Predictive aircraft maintenance: modeling and analysis using stochastic Petri nets
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Predictive aircraft maintenance is a complex process, which requires the modeling of the stochastic degradation
of aircraft systems, as well as the dynamic interactions between the stakeholders involved. In this paper, we show
that the stochastically and dynamically colored Petri nets (SDCPNs) are able to formalize the predictive aircraft
maintenance process. We model the aircraft maintenance stakeholders and their interactions using local SDCPNs.
The degradation of the aircraft systems is also modeled using local SDCPNs where tokens change their colors
according to a stochastic process. These SDCPN models are integrated into a unifying SDCPN model of the entire
aircraft maintenance process. We illustrate our approach for the maintenance of multi-component systems with kout-of-n redundancy. Using SDCPNs and Monte Carlo simulation, we analyze the number of maintenance tasks and
potential degradation incidents that the system is expected to undergo when using a remaining useful life(RUL)based predictive maintenance strategy. We compare the performance of this predictive maintenance strategy against
other maintenance strategies that rely on ﬁxed-interval inspection tasks to schedule component replacements. The
results show that by conducting RUL-based predictive maintenance, the number of unscheduled maintenance tasks
and degradation incidents is signiﬁcantly reduced.
Keywords: Aircraft maintenance, Predictive maintenance, Stochastic Petri nets, Reliability, Modeling, Simulation.

1. Introduction
With the increasing use of on-board sensors to
monitor the health of aircraft systems and components, aircraft maintenance is shifting to predictive
aircraft maintenance (PdM) (Alaswad and Xiang,
2017). Under the PdM paradigm, the health condition of aircraft components is monitored by sensors and the collected data is analyzed to predict
the remaining-useful-life (RUL) of these components. Using RUL prognostics, maintenance tasks
are scheduled in anticipation of component failures. Several studies have been performed in the
past years to model and analyze PdM (Ran et al.,
2019).
However, aircraft maintenance is a complex
process which requires the modeling of both the
stochastic degradation of aircraft systems and
components, as well as the dynamic interactions between the stakeholders involved (Lee and
Mitici, 2020). Appropriate models to capture the
degradation trends of systems and components
need to be proposed using available sensor monitoring data. These degradation models are further
analyzed by a team of engineers which speciﬁes
maintenance tasks to address anticipated maintenance issues. These maintenance tasks are scheduled by a planning team, based on the availability
of the aircraft and maintenance resources. Once
a task schedule is available, mechanics execute

