Aircraft
Maintenance, Repair
& Overhaul Spare
Parts Management

Demand & Procurement Optimization

@

% 9
TUDelft x (alr
oL




MSc thesis in TIL

Aircraft Maintenance, Repair & Overhaul
Spare Parts Management

Demand & Procurement Optimization

Christos Paschalidis

November 2025

A thesis submitted to the Delft University of Technology in partial
fulfillment of the requirements for the degree of Master of Science in
Transport, Infrastructure & Logistics



Christos Paschalidis: Aircraft Maintenance, Repair & Overhaul Spare Parts Management (2025)
©@@® This work is licensed under a Creative Commons Attribution 4.0 International License. To view a
copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

The work in this thesis was carried out in collaboration with:

@7

oy Acceleratin
n lr the Futurel 9 Royal Netherlands Aerospace Centre
of aerospace

Supervisors: Dr. E Schulte
Dr. M.J. Ribeiro
Co-reader: Dr. LI de Pater

Report ID: 2025.TIL.9139


http://creativecommons.org/licenses/by/4.0/

Abstract

Managing spare parts for Aircraft Maintenance, Repair, and Overhaul (MRO) is challenging because
there is a significant gap between long-term maintenance schedules and daily procurement decisions.
While existing research often addresses demand forecasting and inventory control in isolation using
abstract assumptions, a new framework is presented to bridge this gap by directly connecting day-to-
day procurement decisions with the fixed, fleet-wide maintenance schedule. A task-based approach
enhances traditional planning, which often relies on aggregate forecasts and can miss the specific needs
of individual checks. The result is a transparent, cost-based model built for operational utility, where
every decision accounts for probabilistic predictions and remains auditable. This traceability is crucial
in an environment where complete historical data is often unavailable.

The framework consists of two modular stages. First, a demand forecasting methodology converts raw
maintenance tasks into a usable, time-phased, and probabilistic demand signal. To accomplish this,
maintenance tasks are systematically grouped based on their technical attributes. The outcome is a
repeatable method to describe the demand potential of each scheduled task.

Second, a daily procurement optimization model was created to act on this detailed forecast. The
algorithm replicates a planner’s decision-making process by explicitly comparing the expected future
costs of buying, waiting, or selling surplus stock. To mirror operational reality, the model utilizes
regular orders with uncertain lead times, reactive express orders, and pre-procurement. Every decision
becomes a justifiable trade-off regarding the cost of purchasing and holding inventory, and the high
financial penalty of a stockout.

Finally, the model was validated against two benchmarks: a fully conservative (100% service) strategy
and a standard periodic-review policy. The proposed model reduced total net costs for both bench-
marks, achieving savings of 17.5% and 9.2% respectively. The analysis shows this advantage stems
from the strategic acceptance of controlled risks when doing so leads to a lower expected total cost.
Further sensitivity analysis revealed that the cost-driven logic is robust even under poor forecasts,
as it automatically compensates to maintain a safe inventory level. The analysis also identifies key
non-linear trade-offs, finding that total net cost is minimized at a moderate level of caution regarding
stockout penalties, rather than at the extremes of under- or over-estimation. The framework ultimately
provides a practical and transparent decision support tool, demonstrating that a task-specific, dynamic,
and cost-based approach is more effective and resilient than traditional, static planning rules.
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1 Introduction

The efficiency of aircraft maintenance is built on a detailed, long-term schedule. This thesis presents a
framework that uses this schedule as a direct input for spare parts procurement, creating a powerful link
between the long-range plan and daily operational decisions. It contributes a focused, usable bridge
with two parts: (i) a forecasting layer that assigns a replacement probability to each planned task, and
(if) an optimization layer that turns those probabilities into calendar-dated order decisions. The aim
is decision support that planners can audit, showing not only what to buy, but why that choice is the
most sensible.

A practical tool must align with how planners work, how risk is managed, and how purchasing actually
happens. This thesis therefore follows three core design principles. First, calendar fidelity: decisions
must be made on the same daily timeline as the maintenance plan, not in abstract periods. Second, cost
traceability: every recommendation must clearly expose the few key drivers behind it, such as replace-
ment likelihood, on-hand stock, and lead time risk, in a way a planner can check. Third, operational
fit: the outputs must be immediately usable as purchase orders without requiring new or complex
workflows. These principles keep the focus on usefulness; a solution is only good if it can be explained
quickly and executed easily.

1.1 Background and Societal Context

Effective spare parts provisioning is a central enabler of scheduled aircraft maintenance. Each mainte-
nance task needs its specific parts on hand to begin and finish on time. Airlines therefore aim for the
maximum possible service level at the minimum total cost. Service quality links directly to safety and
reliability targets because the timely replacement of worn parts keeps failure risk low. A sound pro-
visioning policy also has financial value by reducing unplanned purchases, avoiding premium freight,
and limiting capital tied up in excess stock. Environmental goals enter the picture as well because
extending component life and cutting scrap volumes reduces material waste. Finally, good stock avail-
ability lets licensed technicians use their shift hours productively, which protects an airline’s investment
in skilled labor.

Meeting these objectives is difficult in practice. A modern narrow body fleet contains more than one
million distinct part numbers, with several units of many items installed in each aircraft. Parts differ
widely in cost, lead time, and expected failure probability. Some items appear on the Minimum Equip-
ment List, so their absence can prevent a flight from departing. Other items affect passenger comfort
but not safety, and they still carry commercial importance. Inventory planners must balance cash tied
up in stock against the cost of disrupted operations if parts are unavailable. They also face constraints
such as limited storage space, supplier capacity, and budget ceilings. The practical question is how to
develop data driven rules that translate the maintenance plan into timely purchase orders. These rules
need to secure service targets while holding inventory cost and operational impact to a minimum.

The spare parts classification scheme explained in this section follows the structure given by Interna-
tional Air Transport Association [2015]. That document offers a shared language, meant as a guide,
that links engineering, supply, and finance disciplines, helping them apply suitable stock levels, repair
arrangements, and response times. Airlines and maintenance providers adapt the labels and thresholds
to suit fleet mix, contract terms, and information systems.

IATA separates parts by three independent criteria. Scrap rate indicates how often a component is
discarded rather than repaired. Financial treatment shows whether the item remains on the balance
sheet as a depreciating asset or is expensed when it is issued for use. Life-cycle profile records whether
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the unit can circulate indefinitely, only for a limited number of repairs, or for a single service event.
These three criteria provide a structured way to connect technical characteristics of spare parts to how
they are handled in terms of cost, stock levels, and repair policies.

Combining the three criteria produces three widely used classes. Rotable inventory covers high value
assemblies such as wheels, brakes, fuel pumps, or radar transceivers. These parts have a very low scrap
rate, can be overhauled many times, and are depreciated as fixed assets. Repairable inventory contains
medium value units like oxygen bottles, starter motors, or certain lights. They can be restored but
show significant scrap rates, so fresh units are needed after several repair loops. These items appear
as inventory assets and demand close tracking of repair turnaround and replenishment lead time.
Expendable inventory includes single use parts such as filters, seals, fasteners, and gaskets. They are
consumed once and expensed at issue. The three way split supports practical policy choices. Rotables
may justify dedicated safety stock or access to pooling programmes to avoid operational disruptions,
while still keeping inventory costs under control. Repairables benefit from scrap aware sourcing and
disciplined lead time control. Expendables are well suited to economic order quantity rules, vendor
managed programs, and lot based traceability. Regardless of how each operator fine-tunes the details,
this simple classification remains sufficient to handle spare parts effectively.

In most airline organisations, the responsibility for spare parts planning is handled by teams that work
across engineering, maintenance, and supply chain functions. The way provisioning is approached
depends heavily on the airline’s broader business setup. Factors like network structure, fleet choice,
dispatch reliability targets, and budget all influence how spare parts decisions are made. Once these
general conditions are clear, planners typically work through a structured process to decide which parts
should be stocked, where to keep them, and how to manage ownership and repair. Industry material,
like the IATA guidelines, proposes a sequence for these decisions that helps avoid early mistakes causing
unnecessary costs or shortages later on. While different airlines may apply this process in their own
way, the overall logic of moving from business objectives to technical and operational decisions remains
similar.

Once the basic demand and network picture are understood, the more practical side of provisioning
follows. A key question is where to keep inventory and in what quantities. For example, airlines
operating with a hub-and-spoke network often place critical parts at major hubs, while relying on
pooling or borrowing at smaller outstations. Airlines with more point-to-point or charter operations
may lean on portable kits or external suppliers to avoid holding large amounts of stock. Another
decision is how the airline chooses to own, lease, or outsource parts, which depends on factors like
part cost, lead time, and how critical the part is to keeping aircraft serviceable. In most cases, a mix
of different options is used. Airlines also keep contingency measures in place, such as short-term
borrowing or emergency purchasing, to deal with unexpected failures or supply delays. In the end,
how an airline manages provisioning depends on both its technical needs and its business model.

1.2 Scope, Methodology & Practical Relevance

This thesis positions itself at the interface between an existing maintenance planning tool and the
spare parts procurement process that follows. The model respects the permissible start-finish windows
defined by the planning system. Once a task is scheduled within its window, it is treated as fixed
for the purposes of materials planning; provisioning decisions do not move tasks. Work confined
to unscheduled events, ad-hoc line maintenance, or real-time slot negotiation lies outside the study.
The physical setting is limited to a single, central inventory location, and transport lead times are
handled as aggregate parameters. Financial ceilings, dispatch targets, and approval workflows are
treated as fixed constraints. By limiting the study to scheduled checks and a single stock point, the
analysis concentrates on translating the dated maintenance workload generated by the planning tool
into concrete, part-specific procurement requirements.

The conceptual stance is to build a new but literature-supported procedure that links each maintenance
task to a component, a replacement probability, and its timing. Existing work on demand forecasting,
parts classification, and aviation logistics supplies many of the ideas, yet the procedure is assembled
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from scratch to suit the data and constraints described above. In the absence of historical replacement
records, the framework uses synthetic reliability inputs, clearly flagged and quantitatively described so
they can be replaced as soon as actual observations become available. Every assumption is documented
to keep the process transparent and to let future users update values without rewriting core steps. The
intended result is a repeatable path that starts with a time-stamped maintenance plan and ends with
an itemized purchase list ready for the existing procurement system, while remaining flexible enough
to accept richer data or broader objectives in the future.

The study does not optimize or reschedule the maintenance plan. Inputs are the dated tasks supplied
by the planning system. This focus isolates the core question of how to time and size material orders
once the plan is known. The analysis does not cover unplanned maintenance or aircraft on ground
events. Those cases follow a different control loop with very short lead times. Network placement,
multi echelon stocking, and moves between stores are also not modelled. The work uses one central
stock point so that results are not mixed with allocation effects across many sites.

The model does not select vendors or contracts and does not plan repair shop capacity. These enter the
analysis through parameters such as lead time distributions, repair turnaround, and price. Ownership
choices such as lease, buy, and pool are taken as given and are reflected in cost and availability. Serial
number rules, lot traceability, and deep engineering detail on specific components are not expanded,
both because data is often proprietary and because these details are not essential to the timing problem
that is studied here. These limits keep the focus on the main contribution, which is a clear and auditable
link from a dated plan to dated purchase decisions, while leaving a clean path for future extensions.

Developing a parts provisioning tool requires a systematic approach to connect the maintenance sched-
ule with spare part demand. This entails creating a clear methodology that utilizes all available infor-
mation about each maintenance task to forecast the required spare parts. The objective is to establish
a structured process that translates task details into actionable demand data, where each dated task
is associated with its target component and a quantitative estimate of replacement need on that date.
Replacements that are certain are assigned a probability of 1, while those that are uncertain are assigned
a probability based on task characteristics and available condition cues, resulting in a calendar-aligned
demand file that includes task, component, date, expected quantity, and supporting assumptions, al-
lowing for auditing and updating of values as needed.

The decision procedure is the crucial step, generating actionable parts provisioning decisions based on
key inputs. It operates on the same calendar and takes as inputs on hand balances, open orders, lead
time distributions, service targets, and budget limits. The procedure defines the action space over timing
and quantity, including explicit criteria for when an express action is warranted. Recommendations
must be traceable to a small set of drivers, robust to modest input changes, and fast to recompute when
the plan updates. Compatibility with the current procurement process is mandatory, and the procedure
does not create new workflows.

Airlines invest heavily in modern planning tools, yet spare parts decisions are still often driven by
ad-hoc rules and urgent phone calls. Late deliveries can push a hangar visit beyond its slot, disrupt
the flying programme, and trigger premium freight. Stocking large buffers prevents those shocks but
ties up capital in slow-moving material. The procedure developed here offers a middle path. By
converting the dated list of maintenance tasks into an itemized, time-phased view of expected demand,
it supports on-time targeted purchases. Finance gains by releasing cash otherwise frozen in surplus
stock, maintenance control sees fewer last-minute searches, and the workload on veteran planners is
eased because key assumptions are recorded rather than held only in personal experience.

Progress in spare parts planning delivers a second benefit by supporting an Equalized Maintenance
Program. An EMP spreads heavy work across the year rather than clustering it in a few large checks,
keeping aircraft on the line for longer stretches and smoothing labour demand. For such a program to
work, every supporting activity must be controlled, from manpower planning and tooling to the flow
of parts. If material supply is uncertain, the entire equalized plan can slip and generate unplanned
downtime. A spare parts system that records lead times, stock levels, and usage in real time removes
that weak link. The framework outlined here provides that capability, giving planners a transparent
view of future demand and allowing the EMP to achieve both lower ground time and more even
resource use.
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Taken together, the elements form a decision support framework with calendar dated states and an
explicit set of possible actions. On each date the state is defined by on hand stock, open orders,
expected demand from scheduled tasks, and budget. For each component the tool evaluates actions
such as buy now, buy later, buy express, or hold, and for each action it estimates the expected effect
on service risk, holding cost, and budget use. The recommended action is shown with its value, the
gap to the next best choice, and the small set of drivers that explain the result. Planners see not only
what to do but also why that choice dominates and what change in inputs would switch the decision.
Recommendations are presented in a format that allows quick validation, optional overrides, and direct
entry into the existing purchasing workflow.

1.3 Research Question(s)

To direct the research, all endeavours are based on the following research question:

RQ: How can a maintenance plan be translated into a procurement strategy that minimizes cost by
leveraging task-specific demand forecasts?

To structurally answer the research question, a set of sub-questions are investigated and answered.

* 5Q1: How can each scheduled maintenance task be mapped to its exact spare part requirement?
* 5Q2:Which uncertainty drivers are most relevant and how can they be represented in a model?

* 5Q3: How can the resulting procurement problem be formulated and solved as a tractable opti-
mization model?

* SQ4a: Which performance indicators best capture cost and service trade-offs, and how can their
impact be tested through sensitivity analysis?

* 5Q4b: How does permitting in-horizon sales of surplus parts influence procurement choices and
total cost?

1.4 Thesis QOutline

The research begins by reviewing existing literature on spare parts classification, demand forecasting
for intermittent demand, and integrated inventory and maintenance planning (Chapter 2). Following
this, Chapter 3 details the first major part of the framework: a complete methodology for demand
forecasting. It explains how the raw Maintenance Planning Document (MPD) is transformed into a
time-phased, probabilistic demand signal for individual parts. This section covers the use of Natural
Language Processing (NLP) to enrich task descriptions, the clustering of tasks based on their technical
attributes, and the application of reliability models to generate a five-year simulated demand forecast.

Chapter 4 introduces the core procurement and inventory optimization model. It defines the daily, cost-
based logic that allows the model to transparently weigh the costs of buying, waiting, or selling surplus
stock. The model’s performance is then validated by benchmarking it against both a fully conservative
strategy and a 12-month periodic review policy. Chapter 5 demonstrates the framework’s use as a
decision support tool, presenting a sensitivity analysis on key drivers like supplier lead time, demand
accuracy, and penalty costs. Finally, the thesis concludes by summarizing the findings (Chapter 6) and
discussing the framework’s limitations and practical extensions (Chapter 7).



2 Related work

This section reviews key areas of research on spare parts management for aircraft MRO. First, stan-
dalone techniques that treat demand independently of the maintenance calendar are examined, includ-
ing part classification, time series forecasting for intermittent demand, and inventory policies under
uncertainty. Then, calendar aligned methods that derive demand from maintenance schedules and in-
spection outcomes are covered, showing how plan driven demand can be modeled. Next, integrated
frameworks that couple maintenance planning with procurement decisions are explored. The section
ends with a brief summary of gaps in current work and a note on how this thesis contributes to the
literature.

2.1 Spare Parts Classification

Traditional single-factor classifications (e.g. ABC analysis by annual usage value) often fail to capture
the diverse drivers of spare parts management [Roda et al., 2014]. Qualitative schemes such as VED
depend on maintenance engineers or logistics staff assigning parts to “Vital”, “Essential”, or “Desirable”
groups by experience rather than measurable rules; classifications can therefore vary between assessors,
drift over time as personnel or fleet priorities change, and lack reproducible weighting of cost, risk, and
service consequences. Current research therefore emphasizes multi-criteria frameworks that consider
factors such as part criticality, demand frequency, lead time, and cost simultaneously [Roda et al.,
2014].

The review by Bacchetti and Saccani [2012] revealed that, while literature proposes advanced multi-
criteria classifications, many companies still use simplistic methods in practice. They highlighted a
need to bridge this gap by developing practical classification tools that practitioners can adopt. Recent
studies have begun to address this. For instance, Ayu Nariswari et al. [2019] developed an Analytical
Hierarchy Process (AHP) based model for an Indonesian airline MRO. Their multi-criteria approach
(incorporating usage rate, criticality, lead time, etc.) produced a more accurate and transparent spare
parts prioritization than the MRO'’s existing ABC-like system.

2.2 Demand Generation Modelling

For tasks that mandate automatic replacement at fixed intervals, demand is treated as fully deterministic
and tied to the overhaul dates specified in the maintenance plan. When replacement is conditional on
inspection results, each scheduled inspection can be modelled as a Bernoulli trial. Zhu et al. [2020]
combine the MPD’s inspection counts with task-specific replacement probabilities and obtain a binomial
(or Poisson-binomial) distribution for short-term demand. Delay-time models account for how defects
develop between inspections. In Wang and Syntetos [2011], the probability that a part is replaced
at the next scheduled check is calculated directly from the inspection interval and the chosen delay-
time distribution. Installed-base approaches replace the event count by information on part condition.
Deshpande et al. [2006] use the age profile of parts in service to estimate near-term replacements, while
Hu et al. [2015] generalise this to a two-trigger rule where either a calendar limit or a usage threshold
prompts replacement. A related two-step framework by Romeijnders et al. [2012] treats the number of
repairs scheduled in the maintenance plan as known and multiplies it by an average parts-per-repair
factor to forecast total demand.
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For corrective or unscheduled demand, authors have largely adopted stochastic frameworks that treat
part requests as intermittent events rather than continuous flows. Early work by Croston [1972] in-
troduced a procedure that separates the estimation of demand sizes from the intervals between occur-
rences, a structure suited to low-frequency usage. Subsequent refinements, notably the Syntetos—-Boylan
adjustment [Syntetos and Boylan, 2005], retain Croston’s separation principle while correcting its ten-
dency to over-forecast, and have become a common baseline for intermittent-demand studies.

One complementary approach to spare parts demand forecasting leverages reliability engineering and
installed-base information. Instead of relying purely on time-series patterns, this method links demand
directly to equipment failure processes and the population of units in service. Van der Auweraer and
Boute [2019] develop a model that predicts spare part demand by tracking the active installed base of
machines and each part’s failure distribution. The idea is to estimate when components will fail (using
reliability curves or failure rates) given the number of machines in use and their maintenance schedules,
thereby forecasting a probability distribution of spare part demand over the lead time. Reliability-based
forecasts link the active installed base and component failure curves to predict future part demand, then
set inventory parameters such as base-stock levels. This study shows that these failure-driven models
meet service targets with less stock than traditional intermittent-demand methods, a gain that grows
with larger fleets and longer lead times.

2.3 Spare Parts Management under Uncertainty

Classical base stock rules are built around a single demand distribution, usually Poisson, yet demand
for spares often drifts or spikes in ways that defy that assumption. Kang et al. [2023] frame inventory
planning as an adaptive robust optimisation problem in which demand can follow any path within a
predefined uncertainty set; the policy is sized to maintain service targets even under the most adverse
path. They solve the model with a column and constraint generation routine and report, in both
simulation and an ASML case study, that the robust policy matches fill rates while tying up much less
capital than a Poisson based base stock benchmark.

One straightforward tactic is to set fixed thresholds on key inventory signals. Hekimoglu et al. [2022]
present a monitoring scheme for repairable parts that tracks on-hand stock, items in repair and sched-
uled maintenance tasks; when the queue of parts still in repair passes a critical threshold, selected units
are routed through an expedited repair channel at higher cost. The resulting threshold policy cushions
downtime more economically than large safety stocks. Related work uses scenario based simulations
and chance constrained formulations to set safety stock so that the probability of a stockout stays below
a chosen level while accounting for variability in demand and repair turnaround.

Another key perspective is the network-wide optimization of spare stocks across multiple sites, explic-
itly accounting for uncertainty in demand and supply lead times. In aircraft MRO, airlines often operate
distributed inventories (central warehouses and local base stocks), so multi-echelon models have been
developed to decide where and how much to stock under stochastic demand [Li et al., 2023]. Further
work extends classical METRIC-based approaches by adding practical pooling mechanisms like lat-
eral transshipments, that is, reassigning parts between bases to cover unexpected shortages [Liu et al.,
2018].

2.4 Integrated Spare Parts and Maintenance Planning

Rather than treating maintenance scheduling and spare provisioning as separate problems, recent re-
search optimizes them together for better overall performance. Qin et al. [2020] present a scenario-based
stochastic programming model that integrates aircraft maintenance plans with spare parts inventory de-
cisions. In their formulation, an MRO provider decides upfront which rotables to overhaul in regular
vs. expedited mode, how to rotate serviceable rotables between incoming aircraft, and how many
spares to pre-purchase, all before knowing exact future failures. Then, in a second stage, uncertain
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demand scenarios (unscheduled failures of various parts) are realized, and the model decides on addi-
tional emergency procurement to fulfill any shortfalls. This two-stage approach minimizes total cost,
including overhaul costs (trading off regular vs. faster turnaround), initial stocking costs, and scenario-
weighted penalties for late or excess parts. The authors report significant cost savings and service level
improvements compared to treating procurement and maintenance planning independently.

Erkoc and Ertogral [2016] tackle another integrated problem common in aviation MRO: scheduling
mandatory component overhauls in a way that respects limited repair-shop capacity and available
spares. They developed an integer programming model for an exchange program where rotable parts
are swapped out of aircraft at due time and sent for overhaul. Because both the number of spare
rotables and the repair throughput are constrained, some overhauls may need to be done early (before
their deadline) to avoid bottlenecks. Early removals, however, shorten the useful life of components
and are undesirable for airlines. The model therefore optimizes overhaul start times on parallel repair
lines and the exchange schedule of rotable units to minimize total earliness (i.e. avoid premature
replacements). They prove the linear relaxation of this schedule-inventory model is integer-optimal,
enabling a fast exact algorithm.

Additional efficiency can be gained by integrating spare parts planning across multiple assets or even or-
ganizations. Research has explored strategies like inventory pooling in aviation supply chains, wherein
airlines or regional fleets share critical spares. Integrated models coordinate repair capacity investment
with inventory control. Buyukkaramikli et al. [2015] combined decisions on how many spare rotables
to stock with how much repair capacity to allocate, finding the optimal balance between holding more
spares versus expanding shop throughput. Overall, the literature indicates that tight integration be-
tween maintenance planning and spare parts management yields considerable benefits: joint models
tend to recommend lower inventory levels than separate models for the same service targets, because
they can schedule maintenance dynamically (e.g. slight timing adjustments or resource reallocation) to
mitigate parts shortages.

2.5 Synopsis

To consolidate the literature reviewed, Table 2.1 positions key studies against the specific method-
ological pipeline developed in this thesis. This visual summary helps to map existing research to the
sequential stages of the problem, from initial part classification to a final procurement action. The table
provides a high-level overview of how each piece of literature contributes to one or more stages of this
end-to-end process.

The table shows the evaluation of each study against five key methodological components. Technical
Spare Parts Classification refers to methods that group parts based on their technical attributes and
operational environment, not just on economic value. Reliability Modelling marks studies that use a
formal statistical model to estimate a component’s replacement probability as a function of time or
use. Plan-based demand forecasting indicates that the model uses dated, specific maintenance tasks
from an operational plan as a direct input for forecasting. Calendar aligned procurement decisions
identifies policies that generate time-stamped order decisions (e.g., daily) rather than abstract or aggre-
gated reorder levels. Finally, Stochastic Uncertainty Modelling signifies the use of explicit probability
distributions to manage uncertainty, as opposed to relying on a few deterministic scenarios.
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Table 2.1: Synopsis of Literature Along the Methodological Pipeline

Study Technical Reliability Plan-based Calendar Stochastic  Notes
Spare Parts Modelling Demand Aligned Uncertainty
Classification Forecasting Procurement  Modelling
Decision
Roda et al. [2014] v - - - -
Ayu Nariswari v - - - -
et al. [2019]
Zhu et al. [2020] - - v pP* v *Monthly aggre-
gation; not daily.

Wang and - v v - -
Syntetos [2011]
Romeijnders - - v - -
et al. [2012]
Van der - v - _ v

Auweraer and
Boute [2019]

Kang et al. [2023] - - - - p* *Uncertainty sets;
no distributional
assumptions.

Hekimoglu et al. - - - - v

[2022]

Qin et al. [2020] - - v p* v *Two-stage  (not
daily rolling).

Erkoc and - - v v -

Ertogral [2016]

Buyukkaramikli - - - - v

et al. [2015]

This thesis v v v v v

Symbols: v = yes, P = partially, — = not addressed.

The classifications in Table 2.1 reflect whether a study contributes a distinct methodological solution
for each attribute, rather than merely acknowledging its relevance. Consequently, a checkmark implies
an explicit modeling contribution. Furthermore, this framework introduces a decision variable rarely
implemented in standard procurement models: the ability to actively sell surplus stock. Integrating
this sales mechanism as a dynamic, calendar-aligned operational choice represents a novel addition,
particularly within the aviation industry where such bi-directional flows are seldom modeled.

2.6 Conclusion

The literature gives several strong tools for aviation spare parts planning. Studies show how to rank
parts with multiple criteria, add inspection and reliability data to demand forecasts, use stochastic or
robust models to deal with uncertainty, and link maintenance plans with inventory decisions. Yet nearly
all of this work focuses on optimizing static inventory policies, such as safety stock levels, rather than
modeling the daily, calendar-based decisions a planner must make. These factors are usually patched
in after optimization rather than built into the model itself. Most papers also stop at reporting overall
cost or fill-rate improvements and do not produce the dated purchase orders that buyers need. Metrics
critical to airline operations, such as capital tied up in inventory or the probability of a no-fill event
per flight, are rarely integrated into objective functions. Existing approaches still fall short of explicitly
associating real-world maintenance tasks with their specific demand probabilities. Consequently, they
lack the granular link needed to convert real-world uncertainties and budget constraints into calendar-
dated order plans that are steered by industry KPIs and costs.
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2.7 Discussion

In practice, a high-level inventory policy does not tell a planner what to order today. This gap between
a long-term rule and a daily decision often means that procurement still relies on experience or simple
reorder points. These traditional methods are not easily auditable and may not align with the airline’s
real financial drivers or risk policies.

A planner must balance the high, immediate cost of a stockout against the slow, long-term cost of
holding capital in surplus stock. These are practical, daily, cost-based trade-offs that many published
models do not capture . Furthermore, these models often rely on detailed failure histories or condition
data that many operators, especially those with new fleets, simply do not collect. Planners need tools
that work with the data they do have, such as the maintenance plan itself. This study will aim to
address these gaps by integrating practical performance metrics and realistic data constraints directly
into the optimization process.

2.7.1 Contribution to Literature

The thesis links topics that are usually treated separately. It keeps the maintenance schedule as the
backbone and connects task dated demand construction with procurement timing in one continuous
pipeline. Much of the literature studies a single part of this flow, such as text classification of work
cards, demand forecasting, or reorder rules, and it often aggregates time into periods that ignore actual
task dates. The contribution is a calendar aligned, task level view that lets the interactions between
demand modeling, lead times, and purchasing be examined within one consistent setup. This contrasts
with period based control and component specific studies that do not test how parts of the process
affect one another. The focus is on integration and traceability across the whole flow, rather than on
proposing a new forecast model or a new policy in isolation.

Methodologically, this work builds directly upon the stochastic procurement framework of Qin et al.
[2020] and the plan-based demand modeling of Zhu et al. [2020]. However, it extends these foundational
approaches by introducing a systematic framework for actually calculating the required task-specific
failure probabilities, rather than assuming them as exogenous inputs or deriving them solely from
aggregate history. By using technical clustering and reliability modelling to generate these probabilities
from the maintenance plan itself, the thesis creates a direct, auditable link between the engineering
characteristics of a task and the resulting procurement decision. Furthermore, the model expands
the standard decision space by introducing a dynamic sales mechanism, a feature rarely modelled in
aviation literature that allows the system to bi-directionally optimize inventory levels.

The thesis also contributes through transparency and modularity. Inputs and assumptions are explicit
and easy to replace, which is uncommon in data rich or black box approaches. Synthetic parameters
can be swapped for operational data without changing the overall flow. Modules for text extraction,
clustering, reliability, lead times, and economic settings are exchangeable and documented, which sup-
ports replication and transfer to other operators. The emphasis is on a clear architecture that others can
adapt to their context.



