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Highlights:
= a Weibull-based framework is proposed for reliability-driven depreciation of aircraft engine LLPs;
= adaptive cost reduction coefficients are derived from lifecycle-specific failure probabilities;
= the model captures wear-in, stable-operation, and wear-out phases of component degradation;
= part-specific depreciation profiles reveal substantial variation across engine component groups;
= the approach supports more transparent engine appraisal, teardown pricing, and lease-return valuation.
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Notations LPT - low-pressure turbine;
MRO - maintenance, repair, and overhaul;
Abbreviations: OEM - original equipment manufacturer;
BV — base value: PDF - probability density function;
CDF - cumulative distribution function; SV - salvage value.

CDP - compressor discharge pressure;

Variables and functions:
CMV - current market value; ! functi

EoL — end-of-life; B, A — parameters of Weibull distribution;

HPC - high-pressure compressor; F(t, B, A) — cumulative distribution function of Weibull
HPT - high-pressure turbine; distribution;
IATA - International Air Transport Association; fit, B, A) - probability density function of Weibull distri-
IFRS — international financial reporting standards; bution;

LLP - life-limited part; Kcgre — cost reduction coefficient;
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N — number of historical or simulated observations;
Pgng — the proposed purchase price of the engine in
the secondary market;
— actual transaction (realized purchase) price of
the th aircraft engine in the secondary market;
R? - coefficient of determination;
R* — set of positive real numbers;
SVing — the estimated salvage value of the engine;

(9
Eng, actual

T — random variable representing the time-to-fail-
ure of a specific LLP;
t — current time-on-wing of a specific LLP;
V,ew — NEW part acquisition value;
V,es — part residual value.

1. Introduction

The secondary market for aircraft engines and their LLPs
plays a critical role in the global aviation maintenance eco-
system. As fleets mature and leasing models dominate,
accurate valuation of used engine components becomes
essential for asset managers, lessors, and MRO providers.
Traditional valuation practices, however, often rely on fixed
depreciation schedules or arbitrary thresholds, which fail
to reflect the true operational history, reliability charac-
teristics, or remaining service potential of individual parts.
This disconnects between physical condition and finan-
cial assessment creates inefficiencies in teardown pricing,
reuse planning, and EoL decisions. More importantly, the
lack of probabilistic consideration in depreciation ignores
the fact that the likelihood of failure, and hence value loss,
changes dynamically over the component's lifecycle.
To address this issue, the proposed solution employs
a data-driven approach to valuation based on the Weibull
distribution, a proven tool in reliability engineering. Mod-
elling component degradation probabilistically enables the
derivation of an adaptive cost reduction coefficient that re-
flects evolving failure risk as a function of both time-on-
wing and reliability behaviour. This approach improves
valuation accuracy while enabling lifecycle-aware decision
support in fleet and inventory management.
The remainder of this article is organized as follows:
= Section 1 (current) — an introduction;
= Section 2 reviews the relevant literature on aircraft en-
gine valuation, reliability modelling, and EoL asset strat-
egies, highlighting the gaps addressed by the proposed
methodology;
= Section 3 outlines the materials and methods, includ-
ing the simulation dataset, statistical modelling of failure
behaviour, and formalization of the adaptive valuation
framework using the Weibull distribution;
= Section 4 presents the results of the model validation,
sensitivity analyses, and part-specific depreciation out-
comes;
= Section 5 discusses the implications, practical applica-
tions, and limitations of the proposed approach;
= Section 6 concludes the study, summarizing key findings
and suggesting directions for future research.
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2. Related works

The valuation of aircraft engine components in the sec-
ondary market, particularly LLPs, has received increasing
attention due to growing teardown activity, cost-opti-
mized MRO practices, and the need for digitalized asset
lifecycle management. However, much of the current prac-
tice still relies on simplified depreciation models that do
not reflect actual usage or failure behaviour.

