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Abstract. With declining subsidies and tightening project margins, wind energy investments are increasingly exposed to a wide
range of technical, operational, market, and system-level risks. Understanding the-combined-economic-and-technicalrelevanee
of-these-risks—-and-how-they-how these risks interact across project lifecycle phases ;-is essential for translating them into
economic impact metrics. This study combines expert elicitation, structured survey results, and targeted literature review to
identify and categorize the major risks affecting wind energy projects during both development and operation. These risks
are clustered into four overarching sector challenges spanning long-term asset viability, component reliability, operation and
maintenance performance, and rapid technology upscaling. To illustrate the potential economic relevance of these challenges,
simplified scenario-based techno-economic impact assessments are conducted using a representative offshore wind farm case
study. The analysis offers order-of-magnitude insights into how different risk categories propagate into economic performance
indicators such as net present value (NPV) and levelized cost of energy (LCOE). The results demonstrate that different risks
exhibit different-economic-stenatures;-includine-asymmetric-downside risklone-tatled-loss-distributions—Overall-this
economic signatures: some primarily shift mean outcomes, while others produce losses that are skewed toward worst-case

outcomes, with rare but severe events dominating the overall risk profile. This work does not propose a complete solution for
capturing the full complexity of wind energy risks. Instead, it demonstrates the limitations of fragmented risk treatment and

Fhe-study provides-a-struetured-provides a starting poin

1 Introduction

With decreasing or non-existent subsidy levels, continued wind energy project investments are conditional on securing project
profitability at low risk. The wind energy value chain often operates on small margins, and the economic feasibility of wind
power under such conditions is sensitive to risks leading to unexpected costs or other disruptions. Over the last year there have
been multiple failed auctions in Germany, France, the Netherlands, Denmark and Lithuania. At the same time many projects

that won auctions over the last 3 years are now struggling to get the necessary investments approved (WindEurope (2025b)).
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Recent industry assessments underscore the urgent need to de-risk the wind energy sector. The latest GWEEC-Global Wind
Energy Council (GWEC) report highlights growing exposure to market and system-level risks, including a sharp increase in
hours with negative electricity prices and persistent supply chain disruptions (Global Wind Energy Council (GWEC) (2025)).
Without appropriate market design and effective de-risking instruments, these developments risk undermining investor confi-
dence and increasing financing costs. The report further emphasizes the critical role of grid infrastructure in mitigating bottle-
necks, reducing congestion and curtailment, enhancing energy security, and improving the economic viability of new projects.
In parallel, supply chain uncertainties are identified as a major source of cost, schedule, and performance risk for wind energy
projects (Council and Group (2023)).

It is therefore essential for investors to systematically identify and quantify the risks that can affect wind energy projects.
These risks span technical, regulatory, environmental, socio-economic, and financial dimensions and are characterized by
multidisciplinary interactions and feedback involving multiple actors and decision layers (Abba et al. (2022)). While existing
studies have provided reviews of risk sources, there remains a gap in linking identified risk drivers to quantitative modeling
parameters that allow for a systematic assessment of their economic impacts. In this study, we move beyond risk identification
from literature by explicitly translating risk categories into modeling assumptions within a quantitative impact assessment tool
chain and by evaluating their implications through scenario-based economic indicators.

The present study employs expert elicitation, structured—pellinga structured survey of approximately 100 industry and
academic experts, and analysis of publicly available data to identify, categorize, and quantify the major risks affecting wind

energy projects across both development and operational phases. The objectives of this paper are:

— toidentify and categorize the major risks currently facing the wind energy industry during the development and operation

of wind energy projects;
— to review the identified risk categories and provide an overview of the most significant risks and their interdependencies;

— to quantify the economic impacts of these risks using a dedicated impact assessment tool chain—, i.e. a sequence of

coupled computational models that together translate technical assumptions into economic performance metrics.

Through this contribution, we aim to highlight the eemplex—and-interconnected nature of wind energy risk drivers across

research domains and project life-cycle phases. For example, supply chain risks may interact with technical aspects of tur-
bine design and propagate into construction, operation, and maintenance performaneeoutcomes. By demonstrating how such

interactions can be quantified, this study provides a first step toward developing de-risking tools that capture eemplex—risk

wind-energy-projeetsrisk interdependencies.
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2 Methodology

elieitation-synthesis-of seetor-echallenges—structured expert survey, targeted literature review, and scenario-based quantitative
impact assessmentusing-the-impaet-assessmenttooWINPACTA(Grife-et-al(2025))—

. Risk identification is initiated through a structured survey targeting experts from industry and academia. The survey captures

perceptions of dominant risks for both currently operating and future wind farms, as well as perceived priorities for risk
mitigation and research. Responses are analyzed quantitatively to identify dominant risk drivers and qualitatively to understand
emerging themes and shifts in risk relevance as we move from operating wind energy assets to developing new ones. Survey
results are complemented by expert judgment and targeted consultations to cluster individual risk drivers into four sector
challenges.
phases—We use this term to denote industry-wide risk themes that are not specific to a single project, site, or technology.
Regional differentiation of risk perceptions (e.g. across US and European markets) is not attempted here but would be a
relevant direction for future work. Although the risk categories identified in this study are applicable to both onshore and
offshore wind energy, the survey did not distinguish between the two contexts, and the quantitative case study is based on an
offshore wind farm. The relative importance and specific manifestation of individual risks, particularly regarding maintenance

For each identified sector challenge, a literature review is conducted to summarize the current state of knowledge, data

availability, and known sources of uncertainty. Building on this review, the economic relevance of each challenge is explored
through scenario-based impact assessments. These assessments are not intended to provide detailed, project-specific risk quan-
tification, but rather to estimate the order of magnitude of potential economic impacts and to illustrate how uncertainties, data
limitations, and knowledge gaps propagate into project-level economic metrics. Scenarios are designed to span plausible ranges

of uncertainty and structural change, grounded in literature, empirical evidence, and forward-looking assumptions.
2.1 Quantitative impact assessment

For the quantification of risks in terms of aggregated economic metrics, we use the wind energy project impact assessment

tool WINPACT(Gﬁ&&eﬁﬂ—@G%}I Grife et al. (2025); ?); ?). WINPACT is a modular, scenario-based impaet-assessment

s-framework that quantifies how uncertainties
in wind energy prOJects propagate through the full project hfe%yelﬁwaffeet—feehmeal—peffeﬂﬁaﬂee—aﬂdrhfec cle to affect eco-

nomic value.

orexternal-constraints-Alternative assumptions are introduced as scenario overrides and evaluated across all modules, enabling

! Full documentation: https://hipersim.pages.windenergy.dtu.dk/winpact/


https://hipersim.pages.windenergy.dtu.dk/winpact/
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coupled effects —such-as—(e.g. reliability changes influencing eperation-and-maintenanee{O&M )-costs, revenues, and ulti-
mately LCOE or NPV) to be captured. Simulations ean-be-executed-as-single-cases-or-are executed as scenario ensembles with
stochastic replicates.

Hereafter,-we-summarize-the-funetionality-of WINPACT-Figure 1 provides a schematic overview of the module chain. The
modules used in this study —are:

The-

— Capital expenditure (CAPEX) module. i

total capital expenditure is-a

TFhe-linked to stochastic commodity price models with configurable correlation, propagating supply-chain uncertaint

— WindFarm module, pfewdes—the—basemmtﬂea%Prowdes the baseline production time semesfh&&sefves—a&mp&t—fef
dewnstream-meodules. In this study, win

fixed capacity factor is used, isolating economic risk drivers from wind-resource variability.

— Operational expenditure (OPEX module, Links component rehablhty and maintenance processes to availability
and operational cost using an analytlc

of—._Captures failures, scheduled maintenance, access—constraintsweather-driven access constraints (i.e. inability to
dispatch vessels and crews due to excessive wave heights or wind speeds), loglstlcs delays and repair activities. The
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The-sampled stochastically.

— EndofLife End-of-life module. representsRepresents continued operation beyond the nominal design life as-a-seenarie-based
mediﬁ%&e&eﬂmgifngl&productlon rehablhty, and cost assumptlons evef%e*teﬂdeérepef&smghef&eﬂ#he
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torefleetfor the extension period. Performance degradation during the design life is implicitly captured in the baseline
capacity factor; this module applies additional modifiers for accelerated ageing beyond the design envelope.

— Curtailment module. Applies fractional production reductions to represent market-driven, grld -related, or externally

140 imposed curtailment.

pfedwﬁmwa}w&whme%hﬁm%Eplstemlc uncertainty in long-term curtailment conditions-is-represented-through
Waleatow varlablhty in short-term

145

Fhe-conditions are represented separately.

— FINEX and valuation modules. ff&ﬂskate%eehmea{aﬂekepefa&eﬂahﬂedekTranslate all upstream outputs into project-

level financial

150

metrics such as net present value a{—fh&ﬁfm%ﬂéequﬁy«}evelw internal rate of return (IRR), debt service cover-
age ratiesratio (DSCR), and levelized cost of energy —This-approach-ensures-that-changes—in-technieal-performance;
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LCOE) via cash-flow construction over the full project horizon.

PHYSICAL & FINANCIAL

INPUTS PROCESS MODELS AGGREGATION VALUATION OUTPUTS
Inputs & scenarios WindFarm module

Project & site i P opfion Revenue stream
22 MW IEA reference ——| Constant power = capacity x CF Energy yield = availabllity
880 MW farm, North Sea (1 - curtailment)

Fm———— ¥ - f = CID strike price
Curtailment regime | 0 I "
Gamma distrbutons per ,  Curtailment overlay annual revenue over prject FINEX & valuation
scenario (C0-C5) | Monthly fractional reduction | horizon cash-flow construction

_____________ M .
s;ﬁ:;::-;:;::f L - ; Capital structure & WACC

: ofLi - Debt amorizati

refurbishment cost upit =~ ———>|  End-of-Life module - s Denreciaton ity cost Cutputs

LTE modifiers on AEP, . P! s equity NPV

reliability, costs P
Reliability data LCOE
Failure rates, MTTR. e Annual cash flows over IRR
logistics parameters L the project horizon DSCR
OPEX module 7
GTMG-based Cost st
Cost data o Reliability — availability + cost Capital iture (CAPEX) Discounting ‘probabilty distrbutions
Bottom-up CAPEX items; Operational expenditure (OPEX) 1o project-level metrics ‘over Monte Carlo ensembles
commodity price models LTE inspection & refurbishment
R —
Financing & market time-stamped to project
WACC, debt structure, s ﬁArbe“m"d""E“ schedule
CfD strike price ochastic bottom-up rof-up —» Direct data flow
to turbine and project level Indirect (vi
= % availability/lifetime)

Figure 1. Schematic overview of the WINPACT module chain.

2.2 Wind farm definition & scenario definition

As a basis for the quantitative impact analysis in the individual Risk-eategeriesinseetionrisk categories in Section 4, we define

a generic wind farm representing a large-scale next generation European offshore wind farm project. The wind farm is assumed

160 to consist of 34 22MW wind turbines located in the North Sea. Table 1 summarizes the main characteristics of the wind farm.

Table 1. Description of the study case.

Wind farm
Location Offshore
Installed capacity Pram 880-748 MW
Turbine rating Py 22 MW
Number of turbines Ny 34
Base design life ¢ 25 years
Funding scheme Contract for Difference
Strike price 86 €/ MWh

The risk categories examined in this study affect different phases of the project lifecycle, from early development and
financing through construction, operation, late-life assessment, and potential lifetime extension to end-of-life decisions. To
establish a consistent terminology for these phases across all subsequent sections, Figure 2 provides a schematic overview of



165

170

175

180

the project lifecycle as adopted in this study, together with the mapping of sector challenges introduced in Section 4 to the
hases they predominantly affect.

_____________ N
. . . ! - 1 .
Development Construction Operation Late-life 1 Lifetime | End-of-life
& financing & commissioning (design life) assessment : extension (LTE) 1
I
! 1
! 1
37 years 2-4 years 20-25 years Overlaps end of ! 5-10 years 1 1-3 years
design life : (if pursued) |
1
! 1
Key activities Key activities Key activities Key activities : Key activities 1 Key activities
I
Site selection, permitting, FID, Manufacturing, transport, Energy production, scheduled Structural integrity I Continued operation under | | Decommissioning, repowering
financial close, supply-chain installation, grid connection, and corrective O&M, assessment, economic I modified assumptions, I decision, or site restoration
contracting commissioning performance itori t, LTE fe I refurbi  re-certification
evaluation | 1
e D ___ |
| SC2: Reliability |

’ SC3: O&M inefficiencies I

Figure 2. Schematic overview of the project lifecycle phases adopted in this study. Colored bars indicate the phases predominantly affected
by each sector challenge defined in Section 4.