these tasks. All these interactions between stakeholders need to be modeled to analyze the aircraft
maintenance process.
Complex processes, as is the case for the aircraft maintenance process, are often modeled by
means of stochastically and dynamically colored
Petri nets (SDCPNs) (?). One of the reasons is that
SDCPNs are able to model stochastic systems,
such as the degradation of aircraft components
(Lee and Mitici, 2020). Also, SDCPNs are able
to model multiple, interacting stakeholders of a
complex process (Mitici and Blom, 2019). Furthermore, a large process can be modeled in a
modular manner, using local SDCPNs (Sheng and
Prescott, 2019). Ultimately, these local SDSPNs
are integrated in one, unifying SDCPN of the entire process. This approach is particularly suitable
for the aircraft maintenance process, where individual stakeholders can be modeled using local
SDCPNs, while their interactions are still captured
by the integration of these SDCPNs (Lee and
Mitici, 2020).
In this paper, we model and analyze the aircraft
predictive maintenance process using stochastically and dynamically colored Petri nets. We focus on the modeling of interactions between ﬁve
main stakeholders involved in the aircraft maintenance process: the task generating team, the
task planning team, the mechanics team, the ﬂight
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crew, and the data management team. The data
management team is a stakeholder speciﬁc for
the predictive aircraft maintenance paradigm. For
each stakeholder, we construct a local SDCPN.
These local SDCPNs are integrated into one SDCPN of the entire aircraft maintenance process.
Using this SDCPN and Monte Carlo simulation,
we analyze predictive maintenance strategies for
multi-component aircraft systems with a k-outof-n redundancy. Under predictive maintenance,
the RUL of the components are predicted using a
data-driven regression model. Based on the RUL
prognostics, components replacements are scheduled. For the purpose of comparison, we also analyze two other maintenance strategies, which are
commonly used in the practice of aircraft maintenance. Under these strategies, ﬁxed-interval inspections are scheduled to assess the health condition of the components, before deciding to perform a component replacement. The result shows
that by performing RUL-based predictive maintenance, the number of unscheduled maintenance
tasks and degradation incidents is limited, compared to the other maintenance strategies that rely
on ﬁxed-interval inspections.
2. Modeling the Predictive Aircraft
Maintenance Process
2.1. Stakeholders
Aircraft maintenance is a complex process involving many teams of experts with different roles. All
these teams contribute to the maintenance of aircraft based on a given maintenance strategy. Traditionally, maintenance is performed using timebased maintenance (TBM) strategies with ﬁxedinterval inspections (Huynh et al., 2011). Novel,
predictive maintenance (PdM) strategies determine the moment of component replacements
based on the analysis of sensor data on the health
of systems and remaining-useful-life (RUL) prognostics (Lee and Mitici, 2020). Thus, the way of
working of each maintenance team is determined
by the maintenance strategy adopted.
The main stakeholders involved in the aircraft
maintenance process are (Lee and Mitici, 2020):
•
•
•
•
•

Task generating team (TG)
Task planning team (TP)
Mechanics team (ME)
Flight crews (CR)
Data Management team (DM)

Fig. 1 shows the interactions between the aircraft
maintenance stakeholders who monitor and analyze the condition of the aircraft. The task generating team (TG) receives feedback coming from the
ﬂight crews (CR), the mechanics team (ME), and
the data management team (DM). With this, the
TG speciﬁes what type of maintenance tasks are
necessary to perform and what are the deadlines

Fig. 1. Interactions of the stakeholders involved in
aircraft maintenance.

for these tasks. They communicate these tasks to
the task planning team (TP). The TP schedules the
maintenance tasks based on the deadlines speciﬁes
by the TG, the ﬂight schedules of the aircraft,
and the availability of the ME. Lastly, the ME
performs the maintenance tasks scheduled by the
TP. The ME may identify during inspections additional tasks that need to be performed. Such an
unexpected task may be performed on-site as an
unscheduled task, or reported to the TP so that it
is scheduled at a later moment.
The data management team (DM) is an additional stakeholder that supports predictive aircraft
maintenance. The DM manages the data collected
by on-board sensors on the health condition of aircraft systems, analyzes these data, predicts RUL
of components and provides feedback to the TG.
2.2. SDCPN models
The aircraft maintenance process with the stakeholders identiﬁed in Sec. 2.1 are modeled and
formalized by means of stochastically and dynamically colored Petri nets (SDCPNs). SDCPNs
allow the modeling of stochastic and dynamic
processes (?), which is the case for aircraft maintenance.
An SDCPN is a graph that consists of two sets
of nodes, places and transitions. Each place represents a potential status of a stakeholder. A place
may have tokens, which represent the current status of the stakeholder. The status may be further
described by the additional variables attached to
the tokens, which is referred to as the color of
the tokens. These tokens move from one place to
another place when a transition is triggered. There
are three types of transitions used for SDCPNs: i)
immediate transition triggered immediately when
it is enabled, ii) delay transition triggered after a
stochastic delay, and iii) guard transition triggered
when the color (variables) of the tokens satisfy
certain conditions. These transitions are enabled
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by tokens located in the places connected to them
through directed arcs.
SDCPNs also make use of three types of arcs.
An ordinary arc transfers a token. Enabling and
inhibitor arcs do not transfer a token, but indicate the condition under which a transition can
be triggered. If and only if all places connected
to a transition by enabling arcs have tokens, then
this transition can be triggered. Inhibitor arcs work
the other way around, i.e., a transition cannot be
triggered if any place connected by an inhibitor
arc has tokens. The graphical representation of
these SDCPN elements is given in Fig. 2.

