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ABSTRACT
Maintaining hig h-complexity aircraft requires resilient and data-driven maintenance
planning. This article presents the Efficient Task Allo cation and Packing
Problem Solver (ETTAPS), a novel framework that integrates predictive analytics
and optimisation mo dels to generate adaptive maintenance schedules. ETTAPS
employs a trial-and-error approach to optimise maintenance intervals, leveraging a
branch-and-cut solver combined with First-Fit Decreasing (FFD) task grouping to
minimise costs and enhance aircraft availability. Additionally, a Random Forest mo del,
retrained using a rolling 24-month data window, continuously refines predictions,
leading to progressive cost reductions and improved system reliability over multiple
maintenance cycles. Our results demonstrate that ETTAPS significantly reduces
maintenance costs and increases aircraft availability by efficiently grouping tasks and
incorp orating real-world constraints, such as mechanic skill levels, task dep endencies,
and resource limitations. The framework addresses key gaps in MSG-3 and
certification analysis, improving task scheduling efficiency and ensuring long-term
op erational resilience. Furthermore, ETTAPS lays the groundwork for integration
with digital twins, real-time anomaly detection, and flight planning systems,
supp orting a more intelligent and proactive approach to aircraft maintenance.This
research advances resilience and sustainable aviation maintenance planning by
optimising costs, reducing downtime, and proactively adapting to op erational
demands. By aligning with Industry 4.0 and aviation sustainability goals for 2050,
ETTAPS contributes to the next generation of intelligent maintenance systems.
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1▷0 Intro duction
The aviation industry has made significant strides recently and continues to work
toward a sustainable future. In terms of pro duct, the incorp oration of industry 4.0
concepts, use of improved materials such as carb on fibre comp osites, titanium alloys,
and 3D-printed structures, adoption of advanced propulsion systems such as more
efficient turb ofa ns and hybrid and electrical engines, along with advancements in
aero dynamics that reduce drag and improve fuel efficiency, have led to the development
of more efficient and sustainable aircraft designs [Song and Liu (  ) , Yusaf et al. (   ) ].
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The main problem dealt with in this work is that, in the initial steps of the life cycle,
PM tends to b e conservative due to the limitations faced by maintenance engineers.
These limitations are mainly related to the lack of mo dels and simulations sp ecially
develop ed for the development of dep endability, applied to the design of aircraft since
their conception. The consequences are consistent with what Russel (  ) presents
regarding the p erformance of aircraft fleets such as the MD F-4 Phantom 2, which
were only op erated in a mature manner, from the p ersp ective of their supp ortability,
almost at the end of their life cycle.
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Other limitations are the lack of maturity in predictive and prescriptive analytics,
and the absence of efficient to ols to monitor changes and forecast dep endability data
(like reliability, availability, maintainability, cost, and safety) during the development
and op erating phases. This may result in inefficient maintenance plans, i.e., more
costly than they could b e, and lower than p ossible op erational availability. This
increases interest in dynamic maintenance programs, like describ ed by Salonen and
Gopalakrishnan (  ) .

Limitations in existing analytics and to ols significantly hinder the development of
optimal maintenance strategies. In particular, predictive and prescriptive analytics
are not yet develop ed enough to accurately predict when parts will fail and suggest
maintenance actions that are b oth cost-effective [e.g., Lei et al. (  ) ; Goyal and
Purohit (  ) ]. This immaturity often leads to inaccurate predictions, resulting in
unnecessary maintenance or, conversely, unexp ected failures and costly downtime,
as illustrated by case studies in industries such as aviation and manufacturing.

Additionally, our current to ols often lack the necessary features to monitor changes
in crucial dep endability data, such as real-time sensor data and degrada tion trends.
This has b een shown in studies that lo ok at the flaws in condition-monitoring systems
and Internet of Things (IoT) frameworks [e.g., Tsang et al. (   ) ]. This makes it
challenging to dynamically adjust maintenance plans in resp onse to changing op erating
conditions, leading to p otentially sub optimal schedules and reduced op erational
availability.

Some new studies, like those using machine learning for maintenance [Li et al. (  ) ;
Wen et al. (  ) ] and digital twin technology for real-time simulation and monitoring
[Tao et al. (  ) ], show promise for ways to get around these problems. However, further
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issues that come up in Industry 4.0 settings, such as combining different typ es of data
sources and creating accurate mo dels that can predict when equipment will break
down or b ecome less useful. The authors highlight the imp ortance of considering
maintenance actions based on predicted outcomes and costs, as well as the need for
scalable frameworks. The study fo cuses on developing a holistic and scalable smart
prescriptive optimisation framework that provides an optimal course of action and
can b e extended across industries and assets with different technological maturities.
The results show that the framework works to make maintenance more efficient and
effective. This impacts numerous industries and paves the way for proactive and
effective maintenance practices in digitalisation and prescriptive analytics.