In the impact assessment subsections of Section 4, scenarios are defined to represent different parameter ranges governing
each modeled process. For each risk category, multiple scenarios are developed based on literature, available data, and the
judgment of the authors. The scenarios are evaluated in a Monte Carlo manner, with the tool chain run 3000 times for each
experiment. To ensure comparability across risk categories, a common baseline scenario is defined, representing operation
of the reference wind farm under-baseline-assumptions-and—(34 turbines, 748 MW installed capacity, based on the 22 MW
International Energy Agency (IEA) reference turbine) under deterministic assumptions for all cost, production, and financial
parameters, without stochastic variationef-model-parameters. Scenario labels are defined within each risk category. For exam-

ple, “SC1” denotes the first scenario within the supply chain risk category.

3 Risk identification and categorization
3.1 Survey results

To identify the dominant risk drivers affecting wind energy projects across different lifecycle stages, a targeted survey was
conducted as part of this study. The survey was conducted during multiplesconference events organized by the Electrical
Power Research Institute (EPRI) and included participants from both industry and academia. In total, approximately 100
respondents participated, primarily from the United States and Europe, with additional representation from South America,

Asia, and Australia, providing a snapshot of current expert judgments across different markets.
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The survey was designed around three complementary questions addressing (i) risks affecting currently operational wind
projects, (ii) risks expected to affect future wind projects, and (iii) research directions and innovations perceived as most
effective for risk mitigation. Each participant was asked to select up to three predefined answers per question to avoid a bias
toward the single most important issue. Together, these questions allow the identification of dominant risk categories and an
assessment of how risk perceptions evolve when changing the perspective from operational to new projects and how these risks
are expected to be addressed.

Figure 3 presents the distribution of responses to the first question, focusing on operational wind energy projects. The results
show a clear dominance of reliability-related concerns. In total, 49% of responses identify reliability as the primary economic
risk driver, comprising reliability of major non-redundant components (26%), reliability of replaceable components (8%), and

premature degradation of components (17%).

<«

B Reliability of major, non-redundant components # Changing regulatory frameworks B Uncertainty about financing costs

mmm Premature degradation of components mmm Reliability of replaceable components Uncertainty about future production
mmm Spare part availability costs B External curtailment Manufacturing and supply chain issues
B [mmature technology / unproven technology B Market uncertainty Increasing development time

Figure 3. Survey results: What are the biggest risks for the economy of operational wind energy projects? (left) and What are the biggest

risks for the economy of future wind ener rojects? (right

An additional 12% of respondents cite immature technology leading to unexpected costs, a concern that is closely linked to
reliability and operational robustness. Other risk categories, including market and curtailment uncertainty, regulatory changes,
and financing conditions, receive noticeably lower shares. Notably, uncertainty in future production receives no votes, indicat-
ing that wind resource uncertainty is generally perceived as well understood and adequately managed for existing projects.

Taken together, these results indicate that for operational wind farms, economic risk is dominated by asset-level performance

Figure 22-3 (right) shows the responses to the second question, addressing future wind energy projects. Reliability-related

issues remain the most prominent risk category, accounting for 34% of responses. Although the relative weight is lower than for
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operational projects, concerns about major component reliability, replaceable components, and premature degradation continue

to dominate expert perceptions.

However, in contrast to operational projects, the survey reveals a broader risk landscape for future developments. Unproven
or immature technology again accounts for 12% of responses, reflecting concerns about larger turbines, accelerated upscal-
ing, and reduced operational experience at the time of deployment. In addition, external and system-level risks gain substan-
tially more importance. Market uncertainty and curtailment (together accounting for approximately 17%), changing regulatory
frameworks (14%), financing uncertainty (6%), and manufacturing and supply-chain constraints (12%) are all perceived as
significant contributors to future project risk.

This shift highlights an-impertant-a temporal distinction: while-operational projects are primarily exposed to technical and
O&M-related risks, while future projects are increasingly affected by system integration, market evolution, regulatory stability,

and supply-chain robustness.

The responses to the third survey question, summarized in Figure 4, provide a direct link between the identified risks and
perceived mitigation pathways. The prioritization of research and innovation areas closely mirrors the challenges identified in
the first two questions.

Reliability-focused solutions dominate the responses. Advanced digital solutions for failure prediction (19%) and advanced
sensing technologies for component health assessment (16%) underscore the perceived need for improved understanding and
prediction of degradation processes and remaining useful lifetime during operation. These technologies are seen as essen-
tial enablers for more effective maintenance planning and risk-informed O&M strategies. Closely related, advanced O&M
decision-making tools (16%) are highlighted as a key priority, emphasizing the need to translate diagnostic and prognostic
information into economically optimal operational decisions.

Beyond operational mitigation, respondents also highlight the importance of upstream interventions. Novel design method-
ologies for improved reliability (11%) point to the need to explicitly integrate reliability objectives into turbine and wind farm
design. Technology qualification and risk assessment frameworks (12%) are identified as critical tools for managing uncer-
tainty associated with rapid technology upscaling and deployment. Supply-chain modeling and risk assessment (6%) address
vulnerabilities identified for future projects, while market modeling, resource assessment, and policy innovation receive smaller
but non-negligible attention.

Overall, the survey results reveal a pa

onsistent pattern: reliability emerges as
the dominant risk driver across project phases, while the relative importance of external, system-level risks increases for future
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mmm Advanced digital solutions for failure prediction Innovative wind farm control strategies

s Advanced O&M decision-making tools mmm Supply chain modeling & risk assessment

mmm Advanced sensing technologies for component health assessment = Policy & regulatory innovations

== Technology qualification and risk assessment frameworks == Improved future electricity market modeling

mmm Novel design methodologies for improved reliability = Improved resource assessment and climate modeling

Figure 4. Survey results: What research areas or innovations could most effectively help mitigate risks in wind energy projects?

3.2 Risk categorization

While the survey responses identify individual risk drivers and mitigation priorities, they also reveal consistent clusters of
challenges that affect wind energy projects across lifecycle stages. Building on the survey results, targeted consultations with
experts from industry and academia, and the judgment of the authors, we identify four overarching sector challenges. These
challenges are summarized in this section.

Sector Challenge 1: Long-term asset viability under environmental and market dynamics This challenge arises pri-
marily from responses to future wind energy projects, where external and system-level risks become more important. While
reliability remains a relevant concern, market uncertainty and curtailment, changing regulatory frameworks, financing uncer-
tainty, and supply-chain constraints are identified as key risk drivers. These factors are inherently long-term and interdependent,
influencing revenue stability, cost structures, and investment decisions over the project lifetime. The survey results indicate a
shift from predominantly technical and physical uncertainties toward system-level uncertainties driven by external conditions
and institutional factors.

Sector Challenge 2: Reliability gaps in major non-redundant components The dominance of reliability-related responses
across both operational and future projects motivates this challenge. Reliability remains the single largest risk category for
both project phases. In particular, failures of major non-redundant components are critical due to their potential to cause long
outages, high repair costs, and significant reductions in availability and revenue.

Sector Challenge 3: Inefficiencies in operation and maintenance (O&M) While reliability determines failure occur-
rence, the survey responses also highlight the importance of how failures are managed. The strong prioritization of advanced
sensing, failure prediction, and O&M decision-support tools indicates recognition that operational inefficiencies and limited

predictability in O&M processes materially affect project economics. This challenge captures issues that are not reflected in

10
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failure behavior alone, including uncertainty in repair times, logistics delays, access constraints, data availability for opera-
tional and end-of-life decisions, and the difficulty of translating condition-monitoring information into effective operational
actions.

Sector Challenge 4: Design and operational risks from rapid technology upscaling The identification of immature or
unproven technology as a risk across both operational and future projects motivates the fourth sector challenge. Risks associated
with technology novelty include unexpected costs, reduced availability, delayed commissioning, and increased uncertainty in
performance and maintenance behavior. These risks are amplified by rapid upscaling trends, including increasing turbine size,

new drivetrain concepts, evolving grid-code requirements, and associated changes in turbine operating modes.

4 Review and quantification

In this section, each sector challenge is examined in more detail. For each challenge, existing literature on the underlying risk
categories is reviewed, and the order of magnitude of economic impacts arising from uncertainty in modeling assumptions and

data availability is quantified.
4.1 Long-term asset viability- Supply chain uncertainty
4.1.1 Review

The growth of the wind energy industry has been enabled by a robust and globalized supply chain that supported the installation
of around 100 GW of capacity per year from 2020 - 2024 (IRENA (2025)). However, this existing supply chain is inadequate
to support growth targets that require higher deployment rates, expansion into new markets, diversifying suppliers to mitigate
geopolitical risks, and meeting the needs of evolving technologies such as floating offshore wind (Costanzo et al. (2025)).
Although many of these challenges could be mitigated by strengthening-suppltychainresilience-through-expanded-expanding
networks of manufacturers, infrastructure, and skilled labor, investors remain cautious due to heightened-risk—pereeptions
stemming-from-market volatility, inconsistent policy signals, and trade-offs between local capacity building and reliance on
established global suppliers (Shields et al. (2023); Council and Group (2023)). This uncertainty slows supply chain investment,
which subsequently limits the ability of future wind energy projects to source and install components in a timely, cost-effective,
and politically acceptable manner.

The elements of a global supply chain that are relevant for wind energy projects include raw materials, manufactured com-
ponents, specialized infrastructure, and a skilled workforce (Shields et al. (2023)). These present themselves as risks to wind

energy projects primarily as:

— Material and component bottlenecks. Construction of a wind turbine requires specialized materials, products, and man-
ufacturing processes. Manufacturing facilities are designed only to produce components that are specific to the wind
industry (and often, specific to a single manufacturer) and can not easily diversify their production base. Installing wind

turbines - particularly offshore - requires specialized logistics and facilities that have a limited global supply. Constrained

11



supply of these components or capabilities can drive higher costs and delays for wind projects that compete for a scarce

set of resources.

285 — Geopolitical and trade risks. In recent years, policy-makers have emphasized the need for supply chain localization to
increase reliability and stimulate economic growth (Shields et al. (2023); Council and Group (2023)). Strategically criti-
cal materials, such as rare earth elements (used in generators) and balsa wood (used in blades), have highly concentrated
supplier networks and limited global manufacturing capacity. Governments have used industrial policy to create import

barriers (i.e. tariffs), limiting the availability of global supply chain components.

290 Supply chain uncertainties affect project design and decision-making through a complex network of interrelated factors,

which we summarize in Table 2.

12
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Table 2. Key uncertainty dimensions in decision-making based on supply chain risk, mapped to uncertainty type, decision risk, and time

aspects.
Dimension Uncertainty source Type Risk Time horizon
Financing costs Financing parameters (i.e., cost E Higher LCOE, reduced banka-
of debt, cost of equity, debt bility Pre-construction
share) under different supply Development _ &
chain risk scenarios financing.
Cost volatility Short- and long-term variations E Higher LCOE
in key commodities, including Pre-construction
shocks from externalities Development &
financing
Supply uncertainty Component price equilibria at- E Higher LCOE
tributed to supply / demand dy- Pre-construetion
namics Development &
financing
Geopolitical ~ pres- Changes in availability of criti- E Project delays, possibility for
sures cal materials or resources; mag- higher costs Pre-construction
nitude of subsidies, tariffs and Development &
local content requirements financing_
Limited infrastruc- Uncertain availability of re- E Project delays, increased financ-
ture sources such as ports and ves- ing costs Pre-construetion
sels for offshore wind Development &
financing through
operation
Technology evolu- Readiness level of current sup- E Higher LCOE
tion ply chain to produce new tech- Pre-construction
nologies Development _ &
financing

In this study, we provide a simple assessment of the first two uncertainty dimensions to demonstrate the potential impact
on LCOE driven by supply chain uncertainty. Further research is required to fill the knowledge gap of how future supply
chain risks impact project design and cost decisions, such as developing dynamic supply chain investment models, causal
relationships between perceived risks and financing costs, detailed accounting of industrial policies, and readiness levels of

existing supply chain infrastructure.

