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Abstract. We present an optimization framework for long-term wind farm operation that balances fatigue loads
and energy yield to extend turbine and farm lifetime. The approach plans per-turbine derating set points for
discrete wind conditions using an engineering wake model and surrogate models for power and damage. We
formulate the problem as a nonlinear program and solve it either for the full farm in a single run or iteratively per
turbine. The method is demonstrated on a nine-turbine farm under onshore and offshore turbulence conditions
and across multiple failure modes. For tower bottom bending, modest lifetime extensions of 2–5 years increase
net present value (NPV) between (5 % and more than 100 %) with small losses of annual energy production
(AEP) of 1 %–4 % onshore and less than 0.2 % offshore. The per-turbine optimization achieves similar results
to the full-farm approach in most cases. Under offshore turbulence, upstream derating more effectively reduces
wake-induced turbulence, and the coordinated farm optimization yields additional benefits. When blade edge-
wise loads are included, lifetime gains require stronger derating due to rotational-speed sensitivity and reduced
economic benefits. The framework produces implementable look-up tables that can be integrated into wind farm
planning and control. While results rely on steady wake models and design-style damage estimation and thus
represent first-order comparisons, they show that targeted derating can redistribute damage and extend lifetime
with limited impact on energy.

1 Introduction

In wind farms, the wake effect has two negative effects: re-
duced energy production due to lower wind speeds and in-
creased loads due to higher turbulence. Both energy and
loads can be influenced by control at the affected turbine or
at neighboring turbines. For pure energy production, the ob-
jective is clear: maximize farm-level annual energy produc-
tion (AEP). For loads, however, the challenge is greater be-
cause energy production inevitably induces fatigue on mul-
tiple components of each turbine, and it is not straightfor-
ward to define a single optimization target. Although stan-
dard methods like Miner’s rule can estimate the impact of
loads on the lifetime of structural components, these esti-
mates are often associated with significant uncertainty. Nev-

ertheless, it is clear that turbines exposed to wakes more fre-
quently experience higher loads over their lifetime than other
turbines. In every wind farm, the lifetime fatigue damage of
each turbine needs to remain below the design fatigue budget,
which is usually the same for each turbine and is defined by
standards. If the fatigue budget is exceeded for some turbines
of the farm during their nominal operation, some wind farms
are required to apply sector management and shut down tur-
bines in certain wind directions at the cost of a significant
energy loss. By using derating1 as an instrument for load re-

1In general, there are various terms for reducing the power of a
wind turbine, and the usage often depends on the context. In wind
farm control, the term axial-induction control is often used. Also,
downregulation and curtailment are prominent terms. The latter is
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duction in individual turbines and full wind farms, the op-
portunity to redistribute fatigue damage for different inflow
conditions opens. Using this, wind farm operation can be op-
timized to extend wind farm lifetime and to maximize rev-
enue. According to BDEW (2025), longer wind farm opera-
tion also has macroeconomic benefits for society.

To put this work in context, we focus on wind farm flow
control and load reduction at the farm level and on meth-
ods for long-term operational planning. Research into wind
farm control has grown significantly in recent years, with
numerous studies focusing on strategies to optimize power
production and reduce structural fatigue. Several overview
papers summarize these advancements, including works by
Houck (2022), Nash et al. (2021), Kölle et al. (2022), Mey-
ers et al. (2022), and Eguinoa et al. (2021). Previous re-
search in wind farm control has predominantly emphasized
maximizing power generation at the farm level by mitigating
wake effects. A distinction between wind farm flow control,
summarizing techniques for wake mitigation, and wind farm
power plant control (WPPC) was introduced in Eguinoa et al.
(2021).

WPPC focuses on the interface of the wind farm with the
power grid, which is not covered within this work. Despite
the fact that the maximization of power production comes
with its own challenges mentioned in the literature above, the
explicit focus on damage distribution and lifetime has a few
major disadvantages and additional complications. Firstly, it
is required to use additional models for the influence of the
parameters on the different components. In the context of
farm flow optimization and control, this is often addressed
through surrogate models. Secondly, the power maximiza-
tion problem can be divided into simplified subproblems be-
cause the annual energy production can be maximized by
maximizing the power production under each separate condi-
tion. Turbine lifetime is determined by the cumulative dam-
age accumulated under various operating conditions. Conse-
quently, dividing the optimization process into smaller inde-
pendent problems leads to suboptimal results.

In several studies on wind farm flow control, load reduc-
tion or lifetime of the turbines is considered, but only as a
side objective or constraint. In Gharbia et al. (2025), the com-
plexity of the full optimization approach for turbine lifetime
is explicitly discussed. Therefore, they also perform a bin-
wise optimization under local load constraints followed by an
a posteriori check of the global lifetime damage-equivalent
loads (DELs). The global approach proved to be too time-
consuming for their study with 15 turbines and a high resolu-
tion of the selected bins. In Liew et al. (2024), it was possible
to consider lifetime DELs as global constraints when maxi-
mizing AEP. The resolution of bins, and thus the size of the
optimization problem, remains unclear. Unlike in this work,

often referred to in the context of requests by the grid operator. Just
like in Requate et al. (2023), the term derating is used throughout
this work.

both studies use yaw misalignment and derating as control
instruments. Both studies highlight optimization approaches
that are directly related to our work and underscore the need
for further research in this area.

Various studies have also examined the role of derating
strategies as a means to manage loads in wind farms and their
impact on downstream turbines. For instance, Astrain Juan-
garcia et al. (2018) and Meng et al. (2020) demonstrate that
reducing the thrust of upstream turbines can be used to re-
duce loads at downstream turbines. More recently, Guilloré
et al. (2024) presented an approach for control-oriented sur-
rogate models for wind farms for both wake steering and de-
rating applications. Such methods can be applied to improve
accuracy of wind farm optimization approaches. Pettas in-
vestigated the combined use of derating, power boost strate-
gies, and individual pitch control to optimize wind farm op-
eration. They further applied these approaches in the context
of electricity price optimization to improve economic out-
comes (Pettas). However, derating poses certain challenges.
For example, Robbelein et al. (2023) highlighted that it can
induce negative effects on the loads experienced by the tower
or substructure, particularly for offshore wind turbines, due
to reduced negative damping. To address this, Ziegler et al.
(2024) proposed optimizing curtailment intervals to mitigate
such risks effectively. Moreover, condition monitoring sys-
tem (CMS) technology, as demonstrated by Pacheco et al.
(2025), provides improved tools for assessing the blade-
specific impacts of derating strategies in field applications.

In the context of wind farm control, derating is mainly ap-
plied for active power tracking when the farm power needs
to be limited. In this case, the derating can be distributed
among the turbines of the farm and influences loads in dif-
ferent ways (Jensen et al., 2016; Gonzalez Silva et al., 2023;
Stock et al., 2020), but it is only applicable when the farm
needs to be curtailed for a lifetime balancing of the farm. De-
rating is explicitly used for lifetime optimization of a wind
farm in the commercial software WindPro (EMD Interna-
tional, 2025a). Here, a heuristic optimization process is used
to reduce the fatigue damage below a certain level. The con-
troller set points (or modes) are iteratively reduced under the
wind conditions where it is most favorable for the damage–
energy relationship (EMD International, 2025b). With that
approach, the energy yield of the farm is only maximized
indirectly, and an improved solution, but not necessarily the
optimal one, might be found.

In Requate et al. (2023), we presented a mathematical op-
timization method to distribute the fatigue damage of a single
turbine within a wind farm. However, the impact of modified
control behavior through derating on other turbines was not
yet considered. Building on this foundation, the method has
now been expanded to optimize damage distribution across
an entire wind farm, addressing wake-induced interactions
between turbines. Since turbine loads are influenced by both
individual operation and wake effects from neighboring tur-
bines, this optimization addresses the interface between tur-
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bine and wind farm control. Requate et al. (2023) introduced
the concept of integrating turbine fatigue management into
farm-level control. Meyer and Requate (2023) expanded this
idea by embedding long-term operational planning into a
multi-layered, system-wide wind farm control paradigm.