Several studies have explored secondary market pricing
mechanisms and lifecycle value estimation for used aircraft
parts. The IATA's Airline Disclosure Guide: Aircraft Acqui-
sition Cost and Depreciation (IATA 2016) provides com-
prehensive guidance for airlines applying IFRS to aircraft
assets, addressing critical areas including initial cost recog-
nition, component identification, and depreciation policies.
The guide emphasizes that aircraft are complex, high-cost
assets requiring component-level accounting treatment
under IFRS 16 (IFRS Foundation 2026), with typical com-
ponents including airframes, engines, modifications, in-
flight entertainment systems, and embedded maintenance
costs. Drawing from major international airlines’ practices,
the guide reveals significant industry variations in depreci-
ation approaches, with most airlines using straight-line de-
preciation over 15...25 years and residual values of 0...20%,
while noting that technological advances and “new gen-
eration” aircraft are increasingly impacting the useful lives
and residual values of existing fleets. The guide also ad-
dresses asset impairment considerations in the capital-in-
tensive airline industry, identifying key triggering factors
such as idle assets, early disposal decisions, fleet replace-
ment plans, and changes in resale markets or technology.

The IATA (2020) has published comprehensive guid-
ance on LLPs, addressing the critical challenges facing the
aviation industry regarding the documentation and track-
ing of LLPs throughout their operational lifecycle. While
this guidance focuses primarily on engine components, it
also covers parts associated with the landing gear and aux-
iliary power unit, including hydraulic subsystems. Recent
studies have emphasized the importance of analysing fail-
ures in these supporting systems, particularly high-pres-
sure hydraulic hoses, which are vital to aircraft landing gear
functionality. For instance, Karpenko (2022) investigated
the root causes of damage in flexible high-pressure hos-
es during hydraulic maintenance operations, highlighting
non-compliance with maintenance procedures as a key risk
factor. This work employed spectral and frequency analy-
sis to demonstrate that hose deformations occur at res-
onant frequencies corresponding to both fluid dynamics
and material properties, which significantly affect reliability
outcomes. Such findings underscore the need to integrate
subsystem-level failure analysis into lifecycle valuation ap-
proaches, as failures in hydraulic components can materi-
ally impact both safety and asset value especially when de-
viations from maintenance standards occur.

Several studies have explored secondary market pric-
ing mechanisms and lifecycle value estimation for used air-
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craft parts. Zhao et al. (2020) provided an analytical over-
view of engine teardown strategies, highlighting the need
for condition-sensitive residual valuation.

Reliability theory, especially the Weibull distribution,
has been widely applied to represent failure dynamics in
mechanical components. Abernethy (2006) and Tobias
& Trindade (2011) outlined the versatility of the Weibull
model in capturing different hazard rate behaviours across
phases of the lifecycle.

Machine learning-assisted applications of the Weibull
framework have emerged in predictive maintenance and
health monitoring contexts (Susto et al. 2015; Wang, Pham
2008), but they rarely extend to economic valuation.

The role of prognostics and health management in avi-
ation continues to grow, with works such as those by Lee
et al. (2014) and Jardine et al. (2006) demonstrating re-
al-time model updating through condition-based moni-
toring. These developments lay the groundwork for inte-
grating usage data into dynamic depreciation models, yet
formal links to valuation remain underdeveloped.

Aircraft EoL strategies center on establishing general
policies that reflect stakeholder priorities, such as choos-
ing between resale or disassembly of an aircraft, while also
considering logistics and supply chain implications. The
primary objective of these strategies is to determine the
most efficient disassembly and reuse approach that en-
sures optimal product utilization at minimal cost and maxi-
mal return. These strategies typically evaluate the bene-
fits to stakeholders, assess the trade-offs between cost and
benefit across various EoL solutions, examine the potential
for reuse or remanufacturing of aircraft components, and
incorporate considerations of reverse logistics to facilitate
material recovery, transformation, and redistribution.

Many existing studies assume a fixed sequence for dis-
assembly and dismantling tasks. To identify suitable EolL
solutions, researchers employ several modelling tech-
niques, including alternative strategy modelling (Sabaghi
et al. 2015), network flow simulations (Matthieu et al.
2012), cost-benefit optimization models (Choi et al. 2016),
complex systems modelling approaches (Keivanpour et al.
2017), and reverse logistics frameworks (Mascle et al. 2015).

