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Abstract. Leading-edge erosion of wind turbine blades due to hydrometeor impacts is observed across various climate zones.
This study focuses on uncertainties in the assessment of end of incubation (Eol) and erosion-safe operation (ESO) efficiency
using different types of meteorological observations. At the Risg site in Denmark the following data are retrieved: a 19-year-
long time series from a rain gauge and a cup anemometer, up to 3-year long time series from disdrometers and a sonic, and
10-year-long satellite-based product IMERG (Integrated Multi-satellitE Retrievals for Global Precipitation Measurement) and
modeled wind speed from NEWA (New European Wind Atlas). The Spearman coefficient between joint precipitation and
wind speed time series consistently takes positive values across the time series. Three reference turbines are assumed to have
been installed at Rise. An impingement damage model derived from a rain erosion test is used to assess Eol and ESO efficiency.
Key results on the uncertainty in assessing Eol are: 1) a long series is recommended, as Eol from 1-year time series varies by
~170% between the minimum and maximum Eol. Uncertainty in Eol due to the choice of droplet slowdown is ~24% when
comparing an advanced model and the DNV Recommended Practice. Disdrometers estimate longer Eol than rain gauge due
to under catch and missing data. The intuitive perception that similar Eol will occur across all blades of a turbine or within a
wind farm exposed to the same weather is rarely observed in the field. Probabilistic variations in Eol are assessed using Monte
Carlo simulations of the Pareto fronts for weather and materials. It is found that the uncertainty due to the material is larger
than that due to the weather. The combined effect explains why the intuitive perception does not hold for Eol. ESO efficiencies
are assessed from Pareto fronts. A flat Pareto front indicates high ESO efficiency, with only a small amount of AEP lost to
ensure a long Eol extension. High-frequency disdrometer data (1-minute) with good measurement resolution (0.1 mm h')
show flatter Pareto fronts than IMERG data (30-minute, 0.1 mm h™'). Resampling disdrometer data from 1-minute to 30-minute
intervals results in steeper Pareto fronts, as expected, like those of IMERG. Rain gauge observations are inadequate due to
limited measurement resolution (1.2 mm h'). ESO efficiency is affected by the choice of droplet slowdown model, with the
advanced model yielding flatter Pareto fronts. A recommendation is to assess the relevance of Eol from long-term time series

and, in synergy with high-frequency observations, assess ESO efficiency for operational decision making.

1 Introduction
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In 2025, the EU's electricity generation mix showed that 17% was produced by wind turbines (EMBER, 2026). Society is
moving towards the electrification of industries, transport, heating, and data centers. More electricity will be needed for the
transition. A continued growth in the share of electricity from wind energy is expected in Europe (WindEurope, 2025) and
worldwide (GWEC, 2025). Wind energy is a weather-driven energy source, with wind as the alpha and omega for ensuring
electricity production. Weather, however, can bring precipitation that may pose a challenge for wind turbine blades.

Wind turbine blade leading-edge erosion (LEE) is a weather-dependent phenomenon. Turbines with eroded blades experience
a loss in annual energy production (AEP) compared to those with clean blades (Maniaci et al., 2022; Malik and Bak, 2025).
Furthermore, turbine downtime for monitoring erosion status and repairing eroded blades causes AEP loss and increases
operation and maintenance (O and M) costs (Mishnaevsky and Thomsen, 2020; Pryor et al., 2025). An adverse effect of LEE
is microplastic emission, though three orders of magnitude smaller than emission from tires (Mishnaevsky et al., 2024).
Wind turbines operate across a wide range of climatic conditions, characterized by variations in wind speed and precipitation
in both space and time. LEE is primarily driven by the impact of hydrometeors on blades when turbines operate at or near
rated speed. The impact velocity between a rain droplet or hailstone and the leading edge of a blade is a function of the
revolutions per minute (rpm) and the length of the rotor blade, i.e., the tangential velocity. However, the impact velocity
(closing velocity) is smaller than the tangential velocity due to aerodynamic interactions between the droplet field and the
airfoil (Papadakis et al., 2007; Prieto and Karlsson, 2021; Castorrini et al., 2024). The aecrodynamic interaction causes droplet
slowdown as a function of droplet size and airfoil shape (Barfknecht and von Terzi, 2024). Impact efficiency is included in the
recommended practice (RP) by DNV (DNV, 2021).

The DNV PR quantifies the relationship between damage progression from known droplet sizes and impact velocities for a
leading-edge protection (LEP) system, using the whirling arm rain erosion tester (RET) (DNV, 2021). RET data analysis
provides estimates of the time to end of incubation (Eol), i.e., the onset time of visible damage. The LEP systems suitable for
wind turbines exhibit a logarithmic dependence, with greater damage at higher velocities.

RET data from an experiment with four droplet sizes and several rotational speeds, ranging from 90 to 150 m s, formed the
basis of the impingement model by Bech et al. (2022). The impingement model sums up the amount of water (water column)
impacting the blade and integrates cumulative stress using the Palmgren-Miner's summation. At each time step with impinged
water, additional stress is added, and a damage increment is counted (ASTM, 2021). The estimation of blade lifetime for a
wind turbine is based on a time series of concurrent measurements of wind speed and rain rate.

Investigations into the co-variation of rain and wind data at high temporal resolution show rain-wind speed dependencies
impacting the assessment of erosion progression in a variety of environments, including land and sea (e.g., Hasager et al. 2021;
Verma et al., 2021a; Castorrini et al., 2024; Pryor et al., 2025; Visbech et al., 2025). The DNV RP assumes the rain and wind
data are constant and independent of events over time (DNV, 2021). Studies have shown that this assumption yields a shorter
estimate of the time to Eol than using synchronized rain and wind observations, e.g., in the Netherlands (Verma et al., 2021b)

and in the UK (Castorrini et al., 2024; Visbech et al., 2025; Simon et al., 2026).
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Several studies on LEE are based on rain gauge data, e.g., in Ireland, the US, the Netherlands, Spain, and Denmark (Nash et
al., 2021; Pryor et al., 2025; Verma et al., 2021a; Dimitriadou et al., 2024; Hasager et al., 2020), among other countries. In
contrast to rain gauges used by meteorological agencies to monitor precipitation for decades, disdrometers, which observe
drop-size distribution and fall velocities of hydrometeors, are of more recent origin and far fewer in number. The LEE
assessment based on disdrometer data includes land sites in Denmark, the UK, and the US (Hannesdottir et al., 2024a;
Castorrini et al., 2024; Letson and Pryor, 2023) and offshore, coastal, and inland sites in the Netherlands (Caboni et al., 2024;
Caboni and van Dalum, 2025) among other countries.

Rain gauge data often span decades. Examples of LEE studies based on long rain gauge data time series encompassing 50
years (Verma et al., 2021b), 30 years (Nash et al., 2021), up to 28 years (Hasager et al., 2024), and 18 years (Pryor et al., 2025),
while LEE studies based on disdrometer time series often are shorter than 5 years. The advantage of a disdrometer is the high
temporal resolution, while a disadvantage is the lack of long-term data.

