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Abstract.

As wind energy deployment expands, bat protection curtailment is increasingly required for ecological and regulatory rea-

sons. Operators typically implement static, also called ‘blanket’, schedules based on environmental thresholds for predefined

periods, while dynamic approaches based on real-time sensing have emerged as an alternative that can reduce unnecessary cur-

tailment. To date, these strategies have been primarily evaluated using production-based metrics, although frequent curtailment-5

induced start-ups and shutdowns may affect structural loading and long-term fatigue accumulation. This study proposes an

evaluation methodology to quantify impacts on both energy production and structural fatigue accumulation under different

bat protection operational strategies. The methodology combines long-term environmental and bat activity data with wind

farm flow modeling, mode-dependent surrogate models to represent aeroelastic fatigue response in normal and curtailment-

related operating states, and consistent aggregation of energy and fatigue metrics over long time horizons. The approach is10

demonstrated in a case study of an onshore wind farm in France by comparing representative static and dynamic bat pro-

tection strategies with a baseline in which no bat protection strategy is implemented. The results show that energy losses

are lower for the evaluated dynamic strategies compared to all considered static schedules. Cumulative fatigue impacts are

channel-dependent and are small for most responses and bat protection strategies. However, some loads showed sensitivity

to curtailment, indicating that bat activity frequency and its combination with the local climate can lead to increased fatigue15

loading. The operational, energy, and fatigue cumulative impacts are analyzed, along with the effects of interannual variability,

and the main drivers and sensitivities are identified. Based on these, implications for decision-making when selecting an op-

erational strategy are discussed, and the need for site-specific evaluation of both energy and fatigue is highlighted. Moreover,

key assumptions are explained and research gaps are identified, especially regarding how fatigue contributions from transient

events should be modelled and accounted for in long-term evaluations. Finally, based on the findings, pathways to optimize20

bat protection strategies are suggested, aiming to achieve the targeted bat protection levels while minimizing energy losses and

supporting asset reliability.

1



1 Introduction

Wind energy deployment is expanding rapidly as part of global decarbonisation efforts, but it also causes substantial unintended

mortality of bats at turbines, raising concerns about long term population impacts for several species (Kunz et al., 2007;25

Rydell et al., 2010; Voigt et al., 2022). Empirical studies in Europe and North America show that most fatalities involve

open-air foraging and migratory bats and are concentrated in late summer and autumn, at low to moderate wind speeds, warm

temperatures, and during nighttime hours when bats forage and migrate (Rydell et al., 2010; Cryan et al., 2014; Măntoiu et al.,

2020; Richardson et al., 2021). Syntheses and guidance documents for Europe emphasise that all European bat species are

strictly protected under the Habitats Directive, so wind farms must avoid or effectively mitigate significant mortality through30

careful siting, monitoring and operational measures (Rydell et al., 2012; BirdLife International, 2016; Rodrigues et al., 2015).

This situation is increasingly framed as a “green–green dilemma” between climate mitigation and biodiversity conservation,

in which the same wind projects that reduce greenhouse gas emissions can locally endanger vulnerable bat populations (Voigt

et al., 2022, 2024). Conceptual work argues that solving this dilemma requires clear legal standards for acceptable bat mor-

tality, robust implementation of the mitigation hierarchy (avoid–minimise–offset) and explicit consideration of economic and35

energy system constraints when designing mitigation (Voigt et al., 2024; Frick et al., 2026). In practice, however, project-level

decisions are still often based on relatively simple ecological metrics
:::
the

::::::::::
overarching

::::::::
regulatory

:::::::::::
requirements

:::
are

::::::::
translated

:::
by

:::::::
regional

:::::::::
authorities

:::
into

::::::::::
site-specific

:::::::::
operating

:::::::::
conditions

::::::
through

:::
the

::::::
formal

:::::::::
permitting

::::
and

:::::::::
monitoring

:::::::
process,

::::::
taking

::::
into

::::::
account

:::::
local

:::
bat

::::::
activity,

::::::::::::
environmental

::::::::::
conditions,

:::
and

:::::::::
wind-farm

::::::::::::
characteristics.

::::::
Based

::
on

:::
the

::::::::::
operational

:::::::::
experience

::
of

:::
the

:::::::
industry

::::::::
coauthors,

:::::
these

::::::::::
assessments

::::::::
primarily

:::::::
consider

:::::::::
ecological

::::::::
protection

::::::::
indicators

:
(such as number or proportion of “bat40

contacts” protected) and coarse estimates of annual energy production (AEP) loss, with limited quantitative analysis of how

specific bat protection strategies affect turbine operation, structural loads and revenue over the lifetime of a wind farm
:::::::
whereas

::::::::
structural

:::::::
loading,

::::::
lifetime

:::::::
effects,

:::
and

::::::::::
longer-term

::::::::
economic

:::::::::::
implications

:::
are

::::::::
generally

:::
not

::::::::
evaluated

::::::::
explicitly. Curtailment

changes operating patterns (start-up, shutdown, idling), which can influence fatigue loading and therefore lifetime/OPEX im-

plications, so energy-only metrics can miss part of the trade-off.45

Start-up and shutdown maneuvers and associated idling periods are also relevant from a turbine loading perspective, be-

cause transitional
:::::::
transient events can introduce additional load cycles compared to steady production, while idling may re-

duce fatigue loading for some components depending on the size and foundation type.
:::
The

:::::
study

::
in

:::::::::::::::::
Ziegler et al. (2024)

::::
used

::::::::
measured

:::::
loads

::::::
during

::::::::
shutdown

::::
and

:::::::
start-up

::::::
events,

::::
from

:::
an

:::::::
onshore

::::
and

::
an

::::::::
offshore

::::
wind

:::::::
turbine,

:::
to

:::::
show

:::
that

::::
the

:::
net

::::::
fatigue

:::::::::
implication

::
of

::::::::::
curtailment

:::::::
depends

:::
on

:::
the

::::::
balance

::::::::
between

::::::::::::
event-induced

::::::
damage

::::
and

:::::::
reduced

::::::
loading

::::::
during

::::::
idling,50

:::::::::
motivating

:::::::::
curtailment

:::::::::
strategies

:::
that

::::::::
consider

::::::::
structural

::::::
loading

:::::::::
alongside

::::::
energy

:::
and

:::::::::
ecological

:::::::::
objectives.

:
Measurements

at an offshore wind farm show that normal shutdowns near cut-out occur tens of times per year and can significantly amplify

tower-top and drivetrain loads, prompting recommendations that designers account explicitly for the expected frequency of

shutdowns when assessing drivetrain fatigue and safety factors (Natarajan and Buhl, 2016). Simulation studies for multi-MW

floating turbines further
:
of

:::::::::::::
multi-megawatt

:::::::
floating

:::::
wind

::::::
turbines

::::
also

:
demonstrate that including start-up and shutdown tran-55

sients can substantially increase tower fatigue damage, with the long-term
::::::::
long-term effect depending on how often such events
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occur over the turbine lifetime (Luan and Moan, 2021).
:::
This

::::::::
indicates

:::
that

:::::::::::::::
transition-induced

:::::::
loading

:
is
:::::::
relevant

:::::
across

::::::::
different

::::::
turbine

:::
and

::::::::::::::
support-structure

:::::::::::
technologies,

::::::::
although

::
its

:::::::::
magnitude

::::
and

:::
the

::::
most

:::::::
affected

::::::::::
components

::::::
remain

::::::::::::::
system-specific.

Recent work on revenue-driven curtailment similarly shows that projected lifetime extension and economic benefits are highly

sensitive to how loads during idling, start-up and shutdown are modelled, because changes in start–stop frequency and idling60

operating loads can shift the balance between reduced fatigue accumulation and lost production (Gräfe et al., 2026). The study

in Ziegler et al. (2024) used measured loads during shutdown and start-up events to show that the net fatigue implication of

curtailment depends on the balance between event-induced damage and reduced loading during idling, motivating curtailment

strategies that consider structural loading alongside energy and ecological objectives.

Operational curtailment, i.e. shutting down the wind turbines at low wind speeds during periods of high bat activity, has65

emerged as the primary mitigation strategy at operating wind farms. Site-specific curtailment experiments in North America,

Europe, and Australia have shown that increasing the cut-in wind speed by 1–3 m/s can reduce bat fatalities by roughly 50–80%

relative to standard operation, with effectiveness varying among sites and years (Arnett et al., 2011; Martin et al., 2017; Bennett

et al., 2022; Rnjak et al., 2023). Meta-analyses combining multiple studies indicate that curtailment is consistently effective:

aggregated over several facilities, bat fatalities decrease by about 60% on average for typical increases in cut-in speed, and70

fatality reductions scale approximately linearly with the size of the cut-in increase, although interannual variability remains

high (Adams et al., 2021; Whitby et al., 2024).

The present study distinguishes between static and dynamic operational protection strategies. Static strategies implement

fixed shutdown conditions based on predefined environmental thresholds (e.g., season, time of day, wind speed, and temper-

ature), typically applied uniformly across a wind farm. Dynamic strategies, in contrast, adapt turbine operation in response75

to time-varying indicators of bat activity or risk, for example, through event-triggered shutdowns of predefined duration fol-

lowing detections. While dynamic approaches aim to reduce unnecessary curtailment compared to static rules, they may also

increase the number of operational transitions, which motivates evaluating not only energy loss and protection metrics but also

start–stop behavior and fatigue loading.

To reduce energy losses associated with simple, static curtailment rules, several “smart” or dynamic bat protection strategies80

have been developed that adapt turbine operation in response to real-time or forecasted bat activity. Sensor-informed curtail-

ment algorithms and turbine-integrated systems shut down turbines only when bats are detected or when predictive models

indicate high risk, thereby reducing both fatalities and curtailment time compared to wind speed-only rules (Hayes et al., 2019;

Rabie et al., 2022; Vallejo et al., 2023; Newman et al., 2024). Recent work shows that smart curtailment can maintain high

levels of bat protection while substantially reducing lost production relative to conventional curtailment at the same nomi-85

nal protection level, highlighting the value of site-specific optimization based on acoustic monitoring and local wind regimes

(Sobchenko et al., 2025). At larger scales, national level modelling for the United States indicates that even relatively conserva-

tive curtailment schemes to protect bats would reduce annual wind generation by less than a few percent under most scenarios,

suggesting that bat protection can be compatible with continued wind energy expansion if mitigation is planned at the system

level (Maclaurin et al., 2022; Thurber et al., 2023).90
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Regulatory and guidance frameworks have begun to formalize expectations for bat protection at wind farms, but they gen-

erally focus on ecological outcomes and procedural requirements rather than detailed turbine-level performance metrics. At

the European scale, the EUROBATS guidelines and BirdLife position papers recommend thorough pre-construction surveys,

sensitivity mapping, and post-construction monitoring, with operational mitigation to be implemented where high bat mortal-

ity is expected (Rodrigues et al., 2015; BirdLife International, 2016; Rydell et al., 2012). At the national level within Europe,95

several countries have translated these overarching obligations into detailed bat-specific guidance and operating practice. In

the UK, guidance for Scotland and Northern Ireland sets out standardized protocols for acoustic surveys, risk assessment and

mitigation, and typically evaluates curtailment plans in terms of the proportion of bat activity or predicted collisions avoided

(NatureScot et al., 2021; NIEA, Natural Environment Division, 2021). In Germany, a recent report by the Federal Agency for

Nature Conservation analyzes the new species protection provisions of the Federal Nature Conservation Act and the Wind100

Energy Act and provides concrete recommendations on how to reconcile accelerated onshore wind expansion with strict pro-

tection obligations for birds and bats, including through operational mitigation measures (Wulfert et al., 2025). Among other

topics, the report introduces a statutory “reasonableness threshold” that limits the financial losses from protective measures,

shows that standard operating requirements for bat protection (e.g., generic cut-in wind speeds and temperature thresholds) are

often insufficient for modern large turbines, and recommends more differentiated, nationally standardised operational restric-105

tions to ensure compliance with collision thresholds for bats. In Denmark, updated handbooks on Habitats Directive Annex

IV species and associated technical notes on bats, wind turbines and solar farms similarly propose extensive curtailment at

relatively high wind speeds and the exclusion of projects from core bat habitats, prompting debate about their implications for

the pace of the green transition (Elmeros and Møller, 2025).

In France, where the case study is located, bat protection practice is increasingly structured around quantitative protection110

targets that must be met by curtailment plans derived from site-specific monitoring. Regulatory authorities typically require one

year of acoustic monitoring at selected turbines, and curtailment plans are designed so that a specified proportion of recorded

“bat contacts” would have occurred when turbines are stopped, with commonly used thresholds of 90% or 95% protection

(Leger, 2024; Groupe Chiroptères de la SFEPM, 2016). These static curtailment plans are usually defined by fixed conditions

on wind speed, air temperature, time of day and period of the year, and are then implemented across the entire wind farm.115

Existing French work shows that such plans can achieve regulatory protection levels, but also that protection efficacy and

energy losses are sensitive to interannual variability in bat activity and to the choice of thresholds, and that current practice

rarely accounts for wake interactions among turbines or for the mechanical consequences of frequent shutdowns and start-ups

(Leger, 2024).

Several reviews and synthesis papers summarize the state of knowledge on wildlife interactions with wind energy and on bat120

mitigation options, yet they seldom consider the interactions between bat protection control logic, farm scale flow effects and

turbine structural response in a unified framework. Overviews of bird and bat collisions emphasize the importance of siting,

turbine design, and operational mitigation, and list a variety of technical measures such as curtailment, on-turbine deterrents,

and selective shutdown of high-risk turbines (Marques et al., 2014; Schuster et al., 2015; Arnett and May, 2016; Garcia-Rosa

and Tande, 2023). Detailed studies of bat activity at turbines, including vertical activity profiles and temporal peaks in activity,125
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demonstrate the potential for targeted curtailment schemes that align with species-specific behavior patterns (Wellig et al.,

2018; Richardson et al., 2021; Ellerbrok et al., 2023). However, existing work typically evaluates mitigation effectiveness in

terms of fatalities avoided per turbine, per MW or per unit of bat activity, combined with coarse estimates of associated energy

losses, and there is very limited published work that explicitly quantifies how alternative bat protection strategies affect fatigue

damage accumulation of individual turbines and entire wind farms.130

In this context, there is a need for evaluation frameworks that can quantify the coupled effects of various bat protection

strategies on energy production, structural loads and bat protection metrics at the level of real wind farms, and that can be

applied under realistic regulatory constraints. The present paper contributes to this need by developing and applying such a

framework to an onshore wind farm in France equipped with acoustic bat monitoring. Several static curtailment plans reflecting

current French practice, including various protection levels, are compared with idealized dynamic strategies inspired by smart135

curtailment concepts. Using long-term SCADA and bat activity data, the effects of these strategies are assessed in terms of

energy production, the frequency and duration of start–stop maneuvers, and fatigue load accumulation at turbine and farm

level, and discuss the associated implications for turbine reliability. The framework is intended not only to inform regulators

about the trade-offs between bat protection and technical performance, but also to support wind farm operators in choosing

between alternative bat protection options by making the trade-offs between protection effectiveness, production or revenue140

loss, and implementation and maintenance costs explicit. Because the case study operates under a fixed tariff (non-merchant),

revenue is proportional to energy, so energy impacts are reported as the primary economic proxy. The aim is to quantify these

trade-offs in a setting representative of current European regulatory practice and to provide insights that can guide both the

design of more efficient bat protection strategies and the operational decision-making of wind farm operators.

The remainder of the manuscript is organized as follows. Section 2 describes the evaluation framework, including the flow145

modeling approach, the surrogate-based aeroelastic load modeling, the implementation of operational logic and aggregation,

and the wind farm and bat activity datasets used in the case study. Section 3 presents the results for the evaluated static and

dynamic bat protection strategies, including operational impacts, effects on cumulative fatigue and energy production, and

interannual variability. Section 4 discusses key assumptions and limitations, implications for generalizability and decision-

making, and potential pathways to improve and optimize bat protection strategies. Section 5 derives overall conclusions and150

outlines directions for future work.

