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Abstract
The aging of wind energy assets and the expiration of government subsidies make 
decisions on continued operation, repowering, and decommissioning increasingly 
critical for wind farm operators. Existing studies provide valuable insights into wind 
energy investment under uncertainty, but often provide limited consideration of 
turbine-level heterogeneity when analyzing decisions from a wind farm perspective. 
Following Design Science Research, this study proposes a Decision Support System 
(DSS) for wind farm operations that integrates several methodological components 
with distinct roles. Spatial and regulatory feasibility assessment identifies whether 
turbines and sites are eligible for repowering. Stochastic process simulation generates 
uncertain paths of electricity prices, turbine lifetimes, energy yields, and costs. Least 
Squares Monte Carlo-based real options valuation evaluates repowering timing 
for eligible turbines, and Monte Carlo-based net present value analysis assesses 
decommissioning timing for turbines without repowering eligibility. Building on these 
turbine-level valuations, the DSS applies a rule-based clustering approach to translate 
individual decision timings into batch-level coordinated strategies at the farm scale. 
The artifact is evaluated using a real wind farm in central Germany. The results 
indicate that, under the given assumptions, repowering-eligible turbines exhibit 
a pronounced early exercise window, whereas non-eligible turbines tend to be 
decommissioned at the end of their lifetimes. At the farm level, the system identifies 
three decision scenarios and compares their expected total returns. The batch-
execution strategy, in which actions are carried out at each cluster’s timing, achieves 
the highest expected return in the case study. This study provides a reusable 
information-systems-based methodological approach and case-based evidence for 
coordinating repowering and decommissioning decisions in wind farms. The findings 
suggest that the proposed DSS can translate complex uncertainties into executable 
farm-level strategies and improve transparency in strategic decision-making.
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Introduction
Wind energy is one of the most widely deployed renewable energy sources worldwide. 
Europe, owing to its long development history and substantial investments, has estab-
lished a leading position in this field. Germany is among the frontrunners in terms of 
installed wind capacity in Europe. In 2024, wind energy contributed 136.4 terawatt 
hours (TWh), accounting for about 33% of the nation’s net public electricity generation 
[13]. According to Germany´s latest Renewable Energy Act (EEG 2023), at least 80% of 
total electricity consumption is expected to come from renewables by 2030, with wind 
power providing a significant share. Nevertheless, due to the high capital intensity of 
wind projects, the sector continues to depend strongly on government policy support. 
As early as 2000, the Renewable Energy Act (EEG 2000) guaranteed operators a fixed 
feed-in tariff for 20 years, thus ensuring secure remuneration. The latest act has shifted 
new investments away from fixed tariffs toward an auction-based mechanism, which 
enhances competition while still providing a minimum revenue guarantee. With the first 
generation of turbines now approaching the end of their subsidy periods, their revenues 
are increasingly exposed to market volatility and uncertainty. This situation makes it 
urgent for wind farm operators to determine robust and actionable strategies for contin-
ued operation, repowering, or decommissioning.

Investment and operational decisions for wind energy assets are inherently high-
dimensional under uncertainty, and they are influenced by bounded rationality [14, 16, 
44]. Factors such as electricity price volatility [1, 4, 9, 26, 27, 30, 33, 40], wind resource 
variability [28], policy and market mechanisms [9, 40], turbine lifetime, cost fluctuations 
[9, 21, 40], and grid constraints interact and evolve over time. Real options models have 
been proven effective in addressing such multi-uncertainty problems and are widely 
used in energy investment contexts [11, 18, 19, 35, 51]. In the wind energy domain, pre-
vious studies have provided valuable insights at both turbine and wind farm levels [2, 7, 
21, 28, 31]. However, when adopting a wind farm perspective, they often represent the 
farm as an aggregated investment unit, with limited systematic consideration of turbine-
level heterogeneity in technical conditions, repowering eligibility, and decision timing. 
Seeking local optima at the turbine level may fail to capture the overall farm-level opti-
mum, as construction schedules and resource allocation can shift individual optimal 
timings. Conversely, treating the farm as a single aggregated unit may overlook intra-
farm heterogeneity across turbines. Therefore, a robust decision framework is needed 
that adopts a wind farm perspective while simultaneously capturing financial flexibility 
and engineering feasibility, thus enabling systematic trade-offs between organizational 
complexity and value maximization.

To address this pressing real-world problem, we created and evaluated an interac-
tive Decision Support System (DSS) as a socio-technical artifact [25, 47], following the 
Design Science Research (DSR) paradigm. A socio-technical artifact is understood here 
as a tool that integrates technical components such as Geographic Information System 
(GIS), stochastic simulation, and valuation models with social and organizational pro-
cesses such as managerial decision-making, strategic planning, and implementation 
scheduling. The DSS is designed not merely as a valuation model, but as an integrative 
platform that enables decision-makers to explore, compare, and coordinate alternative 
implementation strategies in a systematic and transparent manner. Positioning our work 
in this way highlights its contribution to both the energy investment literature and the 
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information systems discipline, where DSS artifacts are expected to provide societal 
as well as managerial value. Specifically, this study develops and evaluates a farm-level 
DSS artifact that integrates methodological rigour, empirical applicability, and socio-
technical relevance into a coherent whole. The system builds on turbine-level valuation 
and integrates a GIS for regulatory and spatial feasibility assessment, stochastic process 
simulation for generating paths of electricity prices, turbine lifetimes, and costs, and two 
distinct valuation branches: for repowering-eligible turbines, a Least Squares Monte 
Carlo (LSMC)-based real options method is applied to evaluate economically favor-
able repowering timing; for turbines not eligible for repowering, a Monte Carlo-based 
Net Present Value (NPV) method is applied to assess economically favorable decom-
missioning timing. At the farm level, the system employs rule-based temporal cluster-
ing to group turbines with similar timings into batches, thereby transforming individual 
decision timings into implementable coordinated strategies. Accordingly, this study 
addresses two research questions (RQ):

RQ 1: How can an interactive farm-level DSS be developed to integrate multiple, inter-
acting uncertainties and translate turbine-level optima into coordinated, executable 
strategies for repowering and decommissioning decisions in wind farms?

RQ 2: How does batch-level coordination, compared with turbine-level optimization, 
alter value creation and timing outcomes, and what are its boundary conditions and 
influencing factors?

In this study, a systematic literature review was first conducted, followed by the design 
of a DSS, including detailed specifications for all its modules. Subsequently, the devel-
oped DSS was instantiated in a real wind farm in central Germany comprising five 
turbines. The results of the case study are presented and discussed, and the study is con-
cluded with key insights, limitations and recommendations.

Background and related research
Real options (RO) theory has been widely applied in the evaluation of energy projects 
since the 1990s. Compared with traditional NPV or internal rate of return (IRR) meth-
ods, RO explicitly captures the value of flexibility, and thus outperforms conventional 
approaches under uncertainties [46]. [17] emphasize that as long as an investment deci-
sion is irreversible, subject to uncertain future payoffs, and the decision can be delayed, 
it can be regarded as a real option. Wind energy assets naturally satisfy these conditions: 
electricity markets are volatile, power generation is driven by stochastic wind condi-
tions, and investors may choose to continue operating existing assets while waiting for 
additional information. The flexibility to delay investment, and thus manage uncertainty, 
can be systematically evaluated through RO valuation.

To capture the state of the art in this area, we conducted a systematic review of RO 
applications in renewable energy, focusing primarily on wind but also including solar 
studies as a comparable domain with similar uncertainty structures and policy environ-
ments. We combined keyword searches in academic databases with citation tracing and 
bibliometric mapping to assemble a representative sample of related work. The result-
ing body of work reveals three main methodological streams in the application of RO to 
energy investments: First, Stochastic Differential Equations (SDEs) model the dynamic 
evolution of uncertain variables such as electricity prices, investment costs, and wind 
speed. Studies include Himpler and Madlener [26] and Kitzing et al. [28], with Yu et 
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al.[52] further extending Partial Differential Equations (PDEs) to capture feed-in tariffs, 
PV generation costs, and carbon prices. Second, Dynamic Programming (DP) decom-
poses investment problems into recursive stages, making it well-suited for timing and 
capacity expansion decisions under policy or cost uncertainty [9, 30, 40]. Closely related 
lattice methods (binomial or trinomial trees) provide discrete approximations of asset 
paths and are useful for analyzing sequential investment decisions in relatively struc-
tured settings [1, 4, 27]. Third, simulation-based methods, particularly Monte Carlo 
(MC) simulation, have become increasingly prominent. MC simulation generate large 
numbers of stochastic paths and are able to capture high-dimensional and path-depen-
dent features. The LSMC algorithm proposed by Longstaff and Schwartz [32] further 
combines simulation with regression-based estimation, enabling the valuation of Ameri-
can options under multiple uncertainties. Studies applying MC and LSMC include 
Ghamlouch et al. [21], An et al. [3], and Assereto and Byrne [6], focusing on investment 
timing, capacity expansion, and deferral, as well as Maeda and Watts [33], Moon and 
Baran [34], and Cheng et al. [15], which incorporate uncertainties in electricity prices 
and technology-specific costs.

Despite this rich body of research, two research gaps remain. First, although several 
studies examine wind farms rather than isolated turbines [2, 7, 28, 31], the farm is often 
represented as a single aggregated investment unit, for example by aggregating installed 
capacity, energy production, or project-level cash flows. While such an approach is 
appropriate for many valuation purposes, it provides limited insight into the wind farm 
as a coordinated system of heterogeneous turbines with potentially different technical 
conditions, repowering eligibility, and decision timings. Consequently, organizational 
and engineering constraints such as crane mobilization, construction time windows, 
or batch implementation are rarely incorporated into the translation of turbine-level 
optima into farm-level executable strategies. Second, existing analyses often focus on 
selected uncertainty drivers, while fewer approaches simultaneously capture the joint 
distribution of turbine lifetime, future energy yield, electricity price dynamics, capital 
expenditures (CAPEX), and operational expenditures (OPEX).