2▷3 Maintenance plan development and data
In the aeronautical industry, the op erators are required to have a continuing analysis
and surveillance system to ensure the effectiveness of the maintenance and insp ection
program [FAA (  ) ]. This enforces that the optimal maintenance strategy for a
comp onent or a multi-comp onent system can significantly influence, minimising
costs and downtime [Rebaiaia and Ait-kadi (   ) ]. In the case of a new engineered
system, data from an existing, similar system can b e reasonably used [O’Connor and
Kleyner (  ) ].

To check how reliable a system is at first, you can also use military or commercial
standard guidelines, like MIL-HDBK-217F, NPRD ( Non-electronic Parts Reliability
Data ), and FMD ( Failure Mode/Mechanism Distributions ). The concepts and
guidelines for dep endability testing throughout system development can b e found in
MIL-HDBK-189C.

[Usuga-Cadavid et al. (   ) ] stated that the dynamic na ture of data during the
development and op erational phases presents b oth opp ortunities and challenges for
maintenance planning. While data mining and ML to ols can extract valuable insights
from this evolving data to improve maintenance decisions, the complexity of these
systems can hinder understanding and interpretation. Sp ecifically, the interaction
b etween human op erators and the predictions generated by ML mo dels can b e difficult
to grasp, p otentially limiting the adoption and effectiveness of these to ols.

2▷4 Maintenance program evolution
We assume that the ob jective of maintenance program evolution is to keep the
maintenance plan up dated to maintain its effectiveness. In the op erational phase, we
establish a program to control in-service dep endability. The program encompasses
a collection of regulations and metho dologies aimed at observing and assessing
p erformance, as well as issuing notifications if any corrective measures are deemed
necessary. Furthermore, it offers the necessary data to supp ort the mo dification of the
maintenance plan.

Although it can o ccur at any phase of the pro duct’s life cycle, the optimisation
analysis is more effective if carried out as early as p ossible. According to Blanchard
and Blyler (  ) , without a fo cus on the dep endability asp ects from the start of the
system design, several logistical supp ort problems are prone to o ccur, impacting the
system p erformance and costs.
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Cao et al. (  ) prop ose a data fusion metho d for failure rate analysis and maintenance
plan optimization for civil aircraft parts. The approach integrates data from multiple
sources, including maintenance records, sensor data, and exp ert knowledge, to improve
the accuracy of failure rate predictions. While the concept of data fusion is promising,
the pap er could b enefit from more detailed explanations of the sp ecific techniques
used and a more thorough evaluation with real-world data. The fo cus on failure rate
prediction, while imp ortant, leaves op en the question of how these predictions are
incorp orated into a full maintenance optimization framework.

K⌉† √≀⟩\⊔∫ ≀{ ML ⊔≀ √∇⌉⌈⟩⌋⊔⟩⊑⌉ ⇕⊣⟩\⊔⌉\⊣\⌋⌉¬

. The ML mo del continuously analyses maintenance records and predicts p otential
equipment degradation based on predefined thresholds.

. With dynamic maintenance plans, the mo del generates maintenance plans that
adapt to changes in equipment p erformance, aiming to:

- Ensure equipment is available for use when needed; and
- Avoid unnecessary maintenance while preventing failures.

D⊣⊔⊣ ⟨⊣\⌈↕⟩\}¬

. In the early phases, use historical data from similar systems to generate initial
maintenance plans.

. As actual data is collected, the mo del’s accuracy improves, leading to more efficient
maintenance plans.

B⌉\⌉≪⊔∫ ≀{ ML ⊔≀≀↕∫ ⟩\ √∇⌉⌈⟩⌋⊔⟩⊑⌉ ⇕⊣⟩\⊔⌉\⊣\⌋⌉¬
. Proactive maint enance helps prevent unexp ected equipment failures.
. Optimized maintenance plans avoid unnecessary repairs.
. Equipment is more frequently available for use when needed.

Overall, this system uses machine learning to analyse historical and real-time data,
enabling the creation of dynamic and data-driven maintenance plans that optimize
b oth equipment p erformance and cost efficiency.

2▷7 An aircraft υeet as a resilient system
The resilience of a high-complexity system can b e understo o d as its ability to fulfil its
mission through attributes that protect its functionalities and parts while also allowing
for precision in information, situational awareness, and the ability to diagnose and
recover from any one of these features.

It is necessary to contextualize the environment where aircraft fleet op erate and
the meaning of resilience for a more profound understanding of the ob jectives of this
work. Every high-complexity aerospace system is a system that op erates to meet
service-level requirements (for the market, in the case of the private sector fleet, and
for readiness, in the case of defence systems, [Go erger et al. (  ) ].