A long-term goal is to characterize LEE risk across several climate zones on land and at sea in Europe using standardized,
long-term wind speed and rainfall rate data from selected wind-energy-relevant sites. In contrast to the Contiguous US, which
maintains a nationwide network of local observations of rain rate every 1 minute and wind speed every 5 minutes over 18
years at more than 880 stations (Pryor et al., 2025), Europe lacks similar standardized, granular wind speed and rain data. In
Europe, a standardized precipitation product based on weather station time series observations is E-OBS, available as daily
gridded precipitation amounts at a spatial resolution of 0.1 degrees, not differentiating between liquid (rain) and solid
precipitation (snow and hail), and excluding offshore areas (Cornes et al., 2018).

One option to provide spatial coverage is to use numerical model precipitation results from reanalyses, mesoscale models, or
large eddy simulations. LEE assessment in various countries based on various numerical models and different lengths of time
series includes, e.g., a mesoscale model for Japan for 10 years (Sakai et al., 2026), a mesoscale model for Northern Europe for
8 years (Visbech et al., 2023), reanalysis and mesoscale model for Scandinavia for 5 years (Hannesdéttir et al., 2024a), and
mesoscale model and large eddy simulation for the Netherlands for 10 years and 1 year, respectively (Caboni and Dalum,
2025).

Another option for providing spatial coverage is to use satellite-based precipitation observations from GPM IMERG. GPM
stands for the Global Precipitation Measurement satellite mission, and IMERG stands for Integrated Multi-satellitE Retrievals
for GPM (Huffmann et al., 2023). The IMERG product has been widely validated and is considered one of the most reliable
global satellite precipitation datasets, particularly for capturing large-scale spatial patterns, seasonal cycles, and extremes
(Pradhan et al., 2022). The Final Run product gauge adjustment monthly (GPCC, 2026) generally shows the highest accuracy,
reducing systematic bias compared with earlier runs, though performance varies regionally, with challenges over complex
terrain, in arid regions, in high latitudes, and in snowfall-dominated areas (Yu et al., 2022; Wang et al., 2022). The gauge
adjustment is monthly (NCAR Staft, 2026). Evaluations across continents, including China, the Tibetan Plateau, and the US,
show strong agreement with gauge data at daily and monthly scales. However, light precipitation and fine-scale retrievals

remain less accurate. Overall, IMERG is suitable for hydrological, climatological, and environmental applications when

3
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regional limitations are taken into account (Pradhan et al., 2022; Gao et al., 2025). The IMERG precipitation estimates can be
separated into probabilistic contributions from liquid and solid hydrometeors, reflecting the likelihood of each precipitation
type.

The accuracy of IMERG has been evaluated for parts of Europe. A comparison study between E-OBS and higher-temporal-
resolution data sources shows that IMERG correlates better with E-OBS than other satellite-based products in the
Mediterranean Region (Retalis et al., 2022). A comparison study by Varga and Breuer (2023) between E-OBS and other
datasets covering south-east Central Europe shows that IMERG correlates better with E-OBS than the ERAS reanalysis
(Hersbach et al., 2020) and the Weather Research and Forecasting (WRF) mesoscale model (Skamarock et al., 2019).
Precipitation observations at three coastal sites in Belgium showed a higher correlation with IMERG than with ERAS5 and
NORA3 (Ivanova, 2025). NORA3 is the Norwegian reanalysis (Haakenstad et al., 2021; Solbrekke et al., 2021).

The Eol has been estimated using IMERG rainfall and local observations of rainfall and wind in Denmark, Norway, Germany,
and Portugal (Badger et al., 2022). IMERG and local precipitation observations in Navarra, Spain, have been compared and
used in combination with wind speed from the New European Wind Atlas (NEWA) (NEWA, 2026) to estimate Eol
(Dimitriadou et al., 2024; Dimitriadou and Hasager, 2026). Eol has been investigated using IMERG rainfall over the British
Isles and surrounding seas, collocated with NEWA wind speeds (Visbech et al., 2025).

Convective precipitation over Europe, quantified from IMERG and other sources for a 10-year climatology, shows that up to
10% of total annual precipitation is convective over land, while up to 40% is convective over sea. Convective precipitation
prevails primarily during summer in continental Europe and the coastal North Sea, Baltic Sea, and northern Adriatic Sea, while
during winter in southern Europe and the Mediterranean Sea. Convective precipitation is defined as a precipitation rate > 10
mm h’!, and lightning flashes occur within a 20-km distance. Convective precipitation is typically short-lived, and high-
temporal-resolution meteorological data are needed to quantify these events.

Heavy rain combined with high winds results in many heavy droplets impacting blades at high impact velocity over short time
intervals, leading to erosion. The total period of such conditions may vary from a few hours to several days per year, depending
on site and weather variability, e.g., 56 hours in the Southern Great Plains contributes around half of the time to Eol (Pryor
and Barthelmie, 2025), and in the Dutch North Sea, around 30% of yearly damage in just over 12 hours (Caboni et al., 2024).
The hypothesis that erosion-safe operation (ESO), which involves applying wind turbine control to reduce the impact velocity
of hydrometeors during intense rain events, could reduce LEE with limited loss of annual energy production (AEP) was
proposed by Bech et al. (2018). Further studies include the economic perspective of ESO, including spot market electricity
costs (Skrzypinski et al., 2020), cost of capital expenditures and repair (Letson and Pryor, 2023), average electricity costs
(Pryor and Barthelmie, 2026), postponement of repair needs using ESO optimized with reinforcement learning at wind farm
scale (Visbech et al., 2024), aecrodynamic consideration of ESO (Castorrini et al., 2024), and the site suitability of ESO
characterized by the long-term site-specific rainfall and wind speed data (Visbech et al., 2025). Erosion-safe operation
efficiency quantifies the relationship between the expected extended lifetime for expected AEP loss values. For short-lived

rain events during high winds, curtailing the turbines only during the short events limits AEP losses compared to using, e.g.,

4
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30-minute intervals. The implementation of ESO at wind farms is expected to rely on minute-scale rainfall data to avoid
unnecessary AEP losses (Tilg et al., 2020). Barfknecht et al. (2024) investigated ESO at sites in the Netherlands using weather
radar for now casting.

The objective of the current study is to investigate the uncertainty in erosion risk assessment of Eol and ESO efficiency across
different meteorological data types. This work lays the foundation for a future goal of mapping erosion risk across Europe to
support decision-making in the wind industry.

The structure of the paper comprises the presentation of the site and data in Section 2, the method for assessing Eol and ESO

efficiency in Section 3, followed by the results, discussion, and conclusion in Sections 4, 5, and 6, respectively.

2 Data and methods

2.1 Study area and meteorological observations

The study covers the DTU Risg campus in Denmark, located on the Roskilde Fjord. The geographical coordinates are latitude

55,694°N, and longitude 12,088°E, elevation 0 m. The study area is indicated in Fig. 1. An overview of the data sources is
listed in Table 1.
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Figure 1. Location of the DTU Riso campus study site. Map layer credit: OpenStreetMap https://www.openstreetmap.org.

Table 1. Overview of meteorological data sources used in the analysis.