Our research responds to these gaps by employing a simulation-driven LSMC 
approach as the core valuation engine. This choice is motivated by the need to value 
American-style repowering options under multiple interacting uncertainties and com-
plex cash-flow structures, for which simulation-based RO valuation is more appropri-
ate than a closed-form formula. Closed-form option models usually require restrictive 
assumptions, such as a single underlying stochastic process, analytically tractable payoff 
functions, and limited path dependence [37]. These assumptions are difficult to satisfy 
in wind farm repowering problems, where the payoff depends jointly on electricity price 
dynamics, remaining turbine lifetime, future energy yield, CAPEX, OPEX, and the pos-
sibility of exercising the repowering option at different points in time. In contrast, LSMC 
allows the continuation value to be estimated along simulated stochastic paths and is 
therefore suitable for the type of problem addressed in this study.

In line with the DSR paradigm, we embed this valuation engine within a farm-level 
DSS that combines GIS-based feasibility assessment, stochastic simulations of electric-
ity prices, turbine lifetimes, energy yields, and costs, and a Monte Carlo-based NPV 
branch for turbines without repowering eligibility. Building on this foundation, we move 
from turbine-level valuation to a coordinated farm-level implementation perspective 
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by introducing a temporal clustering mechanism that maps turbine-level optima into 
coordinated batch strategies. This approach allows us to explicitly quantify the trade-
off between organizational coordination and temporal flexibility, thereby extending the 
application of RO to the context of coordinated wind farm repowering and providing a 
socio-technical DSS artifact for managerial decision support.

Research design
Our research is situated in the Green IS and energy informatics field, which develops 
information systems to support sustainable practices [50]. Within this domain, we 
address the need for DSS that assist managerial decision-making in sustainable energy 
investments [5]. This research positioning is necessary because wind farm End of Life 
(EoL) decisions are both financial valuation problems and information-intensive deci-
sion problems. Real options theory provides a rigorous foundation for valuing manage-
rial flexibility under uncertainty, but its practical use in wind farm asset management 
requires the integration of heterogeneous technical, spatial, economic, and regulatory 
information. Energy informatics provides the system-oriented perspective needed to 
operationalize this valuation logic in a DSS, thereby translating abstract option values 
into transparent, coordinated, and actionable farm-level decision support.

We adopted a DSR approach [38] to ensure rigor and relevance in developing our 
artifact. DSR is well-suited because our aim was to create and evaluate a situated DSS 
artifact [24] that supports wind farm operators in making robust EoL decisions under 
multiple uncertainties. This approach is particularly appropriate because the challenge 
addressed in this study is not limited to developing a valuation model, but requires the 
design of a practical socio-technical artifact that translates complex financial theory, 
engineering constraints, and multiple uncertainties into usable decision-support func-
tionality. By bridging analytical valuation methods with real-world managerial decision-
making, the resulting DSS supports the generation of transparent, coordinated, and 
executable strategies for wind farm repowering and decommissioning. Over the course 
of a four-year interdisciplinary project, the DSR process was conducted iteratively 
through six core activities: problem identification, derivation of solution objectives, 
design and development, demonstration, evaluation, and communication.

In our case, the problem of uncertain EoL strategies was identified through litera-
ture and industry practice. Solution objectives were derived from prior research on real 
options and DSS design, combined with inputs from engineering and cost-data experts. 
The design and development progressed in several cycles: (i) implementation of a tur-
bine-level LSMC real options and NPV model, (ii) integration of stochastic simulation 
for electricity prices, lifetimes, and costs, (iii) addition of a GIS-based feasibility mod-
ule, and (iv) extension to farm-level scheduling and a graphical user interface. Each cycle 
included formative evaluation and improvement based on expert feedback [42].

The artifact was demonstrated and evaluated through a real-world case study of a Ger-
man wind farm with five turbines. This summative evaluation, guided by practice-based 
criteria [39], showed the DSS’s ability to generate implementable investment strategies. 
Feedback loops also included presentations and discussions at expert workshops [29, 45, 
48] and an international IS conference [49].
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WISDOM-farm: a wind farm level decision support system
To overcome the limitations of a single-turbine perspective, this study develops a farm-
scale DSS called WISDOM-Farm. The DSS builds upon our previous work [49] and has 
been developed in accordance with the iterative cycles of the DSR paradigm. The system 
is implemented in Python using a modular architecture comprising five core modules: 
a graphical user interface (GUI) module, a GIS module, a stochastic process simulation 
module, an economic valuation module, and a farm level scheduling module. All mod-
ules interact through a unified database to ensure consistency and traceability of param-
eters, paths, and decision results between the single-turbine and farm levels. 

1.	 GUI module: Users first select the target wind farm within the GUI. The system 
retrieves and displays the basic information and spatial distribution of all turbines in 
the farm, and passes the turbine list and attributes to the GIS module for subsequent 
compliance and resource assessments. After analysis, the GUI consolidates and 
displays the farm-level recommended repowering/decommissioning batch scheme 
and valuation breakdown.

2.	 GIS module: Upon importing the wind farm boundary, turbine coordinates, and 
planning constraints, the GIS module reconstructs the wind resource for the target 
area. It then determines, through spatial overlay with regulatory constraints, whether 
each turbine is eligible for repowering. For eligible locations, the module proposes 
feasible repowering configurations considering both wind conditions and constraints. 
The feasibility results and resource characteristics are then passed to the valuation and 
simulation modules.

3.	 Stochastic process simulation module: This module extracts historical data and 
randomly simulates the key inputs required for subsequent analysis. The procedure are 
detailed illustrated in Section "Stochastic simulation module". The resulting scenario 
paths provide consistent exogenous inputs for both valuation branches in module (4).

4.	 Economic valuation module: For repowering-eligible turbines, the system 
establishes a real options framework incorporating the choice between continued 
operation and repowering. Since these turbines provide a feasible opportunity to 
replace the existing asset with a new turbine, the repowering decision is treated as an 
American call option. The LSMC method is applied in a backward recursive manner 
to estimate continuation values and derive the optimal exercise strategy, producing 
the distribution of optimal repowering times and corresponding option values at the 
single-turbine level. For turbines classified as non-eligible for repowering by the GIS 
module, the module performs conventional MC simulation under the same exogenous 
paths, discounting cash flows period-by-period to identify the economically favorable 
decommissioning time and the distribution of its associated NPV. The results of each 
single turbine are then forwarded to module (5).

5.	 Farm level scheduling module: This module aggregates the single-turbine results 
from both repowering and decommissioning scenarios. Based on a temporal proximity 
clustering rule, turbines are first grouped into clusters. According to the chronological 
order of these clusters, different farm-level decision scenarios are identified. Their 
expected total returns are then compared and ranked in descending order, and the 
results are visualized and returned to the GUI.
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Figure 1 shows the overall architecture of the proposed DSS. The system workflow pro-
ceeds as follows: (i) the user selects a wind farm in the GUI. (ii) the system displays 
all turbines in the farm and transmits their attributes to the GIS module, which com-
pletes the repowering eligibility and resource assessment. (iii) Based on the assessment 
of the GIS module, each turbine is automatically directed to the appropriate valuation 
model according to its repowering eligibility. Turbines ineligible for repowering have 
their parameters passed to the NPV model to determine optimal decommissioning tim-
ing and the remaining value, whereas eligible turbines have their parameters passed to 
the RO model to determine optimal repowering timing and option value. This routing 
logic ensures that the RO model is applied only where a feasible repowering opportu-
nity exists, while turbines that fail the GIS-based eligibility assessment are evaluated 
through the decommissioning pathway. (iv) the optimal times and valuations from all 
turbines are sent to the farm level scheduling module to generate the farm-level batched 
repowering/decommissioning scheme and aggregate valuation, which is then returned 
to the GUI for display. Compared with the single-turbine version of WISDOM [49], 
WISDOM-Farm elevates the decision-making from independent optimality to farm-
level coordinated optimality, explicitly capturing the effects of temporal clustering and 
phased implementation on valuation and cash flow timing.

Geographical information system module

The GIS module has two main functions: (i) to determine wind resources based on geo-
graphic information and (ii) to assess the repowering feasibility of individual turbines. 
It is connected to a database that stores information on wind farms and turbines across 
Germany, cost data, historical electricity prices, and supporting datasets required for 
wind resource simulation and repowering eligibility assessment. External interfaces 
allow the module to periodically update data and regulations.

The wind resource assessment begins with high-resolution wind data. Through the 
API of the New European Wind Atlas, the system retrieves 30-minute resolution wind 
speed and direction time series on a 3 km × 3 km grid for any given coordinate. These 
time series serve as the input for estimating annual energy yield and wake effects. Sub-
sequently, the system employs the open-source Python package PyWake to model wake 

Fig. 1  Overview of the WISDOM-Farm DSS operation flow
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propagation and turbine interactions at the wind farm level, computing annual energy 
production for both individual turbines and the farm as a whole. PyWake has demon-
strated high efficiency and scalability for large-scale applications, and has been applied 
to simulate more than 15,000 turbines across over 3,500 wind farms in Germany.