3 Demand Forecasting

Introduction

Effective spare parts procurement and inventory optimization are fundamentally dependent on a re-
liable demand forecast. This forecast acts as the primary signal that drives all subsequent decisions
regarding stock levels, safety stock calculations, and purchasing schedules. In an ideal operational
environment, this forecast would be derived from years of historical maintenance records, capturing
the real-world failure rates and replacement patterns of components across the fleet. However, for the
scope of this thesis, access to such proprietary historical data is not available. This constraint mirrors
real-world scenarios where data is limited, such as for new airline operators or during the introduction
of a new fleet type. In these contexts, a prerequisite step is to first establish a logical framework for
generating a synthetic demand signal. This chapter is dedicated to developing and detailing such a
framework.

The goal is to construct a transparent, adaptable, and defensible methodology for simulating spare
part demand. This objective does not involve claiming a perfect prediction of future needs, which
would be impossible even with empirical data. While this thesis applies the framework to the Airbus
A320 family as a case study, the underlying principles are designed to be transferable to other modern
aircraft platforms. The framework is deliberately designed to be modular. For the purposes of this
study, the model is populated with a set of reasoned assumptions, yet each parameter, including failure
characteristics and component attributes, can be easily adjusted or replaced. This ensures that the
model can be tuned by experienced maintenance engineers or refined with actual operational data as it
becomes available, enhancing its practical utility beyond a purely theoretical exercise.

This process has several steps to turn the general tasks in the MPD into a detailed demand forecast over
time. First, the process uses Natural Language Processing (NLP) to automatically extract key technical
details from the task descriptions in the MPD. These new details, along with existing MPD data, are
then used to sort the maintenance tasks into logical groups. The goal of this clustering is to group tasks
that are expected to have similar failure patterns. This enables the application of a single reliability
model to all tasks within a group, simplifying the analysis by leveraging the assumed homogeneity
within each group.

For each group of tasks, a statistical model is fitted to predict the chance that doing the task will lead to a
part replacement. The predicted failure rates are then utilized to simulate the outcomes of maintenance
activities, allowing for the estimation of spare part demand under various scenarios. Specifically, the
model is applied to a representative maintenance schedule, generating a forecast that encompasses the
expected results of numerous maintenance checks over a specified planning horizon. The final output
is a complete forecast of the demand for spare parts.

The next sections of this chapter explain each step of the framework. Beginning with an “overview” that
illustrates the complete logical sequence, from the initial MPD data to the final demand forecast, and
briefly introduces the tools used. Each of these stages is then explored in greater detail in their dedicated
sections, covering the NLP enrichment, task clustering, reliability modeling, and the simulation of
operations. The chapter concludes by presenting the resulting spare part demand forecast, which
provides the foundation for the inventory strategies explored later in this thesis.
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Overview

The first step in the process handles the unstructured text within the MPD’s ”Description” field (see
Appendix A for details on format). An LLM is used to read this text, and following a consistent prompt,
it extracts four new categorical attributes for each task. This automated process converts the free text
into a structured format that is suitable for further analysis. This newly structured dataset is then
carried forward to the clustering stage.

In the second stage, the enriched data is used to group the maintenance tasks into clusters. The aim is to
place tasks that share similar technical and failure characteristics into the same categories. This method
differs from typical part classification, which often uses business data like cost or lead time. Instead,
this clustering relies exclusively on the attributes of the tasks themselves, as presented in the MPD.
Several different clustering algorithms are tested, and one is ultimately selected based on its ability to
create sensible groupings for the model.

Once the tasks are clustered, each group is assigned a statistical model, which is initially a reasonable
approximation but can be refined as more data becomes available. This is the aforementioned model
used to estimate the probability that a part replacement will be needed when a given task from that
cluster is performed. The statistical model itself is intentionally kept simple, mainly using a task’s
maintenance interval and its current age as inputs. This simplicity was chosen because there is no
historical data available to properly validate a more complex model. The discussion also mentions
other models that could be applied if such data were to become available in the future.

The derived failure probabilities are then integrated into an operations simulation. This simulation
employs external software to map out a detailed flight and maintenance schedule for the fleet over a
period of several years. The model’s failure predictions are then applied to this operational schedule to
estimate when part replacements might occur during regularly planned maintenance. The main output
from this stage of the process is a time-stamped list identifying these potential replacements.

In the final step, all the individual part replacements predicted throughout the simulation are gathered
together into a single dataset, forming the final, time-phased demand forecast for the planning period.
To briefly recap, this forecast is informed by user inputs including a maintenance schedule, as well
as NLP attributes, task clustering parameters, and task failure parameters. The process is depicted
in Figure 3.1. The results section will present the format of this forecast and provide some basic
descriptive statistics to summarize the output. This demand data is then used as the essential input for
the procurement and inventory optimization analysis in the chapters that follow.
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Figure 3.1: Process Flow for Generating a Synthetic Spare Part Demand Forecast.
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3.1 Natural Language Processing Enrichment

The demand forecasting process begins by finding a way to get more useful information out of the
MPD. While the MPD contains structured data like task intervals, ATA chapters, and man-hour esti-
mates, it was not designed for spare parts management (see Appendix A). Key information needed to
understand potential failures is often only present in the unstructured, free-text “Description” field of
each task. When historical data or direct access to expert opinion is unavailable, the next best option is
to systematically process the data that does exist. This section describes the method used to turn the
free-text descriptions into structured attributes that can be used for modeling.

The challenge of using unstructured maintenance text is a recognized problem in the engineering field.
Early research approached this using Natural Language Processing (NLP) techniques like topic model-
ing to pull features from maintenance logs for clustering and classification, though these methods had
limits in understanding the full context of the text [Bokinsky et al., 2013; Usuga-Cadavid et al., 2022].
The field has since progressed towards models that better understand context, and recent studies show
that LLMs can handle complex tasks like diagnosing faults from technical narratives [Nanyonga et al.,
2025]. This thesis builds on this line of research, but uses the LLM in a slightly different way. Here, the
LLM is not used to find a final answer like a fault diagnosis, but instead for feature engineering. Its
role is to read the raw text in the MPD and generate new, structured categorical labels. This approach
creates a solid, data-driven foundation for the main goal of using clustering to group tasks based on
their shared technical characteristics.

In this study, feature engineering is performed using a commercial LLM, specifically the Meta Llama
3.3 70B model, which has been trained on a wide range of documents, including aviation-specific
material. The process works by giving the LLM a prompt for each maintenance task. This prompt
provides context, explains the goal, and presents a predefined set of four attributes, each with its own
list of possible values. The LLM then reads the task’s “Description” text and selects the single most
appropriate value for each of the four attributes. This is done for every task in the MPD, creating a new,
structured dataset that combines the original MPD data with the four new LLM-generated attributes.

Table 3.1: Attribute Description for Enriching MPD. Includes LLM’s Possible Options.
Expected Failure Mode Description: Dominant physical mechanism driv-
ing part replacement

Options: Structural, Mechanical, Electrical, Leak-
age, Contamination or Blockage, No Failure, Not
Applicable

Component Movement Description: Whether primary part moves during
normal operation

Options: Moving, Intermittent Motion, Static, Not
Applicable

Inspection Access Level | Description: Depth of access needed by technician

Options: External Surface Only, Limited Inter-
nal Access, Full Internal Access, Disassembly Re-
quired, Not Applicable

Outcome Expectation Description: Usual end state of task if item is ser-
viceable

Options: Visual Structural Continue, Functional
Continue, Minor Servicing, Leakage or Contamina-
tion Continue, Replace Consumable, Replace Com-
ponent, Overhaul or Bench Test, Repair On Aircraft,
Not Applicable

These four generated attributes (see table 3.1) provide technical and operational context for each mainte-
nance task. Two of the attributes focus on the component itself: Expected Failure Mode categorizes the
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Table 3.2: Examples of Enriched MPD Tasks with LLM-Generated Attributes

Description Failure Movement| Access Outcome
Mode Level Expecta-
tion
APU bleed; Check valve re- | Leakage | Moving Disassembly | Functional
move and check auxiliary Required Continue

power unit bleed check valve
for condition

Electrical power; Apply tem- | Electrical | Static Limited Minor

porary protection to end fit- Internal Servicing

tings of electrical conduits in Access

trimmable horizontal stabi-

lizer

Forward avionics compart- | No Fail- | Static External Visual

ment; General visual inspec- | ure Surface Struc-

tion of avionic compartment Only tural
Continue

likely physical reason a part might need replacement, while Component Movement classifies whether
the part is dynamic or static during normal operation. The other two attributes describe the mainte-
nance activity. Inspection Access Level defines how intrusive the work is, from a surface-level check
to requiring disassembly, and Outcome Expectation specifies the normal result of the task if no defects
are found. The options for each attribute were carefully crafted to align with the content typically
found in the ”"Description” column, ensuring relevance and applicability to the maintenance tasks at
hand. However, it is acknowledged that the options may benefit from further refinement, potentially
through collaboration with maintenance personnel who possess intimate knowledge of the tasks and
procedures. Table 3.2 provides a sample, showing the attributes the LLM assigned to each task after
processing its "Description” text.

It's important to be clear about the limitations of this approach. Since there is no “ground truth” or
expert-labeled data to compare against, the accuracy of the LLM’s classifications cannot be mathemat-
ically proven. The choices for the attributes themselves are also based on logical reasoning rather than
an established formula. However, for the purposes of this thesis, this method is a practical and sufficient
way to enrich the dataset for the clustering that follows. Looking forward, this same technique could
be a powerful tool if applied to other sources of free text, such as the maintenance notes and findings
written by ground engineers, which would likely provide even more direct insight into component
failures.

This LLM data-enriching process was applied to all maintenance tasks within this study’s planning
horizon (defined in Section 3.4). Table 3.3 presents the results, showing the percentage distribution of
values assigned by the LLM for each of the four new attributes.
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Table 3.3: Distribution of LLM-Generated Attribute Values

Attribute Value Percentage of Tasks
Structural 53.53%
Mechanical 17.02%
Electrical 12.87%
Expected Failure Mode  Contamination or Blockage 8.11%
Leakage 6.00%
No Failure 1.94%
Not Applicable 0.53%
Static 70.90%
Intermittent Motion 1.32%
Limited Internal Access 46.38%
External Surface Only 39.68%
Inspection Access Level ~ Not Applicable 7.23%
Disassembly Required 3.70%
Full Internal Access 3.00%
Visual Structural Continue 59.79%
Functional Continue 25.66%
Minor Servicing 5.91%
Leakage or Contamination Continue 4.06%
Outcome Expectation Replace Consumable 3.35%
Overhaul or Bench Test 0.44%
Not Applicable 0.44%
Replace Component 0.18%
Repair On Aircraft 0.18%

The attribute distribution in the table reflects the source text’s specific purpose. The MPD “Description”
column is written for ground engineers and primarily instructs them on how to approach an inspection.
It generally does not detail complex repair procedures, as those are specified in separate manufacturer
manuals. This focus on the task itself, rather than repairability, is why the generated attributes empha-
size the inspection’s nature (like 'Inspection Access Level” and ‘Outcome Expectation’).

Finally, while the accuracy of the LLM's output cannot be proven, its consistency is essential for building
a repeatable framework. To test this, the enrichment process was run four additional times on the same
MPD data. The consistency metric, shown in Table 3.4, measures how frequently all five runs assigned
the identical value to an attribute for a given task. The results show a very high level of agreement,
confirming that the LLM provides a stable and deterministic foundation for the subsequent analysis.

Table 3.4: LLM Output Consistency Across Five Runs Compared to First Run
Attribute 5/5 4/5 3/5 2/5 1/5

Expected Failure Mode = 98.41% 0.71% 0.26% 0.35% 0.26%
Component Movement  96.03% 1.59% 0.62% 0.71% 1.06%
Inspection Access Level  89.07% 4.76% 1.85% 2.56% 1.76%
Outcome Expectation 98.77% 0.44% 0.53% 0.00% 0.26%

3.2 Clustering

With the data now enriched, the next step in the framework is to group maintenance tasks into clusters.
The goal is to create groups where the tasks inside each cluster are expected to share a similar link
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between the maintenance action and the potential need for a spare part. This approach makes it more
convenient to apply a consistent reliability model to all tasks that are grouped together.

The clustering is performed using a set of eight categorical attributes. Four of these are based on orig-
inal MPD data: Source, Task Code, Zone, and Interval. These are used alongside the four attributes
generated by the LLM in the previous step: Expected Failure Mode, Component Movement, Inspection
Access Level, and Outcome Expectation. The selection of these eight attributes was based on the judg-
ment that they best capture the technical and operational characteristics likely to influence whether a
task leads to a component replacement.

To make the original data more suitable for this process, the many distinct values of the four source
MPD attributes are first consolidated into a smaller number of broader categories. This mapping,
detailed in Table 3.5, simplifies the dataset for the clustering algorithms by grouping the original data
based on its practical meaning.

For instance, some Source codes in the MPD refer to mandatory tasks required for safety certification, so
these are all put into a single ’certification” group. In the same way, the many different Task Codes are
simplified by grouping similar jobs together, such as putting all inspection-type tasks in one category
and all servicing-type tasks in another. For the Zone and Interval data, tasks are grouped by their
general scale; how many areas of the plane they affect or how many times they occur within this study’s
planning horizon (see Section 3.4). This approach makes the data much simpler for the clustering
algorithm to handle. For a description of the original codes, the reader is referred to the brief MPD
overview in Appendix A.

Table 3.5: Mapping of Original MPD Attributes to Simplified Groups

Attribute Original Values Mapped Group
MRB 5, MRB 6, MRB 8, etc. Group 1: Safety or operational
Source CMR*, CMR*x, ALI Group 2: ALS derived
All other source values Group 3: Other
DS, RS Group 1
Task Code CLN, LU, SV, CHK Group 2
FC, OP Group 3
DI, SDI, TPS Group 4
VC, GVI, BSI, RAR, OPT, etc. Group 5
1 zone listed ”1”
Zone Count 2 zones listed "
3 or 4 zones listed "3 or 4”
6 or more zones listed "6+"
Fewer than 1 occurrence per period 7 <1 time”
Interval Frequency 1 to 2 occurrences per period "1 to 2 times”
3 to 9 occurrences per period "3 to 9 times”
10 or more occurrences per period 710+ times”

Algorithm Requirements

The prepared dataset is purely categorical, which places a key constraint on the selection of a clustering
algorithm. Standard methods like k-means don’t work well in this situation, as they rely on calculating
numerical distances between data points, a concept that isn’t meaningful for non-numeric data. This
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means the focus must shift to algorithms from the academic literature that are specifically designed
to handle categorical attributes [Dinh et al., 2025]. These methods generally fall into a few different
families, each with its own way of measuring similarity and forming groups.

One common choice is the K-modes algorithm, which is a version of the popular K-means method
adapted for categorical data [Nguyen, 2017]. Instead of calculating averages for cluster centers, it uses
the mode; the most frequent value for each attribute within a cluster. It groups tasks by minimizing the
number of mismatched attributes. While fast, a known drawback is that its final result can depend on
how the process starts, sometimes requiring multiple runs. A different, hierarchical approach is offered
by the ROCK (RObust Clustering using 1inKs) algorithm [Guha et al., 2000]. Instead of just comparing
two tasks directly, it first finds “neighbors” for each task and then looks at how many common neigh-
bors two tasks share; that count is the “link”. The algorithm merges clusters in a way that maximizes
these internal links, which helps find groups that are closely related. Another hierarchical method,
Hierarchical Agglomerative Clustering (HAC), also builds groups from the bottom up [Miillner, 2011].
It starts by treating each data point as its own cluster and sequentially merges the most similar pair
of clusters until all points form a single group. A fourth alternative, Latent Class Analysis (LCA),
comes from statistics. This method assumes there are hidden (“latent”) groups in the data and uses a
probabilistic model to determine which group each task most likely belongs to. A major advantage of
LCA is that it provides statistical tests to help choose the best number of clusters [Sinha et al., 2021]. A
comparative analysis of these methods is presented in Table 3.6.

Finally, it is useful to contrast the feature-based clustering methods discussed previously with tradi-
tional inventory classification schemes used in aviation MRO. These established techniques, such as
ABC analysis, which prioritizes items by economic value, and VED analysis, which ranks parts by op-
erational criticality (Vital, Essential, or Desirable), group parts based on their observed impact rather
than their intrinsic technical attributes (see Section 2.1). While powerful for managing existing invento-
ries, these methods are fundamentally retrospective. This highlights a key difference in approach: they
are inventory management tools that analyze past performance, whereas this thesis requires a method
that can generate a forecast proactively from a future maintenance plan.

Implementation

For this study, two hierarchical algorithms were selected for an initial implementation: Hierarchical
Agglomerative Clustering (HAC) and ROCK. The selection was guided by the exploratory nature of the
problem, where efficiency was not a concern due to the relatively modest dataset of 1,134 maintenance
tasks. HAC offers the advantage of a dendrogram, which provides a visual guide for selecting a sensible
number of clusters without a strong prior assumption. ROCK was chosen as a complementary method
for its use of a more nuanced similarity measure based on shared neighbors, or “links.” This approach
has the potential to capture contextual relationships between tasks that direct attribute comparison
might miss, which could be valuable for forming functionally related groups.

It is important to state that the implementation of these algorithms was not fully optimized. A true
optimization would require iterative tuning of parameters and, crucially, the validation of the resulting
clusters by subject matter experts, which is outside the scope of this study. The parameters were
therefore chosen to provide a practical baseline for the analysis. However, it was observed that neither
algorithm managed to produce clearly distinct or well-separated clusters (see next part), despite this
being the intended purpose. With this limitation in mind, the clusters still provide a practical foundation
for the reliability modeling step. The groupings are therefore treated as a preliminary, unvalidated
classification.

The specific implementation and underlying logic of the HAC and ROCK algorithms are detailed below.
For each method, a textual explanation of its process is provided, followed by a pseudocode that outlines
the steps taken in this analysis. Given the preliminary nature of the clustering results, a selection of 7
(41) clusters was chosen through trial and error, aiming for relatively uniform cluster sizes to facilitate
further analysis. The selection of 7 clusters is deemed sufficient for this analysis, as further refinement of
the clustering model is beyond the scope of this study. Moreover, this number strikes a balance between
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Table 3.6: Comparative Analysis of Clustering Algorithms for Categorical Spare Parts Data

Feature K-Modes ROCK (Robust | Latent Class Analy- | Hierarchical Ag-
Clustering using | sis (LCA) glomerative Clus-
Links) tering (HAC)
Core
Principle Partitional, Hierarchical, link- | Model-based, prob- | Hierarchical, ag-
dissimilarity-based. based. Merges | abilistic. =~ Assumes | glomerative. Builds
Aims to minimize | clusters based on the | data is a mixture of | a "bottom-up”
the total dissimilarity | number of shared | distributions from | hierarchy by suc-
between objects and | neighbors (“links”), | several unobserved | cessively merging
their cluster’s mode. | capturing global | ‘latent classes’. the most similar
structure. pair of clusters.
Similarity Simple Matching | Jaccard coefficient to | Model-based condi- | A chosen  dis-
Measure Dissimilarity (Ham- | define “neighbors”, | tional probabilities. | tance metric (e.g.,
ming Distance): The | then counts shared | Assigns objects to | Gower’s, Jaccard)
number of mis- | neighbors to define | the class where their | for the initial dis-
matched attributes | “links” as the core | response pattern is | similarity —matrix,
between two objects. | merging criterion. most likely. combined with a
linkage  criterion
(e.g., complete,
average) to mea-
sure  inter-cluster
distance.
Cluster
Representation| Mode: A vector of | A set of data points | A set of conditional | A dendrogram (tree
the most frequent | that have been ag- | response proba- | structure)  repre-
categorical values for | glomerated into a | bilities for each | senting the full
each attribute within | group. The cluster | indicator, defining | hierarchy of nested
the cluster. itself has no single | the ’profile’ of a | clusters. No single
‘center’. typical class member. | ‘center’ is defined.
Advantages Computationally ef- | Employs a sophisti- | Provides a statis- | Does not require
ficient and concep- | cated, context-aware | tically rigorous, | the number of clus-
tually simple, facil- | similarity —measure | model-based frame- | ters to be specified
itating rapid exper- | (“links”) that can | work for selecting | a priori, allowing
imentation. Clus- | identify functionally | the optimal number | the data structure
ter representation via | related task groups | of clusters wusing | to guide the deci-
modes is highly intu- | missed by direct | fit indices (e.g., | sion. The dendro-
itive and easy to in- | comparison. =~ More | AIC, BIC). Produces | gram output pro-
terpret, clearly defin- | robust to variations | probabilistic (“soft”) | vides a powerful vi-
ing the profile of a | in cluster shape and | cluster memberships, | sual tool for explor-
typical maintenance | density. offering a more nu- | ing the data’s hier-
task group. anced output. archical structure.
Disadvantages | Requires the number | Iterative parameter | Relies on the Local | The "greedy”

of clusters (K) to
be specified before-
hand, a choice that
is often arbitrary
and difficult to jus-
tify qualitatively.
Highly sensitive to
the random selection
of initial modes,
potentially leading to
suboptimal solutions
and lack of repro-
ducibility across
runs.

tuning is time-
consuming, even for
moderately sized
datasets. Perfor-
mance is critically
dependent on a non-
intuitive  similarity
threshold parameter
(6), which is difficult
to set without exten-
sive experimentation.

Independence  As-
sumption, which is
likely violated in
maintenance data
where attributes
are correlated, po-
tentially biasing
results. The model-
fitting algorithm can
converge on local
maxima, requiring
multiple runs with
different starting
values to ensure a
robust solution.

nature of the algo-
rithm means early
merge decisions
are irreversible and
cannot be corrected
later. Highly sensi-
tive to the choice of
distance metric and
linkage criterion.
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diversity and coherence, avoiding the extremes of overly broad or excessively fragmented groupings,
thereby providing a practical foundation for subsequent reliability modeling.

HAC

Hierarchical Agglomerative Clustering (HAC) is a “bottom-up” algorithm that builds a hierarchy of
clusters. The process begins by treating each individual maintenance task as its own cluster. It then
computes a dissimilarity matrix containing the distance between every pair of tasks. For this study, the
Hamming distance is used, which simply counts the number of attributes that differ between two tasks
(x and y), as shown in the equation:

d
H(xYy) = ;H(xi # Yi)

In an iterative process, the algorithm finds the two closest clusters in this matrix and merges them into a
single new cluster. After each merge, the dissimilarity matrix is updated. The distance from the newly
formed cluster to all other existing clusters is recalculated based on a chosen linkage criterion (in this
case, “weighted”). This merge-and-update cycle continues until only one large cluster containing all
tasks remains. The full hierarchy, often visualized as a dendrogram, is then cut to produce the final
number of clusters.

Algorithm 1. Hierarchical Agglomerative Clustering (HAC)

Input: A set of tasks T = {#1, tp, ..., tn }; Number of desired clusters N j,ssers
Output: A partition of tasks into Njysters

Parameters chosen for this study:
Nclusters «7

Linkage Method < ‘weighted’
Distance Metric <~ Hamming Distance

oW N e

// Initialization
Let C; = {t;} for i =1 to n. The initial set of clusters is C = {Cy, ...,Cy}
// Proximity Matrix Calculation
Compute the n x n dissimilarity matrix D, where D(C;, C]-) is the Hamming distance between the
attribute vectors of the tasks in C; and C i
// Iterative Merging
while number of clusters in C > 1 do
Find the two closest clusters, C; and C]-, in C based on the matrix D
9 Merge the two clusters: Cpew < C; UC;
10 Remove C; and Cj from C and add Cyeq
11 Update the dissimilarity matrix D by calculating the distance from Cy to all other remaining
clusters using the chosen Linkage Method

// 4. Final Partitioning
12 Let H be the completed hierarchy of merges (the dendrogram)
13 Cut H at the level that results in exactly N sters
14 return The final partition of tasks into Njysters

[$)]

o

® N

ROCK

The ROCK algorithm is a hierarchical method designed for categorical data and uses a link-based
measure of similarity instead of direct distance. Two tasks are defined as neighbors if their similarity,
measured here by the Jaccard coefficient, exceeds a threshold 6.
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Let S(t) be the set of active attribute—value indicators for task t (one per attribute, so |S(t)| = 8 in this
study). Define the Jaccard similarity as J(t;,t;) = %ﬁg:;l Tasks t; and t; are neighbors if J(t;,t;) > 0
with 0 = 0.05; by definition t; ¢ Neighbors(t;).

The number of links between tasks t; and ¢; is given by:
link(t;, t;) = |Neighbors(t;) N Neighbors(t;)|.

This definition captures the structural context of each task by counting shared neighbors, rather than
relying solely on pairwise similarity.

Goodness Measure. Clusters are merged according to a goodness measure that promotes high link
density while penalizing merges that grow disproportionately large:

link[Ci, C]]

ni—l—nj)e—nf—n]‘?'

g(circj) = (

where n; = |C;| and n; = |C;|. The exponent € is defined as € = 1+ 2f(0), where f(6) determines how
the expected number of links scales with cluster size at the chosen similarity threshold. So in a cluster

of size 1 a typical point has about 1/ ©) neighbors, so the expected links scale as n1+2f ®),

Interpreting 0 and e. With Jaccard similarity J(A,B) = }ﬁgg}, the neighbor rule implies:

ansy> [AALEIED),

1+6

For 6 = 0.05 the neighbor condition requires at least {%-‘ = 1 shared attribute. The exponent

€ = 2.46 corresponds to f(6) ~ 0.73, consistent with the original ROCK formulation.

Algorithm 2. ROCK (RObust Clustering using linKs)

Input: Set of tasks T = {t1, 1y, ..., t, }; desired clusters Ny, qsers; threshold 6; exponent e
Output: Partition of T into Njysers

Parameters used in this study:

Netusters <7

6 < 0.05

€+ 246

Similarity function <« Jaccard coefficient

// Neighbor and Link Calculation
for each pair (t;,t;) do
L if J(t;,t;) > 6 then

U W N e

® N o

| Add t; to Neighbors(t;) and t; to Neighbors(t;)

o for each pair (t;,t;) do
10 L link(t;, t;) < |Neighbors(t;) N Neighbors(t;)|
// Hierarchical Clustering using Goodness Measuire
11 Initialize singleton clusters C; = {¢t;}; set C = {Cy, ..., Cy}
12 Compute g(C;, C;) for all pairs where link[C;, C;] >0
13 while |C| > Ngjysters do
14 Select (C;, C;) with highest ¢(C;, C;)
15 Merge Cyew < C; U C]-
16 Update C and recompute g values involving Cez

17 return Njygp0rs final clusters
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Clustering Results

The first step in analyzing the results is to isolate tasks that guarantee a spare part requirement. Main-
tenance tasks with the codes DS (Discard) and RS (Restore) are removed from the main dataset and
assigned to a dedicated Cluster 1. The clustering algorithms are then applied to the remaining tasks
with the objective of partitioning them into seven additional clusters. The resulting groupings are then
analyzed both visually and quantitatively. For the HAC algorithm, a visual inspection of the den-
drogram shows the cluster hierarchy, while for both algorithms, a Multidimensional Scaling (MDS)
projection is used to visualize the clusters’ structure.

For the HAC algorithm, the resulting hierarchy is visualized as a dendrogram (Figure 3.2). The diagram
is truncated to focus on the main cluster branches, as a detailed analysis of the lower-level merges
is beyond the scope of this thesis. The resulting clusters are color-coded for clarity, and the legend
indicates the number of tasks within each group.

HAC Dendrogram

0.8

0.6 _1
051 | r Clusters
| s Cluster 2 (256)
i r 1 | m—Cluster 3 (43)

[

g

S

2

2 1 mmmm Cluster 4 (16)
2% 1 s Cluster 5 (703)
£ 1 1 m— Cluster 6 (31)
£ r s Cluster 7 (38)

0.3 1 s Cluster 8 (9)

0.2 A

0.1 4

0.0

Figure 3.2: HAC Algorithm Dendrogram

Because it is impossible to visually plot the tasks in their original eight dimensions, the MDS projection
is used to create a 2D scatter plot as a visual map of the data. The goal of MDS is simple: it arranges all
the tasks on the plot in a way that honors their original dissimilarities. It uses the Hamming distance
matrix as a guide, placing tasks that are very different far apart from each other, while positioning
similar tasks close together. The clustering itself, however, is based on the original eight-dimensional
data.

HAC clusters (MDS Projection) ROCK clusters (MDS Projection)
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Figure 3.3: HAC Cluster Projection Figure 3.4: ROCK Cluster Projection
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3.2. CLUSTERING

An inspection of the results (Tables 3.7 & 3.8) from both algorithms confirms that the clustering is not
random and produces thematically coherent groups. The clusters generally form around a dominant
value in one or two key attributes, giving each a distinct profile. For example, a clear ”Structural
Inspection” cluster emerges in both results (HAC Cluster 5, ROCK Cluster 3), defined by a high con-
centration of the Structural failure mode and the Visual Structural Continue outcome. Similarly, both
methods identify a distinct “Mechanical Systems” cluster (HAC Cluster 7, ROCK Cluster 5). A notable
difference is that the ROCK algorithm produced more uniformly sized large clusters, whereas the HAC
results are more skewed, containing one very large cluster (703 tasks) and several very small ones (e.g.,
Cluster 8 with 9 tasks).

However, with eight different categorical attributes of equal weight, it is challenging for these unsu-
pervised algorithms to create perfectly distinct clusters that clearly map to specific component failure
behaviors. The high dimensionality means that while broad themes are captured, there is still signif-
icant variation within each cluster. A more refined approach involving attribute weighting or expert
validation would be needed to create a definitive taxonomy. Nevertheless, for the exploratory purposes
of this thesis, these groupings provide a sufficient and practical foundation to proceed to the next stage
of the framework: assigning reliability models to each cluster to estimate failure probabilities.