13



4.1.2 Impact assessment

We define-a-two-partrisk-assessmentto-evaluate the impact of supply chain risks on the LCOE of representative wind projects

—FHirstwe-quantify-through two coupled mechanisms: (i) stochastic uncertainty in key material-pricesand-propagate-this
300 uneertainty-commodity prices, propagated through the CAPEX ealeulations-of-the-wind-project—Second;-we-vary-calculation,

and (ii) variation in the cost of capital te-reflectchangingreflecting different levels of perceived riskfrom-globatand-geopotitical

drivers—Fhe-geopolitical and supply chain risk. All other parameters, including OPEX. annual energy production, and project

lifetime, are held at baseline values, so that the resulting LCOE variation is attributable solely to supply chain and financing.

risk. Because LCOE scales with the product of these factors, shewing-how-supply-chain-risks-can-ereate-nonlinear-impacts
305 their combination can produce nonlinear impacts on project economics.

The commodity prices that have the greatest impact on the variance of capital costs of a wind project are steel, copper, and
carbon fiber which contribute some of the highest mass fractions to onshore and offshore wind projects (Eberle et al. (2023)).
Although there are other key commodities that are notable supply chain risks for wind energy projects, such as rare earth
elements and iron ore, these commodities are a relatively minor part of the capital stack of a project and price fluctuations will
310 not greatly affect CAPEX (availability risk will be addressed through the cost of capital). Other commodities such as fiberglass
used in blades have higher mass fractions but relatively low historic volatility, making them less relevant for stochastic modeling
(U.S. Bureau of Labor Statistics (2026a)). Therefore, we primarily assess stochastic CAPEX uncertainty due to the variability

in these primary cost drivers.

‘We obtain long-term price indices for these commodities from the U.S. Bureau of Labor Statistics (U-S-Bureau-of Laber-Statisties {20261

315 3and-U.S. Bureau of Labor Statistics (2026c, b)). Because steel and copper are globally traded commodities, these indices serve
as proxies for global market dynamics. Although regional price levels may differ, it is assumed that volatility structure and

jump behavior are broadly consistent across major markets. From the historical data we derive the following stochastic param-
etersfrom-the-historical-data:

— the drift (long-term trend) of commodity prices,
320 — the volatility (short-term uncertainty),

— the jump intensity (frequency of large, discrete price shocks).

We fit these parameters using a Merton jump-diffusion model, as the frequency of shert-term-short-term shocks to com-
modity prices Wmtaﬂs in the log returns %eaémgfe«pee%@a&%«ﬁﬂ—te&&é&fa—?hﬁe%u}ﬁﬁg

325 clear-improvement-over-that are poorly captured by Gaussian models. The linear correlations between the commodity price
parameters are low (under 0.1) ;-but are still included in the Monte Carlo simulation. The historical stochastic parameters for

the three commodities are summarized in Table 3.
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Financing risk is one of the most significant drivers of LCOE, although the magnitude-of-the-impaet-of-causal relationship
between supply chain disruptions and geopetitical-risks-en-financial parameters is not well established in the public literature.

We address-this-by-seleeting-therefore select values of the weighted average cost of capital (WACC) that correspond to dif-
ferent levels of project risk, but-do-net-attempt-without attempting to draw a direct causal link with facters-sueh-as-regional

impact-the-detiverability-and-eosts-ofa-wind-prejeetspecific geopolitical or supply chain factors. Modeling these dependencies
is a promising direction for future research.

The-WACC is calculated based-on-from the debt-equity ratio, tax rate, and cost of debt and equity—We-asstume-a-constant
value-for-, keeping the first two parameters—We-seleet-values—for-the-constant across scenarios. The cost of debt and equity
based-on-historical-comparisons-between-these-project-specifie finaneing-terms-and-the-are set relative to a risk-free rate of-a

using historical spreads from U.S. projeets;

: weer 20 020-correspondine-to-arelatively wind-enerey-deployme
in-the 1S wind project data (Mirletz et al, (2024)). During 2017-2020, a period of relatively stable deployment (Wiser et al.
(2024))-n-_ the debt premium over the risk-free rate was 1.73%; in 2023, when-prices-spiked-due-to-amid global supply
chain constraints, this premium jumped-rose to 3.5%. From-the-same-data;—we-estimate-that-the-The cost of equity is around
estimated at approximately 5 percentage points higher-than-above the cost of debtfer-all-years—These-estimates-arerelatively

- A German 10-
year bond yield s-of 2.7% serves as the risk-free debtrate? feﬁh&base}iﬂeseeﬂafi&lgavsgl@éaz (Deutsche Finanzagentur (2026)),

A M- o7 ANa 1n caca-tha-deh Nram mM-b o on-theh A Pread -\ o o N2 4 A

increasing across scenarios to reflect rising risk profiles.
The wvalaesfor-thestochastic- CAPEXparameters—and-WACC-scenario definitions, combining WACC assumptions with
stochastic commodity price multipliers and exposure time horizons, are provided in Fable-22-We-define-thesefor three-separate

the-Table 3. The time horizon represents the period over which stochastic cost pathways evolve, effeetively-representing-the

projeet’stisk-exposure-toreflecting commodity price volatility {which-has-been-identified-as-a-major-investmentrisk-in-some
i : 3 - exposure (Ury et al. (2024)).

2In reality, a wind project is unlikely to achieve a debt rate equal to a risk-free government bond rate. We use this value as a minimum threshold for suppl
chain risk-driven financing cost impacts on LCOE.
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370

Table 3. Supply chain risk scenarios and associated financial and commodity price parameters. Vaties-Stochastic commodity parameters are

expressed as multipliers on the historical values (s,

Scenario Interpretation WACC Drift o¥ Volatility  Jump Fime
[%] % intensityint. herizen
[yr]
Baseline Deterministic baseline assumptions 5.2
SC 1 - 1
Mini Risk—free-Risk-free rates on debt; 3;83.8 O8>tmr OS> : =t
Risk— Min. lower bounds on stochastic com- 0.8 0.8 0.8
risk modity parameters
SC 2 - Historic averages on debt and eq- 2
Moderate——  uity; no-multipliers—on-stochastie = ox  bopmw  Fcomy  EOmy
Mod. risk historical commodity parameters L0 L0 L0
SC 3 - Debt rates from supply chain 3
Substantial —  shocks:higher bounds on-stochastie 07 O 2 dcomw A2
Subst, risk ;. upper bounds on commodity pa- L2 L2 L2
rameters

The NPV, total CAPEX, and LCOE simulation results for the scenarios in Fable-22-Table 3 are provided in Figs. 5 and 6,
respectively. The effects of the commodity price volatility and increasing time exposure increase the tails of the distribution
while slightly reducing the peak cost. A greater impact is noticeable in NPV, which shows a clear shift in the mean of the
distribution driven by favorable or unfavorable financing costs coupled with increasing negative tails for the SC3 scenario.
When combined into the LCOE calculation, it is clear that increasing risk profiles drive a fundamentalshift in the cost structure
of the project. The median of the SC 2 scenario is near the (deterministic) baseline LCOE of €67.3/MWh with a mean value
of €69.3/MWh. By comparison, essentially the entire distribution of the higher risk SC 3 scenario is above the baseline value
of LCOE, with the mean now at €77.5/MWh. This increase of around 12% is on the lower end of the reported 10-50% cost
increases faced by offshore wind projects between 2021 - 2023 that directly led to cancellations of projects in Europe and the

U.S. (and does not include effects from additional macroeconomic factors or the remaining uncertainty sources in Table 2)

(Fuchs et al. (2024)). Supply chain risk can
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375 4.2 Long-term asset viability - Through-life decision making
4.2.1 Review

Wind turbines are typically designed for a nominal lifetime of 20 years for onshore installations and 25 years for offshore in-
stallations, in accordance with HEC-International Electrotechnical Commission (IEC) standards (Internatlonal Electrotechnical
Commission (2019a, b)). In Europe, atarge-sh

380 itsnominal-designlifetime—Current-estimates-indicate-thatbetween approximately 60 GW (WindEurope (20250)) and 80 GW

(WindEurope (2025a)) of installed capacity will reach the end of design life in the coming years. The nominal design lifetime,

however, does not necessanly define the actual end of operatlonal life. {ﬂ—maﬂy—eases—eeﬂfmﬁed—epefaﬂeﬁ—beyeﬁd—ﬁﬁeﬁrﬁed

385

Through-life decision-making is-

a set of interrelated technical, regulatory, and economic deeisions-considerations that determine whether operation-beyond-the

390 process;assets-may-be-assets are decommissioned, repowered, refurbished, or operated under a lifetime extension framework:

LTE) framework. The underlying uncertainties are relevant throughout the asset lifetime, even though they become most

consequential in late-life phases.
From a technical perspective, wis

while—structural integrity frequently permits continued operation beyond the design lifetime, because actual site-specific
395 operating-conditions-loads are often less severe than these-assumed-the conservative assumptions used in design. As-a-result;

of-actual-Monitoring of operational conditions and accumulated loads can reduce uneertainty-in-modeling-assumptions-and
suppeort-the-this uncertainty and support verification of safe continued operatlon (Nielsen et al. (2019)).

If structural integrity can be ensured,

400

rehability-is-eritical-forlate-life phases;andlead to increasing failure probabilities (Carroll et al. (2016); Donnelly et al. (2024); Dinwoodie
405 ), and epistemic uncertainty in reliability—charaeteristies-post-design-life failure rates can substantially influence economie
eufeemes—%nﬁxddiﬂma—aefedwwﬁ%epeﬁeﬁﬁane&mﬁmamtenance costs and availability. Aerodynamic performance ma

further degrade due to blade erosion

agetng-turbines-(Malik and Bak (2025)).
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435

440

studies-indicate-thatintra—and-inter-farm-wakeJosses-can-evolving wake effects that may reduce AEP by approximately 5—10%
i i j e-5—18% under future high-deployment sce-

narios m—fegieﬂs—sueh—as—fhe—Nefﬂa—Se&(van der Laan et al. (2023) Borgers et al. (2025)) Tegeme%e—ﬂeﬂ-sfa&eﬂaf&y—ef—wmd

is not governed by a harmonized regulatery-framework in Europe;-a
is-subject-to-national-erregional-regulations-that-; national regulations differ in scope, strmgency, and enforcement and may

evolve over time (Ziegler et al. (2018)). Reg

%hfeuglﬁrlgmpermlttmg, 1nspect10n certification, and documentatlonebhgaﬂeﬂ&ﬂndﬂﬂﬂﬁeﬂeeeeeimmie—w&bﬂw
-
affect technical feasibility, while decommissioning and removal fequemeﬂ%s—imfedﬂee&fufﬂ&e%eeeﬂefmeﬂslegpy\g@ggg&
particularly for offshore assets—Regulatory-uneertainty;—therefore;represents-a-regime-level, introduce additional economic

risk that can materially-influence lifetime extension decisions independently of the technical condition of the asset.

Economic uncertainty in late-life phases is pri

driven by refurbishment scope and
costs, which are typically identified only after detailed inspections and eendition-assessments-and-vary widely across turbines,

RRRRAANARA
sites, and regulatory contexts (Ziegler et al. (2018)). The absence of standardized refurbishment pathways renders cost es-

timates highly project-specifican
extended operation, OPEX is further subject to uneertainty-arising-from-the ageing-related rehablhty degradation;-and spare-
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445 projected-economic-outeomes-and-timit-uncertainties described above, limiting the applicability of deterministic cost assump-
tionsin-lifetime-extension-assessments.

IEC 61400-28 (Internatlonal Electrotechnical Commission (2025)) provides a technical framework fer-threugh-life-asset
i ifeti i &W@accumulaﬂon 1nspect10naﬁd—meﬂﬁefmg

450

455

460

, probabilistic
fatigue-economic optimization (Nielsen and Sgrensen (2021)), and techno-economic frameworks integrating structural degradation

with economic evaluation (Yeter et al. (2022)). These approaches suggest—m that moderate reductions in target re-
465 liability may be economically acceptable

470 of the relevant uncertainties.

475 eapturedTable 4 summarizes the key uncertainty domains, their associated risks, and relevant time horizons. Late-life decision-

making ;

spans aleatory, epistemic, and regu-
latory s-and-uncertainty across multiple time horizons, f&ngmgfrom early-life desrgﬂﬁadrfatlgue accumulation to short-term

operational decisions and long-term




480

these dimensions in isolation rather than jointly.

financing risk, and existing frameworks typically address

Table 4. Key uncertainty dimensions in through-life decision-making, becoming most relevant in late-life phases, mapped to uncertainty

type, decision risk, and time aspects. A: Aleatory, E: Epistemic, R: Regime.