2 Methodology and data

This work applies a modular, multi-fidelity evaluation framework to quantify how alternative bat protection curtailment strate-

gies influence wind farm performance and turbine structural fatigue loading under realistic operating conditions. The frame-

work couples (i) time series of ambient conditions and, if relevant, bat activity, (ii) user-defined curtailment control logic and155

turbine operational-state handling, (iii) wake-aware flow modelling for farm-level interactions, and (iv) surrogate-based turbine

response prediction into a unified workflow that can be executed consistently across different strategies. The overall method-

ological basis follows the wind farm evaluation framework presented in Pettas et al. (2026); additional background on related
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evaluation and optimization concepts is provided in Pettas (2024). Figure 1 summarizes the main processing chain and data

flow.160

Environmental 
and

bat activity data 

Apply bat-protection 
logic and determine 

turbine operating states

Calculate local inflow 
and power production 

per turbine with 
engineering flow models

Aggregate energy, 
fatigue, and operational 

indicators over time

Predict turbine level 
fatigue load metrics 

using structural 
response surrogates

Startup / Shutdown / Idling / Normal operation

Repeated for 
each time interval

Figure 1. Overview of the evaluation framework.

At each evaluation time step, the specified control strategy provides turbine-level curtailment requests (e.g., normal operation

or shutdown commands). These requests are mapped to applied operational states using a turbine state-machine logic, enabling

consistent representation of non-producing states and start–stop transitions. Given ambient inputs and resulting operational

states, a wake-aware engineering flow model is used to compute turbine-wise effective inflow descriptors and turbine-wise

power, accounting for wake interactions. The turbine-wise inflow descriptors, together with the applied operational state,165

are then passed to a structural-response surrogate model trained on mid-fidelity aero-servo-elastic simulations to predict re-

sponse metrics relevant for fatigue assessment. Step-wise quantities are accumulated over the full evaluation horizon to obtain

turbine-level and farm-level indicators used for case comparisons, including energy production, fatigue-damage proxies, and

operational statistics related to start–stop behavior.

The framework can operate at different temporal resolutions depending on the available input data and the response models170

employed. In the present case study, a 10-minute resolution is used because SCADA and bat activity inputs are available at

this resolution and the turbine-response surrogates are tailored to 10-minute simulation outputs. The framework also supports

computing revenue when a price signal is provided (e.g., fixed tariff or time-varying market prices). However, the present paper

does not specify a specific price input; instead, energy production is used as the primary revenue proxy in the considered fixed-

tariff context. Detailed descriptions of the individual modules (flow modelling, surrogate modelling, control and aggregation)175

and the case-study-specific data processing are provided in the following sections.
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Figure 2. Calibration process at the site to obtain the tuned wake parameters and flow parameters according to Braunbehrens et al. (2023)

2.1 Flow modelling

The flow model captures wake interactions within the wind farm and links the ambient inflow conditions to turbine-level

inflow and the resulting power production. Steady-state engineering wake models offer a practical compromise between pre-

dictive accuracy and computational efficiency, which explains their widespread use in both industry and research (Porté-Agel180

et al., 2019). In this study, the engineering flow modeling framework FLORIS (Fleming et al., 2023) is used to represent the

wind-farm flow field.

Terrain and boundary layer dynamics significantly affect real wind farm inflow conditions. In this work, these influences are

modelled
:::::::
captured using flow parameters, represented as speed-up

:::::::
speed-up factors, that quantify terrain-induced

::::::::::::
terrain-induced

changes in wind speed. For a given wind direction, the flow field between the node locations is obtained by linear interpola-185

tion of these factors. Following the wind-farm-as-a-sensor methodology of Braunbehrens et al. (2023), these flow parameters

::
In

:::::::
parallel,

:::
the

:::::
wake

:::::::::
parameters

::::::
define

:::
the

:::::
wake

::::::
model

::::::::::
formulation.

:::::::::
Following

:::
the

:::::::::::::::::::
wind-farm-as-a-sensor

:::::::::::
methodology

:::
of

:::::::::::
Braunbehrens

::
et

::
al.

:::::::
(2023),

::::
both

::::::::
parameter

::::
sets are jointly calibrated with the wake model parameters using site-specific

:::::
using

::::::::::
site-specific historical data. The calibration relies on the widely adopted Gaussian–Curl–Hybrid wake model (King et al., 2021)

, the Crespo–Hernandez turbulence model (Crespo and Hernández, 1996), and the sum-of-squares superposition approach.190

Figure 2 illustrates this procedure. By simultaneously tuning the wake parameters that govern wake shape characteristics and

learning the terrain-induced speed-up field, a flow field is reconstructed that closely approximates the actual conditions for

each wind speed and wind direction bin. For this study, 12 spatially distributed FLORIS flow model parameters are calibrated

for each of the 12 sectors with 30◦ wind direction bins spanning over 360◦. The node positions are illustrated in the flowfield

in Figure 2. The resulting calibrated wake parameters for the site are listed in Table A1.
:
A

:::::
more

:::::::
detailed

:::::::::
description

:::
of

:::
the195

:::::
tuning

:::::::
process,

::::::::
including

:::::
tuned

::::::::::
coefficients,

::
is

::::::::
provided

::
in

::::::::
Appendix

:::
A.

Tuned wake model parameters of the Gaussian–Curl–Hybrid wake model. Parameter ka kb α β ad bd pinitial pconstant pai

pdownstream Value 0.201 0.018 0.818 0.082 -0.041 -0.11 0.103 0.512 0.824 -0.316
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The calibrated wind-farm model provides turbine-specific inflow conditions that reflect spatially varying wind speeds and

turbulence intensities resulting from upstream wakes and terrain-induced speed-ups. Wind speed and turbulence intensity (TI)200

are rotor-averaged using a 3×3 discretization of the rotor plane. These turbine-level inflow conditions are then used to compute

power output and serve as inputs to the turbine response models, together with the control inputs. The underlying assumption

is that steady-state engineering wake models yield 10-minute averaged wake characteristics that are consistent with those

obtained from the dynamic wake model used in the aeroelastic simulations (Ardillon et al., 2023). The power production for

each turbine at each 10-minute interval is also calculated by the calibrated FLORIS model explained here. For the idling, start-205

up, and shutdown operational modes, inter-farm wakes are not considered, as they mostly correspond to transient behavior not

captured by this quasi-steady modelling framework. Therefore, the ambient conditions are assumed uniform across the wind

farm and fed directly to the surrogate for these operational modes.

2.2 Modelling, control, and simulation database

Structural response during bat protection curtailment is evaluated using a surrogate modelling approach to enable long-horizon,210

wind-farm-scale simulations. The wake model provides turbine-wise rotor-averaged effective wind speed and TI, and the

operational strategy determines turbine operational requests represented through discrete operational modes. Conditioned on

these inputs, mode-specific load surrogate models map effective inflow to 1 Hz equivalent damage-equivalent loads (DELs) for

a set of structural load channels.

The surrogate database is generated from standalone aero-servo-elastic simulations of the IEA 3.4 MW reference wind215

turbine (Bortolotti et al., 2019), selected as a proxy due to the unavailability of the actual aeroelastic model . The
:::::::::::
OEM-specific

:::::::::
aeroelastic

:::::
model

:::
for

:::
the

:::::::::
case-study

::::::::
turbines.

:::
The

:::::::::
case-study

:::::
wind

::::
farm

::::
and

:::
the

::::::::
available

::::
field

::::
data

:::
are

::::::::
described

::
in

:::::::
Section

:::
2.6.

::::
The rotor size, tower height, and power rating are comparable to the turbines of the considered wind farm. Simulations

are carried out with the HAWC2 software (Larsen and Hansen, 2007) using turbulent inflow generated with the Mann model

(Mann, 1998). The DTU Wind Energy controller (Meng et al., 2020) is used to control the wind turbine with mode-specific220

configurations described below. All simulations have a duration of 800 s. The first 200 s are discarded to remove numerical

transients, and fatigue metrics are computed over the remaining 600 s segment. For each inflow condition and operational mode,

six independent turbulence realizations are considered to capture seed-to-seed variability. Vertical wind shear is prescribed with

a power law exponent of 0.2 due to the lack of site-specific shear measurements, and yaw misalignment is not considered.

Four operational modes are considered in the surrogate database: normal operation, idling, start-up, and shutdown. Normal225

operation simulations follow the standard controller configuration for the IEA 3.4 MW turbine. Idling is modelled as a non-

producing state with the rotor freewheeling. During idling, the blades are pitched to the feather position (90◦) without engaging

the mechanical brake.

Start-up and shutdown states are considered to represent the additional loading associated with operational maneuvers within

a 10-minute evaluation interval. In the field, curtailment-induced start/stop events may occur at any time within a 10-minute230

interval, and the corresponding duration of producing versus non-producing operation within that interval is not uniquely

defined. To obtain a practical surrogate representation without introducing a large number of additional cases with different
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Figure 3. Illustrative aeroelastic time series of pitch angle and rotor speed for start-up and shutdown simulations, showing the imposed

structure within the 10-minute evaluation interval and the timing of the maneuver relative to normal-operation and idling segments.

maneuver timings and durations, a fixed interval structure is adopted: within the 600 s evaluation segment, 150 s correspond

to normal operation and the remaining time corresponds to idling, with the maneuver triggered at a fixed time instant in each

simulation. This choice ensures that the maneuver remains a dominant contribution to the loading response while retaining a235

representative fraction of normal operation behavior. The maneuver duration depends on wind speed but is typically on the

order of 10–30 s.

Start-up and shutdown maneuvers are simulated using the DTU Wind Energy controller’s built-in functionality. Controller

parameters that adjust the pitch actuation rate during the maneuvers are tuned to align the simulated transition behavior with the

pitch-rate characteristics observed in high-frequency SCADA during normal (non-emergency) start-up and shutdown events at240

the case-study site. The shutdown is modelled through pitching to the 90◦ feather target combined with generator-torque action,

without engaging the mechanical brake. Figure 3 illustrates an example time series demonstrating the transition behavior during

start-ups and shutdowns based on the simulation outputs.

The aeroelastic simulation database is generated using a full factorial design of experiments (DOE) in wind speed and TI,

defined separately for each operational mode to reflect the expected operating domain and sensitivity. For normal operation,245

simulations cover wind speeds from 3 to 26 m/s in 1 m/s increments and turbulence intensities from 3% to 31% in 2% incre-

ments. Idling simulations use the same wind speed range but a coarser TI grid (3% to 31% in 4% increments) to reduce the

number of simulations while retaining coverage of the relevant inflow space, as it was observed that in this operational mode,

loading is less sensitive to TI. For start-up and shutdown, the simulated wind speed range is limited to 3–11
::::
3–10 m/s (1 m/s

increments). This limited wind speed range, from cut-in to rated, was chosen since shutdowns for bat protection occur at low250

wind speeds close to cut-in. TI spans 3% to 31% in 2% increments for both modes. For each inflow condition and operational

mode, six independent turbulence realizations
::::::
(seeds) are simulated to account for seed-

:::
to-seed variability, as suggested in the

IEC standard. Table 1 summarizes the resulting DOE and the number of seed-averaged operating
::::::
training

:
points per mode.
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Table 1. Design of experiments (DOE) for aeroelastic simulations used to construct the surrogate models.

Mode U range [m/s] ∆U TI range [%] ∆TI Seeds
::::::::
Turbulence

::::
seeds

:
Seed-avg

:::::::::::
Seed-averaged

::::::
training points

Normal 3–26 1 3–31 2 6 360

Idling 3–26 1 3–31 4 6 192

Start-up 3–11
::::
3–10 1 3–31 2 6 120

Shutdown 3–11
::::
3–10 1 3–31 2 6 120

In addition to the factorial database used for model training, an independent test set is generated for each operational mode

to evaluate predictive performance under unseen inflow conditions. Test points are sampled over the input domain using a255

Latin Hypercube sampling approach, and are simulated with the same aeroelastic setup and number of turbulence realizations

as the training database. The test set comprises 100 sampled inflow conditions for the normal-operation mode and 50 sampled

conditions for each of the idling, start-up, and shutdown modes. Figure 4 illustrates the coverage of the training and test sets in

the wind speed–turbulence-intensity space for the normal-operation mode.

Figure 4. Training and independent test sets in wind speed–turbulence intensity space for the normal operation mode.

For each simulation and load channel, cycle counting is performed using the rainflow algorithm, and 1 Hz DELs are calcu-260

lated considering a reference cycle number of 600. Wöhler exponents are prescribed as m= 4 for steel-dominated components

and m= 10 for blade-root channels, consistent with common practice in wind turbine fatigue assessment. Table 2 lists the

channels considered and the corresponding Wöhler exponents used for DEL calculation.

2.3 Surrogate models for structural loads

Mode-specific load surrogate models are formulated as multiple-input single-output (MISO) mappings with two inflow descrip-265

tors as inputs and one fatigue metric as output. Specifically, rotor-averaged effective wind speed (RAWS) and rotor-averaged
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Table 2. Load channels considered for surrogate modelling and corresponding Wöhler exponents used for DEL calculation.

Abbrev. Description Component m

TBFA Tower-bottom fore-aft bending moment Tower 4

TBSS Tower-bottom side-side bending moment Tower 4

TBTOR Tower-bottom torsion Tower 4

TTFA Tower-top fore-aft bending moment Tower 4

TTSS Tower-top side-side bending moment Tower 4

TTTOR Tower-top torsion Tower 4

BRFW Blade-root flapwise bending moment Blade 10

BREW Blade-root edgewise bending moment Blade 10

BRTOR Blade-root torsion Blade 10

MSBMX Main-shaft bending moment about x Shaft/drivetrain 4

MSBMY Main-shaft bending moment about y Shaft/drivetrain 4

MSBMZ Main-shaft torsion about z Shaft/drivetrain 4

effective turbulence intensity (RATI) are used as inputs, and the target output is the 1 Hz DEL for a given load channel. Sepa-

rate surrogate models are constructed for each operational mode and each DEL
:::
load

:
channel. Two regression approaches are

evaluated: cubic spline interpolation and feed-forward neural networks. The comparison
::::::::
selection is motivated by the small

and structured nature of the available dataset, particularly for the idling, start-up and shutdown modes,
:::::::::::::
two-dimensional

:::::
input270

::::::
dataset,

:
where simple interpolants can perform competitively. Similar observations for structured two-dimensional surrogate

datasets are ,
::
as

:
reported in Pettas and Cheng (2024).

Spline-based interpolation is implemented using SciPy’s RectBivariateSpline, fitted on the structured RAWS–RATI

gridobtained from the factorial simulation database after seed-averaging. A tensor-product spline surface of degree kx = ky = 3

(cubic in both dimensions) is constructed over the two-dimensional input space. In this formulation, the spline representation275

is defined with respect to the supplied RAWS and RATI grids, and no manual knot placement is performed.

Feed-forward neural-network surrogates are implemented in Keras with hyperparameter optimization carried out using the

Hyperband algorithm Li et al. (2018) from the Keras Tuner library. Each network is a shallow two-hidden-layer sequential

model accepting RAWS and RATI as inputs and predicting a single DEL channel, a deliberate architectural constraint motivated

by the small size of the available training datasets. Both inputs and outputs are normalized using min–max scaling prior280

to training, with separate scalers fitted per operational mode and per load channel. The Hyperband search explored the

number of units in each hidden layer (8–32, step 4), the activation function per layer (relu, tanh, or sigmoid), and

the Adam learning rate (10−4–10−2, log-uniform), with Glorot uniform kernel initialisation applied throughout. The search

was conducted independently for all four operational modes and all eleven DEL channels. The final surrogate models were

selected as the best-validated trial per mode–channel combination and their corresponding architectures are summarized285

in Table B1
:::::
neural

::::::::
networks

::::
with

::::
two

::::::
hidden

:::::
layers

::::
are

::::
used

::
as
::

a
::::::::::
benchmark,

:::::
with

:::
the

::::::::::
architecture,

:::::::::
activation

:::::::::
functions,
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:::
and

:::::::
learning

::::
rate

:::::::
selected

:::::
using

::::::::::
Hyperband

:::::::::::
optimization

:::::::::::::
(Li et al., 2018)

:
.
::::::
Further

::::::::::::::
implementation

::::::
details

:::
and

::::
the

:::::::
selected

::::::::::
architectures

:::
are

::::::::
provided

::
in

::::::::
Appendix

::
B.

‘Best’ neural network (NN) architectures per operational mode and DEL channel for the performed grid search. All networks

have two hidden layers; n1 and n2 denote the number of units in the first and second hidden layer, respectively. Idling Normal290

Start-up Shutdown (lr)2-3(lr)4-5(lr)6-7(lr)8-9n1 n2 n1 n2 n1 n2 n1 n2 TB FA 12 16 32 20 8 32 16 32 TB SS 24 32 8 12 16 24

32 8 TB Tor. 24 28 24 8 28 20 28 16 TT FA 28 28 28 24 28 12 20 28 TT SS 8 24 24 8 24 32 8 20 TT Tor. 20 20 28 24 16 8 32

24 BR EW 32 12 28 8 16 16 24 24 BR FW 24 32 16 28 12 8 28 12 BR Tor. 28 20 28 28 32 24 28 12 MSB My 32 32 28 20 32

8 24 32 MSB Mz 20 32 28 24 24 32 8 28

Model accuracy
:::
The

:::::::::
prediction

::::::::
accuracy

::
of

:::
the

::::::::
developed

::::::::
surrogate

::::::
models

:
is compared across operational modes and load295

channels using the independent test sets described above. Figure B1 summarizes the predictive error distribution for each

operational mode and regression method using channel-wise error statistics. The comparison is used to assess both the general

accuracy level achieved in each mode and the consistency of performance across channels. Detailed cumulative error metrics

across all channels and operating modes are reported in Appendix ?? (Tables B2–B5).

