0

a;; > 0and a;; >0

Table 2. Meaning of the influence factor ;.

[ Inoperability
q; 1s stationary

[ Meaning

The component does not
degrade.

k; = 1: normal case when
a system operates in a nor-
mal conditions with a nor-
mal work load.

k; >0 | q; varies over | 0 < k; < 1. when a sys-
time tem operates in a favorable
environment or with a low
work load, its degradation
process is slower than the
normal case.

k; > 1: accelerated degra-
dation due to a hostile en-
vironment or a high work
load.

4. IIM PARAMETERS ESTIMATION

One of the principal barriers when deploying a mathematical
model in practice is to identify its parameters corresponding
to the case study. For the proposed IIM, the component in-
trinsic degradation models ¢(¢) and the MP impact K on the
system are assumed to be known in advance. This can be
achieved by the investigation of the component failure mech-
anisms, the system physical characteristics and through run-
to-failure tests. Therefore, identification of the component in-
terdependencies A can be considered as the most challenging
task. This section aims to deal with this task.

Firstly, the run-to-failure experiments are performed under
nominal operation conditions to obtain the overall inoperabil-
ities of the systems components ¢(t). Note that the nominal
operation conditions are defined as the normal case when the
system operates with a normal work load. In this case, K is an

identity matrix n X n, where n is the number of components.
Secondly, assuming that the component intrinsic degradation
models ¢(t) are known, the interdependence matrix A is esti-
mated based on ¢(t) and c(¢).

In detail, from the equation (3), under the nominal operating
conditions, the degradations that are due to interactions be-
tween the components are enclosed in the term A.q(t — 1)
and given by:

Aq(t = 1) = q(t) — c(t) 2)
where ¢(t) and ¢(t — 1) are the component inoperability

values obtained through the run-to-failure experiments while
¢(t) is the theoretical intrinsic inoperability.

More specifically, A.q(t — 1) is a linear combination of un-
known parameters A and the measured inoperability values
q(t). In the literature, there exists numerous methods to esti-
mate A. As the main contribution of this paper is to optimize
the mission profile for maximizing SRUL, we do not focus on
the development of the estimation method for A. Therefore,
we propose to use the generalized linear models (GLM), one
of the most common and popular method for linear regres-
sion. This method allows overcoming the drawback of the
ordinary linear regression that is based on the assumption of
the normal distribution for the response variable.

In GLM, the variance of the outcome, that is expressed in this
paper as the difference between the overall and the intrinsic
inoperability ¢(t) — ¢(t), is assumed to follow a distribution
of exponential family. Then, the expected value of ¢(t) — ()
can be expressed as:

B(q(t) = c(t)) = g~ ' (Aq(t = 1)) 3)
where g(+) is the link function.

Using the GLM, the unknown parameters of the matrix A are
estimated with maximum likelihood.

5. MISSION PROFILE OPTIMIZATION

In literature, several studies have already been carried out on
the optimization of maintenance activities for prognostics but
not on the optimization of the operational decisions to post-
pone the system degradation. (Bougacha et al., 2018) pro-
posed a classification of operational decisions into three cat-
egories:

e Mission profile: it consists in defining the good fitting
between the tasks that should be realized and the system
degradation levels.

e Automatic control: if the system is controllable, one
can monitor and modify the control parameters to adapt
the system usage.

e Logistics: it consists in determining the right amount of
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row materials and/or spare parts according to its capacity
to produce or its need to be maintained.

In this paper, we will focus on post-prognostics decisions re-
garding the mission profile. Indeed, a mission profile can ac-
celerate or decelerate the degradation of system components.
Therefore, it is necessary to identify the most appropriate
mission profile that maximizes the SRUL while respecting
the operational constraints.

As a mission profile is characterized by numerous parame-
ters (such as load levels and durations) and also specified by
different operational constraints, the identification of the best
MP can be expressed as the optimization of multiple variables
when handling various problem constraints. This optimiza-
tion issue can be solved using different techniques like exact
methods (such as linear programming, branch and bound pro-
cedure) or heuristic approaches (such as evolutionary algo-
rithms). Among heuristic approaches, the genetic algorithm
(GA), one of evolutionary algorithms, is a mature method
utilizing heuristic rules to produce improved approximations
of the objective function over a number of iterations. Even
though GA does not guarantee the global optimum solution,
it is a commonly used method giving one of the best results
(Pandey, Chaudhary, & Mehrotra, 2014). Possible solutions
are evaluated with the fitness function, and the best solutions
are utilized to produce other possible solutions, while the bad
solutions are eliminated through natural selection. The pro-
cess of producing new solutions based on best solutions on
hand is called crossover & mutation.