3.3 Reliability Modeling

After grouping the maintenance tasks, the next step is to assign a reliability model to each cluster. The
purpose of this model is to estimate the probability that performing a task from a given cluster will
result in a spare part replacement. This approach provides a practical way to handle the failure charac-
teristics of many different tasks efficiently. The quality of this step naturally depends on the coherence
of the task groupings created by the clustering algorithms. It is important to assign a unique model to
each cluster. Applying a single, universal failure probability to all tasks would be an inaccurate and
overly simplistic assumption, failing to capture the distinct reliability profiles that different component
and task groups are expected to have.

This section proceeds in two parts. The first, an overview of applicable reliability models, discusses sev-
eral statistical methods from the literature that are suitable for modeling component failure. Following
this, the specific reliability model adopted for the analysis is presented, including a detailed description
of its mechanics and its complete mathematical formulation.

3.3.1 Applicable Models

To estimate the probability that a maintenance task will lead to a component replacement, several
families of statistical models can be used. The most suitable choice often depends on the type of data
available and the specific failure characteristics of the components being studied.

A foundational approach in reliability engineering is the use of parametric survival models, with the
Weibull distribution being a common choice. This model is defined by a shape parameter () and a
scale parameter («). The value of j is particularly useful as it offers insight into the component’s life
cycle: B < 1 suggests early-life failures (infant mortality), = 1 indicates a constant failure rate, and
B > 1 points to wear-out failures that increase with age. By fitting this distribution to historical failure
data, it is possible to model the time-to-failure for a group of components [Kontrec et al., 2016].

The reliability of a component, however, is often influenced by external factors beyond its age. More
advanced models can incorporate this extra information, known as covariates, to improve predictive
accuracy. The Cox Proportional Hazards Model (PHM), for example, is a regression model that can
assess the effect of factors like flight hours, operational environment, or component manufacturer on
the failure rate. It is particularly effective at handling censored data, which is common in maintenance
records where many components are inspected but do not fail [Verhagen and De Boer, 2018]. A more
direct approach is to use the maintenance plan itself as a form of Advance Demand Information (ADI).
One such method uses a Binomial distribution to model the number of replacements arising from a
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3.2. CLUSTERING

known number of scheduled tasks. For a given period, the demand is estimated as B(A;, p), where A;
is the number of planned tasks and p is the historical probability that a task leads to a replacement.
This technique is practical because it does not require complex component degradation data [Zhu et al.,
2020].

An alternative to modeling time-to-failure is to frame the problem as a binary classification task: for
each maintenance check, predict whether a component will be replaced (1) or not (0). Logistic Regres-
sion is a fundamental model for this purpose, offering clear, interpretable results. For more complex,
non-linear relationships, ensemble methods like Random Forests or Gradient Boosting Machines often
provide higher accuracy. A known drawback of these models is their lack of transparency, often be-
ing referred to as “black boxes.” However, this can be addressed with techniques from Explainable Al
(XAI), such as SHAP or LIME, which help to interpret the model’s predictions [te Booij, 2024].

3.3.2 Proposed Reliability Model

The two-parameter Weibull distribution is selected to model the probability of a component replace-
ment. This model is defined by a scale parameter, «, and a shape parameter, 8. To ensure a clear and
consistent mathematical foundation, this analysis adopts the standard formulation for these parameters.
The key functions and their notation, as detailed below, follow the representation used in the Springer
Handbook of Engineering Statistics [Pham, 2006].

The Cumulative Distribution Function (CDF), F(t), gives the probability that a component fails at or
before age t. This is the primary function used to calculate the probability of a replacement during a

check. ,
F(t)=1—exp [— (;)

The Reliability Function, R(t), is the complement of the CDF and gives the probability that a compo-

nent will survive beyond age t.
£\ B
R(t) = exp [— (a) 1

The Failure Rate Function, i(t), also known as the hazard rate, gives the instantaneous risk of failure
at age t, assuming the component has survived until that point.

(2"

The shape parameter f is particularly important as it describes the component’s failure characteristic
over its life. A value of B < 1 indicates a decreasing failure rate (infant mortality), = 1 indicates a
constant rate (random failures), and B > 1 indicates an increasing rate (wear-out failures).

, t>0

To apply this model, the parameters must be specified for each maintenance task. The approach for this
study is as follows:

* Scale Parameter (#): This parameter represents the characteristic life of the component. It is the
time at which approximately 63.2% of the population is expected to have failed. In this study, « is
set as the scheduled maintenance interval for the task, which is measured in Flight Hours (FH),
Flight Cycles (FC), or Days (DY). This directly links the model to the operational plan.

* Shape Parameter (8): This parameter is user-driven. As no historical data is available for estima-
tion, shape parameters are assigned incrementally to simulate different wear-out rates: p = 1.1
for Cluster 2, increasing by 0.1 for each subsequent group up to f = 1.7 for Cluster 8. This range
reflects an assumption of a wear-out failure process, which is common for many mechanical and
electrical components. Components that degrade over time may have higher B values, while those
with relatively constant failure rates may have  values around 1. Components prone to early-life
failures may have lower j values.
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3.2. CLUSTERING

* Time Variable (t): This input represents the component’s age at the time of the check. Its unit
matches that of the scale parameter a: Flight Hours (FH), Flight Cycles (FC), or Days (DY). To
account for potential unscheduled failures occurring between planned checks, the age input can
be adjusted by a constant factor. For this study, the age input was scaled by dividing it by
three. This adjustment factor is a preliminary assumption chosen to generate realistic failure
probabilities, and it would need to be properly tuned using real-world data.

* Mandatory Replacements: Tasks grouped in Cluster 1 are by definition mandatory replacements
(e.g., discard or restore tasks). They are assigned a failure probability of 1.0 and are not evaluated
with the Weibull model.

The two-parameter Weibull model has a failure rate that is monotonic, meaning it can only increase,
decrease, or remain constant. This is a limitation if failure data exhibits more complex behavior, such
as a “bathtub” curve which includes high infant mortality, a low random failure rate, and a high wear-
out rate. If historical data indicated such a pattern, the framework could be extended to use more
advanced models. For example, the handbook describes several generalized Weibull distributions,
such as the Modified Weibull Distribution, which can model bathtub-shaped failure rates for certain
parameter values [Pham, 2006, p. 71]. Furthermore, with a historical dataset, the suitability of the
Weibull model itself could be statistically verified using goodness-of-fit tests like the Anderson-Darling
or Kolmogorov-Smirnov test [Pham, 2006, p. 69].

3.4 Operations Simulation

Flying Schedule

The operations simulation is based on a fleet of eight aircraft: six Airbus A318-112, one Airbus A319-115,
and one Airbus A320-233. These aircraft operate on a network of routes connecting several European
airports. In the Netherlands, these include Amsterdam (AMS), Eindhoven (EIN), Maastricht (MST),
and Rotterdam (RTM). The network also serves two airports in London, Heathrow (LHR) and Stansted
(STN), and two in Paris, Charles de Gaulle (CDG) and Orly (ORY), along with Antwerp (ANR) in
Belgium and Hamburg (HAM) in Germany.

This flight schedule is generated to reflect realistic operational patterns over a planning horizon of five
years, from January 1, 2026, to December 31, 2030. The primary concern for this analysis is the resulting
schedule of aircraft utilization, which provides the necessary input for the maintenance plan. As the
focus is on the output rather than the generation process itself, the internal mechanics of the scheduling
algorithm are considered outside the scope of this discussion. Table 3.9 shows a sample of the resulting
flight log for a single aircraft, detailing its status and cumulative usage over a short period.

Maintenance Schedule

Following the flight operations, the simulation generates a maintenance schedule by grouping individ-
ual tasks into packages. This approach simplifies the scheduling problem by first creating pre-defined
work packages, which are then assigned to specific maintenance opportunities. The main logic for
grouping tasks is based on their maintenance intervals and the physical zones on the aircraft that tech-
nicians must access.

A core component of this strategy is the creation of equalized work packages. This method differs
significantly from conventional maintenance programs, which group tasks into large, infrequent "letter
checks” (e.g., A-checks, C-checks) that take an aircraft out of service for several days. Instead, the
equalized package approach breaks the entire maintenance program into much smaller, more frequent
blocks. Each package is “equalized” to contain a similar, manageable amount of work, measured in
man-hours.
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3.2. CLUSTERING

Table 3.9: (Sample) Flight Log for a Single Aircraft A318-112

Date Time Event Location Cum. FC Cum. FH
13-01-2026 18:25 Taxi and Take-Off EIN 13934  29733.42
13-01-2026  18:30 In Flight EIN

13-01-2026 19:40 Landing and Taxi HAM 13935  29734.42
13-01-2026 19:45 Parked at Gate HAM

13-01-2026 20:05 Taxi and Take-Off HAM

13-01-2026  20:10  In Flight HAM

13-01-2026  21:20 Landing and Taxi EIN 13936  29735.42
13-01-2026 21:25 DParked at Gate EIN

13-01-2026 21:30  Taxi to Maintenance or Parking EIN

13-01-2026 21:40 Maintenance or Parked EIN

14-01-2026 07:00 Taxi to Gate EIN

14-01-2026 07:10 Parked at Gate EIN

14-01-2026 07:15 Taxi and Take-Off EIN

14-01-2026  07:20 In Flight EIN

14-01-2026 07:30 Landing and Taxi STN 13937  29735.58
14-01-2026 07:35 Parked at Gate STN

14-01-2026 07:55 Taxi and Take-Off STN

14-01-2026  08:00 In Flight STN

14-01-2026  10:05 Landing and Taxi EIN 13938  29737.33

The purpose of these smaller packages is to fit necessary maintenance into the short, overnight ground
slots that occur naturally in an aircraft’s flight schedule. Unlike traditional heavy checks that provide a
multi-day buffer to source missing items, these tight overnight windows preclude reactive procurement,
requiring parts to be immediately available. For the purposes of this study, each package is designed to
be completed within an available capacity of 26 man-hours, with any night being a potential candidate
for base maintenance. By performing maintenance in these small, regular increments, the need for long,
dedicated downtimes is minimized, which in turn increases overall aircraft availability and operational
flexibility. The scheduling software also has the ability to slightly adjust a task’s interval within its
allowed limits to build more efficient packages, with the ultimate goal of minimizing the total number
of maintenance visits for the fleet. For this study, an interval exceedance of up to 3.5% is permitted.

Tables 3.10 and 3.11 provide a specific example of this process. The schedule in Table 3.10 lists the
packages performed during the overnight ground time of the aircraft whose flight activity was shown
in Table 3.9. Table 3.11 provides the corresponding details for these packages, showing the specific
MPD tasks they contain and their respective intervals.

Table 3.10: Maintenance Schedule (Sample)

Date Start Time End Time Package Code Location
13-01-2026 00:21 01:21 143 EIN
13-01-2026 00:21 01:21 89 EIN
13-01-2026 00:21 01:33 28 EIN
13-01-2026 01:15 01:39 136 EIN
13-01-2026 01:21 01:33 22 EIN
13-01-2026 01:33 01:45 25 EIN
13-01-2026 02:00 02:01 137 EIN
13-01-2026 02:01 02:03 134 EIN
13-01-2026 02:03 02:03 133 EIN
13-01-2026 02:03 03:03 142 EIN
13-01-2026 02:33 03:57 144 EIN
13-01-2026 03:03 03:27 7 EIN
13-01-2026 03:15 03:39 149 EIN
13-01-2026 04:00 04:12 139 EIN
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Table 3.11: Maintenance Package Definitions (A318-112)

Package Code Interval Tasks Included

134 150 FH OR NOTE 5 242100-02-1

22 720 FC 523301-01-1

133 120 FH 242400-01-2

139 1A 272651-01-1

142 2 AOR500 FCNOTE9  321000-01-1, 322000-01-1

143 2A 212643-09-1, 321111-03-1, 783100-C1-1, 316322-02-1, ZL-129-01-2, 801110-C3-1, 290000-05-

1, 535900-01-1, 383200-01-1, 290000-02-1, 212300-02-1, 256241-05-1, 212643-02-1, 324311-
01-1, 722000-C1-1, ZL-129-01-1

144 2 AORNOTE 7 311111-C1-1

25 1500 FC 534108-01-6, 531111-01-1

136 500 FH NOTE 21 282800-09-1, 261700-03-1, 242800-01-2, 261600-04-1, 256600-02-1, 271400-01-2, 261600-03-
1, 255000-12-1, 255000-11-1, 273400-01-2, 255000-01-1

137 500 FH OR NOTE 3 211119-02-1

149 4A 290000-04-1

28 1600 FC OR NOTE 7 250000-C1-3, 724000-C1-1

37 4800 FC 572013-01-2

3.5 Results: Spare Part Demand

Applying the reliability models to the operations simulation produces the time-stamped spare part
demand forecast that is the final output of this chapter. A key assumption is made to handle the “cold
start” of the simulation: the first time a task is performed within the planning horizon on any aircraft, its
component’s age is assumed to be 100% of its scheduled interval. The influence of this initial condition
diminishes over the five-year planning horizon as the maintenance schedule develops its own history.
After the first check, component age is tracked based on the time since its last completion.

An example for a single A318-112 aircraft is shown in Figure 3.5 to illustrate the model’s output. It lists
the scheduled dates and calculated failure probabilities for three tasks: 242400-01-2 (120 FH), 321119-02-
1 (500 FH), and 242100-03-1 (800 FH). The variation in probabilities for the same task over time shows
the dynamic nature of the Weibull model, where the probability depends directly on the component’s
age. For the mandatory replacement (task code: DS,RS), this probability is fixed at 1.

Maintenance Schedule and Failure Probability Example (2026-2027)

Task Number
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Figure 3.5: Maintenance Schedule and Failure Probability for Three Tasks; A318-112 (2026-2027).

Table 3.12 presents the aggregated monthly demand forecast for the entire fleet across all tasks, broken
down by task code. Each cell shows the total expected number of replacements for that category,
calculated by summing the failure probabilities of all tasks scheduled for that month. The fluctuations
in expected demand are a direct reflection of the varying number of maintenance tasks scheduled in
the underlying operational plan. These figures are stochastic estimates, not deterministic counts, and
serve as a probabilistic guide for planning.
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Table 3.12: Monthly Aggregate Spare Part Demand by Task Code (2026-2030)

TASK CODE BSI CHK CLN DI DS FC GVI LU OP OPT RAR RS SDI SV TPS vC Total
Month

2026-01 0.70 12.85 1.65 21.79 11.00 1.72 3836 3.17 49.02 0.19 047 2600 058 276 000 1924 189.50
2026-02 0.23 4.80 0.19 7.03 11.00 3.00 8.05 2.06 6.96  0.00 1.88 200 0.62 211 0.00 0.88 50.82
2026-03 0.00 4.30 0.39 7.44 8.00 3.98 624 157 1735  0.00 0.47 2.00 0.00 046 0.00 4.22 56.41
2026-04 0.00 3.16 0.00 5.55 0.00 0.52 9.08 0.65 1592  0.00 0.00 8.00 0.00 0.36 0.00 432 47.57
2026-05 0.58 8.37 0.58 11.09 2.00 141 2312 1.65 34.83 0.00 0.01 12.00 0.00 112 058 1050 107.84
2026-06 1.14 2.27 0.51 4.17 9.00 1.29 810 226 1876  0.00 0.01 700 052 053 097 3.32 59.84
2026-07 0.19 5.15 0.15 10.21 6.00 164 1714 073 2271 0.00 0.01 13.00 0.20 0.61 097 5.90 84.61
2026-08 0.62 5.16 0.44 6.42 4.00 0.87 1070 0.88 21.50 0.00 0.01 700 097 037 0.00 5.09 64.01
2026-09 0.00 5.71 0.60 7.34 7.00 290 16.06 186 2375 0.19 0.01 10.00 0.19 083 0.77 6.62 83.84
2026-10 0.00 7.48 0.00 16.11 10.00 2.64 2842 336 4298 043 077 17.00 116 174 1.74 754 141.37
2026-11 0.00 2.88 0.33 7.52 5.00 1.58 9.68 1.04 1713  0.00 0.00 4.00 097 051 077 2.69 54.09
2026-12 0.21 8.56 211 2274 18.00 294 4706 891 5579 0.00 128 1600 036 5.82 599 9.65 205.43
2027-01 0.48 6.18 035 10.07 5.00 1.64 1733 097 2095 0.00 0.00 12.00 0.74 120 0.00 6.86 83.76
2027-02 0.32 5.67 0.32 7.51 5.00 090 1559 138 21.71 0.00 0.02 6.00 1.32 0.80 0.00 4.90 71.44
2027-03 0.33 2.72 0.19 4.20 4.00 1.18 622 086 1247  0.00 0.00 6.00 033 054 0.00 3.22 42.27
2027-04 0.11 2.89 0.21 7.51 2.00 1.30 6.12 130 11.72  0.00 0.01 2.00 022 048 0.00 4.04 39.91
2027-05 0.12 9.35 0.84 13.84 8.00 1.81 2951 193 3259 0.19 001 16.00 052 175 0.00 1096 127.42
2027-06 0.12 3.57 0.38 4.76 5.00 1.93 762 110 10.88  0.00 0.25 4.00 068 062 0.00 3.14 44.05
2027-07 0.00 493 0.00 8.55 5.00 251 1421 0.00 23.88 0.00 0.24 9.00 0.60 0.35 0.00 6.21 75.47
2027-08 0.00 2.00 0.38 4.45 2.00 1.44 743 094 1198  0.00 0.01 6.00 039 024 024 242 39.92
2027-09 0.61 7.69 0.19 12.74 4.00 242 2285 149 3233 0.00 0.01 12,00 110 113 023 10.08 108.87
2027-10 0.00 3.94 0.19 7.86 6.00 2.55 9.89 0.72 1588  0.00 0.02 10.00 0.58 077 0.13 3.98 62.50
2027-11 0.58 4.08 0.26 9.70 4.00 1.75 1274 136 1956 0.00 0.24 8.00 0.37 0.32 0.00 5.42 68.38
2027-12 0.00 2.28 0.08 5.79 5.00 0.54 802 059 15.66 0.00 0.01 6.00 0.77 035 0.39 2.90 48.37
2028-01 0.72 6.46 0.74 9.45 8.00 152 1478 157 2155 0.19 0.01 13.00 0.59 1.05 0.00 8.21 87.85
2028-02 0.14 3.85 0.00 8.00 4.00 144 1451 049 1453 0.00 0.01 500 131 050 0.00 4.26 58.03
2028-03 0.21 4.82 0.63 15.55 8.00 267 1785 210 28.83  0.00 0.00 10.00 173 0.89 0.44 6.54 100.27
2028-04 0.24 5.58 035 11.09 3.00 227 1656 097 1861 0.00 025 11.00 0.60 0.73 0.00 4.66 75.92
2028-05 0.10 5.90 0.71  10.99 5.00 280 13.62 2.07 2517 0.00 0.48 9.00 0.6 1.85 0.00 6.40 84.25
2028-06 0.00 6.29 073 15.14 5.00 1.12 1985 1.14 2487 0.00 0.02 12.00 0.21 110 0.00 8.23 95.71
2028-07 0.37 3.18 0.09 14.04 10.00 487 1361 227 2297  0.00 0.15 9.00 075 145 0.79 3.02 86.56
2028-08 0.34 6.82 095 3280 38.00 10.14 2999 5.05 6764 0.24 2,66 18.00 389 273 3.02 5.65 22791
2028-09 0.39 10.05 054 20.76 5.00 1.07 2741 179 3698 0.19 0.02 19.00 0.83 178 0.00 12.87 138.68
2028-10 0.20 4.59 0.19 8.85 3.00 0.92 723 1.02 12.84 0.00 0.00 4.00 092 066 0.00 2.79 47.20
2028-11 0.23 5.59 054 13.16 9.00 236 1448 111 2331 0.00 0.02 12.00 1.08 096 0.23 8.13 92.17
2028-12 0.16 2.88 0.39 8.16 2.00 0.69 9.33 0.83 14.01 0.00 0.01 700 096 038 0.22 2.83 49.83
2029-01 0.33 3.94 0.19 14.85 3.00 1.75 13.06 151 1841 0.00 0.00 500 042 0.65 0.10 5.08 68.29
2029-02 0.19 4.74 053 17.72 2.00 0.89 1547 054 2292 0.00 0.01 11.00 0.97 048 0.00 7.60 85.05
2029-03 0.14 2.98 025 10.77 3.00 0.86 843 051 8.66  0.00 0.01 2.00 049 029 0.00 1.52 39.91
2029-04 0.00 3.18 0.19 8.01 1.00 066 1395 136 1790 0.00 0.01 6.00 0.00 030 0.19 5.03 57.79
2029-05 0.22 7.14 059 1252 12.00 257 2093 148 2938 0.19 0.01 15.00 0.77 155 020 9.37 113.95
2029-06 0.00 5.12 1.09 16.66 4.00 143 1524 1.03 18.67 0.00 0.00 14.00 196 0.80 0.00 6.47 86.48
2029-07 0.56 4.16 0.09 18.39 7.00 254 12,69 147 1645 0.00 0.02 4.00 118 1.14 037 3.50 73.56
2029-08 0.48 2.45 0.00 16.04 3.00 043 1149 0.67 1475 0.00 0.00 6.00 059 0.23 0.00 4.25 60.38
2029-09 0.00 7.04 043 1543 7.00 117 2133 179 32.05 0.00 0.01 13.00 0.87 135 057 7.95 109.98
2029-10 0.16 3.56 0.00 12.89 4.00 211 939 127 1670 0.00 0.11 8.00 095 0.71 0.06 3.79 63.71
2029-11 0.53 4.83 0.67 21.02 4.00 1.73 1450 0.89 1877 0.00 0.12 11.00 046 0.62 0.00 591 85.04
2029-12 0.33 3.85 036 16.10 4.00 283 10.60 0.76 17.72  0.00 0.47 10.00 1.04 052 0.00 5.00 73.59
2030-01 0.78 6.98 095 22.01 9.00 216 2095 195 2688 0.19 0.01 11.00 1.11 138 0.00 9.12 114.48
2030-02 0.00 4.11 039 18.35 3.00 1.79 1760 0.81 11.68 0.00 0.01 500 197 059 0.39 2.73 68.41
2030-03 0.30 4.69 1.03  33.29 9.00 352 2202 259 2449 0.00 031 11.00 129 130 1.77 455 121.14
2030-04 0.20 5.70 1.25 7127 22.00 378 51.75 290 3330 0.21 0.68 10.00 431 199 342 6.60 219.36
2030-05 0.00 7.48 0.37  13.09 3.00 1.03 2208 153 2817 0.00 0.01 14.00 1.10 150 0.09 8.85 102.31
2030-06 0.16 4.13 0.37 5.39 4.00 2.37 793 051 1337 026 0.48 800 052 045 0.00 4.62 52.55
2030-07 0.19 4.26 0.14 10.37 1.00 0.67 1254 094 20.03 0.00 0.01 9.00 0.18 041 0.00 6.01 65.75
2030-08 0.00 5.08 0.00 6.50 1.00 1.52 9.11 095 16.86 0.00 0.12 3.00 092 052 0.00 3.82 49.40
2030-09 0.17 4.09 0.33 6.44 8.00 042 1046 128 1254 0.19 0.01 9.00 025 0.87 0.00 421 58.26
2030-10 0.00 3.86 0.19 4.11 4.00 0.85 879 091 19.12  0.00 0.00 6.00 0.39 059 0.00 6.02 54.82
2030-11 0.00 6.38 0.51 11.06 6.00 266 1979 124 2883  0.00 0.47 14.00 0.00 1.07 0.67 8.22 100.91
2030-12 0.00 1.51 0.00 343 4.00 1.55 1.80 0.61 712 0.00 0.02 3.00 0.00 016 0.21 0.70 24.10
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Figure 3.6 presents the total expected spare part replacements per month for the entire fleet. This is the
most aggregated view of the demand forecast. The plot clearly illustrates that the expected demand
is highly uneven, a direct consequence of how maintenance tasks are bundled into packages in the
underlying schedule. This volatility creates sharp peaks in resource needs, with some demand spikes
being over four times greater than the demand in quiet months. Because demand shifts so drastically,
a planner cannot rely on intuition or static reorder rules, as a strategy that works for a quiet month
would likely cause a stockout during a peak. This fluctuating, non-steady demand profile is precisely
what an effective procurement strategy must be able to handle.

Total Estimated Spare Part Demand per Month (2026-2030)
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Figure 3.6: Total Estimated Spare Part Demand per Month (2026-2030)
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4 Procurement & Inventory Optimization

Inventory and procurement planning for aircraft maintenance is the crucial link between a fixed sched-
ule of needs and an unpredictable global supply chain. The core challenge, deciding what parts to
order and when, forces planners to navigate significant uncertainty in demand forecasts and delivery
times. This problem is magnified by a massive parts catalog and a constant stream of new data. The
model presented in this chapter is built specifically for this dynamic environment. It focuses solely on
the materials side, treats the maintenance schedule as a given, and provides a robust way to handle the
daily flow of (uncertain) information.

This chapter introduces a model built for practicality, not theoretical perfection. This is a deliberate
design choice. Rather than an all-encompassing “optimal” solution that might be slow and opaque,
the focus is on a decision-making system that is quick to recalculate, easy to explain to stakeholders,
and simple to adjust. In a real-world setting, a transparent recommendation that can be generated in
minutes is more valuable than a perfect one from a ”“black box” that takes hours to run. Because both
cost and service levels are critical, the model is designed to build trust by showing users exactly how
and why specific choices are made. The following pages will detail the model and its principles, aiming
to provide a clear and reliable foundation for making decisions in this complex environment.

4.1 Problem Definition & Core Principles

This section establishes the foundation for the proposed model by defining the problem from an op-
erational perspective. The aim is to explain what a solution must accomplish and why a tailored
approach is necessary. While many powerful inventory models exist, they are often built for more gen-
eral applications or include a level of detail that makes them ill-suited for the specific challenges of this
environment. The unique context of planned aircraft maintenance, with its calendar-driven demand
and specific sources of uncertainty, calls for a solution built explicitly for this purpose.

The discussion begins by outlining the practical Requirements of a workable system, focusing on trans-
parency, speed, and stability. It then explores the Unique Properties of the procurement environment
that shape the model’s design. To provide context, a brief review of Common Models from the litera-
ture highlights why their structures are not a natural fit. The section concludes with a formal Problem
Summary that condenses these principles into a clear set of objectives. Together, these elements provide
the justification for the model developed in the rest of the chapter.

Requirements

For this model to be useful in a daily operational setting, its design is guided by a few core principles.
The approach must be fast, meaning it needs to process thousands of parts quickly enough for a planner
to test different ‘'what-if’ scenarios and allow for rapid recalculations after a schedule change (although
this dynamic capability is not explicitly tested within this thesis). The model must also be stable,
meaning its recommendations should not deviate unreasonably in response to minor data shifts. This
ensures that results from different runs remain comparable. Above all, its results must be explainable.
This requires controllable behavior, where the link between inputs, the model’s decisions, and the final
outputs is clear. This level of transparency is what makes such a model a useful decision support
system, prioritizing a clear logic over fragile claims of optimality.
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Decisions are driven by a transparent balance of costs. The model does not hide behind assumed
perfect values for financial drivers like holding rates or shortage penalties, which are often uncertain.
Instead, it treats them as visible levers. Planners can easily adjust the weights for holding, penalty, and
expediting costs to reflect shifting priorities. This makes it straightforward to see how different financial
policies affect procurement decisions, turning the model into a tool for exploring tradeoffs.

The system must also be adaptable. The core logic must be able to function even as core inputs
evolve, such as changes to the parts catalog or updates to supplier lead times or other operational data.
Crucially, it allows for part-level configuration. A highly critical component with a risky supply chain
requires different treatment than a common part with steady demand, and the model accommodates
these nuances through simple input adjustments, not by modifying the core method.

Finally, every recommendation must be fully traceable. The system records the exact state of informa-
tion that led to a specific decision, including stock levels, open orders, and demand forecasts. This audit
trail is essential not only for handling unexpected events in a controlled way but also for building trust.
Planners and approvers can quickly verify or challenge the logic behind any action without a complex
investigation.

Unique Properties

The model’s unique properties are a direct response to the specific needs of an operational environ-
ment. First, unlike generic inventory systems, this policy is anchored to the maintenance calendar. It
converts maintenance tasks into a rolling, probabilistic demand signal and makes decisions on the same
daily timeline that planners use. This framing is necessary because the reliability of advance demand
information improves as a maintenance task approaches, so the logic must update day by day. This
calendar aligned, rolling approach is supported by recent work from Zhu et al. [2020], which shows the
value of using planned maintenance as a driver for inventory decisions.

The decision environment also involves two major sources of uncertainty. First, demand is intermittent
and driven by stochastic failure processes that are beyond the scope of this thesis, requiring the model
to function well even with imperfect inputs. Second, procurement lead times are variable. By allowing
for expediting, the model treats supply risk as a choice, not just an external factor. This design aligns
with research on robust spare parts management, which uses expediting as a controlled lever to manage
risk [Kang et al., 2023]. The resulting rule set is therefore not a generic reorder point, but a calibrated
set of actions that transparently prices risk and can adjust the supply lead time when it is the optimal
decision.

Finally, the approach is designed with operational realities in mind. Since inputs are often incomplete
or noisy, the model treats crucial variables like failure probabilities and lead time profiles as visible
and editable parameters, not hidden constants. Furthermore, the framework is configurable at the item
level. This allows for tailored handling because, as research in multicriteria classification shows, spare
parts differ in their criticality and supply volatility and therefore require differentiated management
[Roda et al., 2014]. A detailed audit trail then records the specific conditions that justified each order,
providing a clear link between the data and the outcome.