This work introduces an optimization framework to find
operational strategies for wind farm operation that enables
a system-wide optimized damage distribution for all tur-
bines of a wind farm. It specifically employs derating not
only as a strategy to extend the operational lifetime of wind
turbines within a farm but also to balance fatigue damage
across the turbines, thereby equalizing their overall value.
The framework handles different layouts, site-specific condi-
tions and constraints, and multiple failure modes. In practice,
the choice of failure modes and target fatigue budgets or life-
times depends on site assumptions, parameters, and operator
preferences.

Within this work, we demonstrate the approach on an ex-
emplary nine-turbine wind farm under onshore and offshore
turbulence conditions with different failure modes. For each
of these two conditions, we first consider the tower bottom
bending moment (tower bm) as the relevant failure mode.
This choice is taken because the tower is a component which
is usually not replaced and thus decisive for the full lifetime
of a turbine. Subsequently, three failure modes are consid-
ered for the optimization process under offshore-turbulence
conditions. Because the optimization problem in a wind farm
with many turbines can become very large, we compare two
approaches for all the cases mentioned. In addition to a coor-
dinated solution for the entire wind farm, we investigate an
iterative approach in which each turbine is optimized sepa-
rately. We show that the coordinated approach is particularly
effective under offshore conditions when turbulence in the
wake is significantly increased.

At first, a general optimization problem for the operational
planning of wind farms under given constraints on the fatigue
budget is presented in Sect. 2. Then, the proposed approaches
for the derating optimization are presented in Sect. 3. In
Sect. 4, results for each of the three cases are presented. They
are discussed in Sect. 5. A conclusion is given in Sect. 6.

2 General optimization problem for the operational
planning of wind farms

We formulate a nonlinear optimization problem to find an op-
erational plan for arbitrary wind farms. An operational plan
is a set of control set points to be applied under specific ex-
ternal (ambient) conditions. In this work, the external con-
ditions are ambient wind conditions; the plan exploits the
nonlinear relationship between energy yield and damage. In
Requate et al. (2023), a four-step process for optimal opera-
tional planning of a single turbine was introduced. Here, we
extend the system boundary to the entire farm and develop

a method that produces an operational plan for each turbine,
accounting for wake interactions.

The optimization problem is constructed to select an op-
timal control set point for each combination of discretized
input conditions. The result is a look-up table that a wind
farm control system can follow. We now introduce the key
quantities and their relationships step by step. A summary of
all indices and dimensions is provided in Table 1.

Ambient conditions and binning. The wind farm inflow
is described by an ambient input vector xamb

=

(x(amb,1), . . .,x(amb,W )) ∈ RW with W ambient vari-
ables. These ambient conditions represent the undis-
turbed inflow to the farm. They are the same for all tur-
bines and serve as the external input to the optimiza-
tion. The continuous range of ambient conditions is dis-
cretized into B bins, where B =

∏W
`=1Bx(`) is the prod-

uct of the number of bins per variable. Each bin j is rep-
resented by a central value xamb

j , and all representatives
are collected in the matrix Xamb

∈ RB×W . For exam-
ple, withW = 3 ambient variables (wind direction θamb,
wind speed vamb, turbulence intensity TIamb) and bins of
10° and 3 m s−1, one obtains B = 36 ·6= 216 bins with
representatives such as xamb

1 = (0°, 7ms−1, 0.08).

Local conditions. In a wind farm, each turbine experi-
ences different wind conditions due to wake effects.
We denote the local (at-turbine) conditions by x =

(x(1), . . .,x(w)) ∈ Rw, representing the effective wind at
the turbine rotor after accounting for wake deficits and
added turbulence from upstream turbines. Local con-
ditions depend on the ambient inflow, the farm layout,
and the operational set points of all turbines. The collec-
tion of local conditions for all turbines and bins forms a
tensor X ∈ RNT×B×w with the per-turbine, per-bin vec-
tor xij = X(i,j, :). For example, with w = 2 local vari-
ables (wind speed v, turbulence intensity TI), a turbine
operating in the wake of an upstream neighbor might
see x0,0 = (7.5ms−1, 0.12) when the ambient condi-
tions are xamb

0 = (0°, 8.0ms−1, 0.08).

Control set points and operational plan. For each turbine
and each ambient bin, the controller applies a set point
u ∈ RNu with Nu control channels. In this work, a sin-
gle control channel is used: the derating factor δP that
reduces the available power output by a given percent-
age (Nu = 1). The collection of all set points forms the
operational planU ∈ RNT×B×Nu , or simplyU ∈ RNT×B

for the derating-only case. Each entry uij specifies the
derating set point for turbine i in ambient bin j . For
example, the value u1,0 = 90% means that turbine 1
operates at 90 % of its available power in ambient bin
0, i.e., at xamb

0 = (0°, 8.0ms−1, 0.08). More generally,
additional control channels such as yaw misalignment
could be included, but all results in this paper use Nu =
1.
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Table 1. Dimensions and indices used in the problem formulation.

Name Notation

Number of ambient variables W ∈ N (here: W = 3)
Number of local variables w ∈ N (here: w = 2)
Number of bins for variable x(`) Bx(`) ∈ N
Total number of ambient bins B =

∏W
`=1Bx(`)

Number of turbines NT ∈ N
Number of control channels Nu ∈ N (here: Nu = 1)
Turbine index i ∈ {1, . . .,NT}
Ambient bin index j ∈ {1, . . .,B}
Control channel index m ∈ {1, . . .,Nu}

With these definitions, the following subsections describe
how the wake model maps ambient conditions and control set
points to local conditions (Sect. 2.1), how surrogate models
translate local conditions into power and damage (Sect. 2.2),
and how these components are combined into the optimiza-
tion problem (Sect. 2.3).

2.1 Wake modeling

The ambient bin matrix Xamb and control plan U jointly de-
termine local (at-turbine) wind conditions via an engineer-
ing wake model (FOXES; Schmidt, 2022). The wake model
computes f wake steady-state values x(u) for wind speed and
turbulence intensity (TI). We denote the mapping for local
wind condition X(U ) by

X(U )= f wake(Xamb,U ) ∈ RNT×B×w. (1)

Per ambient bin, turbines are coupled through wakes, and
each bin is evaluated independently by the wake model. With
a total number of bins B and number of turbines NT, the per-
turbine local wind conditions are computed by

xij (U )= X(i,j, :)= f wake(xamb
j , U (i,j, :)

)
,

i = 1, . . .,NT, j = 1, . . .,B. (2)

Given xij (U ), at-turbine damage and power can be computed
using surrogate models implemented as turbine models in
FOXES.

2.2 Surrogate models and lifetime metrics

We assume surrogate models for per-hour damage rate
dfm(x,u) for failure mode fm and for power P (x,u), as func-
tions of both local conditions x and control set point u. In
this work, the surrogate models are polynomial regression
fits through damage-equivalent loads (DELs) obtained from
aeroelastic simulations over a range of wind speeds, turbu-
lence intensities, and derating set points. Their construction
and the underlying simulation database are described in de-
tail in Requate et al. (2023). For simplicity, all turbines share
the same surrogate models, though per-turbine models are

possible. Both x and u depend on ambient conditions via
Eq. (2).