For the definition of repowering, the module refers to Article 16b of the German Fed-
eral Emission Control Act (BImSchG) and adopts the broader definition set out in the 
EU Renewable Energy Directive: partial or full replacement of existing turbines within 
the statutory period and in the designated vicinity, with the purpose of increasing effi-
ciency or capacity, is regarded as repowering. To assess the repowering eligibility for a 
specific location, the GIS module first delineates the investigation area using the coor-
dinates of existing turbines and then identifies potential replacement zones. The fil-
tering process follows a layered spatial planning logic. Exclusion and buffer zones are 
constructed according to federal and state-level constraints, such as statutory or policy-
based distance requirements from residential areas, nature reserves, aviation facilities, 
roads, and transmission corridors. Because exclusion and buffer criteria vary across 
states, the system incorporates a state-specific rule library compiled by project partners 
[42], which is applied automatically.

Since buffer distances often depend on turbine attributes such as the hub height and 
rotor diameter, the GIS module iteratively generates sets of available land parcels by 
region (north, middle, south) and turbine scale (large, medium, small), thus preserv-
ing feasible space for different technical configurations. Next, the module overlays avia-
tion restrictions such as Minimum Vector Altitude (MVA) requirements for civil and 
military air traffic, as well as military low-altitude night flight corridors. By combining 
these constraints with Digital Elevation Model over Europe (EU-DEM), the maximum 
allowable total height for each candidate site is derived, enabling the identification of 
compliant locations that satisfy both height and distance requirements. These compli-
ant sites are then spatially matched with existing wind farms, resulting in repowering 
candidates that can be implemented within the statutory time window and in proximity 
to existing assets. The GIS-based classification of repowering-eligible turbines therefore 
requires that candidate sites satisfy all mandatory distance, temporal, and height-related 
restrictions. If a site fails to meet any compulsory criterion, the turbine is classified as 
non-eligible and routed into the decommissioning pathway for subsequent economic 
evaluation.

In summary, the GIS module takes wind farm and turbine information as input and 
outputs, for each existing turbine, a result of repowering eligibility, feasible turbine 
scales, and the corresponding expected energy yields. These results serve as essential 
inputs for subsequent stochastic simulation and economic analysis.

Stochastic simulation module

Wind power investment decisions are influenced by multiple uncertainties. This study 
models the following key variables stochastically.

Electricity price

Electricity price constitutes the most critical uncertainty affecting the profitability of the 
project. Market-based electricity prices typically exhibit three prominent characteris-
tics: mean reversion, price spikes, and seasonality [8]. Pronounced positive price spikes 
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often occur due to the non-storability of electricity and the inelasticity of demand, with 
upward spikes frequently triggered by supply disruptions or surging demand under 
extreme weather conditions. Conversely, negative spikes are usually the result of sud-
den fluctuations in supply, for instance, when large volumes of renewable energy are fed 
into the grid simultaneously. These spikes are generally short-lived, with prices quickly 
reverting to normal levels, highlighting the mean-reverting nature of electricity prices.

To capture these features, this study models future electricity prices using a discretized 
Ornstein–Uhlenbeck (OU) stochastic process. The OU process is a mean-reverting sto-
chastic process that describes the dynamics of a variable returning to its long-term mean 
under random noise. This property makes it particularly suitable for simulating electric-
ity market prices, which exhibit similar mean-reverting behavior. In continuous time, 
the OU process is defined by the following stochastic differential equation:

	 dXt = θ(µ − Xt)dt + σdWt,� (1)

where Xt denotes the electricity price at time t, µ is the long-term mean, θ is the speed 
of mean reversion, σ is the volatility parameter, and Wt is a standard Wiener process.

For numerical simulation with discrete time steps of hourly recorded price data, we 
use the exact discretized solution of the OU process:

	 Xt = e−θ∆tXt−1 + µ
(
1 − e−θ∆t

)
+ εt� (2)

with

	
εt ∼ N

(
0, σ2 1 − e−2θ∆t

2θ

)
.� (3)

where εt is a random error term following a normal distribution. This formulation allows 
the generation of numerous independent future price paths, with an initial electricity 
price randomly assigned at each decision point in the MC simulation. For each decision 
point, the conditional expectation of future electricity prices from that point onward is 
calculated as:

	 E[X(t) | F0] = X(0)e−θt + µ
(
1 − e−θt

)
� (4)

where X(0) denotes the initial electricity price at the decision point, and E[X(t) | F0] 
represents the conditional expected price at each future time within the project horizon. 
This expected price is subsequently used as an input to compute the projected future 
cash flows under the repowering scenario.

CAPEX and OPEX

Another key source of uncertainty lies in the cost model for CAPEX and OPEX, the esti-
mation of which depends on accurate market information. Relevant data were obtained 
through collaboration with Deutsche WindGuard, a German company specializing in 
wind energy that provides comprehensive and independent expertise on all aspects of 
wind power to investors worldwide. OPEX is the main cost source of continued opera-
tion of existing wind turbines, which consists of both fixed and variable components. 
Fixed costs, defined per kW of installed capacity, include items such as insurance, grid 
purchase charges, other fees, and decommissioning reserves. Variable costs, defined per 
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kWh of generated electricity, depend on factors such as maintenance, repair and servic-
ing, leasing and usage fees, operational management, and direct marketing. The OPEX 
model for continued operation classifies older wind turbine systems into clusters as 
defined in [53], and for each cluster generates a frequency distribution reflecting variable 
costs. In addition, a universal fixed cost frequency distribution is created for all clusters. 
For each older wind turbine, both variable and fixed costs are independently and ran-
domly drawn from the distributions corresponding to its cluster. These cost parameters 
serve as inputs to the MC simulation for generating the revenue model.

For the repowering scenario, the core logic for OPEX remains the same, but the clus-
tering criteria differ from that for existing turbines and CAPEX for new turbines is addi-
tionally considered. In this case, the OPEX model classifies planned wind turbines by 
geographic region (North, Central, and South Germany) and by size category (small, 
medium, and large), resulting in a total of nine distinct clusters. Each new wind turbine 
is independently and randomly assigned variable and fixed costs from the distributions 
corresponding to its cluster, determined by geographic region and planned size. Follow-
ing the same structure as the OPEX model, the CAPEX model is also divided into nine 
clusters according to geographic region and turbine size. Each planned new turbine is 
independently and randomly assigned an investment cost from its respective cluster. 
These CAPEX parameters, together with the randomly assigned OPEX values, form the 
basis of the cash flow model and are subsequently integrated into the real options frame-
work. In each MC simulation path, CAPEX and OPEX values are randomly drawn from 
the respective cost distributions and used as the input parameters for that path. As an 
example, Figure 2 illustrates the cost distributions for a representative large wind turbine 
currently operating in central Germany.

Turbine lifetime

The lifetime of a turbine represents another major source of uncertainty, as it directly 
determines the length of each path in the MC simulation. Modeling turbine lifetime 
uncertainty is inherently complex, as it depends on factors such as turbine type, mate-
rials, site characteristics, and wind speed conditions. High-fidelity simulation models 
can accurately capture these dynamics but require extensive computational time and 
resources. To enable probabilistic lifetime assessment of wind turbines within compu-
tational limits feasible for engineering practice, this study employs a metamodel devel-
oped by [42] as a surrogate for high-fidelity simulation.

By learning the input–output relationships, the metamodel aims to significantly 
shorten computation time while still achieving accuracy acceptable in industrial prac-
tice. The development process consisted of three steps. A database covering represen-
tative operating intervals and wind conditions was first generated through systematic 
industry surveys and expert involvement, which then served as the basis for construct-
ing the training and validation datasets. Second, different types of metamodels and 
hyperparameter settings were compared and screened, and for each critical component 
the most robust surrogate model was established. Third, the created metamodels were 
validated against simulation models from OpenFAST and Bladed to ensure that predic-
tions generated by the metamodels met the accuracy requirements of industrial practice 
[42].
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With the validated and efficient metamodels in place, turbine lifetimes for the selected 
turbine types were simulated as probability distributions, incorporating turbine-specific 
and site-specific information provided by the GIS module. These probabilistic lifetime 
distributions, together with electricity price distributions and CAPEX/OPEX distribu-
tions, were used as inputs to the economic valuation module.

Economic valuation module

To evaluate the optimal EoL strategies for wind turbines, this study develops an evalua-
tion framework implemented in our Economic valuation module. The framework distin-
guishes between continued operation, repowering, and decommissioning, the feasibility 
of repowering is determined by the GIS-based assessment. Accordingly, repowering-
eligible turbines are routed into the RO-based repowering pathway, whereas turbines 
without repowering eligibility are routed into the MC-NPV-based decommissioning 
pathway.

The cash flow of each scenario forms the basis for value assessment. For turbines that 
have been in operation for more than 20 years, the feed-in tariff is no longer guaranteed, 

Fig. 2  Cost distribution of a large-size wind turbine in central Germany
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exposing revenues directly to market price volatility. The annual cash flow model for 
those turbines in continued operation is expressed as:

	 CFold,j = [(Xj − OPEXvar) × Qj − R × OPEXfix] × (1 + r)−j � (5)

where CFold,j  is the cash flow of the old wind turbine in year j, Xj  is the annual average 
electricity price, Qj  is annual electricity generation, OPEXvar is the variable operat-
ing cost per unit of electricity, OPEXfix is the fixed operating cost per unit of installed 
capacity R, and r is the discount rate.