Common Models

Before introducing the deterministic model, a short tour of standard approaches for sequential decisions
is helpful: dynamic programming, mixed integer programming, multistage stochastic programming,
and deep reinforcement learning. The aim is context, not a survey. These methods are well established
in inventory and maintenance, yet they carry limits that matter here, including rapid growth of the state
with many parts, rigid time grids, and heavy training or data needs. This brief review motivates the
choice of a daily rule with explicit trade offs and traceable costs.

Dynamic Programming is a strong tool for sequential decisions and can work well on compact, sta-
tionary problems. In this setting a single item still carries a rich state: calendar-dated demand tied
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to maintenance events, uncertain lead times that must be tracked by their residual distributions, an
express option with certain arrival time, and the possibility to sell. Capturing these elements in a DP
requires a detailed state description over the calendar and a discretization of the distributions, which
leads to very large value tables even per item [Tiemessen et al., 2017]. In addition, the solution would
need to be rebuilt frequently as the plan and supplier information change, and it must remain easy to
audit and tune. Given these turnaround and transparency requirements, an exact DP is not a practical
choice here. This combination of high computational cost and the opaque “black box” nature of a large
value table makes it a poor fit for a system that must be fast, auditable, and easy to control.

Linear programming and Mixed Integer Linear Programming are standard tools for optimization but
are ill suited for the dynamic, non-linear environment of this problem. A standard MILP formulation
requires a fixed, discretized time horizon [Obradovic, 2023], which conflicts with the fluid, rolling nature
of the maintenance calendar. More importantly, the core logic of the proposed deterministic model is
non-linear. The cost function includes probabilistic outcomes and step function penalties, which cannot
be accurately represented in a linear model without significant simplifications. These simplifications
would compromise the transparency required for risk and cost traceability. The model’s daily, expected
value logic is a more natural fit, providing a computationally fast and flexible solution that adapts to a
multi-echelon problem without the complexity of a large scale MILP [Zhang et al., 2021].

Multi-stage linear programming and its variants, such as stochastic programming, are prominent in
the literature for modeling sequential decisions under uncertainty. A key example is the two-stage
stochastic programming model proposed by Qin et al. [2020]. This model assists MRO providers by in-
tegrating maintenance and procurement planning. The first stage involves making initial decisions, like
which parts to pre-purchase and what overhaul strategies to pursue, before the exact nature of future
failures is known. In the second stage, once demand scenarios become clear, the model determines any
necessary emergency procurement to address shortfalls. This two-stage process aims to minimize total
costs by balancing upfront spending with potential penalties from a lack of parts. Another example
is the integer programming model from Erkoc and Ertogral [2016], which optimizes the scheduling
of component overhauls to align with limited repair capacity and available spare parts, minimizing
premature replacements. The challenge is not just the dual-level stochasticity (in demand and lead
times), but that the lead time uncertainty is endogenous: it is activated only after a procurement deci-
sion is made. This means new lead time scenarios would branch off from every potential procurement
decision, which itself depends on the demand scenarios. This nested dependency would cause the
problem’s dimensionality to explode, making it computationally intractable.

Stranieri et al. [2024] designed a hybrid for a two echelon divergent chain that lets deep reinforcement
learning pick production quantities while a two-stage stochastic program allocates shipments across
warehouses with fixed and variable logistics costs under seasonal demand. The hybrid is motivated by
the scenario growth that multi stage models face and by the sensitivity and training burden of stan-
dalone deep RL. In tests it beats a PPO agent and classic reorder rules, stays near exact solutions on
small instances, and keeps a clear lead as instances grow. The setting is single item across multiple
warehouses with periodic review and importantly it assumes no production or transport lead times.
In the context of this thesis, the maintenance calendar creates day dated needs for many items, lead
times are random and can be shortened by expediting, and buyers must audit each recommendation
and re run after plan changes. This hybrid approach is not a practical fit. It would require training a
separate DRL ”black box” for each part, which conflicts with the need for transparency and simple con-
figurability. Furthermore, its design requires solving a new stochastic program at every decision step, a
process which itself requires building a new scenario tree to represent future uncertainty. Scaling this to
thousands of parts would make the rapid recalculation required for decision support computationally
impractical.

Problem Summary

Now that the general challenges have been introduced, it is time to formalize the problem. This section
defines main goals the procurement model must pursue and the ground rules it must obey. Together,
these elements provide a clear blueprint for the model developed in the following sections.
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To make the following description clear, we’ll use a few simple variables. We are looking at a set of
planning days D, and T represents any single day within that set. On day 7, there is a demand for parts
E: and a quantity of arriving parts A;. The inventory on hand at the end of the day is ir (making i;_;
the inventory available at the start of the day). For costs, P is the unit purchase price and # is the daily
holding cost per unit. It is important to note that this notation is simplified for conceptual clarity. It is
only used to define the high-level problem here and is not the final, more detailed notation used in the
model implementation later in the chapter.

Core Objectives

The model’s primary task is to intelligently balance a set of competing priorities. The following table
presents the main, though not exhaustive, list of objectives that guide its decisions. Each represents a
standalone ambition.

Aim Performance Measure Target
Minimize service failures  The probability of a stockout on any day with maintenance: 1 (Minimize)
Y P(E:>ir1+Ar)
TeD
Minimize time in stock Total holding cost, which penalizes keeping inventory for too J (Minimize)
dend
long: Y h-Ei]
=1
Spend prudently The expected total purchasing spend over the horizon: J} Minimize)
dend

Y P-Elorders placed on day 7]
=1

The goal to minimize service failures is arguably the most important. In this business, a stockout is not
a minor inconvenience. It can mean a maintenance check is delayed and an aircraft is grounded, which
creates huge knock-on costs and operational chaos. This puts a lot of pressure on having the right part
at the right time. It is important to clarify that this thesis does not model the specific operational conse-
quence for each individual part. Instead, these “huge knock-on costs” are represented by a generalized
financial penalty, which is scaled based on a part’s price and category (e.g., Expendable, Repairable)
rather than a part-specific impact study. On the other side of the coin, we have to watch the time in
stock. Aircraft parts are often very expensive, and letting millions of Euros in components sit on a shelf
is a poor use of company money. This is what the holding cost in the model represents. Lastly, the need
to spend prudently simply reflects the fact that there isn’t an unlimited budget for parts.

These goals are always in conflict. The most obvious way to avoid grounding an aircraft is to buy
plenty of every part that might ever be needed. But this approach results in spending a fortune on
both the parts themselves and on the cost of storing them, completely failing at the other two goals. If
the strategy swings too far the other way, attempting to save money by only ordering parts at the last
minute, it will almost certainly result in stockouts and the massive penalties that come with them. The
model’s job is not to eliminate this conflict. Instead, its purpose is to find a sensible middle ground,
using the cost settings to make a logical trade-off between buying protection and saving money.

Fundamental Constraints

Any feasible plan must operate under a set of fundamental constraints. The following list is not ex-
haustive but highlights the key rules that shape the problem.

1. Information Integrity: Decisions can only be based on information that is currently known. Be-
liefs about future events, such as demand and arrivals, are represented by formal probability
distributions. These beliefs are updated consistently over time by conditioning only on new, real-
ized information; past beliefs cannot be retroactively changed.
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2. Irreversible Commitments: A procurement decision made on a given day is final. It cannot be
revised at a later date, even if new information becomes available that might have altered the
original choice.

3. Immediate Cancellation for Shortages: If demand on a given day exceeds the available supply
(defined as on-hand inventory plus any new arrivals), the unmet portion is not backordered. In-
stead, the corresponding maintenance task is considered canceled. This incurs a fixed cancellation
penalty, which is the model’s sole method for translating all subsequent operational consequences
(like delays or grounding) into a single financial figure. To avoid conflicting motives, the model
also incurs the purchase cost of the shortfall units.

4. Cost-Based Justification: An action, such as placing a new order, should only be taken if the total
expected future cost (including purchasing, holding, and penalties) is lower than the expected
cost of simply waiting and taking no action.

This summary establishes the blueprint for the model by outlining its high-level goals and the rules
it must follow. The following sections will transition from this conceptual framework to the specific
implementation, detailing the mechanics of how the model operates to achieve these objectives under
uncertainty.

4.2 Proposed Deterministic Model

The principles of speed, transparency, and traceability are directly built into the model’s functional
design. To explain how decisions are made, the architecture is presented in three progressive layers.
The process begins with pre-procurement, which establishes a fixed schedule of incoming parts that
acts as a baseline for the system. Building upon this, the core of the model is a single-day evaluator.
This component calculates the total expected future cost of any potential action (like buying or waiting),
using a detailed short-term forecast for immediate accuracy and a more general long-term forecast for
strategic control. Finally, a master routine uses these cost evaluations to intelligently select the best
action for each part, every day. To ensure the logic is fully transparent, the necessary notation is
introduced as each component is explained.

4.2.1 Pre-procurement

In practice, not all procurement is reactive. Planners often establish standing agreements for a steady
supply of materials based on long-term forecasts and contracts. To reflect this, our model first estab-
lishes a pre-procurement schedule: a predictable stream of supply that arrives automatically.

This can be thought of as a baseline subscription for parts. These orders are not decided by the daily
decision model; they are treated as fixed, incoming deliveries with their costs already committed. This
design allows the optimization algorithm to focus on its primary function: managing the uncertain gaps
between this baseline supply and the actual, fluctuating demand. The model’s role is to observe this
baseline, monitor realized outcomes, and then make calculated, corrective actions when necessary.

Implementation

The pre-procurement schedule is determined once at the beginning of the planning horizon using a
transparent logic based on two policy levers: a confidence level () for sizing the quantity, and a
delivery interval (c) for timing the arrivals. The goal is to secure a conservative amount of inventory
that is highly likely to be used and to schedule its arrival in a steady, predictable pattern.

The process for each part m involves two steps:
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1. High-Confidence Quantity Sizing. We first consider the total expected demand for part m over

d“;“i E[Ey<|, where E[E,, ] is the mean expected de-

the entire horizon (deng days). This is Xy, = )2/
mand for part m on day 7. Instead of using the mean expected demand, we select a quantity Q},°
that is highly likely to be consumed. This value represents the largest quantity that is expected
to be consumed with at least a probability of . This method minimizes the risk of procuring

inventory that results in excess stock. Formally, it is the lower quantile of total demand:

Qi (1) = max{q € Zxo : Pr[Xp > q] > 7}

2. The Delivery Schedule. To avoid a single large influx of inventory, the total quantity Qb is
distributed across K delivery dates. These dates are determined by the interval ¢, with K =
|dengq/c| deliveries planned evenly over the horizon. Let the average quantity per delivery be
a = Qi /K. The allocation method depends on this average.

e If a > 1 (Sufficient Totals): When the total quantity is large enough to supply at least one
unit per delivery date, we assign equal drops. Any remainder is intentionally ignored for
simplicity.

ddrop = I_Q%re/KJ

® Ifa <1 (Sparse Totals): When the total quantity is smaller than the number of delivery dates,
a simple division would result in zero for most drops. To allocate the few units as evenly
as possible, we use a cumulative rounding scheme. For each delivery date j = 1,...,K, the
quantity to schedule, s, is calculated as:

sj = L(l—a)+]’aJ - {(1—11)+(]’—1)aJ

This standard technique ensures that exactly Q,° units are scheduled in single-unit incre-
ments, distributed smoothly across the K available dates.

These scheduled deliveries become fixed inputs for the daily optimization. While in operational set-
tings pre-procurement might cover a substantial portion of total demand, for this study we deliberately
select a high confidence level . This choice results in a smaller, more conservative baseline of supply,
intentionally leaving a larger share of the demand uncertain. The purpose is to create a more chal-
lenging environment to rigorously test the daily model’s decision-making capabilities. This approach
provides a stable but minimal foundation, requiring the optimization to actively manage the majority
of the day-to-day uncertainty.

4.2.2 Deterministic Model

Before presenting the formal equations, it is useful to describe the model in plain language. The
goal is to provide a clear conceptual understanding of the model’s logic so a reader can anticipate its
behavior. The mathematical formulation that follows formalizes these concepts, detailing exactly how
expectations, costs, and decisions are computed.

Each day, the model observes the current state of inventory and the latest information on future events.
It then selects an action described by purchase/selling quantity. A third option is an express order
placed the day before need, arriving the next day at a high add-on cost set below the shortage penalty.
This action is autonomously activated on that day whenever the expected penalty from insufficient
stock exceeds the express cost, so the order is placed regardless of other decisions or longer term
considerations. Decisions are based on financial factors, including costs for cancelling maintenance,
holding costs and purchase costs. To make the best choice, the model forecasts the expected future that
would result from each candidate action and compares their associated costs. The next day begins with
a new state, which reflects what actually materialized from the previous day, including new arrivals
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and realized demand. This design allows the policy to be highly reactive on a daily basis while still
utilizing a forward looking perspective that is recalculated whenever new information arrives.

The ability to sell is a key feature that makes this model unique. While most procurement models treat
stock as a one-way sink, many spare parts can be sold at a meaningful price, especially when other
organizations face shortages. In this model, selling is not a profit driver but a safety valve that makes
buying decisions more flexible in volatile periods. The model can choose to sell if projected inventory
comfortably exceeds future needs and the expected reduction in holding and penalty costs outweighs
the lost units. This keeps the focus on overall service and total cost rather than speculative gains.

The implementation simulates decisions over the full planning horizon to report aggregate performance,
but its operational rhythm is daily. Inputs on any given day depend on the decision made the day before
and on any arrivals or demand observed overnight. This rolling structure is vital for two reasons. First,
it aligns with how planners work and how data naturally becomes available. Second, it ensures the
model can be recomputed quickly after any schedule update, supplier delay, or change in demand
forecasts.

For regular orders, lead times are uncertain but their distributions are assumed to be known. This leads
to a split of the planning horizon into a short term and a long term for each decision day. The short
term is defined as the period in which a newly ordered unit could still arrive. The policy evaluates
all relevant scenarios exactly in this short-term window, where timing is critical. It then uses moment
summaries to control overstocking and risk in the long term, avoiding unnecessary computation. The
cost signal guiding decisions combines purchase, holding, and penalty terms, and is controlled by
tunable policy weights. The goal is to make these trade-offs explicit so that a change in policy or data
produces a predictable and explainable change in behavior.

The model also carries limitations that stem from scope and design rather than intent. It does not
learn during execution, so decisions reflect the input prices, penalties, holding rates, selling fees, and
lead time beliefs exactly as provided. Results should therefore be interpreted as policy outcomes under
stated assumptions, not as claims of optimality under the true environment. The emphasis on a short
term window reduces computation but can tilt choices toward immediate savings and understate rare
severe shortages. Influence on long term service rates and capacity is indirect and operates through
policy weights, budget rules, and the express mechanism. Mitigations in this chapter are pragmatic
rather than algorithmic learning: record the assumptions that drive each decision, apply stress and
sensitivity checks, and use simple guardrails to prevent extreme recommendations.

Notation

The notation used throughout this chapter is presented here. The variables and sets are categorized
to distinguish between high level concepts and the specific parameters that track the model’s state.
Decision variables represent the actions the model can take each day, such as placing a regular or
express order, or selling an item. Tracking variables are used to capture the model’s internal state
and evolving beliefs about the future, including on hand inventory and the probabilistic forecasts of
future arrivals. For detailed definitions of the data structures that underpin the model’s state, such as

the open orders set Aﬁ:geaed and the inventory forecast distribution I;"’Tfore, please refer to Table B.1 in
Appendix B.
Sets

M set of all maintenance tasks

K+ index set of scenario nodes at future day

Fr scenario set at day 7; master set 7 = U, F¢

EM = (e,pk .(e)) Expected Demand where ¢ is replacement quantity (check table B.1)
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Decision variables

reg
m,d
xfﬁr express order quantity for task m placed on day d (deterministic arrival at d+1)

x regular order quantity for task m placed on day d (stochastic lead time)

sell

x;2s  quantity sold on day d

Tracking variables

i on-hand inventory at end of day d
A‘;;Seaed set of per-order expected-arrival atoms open at day d (check table B.1)
f;ﬁicmd atom for an order of size q;" placed on day ! with nfj; (1), T>d, Yiuu nfj; (1)=1
::%I realized regular arrival quantity on day 7 from order day / (observation)
a‘;ﬁiu realized express arrival on day 7; equals xiﬁil (deterministic after order is placed)
I;'T'Tfore forecast distribution of inventory for task m at day T given information at day d

(check table B.1)

E[I7], Var(I") corresponding moments of I;”'Tf"re

4.2.3 Input Values
Part Prices

Since component price data for the simulated A320 fleet was not available, a realistic price list for the
1,134 parts was synthesized using a real-world dataset from a different aircraft, the DHCS8. The goal of
this approach was not to achieve perfect price accuracy for any specific part, but rather to replicate the
overall statistical properties of an operational inventory. Most importantly, this method captures the
characteristic skew where a small number of high-value components account for a large portion of the
total inventory value. The process involved four distinct stages:

Reference Scaling: The source DHCS price list was uniformly scaled by a factor (x = 3.0) to adjust its
magnitude to the A320 context. This step increases the prices while perfectly preserving the shape
of the original distribution.

Weighted Bootstrap: The final price list was generated by drawing with replacement from this scaled
reference list. The draw was weighted using beta parameters (Bgxp = 0.5, Brep = 1.0, BroT =
2.0) to slightly favor the selection of more expensive parts within each category, reflecting the
operational importance of high-value components.

Probabilistic Soft Split: Each generated price was then categorized as Expendable (EXP), Repairable
(REP), or Rotable (ROT). Instead of using soft price cutoffs, this was done via a probabilistic soft
split, where parts near a boundary have a chance of falling into either category, creating a more
natural classification.

Total Value Calibration: As a final step, a single multiplicative factor was applied to the entire new list.
This ensures the total monetary value of all simulated parts is an exact match to the total value of
the scaled reference dataset, grounding the simulation’s economy to the source data.

The resulting distribution of the 1,134 synthesized part prices is shown in Figure 4.1.
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Distribution of Part Prices by Category
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Figure 4.1: Distribution of Synthesized Part Prices.

Cost Structure

The model’s economic decisions are guided by a set of cost parameters that are dynamically derived
from each part’s purchase price, P. This design ensures that the economic trade-offs for a 10 € part are
appropriately scaled compared to those for a 100,000 € part, creating a consistent logic across the entire
parts catalog.

It is important to clarify the nature of these values. The specific multipliers and base costs presented
here are not derived from a formal industry study; rather, they represent the baseline configuration for
the experiments conducted in this thesis. A primary objective of this work is to analyze the model’s sen-
sitivity to these economic levers, treating them as adjustable inputs rather than fixed truths. Therefore,
the reader can assume these default values are in effect for all subsequent analyses, unless explicitly
stated otherwise. A full sensitivity analysis on these parameters is to be presented in Chapter 5.

The primary cost relationships are defined as follows:

Shipping Costs (Creg, Cexpr): Both regular and express shipping costs include a small fixed fee (in Eu-
ros) plus a variable component proportional to the part’s price. The express option is priced
significantly higher to reflect its premium nature. Shipping costs for pre-procurement orders are
assumed to be zero, as these larger, planned shipments would likely benefit from economies of
scale and be handled under separate freight agreements.

* Regular Shipping:  Creg =5 +0.01-P
* Express Shipping:  Cexpr = 50 +0.10 - P
* Pre-procurement Shipping: no fee

Holding Cost (/1): The cost to hold an item in inventory is based on a 10% annual rate of the part’s
purchase price (P). This annual cost is converted to a daily charge, as the model operates on a
daily timeline: h = (0.10 - P)/365.

Selling Price (S): When the model sells a surplus part, it recoups 80% of the original purchase price
(S = 0.80 - P). This value is set below the purchase price to prevent wasteful buy-and-sell loops.
At the same time, it is a significant value, which gives the model flexibility. It can proactively
purchase a part to cover a potential stockout, knowing that if the part is not ultimately needed, a
large portion of its value can be recovered.
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Cancellation Penalty (PEN™): As noted in the 'Fundamental Constraints’, a stockout incurs a fixed
cancellation penalty. For this baseline configuration, this penalty is defined as a large fixed amount
plus a multiple of the part’s price: PEN™ = 200,000 + 5 - P. This structure ensures that the penalty
for high-value parts is appropriately scaled, while the large base cost represents the significant
operational disruption of any cancellation.

Lead Time Distributions

In this thesis, lead times for regular orders are not fixed values but are treated as stochastic, reflecting the
inherent uncertainty of real-world supply chains. Each part is assigned a lead time profile based on its
primary category. This is achieved by modeling each lead time as a discrete triangular distribution.

This distribution is defined by its mode (the most likely arrival day) and its support (the range of
possible arrival days). The probability is highest at the mode and decreases linearly to the edges of the
support. The specific parameters for each part’s distribution are determined as follows:

The Support (Range of Possible Days): The length of the potential arrival window is determined by
the part’s primary category. The default lengths of the support are:

* Expendable (EXP): 5 days
* Repairable (REP): 7 days

The Mode (Most Likely Arrival Day): The peak of the distribution, or most likely arrival day, is also a
fixed value based on the part’s category:

* Expendable (EXP): Day 5
¢ Repairable (REP): Day 10

For instance, consider an Expendable (EXP) part. Its lead time distribution has a support of 5 days and
a mode set at day 5. This combination produces the following discrete triangular distribution for the
arrival day offset: Day 3 (7.7%), Day 4 (23.1%), Day 5 (38.5%), Day 6 (23.1%), Day 7 (7.7%).

Guards for Selling Decisions

One of the model’s unique features is its ability to sell excess inventory. However, this action requires
careful control. The model’s daily cost evaluation is forward-looking, meaning the purchase cost of an
item already in stock is a sunk cost and is not considered in today’s decision. Without safeguards, the
model might be tempted to sell an item to save on a few days of holding costs, only to buy it back again
later under a different cost objective. Since the selling price is lower than the purchase price (S < P),
this loop would consistently lose money.

To prevent this costly buy-and-sell loop, the model uses a two-layer system of ‘sale guards’. These
guards function as a safety check, only permitting a sale when the model is highly confident that an item
is truly surplus and will not be needed again soon. This system consists of a simple value threshold,
followed by a sophisticated risk assessment that mathematically measures whether this confidence
threshold has been met.

1. Minimum Price Threshold: A sale is only ever considered for parts with a purchase price of at least
500€. This practical rule prevents the model from wasting computational effort and operational
attention on liquidating low-value stock where the transaction overhead might outweigh the ben-
efits.

2. Risk-Based Uncertainty Guards: If a part is expensive enough to be considered for sale, it must then
pass a risk assessment. The model projects the inventory distribution at the end of the horizon,
described by its mean yr and variance 2. A sale that would leave g units remaining is only
permitted if one of the following guards, with Cantelli’s inequality being the default, gives the

green light. Each guard offers a different way to define ”sufficient certainty.”
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e Cantelli’s Inequality Guard: This is the most conservative, distribution-free method. It
makes no assumptions about the shape of the long-term inventory distribution. It calculates
a worst-case upper bound on the probability of the inventory dropping to or below the
proposed post-sale level q. The sale is only allowed if this worst-case probability is below a
risk tolerance «, which defaults to 5%.

2
Allow sale if: 2#2 <ua
o7+ (pr —q)

e Normal Approximation Guard: This guard assumes the long-term inventory distribution
is approximately Normal, N (ur,02). It calculates a safety stock level based on the desired
service level (1 — a). A sale is only allowed if it does not consume this safety stock. Here,

Z1_ is the (1 — a)-quantile of the standard normal distribution.

Allow sale if: g > ur —z1_407

¢ Coefficient of Variation (CV) Guard: This guard focuses on the stability of the forecast itself.
It measures the relative uncertainty of the inventory projection over the entire long-term tail.
A sale is only allowed if this forecast is deemed reliable, i.e., if its coefficient of variation is
below a set threshold, zesh, Which defaults to 0.10.

\/Var(Idend) — Var(I)
CViail =

All le if: <
ow sale 1 ]E[ IT] = Zthresh

Each of these guards provides a different mathematical approach to achieve the same goal: to ensure
that selling is a deliberate strategic action, taken only when there is a high degree of confidence that
the stock is truly surplus. For the purposes of this thesis, the Cantelli’s inequality guard is used as the
default. This choice is based on initial testing: holding all other model parameters constant, the Cantelli
metric empirically resulted in the lowest final net cost for the simulation when compared to the other
methods.

Part Categories

Expendable Parts represent the simplest case. When a task requires an expendable part, it is con-
sumed and removed from service permanently. Therefore, any demand for an expendable part always
translates into a requirement for one new unit from stock.

Repairable Parts follow a simplified repair loop. When a maintenance task identifies a faulty repairable
part, two main outcomes are possible:

* Scrapped (25% chance): The part is Beyond Economic Repair. This creates an immediate demand
for one new replacement unit from stock.

* Repairable (75% chance): The part can be repaired. This path is then split:

— On-Spot Repair: (1/3 of repairable cases) The part is fixed on the aircraft, creating no de-
mand for a stock unit.

— Swap & Repair: (2/3 of repairable cases) The part must be sent away and is swapped with a
serviceable unit from inventory. This swap creates a demand for one unit.

If a swap is required but no unit is in stock, the maintenance task is considered cancelled and incurs a
penalty. Any part sent for repair is assumed to return to inventory in “like-new” condition after either
one or two days, with equal probability.

Rotable Parts were excluded from this study entirely. This decision stems from the fundamentally
different logistics model governing these parts. Rotables are typically not procured on a per-demand
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basis but are managed through “pools” where unserviceable units are swapped for serviceable ones
from a circulating stock. Furthermore, their characteristically high cost presents a significant challenge
for model validation. Including them would disproportionately skew the aggregate financial metrics. To
ensure the evaluation accurately reflects the model’s effectiveness on the bulk of the inventory, rotable
parts were deliberately scoped out of the analysis.

Algorithm

Before introducing the master routine that selects the daily action, we first explain the evaluation process
for a single candidate action. Algorithm 3 is the core engine that computes the total expected future
cost of a candidate decision (e.g., buy, sell, or wait) made on day 4 for item m. To balance detailed
accuracy in cost expectations with computational tractability, the evaluation horizon is split into two
parts. The short-term window 7 extends to day T = min{d + Lmax, denq }, Where Lmay is the maximum
lead time, while the long-term tail 71 covers the remaining horizon. This dual-horizon approach is
a deliberate trade-off: it provides a high-fidelity analysis for near-term events where timing is critical,
while maintaining a computationally efficient, strategic view of the distant future.

In the short-term window, future states are projected using full probability distributions, while in the
long-term tail, outcomes are approximated using moment propagation. For the short term, the model
performs a detailed scenario analysis by explicitly mapping out every possible combination of events,
such as different demand quantities and all potential arrival dates for open orders. Each complete sce-
nario has a specific, known probability of occurring, allowing the model to calculate the total expected
cost as a weighted average of all these outcomes. For the long-term “tail,” this full tracking becomes too
computationally expensive. The model instead uses a more efficient approximation: it takes the final
expected inventory level and its variance from the end of the short-term window and projects these two
values forward, day by day, by incorporating the mean and variance of future demand, also accounting
for pre-procurement arrivals.

A key component of the cost function is the expected shortfall cost, which is calculated using the
function ¥(g,e). This function computes the cost for any day by coupling the full probability mass
functions (pmfs) of demand and inventory. Its formulation captures both the operational disruption
(the fixed penalty PEN™ when demand e exceeds inventory 4) and the immediate financial impact of
sourcing a replacement under pressure (the variable cost P"* per missing unit). The function is defined
as ¥(gq,e) = PEN" - 1{e > q} + P™ - max{e — q,0}.

The evaluation begins with state transitions. The algorithm advances the system from day d — 1 to d

by applying any realized arrivals to the on-hand inventory, i, and updating the set of open orders,

Af:geded. It then applies the candidate action to this new state, for example by reducing i} for a sale

or adding a new regular order to Aifgeded. With this updated state, it constructs the complete scenario

space over the short-term window T, enumerating all possible combinations of arrival times for open
orders and demand realizations. This scenario enumeration produces inventory PMFs {Z'} for each
day in the window, derived from a full expansion of all possible outcomes.

The express order mechanism functions as a critical fallback, intended to prevent imminent stockouts
only when regular and pre-procurement actions have proven insufficient. This option is only evaluated
on the day immediately preceding a maintenance task (d = d;" —1) for a simple mechanical reason: it
has a deterministic, one-day arrival time. Even in this reactive mode, the decision is still cost-based.
The model runs a local optimization, comparing the high cost of an express order against the expected
penalty of a stockout on the following day. An order is placed only if it is the more economical choice
at that specific moment.