Figure 2 shows the b ehaviour of supp ort p erformance for an aircraft fleet. It
considers the entire life cycle from the conceptual phase through Conception, Research
& Development, Production, Operation & Support , and Disposal.
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From the b eginning of the conceptual phase to the delivery of the first aircraft, there
is an exp ected growth in service level and dep endability requirements ( Curve 1). A
late entry of supp ortability requirements can lead to the case of Curve 2.

Curve 1
Saw teeth 1

Curve 2
Saw teeth 2

Service level

Conception

R & D Pro duction Deployment Op eration & Supp ort

Life cycle
F⟩}⊓∇⌉ ∈¬ Observed supp ort p erformance b ehaviour.

By observing what happ ens after the delivery of the first aircraft, the service
levels may present degradation that, if not treated prop erly and in a timely manner,
would imply b enefit/cost degradation for the fleet. The p erformance demonstrated
in Saw teeth 1 considers system that automatically realigns and corrects the entire
maintenance and supp ort program to prevent such eventual degradation.

A system that adheres to Curve 1 and its continuity throughout the op eration and
supp ort phase ( Saw teeth 1 ) represents a supp ort system that learns and is resilient
throughout the entire fleet life-cycle.

A system that b ehaves like Curve 2 represents a supp ort and maintenance system
that to ok to o long to b e develop ed. It is exp ected to have a great delay in its maturity
target (if it gets there). The p erformance of this pro duct until its maintenance must
therefore imply a series of wastes and extra costs ( Saw teeth 2 ) that the present pap er
aims to avoid.

We hyp othesize that, with the use of the framework prop osed, we exp ect that the
system will learn to improve the maintenance plan by intelligently exploring historical
data acquired during pro duct development and op eration.

3▷0 Description of prop osed metho d
We consider a continuous optimization of maintenance planning by integrating
predictive analytics ( Learning mechanism ) into the solution pro cess to common issues
the industry faces in developing the initial ( Conception and Development phases of
the life-cycle) maintenance program.

The certification and maintenance review b oard pro cess tells the optimization
mo dule what tasks need to b e done and how often they need to b e done. It then
uses the available maintenance data (history and current records) to figure out how
to assign tasks to the predefined maintenance packages.

Our prop osed integer programming (IP) solver lo oks at each grouping of tasks into
maintenance packages based on how much they are exp ected to cost, whether they
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need to b e fixed b efore or during the preventive task, and the money that will b e lost
or not gained when the system is down.

Among the maintenance tasks are the preparation ta sks, which are maintenance
actions that are p erformed b efore and after the main tasks (access op enings, energy
supply, compressed air supply, air conditioning, etc.). The prop osed metho d also
considers the economy generated by allo cating common preparation tasks once,
minimizing the rep etition of these common tasks, which would represent extra resource
consumption.

Field data from the op erations and maintenance schedule is collected and monitored
to b e used to feed back into the resilient planner’s database, enabling the continued
learning pro cess (the ML pip eline). Figure 1 presents a high-level schematic of the
prop osed task allo cation pro cedure.

P∇⌉⌈⟩⌋⊔⟩⊑⌉ M⊣⟩\⊔⌉\⊣\⌋⌉ {≀∇ A⌉∇≀\⊣⊓⊔⟩⌋⊣↕ E\}⟩\⌉∫ ⊒⟩⊔⟨ M⊣⌋⟨⟩\⌉ L⌉⊣∇\⟩\}

We accomplished a case study that applies machine learning to aircraft engine sensor
data to predict failures. Using historical maintenance logs and sensor readings, we
trained mo dels to identify failure patterns and optimize predictive maintenance.

Below is a description of the three common typ es of machine learning strategies
employed.

• To predict a continuous value we used R⊣\⌈≀⇕↖F≀∇⌉∫⊔ R⌉}∇⌉∫∫⟩≀\:
Time-to-Failure (TTF), for each cycle/engine, is the numb er cycles b etween that
cycle and last cycle of the engine in the training data.

• To categorize data into one of two distinct cycle bands, we used B⟩\⊣∇†
C↕⊣∫∫⟩≪⌋⊣⊔⟩≀\¬if the remaining cycles (TTF) is less than a sp ecific numb er
of cycles (e.g.. 30) then the engine will fail in this p erio d. Otherwise the engine
is fine.

• M⊓↕⊔⟩↖⌋↕⊣∫∫ C↕⊣∫∫⟩≪⌋⊣⊔⟩≀\was used to categorize failure risk int o predefined
cycle bands (e.g., 0-15, 16-30, 30+ cycles b efore failure). These bands allow
maintenance teams to prioritize insp ections and schedule preventive maintenance
b efore failure o ccurs.