In the repowering scenario, the CAPEX for new wind turbines must be taken into 
account. Given the high capital intensity of such investments, wind turbine projects 
are typically financed through debt, which helps to ease the initial financial burden and 
improve economic feasibility. The annuity repayment method is incorporated into the 
cash flow model for new wind turbines. The annuity method refers to a repayment struc-
ture in which the borrower pays equal annual installments that include both interest and 
principal. Under this approach, the annual repayment amount remains constant over the 
entire loan term, facilitating cash flow planning and ensuring financial stability, which is 
crucial for long-term projects such as wind turbines. The annuity is calculated as:

	
A = D × rd(1 + rd)n

(1 + rd)n − 1 � (6)

where A is the annual repayment, D is the initial loan amount, rd is the annual loan 
interest rate, and n is the repayment term. The annual annuity payment is subsequently 
incorporated into the cash flow model for newly installed turbines under the repower-
ing scenario. Since the valuation model operates at an annual resolution, the repowering 
execution year is treated as the valuation base year. For simplicity, investment, construc-
tion, and commissioning of the repowered turbine are modeled as being completed 
within the first year, with the turbine starting to generate revenues in the same year. The 
cash flow model can therefore be expressed as:

	

CFnew,j =





[(Xj − OPEXvar) × Qj − R × OPEXfix]
+ D − C − A, j = 1,
[(Xj − OPEXvar) × Qj − R × OPEXfix − A]
× (1 + r)−(j−1), 1 < j ≤ 20

� (7)

The cash flow model for new wind turbines consists of two parts. The first part of Equa-
tion (7) represents the cash flow in the repowering execution year. It includes the operat-
ing revenues generated by the newly installed turbine, the inflow from debt financing D, 
the investment cost C, and the first annual annuity payment A. Because this year serves 
as the valuation base year, no additional discount factor is applied. The second part 
represents the annual cash flows in the subsequent operating years. In these years, no 
additional investment cost C or debt financing D inflow occurs. The cash flow therefore 
consists of electricity revenues, variable and fixed operating costs, and the annual annu-
ity payment A. These net annual cash flows are discounted relative to the first year using 
the discount rate r. The cash flow models for both old and new wind turbines are inte-
grated as components into the final RO model.

Depending on the GIS-based repowering eligibility of each turbine, the model adopts 
two distinct solution paths. For repowering-eligible turbines, repowering constitutes a 
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feasible but irreversible investment opportunity under uncertainty and is therefore eval-
uated using a real options framework. For non-eligible turbines, repowering is excluded 
by binding spatial, regulatory, or height-related constraints, hence, the valuation prob-
lem reduces to identifying the economically appropriate decommissioning time under 
continued operation.

RO model

For turbines classified as repowering-eligible, the repowering decision is modeled as an 
American call option. Its value depends not only on the expected future cash flows but 
also on the value of waiting, since the operator may defer the investment and gain addi-
tional market information. The model is solved by backward recursion, moving from the 
maximum option expiry Tmax back to the initial decision point t = 1.

In the valuation, ω denotes one simulated MC path. Each path represents one possible 
future realization of the uncertain inputs relevant for the repowering valuation. Specifi-
cally, a path consists of a simulated electricity price sequence, randomly drawn CAPEX 
and OPEX values from the corresponding cost distributions, and a randomly assigned 
remaining useful lifetime (RUL), which determines the effective decision horizon T (ω) 
of that path. Since the decision horizon can differ across paths, the maximum simulated 
horizon is denoted by Tmax = maxω T (ω). For each path ω and each decision point 
t < T (ω), these path-specific inputs are used to calculate the immediate investment 
value NPVinvest(t, ω) and the continuation value of holding the repowering option.

At expiry T (ω), the option value is:

	F (T (ω), ω) = max (NPVinvest(T (ω), ω), 0) = Γ × NPVinvest(T (ω), ω)� (8)

where F (T (ω), ω) is the option value for path ω, and NPVinvest(T (ω), ω) is the net 
present value of immediate repowering at expiry. Γ is a binary exercise indicator for the 
repowering option. Γ = 1 indicates exercise of the repowering option, whereas Γ = 0 
indicates non-exercise of the repowering option.

At any decision point t < T (ω), the exercise value is compared with the value of hold-
ing the option for another year.

	 F (t, ω) = max (NPVinvest(t, ω), Φ(t, ω))� (9)

	 Φ(t, ω) = E
[
e−r∆tF (t + ∆t, ω) + V (t, Xt) | Ft

]
� (10)

Φ(t, ω) is the conditional expected value of holding the option, calculated as the dis-
counted sum of the future option value and the return V (t, Xt) from continuing opera-
tion for one more year at price Xt.
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Algorithm 1  LSMC-based repowering option valuation

The optimal investment timing and corresponding value are determined using the 
LSMC algorithm. The detailed computational procedure is summarized in Algorithm 1. 
The procedure consists of the following steps: 

1.	 Initialization. Based on the discretized OU process defined in Equation (2), 10,000 
future electricity price paths are generated. Each path is randomly assigned a RUL, 
which defines the effective decision horizon T (ω) for that path. In addition, CAPEX 
and OPEX values are drawn from the corresponding cost distributions, and the 
exercise indicator Γ(t, ω) is initialized as zero for all decision points.

2.	 Calculation of the investment NPVs. Along each path and at every feasible decision 
point t ≤ T (ω), the expected future electricity prices from that point onward are 
simulated using Equation (4). Subsequently, the repowering cash flow model defined 
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in Equation  (7) is applied to compute the immediate investment net present value 
NPVinvest(t, ω).

3.	 Backward recursive valuation. The backward recursion starts by assigning the 
terminal option value at the path-specific expiry T (ω) according to Equation (8). The 
algorithm then moves backward from Tmax − 1 to t = 1. At each decision point t, 
only paths that are still within their effective decision horizon and have a positive 
immediate exercise value are regarded as in-the-money paths [17]. For these paths, 
the regression response is formed as the discounted next-period option value plus the 
one-period return from continuing operation. An ordinary least squares regression is 
then performed, using a second-degree polynomial of the current electricity price Xt 
as the independent variable. This regression yields an approximate function for the 
conditional expectation value Φ(t, ω). In accordance with Equation (9), the immediate 
exercise value NPVinvest(t, ω) is compared to Φ(t, ω), the value of holding the option. 
If immediate exercise is more valuable, the option value is set equal to NPVinvest(t, ω) 
and the exercise indicator Γ(t, ω) is set to 1. Any later exercise indicators on the same 
path are reset to 0, ensuring that each path contains only the earliest optimal exercise 
decision. If continuation is more valuable, the option value is set equal to the estimated 
continuation value.

4.	 Aggregation of results. For each path on which the repowering option is exercised, 
the optimal investment time is identified as the first point at which the exercise 
indicator equals one. The average of these path-specific optimal investment times 
represents the turbine-level average optimal repowering timing. Similarly, the average 
option value at the corresponding optimal timing across exercised paths is taken as 
the final investment value.

NPV model

For turbines classified as non-eligible for repowering by the GIS module, the decision 
problem reduces to identifying an economically meaningful decommissioning timing 
under uncertainty. Since these turbines cannot exercise a repowering option, the model 
applies a MC-based NPV rule rather than an LSMC-based real option valuation. Algo-
rithm  2 outlines the main steps used to derive the MC-NPV-based decommissioning 
timing estimate. First, 10,000 paths are generated using MC simulation. For each path, a 
RUL is drawn from the corresponding RUL distribution. In addition, an electricity price 
sequence is generated using the OU process, and the corresponding OPEX parameters 
are drawn from their cost distributions.

For each simulated path ω, discounted annual net cash flows are computed over the 
assigned operating horizon. The cumulative NPV is then updated year by year along 
each path by adding the discounted net cash flow of the respective period. If the cumula-
tive NPV first becomes negative, this time point is recorded as a path-specific economic 
decommissioning signal. If the cumulative NPV does not become negative during the 
assigned RUL, the turbine is assumed to operate until the end of its simulated lifetime. 
The average of all path-specific decommissioning signals is then used as the turbine-
level reference timing for the subsequent farm-level clustering procedure.
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Algorithm 2  MC-NPV-based decommissioning timing estimate

Farm level scheduling module

The objective of the farm-level scheduling module is to transfer turbine-level valua-
tion results into implementable construction schedules and capital expenditure plans 
at the wind farm scale, thereby balancing organizational complexity with financial per-
formance under implementable scheduling constraints. The module takes as inputs the 
turbine-level timing estimates, including the LSMC-based repowering timing indicators 
for repowering-eligible turbines and the MC-NPV-based decommissioning timing indi-
cators for non-eligible turbines, together with the option value matrices for repowering-
eligible turbines and the NPV matrices for non-eligible turbines.

The temporal clustering rule follows the principle of grouping turbines with similar 
timings, using a fixed threshold of δ = 2 years. Let the turbine-level reference timing of 
turbine i be denoted as T ∗

i . Specifically, the set {Ti} is first sorted in ascending order, and 
the earliest timing tmin is selected to initialize the first cluster C1. All turbines satisfying 
|Ti − tmin| < δ are included in C1, with the batch execution time of this cluster defined 
as τ1 = tmin. The process is then repeated by selecting the earliest remaining timing 
as the starting point for the next cluster, until n non-overlapping clusters {Ck}n

k=1 are 
formed, each associated with a batch execution time {τk}n

k=1. For each cluster, the earli-
est timing is chosen as its execution time.
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Once the clusters are formed, the module automatically generates n + 1 comparable 
farm-level decision scenarios. The first is the batch execution scenario, in which each 
cluster executes repowering or decommissioning at its respective batch time τk. The 
remaining n scenarios represent unified execution scenarios, in which all actions are 
synchronized to the execution time of a single cluster τk, enumerated for k = 1, . . . , n

. For each scenario s, the module reconstructs the expected annual returns based on the 
valuation matrices of all turbines.