Comparison of surrogate model accuracy on the independent test set for spline interpolation and neural networks. Violin300

plots summarize the distribution of signed percentage errors across channels for each operational mode. Overlapping box plots

show mean along with 25th and 75th percentiles. The 2% of the distribution tails have been trimmed to improve readability.

Across operational modes and channels, spline interpolation and the NN approach show
:
in
:::::::

section
:::
2.2.

:::::
Both

::::::::::
approaches

::::::
provide

:
broadly comparable central error tendencies, whereas differences are more apparent in the dispersion and tail behavior

of the error distributions in Figure B1. In several channels, NN predictions exhibit wider distributions and heavier tails than305

the corresponding spline predictions, even after trimming extreme values for readability. This behavior may reflect increased

sensitivity of the NN regression to limited training data and to the low-dimensional input space. The spline formulation,

constrained by the structured two-dimensional input grid, tends to provide a more stable interpolation with fewer
:::::
levels,

:::
but

::
the

::::
NN

::::::
models

:::::
show

:::::
wider

::::
error

:::::::::::
distributions

:::
and

:::::
more

:::::::
frequent extreme deviations for the considered datasets.

Differences between operational modes reflect both data density and the nature of the simulated response represented within310

each 10-minute interval. Normal operation is supported by the largest simulation dataset and corresponds to a steady producing

state in which aerodynamic loading and damping effects are present throughout the interval and no operating-state transition

occurs. This generally leads to a smoother target response and reduced seed-to-seed variability, and therefore more concentrated

error distributions than in the transitional modes. Idling corresponds to reduced aerodynamic loading and low rotational speed,

resulting in substantially lower load magnitudes. Consequently, percentage errors can appear comparatively large for some315

channels even when absolute deviations are small. In addition, several idling responses are dominated by turbulence-driven

oscillations, which can increase output variability and thus make the regression harder. For the normal and idling modes ,

the signed error distributions show a tendency toward positive deviations in many channels, indicating that over-prediction

occurs more frequently than under-prediction for parts of the input space. In contrast, start-up and shutdown exhibit wider

and flatter error distributions for many channels, along with more pronounced channel-specific biases in some cases. This320

is consistent with the stronger influence of
::::::
several

::::::::::::
mode-channel

::::::::::::
combinations.

::::::
Errors

:::
are

::::::::
generally

::::
more

:::::::::
dispersed

:::
for

:::
the
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:::::::
transient

::::::
modes

::::::
because

:
maneuver-driven transients and subsequent oscillations within the evaluation interval, which increase

::::::::
responses

:::
and

:
seed-to-seed variability at fixed inflow conditions and make the interval-level DEL response

::::
DELs

:
more difficult

to approximate. The smaller training datasets available for start-up and shutdown contribute further to this effect, particularly

for the NN regressor.
::::::::
complete

::::
error

:::::::::::
distributions

:::
and

:::::::::::
performance

::::::
metrics

:::
are

:::::::
reported

::
in

::::::::
Appendix

:::
B.325

Differences among channels and modes are expected due to the underlying physical drivers of the response. Channels

dominated by gravity and rotational-speed effects with comparatively weak sensitivity to TI (for example, blade-root edgewise

moment) tend to exhibit lower relative error across modes because the target response varies more smoothly over the inflow

space and shows less variability between turbulence seeds. In contrast, channels that are more sensitive to TI and may be

subject to resonance effects at low wind speeds or under low aerodynamic damping conditions (for example, tower-bottom330

bending moments) exhibit larger intrinsic variability and therefore broader error distributions and occasional biases, especially

in the transitional start-up and shutdown modes where the response is influenced by the imposed maneuver and post-maneuver

oscillations. In general, when the target response is noisy, spline smoothing can yield larger approximation errors, whereas

more flexible regressors such as NNs can become more sensitive to limited data due to overfitting.

Given the comparable accuracy and the structured two-dimensional input space, spline-based surrogates are selected for all335

subsequent analyses in this paper. In the present application, surrogate predictions are evaluated repeatedly over long-horizon

wind farm simulations and subsequently used for fatigue accumulation. Under these conditions, robustness to occasional large

over- or under-predictions is prioritized, since extreme prediction errors can influence accumulated results in an inconsistent

manner. The spline formulation provides a simple and stable interpolator on the factorial RAWS--RATI grid and exhibits

reduced sensitivity to outliers relative to the NN approach for the considered datasets.340

The selection of spline-based surrogates for downstream use is further motivated by the risk profile associated with de-

ploying either method in a safety-relevant fatigue assessment context. Although NN models achieve comparable or slightly

lower mean bias in several channels, their often wider error distributions and heavier tails indicate a higher probability

of occasional large deviations, particularly for the transitional modes where training data are limited. With small datasets,

even shallow networks remain susceptible to overfitting localised features of the training grid, which can produce unstable345

extrapolative behavior when evaluated at inflow conditions that trigger extreme or resonance-driven structural responses. Over

long simulation horizons, sporadic large prediction errors accumulate across evaluation intervals and introduce an uncertainty

that is difficult to mitigate or trace back to specific inflow conditions. The spline formulation, by construction, interpolates

smoothly between seed-averaged training points on the structured factorial grid and does not introduce additional degrees of

freedom beyond the data support; this constrains its error mode to a well-understood interpolation bias rather than potentially350

unbounded regression variance. For safety-critical applications under limited data availability, a surrogate with controlled and

predictable error behavior is therefore preferred over one that achieves marginally lower average bias at the cost of increased

tail uncertainty.

The surrogate models use rotor-averaged effective wind speed and TI as inflow descriptors. While such low-dimensional de-

scriptors are attractive for long-horizon evaluation frameworks
:::
due

::
to

:::
the

::::
low

::::::::::::
computational

:::
cost, they have known limitations355

in representing spatially non-uniform inflow conditions, in particular
:
, partial-wake situations where load responses depend on
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the distribution of velocity deficit and turbulence across the rotor. Recent studies have shown that surrogate models conditioned

on richer inflow descriptors, such as sector-averaged or spatially resolved rotor quantities, can improve load prediction in wake-

affected conditions, especially when trained on inflow fields that explicitly represent wake-induced shear and turbulence struc-

tures (Guilloré et al., 2024; Doubrawa et al., 2023; Ramaswamy et al., 2026)
:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Guilloré et al., 2024; Doubrawa et al., 2023; Ramaswamy et al., 2026; Vad et al., 2026)360

.

In the present work, the aeroelastic training database is generated using free-stream turbulent inflow rather than wake-added

::::::::::
wake-aware inflow fields, and wake effects are not represented explicitly in the aeroelastic inputs. Instead, wake interactions

are accounted for at the wind farm level through the wake model, which provides turbine-wise effective wind speed and TI that

reflect the presence of wakes. For the present application, the dominant mechanism differentiating strategies is the frequency365

and duration of curtailment-induced operating states and start–stop maneuvers
:::::::
transient

::::::
events

:
at low wind speeds, rather

than fine-scale differences in partial-wake inflow structure. Rotor-averaged descriptors are therefore considered appropriate to

capture the main effects targeted in the analysis. Nevertheless, the use of rotor-averaged descriptors and free-stream training

inflow should be kept in mind when interpreting absolute load levels under strongly non-uniform wake conditions, and it

motivates future extensions using higher-dimensional inflow representations when required by the application.370

2.4 Aeroelastic resposnse

To support interpretation of the subsequent results, the selected spline surrogate is further used to examine the mode-dependent

aeroelastic response trends across the inflow domain. For selected load channels
::
all

::::
load

:::::::
channels

::::::::::
considered, DEL predictions

are evaluated on a dense wind speed grid for fixed TI levels of 7% and 17%, and the resulting trends are presented in Fig-

ure 5. The figure highlights representative tower, blade-root, and drivetrain channels (TBFA, TBSS, BRFW, BREW, MSBMY,375

MSBMZ), while the remaining channels in Table 2 are discussed together with the same mode-dependent interpretation.

Normal operation provides a reference trend for interpreting the non-producing and transitional modes. Across channels,

in general DELs increase with wind speed over the simulated range, and TI is a primary driver of load magnitude for many

components, with the separation between the 7% and 17% curves indicating the sensitivity to turbulence-induced fluctuations.

This behavior is consistent with established fatigue-loading trends under normal producing operation and is therefore only380

summarized briefly here.

Idling generally leads to substantially reduced DEL levels compared to normal operation for most channels and DELs show

a low sensitivity to TI. This is even more pronounced at low wind speeds close to cut-in where bat protection curtailment

is applied. Idling DELs for several tower, blade and drivetrain channels (TBFA, TTFA, TTSS, TTTOR, BREW, MSBMX,

MSBMY, MSBMZ) are close to zero relative to the producing case, indicating that idling periods are typically load-relieving385

and can reduce accumulated fatigue for these responses.

However, idling does not uniformly reduce fatigue loading across all channels. Blade-root flapwise bending (BRFW) exhibits

comparatively elevated idling DEL levels at low wind speeds that are of similar order to normal operation, indicating that idling

is not load-neutral for this channel and the considered turbine model configuration. A similar exception is observed for blade-

root torsion (BRTOR, not shown in Figure 5), which also remains comparatively high during idling in the low-wind speed390
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Figure 5. Parametric sweeps of selected surrogate-predicted DEL
:::::
DELs

::
for

:::
all

::::::::
considered

:::::::
structural

::::
load channels as a function

:::::::
functions

of wind speed for constant turbulence intensity
:
at
:::::::::::::::
turbulence-intensity

:::::
levels of 7

:
% (solid

::::
lines) and 17 % (dashed

:::
lines), shown for each

operational mode.
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region. Tower-bottom side-side bending (TBSS) shows intermediate behavior: idling DELs are lower than normal operation but

remain comparatively larger than for most other channels, and the idling response approaches the normal-operation level more

closely at higher wind speeds. These exceptions imply that, while idling is generally expected to reduce fatigue accumulation

for most channels relevant to the present application, the benefit is channel-dependent and not universal. This observation

provides motivation for considering curtailment interval duration as a design parameter, since longer idling periods can partly395

offset start/stop-related fatigue impacts for channels where idling is load-relieving, as also discussed in the context of measured

start/stop loading and curtailment-interval optimization (Ziegler et al., 2024).

Start-up and shutdown responses depend strongly on the channel and, relative to normal operation, tend to exhibit reduced

sensitivity to turbulence intensity for several components. Consequently, the ranking between producing and transitional modes

can shift with TI: at low TI, start/stop-related DELs for some channels are comparable to or exceed normal-operation DELs,400

whereas at higher TI the normal production DELs can become higher. This behavior is consistent with start/stop loading being

governed to a larger extent by the imposed maneuver and the associated transient/oscillatory response, rather than by sustained

turbulence excitation alone.

For a subset of channels, start-up and shutdown DELs are consistently higher than normal operation in the low-wind-speed

region for at least one turbulence level. Blade-root flapwise bending (BRFW) shows the most pronounced increase: start-up405

and shutdown DELs exceed normal-operation DELs across the simulated wind speed range and remain elevated even at the

higher turbulence level, indicating that curtailment-induced transitions are potentially fatigue-relevant for flapwise blade-root

loading. Blade-root torsion (BRTOR, not shown) exhibits a smaller increase that is primarily observed in the lower turbulence

regime. Drivetrain responses can also be transition-sensitive: MSBMY shows substantially increased start/stop DELs relative

to normal operation for low TI, with the difference reducing as TI increases. Tower-top side-side bending (TTSS, not shown)410

exhibits a mode-dependent response that is comparable to, or slightly lower than, normal operation at low TI and becomes

lower than normal operation at higher TI.

For TBFA and TBTOR(not shown), start/stop DELs are comparable to normal operation near cut-in for low TI and become

increasingly elevated with wind speed over the simulated range; at higher TI, start/stop DELs are lower relative to normal

operation. In contrast, several channels exhibit start/stop DELs that are consistently slightly lower than normal operation across415

the simulated conditions, indicating that bat curtailment transitions do not increase fatigue loading for these responses in the

considered setup. This group includes blade-root edgewise bending (BREW) and several tower-top and drivetrain channels

(MSBMX, MSBMZ, TTFA, TTTOR), for which the start/stop DEL levels remain at or below the corresponding normal-

operation levels over the considered wind speed and turbulence-intensity combinations.

Start-up and shutdown exhibit broadly similar wind speed dependence, with DEL magnitudes generally increasing with420

wind speed over the simulated domain. It is noted that start-up and shutdown simulations are limited to wind speeds up to

11 m/s in the present database; therefore, the trends discussed here are not intended to describe rated or above-rated behavior.

Across channels, start-up and shutdown DELs are typically close in magnitude, with shutdown occasionally producing slightly

higher DELs depending on the channel.

16



Overall, this analysis highlights that the fatigue impact of bat protection curtailment is governed by a balance between (i)425

the number of start/stop events, which can be load-intensive for specific channels, and (ii) the duration of idling periods, which

are load-relieving for many tower-top and drivetrain channels but not for all responses (notably BRFW and BRTOR). The

net effect over long horizons, therefore, depends on the interplay between curtailment strategy, wind speed, and TI conditions

during curtailment, and the channel-specific response characteristics across operational modes. While the qualitative behavior

described above provides insight into the subsequent results, the absolute magnitudes and the relative ordering among modes430

are expected to depend on turbine and foundation design, controller implementation, and the adopted representation of idling

and maneuver dynamics. These aspects should be considered when transferring conclusions to other turbines or support-

structure configurations.

2.5 Application of operational logic and aggregation

Once the flow model and mode-specific load surrogates are defined, the remaining step is to apply the bat protection operational435

logic consistently over the ambient timeseries and to aggregate the resulting structural and energy quantities over the evaluation

horizon. The inputs required at this stage are 10-minute timeseries
:::
time

:::::
series

:
of ambient wind speed, TI, wind direction, and

temperature, together with the bat activity timeseries used by the dynamic controller.

The bat protection operational logic determines only whether a shutdown request is issued for a given 10-minute interval and

the applied turbine state is assigned subsequently
::::::::::
temperature,

::::
and,

::::::
where

:::::::::
applicable,

:::
bat

:::::::
activity

:::
are

::::::::
processed

:::::::::::
sequentially.440

::
At

::::
each

::::::::
interval,

:::
the

:::::::::::
bat-protection

:::::
logic

:::::
issues

::
a
:::::::::
farm-wide

::::::::
shutdown

:::::::
request. For the static controller, a shutdown request

is issued when all prescribed conditions are satisfied simultaneously: the timestamp lies within the selected seasonal period,

the interval occurs during nighttime, the ambient temperatureis above the specified threshold, and the ambient wind speed is

below the specified threshold. Nighttime is determined by computing the
:::::
cases,

:::
the

::::::
request

::
is

::::::::
activated

:::::
when

:::
the

:::::::::
prescribed

:::::::
calendar

::::
date,

:::::::::
nighttime,

:::::::::::
temperature,

:::
and

::::::::::
wind-speed

:::::::::
conditions

:::
are

:::::::
satisfied

:::::::::::::
simultaneously;

:::::::::
nighttime

::
is

:::::::::
determined

:::::
from445

::
the

:::::::::::
site-specific sunrise and sunset timesfor the corresponding calendar day and checking whether the interval timestamp falls

between sunset and the following sunrise. For the dynamic controller, the input is the measured bat activity timeseries together

with a prescribed shutdown duration expressed in multiples of 10-minute intervals. If bat activity is detected within a given

10-minute interval, a shutdown request is issued and a shutdown timer is initialized. If additional activity is detected while

the timer is active, the timer is reset, such that the shutdown remains active until the prescribed durationhas elapsed without450

new detections. In the present implementation, the same shutdown request is applied to all turbines in the wind farm for both

approaches
:::::
cases,

::::
each

:::::::
recorded

::::::::
detection

:::::::
initiates

:
a
:::::::::
shutdown

::::
timer

:::
of

::::::::
prescribed

::::::::
duration,

::::::
which

:
is
:::::
reset

:
if
:::::::
another

::::::::
detection

:::::
occurs

::::::
before

:::
the

::::
timer

:::::::
expires.