Fig. 2.

by an inhibitor arc. In the case (d), the guard transition check the color (variables) attached to the
token 1 and 2. This transition is ﬁred only if there
is a token that satisﬁes a pre-deﬁned condition.
In the following sections, we describe the SDCPN models of an aircraft, and the ﬁve stakeholders deﬁned in Sec. 2.1.
2.2.1. SDCPN model of Aircraft

Fig. 4 shows an SDCPN model of an aircraft
equipped with sensor monitoring capabilities. It
consists of three parts, each representing the operational status of aircraft, the health condition of
aircraft components, and the condition monitoring
sensors.

Elements of SDCPN.

Fig. 3 shows examples of conditions when transitions are triggered. In the case (a), the immediate transition is triggered immediately as all the
connected places have tokens. These tokens are
removed after the transition, and a new token is
generated in the place connected by the ordinary
token. In the case (b), the delay transition is triggered after stochastic delay, but the token in the
place connected by enabling arc is not moved.
In the case (c), the transition cannot be triggered
because a token is located in the place connected

Fig. 3. Examples of conditions when transitions are
triggered.

Fig. 4.

SDCPN model of aircraft.

An aircraft has two operational modes:‘Inﬂight’ and‘On-ground’. An on-ground aircraft
switches to the in-ﬂight mode when the ﬂight crew
(CR) triggers the transition ‘Off-block’. Similarly,
the aircraft switches to the on-ground mode when
the CR triggers the transition ‘On-block’.
When the aircraft is in-ﬂight, the health condition of the aircraft components degrades following a stochastic process, i.e., transition ‘Degrade’
is triggered. This updates the token in the place
‘Condition of component’. The color of this token
describes the current degradation level Z(t) of the
component.
We consider components that undergo a continuous and stochastic degradation process such as
bearings that wear out over time, or brake pads
that erode over time. In this study, we model the
component degradation process using a Gamma
process (van Noortwijk, 2009). A new component
without any degradation has Z(t) = 0. The degradation increases during the aircraft is in-ﬂight.
The degradation accumulated during a ﬂight with
departure and arrival times tdep and tarr is,
Z(tarr ) − Z(tdep ) ∼ Gamma(α, β),

(1)
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where α and β are the shape and the scale parameter of the Gamma process. If Z(t) ≥ η, where η
is a threshold, then we assume that the component
is inoperable.
When the mechanics team (ME) triggers a component replacement, the transition ‘Replacement’
is triggered, resetting the degradation level to
Z(t) = 0.
Also, we assume that an aircraft is equipped
with sensors that monitors the degradation levels
Z(t) of components with a certain level of error.
Formally, the degradation level observed by sensors is Z̃(t) = Z(t) + Sen , with the sensor error
2
).
Sen ∼ N (0, σSen
2.2.2. SDCPN model of multi-component
system with k-out-of-n redundancy

The SDCPN model of aircraft in Fig. 4 shows only
one component, but aircraft generally consist of
multi-component systems. We say that a multicomponent system has k-out-of-n redundancy if
the system consists of n components and requires
at least k operable components, (0 < k ≤ n).
When more than (n − k) components become
inoperable in a system with k-out-of-n redundancy, we say that a degradation incident occurs.
When a degradation incident occurs, the aircraft
needs prompt maintenance before it can start a
new ﬂight. For example, the landing gear brakes
system of wide-body aircraft has 3-out-of-4 redundancy on each side of the aircraft, i.e., at most
1 inoperable brake is allowed on each side of the
aircraft (see Fig. 5).
The SDCPN model of the aircraft in Fig. 4 is
readily adapted for multi-component systems by
duplicating the component part of this model n
times, as shown in Fig. 5. In this way, the SDCPN
model is easily adjustable for different aircraft
systems.
2.2.3. SDCPN model of task generating team