The module is coupled with the previous valuation module through a unified data bus. 
Clustering is applied only along the temporal dimension and does not alter the valua-
tion of cash flows, thereby ensuring full traceability and auditability from turbine-level 
to farm-level results. The clustering procedure is not intended to solve a global optimi-
zation problem over all possible farm-level schedules. Rather, it transforms turbine-level 
valuation results into a limited set of traceable and implementable candidate schedules, 
which are subsequently compared based on their reconstructed expected returns. In 
the current implementation, site-specific mobilization and transportation costs are not 
explicitly considered. However, extension interfaces are reserved, allowing users to inject 
mobilization or related costs as scenario parameters based on site experience, thereby 
further approximating globally optimal strategies under engineering reality.

Key parameter settings for WISDOM-farm

The validity of the DSS strongly depends on the accuracy and appropriateness of its 
parameters. The parameter framework in this study is built upon a combination of mul-
tiple in-house research results and authoritative external datasets. Internal project data 
form the backbone of the model and include wind energy yield assessments, wind tur-
bine RUL distributions, spatial planning analyses, and cost databases. External data pro-
vide essential market environment parameters.

For calibrating the discrete OU process, historical hourly day-ahead electricity price 
data were obtained from the German Federal Network Agency [12]. For newly installed 
wind turbines under the repowering scenario, remuneration determined through the 
tendering process was considered, with the currently applicable reference value set at 
€0.0735. For older turbines operating for less than 20 years, the remuneration period 
remains valid until the twentieth year of operation. The market value of onshore wind 
power typically deviates from the average spot market price. This deviation mainly 
results from the so-called merit-order effect: wind energy has very low marginal costs 
and is usually fed into the grid during high production periods, which lowers spot 
market prices by displacing more expensive, higher marginal cost conventional power 
plants. To account for these deviations in the modeling, we used publicly available data 
from the Netztransparenz platform [36], which provides monthly average spot market 
prices and the average market value of onshore wind. The ratio of these two values was 
calculated to derive an adjustment factor, which was then applied to calibrate the OU-
simulated electricity prices.

Another important parameter in the cash flow model is the discount rate. In wind 
power investments, the weighted average cost of capital (WACC) is commonly used as 
the discount rate. WACC represents the weighted average cost of capital raised through 
debt and equity financing, weighted by their respective shares. Given the large invest-
ment scale, long construction period, and equally long payback horizon of wind turbine 
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projects, WACC is particularly suitable for measuring the financing cost of long-term 
capital. Moreover, WACC reflects the overall project risk, as it incorporates both the 
cost of equity and the cost of debt. For the German energy market, the WACC and other 
debt-related parameters were derived from the AURES II [41] and KPMG [43] reports. 
In the final setting, the WACC was set at 0.05, the debt ratio at 0.8, and the cost of debt 
at 0.015.

Case study
Basic assumptions and numerical simulation

To evaluate the applicability of our designed artifacts, a real wind farm located in cen-
tral Germany, consisting of five operating wind turbines, was selected as the case study. 
The technical specifications of the turbines were provided by Nefino, a German company 
specialized for wind energy. For confidentiality reasons, no site-identifying information 
is disclosed. The analysis focuses exclusively on farm-level EoL strategies using this site 
as a background. All five turbines were commissioned in 2009, and their models and 
technical parameters are listed in Table 1.

As illustrated in Figure 1, the geographical coordinates of the five turbines were first 
input into the GIS module of the DSS. After overlaying the latest local regulations and 
spatial constraints, the system determined that three turbines were eligible for repower-
ing. For these turbines, potential specifications of new units were suggested based on 
wind resource conditions and regulatory constraints (see right-hand side of Table 1). The 
other two turbines were not eligible for repowering, implying that they must be decom-
missioned once their maximum lifetime is reached.

For parameterization, hourly day-ahead electricity prices were obtained from the 
SMARD platform of the German Federal Network Agency. To satisfy the stationarity 
assumption required by the OU process, the hourly price series was first aggregated 
into weekly averages to reduce short-term fluctuations and avoid non-positive observa-
tions, followed by a logarithmic transformation. Augmented Dickey–Fuller (ADF) and 
Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests were then performed on the log-
transformed weekly series for the period from 1 October 2017 to 30 September 2023, 
yielding p-values of 2.2 × 10−22 and 0.1, respectively. Since the former is below 0.05 
and the latter above 0.05, the transformed weekly series was treated as stationary for the 
subsequent OU calibration. Maximum likelihood estimation was used to estimate three 
key parameters of the OU process, namely the long-term mean µ, the speed of mean 
reversion θ, and the volatility parameter σ. The estimated parameters are µ̂ = −2.7154, 
θ̂ = 3.5225, and σ̂ = 2.0692.

Table 1  Inventory of existing turbines and repowering scenario of selected wind farm (all existing 
turbines are by manufacturer Vestas and in Central Germany)
Unit Repower

eligible
Existing turbine New turbine

(repowering)
Model Year Rated

capacity
(kW)

Hub
height
(m)

Rotor
diameter
(m)

Rated
capacity
(kW)

Hub
height
(m)

Rotor
diameter
(m)

W1 Yes V90/2.0 2009 2000 105 90 6843 163 175

W2 Yes V90/2.0 2009 2000 105 90 6843 163 175

W3 Yes V90/2.0 2009 2000 105 90 6843 163 175

W4 No V90/2.0 2009 2000 105 90 — — —

W5 No V90/2.0 2009 2000 105 90 — — —
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For the MC simulation, 10,000 paths were randomly generated for each turbine. Each 
path is randomly assigned an independent electricity price sequence, the RUL of the old 
unit, variable and fixed OPEX of the old unit, as well as CAPEX and variable and fixed 
OPEX of the new unit. Following the methodology described in Section "Stochastic sim-
ulation module", the maximum operating lifetime of the target turbines was set at 24 
years. Electricity prices were calibrated and simulated on the basis of the weekly price 
series, while the resulting price paths were incorporated into the annual time scale used 
for cash flow computations. All valuation and rule-based decisions were implemented 
with annual time steps.

Scenario analysis at the wind farm level

Figure  3 illustrates the timing distribution of EoL options simulated in the DSS. The 
results indicate that for the repowering-eligible turbines, the distribution of optimal 
repowering times is consistent across the three units. More than 40% of the simulated 
paths resulted in an exercise (repowering) decision in year 2, and the mean optimal tim-
ing across all paths also fell in year 2. As shown in Table 2, repowering in year 2 yields 
an average single-turbine investment return of €10,687,985, which is significantly higher 
than in other years.

For the turbines limited to decommissioning, the distribution of optimal decommis-
sioning times also exhibited a similar pattern. Approximately 20% of paths resulted in 
decommissioning in year 1, whereas more than 70% of paths delayed decommissioning 
until the end of the lifetime. Table 2 further shows that the residual value is maximized 
when decommissioning occurs at the end of life. Overall, under the given wind resource 
and price conditions, turbines eligible for repowering exhibit a pronounced early exer-
cise window (year 2), while non-eligible turbines tend to be retired only once their life-
time value has been fully exhausted.

After determining the turbine-level optimal timings, the results are elevated to the 
wind farm scale through a batch-level coordinated decision process. Specifically, the 

Table 2  Average revenues from repowering and decommissioning across different years
Year 1 Year 2 Year 3 Year 4

Average revenue from repowering 9894952 10687985 9897414 9906508

Average revenue from decommissioning 263158 506202 737973 964508

Fig. 3  Timing distributions of End-of-Life options for wind turbines under a real options framework
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average optimal repowering or decommissioning time of each turbine is first calculated. 
A clustering rule with a time threshold of less than two years is then applied, group-
ing turbines with similar timings into the same batch. In the present case, the five tur-
bines are divided into two clusters: three repowering-eligible turbines to be repowered 
in 2031, and two non-eligible turbines to be retired in 2033. This leads to three alter-
native scenarios, as summarized in Table 3. Scenario 1 represents the batch implemen-
tation (repowering three turbines in 2031 and retiring two turbines in 2033), with an 
expected total return of €33,992,971. Scenario 2 represents unification to 2031, where 
both repowering and decommissioning are carried out in that year, yielding €33,076,359. 
Scenario 3 represents unification to 2033, where all actions are postponed to that year, 
yielding €31,648,540. A comparison reveals that Scenario 1 is superior, and is therefore 
recommended. However, it is important to emphasize that factors such as site acces-
sibility, crane availability and installation windows, and transport logistics significantly 
affect on-site construction costs, scheduling, and downtime losses. This is why, in prac-
tice, wind farm operators tend to replace turbines in batches at a unified point in time. 
Consequently, the final decision should integrate these site-specific costs into a unified 
comparison framework in order to derive a robust farm-level optimal strategy.

Discussion, findings, limitations, and recommendations
A real wind farm located in central Germany, consisting of five operating turbines, was 
used as a case study to demonstrate and evaluate the designed artifacts. The results show 
that, for the three turbines eligible for repowering, the optimal decisions are strongly 
concentrated in year  2, with more than 40% of simulated paths exercising the option 
at this point, and the average optimal timing across all paths also fell in year 2. Corre-
spondingly, the average single-turbine investment return in year 2 reached €10,687,985, 
significantly outperforming other years. This early exercise window can be understood 
as the outcome of multiple factors. First, under the parameterization of this wind farm, 
the gains in output from the new turbines were sufficient to offset the heavy capital 
expenditure of repowering, making the switch to a higher-efficiency asset more valuable 
than waiting. Second, technological improvements result in lower OPEX distributions 
for new turbines compared to old ones, further reducing the benefits of continued oper-
ation. Finally, because electricity prices exhibits the mean-reverting property, waiting 
does not necessarily deliver systematically higher price conditions, and excessive delays 
do not enhance long-term returns.