Finally, the total expected cost V* is assembled. Short-term costs for holding, purchasing, and penalties
are calculated over the window 7, using the ¥ function to compute shortfall costs on all relevant
maintenance days. For the long-term period 7i1, where full enumeration is computationally infeasible,
the model propagates the first two moments of the inventory distribution. It identifies potential excess
inventory and schedules a projected sale on the earliest future day that satisfies a risk-based guard based
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on Cantelli’s inequality. This guard ensures that a sale is only considered when the inventory forecast
is stable, preventing the premature disposal of stock that might be needed later to cover unexpected
demand. Long-term holding costs are then adjusted to reflect this planned sale. Total value V is the
sum of all costs less any revenue from an immediate or projected sale. This final cost, along with any
auto-generated express order and the resulting state, is returned to the master routine to facilitate a fair
comparison between all candidate actions.
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Algorithm 3. Expected Cost Evaluation for Procurement Decision (x™8, x°¢!!) on Day d
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Input: Part m; Current day d; State: 7' | (inventory), A ;" = {(q¢, 74, £) : £ < d} (open orders with
quantity, PMEF, order day);
Action: ™8 (regular order), x>/l (sell quantity); Data: {€}'} >4 (demand PMFs), {d]m }jepn (maint. days),

ITET (lead time PMF), {al,ir,ef}f (pre-procurement); Costs: P™, hy,, S™, PEN", Cregs Céxprs Risk tolerance: a
(updated orders), {Z7"} ;-7 (inv. PMFs)

expected
m,d

Output: V* (total expected cost), x*P' (express order), A

// State transition from d — 1 to d

R el 4 ocfnrz + Y y<4q¢ - 1{arrival realized on d} /] Apply action & arrivals
Af:geaed ez // Rebuild open orders
for (q¢,714,¢) € A;,:}:;d;d do
if Y v g 7e(T) > 0 then
70p(T) <= 714(T)/ Ls=a 7e(s) forall T > d // Condition on not arrived yet

Af’:l;ccted A'e:,Sccted U{ (QE' 71.’2/ E)}

if X8 > 0 then

L A,e:gecmd ]e}fgecmd U{(x"8, TILT, d)} // Add new order
// Define evaluation windows
T « [d+ 1, min{d + max¢ {7 : [T5 (1) > 0}, deng }] // Short-term: possible arrival window
Tir + [max(7) +1,depng] // Long-term: beyond arrival window

// Construct scenario space over T (See alg. 5 and alg. 6)
A+ {a: Aexloede3d T — {0,1}} where ay . = 1iff order ¢ arrives on day T

Avalid <+ {a €A Y a¢, < 1foreach ¢} // Each order arrives at most once
D < [Tre7 support(EX); S < Avaiga X D /] All demand realizations & Complete scenario set
// Compute inventory PMF at each T € T via scenario aggregation
for Tt € T do
 +—{} // Initialize as empty PMF
for (a,e) € S do
Q(ru) — ):(é,t)ST . // Total arrivals by T in scenario a
D&E) — Yi<rer // Total demand by T in scenario e
Iﬁ”’g) — il +Q(T + X< &y pre — D( ) // Inventory level
) [l a0 (1 e ) -Eo]. [T pf o)
| ZF [Iﬁ”’e)} — 7m [I&”’e)} + pl@0) /] Aggregate probabilities by inventory level
| e & Tgperrq- b 07 = Yigp (@ — 1) p // Compute moments
// Express order optimization (activated only if d = d}i” — 1 for some )
x&PT 0 // Default: no express
ifﬂje]m:d:d;.”—lthen
Define ¥(g,¢) = PEN™ - 1{e > g} + P" - max{e — 4,0} // Shortfall cost function
Define Cexpr(x) = X(Pm + Cg;PT) + Z(q,pq )eTr, Z(e,pe)e&;"ﬂ PqPe - ‘F(q +x, e)
X ¢ argmingc(o1,... 50} Cexpr(X) // Minimize expected cost
if x*P" > 0 then
for T >d do
L Z0 «— {(qg+x=P", p) : (q,p) € TV} // Add express qty to all inventory levels
// Short-term cost accumulation over T
Vhold < LoreT B - 1t // Expected holding cost
Vpur <= X8 (P™ + Cigg )+ xPF(P™ + Cpr) // Purchase & shipping
Vpen <= Zj:d;"e[d,max(’r)] Y(a,p,) JET L(e,pe esgfm pape - ¥(q,¢) /] Expected penalties

// Long-term analysis via moment propagatton over Trr
(e, o) < (VmﬁX(T)’Urznax(T)) // Initialize from end of short-term
fort € Tir do
L Ut Hi—1+ Dcl,z,rj —E[g"); of + o? | + Var[€]"]
// Projected sale using Cantelli’s inequality

q*  [minger, pe); < o0 // Identify stable excess
if g* > 0.and P™ > 500 then 13

t t* < min{t € Ti7: Wﬂq*)z <a} // First safe potential selling day

VLT = Epeqt Bt + L iy max{p — g%, 0} — 1{#* < co}q*S™
// Total expected cost
V* < Vhold + Vpur + Vpen +Vit— ysell .gm

oy expected
return V*, x&, A?;,pd[c AT et
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The master routine, presented in Algorithm 4, functions as the strategic decision-making layer of the
model. Its primary role is to synthesize the detailed cost assessments from the ‘ExpectedValue’ function
into a single, optimal action for each part on a given day. On each day d, it methodically determines
whether to wait, sell, or place a regular order by comparing the total expected future cost of each
potential choice. The final output is a single, committed decision: a specific quantity to purchase or sell,
along with any auto-generated express order required by that decision’s projected future state. This
structure separates the high-level strategic choice from the tactical, reactive logic of the express order.

The algorithm proceeds chronologically through the planning horizon. For the purpose of this simula-
tion, it processes each part independently for the entire five-year duration before moving to the next,

whereas in practice a planner would evaluate all parts each day. At the start of any given day, the

model’s state, which includes on-hand inventory i and open orders Ai‘gemd, is updated with realized

outcomes. This accounts for both the fulfillment of any demand from the previous day and the addition
of any parts that have just arrived.

The core of the model is its methodical and comprehensive exploration of the decision space. This
process begins by evaluating the “do nothing” action, which establishes a baseline cost Vj representing
the expected outcome of inaction. This baseline is crucial, as any proactive choice must demonstrate
a clear cost improvement over simply letting events unfold. This bounded, full-exploration approach
is deliberately more robust than a greedy search; it avoids local optima where an initially promising
small action might be inferior to a larger, more beneficial one that a simple incremental step would have
missed.

Next, the algorithm explores selling by evaluating every possible sell quantity, from one unit up to the
entire on-hand stock. This exploration is governed by two crucial guards that enforce operational and
economic prudence. The first, a minimum price threshold, focuses computational effort by ensuring
the model only considers economically meaningful sales of higher-value items. The second, a generic
risk function, SELLGUARDGENERIC, acts as a strategic constraint. It serves as a safeguard against short-
sighted financial optimization, preventing the liquidation of stock that, according to configurable risk
metrics, might be critical for maintaining future service levels. The algorithm records the sell quantity
that yields the lowest cost, V.

A similar exhaustive exploration is performed for purchasing. The algorithm evaluates a range of

regular order quantities up to a predefined maximum, Qg:f;‘, which reflects practical constraints such as

budget limits or supplier capacity. This search identifies the optimal order size for the day’s conditions
by finding the global minimum on the cost curve within this defined range. The best cost found is

*
stored as buy

The final decision is a deterministic comparison of the three mutually exclusive outcomes: waiting (Vj),

selling (V), and buying (Vb*uy). The action corresponding to the absolute minimum cost is chosen

and its consequences are fully committed to the system’s state. It is important to reiterate that express
orders are not optimized directly at this stage. They are a secondary consequence determined within the
‘ExpectedValue” function, automatically triggered by the projected future state of the winning strategic
action. This design ensures all decisions are justified by the same underlying cost model, leading to a
consistent and fully traceable procurement strategy. The model’s daily choice is therefore deterministic,
always selecting the single action with the minimum expected cost. Given a fixed set of demand and
lead time realizations, the model would always produce the exact same sequence of decisions.

This daily cost comparison highlights a fundamental aspect of the model’s design. Because it makes
decisions one day at a time, it is not structured to find a single, globally optimal solution over the entire
planning horizon. Its logic is simpler: it just chooses the action with the lowest immediate expected cost.
To encourage better long-term financial performance, a manual tuning lever was introduced. The model
is calibrated to perceive the cost of a stockout as being significantly higher than its actual financial value.
This makes it more cautious and stimulates a drive for better overall results. Through experimentation,
setting this perceived penalty to 175% of its true value was found to be the most effective. A lower
value resulted in too many stockouts, while a much higher value led to over-procurement and excessive
purchase and holding costs. The 175% mark simply represents the calibrated sweet spot for this specific
model and dataset.
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Algorithm 4. Master Procurement model
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Input: Sets M and D, initial tracking variables ij’, Aiﬁgemd, demand pmfs {£]" };cp, and all constants

Output: {(x,%, x5, X,5") bnem, dep

foreach m € M do

ford € D do
update '}/, Af;(scmd using previous day records
// Evaluate case of waiting

( ) 7(0)  expr reg __ sell _ i expected
(Vo, A md’ Id X )+ ExpectedValue(m,d, Xpg = 0, X =0, 17, Am,d )

// Full exploration of sell quantities

L . (sellx) (0) . ;(sellx) (0). LT expr
Veen € +00 gy 0 A 07— Ay I < 1 X X

forq € {O,l,...,i?} do
if P" > SALE_MIN_P" and SELLGUARDGENERIC (1, d, q) = true then

(Veen 4 A<seu’q), Iéseu’q), xoP r) < ExpectedValue (m, d, ¥ =0, xsell =4 jm AEXpecmd)

sell,q m,d m,d — 4, ld ! m,d
if Vsellq < Vsell then

(sellx)

. . expr
L Vell — VSGHW qsell = Am,d A A

(sell,q) (sellx) (sellq) . expr
Id « Id sell,q

4 sellx =X

S

// Full exploration of buy quantities
(buy*) (0) . ;(buyx) (0), _expr expr
buy<——|—<>o qbuy<—0 A, eAmrd, 1 «— 17 Xpuyx < X0
forge{1,2,..., i’;ayx} do
i Acxpcctcd

(buy,q) ~;(buy,q)  expr ysell
(Vbuy,q/ Am,d ’ Id xbuyq) < ExpectedValue (m d, ’Cm d=9 Yd = 0, s Ad )

if Viyyq < Vb*uy then

- Al gl o) ), e e
L Vbuy = Vbu}’ﬂ’ qbuy =4 Am,d « A Id = Id ’ xbuy* =X buyq
vbest o min{ Vo, V2, Viuy }
if Vet = V) then
expected (0) . ym,fore (0), _expr expr, . sell reg
‘ Amd FAmd’ I <_Id 4 7(md FxO 4 mdFO xmdeo
else if Vbest = v, then
ysell im mo_ % . expected (sellx) . 1m,fore (sellx) expr expr
m d - q@cll’ L — ] Tsells Am,d Am,d ’ Id — Id 4 m,d — Xsellx
8
m a 0
else
reg expected (buy*).  ym,fore (buy*). _expr eXpr,  sell
L m d = qbuy Am,d Am,d 4 Id A Id 4 Ym d - xbuy*’ m,d <0

used ,.move ,.canc
update xm,d 4 xm,d 7 m,d
(re)compute Am,forc [m,forc

return {x:zgd, xiﬁ”d, exw}m a4, 1}, and refreshed (A ex”emd, Imfm)for all (m,d)
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4.3 Demonstration

To make the model’s logic more concrete, this section walks through two distinct scenarios for the
same part, linked to maintenance task ZL-533-01-1 (EXP). The first example illustrates a proactive
purchase to mitigate a high-probability risk, while the second shows a nuanced decision to accept a
small, calculated risk.

For context, the part analyzed has the following characteristics:
* Price: €1,098.17
¢ Cancellation Penalty: €205,490.85
* Lead Time PMF: day 3 (7.7%), day 4 (23.1%), day 5 (38.5%), day 6 (23.1%), and day 7 (7.7%).

Scenario 1: A Proactive Purchase on Day 281
Context

On day 281, the system has one unit of the part in stock. A maintenance event is scheduled for seven
days later on day 288. The demand for parts for this task is probabilistic: IP(Demand = 0) = 0.651,
P(Demand = 1) = 0.312, and IP(Demand = 2) = 0.037 (as per Chapter 3).

The Decision

The model evaluates its options as part of its daily routine. The decision here hinges on the 3.7%
probability that demand will be two units, which would cause a stockout if the model simply waits
with its single unit of inventory. The model must therefore weigh the expected penalty cost from this
risk against the certain cost of purchasing an additional part. To do so, the model evaluates the full
short-term consequence of each action. This involves exploring every possible scenario by combining
all potential demand outcomes for the upcoming task(s) with all possible arrival dates for any existing
open orders and potential new order. This evaluation, however, is based only on the action taken
today; the model does not simulate or optimize any future procurement decisions. Table 4.1 shows the
outcome of this cost comparison.

Table 4.1: Decision Analysis on Day 281

Action Qty Value (€) ST Hold (€) ST Pur(€) ST Pen(€) ST Sell (€) LT Hold (€) LT Sell (€) Notes
buy 1 1,163.27 2.89 1,114.15 0.00 0.00 46.23 0.00 Optimal
buy 2 249173 3.79 2,212.32 0.00 0.00 275.62 0.00

wait 0 773411 2.00 0.00 7,718.83 0.00 13.28 0.00 Baseline
sell 1 71,309.17 0.00 0.00 72,187.71 878.53 0.00 0.00  Blocked

The values shown for each option is the respective expected cost, which the model calculates by taking
a probability-weighted average across all explored future scenarios. The decision centers on the ‘wait’
and ‘buy 1’ actions. The ‘wait’ action’s high cost (€7,734.11) is driven almost entirely by the short-
term expected cancellation penalty of €7,718.83. In contrast, the ‘buy 1’ action costs only €1,163.27. By
spending €1,114.15 on a purchase, the model completely eliminates the stockout risk. The chosen action
is to buy 1.
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Scenario 2: Calculated Risk Management on Day 360
Context

On day 360, the situation is more complex. The same task is schedule for two aircraft for the next
day (day 361), with another single aircraft task following on day 363. This creates a new demand
distribution:

P(D=0)=0424, P(D=1)=0406, P(D=2)=0.146, P(D=3)=0.023, P(D=4)=0.001
The system starts with three units in stock and one incoming unit from a previous order. However,
this incoming part is not guaranteed to arrive for the task on day 361; it could arrive later, by day 363

(see lead time pmf). Therefore, the model faces a potential shortfall if demand is four and the open
order is delayed.

The Decision Logic

The model must decide if this timing risk justifies immediate action.

Regular Action: Waiting is Optimal The model’s first evaluation (Table 4.2) finds that waiting is the
best strategic choice.

Table 4.2: Regular Decision Analysis on Day 360

Action OQty Value (€) ST Hold (€) ST Pur(€) ST Pen(€) ST Sell (€) LT Hold (€) LT Sell (€) Notes
wait 0 360.97 6.05 0.00 368.84 0.00 864.62 -878.53  Baseline
sell’ 1 740.42 6.05 1,257.98 368.84 878.53 864.62 -878.53  Blocked
buy 1 947.07 6.95 1,114.15 350.78 0.00 1,232.25 -1,757.07

“The “sell’ action lowers inventory to a critical level, which auto-activates an express order. The higher cost is due to selling a
part only to immediately buy it back at a premium.

The ‘wait” action is the clear winner with a total expected cost of €360.97. This value is dominated by
the short-term (expected) penalty of €368.84, which correctly prices the risk of the open order arriving
late. The model compares this risk to the certain purchase cost of €1,114.15 that would be incurred by
the 'buy 1 action. Since the expected penalty is significantly lower than the cost of a new part, the
model correctly concludes that it is more economical to accept the calculated risk of a stockout than to
make an unnecessary, and far more expensive, purchase.

Express Action: Avoiding Unnecessary Cost Having established waiting as the best strategy, the
model confirms that a last-minute express order is not justified (Table 4.3).

Table 4.3: Express Order Decision Analysis on Day 360

Express Qty Total Value (€) Purchase (€) ST Hold (€) Penalty (€) LT Hold (€) LT Sell Rev (€)

0 360.97 0.00 6.05 368.84 864.62 -878.53
1 751.48 1,257.98 8.15 10.78 1,231.63 -1,757.07
2 1,330.08 2,356.15 10.26 0.00 1,599.27 -2,635.60

The cost of ordering one express unit (€751.48) is more than double the cost of waiting (€360.97). The
model concludes that the most rational decision is to wait and accept the small timing risk.
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4.4 Benchmark

To contextualize and evaluate the performance of the proposed model, its results are compared against
two benchmark strategies. These benchmarks are not intended to be sophisticated alternatives but
rather to represent two logical solutions in procurement philosophy. The first embodies a highly con-
servative, risk-averse approach, while the second mimics a common periodic-review policy. By estab-
lishing performance bounds with these intuitive strategies, it becomes possible to more clearly assess
the specific trade-offs and advantages of the daily, cost-optimization model developed in this thesis.
The objective is to understand how the proposed model balances service levels, inventory holding, and
operational costs in comparison to simpler, more rigid policies.

4.4.1 Benchmark 1: A Fully Conservative Procurement Strategy

The first benchmark strategy simulates a highly risk-averse policy by making procurement decisions
based on worst-case assumptions for both demand and lead times. For any given maintenance task on
the horizon, this model assumes that the maximum possible number of units will be required and that
any new order placed will take the longest possible time to arrive.

A critical distinction must be made between the simulation environment and the model’s decision logic.
During the simulation run, the actual realized demand and lead times are still drawn stochastically from
their true underlying probability mass functions (PMFs). However, the decision-making agent for this
benchmark does not have access to these PMFs. Instead, its view of the future is deterministic: it
operates on the belief that the probability of the worst-case scenario (maximum demand, maximum
lead time) is 100%. This forces the model to procure enough inventory to cover all conceivable short-
term eventualities, aiming for a perfect service level by eliminating stockout risk through proactive
over-procurement.

4.4.2 Benchmark 2: A Periodic Review Strategy (12-Month Cycle)

The second benchmark implements a standard periodic review, or “top-up” policy. This approach
reflects a common business practice where inventory is managed through a fixed planning cycle rather
than daily adjustments. For this analysis, a review period of 12 months is used.

The mechanics of this strategy are as follows: at the beginning of each 12-month period, a single pre-
procurement order is placed for each part. The order quantity is calculated to raise the inventory level
to a target: 120% of the total expected demand for that upcoming year. All ordered units are assumed
to arrive deterministically at the start of the period. For the remainder of the 12 months, no further
regular procurement occurs. The only corrective action available is to place an express order on the day
before a scheduled task if a stockout is imminent.

It is important to clarify the role of the 20% safety stock. This buffer is not an additional quantity
procured each year. On expectation, the initial safety stock should carry over from one 12-month
period to the next. Therefore, the large annual order is primarily meant to replenish the expected
consumption for the upcoming year, not to rebuild the safety buffer from scratch. This makes the
strategy, in theory, less expensive than the purely conservative approach. This specific target level (20%
buffer) is a parameter set for the purposes of this benchmark, rather than a value derived from industry
data.

4.4.3 Performance Analysis

The simulation was executed for all three models using a dataset comprising 660 expendable and 414
repairable parts over a five-year horizon. The aggregated results are presented in Table 4.4. The perfor-
mance metrics are grouped into four categories to facilitate a structured comparison: operational service
levels, inventory and supply chain flow, a detailed cost breakdown, and a final financial summary.
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Table 4.4: Comprehensive Performance Comparison of Procurement Models

Performance Metric

Proposed Model

Fully Conservative

Periodic Review (12-Mo)

Service & Operational Performance

Service Level (by days) 99.97% 100.00% 99.98%
Fill Rate (by units) 99.82% 100.00% 99.98%
Fulfilled Task Instances 4,031 4,039 4,035
Cancelled Task Instances 8 0 4
Express Orders (units) 157 0 1,577
Avg. Time in Inventory (days) 251.90 299.57 405.70
Inventory & Supply Flow (in units)

Opening Inventory 1,074 1,074 1,074
Pre-procurement Arrivals 2,098 2,098 4,025
Repair Returns 1,119 1,119 1,119
Regular Arrivals 3,731 4,705 0
Express Arrivals 157 0 1,577
Total Inflow 8,179 8,996 7,795
Demand Served (Replacements) 4,404 4,407 4,406
Swaps Served (Repairs) 1,170 1,175 1,172
Units Sold 585 0 0
Closing Inventory 2,020 3,414 2,217
Total Outflow 8,179 8,996 7,795

Cost Breakdown (in €)
Total Purchase Costs

34,994,006.80 (72.9%)

51,108,014.42 (77.6%)

32,673,165.00 (67.8%)

— Pre-procurement 15,130,714.82 15,130,714.82 28,163,713.47
— Regular 18,352,676.05 35,977,299.60 0
— Express 1,510,615.93 0 4,509,451.53
Total Shipping Costs 330,907.66 (0.7%) 270,464.12 (0.4%) 393,453.20 (0.8%)
— Regular 186,343.30 270,464.12 0
— Express 144,564.36 0 393,453.20
Holding Cost 9,174,077.14 (19.1%) 14,507,026.28 (22.0%) 13,631,597.90 (28.3%)
Penalty Cost 3,513,721.50 (7.3%) 0 (0.0%) 1,506,136.76 (3.1%)
Total Operational Costs 48,012,713.10 65,885,504.82 48,204,352.86
Financial Summary (in €)
Sales Revenue -7,461,486.29 0 0
Inv. Value Change (Gain (-)/Loss (+)) -6,078,638.51 -24,281,111.96 -10,142,085.32
Final Net Cost* 34,855,332.60  40,968,521.85 (+17.5%) 38,063,494.90 (+9.2%)

*Final Net Cost is calculated as Total Operational Costs plus/minus Inventory Value Change, less Sales Revenue. Closing inventory is valued at its
sell price (80% of purchase cost)

The results presented in the table clearly show that the proposed model achieves the lowest Final Net
Cost, outperforming the Fully Conservative strategy by 17.5% and the Periodic Review strategy by
9.2%. While this was the expected outcome, the interesting part is not that it performed better, but how
it achieved this result.

A quick look at the service and cost metrics reveals a seemingly counterintuitive finding: the proposed
model incurs a significant penalty cost (€3.5 million) resulting from 8 task cancellations, whereas the
benchmark models had far fewer or none at all. This is not a sign of failure but is, in fact, evidence
of the model’s core logic working as intended. In every situation with a potential shortfall, the model
weighs the certain cost of purchasing a part against the expected cost of a stockout penalty. The 8
cancellations are simply the few instances where the model took this calculated risk and was unlucky.
What is not visible in the table is the far greater number of times the model also chose not to buy a part,
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and this bet paid off because the bad-case demand did not materialize. It is this ability to consistently
avoid unnecessary procurement, at the cost of a few accepted failures, that allows the model to achieve
a lower overall net cost.

The inflexibility of the benchmark strategies is also evident in other areas. The Periodic Review model,
unable to adapt to demand fluctuations within its 12-month cycle, was forced to rely heavily on expen-
sive express orders, using them to procure 1,577 units. In contrast, the proposed model used express
shipping far more strategically, requiring only 157 units as a last resort. The Fully Conservative model,
by its nature, avoided all cancellations and express orders, but it paid a steep price in holding costs
(€14.5 million), which were over 50% higher than those of the proposed model. This inefficiency is
further highlighted by the average time a part spent in inventory, which was nearly 300 days for the
conservative model compared to just 252 days for the proposed solution. It is also worth noting that the
proposed model was the only one to leverage the selling option, generating over €7.4 million in revenue
from 585 units of surplus stock. The impact of this feature will be explored in more detail in the next
chapter.

It is important to view these results in the correct context. The absolute monetary values are a direct
consequence of the input cost parameters, which are assumptions for this study. The real insight comes
from the relative comparison between the models and different input values. The simulation shows
how a dynamic, cost-based policy behaves differently from simpler strategies when faced with the
same set of uncertain events. The next chapter will build on this by performing a sensitivity analysis on
these input parameters. This will help answer important “what if” questions, such as "How does the
model’s behavior change if penalties are higher?” or "What is the impact of less reliable suppliers?”.
This analysis will further demonstrate the model’s utility as a transparent tool for exploring operational
trade-offs.
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5 Decision Support Analysis

The previous chapter demonstrated the design and effectiveness of the procurement model, comparing
its performance against two simple benchmarks. The primary purpose of this model, however, is not
to claim a single, optimal solution. Instead, its true utility lies in its function as a transparent tool
for exploration and decision support. Its potential is unlocked by using it to understand why certain
outcomes occur and how different variables influence procurement decisions.

The model itself provides benefits on two distinct levels. On an operational level, it gives a planner
a tool to understand the immediate trade-offs of a daily decision. For example, they can see exactly
how much risk they are taking by choosing to wait on an order versus the certain cost of placing
it. This helps procurement move beyond simple intuition and instead base decisions on data. On a
tactical and strategic level, managers can use the same model to test future scenarios and shape policy,
understanding the financial and service-level consequences of different strategies before committing to
them.

The model can now be used as a simulation test bench. By systematically adjusting its core inputs
and assumptions, it is possible to isolate and measure the effect of each change on the system’s overall
performance. This process, a sensitivity analysis, allows for moving beyond a static result to answer
critical planning questions about different scenarios.

By observing these effects, the model’s outputs can be transformed into actionable insights. The analysis
describes the concrete impact of different policies and external factors, making it possible to identify
which parameters have the most significant influence on procurement success. This, in turn, shows
where management should focus its attention and resources for improvement.

To achieve this, the analysis investigates five key areas. The investigation will explore the impact
of supplier reliability through lead time uncertainty and the effect of forecasting accuracy through
demand uncertainty. It will also examine the influence of planning horizons, the sensitivity to different
cancellation penalties, and the strategic impact of a sales mechanism.

A critical methodological note is required for the following tests. To ensure all comparisons are fair, the
simulations are initialized with a consistent random seed. For most scenarios (such as testing penalty
costs or sales prices), this means the model faces the exact same sequence of realized demands and
supplier arrivals as the baseline run. This consistency ensures that any change in performance is a
direct consequence of that parameter change alone. The exceptions, by necessity, are the tests on lead
time and demand uncertainty. In those specific cases, altering the underlying probability distributions
themselves (e.g., widening the lead time range or biasing the demand forecast) will naturally result in a
different sequence of realized events, as the very “reality” the model faces is what is being tested. This
approach is essential for isolating the model’s logic. The goal is to understand the patterns of behavior
and the trade-offs the model makes, rather than to present statistically averaged absolute numbers.

All simulations use a single and consistent random seed. A single run is not sufficient for statistical
robustness, which would require large-scale replications. However, the goal here is not to produce
averaged absolute numbers, but rather to isolate the model’s logic and clearly observe its behavioral
patterns and trade-offs. Averaging the results of many different runs would provide less direct insight to
the effect of a specific event on the model’s decisions, as the outcomes would be blended. This approach,
while less statistically accurate, is therefore more direct with helping the planner’s reasoning.
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5.1 Lead Time Uncertainty

The first analysis explores one of the most significant external risks in procurement: supplier reliability.
This test is designed to isolate the impact of lead time uncertainty, not the average lead time. In all
scenarios, the expected (mean) and most likely (mode) arrival day for a part remains constant. The
mean and mode are 5 and 10 days for expendables and repairables respectively. What changes is the
range, or support, of the lead time distribution.

A narrow range (e.g., 3 days for an expendable) implies a highly reliable supplier whose arrivals are
very predictable. A wide range (e.g., 9 days for a repairable) represents a highly unreliable supplier,
where an order could arrive much earlier or, more critically, much later than expected.

To test this, five scenarios were simulated. The uncertainty range for expendable (EXP) and repairable
(REP) parts was progressively widened:

* Low Uncertainty: 3-day range (EXP) and 5-day range (REP)

* Med-Low Uncertainty: 4-day range (EXP) and 6-day range (REP)
¢ Baseline: 5-day range (EXP) and 7-day range (REP)

* Med-High Uncertainty: 6-day range (EXP) and 8-day range (REP)
* High Uncertainty: 7-day range (EXP) and 9-day range (REP)

The Baseline (5/7) scenario corresponds to the results of the “Proposed Model” presented in the bench-
mark comparison in the previous chapter. All other parameters, such as costs and demand forecasts,
remain identical across all five tests. The aggregated results are presented in Table 5.1.

Table 5.1: Performance Comparison by Lead Time Uncertainty

Lead Time Range (Expendable / Repairable)

Performance Metric Low (3/5) Med-Low (4/6) Baseline (5/7) Med-High (6/8) High (7/9)

Service & Operational Performance

Service Level (by days) 99.97% 99.97% 99.97% 99.97% 99.95%
Fill Rate (by units) 99.82% 99.82% 99.82% 99.82% 99.73%
Cancelled Task Instances 8 8 8 8 12
Express Orders (units) 173 159 157 150 231
Avg. Time in Inventory (days) 251.93 251.41 251.90 252.37 251.33
Inventory Flow (in units)

Total Procured 5,961 5,958 5,986 5,987 6,078
Units Sold 581 581 585 584 616
Net Inventory Change +922 +919 +946 +948 +1,005
Cost Breakdown (in €)

Total Purchase Costs 36,246,772 36,267,729 35,376,751 35,490,506 35,914,068
Total Shipping Costs 379,501 374,449 330,908 324,545 357,333
Holding Cost 9,397,611 9,399,265 9,174,077 9,164,298 9,261,128
Penalty Cost 2,220,140 2,220,140 3,513,722 3,513,722 4,771,171
Total Operational Costs 48,615,332 48,632,890 48,871,645 48,969,258 50,733,143
Financial Summary (in €)

Sales Revenue -7,867,750 -7,869,174 -7,461,486 -7,495,183  -7,149,896
Inventory Value Change -6,747,373 -6,722,658 -6,554,826 -6,553,172  -6,821,782
Final Net Cost 34,000,209 34,041,059 34,855,333 34,920,903 36,761,465
vs. Baseline Baseline +0.2% +5.5%
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The results reveal a clear and direct relationship between supplier uncertainty and total cost. As the
lead time range widens, the Final Net Cost steadily increases, rising from €34.00 million in the most
predictable scenario (Low 3/5) to €36.76 million in the most uncertain (High 7/9). This confirms that
supplier unreliability has a significant and measurable financial impact.

The source of this cost increase is not always obvious. For instance, the number of task cancellations
remains static at 8 for all scenarios except the most uncertain one. However, the associated penalty cost
is not static. In the two low-uncertainty scenarios, the total penalty is €2.22m, which is significantly
lower than the baseline’s €3.51m for the exact same number of cancellations. While this data is not
sufficient to draw a firm conclusion, it could suggest that with more reliable lead times, the model’s
calculated risks are more targeted, perhaps becoming more successful at avoiding stockouts on high-
value parts and instead sacrificing cheaper ones when necessary.