At a more granular level, research on disassembly and
dismantling focuses on the process-specific elements such
as disassembly methods, sequencing of steps, handling
costs, and the management of material flows. The objec-
tive here is to determine an optimal disassembly sequence
that minimizes costs while maximizing revenues from com-
ponent recovery and reuse. To model these complex pro-
cesses, a range of computational techniques are applied,
including fuzzy logic systems (Bouzarour-Amokrane et al.
2015), mixed-integer linear programming (Keivanpour
et al. 2017), process planning optimization models (Mas-
cle et al. 2014), dynamic programming (Chung et al. 2017),
and metaheuristic approaches like simulated annealing
(Hao, Hongfu 2009). These methods provide robust tools
for planning and optimizing EoL operations within the avi-
ation sector.

While reliability modelling and secondary market valu-
ation have each been explored independently, there is a
notable lack of integrated frameworks that link Weibull-
based lifecycle modelling to asset pricing in the aviation
aftermarket.

This study aims to fill this methodological gap by pro-
posing a valuation model that is probabilistic, adaptive,
and grounded in statistically verifiable failure behaviour.

3. Materials and methods

3.1. Statistical analysis of LLP failure behaviour

A reliable depreciation model for aircraft engine compo-
nents must begin with a data-driven understanding of
failure patterns across the operational lifespan. LLPs with-
in aviation engines typically experience wear influenced
by flight cycles, environmental conditions, material fa-
tigue, and operating parameters. To calibrate the valua-
tion framework, a simulated failure dataset is generated,
emulating realistic time-on-wing distributions informed by
industry maintenance intervals and teardown analyses.
Due to confidentiality constraints the dataset used in
this study was simulated based on industry-observed char-
acteristics, expert consultation, and published mainte-
nance statistics for narrow-body commercial aircraft en-
gines CFM56 series.
A synthetic dataset was created to reflect realistic life-
cycle behaviour of engine components and involved the
following steps:
= key parameters were derived from OEM maintenance
manuals, teardown reports, and industry maintenance
statistics, particularly for CFM56-series engines;

= aviation maintenance and appraisal experts helped refine
typical failure intervals and identify 3 lifecycle phases:
run-in (0...3000 cycles), stable operation (3000...18000),
and wear-out (>18000);

= for each phase, failure times were sampled from Weibull
distributions with phase-appropriate shape parameters:
B < 1 for early-life failures, p = 1 for stable periods, f > 1
for wear-out. Scale parameters A were selected to align
with known replacement intervals;

= small random noise was introduced to simulate real-
world variability, and a limited number of high-cycle
outliers were added to represent extended-use scenar-
ios;

= the final failure histogram was reviewed against known
operational profiles and matched the expected right-
skewed distribution.

This structured approach ensured that the simulat-
ed data realistically captured LLP degradation patterns and
supported credible application of the Weibull modelling
framework.

The histogram in Figure 1 illustrates the frequency dis-
tribution of simulated LLP failures over time. The x-axis cor-
responds to the number of flight cycles at failure, while
the y-axis indicates the relative probability of occurrence.
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Figure 1. Histogram of simulated LLP failures

The distribution is derived from aggregated, lifecycle-
aligned failure data across all major rotating parts.

The histogram reveals a right-skewed distribution, con-
sistent with wear-out behaviour in mechanical systems.
Most failures occur between 18000 and 28000 flight cycles,
which aligns with common overhaul thresholds for mid-
to high-thrust commercial engines. The distribution exhib-
its low early-life failure density, validating the assumption
that infant mortality is not a significant factor in modern
LLP reliability, especially post initial run-in. The tailing ef-
fect beyond 30000 cycles may reflect rare extended-use
cases or engines operating under extended time-on-wing
programs.

3.2. Comparative evaluation of distribution
models for LLP failure data

To establish a statistically sound basis for modelling the
depreciation of LLPs in aircraft engines, several probabil-
ity distributions were evaluated against the empirical his-
togram of simulated failure cycles. The primary objective
was to identify the model that most accurately reflects ob-
served failure behaviour while offering interpretable pa-
rameters and practical applicability for lifecycle-sensitive
economic valuation.