The controller output is then combined with a simplified operational envelope limit and mapped to the applied turbine

state through a state-machine logic following the general framework of Pettas et al. (2026). In addition to bat control requests,455

turbines are
:::::::::::
bat-protection

::::::
request

::
is

::::::::
combined

::::
with

:::
the

::::::
turbine

::::::::
operating

::::::::
envelope,

::::
with

:::::::
turbines assumed to be non-producing

whenever ambient wind speed lies outside the cut-in/cut-out range of
::::::
outside

:::
the

:
3–25 m/s. Other causes

:::
s−1

::::::::::
wind-speed

:::::
range.

:::::
Other

:::::::
sources of downtime, such as maintenance, repair, or grid-relatedcurtailment, are not represented. The combined
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shutdown request, originating either from bat curtailment logic or from ambient operating limits, is then passed to the state

machine. For each turbine and each 10-minute interval, the state machine determines the applied operational mode from the460

:::::::::
considered.

::
A
::::::::::::

state-machine
:::::

logic
::::
then

:::::
maps

:::
the

:
current shutdown request together with the turbine state in the previous

interval, and assigns
:::
and

:::
the

:::::::
previous

:::::::
turbine

::::
state

::
to

:
one of four

::::::::
operational

:
modes: normal operation, shutdown, idling, or

start-up. This ensures a consistent operational history and avoids
:
,
::::::::
following

:::
the

:::::::
general

::::::::::
framework

::::::::
discussed

::
in

:::::
detail

:::
in

:::::::::::::::
Pettas et al. (2026).

:::::
This

:::::::
prevents

:
direct switching between producing and idling steady states without passing through the

corresponding transient modes. As a result of the
:::::::
transient

:::::
state.

::
At

:::
the

:::::::
adopted 10-minute discretization

::::::::
resolution, a shutdown465

request implies at least one
:::
and

::
a

:::::::::
subsequent

::::::
restart

:::
are

::::
each

::::::::::
represented

::
by

:::
one

::::
full 10-minute shutdown interval and , when

operation resumes, one 10-minute start-up intervalbefore return to normal operation
:::::::
transient

::::::
interval.

Once the operational mode is assigned, turbine-level inflow and response quantities are evaluated for each time step
:::
For

::::
each

::::::
turbine

:::
and

::::
time

:::::
step,

:::
the

:::::::
assigned

:::::
mode

:::::::::
determines

:::
the

::::::::
response

:::::::::
calculation. During normal operation, the wake model

provides turbine-wise RAWS and RATI together with turbine powerwhich is converted to 10-minute energy production. The470

corresponding
::::::::::::
turbine-specific

:::::
rotor

:::::::
effective

:::::
wind

:::::
speed,

:::
TI,

::::
and

::::::
power,

:::
and

:::
the

:
inflow descriptors are passed to the normal-

operation surrogate to obtain channel-wise DELs
:::
load

::::::::
surrogate. For shutdown, start-up, and idling

:::::
idling,

::::
and

::::::
start-up, wake

effects are neglectedand ,
:
ambient inflow is useddirectly for all turbines. This simplification reduces computational cost and is

applied consistently across all simulated cases. In addition, turbines in idling, shutdown, and start-up are assumed to produce

zero power during the corresponding 10-minute interval. For start-up and shutdown
:
,
:::
and

::::
the

::::::::::::
corresponding

::::::::::::
mode-specific475

:::::::
surrogate

::
is
:::::::::
evaluated.

:::::
These

::::::::::::
non-producing

::::::
modes

:::
are

:::::::
assigned

::::
zero

::::::
power

:::::::::
production.

::::
For

:::
the

:::::::
transient

::::::
modes, this is a con-

servative assumption adopted because the exact timing of the transient event
::::::::::::
approximation

::::::
because

:::::
their

::::
exact

::::::
timing

:
within

the 10-minute interval cannot be resolved, and the evaluation framework intentionally treats these intervals in a consistent

discretized manner. At the end of this step, time series of turbine-level DELs, turbine-level energy production, and turbine

operational states are provided.
::
is

::::::::::
unresolved.480

Aggregation is then carried out over time and across turbines. Stepwise turbine
::::::
Turbine

:
energy is summed to obtain

farm-level instantaneous energy production and accumulated over
::::
over

:::::::
turbines

:::
and

:
time to obtain the cumulative farm en-

ergy yield. For each structural channel and each turbine , the surrogate-predicted 1 Hz
:::::
turbine

::::
and

::::
load

:::::::
channel,

:::
the

::::::::
predicted

DEL is converted to a
::::::
relative

:
fatigue-damage incrementusing the corresponding Wöhler exponent. Following ,

:::::::::
following

Miner’s linear accumulation rule (Miner, 1945), the relative damage increment of a 10-minute interval can be expressed as :
::
as485

∆D = nref Leq
mm

:
, (1)

where Leq is the DEL for the interval
::::::
interval

::::
DEL, m is the channel-specific Wöhler

::::::
Wöhler

:
exponent, and nref = 600 is

the reference number of cycles associated with the
::
for

::
a 10-minute interval. Since the material constants required for absolute

lifetime prediction are not introduced here, the accumulated quantities are used as relative damage indicators for comparing490

control
:::::::::
operational

:
strategies rather than as absolute lifetime estimates. The resulting cumulative damage time series are stored

per turbine and per channel. The effects of each implemented strategy are finally quantified relative to a baseline simulation in
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which no bat protection logic is applied and
::::::
Energy

:::
and

::::::::::
cumulative

::::::
fatigue

::
are

::::::
finally

::::::::
compared

::::
with

::
a
:::::::
baseline

::::
case

::::::::
evaluated

::::
using

:
the same ambient timeseries are evaluated under otherwise identical assumptions

::::
time

:::::
series

:::
and

::::::::
modeling

:::::::::::
assumptions

:::
but

::::::
without

::::::::::::
bat-protection

:::::::::
curtailment.495

2.6 Wind farm data and processing

The case study is based on an onshore wind farm in France operated by ENGIE Green. Due to confidentiality restrictions,

the name, exact location, and OEM turbine type cannot be disclosed. The wind farm consists of 13 turbines, and the layout is

shown in figure 6 in normalized coordinates using the rotor diameter D as reference. The layout figure also indicates the turbine

equipped with the bat monitoring system, which is described in more detail in the following subsection. Curated 10-minute500

SCADA data for all turbines were provided by ENGIE Green for two full years, with an availability of 99.6%. The variables

used in the present study are turbine wind speed, wind speed standard deviation, wind direction, and ambient temperature. In

addition, turbine power signals were used to calibrate the flow model as described in 2.1, and high-frequency data were used

to tune the start-up and shutdown maneuvers, as described in section 2.2.

Figure 6. Normalized layout of the wind farm shown in dimensionless coordinates (x/D,y/D). The turbine equipped with the bat monitor-

ing system is indicated with red.

For each 10-minute interval, a farm-level ambient wind direction is first derived from all turbines using the circular mean505

of the available wind direction signals. Based on this direction, the front-row turbines expected to operate in free-stream

conditions are identified for the corresponding inflow sector. Ambient wind speed, wind speed standard deviation, and wind

direction are then derived as the mean values of these free-stream turbines, providing a single ambient inflow time series for the

farm. Since nacelle-anemometer measurements are known to produce noisy estimates, particularly for the wind speed standard

deviation, the resulting TI values are capped at 30% in order to avoid unrealistic input values and extrapolation beyond the510

surrogate domain. Missing timestamps in the derived ambient time series are finally patched using ERA5 reanalysis data at the

nearest grid point (Hersbach et al., 2020), such that the simulation inputs used in the subsequent analysis achieve full temporal

coverage. Since ERA5 is available at hourly resolution, the corresponding variables are first linearly interpolated to 10-minute

resolution.
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Figure 7 summarizes the resulting ambient inflow characteristics for the two-year period. The wind speed distribution indi-515

cates a relatively low-wind site, with a substantial fraction of occurrences in the low-to-moderate wind speed range and a high

probability of conditions close to cut-in. This is directly relevant for the present application, since bat protection curtailment is

activated in this operating region and may therefore affect a non-negligible fraction of the annual production. The embedded

wind rose shows that the inflow is not directionally uniform and that specific sectors dominate the site exposure. The TI distri-

butions binned by wind speed show the expected decrease in TI with increasing wind speed, together with a broad spread in the520

low wind speed region. The broad spread of TI in the low-wind-speed region is particularly relevant for the present study. As

shown in the aeroelastic-response analysis, the loading behavior of start-up, shutdown, and idling relative to normal operation

depends significantly on TI. Since a wide range of TI values occurs under the wind speed conditions most relevant for bat

curtailment, the net structural impact of the curtailment strategies cannot be inferred a priori by the local climate and must be

evaluated through the full time-series.525
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Figure 7. Ambient inflow characteristics derived from the available dataset. Left: normalized wind speed distribution with embedded wind

rose. Right: turbulence-intensity distributions shown as box plots for wind speed bins. Center line in the box denotes the median value and

whiskers the 5th and 95th percentiles.

2.7 Bat activity measurement campaign and analysis

For both years considered, the bat detection system was installed during the spring, before the end of the hibernation period,

and removed in the fall at the end of the seasonal activity period. The monitoring campaigns were performed using a batcorder

system (ecoObs GmbH, n.d.), which records sound and ultrasound in the vicinity of the equipped turbine. The raw data were

processed by a third-party company specialized in environmental studies, including filtering of parasitic noise and expert530

validation of bat activity by a chiropterologist to confirm the bat activity and identify, when possible, the bat species involved

in the recording. The full procedure was carried out by the third-party company, and only the final cleaned dataset is considered
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within the scope of the present study. It consists of a table of individual bat contacts, including the timestamp of each recording,

the identified species when available, and an activity magnitude indicator.

For the purposes of the present analysis, all detected bat activity is considered jointly, and the dynamic control logic is535

therefore not implemented on a species-specific basis. To combine bat activity with the ambient atmospheric conditions used

in the simulation framework, the cleaned monitoring data are aggregated to 10-minute resolution and matched to the processed

SCADA-derived ambient time series.

Figures 8 and 9 show the observed bat activity as a function of wind speed and air temperature, and as a function of time

during the investigated period, respectively. It can be seen that bat contacts are strongly correlated with these variables as540

activities are observed to occur primarily
:::
The

::::::::
observed

:::::::
activity

::
is

:::::::::::
concentrated

::::::::::::
predominantly

:
under low wind speed and

warm-temperature conditions , and are concentrated
::::::::
relatively

:::::
warm

::::::::
conditions

:
between sunset and sunrise during the months

with elevated bat activity. The seasonal distribution is consistent with the biological activity cycle of bats.
::
In

:::::::::
particular,

:::
the

:::::::::
wind-speed

::::::::::
distribution

:::
of

:::
the

::::::::
recorded

:::::::
activity

::
in

::::::
Figure

::
9
::
is

::::::
shifted

:::::::
toward

:::::
lower

::::::
values

::::
than

:::
the

::::::::
ambient

::::::::::
wind-speed

:::::::::
distribution

::::::
shown

::
in
::::::

Figure
:::

8.
:::::::::
Therefore,

:::
the

:::::::
activity

::::
peak

:::::
does

:::
not

::::::
simply

::::::::
coincide

::::
with

::::
the

::::
most

:::::::::
frequently

:::::::::
occurring545

:::::::::
wind-speed

::::::
regime

::
at

:::
the

::::
site.

:::::
These

::::::::::
site-specific

:::::::::::
observations

:::::::
motivate

:::
the

::::::::::::
environmental

:::
and

::::::::
temporal

:::::::::
thresholds

::::
used

::
in

:::
the

::::
static

:::
bat

:::::::::
protection

:::::::::
strategies.

::::::::
However,

:::
the

::::::::::
distributions

:::
are

:::::::::
presented

:::::::::::
descriptively

:::
and

:::
are

:::
not

::::::::
intended

::
to

:::::::
quantify

::::::
causal

::::::::::
relationships

:::::::
between

::::::::::::
environmental

:::::::::
conditions

::::
and

:::
bat

:::::::
behavior

::
or

::
to

:::::::::
generalize

::::::
across

::::::
species

:::
and

:::::
sites. The data also show

interannual variability as in year two, the first meaningful activity is observed only from June onward, whereas in year one bat

activity is already recorded from April, with substantial occurrences during May.550

Figure 8. Bat activity observed at the site for all the species. Left: Bat activity with respect to wind speed. Right: Bat activity with respect to

temperature

Currently, common practice in the industry is to use such observations to design static bat protection operational strategies.

In France, regulatory services typically define target bat protection levels that the operator must meet, e.g., 90% or 95%. A bat

contact is considered protected when turbines in the wind farm are stopped at the time of observation. Static control strategies
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Figure 9. Daily bat activity observed over year #1 (left) and year #2 (right) at the site for all species. The size of the dark circles indicates

the number of activities recorded for the first and second year. Light and dark brown circles show the sunrise and sunset times for the days,

respectively, where bats were observed within the investigated period.

are therefore elaborated by determining the combinations of wind speed, air temperature, time of day, and seasonal period

for which turbines must be stopped in order to reach the corresponding target protection level. In practice, a single year of555

measurement is commonly used for this purpose, meaning that static curtailment plans are usually both derived and evaluated

using the same reference-year observations. Dynamic curtailment is not currently implemented at the studied wind farm, but

it operates on the same type of data produced by the measurement campaign described above. In such a concept, bat sensors

installed on the turbine nacelle record activity continuously, and a detection is used as a direct trigger for turbine shutdown.

In the present study, the monitoring data are used in two ways: to derive static curtailment windows representative of current560

practice and to define event-based dynamic shutdown requests, as described in the following subsection.

2.8 Case study definition

The case study evaluates a baseline without bat control, along with a set of static and dynamic
:::::::
(blanket)

::::
and

::::::::
dynamic

:::::::::::::
(event-triggered)

:
bat protection operational strategies, across the full 2-year dataset. All cases are simulated using the eval-

uation framework described in the previous sections, and the resulting energy and fatigue metrics are reported relative to the565

baseline case. In line with current practice, the static curtailment schedules are derived from year #1 bat monitoring dataset and

then applied to both years. The evaluated cases are summarized in Table 3.

The baseline case represents normal wind farm operation without bat protection curtailment. Turbines are therefore assumed

to remain in normal operation unless ambient wind speed falls outside the operating envelope considered in the framework.
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Table 3. Definition of the evaluated bat protection operational strategies. Static thresholds are derived from year #1 monitoring data and

applied to both years. All turbines in the farm are stopped when the corresponding control conditions are met.

Case Type Period Nighttime Umax [m/s] Tmin [◦C] Trigger Stop duration [min]

Baseline None – – – – – –

Static90 Static June 1st – September 15th Yes 5.5 16 Env. thresholds –

Static99 Static May 1st – September 30th Yes 6.5 14 Env. thresholds –

Static100 Static April 12th – October 31st Yes 10.2 13 Env. thresholds –

Dynamic10 Dynamic – – – – Bat detection 10

Dynamic30 Dynamic – – – – Bat detection 30

This case is used only as a reference against which the relative changes in energy production and accumulated fatigue damage570

of the bat protection operational strategies are quantified.

The three static
::::::::
(blanket) cases are derived from year #1 monitoring data and represent different levels of bat protection

consistent with current industry practice. They are defined through combinations of environmental thresholds on seasonal

period, nighttime operation, ambient wind speed, and ambient temperature, which must be satisfied simultaneously to trigger

curtailment. The specific threshold combinations adopted for the present study were provided by ENGIE Green following the575

expert-based evaluation procedure described in section 2.7. The first case (Static90) can be interpreted as a production-oriented

curtailment schedule, designed to retain as much energy as possible while still targeting a minimum bat protection level of 90%.

The second case (Static99) represents a more protection-oriented schedule, in which turbines are stopped more frequently in

order to reach a target protection level of 99%. The third case (Static100) corresponds to a full-protection scenario. In this case,

the activation thresholds are extended to the most conservative values among the considered environmental variables such that580

all bat contacts observed during the reference year campaign would fall within the shutdown window.

The two dynamic
::::::::::::::
(event-triggered) cases are based on direct bat detections and use the control logic described in Section 2.5.