Dimension Uncertainty source Type Risk Time horizon
Structural integrity /re- Remaining fatigue budget; crack E Unsafe continued operation; unex-
maining life growth; site-specific loads vs. de- pected life-limiting findings; un- through—Tifetime
sign assumptions; effects of past planned refurbishment costs Operation _ through
operational strategies lifetime extension
Reliability and mainte- late-life phase failure rates; repair A, E Higher downtime and O&M ex- Late-life  phases
nance process times (MTTR); logistics delays; penditure than expected; cascading assessment &
spare-part availability failures; availability lifetime extension
Energy yield during Performance degradation (e.g. A,E,R  Revenue shortfall; inability to meet Late-life  phases
late-life operation blade erosion); availability-driven financial or contractual perfor- assessment &
production loss; curtailment im- mance targets lifetime extension
pacts
External conditions Long-term wind resource shifts A, E Biased energy yield projections
evolving wake interactions Mid—to—ong-term
Regulatory and legal Requirements for continued oper- R, E Project becomes non-permissible; Late-life deeision
ation; inspection and certification unexpected compliance or decom-  and—assessment &
scope; decommissioning and re- missioning costs; schedule delays end-of-life
moval obligations; liability alloca-
tion
Market and cost envi-  Electricity price and support- A, R Revenue volatility; adverse eco-
Mid—to—long-term

ronment

scheme changes; inflation; contract

terms

nomics despite technical feasibility;
inability to secure services or fi-

nancing

1<)

Operation_ through

4.2.2 Impact assessment




lifetime extension as a representative through-life decision- making challenge The analysrs is-intended-to-demenstrate-demonstrates

how plausible variations in key

490

performanece;refurbishmentrequirementsenergy yield, refurbishment effort, and system reliability during thelifetime-extension
periodextended operation propagate to project-level NPV and LCOE.

Each scenario defines:

— a stochastic production modifier applied uniformly across the LTE period,
495 — a stochastic refurbishment cost uplift applied as a one-off cost at the start of LTE,
— adeterministic shift in system reliability parameters during the extended lifetime.

Production and refurbishment uncertainties are modeled as aggregated normal distributions, representing scenario-level

uncertainty rather than individual risk realizations. For a given scenario s:

X/(xiz)P N(M?Epa ?Ep)a (1)

500 X\ ~ N (uRef, oRer) )

s 1S

The sampled modifiers are applied as:

Production,g; = Productionpsse - (1 + Xfé%) , 3

CRef = CRef, base T XI({zz . (4)

In each Monte Carlo iteration, one random draw from X&EP and Xl({ii is applied uniformly across all LTE years, reflect-

505 ing scenario-level uncertainty in energy yield and refurbishment costs. The corresponding assumptions for production loss,

refurbishment uplift, and extension duration are summarized in Fable-5Table 5.
Uncertainty in future reliability is captured through (letgv@@igg&scenaﬁo—dependent shift&ef—eempeﬂent—failufeﬁtes

is-implemented-as-a-multiplicativefactor-multipliers on baseline component failure rates, applied only during the extended
510 tifetime—This-approach-LTE period. This reflects the expectation that ageing-related-mechantsms—such-as-wearof-mechanieal
components;-accumulated-fatiguedamageageing mechanisms (wear, fatigue, corrosion, and-blade-eresion;-blade erosion) be-
come increasingly relevant beyond the design life. Failure rates during the original design life --while-preserving-thereliability

22



attors—remain unchanged.

515 The complete scenario definitions, including production, refurbishment, reliability, and extension duration assumptions, are
summarized in Table 5.

Table 5. Lifetime extension scenarios and associated quantitative assumptions.

AEP modifier = Refurb uplift Failure-rate Ext.

Scenario Interpretation
(1,0) [%] (,0) [€/turb.]  mult. \;rg [yr]
Baseline (No LTE) (0.0, 0.0) (0,0) 1.00 0
. . Limited
oinaldesi fife:
additional—uneertainty—No

EOL 1 — Moderate degradation-  Conservative exten-  (—2.0,1.0) (1.5M, 0.5M) 1.5 8
sionwith——; __moderate
production degradationand

». limited _ refurbishment,

increased ___maintenance
frequency
EOL 2 - Substantial degradation- Aggressive extensionwith (—6.0,2) (5M, 2M) 2.0 5

i__pronounced  produc-

tion lossand——major
et es e
major refurbishment,
higher failure intensit
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Figure 7 shows the distribution of total project NPV and LCOE for both the baseline case and the lifetime extension scenario.
As expected, extending the operational lifetime of a wind farm is a powerful lever to increase project value and reduce the
levelized cost of energy. Continued operation of an already depreciated asset allows additional production at comparatively
low marginal cost, thereby lowering LCOE and increasing cumulative revenues. In addition, the postponement of typically
substantial decommissioning costs further improves project economics. This should not be interpreted as an absence of through-
life risk, but rather-as an illustration of how late-life decisions can redistribute risk across timeand-uneertainty—dimensions.
The results indicate that the-economic-outeome-of-antFE-projeet-LTE outcomes can vary substantially, with a spread on
the order of € 100 M in NPV or about €4/MWh in LCOE for the considered case. This shews-that-through-life-deeisions
s-illustrative experiment does not
account for several-impertant-sources-ofunecertaintyineluding-electricity price volatility, inflation, regulatory risk, or the-risk
of-eatastrophtefathires—Futare-catastrophic failures; future work should therefore focus-on-integrated-methods-thatsupport

address through-life decision-making under the combined uncertainty dimensions summarized in Fable-4Table 4.
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Figure 7. NPV and E€oE-LCOE for different EOL-Seenariosend-of-life scenarios

4.3 Long-term asset viability - Curtailment

4.3.1 Review

With the increasing share of variable renewable energy (VRE) in power systems, production-peaks-oceur-morefrequently,for

tﬂs%&ﬂee—duﬂﬂg—peﬂeds—ef—high—wmd—efﬁaﬂd—ﬁmﬂyday&curtaﬂment of wind and solar generation is a growing concern (Global
Wind Energy Council (GWEC) (2025)).




540

A-furthersouree-of curtailmentarisesfromeonstraints-Curtailment reduces ener: roduction, erodes revenues, and introduces
545 uncertainty that is difficult to anticipate at the project level. We distinguish three main types: (i) transmission-constraint

curtailment, arising from insufficient grid capacity; (ii) market-driven curtailment, triggered by negative electricit

550 -
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ight) Distribution of monthl

erid-designand-Transmission-constraint curtailment occurs when local or regional generation exceeds the capacity of the grid
555 (Agbonaye et al. (2022); EirGrid TSO and SONI TSO (2024)). Grid capacity must develop acecordinglyHowever, uncertainties
in-grid-developmentand-expansionin pace with renewable deployment, yet uncertainties in the timing and scope of reinforcement
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590

remain a critical challenge-

rojected European redispatch volumes range from 165 to 344%%%@39—&&61%6{%244%&809 TWh by 2040 ;—de-
pending on the leve

sinee-September2024—(International Energy Ageney(2025)expansion scenario (Thomallen et al. (2024)), and congestion is

already acute in several countries (International Energy Agency (2025); SMARD — German Electricity Market Data (2024)).
The resulting i 3 A are g a a are a

m%wm(Mam(Eernd TSO and SONI TSO (2024))—the19efeeﬁeageef%1égeﬂef&&efreuﬁaﬂed
- in 2023, wind
energy-production-was-reduced-by-only-grid-driven curtailment ranged from 0.3% in the South East of-Jreland;—while-it-was
eonstrained-by-to 11.4% in the North West —Fhese-di i tations i

sf&bfhtyieﬁepe%afefs—#eﬁlei%uﬁafhﬁeﬂ%e#meﬁefgy . Ireland until recently), and frequent curtailment can lead to
high balanei
wasted-or-underutitized-system balancing costs (Kerr (2025)).
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625

). The frequency of negative prices has increased in-ecountries-with-high-wind-or-selar PV-penetration;-across high-penetration
markets such as Germany, Denmark, and the Netherlands —Figure-(Figure 8shows-the-annual-distribution-of-monthly-negative

left; Ember (2025)), making curtailment an economically rational response. Market-driven curtailment can significantly
impact arpfejeee—s—ﬂeﬁafeseﬁf—va}u(% roject NPV and bankablhty, and epef&&eﬂa}ﬂﬂehabﬁ&fdue%wedﬂeed—avaﬂabﬂﬁy

and«p%gphase—ef—a&w&d«faﬂﬂ—a&%heyﬁaywyvaffect the ab111ty to secure PEA:S—Gst—efefhefc—ef&faemalragfeemeﬂ%&
ower purchase agreements (PPAs) or contracts for difference (CfDs) (Gonzalez-Aparicio et al. (2022)).

These-impacts-are-particularly-evident-Wildlife-related curtailment is imposed to mitigate bat and bird fatalities from blade
collisions and barotrauma, particularly during seasonal migration periods-and-under—specific-meteorological-conditions—suech

)%msemefheds—fe}yﬁﬂ»and low-wind conditions (Cryan and Barclay (2009); Friedenberg and Frick (2021)). Regulatory frameworks
mandate operational restrictions such as raised cut-in speeds or seasonal shutdowns (European Commission, Directorate-General for Envirc
, though smart curtailment strategies using real-time o indi ivi i i
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seographic-and-climatie-eontexts-bat activity indicators can reduce AEP losses relative to blanket shutdowns (Hayes et al. (2023); Gottlieb ¢
. Reported AEP losses are typically < 1%—-3% (Hayes et al. (2023); Whitby et al. (2021); Behr et al. (2017)). As wildlife curtailment

2

630 affects a different operational regime (low wind speeds) than transmission or market curtailment (high wind speeds), it is not
included in the quantitative assessment below.

635

640

of-eurtattment-Table 6 summarizes the curtailment uncertainty dimensions discussed.
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Table 6. Key uncertainty dimensions in wind energy curtailment, mapped to uncertainty type, decision risk, and time aspects. A: Aleatory,

E: Epistemic, R: Regime.

Dimension Uncertainty source Type Risk Time horizon
Transmission con-  Grid capacity relative to renewable E, R Loss of production; biased revenue
straints deployment; timing and scope of projections - Mid—toong-term
grid reinforcement; regional bottle- Operation
necks; interconnection availability
Market-driven curtail- Frequency and duration of nega- A,E Revenue erosion; reduced project
ment tive electricity prices; price volatil- returns and bankability Short—to-mid-term
ity under high VRE penetration; Operation
demand flexibility and storage de-
ployment
Wildlife-related Seasonal _shutdown_requirements: AR, E_~ Systematic _ AEP __ reduction: Operation
effectiveness of smart curtailment
conditions
Short-term curtailment Month-to-month or hour-to-hour A Cash-flow volatility; mismatch be-
variability variability in curtailment driven by tween expected and realized rev- Short-term
weather conditions —and demand enues increased-downside risk- Operation
fluctuations
Regulatory and com- Rules for redispatch compensation; R, E Sudden revenue loss; stranded as-
pensation schemes cost-based versus market-based sets; increased regulatory risk pre- Poliey ——eyeles
compensation; policy changes mium FHidetime
Development &
operation
Location-specific exposure to con- E
Wildlife-related gestion, price zones, and ecological subeptimal-Suboptimal siting and  Besign—and—siting
curtailment constraints; interaction with neigh- design of projects phese-Development
Seasonal——shutdown boring renewable projects & financing.
requirements;——eut-ti
f‘peed eeﬂf‘tf']iﬂff';
4 stratesios:
ﬂ{e-%peel-ﬁ%eee}eg’r&&}f S i =
~onditions A— R
E—Systematie—AEP.
cduction: certaint 29
. . stss
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4.3.2 Impact assessment

Curtailment is modeled as a system-level loss mechanism that-refleets-reflecting both persistent structural conditions of-the
pewersystem-and short-term operational variability.

ton—For a given month m, curtailed

production P is computed as
Pﬁlurt =cm Pm7 (5)

where P,, is the uncurtailed production and ¢,, € [0,1] denotes the fraction of energy curtailed during month m. Depending on
the case, ¢, either represents the transmission constraint level or the ratio of hours with negative electricity prices per month.
The curtailment fraction is modeled using a hierarchical stochastic formulation:
Cm | @, 0 ~ Gamma(a, 0), (6)
a,0 ~ pla,d). ™

The model separates two
uncertainty sources. Epistemic uncertainty feﬂeef&}ﬁﬁﬁedﬂew}eégeﬂ%ﬂﬁm the long-term curtailment regime apphe&b}e—te
a-given-projeet-and-s represented through 4 i ] eters e es

atn-predefined ranges of the Gamma parameters
a,#), sampled once per simulation and held fixed over the project lifetime —Variationranges-of 10%-around-the-defined-value
afe—assumeﬁeﬂ}usffafe—fheﬂﬂeeﬁafﬂ{y—w&ﬂﬂﬂ—fheﬂﬁmbuﬁeﬂ variation ranges of £10% around scenario values) Conditional

on this regime, aleatory uncertainty i

distribution-eapturing-captures irreducible month-to-month varlablhty due-to-fluctuating-system-conditions—
through Equation (6). The Gamma distribution is chosen for its ability to represent positively skewed loss processes.

jr“he—deﬁm&eﬂf)#&xe—fegﬁﬂes—rs informed by two empmcal drlversebsefved—m—%ifepeaﬂpeweﬁystefﬂs (1) geegmph&eaﬂy

spatially heterogeneous transmission constraintsan

data for 2021-2024 (EirGrid TSO and SONI TSO (2024))mdteafeﬂ—“ﬂdeﬁpfead—e§euﬁmﬁﬂaﬂeve}&aefess%mw&—meﬁvaﬂng
the-definition-ofthree-regimes-representing-, motivating three regimes of low, medium, and high transmission-constraints—
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680

Market-driven-curtailment-regimes-are-motivated-by-grid constraints; and (ii) cross-country variability in the-frequeney-of

wind-energy-projeets—negative electricity price frequency across Europe, motivating two market-driven regimes with contrastin
rice volatility. The resulting scenario definitions and-eerrespondingparameterranges-are summarized in Fable7Table 7.