The distributions considered included exponential, nor-
mal, log-normal, gamma, and Weibull models. A compara-
tive assessment of commonly used reliability distributions
is presented in the Table 1.

The exponential distribution, though simple and com-
monly applied to systems with a constant hazard rate, was

Table 1. Comparison with alternative distributions

Distribution Suitable phase Advantages
Exponential random failures only | simple, closed-form expressions
Normal aging, wear-out familiar, symmetric
Log-normal fatigue-related models right-skewed behaviour
Weibull all phases flexible, interpretable, lifecycle-aware

found inadequate for LLPs due to its memoryless proper-
ty and inability to capture increasing failure risk over time.
The normal distribution, assuming symmetrical behaviour
around a mean, also proved unsuitable as it does not re-
flect the typical right-skewed wear-out characteristics of
LLPs and permits non-physical negative time values.

Log-normal and gamma distributions demonstrated
improved performance due to their skewed shapes and
widespread use in reliability contexts. However, their math-
ematical complexity, such as the absence of a closed-form
hazard rate in the log-normal case, can hinder econom-
ic interpretability and integration into depreciation mod-
elling. These models also showed limitations in capturing
early-life reliability and late-life deterioration consistently.

In contrast, the Weibull distribution provided the most
effective and flexible modelling approach. The PDF of the
Weibull distribution is given by:

B*1ex _LB
p NRE

t>0, B>0, A>0. (1)

t

fesn)-3fs

Defined by 2 parameters the shape parameter  and
the scale parameter A the Weibull distribution accommo-
dates a range of failure behaviours. For instance, f < 1
characterizes infant mortality, pf = 1 implies a constant
failure rate, and B > 1 represents wear-out mechanisms.
This adaptability is particularly relevant in aviation mainte-
nance, where component reliability evolves over time due
to thermal, mechanical, and operational stresses.

Limitations
assumes constant failure rate (B = 1)
cannot capture skewed failure distributions
requires complex parameter estimation
requires accurate data for parameter calibration
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Fitting the Weibull model to the simulated LLP failure
data produced a distribution that closely approximated the
histogram, effectively capturing both the concentration of
failures around mid-life and the long-tailed behaviour in-
dicative of gradual wear.

The Figure 2 illustrates a stitched Weibull distribution
modelling 3 lifecycle phases of LLPs: an early run-in phase
with elevated failure risk, a long period of stable opera-
tion, and a late-life wear-out phase. The vertical reference
lines in Figure 2 denote phase transitions aligned with typi-
cal LLP operational intervals reported in maintenance data
and confirmed through expert input. Their positions are
not arbitrary but reflect widely accepted thresholds be-
tween early stabilization, steady-state operation, and ac-
celerated wear-out. The ability to represent these distinct
failure behaviours supports the use of the Weibull law for
accurate, phase-sensitive depreciation modelling of air-
craft engine parts.

Based on these findings, the Weibull distribution was
selected as the preferred modelling foundation for the
cost reduction coefficient. Its strong empirical fit, paramet-
ric interpretability, and alignment with established reliabil-
ity theory support its use in a dynamic and lifecycle-aware
depreciation framework for secondary market valuation of
aircraft engine LLPs.

3.3. Empirical justification for Weibull modelling
based on operational data

To validate the appropriateness of using the Weibull dis-
tribution for modelling LLP degradation and failure proba-
bility, operational data representative of real-world engine
usage were analysed.

0.0010
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0.0004

Failure probability density

0.0002

The dataset includes operational histories for 300 LLPs
across 30 engines. Each record comprises:
= time-to-failure or replacement (in flight cycles);
= engine type and module location;
= operating environment (standardized as temperate,

high-humidity, or sandy / harsh environment);
= recorded service events (e.g., inspections, removals).

The time-to-failure data follows patterns described in
empirical studies: an early concentration of failures in the
first 3000 cycles, a plateau of stable operation through
15000 cycles, and a growing incidence of failures beyond
20000 cycles due to wear-out mechanisms.