In both cases, a detection recorded by the monitoring system triggers shutdown of the entire wind farm, such that all turbines

stop and restart simultaneously. The parameter varied is the shutdown duration following a detection, which is set to either 10

minutes (Dynamic10) or 30 minutes (Dynamic30). These values are chosen as plausible implementation scenarios rather than585

site-optimized settings, since dynamic curtailment is not currently deployed at the studied wind farm and detailed information

on the appropriate field reset time after a detection is not available. Their purpose is to probe how shutdown duration changes

the balance between frequent start/stop transitions and time spent idling. As shown in the aeroelastic analysis, idling is load-

relieving for many channels, whereas start-up and shutdown can be load-intensive for some responses; longer curtailment

intervals may therefore reduce fatigue for selected channels by decreasing the number of transitions, even though they increase590

lost production. In the present case study, the single monitoring system
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:::
For

:::
the

:::::::
purpose

::
of

:::
the

:::::::::
operational

::::::
impact

::::::::::
assessment,

:::
the

::::::::
available

:::::::::
monitoring

:::::
signal

:
is assumed to be representative of the

::
bat

:::::::
activity

:::::::
relevant

::
to

:::
the

:
entire wind farm. Under this

:::::::
idealized

:
assumption, and neglecting possible false-positive or

:::
and

false-negative detections, the dynamic cases
:::::::
strategies

:
are assumed to correspond to a

::::::
nominal

:::::::::
protection

:::::
level

::
of

:
100%bat

protectionlevel.
::::
This

:::::
value

::::::
should

:::
not

:::
be

:::::::::
interpreted

::
as

::
an

::::::::::::
independently

:::::::
verified

:::::::
measure

::
of

:::::::
realized

:::::::::
ecological

::::::::
protection.595

3 Results and discussion

This section compares the baseline, static, and dynamic bat protection operational strategies in terms of their operational

impact, farm energy production, and cumulative fatigue response. The analysis focuses on relative differences with respect to

the baseline case and examines both the overall two-year behavior and the variability between the two investigated years. The

section concludes with a discussion of the main assumptions, limitations, and implications of the obtained results.600

3.1 Operational impact of the curtailment strategies

Before discussing the effects on energy and fatigue, it is useful to examine how the different bat protection operational strategies

modify the wind farm’s operational schedule. Figure 10 summarizes, for the full two-year period, the total number of start-

up and shutdown events (left) and the total downtime in hours (right) for each case, including the baseline. Here, downtime

denotes the cumulative time spent in shutdown, idling, and start-up modes. Start-up and shutdown are counted as individual605

events; therefore, one stop followed by one restart contributes two counts. For reference, the baseline case already includes

3141 start-up/shutdown events and 2780.0
::::
2780 h of downtime over the two-year period, driven by wind speeds falling below

the cut-in speed. Over the same period, bat activity was detected in 264 ten-minute intervals in year #1 and 301 intervals in

year #2, corresponding to 565 intervals in total.

Figure 10. Operational impact of the evaluated strategies over the full two years period. Left: total number of start-up and shutdown events.

Right: total downtime in hours, defined as the cumulative time spent in shutdown, idling, and start-up modes.
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The static cases lead to progressively larger changes in turbine operation, but not in a strictly monotonic manner with respect610

to the number of transitions. Static90 increases the total number of start-up/shutdown events to 3477 and the total downtime

to 3233.2
::::
3233 h. Static99 produces the largest number of transitions, with 3731 total events, while downtime increases to

3805.0
::::

3805 h. In contrast, Static100 results in fewer total start-up/shutdown events (3681) than Static99, but substantially

larger downtime, reaching 4996.3
::::
4996 h. This behavior is consistent with the much broader shutdown windows of Static100:

as the environmental activation criteria are extended, shutdown requests more often merge into long consecutive non-producing615

periods, including also intervals in which the turbines would in any case be below cut-in. The result is fewer repeated restarts

and shutdowns, but much longer total time spent in idling.

The dynamic cases remain much closer to the baseline than the static schedules in terms of total downtime, but not in terms

of transition count. Dynamic10 increases the total number of start-up/shutdown events from 3141 in the baseline case to 3679,

which is almost the same level as Static100 and only slightly below Static99. In contrast, its total downtime increases only to620

2889.8
::::

2889 h, remaining far below all static cases. Extending the shutdown duration to 30 minutes (Dynamic30) reduces the

total number of transitions to 3543, i.e., fewer than all static cases and only slightly above the baseline. At the same time, total

downtime increases only moderately to 2966.8
::::
2967 h, again remaining much closer to the baseline than to any static schedule.

This behavior indicates that extending the event-triggered shutdown duration mainly merges closely spaced detections into

longer consecutive non-producing periods, thereby reducing repeated restarts and shutdowns without causing a proportional625

increase in total downtime. As in the static cases, longer enforced shutdown periods also overlap more frequently with intervals

when wind speed is below the cut-in speed, further limiting additional transitions while extending continuous idling periods.

These differences in operational patterns are important for interpreting the corresponding energy losses and channel-dependent

fatigue responses discussed in the following section.

3.2 Farm-level effects on cumulative energy and fatigue630

To compare the impact of the evaluated curtailment strategies , relative differences with respect to the baselinecase are

considered for
::::
with

::
the

::::::::
baseline,

:::
the

::::::
relative

:::::::
change

::
in any quantity X

:
is
:::::::::
calculated as:

∆X = 100

(
Xcase

Xbaseline
− 1

)
, (2)

where X denotes either the farm-level cumulative energy production or the cumulative fatigue damage of a given load

channel.635

Figure 11 shows the resulting relative differences in cumulative fatigue damage over the full two-year period for all consid-

ered channels, summarized as box plots across turbines. Overall, for most bat protection operational strategies, the differences

relative to the baseline case remain small. Although the response is not uniform across the considered load channels, the general

trend is that only limited changes occur, with few exceptions. For most channels, cumulative fatigue damage is reduced by a

few percentunder all strategies, suggesting that the considered bat protection strategies would not have a generally detrimental640

effect on long-term fatigue loading. The main exceptions are tower-top side-side bending (TTSS), blade-root flapwise bending

(BRFW), and main-shaft bending about y (MSBMY), which show positive changes
:::::::
increase for most strategies.

25



−15

−10

−5

0

5

−15

−10

−5

0

5

−15

−10

−5

0

5

−10

−5

0

5

−10

−5

0

5

−10

−5

0

5

−5

0

5

10

15

−15

−10

−5

0

5

−15

−10

−5

0

5

−10

−5

0

5

−10

−5

0

5

−10

−5

0

5

Static90 Static99 Static100 Dynamic10 Dynamic30

Tower-Base Fore-Aft TBFA Tower-Base Side-Side TBSS Tower-Base Torsion TBTOR

Tower-Top Fore-Aft TTFA Tower-Top Side-Side TTSS Tower-Top Torsion TTTOR

Blade-Root Flapwise BRFW Blade-Root Edgewise BREW Blade-Root Torsion BRTOR

Main Shaft X MSBMX Main Shaft Y MSBMy Main Shaft Torsion  MSBMZ

R
e
la

t
iv

e
 d

iff
e
r
e
n
c
e
 t

o
 b

a
s
e
li
n
e
 [

%
]

Figure 11. Relative differences in cumulative fatigue damage with respect to the baseline case for the full evaluation period. Each subplot

corresponds to one
::::
load channel, and box plots summarize the distribution across turbines for the evaluated strategies. The box spans the

25th to 75th percentiles, and the whiskers denote the minimum and maximum values.

The largest reductions are observed for TBFA, TBSS, BREW, and BRTOR. For these channels, the dynamic strategies

produce only minor changes, typically below about 2%, whereas the static strategies show a clearer reduction that increases

with the target protection level. This behavior is consistent with the aeroelastic trends discussed in section 2.2. These channels645
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experience low loading during idling compared to normal operation, so longer idling periods reduce the cumulative damage,

while the start-up and shutdown loads remain comparable to or lower than normal operation over most of the relevant inflow

range. As a result
:::::::::::
Consequently, the extended non-producing periods of the static schedules , especially Static100, lead to

progressively lower cumulative fatigue damage.

A second group of channels, including TBTOR, TTFA, TTTOR, MSBMX, and MSBMZ, is only weakly affected by the650

considered strategies. For these responses, both
:::
Both

:
static and dynamic cases remain within about 2% of the baseline for

most conditions, with more noticeable reductions mainly observed for Static100This limited sensitivity can be explained by

the underlying aeroelastic behavior: for .
::::
For these channels,

:::
the

:::::
lower

::::::
loading

::::::
during

:::::
idling

::
is
::::::

partly
:::::
offset

::
by

:
start-up and

shutdown loads are often comparable to , or locally higher than, normal-operation loads, while idling loads remain lower than

the producing state
:::
that

:::
can

:::
be

::::::::::
comparable

::
to

::
or

::::::
locally

::::::
exceed

:::::
those

::::::
during

:::::::
normal

::::::::
operation. Since normal operation still655

dominates the operational history in all cases, these competing effects largely cancel out unless downtime becomes very large.

A different pattern is observed for
::
In

:::::::
contrast,

:
TTSS, MSBMY, and BRFW, which show consistent positive changes

::::
show

::::::::
consistent

::::::::
increases under most of the considered strategies. For most strategies, these increases remain modest and generally

within about
:
,
:::::::
although

:::
the

:::::::
changes

::::::::
generally

::::::
remain

:::::
below

::::::::::::
approximately

:
4%. This behavior is consistent with the aeroelastic

results, which showed that these
:::::
These channels are more sensitive to start-up and shutdown maneuvers and, in the case of660

BRFW, also experience comparatively high loading during idling. Consequently
::::::::
Therefore, the additional transitions introduced

by curtailment can outweigh the fatigue reduction associated with reduced time in normal operation. This effect becomes

particularly pronounced for BRFW under Static100, where the increase reaches roughly 10–13% across all turbines.

The particularly high increase of the BRFW response
:::::::::
pronounced

::::::
BRFW

::::::::
increase for Static100 is not explained by the total

number of transitions alone . Although the total number of start-up/shutdown events
:::::
which

:
is comparable to Static99 and the665

dynamic cases, the .
::::
The broader environmental activation window leads to a larger fraction of transitions occurring at higher

wind speeds. This is illustrated in Figure 12, which presents the distributions of start-up and shutdown events over wind speed

and TI. As shown in the aeroelastic analysis, wind speed is a primary driver of start-up and shutdown loads for channels such

as BRFW. In the Static100 case, the broader blanket window produces more transition events at wind speeds of about 7 m/s

and above than in the other strategies, where start-up and shutdown loads are substantially larger, particularly when combined670

with elevated TI. This leads to the observed increase in
:::::::
increased

:
accumulated fatigue despite the long

::::::::
extended downtime.

More generally, this result shows
:::::::
indicates

:
that the fatigue impact of curtailment depends not only on the number of transient

events, but also on the operating conditions under which they occur.

Comparing the strategies more broadly, the two dynamic cases
:::::::::
Comparing

:::
the

::::
two

:::::::
dynamic

:::::::::
strategies,

::::
they remain close

to one another, with Dynamic10 tending to produce slightly higher fatigue damage than Dynamic30 for several channels,675

consistent with its larger number of transitions and shorter enforced idling periods. For
::::::
Across the static strategies, channels

that benefit significantly from idling show reductions that increase with
::::::::
increasing

:
the target protection level, reflecting the

progressively broader shutdown windows and longer cumulative downtime
::
and

:::::::::::
consequently

:::
the

:::::::::
downtime,

::::::::
generally

::::::::
produces

:::::
larger

::::::::
reductions

:::
for

::::::::
channels

:::
that

::::::
benefit

::::
from

::::::
idling. For channels that are more sensitive to start-up and shutdown , however,
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Figure 12. Histograms of ambient wind speed (left) and turbulence intensity (right) at the times of start-up/shutdown events, aggregated over

the full evaluation period for all evaluated cases.

this pattern can reverse, as the contribution of transient-event loading and its dependence on wind conditions become more680

important.

Overall, these results show that the fatigue impact of bat protection is governed by the balance between three competing

effects: reduced time in normal operation, increased time in idling together with the channel-dependent loading level in that

state, and the additional loading introduced by start-up and shutdown maneuvers (with channel- and wind-condition-dependent

response). For most channels and strategies, this balance leads to only small changes relative to baseline under the assump-685

tions and site-specific data of the present study. This suggests that, from the perspective of fatigue-driven lifetime, most of the

considered strategies would not be expected to produce a substantial overall effect for the majority of the assessed responses.

However, for channels particularly sensitive to maneuver-related loads, broad blanket curtailment windows can still create ad-

verse effects. This underlines the importance of evaluating bat protection strategies considering channel-resolved load metrics,

realistic operating conditions during curtailment, and a realistic representation of loading behavior under normal operation,690

idling, start-up, and shutdown.

The spread across turbines remains comparatively limited for most channels and strategies. For nearly all cases and channels ,

the turbine-to-turbine spread remains below about
:::::
below

::::::::::::
approximately 3%,

::
%

::
for

::::::
nearly

::
all

::::::::
channels

:::
and

::::::::
strategies,

:
indicating

that the observed
:::::::
modeled fatigue trends are broadly consistent across the wind farm rather than being driven by isolated

turbines. More pronounced
::::::
Larger spreads are observed mainly for

:
a few channels under Static100, which is consistent with695

the earlier interpretation that this strategy triggers a larger fraction of start-up and shutdown events under higher wind speed

and TI conditions. When combined with local differences in effective inflow among turbines, these more severe operating

conditions can lead to greater variability in the accumulated response. Overall, however, the relatively modest spread is also

:::
The

::::::::
generally

:::::::
limited

::::::
spread

::
is consistent with the site characteristics: this is a relatively small onshore wind farmwith 13
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turbines and, in the baseline case, only limited turbine-to-turbine variation in loading
:::::::::
13-turbine

:::::
farm,

:::
the

::::::
modest

::::::::
baseline700

:::::::
variation

::::::
among

:::::::
turbines

::::::
within

:::
the

:::::::
adopted

::::::::::
wake-model

::::::::::::
representation,

::::
and

:::
the

:::::::
uniform

:::::::::
farm-wide

::::::::
shutdown

:::::::
requests. This

implies comparatively weak wake-induced heterogeneity under the prevailing wind directions and the given layout, so applying

uniform farm-wide shutdown requests is not expected to substantially alter the relative distribution of loading among turbines.

This behavior could differ for larger farmswith stronger wake effects and more pronounced spatial variability, or for strategies

involving partial shutdown of the wind farm
:::::
Larger

::::::
farms,

:::::::
stronger

::::::
spatial

::::
wake

::::::::::::
heterogeneity,

:::
or

::::::::::::::
partial-shutdown

::::::::
strategies705

::::
could

:::::::
produce

::::::
greater

:::::::::::::::
turbine-to-turbine

:::::::::
differences.

The corresponding relative differences in farm-level cumulative energy production are summarized in Table 4. Under the

fixed-tariff conditions considered in this case study, these energy
:
a
:::::
fixed

::::::
feed-in

:::::
tariff

::::::::::
assumption,

:::::
these differences directly

translate to differences in revenuefrom electricity production due to the curtailment strategies. In contrast to the
:
.
::::::
Unlike

:::
the

:::::::::::::::
channel-dependent

:
fatigue response, the energy response is largely monotonic and , as expected,

:::::::::
monotonic

:::
and

:
follows the710

total downtime discussed in Section 3.1. Over the full two-year period, the dynamic strategies lead to the smallest production

penalties, with losses of 0.16% for Dynamic10 and 0.42% for Dynamic30 . The static strategies show progressively larger

losses, from 0.53%
::::::
produce

:::
the

:::::::
smallest

::::::
losses,

::
at

:::::
0.16%

::::
and

::::::
0.42%,

::::::::::
respectively,

:::::::::
compared

::::
with

:::::
0.53%

:
for Static90 to 1.92%

:::
and

::::::
1.92% for Static99, while .

:
Static100 results in a substantially larger reduction of 10.03%. This shows that even the more

relaxed and production-oriented static strategy leads to slightly higher losses than the dynamic cases, while the more realistic715

Static99 schedule already indicates about 1.5–1.8% less energy production. At the other extreme, Static100
:::
loss

::
of

::::::
10.03%

::::
and

can be regarded as a boundary case illustrating the practical limitations of overly conservative blanket curtailment, leading to

production losses that would be difficult for an operator to absorb and highlighting why less restrictive schedules are typically

adopted in practice.

Table 4. Relative differences in total wind farm energy production with respect to the baseline case for each evaluated strategy. Values are

reported separately for year #1, year #2, and for the full two-year period.