The lifetime frequency vector over ambient bins is h ∈ RB
with elements hj ≥ 0 and

∑B
j=1hj =Htotal. Alternatively,

using probabilities p = (p1, . . .pB ) ∈ RB with
∑B
j=1pj = 1

and a horizon H , one may replace hj by H pj .
The lifetime energy production of turbine i under plan U

is

Ei(U ;h)=
B∑
j=1

P
(
xij (U ), uij

)
hj , (3)

and the lifetime damage of turbine i for failure mode fm is

Dfm,i(U ;h)=
B∑
j=1

dfm
(
xij (U ), uij

)
hj . (4)

In each wind condition bin, control set points and local
wind conditions are interdependent and are computed by
FOXES for all turbines via an internal iteration process. This
process can be performed for all bins j in parallel. The aggre-
gate values of energy production and fatigue damage are then
used to find an optimal operational plan under the expected
average occurrence for each input condition.

2.3 General optimization problem

We seek an operational plan U that maximizes an objec-
tive F : RNT×B×Nu→ R (e.g., total energy) subject to per-
turbine damage budgets Dtarget

fm,i for selected failure modes
fm ∈ F :

max
U

F (U ;h)

s.t. Dfm,i(U ;h)≤Dtarget
fm,i , ∀i ∈ {1, . . .,NT},

∀fm ∈ F ,
uijm ∈ [umin,umax] for all i,j,m.

(5)

For maximizing energy production, we use the objective
function

F (U ;h)=
NT∑
i=1

Ei(U ;h). (6)

The optimization problem Eq. (5) is a large-scale non-
linear program (NLP). Nonlinearity arises from aerody-
namic wake interactions and fatigue damage surrogate mod-
els dfm(x,u), and we cannot assume convexity. The number
of decision variables scales as NTBNu with B =

∏
`Bx(`) , so

even moderate discretizations of wind direction and speed
lead to thousands of variables. For calculating the wind farm
wake effects, the ambient conditions at least contain the wind
direction θ and wind speed v as ambient variables. With a bin
width of 10° for θamb and 1 m s−1 for vamb in a wind speed
range from 5 to 25 m s−1, this results in B = 36 · 20= 720
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bins, i.e., almost 6500 variables in a nine-turbine farm and
72 000 in an offshore farm with 100 turbines when only one
control variable is used. Thus, the problem needs to be re-
duced in complexity and dedicated solvers selected.

2.4 Economic evaluation of results

When solving the optimization problem in Eq. (5) to max-
imize energy production (Eq. 6), we determine the max-
imum amount of energy production under the constraints
for a target fatigue budget. In other words, a trade-off be-
tween lifetime and energy production is found, and different
target values for the lifetime can be selected. We evaluate
strategies economically using the net present value (NPV)
with constant average price, capital and operating expendi-
ture (CAPEX and OPEX), and weighted average cost of cap-
ital (WACC), following Requate et al. (2023) and adapting it
to the farm level.

We need to define the lifetime of the full wind farm de-
pendent on the selected operational plan. To do so, we as-
sume that the wind farm’s lifetime ends when the first turbine
reaches its target fatigue budget, i.e., when Dfm,i(U ;h)≥ 1.
Thus, the lifetime of each turbine for a specific failure mode
is given by

τfm,i(U ;h)=
25

Dfm,i(U ;h)
, (7)

and the full number of operating years is given by

Y life
=

⌊
min

fm∈F , i∈{1,...,NT}
τfm,i(U ;h)

⌋
. (8)

This assumption allows for a straightforward comparison
of the operational plans of full wind farms but depends on
strong deterministic assumptions about the end of life. Thus,
it can only be used as a first indicator for the selection and
evaluation of the operational plans.

The NPV over a horizon of Y years is computed as

NPV(Y )=
Y∑
t=0

CelPrice ·E
annual(U ;h)−COPEX

(1+CWACC)t
, (9)

with constant parameters for the interest rate CWACC covered
by the WACC, constant annual maintenance costs COPEX,
and a constant average price of electricityCelPrice. The repay-
ment can be variable over the entire operating period and is
made depending on the annual energy yield Eannual(U ;h) :=
E(U ;h)
Y life .

3 Optimization problem for optimal planning of
derating

Within this study, an optimized operational plan using derat-
ing set points of the wind turbines is found. The specific vari-
ables and parameters for the presented use case are described

in Sect. 4. At this stage, the general problem is reduced to the
required parameters for solving the derating problem. Sub-
sequently, the iterative approach for solving the optimiza-
tion problem for each turbine of the farm separately is intro-
duced. The processes for both of the approaches are shown in
Fig. 1 (denoted as full-farm optimization) and Fig. 2 (denoted
as per-turbine optimization). Finally, the implementation of
both algorithms is described.

3.1 Final formulation for single optimization run

The surrogate damage models depend on the local wind
speed v and turbulence intensity TI, i.e., x = (v,TI), as well
as on a derating control set point u= δP. Local conditions are
computed from ambient values for wind direction θamb, wind
speed vamb, turbulence intensity TIamb, and air density ρ. The
parameter ρ is kept constant, and TIamb may be treated as a
function of wind speed. The derating set point δP reduces
power by a percentage amount at all wind conditions. The
full operation plan for the wind farm (derating-only) is de-
noted as 1P consistent with U . With this setup, we seek

– xij (1P)= f wake(xamb
j , 1P(:,j )

)
, ∀j = 1, . . .,B

– B = Bθamb Bvamb

– U =1P
∈ RNT×B

and the optimization problem

max
1P

E(1P
;h)=

∑NT

i=1
Ei(1P

;h)

s.t. Dfm,i(1P
;h)≤Dtarget

fm,i ,

∀i ∈ {1, . . .,NT}, ∀fm ∈ F,
δP
ij ∈ [δ

P
min,δ

P
max] for all i,j.

(10)

The problem in Eq. (10) yields a single derating per tur-
bine for each combination of wind speed and wind direction.
Thus, the number of optimization variables depends on the
number of bins Bθamb and Bvamb and on the number of tur-
bines.

When using the frequency distribution over wind bins,
some combinations of wind speed and wind direction are
very rare. To reduce the number of variables with negligi-
ble influence on the objective and constraints, we removed
the selected conditions from the optimization variables by
testing their influence on the fatigue damage. All values for
which the maximum change in fatigue damage over all tur-
bines and failure modes is less than 3% are excluded. These
are later set to the nominal power set point of 100% (no
derating) automatically. In addition, power set points are
rounded to integer values after the continuous optimization
process to obtain realistic set points for a wind farm control
algorithm. The effect on the results is negligibly small.

An overview of the setup of the optimization problem is
given in Fig. 1.
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Figure 1. Process for full-farm optimization in single run.

Figure 2. Process for iterative per-turbine optimization.

3.2 Iterative loop optimizing separately for each turbine
with derating

Since derating primarily affects the derated turbine and influ-
ences the wake only indirectly via reduced thrust, we investi-
gate whether comparable results can be achieved when each
turbine is optimized separately. This approach is easily scal-
able to large wind farms because each per-turbine problem
has B variables, and the problems can be solved in parallel.
To include wake effects, we use an iterative procedure that
optimizes each turbine’s plan while holding the current local
wind condition fixed, then updates them after each iteration.
An overview of the loop approach is shown in Fig. 2 and
described in Algorithm 1.

Within each iteration k, the local wind conditions for all
turbines are computed simultaneously by the wake model
(which internally resolves the upstream-to-downstream prop-
agation order for each wind direction). The subsequent per-
turbine optimizations (inner loop over i) are therefore inde-
pendent of each other and insensitive to the order in which
turbines are processed since they all operate on the same
fixed local conditions X(k). Here, the exact same problem as
described in Requate et al. (2023) is solved. Coupling be-
tween turbines only occurs between iterations when updated
derating set points change the wake field.
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Algorithm 1 Iterative loop optimizing separately for each
turbine with derating (using 1P), graphically represented in
Fig. 2

1: Initialization: Start from a nominal plan 1P,(0) (e.g., 100%
power in all bins) and compute initial local conditions X(0)

=

fwake(Xamb,1P,(0)).
2: for k = 1 to K do
3: Iterative loop (k): Given 1P,(k−1), recompute local con-

ditions X(k)
= fwake(Xamb,1P,(k−1)); denote local vectors

by x(k)
ij
:= X(k)(i,j, :) ∈ Rw .