To assess the fit of the Weibull model, the shape 3 and
scale A parameters were estimated for the full dataset and
for each operational phase separately using maximum like-
lihood estimation. The results are presented in Table 2.

The results strongly support the opportunity of use
of the Weibull distribution in modelling the reliability and
degradation of LLPs. The shape parameter values align
with theoretical expectations across the lifecycle stages,
confirming that the wear-in, steady-state, and wear-out
phases are distinct and statistically identifiable. Additional-
ly, high coefficients of determination (R2 > 0.9) for all phas-
es suggest that the Weibull model captures the variability
of time-to-failure accurately.

The resulting PDF plots showed close agreement with
observed failure histograms, especially when using a
stitched Weibull model to segment the lifecycle (Figure 3).

These findings validate the core methodological as-
sumption of this study: that Weibull modelling provides a
reliable, interpretable, and empirically justified foundation
for constructing adaptive cost reduction coefficients in the
secondary market valuation of aircraft engines.

stitched Weibull distribution
run-in = normal operation
normal operation — wear-out

0 5000 10000

15000

20000 25000 30000 35000

Time-on-wing (flight cycles)

Figure 2. Multi-phase Weibull failure density (“stitched” distribution)

Table 2. Estimated Weibull shape parameters by lifecycle phase of engine LLPs

Lifecycle phase Estimated f Interpretation Goodness-of-fit (R?)
Wear-in (0...3000) 0.69 decreasing failure rate 0.96
Normal operation 1.05 approximately constant rate 0.94
Wear-out (>15000) 6.80 accelerating failure rate 0.91
Full lifecycle (all) 0.85 skewed mixed behaviour 0.92
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= stitched Weibull model

--- phase I: wear-in (3 = 0.7)

--- phase II: normal operation (B = 1.0)
--- phase Ill: wear-out (8 = 2.5)

Wear-out phase

0 5000 10000 15000

20000 25000 30000 35000 40000

Time-on-wing (flight cycles)

Figure 3. Lifecycle failure probability curve for LLPs

3.4. Formal definitions and valuation framework

In order to accurately assess the value of an aircraft engine
in the secondary market, it is essential to employ stand-
ardized valuation concepts. The aviation industry, particu-
larly stakeholders involved in trading, appraisal, and leas-
ing, widely adopts the valuation terminology set forth by
the IATA (2016, 2020). Understanding these concepts is
fundamental for developing a depreciation model that ac-
counts for technical condition and lifecycle stage.

The 3 primary valuation terms used in this study are:
BV. The theoretical price of an asset in a stable, balanced
market condition where supply equals demand. BV as-
sumes a mid-life technical condition (typically 50% re-
maining useful life) and excludes externalities such as
market shocks or urgent sale conditions. It is often used
for long-term forecasts and internal valuations;

CMV. The price that could realistically be achieved in the

market under current conditions. It incorporates fluctua-

tions in demand and supply, economic cycles, and trans-

actional context. CMV s typically derived from recent

sales data and expert appraisals;

= SV. The expected monetary value derived from disas-
sembling and selling individual components of an en-
gine. This includes consideration of teardown costs, cer-
tification fees, and logistical expenses. SV becomes par-
ticularly relevant when the asset's CMV falls below its
part-out value, making dismantlement more economi-
cally viable than continued operation.

In practical scenarios, buyers apply a discount to the
SV to account for costs and risks associated with teardown
and resale. This discount is traditionally represented as a
cost reduction coefficient (Kczc), which adjusts the max-
imum permissible purchase price. Industry norms often
assume a static value, e.g., (Kcge = 0.5), implying a 50%
discount on the estimated SV to cover disassembly, certifi-
cation, remarketing, and profit margins.

However, this static discounting practice does not con-
sider the actual remaining life of LLPs or the engine’s reli-
ability profile. For instance, an engine nearing EoL for most

LLPs may require a deeper discount due to lower recov-
ery value and higher failure risk, while one with recently
replaced LLPs may warrant a smaller or even no reduc-
tion. Therefore, a more responsive, lifecycle-aware model
is needed.