The insights gained from this case study provide a foundation for applying
predictive maintenance mo dels to other aircraft comp onents. Future research will
explore integrating these mo dels with the ETTAPS framework to optimise fleet-wide
maintenance schedules.

4▷0 Metho dology and Mo del ling
The IP solver used in this work was the Computer Infrastructure for Operations
Research (CoIn-OR) Branch and Cut (CBC) develop ed and maintained by Forrest
et al. (  ) , as well as Python 3, with the following libraries: NumPy (Harris et al. (  )

); pandas (McKinney et al. (  ) ); and scikit-learn (Pedregosa et al. (  ) ).
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4▷1 Maintenance Plan Development Pro cess
Figure 3 presents the flow of information to generate the initial maintenance
requirements and appropriately allo cate them in the op erator’s maintenance plan.

MSG-3 Data Certification
Data

Maintenance
Requirements

Dependability
Data

Maintenance
& Operation

Profile

Maintenance
Plan

Field Data

Results

Task Compiling
Task Allocation

ς Packing

MaintainingAnalysing

A B
dep ends on

F⟩}⊓∇⌉ ∋¬Pro cess of Maintenance Plan Development using ETTAPS.

The Object Process Methodology (OPM) guided the design of Figure 3. OPM
is a conceptual mo deling language and metho dology for capturing knowledge and
designing systems, sp ecified as ISO/PAS 19450. OPM was conceived and develop ed
by Dori (  ) and is chosen for its ability to concisely represent b oth the structural
(ob jects) and b ehavioral (pro cesses) asp ects of this complex system.

MSG-3 Data , which gives maintenance guidelines from the Maintenance Steering
Group 3 pro cess, is an ob ject in the maintenance plan development pro cess that
stands for imp ortant information or physical things. Certification Data, encompassing
data from aircraft typ e certification, including safety requirements; Dependability
Data, representing Reliability, Availability, Maintainability, and Safety (RAMS) data;
Maintenance & Operation Profile , detailing the op erational context and maintenance
history of the aircraft or fleet; Maintenance Requirements, sp ecifying the necessary
maintenance tasks and pro cedures; The Results section contains t he outcomes from
the Analysing pro cess, such as predictive or prescriptive mo dels.

Maintenance Plan , outlining the scheduled maintenance activities, task allo cation,
and resource allo cation; and Field Data, which is collected during the execution of
the maintenance activities.The representation of links b etween ob jects and pro cesses
takes the following form: There are solid arrows that show how ob jects are used or fed
into pro cesses. For example, the MSG-3 Data and Certification Data instrument is
used for task compilation, dep endability data, the maintenance and op eration profile,
maintenance requirements, and results.

The maintenance plan instruments are used for task allo cation and packing. The
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F⟩}⊓∇⌉ △¬ Work package bins

managed in this work, as the referred task must b e in one of the previous bins and
tasks that are not compatible must not b e in the same bin.

Any resolution metho d to b e used will output an optimal (or close to optimal)
solution that expresses the allo cations of tasks and their preparation works to regular
packages or to out-of-phase stoppages, and tasks in packages to bins.

To p ermit this, we define 3 vectors of binary decision variables: (1) Xij , to allo cate
task tj and its preparations prepsj to work package si ; (2) Opj , to allo cate task tj

its preparations prepsj , not included in the regular work packages, to out-of-phase
stoppage op ; (3) Wjb to allo cate task tj to bin bb .
• The binary variables Xij = 1 if task tj is assigned to maintenance package si , and

0 otherwise.
• The binary variables Opj = 1 if the task tj is assigned to an out-of-phase stoppage

op , and 0 otherwise.
• The binary variables Wjb = 1 if task tj is allo cated to the bin bb , and 0 otherwise.

Equation 19 states the Ob jective Function with four parcels:
• The equation 11 corresp onds to the package preventive maintenance costs parcel,

including the amount relative to the costs of the preparations after resp ective savings

pmci
j = Ri

t ·

pmcj + pmocj +
n(Bi)X
q=1

prepcq

 (11)

• The equation 12 corresp onds to the exp ected corrective maintenance costs if the
task tj is included in the package, si

cmci
j =

�
1 − Ri

t

�
· (cmcj + cmocj) (12)

• The equation 13 corresp onds to the out-of-phase stoppage preventive maintenance
cost. In this case, there are no savings as regarding the preparations.

pmcp
j = Ri

t ·

pmcj + pmocj +
n(Ai)X
q=1

prepcm

 (13)
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For c, d ∈ {1, 2, ..., |T |}, i ∈ {1, 2, ..., |S|}, and b ∈ {1, 2, ..., |Bi|}; and for c ∈
incompatibled or d ∈ incompatiblec , as c and d are segregated tasks, Equation 31
guarantees that they will not b e executed in the same bin.