A more direct driver of cost is the use of express orders. The High Uncertainty (7/9) scenario shows a
dramatic spike in express orders (231 units). This increase is often the result of double-ordering for a
single requirement. When a regular order fails to arrive in time for its intended task, the model is forced
to place a duplicate express order to avoid a stockout. The delayed regular unit eventually arrives and
remains in inventory until a future maintenance event requires it. Interestingly, the reverse is not true.
The lowest uncertainty (3/5) does not result in the fewest express orders; in fact, it requires more than
the baseline. This is an important insight: express orders are not driven only by lead time uncertainty.
They are also a critical tool for managing periods of high demand uncertainty, such as when multiple
maintenance tasks are scheduled close together.

Across all five tests, the holding costs remain remarkably stable. The inconsistent changes across the
different cost categories are a direct result of the model’s flexibility. It does not follow fixed rules but
constantly re-evaluates the lowest-cost action based on the specific risk profile it faces. The overall
conclusion is that while there is a clear positive correlation between lead time uncertainty and total
cost, the model adapts to this uncertainty through a dynamic yet transparent mix of actions (accepting
penalties, buying express) rather than by just one.

5.2 Demand Uncertainty

Next, this analysis investigates one of the most practical challenges in procurement: making decisions
based on imperfect demand forecasts. The model’s decisions are only as good as the information it
is given. This test is designed to measure the financial consequences of acting on biased information.
To do this, the simulation separates the model’s perception from reality. The actual realized demand
remains the same as in all other tests, but the model is fed forecasts that are intentionally biased. We
will explore five scenarios, from a significant underestimation (perceiving 80% of the expected demand)
to a significant overestimation (perceiving 120%). The baseline, where the forecast is accurate, is the
same “Proposed Model” used in all previous comparisons.

It is important to clarify how this forecast bias is applied. The deviation affects the model’s percep-
tion at two distinct stages. First, it is applied to the long-term forecast used to determine the initial
pre-procurement schedule. This means an overestimation leads to a larger baseline supply, while an
underestimation results in a smaller one. Second, the bias is applied daily to the probabilistic demand
for individual maintenance tasks. As a task enters the short-term window, the model perceives a shifted
probability distribution. For an underestimation, probability mass is shifted towards a demand of zero;
for an overestimation, it is shifted away from zero. The results are presented in Table 5.2.

The simulations reveal a fascinating and non-linear relationship between forecast bias and procurement
actions. At first glance, the procurement numbers may seem counter-intuitive. For instance, in the
-20% underestimation scenario, the model places significantly more regular orders (4,102 units) than
in the baseline (3,731 units). Conversely, overestimating demand by +20% leads to the fewest regular
orders (3,371 units). Furthermore, the Final Net Cost remained surprisingly stable, with all scenarios
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Table 5.2: Performance Comparison by Demand Forecast Accuracy

Demand Forecast Bias

Performance Metric Under (-20%) Under (-10%) Baseline (0%) Over (+10%) Over (+20%)
Service & Operational Performance
Service Level (by days) 99.94% 99.95% 99.97% 99.97% 99.98%
Fill Rate (by units) 99.66% 99.75% 99.82% 99.86% 99.91%
Cancelled Task Instances 15 11 8 6 4
Express Orders (units) 200 182 157 142 142
Avg. Time in Inventory (days) 231.68 244.35 251.90 264.48 281.54
Inventory Flow (in units)
Total Procured 5,724 5,864 5,986 6,104 6,335
— Pre-procurement 1,422 1,889 2,098 2,378 2,822
— Regular 4,102 3,793 3,731 3,684 3,371
— Express 200 182 157 142 142
Units Sold 444 527 585 642 800
Net Inventory Change +832 +885 +946 +1,005 +1,076
Cost Breakdown (in €)
Total Purchase Costs 29,619,875 32,925,345 35,376,751 37,015,053 40,953,379
Total Shipping Costs 384,589 364,340 330,908 341,830 361,672
Holding Cost 8,176,574 8,820,504 9,174,077 9,424,833 10,553,267
Penalty Cost 6,253,861 4,848,422 3,513,722 3,020,258 2,085,769
Inv. Valuation Loss 722,063 556,119 476,187 475,191 475,191
Total Operational Costs 45,156,961 47,514,730 48,871,645 50,277,165 54,429,277
Financial Summary (in €)
Sales Revenue -4,964,534 -6,456,139 -7,461,486 -8,233,961 -11,496,465
Inv. Value Change (Gain (-)) -5,267,516 -6,135,809 -6,554,826 -7,237,308 -7,569,340
Final Net Cost 34,924,911 34,922,781 34,855,333 34,805,896 35,363,472
vs. Baseline +0.2% +0.2% Baseline +1.5%

landing within 1.5% of the baseline. This is not an error but a clear demonstration of the model’s two-
level logic, where the daily regular orders are actively compensating for the bias introduced during the
initial pre-procurement phase.

This compensation effect is a fascinating insight into the planner’s logic, and it is driven almost en-
tirely by the high cost of penalties. The model’s primary goal is to reach a ”safe” inventory level;
a point where it has enough stock to cover an upcoming task and reduce the expected penalty cost
to zero. Once it achieves this safe level, the main driver for procurement disappears, and the model
“rests”. This explains the seemingly paradoxical behavior. In the -20% underestimation case, the initial
pre-procurement supply (1,422 units) is far below this safe level. The daily model must then work
aggressively, placing a high volume of regular orders (4,102 units) simply to climb up to that minimum
safe inventory threshold. Conversely, in the +20% overestimation case, the large pre-procurement (2,822
units) already reaches the safe level, so the daily model has no incentive to buy. It places very few reg-
ular orders (3,371 units) and even sells a lot more surplus. The daily orders are simply a corrective tool
to get to that penalty-driven “safe” spot.

To make this clearer, the simulation shifted the probabilities of demand outcomes, not the worst-case
quantity. This is a crucial distinction. Even in the -20% underestimation case, the planner still knows
that a high-demand scenario is possible; it just perceives it as less likely. This is why the penalty-driven
logic described above still holds: the model is forced to plan for this worst case, and the bias only makes
it slightly more or less forgiving on its risk tolerance. If we had tested a different misspecification, such
as underestimating the maximum possible number of items needed for a task, the results would be
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completely different and likely much worse.

From a financial perspective, acting on biased information is almost always detrimental. Underestimat-
ing demand is clearly damaging; the -20% scenario causes penalty costs to nearly double, spiking to
€6.25 million and increasing the final net cost. Overestimating demand reveals a more complex trade-
off. A slight overestimation (+10%) can be marginally beneficial (a 0.1% cost reduction in this case), as
the savings from fewer cancellations just outweigh the cost of buying and carrying extra inventory. This
benefit quickly disappears, however. In the +20% scenario, the cost of procuring and holding the large
surplus (driving holding costs over €10.5 million) becomes too great, causing the final net cost to rise
by 1.5%. This suggests that if the forecast is biased, the failure probability function should be adjusted
using operational observations, but only once statistically sound proof is gathered.

5.3 Short-Term Forecast Horizon

This test focuses on a core parameter of the model’s design: the length of the short-term forecast win-
dow. As described in Algorithm 3, the model operates with a dual horizon. It evaluates the immediate
future (the ”short-term”) by building a full, detailed tree of all possible probabilistic scenarios. Beyond
this window, it switches to a less computationally intensive approximation (the “long-term tail”) that
relies on moment propagation.

By default, the length of this high-fidelity short-term window is set for each part as the maximum
possible lead time for a new regular order. This ensures the model always performs a detailed analysis
to cover the immediate uncertainty regarding when a new order might arrive. This section tests what
happens if we extend this window significantly. It is important to note that this practically means that
the model or the planner is called to handle the procurement of parts for a specific task on an earlier
date than needed.

At first, extending this high-detail window might seem like it could only improve results, or at worst,
do no harm. In reality, this change could have a complex trade-off. A longer analytic window forces the
model to “see” and calculate the cost of distant, potential risks with high precision. This might cause
it to commit to a purchase decision much earlier than necessary, when there was still time to wait for
more information (like demand materializing) before acting. This test is designed to see if that forced
early commitment is beneficial or costly.

To test this, the short-term window was set to a fixed 21 days for all parts. This value is computationally
feasible but also much longer than the worst-case lead times for both expendable and repairable parts,
giving the model a much longer, high-fidelity view of the near future. All other parameters are identical
to the baseline. The results are compared in Table 5.3.

The results show that acting “too soon” is not always better, as forcing a longer look-ahead resulted
in a 2.3% increase in the final net cost. This extra cost came from committing to decisions earlier,
which directly increased both total purchase costs and holding cost. The impact on holding cost is
clearly visible in the average time in inventory, which rose by nearly 14 days. On the positive side, this
proactive strategy did make operations less reactive, cutting the number of expensive express orders
almost in half (from 157 to 80). However, this came at the cost of a large increase in both purchased and
sold units, suggesting a higher volume of logistical activity.

This demonstrates a key insight for planners: acting too early on uncertain, long-range forecasts can
lead to costly regret, as new information gathered well before the maintenance task often reveals the
initial purchase was unnecessary. This unnecessary buy/sell activity adds costs without providing a
significant service benefit, as the total penalty cost was almost identical to the baseline despite one
fewer cancellation. Sometimes, demand is simply unforgiving, and the high cost of insuring against
every potential, distant stockout is not worth the investment. Waiting for more information is often the
more economical choice.
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Table 5.3: Performance Comparison by Forecast Horizon Length

Baseline Extended Window

Performance Metric (Dynamic Lead Time) (21 Days)

Service & Operational Performance

Service Level (by days) 99.97% 99.97%
Fill Rate (by units) 99.82% 99.84%
Cancelled Task Instances 8 7
Express Orders (units) 157 80
Avg. Time in Inventory (days) 251.90 265.27
Inventory Flow (in units)

Total Procured (Pre, Reg, Exp) 5,986 6,278
Units Sold 585 708
Net Inventory Change +946 +1,115
Cost Breakdown (in €)

Total Purchase Costs 35,376,751 37,021,092
Total Shipping Costs 330,908 293,339
Holding Cost 9,174,077 9,635,064
Penalty Cost 3,513,722 3,470,121
Total Operational Costs 48,871,645 50,419,616
Financial Summary (in €)

Sales Revenue -7,461,486 -8,073,230
Inv. Value Change (Gain (-)/Loss (+)) -6,554,826 -6,678,476
Final Net Cost 34,855,333 35,667,909
vs. Baseline Baseline +2.3%

5.4 Penalty Costs

The cost-driven strategy, as seen in the benchmark comparison, is not designed to be the most conser-
vative. It works by accepting some calculated risks, and this entire trade-off balances on a single, crucial
number: the monetary penalty assigned to a stockout. This value is the planner’s financial estimate for
all the operational chaos that follows a cancellation, from schedule delays to a grounded aircraft.

Since this penalty is an estimate of a complex reality, it can be misjudged. This analysis explores the
practical consequences of under- or overestimating this value. It provides insight into how procurement
behavior, service levels, and total costs change as this penalty estimate shifts. This helps to understand
just how sensitive the procurement plan is to this one financial assumption. The results of this analysis
are summarized in Table 5.4

The baseline configuration for this study used a penalty of €200,000 plus five times the part’s price (P).
To test the sensitivity to this estimate, four new scenarios were simulated. These scenarios represent a
wide range of risk profiles, from a low-penalty estimate (€50k + 2P) that is more tolerant of stockouts,
up to a very high-penalty estimate (€1M + 7P) that treats any cancellation as a severe financial event.
All other model parameters remain identical to the baseline.

A lower penalty estimate leads to the lowest Final Net Cost, but this comes at the cost of service. The
“Low” and "Med-Low” scenarios, which are 9.5% and 5.2% cheaper than the baseline, also see a sharp
increase in task cancellations (to 23 and 14, respectively). From a purely financial perspective, this
strategy is logical: the savings from reduced procurement and holding costs are greater than the cost of
the penalties incurred. More interesting is the trend at the high end. As the penalty estimate increases
from the baseline to "Med-High,” the net cost also rises by 2.6%. Pushing the estimate even further
to “High,” however, causes the net cost to drop back slightly (to +0.9%). This illustrates how a very
high penalty estimate forces a more proactive procurement strategy. This proactive stance is expensive,
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Table 5.4: Performance Comparison by Cancellation Penalty Estimate

Penalty Structure (Fixed + Variable)

Performance Metric Low Med-Low Baseline = Med-High High
(50k + 2P)  (100k + 3P) (200k + 5P) (400k + 6P) (1M + 7P)

Service & Operational Performance

Service Level (by days) 99.90% 99.94% 99.97% 99.98% 99.99%
Fill Rate (by units) 99.46% 99.68% 99.82% 99.89% 99.98%
Cancelled Task Instances 23 14 8 5 1
Express Orders (units) 180 156 157 158 161
Avg. Time in Inventory (days) 246.36 246.20 251.90 260.66 268.96
Inventory Flow (in units)

Total Procured 5,684 5,811 5,986 6,097 6,219
Units Sold 476 504 585 652 719
Net Inventory Change +769 +858 +946 +987 +1,038
Cost Breakdown (in €)

Total Purchase Costs 28,255,813 30,650,094 35,376,751 36,749,583 38,606,641
Total Shipping Costs 306,931 323,867 330,908 327,312 338,390
Holding Cost 7,973,496 8,460,479 9,174,077 9,584,363 10,311,442
Penalty Cost 3,813,350 4,103,385 3,513,722 3,757,982 1,951,805
Total Operational Costs 40,349,591 43,537,825 48,871,645 50,419,240 51,208,278
Financial Summary (in €)

Sales Revenue -5,452,105 -5,999,636 -7,461,486 -8,204,272  -9,214,952
Inv. Value Change (Gain (-)) -3,350,932 -4,512,016 -6,554,826 -6,461,257 -6,813,554
Final Net Cost 31,546,554 33,026,174 34,855,333 35,753,710 35,179,773
vs. Baseline Baseline +2.6% +0.9%

driving up both purchase and holding costs, but it is so cautious that it almost entirely eliminates
cancellations, dropping them to just one. This shows a clear and non-linear balance between paying for
inventory upfront or paying for service cancellations later.

So far we analysed the actual penalty, affecting both the decision logic and the final cost. A second
test explores a different lever: the perceived penalty. As noted, the baseline strategy is calibrated to be
cautious by perceiving any stockout penalty as 175% of its true value (a 1.75x multiplier). This test
explores the effect of that “caution” buffer. We will compare the 1.75x baseline against a 1.0x scenario
(where decisions are based on the true penalty), and two scenarios with increased caution (2.0x and
2.5x). In all cases, the actual penalty cost charged for a cancellation remains the standard baseline value
(200k + 5P). Results are depicted in Table 5.5.

The level of caution built into the procurement strategy is a powerful lever. Acting with no additional
caution (the 1.0x scenario) is not the best approach; it results in a 2.8% higher net cost compared to
the baseline, driven by a high number of cancellations (14) and the resulting €6.18 million in penalties.
Intentionally overestimating the penalty is clearly beneficial, but only to a point. A 2.0x caution mul-
tiplier achieves the lowest final net cost (2.2% below baseline) by cutting cancellations to just 6. This
benefit has a limit, however. Pushing the caution even further to 2.5x increases total purchase and
holding costs so much that the extra spending is not fully offset by the small gain of one fewer cancel-
lation, causing the net cost to rise again. This suggests a “sweet spot” for caution, where the current
cost structure finds a natural balance between proactive procurement and service failures.
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Table 5.5: Performance Comparison by Perceived Penalty Multiplier

Perceived Penalty Multiplier

Performance Metric 1.0x 1.75x 2.0x 2.5x
(No Overestimation) (Baseline) (High Caution) (V. High Caution)

Service & Operational Performance

Service Level (by days) 99.94% 99.97% 99.97% 99.98%
Fill Rate (by units) 99.68% 99.82% 99.86% 99.89%
Cancelled Task Instances 14 8 6 5
Express Orders (units) 158 157 150 151
Avg. Time in Inventory (days) 246.46 251.90 253.06 256.99
Inventory Flow (in units)

Total Procured 5,818 5,986 6,007 6,049
Units Sold 501 585 591 619
Net Inventory Change +868 +946 +959 +972
Cost Breakdown (in €)

Total Purchase Costs 31,412,091 35,376,751 35,610,804 36,656,313
Total Shipping Costs 319,447 330,908 322,392 316,813
Holding Cost 8,468,444 9,174,077 9,285,243 9,459,632
Penalty Cost 6,179,231 3,513,722 2,485,949 2,255,701
Total Operational Costs 46,379,213 48,871,645 47,704,388 48,688,459
Financial Summary (in €)

Sales Revenue -6,014,224  -7,461,486 -7,406,134 7,906,491
Inv. Value Change (Gain (-)) -4,530,268  -6,554,826 -6,215,867 -6,412,763
Final Net Cost 35,834,721 34,855,333 34,082,387 34,369,205
vs. Baseline +2.8% Baseline

5.5 Sales

A unique feature of this research is the exploration of the ability to sell inventory when judged appro-
priate. The analysis in this section explores how that capability influences procurement behavior. The
impact is not just the revenue from the sales themselves. More importantly, the option to sell in the fu-
ture changes the cost-benefit calculation for every purchase decision made today. A high recovery price
makes proactive purchasing less costly. The model can be encouraged to buy a part to cover a potential
shortfall, knowing that if the part is not needed, a large portion of its cost can be recovered. This is a
key difference from a model that simply accounts for final inventory value, as the selling option is an
active part of the daily cost-minimization logic.

To measure this effect, we will compare the baseline (which uses an 80% recovery price) against three
new scenarios: one where the selling mechanism is disabled entirely ("No Sales”), one with a lower
recovery value (70%), and one with a higher value (90%). A value near 100% is not tested because it
would break the logic, creating a “free” return policy that would encourage the model to over-procure
and just return the excess. These different price points represent the operational “friction” of selling;
a 70% price implies a higher cost or effort to sell a part, while a 90% price makes it an easy, low-cost
option. The results are shown in Table 5.6. Note that the selling mechanism is active only for items
with purchase price above €500.

Table 5.6 illustrates how the option to sell affects the procurement strategy and the financial outcome.
Comparing the scenarios to the standard “"No Sales” approach, it is clear the benefit is not automatic.
For instance, both the 70% and 80% (Baseline) recovery price scenarios result in a higher net cost than
not integrating sales at all. This suggests that a poorly managed or inefficient selling mechanism can
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Table 5.6: Performance Comparison by Selling Price

Selling Price (as % of Purchase Price)

Performance Metric No Sales Sell at 70% Baseline (Sell at 80%) Sell at 90%
Service & Operational Performance
Service Level (by days) 99.96% 99.96% 99.97% 99.97%
Fill Rate (by units) 99.77% 99.80% 99.82% 99.84%
Cancelled Task Instances 10 9 8 7
Express Orders (units) 133 151 157 200
Avg. Time in Inventory (days) 247.18 250.18 251.90 257.01
Inventory Flow (in units)
Total Procured 5,657 5,871 5,986 6,191
Units Sold 0 495 585 765
Net Inventory Change +1,204 +922 +946 +970
Cost Breakdown (in €)
Total Purchase Costs 28,254,680 32,066,323 35,376,751 38,173,001
Total Shipping Costs 263,340 315,704 330,908 370,015
Holding Cost 8,668,755 8,910,284 9,174,077 9,565,047
Penalty Cost 4,694,461 4,358,572 3,513,722 2,799,137
Total Operational Costs 43,559,913 46,781,520 48,871,645 51,722,019
Financial Summary (in €)
Sales Revenue 0 -5,416,001 -7,461,486 -11,216,874
Inv. Value Change (Gain (-)) -9,264,844 -5,181,134 -6,554,826 -7,812,772
Final Net Cost 34,295,068 36,184,384 34,855,333 32,692,372
vs. Baseline +3.8% Baseline

be worse than having no mechanism, and that its financial benefit is only unlocked at a very high level
of efficiency.

This behavior is driven by the model’s cost calculation. The potential to sell a part in the future acts
as a discount on its initial purchase, lowering the perceived cost of procurement. As the selling price
increases, the model becomes more proactive, visible in the rising total procured units (from 5,657 in the
”No Sales” case to 6,191 at 90%). This more aggressive procurement strategy directly improves service
levels, cutting cancelled task instances from 10 down to 7 and reducing the associated penalty cost from
€4.7m to €2.8m. This clearly illustrates the balance between procurement costs and the resulting service
failures.

However, this strategy is a trade-off that is highly sensitive to price. The ”“sell at 90%” scenario is the
only one where this trade-off is clearly profitable, achieving a 6.2% net cost reduction compared to the
baseline. Here, the high sales revenue (€11.2 million) and lower penalties are more than enough to
offset the increased total purchase costs and holding cost. In contrast, the “sell at 70%” scenario shows
the risk of this strategy: the model still procures more (and thus decreases chance of stockout), but the
low recovery price is not enough to cover that investment, resulting in the highest net cost of all four
cases (+3.8% vs. baseline). Therefore, enabling a sales mechanism is only advisable if the operational
costs of selling are low enough to guarantee a high recovery price.
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6 Conclusion

This thesis presents a framework designed to bridge the persistent gap between a fixed, fleet-wide
maintenance schedule and the complex, day-to-day procurement decisions required to support it. Tra-
ditional, aggregate-level planning often fails to capture the specific needs of individual checks, leading
to inefficient inventory. This work moved beyond that by focusing on a granular approach, where
material requirements are derived directly from each individual, scheduled maintenance task, linking
demand directly to the operational calendar.

The resulting procurement model is designed for operational utility, where traceability is a central
feature. All decisions, including both purchasing new parts and selling surplus stock, are governed by a
transparent, cost-based logic. This emphasis on explainability is a deliberate choice. In an environment
with incomplete data, the primary goal is to provide planners with a tool that generates actionable
insights and reveals the “why” behind a recommendation, which is often more valuable than a ”black
box” claim of optimality.

To tackle this problem, the research was structured into three distinct, sequential stages. The first
stage involved developing a demand forecast. This required building a methodology to convert the
raw maintenance plan into a time-phased, probabilistic demand signal for individual spare parts. The
second stage was to create a procurement model that could act on this detailed forecast, making daily
purchasing and inventory decisions to minimize total cost under uncertainty. The final stage focused
on validation and analysis, first by testing the model against logical benchmarks and then by using it
as a tool to generate practical insights for planners.

This three-stage process functions as a modular pipeline, where each component is self-contained and
can be adjusted or even swapped out to suit different operational needs. The framework is not rigid; its
components are interchangeable. For example, the task clustering method used in forecasting could be
replaced with a different technique, such as a decision tree, without disrupting the overall flow. Simi-
larly, the procurement model itself could be adapted, perhaps by aggregating decisions to a component-
group level instead of a part-specific one, or by expanding it to optimize procurement across all parts
simultaneously. This flexibility is key to its practical application.

The forecasting component first had to solve a fundamental data problem: the maintenance plan’s raw
task descriptions are not directly usable for demand planning. To overcome this, the Maintenance Plan-
ning Document (MPD) was used as a foundation to systematically group tasks based on their technical
attributes. This grouping allowed for a structured, model-based assignment of failure probabilities to
each task cluster. It is important to state that neither the clusters themselves nor the synthetic reliability
models were validated against real-world data. However, the framework successfully demonstrated
that it is possible to move beyond aggregate forecasts. It provides a systematic and repeatable method
for describing the demand potential of each individual maintenance task, laying a foundation that can
be readily improved with expert input or historical failure data.

The procurement algorithm was built to replicate the thought process of a human planner, where
every decision is a transparent, trade-off-based balance. Instead of an opaque optimization, the model
operates on a daily basis by comparing the expected future costs of buying, waiting, or selling. To mirror
a realistic operational environment, the framework includes three distinct procurement mechanisms: a
baseline pre-procurement schedule for long-term needs, flexible regular orders with uncertain lead
times, and reactive express orders for imminent shortfalls. This design ensures that every action is a
justifiable choice between competing costs, such as holding inventory versus risking a stockout.

This model was tested against two simple benchmarks: a fully conservative strategy aiming for 100%
service and a common periodic review policy. The proposed model performed 17.5% and 9.2% better,
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6 Conclusion

respectively, in terms of total net cost. This numerical victory is not the central achievement, as these
benchmarks are by nature naive and inflexible. The more valuable insight comes from how the model
performed better. The most significant conclusion is that allowing for a small, controlled number of
risks (cancellations) is not only justified but financially optimal when the cost of perfect protection is
too high. Secondly, the results confirm the clear advantage of treating each task independently and
using all available information, rather than relying on static, high-level rules.

This task-specific approach also addresses a wider challenge in aviation management. Just as mainte-
nance planning has moved toward date-specific operations, procurement must follow suit to support
the tighter schedules of Equalized Maintenance Programs. For an EMP to function, every supporting
element must operate with the same level of detail. Without a granular link between tasks and mate-
rials, the supply chain becomes a weak point that can compromise the stability of the entire equalized
schedule.

Further analysis of the procurement drivers, conducted by isolating key variables, reveals several prac-
tical insights for planners. While some relationships are intuitive, such as greater supplier lead time
uncertainty correlating with higher net costs, the model’s main utility is its ability to navigate com-
plex, non-linear trade-offs. The results demonstrate that not all operational variables affect the system
in a predictable way, reinforcing the need for a decision support tool that can manage these nuanced
interactions rather than relying on static rules.

Certain findings from the analysis are direct: the ability to sell surplus stock, for example, is only
financially beneficial when it can be executed efficiently with a high recovery price. Otherwise, the
option is detrimental. Other results, however, point to a more nuanced ‘gray area’ in the decision
space. Within this region, changes to key parameters, such as the perceived ’caution’ for penalties, do
not linearly improve or degrade performance. Instead, this region is characterized by an operational
balance where an increase in procurement investment is offset by a nearly equal decrease in penalty
costs, holding the net outcome stable. This suggests that performance degrades significantly only when
decisions fall far outside of this balanced region.

Ultimately, these trade-offs all center on the fundamental procurement problem: minimizing total costs
while maintaining a sufficient service level. By translating the operational impact of a service failure
into a monetary penalty, the strategy becomes a transparent financial trade-off. A key insight from this
work is observing how robustly the cost-driven model manages this balance. This trade-off is between
investing in procurement and holding costs upfront, versus risking a significantly higher penalty cost
later. The model’s logic proved robust even under poor forecasts; when demand was underestimated,
the daily function still compensated by increasing orders to maintain a ‘safe” inventory level, driven by
the high financial weight of a potential stockout.
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7 Discussion & Future Work

The framework in this thesis was built to tackle a complex, real-world problem. To deliver a complete
end-to-end solution within the research scope, several boundaries and assumptions were necessary.
These choices helped to focus the preceding analysis and also provide a natural starting point for
looking ahead. Reflecting on these limitations is valuable, as it establishes a practical foundation for
future extensions and new lines of inquiry.

Validating every parameter in a model like this is a major challenge. In aviation, it’s even tougher
because detailed data on component failures or supplier performance is often proprietary and hard to
get from the outside. This meant that assumptions were needed to build parts of the model, especially
for the demand forecast. The framework was built to handle this reality by focusing on transparency.
The procurement model, for instance, is built on explicit cost levers and traceable decisions. This design
makes sure that even when an input is an assumption, its specific impact on a final recommendation is
still clear and can be checked.

A key area for future improvement is the demand forecast element, especially the task clustering. It
was hard to tell which clustering method was truly better without real-world data for validation. This
challenge, however, points to an important solution, one that does not depend solely on big datasets.
Expert opinion, especially from ground engineers, could be just as valuable, or even more so. They have
the hands-on experience and are arguably the best people to group tasks based on the simple question
of “how often does this job lead to a replacement?”

The procurement model handles every part individually, which offers a much deeper level of control
than traditional, high-level planning. This part-specific logic could be developed even further, perhaps
using a decision-tree structure to apply different management rules based on a part’s cost, criticality, or
supply risk. At the same time, this individual focus misses a clear opportunity: economies of scale. A
valuable next step would be to look at procurement system-wide, allowing the model to group orders
for different parts that come from the same supplier. This higher-level view would also be a natural
place to integrate key performance indicators (KPIs), letting a planner make informed trade-offs, such
as accepting a small risk on one task to guarantee the success of a more critical one.

Future work could also address parameter uncertainty by adopting a robust optimization mindset.
While this framework relies on specific estimates for inputs like penalty costs or lead time agreements,
an alternative approach could solve for a range of potential values. By optimizing for the worst-case
scenario, this method would ensure that the trade-off between procurement and risk remains valid
regardless of exact parameters, offering reliable decision support even when specific operational data
is effectively unavailable.

Furthermore, while this framework focuses on planned maintenance, a natural extension is to integrate
unplanned, corrective maintenance. The current model can already handle these events reactively: a
planner could create a small buffer by manually increasing failure probabilities, and the model would
adapt to the sudden drop in stock when an unplanned part is used. A more systematic solution,
however, would be to build this uncertainty directly into the forecast. This could be done by adding
a low-level, daily failure probability for critical parts, which would then be included in the model’s
short-term cost evaluation, allowing it to balance both planned and unplanned risks.

The sensitivity analysis in this report was used to understand the model’s behavior by testing one
parameter at a time. This same framework could be used to pursue a different goal: finding the absolute
best operational or financial results. To do this, one could run mass simulations, testing thousands of
different scenarios and combinations of parameters. This would allow for a complete fine-tuning of
all the economic levers, such as penalty costs and caution multipliers, to find the most effective and
profitable policy for a specific set of operational goals.
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A Maintenance Planning Document (MPD)

The Maintenance Planning Document (MPD) is a foundational document published by the aircraft
manufacturer and serves as an envelope repository for repetitive maintenance tasks. Its primary pur-
pose is to provide a basis for aircraft operators to develop their own customized and locally approved
scheduled maintenance programs. The MPD is not a standalone regulation; rather, it consolidates re-
quirements from several official source documents, including the Maintenance Review Board Report
(MRBR), the Airworthiness Limitation Section (ALS) Parts 2, 3, 4, and 5, and the ETOPS Configuration,
Maintenance and Procedures (CMP) Document.

