
  

Deliverable D6.3 
Multi-stage maintenance 

management decision support tool 

Ref. Ares(2021)5954260 - 30/09/2021



Deliverable D6.3 

 

 

ReMAP Real-time Condition-based Maintenance for Adaptive Aircraft Maintenance Planning 2 

Document History 

Revision Nr Description Author Review Date 

V0.1 Initial draft - Report structure, initial 

description of the algorithms 

Bruno Santos (TUD), Paul van Kessel 

(KLM), Iordanis Tseremoglou (TUD) 

-- 26-08-2021 

V0.2 Update on the description of the 

modelling framework 

Bruno Santos (TUD), Paul van Kessel 

(KLM) 

-- 09-09-2021 

V0.3 Draft of the User Interface section Licinio Roque (UC), Jorge Ribeiro 

(UC) 

-- 10-09-2021 

V0.4 Review and quality check  Daniele Inaudi (STEC), 

Floris Freeman (KLM) 

15-09-2021 

V0.5 Updated version following the review 

+ conclusions 

Bruno Santos (TUD), Paul van Kessel 

(KLM), Iordanis Tseremoglou (TUD), 

Licinio Roque (UC), Jorge Ribeiro 

(UC) 

Floris Freeman (KLM) 28-09-2021 

V1.0 Final version Bruno Santos (TUD)  30-09-2021 

 

  



Deliverable D6.3 

 

 

ReMAP Real-time Condition-based Maintenance for Adaptive Aircraft Maintenance Planning 3 

Index 

1. Introduction ........................................................................................................................... 5 

1.1. Project Summary ............................................................................................................................. 5 

1.2. Purpose of this Document ................................................................................................................ 5 

1.3. Context ............................................................................................................................................ 5 

1.4. Document structure ......................................................................................................................... 6 

2. Modelling Framework ........................................................................................................... 7 

2.1. Overview ......................................................................................................................................... 7 

2.2. Inputs ............................................................................................................................................... 8 

2.3. Prognostic Tasks ............................................................................................................................. 9 

2.4. Linear Programming solution ......................................................................................................... 13 

2.5. Reinforcement learning solution ..................................................................................................... 16 

2.6. Output ............................................................................................................................................ 20 

3. User-interface ......................................................................................................................21 

3.1. Overview ....................................................................................................................................... 21 

3.2. User Interface Design .................................................................................................................... 21 

2.3.1. Methodology ............................................................................................................................... 10 

2.3.2. POMCP-based planning algorithm. ............................................................................................. 12 

2.4.1. Decision variables ....................................................................................................................... 13 

2.4.2. Objective function ....................................................................................................................... 14 

2.4.3. Constraints ................................................................................................................................. 15 

2.5.1. Problem formulation .................................................................................................................... 16 

2.5.2. State-space ................................................................................................................................ 16 

2.5.3. Action space ............................................................................................................................... 17 

2.5.4. Reward function .......................................................................................................................... 18 

2.5.5. Transition functions ..................................................................................................................... 18 

2.5.6. Solution method .......................................................................................................................... 19 



Deliverable D6.3 

 

 

ReMAP Real-time Condition-based Maintenance for Adaptive Aircraft Maintenance Planning 4 

3.3. Data Model .................................................................................................................................... 28 

4. Conclusion ...........................................................................................................................30 

References ...................................................................................................................................31 

 

 

  

3.2.1. Key Tasks to Be Supported ........................................................................................................ 21 

3.2.2. Key Concepts ............................................................................................................................. 22 

3.2.3. Design of the Interface Components ........................................................................................... 24 

3.2.4. Design of the Main Interface Screens ......................................................................................... 25 

3.2.5. Integration of RUL Visualisations ................................................................................................ 27 



Deliverable D6.3 

 

 

ReMAP Real-time Condition-based Maintenance for Adaptive Aircraft Maintenance Planning 5 

1. Introduction 

1.1. Project Summary 

ReMAP "Real-time Condition-based Maintenance for adaptive Aircraft Maintenance Planning" (hereinafter also referred as 

"ReMAP" or "the project"), is a European project started on the 1st of June 2018 and has a duration of four years. The project 

addresses the specific challenge to take a step forward into the adoption of Condition-Based Maintenance in the aviation sector. In 

order to achieve this, a data-driven approach is implemented, based on hybrid machine learning & physics-based algorithms for 

systems, and data-driven probabilistic algorithms for systems and structures. A similar approach is followed to develop a 

maintenance management optimisation solution capable of adapting to the real-time health conditions of the aircraft fleet. These 

algorithms run on an open-source IT platform for adaptive fleet maintenance management. The proposed Condition-Based 

Maintenance solution will be evaluated according to a safety risk assessment, ensuring its reliable implementation and promoting 

an informed discussion on regulatory challenges and concrete actions towards the certification of Condition-Based Maintenance. 

1.2. Purpose of this Document  

This document is the Deliverable D6.3 of the ReMAP project. It addresses developing the multi-stage maintenance management 

decision support tool to produce optimised maintenance plans for a fleet of aircraft. 

The deliverable is part of the Work Package 6 (Maintenance Decision Support Tool) from the project. The tool that is presented in 

this report results from the work developed in tasks 6.1 (Scenario trees generation model), 6.2 (Stochastic maintenance packaging 

and scheduling model development), 6.3 (Development of efficient machine learning), and 6.4 (Development of a user-interface). 

1.3. Context 

Maintenance is an important factor of airline operations performance as it takes up around 10% of the total available time and about 

15% of the total operational cost. As the airline's interest is to keep the aircraft available for operations and generate commercial 

revenue, efficient maintenance scheduling is important for the airline. As a result, the aircraft operator makes a recurrent effort to 

develop maintenance schedules that reduce maintenance costs and increase fleet availability. However, despite potentially having 

one efficient maintenance schedule before the start of operations, disruptions are very common during operations. For instance, it 

was observed that new corrective tasks arrive, on average, every 4 hours for a fleet of 60 aircraft. These disruptions, in the form of 

unanticipated maintenance tasks, maintenance slot adjustments, and resource availability alterations, compromise the efficiency and 

feasibility of the initial schedule. Furthermore, in the context of condition-based maintenance, it is expected that new systems and 

structures diagnostics and health prognostics are generated after the arrival of each aircraft at a maintenance base airport. These 

new diagnostics and prognostics can trigger the need to schedule new maintenance tasks.  

For these reasons, maintenance schedules must be continuously adapted so that all tasks are scheduled ahead of their due date. 

This process is currently done manually within commercial airlines, given the lack of automated tools. As a result, it takes a considerable 
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time for schedulers to readapt the schedule when new information or requests become available, and it limits the capacity to produce optimal 

schedules. 

This document presents a multi-stage maintenance management decision support tool to improve aircraft maintenance task 

scheduling in a disruptive environment and follow a condition-based maintenance paradigm for some of the aircraft components. 

The tool is composed of a modelling framework and a user interface. The modelling framework is divided into a prognostics task 

model (based on the outputs from the Prognostics and Health Management solutions developed in WP5) and two independent 

scheduling approaches, namely linear programming and a reinforcement learning approach. These models can be used both for 

scheduling and rescheduling maintenance tasks. However, in this deliverable, we will focus on their capability to solve the task 

rescheduling problem in a disruptive environment since this will be the scope of the demonstration in the ReMAP project. The user 

interface was developed by understanding the user requirements for the upload and adaptation of maintenance schedule and for 

considering the predictive indicators for remaining useful life when analysing the maintenance schedules.  