Let T € RT denote the random variable representing
the time-to-failure (e.g., flight cycles) of a specific LLP, R*
refers to the set of positive real numbers.

Assume that T ~ Weibull(B,A) with PDF - Equa-
tion (1) — and corresponding CDF:

¢ B
F(t, B, )\):1—exp —[}\] . (2)

We define the cost reduction coefficient K- (t, B, )\) €
[O, 1] as the cumulative probability of failure of the LLP up
to time &

Kcac (t.B.A):= F(t.B,A). 3)

This coefficient generalizes the fixed industry discount
and reflects technical aging and increasing risk.
Given a new part acquisition value V,,,, the residual val-
ue at time tis:
B
t
Vres (t) = Vnew '(1 - KCRC (t)) = Vnew "€Xp _[}\ (4)

Let: Pg,y be the proposed purchase price of the en-
gine in the secondary market; SVg,, be the estimated SV
of the engine, computed as the sum of new part prices;
Kegpe (t, B, 7\) be the adaptive cost reduction coefficient for
the LLP cluster.

Then the Weibull-adjusted valuation of the engine be-
comes:

Peng (t) = Kerc (£, B ) SVing. 5)

To estimate the optimal Weibull parameters B, A we
minimize the discrepancy between predicted and actual
engine values over a set of N historical or simulated ob-
servations:
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N 2
I‘El)\n%z ‘Dé;)g actual — KCRC (t' B, )\>' SVI:S)g] ' (6)
i=1
ol , .
where: P ocuqr "efers to the actual transaction price or
realized purchase price of an aircraft engine in the sec-
ondary market.

This extended framework integrates accepted appraisal
terminology with a dynamic depreciation logic grounded
in reliability engineering, enabling improved valuation ac-
curacy and lifecycle-sensitive pricing.

To complement the reliability-driven modelling, the
economic dimension of LLP valuation was grounded in
observed secondary market practices. The reference val-
ues for Pg,, were obtained from industry appraisal reports,
teardown case studies, and market intelligence sources
used in engine leasing and trading. Since disaggregated
LLP-level transaction data are rarely disclosed due to com-
mercial sensitivity, part-level residual values were approxi-
mated by weighting teardown recovery estimates with typ-
ical LLP contribution factors published in appraisal guides

and validated by expert consultation.

Market mechanisms such as supply-demand imbalanc-
es, temporary part shortages, and fleet retirement waves
were not modelled explicitly; instead, their influence was
reflected in the variability of Pg,, across the benchmark
dataset. By embedding these effects indirectly into the cali-
bration process, the model captures realistic market-driven
deviations while maintaining focus on the core objective
linking technical life expectancy and probabilistic reliabil-
ity characteristics to part-specific economic depreciation.

4. Results

4.1. Case study and model validation

To validate the feasibility of the proposed Weibull-based
depreciation model, a case study was conducted using
simulated data representing failures of a typical aircraft
engine LLP under realistic operational conditions. The
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goal is to demonstrate the model’s ability to reflect statis-
tically plausible depreciation behaviour and to compare it
against known reliability patterns.

A dataset of engine part failures occurrences over
time is shown in Figure 1. The failure density increases
sharply after 10000 cycles, peaking around 18000, which
aligns with typical LLP replacement thresholds during en-
gines' shop visits in commercial aviation. This supports the
model's foundation on Weibull behaviour.

Using maximum likelihood estimation, we fitted 3 sep-
arate Weibull models to each of the lifecycle stages (Fig-
ure 4). The resulting shape parameters B = 0.72 (wear-in),
B = 1.01 (normal), and B = 2.45 (wear-out) closely match
expected values from real-world reliability analysis. The full
lifecycle was also modelled with a single Weibull curve (B =
1.49), which provided a good overall fit but underrepre-
sents phase transitions.

The fitted curves are shown overlaid on the histogram
in Figure 4, clearly illustrating the superior flexibility of the
Weibull approach in modelling varying failure intensities
across the component lifecycle.

The simulated failure data were used to fit a Weibull
distribution via maximum likelihood estimation. The es-
timated parameters were = 2.18, A = 16970. The fitted
CDF is shown in Figure 5 alongside the empirical data. The
curve closely matches the cumulative frequency of failures,
confirming the suitability of the Weibull model for captur-
ing real-life LLP depreciation patterns.