The task generating team (TG) speciﬁes the types
of maintenance tasks that need to be performed
and the tasks’ deadlines. The SDCPN model of

the TG is shown in Fig. 6. Feedback is coming
from the DM, the ME, and the CR. Each feedback
triggers the associated transitions, and generates a
task token in the place ‘Task to plan’. This token
speciﬁes the necessary tasks to be planned.
In this study, we consider two types of maintenance tasks: component replacement and visual
inspections of components. The type and deadlines of the generated tasks are determined based
on the given maintenance strategy. For example,
under a TBM strategy, a task token of an inspection is generated at every ﬁxed time-interval.
Under a PdM strategy, a task token to replace a
component is generated based on the feedback
(sensor data analysis, RUL prognostics) from the
DM.

Fig. 6.

SDCPN model of the task generating team.

2.2.4. SDCPN model of task planning team

The task planning team (TP) speciﬁes when to execute the tasks generated by the TG. Fig. 7 shows
the SDCPN model of the TP. The TP receives the
ﬂight schedule from the CR, and the tasks type
and tasks deadline from the TG. Then, it identiﬁes
a moment when the aircraft is on-ground, the ME
is available to perform the task, and the deadline
os the task is not exceeded. Finally, the transition
‘Plan task’ generates a token in the place ‘Task to
execute’.

Fig. 7.

SDCPN model of the task planning team.

2.2.5. SDCPN model of mechanics team
Fig. 5. SDCPN model for the landing gear brakes of a
wide-body aircraft.

The mechanics team (ME) executes the tasks
scheduled by the TP. The SDCPN model of the
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ME is given in Fig. 8. When a token is generated
by the TP in the place ‘Task to execute’ and the
ME is in ‘Waiting’, the ME executes this task.
Depending on the type of the task, a component
replacement or a visual inspection is performed.

the sensor-monitoring data on the health condition of the aircraft systems. This data is used to
estimate the RUL of the components, and to alert
the TG when the component degradation is high.
Fig. 9 shows the SDCPN model of the DM. Here,
the guard transition checks a degradation data collected by the on-board sensors. Once this exceeds
a threshold speciﬁed in the predictive maintenance
strategy, the DM provides feedback to the TG.

Fig. 9.

SDCPN model of the data management team.

2.2.7. SDCPN model of ﬂight crews
Fig. 8.

SDCPN model of the mechanics team.

When a component replacement is performed,
the degradation level of the component is reset
to Z(t) = 0. To represent this in an SDCPN, a
token generated in the place ‘Trigger replacement’
in Fig. 8 triggers the transition ‘Replacement’ of
the SDCPN model of the aircraft (see Fig. 4),
updating the token in the place ‘Condition of component’.
When a component inspection is performed, the
ME observes the degradation level of the component. This observation is performed with an error,
2
i.e., Ẑ(t) = Z(t) + Ins , where Ins ∼ N (0, σIns
).
If the component degradation exceeds a threshold
η (inoperable components), the ME performs an
unscheduled component replacement. If the component is still operable (Ẑ(t) < η), the ME makes
decisions based on a given maintenance strategy.
For example, the ME may request a scheduled
replacement before the component is inoperable
if the degradation level is higher than a threshold
ηRep speciﬁed by the maintenance strategy, i.e.,
ηRep ≤ Ẑ(t) < η.
2.2.6. SDCPN model of data management
team

For predictive aircraft maintenance, an additional
stakeholder is involved: the data management
team (DM). This stakeholder is usually not present
when traditional, time-based maintenance is performed. The DM monitors, collects and analyzes

The ﬂight crews (CR) operate the aircraft following a pre-deﬁned ﬂight schedule. They also
report any abnormal degradation of components
after each ﬂight. Fig. 10 shows the SDCPN model
of the CR. This model is connected to the aircraft
model in Fig. 4 through two places, ‘Trigger offblock’ and ‘Trigger on-block’. Also, the transition
‘Depart’ cannot be triggered if the place ‘Replacing’ or ‘Inspecting’ has a token. In other words,
the CR cannot depart until the on-going maintenance is completed.