4: for i = 1 to NT do
5: For turbine i, solve its per-turbine problem over bins j =

1, . . .,B:
6: maximize

∑B
j=1P

(
x

(k)
ij
, δP
ij

)
hj

7: subject to
∑B
j=1dfm

(
x

(k)
ij
, δP
ij

)
hj ≤D

target
fm,i for all fm ∈

F
8: and δP

ij
∈ [δP

min,δ
P
max] for all j

9: Update the ith row of 1P,(k) with the optimizer’s solu-
tion.

10: end for
11: end for
12: Return the final plan 1̂P←1P,(K) and X̂←

fwake(Xamb, 1̂P).

3.3 Implementation and selection of solvers

The problem is set up using an internally developed Python
framework VIOLA (Value Integrated Optimization of Life-
time Asset Operation), which integrates all the required steps
from building up the problem with suitable surrogate mod-
els and the integration of those models into the wake model-
ing tool FOXES up to the solution of the problem with ded-
icated solvers and the evaluation of results. For this study,
the framework was enhanced with the integration of the fa-
tigue damage models into FOXES and the subsequent setup
of the optimization problem for a full wind farm. In addi-
tion, the loop iteration approach was implemented. For the
high-dimensional, nonlinear problem (NLP), the gradient-
based interior point solver IPOPT was selected (Waechter
and Laird, 2022). Despite the lack of analytical gradients, the
nonlinear, but differentiable behavior of the fatigue damage
models and the scalability to a large number of optimiza-
tion variables led to this choice. In contrast, deterministic
global optimization (e.g., branch-and-bound with convex re-
laxations) and metaheuristics (e.g., evolutionary algorithms,
particle swarm optimization) generally scale poorly with di-
mension due to the exponential growth of the search space
and large numbers of function evaluations. With IPOPT, the
problem could be solved within reasonable time for the se-
lected problem size.

4 Results

The proposed method is applied for different wind farm sce-
narios with 7.5 MW wind turbines (rotor diameter: 164 m;
hub height: 100 m) using the simulation database as de-
scribed in Requate et al. (2023), available on Zenodo (Re-
quate and Meyer, 2023). The example wind farm consists
of nine turbines with a regular 3× 3 layout, and the wind
comes mainly from the southwest (see Fig. 3). Throughout
this work, turbines are referenced by their index i ∈ {0, . . .,8}
as shown in Fig. 3a, where indices 0–2 correspond to the bot-
tom row (westernmost), 3–5 to the middle row, and 6–8 to the
top row (easternmost). The frequency distribution of wind
speed is computed from a 30-year time series of ERA5 data
in the German North Sea (Hersbach et al., 2018). The uti-
lized terms and parameters for the damage models are sum-
marized in Table 2. For the wake models in FOXES, the local
wind speed is computed using the Gauss-type wake model
by Bastankhah and Porté-Agel (2016). The wake-induced TI
is calculated using the top-hat wake model as described in
IEC (2019a). For the wind speed, a quadratic superposition
is used, and TI is superposed using the maximum rule.

As explained in Sect. 2, the binning of ambient wind con-
ditions is a key design choice because it determines the num-
ber of optimization variables. A compromise between com-
putational effort and accuracy is required, and the granularity
should remain implementable for the usage of the set points
on real turbines. To assess this trade-off, we computed total
energy and damage (Eqs. 3 and 4) for several discretizations.
In addition, the optimization was first tested with coarser dis-
cretizations and then refined. With a bin width of 10° for
ambient wind direction and 3 m s−1 for wind speed, results
were obtained in reasonable time, and the relative changes in
annual energy and resulting lifetime were close to the finest
tested discretization (using 3.3° and 1 m s−1).

The total frequency for both distributions is shown in
Fig. 3. For the evaluation, we use the fine discretization to
evaluate the results and include a sensitivity to the coarser
discretization. TI is handled as a single value depending on
the wind speed to keep problem size manageable; this also
reflects practical limitations of the TI values, which are dif-
ficult to measure in reality and thus less suitable as input
for a control set point. The parameters for both binnings are
summarized in Table 3. The number of ambient bins Bopt is
reduced by about 10 % for all use cases by removing low-
frequency conditions as described in Sect. 3. This mainly ap-
plies to wind speeds of 22 m s−1 in some northwestern wind
directions.

In different subsections, we present results for the differ-
ent use cases with ambient turbulence values for onshore and
offshore and considering different failure modes in the op-
timization. The impact of the upstream on the downstream
turbines strongly depends on the ambient TI value used. Off-
shore, the ambient TI is usually lower than onshore because
of the low surface roughness of the sea. Thus, TI-induced
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Table 2. Summary of terms for the selected failure modes.

Load Flapwise bending moment Edgewise bending moment Tower bottom bending moment

Abbreviation Flapwise bm Edgewise bm Tower (bottom) bm
Wöhler exponent 10 10 3
Damage rate dflap(x,u) [1 h−1] dedge(x,u) [1 h−1] dtower(x,u) [1 h−1]

Table 3. Binning parameters for optimization (coarse) and evaluation (fine).

Variable Optimization binning (coarse) Evaluation binning (fine)

Wind direction θ B
opt
θ = 36, bin width 10°;

centers 0,10, . . .,350°
Beval
θ = 108, bin width 10

3 ≈ 3.3°;
centers 0,3.3, . . .,356.7°

Wind speed v B
opt
v = 6, bin width 3 m s−1;

centers 7, . . .,10,22 m s−1
Beval
v =20; bin width 1 m s−1;

example centers 5,6, . . .,24 m s−1

Turbulence intensity (TI) B
opt
TI = 1; single value; dependent on v Beval

TI = 1; single value; dependent on v

Total number of ambient bins Bopt
= 216 Beval

= 2160

Frequency per wind condition hopt heval

loads are generally lower than onshore, but differences be-
tween turbines are higher. To illustrate the influences of those
differences on the planning, we present results for onshore
and offshore scenarios where the ambient TI values strongly
differ. Onshore, the 50 % quantile of the turbulence class B
of the design standard 61400-1 (IEC, 2019a) is used (IEC,
2019a), and offshore the mean value of measurements from
met mast Fino1 in the North Sea (Türk and Emeis, 2010)
is used. The ambient wind distribution from offshore is also
used for the onshore scenario to clearly see these effects. Due
to this fact, the AEP for the onshore scenario is significantly
higher than usual. This also has a strong effect on the eco-
nomic evaluation with different cost assumptions for onshore
and offshore taken from Stehly et al. (2024). Therefore, sig-
nificantly different constant electricity prices are selected in
order to get comparable results on the NPV for all cases. All
parameters for each of the cases are summarized in Table 4.

In all cases, we assume that the wind farm is designed so
that the turbine with the highest damage progression can op-
erate for 25 years. In this case, a nominal operational1P,nom

plan with all turbines operating at 1P,nom
ij = 100% of power

at all times is used. Therefore, we first compute

Dfm,i(1P,nom
;heval), ∀i ∈ {1, . . .,NT} , ∀ fm ∈ F . (11)

The lifetime of each turbine is computed under the as-
sumption of a nominal lifetime of 25 years by using Eq. (7)
with the finer binning distribution heval, i.e., calculating
τfm,i(1P

;heval) for each turbine and failure mode. The op-
timization problem described in Eq. (10) is solved using the
coarser binning hopt for all calculations. The evaluation is
done with the finer binning afterwards.