Table 7. Curtailment regimes representing epistemic uncertainty in system-level curtailment conditions. Distribution parameters were derived
from data detailed on Figure 8, where monthly number of hours has been converted in monthly % of time, and monthly curtailment level is

expressed in %.

Scenario Interpretation Shape parameter range (o) Scale parameter range (6)
CO — Reference No curtailment. [-,-1 [-,-1

C1 — Low transmission con-  Successful grid development [0.4, 0.5] [1.5,1.8]

straints and high flexibility.

C2 — Medium transmission  Successful grid development [0.7,0.9] [4.0, 4.9]
constraints with important geographi-

cal mismatch between pro-
duction and demand, which

requires extensive transmis-

sion.
C3 — High transmission con- Renewable deployment [1.4,1.7] [6.0, 7.3]
straints outpaces grid reinforcement

and flexibility. Geographical

constraints.
C4 — High variability in mar-  Increasing renewable share [1.4,1.8] [4.6,5.7]
ket curtailment causes weather-driven gen-

eration peaks, with no stor-

age solutions.
C5 — Medium variability in Deployment of  storage [2.3,2.9] [1.6,2.0]
market curtailment technologies reduces price

volatility and the frequency

of negative electricity prices.
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Figure 9. NPV (left), LCOE (middle) and Lost Energy (right) distributions for scenarios.

Figure 9 shows the distribution of project NPV, LCOE and total lost energy for each curtailment scenario. The results
are based on the assumption that curtailed energy leads to lost revenue for the project owner, with no compensation scheme
considered. As such, the analysis primarily reflects the economic loss, which in practice would not necessarily be carried by
the operator alone.

The results indicate that curtailment introduces substantial economic risk. Project NPVs are shifted by several hundred

million euros across scenarios and exhibit a wide spread within individual scenarios. This-confirms-that-curtailmentrepresents
ing-Depending on the compensation meehanisms;

mechanism, curtailment at these levels can render projects economically unviable. From an energy system perspective, curtailed

production also represents a significant inefficiency, as this energy could have been generated at near-zero marginal costand

4.4 Reliability gaps in major non-redundant components

4.4.1 Review

Wind turbine reliability is central to performance optimization and cost control, yet various indicators are used in the literature

to assess thereliability-of-both-the-system-and-its-components-it at both system and component level (Walgern et al. (2025)).
Despite efforts to develop consistent data collection practices —methodologies;-and taxonomies (Hahn et al. (2017)), there is

32



705

710

715

720

725

730

735

still no uniform standardization in the definition of reliability indicators, failure events, analysis-ef-field-data;-or-components
fatlores-that-would-apply-or component classifications across turbine types (van Kuik et al. (2016); Cevasco et al. (2021)).
Among the reliability indicators used in wind turbine studies, the average annual failure rate per turbine is the most widely
reported, due to its simplicity and direct applicability in O&M analyzesanalyses. However, reliance on this parameter may
hide substantial epistemic uncertainty associated with its estimation. Identical average failure rates can arise from datasets of
different sizes. For example, an annual failure rate of 0.5 may be derived from 500 failures observed over 1,000 turbine-years
or from 15,000 failures over 30,000 turbine-years. While the mean is the same in both cases, the statistical confidence in the
estimate differs. Methods to quantify this uncertainty through confidence intervals or similar measures have been proposed
in the literature (Fischer et al. (2018); Walgern et al. (2025)), yet such information is rarely reported in publicly available
reliability databases. As a result, failure rates are often treated as deterministic inputs in O&M models, despite being derived
from limited or heterogeneous datasets. %ummaﬂ%eﬂ—eh&maverage failure rates éfm}ufe%—peﬁ&}fbm&pefyeaﬁ

reported in 12 publicly available databases v

rates-span-(Table A1) shows values spanning from 0.434 to 46.856 failures/WT/year, with the highest value likely representing
an outlier due to SCADA-alarm-usage-or-a-veryshort-survey-periodsupervisory control and data acquisition (SCADA) alarm

usage. Following the approach of Dao et al. (2019), the datasets were clustered
ba%ed—eﬂ—wmd—fafmb&locatlon observation period, and mean ratmgilihe ; the resulting coefficients of variation are-shown-in

illustrate how these factors contribute to

lack of uncertainty characterization introduces epistemic uncertainty inte-fatlure-rate-assumptions;-which-that can propagate
into biased estimates of intervention frequency, downtime, and everall-O&M costs (Grife et al. (2025); Donnelly et al. (2024

)

Beyond statistical uncertainty in failure-rate estimation, a major source of epistemic uncertainty arises from heterogeneity
across turbine fleets and study contexts. Reported failure behavior has been shown to depend systematically on turbine technol-
ogy, drivetrain concept, rated power, manufacturer, and site conditions. Walgern et al. (2025) analyses large multi-fleet datasets
and demonstrate OEM-speetfie-original equipment manufacturer (OEM)-specific differences in average annual failure frequen-
cies normalized by installed capacity. Reported values range from approximately ~ 1.5 to ~ 2.5 failures/MW/yr for onshore
turbines, and from ~ 0.7 to ~ 1.6 failures/MW/yr for offshore installations, highlighting substantial differences even after
capacity normalization. These differences are attributed to a combination of design characteristics, component selection, op-
erational environment, and maintenance strategy rather than random variation. Similarly, Reder et al. (2016) report systematic
variations in failure rates at both system and component levels as a function of turbine power rating (Table 11), while Tavner
et al. (2013) show that turbines of identical design installed at different sites can show different failure behavior. Despite this

evidence, O&M modeling, especially in research contexts, in practice often relies on publicly available datasets that aggregate
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observations across manufacturers, sites, and operational contexts, due to the limited availability of homogeneous fleet-specific
data. Due to the commercial sensitivity of reliability data, few recent large-scale datasets are publicly available, and many stud-
ies continue to rely on data collected prior to 2015, such as Carroll et al. (2016). The transfer of such aggregated failure-rate
assumptions to a specific project therefore introduces epistemic uncertainty. This can lead to misaligned maintenance strategies
and biased O&M cost estimates.

In addition to uncertainty in the overall frequency of failure events, substantial epistemic uncertainty exists in how failures
are distributed across major wind turbine assemblies. Artigao et al. (2018) conducted a comparative analysis of 13 reliability
studies and failure databases and developed a unified turbine taxonomy to enable consistent comparison across datasets. Large
discrepancies were observed in the relative contribution of individual components to total failure counts. For example, the re-
ported share of generator-related failures varies from approximately 3% to 23% across the analyzed studies. Similar variability
is reported for other major assemblies, indicating that the component-level failure distribution is highly sensitive to dataset
composition and study context. This uncertainty is particularly relevant for O&M decision-making, as different components
are connected to different repair times, logistics requirements, and costs. Consequently, two systems with similar overall fail-
ure rates may exhibit substantially different OPEX and availability outcomes depending on how failures are distributed across

components.

The bathtub curve is frequently used as a conceptual model for the-temporal-evelution—offailurerates—This—coneeptis

MO o o

anre O de P A N h = h I h

bathtub shape
at the system level. Component-specific analyses reveal non-stationary behavior, including elevated early-life failure frequen-

cies er-and age-dependent trends—Walgern-et-al{(2025)forexample-demonstrate non-stationary-failure-behavior-over-turbin

substantially-between-subsystems, that differs substantially between subsystems (Walgern et al. (2025); Faulstich et al. (2011
, as illustrated by the WinNER database (Figure 10; Electric Power Research Institute (EPRI) (2024)).
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Figure 10. Key components failure rates from the WiNNER database (Pulikollu et al. (2023, 2024); Pulikollu and Han. (2021)).

In O&M modeling, failure occurrence is typically represented using assumed statistical distributions, most commonly
Weibull formulations, which implicitly impose assumptions on the temporal structure of failures. As shown by Scheu et al.

770 (2017), these distributional choices can have a significant impact on model outcomes: even when average failure rates are iden-
tical, different failure-time distributions lead to substantial differences in simulated wind farm availability. This demonstrates

that such models should be interpreted as simplifying representations under uncertainty rather than as empirically validated
descriptions of failure mechanisms. Consequently, assumptions regarding the temporal distribution of failures constitute an

important source of epistemic uncertainty in O&M simulations.

775 In addition to epistemic uncertainty, wind-turbine-eperation-is—subjectto-aleatory variability in the-eccurrence-of fatlure

failure occurrence means that otherwise identical projects
may experience substantially different maintenance histories -downtime-and-O&M-and costs purely due to random variationin
failure-oceurrences—Consequently;reliability-driven—, Reliability-driven O&M assessments must therefore be interpreted in
780 probabilistic terms;rather-than-as-deterministic-foreeasts-of-operational-outeomes.
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Table 8. Key uncertainty dimensions in wind turbine reliability, mapped to uncertainty type, decision risk, and time aspects. A: Aleatory, E:

Epistemic.
Dimension Uncertainty source Type Risk Time horizon
Failure-rate estima- Limited observation periods; E Biased O&M cost estimates;
tion small sample sizes; incom- under- or overestimation of in- Fhroughout
plete failure reporting; lack of tervention frequency Hifetime
confidence intervals in public Operation
datasets through _lifetime
Cross-study and fleet Differences in turbine tech- E Transferability errors when
heterogeneity nology, OEM, drivetrain con- calibrating models to specific Fhroughout
cept, power rating, site condi- projects; misaligned O&M lifetime
tions, and maintenance strate- strategies Operation
gies across datasets through _lifetime
Component-level Uncertain allocation of failures E Misidentification of cost- and
failure distribution across major assemblies; vari- downtime-critical components; Fhroughout
ability in component contribu- inefficient spares and logistics lifetime
tion to total failures planning Operation
through _ lifetime
Temporal evolution Non-stationary failure be- A, E Mismatch between assumed and
of reliability haviour (infant mortality, actual failure timing; distorted Early —and—late
ageing, wear-out); unclear availability projections life——COperation
component-level trends over through_ lifetime
time extension.
Data taxonomy and Inconsistent definitions of fail- E Systematic bias in model cal-
definitions ure events, components, and as- ibration; limited comparability At—meodel
semblies across databases of studies catibration
Development &
financing
Failure  occurrence  Stochastic variability in the tim- A Project-specific deviations in
variability ing and number of failure events O&M costs and downtime; Fhroughout
for a given project, even under residual economic risk despite lifetime
identical failure-rate assump- accurate parameter estimation Operation
tions through _ lifetime
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Thereview-highlights-that-As summarized in Table 8, wind turbine reliability is affected by multiple s-interrelated sources of
uncertainty, as-summarized-in-Table-8-A-substantial-share-of-these-uneertainties-is-predominantly epistemic in nature;-arising

Uncertainty in failure rates, faiture-their allocation across components, and fempeﬂﬂ—fdﬂﬂf&sfﬂiefﬂfe—ffdﬂﬂd{&iﬂteﬂiﬁeef%afﬂ{y
in-their temporal structure propagates directly into intervention frequency, downtime, and O&M expenditures. Fmpreved

4.4.2 Impact assessment

We model the impact of uncertainty around reliability of wind turbine components using the Markov chain based OPEX module

of WINPACT. The scope is limited to turbine-level components (drivetrain, blades, electrical systems, etc.); substructure and

cable system failures are not included in the current model, which is acknowledged as a limitation. Failure occurrence is
modeled using a two-level uncertainty framework that explicitly separates aleatory variability in the timing of failures from

epistemic uncertainty in the underlying failure rates. Aleatory uncertainty reflects the inherently random nature of failure events
given a fixed failure rate, while epistemic uncertainty captures imperfect knowledge of the true mean failure rate arising from
limited observation periods, inconsistent failure definitions and reporting, and the transfer of reliability evidence across turbine
generations, sites, and operational contexts. In the model, this epistemic uncertainty is represented by treating failure rates as
random variables rather than fixed parameters, with uncertainty described using Gamma distributions, which provide a flexible
and non-negative representation commonly used for rate parameters.