Parameter Source Temporal resolution | Spatial resolution | Observation height | Length of period
(minutes) (km) (m) (years)
Cup anemometer 10 Point 125 19
Wind speed Sonic 1 Point 60 3
NEWA 30 3 50, 75, 100, 150 10
Rain gauge 10 Point 0 19
Parsivel? 1 Point 0 3
Precipitation rate | Parsivel® top 1 Point 123 2
Thies 1 Point 0 2
IMERG 30 11 0 10
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Precipitation data from a heated tipping-bucket rain gauge (RIMCO) with 0.2 mm per 10 min (1.2 mm h™') resolution during
recent decades at the Risg site are available. Precipitation data stored at 10-minute resolution is selected. The rain gauge is
located at the base of the tall meteorological mast at Risg. Precipitation observed from two disdrometers of type Parsivel®
Laser Present Weather Sensor (OTT Instruments) during recent years at Risg site with 0.1 mm h! resolution and stored at 1-
minute temporal resolution is selected. The Parsivel® installed near the rain gauge is subsequently called Parsivel® while the
other installed at the top of the tall meteorological mast at a height of 123 m is subsequently called Parsivel® top (Mishnaevsky
etal., 2021). Precipitation observed from a disdrometer of type Thies Laser Precipitation-Monitor (Thies Klima) (subsequently
called Thies) is located near the rain gauge and Parsivel?. Precipitation data observed at 0.1 mm h™!' resolution, stored at 1-

minute resolution, is selected. Fig. 2 shows the precipitation sensors at the ground and the met mast.

Figure 2. Photos from left Parsivel? and Thies, rain gauge, and meteorological mast at Rise site.

Wind speed observations from cup anemometers (Riseg P2546A, WindSensor Aps, Denmark) mounted on 6m-long booms at
225 degrees at several heights and at the top of the tall meteorological mast are available over recent decades. The cup
anemometers were calibrated in a wind tunnel prior to operation. Wind speeds at 125m height at the top of the mast, stored at
10-minute resolution, are selected for the period 2002 to 2025. A shorter series from 2012 to 2025 from 118m height is also
selected. Wind speed observations from sonic anemometers (Metek USA) mounted on 6m-long booms at several heights on
the mast are available over recent decades. Wind speeds at 60m height, stored at 1-minute resolution, are selected. The time
series is filtered, retaining high-quality data.

Observations of wind speed and precipitation rate from a cup anemometer at 125m and a rain gauge over 19 years are collocated
at 10-minute resolution. In the absence of missing data, there would be ~998640 collocated samples, whereas the data show
~952100 samples, i.e., 95% availability.

The data availability of collocated observations at 1-minute resolution from sonic and disdrometers is shown in Fig. 3. In the
case of no missing data for one year, the number of samples is ~525600. Sonic data have high availability, while disdrometer

data availability varies. To compare erosion risk assessments across all three disdrometers, our selection includes years with

7
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more than 400,000 samples (75% availability). Only 2021 fulfils the criteria for three disdrometers. Additional analysis based

on Parsivel?® and sonic data provides a three-year time series covering 2020, 2021, and 2023.

600000 - [ Parsivel? Parsivel? top Thies  EEE Sonic

500000 -

400000 A

300000 ~

200000 A

Number of samples (-)

100000 -

0

2020 2021 2022 2023
Year

Figure 3. Number of samples from three disdrometers: Parsivel? and Thies on the ground near the meteorological mast, and Parsivel?
top located at a height of 123 m on the mast. Sonic data are observed at a height of 60 m. The dashed line indicates the data selection

threshold.
2.2 IMERG

The Global Precipitation Measurement Integrated Multi-satellite Retrievals (GPM IMERG) dataset provides global, gridded
precipitation estimates at a spatial resolution of 0.1° and a temporal resolution of 30 minutes. These estimates are derived from
an integrated constellation of passive microwave and infrared satellite sensors, including observations from the GPM Core
Observatory and partner satellites, enabling near-global coverage and an improved representation of precipitation variability
(Huffman et al., 2020, 2023).

The IMERG retrieval algorithms and input datasets are continuously refined as additional observations, improved calibration
techniques, and enhanced retrieval methodologies become available. In this study, we employ the IMERG Final Run
precipitation product (Version 07), which incorporates these advancements and applies a monthly gauge-based bias correction
using quality-controlled in situ rain-gauge observations. Owing to its improved accuracy and stability, the Final Run Version
07 product is recommended for research applications and is therefore used in our analysis (Huffman et al., 2020, 2023).

This study used the IMERG V07 precipitation, precipitationQualityIndex field for the years 2014-2023, extracted for the Risg
site location. The precipitation field provides calibrated precipitation estimates derived from combined infrared and microwave
satellite observations. To ensure sufficient data quality, precipitation samples with a precipitationQualityIndex below 0.4 were
excluded (Huffman et al., 2020). The time series at the Riso site showed near-zero data with low quality. Data availability is

100%.
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2.3 NEWA

The New European Wind Atlas (NEWA) provides high-resolution, openly accessible wind resource data across Europe,
designed to support wind energy planning and research (NEWA, 2026). It combines advanced atmospheric modeling with
extensive measurement campaigns to deliver detailed maps of wind speed, turbulence, and other key parameters at multiple
heights. By improving the accuracy of wind assessments, especially in complex terrain and offshore environments, NEWA
helps reduce uncertainty and risk in wind farm development (Dérenkdmper et al., 2020). Hereby, we extracted NEWA wind
speed data for the Risg site at the heights of 50, 75, 100, and 150 m for the years 2014-2023. Interpolation using the logarithmic
wind profile is applied to calculate the wind speed at hub height.

3 Methods
3.1 End of Incubation (Eol)

The impingement damage model by Bech et al. (2022) is selected to assess Eol. Impingement of water on the blade at a given
timestep causes stress on the blade, and a damage increment is counted. Using Palmgren-Miner's summation, the cumulative
stress is integrated over the period. When the cumulative stress reaches 1, the Eol is reached. It is assumed that the blade will
be repaired at this time, and a new cycle will begin.

The precipitation rates observed from rain gauges, disdrometers, and IMERG are assumed to follow the droplet size distribution
and droplet fall velocity as given by Best (1950). In the damage model calculation, the weighted effect of droplets across the
full size spectrum is used, following Madsen et al. (2026).

The impact speed of droplets on the leading edge is influenced by aerodynamic effects, which slow the droplets before impact.
The slowdown is a function of droplet sizes and airfoil. The DNV Recommended Practice (DNV, 2021) suggests applying
impingement efficiency as a function of hydrometeor diameter only. A more comprehensive aerodynamic slowdown model
incorporates airfoil characteristics to provide a more detailed estimate of the energy impact (Barfknecht and von Terzi, 2024).
Smaller droplets have impact efficiencies below 1. The non-linearity arising from variations in impact velocity during the rotor
sweep of the blades is also included, accounting for the small increases in velocity that lead to exponential increases in erosion.
The sensitivity analysis of the uncertainty in the assessment of Eol related to using one 'representative’ year versus longer

consecutive time periods is investigated using 19-year time series observations.

3.2 ESO efficiency (Pareto front)
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The efficiency of ESO (ESO.p) is defined as the extension in damage accumulation (4D) relative to the AEP loss (44EP o)

defined as
AD

ESO, = —
/T~ AAEP,

ey

For normal operation, the turbine operates in all weather conditions. For ESO, curtailing the turbine during heavy rain events
reduces damage. The optimal ESO depends on the weather, material, and turbine tip-speed curve. The method for assessing
ESO efficiency, based on a continuous range of optimal strategies along the Pareto front, was developed by Madsen et al.
(2026). A Pareto front represents the set of solutions for which no solution outperforms any other solution in the set. The set
of solutions along the Pareto front provides an option for selecting the preferred balance between damage and AEP loss.
Variability in precipitation rate, wind speed, and material impacts the ESO efficiency results.