5▷0 Results and discussions
To evaluate the p erformance of the ETTAPS framework prop osed in Section 3, we
conducted a series of computational exp eriments. We built the framework for these
tests using Python, the CBC solver, and the scikit-learn library. We then tested
the framework in various scenarios, varying the numb er of tasks, task dep endencies,
maintenance intervals, and data availability. The goal of these exp eriments was to
assess the effectiveness of ETTAPS in optimizing maintenance plans and improving
cost-effectiveness, resource utilization, and system availability, as well as to analyze
the impact of the learning mechanism on the optimization pro cess.

5▷1 Optimization with Branch-and-Cut and FFD

Following the work of Almgren et al. (  ) who utilized the Branch-and-Cut framework
and observed a reduction in Branch-and-Bound no des and simplex iterations for most
problem instances with time-dep endent costs, we also adopted this approach to solve
the integer programming p ortion of the Task Allocation and Packing problem . Their
work aimed to find optimal opp ortunistic maintenance schedules that maximize the
replacement interval, similar to our goals. The mathematical formulation used in this
context can b e found in subsection 4.4.

This approach is particularly suited for ETTAPS, as it effectively handles the
combinatorial complexity of maintenance task allo cation by reducing the solution
space through intelligent branching.

To enhance the gains in the availability, we implement the use of the First-Fit
Decreasing (FFD) prop osed by Johnson (  ) .

FFD was selected due to its computational efficiency in solving bin-packing-like
problems, as opp osed to alternative heuristics like Best-Fit or Next-Fit, which do not
prioritize larger tasks for earlier allo cation.

We also ran simulations to mimic the pro cess depicted in Figure 1.

5▷2 Simulation Results

Tests with different steps were conducted to verify the influence of the value of the
step in optimization of grouping tasks around common preparations.

Figure 5 shows the results of simulations involving 85 maintenance tasks scheduled
at intervals ranging in [20, 50, 100, 150, 200] flight hours. We analysed these different
intervals to understand the p otential advantages and disadvantages of using shorter
intervals over three years, with a total flight time of 4,500 hours.

These maintenance intervals were selected through a trial-and-error exp erimental
approach, starting at 10-hour intervals with 1-hour increments. This pro cess
aimed to identify p otential improvements in overall cost and availability. We
observed significant variations in the p erformance of different intervals, leading us
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to continue exp eriments with the selected values, which showed meaningful impacts
on optimization outcomes.

Extensive simulations were p erformed for each interval to assess the impact. The
maximum interval (200 hours) was chosen b ecause some comp onents have shorter
lifespans and require more frequent maintenance.

66 67 68 69

1.2

1.4

1.6

1.66

1.44
1.39

1.33

1.16

Availability (%)

Totalcost
(MUS$)

20h
50h
100h
150h
200h

F⟩}⊓∇⌉ ▽¬ Step Length Influence

Our exp eriments revealed that increasing the maintenance interval generally leads
to improved cost-effectiveness and equipment availability. However, it’s imp ortant
to note that 200 hours is the minimum interval considered for the tasks in our
sample. This minimum interval is often determined by market demands during the
initial development phase of a new pro duct. Therefore, all generated maintenance
requirements must adhere to these minimum interval limitations.

Table 2 summarizes the results of 20 exp eriments comparing two maintenance
scheduling metho ds: a simple heuristic metho d and the ETAPPS+FFD optimization
metho d. Each exp eriment considered a fixed maintenance interval of 200 hours and a
total annual flight time of 1,500 hours.

T⊣⌊↕⌉ ∈¬ 200-hour Steps Tasks Distribution
Opt A o Cost (M$)

No 0.80 14.7
Yes 0.87 11.6

The simple heuristic metho d mimics the existing practice of assigning tasks solely
based on engineering exp ertise. In contrast, the ETAPPS+FFD optimization metho d
utilizes b oth Branch-and-Cut and FFD algorithms to achieve optimal scheduling. The
effectiveness of the prop osed optimization mo del is evident, consistently demonstrating
similar levels of improvement across various exp eriments involving different task
numb ers and op erational profiles.

We also conducted tests with a sample of tasks that are common in commercial
transp ort aircraft. We used the intervals shown in the MPD as the maximum
p ermitted interval for the systems, structures, and zonal tasks. We simulated task
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allo cation in packages using the present technique and compared it to the optimized
results supplied by ETTAPS. Table 3 shows the results:

T⊣⌊↕⌉ ∋¬ Exp eriments results: 700 tasks and standard profile
Total cost CM cost FH cost Runtime

Method FFD Availability ($) ($) ($/FH) (ms)
Simple no 0.7639 22,815,444.79 1,576,749.96 912.62 7.71

ETAPPS yes 0.8248 20,096,094.56 1,418,235.53 803.84 80.726

The findings consistently showed that using the ETAPPS resulted in an optimized
task distribution. The ETTAPS capitalizes on the economic b enefits of joining tasks
that share the same preparations and access. There is also a gain in cost and
availability asso ciated with a lower likeliho o d of system failure.