AHheme%hede}egi&&l—}evel—epﬁtemﬁMuncertamty in failure rates is implemented through a structured decompo—
sition of the coefficient of variation th

&ﬂuf&beha’ﬁer—%mﬂeefmfyt&me&diﬂdedr(CV) into a shared eempeﬂeﬂ%and an independent component. The shared

component re

captures coherent effects
— systematic biases in data sources, modeling assumptions, or the-limited—transterability-of-evidence—across—fleets—His
implemented-limited transferability — through a smgle multlphcatlve factor tsampled once per simulation realization-and
held constant over the simulated-lifetime. The i i

thiseonstraetion-independent component captures residual component-specific heterogeneity. A target CV is specified at the
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turbine level for each scenario, and the combined effect of shared and independent terms reproduces the-intended-coetficient
of-variation-this target at system level.

The scenarios presented in table-9-Table 9 represent different levels of uncertainty about failure rate assumptions. Scenarios
represent different assumptions about epistemic uncertainty, not properties of a specific turbine or project. We define three

main scenarios based on evidence from literature:

— Scenario R1 [Low variability]: Mature win

large Memgmwﬁeeﬂmpﬁe%%@w%estabhsbed O0&M }egsﬁes—aﬁekprocesses The

%MWM across three German wind farmseperating-EnereonE-33-and-E-32/300-turbines;

— Scenario R2 [Medium variability]: Representative of analyses-based-on-public or mixed-source reliability data—Variability
where variability arises from heterogeneous site-conditions;-differeneesin-O&Msites contractmg practices, and non-
to-. The CV is

informed by the V&H&brhtyeb%efved—ﬁrfh&CIRCE database (Reder et al. (2016))-and-isreperted-in-; Table 11).

uniform failure definitionsa

— Scenario R3 [High variability]: Representatlve of new wind-turbine models in early deployment phases—AHhﬁ—sfag&

with limited operational experience

. The CV is informed by the spread observed in datasets with short observation periods (less-than-five-< 5 years) and
turbineratings above 1MWs-as-summarizedin- MW (Table Aland-; Table 10).

Table 9. Failure-rate uncertainty scenarios grounded in offshore wind reliability literature and implemented as Gamma uncertainty on \.

Scenario Interpretation Failure rate \ (o, CV3,)
Baseline Baseline failure rates (no epistemic uncertainty) (1.00,0.00)
R1 - Low epistemic uncertainty ~ Large homogeneous fleet with mature wind turbine model, (1.00,0.30)

and fully established O&M logistics and processes.

R2 — Mid epistemic uncertainty  Typical public-data with mixed-sources: epistemic spread (1.00,0.50)
reflects cross-study differences, reporting and taxonomy
variation.

R3 - High epistemic uncertainty  Poorly observed turbines or contexts. Next-generation tur- (1.00,0.90)

bines without enough observation history or new technol-

ogy.
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Table 10. Coefficient of variation of failure rates by category

Category Subgroup CV

Europe 0.6
Location

Outside Europe 1.8

. <5 years 1.0

Observation years

> 5 years 0.6

<1MW 0.9
Mean rating

>1MW 1.2

Table 11. Data used for the SCADA Alarms and Failure Analysis (Reder et al. (2016))

SCADA System WT Make Technology Rated Capacity (kW) Nb of Turbines Failures per Turbine

1 A Geared 1500 55 0.709
2 B,C Dir. Drive 2000 57 0.632
3 D Geared 850 77 2.208
4 E Geared 2000 168 1.780
5 F, G Geared 1800-2000 83 1.313

Figure 11 illustrates the distributions of retpresent-valae- NPV, LCOE, and operational expenditure obtained for the different
failure-rate uncertainty scenarios. The results demonstrate that epistemic uncertainty in the specification of failure rates has a
pronounced impact on project economics. Even under the low-uncertainty scenario (SE1R1), the spread of economic outcomes
remains substantial, with a range on the order of € 400 M. With increasing epistemic uncertainty, the spread of outcomes grows

840 and the distributions exhibit pronounced long tails. Although such adverse outcomes are unlikely, they imply that unfavorable
combinations of assumptions can lead to very low or even negative project values. Ignoring epistemic uncertainty would there-
fore lead to a systematic underestimation of downside risk in investment decision-making and an overly optimistic assessment
of project robustness.

Figure 12 shows the corresponding distributions of farm availability and the number of corrective maintenance activities.

845 These results indicate that uncertainty in reliability assumptions propagates beyond economic metrics to technical performance

indicators. In higher-uncertainty scenarios, availability may decrease substantially, while the number of corrective maintenance
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actions can increase sharply in extreme cases. This reflects a system-level impact, combining lost energy production with

potentiallystress on maintenance resources and supporting infrastructure.
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Figure 11. NPV (left), LCOE (middle) and total OPEX (right) distributions for scenarios
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Figure 12. Availability (left) and absolute number of corrective maintenance interventions fer-(right) across scenarios. Shaded areas represent

kernel density estimates of the simulated distributions; wider regions indicate higher probability density.

faitlure-behavioremerges-as-akey-driverof-overall projeetrisk—The presence of uncertainty-driven long-tail risks is particularly

relevant for financing, insurance, and contractual risk allocation, for example in the context of O&M guarantees or availability-

based contracts.
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4.5 Inefficiencies in operations & maintenance

4.5.1 Review

O&M costs and downtime are fundamentally driven by two coupled factors: the reliability and maintenance requirements of
the physical asset, and the effectiveness of the organizational processes responsible for detecting failures, planning interven-
tions, and restoring operation. The reliability characteristics of wind turbine components and their associated uncertainties
were introduced in the previous section. In the following, we focus on inefficiencies within the O&M process itself and the
uncertainties that arise from them.

For offshore wind turbines, a generic corrective maintenance process can be described as a sequence of partly overlapping
steps. Following the occurrence of a failure, the turbine transitions from normal operation to a down state. This event initiates
a chain of activities including fault detection and diagnosis (performed remotely or manually), identification and procurement
of spare parts and specialized equipment, waiting for suitable weather windows, mobilization of crews and logistics, transport
to site, execution of the repair, and finally the return of the turbine to normal operation. Each step introduces delays and
uncertainty, and the overall downtime is typically dominated by access, logistics, and organizational constraints rather than by
the repair action itself.

Technological and process-oriented advances have been developed to reduce the time between failure and return to operation.
These include advanced monitoring, diagnostics, prognostics, and, more recently, preventive and prescriptive maintenance
concepts. While such approaches have the potential to improve O&M performance (Jardine et al. (2006)), their impact is not
uniform across the maintenance process. We therefore review the uncertainties and risks associated with these approaches from
a system-level O&M perspective. Fable+2-Table 12 provides an overview of these risks.

Several-types-of-Multiple monitoring and diagnostic systemsare-used-to-assess-the-condition-of-wind-turbine-components

or-the-turbine-as-a-whole—These-inelude-, including SCADA-based approaches;—which-infer-system-health-from-supervisory
and-operational-data-condition inference (Tautz-Weinert and Watson (2017); Wang et al. (2026); Chesterman et al. (2023)), as

vibration and oil-condition CMS (Kestel et al. (2025))—tn-addition;-btade-, and structural health monitoring (SHvH-methods
atm-to-deteet-damage-usingtoad-basedHaseeb and Krawczuk (2025)), modal-based;-acoustie;-or-strain-based-measurements

S ¢ al-is-aim to represent the true health state of the

practical-value-of-these-systems-turbine components. Their practical value depends not only on diagnostic accuracy but alse-on
how uncertainty propagates from data collection and-medeling-to decision-making and operational actions.
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Uncertainty i

ing-arises at sensing, modeling, and eperational
integration—Measurement-related-uneertaintiesstem-from-integration levels: sensor noise, ealibration-errorsr-and-environmental
ile-timi i agelea artia a slimited coverage, and partial observabilit

statistics that may miss
transient faults (Wang et al. (2026); Kestel et al. (2025)); and sensor degradation over time if models are not actively main-

tained.

Model-based appfeaehes—me}udmgdigﬁa%%%eeﬂeepﬂ—mayﬁﬂ&edue&and data-driven approaches introduce additional
uncertainty through modeling simplifications,

appfeaehes—af&fyptea}}yfmﬂieekeﬁda&fepfeseﬂﬂﬂgspeerﬂel mited fidelity, and poor transferability across turbines, sites,

o—and control configurations
—At the operational

level, algorithmic detection latency aﬂsmg—ffefrrda%aﬁfeeessmg—aﬂdreMﬁewafw&{hfeshe}dﬂompounds with system-level

latency

r-from weather, vessel,

and contractual delays, so that improvements-in-information-timeliness-faster diagnostics do not translate linearly into reduced

downtime.
Failure Detection-detection uncertainty affects process performance in two ways: false positives lead-to-tinneecessary-inspeetions;

stoppages;-or-technieian-dispateh;-and-thus-immediate-trigger unnecessary interventions and availability losses, whereas false
negatives erdelrayeelfleteeﬂeﬂs—mereaseﬂﬁebyﬁaabhﬁgenable secondary damage or catastrophic failures. G%FaH—eeeﬁemieaHy

deetstefhmakmg—pfeeesses—&nd—ﬁieeeﬂﬂﬂﬂed—demmaﬂeeﬂf—Because logistics and access constraints %%seqﬂem}ym
dominate total downtime, diagnostics constitute a necessary but not sufficient condition for reducing O&M dewntime-Effective

Diagnostic outputs are typically provided as
alarms, health indices, degradation-states;-or remaining useful life (RUL) estimates ;rather than as decision-relevant risk metrics

fha&e*phet&y—hﬂe%fault probablhtles to consequence severityand-optimal-actions—Consequently;-uncertainty-associated

. Confidence bounds are rarely propagated into the

decision layer }eadmgdeerﬂeﬂ-maktﬂg Nwm\lggvmto rely on static thresholds and heuristic rules -
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pre-posterior

mpm%deaﬂmwﬂﬂd—hfﬁeye}efesﬁhfeughe*phewdeaﬂeﬁﬂﬂes—&némodels Nielsen and Sgrensen (201 1)), address this ga
in principle but have been demonstrated

realistic logistics and organizational boundaries remains an open challenge.

Horing— iston-making,—maintenance-Maintenance execution and weather-dependent accessibility are
sintroduce aleatory uncertainty.
Empirical studies show that-effshererepair-durations-exhibit-strongly right-skewed ;heavy-taitedrepair-duration distributions
(Dao et al. (2019)) mmmmmmweamer lock-in, vessel unavailability,

&mmmﬁqswwwmmmm&down-

results—in-These interactions produce heavy-tailed downtime distributions that cannot be captured by mean process parame-
terSﬂeHmeaw&ﬁmwepw Process matunty standardization;-and advanced access concepts can feéueemeaﬁde}ays—&nd

ompress but not eliminate
these tails, implying that modeling approaches must explicitly represent this stochasticityand-translate-it-inte-economically

Organlzatlonal coordination eenstititesis a significant source of eplstemlc uncertamtymﬂff%hﬁfe—wmdﬁ&M—&%—&detefmme%
ors. Fragmented
WW OEMs, and service prov1ders %Veﬁwheﬁ%eehmed}%ﬂ%deteeﬁeﬁﬂﬁekdmgﬁeﬁs—afeeeﬁee%

lead to coordination delays, repeated

site visits, and prolonged diagnosis-to-fix cycles —V (Borsotti

et al. (2026); Hadjoudj and Pandit (2023)). Contractual a

dewntime-when-misalignment of incentives and separate management of turbines, balance-of-plantcempenents, and marine op-

further increase system-level
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955 downtime (Hawker and McMillan (2015)).
> Iindl p ational effiei .
The absence of widely adopted in

proeesses-Hmitsfailure taxonomies and maintenance standards, a limitation already noted for reliability data in Append1x A,
restricts cross-farm learning and benchmarking (Hahn et al. (2017)). Fhi

960 access—and-information-Information asymmetries between OEMs, owners, and service providers ;-as—diagnostic—data—and

further limit the availability of integrated failure, operational, and cost datasets (Paquette et al. (2024); Shafiee and Sgrensen (2019

965 )\NSQJ\}EE eplstemlc process uncertainty persists —a%empmeal—ewdeﬂe&eﬁbe%-pfaeﬁeegg@m@vtg\
%WMM@M&IWWWWM
and digital twin concepts face a persistent gap between demonstrated technology readiness and operational deployment (Paquette et al. (202

. Integration with legacy SCADA and control infrastructure, limited field validation data, and emerging cybersecurity risks

970 from increased connectivity represent additional barriers that can delay or diminish the expected benefits of digitalisation in
O&M practice.