Period Static90 Static99 Static100 Dynamic10 Dynamic30

year #1 -0.43% -1.77% -8.21% -0.12% -0.32%

year #2 -0.62% -2.06% -11.89% -0.20% -0.52%

Total -0.53% -1.92% -10.03% -0.16% -0.42%

From a practical decision-making perspective, the combined results of energy production and fatigue damage suggest that720

the dominant trade-off is financial for the present case study for wildlife protection. The fatigue results show that, for most

channels and strategies, the additional impact remains small, and that differences between static and dynamic strategies are

in most cases within about 2%. Such differences are considered within the uncertainty bounds of the current modelling chain

and hence considered insufficient to make fatigue the primary decision criterion for the cases considered here. In this regard,

all strategies except Static100 can be considered broadly load-neutral for the present application, considering the assumptions725
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and case-specific data used in this study. The final choice, however, also depends on implementation costs: static strategies

require expert evaluation of temporary monitoring campaigns and may need periodic readjustment, whereas dynamic strategies

require procurement and installation of sensing equipment, controller integration, and continued maintenance. These additional

operational and implementation costs are not quantified here, but together with the projected energy losses they define the

practical decision space.730

3.3 Interannual variability

Interannual variability is assessed by comparing year-specific deviations from the baseline case for the operational, energy,

and fatigue metrics. Table 5 summarizes, for each strategy, the additional number of start-up/shutdown events and downtime

together with representative fatigue responses, while Table 4 reports the corresponding relative differences in farm-level cumu-

lative energy production. The two years differ in the number of ten-minute intervals with recorded bat activity and in the wind735

and turbulence conditions under which curtailment-related operating states and transitions occur.

Table 5. Interannual summary of relative values with respect to the baseline case. Reported are the additional total number of start/stop events

(∆NSS), additional downtime (∆Tdown), and median relative difference in cumulative fatigue damage across turbines for three representative

channels: tower-bottom fore-aft bending moment (TBFA), blade-root flapwise bending moment (BRFW), and main-shaft bending moment

about y (MSBMY). Fatigue values are expressed in percent (%).

Period Metric Static90 Static99 Static100 Dynamic10 Dynamic30

year 1

∆NSS [-] 108 314 234 238 166

∆Tdown [h] 198.83 485.33 959.33 49.50 82.50

median ∆DTBFA [%] -1.02 -6.21 -13.80 -0.51 -1.08

median ∆DBRFW [%] 0.20 2.07 6.64 1.64 1.51

median ∆DMSBMY [%] 0.33 1.65 -2.81 1.49 1.19

year 2

∆NSS [-] 228 276 306 300 236

∆Tdown [h] 254.33 539.67 1257.00 60.33 104.33

median ∆DTBFA [%] -0.94 -3.61 -11.94 -0.39 -0.77

median ∆DBRFW [%] 1.27 4.42 24.55 5.48 5.63

median ∆DMSBMY [%] 1.08 2.42 -0.63 2.53 2.26

Total

∆NSS [-] 336 590 540 538 402

∆Tdown [h] 453.17 1025.00 2216.33 109.83 186.83

median ∆DTBFA [%] -1.00 -4.75 -12.86 -0.45 -0.92

median ∆DBRFW [%] 0.53 2.79 12.15 3.00 2.91

median ∆DMSBMY [%] 0.69 2.03 -1.92 2.01 1.74

Across all strategies, the second year exhibits larger operational and production impacts than the first year. The additional

downtime and associated energy losses are consistently higher in year #2 than in year #1 for both static and dynamic strategies,

while the ranking of strategies by energy losses remains unchanged. This is consistent with energy production being primarily

governed by the total time spent in non-producing states, as discussed in Section 3.1, and indicates that year-to-year variability740

affects the magnitude of energy losses without altering the qualitative ordering among the evaluated cases.
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In contrast, the interannual response of cumulative fatigue damage is more channel-dependent. The representative tower-

bottom fore-aft channel (TBFA) remains consistently reduced relative to baseline across both years and all strategies, indicating

a robust load-relieving effect for this response under curtailment. Conversely, the blade-root flapwise channel (BRFW) shows

substantially stronger year sensitivity, with larger positive deviations in year #2 than in year #1 for both static and dynamic745

cases. The main-shaft bending response about y (MSBMY) exhibits an intermediate behavior, with year-to-year changes that

are noticeable but less pronounced than for BRFW. These differences indicate that the interannual variability of fatigue effects

is not a uniform scaling across all responses, but depends on the underlying loading mechanisms of each channel and on how

curtailment-induced transitions and idling periods are distributed across inflow conditions.

From a practical perspective, the year-to-year differences observed here imply that the technical impacts of a given bat750

protection strategy should be expected to vary over the operational lifetime of a wind farm. While energy impacts remain

comparatively straightforward to anticipate from total downtime, fatigue impacts can vary more strongly for channels that are

sensitive to start-up and shutdown maneuvers and to the operating conditions under which these events occur. This reinforces

the value
:::::::::
importance of evaluating strategies over multiple years where possible, and motivates treating interannual variability

as a contributor to uncertainty in impact assessment and decision-making.755

4 Limitations and outlook

The proposed framework relies on modeling choices that enable consistent long-horizon, wind-farm-scale evaluation, but also

introduce uncertainty that should be considered when interpreting the results. The wake model is calibrated to site-specific con-

ditions. However, predicting TI accurately with engineering wake models remains challenging, and TI is an important driver of

structural loads for several load channels and operating modes. In addition, the use of rotor-averaged inflow descriptors cannot760

represent partial-wake structure, which can be important in farms with stronger wake effects and may alter the distribution of

inflow conditions across the farm and, in turn, fatigue accumulation. Structural response is evaluated using surrogate models

trained on aeroelastic simulations of a generic turbine/controller configuration, which introduces additional uncertainty due to

the lack of an OEM-specific model and controller. Although key maneuver characteristics were tuned to match observed field

behavior, the load response can be highly sensitive to turbine design and control details. Finally, turbine operation is repre-765

sented through discrete operational modes at a 10-minute resolution, which is necessary for tractable long-horizon evaluation

but limits the fidelity of within-interval dynamics. These assumptions are required to make multi-year comparisons computa-

tionally feasible and transparent. Thus, the quantitative outcomes should be interpreted as conditional on the adopted modeling

chain and primarily used to assess relative trends and strategy comparisons within that consistent setup.

A particularly important limitation, and a broader research gap beyond the present bat protection application, concerns770

the representation of start-up and shutdown transients under realistic operational variability. Modern wind farms increasingly

experience frequent curtailments driven not only by wildlife protection but also by other operational constraints. However, there

is currently no standardized methodology for translating such transient events into fatigue-relevant metrics under the 10-minute

resolution at which SCADA data are commonly available. Existing standards (e.g., IEC 61400-1) provide only limited guidance
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for these use cases: fatigue contribution from start-ups and shutdowns is typically addressed through simplified, non-turbulent775

simulations over short time windows (in the order of 100 s at selected wind speeds) and by accounting for an assumed number

of events per year. This leaves open how to represent event timing within a 10-minute interval (e.g., when exactly the actuation

should be triggered within this 10-minute), how to model transients under turbulent inflow, and how to consistently accumulate

their contributions in long-horizon fatigue evaluation. The present study adopts a pragmatic transient representation, informed

by field observations, to enable consistent multi-year comparisons; the sensitivity of several responses to transient loading and780

to the conditions under which transitions occur underscores the need for improved, field-informed approaches. Future work

should therefore focus on high-frequency field measurements of start/stop trajectories and loads, standardized protocols for

mapping transient events to SCADA resolution, and validated reduced-order or surrogate models specifically designed for

transient operating regimes.

Real wind farm operation is more complex than the operating-history representation adopted in this study. Beyond bat pro-785

tection, turbines experience downtime and curtailment due to bird and noise protection, maintenance, grid constraints, and

many other operational requirements. Turbine behavior can also evolve over time due to component degradation, maintenance

interventions, and changes in aerodynamic performance (e.g., leading-edge erosion). These effects are not represented here,

since the intent is to isolate the incremental impact of bat protection strategies under a consistent operational baseline and

enable transparent relative comparisons between strategies. In practice, additional downtime mechanisms and long-term per-790

formance changes may alter the absolute energy and fatigue budgets and could modify the relative contribution of bat protection

strategies.

The results indicate that dynamic bat protection can be attractive, as it can significantly reduce downtime and energy losses

relative to blanket strategies while maintaining a broadly load-neutral response for most channels in the present case study.

However, the evaluation of dynamic control here relies on simplified assumptions about sensing coverage and turbine-controller795

interaction, since details of the actual field implementation were not available. The practical performance depends on how

detections are translated into control actions and on the reliability and spatial representativeness of the sensing system. A key

factor is the effective reset behavior after detections, i.e., how long curtailment remains active once bat activity ceases, and

whether this is based purely on fixed time windows or on additional information. Another factor is sensing coverage, including

whether a single device can reliably represent risk over the full farm or whether multiple sensors and redundancy are required.800

Performance also depends on how curtailment commands interact with the turbine control system and how shutdown and start-

up maneuvers are executed (e.g., brake use and maneuver trajectory), since these choices influence both transition loading and

the duration of downtime.

Finally, false positives can increase unnecessary transitions and associated fatigue contributions, whereas false negatives can

reduce the intended
::
bat

:
protection level and may affect regulatory compliance. The present study assumes farm-wide repre-805

sentativeness of the available monitoring signal and applies uniform shutdown requests to all turbines. Future analyses should

therefore consider sensing redundancy, spatially differentiated control (including partial shutdown), and
:::::
direct

:::::::::::
comparisons

:::::::
between

:::::::
dynamic

::::
and

:::::
static

::::::
control

::::::::
schedules

:::
to

:::::
assess

:::::::
whether

:::
the

:::::::
broader

::::::::::::
environmental

::::
and

::::::::
temporal

::::::::
coverage

::
of

:::::
static

32



::::::::
schedules

:::
can

:::::::
provide

:::::::::
protection

::::::
during

:::::
events

:::::::
missed

::
by

::::::::
dynamic

::::::::::
approaches,

::::
and field-informed parameterization of dy-

namic control timing and turbine response.810

The quantitative trade-offs reported here are case-specific and depend on a set of influencing parameters that vary across

sites and turbine types. The frequency and duration of bat activity, the local wind climate, and associated interannual variability

determine how often curtailment is triggered and under which inflow conditions start-up and shutdown events occur for both

static and dynamic strategies. The results showed that these conditions can matter as much as the number of events, because

transition loads can increase strongly with wind speed and may have a different dependence on turbulence intensity than normal815

operation loads. Turbine and controller characteristics further shape the load response. Farm layout and the related strength

of wake effects also influence the distribution of loads among turbines and components. These dependencies highlight the

difficulty of generalizing the present findings and underscore the importance of site-specific evaluation to assess the technical

impact of bat protection strategies, which is enabled by the proposed methodology.

As discussed, multiple sources of uncertainty affect the magnitude of the reported effects. In addition, cumulative fatigue820

damage is evaluated here using a simplified damage metric, and several in-field factors that drive fatigue and reliability are not

accounted for. Therefore, the small changes in fatigue observed in this case study should not be treated as the primary criterion

for selecting a bat protection strategy at a given wind farm. Instead, strategy selection requires a multi-criteria assessment that

accounts for projected energy production losses, implementation, operation, and maintenance costs, and the robustness of the

bat protection levels to ensure regulatory compliance over time. To support such decision-making, uncertainty quantification825

for both energy production and fatigue impacts is needed to characterize the confidence bounds of the predicted trade-offs.

Combining these uncertainty bounds with multi-criteria decision frameworks can enable economically informed decisions

while reducing technical risk and supporting asset reliability.

Based on the analysis in this study, several pathways to optimize bat protection strategies can be identified. Since start-up

and shutdown loads are sensitive to wind speed and turbulence intensity, one potential improvement is to apply condition-aware830

logic so that, once a curtailment period ends, turbine restart is initiated only when wind speed and/or turbulence intensity fall

within favorable ranges. Implementing such logic requires additional aeroelastic analysis to identify inflow regimes in which

maneuver-related loads are minimized for a given turbine and controller design. In parallel, OEM-level optimization of the

turbine control trajectory during start-up and shutdown (e.g., pitch scheduling, generator torque control, and brake usage)

could reduce the fatigue contribution from frequent transitions.835

A further pathway is to consider hybrid strategies that combine a relaxed static schedule with dynamic triggering. Such

approaches could reduce curtailment frequency during periods of consistently high activity while maintaining high protection

levels and avoiding unnecessary downtime outside those periods. Spatially differentiated operation is another promising exten-

sion. Partial shutdown based on multiple sensors, farm zoning, or turbine-level risk classification could improve the balance

between protection effectiveness, production loss, and technical impacts, particularly in larger wind farms.840

Finally, in wind farms with pronounced wake interactions, wind farm flow control strategies such as wake steering or in-

duction control could be explored to offset part of the production losses associated with bat protection, provided that their
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additional load impacts remain acceptable. Together, these directions highlight opportunities for both industry and academia to

develop bat protection strategies that better balance ecological objectives with operational constraints and asset reliability.

5 Conclusions845

Wildlife protection curtailment is increasingly required at operating wind farms for ecological and regulatory reasons. While

curtailment strategies are commonly assessed using production-based indicators, their operational implementation can intro-

duce frequent start-ups and shutdowns that may affect structural loading and long-term fatigue accumulation at turbine and

farm level. The purpose of this study was therefore to enable a realistic, data-driven evaluation of both production and struc-

tural effects under bat protection operation, and to apply such an evaluation consistently to representative static (blanket) and850

dynamic (event-triggered) strategies on the same site dataset.

To address this need, an evaluation methodology was developed that combines (i) long-term environmental and bat activity

time series, (ii) wind farm flow modeling to estimate turbine-wise effective inflow, (iii) mode-dependent surrogate models

of aeroelastic fatigue response for normal operation and curtailment-related operating states, and (iv) operational logic that

reproduces the evolution of turbine operating modes over time. This enables multi-year simulations in which farm-level energy855

production and load-specific fatigue metrics are aggregated consistently across all turbines and major components. A central

methodological aspect is the explicit representation of start-up and shutdown states, which allows the cumulative impact of

transient events to be assessed alongside downtime effects.

Applying the methodology to the case study in France, several key findings and contributions emerge. First, evaluating

static and dynamic strategies on the same dataset enables a directly comparable assessment of their operational, production,860

and loading consequences. Second, energy losses are substantially lower for the evaluated dynamic strategies than for the

considered static blanket schedules, including the most relaxed static case. Energy impacts are strongly correlated with total

downtime, yielding a largely monotonic response across strategies. Third, cumulative fatigue impacts are channel-dependent

and, for this case study, remain small for most load channels and strategies. A slight tendency for dynamic strategies to yield

higher cumulative fatigue is observed, but the magnitude is small and comparable to the uncertainty level of the present eval-865

uation chain. At the same time, the analysis identifies specific sensitivities: a subset of load responses that are most affected

by curtailment-induced transients, and that exhibit a strong dependence on wind speed and turbulence intensity, can increase

when the distribution of start-up and shutdown events shifts toward higher wind speed and turbulence conditions. In partic-

ular, blade-root flapwise loading is highlighted as a sensitive response under the strictest static schedule, where prolonged

curtailment windows lead to more transitions under higher wind speed and turbulence regimes. Fourth, the study provides un-870

derstanding of what drives fatigue under bat protection operation. The cumulative response depends on the aeroelastic behavior

of the specific turbine and controller in transient states, the number of start/stop events and their distribution over wind speed

and turbulence intensity, and the time spent in idling, which in many channels reduces fatigue accumulation due to lower load-

ing relative to normal operation. Finally, interannual variability is found to be significant. While the qualitative classification
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of strategies remains consistent, the magnitude of both production and fatigue impacts can vary from year to year, reinforcing875

the value of multi-year assessment when available.

These findings support decision-making by clarifying which effects are likely to dominate strategy selection. For the present

case study, the choice among realistic strategies is primarily driven by production impacts, since most fatigue indicators remain

close to baseline and small percent-level differences should be interpreted cautiously given the uncertainty of the calculation

chain. Nevertheless, energy loss alone is not sufficient as a decision criterion, because transition-sensitive load responses880

can exhibit increased fatigue under certain operational patterns and inflow conditions. In practice, selecting an operational

strategy therefore requires a multi-criteria perspective that considers production losses, technical risks, implementation and

operational costs, robustness of the protection approach, and regulatory compliance over time. The methodology developed

here can support such site-specific decision-making by quantifying operational patterns, production impacts, and channel-

resolved technical effects under consistent assumptions.885

The study also identifies general gaps that require further research. A key gap is the representation of fatigue contribu-

tions from repeated start-up and shutdown transients in long-horizon evaluations under the 10-minute resolution typical of

SCADA data. This work proposes a practical approach to represent these events in a consistent manner, but more detailed,

field-informed, and standardized methodologies are needed to better match real operational behavior and to support broader

adoption across applications beyond bat protection. In addition, uncertainty quantification is needed to characterize confi-890

dence bounds for both production and fatigue impacts and to provide decision-relevant measures of risk and robustness when

comparing strategies.