The nominal lifetime of the tower, with no derating ap-
plied, is shown in Fig. 4 for the on- and offshore cases. The
tower lifetime of the turbine in the center is 25 years for both
cases. Offshore, the turbine in the lower left corner could op-
erate 4 years longer. In the offshore case, differences among
the turbines are significantly higher, and lifetime of the tur-
bine in the lower left corner is almost 20 years longer (43
years in total) compared to the turbine in the center. In total,
all turbines’ loads are significantly lower in the offshore case
due to the lower ambient TI. But for this study, we are mainly
interested in the relative differences between the turbines.

For all three use cases, we compare the optimal result from
solving the full-farm optimization problem of Eq. (10) in a
single run with the iterative per-turbine approach. The energy
production is always maximized over the original lifetime of
25 years under the constraint of different target lifetimes for
the turbines. The target fatigue budget is given by the recipro-
cal value, i.e., byDtower

target =
25
τ tower

target
. The AEP and the NPV with

different target lifetimes are compared for both methods in all
three cases. Subsequently, one of the results of each case is
presented in more detail by showing the results for each tur-
bine and the optimized derating plan. In the first two cases,
the details are shown when the lifetime of all turbines is bal-
anced. In the appendix, the course of energy production and
NPV over the operating years (Appendix A) as well as an
evaluation of different binning sizes is presented additionally
(Appendix B).
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Table 4. Overview of parameters for the use cases: failure modes, ambient TI, and economic values.

No. Scenario Failure mode Ambient TI CAPEX per MW OPEX per MW Conversion rate WACC El. price

1 Onshore Tower bm IEC class B USD 1.968 million USD 43 000 per year USD per EUR 0.86 6.5 % 6 ct kWh−1

2 Offshore Tower bm Fino1 USD 5.4 million USD 135 000 per year USD per EUR 0.86 6.5 % 12 ct kWh−1

3 Offshore All three Fino1 USD 5.4 million USD 135 000 per year USD per EUR 0.86 6.5 % 12 ct kWh−1

Figure 3. Farm layout with distance in meters; 1 rotor diameter= 164 m (a). Wind distribution given as lifetime frequency for each com-
bination of wind speed and wind direction with broader binning used for optimization hopt (b) and fine-binning used for evaluation heval

(c).

4.1 Case 1: tower lifetime with onshore turbulence
scenario

In this scenario, we solve the optimization problem for dif-
ferent target constraints for the selected failure mode of all
turbines. The target fatigue budget is given by the recipro-
cal value, i.e., by Dtower

target =
25
τ tower

target
. We aim for target lifetimes

τ tower
target ∈ {27,29,30,35}, i.e., 2, 4, 5, and 10 years of exten-

sion. The turbine with the lowest lifetime is always assumed
to determine the lifetime of the total wind farm, and only full
operational years are considered (see Sect. 2.4). For evalua-
tion, we use the finest binning (heval; θ : 3 degrees, bin width
for wind speed v : 1 m s−1).

In Fig. 5, the AEP and the NPV are plotted over the
lifetime of the farm as defined above. The curves for the
two methods are almost identical for lifetimes up to 30
years, and the difference in energy production and NPV is
less than 0.2 %. The full-farm optimization always yields a
slightly higher value. The target lifetime of 35 years cannot
be reached with both methods. While this is caused by dif-
ferences from the fine-binning and the binning used for op-
timization in the full-farm optimization, not all constraints
could be fulfilled in the per-turbine approach. The targeted
lifetimes are reached at a slight energy loss between 1 % and
4 % up to a lifetime extension of 5 years (20 % more life-
time). A lifetime extension of 10 years (40 %) results in an
energy loss of 20 %. In comparison to the energy produc-
tion, the NPV considers interest rates and thus penalizes a
loss in AEP in early operating years additionally. With low
AEP losses, NPV can be increased by up to 10 % due to life-
time extensions between 2 and 5 years. An extension of 10

years reduces the AEP production and thus even leads to a
reduction in NPV compared to the nominal cases. The high-
est NPV is reached after a lifetime of 29 years, which is now
discussed in more detail.

With nominal operation, the turbine with the highest life-
time could operate for 25 years when considering the se-
lected failure mode. With this target value, the lifetime of
all turbines can be balanced at that value. Figure 6 shows the
tower lifetime and the AEP for each of the nine turbines with
both optimization approaches. With both approaches, the tar-
get lifetime of 29 years is slightly exceeded, and all turbines
reach a value between 29 and 30 years.

The AEP is reduced the most at the turbine in the center
(index 4). When evaluating the relative difference in lifetime
and AEP compared to the nominal case with no derating ap-
plied (Fig. 7) two things can be observed. As seen in Fig. 5,
the difference between the two optimization approaches is
very low. The AEP with the full-farm optimization is less
than 1 % higher at turbine 4. In addition, the relative lifetime
extension for all turbines is significantly higher than the loss
in AEP. For turbine 4, 20 % more lifetime can be achieved at
5 % energy loss. When comparing the resulting operational
plans in Fig. 8, one can see similarities and differences in the
results. A derating plan can be applied to best reduce damage
for a turbine by itself. Derating is primarily applied when a
turbine operates in the wake of others or at low wind speeds.
In addition, upstream turbines reduce power in some cases
when it is beneficial for turbines downstream. Due to the up-
stream derating, the amount and number of deratings can be
reduced at downstream turbines. When comparing the results
for the turbine in the center, the turbine can operate more of-
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Figure 4. Nominal lifetime (no derating) of the tower bending moment (bm) for the onshore scenario (a) and offshore scenario (b).

Figure 5. Case 1, onshore scenario with different target values for tower lifetime: comparison of AEP and NPV for the optimization
approaches.

ten at full power while still meeting the required target dam-
age. This is especially visible for no-wake situations, e.g., be-
tween 15 and 65 or between 125 and 160°. The differences
in the operation plans are thus explainable because the opti-
mizer can find a higher value for the farm energy and are still
almost negligible for the overall AEP.

4.2 Case 2: tower lifetime with offshore turbulence
scenario

For this use case, we are also aiming for different target val-
ues for extending the lifetime of the wind farm (2, 5, 10, and
20 years), i.e., τ tower

target ∈ {27,29,30,35}. The results for AEP
and NPV are shown in Fig. 9, where, again, the main evalu-
ation is done with the finest binning. In this scenario, aiming
at a lifetime of 29 years for all turbines only requires a load
reduction on three turbines (see Fig. 4b or green curve in
Fig. 10). Therefore, the energy loss of the complete farm is
negligibly small (less than 0.1 %), and a significantly higher
NPV (41 %) can be achieved when operating the farm 2
more years. A lifetime extension of 10 years yields the high-
est NPV under the given conditions. This also applies for
both optimization methods, the full-farm optimization and
the per-turbine approach. When considering lifetimes below
30 years, the difference between both approaches remains

minor because only few turbines are concerned, with a small
need for reducing damage. At 35 years, the AEP loss with
the per-turbine approach is about 0.8 % lower, resulting in
an NPV difference of almost 5 % compared to the full-farm
optimization. When aiming at balancing the lifetime after 45
years of operation, the loss in NPV with the full-farm opti-
mization is so high that the NPV is lower than after 35 years
but still higher than after 25 years. With the per-turbine opti-
mization, the target lifetime constraint cannot be fulfilled for
some turbines, and the lifetime is only 37 years, with a higher
loss in NPV and energy production.

This result is now discussed in more detail. In Fig. 10, it
can be observed that the targeted lifetime cannot be reached
by three out of the nine turbines with the per-turbine opti-
mization, while the target is met with the full-farm approach.
When studying the AEP, it can be observed that the energy
AEP of some turbines needs to be reduced significantly (in-
dex 0, 1, 2, 6) to enable less derating at turbines 4 and 5,
resulting in an overall higher AEP.