A Monte Carlo-based approach for deriving probabilistic Pareto fronts was developed by Madsen et al. (2026). The method
enables uncertainty analysis for weather and materials around the Pareto front. If only the uncertainty due to weather is
assessed, the wind speed and precipitation rate data are randomly selected from a longer time series, based on one year of data.
At the same time, the material properties are used deterministically. Alternatively, the uncertainty due to material is assessed
by keeping the weather data deterministic and randomly selecting material properties. The total uncertainty from weather and
materials is assessed using a Monte Carlo simulation, with weather and material data sampled randomly. It may be noted that
variability in Eol is also seen for normal operation. In other words, not all blades at one turbine or all turbines within a wind

farm will experience the same damage level in the given environment.

3.3 Turbine types

The turbine tip speed curve, hub-height, rotor diameter and the blade airfoil are relevant parameters. Three reference turbines,
NREL 5MW (Jonkman et al., 2009), DTU 10 MW (Bak et al., 2013), and IEA 15 MW (Gaertner et al., 2020) are used in the

study. Table 2 lists selected details.

Table 2. Wind turbines specifications.

Turbine Hub height | Rotor | Cut-in | Rated | Cut-out | Max. | Max. tip speed
m | m |ms)|msH| ms) | @m)| (ms)

NREL 5 MW 90 126 3 11.4 25 12.1 80

DTU 10 MW 119 178.3 4 114 25 9.6 90

IEA 15 MW 150 240 3 10.6 25 7.56 95

10
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The logarithmic wind profile assuming neutral conditions is applied to calculate wind speeds () at turbine hub height (%) from

observation height (%,s5). The roughness length (zy) is assumed to be 0.5 m.

w(h) = uhyp,) - 1:'(5)

ez

2

4 Results
4.1 Weather conditions

The average annual precipitation, average annual wind speed, and their covariation, calculated using Spearman correlations
and trendlines, are presented for the 19-year cup anemometer and rain gauge time series in Fig. 4. The time series spans from
2002 to 2025, with a gap from 2007 to 2012. A positive Spearman coefficient is observed, ranging from 0.025 to over 0.1. The
trendline shows an increase driven by higher precipitation in later years.

Results based on NEWA and IMERG for 10 years from 2014 to 2023 are shown in Fig. 5. The Spearman correlation is positive
for all years, ranging from 0.05 to more than 0.15. A positive trend in the Spearman coefficient is observed in this shorter time
series.

Weather conditions observed by sonic and three disdrometers from 2020 to 2023, and calculated Spearman correlations show
positive Spearman correlations ranging from 0.1 to more than 0.15 in Fig. 6.

Rain gauge data shows variations from ~400 to ~1000 mm yr!. IMERG shows from ~400 to ~800 mm yr"'. Disdrometers
show from ~350 to 600 mm yr'!. The result indicates under catch in disdrometers, though 25% of missing data partly explains
differences. Examining the accuracy of each sensor type is beyond our scope. High-quality sensor data is collected. Our focus

is on uncertainties in the assessment of Eol and ESO efficiency based on available time series.

11
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4.2 End of Incubation (Eol)

Eol is assessed based on the assumption that three reference turbines were located at Rise during the weather conditions shown
in Fig. 4. Eol assessment is based on a 19-year time series of rain gauge and cup anemometer observations at 10-minute
temporal resolution.

Examining the impact on Eol for three reference turbines is based on the droplet slowdown impact efficiency, evaluated using
two methods (DNV, 2021; Barfknecht and von Terzi, 2024). The latter is a more comprehensive method than recommended
by DNV. Results are summarized in Table 3. Longer lifetimes (~24% increase) are observed with the advanced droplet
slowdown model. The choice of droplet slowdown method adds uncertainty in Eol assessment.

The turbine type with higher maximum tip speed (IEA 15 MW) shows shorter Eol than turbines with lower maximum tip
speeds. For NREL 5 MW, Eol is far beyond 25 years while for DTU 10 MW ~50% of 25 years. The IEA 15 MW turbine has

an Eol far below 25 years and is thus the focus of our following assessment.

Table 3. End of incubation using two impact efficiency methods for three turbines based on 19 years of cup anemometer and rain

gauge observations at Rise, DTU.

Impact efficiency method | DNV (2021) | Barfknecht and von Terzi (2024)
Turbine End of incubation (years)

NREL 5 MW 39.1 47.6

DTU 10 MW 12.5 15.6

IEA 15 MW 5.5 6.8

Eol results are presented for the IEA 15 MW turbine using the droplet slowdown method following Barfknecht and von Terzi
(2024). The available weather data sources are used jointly with rain gauge and cup anemometer, disdrometer and sonic, and
IMERG and NEWA. Note only the precipitation sources are mentioned in the following. Results from rain gauge show a
decrease in Eol for 19 years (Fig. 7a) and from IMERG a decrease in Eol for 10 years (Fig. 7b). Results from disdrometer are
shown in Fig. 7c.

The range of Eol values in Fig. 7 is summarized in Table 4, which shows the minimum, mean, median, and maximum Eol for
each available data set. The variability in Eol between years and data sources is high. It is noted that the longer the time series,
the larger the span from minimum to maximum Eol. Mean Eol is 7.5 years for rain gauge, 5.7 years for IMERG, 9.1 years for
Parsivel?, 12.8 years for Parsivel® top, and 7.1 years for Thies. The data source and length of the time series add uncertainty to

the assessment of Eol.
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Figure 7. End of incubation and trendline predicted for a 15 MW turbine based on a) cup anemometer and rain gauge, b) NEWA

330 and IMERG, and c) sonic and three disdrometers observations at Rise, DTU.
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Table 4. End of incubation for IEA 15 MW turbine based on weather data covering Rise, DTU.

Source Period End of incubation (years)

(years) | Min | Median | Mean | Max

Rain gauge and cup anemometer 19 4.5 7.0 7.5 | 12.3

IMERG and NEWA 10 4.5 5.3 5.7 8.8
Parsivel® and sonic 3 7.2 9.8 9.1 | 104
Parsivel® top and sonic 2 12.2 12.8 12.8 | 13.4
Thies and sonic 2 6.9 7.2 7.19 | 7.6

Interannual variations in Eol persist across all data sources. This fact raises the question of uncertainty in the assessment of
Eol using a short or long time series. The results from the sensitivity analysis on the uncertainty on the assessment of Eol
related to using one ‘representative’ year versus longer consecutive time periods using the 19-year data source are shown in
Fig. 8. The variability in Eol varies from 4.5 years to 12.3 years using only one year of data, ~170% differences. The span of
years in the 25- to 75-percentiles is 5.8 to 8.6 years, a ~50% difference. For a 10-year time series, uncertainty is considerably
reduced compared to a 1-year time series. The minimum and maximum range from 6.1 to 7.5 years (~23% difference), while
the 25th and 75th percentiles are 6.4 and 7.2 years (12% difference). The median of Eol varies slightly across years, even for

time series longer than 10 years.

End of Incubation (Years)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Length of timeseries (Years)

Figure 8. Sensitivity analysis on end of incubation using length of time series from 1 to 19 years for a 15 MW turbine, based on rain

gauge and cup anemometer observations at Rise, DTU, of Eol median, minimum, maximum, 25th and 75th percentiles.
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Considering the effect of temporal resolution, data sources are resampled to a lower temporal resolution to compare Eol across
lower-resolution data. In 2020, 2021, and 2023, three data sources (Parsivel?, rain gauge, IMERG) are available, and the Eol
results for 1-, 5-, 10-, 30-, and 60-minute are listed in Table 5. The results indicate decreasing Eol with lower temporal
resolution for the disdrometer and a modest reduction for IMERG, while the rain gauge shows inconsistent results.