Finally, several improvement pathways can be explored based on the sensitivities identified in this work. These include (i)

tuning controller trajectories during start-up and shutdown to minimize transient loading under relevant operating conditions,

(ii) evaluating hybrid strategies that combine relaxed static schedules with dynamic triggering to balance downtime and transi-895

tions, (iii) implementing condition-aware restart logic where turbine start-up is delayed until more favorable inflow conditions

occur, (iv) extending dynamic strategies toward spatially differentiated operation, including partial shutdown supported by

multiple sensors, and (v) where applicable, coupling bat protection operation with wind farm control strategies that can re-

cover part of the production loss. Together, these directions motivate future studies by both industry and academia aimed at

maintaining bat protection while limiting production losses and supporting asset reliability.900

Code and data availability. The developed evaluation framework is part of the WINPACT impact assessment tool developed by DTU and is

available at https://doi.org/10.5281/zenodo.17641606. The FLORIS extension developed by TUM is part of the wind farm response frame-

work and is available at https://doi.org/10.5281/zenodo.18633504. The wind farm and bat activity measurement data are not publicly available

due to confidentiality.

Appendix A: Error metrics for surrogate
::::
Flow

:
model evaluation

:::::::::
calibration905
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:::
The

:::::::::
calibration

:::::
relies

:::
on

:::
the

::::::
widely

:::::::
adopted

:::::::::::::::::::
Gaussian–Curl–Hybrid

:::::
wake

::::::
model

:::::::::::::::
(King et al., 2021)

:
,
:::
the

::::::::::::::::
Crespo–Hernandez

::::::::
turbulence

::::::
model

:::::::::::::::::::::::::
(Crespo and Hernández, 1996),

:::
and

:::
the

:::::::::::::
sum-of-squares

:::::::::::
superposition

::::::::
approach

::
in

:::::::
FLORIS

::::::::::::::::::
(Fleming et al., 2023)

:
.
::
By

:::::::::::::
simultaneously

::::::
tuning

::::
wake

:::::::::
parameters

::::
that

:::::
define

:::
the

:::::
wake

:::::
shape

:::
and

:::::::
learning

:::
the

:::::::::::::
terrain-induced

::::::::
speed-up

::::
field,

::
a
::::
flow

::::
field

::
is

:::::::::::
reconstructed

::::
that

::::::
closely

::::::::::::
approximates

:::
the

:::::
actual

:::::::::
conditions

:::
for

:::::
each

::::
wind

::::::
speed

:::
and

:::::
wind

::::::::
direction

::::
bin.

:::
For

::::
this

:::::
study,

::
12

:::::::
spatially

:::::::::
distributed

::::::::
FLORIS

:::::::::
flow-model

::::::::::
parameters

::
are

:::::::::
calibrated

:::
for

::::
each

::
of

:::
the

::
12

::::::
sectors

::::
with

:::
30°

:::::::::::::
wind-direction910

:::
bins

::::::::
covering

:::
the

::::
full

:::::
360°.

:::::
These

::::::::::
parameters

::::::::
represent

::::::::
speed-up

::::::
factors

::::
that

:::::
define

::::
the

::::::::::
background

::::
flow

::::::
across

:::
the

:::::
wind

::::
farm.

::::
For

:::
any

:::::
given

::::
wind

:::::::::
direction,

:::
the

::::::::::::
corresponding

:::::
values

:::
are

:::::::
linearly

::::::::::
interpolated

::
at

::::
each

:::::
node

:::::::
location.

::::
The

::::::::
positions

::
of

::::
these

::::::::
speed-up

:::::
nodes

:::
are

::::::
shown

::
in

::::::
Figure

::
2.

::
In

:::::
total,

:::
144

::::
flow

:::::::::
parameters

::::
and

::
10

::::::
global

:::::
wake

:::::::::
parameters

:::
are

:::::::::::::
simultaneously

::::::::
calibrated

:::::
using

:::
one

:::::
year

::
of

::::::::::
operational

:::::::::
wind-farm

::::
data

:::
and

:::
the

:::::::::::
methodology

:::::::::
described

::
in

::::::::::::::::::::::
Braunbehrens et al. (2023)

:
.
::::
This

::::::
method

:::::::::
minimizes

::
a
::::
cost

:::::::
function

::::::
based

::
on

::::::::
residuals

::::::::
between

::::::::
simulated

::::
and

:::::::::
measured

:::::
power

::::
and

:::::::
applies

::::::::::::
singular-value915

::::::::::::
decomposition

::
to

::::::
discard

:::::::::::::
non-identifiable

:::::::::
parameter

::::::::::::
combinations.

:::
The

::::::::
resulting

::::::::
calibrated

:::::
wake

:::::::::
parameters

:::
for

:::
the

:::
site

:::
are

::::::::::
summarized

::
in

:::::
Table

::::
A1.

Table A1.
::::
Tuned

:::::
wake

:::::::
paramters

::
of

:::
the

:::::::
Gaussian

:::::::::::
velocity-deficit,

:::
the

::::::::
deflection

:::::
model

:::
and

::
the

::::::::::::::
Crespo-Hernandez

::::::::
turbulence

::::::
model.

:::::::::::
Velocity-deficit

:::::::::
parameters

::::::::
Deflection

::::::::
parameters

:::::::::
Wake-added

::::::::
turbulence

::::::::
parameters

:::::::
Parameter

: ::
ka: ::

kb: :
α

:
β

:
ad: ::

bd ::::::
pinitial :::::::

pconstant: ::
pai: ::::::::::

pdownstream

::::
Value

::::
0.201

: ::::
0.018

: ::::
0.818

: ::::
0.082

: :::::
-0.041

::::
-0.11

::::
0.103

::::
0.512

::::
0.824

: ::::
-0.316

:

Appendix B:
::::::::::::::
Surrogate-model

::::::::::::::
implementation

::::
and

:::::::::
evaluation

::::
This

::::::::
appendix

:::::::
provides

:::
the

:::::::
detailed

:::::::::::::
neural-network

:::::::::::::
implementation

::::
and

:::
the

::::::::
complete

::::::::::::::::
independent-test-set

:::::::::
evaluation

:::
of

:::
the

:::::
spline

:::
and

:::
NN

::::::::
surrogate

:::::::
models.

:::
The

::::::
spline

:::::::::
formulation

::::
and

:::
the

::::
basis

:::
for

:::::::
selecting

::
it

::
for

:::
the

:::::::::::
long-horizon

:::::::
analysis

:::
are

::::::::
described920

::
in

::::::
Section

::::
2.3.

B1
::::::::::::::
Neural-network

::::::::::::::
implementation

:::::::::::
Feed-forward

:::::::::::::
neural-network

::::::::
surrogates

::::
are

:::::::::::
implemented

::
in

::::::
Keras

::::
with

:::::::::::::
hyperparameter

::::::::::
optimization

:::::::
carried

:::
out

:::::
using

:::
the

:::::::::
Hyperband

::::::::
algorithm

::::::::::::::
(Li et al., 2018)

:::
from

:::
the

:::::::
Keras

:::::::
Tuner

::::::
library.

::::
Each

:::::::
network

::
is

:
a
:::::::
shallow

::::::::::::::
two-hidden-layer

:::::::::
sequential

:::::
model

::::::::
accepting

::::::
RAWS

:::
and

:::::
RATI

::
as

::::::
inputs

:::
and

::::::::
predicting

::
a

:::::
single

::::
DEL

:::::::
channel,

:
a
:::::::::
deliberate

::::::::::
architectural

::::::::
constraint

:::::::::
motivated925

::
by

:::
the

:::::
small

::::
size

:::
of

:::
the

::::::::
available

:::::::
training

:::::::
datasets.

:::::
Both

::::::
inputs

:::
and

:::::::
outputs

:::
are

::::::::::
normalized

:::::
using

:::::::::
min–max

::::::
scaling

:::::
prior

::
to

:::::::
training,

:::::
with

:::::::
separate

::::::
scalers

:::::
fitted

::::
per

::::::::::
operational

:::::
mode

::::
and

:::
per

::::
load

::::::::
channel.

::::
The

::::::::::
Hyperband

::::::
search

:::::::
explored

::::
the

::::::
number

::
of

:::::
units

::
in

::::
each

::::::
hidden

:::::
layer

::::::
(8–32,

::::
step

:::
4),

:::
the

::::::::
activation

:::::::
function

:::
per

:::::
layer

:
(
:::::
relu

:
,
:::::
tanh

:
,
::
or

:::::::::
sigmoid

:
),
::::
and

:::
the

:::::
Adam

:::::::
learning

::::
rate

:::::::::::
(10−4–10−2,

:::::::::::
log-uniform),

::::
with

::::::
Glorot

:::::::
uniform

::::::
kernel

::::::::::
initialisation

:::::::
applied

::::::::::
throughout.

:::
The

::::::
search

::::
was

::::::::
conducted

::::::::::::
independently

:::
for

::
all

::::
four

:::::::::
operational

::::::
modes

:::
and

:::
all

::::::
twelve

::::
DEL

::::::::
channels.

:::
The

::::
final

::::::::
surrogate

:::::::
models

::::
were

:::::::
selected930

::
as

:::
the

:::::::::::
best-validated

::::
trial

:::
per

::::::::::::
mode–channel

:::::::::::
combination

:::
and

::::
their

::::::::::::
corresponding

:::::::::::
architectures

:::
are

::::::::::
summarized

::
in

:::::
Table

::::
B1.
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Table B1.
::::
‘Best’

:::::
neural

:::::::
network

:::::::::
architectures

::::::::
identified

:::
per

::::::::
operational

:::::
mode

:::
and

::::
DEL

::::::
channel.

:::
All

:::::::
networks

::::
have

:::
two

::::::
hidden

:::::
layers;

:::
n1

:::
and

::
n2:::::

denote
:::
the

::::::
number

::
of

::::
units

::
in

::
the

:::
first

::::
and

:::::
second

:::::
hidden

:::::
layer,

:::::::::
respectively.

Channel ::::
Idling

::::::
Normal

::::::
Start-up

:::::::
Shutdown

::
n1: ::

n2: ::
n1: ::

n2: ::
n1: ::

n2: ::
n1: ::

n2:

:::
TB

::
FA

: ::
12

: ::
16

: ::
32

: ::
20

: :
8

::
32

: ::
16

: ::
32

:

:::
TB

::
SS

::
24

: ::
32

: :
8

::
12

: ::
16

: ::
24

: ::
32

: :
8

:::
TB

:::
Tor.

::
24

: ::
28

: ::
24

: :
8

::
28

: ::
20

: ::
28

: ::
16

:

::
TT

:::
FA

::
28

: ::
28

: ::
28

: ::
24

: ::
28

: ::
12

: ::
20

: ::
28

:

::
TT

:::
SS

:
8

::
24

: ::
24

: :
8

::
24

: ::
32

: :
8

::
20

:

::
TT

::::
Tor.

::
20

: ::
20

: ::
28

: ::
24

: ::
16

: :
8

::
32

: ::
24

:

:::
BR

:::
EW

::
32

: ::
12

: ::
28

: :
8

::
16

: ::
16

: ::
24

: ::
24

:

:::
BR

:::
FW

::
24

: ::
32

: ::
16

: ::
28

: ::
12

: :
8

::
28

: ::
12

:

:::
BR

:::
Tor.

::
28

: ::
20

: ::
28

: ::
28

: ::
32

: ::
24

: ::
28

: ::
12

:

::::
MSB

:::
My: ::

32
: ::

32
: ::

28
: ::

20
: ::

32
: :

8
::
24

: ::
32

:

::::
MSB

:::
Mz: ::

20
: ::

32
: ::

28
: ::

24
: ::

24
: ::

32
: :

8
::
28

:
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B2
:::::::::::::::
Surrogate-model

:::::::::
evaluation

:::::
Figure

:::
B1

::::::::::
summarizes

:::
the

:::::::::
predictive

::::
error

::::::::::
distribution

:::
for

::::
each

::::::::::
operational

:::::
mode

:::
and

:::::::::
regression

:::::::
method

:::::
using

:::::::::::
channel-wise

::::
error

::::::::
statistics.

::::
The

::::::::::
comparison

:
is
:::::

used
::
to

:::::
assess

:::::
both

:::
the

::::::
general

::::::::
accuracy

::::
level

::::::::
achieved

::
in

::::
each

:::::
mode

::::
and

:::
the

::::::::::
consistency

::
of

::::::::::
performance

::::::
across

::::::::
channels.

::::::::
Detailed

:::::::::
cumulative

:::::
error

::::::
metrics

::::::
across

:::
all

:::::::
channels

::::
and

::::::::
operating

::::::
modes

:::
are

:::::::
reported

:::
in935

::::::::
Appendix

::
B

:
(Tables B2–B5

:
).
:

::::::
Across

:::::::::
operational

::::::
modes

:::
and

:::::::::
channels,

:::::
spline

:::::::::::
interpolation

:::
and

:::
the

::::
NN

::::::::
approach

:::::
show

::::::
broadly

::::::::::
comparable

::::::
central

:::::
error

:::::::::
tendencies,

:::::::
whereas

:::::::::
differences

:::
are

:::::
more

:::::::
apparent

::
in

:::
the

:::::::::
dispersion

:::
and

:::
tail

::::::::
behavior

::
of

:::
the

::::
error

:::::::::::
distributions

::
in

:::::
Figure

::::
B1.

::
In

::::::
several

::::::::
channels,

:::
NN

::::::::::
predictions

::::::
exhibit

:::::
wider

::::::::::
distributions

::::
and

::::::
heavier

::::
tails

::::
than

:::
the

::::::::::::
corresponding

:::::
spline

::::::::::
predictions,

:::::
even

::::
after

::::::::
trimming

:::::::
extreme

:::::
values

:::
for

::::::::::
readability.

::::
This

:::::::
behavior

::::
may

::::::
reflect

::::::::
increased

:::::::::
sensitivity

::
of

:::
the

::::
NN

::::::::
regression

::
to
:::::::

limited940

::::::
training

::::
data

::::
and

::
to

:::
the

::::::::::::::
low-dimensional

:::::
input

:::::
space.

::::
The

:::::
spline

:::::::::::
formulation,

:::::::::
constrained

:::
by

:::
the

:::::::::
structured

::::::::::::::
two-dimensional

::::
input

::::
grid,

:::::
tends

::
to

:::::::
provide

:
a
:::::
more

:::::
stable

:::::::::::
interpolation

::::
with

:::::
fewer

:::::::
extreme

::::::::
deviations

:::
for

:::
the

:::::::::
considered

:::::::
datasets.

:

:::::::::
Differences

:::::::
between

::::::::::
operational

::::::
modes

:::::
reflect

::::
both

::::
data

::::::
density

:::
and

:::
the

::::::
nature

::
of

:::
the

::::::::
simulated

:::::::
response

::::::::::
represented

::::::
within

::::
each

::::::::
10-minute

:::::::
interval.

:::::::
Normal

::::::::
operation

::
is

::::::::
supported

::
by

:::
the

::::::
largest

:::::::::
simulation

::::::
dataset

:::
and

::::::::::
corresponds

::
to

::
a

:::::
steady

:::::::::
producing

::::
state

::
in

:::::
which

:::::::::::
aerodynamic

:::::::
loading

:::
and

::::::::
damping

::::::
effects

:::
are

::::::
present

:::::::::
throughout

:::
the

:::::::
interval

::::
and

::
no

:::::::::::::
operating-state

::::::::
transition945

::::::
occurs.

::::
This

::::::::
generally

::::
leads

::
to

:
a
::::::::
smoother

:::::
target

:::::::
response

::::
and

::::::
reduced

:::::::::::
seed-to-seed

:::::::::
variability,

:::
and

::::::::
therefore

::::
more

:::::::::::
concentrated

::::
error

::::::::::
distributions

::::
than

::
in

:::
the

::::::::::
transitional

::::::
modes.

:::::
Idling

::::::::::
corresponds

::
to

:::::::
reduced

:::::::::::
aerodynamic

::::::
loading

::::
and

:::
low

::::::::
rotational

::::::
speed,

:::::::
resulting

::
in

:::::::::::
substantially

:::::
lower

::::
load

:::::::::::
magnitudes.