1.4. Document structure  

The modelling framework is presented in Section 2, including a discussion of how health prognostics generated in ReMAP's WP5 

are processed into prognostic tasks and the formulation of the two modelling approaches proposed. Section 3 presents the user 

interface developed to allow smooth interaction between the user and the modelling framework. Finally, conclusions and lessons 

learned are discussed in Section 4. 
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2. Modelling Framework 

2.1. Overview 

The multi-stage modelling framework followed is summarised in Figure 1. The modelling blocks are represented with a grey 

background. The Partially Observable Monte Carlo Planning (POMCP) algorithm translates the predictions into prognostic tasks 

associated with costs for different recommended dates where a maintenance slot exists. The tool schedule optimisation models, 

one based on a linear programming methodology and the other solved using a reinforcement learning technique. These 

optimisation models and the POMCP algorithm are presented in detail in the next sub-sections. Figure 1 also shows with 

'database' icons the flow of information used and produced by the different modelling blocks. 

 
Figure 1 - Modeling framework overview 

The general concept is that the POMCP algorithm will consider the probabilistic outcomes from the WP5 predictive models to 

create belief states of the health degradation of the multiple systems being monitored from the fleet of aircraft. Having these belief 

states, knowing the maintenance slots available to each aircraft in the foreseen future, and having information about the 

maintenance costs associated with predictive and reactive maintenance, the POMCP prescribes the recommended dates for the 

execution of replacement tasks associated with the systems in an estimated degradation stage. These tasks, associated with the 

respective costs, will be added to a pool of tasks that the schedule optimisation models will consider. All the other preventive and 

corrective tasks in this pool of tasks are also associated with each aircraft, following again the costs information and the 

airworthiness requirements defined in the Maintenance Planning Document (MPD) and the Minimum Equipment List (MEL). The 

schedule optimisation algorithms will schedule these tasks in the maintenance slots in a time horizon of multiple weeks, 

considering the maintenance resources available and the availability of the aircraft to be taken to a hangar check. The goal of the 

schedule optimisation models is to produce an updated and feasible schedule when considering disruptions and by trying to 

respect the current schedule, by not introducing unnecessary changes to this current schedule. The disruptions can result from 

new preventive or corrective tasks created by the airline when a failure is observed or a given threshold is achieved, but it can also 

be an update on the resources available, a change in the flight scheduled that may result in the inavailability of an aircraft to 

perform maintenance in a predefined slot, or the changes of the time and number of slots available. 
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The next sub-sections explain this multi-stage modeling framework in more detail, starting with the discussion of the inputs, 

followed by the POMCP algorithm. The two methodologies developed to optimise maintenance schedules are presented in sub-

sections 2.4 and 2.5, and in the last section, we discuss the outputs generated. 

2.2. Inputs 

Based on Figure 1, four streams serve as input for the model.  

1. Current maintenance schedule: A feasible schedule before a disruption takes place. In a feasible schedule, maintenance 

tasks are assigned to maintenance slots. They are scheduled for execution before their due date using resources 

available at the time of execution. 

a. Slot schedule: The maintenance slots schedule outlines ground time reserved at the hangar to execute 

maintenance. Each slot is assumed to have a start date, an end date and a designated aircraft type. We 

considered two types of maintenance slots: 

b. Fixed slots: An assigned aircraft is predefined for fixed slots, and only additional maintenance tasks from that 

aircraft can be assigned to the maintenance slots. Fixed maintenance slots are usually scheduled several weeks 

in advance and consist of more extensive maintenance operations such as letter checks. 

c. Flexible slots: For flexible maintenance slots, the aircraft registration is variable, and a maintenance scheduler is 

free to decide which aircraft to allocate to the slot, provided that the aircraft type matches the slot type. These 

slots are generally used for last-minute maintenance operations to execute corrective maintenance tasks. 

2. Open tasks: This is the backlog of tasks that are required to be scheduled. Each task comes with scheduling 

requirements, including the due date, required execution time (method), workforce (manpower), machinery, and material 

requirements. These last four requirements are typically referred to as the 4M requirements. To determine whether a task 

can be executed in a maintenance slot, all 4M requirements need to be satisfied. For airline maintenance, tasks can 

generally be subdivided into three categories: 

a. Prognostic maintenance tasks: The prognostics tasks refer to the maintenance of systems of components that 

are monitored through sensors permanently. The collected information is processed by data analysis algorithms 

on the ground to diagnose the equipment's current state and predict the Remaining Useful Life (RUL). 

Maintenance actions are triggered only when there is strong evidence of failure risk, hence decreasing the 

number of unnecessary maintenance actions and, at the same time, avoiding unforeseen failures (and 

corresponding unscheduled maintenance events).  The input referring to the prognostics tasks is described in 

more detail in the next section. 

Example: The tasks resulting from analysing the predictive algorithms developed in WP5 from the ReMAP 

project. 

b. Preventive maintenance tasks: Preventive maintenance tasks are prescribed by the aircraft manufacturer and 

conform to regulations set by the regulatory agencies, like the European Aviation Safety Agency (EASA) and the 

American Federal Aviation Authority (FAA). These tasks are provided in the Maintenance Planning Document 

(MPD) together with their execution requirements [1]. Airlines also have the opportunity to add additional tasks to 

the MDP. Once a task is executed, the interval is reset. Non-routine tasks originating from these preventive 

maintenance tasks that are solved at the moment of the preventive tasks are not considered part of the 

schedule. 
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Example: The periodic inspection of aircraft brakes that must be checked every fixed number of landings for 

wear. 

c. Corrective maintenance: The scheduling of corrective maintenance tasks can be split into three categories, with 

their scheduling requirements and priorities. They are explained in more detail below. 

i. MEL tasks: In the case of a corrective maintenance task, in some cases, an aircraft is allowed to 

continue operations despite the open corrective task. The Minimum Equipment List (MEL) provides the 

minimum configuration at which an airline can operate.[2] If the MEL specifically allows an aircraft to be 

operated with the corrective task unresolved, this is referred to as a MEL task. Otherwise, the aircraft 

has lost its airworthiness instantly. The MEL states how many calendar days, cycles or flight hours the 

aircraft is allowed to be operated without resolving the fault. For both items stated in the MPD or the 

MEL, the aircraft will lose its airworthiness if the due date is exceeded. 

Example: The replacement of brakes in case the preventive maintenance action concluded that the 

condition of the brakes was outside of the operating limits. This leads to the creation of a MEL task. 

ii. NSRE tasks: These tasks, referred to as Non-Safety Related Equipment (NSRE), have no impact on 

the operating safety of the aircraft. NSRE tasks are created by the airline itself. Depending on the 

specific fault, the airline defines the NSRE task required and the due date associated. However, the 

aircraft remains airworthy after the due date has been exceeded. 

Example: A broken in-flight entertainment system is an example of an NSRE. This causes passenger 

inconvenience but does not compromise the aircraft airworthiness. 

iii. Ad-hoc tasks: These are non-recurring tasks that only have to be executed once to make an alteration 

on an aircraft. 

Example: The replacement of a malfunctioning system following the recommendation from the OEM, 

according to an AD. These tasks are usually one-time executed tasks. 

 

3. Resource availability: Execution of a maintenance task requires the availability of resources. Besides the ground time, the 

remaining resources which are required for task execution are: 

a. Material availability: If a task requires the availability of new material, this needs to be arranged ahead of task 

execution. For each task, the expected date of material availability is provided.  

b. Machinery availability: The execution of a task can require special tools which need to be arranged in advance. 

Similar to material availability, the expected date of availability is provided for machinery.  

c. Workforce availability: For intervals of 30 minutes, the availability of the workforce is provided per team/location. 

The workforce is subdivided into skill levels. A maintenance task can only be scheduled if the corresponding 

manpower requirements, per skill type, are satisfied utilising the assigned workforce to the corresponding 

maintenance slot. If maintenance slots are scheduled in parallel, the workforce can be divided over the active 

maintenance slots. 