In contrast, the two turbines not eligible for repowering showed a tendency to post-
pone decommissioning as long as possible. Over 70% of paths delayed decommissioning 
until the end of the turbine lifetime, and the residual value is maximized when decom-
missioning occurred in the final year. This indicates that, under the given wind resource, 
price, and cost assumptions, the old turbines were still able to maintain positive oper-
ating cash flows along most paths, making full utilization of their remaining value the 

Table 3  Comparison of repowering and decommissioning scenarios
Scenario Repowering

year
Expected revenue
from repowering

Decommissioning
year

Expected residual
value until
decommissioning

Total expected
revenue

1 2031 32063955 2033 1929016 33992971

2 2031 32063955 2031 1012404 33076359

3 2033 29719524 2033 1929016 31648540
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preferable strategy. A small share of early decommissioning paths can reasonably be 
interpreted as the result of adverse conditions, where downward deviations of electricity 
prices around the mean coincided with high-percentile OPEX realizations, making early 
exit a rational choice to avoid deteriorating future cash flows.

When the turbine-level optimal timings were elevated to the wind farm scale, the 
batch-level coordinated decision process produced three distinct scenarios with clear 
differences in returns. In this case, turbines were grouped into two clusters with a 
threshold of two years: three turbines repowered in 2031, and two turbines decommis-
sioned in 2033. Based on this grouping, executing actions in batches at their respective 
optimal times (Scenario 1) yielded an expected total return of €33,992,971. Unifying all 
actions in 2031 (Scenario 2) reduced the return to €33,076,359, while unifying all in 2033 
(Scenario 3) further reduced it to €31,648,540. This demonstrates that early execution 
yields superior outcomes compared to delayed execution. The main reason is that the 
variation in expected returns across different repowering years is far larger than that 
across different decommissioning years. Consequently, when the numbers of repower-
ing and decommissioning turbines are comparable, the optimal farm-level timing natu-
rally aligns more closely with the repowering scenario.

The results also highlight another important insight. Although farm-level coordina-
tion can generate potential economies of scale in construction and operations, any uni-
fied execution decision that deviates from the turbine-level optimal timing inevitably 
sacrifices the value of temporal flexibility, and the greater the deviation, the higher the 
associated loss. Within the parameter settings of this case, batch execution preserved 
turbine-level optimality while already capturing sufficient coordination benefits, thereby 
becoming the farm-level optimal strategy. Nevertheless, it must be emphasized that 
the decision of batch-level coordination depends on the balance between two oppos-
ing forces: on the one hand, engineering and organizational synergies such as large-scale 
crane mobilization, economies of scale in internal road and electrical upgrades, and syn-
chronization of grid connection and permitting windows, and on the other hand, the 
financial cost of lost flexibility, as revealed in the case analysis results. Due to farm-level 
heterogeneity, the current model does not explicitly parameterize site specific mobili-
zation and coordination costs. In real world environments, when mobilization costs, 
transport and crane availability, or coordination of downtime are explicitly incorporated, 
the net coordination benefits of unified execution may increase. While the numerical 
results in this case favor batch execution, the conclusion may shift toward unified execu-
tion under conditions of significant mobilization costs and high downtime coordination 
value.

This study is subject to several limitations. First, although the developed DSS can pro-
vide expected returns under different scenarios, the results are more suitable as decision 
support information rather than ready-to-use solutions, given the heterogeneity of wind 
farms and site-specific conditions. In practice, operators must weigh organizational 
coordination costs, mobilization and downtime losses, crane availability, and other 
engineering constraints against the financial benefits of optimal timing. Second, the 
farm-level batching rule currently relies on a heuristic time threshold of less than two 
years. However, if too many turbines fall within the same cluster, the actual construc-
tion period may extend across multiple years, thereby deviating from the initial intent. 
Hence, this threshold requires calibration based on site-specific experience in practical 
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applications. Third, the electricity price dynamics in this study are modeled using an OU 
process, which captures mean-reverting behavior but may not fully represent more com-
plex market dynamics. In particular, extreme volatility, structural breaks, or jump-like 
price movements may require more advanced stochastic specifications.

Future research may build on the GIS foundation by incorporating construction 
scheduling complexity as an additional source of uncertainty or as a resource constraint, 
jointly optimizing batch size and timing to derive farm-level strategies that are closer 
to engineering reality and directly deliver implementable optimal solutions. In addition, 
the current DSS assumes a single debt-financing scheme with annuity repayment. Future 
extensions could include a multi-source financing module, enabling users to select from 
alternative structures and perform sensitivity and robustness analyses accordingly. 
Future research could also extend the stochastic simulation module by incorporating 
both exogenous and endogenous sources of uncertainty. While the current DSS primar-
ily models exogenous market uncertainty, future implementations could account for 
uncertainties that emerge endogenously from the suggested decisions themselves. For 
example, large-scale batch repowering may affect construction resource availability, or 
local grid stability. Recent work on network expansion planning under exogenous and 
endogenous uncertainty provides a relevant methodological basis for such an extension 
[23]. Furthermore, future research could extend the DSS by incorporating alternative 
electricity price models. In particular, the current framework mainly reflects supply-side 
and asset-level uncertainties, whereas emerging demand-side technologies may substan-
tially alter future electricity market dynamics. Vehicle-to-Grid systems, for instance, can 
influence load profiles and price volatility. Incorporating such demand-side uncertainties 
would improve the long-term strategic relevance of the DSS, especially in markets where 
flexible electric vehicle charging and discharging become increasingly widespread [22]. 
Another promising pathway is the integration of reinforcement learning techniques into 
the decision logic of the DSS. Recent applications of reinforcement learning to dynamic 
optimal power flow in offshore wind farms demonstrate the potential of such methods 
for complex wind energy optimization problems with multiple operational constraints 
[20]. Finally, future research could further refine the real options component of the DSS. 
While this study focuses on the timing flexibility of repowering decisions in wind asset 
management, similar studies have applied option value concepts to other energy plan-
ning contexts, such as EV smart charging in transmission expansion planning under 
uncertainty [10]. This provides a useful reference point for situating the present applica-
tion of real options within the broader flexibility valuation problems in energy systems.

Conclusions
This study develops and evaluates an interactive DSS artifact to support wind farm 
investors and operators in systematically assessing existing assets and identifying eco-
nomically favorable EoL strategies at the farm scale under uncertainty. Following the 
DSR paradigm, the developed DSS integrates GIS functionality, stochastic process simu-
lation, economic valuation, and farm-level scheduling into a modular and unified plat-
form. This multi-module integration constitutes a key strength of the artifact, as it allows 
financial analysis to be linked with geographical, technical, and regulatory consider-
ations that are often not fully captured in purely financial models. Based on turbine-level 
valuations, the system employs a rule-based temporal clustering approach to enable 
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batch-level coordinated decisions at the farm scale. This design allows for systematic 
comparison of expected returns across different farm-level decision scenarios, thereby 
assisting decision-makers in formulating comprehensive and implementable strategies.

The case study of a real wind farm in central Germany with five turbines generated 
several case-specific insights. At the turbine level, the results indicate that under cur-
rent parameter settings, repowering-eligible sites exhibit a clear early exercise window, 
while non-eligible turbines are better suited for end-of-life decommissioning. These 
findings reflect two rational behaviors under different constraints: the early switch to 
more efficient assets and the full utilization of existing stock value. At the farm level, the 
DSS quantified differences in returns between batch execution and unified execution, 
thus providing operators with decision support in balancing organizational complexity 
against financial optimality. Beyond producing quantitative results on optimal timings, 
the study provides evidence on the trade-offs between organizational coordination and 
financial efficiency, offering data-driven guidance for planning construction schedules 
and capital expenditures. The use of a real-world case study and the iterative develop-
ment in collaboration with industry and domain experts further supports the practical 
relevance of the DSS, suggesting that it is not merely a theoretical exercise but a prac-
tice-oriented artifact designed to address a relevant decision problem faced by wind 
farm operators.

Within the interdisciplinary field of information systems and energy research, this 
study’s core contribution is the design and case-based evaluation of a farm-level DSS 
artifact that integrates methodological rigour, empirical applicability, and socio-techni-
cal relevance into a coherent whole. The system embeds farm-level economic valuations 
anchored in stochastic simulation and real options theory within a decision-support 
architecture that translates financial flexibility into actionable guidance for practitioners. 
Its evaluation through a real-world case study further demonstrates how such an artifact 
can help bridge engineering complexity and managerial decision-making, thereby pro-
viding stakeholders with the transparency and analytical structure needed to navigate 
uncertainty in wind asset management.

Overall, our DSS artifact illustrates the value of extending the scope from the single-
turbine to the farm scale in empirical wind asset management contexts. It provides a 
reusable IS-type artifact and a methodological pathway for the coordinated optimization 
of repowering and decommissioning decisions, supporting both academic inquiry and 
managerial practice.
Acknowledgements
This research was funded by the German Federal Ministry for Economic Affairs and Climate Action (BMWK) under the 
project TransWind (Funding Code: 03EE3029E). The authors gratefully acknowledge this support, which enabled the 
development and evaluation of the proposed decision support system.