The worst-case results exp ected from this work are an optimized maintenance plan,
with tasks b eing allo cated to maintenance packages in the most efficient schedule.

The b est-case results are the long-term optimization of costs and improved resilience
of the maintenance system, as new data is constantly included in the learning and
optimization pro cess and the task schedule is fine-tuned at each maintenance cycle.

5▷3 Predictive Mo deling with Random Forest

The Random Forest regression included in the Scikit-learn Pedregosa et al. (  ) package
was used to explore the dataset and select the b est fit mapping function. Part of the
data is dedicated to training the prediction mo del.

The main results of tests are presented together with the influence of the learning
mechanism after some cycles of tests.

At this time, the historical records have not affected optimization; ML still forecasts
a cost increase, but optimized maintenance plan records will feed the learning
mechanism, which will probably result in an overall cost reduction.

We extract features such as the t ime since last maintenance and sensor readings
from historical maintenance logs. The Random Forest mo del is retrained monthly
using a rolling 24-month data window. Retraining improves predictive accuracy (e.g.,
AUC increases from 0.77 to 0.85), resulting in 27.4% lower maintenance costs and
1.0% increase in availability in five op erations/maintenance cycles, according to Table
4.

Features were selected using recursive feature elimination (RFE) to identify the
most influential predictors of maintenance needs. The predictive mo del used 1500
maintenance records. Limited data availability constrained the sample size. 5-fold
cross-validation achieved an average AUC of 0.85, suggesting sufficient generalization
for this application.

Table 4 depicts the effects of using the learning capability on the optimization
pro cess ( Aa is the achieved availability). The resilient planner learned after exploring
historical data during the maintenance cycles. This confirms the hyp othesis.
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T⊣⌊↕⌉ △¬ Influence of ML on optimization
Operations/Maintenance Cycles

First Second Third Fourth Fifth
A a 0.965 0.970 0.973 0.974 0.975

Cost (M$) 2.15 1.77 1.61 1.58 1.56

These results demonstrate ETTAPS’ advantages in cost and availability compared
to a baseline scenario. Due to space limitations, detailed cost distributions and task
allo cations are not included but are available up on request. ETTAPS achieves cost
reductions by intelligently grouping tasks based on dep endencies and predicted failure
probabilities, minimizing redundant preparation efforts and overall maintenance
downtime. This is reflected in the lower mean costs and improved availability metrics
presented in the tables.

5▷4 Limitations

As a limitation, the immediate reaction capacity of the resilient maintenance
planner was not considered in this work, as the numb er of records pro duced during
exp erimentation was not enough to guarantee an acceptable level of confidence.
However, with new op erating and maintenance records, we b elieve that so on lower
maintenance costs will b e observed.

Future work will explore integrating real-time anomaly detection into ETTAPS,
enhancing its ability to dynamically adapt to unexp ected comp onent failures.

5▷5 Qualitative Analysis of Results

While a comprehensive quantitative validation with real-world data is a sub ject for
future research, we can offer some qualitative insights based on observed trends and
exp ert knowledge. For instance, the mo del’s tendency to group related tasks within the
same maintenance package aligns with established maintenance practices, which aim
to minimize aircraft downtime by co ordinating maintenance activities. Furthermore,
task prioritization based on predicted failure probabilities is consistent with exp ert
knowledge in risk management for aircraft maintenance, where comp onents with a
higher risk of failure are often given priority. These qualitative observations, while
not definitive, provide initial supp ort for the practical applicability of the ETTAPS
framework.

5▷6 Conclusion

The ET TAPS framework, combining Branch-and-Cut optimization with First-Fit
Decreasing task grouping and a Random Forest predictive mo del, effectively optimizes
aircraft maintenance plans, improving cost- effectiveness, resource utilization, and
system availability. While further validation with real-world data is needed, the
results demonstrate ETTAPS’ p otential for achieving resilient and sustainable aviation
maintenance practices.



26 The Aeronautical Journal

The framework’s mo dular design makes it adaptable for integration into existing
airline maintenance management systems, facilitating deployment without ma jor
infrastructural changes.

6▷0 Conclusions

This article intro duces the Efficient Task Allo cation and Packing Problem Solver
(ETTAPS), a novel framework that integrates predictive analytics and optimization to
enhance cost efficiency, resource utilization, and system availability in the maintenance
of highly complex aircraft systems.