2.3. Prognostic Tasks 

As explained in the previous section, the prognostics tasks are driven by the RUL predictions produced by the predictive 

algorithms, such as the ones developed in WP5 from the ReMAP project.  Maintenance planning for this type of task becomes 

more challenging than the preventive and corrective maintenance tasks because of the uncertainty included in the RUL 
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predictions. More specifically, the maintenance planner, instead of planning tasks by considering a deterministic task due date, as 

in the case of preventive maintenance tasks, has to derive an optimal maintenance plan based on an uncertain outcome, which is 

captured by the probability distribution of the predicted RUL.  Such uncertainty can be caused by a variety of factors, such as 

improper modelling and misspecifications of the predictive algorithms or noise and disturbances on the sensor signals themselves.  

This indicates that these algorithms must be treated as providing the decision-maker (or the maintenance planner) with a partial 

rather than an actual representation of the component's health state.  

For such cases, where the true state of the system is only stochastically related to the outcome of diagnostics/prognostics, the 

decision-theoretic model of choice is a Partially Observable Markov Decision Process (POMDP). Contrary to MDPs, where the true 

state of the equipment is known with certainty, and the decision-maker chooses an action based on that state, in POMDPs the 

decision-maker can only formulate a subjective judgement or belief on the state of the equipment and takes action based on this 

belief. 

2.3.1. Methodology 

We formulate the decision-making process for the maintenance of each component as a  POMDP. We then define two states for the 

component by partitioning its true RUL, in two intervals, for example 𝐼𝐼1 = [0,100) and  𝐼𝐼2 = [100,𝑇𝑇𝑇𝑇𝑇𝑇), where the interval values refer 

to Flight Hours (FHs). The first state is referred to as the healthy state, and we consider that the component is in the healthy state 

when its true RUL є 𝐼𝐼2 .  The second state is the degrading state, and the component is considered to be in that state when  its true 

RUL є 𝐼𝐼1. As such, the discrete state space for every component  at time 𝑡𝑡 is defined as 𝑆𝑆𝑡𝑡 = {1:𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ𝑦𝑦, 2:𝐷𝐷𝐻𝐻𝐷𝐷𝐷𝐷𝐻𝐻𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷, 3: 𝑇𝑇𝐻𝐻𝐷𝐷𝐻𝐻} 

Maintenance decisions have to be taken at discrete time points, i.e., days of the planning horizon, which are also referred to as 

decision epochs. Not considering maintenance slot availability, at every decision epoch, the maintenance planner may choose to 

ground the aircraft and perform maintenance on the corresponding component or do-nothing and wait for the next maintenance 

opportunity. This means that the action set for every component is composed of these available maintenance actions, e.g. 𝐻𝐻 =

{0:𝐷𝐷𝐷𝐷 − 𝑁𝑁𝐷𝐷𝑡𝑡ℎ𝐷𝐷𝐷𝐷𝐷𝐷, 1:𝑃𝑃𝐻𝐻𝐷𝐷𝑃𝑃𝐷𝐷𝐷𝐷𝑃𝑃 𝑀𝑀𝐻𝐻𝐷𝐷𝐷𝐷𝑡𝑡𝐻𝐻𝐷𝐷𝐻𝐻𝐷𝐷𝑀𝑀𝐻𝐻}. The maintenance decision is based on the state of the component. 

However, the true state of the component cannot be directly inferred from the prognostics since at every decision epoch, the predicted 

RUL follows the Gaussian distribution 𝑁𝑁(𝜇𝜇,𝜎𝜎). Based on the mean value 𝜇𝜇 and  intervals 𝐼𝐼1 and 𝐼𝐼2 we define the observed state 𝑂𝑂𝑡𝑡 . 

As it is evident, this observed state relates stochastically to the true underlying but hidden state of the component, which is either 

healthy or degrading. This relationship is described by the state observation matrix, which captures the probability that the decision-

maker observes that the component is in state 𝑆𝑆𝑡𝑡 = 𝑦𝑦 while the component is in true unobservable state  𝑆𝑆𝑡𝑡 = 𝐷𝐷. The state observation 

matrix is constructed by using historical data of true and the corresponding predicted RUL produced by the predictive algorithms of 

WP5. 

The former means that the decision-maker can only formulate a subjective judgement on the component's state and chooses an 

action based on that judgement. This judgement can be represented by a vector of probabilities called belief state 𝐵𝐵𝑡𝑡 which is the 

decision's maker perceived probability of the component being at state 1 and 2, respectively. 

At the beginning of every decision epoch, a new observation is received. According to POMDP theory, it can be proven that the 

whole information or entire history of observations and actions available by that epoch,e.g. (𝐻𝐻0,𝑂𝑂0,𝐻𝐻1,𝑂𝑂1, . . . . . . . . . 𝐻𝐻𝑡𝑡−1,𝑂𝑂𝑡𝑡−1),  can be 
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summarised by  the updated belief state, e.g. 𝐵𝐵𝑡𝑡  Thus, in order to calculate the new belief state 𝐵𝐵𝑡𝑡 it is sufficient to know 𝐵𝐵𝑡𝑡−1 .  

Therefore, after receiving an observation 𝑂𝑂𝑡𝑡 we can calculate, by means of the Bayes' rule, the posterior probability 𝐵𝐵𝑡𝑡 . 

The decision-maker then chooses an action based on the updated belief. As a result of his action, he receives also receives a reward 

𝐷𝐷𝑡𝑡. Apparently, the objective of the maintenance planner is to define a maintenance policy 𝜋𝜋 that minimises the maintenance cost.  

The former objective in the POMDP case is formulated as the maximisation of the expected return: 

𝑅𝑅𝑡𝑡 = ∑ 𝛾𝛾𝐷𝐷𝑡𝑡𝑇𝑇
𝑘𝑘=𝑡𝑡       (1) 

where 𝛾𝛾 is a discount factor. For every component, the reward 𝐷𝐷𝑡𝑡 is formulated as follows: 

𝐷𝐷𝑡𝑡 = 1
𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡(𝑡𝑡)

− 1
𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡(𝑡𝑡−1)

      (2) 

where 𝐶𝐶𝐷𝐷𝐶𝐶𝑡𝑡(𝑡𝑡) is the  maintenance cost induced to the component per FH for choosing maintenance action 𝐻𝐻 at time 𝑡𝑡  and equals: 

𝐶𝐶𝐷𝐷𝐶𝐶𝑡𝑡(𝑡𝑡) = 𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(1−𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(𝑡𝑡))+𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(𝑡𝑡) 
𝐹𝐹𝐹𝐹𝐶𝐶 

      (3) 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 and 𝐶𝐶𝑃𝑃𝐶𝐶𝑃𝑃𝑃𝑃 correspond to the cost for corrective and preventive maintenance, respectively. The former formulation of the reward 

function couples our cost minimisation objective with the POMDP framework, as the planning algorithm (described in the next section)  

chooses the action that results in the highest amount of expected savings, or alternatively, the minimum maintenance costs. 

Moreover, to prevent our planning agent from having a greedy behaviour that may compromise the main objective of timely task 

execution, we choose a discount factor of 𝛾𝛾 = 0.5, so that rewards from future actions are also taken into account. 

The former described process is summarised in the following Figure 2. It is noted that the transition between different states and 

the update of the belief vector occurs only in case a 'Do-nothing' action is chosen. In case a 'Perform Maintenance' action is 

chosen, the POMDP is terminated. 

 

Figure 2 - POMDP approach visualisation 
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2.3.2. POMCP-based planning algorithm. 