Thanks to the evolutionary mechanism, the GA allows han-
dling numerous optimization variables, investigating a wide
range of solutions and supporting heterogeneous constraints
(equality and non-equality). Therefore, it offers an adequate
solution for the MP optimization problem investigated in this
paper. In detail, a variant of GA to adapt the MP optimization
problem is described in Algorithm 1.

Note that corresponding to every MP, the SRUL is evaluated
based on the IIM with its estimated parameters. This SRUL
value is used as the evaluation criterion for the possible so-
lutions. The details of the SRUL evaluation according to the
system architecture can be found in (Tamssaouet et al., 2018).

In addition, for MP optimization, the proposed GA must well
handle different constraints. As basic GA is not specifi-
cally dedicated to solve constrainted optimization problem,
researchers have developped several methods to fill this gap.
Among these methods, one can cite: the penalty function
method, the Lagrange multiplier method, and the complex
search method (Deb, 2000). In this paper, a death penalty
method is used because of its simple implementation. Indeed,
this method consists in assigning a very high cost when one of
the solutions does not satisfy the constraints, and thus, in next
generation, these solutions are effectively eliminated through
natural selection. However, in the case of a strict constraint,

Algorithm 1. PM optimization based on a variant of Genetic
Algorithm

1. INITIALIZATION: randomly generate an initial popula-
tion of N PM.
Verify if an individual PM satisfies the constraints. If not,
regenerate it.

2. while generation number < Ng do

e EVALUATION : evaluate the population.
Calculating SRUL corresponding to every PM by
the IIM.

Handling constraints: penalize individuals which do
not satisfy the constraints by adding a cost.

e MATING SELECTION: select parents to reproduce
offsprings.

e CROSSOVER: apply crossover operator to the mat-
ing pool to generate offsprings.

Offsprings are added to parents to recreate the pop-
ulation.

e MUTATION: mutate the offsprings at different po-
sitions by genetic mutation operator.
Some of the parents are not affected by mutation.
Generate some new individuals which satisfy con-
straints and add them to the population.

3. end while

4. SOLUTION SELECTION: select the PM having highest
SRUL in the last generation.

natural selection makes the feasible space very small com-
pared to the entire search space. To address this problem, the
GA operations should be modified in order to create and mu-
tate chromosomes with some local search optimization that
fulfill the equality constraints. Finally, to maintain a diver-
sity inside a population and avoid a premature convergence, a
part of the population is created and added to the population
resulting from mutation and crossover (Pandey et al., 2014).

6. CASE STUDY

In this section, the performance of the proposed method is
highlighted through a case study. Firstly, the mechatronic
system, which emulates the operation of a subway, will be
presented in Subsection 6.1. Secondly, the effect of the inter-
actions between its component is estimated in Subsection 6.2.
Finally, in Subsection 6.3, the mission profile is optimized in
order to maximize the system remaining useful life.

6.1. System description

A subway, also know as underground, tube or metro, is a type
of high capacity public transport generally found in urban
areas. Unlike buses or trams, subway systems are electric
railways that operate on exclusive right-on-way. The motion
power is provided by a separate locomotive where the electric
motor is situated.

In this paper, because of the complexity and lack of data, the
subway is simplified to a mechatronic system. This latter was
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source

Figure 2. Scheme of the studied system.

proposed by (Medjaher & Zerhouni, 2013) and its main pur-
pose is to position horizontally a load which is situated at the
right side of Figure 2. The system is composed of a volt-
age source, which can be a battery, a DC motor providing
a rotational movement and a screw transforming this latter
movement to a translational one. The mechatronic system il-
lustrated in Figure 2 can be likened to a subway as follows.
The battery delivering a constant amount of energy can be
considered, in the case of a subway, as an overheard line or
a third rail. The DC motor represents the electrical traction
motor. The screw is considered as the transmission chain.
Finally, the load can be assimilated to the subway payload.