Tasks originating from the MRBR and ALS are declared as Instructions for Continued Airworthiness
(ICA). These tasks constitute the initial minimum set of requirements that must be included in an
operator’s maintenance program when an aircraft enters service. This thesis uses the Maintenance
Planning Document (MPD) for the A320 family, revision 26. While the MPD is a comprehensive guide,
operators remain responsible for independently ensuring their maintenance programs comply with all
mandatory requirements, such as Airworthiness Directives (ADs) and the entirety of the ALS.

MPD Data Structure

The MPD presents maintenance tasks in a structured tabular format. Each row corresponds to a unique
maintenance task, and each column provides specific data. The following descriptions detail all the
columns, with expanded detail for those most relevant to spare parts forecasting.

Revision Code. A simple marker (N=New, R=Revised, D=Deleted) indicating changes from the previ-
ous MPD revision.

Task Number. Each task is identified by a unique 9 to 10-digit number (e.g., XXXXXX-XX-X). This is a
composite identifier where the first six digits typically refer to the ATA chapter or aircraft zone, the
next two digits are a sequence number, and the final digit(s) serve as an applicability index for different
aircraft configurations.

Zone. This column specifies the physical location on the aircraft where the task is to be performed.
Zones are identified by standardized three-digit numbers that correspond to specific areas of the air-
frame (e.g., fuselage sections, wings, landing gear bays). A task may list multiple zones, indicating that
the action must be repeated in each location.

Description. This is a critical column that provides a concise, free-text summary of the work to be
performed. It identifies the system, component, or structural item and the nature of the task. This field
often contains the most detailed technical information available within the MPD and is essential for
understanding the potential need for spare parts. The column also includes standardized codes for the
required skill (e.g., AF for Airframe, AV for Avionics).

Task Code. This provides a standardized abbreviation for the type of work required, allowing for quick
identification and grouping of similar maintenance actions. Key task codes include:

* CHK: Check. A quantitative check to verify if an item is within specified limits.
* GVI: General Visual Inspection. A visual survey to detect obvious damage, failure, or irregularity.
* CLN: Clean. The removal of contaminants from a component or area.

* DS: Discard. Mandatory removal and replacement of an item at its life limit.
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¢ OP: Operational Check. A qualitative check to confirm a system is functioning correctly.

* DI: Detailed Inspection. An intensive, close-up visual examination to detect damage or failure.

* RS: Restoration. Work required to return an item to a defined standard (e.g., overhaul).

* VC: Visual Check. A visual check to confirm an item is present and correctly positioned.

¢ FC: Functional Check. A quantitative check to verify a system performs within measured limits.
* TPS: Test/Performance Check. A test against a specific technical or performance standard.

* RAR: Repair/Assessment/Reporting. Repair, assessment, or reporting actions based on findings.
¢ LU: Lubrication. The application of lubricants to reduce friction between moving parts.

® SV: Servicing. Replenishing fluids or gases to keep equipment operational.

® SDI: Special Detailed Inspection. An intensive inspection requiring specialized techniques or
equipment.

* BSI: Borescope Inspection. An internal inspection using a borescope to avoid disassembly.

¢ OPT: Optional. A non-mandatory task performed at the operator’s discretion.

TCI/RSC. Time Controlled Items (TCI) and Removable Structural Components (RSC) are markers used
as planning aids to identify components that are typically removed and managed as rotable assets.

Interval and Threshold. This column defines the scheduling requirements for the task. It consists of
two main components: a Threshold (T) for the first accomplishment and an Interval (I) for subsequent
accomplishments. These limits are expressed in usage parameters, and the one that occurs first dictates
the schedule. The units used are Flight Hours (FH), Flight Cycles (FC), Days (DY), Months (MO), and
Years (YE).

Source. The Source column indicates the origin document of the maintenance requirement, which is
crucial for understanding its regulatory weight and criticality.

* MRB: A task from the Maintenance Review Board, categorized by a Failure Effect Category (FEC)
number. This number indicates the consequence of a potential failure (5: Evident Safety, 6: Evident
Operational, 7: Evident Economic, 8: Hidden Safety, 9: Hidden Economic).

¢ ALI: Airworthiness Limitation Item from ALS Part 2. Mandatory inspections for fatigue-critical
structures.

* CMR* / CMR**: Certification Maintenance Requirement from ALS Part 3. Mandatory tasks for
system safety. A single star (*) indicates the interval cannot be escalated.

¢ SEMR: System Equipment Maintenance Requirement from ALS Part 4.

* FAL: Fuel Airworthiness Limitation from ALS Part 5, related to fuel tank safety.

* CPCP: Part of the Corrosion Prevention and Control Program.

* CMP: From the ETOPS CMP document, applicable for extended-range operations.

Reference. Provides references to other technical publications, most commonly the Aircraft Mainte-
nance Manual (AMM) task reference (AMTOSS) for detailed procedures. It also links to the original
MRBR or ALS task number.

Men / MH. These columns provide planning estimates for the minimum number of Men (personnel)
and the MH (Man-Hours) required. Man-hours are broken down into time for the task itself, for access
(opening/closing panels), and for preparation.

Applicability. Defines the specific aircraft to which the task applies, based on model (A318, A319,
A320, A321), engine type, modification status (PRE/POST), or specific Manufacturer Serial Numbers
(MSN).
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B Procurement Data Structure and Helpers

This appendix provides the detailed data structures and helper algorithms that underpin the procure-
ment model described in Chapter 4. While the main chapter focuses on the strategic logic, the compo-
nents detailed here are essential for the model’s implementation and day-to-day operation. They define
how the model represents its knowledge of the present and future, and the mechanical steps it takes to
update its beliefs as new information becomes available.

Data Structures

Table B.1: Data Structure Definitions

Variable Description Example / Structure
S 8 . £ _ f i i

o Mast.er fgrecast set of.p0551b1e future inventory | I} = [Igl d-csirle' Igf d-?—ge' ..., :",ID(:i:]
distributions for maintenance task m at day
d. Contains {I;’f;irle, I;’f"iffze, .. .,Igfé::}. This is
distinct from the actual inventory level i}'.

idmfore Forecast distribution of possible inventory lev- i?fore ={(qup1) - (G PK)}, Th pr=1
els at future day 7 based on information at day Example: {(5,0.25), (6,0.50), (7,0.25)}

d. Each element is a pair (gx, px) with g a pos-
sible inventory and py the associated probabil-
ity. Linked to ig”fore through its index .

A;"’eXpeCted Master set of open arrivals packets for task m A?’eXpeCted = [ mh’ 3112,. . }
known at day d: A;"’exPeCted = {Adm,l tle Ly}
Each packet keeps arrivals separated by order
day (and batch).

A Arrivals packet for orders of m placed on day | For current day d = 39: A reg placed
I and still open at day d. Stores, for a regu- | on | = 32 for a quantity of 3 could
lar (reg) order of fixed size 4™, the conditional | be represented by the packet A%, =
pmf (g7, 77" (7 | d)) : ©>d with Yoo " (T | | {(3,05)7=40, (3,03)7=s1, (3,02)7=12}. An
d) = 1. If an express order of size q;”’eXp " exists | expr placed on I = 39 for a quantity of 2 would
and I[+1 > d, include the deterministic atom | be A% 55 = {(2,1.0)r—40}-

(q;"’eXpr, 1) at T =1+41.
:(feﬁied Forecast arrival atom for a reg order of fixed | Example: afﬁif)tgd = (xrme%,0.6), acz(?:itzd =
' size q;" placed on day /, arriving on day T, as of (x"8,0.4), and P - ( xéXPr, 1). '
d, with conditional probability 7} (7 | d) (with ml m i1+ ml
Y7 >dnj'(t | d) = 1). For express, arrival is
deterministic at T = [41.

g Expected demand pmf on day 7 for task m: a | Example: & =

set of pairs (e, pk - (e)) with ¥, pf, . (e) = 1. {(0,0.20), (1,0.50), (2,0.25), (3,0.05)}.  Then
Cm,40 = ZeePE@z}O (e) = 1.15.

The model’s ability to make forward-looking decisions relies on a set of carefully designed data struc-
tures, defined in Table B.1. These structures are not merely static parameters; they represent the dy-

of all open orders, and

m,fore
Id
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levels. Together, these structures provide a comprehensive, time-aware snapshot of the system’s current
state and its projected evolution.

Helper Algorithms

The following algorithms perform the essential daily tasks of state updating and forecasting.

Updating Expected Arrivals

Algorithm 5 is the core "bookkeeping” routine that runs at the start of each day. Its job is to reconcile
the model’s prior beliefs about future arrivals with the reality of what has just occurred. The algorithm

processes any realized arrivals (regular, express, or pre-procured), removing completed orders from

the open orders set Af:gef;eel. Critically, for stochastic lead times, if an order did not arrive on a day

it was expected to, the /algorithm performs a conditional probability update (renormalization) on the
remaining possible arrival dates. Finally, it incorporates any new orders placed on day d, creating the

updated state ASPected

md that serves as the basis for all of the day’s decisions.

Forecasting Future Inventory

Algorithm 6 is the model’s short-term forecasting engine. Given the current state (on-hand inventory
and the updated open orders set), it generates a complete scenario tree of all possible inventory lev-
els for each day in the short-term horizon, [d + 1, T]. It does this by systematically expanding every
possible combination of stochastic events, both arrivals from open orders and potential demand on
maintenance days, and calculating the precise probability of each resulting inventory state. This full
enumeration provides the high-fidelity inventory distributions (I:l'f’rfore) required for accurate short-term
cost calculations. For the long-term tail, where such an expansion is computationally infeasible, the al-
gorithm transitions to a simpler moment-based projection, propagating the mean and variance forward
in time.
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Algorithm 5. Update of Expected Arrivals Afore given observations am% 4 and “Z(Sil 4
Input: AexPeCted observed regular arrivals a'.¢ ,, observed express arrival a® observed
put: md—1 7 g ld’ P d 1,d’
reg expr
pre-procurement aP m, d' new orders x e Xm.d
. pexpected
Output: A

ted expected
Aexpec A yol
m,d m,d—1
// (1) Realized reqular arrivals

2 foreach | < d —1 with lxreg > 0do

expected expected expected .
L Amd md \{ ml,T 'T2 d}

//(1') No reqular arrival but positive mass at T = d: condition on survival and renormalize

4 foreach | < d —1 with aregl g =0and 3t >dst aff;e;m S A;Tif cted do
(d-1) i ' expected " '
5 | let s(d)l « {Pmpa s Wl

s 0, otherwise

expected expected
6 deletea, 7, f A

;| foreach T > d with aF°" — (g (dfl)) do

exists

if it exists

m, l T ]l 7 Pm,l,‘r
pld=1)
(d) m,l, T
8 set Pl — ﬁ
m,l
9 replace a;’i}l)’ided by (g", Pfﬂ,r)

d
RAST S
// (2) Realized express arrival (deterministic L = 1)

w0 if 4t > 0 then
cxpected expccted expr
L Amd md \{ md—l,d

// (3) Realized pre-procurement at day d
12 if lxp > 0 then

expected expected pre
L Am d Am,d \ m, -d

// (4) New orders placed at d: add to ACxpected

m,d
.g Teg
if Xy > 0 then

L add {[xexpected _ ( reg (T)) cT>d+ 1} to Aexpected

m,d, T m,d’ m,d

-
'S

o

expr

if x ;' >0 then
’ expr expr expected
L add {wmdd+1 (xm,d 4 1)} to Am,d
expected
m,d

-
e

o
N

s return A

-
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Algorithm 6. Future Tracking Inventory Expectation via Master Set F

21

22
23

24

25

26

27

N

8

]

9
30

31

32

Input: current day d, horizon end T, part m on-hand i}, baseline expected-arrivals A{;n’CXp Ccmd, demand

pmfs {Ei”}z:dﬂ
Output: Master set F = U!_, | Fr

Marginals { I;lf‘)re T, 41 and moments {E[I}], Var(I})}

// Short Term

F« Dforte{d+1,...,T} do

// Initialize containers and an index counter for today’s scenarios at day T

Fr @ Ky + @ xr < 0 PredMap.. <— @ Prob; <= @ InvEnd; < @ ArrExp, < @
// Iterate over all predecessor scenarios from day T—1

fork' € K._1 do

// Carry predecessor’s state

i A e ATpeted

// Adjust for certain arrivals

D {a0Pd_(gm 1) e A} iei4 Lgrepdl’ A+ A\D

m,l,T

// Define today’s active arrivals (strictly stochastic at day T)
d
A?}Ct — { (1, ‘7?1' Pm,l,-r) : "“Z,ﬁide = (q;”,pm,l’.[) €A 0<py< 1}
if A% = & and £I' = & then
L Fr = FeU{((t,k), (t=LK), i, A, pr_1y)}

else if A% # @ and £ = @ then
// iterate all arrival/mon-arrival combinations
(€1,...,4y):=ordered distinct [ in A3, pr:= py 0 1, qr = Ty
forb = (by,...,by) € {0,1}" do

b, b,
pe(b) =TT o (1= p) ',
Lare(b) = {4y : b, =1}, Lsurv(b) = {4, : by =0}
i) it e, m) 47
A®) (AN {ap ™ £ € Lae(b), 1 = T3\ {505 1 0 € Lours(B), 1 >

m,lu
T} U Urergn ) 1@7' Pmpu) 0> T}

where py, ¢, = Pt for u > 7, and p,, ¢, := old prob in A
1- Om, et
p®) — pr_1p - pe(b)
Fr FrU {((’L’,k), (t—1,K), i(P), A(P), p(b))} // save new scenario

eI;e if A% =@ and E" # @ then
for (e, p.) € EM do
i®) « max{i—e, 0}
Fr  FeU {((T,k), (t—1,K), i®, A, pe)}

else
(1,...,0y):=ordered distinct [ in A3, p,:=p, (1, qr:= qy. forb = (by,...,bu) € {0,1}"
do
// Repeat lines 15-19 get pz(b), Lar(b), Lsuro(b), iP), AP) p(B)
for (e, pe) € EF do
L i®e)  max{i®) —¢ 0} Fr ¢ Fr U {((T,k), (T—1,K), i(®e), A(B) p(b) pe)}

// Assemble Master Set

}'<—UI:d+1]-'TAforTE{d+1,...,T} do )
L IL’{,"Tf"rC {0 pox) Tk € Ko} // Can Compute E[I!"] and Var (1) from I['{f’TfU”

// Long Term

E[I#] ¢ Ykek, iy b Var[If'] « Yrere, (i — E[17))*prs

fort € {T+1,...,D} do
Cr Yl pfm(e) (else 0), a%,m,r — Y.(e— e‘m,T)pr,,,T(e) (else 0)
E[I] - max{ E[I" || +al% — &, 0}, Var[I¥] < Var[I" ] + 03,

return F, {I"}, {E[I™], Var(I"")}

d,t

/0
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Aircraft Maintenance Repair & Overhaul
Spare Parts Management

Christos Paschalidis

Managing spare parts for Aircraft Maintenance, Repair, and Overhaul (MRO) is
challenging because there is a significant gap between long-term maintenance schedules
and daily procurement decisions. While existing research often addresses demand fore-
casting and inventory control in isolation, this paper introduces a complete framework
to bridge this gap by directly connecting day-to-day procurement decisions with the
fixed, fleet-wide maintenance schedule. The framework employs a task-based approach
to enhance traditional planning. It consists of two modular stages. First, a demand fore-
casting methodology converts raw maintenance tasks into a time-phased, probabilistic
demand signal by systematically grouping them based on their technical attributes.
Second, a daily procurement optimization model acts on this detailed forecast. It
replicates a planner’s decision-making by explicitly comparing the expected future costs
of buying, waiting, or selling surplus stock. This creates a transparent, cost-based model
where every decision accounts for probabilistic predictions and remains fully auditable.
When validated against a conservative strategy and a periodic-review benchmark, the
proposed model reduced total net costs for both, achieving savings of 17.5% and 9.2%
respectively. The analysis shows this advantage stems from the strategic acceptance of

controlled risks when doing so leads to a lower expected total cost.

1. Introduction

Aircraft maintenance planning has improved greatly
in recent years, becoming a much more organized
process. This change is mainly driven by strict regula-
tions where safety and reliability are top priorities. To
meet these standards, operators must carefully track
all maintenance tasks, paying attention to their spe-
cific timing and how critical they are. A part of this
organized approach is the Maintenance Planning Docu-
ment (MPD), which manufacturers provide as a central
document for all repeating tasks. This core document
gathers requirements from various official sources,
like the Maintenance Review Board Report (MRBR)
and Airworthiness Limitation Sections (ALS), into
a single set of Instructions for Continued Airworthi-
ness (ICA). This centralized document provides the
detailed, long-term schedule that forms the backbone
of an airline’s maintenance program.

Spare parts provisioning is often guided by Inter-
national Air Transport Association (IATA) classifi-
cations, which segment inventory based on value,
repairability, and financial treatment. Operators typ-

ically distinguish between high-value, depreciable
Rotables (e.g., wheels); medium-value Repairables
(e.g., starter motors) which are described by scrap
rates; and single-use Expendables (e.g., filters, seals).
Beyond these standard classifications, the state-of-
the-art has advanced into multi-criteria ranking and
reliability-based forecasting. Research has also ex-
plored integrated models that link maintenance plans
with inventory needs to optimize costs. Despite these
theoretical advances, practical procurement strategies
still often rely on aggregate historical data. This
aggregate-level planning is fundamentally incompati-
ble with the rising adoption of Equalized Maintenance
Programs (EMPs). EMPs distribute heavy main-
tenance into smaller, frequent checks to maximize
aircraft availability, a methodology that demands a
precise, time-phased flow of materials that traditional
methods cannot guarantee.

This paper investigates a complete framework de-
signed to connect the detailed, fleet-wide maintenance
schedule directly to inventory decisions. This frame-
work functions as a pipeline, taking the established list



of scheduled tasks as its input and producing calendar-
dated procurement actions as its output. It consists
of two primary components: a demand forecasting
methodology and a procurement optimization model.
The forecast moves beyond aggregate data by deriving
replacement probabilities from the specific technical
attributes of each maintenance task. This framework
does not track individual components; instead, it uses
a simplification where each maintenance task is linked
to a single type of spare part. This task-specific, prob-
abilistic demand signal then feeds into a cost-driven
procurement strategy, which determines the optimal
ordering policy.

The paper is organized as follows. Section re-
views the relevant literature on spare parts manage-
ment. Section details the complete methodology,
first explaining the task-based demand forecasting
and second, the cost-driven procurement model. Sec-
tionpresents the results, where the framework is
benchmarked and analyzed. Section discusses the
operational utility and strategic implications of the
framework. Finally, Section offers concluding
remarks.

II. Related Work

The spare parts management literature relevant to this
work falls into two main streams of research. The first,
and largest, stream focuses on optimizing standalone
elements of the procurement process. This includes
dedicated studies on parts classification, demand fore-
casting for intermittent parts, and reliability modeling.
The second stream explores integrated approaches,
where models are built to connect two or more of
these functions, such as coupling demand forecasting
directly with inventory control.

Traditional spare parts classification methods, com-
mon across many industries, are also applied in avia-
tion. Single-factor classifications like ABC analysis,
however, often fail to capture the diverse drivers
of MRO inventory management (Roda et al.|[2014).
Qualitative schemes such as VED (Vital, Essential,
Desirable) are also used, but they rely on experience
and lack reproducible, measurable rules. Conse-
quently, current research emphasizes multi-criteria
frameworks that simultaneously consider part criti-
cality, demand frequency, lead time, and cost (Roda
et al}2014). Despite this, a gap often exists between

advanced academic models and the simplistic meth-
ods used in practice (Bacchetti and Saccani/|2012).
Recent studies, such as the AHP-based model devel-
oped by Ayu Nariswari et al.| (2019), have sought to
provide more transparent, multi-criteria prioritization
for MRO:s.

Classical base stock rules are often built around
a single demand distribution. For situations where
demand drifts or spikes, alternative approaches have
been developed. |Kang et al.[(2023) frame inventory
planning as an adaptive robust optimisation problem
where demand can follow any path within a predefined
uncertainty set; the policy is sized to maintain service
targets even under the most adverse path. This robust
policy was reported to match fill rates while tying up
much less capital than a Poisson-based benchmark.
Other tactics use fixed thresholds on key inventory
signals. [Hekimoglu et al.|(2022), for instance, present
a monitoring scheme for repairable parts that routes
units through an expedited, higher-cost repair channel
when the in-repair queue passes a critical threshold,
cushioning downtime more economically than large
safety stocks.

Recent research optimizes maintenance scheduling
and spare provisioning jointly, rather than as separate
problems. |Qin et al.|(2020) use a scenario-based
stochastic programming model to integrate mainte-
nance plans with inventory decisions. Their two-stage
approach decides on rotable overhaul modes and pre-
purchasing upfront, then uses emergency procurement
after uncertain demand is realized, minimizing total
costs. Integration also extends to resource capacity.
Erkoc and Ertogral|(2016) tackle the scheduling of
rotable overhauls constrained by both limited spares
and finite repair capacity, optimizing the schedule to
minimize premature component removals. In a similar
sense, |[Buyukkaramikli et al.|(2015) coordinate repair
capacity investment with inventory control, finding
the optimal balance between holding more spares and
expanding shop throughput.

The literature provides a strong foundation, offering
effective tools for parts classification, demand forecast-
ing, and robust inventory control. Researchers have
also demonstrated the benefits of linking maintenance
planning with inventory decisions. However, this
body of work predominantly focuses on optimizing
static inventory policies, such as safety stock levels,
rather than guiding the specific, daily decisions a plan-



ner must make. A clear gap exists for a framework
that explicitly associates real-world maintenance tasks
with their specific demand probabilities to drive de-
cision support. This missing link prevents the direct
translation of a fleet-wide maintenance schedule into
auditable, calendar-dated procurement orders that are
steered by operational performance metrics.

This leads to the central research question guiding
this work:

RQ: How can a maintenance plan be trans-
lated into a procurement strategy that min-
imizes cost by leveraging task-specific de-
mand forecasts?

II1. Methodology
To address the central research question, the frame-
work’s design is defined by a set of core principles.
These principles distinguish the proposed approach
from traditional aggregate methods:

* Calendar Fidelity: Decisions are made on the
same daily timeline as the maintenance plan,
utilizing the most current information rather than
relying on abstract, periodic reviews.

» Task-Level Granularity: The focus is placed
entirely on the replacement potential of individ-
ual, scheduled tasks, abandoning aggregate-level
forecasts.

* Cost Traceability: Every procurement recom-
mendation must be fully auditable. The financial
trade-offs between purchasing, holding inventory,
and risking a stockout are rendered transparent
and explainable.

Guided by these principles, the methodology is
built as a sequential pipeline organized into two dis-
tinct stages. First, the Demand Forecasting stage
(Section details the process of translating the raw
maintenance plan into a task-specific, probabilistic
demand signal. Following this, the Procurement
Model (Section is introduced, describing how this
detailed forecast is utilized to generate daily, cost-
based ordering decisions.

A. Demand Forecasting

The first part of the methodology, outlined in Figure
is to generate this demand signal. This involves a
process that starts with the raw task descriptions in

the MPD, systematically groups them based on their
technical attributes, and ends by applying a reliability
model to a simulated maintenance schedule.

1. Data

Effective procurement depends on a reliable demand
forecast. When historical maintenance records are
unavailable, such as during ’cold starts’ (new fleets
or operators), a forecast must be synthetically gener-
ated. This research generates a synthetic, logically-
grounded demand signal for the procurement model.
The methodology is modular, allowing refinement
as operational data becomes available. The process
begins using the Maintenance Planning Document
(MPD), the manufacturer’s central document for repet-
itive maintenance tasks, which provides structured
data like task intervals and zones. However, critical
information for failure potential is often in the unstruc-
tured, free-text "Description” field. To convert this,
a Large Language Model (LLM) is employed not as
a predictor, but as a feature engineering tool. The
LLM processes each task’s description and, guided
by a specific prompt, assigns a set of new, structured
categorical attributes.

The feature engineering process results in a final
set of eight categorical attributes. Four are derived
directly from the structured MPD data, while the
remaining four are synthesized by the LLM to cap-
ture unstructured technical context. These attributes,
summarized in Table form the input vector for the
clustering algorithm.

Although an expert-validated reference is not avail-
able to mathematically prove the LLM’s absolute
accuracy, the consistency of the method is verifiable
and essential for a repeatable framework. The enrich-
ment process was run four additional times on the
same MPD data, demonstrating high stability. The
assignments for ’Outcome Expectation’ were the most
consistent (98.8% identical across all runs), while ’In-
spection Access Level’ was the least (89.1% identical).
This confirms the LLM provides a stable foundation
for the analysis. These new attributes also quantify
the nature of the maintenance work in ways the origi-
nal data does not; for example, the results show that
most tasks relate to *Static’ components (70.9%) and
require non-intrusive access ("External Surface Only’
or 'Limited Internal Access’ totalling 86.1% of tasks).
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Figure 1. Process Flow for Generating a Synthetic Spare Part Demand Forecast.

Table 1. Categorical Attributes Used for Clustering

Attribute Description and examples
Generated by LLM

Exp. Failure Dominant physical mechanism (e.g.,
Mode structural, electrical).

Comp. Movement Motion status during operation (e.g.,
static, moving).
Insp. Access

Level

Depth of access required (e.g., sur-
face only, disassembly).

Outcome Exp. Expected end state (e.g., visual con-
tinue, replace).

Derived from MPD

Source

Regulatory origin of the task (e.g.,
MRB, ALS).

Task Code Type of maintenance work (e.g., in-
spection, servicing).

Zone Count Number of aircraft zones affected
(e.g., 1,2,3+).

Frequency Occurrence rate over horizon (e.g.,

<1 time, 10+ times).

2. Clustering

The eight categorical attributes are used to cluster
the maintenance tasks. The objective is to group
tasks that are expected to share a similar relationship
between the maintenance action and the potential need

for a spare part, effectively creating reliability groups.

This method provides a practical way to manage
the large, diverse set of tasks. It also establishes a
baseline for assigning new tasks to a group when their
specific replacement behaviour is unknown. While
these clusters could ideally be validated or tuned
using historical failure data or expert consultation, this
framework provides a starting point in the absence of
such information.

Because all eight attributes are categorical, a suit-
able clustering algorithm must be able to handle
non-numeric data, rendering standard distance-based
methods like K-means ineffective. Several specialized
algorithms exist for this purpose, such as K-modes,
Latent Class Analysis (LCA), and Hierarchical Ag-
glomerative Clustering (HAC). The optimal choice
would ideally be validated by matching cluster out-
puts to historical failure patterns or through expert
consultation. For this study, the ROCK (RObust
Clustering using 1inKs) algorithm is employed. By
utilizing a link-based similarity measure rather than
simple distances, this approach effectively captures the
structural context of the data, yielding interpretable
and relatively uniform clusters that serve as a robust
foundation for reliability modelling.

ROCK is a hierarchical clustering algorithm for
categorical data that measures similarity using shared
neighbors, or "links," rather than direct distances.
First, a similarity metric (in this study, the Jaccard



coeflicient) is used to identify "neighbors" for each task
t;: two tasks are neighbors if their similarity exceeds
a given threshold 6. The algorithm then defines
the number of links between two tasks, link(;,?;),
as the total count of common neighbors they share.
ROCK builds clusters from the bottom up by iteratively
merging the pair of clusters (C;, C;) that maximizes a
goodness measure, g(C;, C;). This measure promotes
high internal link density and is defined as:

link[Ci, C,]

(ni+nj)€ —nf —nj;

g(Ci,Cj) =

where n; is the size of cluster C;, link[C;, C;] is the
total links between the clusters, and € is an exponent
that normalizes for cluster size. The complete logic is
detailed in Appendix[A]

The process first segregates all mandatory replace-
ment tasks (e.g., Discard, Restore) into a dedicated
Cluster 1, as these always require a part. The ROCK
algorithm is then applied to the remaining tasks, par-
titioning them into seven additional clusters. A total
of eight groups offers a practical trade-off, providing
enough distinct categories to capture various failure
behaviors while avoiding the fragmentation of creat-
ing too many small clusters. The resulting groups
are thematically coherent, with each defined by a
dominant profile. For example, a large "Structural
Inspection” cluster emerged, characterized by a high
concentration of the ’Structural’ failure mode and the
"Visual Structural Continue’ outcome. The complete
profiles for all clusters are detailed in Appendix[A]

3. Reliability Modelling
Following clustering, each task group is assigned a re-
liability model. This model is a statistical distribution
that describes the probability that performing a main-
tenance task will result in a spare part replacement.
The nature of this replacement demand depends on
the part category. For Expendables a faulty part is
always scrapped, creating a direct demand for a new
unit. For Repairables like starter motors, a faulty part
may either be repaired, sometimes on-aircraft and
sometimes in a shop, or be deemed beyond economic
repair and scrapped, which also creates a demand for
a replacement.