The planning algorithm is based on a Partially Observable Monte Carlo planning algorithm developed in [3]. The algorithm 

constructs a search binary-decision tree of state histories or beliefs for every considered component (associated prognostic task), 

as indicated in the following figure. The model uses the following inputs: 

1. The stochastic output from the predictive algorithms of WP5, i.e., the predicted RUL distribution 

2. The available maintenance slots 

3. The average daily aircraft utilisation  

4. The desired planning horizon 

5. The preventive and the corrective maintenance cost of the component(s) 

 

Figure 3 - Monte Carlos Tree Search example 

To define the optimal maintenance policy for each component, we perform a Monte-Carlo Tree search (Figure 3). After multiple 

simulations, the optimal action for the present-day corresponds to the branch of the root node with the highest value 𝑉𝑉 = 𝐸𝐸[𝑅𝑅𝑡𝑡]. 

This represents the action with the minimum expected maintenance costs.  Moreover, since the optimal maintenance policy needs 

to be defined for a specific planning horizon and not for a single day, we prune the tree at the most frequent observation and 

repeat the previous procedure until we reach the end of the planning horizon. 

The final output of the algorithm consists of a sequence of optimal maintenance actions for the desired planning horizon. For each 

defined action, the corresponding maintenance cost is estimated according to Eq.2, to be used as an input to the deterministic 

rescheduling framework discussed in the next section. 
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2.4. Linear Programming solution 

A linear programming approach for maintenance task scheduling in a disruptive environment is conceptually visualised Figure 1. 
For the task scheduling module, there are four data streams that are required for input. The input of tasks, slots and resources has 

already been discussed in Section 2.2. Before a disruption occurs there is a current schedule in which tasks and resources are 

allocated to maintenance slots. In reality, a schedule is not made for a fixed number of days and then executed as planned. 

Maintenance schedules are continuously updated over time and are adapting to disruptions that take place. In an airline 

maintenance environment, tasks arrive continuously and slots change dynamically. The type of disruption that are included within 

the scope of this model relate to the inputs defined in Figure 1 and come in the following forms: 

• Irregular arrival of new tasks. 

– Example: An occurrence of a fault during flight  

• Adjustments to the slot schedule. 

– Example: Late arrival of an aircraft shortens the duration of a maintenance slot. 

• Adjustments in the availability of resources. 

– Example: Decrease of part of the workforce due to unforeseen absence. 

• Deviations in anticipated duration of task execution 

– Example: A corrective maintenance tasks takes twice as long to be executed. 

For scheduling of maintenance tasks into maintenance ground time opportunities, a linear programming approach has been 

chosen. The model developed for this research is a Mixed Integer Linear Programming (MILP) model with a multi-objective 

function. The remaining part of this section will first discus the required inputs for the model followed by description of decision 

variables, objective function and constraints. The following sections provide a methodological overview of the model. A more 

extensive overview including mathematical formulation can be found in van Kessel [4].    

2.4.1. Decision variables 

The goal of the maintenance scheduling disruption management model is to assist the maintenance scheduler in its decision 

making. The decision variables of the MILP model are therefore similar to the decision that the maintenance scheduler is able to 

make in an operational environment: 

1. Assignment of an aircraft to a maintenance ground slot 
2. Assignment of a task to a maintenance ground slot 
3. Assignment of (skilled) workforce to a maintenance ground slot 
4. Aircraft cleanliness for the coming 10 days behind scheduling window 
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2.4.2. Objective function 

To increase the scheduling performance and assist the maintenance scheduler, the scheduling model aims for the following 

objectives: 

1. Minimise maintenance ground time, to increase schedule efficiency  
2. Limit number of rescheduling actions, to improve schedule stability. 
3. Ensure scheduled feasibility in both short- and long-term during rescheduling. 

To implement the objectives defined above into a MILP model a multi objective function has been defined, visualised in the 

following figure: 

 

Figure 4 - Objectives hierarchy used in the linear progamming solution 

The objectives in the figure above are defined in hierarchical order going from left to right. As a result, task execution therefore 

always has priority over the other objectives. In more detail the objectives are defined as following: 

− The first objective is to execute tasks ahead of their due date. When exceeding the task due date, the aircraft is no longer 

airworthy and would have to be kept on the ground until the task is performed, inducing major costs to the airline.  

− Secondly, after guaranteeing the execution of tasks in time, the goal of an MRO should be to provide fleet availability 

towards the airline. This was considered by penalising the ground time associated with the slots used to perform 

maintenance.  

− The third objective is to guaranty the stability of the schedule by preventing schedule changes. A schedule change was 

defined to be a change in the aircraft registration assigned to a flexible maintenance slot, when compared with the original 

schedule. Reallocation of tasks between maintenance slots of the same aircraft registration was not considered as a 

schedule change since it does not affect the availability of the aircraft for operations. In the case of a schedule change, 

the number of days of notice is of high importance. An aircraft allocation change on the day of operations is more costly 

than an aircraft change one week ahead. Therefore the weight associated with this objective is increasing for schedule 

changes closer to the day of operation. 

− The next objective is to avoid leaving maintenance tasks open with due date in the days after the schedule window. This 

can lead to indefinite postponement of scheduling maintenance tasks outside of the scheduling window. For this, we 

introduced the concept of' aircraft clean', meaning that the aircraft does not have open tasks with a due date in the n days 

after the schedule window. The goal is to minimise the number of non-clean aircraft at the end of the schedule. To 

guarantee task execution, it is better to have those tasks scheduled with a less optimal interval utilisation. As by moving 

towards the future these tasks can always be rescheduled and postponed till later without any penalty. 

− The last objective is to plan individual tasks at the optimal moment in time. As described above task execution is the most 

important objective. For a maintenance scheduler there is a degree of freedom in terms of the moment in time a task is 
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scheduled. Within this framework a distinction is made between interval utilisation and task deferral as displayed in Figure 

4. 

• The moment in time a task is executed relative to the length of the interval of the task refers to task interval 

utilisation. For preventive task the goal is to schedule close to its due date, to minimise interval waste. For 

corrective tasks it's preferable to execute as soon as possible for quality reasons. 

• In case the task due date exceeds the scheduling window there is an option to schedule the task within the 

schedule window or defer the task. In case of task deferral the decision is made to postpone the task execution to 

a later moment within the schedule horizon. 

As explained in the beginning of this section, the objective of minimising ground time and limiting schedule changes is 

interdependent on each other. An efficient schedule in terms of ground time, likely requires more schedule changes. On the other 

hand, a stable schedule likely consumes more ground time. A trade-off has been performed between the two objectives, which is 

available in van Kessel [4].    

2.4.3. Constraints 

To create a feasible maintenance schedule and adhere to regulatory and operational constraints the MILP model the following 

constraints are added to the model. 

1. A maintenance slot can only have one aircraft assigned. 

2. Aircraft can only be assigned to a maintenance slot for the designated aircraft sub-type.  

3. Maintenance tasks of an aircraft can only be assigned to a maintenance slot if the corresponding aircraft is assigned. 

4. Maintenance tasks need to be scheduled ahead of its due date. 

5. The assigned workforce may not exceed the available workforce for that moment of the day. 

6. The 4M requirements of task should be satisfied for assignment to a maintenance slot. The 4M requirements are provided 

in more detail in the table below: 

 

 

 

 

 

A more elaborate formulation of the model objective, constraints are provided in van Kessel [4].    

4M's Explanation 

Method The estimated execution duration of a task needs to fit within the scheduled duration of a 
maintenance slot 

Machinery The scheduled execution date needs to be after the Estimated Time of Arrival (ETA) of the 
required machinery. 

Material The scheduled execution date needs to be after the ETA of the required material. 