Fig. 10.

SDCPN model of the ﬂight crews.

2.3. Stakeholders’ interaction and the
integration of the SDCPN models
The interactions between these stakeholders are
modeled by integrating the individual SDCPN
models into a large SDCPN model of the predictive aircraft maintenance process. For this integration, the places with the same names in Fig. 4-10,
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are connected. For instance, when the TG (Fig. 6)
generates a task by giving a token in place ‘Task
to plan’, this token triggers the transition ‘Plan
task’ of the TP (Fig. 7). Similarly, a token in place
‘Task to execute’, which is generated by the TP,
initiates the ME (Fig. 8) to start the given task.
In this manner, one local SDCPN model affects
another SDCPN model, illustrating the dynamic,
interactive process of aircraft maintenance.
3. Aircraft Maintenance Strategies
The interactions and the way of working of the
stakeholders is governed by a given maintenance
strategy, i.e., the stakeholders act according to
a given maintenance strategy. For example, let’s
assume that a given maintenance strategy requires
the ME to report to the TP if the degradation level
of a component is higher than a threshold ηRep ,
so that the component replacement can be scheduled. Under this maintenance strategy, the guard
transition ‘Request scheduled replacement’ of the
SDCPN model of the ME (Fig. 8) is triggered if
the token in the place ‘Deciding’ describes the
inspection result such that Ẑ(t) ≥ ηRep . This
transition generates a task token in the place ‘Task
to plan’, which will trigger transition ‘Plan task’
in the SDCPN model of the TP (Fig. 7). On the
other hand, if Ẑ(t) < ηRep , then the transition
‘Complete’ is triggered, which does not trigger
any transitions of the TP. This is an example where
the SDCPN models of the stakeholders can be
used for various maintenance strategies.
In this study, we consider three types of maintenance strategies, ranging from novel, predictive
maintenance strategies to traditional, time-based
maintenance strategies.
RUL-based replacement strategy
The RUL-based replacement (RBR) strategy determines the moment of component replacement
based on data analytics (Lee and Mitici, 2020;
Pater and Mitici, 2021). Under RBR strategy, the
DM monitors the degradation levels of aircraft
components using sensors, and estimates RUL of
components by analyzing the sensor data. If this
RUL is less than a threshold ρRep , then the DM
notiﬁes TG, triggering a component replacement.
The DM estimates RUL of a component based
on the recorded sensor data on the degradation of
a component {Z̃(t ) for 0 < t ≤ T }, with T
the current time. The following linear regression
model is considered to predict the future degradation level at time T + t,
Z̃(T + t) = c0 + c1 t.

(2)

The coefﬁcients c0 and c1 are updated after every ﬂight cycle using the ordinary least square
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method. Then, the RUL of the component is estimated as,
RUL = min{t|c0 + c1 t ≥ η}.

(3)