4.5.2 TImpact assessment

To evaluate the uncertainty arising from inefficiencies in O&M processes, we use the OPEX module of the-WINPACT.
This Expertment-experiment isolates inefficiencies in wind farm O&M execution while holding component reliability con-
975 stant. The aim is to quantify how operational processes, rather than failure behavior, drive availability, OPEX and thus the
economic project performance. The scenarios represent (i) variability in repair-exeeution-mean time to repair (MTTR), (ii)
logisties-and-spare-part-delays-mean time to wait for logistics and spare parts (MTTW), and (iii) access limitations driven by
sea-state operability and weather-window decision making. Failure rates are fixed at baseline values across all scenarios. In the
model these parameters determine the transition rates between the states of the underlying Markov model.
980 Baseline process parameters are read from the O&M input data and modified per scenario using a multiplicative mean-shift

factor o and a lognormal uncertainty term with standard deviation o
0 =10 ap- X, Xy ~ Lognormal(0,0y), (8)

where § € {MTTR, MTTW/}. Accessibility is represented by an hourly access probability paccess and modified via a scenario

factor au,:
985 Paccess = Paccess,0 * Op- (9)
Scenario assumptions are summarized in Table 13. The P6-Reference scenario represents the baseline seenario-without

variation of O&M process parameters.
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Table 12. Sources of inefficiency in wind farm O&M processes, mapped to dominant uncertainty types and economic impacts. A: Aleatory,

E: Epistemic.

Dimension Uncertainty source Type Risk Time horizon

Monitoring and diag- Limited sensor coverage, data E Unnecessary interventions, delayed

nostics quality degradation, false alarms, fault detection, increased diagnostic Short-term—to
missed detections, model transfer- effort medium-term
ability across fleets Operation

Decision-making and Uncertainty in failure prediction E Suboptimal maintenance timing, in-

planning and RUL estimates, conservative creased corrective maintenance, re- Medium-term
thresholds, misalignment between duced availability Operation
diagnostics and maintenance plan-
ning

Maintenance execution ~ Variability in repair duration A Long-tail downtime distributions,
(MTTR), spare-part availability, high OPEX variability, revenue loss wherttomn
vessel mobilization delays, cam- Operation
paign interference

Weather and accessibil-  Uncertain weather windows, con- A Extended waiting times, lost pro-

ity servative access limits, imperfect duction during outages Short-term
decision rules for go/no-go condi- Operation
tions

Organizational coordi- Fragmented responsibilities be- E Prolonged diagnosis-to-fix cycles,

nation tween operators, OEMs, and repeated site visits, balance-of- Medium-term
service providers; limited learning plant downtime to——tong-term
and benchmarking Operation

Technology adoption TRL-to-field gap, integration chal- E Sunk costs, stranded digital tools,

Long-term

lenges with legacy systems, limited
validation data, cybersecurity and

compliance constraints

operational friction, insurance and

warranty impacts

Operation through

The P1 (High process uncertainty) scenario reflects immature or highly volatile offshore operations where repair execution
and logistics are strongly weather- and market-driven. Empirical downtime data show highly right-skewed distributions with
many short repairs but a small number of very long events that dominate average downtime (Faulstich et al. (2011)), while
vessel mobilization times of 30—60 days for offshore support and jack-up vessels indicate that logistics waiting can be extremely
variable (Donnelly et al. (2024)). The reduced access factor in P1 represents conservative access strategies dominated by €TV

crew transfer vessel (CTV) limits (1.5 m significant wave height), which constrain operability to these conditions.
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Table 13. Process-focused O&M inefficiency scenarios. Failure rates are fixed at baseline values.

Scenario Interpretation MTTR (o, 0) MTTW; (o, o)  Access factor o,
Reference Deterministic baseline (mean values  (1.00,0.00) (1.00,0.00) 1.00

only)
H-P1 — High process uncertainty Volatile offshore execution, immature  (1.00,0.55) (1.00,0.85) 0.90

logistics, conservative access strategy

12-P2 — Typical offshore operations  Industry-average  execution  with  (1.00,0.35) (1.00,0.50) 1.00
stochastic delays

13-P3 — Mature O&M processes Learning effects, framework contracts,  (0.95,0.25) (0.90,0.30) 1.05
improved planning and access

14-P4 — Best practice O&M Optimized logistics, campaign plan-  (0.80,0.18) (0.75,0.25) 1.10
ning, condition-based maintenance, ad-

vanced access

The P2 (Typical offshore operations) scenario reflects industry-average practice in which mean repair and logistics times
remain unchanged but stochastic variability persists due to weather, coordination delays and campaign interference.

The P3 (Mature O&M processes) scenario represents learning effects, standardization and contractual maturity, leading to
modest reductions in mean repair and logistics delays and lower variability. Such improvements are consistent with the gap
identified by Carroll et al. (2016) between conservative expert-assumed repair times and more efficient data-informed practices,
and with reduced exposure to high mobilization delays.

Finally, the P4 (Best practice O&M) scenario reflects optimized logistics, campaign planning, condition-based maintenance
and advanced access concepts. Literature shows that moving from CTV-based access to FSV-field service vessel (FSV) or
jack-up supported strategies expands the operability envelope through higher allowable wave heights (3—4 m versus 1.5 m),
justifying a moderate increase in access probability (Donnelly et al. (2024)).

Figure13-Figure 13 shows the NPV distributions for the different O&M efficiency scenarios and demonstrates that economic
risk is driven not only by mean O&M performance but, to a large extent, by variability in operational execution. Projects with
similar expected repair and waiting times can exhibit markedly different risk profiles when downtime distributions differ
in shape. In particular, heavier-tailed distributions lead to substantially higher downside risk, even if mean performance is
comparable. This-highlights-that-varianee-Variance reduction in O&M processes is therefore at least as important as reducing

mean repair or logistics times.
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Figure 13. NPV distributions for scenarios

Scenarios characterized by high process uncertainty display pronounced right-skewed NPV distributions with long downside
tails. These tails arise from rare but severe events such as extended logistics delays, prolonged weather inaccessibility, or
coordination failures, which dominate cumulative downtime and revenue loss. While such events are infrequent, their economic
impact is large and not symmetrically compensated by shorter-than-average interventions. As a result, downside deviations are

not offset by upside outcomes to the same degree, leading to an asymmetry in economic risk.

—Even with identical component
failure rates across scenarios, differences in O&M process uncertainty result in substantial differences in NPV. Fhisimplies-that
improving-Improving component reliability alone is therefore insufficient to stabilize project economics unless accompanied

by parallel improvements in organizational coordination, logistics planning, and access strategies.
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Figure 14. Availability (left) -—and downtime (right) distributiondistributions across O&M scenarios. Shaded areas represent densit
estimates; wider regions indicate higher probability density.
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Figure—14-Figure 14 illustrates the corresponding technical effects—Inereased—; increased process uncertainty directly re-

duces farm availability and increases downtime hours%%ﬁ%h%mpaﬁ%%&éreeﬂy&%mto economic
risk through lost production and increased OPEX. Fina § § an

4.6 Operational risk from rapid technology upscaling

4.6.1 Review

The wind energy sector is undergoing a period of rapid technology upscaling, characterized by unprecedented increases in
turbine rated power, rotor diameter, hub height, and system complexity. Offshore wind has been at the forefront of this trend,
with commercial turbines exceeding 15 MW and rotor diameters approaching or surpassing 230 m, while onshore turbines
have also seen steady increases in size and complexity. Upscaling is primarily driven by the objective of reducing LCOE, as
larger turbines increase energy capture per unit and reduce the number of turbines required for a given plant capacity, lowering
balance-of-system costs such as substructures/foundations and electrical infrastructure (Shields et al. (2021)). However, the
acceleration of turbine scaling has introduced a distinct class of operational risk ;-rooted in technology novelty and limited

empirical operating experience -

investmentseeurity;and-long-term-projeet-viability-(Moverley Smith et al. (2022)).

Rapid upscaling differs from incremental technological evolution in that multiple design parameters are pushed simultane-

ously beyond previously validated ranges. These include structural dimensions, drivetrain torque levels, blade flexibility, power
electronic ratings, and control-system complexity. New materials (e.g. high-modulus composites), drivetrain concepts (e.g.
direct-drive or hybrid medium-speed systems), and advanced grid-support functionalities are often introduced concurrently.
As a result, new turbine platforms enter service with limited field data, compressed prototype testing cycles, and restricted
opportunities for iterative design refinement (Siddiqui et al. (2023)). This creates a dominance of epistemic uncertainty, as the

true long-term behavior of critical components and systems is not yet well understood.

Operational risk from rapid upscaling propagates through several interconnected pathways;—ané—a—. A primary concern
is reliability—tndustry—surveys—and-field-observattons—indieate—that—; newer turbine generations frequentty—exhibit elevated
early-life failure rates anéﬂﬂe*peeteé—faﬁufﬁnedes—pafﬂeu}aﬂym blades, main bearings, power electronics, and auxiliary
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cable systems (Mishnaevsky (2022); Pelka and Fischer (2023); Strang-Moran (2020)). Critically, such failures tend to be sys-
temicrather-than-iselated;-as-; design or manufacturing deficiencies may affect entire turbine-fleets;leading-to-fleets, triggering

serial failures and large-scale retrofit orreplacement-campaigns (Veers et al. (2023)). This challenges conventional-reliability
1055 modeling-approaches;which-typieally-assume-the stationarity and independence offaitures-ealibrated-from-mature-fleetsassumptions

underlying conventional reliability models discussed above.
Upscaling also amplifies epefaﬁeﬂ&kﬁsiﬁhfeuglﬁt&fmpaet—e&the O&M logistics uncertainties discussed in the precedin

section. Larger turbines require heavier lifting equipment

1060

as—and specialized vessels with limited

availability, prolonging corrective maintenance waiting times (Stalhane et al. (2019)). Because fewer turbines represent a larger
fraction of farm capacity, single-turbine outages have a disproportionate impact on revenue (Mehta et al. (2024)). These-effeets

1065

risks, discussed in the context of commodit
and financing uncertainty above, are further compounded by upscalin (Carrara et al. (2023)) Manufacturmg and-transporting

1070

aefess—fﬁﬂ}ﬁp}ejafejeefs—l:femﬂﬁeper&&ema%pefspeemﬁ and long lead times for feplaeemeﬂ{—eefﬁpeﬂems—e&msubs%&ﬂﬂaﬂy

1075 nsbespoke replacement parts amplify both delivery risk

and operational downtime.
Financial and insurance dimensions reflect the systemlc nature of upscaling risk. Larger-turbines—imply-higherrepair-and

; Hggllsz@w&é&m(mmdam etal.
se-and increased single-loss exposure

1080 —As-aresultinsurersraise-premiums;inerease-deductibles;lead insurers to raise premiums and tighten coverage eenditions-for
pfejeets—dep}eymgfor first-of-a-kind efe&ﬂy-geﬂefaﬂeﬂ—ﬁtfbmeplatforms (Ioannou et al. (2019)) QEMHﬂ—foﬂ—havefepefted

>OEM warranty provisions have risen to the-erderof
isk—(Vestas

1085
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affects bankability and financing terms during due diligence (Guillet (2022)). These-financialresponses-denot-directlyreduce

Table 14 summarizes the key uncertainty dimensions associated with rapid technology upscaling, their dominant uncertainty

1090

types, principal operational risk implications, and relevant time horizons.