Manpower Workforce which satisfy the skill requirements of the task, need to be scheduled to the 
corresponding maintenance slot for the required amount of workforce hours of the assigned 
tasks. 
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2.5. Reinforcement learning solution 

The second scheduling model uses a deep reinforcement learning approach to schedule and reschedule aircraft maintenance 

tasks. The scheduling problem is transformed into a Markov Decision Process (MDP) that emulates the sequential scheduling 

method followed by a human planner. This section will elaborate on the different aspects of the model, discussing the problem 

formulation, the state and action spaces, the reward and transition functions, and the solution method followed. 

2.5.1. Problem formulation 

The proposed mathematical formulation for the artificial agent combines two previously published papers using the MDP to solve a 

scheduling problem [5][6]. The state & action space will be inspired by the formulation of Lagos et al. [5]. They identified two 

specific states for every aircraft in the fleet, indicating the available resources (duration of the maintenance opportunities and the 

specified demand (open aircraft maintenance tasks). The architecture of the artificial agent will be adopted from Luo [6], where 

they use a target network and a memory replay buffer to stabilise the learning process, increase data efficiency and ensure 

convergence.  

Following the framework presented in Figure 1, the model aims to reschedule aircraft maintenance tasks after a task disruption. 

This disruption can result in an infeasible schedule and should be adjusted. The model's objective is to match the available 

resources and maintenance opportunities with the aircraft demand (aircraft maintenance tasks) at each point in time t. The 

reinforcement learning algorithm decides which aircraft to schedule in each maintenance opportunity and which aircraft tasks to 

assigned to that maintenance opportunity 

To constrain the model and to reflect a real-world problem, the problem is divided into sub-problems based on the aircraft type. 

Those sub-problems will be solved with the same artificial agent, so the agent learns from each sub-problem of the aircraft type. 

However, to compute a solution per aircraft type, it is considered that there are no shared maintenance resources (e.g., material, 

technicians) constraints. As in the linear programming approach, the maintenance opportunities are divided into fixed and flexible 

maintenance opportunities. The fixed maintenance opportunities are preassigned to a specific aircraft, so the reinforcement 

learning algorithm does not have the freedom to change the aircraft allocated to these opportunities. 

2.5.2. State-space 

The decisions made by the reinforcement learning algorithm are made sequentially. In other words, it considers each maintenance 

opportunity at a time. Those decisions are based on the state of the environment. At each maintenance opportunity 𝑃𝑃 ∈ 𝑀𝑀𝐶𝐶, the 

agent is in a specific state 𝑆𝑆𝑡𝑡 = (𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 ,𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡). The first vector 𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 ≔ {𝑡𝑡𝑀𝑀1,𝑡𝑡, … , 𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 , … , 𝑡𝑡𝑀𝑀|𝐴𝐴𝑠𝑠|,𝑡𝑡} indicates the Task Criticality number, 

so how urgent an aircraft needs maintenance on a specific time step t. This number is based on the available remaining 

maintenance opportunities 𝑅𝑅𝑎𝑎,𝑡𝑡 before the first task 𝐷𝐷 ∈ 𝑂𝑂𝑎𝑎,𝑡𝑡 on a specific aircraft 𝐻𝐻 goes due. Those remaining maintenance 

opportunities correspond with a criticality number, which is depicted in Figure 5. This number is increasing while approaching the 

aircraft last remaining maintenance opportunity. The main feature of the number is that it doubles after an unused maintenance 

opportunity because closer to the due date means a more critical aircraft. The second vector 𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡 ≔ {𝑃𝑃𝑀𝑀1,𝑡𝑡, … ,𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡, … ,𝑃𝑃𝑀𝑀|𝐴𝐴𝑠𝑠|,𝑡𝑡} 

provides information regarding the combination of workload 𝐷𝐷 ∈ 𝑂𝑂𝑎𝑎,𝑡𝑡 compared to the available resources for maintenance 

opportunity 𝑃𝑃. The idea is that it is preferable to use a one-hour maintenance opportunity with tasks that take about one hour to be 
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performed than with a single task that only takes 10 minutes of work. Figure 6 depicts the corresponding maintenance opportunity 

criticality value as a function of the workload needed to perform the tasks allocated to the opportunities and the available 

workforce. The value is equal to 10 if the workload required for the tasks is similar to the workforce available; it is half of that when 

less than 75% of the workforce is used. Only 10% of the maximum criticality value is given if less than one-quarter of the workforce 

is used. 

 

Figure 5 - Task criticality definition in the reinforcement 
learning approach 

 

Figure 6 - Slot criticality definition in the reinforcement learning 
approach 

Deng et al. [7] stated that dynamic programming problems are not suitable for large-scale. Therefore, only the four aircraft with the 

highest Task Criticality number are taken into account to decrease the problem size. This results in a smaller and consistent 

problem size for each aircraft type 𝐶𝐶. The final state of the artificial agent has a size of 4 × 2 and is mathematically described as 

follows. 

𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 ≔ {𝑡𝑡𝑀𝑀1,𝑡𝑡 , … , 𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡, … , 𝑡𝑡𝑀𝑀�𝐴𝐴𝑠𝑠,𝑡𝑡�,𝑡𝑡} 

𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡 ≔ {𝑃𝑃𝑀𝑀1,𝑡𝑡 , … ,𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡 , … ,𝑃𝑃𝑀𝑀�𝐴𝐴𝑠𝑠,𝑡𝑡�,𝑡𝑡} 

2.5.3. Action space 

At time step 𝑡𝑡, the agent needs to take an action 𝑋𝑋𝑡𝑡 ∈ 𝕏𝕏𝑡𝑡(𝑆𝑆𝑡𝑡) based on the specific state 𝑆𝑆𝑡𝑡 = (𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡,𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡). The action space 𝕏𝕏𝑡𝑡(𝑆𝑆𝑡𝑡) 

is based on the decision of which aircraft to maintain. As described in the previous section, the artificial agent only considers the 4 

aircraft with the highest Task Criticality number 𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡. Therefore, the action space is mathematically described as follows 

𝕏𝕏𝑡𝑡(𝑆𝑆𝑡𝑡) = {𝐴𝐴𝐶𝐶,𝑡𝑡,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁} 

A NULL aircraft is added to the action space to be able not to schedule an aircraft. If the NULL aircraft is used, no aircraft is 

scheduled, and the available blocks could be used for fleet availability or used after a disruption. In total, the agent can choose 

from 5 different actions. 
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2.5.4. Reward function 

The reward function represents the objective of the model. The model's objective is to maximise the preventive tasks' interval 

usage while matching the workload with the available resources. Therefore, the reward function is based on the two different states 

defined in the previous section. However, the model always needs to prevent tasks from going due. For this reason, the agent 

always receives a negative reward when a task goes due. 

Furthermore, the agent also needs to get a positive reward for not scheduling an aircraft because the aircraft could be utilised to 

perform a flight. On the other hand, it should not be dominating the decision making of the agent because maintaining the aircraft 

in time is the top priority for a safe operation. The reward for not scheduling an aircraft is 2.5, which is the second-lowest task 

criticality number. 

𝑅𝑅𝑎𝑎,𝑡𝑡 ≔ �
−1                          𝐷𝐷𝑃𝑃 𝐷𝐷𝑁𝑁𝐸𝐸 = 1
𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 + 𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡    𝐻𝐻𝐻𝐻𝐷𝐷𝑃𝑃   𝑋𝑋𝑡𝑡 = 𝐴𝐴𝐶𝐶

2.5                           𝐻𝐻𝐻𝐻𝐷𝐷𝑃𝑃   𝑋𝑋𝑡𝑡 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
 

2.5.5. Transition functions 

When a specific action 𝑋𝑋𝑡𝑡 ∈ 𝕏𝕏𝑡𝑡(𝑆𝑆𝑡𝑡)  is taken in a specific state 𝑆𝑆𝑡𝑡 = (𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 ,𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡). The environment transits from time step t to t + 1. 