Our findings demonstrate that the integer programming step of ETTAPS, when
combined with task grouping via the First-Fit Decreasing algorithm, significantly
improves maintenance efficiency and system resilience. By addressing factors such
as mechanic skills, physical capacity constraints, and task relationships, ETTAPS
broadens the traditional scop e of maintenance planning to meet the dynamic demands
of mo dern aviation op erations.

The integration of data-driven learning ensures continuous improvement by
incorp orating new maintenance data and fine-tuning plans with each maintenance
cycle. This approach bridges critical gaps in the MSG-3 and certification analysis
pro cesses, enabling the development of robust maintenance plans that reduce
downtime, optimize costs, and enhance op erational readiness.

Furthermore, our exp eriments confirmed that leveraging a rolling 24-month data
window for retraining the predictive mo del improves forecasting accuracy, leading
to an overall reduction in maintenance costs and an increase in availability. The
combination of machine learning and mixed-integer programming within ETTAPS
ensures that task allo cation remains b oth adaptive and economically efficient over
successive op erational cycles.

While ETTAPS demonstrates clear advantages in optimizing maintenance
schedules, limitations remain regarding its immediate reaction capability to unforeseen
failures. Future improvements should integrate real-time anomaly detection and
explore reinforcement learning-based approaches for dynamic decision-making.

Lo oking forward, future research should investigate the integration of ETTAPS with
advanced technologies such as digital twins and flight planning systems, fostering
real-time maintenance decision-making. Collab oration with regulatory b o dies and
industry stakeholders could further refine the framework for broader adoption.
Additionally, exploring the p otential for commercialization and scalability across
diverse aircraft mo dels offers promising opp ortunities for practical implementation.

This research establishes a foundation for transforming aircraft maintenance
planning by combining optimization mo dels with data-driven learning. ETTAPS
aligns with Industry 4.0 and aviation sustainability goals, representing a significant
step toward an intelligent, proactive maintenance ecosystem that optimizes pro cesses
and enhances aircraft op erational efficiency and resilience.



System’s resilience thro ugh a data-learning-guided maintenance planner 27

CRediT authorship contribution statement
J≀∫Ø N↙ M↙ F⟩↕⟨≀¬ Conceptualization, Metho dology, Software, Writing -
original draft preparation, Investigation, Validation. A\⊔≀\⟩≀ C↙ P↙ M⌉∫⨿⊓⟩⊔⊣¬
Metho dology, Software, Writing - reviewing & editing. F⌉∇\⊣\⌈≀ T↙ M↙ A⌊∇⊣⟨ª≀¬
Conceptualization, Metho dology, and Sup ervision.

Declaration of comp eting interest
The authors declare that they have no known comp eting financial interests or p ersonal
relationships that could have app eared to influence the work rep orted in this pap er.

Algori thms availability
The algorithms develop ed in this work are available at:

www.aerologlab.ita.br/datafiles/nogueira_algorithms.pdf

Declaration of generative AI and AI-assisted technologies
in the writing pro cess▷
During the preparation of this work the authors used ChatGPT 4o and QuillBot in
the writing pro cess only to improve the readability and lang uage of the manuscript.
After using these to ols, the authors reviewed and edited the content as needed and
take full resp onsibility for the content of the published article.

Acknowledgments
This study was financed in part by the Coordenação de Aperfeiçoamento de Pessoal
de Nível Superior - Brazil (CAPES) - Finance Code 001

REFERENCES
1. Ahmadi, A., Sö derholm, P., Kumar, U., 2010. On aircraft scheduled maintenance

program development. Journal of Quality in Maintenance Engineering 16,
229–255. doi:.

2. Almgren, T., Andréasson, N., Patriksson, M., Strömb erg, A.B., Wo jciechowski,
A., Önnheim, M., 2012. The opp ortunistic replacement problem: theoretical
analyses and numerical tests. Mathematical metho ds of op erations research
(Heidelb erg, Germany) 76, 289–319.

3. Blanchard, B., Blyler, J., 2016. Intro duction to system engineering. System
Engineering Management , 1–52.

4. Cao, K., Zhang, Y., Feng, J., 2025. Failure rate analysis and maintenance plan
optimization metho d for civil aircraft parts based on data fusion. Chinese Journal
of Aeronautics 38, 103219. doi:.



System’s resilience thro ugh a data-learning-guided maintenance planner 29

19. Harris, C., Millman, K., van der Walt, S., 2020. Array programming with
NumPy.

20. Hu, Y., Miao, X., Si, Y., Pan, E., Zio, E., 2022. Prognostics and health
management: A review from the p ersp ectives of design, development and
decision. Reliability Engineering & System Safety 217, 108063. doi:.