The RBR strategy is a predictive maintenance
type of strategy that exploits data analytics. It
does not rely on visual inspection tasks periodically performed by mechanics, as it predicts future degradation trends (RUL) using sensor data.
Based on these predictions, component replacements are scheduled.
Sensor-based inspection strategy
The sensor-based inspection (SBI) strategy relies
on both sensors monitoring and visual inspection
tasks, to decide to replace a component (Lee and
Mitici, 2020). Under the SBI strategy, the TG
generates periodic inspections once it is notiﬁed
by the DM that the sensor data analysis indicates
a high degradation level, i.e., Z̃(t) ≥ ηIns . Once
the DM sends a notiﬁcation to the TG team, the
TG generates inspection tasks at every DIns ﬂight
cycles (FCs). These inspections are performed by
the ME. If the ME identiﬁes during an inspection
a degradation level Ẑ(t) that exceeds a threshold ηRep , then they also submit a request to TP
to schedule a component replacement (see also
Fig. 8).
The SBI strategy aims to limit the number of
visual inspection tasks. For this, when the degradation level is low (Z̃(t) < ηIns ), the components
are monitored only using sensors, instead of the
inspection tasks. However, the ﬁnal decision to
perform component replacement is based on the
inspection results, instead of the analysis of the
sensor data.
Fixed-interval inspection strategy
For comparison reasons, we also consider a traditional, time-based maintenance strategy named
ﬁxed-interval inspection (FII) strategy. The FII
strategy rely on the periodic inspections to determine the moment of component replacement
(Huynh et al., 2011). Under FII strategy, the TG
generates inspection tasks every DIns ﬂight cycles
(FCs). Similar to the SBI strategy, the ME request
the TP to schedule a component replacement if the
degradation level exceeds a threshold ηRep . Often
the interval of the inspections DIns is set to be
short to timely identify inoperable components .
4. Key Performance Indicators of
Predictive Aircraft Maintenance
The three types of maintenance strategies in Sec. 3
are assessed based on several key performance
indicators (KPIs). In this study, instead of translating all KPIs into monetary values, we consider the
following individual KPI explicitly. This allows
analyzing the trade-offs between the KPIs.
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Number of maintenance tasks

The number of maintenance tasks performed directly affects the overall maintenance cost because
the execution of a task requires the assignment
of qualiﬁed mechanics team, the purchase of new
components in the case of replacement, etc. In
particular, the number of component replacements
is crucial since this accounts for the largest part of
the total maintenance cost (Crowder and Lawless,
2007). We denote by NRep. and NIns. the number of replacements and inspections per year per
aircraft, respectively.
Number of unscheduled maintenance tasks

Unscheduled maintenance tasks result in additional costs, ﬂight delays and disturbances to the
ﬂight schedules (Lee and Mitici, 2021). Thus, it
is desirable to limit the number of unscheduled
maintenance tasks. In the SDCPN model of the
ME in Fig. 8, if the mechanics identify degradation higher than a threshold η, then an unscheduled replacement is generated. We denote
by NUnsch. the average number of unscheduled
component replacements.
Number of degradation incidents

We consider the degradation incidents deﬁned in
Sec.2.2.1. For multi-component systems with kout-of-n redundancy, a degradation incident occurs if more than k-out-of-n components become
inoperable (Z(t) ≥ η). Since an aircraft with
a degradation incident needs immediate maintenance, additional costs and ﬂight delays are expected when such incidents occur. Thus, it is of
interest to reduce the number of degradation incidents, denoted by NInci. (Lee and Mitici, 2021).
5. Case Study: Maintenance of Aircraft
Landing Gear Brakes
As a case study, we consider the maintenance of
the landing gear brakes of an aircraft. The aircraft
is equipped with 8 brakes as shown in Fig. 5. Each
system of 4 brakes on left/right side of the aircraft
has k-out-of-n redundancy. The degradation of the
brakes is modeled using a Gamma process (Lee
and Mitici, 2020).
We assess the KPIs of the RBR, SBI and FII
maintenance strategies for the landing gear brakes
using the SDCPN models in Sec. 2.2 and Monte
Carlo simulation. Thus, the KPIs are evaluated
as the expected values obtained by Monte Carlo
simulations.
For the RBR strategy, we assume that the
threshold to schedule a replacement is ρRep =
30FCs . For the SBI strategy we assume two different thresholds to start periodic inspections, ηIns =
0.9 and ηIns = 0.95. For the FII strategy, we
assume DIns = 50FCs , as well as DIns = 25FCs to