Therefore, the environment will update its state to 𝑆𝑆𝑡𝑡+1 = (𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡+1,𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡+1). For every single aircraft, 𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡 and 𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡 need to be 

updated, clearing all performed tasks 𝑃𝑃𝑛𝑛,𝑡𝑡 in time step t and including newly arrived tasks 𝑁𝑁𝑛𝑛,𝑡𝑡. Furthermore, the available 

resources are corrected for the used workload in time step t. 

First,  the performed tasks 𝑃𝑃𝑛𝑛,𝑡𝑡 in time step t are deducted from the open aircraft maintenance tasks,  while newly arrived tasks are 

added to the open aircraft maintenance tasks. 

𝑂𝑂𝑎𝑎,𝑡𝑡+1 ≔ �𝐷𝐷 ∈ 𝑂𝑂𝑎𝑎,𝑡𝑡:𝑃𝑃𝑛𝑛,𝑡𝑡 = 0� ∪ 𝑁𝑁𝑎𝑎,𝑡𝑡+1 

Thereafter, the schedule dates are stored for the performed tasks 𝐷𝐷 ∈ 𝑃𝑃𝑛𝑛,𝑡𝑡. 

𝑇𝑇𝑆𝑆𝑀𝑀𝐷𝐷𝑛𝑛 ≔ 𝑀𝑀𝑆𝑆𝐷𝐷𝑚𝑚     ∀ 𝐷𝐷 ∈ 𝑃𝑃𝑛𝑛,𝑡𝑡 

The performed tasks 𝑃𝑃𝑛𝑛,𝑡𝑡 require available resources r, because each task require 𝑇𝑇𝑊𝑊𝑛𝑛 resources. Therefore, the available 

resources need to be updated accordingly. The required resources for the performed tasks 𝑃𝑃𝑛𝑛,𝑡𝑡 are proportionally deducted from 

the available resources. 

𝐴𝐴𝑅𝑅𝐶𝐶,𝑡𝑡+1 ≔ �
𝐷𝐷 ∈ 𝑅𝑅                           𝐷𝐷𝑃𝑃 𝑡𝑡 = 0
�𝐷𝐷 ∈ 𝐴𝐴𝑅𝑅𝐶𝐶,𝑡𝑡:𝑁𝑁𝐶𝐶,𝑡𝑡 = 0�      𝐻𝐻𝐻𝐻𝐶𝐶𝐻𝐻 

Furthermore, the state of the environment needs to be updated. Firstly, the task criticality number is updated. For each aircraft, the 

remaining slots before the first task goes due is determined. 
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𝑡𝑡𝑀𝑀𝑎𝑎,𝑡𝑡+1 ≔ � � 1 ∶ 𝑀𝑀𝑆𝑆𝐷𝐷𝑚𝑚
𝑚𝑚∈𝑀𝑀𝑠𝑠

< 𝑃𝑃𝐷𝐷𝐷𝐷𝑛𝑛�[𝑇𝑇𝐷𝐷𝐷𝐷𝑛𝑛]𝑛𝑛∈𝑂𝑂𝐹𝐹,𝑡𝑡+1�  � 

At last, the maintenance opportunity criticality number is updated. The workload on each aircraft is divided by the available 

resources 

𝑃𝑃𝑀𝑀𝑎𝑎,𝑡𝑡+1 ≔
∑ 𝐴𝐴𝑅𝑅𝑡𝑡+1𝐶𝐶∈𝑅𝑅𝑚𝑚
∑ 𝑇𝑇𝑊𝑊𝑛𝑛𝑛𝑛∈𝑂𝑂𝐹𝐹,𝑡𝑡+1

 

2.5.6. Solution method 

Reinforcement Learning uses an agent to learn how to act in a specific environment state. In the basic representation, the agent 

performs an action that results in a specific reward, which brings the agent to the next state. The agent learns the preferable 

strategy by iterating over those state-action pairs and comparing the rewards it receives. A widely used Reinforcement Learning 

algorithm is the Q-Learning algorithm. 

Q-Learning algorithm can only deal with small problem sizes because it is limited to the Q-Table. Therefore, in 2015, Mnih et al. [8] 

developed the concept of the Deep Q Network. This concept uses a neural network with weights 𝜃𝜃 to estimate the Q-function. A 

typical neural network is composed of multiple connected layers, each layer consist of several neurons, which are individually 

connected to all neurons of the adjacent layers. Those layers consist of a non-linear transformation function with weights θ. The 

neural network starts with the input layer, which represents the input values. Those input values are multiplied by the weights θ and 

transformed with the non-linear transformation function. This is repeatedly done until the output layer, which represents the output 

values of the model. 

For this research, the input of the neural network is the state st of the environment, and the output is the Q function values of the 5 

different actions, which could be taken. By making use of the neural network, the algorithm can handle more complicated decision 

processes with a larger and continuous state space. 

The training set-up makes use of the Deep Q-learning algorithm to train the above mentioned Deep Q Network, also applied by 

Luo [6]. This approach has two main aspects, which makes it effective to train Deep Q Networks. The first aspect is the addition of 

a replay memory buffer, which stores the agent's experiences while exploring the environment. At each time step t the algorithm 

will store the following parameters (𝐶𝐶𝑡𝑡 , 𝐻𝐻𝑡𝑡, 𝐷𝐷𝑡𝑡, 𝐶𝐶𝑡𝑡+1). The weights 𝜃𝜃 are updated based on a batch of the experiences stored in the 

replay memory buffer. Those experiences are randomly drawn from the replay memory buffer. Therefore, it is possible to draw 

multiple times the same experience, which will increase the data efficiency. Furthermore, it makes sure that the agent is not 

learning the correlation between the transitions because the weights 𝜃𝜃 are updated randomly from the replay memory buffer. The 

second aspect is a second Deep Q Network, the target network. After a predefined number of iterations, the weights 𝜃𝜃− of the 

target network are updated with the weights of the online network and are fixed for a predefined number of iterations. The weights 

𝜃𝜃 of the online network are trained by using a stochastic gradient descent algorithm to minimise the mean squared error of the loss 

function. The loss function is mathematically described as follows 

𝑁𝑁(𝜃𝜃) =  𝔼𝔼<𝐶𝐶,𝑎𝑎,𝐶𝐶,𝐶𝐶′>~𝒰𝒰(ℛ)(𝐷𝐷 + 𝛾𝛾min
𝑎𝑎′

𝑄𝑄(𝐶𝐶′,𝐻𝐻′;  𝜃𝜃−) −𝑄𝑄(𝐶𝐶, 𝐻𝐻;  𝜃𝜃)) 
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where the first term is the reward, the second term is the value in the targe network, and the last term is the value obtained in the 

online network. This target network makes sure that the updated network is not influencing directly by the taken actions. Therefore, 

making the training more stable. 

2.6. Output 

The output of the framework returns data in the identical format the platform has received it. It includes the suggested schedule 

changes proposed by the framework based on the input data. The schedule changes that the model proposes are: 

1. A suggested scheduling date is provided for prognostic tasks 

2. (Re)allocation of aircraft to maintenance slots 

3. (Re)allocation of tasks to maintenance slots 

4. Suggested scheduling slot for unscheduled tasks 

The format of the output is identical to the input format received. As such, an iterative scheduling approach can be realised where 

the output of the framework can serve as input for the next iteration. For this new iteration, either user feedback (received from the 

user interface) or an update in input data can be taken into account. With this iterative scheduling approach the schedule is 

continuously and real-time kept in a feasible state. The schedule adjusts to disruptions taking place and provides optimal 

schedules or alerts for schedule infeasibilities.  
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3. User-interface 

3.1. Overview 

The user interface design was based on the paradigm shift of the new tool using predictive indicators based on RUL estimates. To 

achieve that, we studied simulation games and how cultural probes, a design technique introduced by Gaver et al. [9], that can be 

used to to elicit adaptive changes from practitioners, with the play probes method being indicated as a potential research 

approach.  