Results on Eol for one year, 2021, separating between five data sources (Parsivel?, Parsivel® top, Thies, rain gauge, IMERG)
are presented in Table 6. Eol decreases for lower temporal resolution for Parsivel?, Parsivel® top and IMERG while Thies show
an increase and rain gauge is inconsistent. Eol using resampled data shows variations from ~0 to 10%, but no systematic

behavior. The under catch in disdrometers leads to longer Eol for all disdrometers compared to rain gauge and IMERG.

Table 5. End of incubation from 1-minute (Parsivel?> and sonic), 10-minute (rain gauge and cup anemometer), 30-minute IMERG

and NEWA), and all observations resampled to lower temporal resolution for the period 2020, 2021, and 2023 at Rise, DTU.

Data source End of incubation at different temporal resolutions (years)
Imin 5 min 10 min 30 min 60 min
Parsivel? and sonic anemometer 8 4 78 77 77 77
Rain gauge and cup anemometer NA NA 54 53 54
IMERG and NEWA NA NA NA 4.9 48

Table 6. End of incubation from 1-minute (disdrometers and sonic), 10-minute (rain gauge and cup anemometer), 30-minute

(IMERG and NEWA), and all observations resampled to lower temporal resolution for the period 2021 at Rise, DTU.

Data source End of incubation at different resolutions
1 min 5 min 10 min 30 min 60 min
Parsivel® and sonic
9.8 9.7 9.5 9.6 9.6
anemometer
Parsivel® top and sonic
12.2 12.0 11.7 11.9 11.8
anemometer
Thies and sonic anemometer 76 79 79 81 83
Rain gauge and cup
NA NA 6.66 6.73 6.63
anemometer
IMERG and NEWA NA NA NA 5.42 5.7

4.3 Erosion safe operation efficiency (Pareto front)
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The relevance of applying ESO for a given turbine at a specific site depends upon a range of parameters. Preferably, a multi-
year time series on precipitation and wind speed is acquired to assess the overall potential.

Firstly, ESO efficiency is assessed similarly to the initial assessment of Eol, using three reference turbines based on a 19-year
time series of rain gauge and cup anemometer observations at a 10-minute temporal resolution, and accounting for the impact
of two droplet slowdown methods (DNV, 2021; Barfknecht and von Terzi, 2024). ESO efficiency is shown in Fig. 9.

For an AEP loss of 0% corresponding to normal operation, i.e., without a curtailment strategy to extend blade lifetime, the Eol
values in Fig. 9 and Table 3 correspond. If the turbines are operated such that AEP is reduced by 0.4% during the most
damaging 10-minute periods, the Eol for the NREL 5 MW is extended to ~150 and ~170 years, for methods based on DNV
(2021) and Barfknecht and von Terzi (2024), respectively. The advanced droplet slowdown model shows a flatter curve than
the DNV method. The flatter Pareto front corresponds to higher ESO efficiency, i.e., the damage is reduced for a relatively
lower AEP loss. Applying the droplet slowdown model (Barfknecht and von Terzi, 2024) increases the benefit of ESO
compared to the DNV method (DNV, 2021). The advanced droplet-impact efficiency is expected to represent damage
progression better than the DNV method. The steeper Pareto front for the IEA 15 MW turbine than for the other two turbines

shows that a large AEP loss is needed to reduce damage.

0.0 —— Barfknecht and von Terzi (2024) - —@— IEA 15MW
DNV (2021) —e— DTU 10MW
—e— NREL 5MW

Relative AEP loss [%]

-
-
-
-
-

0 200 400 600 200 1000
Absolute end-of-incubation [Years]

Figure 9. Erosion safe operation efficiency Pareto front showing relative AEP loss and absolute Eol for three reference turbines for

the DNV and droplet slowdown methods based on 19 years of rain gauge and cup anemometer observations at Rise, DTU.

Next, ESO efficiency uncertainty is examined further for an IEA 15 MW turbine, and the advanced droplet slowdown method
is selected (in all subsequent assessments). Results from a 19-year series are used and plotted in Fig. 10. In contrast to Fig. 9,
not only is Eol given, but also the uncertainty from Monte Carlo simulations, yielding a range of Pareto fronts. The Pareto

front in Fig. 9 for the IEA 15 MW turbine using the advanced droplet slowdown does not exactly match the Eol values in Fig.

19



390

395

https://doi.org/10.5194/wes-2026-136 WIND

~
Preprint. Discussion started: 7 August 2026 ENERGY
(© Author(s) 2026. CC BY 4.0 License. e we \ scl EN%E

® european academy of wind energy
m

10 due to the probabilistic method. The probabilistic method samples equal to one year of weather data (Fig. 10) while the
time series method uses all 19 years of samples (Fig. 9).

In Fig. 10, the distributions broaden with increasing AEP loss. The weather distribution is narrower than the material
distribution. The results of minimum, median, mean, and maximum Eol for AEP loss of 0.2% are listed in Table 7. The total
uncertainty in Eol, summing the contributions from weather and materials, yields a median Eol of 9.9 years. Median Eol is
smaller than mean Eol (10.2 years), due to a skewed distribution with maximum Eol (~ 20 years) and minimum Eol (~ 4
years). Interestingly, the uncertainty due to weather ranges from ~8 to ~10 years, while the uncertainty due to material ranges

from ~4 to 20 years.
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Figure 10. Erosion safe operation efficiency Pareto fronts uncertainty for a) weather, b) material, and c) total combined, for IEA 15

MW turbine based on rain gauge and cup anemometer observations for 19 years at Rise, DTU.

20



400

405

410

415

420

https://doi.org/10.5194/wes-2026-136 WIND
Preprint. Discussion started: 7 August 2026

~
© Author(s) 2026. CC BY 4.0 License. e we \ EZ:EEIT\I%YE

Table 7. Erosion safe operation efficiency listing end of incubation uncertainty in the form of minimum, median, mean, and
maximum for weather, material, and total combined, for IEA 15 MW turbine based on rain gauge and cup anemometer observations

for normal operation (AEP loss 0%) and curtailment (AEP loss 0.2%) at Rise, DTU.

Causes | AEP loss End of incubation (years)

(%) Min | Median | Mean | Max

Weather 0 3.8 4.2 43 4.8
0.2 8.0 9.2 92 | 104

Material 0 1.9 4.2 4.4 9.3
0.2 4.1 9.1 9.4 | 202

Total 0 1.9 4.7 4.7 9.4
0.2 4.1 9.9 102 | 204

ESO efficiency Pareto fronts are shown for three years (2020, 2021, and 2023) based on Parsivel?, rain gauge, and IMERG in
Fig. 11. The positive bias of Eol based on Parsivel? due to ~25% missing data is noted. For an AEP loss of 0% Parsivel? shows
Eol 8.4 years, the rain gauge 5.4 years, and IMERG 4.9 years in Fig. 11 (values are listed in Table 6).