The goodness-of-fit was verified using Kolmogorov—
Smirnov and Anderson-Darling tests, indicating no signifi-
cant deviation from theoretical expectations.

The model's flexibility was tested by simulating cost
reduction curves for varying shape parameters, keeping
A constant. As shown in Figure 6, depreciation behaviour
shifts significantly with changes in .

To further illustrate the dynamic relationship between
B, time-on-wing, and residual value, a 3D surface plot and

its contour projection were generated, as shown in Fig-
ure 7 and Figure 8.

--- wear-in fit (B = 0.69)
--- normal op fit (B = 1.05)
--- wear-out fit (B = 6.80)
= full lifecycle fit (8 = 0.85)
[ simulated failures

20000

30000 40000 50000

Flight cycles to failure

Figure 4. Simulated LLP failures and fitted Weibull distributions
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Figure 9. Adaptive depreciation coefficients across LLP groups (CFM56-5B engine)

4.2. Part-specific cost reduction
coefficients across LLP groups

A key outcome of the developed methodology is the deri-
vation of adaptive cost reduction coefficients K-p¢ for in-
dividual LLP groups. These coefficients serve as quantita-
tive indicators of part-specific depreciation, derived from
Weibull modelled reliability profiles and cumulative time-
on-wing exposure. Figure 9 presents the computed Kcpc
values across major LLP categories within a representative
turbofan engine configuration.

In Figure 9, the cost reduction coefficients are shown
at a representative time moment t, corresponding to the
mid-life stage of the engine's operational cycle (=18000
flight cycles). This value was selected as it reflects the point
at which many LLPs approach critical inspection or replace-
ment intervals, making it highly relevant for secondary mar-
ket transactions. More generally, according to Equation (3),
Kcge is a dynamic parameter that evolves as a function ¢
and the Weibull reliability characteristics of each LLP group.
The figure therefore illustrates the relative variation of de-
preciation across component groups at a fixed lifecycle ref-

erence point, while the full temporal evolution of Kqp¢ (t)
is described by the underlying Weibull-based formulation.

The vertical axis in Figure 9 represents the magnitude
of the depreciation coefficient, with lower values corre-
sponding to higher expected value loss due to elevated
failure risk or diminished residual life. The horizontal axis
enumerates individual LLP assemblies grouped by engine
section: Fan, Booster, HPC, HPT, and LPT.

The model reveals significant intra-engine variation in
depreciation behaviour. Components such as the HPT ro-
tor disk and LPT rotor disk stages 1...4 exhibit some of the
lowest cost reduction coefficients, around 0.37, reflect-
ing their susceptibility to thermal fatigue, high rotational
stress, and shorter replacement intervals. These parts typi-
cally reach the end of their service life earlier and contrib-
ute disproportionately to engine devaluation.

Conversely, elements such as the fan shaft, CDP in-
terstage rear air seal, and LPT rotor central support dem-
onstrate elevated coefficients (above 0.55). These higher
values are indicative of longer design life, reduced opera-
tional severity, or recent replacement events that preserve
their market recoverability.



Notably, the presence of sharp discontinuities across
part families, for instance, between the HPT rotating as-
sembly and downstream LPT stages underscores the
model's ability to distinguish between heterogeneous
wear patterns. This differentiation contrasts with tradition-
al teardown valuation methods that apply uniform mark-
downs to entire engine sections.

The incorporation of part-level depreciation coeffi-
cients introduces a nuanced layer of granularity into sec-
ondary market valuation. It enables more accurate fore-
casting of salvageable value and supports condition-based
residual pricing strategies. As such, this approach enhances
decision-making for buyers, sellers, and lessors engaged
in the trading, disassembly, and appraisal of used engines.

5. Discussion

The results of the case study confirm that the proposed
Weibull-based depreciation model offers a practical and
statistically grounded approach to valuing aircraft engine
LLPs in the secondary market. By translating probabilistic
failure risk into a time-dependent cost reduction coeffi-
cient, the model bridges the gap between engineering re-
liability theory and financial asset valuation.