::::::::::::
Consequently,

:::::::::
percentage

::::::
errors

:::
can

::::::
appear

::::::::::::
comparatively

:::::
large

:::
for

:::::
some

:::::::
channels

::::
even

:::::
when

::::::::
absolute

::::::::
deviations

::::
are

:::::
small.

::
In

::::::::
addition,

::::::
several

::::::
idling

::::::::
responses

:::
are

:::::::::
dominated

:::
by

:::::::::::::::
turbulence-driven

::::::::::
oscillations,

:::::
which

::::
can

:::::::
increase

::::::
output

:::::::::
variability

::::
and

::::
thus

:::::
make

:::
the

:::::::::
regression

::::::
harder.

::::
For

:::
the

::::::
normal

::::
and

:::::
idling

:::::::
modes,950

::
the

::::::
signed

:::::
error

:::::::::::
distributions

::::
show

::
a
::::::::
tendency

::::::
toward

:::::::
positive

:::::::::
deviations

::
in

:::::
many

::::::::
channels,

:::::::::
indicating

::::
that

:::::::::::::
over-prediction

:::::
occurs

:::::
more

:::::::::
frequently

::::
than

::::::::::::::
under-prediction

:::
for

:::::
parts

::
of

:::
the

:::::
input

::::::
space.

::
In

:::::::
contrast,

:::::::
start-up

::::
and

::::::::
shutdown

::::::
exhibit

::::::
wider

:::
and

:::::
flatter

:::::
error

::::::::::
distributions

:::
for

:::::
many

::::::::
channels,

:::::
along

::::
with

:::::
more

::::::::::
pronounced

::::::::::::::
channel-specific

:::::
biases

::
in
:::::

some
::::::
cases.

::::
This

::
is

::::::::
consistent

::::
with

:::
the

:::::::
stronger

::::::::
influence

::
of

::::::::::::::
maneuver-driven

::::::::
transients

:::
and

::::::::::
subsequent

:::::::::
oscillations

::::::
within

:::
the

:::::::::
evaluation

:::::::
interval,

:::::
which

:::::::
increase

:::::::::::
seed-to-seed

::::::::
variability

::
at
:::::
fixed

::::::
inflow

::::::::
conditions

::::
and

:::::
make

:::
the

:::::::::::
interval-level

::::
DEL

::::::::
response

:::::
more

:::::::
difficult

::
to955

::::::::::
approximate.

::::
The

::::::
smaller

:::::::
training

:::::::
datasets

::::::::
available

:::
for

::::::
start-up

:::
and

:::::::::
shutdown

::::::::
contribute

::::::
further

::
to

::::
this

:::::
effect,

::::::::::
particularly

:::
for

::
the

::::
NN

::::::::
regressor.

:

:::::::::
Differences

:::::::
among

:::::::
channels

::::
and

::::::
modes

:::
are

::::::::
expected

::::
due

::
to

:::
the

::::::::::
underlying

:::::::
physical

:::::::
drivers

::
of

:::
the

::::::::
response.

:::::::::
Channels

::::::::
dominated

:::
by

::::::
gravity

:::
and

::::::::::::::
rotational-speed

:::::
effects

::::
with

::::::::::::
comparatively

:::::
weak

:::::::::
sensitivity

::
to

::
TI

:::
(for

::::::::
example,

:::::::::
blade-root

::::::::
edgewise

:::::::
moment)

::::
tend

::
to
:::::::

exhibit
:::::
lower

::::::
relative

:::::
error

:::::
across

::::::
modes

:::::::
because

:::
the

:::::
target

::::::::
response

:::::
varies

:::::
more

::::::::
smoothly

::::
over

:::
the

::::::
inflow960

::::
space

::::
and

::::::
shows

:::
less

:::::::::
variability

::::::::
between

:::::::::
turbulence

:::::
seeds.

:::
In

:::::::
contrast,

::::::::
channels

::::
that

:::
are

:::::
more

:::::::
sensitive

:::
to

::
TI

::::
and

::::
may

:::
be

::::::
subject

::
to

:::::::::
resonance

:::::
effects

:::
at

:::
low

:::::
wind

::::::
speeds

::
or

:::::
under

::::
low

:::::::::::
aerodynamic

::::::::
damping

:::::::::
conditions

:::
(for

::::::::
example,

::::::::::::
tower-bottom

::::::
bending

:::::::::
moments)

::::::
exhibit

:::::
larger

:::::::
intrinsic

:::::::::
variability

:::
and

::::::::
therefore

::::::
broader

:::::
error

::::::::::
distributions

:::
and

:::::::::
occasional

::::::
biases,

:::::::::
especially

::
in

::
the

::::::::::
transitional

:::::::
start-up

:::
and

::::::::
shutdown

::::::
modes

:::::
where

:::
the

:::::::
response

::
is
:::::::::
influenced

:::
by

::
the

::::::::
imposed

::::::::
maneuver

:::
and

:::::::::::::
post-maneuver
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Figure B1.
::::::::
Comparison

:::
of

:::::::
surrogate

:::::
model

:::::::
accuracy

::
on

:::
the

:::::::::
independent

:::
test

:::
set

::
for

:::::
spline

::::::::::
interpolation

:::
and

:::::
neural

::::::::
networks.

:::::
Violin

::::
plots

::::::::
summarize

:::
the

::::::::
distribution

::
of

:::::
signed

:::::::::
percentage

::::
errors

:::::
across

:::::::
channels

:::
for

::::
each

::::::::
operational

:::::
mode.

:::::::::
Overlapping

::::
box

::::
plots

::::
show

::::
mean

:::::
along

:::
with

::::
25th

:::
and

::::
75th

::::::::
percentiles.

:::
The

:::
2%

::
of

:::
the

:::::::::
distribution

:::
tails

::::
have

::::
been

::::::
trimmed

::
to

:::::::
improve

::::::::
readability.
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::::::::::
oscillations.

::
In

:::::::
general,

:::::
when

:::
the

:::::
target

::::::::
response

::
is

:::::
noisy,

::::::
spline

:::::::::
smoothing

:::
can

:::::
yield

:::::
larger

:::::::::::::
approximation

::::::
errors,

:::::::
whereas965

::::
more

:::::::
flexible

::::::::
regressors

::::
such

::
as
:::::
NNs

:::
can

:::::::
become

::::
more

::::::::
sensitive

::
to

::::::
limited

::::
data

:::
due

::
to

:::::::::
overfitting.

:

:::::
Tables

::::::
B2–B5

:
report surrogate-model performance on the independent Latin Hypercube test sets for each operational mode,

comparing spline interpolation and neural-network regressors across the considered load channels. Reported metrics include

the mean error (ME) and median error (MedianErr) as signed bias indicators; the mean absolute error (MAE) and median

absolute error (MedianAE) as magnitude-based error measures; the mean absolute percentage error (MAPE) and median970

absolute percentage error (MedianAPE) as relative error measures; the normalized, with the range of values, root-mean-square

error (NRMSErange) as a scale-independent accuracy measure; and the coefficient of determination (R2) as a goodness-of-fit

measure. For each metric and channel, the best-performing method is highlighted (smallest absolute value for error-based

metrics; highest value for R2).

Table B2. Error metrics on the independent test set for Normal operation (Spline vs NN). The best value between spline and NN is highlighted

for each metric.

ME MedianErr MAE MedianAbsErr MAPE [%] MedianAPE [%] NRMSErange R2

Channel Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN

TB fore-aft 1043.23 449.68 59.45 46.35 1593.90 2027.55 571.07 1102.60 9.67 14.37 3.74 7.95 0.06 0.06 0.93 0.93

TB side-side 1485.86 504.53 1085.66 171.35 2035.15 1921.59 1264.42 1124.41 23.13 22.50 13.06 13.24 0.10 0.09 0.85 0.87

TB torsion 267.59 166.04 55.59 10.44 307.04 300.46 83.31 88.59 8.21 9.08 2.71 3.80 0.07 0.07 0.92 0.94

TT fore-aft 217.71 213.27 4.70 20.05 286.61 282.61 67.91 80.00 8.32 9.18 3.34 3.71 0.07 0.07 0.93 0.93

TT side-side 38.19 21.05 12.51 4.59 41.44 42.18 13.18 17.87 12.68 13.63 3.63 7.11 0.08 0.07 0.91 0.92

TT torsion 265.03 176.10 55.29 -6.44 303.89 300.15 84.92 104.86 8.22 9.37 2.79 3.70 0.07 0.07 0.92 0.93

BR flapwise 314.77 141.53 171.13 17.70 396.23 362.99 193.24 209.52 7.56 7.48 4.57 4.28 0.05 0.05 0.96 0.97

BR edgewise 271.04 138.62 117.84 2.24 276.84 215.29 120.95 92.26 4.75 3.76 1.97 1.57 0.15 0.12 0.65 0.77

BR torsion 3.54 2.84 1.17 0.58 5.13 5.44 2.33 2.24 6.44 7.07 3.25 3.51 0.06 0.06 0.94 0.94

MS bend x 216.32 187.54 19.85 7.22 283.50 281.15 70.76 72.28 8.25 8.14 3.74 3.15 0.07 0.07 0.93 0.93

MS bend y 33.92 8.40 13.32 3.87 36.36 39.85 14.27 26.33 13.84 13.65 6.74 10.16 0.08 0.07 0.90 0.92

MS torsion 255.12 146.25 53.68 0.63 292.33 287.06 82.74 94.06 8.19 9.13 2.91 4.20 0.07 0.07 0.92 0.93
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Table B3. Error metrics on the independent test set for Idling operation (Spline vs NN). The best value between spline and NN is highlighted

for each metric.

ME MedianErr MAE MedianAbsErr MAPE [%] MedianAPE [%] NRMSErange R2

Channel Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN

TB fore-aft -825.22 169.86 -81.40 193.93 943.57 537.59 233.20 331.70 19.38 27.28 14.84 10.56 0.07 0.03 0.94 0.99

TB side-side 592.83 302.17 282.13 167.91 650.59 423.97 295.31 209.00 8.70 9.15 7.44 6.29 0.03 0.02 0.99 1.00

TB torsion 12.36 -10.90 2.40 -0.48 44.97 35.74 13.61 10.02 5.86 10.03 5.04 7.14 0.04 0.04 0.98 0.98

TT fore-aft -6.06 -10.78 0.44 -1.29 27.98 28.58 7.07 8.84 5.53 15.66 4.45 5.13 0.03 0.03 0.99 0.99

TT side-side 4.20 1.03 1.13 0.72 5.22 4.42 2.80 3.20 4.66 7.27 4.21 3.87 0.02 0.01 1.00 1.00

TT torsion 12.24 -18.99 2.34 -5.09 44.71 36.67 13.49 16.21 5.87 15.97 5.04 4.17 0.04 0.04 0.98 0.98

BR flapwise 40.26 38.42 17.53 -12.19 140.14 238.86 97.27 191.56 10.23 12.87 2.63 6.22 0.03 0.06 0.98 0.94

BR edgewise 20.20 -0.58 6.37 3.15 38.93 30.97 13.76 19.56 7.06 8.09 6.81 5.99 0.04 0.03 0.98 0.99

BR torsion 0.89 0.79 0.65 -0.13 2.06 3.21 1.38 2.29 10.45 14.80 2.03 3.64 0.03 0.06 0.98 0.94

MS bend x -3.19 -12.13 1.29 -0.63 30.01 29.06 7.74 8.10 5.86 6.80 5.16 5.71 0.03 0.03 0.99 0.99

MS bend y 0.95 -0.71 0.08 0.58 3.94 3.35 0.97 1.48 6.67 21.45 6.05 6.97 0.04 0.04 0.97 0.97

MS torsion 11.05 -3.82 0.73 2.77 45.93 38.14 11.28 16.25 6.69 9.60 6.09 6.80 0.04 0.04 0.97 0.98

Table B4. Error metrics on the independent test set for Start-up operation (Spline vs NN). The best value between spline and NN is highlighted

for each metric.

ME MedianErr MAE MedianAbsErr MAPE [%] MedianAPE [%] NRMSErange R2

Channel Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN

TB fore-aft -149.17 -475.81 26.44 -138.70 1097.89 984.50 761.20 366.69 11.29 8.54 7.43 5.86 0.07 0.07 0.93 0.93

TB side-side -198.03 -539.67 -38.90 -211.89 1017.97 1026.91 596.04 567.21 18.19 16.97 15.31 11.84 0.11 0.13 0.63 0.52

TB torsion -48.21 3.07 -7.81 8.66 77.14 57.33 40.24 33.81 5.98 5.56 5.68 4.39 0.04 0.02 0.98 0.99

TT fore-aft -39.35 9.19 -1.01 3.64 59.59 39.30 28.37 28.80 4.35 4.83 3.80 3.22 0.03 0.02 0.98 1.00

TT side-side 15.59 2.05 14.13 3.73 24.19 16.57 18.15 14.30 6.67 4.51 6.02 3.92 0.07 0.04 0.96 0.98

TT torsion -48.98 -26.60 -8.27 -12.21 77.57 51.17 41.49 30.39 6.04 4.78 5.69 3.59 0.04 0.02 0.97 0.99

BR flapwise 267.17 -21.01 225.08 18.27 426.60 332.69 390.79 207.01 9.00 6.46 8.14 5.53 0.09 0.08 0.87 0.90

BR edgewise 2.37 -3.63 6.71 0.68 21.93 29.54 14.80 14.56 0.46 0.60 0.33 0.33 0.02 0.04 0.99 0.98

BR torsion 1.62 1.36 1.29 0.63 2.39 2.01 2.05 1.19 5.05 4.11 3.67 2.14 0.07 0.07 0.88 0.90

MS bend x -34.82 -9.23 -9.27 -0.54 45.26 29.90 19.15 20.96 3.46 3.13 2.50 2.09 0.03 0.01 0.99 1.00

MS bend y 14.97 -5.33 14.34 -2.67 25.05 14.02 22.80 10.40 6.97 3.55 5.35 3.02 0.07 0.05 0.95 0.98

MS torsion -50.27 -22.05 -4.89 -6.67 78.58 49.48 43.07 28.30 6.27 5.87 5.63 3.84 0.04 0.02 0.97 0.99

41



Table B5. Error metrics on the independent test set for Shutdown operation (Spline vs NN). The best value between spline and NN is

highlighted for each metric.

ME MedianErr MAE MedianAbsErr MAPE [%] MedianAPE [%] NRMSErange R2

Channel Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN Spline NN

TB fore-aft 120.65 -314.87 159.74 -190.86 672.99 810.71 390.04 522.98 5.80 6.38 3.49 4.45 0.04 0.04 0.97 0.97

TB side-side -963.68 -650.73 -111.93 210.03 1585.44 1606.30 532.60 559.01 25.51 24.62 15.29 18.07 0.13 0.13 0.74 0.75

TB torsion -56.19 -0.03 -23.37 6.10 71.86 67.25 29.33 29.38 4.76 4.90 3.76 4.08 0.04 0.03 0.98 0.99

TT fore-aft -179.75 -29.79 -172.40 -31.45 179.75 85.70 172.40 61.50 12.80 7.84 12.82 6.08 0.07 0.04 0.95 0.98

TT side-side 5.13 -3.19 6.88 -0.21 15.03 17.80 10.84 9.73 5.49 5.20 4.19 3.59 0.03 0.05 0.99 0.98

TT torsion -55.67 -28.95 -23.77 0.94 71.49 69.44 29.84 37.74 4.79 6.10 3.79 4.43 0.04 0.03 0.98 0.99

BR flapwise -118.64 13.84 -102.62 2.17 277.87 290.31 213.62 216.65 5.19 5.54 5.05 3.83 0.06 0.07 0.96 0.95

BR edgewise 125.48 4.87 109.57 11.15 125.48 45.52 109.57 41.44 2.65 0.98 2.37 0.89 0.17 0.06 0.67 0.95

BR torsion -0.88 -0.17 -0.34 -0.13 6.11 6.12 4.88 4.95 10.23 10.36 8.24 7.23 0.21 0.21 0.30 0.32

MS bend x -188.88 12.41 -172.43 11.85 188.88 61.42 172.43 42.01 14.36 7.27 14.26 4.07 0.07 0.03 0.94 0.99

MS bend y 12.16 1.49 10.33 0.04 13.78 13.47 10.96 7.14 5.66 4.19 4.43 2.46 0.03 0.04 0.99 0.99

MS torsion -56.61 -20.64 -24.55 -1.82 70.39 62.93 33.61 36.45 4.98 6.22 4.15 3.49 0.04 0.03 0.98 0.99
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