Author contributions
Conceptualization, YW, MH, TK, and MHB; Methodology, YW, MH, and TK; Software, YW; Validation, YW; Formal analysis, 
YW, MH, and TK; Investigation, YW; Resources, YW; Data Curation, YW, MH, and TK; Writing – Original Draft, YW and MH; 
Writing – Review & Editing, YW, MH, TK, and MHB; Visualization, YW and MH; Supervision, MHB; Project administration, 
YW; Funding acquisition, MH and MHB. All authors read and approved the final manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL. This work was supported by the German Federal Ministry 
for Economic Affairs and Climate Action (BMWK), grant no. 03EE3029E (TransWind).

Data availability
No datasets were generated or analysed during the current study.



Page 24 of 25Wang et al. Energy Informatics            (2026) 9:56 

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 31 August 2025 / Accepted: 14 May 2026

References
1.	 Abadie LM, Chamorro JM (2014) Valuation of wind energy projects: a real options approach. Energies 7(5):3218–3255. 

https://doi.org/10.3390/en7053218
2.	 Aghajani D, Bratvold RB, Hagspiel V, Noshchenko O, Toutain VKG (2025) A multi-objective decision-making framework for 

the choice between mutually exclusive alternatives under uncertainty: assessing the competitiveness of offshore wind for 
a gas field electrification on the NCS. Energy Econ 141:108032. https://doi.org/10.1016/j.eneco.2024.108032

3.	 An J, Kim DK, Lee J, Joo SK (2021) Least squares Monte Carlo simulation-based decision-making method for photovoltaic 
investment in Korea. Sustainability. https://doi.org/10.3390/su131910613

4.	 Aquila G, De Queiroz A, Balestrassi P, Rotella P Junior, Rocha L, Pamplona E, Nakamura W (2020) Wind energy invest-
ments facing uncertainties in the Brazilian electricity spot market: a real options approach. Sustain Energy Technol Assess 
42:100876. https://doi.org/10.1016/j.seta.2020.100876

5.	 Arnott D, Pervan G (2005) A critical analysis of decision support systems research. J Inf Technol 20(2):67–87. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​
/​1​0​.​1​0​0​7​/​9​7​8​-​3​-​3​1​9​-​2​9​2​7​2​-​4​_​3​​​​​​​

6.	 Assereto M, Byrne J (2021) No real option for solar in Ireland: a real option valuation of utility scale solar investment in 
Ireland. Renew Sustain Energy Rev 143:110892. https://doi.org/10.1016/j.rser.2021.110892

7.	 Bensoussan A, Chevalier-Roignant B, Rivera A (2022) A model for wind farm management with option interactions. Prod 
Oper Manag 31(7):2853–2871. https://doi.org/10.1111/poms.13721

8.	 Benth FE, Kallsen J, Meyer-Brandis T (2007) A non-gaussian Ornstein-Uhlenbeck process for electricity spot price modeling 
and derivatives pricing. Appl Math Financ 14(2):153–169. https://doi.org/10.1080/13504860600725031

9.	 Boomsma TK, Meade N, Fleten SE (2012) Renewable energy investments under different support schemes: a real options 
approach. Eur J Oper Res 220(1):225–237. https://doi.org/10.1016/j.ejor.2012.01.017

10.	 Borozan S, Giannelos S, Aunedi M, Strbac G (2022) Option Value of EV Smart Charging Concepts in Transmission Expan-
sion Planning under Uncertainty. In 2022 IEEE 21st Mediterranean Electrotechnical Conference (MELECON), pp. 63–68. ISSN: 
2158-8481

11.	 Briest G, Lauven LP, Kupfer S, Lukas E (2022) Leaving well-worn paths: reversal of the investment-uncertainty relationship 
and flexible biogas plant operation. Eur J Oper Res 300(3):1162–1176. https://doi.org/10.1016/j.ejor.2021.10.035

12.	 Bundesnetzagentur (2025) SMARD.de: Download Center – Market Data. ​h​t​t​p​s​​:​/​/​w​w​w​​.​s​m​a​r​​d​.​d​e​​/​h​o​m​e​/​d​o​w​n​l​o​a​d​c​e​n​t​e​r​/​d​
o​w​n​l​o​a​d​-​m​a​r​k​t​d​a​t​e​n​/​​​​​​​

13.	 Burger B, Hanisch C (2025) German net power generation in 2024: Electricity mix cleaner than ever. Fraunhofer ISE,
14.	 Caralis G, Diakoulaki D, Yang P, Gao Z, Zervos A, Rados K (2014) Profitability of wind energy investments in China using a 

Monte Carlo approach for the treatment of uncertainties. Renew Sustain Energy Rev 40:224–236. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​
.​r​s​e​r​.​2​0​1​4​.​0​7​.​1​8​9​​​​​​​

15.	 Cheng C, Wang Z, Liu M, Chen Q, Gbatu AP, Ren X (2017) Defer option valuation and optimal investment timing of solar 
photovoltaic projects under different electricity market systems and support schemes. Energy 127:594–610. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​
g​/​1​0​.​1​0​1​6​/​j​.​e​n​e​r​g​y​.​2​0​1​7​.​0​3​.​1​5​7​​​​​​​

16.	 Dequech D (2001) Bounded rationality, institutions, and uncertainty. J Econ Issues 35(4):911–929. ​h​t​t​p​s​​:​/​/​d​o​i​​.​o​r​g​/​​1​0​.​1​​0​8​0​/​
0​0​2​1​3​6​2​4​.​2​0​0​1​.​1​1​5​0​6​4​2​0​​​​​​​

17.	 Dixit AK, Pindyck RS (1994) Investment under uncertainty. Princeton University Press
18.	 Dønnestad EM, Fleten SE, Kleiven A, Lavrutich M, Teige AM (2024) A real options analysis of existing green energy facilities: 

maintain or replace? Energy Syst 15(3):993–1025. https://doi.org/10.1007/s12667-022-00505-8
19.	 Flora M, Tankov P (2023) Green investment and asset stranding under transition scenario uncertainty. Energy Econ 

124:106773. https://doi.org/10.1016/j.eneco.2023.106773
20.	 Fu Y, Ren Z, Wei S, Huang L, Li F, Liu Y (2024) Dynamic optimal power flow method based on reinforcement learning for 

offshore wind farms considering multiple points of common coupling. J Mod Power Syst Clean Energy 12(6):1749–1759. 
https://doi.org/10.35833/MPCE.2023.000765

21.	 Ghamlouch H, Fouladirad M, Grall A, Tom M (2019) The use of real option in condition-based maintenance scheduling for 
wind turbines with production and deterioration uncertainties. Reliab Eng Syst Saf 188:614–623. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​
r​e​s​s​.​2​0​1​7​.​1​0​.​0​0​1​​​​​​​

22.	 Giannelos S, Borozan S, Strbac G, Zhang T, Kong W (2024) Vehicle-to-Grid: quantification of its contribution to security of 
supply through the F-Factor methodology. Sustain Energy Res 11(1):32. https://doi.org/10.1186/s40807-024-00125-z

23.	 Giannelos S, Konstantelos I, Zhang X, Strbac G (2025) A stochastic optimization model for network expansion planning 
under exogenous and endogenous uncertainty. Electr Power Syst Res 248:111894. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​e​p​s​r​.​2​0​2​5​.​1​1​1​
8​9​4​​​​​​​

24.	 Gregor S, Hevner AR (2013) Positioning and presenting design science research for maximum impact. MIS quarterly: 
337–355. https://doi.org/10.25300/MISQ/2013/37.2.01

25.	 Gregor S, Hevner AR, University of South Florida (2013) Positioning and presenting design science research for maximum 
impact. MIS Quarterly 37(2):337–355. https://doi.org/10.25300/MISQ/2013/37.2.01

https://doi.org/10.3390/en7053218
https://doi.org/10.1016/j.eneco.2024.108032
https://doi.org/10.3390/su131910613
https://doi.org/10.1016/j.seta.2020.100876
https://doi.org/10.1007/978-3-319-29272-4_3
https://doi.org/10.1007/978-3-319-29272-4_3
https://doi.org/10.1016/j.rser.2021.110892
https://doi.org/10.1111/poms.13721
https://doi.org/10.1080/13504860600725031
https://doi.org/10.1016/j.ejor.2012.01.017
https://doi.org/10.1016/j.ejor.2021.10.035
https://www.smard.de/home/downloadcenter/download-marktdaten/
https://www.smard.de/home/downloadcenter/download-marktdaten/
https://doi.org/10.1016/j.rser.2014.07.189
https://doi.org/10.1016/j.rser.2014.07.189
https://doi.org/10.1016/j.energy.2017.03.157
https://doi.org/10.1016/j.energy.2017.03.157
https://doi.org/10.1080/00213624.2001.11506420
https://doi.org/10.1080/00213624.2001.11506420
https://doi.org/10.1007/s12667-022-00505-8
https://doi.org/10.1016/j.eneco.2023.106773
https://doi.org/10.35833/MPCE.2023.000765
https://doi.org/10.1016/j.ress.2017.10.001
https://doi.org/10.1016/j.ress.2017.10.001
https://doi.org/10.1186/s40807-024-00125-z
https://doi.org/10.1016/j.epsr.2025.111894
https://doi.org/10.1016/j.epsr.2025.111894
https://doi.org/10.25300/MISQ/2013/37.2.01
https://doi.org/10.25300/MISQ/2013/37.2.01


Page 25 of 25Wang et al. Energy Informatics            (2026) 9:56 

26.	 Himpler S, Madlener R (2012) Repowering of Wind Turbines: Economics and Optimal Timing. SSRN Electron J. ​h​t​t​p​s​:​/​/​d​o​i​.​o​
r​g​/​1​0​.​2​1​3​9​/​s​s​r​n​.​2​2​3​6​2​6​5​​​​​​​