The steepest Pareto front is found for the lowest temporal resolution data (IMERG), and the flattest Pareto front for the highest
temporal resolution data (Parsivel?) (Fig. 11). The steepness is expected to increase with lower temporal resolution, as the
short-lived, highly damaging events are less accurately observed in lower temporal resolution observations. The Pareto front
based on the rain gauge lies between the two others at AEP loss 0 to 0.6% but has a much flatter curve than the Parsivel?. The
flatter curve is unexpected. The Pareto front curve intersects the Parsivel? Pareto front at AEP loss 0.6%. The flatness and
intersection may be explained by the resolution of observations from rain gauge 1.2 mm h!, which is more than a factor of 10
lower than those from the Parsivel? and IMERG (0.1 mm h!). The rain gauge overestimates ESO efficiency because it misses
observations below 0.2 mm per 10 min, as the tip only triggers when this amount of water is collected. In contrast, the Parsivel®
and IMERG have finer measurement resolution.

To assess the sensitivity of ESO efficiency to temporal-resolution resampling, data are resampled. The Parsivel? and sonic
time series at 1-minute frequency are resampled to 10- and 30-minute values for three years (2020, 2021, and 2023). The rain
gauge and cup anemometer time series at 10-minute frequency are resampled to 30-minute values. The Eol results for the
original and resampled time series are shown in Fig. 11. ESO efficiency decreases with lower temporal resolution, as expected.
ESO efficiency results based upon resampled Parsivel® data approach the steepness of IMERG Pareto front, though the latter
is slightly steeper. ESO efficiency results based on resampled rain gauge data show flatter curves than resampled Parsivel?
data. The flatter curve based on the rain gauge is probably due to the rain gauge's lower measurement resolution compared to

the Parsivel? and IMERG.
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Figure 11. Erosion safe operation efficiency Pareto fronts showing relative AEP loss and absolute end of incubation for IEA 15 MW
turbine based on rain gauge and cup anemometer, Parsivel® and sonic, and IMERG and NEWA original and resampled observations

for three years at Rise, DTU.

The total uncertainties for the three types of observations, calculated using Monte Carlo simulation, are shown in Fig. 12 and
Table 8. Fig. 12 shows a larger spread in Eol based on the Parsivel® than on the rain gauge, and the smallest spread in Eol for
IMERG at AEP loss 0%. However, for AEP losses larger than ~0.6%, the spread in Eol for the rain gauge is greater than that
for the Parsivel®. Rain gauge data overestimates ESO efficiency. The rain gauge result is not trustworthy because the rain
gauge does not capture all details.

In contrast, IMERG underestimates ESO efficiency due to its lower temporal resolution relative to the Parsivel®. The results
in Table 8 show that for an AEP loss of 0%, median Eol values are consistently lower than the mean Eol across all data types,
and the difference between the minimum and maximum is largest for the Parsivel?, smallest for IMERG, and intermediate for
the rain gauge. The difference between the minimum and maximum Eol for AEP loss 0.4% is larger for the rain gauge than
the Parsivel? and IMERG and grows rapidly for larger AEP loss (Fig. 12).

The challenges in assessing ESO efficiency depend on accurately characterizing the joint distribution of precipitation and
wind. The Parsivel® performs better than the rain gauge and IMERG to observe short-lived precipitation. However, for reliable
assessment of Eol, under-catch and missing data pose a problem. For the assessment of ESO efficiency, under catch and
missing data pose less of a problem, while the advantages of temporal resolution and high measurement resolution are

important.
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Figure 12. Erosion safe operation efficiency Pareto fronts showing total uncertainty for IEA 15 MW turbine based on a) Parsivel*

and sonic, b) rain gauge and cup anemometer, ¢c) IMERG and NEWA for three years at Riso, DTU.
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Table 8. Erosion safe operation efficiency listing end of incubation uncertainty in the form of minimum, median, mean, and
maximum for IEA 15 MW turbine on Parsivel’ and sonic, rain gauge and cup anemometer, and IMERG and NEWA for normal

operation (AEP loss 0%) and curtailment (AEP losses of 0.2% and 0.4%) at Rise, DTU.

Sources AEP loss End of incubation (years)
(%) Min | Median | Mean | Max
0 2.2 3.8 4.3 8.2
Parsivel? and sonic 0.2 3.6 6.3 7.1 13.8
0.4 4.9 8.6 9.7 | 18.9
0 1.8 32 3.5 6.7

Rain gauge and cup anemometer 0.2 33 6.1 6.7 13.0
0.4 52 9.8 10.8 | 21.2

0 1.5 2.6 2.9 5.6
IMERG and NEWA 0.2 2.2 3.9 4.3 8.4
0.4 2.7 5.0 55 | 108

The ESO efficiency uncertainty, based on three disdrometers observed over one year (2021), is presented in Fig. 13. The total
uncertainty is lowest under normal operating conditions and increases with increasing AEP loss. For normal operation with
AEP loss 0%, Eol for Parsivel® is 9.8 years, Parsivel® top 12.2 years, and Thies 7.6 years (Fig. 13 and Fig. 7c). Parsivel? and
Thies show curves of similar steepness and spread in Pareto fronts. In contrast, the Parsivel® top shows a flatter Pareto front

and greater uncertainty than the two ground-based disdrometers (Fig. 13).
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Figure 13. Erosion safe operation efficiency Pareto fronts showing end of incubation total uncertainty for IEA 15 MW turbine based

on disdrometer and sonic for a) Parsivel?, b) Parsivel® top, ¢) Thies observations for one year at Rise, DTU.

5 Discussion

5.1 Weather conditions
The study is based on observations of precipitation rate, i.e., the sum of liquid and solid precipitation. Disdrometer and IMERG
observations separate liquid and solid precipitation types. For IMERG, it is the likelihood for liquid and solid precipitation

(Xiong et al., 2022). The rain gauge provides only the precipitation rate, and for consistency, the precipitation rate is selected
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from the disdrometer and IMERG in the current study. The amount of solid precipitation in Denmark is low. Results based on
IMERG for Risg shows 97.8% liquid and 2.2% solid precipitation for 10 years. Most of the solid precipitation in Denmark is
snowfall. In other climates, solid precipitation is frequent, with implications for the assessment of Eol, e.g., Navarra, Spain
(Dimitriadou and Hasager, 2026) and hail in the US (Pryor and Barthelmie, 2026). In case of hail, LEE is severe compared to
rain droplets of similar diameter. This study focuses on uncertainties in Eol and ESO efficiency while ignoring the potential
effect of hail on LEE at the Risg site.

The variability in collocated data of two long-tailed distributions, the Weibull distribution of wind speeds and the Gamma
distribution of precipitation rates, requires many years of observations to characterize the joint distribution for the high-end
tail of both parameters. Heavy precipitation during high-wind events causes significant damage. In the current study, the joint
distribution varies from year to year, quantified by the Spearman coefficient. The Spearman coefficient is consistently positive
across all data sources and years and shows an increasing trend in the data sets spanning 10 and 19 years. The increase in the
Spearman coefficient in later years is driven by rising precipitation at the Risg site, which aligns well with climate trends in
Denmark, showing an increase in annual average precipitation during recent decades (DMI, 2025).

Advantages of rain gauge observations are long series, >25 years (Nash et al., 2021; Verma et al., 2021a; Verma et al., 2021b)
and limited data loss. In our case, missing data is ~5% for 19 years. Limitations of rain gauge observations are a low
measurement resolution (1.2 mm h') in the current data set and without classification of liquid and solid precipitation. Rain,
snow and hail impact blades differently though not considered in the current study.