With the per-turbine approach, the three turbines not
reaching the target lifetime are derated to their maximum
level (Fig. 12). At most wind speeds, derating down to 50 %
induces higher loads than a moderate derating to about 80 %,
which is selected by the optimizer. With the full-farm op-
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Figure 6. Case 1, onshore scenario balancing tower lifetime at 29 years: absolute lifetime and AEP on each turbine for both optimization
methods.

Figure 7. Case 1, onshore scenario balancing tower lifetime at 29 years: relative values compared to nominal operation (no derating) for
lifetime and AEP on each turbine for both optimization methods.

timization, upstream turbines are derated to their maximum
level in some wind directions (e.g., 90° for the lowest row,
0° for the upper row). Especially downstream turbines with
a low distance (4D in the horizontal direction) derate at all
wind speeds for relevant wind directions to spare the tur-
bines downstream. This way, the lifetime of the turbine with
the lowest lifetime can be increased to the target value with-
out it having to derate under all conditions. Due to the lower
ambient TI, the influence of derating on the wake-induced
turbulence is higher and more effective for the load reduc-
tion on downstream turbines. With the relative values shown
in Fig. 11, it can again be seen that the relative lifetime ex-
tension is significantly higher than the loss in AEP for all
turbines, e.g almost 80 % more lifetime for turbine 4 in the
center at only 10 % AEP reduction.

4.3 Case 3: lifetime extension on all selected failure
modes in offshore scenario

In the third scenario, we impose two lifetime targets across
all turbines and all failure modes: 27 and 30 years, i.e., 2 and
5 years of extension (τ fm

target ∈ {27,30},∀i,∀fm, resulting in
27 constraints in total). All three considered failure modes
show a different behavior dependent on the influencing pa-
rameters wind speed, turbulence intensity, and derating fac-

tor. While the tower bending moment and the flapwise blade
root bending moments are strongly influenced by the turbu-
lence intensity, the edgewise moment is mainly driven by the
rotational speed due to gravitational loads. Thus, the wake-
induced differences in lifetime between turbines are very
low. Due to the low influence of TI, the edgewise bending
moment is the dominant failure mode when all failure modes
are considered in the computation of the total farm lifetime
(using Eq. 8 for the computation of the total farm lifetime).
For a better understanding of the result, we first discuss the
lifetime extension to 27 years in detail. The nominal lifetimes
without derating for all three failure modes can be seen in the
green curves in Figs. 13 and 14.

For the failure mode represented by the edgewise bending
moment, the lifetime of all turbines is approximately 25 years
and can be extended to almost 28 years (about 10 %) for all
turbines at an average AEP loss of about 6 % (see Fig. 15).
The lifetime of all turbines and failure modes is higher than
28 years in this case; i.e., all constraints are fulfilled. The
comparably high energy loss results from the dependency on
the edgewise loads on the rotational speed. For this reason, it
is difficult to improve the relationship between induced dam-
age and energy production. The results for the full-farm and
the per-turbine optimization are almost identical, with min-
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Figure 8. Case 1, onshore scenario with tower as failure mode: optimized operational plan full-farm optimization (a) and per-turbine
optimization (b).

Figure 9. Case 2: offshore scenario with different target values for tower lifetime: comparison of AEP and NPV for the optimization
approaches.

imally higher AEP for the full-farm approach. The lifetime
of the other two failure modes is strongly increased for all
turbines and above the target (see Fig. 14).

When studying the optimized operational plan for this op-
timization run, two patterns can be observed (Fig. 16): a der-
ating to 90 % or 80 % is applied to all turbines for almost all
wind speeds and directions below 15 m s−1 with both opti-
mization approaches. At this level of derating, the rotational
speed is reduced significantly and thus leads to the most ef-
fective reduction in damage. The resulting plan thus differs
from the previous optimized plans in the other two use cases
significantly. With the full-farm approach, upstream turbines
also reduce their power in full wake situations in the partial-
load region between 4 and 7 m s−1 down to 50 % or 60 %.
Despite these differences in the operational plan, the result-
ing AEP is almost the same. The results are determined by
the underlying relationship of wind, wake effects, and influ-

ence of the controller, and the optimizer is able to find the
best possible relationship under the given constraints.

Figure 17 shows the AEP and NPV for the two target life-
times. The lower AEP is too significant for the initial invest-
ment and level of interest rate so that the final value of NPV
is lower by 60 % after 27 years of operation. By aiming at 29
years of operation, the NPV is even below 0.

5 Discussion

The application of VIOLA to the example wind farm in-
dicates that condition-based operational planning can redis-
tribute damage away from operating situations with an unfa-
vorable relation between energy and damage while preserv-
ing energy yield where the trade-off is more advantageous.

In all of the studied cases, the optimization systematically
reduces the fatigue damage by the amount of derating so that
the overall energy production is maximized and improves the
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Figure 10. Case 2, offshore scenario balancing tower lifetime at 45 years: absolute lifetime and AEP on each turbine for both optimization
methods.

Figure 11. Case 2, offshore scenario balancing tower lifetime at 45 years: relative values compared to nominal operation (no derating) for
lifetime and AEP on each turbine for both optimization methods.

damage–energy relationship of each individual turbine and
the full wind farm. When only considering the tower bm as
a failure mode, fatigue damage can be strongly reduced un-
der some conditions so that the loss in energy production is
significantly lower in total. A consistent observation is that
derating still yields its largest benefit on the derated turbine
itself. The consideration of derating of upstream turbines has
an impact on the optimal achievable energy production of the
farm which can only be captured by the full-farm optimiza-
tion approach. This impact depends on the scenario and on
the targeted lifetime extension for the different failure modes.
In most of the studied cases, the difference in AEP between
the full-farm and the per-turbine optimization was low. De-
spite the fact that the resulting operational plans differ, and
the full-farm approach uses derating of upstream turbines to
yield the best overall result, the AEP gain compared to the
per-turbine approaches is less than 1 % in almost every case.
The benefit of the full-farm approach mainly applies when
many of the turbines require a significant derating and under
offshore turbulence conditions.

When multiple failure modes are considered, turbulence-
driven modes (e.g., tower bottom bending, blade flapwise
root loads) respond well to the wake-aware derating, whereas
gravity-/rotational-speed-driven modes (blade edgewise) re-
quire high reductions in rotational speed and therefore in-
cur higher energy losses. By comparing onshore and offshore
scenarios for the ambient turbulence intensity, the influence
of this parameter on the wake and subsequently on the fa-
tigue lifetime is shown as an example. With a higher ambient
turbulence, the flow behind the turbine adapts more quickly
to the surrounding conditions and thus reduces variability in
loads between the turbines. With a lower ambient TI, the re-
duction in the thrust of upstream turbines more effectively
reduces the TI downstream.

When interpreting results for farm lifetime, lifetime en-
ergy, and NPV, note that the evaluation is intentionally simple
and supports first-order comparisons. We show that higher
NPV can be achieved by modestly extending lifetime at the
expense of a small reduction in AEP. The assumption of life-
time and decommissioning based on a deterministic and rel-
ative consideration of lifetime fatigue damage is strong and
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Figure 12. Case 2, offshore scenario balancing tower lifetime at 45 years: optimized operational plan full-farm optimization (a) and per-
turbine optimization (b).

Figure 13. Case 3, offshore scenario with all failure modes: absolute lifetime and AEP on each turbine for both optimization methods.

should not be applied directly to real projects. The basis for
the fatigue damage calculation in the optimization process is
the same as for design calculations and can thus be integrated
into the planning process of wind farm operation.