Table 14. Key uncertainty domains introduced by rapid turbine upscaling, mapped to uncertainty type (A: aleatory, E: epistemic, R: regula-

tory/external).
Dimension Uncertainty source Type Risk implication Time horizon
Design and engineering Load scaling beyond validated E Design deficiencies, early failures,
ranges; novel blade and drivetrain retrofit needs Design—and—early
concepts Construction &
COMIMISSIONING,
operation
Manufacturing and sup-  Quality control at extreme com- E,R Delivery delays, defects, project Development
ply ponent scale; concentrated supplier cost and schedule overruns and——eonstruetion
constryction &
Reliability and perfor- Limited field data for new turbine A, E Elevated downtime, serial failures,
mance models; non-stationary failure be- availability losses Early—mid
haviour eperationQperation
O&M logistics Limited availability of vessels and E,R Prolonged repairs, extended out- Operation
lifting assets; weather sensitivity ages, revenue loss
Financial and insurance  Lack of actuarial data; increased E, R Higher premiums and deductibles; Development
loss severity per failure reduced bankability and—& _financing
through operation
Regulatory and stan- Evolving certification and grid R,E Redesign, additional testing, per-
dards compliance requirements mitting or curtailment risk Besign;
& __commissioning
4.6.2 Impact assessment
Akey-challengeinaddressingoperationalris omrapid-upsealingis-the limited-applicabiity-of-tra al-Traditional quan-
titative risk models -—Reliability-and-O&M-frameweorks-eommonlyrely on historical failure statistics and-ealibrated-stochastie
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processes;-whieh-from mature fleets and are not readily transferable to novel turbine designs operating outside established en-
velopes (Dao et al. (2019)). Many-Because upscaling-related risks are epistemicand-, path-dependent, influenced-by-design

are-treated-independently-and coupled across the domains discussed above (Dao et al. (2020))—Rapid-technelogyupsealing

Giventhese limitations,, a fully quantitative impact assessment efupsealing riskis currently not feasible without introducing
speculative assumptions. fnstead;-this-This risk category is therefore best addressed through structured qualitative analysis and
scenario-based reasoning (Scheu et al. (2019); Lopez and Kolios (2022)). i i

between technology upscaling and its propagation to economic risk is identified as a research priorityarea.

5 Discussionand-conelusions

5.1 Combined-risk experiment

The impact assessments in Sections 4.1 through 4.5 each activate one risk category while holding all others at baseline values.

To test whether individually moderate risks compound into jointly severe outcomes, we simultaneously activate moderate-level

scenarios from four categories: supply-chain uncertainty (SC2), transmission-constraint curtailment (C2), epistemic reliabilit

conditions;and-system-level-econstraintsO&M process uncertainty (P2). The scenario parameters are identical to those used

in the isolated assessments. Critically, in the isolated experiments, reliability (R2) and O&M process (P2) uncertainties were

activated with mutually exclusive flags on the same OPEX module. In the Combined scenario, both are simultaneously active
so that epistemic failure-rate uncertainty compounds with stochastic repair and waiting times.

Figure 15 shows the results of the combined experiment. At the level of expected values, losses are roughly additive: the
—381 M¥€) is close to the sum of individual deltas (—356 M€

combined mean NPV loss (A = , with an interaction term of

expectation under independence (696 M€) by 170 M€, or ~24 %. The seenario-based-impact-assessments—show-that-many

OO arry—consequ ar—TISKS ott—1ong-ta a—ana—asy OSS—GIStHroutionsS—T4d af—SYy t aty
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underadverse-eonditionsprocess uncertainty: higher-than-expected failure frequency (R2) compounds with longer-than-expected
repair campaigns (P2), amplifying downside outcomes beyond what either risk produces alone.

(a) NPV (b) LCOE (c) NPV range comparison
1.2 1 [ 1.2 [
[PINPV<) = 7.0 % I 1
: P2 (O&M process) - o
1.0 1.0 I
|
> > RN \
.E 0.8 E 0.8 - R2 (reliability) ‘I
c c
5 g I
o 0.6 7 o 0.6 1 C2 (curtailment) - (3 :
> >
2 & |
2 041 o 947 SC2 (supply chain) ¢ 1
o o I
024 0.2 7 Combined - ! ¢
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—3000 —-2000 -1000 0 1000 2000 0 50 100 150 200 0 250 500 750 1000
NPV [€] [million] LCOE [€/MWh] NPV [€] [million]
== = Baseline SC2 (supply chain) C2 (curtailment) R2 (reliability) P2 (O&M process) 1 Combined

Figure 15. Combined adverse-alignment experiment. (a) NPV distributions for individual moderate-risk scenarios and the Combined

scenario, with the deterministic baseline marked. (b) Corresponding LCOE distributions. (¢c) P10-P90 range bars comparing individual

scenarios and the Combined scenario.

5.2 Cross-category synthesis

Table 15 brings together the individual and combined results. Under the scenario parameterizations adopted in this study, the
six risk categories produce qualitatively distinct economic signatures. Supply-chain and curtailment risk primarily shift mean
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outcomes downward, while reliability and O&M process uncertainty predominantly widen outcome distributions and gener-
ate pronounced downside tails i

feasibility Through-life decisions act as a value lever with large upside potential. These signatures are not intrinsic properties

of the risk categories; they depend on the input assumptions and scenario design chosen for each assessment. Nevertheless, the
distinction matters for management strategy. Mean-shifting risks are driven by systematic market factors that can be hedged or

contracted against (e.g. locking commodit

rices, securing erid access). Tail-widening risks, by contrast, are largely epistemic:
the wide spread reflects insufficient knowledge of failure rates or repair times, and would narrow as better fleet data and

monitoring reduce that uncertainty. These findings motivate the integration gaps and research priorities examined in section 6.
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Table 15. Synthesis of risk categories examined in this study. The four quantified categories are shown with moderate-scenario results (3 000
replicates each; deterministic baseline NPV = 992 M€). The Combined row activates all four moderate scenarios simultaneously. The last
row shows the sum of individual A NPV values for comparison.

Risk category ~ Economic signature  ANPV ~ P10-P90  P(NPV<0) Primary industry lever

[M€]  [M€] (%]

—189. 58 23,
Supply chain &  Mean shift + wide tail De-risking instruments; lock material prices
financing (§ 4.1

—132 38 0.0
Uneertainty Near-deterministic Grid reinforcement; storage; market design

in—eompenent  mean shift
O&M—yproeess
parameters
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6 Toward integrated risk treatment

The combined-risk experiment in subsection 5.1 demonstrates empirically that individually moderate risks produce tail-coupled
outcomes exceeding what isolated assessment predicts: mean losses are roughly additive, but the P10-P90 band widens by
24 % beyond the independence assumption, and the probability of negative NPV triples. This compounding behavior is a direct
consequence of integration deficits in the assessment framework. A useful distinction can be drawn between two classes of
such deficit: interface gaps between model components, and injection gaps between external drivers and the model chain.

Interface gaps arise at boundaries between coupled sub-models within the assessment framework, where both sides are
internal to the model chain. Three principal interface gaps are identified:

1. Loads — reliability. Structural loading models and reliability models are developed and calibrated independently. The
translation from site-specific, operation-dependent loading to component-level failure rates is not formalized, so that the

effect of design choices, operating strategies, or environmental conditions on failure behavior cannot be assessed within
the model chain,

2. Reliability — O&M. O&M simulation relies on stationary failure-rate assumptions and predefined maintenance rules.

represent-a-high-impact-but-uneertain—valaelever—condition-dependent failure behavior from structural or monitorin,
models is not fed back into maintenance scheduling, preventing realistic assessment of how site conditions and operational
strategies influence maintenance outcomes.

3. O&M — revenue. Operational decisions (maintenance campaigns, access strategies) affect production timing and
volume, but revenue models treat production loss as a simple annual deduction rather than resolving the interaction
with time-varying electricity prices and market conditions.

Injection gaps arise where external drivers originating outside the project boundary need to enter the model chain but lack
formalized interfaces. Five principal injection gaps are identified:

1. Wind resource and wake evolution. Long-term changes in wind climate and evolving wake interactions due to increasin
wind farm density are not systematically propagated into ener: ield and revenue projections.

2. Commodity and supply-chain conditions. Geopolitical developments, commodity price dynamics, and industrial polic
changes affect both CAPEX (material costs) and financing terms (cost of capital), but typically enter models as static
assumptions rather than as scenario-dependent parameter distributions linked to the cost and financing modules.

3. Grid and curtailment regime. Transmission infrastructure trajectories, renewable deployment, and system flexibilit
investments jointly determine curtailment exposure but are not endogenously modeled within the assessment chain.
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1195 4. Market design and policy regime. Electricity market structures, support-scheme evolution, and compensation mechanisms
affect project revenue risk but enter models as exogenous assumptions rather than uncertain parameters.

5. Technology maturity and model transferability. Reliability, O&Mproeess—uneertainty,—which-intarninecludes-both

expostre-and-may-lead-to-suboptimal-deeisions—, and cost parameters are calibrated from mature-fleet operational data.
1200 For next-generation turbine platforms with limited field history, validated transfer functions from design parameters to
operational failure behavior do not exist, so that all downstream model outputs inherit unquantified epistemic uncertainty.

these gaps schematically, mapping both interface gaps and injection gaps onto a generalized impact assessment model chain.
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Figures/Methodology/integration_gaps.png

Figure 16. Integration gaps in the impact assessment model chain. Interface gaps arise at boundaries between coupled sub-models. Injection
aps arise where external drivers lack formalized interfaces to the model chain. Existing model capabilities are shown in dark blue.
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Closing these gaps requires progress on several fronts. Reliability and O&M strategies;-market-conditions,finaneing-terms;

and-qualification-processes—data with consistent component taxonomies, documented uncertainty bounds, and reproducible
benchmarks remain a binding prerequisite; without them, even well-coupled models propagate poorly constrained inputs.
Some of the integration deficits identified above demand new methods that do not yet exist: translating site-specific loading
histories into failure-rate distributions requires physics-informed reliability models beyond fleet-average statistics, and coupling.
reliability with O&M requires condition-dependent maintenance formulations in which failure behavior evolves with operational
state. Other deficits are primarily coupling tasks, connecting models that exist independently but are not yet linked: project-level
techno-economic assessments need to be coupled with electricity system models to endogenize curtailment exposure and price
formation, and with supply-chain and macroeconomic models to propagate commodity dynamics and financing conditions as

scenario-dependent inputs.

& 5

7 Conclusion

This paper reviewed and quantified six major risk categories affecting wind ener. rojects across development and operational
hases, combining expert elicitation, literature review, and scenario-based impact assessments using the WINPACT toolchain.

The illustrative case studies show that different risk categories, under the scenario assumptions adopted here, produce qualitativel
distinct economic signatures, from near-deterministic mean shifts (curtailment) to pronounced downside tails (reliability, O&M

rocess uncertainty), and that these signatures call for different management responses: mean-shifting risks are addressable
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1240 through hedging and contracting, while tail-widening risks require reducing the underlying epistemic uncertainty through
better data and monitoring.

The combined-risk experiment demonstrates that individually moderate risks can compound into jointly severe outcomes:
while mean NPV losses are roughly additive across categories, tail risk is super-additive, and the probability of negative NPV,
emerges as a property of combination rather than of any single risk in isolation. This finding underscores that siloed risk

1245 assessment, however detailed, systematically underestimates downside exposure.

The study does not claim to resolve these integration challenges. Rather, it maps the gap between current fragmented practice
and the integrated treatment that project-level risk management requires. Eight specific integration deficits (three interface gaps
between coupled sub-models and five injection gaps between external drivers and the model chain) are identified as priorities
for future research. Progress will depend on shared data infrastructure with consistent taxonomies and documented uncertainty.

1250 bounds, physics-informed methods to couple loads with reliability and O&M. and integration of project-level assessments with
electricity system and supply-chain models.

Code availability. The WINPACT toolchain, including the experiment implementation used in this study, is available under:

https://gitlab.windenergy.dtu.dk/HiperSim/winpact.
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Appendix A: Supplementary reliability data

Table A1. Failure rates of several previous studies compared (data from Reder (2018); Pfaffel et al. (2017); Ma et al. (2015)).

Initiative Location Mean rating Observation years ~ Failures per WT and
year
WindstatsGermany ~ Germany_ 13 9. 1796
WindstatsDenmark ~ Denmark 13 9. 0434
LWK_ Germany 1.0125 13 1.855.
WMEP Germany 0915 17, 2.006.
VIT Finland 15375 12 145
Vindstat Sweden_ 15275 8. 0.403.
CIRCE Spain. 165 3 0481
EPRI_ USA 032 2 10.195
Muppandal India 0225 S 1013
CWEA China 375 3 7,167
Huandian China NA 0.5 0.846.
University of Nanjing ~ China L75. 3. 46.8560

1255  Author contributions. MG: Conceptualization, code implementation, scenario development, drafting. AL: Review on curtailment, reliability,
MS: Review on supply chain, AK: Review on technology upscaling, RP: Survey execution, ND: Ideation, Survey design, formulation of

sector challenges, and conceptualization and review of the paper.
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