In contrast to rain gauge, disdrometer are short series and suffer from missing data. In our study ~25% missing data and under-
catching precipitation. The Parsivel® at the ground at a sheltered location and Parsivel? top at a windy location show the latter
to observe less precipitation (resulting in longer Eol). A study in the Netherlands showed disdrometer data to suffer from under
catch and missing data (Caboni et al., 2024). Advantages of disdrometer are high temporal resolution (1 minute) and high
measurement resolution (0.1 mm h'). Additionally, precipitation types and droplet size distribution (DSD) are recorded by
disdrometer though not used in the current study.

Research on Eol using DSD at offshore, coastal, and inland stations in the Netherlands show that many small droplets are
observed. However, droplets with diameters smaller than 0.8 mm contribute very little to erosion progression compared with
larger droplets (Caboni et al., 2024). Caboni et al. (2024) conclude that DSD is secondary for the assessment of Eol and suggest
rain gauge and radar measurements. Campobasso et al. (2026) report that Eol, identified with rain rate and calculated mass-
weighted droplet diameter based on Best (1950), correlates better with rain rate than the disdrometer-measured DSD mass-
weighted diameter.

An assessment of Eol using three types of disdrometers in the US showed variation in Eol from 15 to 27 years (Letson and
Pryor, 2023), based on the Springer damage model (Springer, 1976) and droplet-size distribution, counting the number of
droplets (Marshall and Palmer, 1948). According to Castorrini et al. (2024), Eol using the Springer model showed shorter
lifetimes than rain-erosion test-based damage models, and the latter performed better compared to damage observed in turbine

blades operating in the UK, based on disdrometer and rain-gauge data. Sanchez et al. (2026) compared the Springer model and
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the rain erosion test-based damage model for a wind farm in Denmark and found the latter to better correspond to the damage
observed in the field. Hannesdottir et al. (2024b) tested Eol sensitivity to DSD and function from Best (1950) and found
variations in Eol using an impingement model. In summary, research indicates DSD does not per se improve assessment of
Eol compared to using rain rate and a model function for DSD. Noting that the Springer model uses the number of impacts, it
may be preferable to ensure an accurate number of droplets. In contrast, the impingement model uses the volume of water; it
may be preferable to ensure an accurate amount of water when selecting the DSD model function.

Advantages of IMERG observations are long time series, high measurement resolution (0.1 mm h™"), classification of liquid
and solid precipitation based on a likelihood estimator, and limited missing data, in our case ~0%, but missing data (or low
data quality) varies by location. The key difference between IMERG and local observations is the spatial extent, covering 11
km grid cells, and precipitation variations within a grid cell. Limitations of IMERG are temporal resolution of 30 minutes not
capturing short lived peaks, e.g., during convective precipitation fully. The accuracy of IMERG within Europe was assessed
by researchers and found to outperform numerical model (Retalis et al., 2022; Ivanova, 2025). IMERG has been used for Eol
assessment with good results compared to local observations (Badger et al., 2022; Dimitriadou et al., 2024; Dimitriadou and
Hasager, 2026).

Wind speed observations from cup anemometer, sonic and NEWA are selected for good quality data and with few missing
data for cup anemometer and sonic. For NEWA model results no missing values but general uncertainty on model results
would exist. Risg is a flat location presumably with winds modelled well. It is considered beyond scope in the current study to
investigate wind speeds in detail. Appendix A includes an example on vertical extrapolation of wind speed observed at the

meteorological mast and the effect on Eol and ESO Pareto fronts.
5.2 Uncertainties for assessment of the end of incubation

A major source of uncertainty in the assessment of Eol is the length of the time series. The uncertainty in Eol when using one
year out of 19 years results in ~170% differences between the shortest and longest Eol (4.5 years to 12.3 years) for the IEA 15
MW turbine example at the Risg site. For a 10-year time series, there is a ~23% difference between the minimum and maximum
Eol and a ~12% difference in Eol in the 25- to 75-percentile range. The result on uncertainty in Eol is comparable to findings
for three sites in the US, varying the time series length from 1 to 17 years (Pryor et al., 2025), and for sites in Northern Europe,
varying the time series length from 1 to 16 years (Hasager et al., 2021). Pryor et al. (2025) identified more than 100% variation
between the minimum and maximum Eol for assessments based on one- and two-year periods compared to the long-term Eol
value. Bartolomé and Teuwen (2021) found that annual values of erosive variables exhibited high standard deviations from
one year to the next, based on 25 years of data in the Netherlands. Caboni et al. (2024) suggest using longer-term rain-gauge

and radar measurements for Eol assessment rather than short-term data from disdrometers.
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In case a ‘representative’ year or short period needs to be selected to assess Eol, it is suggested to assess the Eol from a long
time series and next identify a ‘representative’ period aligning with the mean or median Eol to ensure the joint wind and
precipitation distribution represents the longer-term joint distribution.

Assuming constant weather conditions as in the DNV RP versus time-series synchronized distribution has been found to causes
70% overestimation of Eol at a site in the UK (Castorrini et al., 2024), 90% overestimation in the UK (Visbech et al., 2025),
and above 200% overestimation at two sites in the UK (Simon et al., 2026).

Another large uncertainty for assessment of Eol stems from the droplet impact efficiency model used. Based on the DNV RP
method, Eol is 5.5 years, while the comprehensive method by Barfknecht and von Terzi (2024) yields Eol of 6.8 years for the
IEA 15 MW turbine, using 19 years of observations. The difference is ~24%. Castorrini et al. 2024 identified up to a 12%
longer Eol period, including aerodynamic effects on droplet impingement, thereby enabling an assessment of smaller droplets
being deflected from the airfoil at a site in the UK.

Comparing Eol from rain gauge and IMERG for a 10-year concurrent period shows rain gauges at ~7 years and IMERG at ~5
years (difference ~30%). IMERG shows slightly less precipitation than rain gauge observations. The difference may be due to
either higher co-variations in precipitation and wind speeds for IMERG (Spearman coefficient ~0.1) than rain gauge (~0.05),
or 150 m NEWA wind speeds higher than wind speeds extrapolated to 150 m from 10-minute wind speeds observed at 125 m
(not tested), or a combination. IMERG has much better measurement resolution than rain gauge, however, IMERG covers an
area while the rain gauge is local point.

Eol assessed based on two similar disdrometers, one mounted at ground level (Parsivel?) and one at a height of 123 m (Parsivel®
top) shows, respectively, ~10 years and ~12 years (~20% difference). At the top, wind-induced drop diversion might occur to
a greater degree than at the base, causing under catch, hence longer Eol. There might also be variability in the DSD at the two
heights, e.g., DSD with smaller droplets at higher height than observed at the ground

Eol assessed based on two types of disdrometers mounted at ground level (Parsivel? and Thies), shows, respectively, ~10 years
and ~8 years (~20% difference). Thies has more missing data than Parsivel’>. However, Thies measured more precipitation and
showed higher Spearman coefficient than Parsivel®, suggesting Thies observed more precipitation during windy conditions
than Parsivel®. This may explain the shorter Eol based on Thies.

Monte Carlo simulations provide uncertainty estimates for Eol depending on weather, materials, and the combined effect.
Interestingly, uncertainty due to weather was lower than that for the material at the investigated site. The results on variability
in Eol explain the otherwise counterintuitive fact that the erosion levels among three blades of a turbine may differ.

In summary, Eol assessment is recommended to be based on a long time series with few missing data.