From a theoretical perspective, the model improves
upon traditional linear or fixed-percentage depreciation
schemes by accounting for individual part behaviour and
lifecycle dynamics. The shape parameter B allows the
model to flexibly represent a wide range of degradation
profiles, from random to wear-out dominated. This adapt-
ability enables a more nuanced valuation framework that
better captures the uncertainty and risk associated with
used parts nearing the end of their certified life.

The practical implications are substantial. For asset
managers and lessors, the model provides a transparent
method for forecasting residual value and negotiating fair
lease return terms. For MRO providers, it offers a mecha-
nism to price overhauled or harvested parts competitively
while managing liability risks. Moreover, the ability to up-
date depreciation curves with real-time operational data
aligns well with emerging digital twin and predictive main-
tenance strategies, enabling integration into broader life-
cycle management systems.

However, the approach is not without limitations. The
model assumes that part failure can be represented by a
single Weibull distribution, which may not hold in the pres-
ence of multiple failure modes or complex degradation in-
teractions. It also presumes availability of high-quality use,
e or failure data, which may not be consistently accessi-
ble across all fleets or operators. Additionally, the current
framework does not incorporate external market factors
such as OEM support, certification constraints, or parts
pool dynamics, all of which can influence actual transac-
tion value.

Despite these constraints, the model’'s modularity and
clarity make it well-suited for future extensions. One prom-
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ising direction is the integration of multi-modal reliability
functions or mixtures of Weibull distributions to account
for competing risks. Another is the use of real-time sen-
sor data and maintenance logs to dynamically estimate
Weibull parameters via Bayesian or machine learning tech-
niques. These enhancements could further increase the ac-
curacy and responsiveness of the model, making it a core
component of digital asset management platforms in avia-
tion.

The Weibull-based valuation model presented here
contributes a scalable, interpretable, and reliability-in-
formed approach to residual value estimation. It advances
the conversation from static depreciation tables to dynam-
ic, data-driven asset valuation-paving the way for more
rational and transparent secondary markets for aviation
components.

A practical limitation of the proposed framework is its
dependence on high-quality, granular failure data for reli-
able Weibull parameter estimation. In reality, such data are
often fragmented across operators, lessors, and MRO pro-
viders, with confidentiality and reporting inconsistencies
reducing accessibility. These challenges highlight the need
for more standardized data collection and sharing practic-
es to fully realize the framework's potential in operational
contexts.

6. Conclusions

This study presented a novel, reliability-informed deprecia-
tion model for aircraft engine LLPs, grounded in Weibull-
based failure analysis. The proposed methodology departs
from traditional fixed-percentage depreciation schemes by
dynamically linking residual value to statistically modelled
failure risk over the component lifecycle. Through simula-
tion-based and empirically informed parameterization, the
model captures distinct lifecycle phases — wear-in, stable
operation, and wear-out — thus enabling the generation
of adaptive cost reduction coefficients tailored to specific
engine parts.

A key contribution of the model is its capacity to ac-
count for heterogeneity in degradation patterns across LLP
groups, which directly supports more accurate and trans-
parent residual value estimation in teardown, lease return,
and asset trading scenarios. By demonstrating how Weibull
distributions can be calibrated to reflect realistic opera-
tional behaviours, the framework lays a foundation for in-
tegrating technical reliability metrics into economic valua-
tion processes.

The implications of this work are particularly relevant
for asset managers, lessors, and MRO providers, who re-
quire valuation models that are both technically ground-
ed and economically interpretable. Moreover, the modular
nature of the proposed approach facilitates future integra-
tion into digital asset management systems and supports
the broader shift toward predictive maintenance and life-
cycle-aware decision-making in aviation.
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Future research should extend this framework to incor-
porate real-time operational data from onboard sensors
and maintenance records, enabling continuous updating
of failure probabilities and valuation curves. In addition,
exploring multi-modal or competing-risk reliability models
may further enhance the accuracy of depreciation model-
ling for components subject to multiple interacting degra-
dation mechanisms.
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