27.	 Kim KT, Lee DJ, Park SJ (2014) Evaluation of R&D Investments in Wind Power in Korea Using Real Option. Renew Sustain 
Energy Rev 40:335–347. https://doi.org/10.1016/j.rser.2014.07.165

28.	 Kitzing L, Juul N, Drud M, Boomsma TK (2017) A real options approach to analyse wind energy investments under different 
support schemes. Appl Energy 188:83–96. https://doi​.org/10.101​6/j.apenerg​y.2016.1​1.104

29.	 Kraschewski T, Heumann M, Breitner MH (2021) Probabilistic model for the risk-adjusted investment evaluation of the 
post-utilization strategies of wind energy plants. Wind Energy Science Conference (WESC)

30.	 Kumbaroğlu G, Madlener R, Demirel M (2008) A Real Options Evaluation Model for the Diffusion Prospects of New Renew-
able Power Generation Technologies. Energy Econ 30(4):1882–1908. https://doi.org/10.1016/j.eneco.2006.10.009

31.	 Loncar D, Milovanovic I, Rakic B, Radjenovic T (2017) Compound real options valuation of renewable energy projects: The 
case of a wind farm in serbia. Renew Sustain Energy Rev 75:354–367. https://doi.org/10.1016/j.rser.2016.11.001

32.	 Longstaff FA, Schwartz ES (2001) Valuing american options by simulation: a simple least-squares approach. Rev Financ 
Stud 14(1):113–147. https://doi.org/10.1093/rfs/14.1.113

33.	 Maeda M, Watts D (2019) The Unnoticed Impact of Long-Term Cost Information on Wind Farms’ Economic Value in the 
USA - A Real Option Analysis. Appl Energy 241:540–547. https://doi​.org/10.101​6/j.apenerg​y.2018.1​1.065

34.	 Moon Y, Baran M (2018) Economic Analysis of a Residential PV System from the Timing Perspective: A Real Option Model. 
Renew Energy 125:783–795. https://doi.org/10.1016/j.renene.2018.02.138

35.	 Najafi P, Talebi S (2021) Using real options model based on Monte-Carlo Least-Squares for economic appraisal of flexibility 
for electricity generation with VVER-1000 in developing countries. Sustainable Energy Technologies and Assessments. 
https://doi.org/10.1016/j.seta.2021.101508

36.	 Netztransparenz (2025) Market Value Overview. ​h​t​t​p​s​​:​/​/​w​w​w​​.​n​e​t​z​​t​r​a​n​​s​p​a​r​e​​n​z​.​d​e​/​​d​e​-​d​e​​/​E​r​n​​e​u​e​r​b​a​r​e​-​E​n​e​r​g​i​e​n​-​u​n​d​-​U​m​l​a​
g​e​n​/​E​E​G​/​T​r​a​n​s​p​a​r​e​n​z​a​n​f​o​r​d​e​r​u​n​g​e​n​/​​​​​​​

37.	 Nishihara M (2020) Closed-form solution to a real option problem with regime switching. Oper Res Lett 48(6):703–707. 
https://doi.org/10.1016/j.orl.2020.08.013

38.	 Peffers K, Tuunanen T, Rothenberger MA, Chatterjee S (2007) A design science research methodology for information 
systems research. J Manag Inf Syst 24(3):45–77. https://doi.org/10.2753/MIS0742-1222240302

39.	 Prat N, Comyn-Wattiau I, Akoka J (2015) A taxonomy of evaluation methods for information systems artifacts. J Manag Inf 
Syst 32(3):229–267. https://doi​.org/10.108​0/07421222.​2015.109​9390

40.	 Reuter WH, Szolgayová J, Fuss S, Obersteiner M (2012) Renewable energy investment: policy and market impacts. Appl 
Energy 97:249–254. https://doi.org/10.1016/j.apenergy.2012.​01​​.021

41.	 Roth A, Brückmann R, Jimeno M, Đukan M, Kitzing L, Breitschopf B, Alexander-Haw A, Blanco ALA (2021) Renewable 
energy financing conditions in europe: Survey and impact analysis

42.	 Schmidt F, Hübler CJ, Rolfes R, Kraschewski T, Wang Y, Heumann M, Breitner MH, Harder P, Stonis M, Wielert H, Hüper S, 
Morris D, Piel JH, Fandrich A, Lüers S, Ellerhorst D, Weidmann B (2024) Transdisziplinäre end-of-life analyse von windener-
gieanlagen zur entwicklung technisch-wirtschaftlich optimaler nachnutzungsstrategien : Gemeinsamer schlussbericht 
verbundvorhaben: Transwind : Laufzeit des verbundvorhabens: 01.11.2020-30.04.2024 : Digitalisierung der energiewende 
- rückbau - repowering - weiterbetrieb

43.	 Schöniger S, Snellen H, Tschöpel A (2022) Cost of capital study 2022
44.	 Simon HA (1955) A behavioral model of rational choice. The Quarterly Journal of Economics. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​2​3​0​7​/​1​8​8​4​

8​5​2​​​​​​​
45.	 Stetter C, Heumann M, Westbomke M, Stonis M, Breitner MH (2020) A real options approach to determine the optimal 

choice between lifetime extension and repowering of wind turbines. In Operations Research Proceedings 2019: Selected 
Papers of the Annual International Conference of the German Operations Research Society (GOR), Dresden, Germany, September 
4-6, 2019, pp. 291–297. Springer

46.	 Trigeorgis L (1993) The nature of option interactions and the valuation of investments with multiple real options. J Financ 
Quant Anal. https://doi.org/10.2307/2331148

47.	 Vom Brocke J, A Hevner, and A. Maedche eds. 2020. Design Science Research. Cases. Progress in IS. Springer International 
Publishing

48.	 Wang Y, Kraschewski T, Heumann M, Breitner MH (2024) Repowering or continued operation? decision support for wind 
energy investments. In GOR AG Financial Management and Investments Workshop, Paris, France. Working Group on Finan-
cial Management and Financial Institutions (GOR AG FIFI)

49.	 Wang Y, Kraschewski T, Heumann M, Breitner MH (2025) Continued operation or repowering? a financial decision sup-
port system for onshore wind turbine investments. Proceedings of the 58th Hawaii International Conference on System 
Sciences

50.	 Watson RT, Boudreau MC, Chen AJ (2010) Information systems and environmentally sustainable development: energy 
informatics and new directions for the is community. MIS Q 34(1):23. https://doi.org/10.2307/20721413

51.	 Xu S, Wang X, Jiang Y, Yu B, Wei YM (2024) Optimum investment strategy for hydrogen-based steelmaking project coupled 
with multiple uncertainties. J Environ Manage 356:120484. https:​​​//d​oi.​or​g/10​.​1016/j.​jenv​man.​2024.120484

52.	 Yu G, Wang K, Hu Y, Chen W (2022) Research on the investment decisions of PV micro-grid enterprises under carbon trad-
ing mechanisms. Energy Sci Eng 10(8):3075–3090. https://doi.org/10.1002/ese3.1189

53.	 Zotz F, Kling M, Langner F, Hohrath P, Born H, Feil A (2019) Entwicklung eines Konzepts und Maßnahmen für einen ressour-
censichernden Rückbau von Windenergieanlagen.(development of a concept and measures for a resource-conserving 
dismantling of wind turbines)

Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.2139/ssrn.2236265
https://doi.org/10.2139/ssrn.2236265
https://doi.org/10.1016/j.rser.2014.07.165
https://doi.org/10.1016/j.apenergy.2016.11.104
https://doi.org/10.1016/j.eneco.2006.10.009
https://doi.org/10.1016/j.rser.2016.11.001
https://doi.org/10.1093/rfs/14.1.113
https://doi.org/10.1016/j.apenergy.2018.11.065
https://doi.org/10.1016/j.renene.2018.02.138
https://doi.org/10.1016/j.seta.2021.101508
https://www.netztransparenz.de/de-de/Erneuerbare-Energien-und-Umlagen/EEG/Transparenzanforderungen/
https://www.netztransparenz.de/de-de/Erneuerbare-Energien-und-Umlagen/EEG/Transparenzanforderungen/
https://doi.org/10.1016/j.orl.2020.08.013
https://doi.org/10.2753/MIS0742-1222240302
https://doi.org/10.1080/07421222.2015.1099390
https://doi.org/10.1016/j.apenergy.2012.01.021
https://doi.org/10.2307/1884852
https://doi.org/10.2307/1884852
https://doi.org/10.2307/2331148
https://doi.org/10.2307/20721413
https://doi.org/10.1016/j.jenvman.2024.120484
https://doi.org/10.1002/ese3.1189

	﻿Scaling up repowering decisions: a farm-level financial decision support system for onshore wind energy assets
	﻿Abstract
	﻿Introduction
	﻿Background and related research
	﻿Research design
	﻿WISDOM-farm: a wind farm level decision support system
	﻿Geographical information system module
	﻿﻿Stochastic simulation module
	﻿Electricity price
	﻿CAPEX and OPEX
	﻿Turbine lifetime


	﻿Economic valuation module
	﻿RO model
	﻿NPV model

	﻿Farm level scheduling module
	﻿Key parameter settings for WISDOM-farm
	﻿Case study
	﻿Basic assumptions and numerical simulation
	﻿Scenario analysis at the wind farm level

	﻿Discussion, findings, limitations, and recommendations
	﻿Conclusions
	﻿References