In this application, three components are considered: the sta-
tor, the rotor and the screw (respectively, component 1, 2 and
3). These components are subject to the following degrada-
tion phenomena: 1) a drift in the DC motor’s winding (stator),
2) a deterioration of the DC motor’s permanent magnet (ro-
tor), and 3) a bending of the rotating shaft. The causes and
the models of these degradations are explained below.

e For the electrical resistance (related to the stator), the
degradations can be caused by the variation of the resis-
tivity of the winding due to temperature changes inside
the DC motor. The performance in this case can be mon-
itored by measuring (or estimating) the electrical flux ®
of the inductance, which is linked to the resistivity of the
winding, as expressed by the following equation:

“

where R(t) stands for the winding resistance of the DC
motor, L is the inductance and U is the voltage delivered
by the battery.

Note that as the inductance of the winding is constant,
as well as the voltage delivered by the battery, the elec-
trical flux of the winding varies due to the variation of
the resistivity. Therefore, the internal stator resistance is

assumed to vary according to the following model:
R(t) = Ro.(1+ a.t) 5)

e The magnetic degradation in the mechanical part (rotor)
concerns the diminution of the magnetic field generated
by the permanent magnet of the DC motor. The perfor-
mance of this mechanical part can be determined by the
variation of the electromagnetic torque 7,,,. By consid-
ering a series excitation of the motor and by neglecting
the electromagnetic losses, this torque can be expressed
by the following equation:

U2

Tem(t) = Bc(t)'q)(t)'l(t) = Bc(t)' L

(6)
where B.(t) is a parameter which depends on the struc-
ture of the motor and I(t) is the electrical current cross-
ing the winding, which is equal to %. Since the input
voltage U and the inductance L are constant, the varia-
tion of the electromagnetic torque is due to the degrada-
tion of the internal structure of the motor expressed by
the variation of B.(t) over time. This latter parameter

can be represented by an exponential degradation model:
B.(t) = Be,.e”" (7)

e Finally, the bending of the shaft can be induced by
overloading the DC motor and by external perturbations
which decrease the stiffness of the linking part between
the screw and the mass. The inoperability of this linking
part is determined by its stiffness Bj as follows:

Bs(t) = By, .e"" ®)

6.2. IIM paremeters estimation

The component intrinsic degradation models given in the pre-
vious section do not take into account the interactions be-
tween the components. Considering the reference mission
profile, under which the system works in normal conditions,

Inoperability

—— Stator

Rotor
—— Screw
—— Threshold

2000 3000 4000 5000
Time [units]

Figure 3. Component degradations following the reference
mission profile.
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Figure 4. mission profile pattern of a subway.

the reference matrix K.y is defined as an identity matrix as
follows:

100
Keep=10 1 0
00 1

Then, performing the run-to-failure experiments under the
normal operating conditions, the overall inoperability of the
system components can be obtained. However, in this paper
because of the lack of real data, we propose to use the sim-
ulation data that are generated by the IIM with the following
matrix A:

0 0.2 0.1
A=101 0 03
0.06 026 O

Using the simulated data, shown in Figure 3, we try to re-
estimate the matrix A and then compare its estimated values
with the theoretical ones. In detail, based on the difference
between the overall and intrinsic inoperability of the system
components, the interactions between the components are es-
timated by using the GLM leading to the following matrix:

0 0.21 0.09
0.11 0 031
0.064 0.28 0

A:

One can notice that the estimated values are close to the the-
oretical ones.

6.3. Mission profile optimization

Under different operating conditions (mission profiles), the
degradation of subways, and generally of all systems, can be
accelerated or decelerated. In the case of subways, it can be
assumed that the components degradations are proportionally
affected by speed. This is rather realistic, because one can
imagine that, depending on the quality of the rails, an increase
in the subway’s speed will generate more vibrations and thus
increasing the components degradations.

The mission profile of a subway, represented by its speed pro-

file, is shown in Figure 4. By assuming a linear relationship
between the speed and the influence factor, the values of K
are a function of speed. Besides, an example of a mission
profile of the subway is described hereafter:

e From 0 to 544+ time units (ut), the subway is at a stand-
still and therefore the degradation is not influenced by
external parameters. However, as the engine continues
to run in the station, the system continues to degrade nat-
urally and therefore k; = 1.

o From tgiqrt tO teruise, the subway’s speed increases.
Within this period, the degradation increases proportion-
ally to speed.

o  From f.ryise 1O tgecelerate, the subway reaches its maxi-
mum speed during a mission period. A maximum speed
of 50 km /ut corresponds to k; = 2, i.e. the component
degradations are twice faster than when the subway is at
a standstill.

e The system decelerates as it approaches a station at
Ldecelerate and reaches a new station at .0y, .