The current user interface model is being developed to: a) present a possible approach on how to interact with the new prognostics 

indicators, such as RUL; b) but also to probe and understand practice changes both in the interaction between the human planner 

and the tool, and in industry planning procedures in which it would be integrated. 

In order to design this user interface, we interviewed two AMP planning experts from KLM to get an overview of current planning 

practices. We subsequently developed a series of participatory playful probing workshops, in order to deepen and integrate 

existing theoretical and practical knowledge, as well as to speculate on the changes that CBM tool could induce, and required 

interactions. 

Using the probing approach a three-run experiment was conducted, in which participants played with CBM artefacts to solve 

hipothetical maintenance scheduling problems with RUL estimates. The profile of the participants in the first round was four 

researchers in computer science, the second two experts in maintenance management, and the third three researchers in machine 

learning. This experiment allowed participants to speculate on how the visualisation and interaction with the tool might help them 

solve the challenge, as well as to generate insights into evolving maintenance planning practices with Machine Learning (ML) 

estimation tools. An extensive overview of the methods used, data analysis and results can be found in the paper "Playfully 

probing practice-automation dialectics in designing new ML-tools" [10]. 

The next section describes the current state of the design and user interface characteristics. 

3.2. User Interface Design 

This section briefly describes the main design aspects of the user interface, both in relation to the required tasks and 

functionalities, the main components, as well as how the interface is organised. 

3.2.1. Key Tasks to Be Supported 

From the participatory workshops held with participants of the ReMap project, described in the Playfully Probing study, it was 

possible to obtain a list of requirements, and from these requirements, organize a set of functionalities necessary for the use of the 

User Interface. The primary purpose of the user interface is to view and edit a maintenance plan for a fleet of aircraft. It is possible 

to view, edit and move a maintenance to another opportunity, either manually or automatically. The user interface allows to receive 

a set of tasks (which may already be allocated to certain maintenance), and allocate these tasks to new maintenance or 
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reallocation to other maintenance. The planner can fine-tune the plan taking into account both the main KPI indicators related to 

the fleet or choose to read the plan in detail and use his experience to redo it until s/he get a plan s/he’s satisfied with. 

Next, we list the main functionalities of the user interface, obtained from the Playfully Probing study. 

Aircraft fleet: Visualisation of maintenance on a vast fleet of aircraft. The maintenance representation of each aircraft is done in a 

maintenance timeline. 

Expanded mode: Expanded view, allowing you to view the tasks of a specific aircraft in the calendar. If the task is already 

assigned to a maintenance, the connector for the respective maintenance is displayed. In this mode the KPI's of the respective 

aircraft are also shown. 

180-day time horizon: Ability to view an operation and maintenance plan within a maximum time horizon of 180 days. 

Maintenance Representation: Three Different kinds of representation: Letter Checks; Clusters and Line Maintenances. Letter 

Checks are fixed in the representation, and do not show individual tasks. Clusters and Line Maintenances can be moved in time, 

and tasks are visible.  

Task Representation: Two types of tasks, represented differently. Tasks with Due Date are represented by a date on the 

calendar, and tasks with RUL with a Probability Distribution Function (PDF). 

Auto Plan: Trigger the maintenance planning algorithm that allows the planner to automatically obtain a maintenance planning 

solution. It is the result of the integration of a maintenance planning algorithm developed in the ReMap project. 

Selective Planning: Ability to fix certain maintenance opportunities and run the autoplan only for maintenances for which the 

planner wants to find a better maintenance opportunity. 

Manual Plan: The manual mode allows the planner to drag and drop maintenance to another more opportune time slot and 

allocate tasks to other maintenance. 

Inspection Mode: Pop Up with all the information regarding maintenance and the list of tasks associated with it. 

Hangar Representation: Hangar availability information taking into account the allocation of Cluster-type maintenance. 

Reading and Writing in XML file: The operation and maintenance plan is encoded in an XML file, which can be saved and 

subsequently read. 

KPI's: The main KPI's are shown for the fleet as a whole or for a specific aircraft when viewed in expanded mode. 

3.2.2. Key Concepts 

This section describes the main concepts represented in the user interface. For detailed information on how all the information 

used by the user interface is encoded, see section 3.3 on encoding the data in an XML file. 
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Figure 7 - Components of Planning area showing planned Flights and Maintenances 

 

Row: Each line of Figure 7 represents information relating to an aircraft plan of flight routes and maintenance operations. The set 

of lines composes the fleet information.  

Flight Plan: Set of expected flights represented in blue and shown on the calendar. For the first 3 days these flights are shown in 

dark blue to indicate they became locked/unlikely to be moved. 

Maintenance Plan: The maintenance plan is represented on the calendar by rectangles in Orange (Cluster), Green (Line 

Maintenance) and Gray (Letter Check). In expanded mode, the tasks of this plane are shown, one for each line. 

Maintenance Task: A task is shown in gray when the user expands the maintenance plan for a particular aircraft. In case the task 

has an associated RUL, it is represented by an aproximate curve, in case it only has a deadline associated, it is represented by a 

triangle. When tasks are assigned to a maintenance slot, a dotted connector between the task and the planned maintenance is 

shown. 

Letter Check: These are large groups of mandatory tasks, such as #A, #C and #D, usually composed by routine tasks, defined in 

the Maintenance Planning Document (MPD). Although these maintenances are out of the scope of the ReMap project, for the sake 

of plan readability these maintenance blocks (not the tasks) are also shown in the calendar in gray rectangles.  

Cluster: The composition of one or more non-routine, modifications, corrective maintenance or predictive tasks represented with 

an orange rectangle. These tasks require certain resources and skills, and compete with the availability of those skills in the 

hangar. Inside the rectangle we represent the name of the Work Package, the Due Date or the RUL if it exists. 
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Hangar Slot: The minimum time slot (4H) of an aircraft allocated with a slot in the hangar that occurs in Cluster-type maintenance. 

Line Maintenance: The composition of one or more non-routine, modifications, corrective maintenance or predictive tasks 

represented with a green rectangle. These tasks are done "in line", so they don't require hangar slots. Inside the rectangle we 

represent the name of the Work Package, the Due Date or the RUL if it exists. 

RUL: The useful flight time calculated for a given system or component, and assigned to a given task. In case the task has more 

than one RUL, the smallest RUL is assigned to the task. 

Lock: It is possible to block some maintenance or all maintenance for a certain aircraft so that they are not recalculated (and 

moved) by the plan generation module. 

Drag & Drop operations: It is used to move certain maintenance to another opportunity. It is also used to move a certain task to 

another maintenance. 

Inspection mode: When the user clicks on a Cluster or Line Maintenance, a pop-up is displayed with all the information about that 

maintenance, as well as a list with the details of all the associated tasks. 

3.2.3. Design of the Interface Components 

This section describes how the components are organised in the user interface. The design of this interface, contrary to what is 

often practice, is intended to be minimal, reuse knowledge from current practices, and oriented towards direct manipulation of 

visual representations. Functions with a simple click or Drag & Drop are privileged so that the use can be fast and efficiently 

learned. These features will be important in a future adaptation of the interface to a simulation game for training and scenario-

based human validation. So that it can serve the purpose of a probe, the visual elements are easily distinguished with hight 

contrast colors. However, in order to simulate a planning work tool, the background is deliberately dark, in order to reduce fatigue. 