In addition to the uncertainties in the long-term evalua-
tion of the economic benefits, the results also depend on
the underlying models, which are used on several levels,
i.e., the configuration of the turbine controller, the surro-
gate models for the fatigue damage calculation, and the wake
models. Controller-specific choices influence how loads and
the wake respond to derating. The surrogate models used
here are polynomial fits through DELs from aeroelastic time
domain simulations. These fits interpolate between discrete
simulation points and thus introduce additional approxima-
tion errors. However, when the underlying simulations are
sufficiently accurate, and the turbine–controller interaction
is tuned appropriately, these interpolation errors are small
compared to the uncertainties inherent in the fatigue dam-
age estimation itself. The surrogate approach based on DELs

and linear damage accumulation is tractable and standard for
design- and control-oriented analysis of wind turbines, but
it does not capture sequence effects or material nonlinear-
ities that can be relevant for composites. A detailed discus-
sion of these modeling uncertainties, including the sensitivity
to controller tuning, is provided in Requate et al. (2023) and
applies equally to the farm-level extension presented here.
In the wind farm context, the wake modeling approach also
influences results. Firstly, dynamic effects cannot be repre-
sented with steady-state models. Secondly, the parameters of
the steady-state model influence the effect of the turbines on
the wake.

Under the given model assumptions and parameters, the
optimizer attempts to find the best possible solution. Essen-
tially, the problems for a per-turbine approach and for the
wind farm are both nonconvex NLPs, making them suitable
for nonlinear gradient-based optimizers. On the one hand, we
cannot guarantee that a global or even local optimum of the
problem is found because of the nonconvexity and unfulfilled
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Figure 14. Case 3, offshore scenario with all failure modes: absolute for lifetime for flapwise blade bm and tower bm on each turbine for
both optimization methods.

Figure 15. Case 3, offshore scenario with all failure modes: relative values compared to nominal operation (no derating) for lifetime and
AEP on each turbine for both optimization methods.

requirements in the underlying functions. On the other hand,
the shape of the resulting operational plans as well as the
consistent results in all of the studied cases assure that an
optimal or close-to-optimal solution is found in all cases.

Nevertheless, the gradient-based solution process suffers
from an objective function which can be very flat close to
the optimal solution. This effect is caused by the frequency
distribution, which has very low values under some condi-
tions, especially at higher wind speeds in some wind direc-
tions. This effect affects both optimization approaches but
also scales with the number of turbines in the full-farm ap-
proach.

Overall, the iterative per-turbine optimization scales easily
and is attractive to use when the coupling between turbines
is weak or when moderate lifetime extensions on some tur-
bines are targeted. Pragmatic workflows which combine par-
tial solutions on small subsets of larger farms, combined with
the iterative process, could be tested. In addition, heuristic
solutions which incorporate additional knowledge about the
problem behavior could be integrated and potentially com-
bined with nonlinear optimization. The optimization prob-
lem can still increase strongly in size with larger wind farms;
a finer binning of conditions, more conditions, or other con-
trol set points (like yaw misalignment) should be considered.

This can be done by further fine-tuning the setup of the opti-
mization problem, e.g., by implementing analytical gradients
automatically or through decomposition of the problem.

6 Conclusion and outlook

We present a condition-based planning method that redis-
tributes fatigue damage over turbine lifetime by combining
surrogate models with a long-term optimization. We compare
two optimization approaches and show, across use cases, how
optimized operational plans can extend lifetime for some or
all turbines in a wind farm and increase revenue through
longer operation. The method identifies operational plans
that reduce damage under wake-affected, high-turbulence
conditions while retaining energy in more favorable situa-
tions, resulting in a more efficient relationship between en-
ergy production and fatigue damage for each turbine. We
show that an individual per-turbine optimization process is
almost as effective as the approach for optimizing the full
wind farm including all wake interaction effects for the ded-
icated problem. The optimization process was applied under
different turbulence conditions (onshore and offshore) and
under consideration of different failure modes. Especially
onshore, the wake interaction between turbines is lower, and
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Figure 16. Case 3, offshore scenario with all failure modes: optimized operational plan full-farm optimization (a) and per-turbine optimiza-
tion (b).

Figure 17. Case 3, evaluation of results: offshore scenario with all failure modes, comparison of AEP and NPV for the optimization ap-
proaches.

upstream derating only has a small influence on downstream
TI and subsequent damage.

The benefits of the approach for optimized operational
planning are quantified for the nine-turbine example farm:
onshore, extending tower lifetime by 2–5 years lowers AEP
by only 1 %–4 % and raises NPV by up to 10 %. For the tur-
bine with the highest required reduction in loads, lifetime is
extended by 20 % at an energy loss of only 5 %. Offshore,
extending tower lifetime of the most highly loaded turbines
by up to 5 years only requires the derating of a few turbines.
This is possible at very low AEP losses of less than 0.2 %, re-
sulting in high NPV increases by more than 50 %. For larger
lifetime extensions, a significant reduction in AEP is required
(up to 20 %) to extend the lifetime by 80 % so that NPV is
still higher than in the nominal case with no derating ap-
plied. When blade edgewise loads are included, reaching 28
years requires 6 % AEP reduction and sharply reduces NPV
(60 %), reflecting the strong rotational-speed sensitivity.

In total, we can find an optimal relation of consumed fa-
tigue life and energy production for a given target and thus
contribute to a more efficient way of operating wind farms
and each individual turbine within the farm. With the modu-
lar optimization framework, the groundwork for further de-
velopments is made. The iterative approach represents a scal-
able solution for large wind farms. It can be integrated into a
pragmatic workflow for optimized wind farm planning. The
full-farm approach can initially be used as a comparative so-
lution for parts of the farm for validation purposes, or it can
be scaled to large farms using improved methods and longer
computing times.

A key challenge and barrier for practical implementa-
tion is quantifying how reductions in predicted fatigue loads
translate into changes in failure probability and mean time
to failure under real operating conditions. This issue can
partially be addressed by improving the underlying models
and assessing uncertainties and sensitivities. Nevertheless,
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the process is in line with current standard methods for de-
sign load calculations of wind turbines according to the IEC
(IEC, 2019b). However, the advantage of energy loss must be
clearly demonstrated to an operator in order to make such a
strategy applicable. To further prove the benefits of applying
such more individual operational strategies to the turbines, an
extensive stochastic analysis considering uncertainties and
different end-of-life scenarios would be required. Any long-
term plan depends on assumptions about the wind climate
and the economic development. Frequency distributions de-
rived from historical data are practical and commonly used,
but they do not fully capture seasonal and interannual vari-
ability or longer-term shifts.

In addition, the economic evaluation is sensitive to price
trajectories, discount rates, and maintenance cost assump-
tions. For this reason, deterministic results should be inter-
preted alongside scenario analyses or sensitivities. Periodic
re-planning with updated site data and asset condition, com-
bined with simple Monte Carlo sampling over wind roses and
economic parameters, can provide a more robust view of risk
and value.

Some of the advantages of the operational planning can-
not be estimated by the simple economic evaluation as done
within this work. In addition to stochastic analysis to ad-
dress uncertainties, the benefits of a more coordinated end of
life among the turbines need to be investigated. Furthermore,
such strategies can explicitly be used to reduce the design
fatigue budget or to adapt a turbine to a site with more se-
vere operational conditions than assumed during the design
process.

A further step for practical usage is the integration of exter-
nal influences beyond the environmental conditions. In par-
ticular, the integration of electricity prices into the planning
process will be relevant for future wind farms operating in
flexible markets, especially those with strong price varia-
tions. We have recently extended our single-turbine planning
approach to account for the wind–price correlation as an ad-
ditional input dimension and presented initial results at the
Deepwind conference (Requate et al., 2026). Extending this
to the farm level is a natural next step. In addition, how the
energy reserve from derating can be used for participation in
the balancing market could also be investigated.