By considering that the effect of velocity is the same on the
subway’s components and by assuming that the distance be-
tween the stations is constant, the optimization objective is to
find the set of the mission profile parameters (tstqrt» teruises
Ldecelerates tstop ANd Veryise) that maximizes the SRUL while
respecting these self-evident operating constraints:

e Distance between the stations is constant (1200 m).
e Cruise speed is less than 50 km/h.
e The subway’s journey time between two stations is lim-

ited to 120 time units.

Using the proposed GA presented in Section 5, the MP pa-
rameters, that are presented in the form of chromosomes of
five genes: cruise Speed, tstart> Leruises tdecelerate and tStOpv
are optimized. The GA configuration is summarized in Table
3.

Table 3. Genetic algorithm parameters and rules.

Number of individuals 200

Number of parents 50

Selection type Best fitness

Crossing type One point

Mutation type Uniform random selection with

multiple mutations

Termination critera Generation: 200

Figure 5 shows the extention of the SRUL of the PM popula-
tion through different generations. One can easily notice that
the proposed algorithm converges after 175 generations. In
fact, from this generation, the SRUL corresponding to differ-
ent PM in the population are almost same, i.e. different solu-
tions have the same objective function value. Some of the best
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Figure 5. Population evolution through generations.

solutions obtained by the GA after 200 generations are shown
in Table 4. They provide the best objective function value
(i.e. the largest SRUL) that is equal to 2453 ut. All those
solutions satisfy the operational constraints, i.e., the subway
will make its journeys within the time limits and without ex-
ceeding its maximum speed, while reducing the degradations
affecting its components. The existence of multiple solutions,
that maximize the system life time, offers the ability to flexi-
bly change the PM for adapting to real situations. Indeed, the
planned mission profile may be modified along the way due
to problems. For example, blocking the doors of the subway
when they are closing induces a delay in the subway start. In
this case, rather than choosing solution 1 in Table 4 (with start
time at 10 ut), one can opt for solution 2 (with start time at
16 ut), and thus adapt the mission profile to the operational
conditions while maximizing its lifespan.

Table 4. Solutions for the mission profile parameters opti-
mization.

{ Cruise Speed { tstart T tcruise { tdecelerate { tstop

1 12.7 10.9 22.6 104.9 118.2
1 12.7 16.4 26.4 114 118.9
3 15.6 13.5 25.7 727 108.9

In Figure 6, the mission profiles obtained in the first and last
generation of genetic algorithm are presented. One can no-

-
o

[ M\ M\ 121
20 /T f \\ /

Speed (km/ut)
Speed (km/ut)

o N & 0 ®

0 50 100 150 200 250 300 200 250 300

Time (ut)

=

50 100

150
Time (ut)
SRUL = 2453 ut

Figure 6. Profile missions before and after optimization.

SRUL =2120 ut

tice that with the optimized mission profile (Generation 200),
the subway SRUL is extended more than 15% compared to
that one of the best solution obtained in the first generation.
Indeed, for the non-optimized mission profile, the subway un-
dergoes more setpoint changes, and therefore, degrades more
quickly and requires more frequent inspection and mainte-
nance. This is true for a very wide range of systems subject
to highly varying operating conditions such as wind turbines
(Zaher, McArthur, Infield, & Patel, 2009) and pneumatic ac-
tuators.

7. CONCLUSION

In this paper, a methodology for optimizing the mission pro-
file and maximizing system residual life time is proposed.
To that end, a new modelling approach was proposed for
multi-component system prognostics, namely, the inoperabil-
ity input-output model. This approach allows taking into ac-
count the mutual interactions between the system components
and also the operating conditions impact on them. Further-
more, the assumption about the given component interdepen-
dencies, that is one of the main barriers when deploying the
proposed model in practice, was released. In detail, the GLM
is used to estimate these parameters based on the difference
between the overall and intrinsic inoperabilities of the system
components. The results showed that the estimated values are
close to the theoretical ones. Then, the proposed IIM with its
estimated parameters is used to evaluate the SRUL that is the
objective function for optimizing the MP. An effective opti-
mization approach based on genetic algorithm was developed
to find the best appropriate mission profiles that satisfy dif-
ferent operating conditions.

As future work, we plan to apply the proposed methodology
on a industrial application with real in-field data. The as-
sumptions about the availability of the intrinsic degradation
models and the relationship between the mission profile and
the system degradations can be seen as a limitation of our
methodology. These assumptions should be released in the
future work by developing a more flexible and more effec-
tive estimation method that allows estimating different model
parameters at the same time.
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