For this study, the two-parameter Weibull distribu-
tion is selected to model the probability of a compo-

nent replacement. This model is defined by a scale
parameter, , and a shape parameter, 8. The shape
parameter (3 is particularly descriptive, as 8 < 1 sug-
gests a decreasing failure rate (infant mortality), 8 = 1
indicates a constant rate (random failures), and 8 > 1
points to an increasing wear-out failure rate. The
primary function used is the Cumulative Distribution
Function (CDF), F(t), which gives the probability
that a component fails at or before age t:

F(t):l—exp[—(é)ﬁ], t>0

The model’s Reliability Function, R(¢), or the proba-
bility of surviving beyond age ¢, is the complement of

the CDF: 5
R(t) = exp [— (é) ]

Finally, the Failure Rate Function, h(t), gives the
instantaneous risk of failure at age ¢ given survival up
to that point:

-2

To apply this model, the parameters are directly
linked to the maintenance plan. The scale parameter
« 1s set as the task’s scheduled maintenance interval,
measured in Flight Hours, Flight Cycles, or Days. The
time variable 7 is the component’s age at the time of
the check, using the same unit. As no historical data is
available to estimate the shape parameter 3, values
are assigned incrementally, ranging from 5 = 1.1 for
Cluster 2 up to 8 = 1.7 for Cluster 8. This reflects an
assumption of various wear-out failure processes to
create diversified reliability groups, not an empirically
validated model. This Weibull analysis is applied to
all task clusters except for Cluster 1; its mandatory
replacement tasks are excluded from this calculation
and are assigned a fixed failure probability of 1.0.

4. Application

The framework applies this reliability modeling to an
operations simulation of a fleet of eight A320-family
aircraft over a five-year planning horizon. This sim-
ulation employs an equalized work package strategy,
which differs from traditional, heavy letter checks.
This approach groups maintenance tasks into small,
frequent blocks designed to be completed within short,



overnight ground slots, allowing for normal flight op-
erations during the day. Unlike heavy checks which
provide multi-day buffers for logistics, these restricted
overnight slots preclude reactive procurement, requir-
ing immediate part availability. Based on the detailed
flight and maintenance schedule generated, the age
of each component is tracked. When a task becomes
due, the component’s current age is used as the input
t for its cluster’s Weibull model, calculating the spe-
cific, calendar-dated probability that this maintenance
instance will lead to a part replacement. Figure|[2]
illustrates this output, showing the dynamic failure
probabilities for two sample tasks as their age fluctu-
ates, alongside a third task shown with a mandatory
replacement.

This process is repeated for every scheduled task
across the entire five-year planning horizon, produc-
ing the final output of this chapter: a complete, time-
phased demand forecast. This forecast is highly gran-
ular, providing a replacement probability for each
specific maintenance instance. When these individ-
ual probabilities are aggregated, the total expected
monthly demand can be visualized, as shown in Fig-
ure The resulting demand profile is highly volatile
and non-steady, with sharp peaks in resource needs
followed by quiet months. This uneven demand is a
direct consequence of how tasks are bundled in the
equalized schedule. Such volatility makes it difficult
for a human planner to rely on experience or standard
rules of thumb, as the specific needs of one period
rarely predict the next. The procurement and inven-
tory optimization model, detailed in the next section,
is tasked with managing this fluctuating, task-specific
demand signal.

B. Procurement Model
The time-phased, probabilistic demand forecast gen-
erated from the maintenance plan provides the core
input for the procurement optimization model. This
model is designed to act on this granular, task-specific
signal, creating the crucial link between the fixed
maintenance schedule and the uncertain supply chain.
The framework tackles the core challenge of deciding
what to order and when, navigating uncertainty in
both demand and delivery times by operating on a
daily, rolling-horizon basis.

The model tackles this as a single-item stochastic in-

ventory control problem. Its purpose is to consolidate
all the information available to a planner and use com-
puting power to rigorously incorporate uncertainty
into cost-driven trade-offs. It employs a deterministic
and myopic policy, intentionally mirroring the logic a
human planner might use. The policy is deterministic
because it will always select the exact same action
when faced with an identical state and the same fu-
ture probability distributions. It is myopic because it
optimizes only for the decision being made today; it
does not attempt to solve for a globally optimal policy
across all future decisions, as a full dynamic program
would. This deliberate design choice makes the model
computationally fast and, most importantly, keeps its
recommendations transparent and explainable.

1. Core Elements

Initialization Before detailing the daily evaluation
logic, the model’s core procurement mechanisms must
be defined. First, a baseline supply is established via a
pre-procurement schedule. This is a fixed stream of
deliveries, determined once at the start of the horizon
by calculating a high-confidence quantity y of the
total expected demand, Q°(y) = max{q € Zs :
Pr[X,, > q] > y }, and distributing these units across
fixed intervals. The daily optimization model then
manages the remaining uncertainty using three distinct
actions.

Actions The primary action is to place a regular or-
der, which has a lower cost but an uncertain, stochastic
lead time modeled as a discrete triangular distribution.
As a fallback, the model can use a costly express
order, which guarantees next-day arrival. This is an
autonomous mechanism, evaluated only on the day
before a maintenance task and triggered only if the
expected stockout penalty exceeds the express cost.
Finally, the model can sell excess inventory at a re-
covery price, which is not treated as a profit driver but
as a safety valve that makes proactive procurement
decisions more flexible.

Decisions are driven by a transparent balance of
costs, which include the part’s purchase price, regular
and express shipping fees, daily holding costs, and
a cancellation penalty. This penalty is the model’s
mechanism for pricing a service failure. If a part is
required for a replacement (such as an expendable or
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a repairable part that is scrapped) and is not available

in stock, the maintenance task is considered cancelled.

This event incurs the significant financial penalty,
which is assumed to represent the total operational

consequence, such as an Aircraft on Ground (AOG).

The model navigates two primary uncertainties when
making these cost-based decisions: the stochastic,
task-specific demand and the uncertain lead times of
regular orders. All decisions are based strictly on the
information available on the day the decision is made.

2. Implementation

A high-level overview of the model’s daily decision
process is presented in Figure 4| showing the flow
from state updates to action evaluation and execution.

The model’s logic operates on a daily, rolling basis.
At the beginning of each day d, the system’s state is
updated to reflect all realized events from the previous
day, including any new arrivals from open orders and
any inventory consumed by maintenance tasks. To
evaluate a decision, the model splits the planning hori-
zon into two distinct periods: a short-term window
7 and a long-term tail 7. . The short-term window
extends to the maximum possible lead time of a new
regular order (7' = min{d + Luax, dena}). Within this
critical window, the model performs a high-fidelity
analysis by projecting the full probability distribu-
tions of future inventory, enumerating every possible
combination of stochastic arrivals and demand events.
Beyond this window, in the long-term tail, this full enu-
meration becomes computationally infeasible. The
model therefore switches to a more efficient approxi-
mation, propagating only the first two moments (mean
and variance) of the inventory distribution forward.

The model’s master routine methodically explores
the decision space by comparing the total expected fu-
ture cost of three mutually exclusive actions: waiting,
selling, or placing a regular order. It first evaluates the
"do nothing" action to establish a baseline cost Vj. It
then explores all possible sell quantities and all regular
buy quantities (up to a predefined maximum, Q{)‘:f‘y"),
using a core cost-evaluation engine to determine the
expected future cost of each action. This engine cal-
culates the total expected cost by summing purchase,
shipping, and holding costs over both horizons, less
any revenue from sales. A key component of this cal-
culation is the expected shortfall cost, ¥ (g, ¢), which

is triggered on a maintenance day if demand e exceeds
available inventory g:

¥(g,e) = PEN" - 1{e > g} + P™ - max{e — ¢, 0}

This function captures both the fixed operational
penalty (PEN™) for the cancellation and the variable
cost (P™) of the unfulfilled units.

The master routine selects the single action (wait,
sell, or buy) that returns the lowest total expected cost,
vbhest — min{Vj, Vs’;“, Vg; y}. In practice, this means
the model will not buy a part until the expected penalty
cost of a future stockout becomes greater than the
certain cost of procurement and holding. To improve
long-term performance and drive the model toward a
more robust strategy, a tuning lever is introduced. The
model is calibrated to perceive the stockout penalty
as being significantly higher than its actual financial
value (e.g., 175% in this study). This "caution" buffer
shifts the model’s logic away from simply balancing
costs, stimulating a more conservative approach that
avoids penalties and finds a more effective balance
between service and cost. This same cost-tradeoff
logic is used independently for the autonomous express
order mechanism.

Finally, the ability to sell is controlled by a ’sale
guard’ system. This is necessary because the model’s
forward-looking evaluation treats the purchase price
of existing stock as a sunk cost. Without a guard,
the model might sell a part to save on holding costs,
only to buy it back later at a higher price, creating a
financially detrimental loop. To prevent this, a sale is
only considered if it passes a two-layer check. First,
a minimum price threshold restricts potential sales
to high-value items only (€500< in this study) to
ensure the transaction is economically meaningful.
Second, the action must pass a risk assessment. The
default guard uses Cantelli’s inequality, a conserva-
tive, distribution-free method that projects long-term
inventory moments (ur, a'%) and only permits a sale
(leaving ¢ units) if the worst-case probability of inven-
tory dropping to that level is below a set risk tolerance
a:

2
9T

or+ (ur—q)*

The detailed pseudocode for the core cost-
evaluation engine is available in Appendix@
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Figure 4. Daily Procurement Decision Logic

3. Case Study

The procurement logic is driven by a set of economic
and operational parameters. The specific values used
in this study do not represent a single, optimal config-
uration but rather a baseline for analysis. The primary
objective is to treat these inputs as transparent, ad-
justable levers. This allows for a sensitivity analysis
(detailed in the next section) to test their influence and
generate practical insights for a planner. The baseline
configuration is summarized below.

Part Prices Since component price data was un-
available, a realistic, skewed price list was synthesized
from a reference dataset on a DHCS aircraft. This
four-step process involved scaling the source data,
using a weighted bootstrap to draw prices, applying a
probabilistic split to categorize parts (Expendable or
Repairable), and calibrating the final total monetary
value.

Cost Structure All costs are dynamically derived
from a part’s purchase price (P). The baseline holding
cost (h) is set at a 10% annual rate (2 = (0.10 -
P)/365). The selling price (S) is S = 0.80 - P. The

cancellation penalty (PEN"") is PEN"* = 200, 000€ +
5 -P. Regular and express shipping costs are Creg =
5€ +0.01 -P and Cexpr = 50€ +0.10 - P, respectively.

Lead Times Lead times for regular orders are
stochastic, modeled as discrete triangular distribu-
tions. The baseline for Expendable parts uses a 5-day
support with a mode at Day 5. Repairable parts use a
7-day support with a mode at Day 10.

IV. Results

A. Benchmark

To contextualize and evaluate the performance of the pro-
posed cost-driven model, its results are compared against
two benchmark strategies. The first is a Fully Conservative
strategy, which simulates a highly risk-averse policy. This
agent makes procurement decisions based on deterministic,
worst-case assumptions, procuring enough to cover the
maximum possible demand combined with the longest
possible lead time, aiming for a 100% service level. The
second is a Periodic Review (12-Month Cycle) strategy,
which mimics a common "top-up"” policy. This agent places
a single order at the beginning of each year to raise the
inventory level to a target of 120% of that year’s total



expected demand. For the rest of the year, it cannot place
regular orders and must rely on last-minute express orders
to cover any shortfalls.

The proposed model achieved the lowest Final Net
Cost, outperforming the Fully Conservative strategy by
17.5% and the Periodic Review strategy by 9.2% (Table.
The most important insight, however, comes from how it
achieved this.

The metrics reveal that the model operates with a signif-
icantly leaner inventory profile. It maintained the lowest
average time in stock at 252 days, compared to 300 and
406 days for the benchmarks. This efficiency drove holding
costs down to €9.2 million, well below the €13.6 million
and €14.5 million incurred by the alternative strategies.
Furthermore, the model avoided the massive upfront spend-
ing of the conservative approach, reducing total purchase
costs by over €16 million.

Counterintuitively, the proposed model incurred the
highest penalty cost (€3.5 million) from 8 task cancel-
lations, whereas the periodic-review approach had €1.5
million from 4 (fully conservative is by definition 0). This is
not a failure, but evidence of the core logic succeeding: the
model consistently weighs the certain cost of procurement
against the expected cost of a stockout. The 8 cancellations
represent the few times this calculated risk resulted in a
stockout; the model’s financial victory comes from the
many unobserved instances where it correctly chose not
to buy an unnecessary part, saving on procurement and
holding costs. This flexibility contrasts sharply with the
benchmarks: the Periodic model was forced into 1,577
expensive express orders, while the Conservative model
paid over 50% more in holding costs to achieve perfect
service.

The heavy reliance on express orders in the Periodic
Review strategy reveals a critical dynamic. When the
penalty for a service failure is high compared to the cost
of a part, stocking for average demand is often insufficient,
even with a safety buffer. The express mechanism activates
so frequently because the high penalty drives the system
to cover the worst-case need rather than the average one.
Simply increasing the initial safety stock buffer is not an
efficient fix. While it might lower shipping costs, it would
drastically increase holding costs without offering much
improvement on the already low cancellation rate.

B. Insight

The model’s utility as a decision-support tool is demon-
strated by testing its sensitivity to key parameters. The
analysis isolates one variable at a time, using the default
configuration from Tableas the baseline. The results
of these simulation runs, shown in Table[3] quantify the
operational and financial impact of different external risks
and internal policy choices.

The analysis of external risks reveals two distinct find-
ings. First, the model’s results show that supplier reliability
has a direct and significant financial impact. When the
model is run with a High Uncertainty lead time scenario,
the final net cost increases by 5.5%. This cost is driven
by the model being forced to compensate by placing 47%
more express orders, from 157 to 231 units. This increase
indicates that high variance often forces the system to
double-order for a single requirement. If a placed regular
order fails to arrive in time due to lead time variability,
the model must trigger a reactive express order to avoid a
penalty. The delayed regular unit eventually arrives and
becomes surplus stock, which explains the concurrent rise
in holding costs.

The impact of a biased demand forecast, defined here
as a systematic under- or overestimation of failure proba-
bilities, is surprisingly small. The Final Net Cost remains
stable (within 1.5%) even when the forecast is wrong by
+20%. This stability occurs for two reasons. First, the bias
tested only shifted demand probabilities, not the worst-case
quantity needed for a task. Because the stockout penalty is
high, the optimization logic determines that procuring to
cover the worst-case demand remains the lowest expected
cost decision, even when that scenario’s probability is un-
derestimated. Second, the stable net cost hides a direct
financial balance: the -20% run’s savings on procurement
are offset by a near-doubling in penalty costs (to €6.25
million). Conversely, the +20% run’s savings on penalties
are offset by a 15% increase in holding costs. If statistical
evidence shows that demand is consistently misspecified,
the failure probability parameters should be adjusted to
align with operational reality.

The actual financial value of a stockout penalty dictates
the trade-off between procurement spending and service
failures. The analysis shows this relationship is non-linear.
In an environment where the true penalty is low, the lowest
final net cost (31.55M<€) is reached, a 9.5% reduction from
the baseline. This financial outcome occurs because it is
cheaper to pay 23 cancellation penalties at this low value
than to pay the high procurement and holding costs required
to avoid them. Conversely, a high Penalty environment
forces a near-perfect service strategy (1 cancellation) and
results in a higher net cost (35.18M<0).

This logic can be managed by adjusting the perceived
penalty, or "caution" multiplier, which serves as a key
planner assumption and is set to 1.75% in the baseline.
The analysis shows that acting with no caution (a 1.0x
multiplier) is not optimal, leading to 14 cancellations and
a 2.8% higher net cost. A moderate level of caution (a
2.0x multiplier) identifies an operational sweet spot. This
approach yields the lowest net cost (-2.2%) by finding the
most effective balance between proactive spending and
penalty avoidance, demonstrating that being slightly more
cautious than the true cost is financially beneficial.
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Table 2. Performance Comparison of Procurement Models

Performance Metric Proposed Model Fully Conservative Periodic Review (12-Mo)
Service & Operational Performance
Service Level (by days) 99.97% 100.00% 99.98%
Fill Rate (by units) 99.82% 100.00% 99.98%
Fulfilled Task Instances 4,031 4,039 4,035
Cancelled Task Instances 8 0 4
Express Orders (units) 157 0 1,577
Avg. Time in Inventory (days) 251.90 299.57 405.70
Inventory & Supply Flow (in units)
Opening Inventory 1,074 1,074 1,074
Pre-procurement Arrivals 2,098 2,098 4,025
Repair Returns 1,119 1,119 1,119
Regular Arrivals 3,731 4,705 -
Express Arrivals 157 - 1,577
Total Inflow 8,179 8,996 7,795
Demand Served (Replacements) 4,404 4,407 4,406
Swaps Served (Repairs) 1,170 1,175 1,172
Units Sold 585 0 0
Closing Inventory 2,020 3,414 2,217
Total Outflow 8,179 8,996 7,795
Cost Breakdown (in €)
Total Purchase Costs 34,994,006.80 (72.9%) 51,108,014.42 (77.6%) 32,673,165.00 (67.8%)
— Pre-procurement 15,130,714.82 15,130,714.82 28,163,713.47
— Regular 18,352,676.05 35,977,299.60 0
— Express 1,510,615.93 0 4,509,451.53
Total Shipping Costs 330,907.66 (0.7%) 270,464.12 (0.4%) 393,453.20 (0.8%)
— Regular 186,343.30 270,464.12 0
— Express 144,564.36 0 393,453.20
Holding Cost 9,174,077.14 (19.1%) 14,507,026.28 (22.0%) 13,631,597.90 (28.3%)
Penalty Cost 3,513,721.50 (7.3%) 0 (0.0%) 1,506,136.76 (3.1%)
Total Operational Costs 48,012,713.10 65,885,504.82 48,204,352.86
Financial Summary (in €)
Sales Revenue -7,461,486.29 0 0
Inv. Value Change (Gain (-)/Loss (+)) -6,078,638.51 -24,281,111.96 -10,142,085.32
Final Net Cost* 34,855,332.60 40,968,521.85 (+17.5%) 38,063,494.90 (+9.2%)

*Final Net Cost is calculated as Total Operational Costs plus/minus Inventory Value Change, less Sales Revenue. Closing inventory is valued at its sell

price (80% of purchase cost).
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Table 3. Sensitivity Analysis: Comparison of Key Simulation Runs

Experiment (Lever) Scenario Final Net Cost (M€) A vs. Baseline Cancellations Expr. Orders Hold. Cost (M€)
Baseline Default 34.86 — 8 157 9.17
Lead Time High Unc. 36.76 +5.5% 12 231 9.26
Demand Bias -20% 34.92 +0.2% 15 200 8.18
+20% 35.36 +1.5% 4 142 10.55
Penalty Cost Low 31.55 -9.5% 23 180 7.97
High 35.18 +0.9% 1 161 10.31
Perceived Pen. 1.0x (None) 35.83 +2.8% 14 158 8.47
2.0x (High) 34.08 -2.2% 6 150 9.29
Sales Price No Sales 34.30 -1.6% 10 133 8.67
Sell at 70% 36.18 +3.8% 151 8.91
Sell at 90% 32.69 -6.2% 7 200 9.57

Finally, the ability to sell surplus inventory is a high-risk,
high-reward lever, as the option to sell encourages more
proactive procurement by lowering its perceived cost. The
results show this strategy is highly sensitive to price. An
efficient sales channel (90% recovery price) provides the
lowest net cost of any test (-6.2%). However, an inefficient
channel (70% recovery price) results in a 3.8% higher net
cost, which is significantly worse than having no sales
mechanism at all (-1.6% cost). This shows that a sales
option is only financially beneficial if the recovery price is
high.

V. Discussion

The framework functions essentially as an automated ex-
tension of a planner’s reasoning. It processes user inputs
to generate a probabilistic view of future demand and lead
times, quantifying the likelihood of having parts available
when needed. This allows the model to use computing
power to relieve the planner from manually calculating
every possible scenario. It explicitly returns the trade-off
between the cost of purchasing safety and the risk of saving
money by not buying. When inputs like penalty costs are
accurate, this provides a precise optimization. However,
if inputs are uncertain, the framework can still be used to
find a robust solution by tuning parameters to balance risk
under worst-case conditions.

This adaptability allows the model to serve two distinct
functions. Beyond its role as a daily operational tool, it acts
as a simulation engine for strategic decision-making. As
demonstrated in this study, the system can simulate multi-
year periods to generate tactical insights. For instance,
if holding costs are viewed as a proxy for warehouse
investment, a manager can adjust this variable to observe the

resulting shift in the total cost breakdown. This capability
transforms the model from a simple ordering system into a
test bench where different infrastructure effects and high-
level policies can be evaluated before implementation.

The speed required for these simulations relies on the
model’s myopic design. By optimizing decisions only for
the current day, the model sacrifices global long-term opti-
mization for computational efficiency. This is a necessary
trade-off that becomes a strength in practice. While a
real-world application would run once daily with updated
information, this design makes it possible to run multi-year
simulations in minutes to test different parameters on the
spot. The logic remains efficient because it focuses compu-
tational resources on the near future, relying on the rolling
nature of the horizon to address distant tasks only as they
move closer to the decision window.

VI. Conclusion

This research introduced a granular, end-to-end framework
for aircraft spare parts management, directly connecting
a fleet’s static maintenance plan to dynamic, daily pro-
curement actions. The methodology was presented as
a modular, two-stage pipeline: a forecasting component
that translates raw maintenance tasks into a probabilistic,
time-phased demand signal, and a procurement component
that acts on this signal using a transparent, cost-based
optimization logic.

The primary achievement of this work is the demonstra-
tion of a complete, auditable, and task-specific management
system. The forecasting methodology provides a repeatable
process for generating a demand signal even in data-scarce
"cold start" scenarios, using NLP and clustering to create
a logical foundation for reliability modeling. The procure-
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ment model’s core contribution is its transparent, cost-based
logic that explicitly mimics a planner’s trade-offs. By eval-
uating the expected costs of buying, waiting, or even selling
surplus stock, it provides traceable recommendations. This
model proved its financial viability, reducing total net costs
by 17.5% and 9.2% compared to fully conservative and
periodic-review benchmarks, respectively.

Furthermore, maintenance optimization has shifted to-
ward date-specific and operation-aware planning. This
framework brings that same level of detail to spare parts
procurement by utilizing all available schedule data. This
alignment is more than just an algorithmic improvement;
it is a prerequisite for the future adoption of Equalized
Maintenance Programs. Because EMPs rely on tight, fre-
quent interventions, the supply chain must operate with the
same precision. Without this specific link between tasks
and parts, the stability required for an equalized schedule
remains out of reach.

Beyond its performance and detail, the framework’s
value was demonstrated as a decision-support tool for
generating actionable insights. The analysis provided
quantifiable evidence for several non-linear trade-offs. It
confirmed that deliberately accepting a small, controlled
number of service failures is financially optimal when
the cost of perfect protection is prohibitively high. The
model’s logic also proved highly robust; when fed biased
demand forecasts, its penalty-driven logic automatically
compensated by increasing or decreasing regular orders
to maintain a safe inventory level. Finally, the analysis
identified optimal "sweet spots" for internal policies, such
as the perceived penalty multiplier, and quantified the high-
risk, high-reward nature of a surplus-selling mechanism.
This foundation can be extended through expert validation
of the task clusters or by expanding the model to optimize
procurement system-wide.
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A. Rock Algorithm

Algorithm 1: ROCK (RObust Clustering us-
ing linKs)
Input: Set of tasks T = {¢t1, 12, ..., t,, }; desired

clusters Nejysrers; threshold 6; exponent e
QOutput: Partition of T into N¢jysrers

Parameters used in this study:
Nciusters <7

6 « 0.05

€ «— 2.46

Similarity function « Jaccard coefficient

// Neighbor and Link Calculation
6 for each pair (t;,t;) do
if J(z;, lj) > 6 then
L Add t; to Neighbors(t;) and t; to
Neighbors(t;);

[ S T S

9 for each pair (t;,t;) do
10 L lii’lk([;,l‘j) —
|Neighbors(t;) N Neighbors(t;)|;
// Hierarchical Clustering using
Goodness Measure
1 Initialize singleton clusters C; = {¢;}; set
C={Cy,....Cn};
12 Compute g(C;, C;) for all pairs where
link [Ci, Cj] > 0;
13 while |C| > Nepysrers do
14 Select (C;, C;) with highest g(C;, C);
15 Merge Cpew «— C; UCj;
16 Update C and recompute g values involving

Chew;

17 return N j,srers final clusters;
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B. Notation

The notation below serves as a reference for the decision

logic in Figureand the evaluation procedure in Algo-

rithm 2]

Indices and Sets

m € M  Index for a specific maintenance task (and
its associated spare part).
The current calendar day (decision epoch).

T Index for a future day in the planning horizon
(r>d).
¢ Index for the past day on which an open

order was placed (€ < d).
j €J™ Index of a specific maintenance occurrence

for task m.

T Short-term evaluation window (exact sce-
nario enumeration).

TIiT Long-term evaluation window (moment
propagation).

S Set of all combined demand and arrival

scenarios over 7 .

Decision Variables (for task m on day d)
reg

Xppd Quantity of a regular order.
f::i; Quantity of an express order.

x:z“d Quantity of surplus inventory sold.

State and Tracking Variables

i On-hand inventory level at the end of day d.

A:}’;med Set of all open orders. Tracks the specific
probabilistic arrival dates for each order
placed on day ¢.

&r Probability Mass Function (PMF) of spare
part demand on future day 7.

AL Forecasted PMF of inventory levels on future

day 7.

Ur, 02 Mean and variance of the forecasted inven-
tory distribution 77".

apmr?T Fixed quantity of pre-procurement arrivals

scheduled to arrive on day 7.
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C. ROCK Cluster Profiles
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D. Expected Cost Evaluation Algorithm

Algorithm 2: Expected Cost Evaluation for Procurement Decision (x*°2, x*!') on Day d

expected
m,d—1

Action: x™2 (regular order), x*!! (sell quantity); Data: {E”"} .54 (demand PMFs), {d"} jeqm (maint. days),
HI;,T (lead time PMF), {afnrf., }+ (pre-procurement); Costs: P, h,,,, S, PEN™, C],

reg’

Input: Part m; Current day d; State: i "1"7] (inventory), A = {(qe¢, m¢, €) : € < d} (open orders with quantity, PMF, order day);

Cprs Risk tolerance: «

Output: V* (total expected cost), x*P" (express order), Aii‘f;‘ed (updated orders), { 7"} <7 (inventory PMFs)
// State transition from d -1 to d
i it = e ol 4+ Yo qe - L{arrival realized on d} ; // Apply action and arrivals
2 Aiﬁpzmd —0; // Rebuild open orders
expected
3 for (q¢, me, ) € A a-y do
4 if Y 7~q 7 (7) > 0 then
5 7w (7) — 7 (T)/ Egsaq me(s) forall 7 > d ; // Condition on not arrived yet
ted d
6 Aa e AT U lae, m. 0}
7 if x™¢ > 0 then
s L Aiﬁgwd - Ai:ljflmd U {(xreg’nl_‘;’d)} : // Add new order
// Define evaluation windows
9 T « [d+ 1, min{d + max, {7 : H}‘,T(T) >0}, dend} ] 3 // Short-term: possible arrival window
10 Tir « [max(7) + 1, dend] 5 // Long-term: beyond arrival window
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// Construct scenario space over 7
A—{a: A:;Pifted x T — {0, 1}} where az,» = 1 iff order € arrives on day 7

Avalid — {ae A: Y, apr < 1foreach}; // Each order arrives at most once
D — [1reqsupport(EX); S «— Ayia X D // All demand realizations and complete scenario set
// Compute inventory PMF at each 7 € 7 via scenario aggregation
for 7 € 7 do
I —{}; // Initialize as empty PMF
for (a,e) € Sdo
(T“) — Z(“)ST aeyr - qe s // Total arrivals by 7 in scenario a
D(f) — i<t // Total demand by 7 in scenario e
1) i+ o 4 Si<r Uy = D ; // Inventory level
e 1-Yg
p(u,c) - [Hf,r e (£)9er (1 — eer ﬂf(S)) Xs af.:] . [Hz pté)(et)]
I{"[I.(,a‘g)] — IT'"[I.(,“‘Z)] + plae) . // Aggregate probabilities by inventory level
Hr — Sgpyerm @ pi 02— Yg prerm(q—pe) - ps // Compute moments
// Express order optimization (activated only if d = d;" — 1 for some j)
XXPT— 0 // Default: no express order
if3j€J’":d:d}"—1then
Define ¥(g, e) = PEN" - 1{e > g} + P - max{e — q,0} ; // Shortfall cost function
Define Cexpr(x) = x(P™ + Cli) + Z(q’pq)s‘r:ﬂ] Z("'Pf)eaﬂl PgPe - ¥(g+x,e)
X — argminye(o,1,..., fmax} Cexpr(X) 3 // Minimize expected cost
if x“?" > 0 then
for 7 > d do
L I —{(g+x%,p):(q,p) € I"}; // Add express quantity to all inventory levels
// Short-term cost accumulation over 7~
Vhold <= Zre hum * Hr ; // Expected holding cost
Vour & x8(P™ + c:gg) + xXPT(P™ 4+ Ce'f'pr H // Purchase and shipping
Voen Zj:d}"e[d,max(?’)] Z(q,pq)sft';'n Z(al;ﬂ)es:;lm PqPe - ¥(q.e); // Expected penalties
J J

// Long-term analysis via moment propagafion over 7t
(s, 0F) — (Mmax(7) > o‘rznax(ﬂ) ; // Initialize from end of short-term
forr € 7 rdo

He — po1+ aby, —E[EM"]; o} « o2 + Var[&"]

// Projected sale using Cantelli’s inequality
q" — |mineqppp s 17— o0 // Identify stable excess
if g* > 0 and P™ > 500 then

t* «— min{r € Ty : < a}; // First safe potential selling day

It
o (ur-q*)?

* dep, X X *
Vir « ZfET[l_T Bty + 308 iy max{p; — g*,0} = 1{t* < c0}gq*S™
// Total expected cost

V*  Viold + Vpur + Vpen + Vi — 2% . §7

return V*, x&P", Az‘fgwd, {I"}rer
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