identify the impact of more frequent inspection.
We consider the KPIs of the FII strategy with
DIns = 50FCs as a baseline to compare the performance of the other strategies since the FII strategy
is strategies commonly used in the practice of
aircraft maintenance (Lee and Mitici, 2020).
Table 1 shows the performance of the RBR,
SBI and FII maintenance strategies with respect
to the number of replacements NRep. and inspections NIns. , number of unscheduled maintenance
NUnsch. and degradation incidents NInci. .
Fig. 11 shows the KPIs of the considered strategies in a radar chart. Since all KPIs need to be
minimized, the maintenance strategy associated
with the smallest area has the highest performance.
The results show that the RBR strategy outperforms the FII strategy, especially in terms of
the number of degradation incidents NInci. and
unscheduled maintenance NUnsch. . A low NInci.
and NUnsch. indicate that, under the RBR strategy,
the brakes are mainly replaced before they exceed
their degradation threshold η. At the same time,
Table 1. KPIs of the maintenance strategies RBR,
SBI and FII.
Strategy
RBR, ρRep = 30
SBI, ηIns = 0.95
SBI, ηIns = 0.90
FII, DIns = 25
FII, DIns = 50

NRep.

NIns. NUnsch. NInci.

23.23
23.13 281.7
23.13 313.1
23.49 1272.0
23.32 632.0

10−4
5.003
4.627
10−4
4.784

0.039
0.841
0.840
0.047
0.825

Fig. 11. Comparison of the KPIs of maintenance
strategies RBR, SBR and FII in a radar chart.
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the RBR strategy does not waist the useful life
of the brakes, which is illustrated by the small
number of brake replacements NRep. compared
to the FII strategy. The SBI strategy also reduces
the number of inspection tasks NIns. , compared
to the baseline FII strategy. However, the number
of unscheduled maintenance NUnsch. and degradation incidents NInci. are similar to the baseline
FII strategy. Thus, SBI is beneﬁcial only in terms
of reducing the number of inspections.
For the FII strategy with DIns = 25FCs , when
the inspection interval is reduced to half, the number of incidents and unscheduled maintenance is
signiﬁcantly reduced. However, this is achieved
at the cost of performing much more inspection
tasks. Although an inspection task is less expensive compared to a replacement task, it still requires the aircraft to be grounded and the mechanics have to be available to perform the inspections
(Huynh et al., 2011).
In conclusion, the predictive maintenance strategy, namely the RBR strategy, dominates the baseline FII strategy (DIns = 50) in terms of all
KPIs. Moreover, this predictive strategy results
in the smallest number of degradation incidents
NInci. and unscheduled maintenance NUnsch. . In
fact, NUnsch. and NInci. under the RBR strategy is similar to the case of the FII strategy
with DIns = 25FCs , which implies that utilizing
RUL prognostics (RBR strategy) is as effective as
performing two times more frequent inspections.
This is achieved by utilizing the sensor data to
predict the RUL of the components, instead of
inspection tasks performed by mechanics. As a
result, the RBR strategy is also associated with a
small number of maintenance tasks.
6. Conclusion
In this paper, we model and analyze the performance of predictive aircraft maintenance using
stochastically and dynamically colored Petri nets
(SDCPNs) and Monte Carlo simulation. The SDCPN is shown to be suitable to model and assess
the complex interactions involved in the predictive aircraft maintenance process. Furthermore,
the SDCPN models of the stakeholders are easily
adapted to follow various maintenance strategies
and to consider various aircraft systems. Thus, we
utilize this model for the assessment of both traditional and novel, predictive aircraft maintenance
strategies.
A case study is carried for the maintenance
of aircraft landing gear brakes with a k-out-of-n
redundancy. Three types of maintenance strategies
are considered: a predictive maintenance strategy
that relies on the analysis of health monitoring
sensor-data and the estimation of the remaininguseful-life of components, and two maintenance
strategies that rely on preliminary inspections to
specify whether components should be replaced

or not. The result shows that the RUL-based predictive maintenance strategy considered outperforms the inspection-based maintenance strategies
in terms of the number of maintenance tasks,
unscheduled maintenance, and degradation incidents.
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