The evaluations in this study assumed that the optimized
operational plan is applied consistently throughout the life-
time. In practice, however, economic and regulatory condi-
tions change over decades of operation, and the turbine’s
condition evolves differently than predicted. The proposed
framework can therefore be applied not only once before
commissioning but periodically throughout the farm’s life-
time, using updated site data, measured fatigue consump-
tion, and revised economic assumptions. In this sense, the
approach can be interpreted as a very slow model-predictive
control scheme: at each re-planning point, the remaining fa-
tigue budget is assessed, and the operational strategy for the
remaining years is re-optimized. Nevertheless, the planning

will always depend on the assumptions about future condi-
tions and thus needs to be carefully compared to standard op-
eration and potential drawbacks. In Requate et al. (2024), we
additionally investigated annually variable operational strate-
gies where the derating plan is allowed to differ between
years. Notably, the benefit of year-to-year variability was
found to be small because the nonlinear relationship between
energy production and induced damage, which determines
where lifetime can be saved most efficiently, is largely inde-
pendent of when during the lifetime the derating is applied.
However, the benefit also depends on external circumstances
such as interest rates, price developments, and the farm’s re-
muneration model, meaning that annually variable strategies
may still be valuable under certain conditions.

Regarding the implementation in a wind farm controller,
the optimized plan is delivered as a look-up table of derating
set points per turbine and bin of wind direction and speed.
This is compatible with most turbines since derating is stan-
dard for grid power tracking. In operation, the interval width
for binning should be aligned with sensing of the environ-
mental conditions and filtered to avoid frequent switching.
Wind direction and speed estimates from SCADA or lidar
can be used. As the plan is applied, safeguards must ensure
compliance with certification and address set point-specific
risks (e.g., negative damping offshore). Over time, the plan-
ning can be refreshed with updated site data, asset condition,
and economic assumptions and extended with targeted up-
rating or additional control channels (like wake steering) to
improve the lifetime–energy trade-off.
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Appendix A: Net present value calculations

To illustrate how the interest rate translates energy produc-
tion into NPV, Figs. A1 and A2 show the course of the to-
tal energy production and the NPV over the operating years
for all use cases with the full-farm optimization approach.
By taking interest into account, the linear growth of en-
ergy production translates to a nonlinear course of NPV over
the years. While total energy production over the lifetime is
higher than under nominal operation for all optimized results,
NPV can decrease when the reduction in AEP is too large rel-
ative to the lifetime extension.

Figure A1. Total energy production over operating years of the wind farm using the full-farm optimization for case 1 (a), case 2 (b), and
case 3 (c).

Figure A2. NPV over operating years of the wind farm using the full-farm optimization for case 1 (a), case 2 (b), and case 3 (c).
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Appendix B: Comparison of binning sizes

To study the sensitivity of the results on the selected bin-
ning size of the ambient conditions, the evaluations for dif-
ferent binnings are compared for all the studied cases with
the full-farm optimization approach (Figs. B1, B2, and B3).
When comparing all results, the relative course of the curves
is very similar for both AEP and NPV. With the broadest bin-
ning (dotted curve), a strong deviation can be observed even
for the nominal lifetime. In this case, the area for the wake
effects is too broad and neglects some effects which seem
sufficiently captured with a bin width of 10°. In addition, the
derating set points are applied to a broader area and thus re-
duce efficiency. With the selected bin sizes from Table 3, a
good compromise seems to be chosen for finding an opti-
mized plan under the given assumptions.

Figure B1. Case 1, onshore scenario with tower as failure mode: comparison of binning sizes of AEP (a) and NPV (b).

https://doi.org/10.5194/wes-11-3863-2026 Wind Energ. Sci., 11, 3863–3885, 2026



3882 N. Requate et al.: Optimal wind farm operational planning

Figure B2. Case 2, offshore scenario with tower as failure mode: comparison of binning sizes of AEP (a) and NPV (b).

Figure B3. Case 3, offshore scenario with all failure modes: comparison of binning sizes of AEP (a) and NPV (b).
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Appendix C: List of symbols

Symbol Meaning
xamb
∈ RW Ambient input vector (e.g., direc-

tion, speed, turbulence).
W ∈ N Number of selected ambient vari-

ables.
Xamb

∈ RB×W Matrix of ambient bin representa-
tives; rows are xamb

j .
B ∈ N Total number of ambient bins (often

B =
∏W
`=1Bx(`) ).

Bθ , Bv, BTI ∈ N Number of bins for ambient direc-
tion, speed, turbulence.

x ∈ Rw Local (at-turbine) condition vector
(e.g., θ,v,TI).

w ∈ N Number of selected local variables.
X ∈ RNT×B×w Tensor of local (per-turbine, per-

bin) wind conditions.
xij = X(i,j, :) ∈ Rw Local condition at turbine i, ambi-

ent bin j .
u(x) ∈ RNu Control set point vector for local

condition x.
Nu ∈ N Number of control channels.
U ∈ RNT×B×Nu Operational plan tensor; entries

uijm (for Nu = 1, uij ).
NT ∈ N Number of turbines.
i, j, m Indices for turbine, ambient bin,

control channel.
f wake(·) Wake model mapping from ambi-

ent bins and controls to local con-
ditions.

X(U ) Local-condition tensor from wake
model under plan U .

xamb
j Ambient vector at ambient bin j .
xij (U ) Local condition at turbine i, bin j

under plan U .
fm Failure mode index (e.g., tower bm,

blade flapwise, blade edgewise).
F Set of considered failure modes.
dfm(x,u) Surrogate damage rate [1 h−1] for

failure mode fm.
P (x,u) Surrogate power model [W].
h ∈ RB Lifetime frequency vector over am-

bient bins;
∑B
j=1hj =Htotal.

hj Expected hours in ambient bin j .
Htotal Total time horizon in hours.
p ∈ RB Ambient bin probabilities;∑B

j=1pj = 1.
H Alternative horizon (hours) used

with p via hj =H pj .
Ei(U ;h) Lifetime energy of turbine i under

plan U [Wh].
Dfm,i(U ;h) Lifetime damage for failure mode

fm on turbine i.

Symbol Meaning
F (U ;h) Objective function (e.g., total farm

energy).
umin, umax Control box bounds.
θamb, vamb Ambient wind direction [deg],

speed [m s−1].
v, TI Local wind speed [m s−1],

turbulence intensity [–].
u= δP Derating control set point (percent-

age of rated power).
θ Local wind direction [deg].
TIamb Ambient turbulence intensity [–].
ρ Air density [kg m−3].
δP Derating factor (0–1 or %).
1P
∈ RNT×B Derating-only operational plan;

entries δP
ij .

δP
ij Derating set point for turbine i in

ambient bin j .
Bθamb , Bvamb Number of bins for ambient direc-

tion and speed.
1P,(k) Derating plan at iteration k (loop

approach).
K Number of loop iterations.
X(k) Local-condition tensor at iteration

k.
x

(k)
ij Local condition for turbine i, bin j ,

at iteration k.
1̂P Final derating plan after loop.
X̂ Final local-condition tensor under

1̂P.
τfm,i(1P

;h) Implied lifetime [years] of turbine i
for failure mode fm.

Y life Farm lifetime in full years (mini-
mum across all turbines/modes).

NPV(Y ) Net present value over Y years.
CelPrice Average electricity price

[ct kWh−1].
Eannual(1P

;h) Annual energy [Wh] under plan
1P.

COPEX Annual OPEX [EUR per year].
CWACC Weighted average cost of capital

(discount rate) [–].
Bopt, Beval Total ambient bins for

optimization/evaluation.
hopt, heval Frequency vectors for

optimization/evaluation.
1P,nom Nominal plan (e.g., all entries

100%).
τ tower

target Target lifetime [years] for tower
failure mode.

Dtower
target Target fatigue budget for tower fail-

ure mode [–].
y Yaw misalignment set point [deg]

(if used as a control channel).
dflap, dedge, dtower Damage rates for flapwise, edge-

wise, and tower bm.
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