21. IMRBPB, 2022. Imps: International mrb/mtb pro cess standard.
URL: https://www.easa.europa.eu/en/domains/aircraft-products/
international-maintenancereview-board-policy-board-IMRBPB .

22. Johnson, D.S., 1973. Near-optimal bin packing algorithms.
23. de Jonge, B., Scarf, P.A., 2020. A review on maintenance optimization. Europ ean

Journal of Op erational Research 285, 805–824. doi:.
24. Kabashkin, I., 2024. Digital twin framework for aircraft lifecycle management

based on data-driven mo dels. Mathematics 12. URL: https://doi.org/10.
3390/math12192979 , doi:.

25. Kheder, M., Trigui, M., Aifaoui, N., 2017. Optimization of disassembly
sequence planning for preventive maintenance. International Journal of Advanced
Manufacturing Technology 90 (5–8), 1337–1349.

26. Lei, Y., Li, N., Guo, L., Li, N., Yan, T., 2018. Machinery health prognostics: A
systematic review from data acquisition to rul prediction. Mechanical Systems
and Signal Pro cessing 104, 799–834. doi:.

27. Li, X., Zhang, W., Shi, Y., 2020. Dynamic predictive maintenance using machine
learning. International Journal of Pro duction Research 58, 2567–2582. doi:.

28. McKinney, W., et al., 2010. Data structures for statistical computing in Python,
in: Data structures for statistical computing in Python, pp. 51–56.

29. Mlynarski, S., Pilch, R., Smolnik, M., Szybka, J., Wiqzania, G., 2019. A mo del
of an adaptive strategy of preventive maintenance of complex technical ob jects.
Eksploatacja i Niezawo dnosc - Maintenance and Reliability 22, 35–41. doi:.

30. O’Connor, P.D.T., Kleyner, A., 2012. Practical Reliability Engineering. 5th ed.,
Wiley, New York.

31. Pedregosa, F., Varo quaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O.,
Blondel, M., Prettenhofer, P., Weiss, R., Dub ourg, V., Vanderplas, J., Passos,
A., Cournap eau, D., Brucher, M., Perrot, M., Duchesnay, 2011. Scikit-learn:
Machine Learning in Python. Journal of Machine Learning Research 12,
2825–2830.

32. Plastrop oulos, A., Avdelidis, N., Angus, J., Maggiore, J., Atkinson, H., 2024.
The hangar of the future for sustainable aviation. The Aeronautical Journal
2024, 2430–2450. URL: https://doi.org/10.1017/aer.2024.79, doi:.

33. Rebaiaia, M.L., Ait-kadi, D., 2021. Maintenance p olicies with minimal repair
and replacement on failures: analysis and comparison. International Journal of
Pro duction Research 59 (23), 6995–7017. doi:.

34. Russel, S.H., 2007. Supply chain management: more than integrated logistics.
Air Force Journal of Logistics , 56–64.

35. Salonen, A., Gopalakrishnan, M., 2020. Practices of preventive maintenance



30 The Aeronautical Journal

planning in discrete manufacturing industry. Journal of Quality in Maintenance
Engineering .

36. Smith, A.M., Hinchcliffe, G.R., 2003. RCM - Gateway to World Class
Maintenance. Elsevier.

37. Song, Z., Liu, C., 2022. Energy efficient design and implementation of electric
machines in air transp ort propulsion system. Applied Energy 322, 119–472. doi:.

38. Tao, F., Qi, Q., Liu, A., Kusiak, A., 2019. Data-driven smart manufacturing.
Journal of Manufacturing Systems 48, 157–169. doi:.

39. Tsang, A.H.C., Jardine, A.K.S., Kolo dny, H., 2018. The state of iot in predictive
maintenance: Challenges and opp ortunities. Journal of Maintenance Science and
Technology 12, 321–340. doi:.

40. Usuga-Cadavid, J.P., Lamouri, S., Grab ot, B., Fortin, A., 2021. Using deep
learning to value free-form text data for predictive maintenance. International
Journal of Pro duction Research doi:.

41. Wen, L., Chen, X., Li, X., 2022. A comprehensive review of machine
learning applications in predictive maintenance. IEEE Transactions on Industrial
Informatics 18, 2746–2759. doi:.

42. Wieser, F. (Ed.), 1984. Üb er den Ursprung und die Hauptgesetze des
wirtschaftlichen Werthes (On the origin and main laws of economic value). Alfred
Hölder, Viena.

43. Yusaf, T., Fernandes, L., Talib, A .R.A., Altarazi, Y.S.M., Alrefae, W.,
Kadirgama, K., Ramasamy, D., Jayasuriya, A., Brown, G., Mamat, R., Dhahad,
H.A., Benedict, F., Laimon, M., 2022. Sustainable Aviation - Hydrogen Is the
Future. Sustainability 14, 548. doi:.