The most important elements in the work of the planner, taking into account the CBM planning, are the different maintenance 

representations (Letter Check, Cluster and Line Maintenance), the maintenance tasks that are represented in two types (with or 

without RUL), and the interaction with the planned flights. These elements are represented in the main area of the User Interface, 

the Planning area, as shown in Figure 7 and Figure 8.  
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Figure 8 - Expanded Mode showing a expanded Row with some Classic (Due Date) and Prognostic (RUL) Tasks 

 

From the moment the user interface reads a generated plan from a XML file, it performs all the pre-processing to produce a plan 

visualisation for the user. The illustration in Figure 7 shows a flight and maintenance plan for the first 8 aircraft of a fleet.  

In Figure 8 it is also possible to visualise the expansion of the plane "Tail0" showing the tasks represented either with RUL or just 

Due Dates. The Aircraft KPI's information rectangle (still empty to the left) will contain the KPI information about the expanded 

aircraft line, with information most relevant to the planner. 

3.2.4. Design of the Main Interface Screens 

The development of the main screen of the user interface is under development. As you can see in the Figure 9, the red rectangles 

describe the areas where the other features will be interacted. 

At the top is on the left is the toolbar, which allows you to open and save a file or run AutoPlan. To the right is an area dedicated to 

the KPIs of the fleet as a whole. In the central part, the planning area stands out as the main work area. At the bottom you can find 

information about the Hangar slot allocation. 

When the user selects a maintenance block, the inspection interface is displayed, as in Figure 10. This interface presents detailed 

information regarding the maintenance block as well as the items tasks that are part of it. 
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Figure 9 - Main Screen Interface showing the different areas 

 

Figure 10 - Detail Screen Interface showing the details of maintenance and respective tasks 
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3.2.5. Integration of RUL Visualisations 

Tasks received by the User Interface assume a Due Date, or an indication of RUL in FH. In the case of Due Date, the restriction 

with the calendar date is already given. In case it has RUL information, it is converted by the user interface to a calendar date, 

taking into account the usage history of FH/day per plane. 

From WP5 research work, RUL predictions related to multiple components and systems will be genertated, which in turn will 

demand tasks to be scheduled, that will serve as input to the tool being developed in WP6. Although a task may be associated to 

more than one component or system, each task can only have one RUL associated (possibly the most urgent or the most critical). 

RUL indicators reflect the urgency and relevance of carrying out a certain task, and have great relevance in the planner's action, 

be it Human or AI. Readability and interpretation of RUL information becomes critical for a planner's CBM planning.  

As it is still the object of investigation of the ReMap project, and still open, the tool design assumes that the RUL information can 

be received in two ways: as one of the FH probability distribution function of the ideal range to carry out the maintenance (the ideal 

solution), or as a numerical value in FH to carry out a maintenance. In both cases the user interface will convert this information so 

that it can be displayed on the calendar. 

 

Figure 11- Curve (blue) obtained from Probability Distribution Function (PDF). Source: Introduction to prognostics [11] 

The probability distribution function assumes that there is information about the trending parameter models, and with them it is 

possible to obtain the PDF as exemplified in the Figure 11. In the user interface this curve is shown as the representation of a task 

with RUL as shown in Figure 8. 

The tool User Interface module expects to receive information from the probability distribution function associated with tasks that 

have components that can originate this information. As the models to origin these indicators are not yet completely defined in 

WP5, we foresee the possibility of only receiving the numerical value of the FH, in which case this representation remains 

metaphorical or illustrative of an ideal for further work. 
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3.3. Data Model 

The User Interface has a specific data model to organize the data it needs for viewing and editing a plan. The XML format was 

chosen for being a language for encoding documents in an easily readable format by both human and machine. This data model 

will be used to code the plan in a file that will be sent to the component containing the ML algorithm for maintenance scheduling, 

as well as to receive that plan and present it to the user to make the changes s/he finds relevant and repeat this tunning loop.  

The data model is subdivided into 3 major sections: Flight Plan (input); Task List (input); Maintenance Plan (input and output). 

Additionally, this model of the plan also includes the specification of the availability of workforce for a given period. A template was 

presented in Figure 12. 

XML Tree Macro View  Aircraft Route View Task View Maintenance Slot View 

  
  

Figure 12 – Toy example using the XML model specification (trees generated at https://codebeautify.org/) 

A more detailed description of the XML file parameters is described below. 

Plan: Complete set of information required by the user interface. It is subdivided into GenerationFile; StartPlan: Fleet; 

Workforceavailability. 

GenerationFile: Header containing the file's generation metadata 

StartPlan: Start date of plan coding. 

Fleet: The user interface is prepared to show only a fleet of aircraft. For each fleet there is operational information (FlightPlan), 

maintenance tasks (Tasklist), and scheduled maintenance (MaintenanceSchedule). 

FlightPlan: Set of information relating to the flights of aircraft belonging to the fleet. 
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Route: Information regarding the set of flights carried out by an aircraft from departure from Base airport (where there is a 

maintenance hangar) to arrival at that same airport. 

TaskList: Set of tasks (Item) belonging to fleet aircraft associated or not with a Maintenance. Items that are associated with Letter 

Checks (#A, #C, #D) are not displayed on the Userinterface. 

Item: Each task has a vast set of parameters that describe itself, namely Requiredlocation, Skills, and Workpackageid. The RUL or 

Curve parameters are optional, and only exist if it is a prognostic task. 

Requiredlocation: Represented by H if the task needs to be done in the Hangar or P if it can be done in Line (without going to the 

hangar). 

Skills: Set of labor skills needed to perform the task and the time required for each one. 

RUL: Remain Useful Life of the system / component with the least life of a task. 

Curve: Additional and more complete information to the RUL that adds the lifetime probability distribution function for this task. 

MaintenanceSchedule: Maintenance group (slots) related to the aircraft fleet. 

Slot: Information related to a maintenance namely Type, Location and Workpackageid. 

Type: Maintenance type that can be a leeter check (starting with the '#' character), TO, RP, etc. In case it is a letter check, this 

maintenance is shown in the Userinterface but without any possible interaction. 

Location: Information about the location where maintenance will be performed. In the case of having in the description '/LINE/' it is 

represented by maintenance in Line, and in the case of having in the description '/H__/' it is represented as a Cluster having the 

respective allocation of resources in the hangar. 

Workpackageid: Maintenanceschedule key that allows identifying where each Item is allocated to the respective slot. 

Workforceavailabillity: Period group with resource allocation by hangar slots on a weekly basis. 

The user interface is being developed in the Unity (https://unity.com/) development tool. At current stage, the XML plan previously 

specified is being read and drawn for visualisation. With the future complete development of the tool with simulation capabilities, 

the RUL's uncertainty values can be better studied to understand how to interact with them as well to generate insights of possible 

changes in domain practices.  
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4. Conclusion 
This report presents the multi-stage maintenance management decision support tool developed in ReMAP to produce optimised 

maintenance plans for a fleet of aircraft. The tool follows a unique approach where predictive health monitoring and scheduling 

data are combined in a real-time environment. It provides the step towards implementing an adaptive condition-based maintenance 

(CBM) approach as this requires the maintenance schedule to be more dynamic to prevent disruptions. 

The tool will be deployed in a six-month demonstration to test the impact of using an optimisation approach to schedule 

maintenance tasks for a fleet of aircraft. The tool will be running parallel to operations during these six months. In this way, the 

demonstration will be used to analyse if the preventive and corrective tasks can be consistently scheduled in time and if disruptions 

can be prevented using prognostics. In general, the obtained results will provide valuable insights on the impact of the monitored 

component's criticality, maintenance cost, and unpredictability on the optimal maintenance plan, defining the technical limitations 

and implications of applying the CBM strategy in practice. Furthermore, the user interface will allow a smooth deployment of the 

new CBM paradigm in practice, facilitating the understanding of the optimal maintenance fleet schedules and the reading of the 

health prognostics from a set of aircraft components, paving the way to the implementation of CBM in practice. 
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