5.3 Uncertainties in assessment of erosion safe operation efficiency
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A long series of precipitation and wind speed is needed to assess Eol, hence the overall relevance of ESO. Observations at the
Risg site indicate Eol for the NREL 5 MW turbine is ~48 years, for the DTU 10 MW turbine is ~16 years, and for the IEA 15
MW turbine is ~7 years. ESO would not make sense for NREL 5 MW with Eol far beyond 25 years.

Eol is used as a proxy for the decision on curtailment and assessment of ESO efficiency. Eol is a very mild form of damage in
which repair is not relevant, but aerodynamic performance degrades (Maniaci et al., 2025; Forsting et al., 2026). Erosion
damage beyond Eol is relevant for the decision on repair (Mishnaevsky, 2019; Visbech et al., 2023). Rain erosion testing
reports Eol but not damage levels beyond. The IEA 15 MW turbine has an Eol far below 25 years and is thus the focus of our
investigation on ESO efficiency.

The modeling presented herein is based on a clean power curve, i.e., no change in power curve due to erosion. AEP loss due
to rough blades could be refined, e.g., as in Campobasso et al. (2026), using a moderate- and severe-leading-edge-erosion state
of the power curve. The effect of using power curves for eroded blades is most pronounced at low wind speeds, leading to
relatively higher AEP losses.

The temporal resolution of meteorological data profoundly influences the assessment of ESO efficiency. The steepness of the
Pareto front varies greatly across 1- to 30-minute temporal resolutions (Fig. 12). Resampling Parsivel® data to 30-minute values
yields Pareto front steepness like IMERG, as expected. A study on ESO efficiency across different temporal resolutions found
that the effectiveness of ESO increases with higher frequency, especially for sites with rapid variations in rainfall rate
(Campobasso et al., 2026). Letson and Pryor (2023) investigated the percentage of curtailment time and the extended Eol
period at 1- and 10-minute intervals and found that a few hours per year are cost-effective in the US. Letson and Pryor (2023)
conclude that high temporal resolution is needed, as many severe events are short-lived. A newly established database linking
disdrometer observations from all continents could be valuable for assessing ESO efficiency across various climates (Ghiggi
et al., 2026).

The steepness of the ESO efficiency Pareto front based on rain gauge data starts between the disdrometer and IMERG from 0
to 0.2% AEP loss but then flattens and intersects the disdrometer Pareto front. Averaging rain gauge data to 30 minutes yields
a steeper curve; however, it is flatter than the other 30-minute curves. The behavior of the Pareto front based on the rain gauge
time series, which does not follow the other two Pareto fronts' curves, is likely due to the very different measurement resolution.
Disdrometer and IMERG measure precipitation rate with a resolution of 0.1 mm h-!, while the rain gauge resolution is 1.2 mm
h! — a difference of more than one order of magnitude in measurement resolution between data types. The low measurement
resolution of the rain gauge biases the Pareto front toward a too flat curve, i.e., overly optimistic values. It is concluded that
disdrometer data are needed to assess ESO efficiency, whereas long-term data (e.g., rain gauges or IMERG) are needed to
assess Eol.

Sites with few, short-lived, highly erosive weather events are more favorable for ESO than sites characterized by many long-
lived, erosive weather events, resulting in small damage increments (Hasager et al., 2021; Pryor et al., 2025).

The meteorological variables of interest for ESO are, first, a long-term data set demonstrating the relevance of ESO, and

second, high-frequency data with sufficient measurement resolution to assess ESO efficiency.
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Uncertainties due to probabilistic variability in weather, material, and combined uncertainty are quantified for a 19-year time
series from the rain gauge and show larger uncertainty due to material than weather (Fig. 10). In case a decision is taken that
50% of blades in a wind farm should have Eol longer than ~10 years, an AEP loss of 0.2% would be needed. Some blades
would have Eol ~4 years, and others Eol ~20 years (Table 7). As mentioned above, rain-gauge-based ESO efficiency is likely
to overestimate the actual efficiency. Comparing ESO efficiency using the disdrometer, rain gauge, and IMERG over three
years indicates that the rain gauge yields overly optimistic results; for example, for a 0.4% AEP loss, the disdrometer shows a
median Eol of 8.6 years, while the rain gauge shows 9.8 years. IMERG shows 5.0 years. IMERG corresponds to a steeper
Pareto front that underestimates ESO efficiency in case short-lived events with high damage increments prevail. Based on the
disdrometer results, it is concluded that disdrometer data are needed at the Risg site to characterize the joint distribution of
wind and precipitation and assess ESO efficiency.

Examining ESO efficiency across three disdrometers reveals substantial variation among them. Parsivel’ and Thies show
Pareto front curves with similar steepness and variability, while Parsivel? top shows flatter Pareto fronts and larger variability
between minimum and maximum Eol.

It is relevant to account for droplet slowdown when assessing ESO efficiency. The advanced droplet slowdown model
(Barfknecht and von Terzi, 2024) provides flatter curves than the DNV RP method.

The cost-effectiveness of ESO depends on electricity prices (Letson and Pryor, 2023; Skrzypinski et al., 2020). Bechmann and
Quick (2025) showed that spot price data from the Nord Pool power exchange are negatively correlated with wind speed data
at a site in Eastern Denmark. Risg is in the Nord Pool area. Between 2000 and 2023, the spot price decreased as wind speed
increased. In contrast, the spot price increased for lower wind speeds in the same period. The high penetration of wind energy
in Denmark causes a negative correlation between production prices and price volatility. It is necessary to balance the loss of
income due to ESO-caused AEP loss against expenses related to blade repair and inspection downtime, AEP loss from
operating turbines with eroded blades, as well as

the cost of precipitation sensors that provide reliable meteorological observations for the ESO strategy.

Hail is not investigated in the current study. In the US, Pryor and Barthelmie (2026) provide maps of days with hail on the US
mainland based on radar data, showing that turbines in the Southern Great Plains could apply an ESO of ~80 hours, extending
the Eol from 9.8 years to 14.8 years. The curtailment would be for the most erosive rain and hail events, with hail contributing
between 25% and 38% of the accumulated damage. In some regions of Europe, hail prevails, according to Punge and Kunz
(2016), and further investigation is relevant to assess Eol and ESO efficiencies for rain and hail contributions.

Studies in other climates, further analysis of meteorological data quality, the importance of hail, examination of VN curves,
and inclusion of damage progression beyond Eol would be relevant future fields of investigation. Furthermore, the economic

aspects of ESO are suggested for future analysis.
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6 Conclusion

The current study aims to quantify uncertainties related to assessment of Eol and ESO efficiency based on different types of
meteorological observations. Five time series of joint precipitation and wind speed distributions at the Risg site in Denmark
form base for the study.

The 10-minute temporal-resolution observations from the rain gauge and cup anemometer, spanning 19 years with ~5%
missing data, are used to assess the uncertainty of shorter or longer time series for Eol. Eol results show high uncertainty for
short time series, with differences of up to 170% between the minimum and maximum Eol values based on one year of data.
Using a 10-year time series, the uncertainty in Eol is ~12% between the 25" and 75" percentiles. Median Eol is consistently
shorter than the mean Eol due to a skewed distribution, with long Eol most pronounced in the short time series. Short Eol
corresponds to much damage caused by heavy precipitation during high winds, while long Eol corresponds to little damage
from limited precipitation in high winds. The Spearman coefficient for the joint wind speed and precipitation observations
consistently takes positive values across all years and time series. Uncertainty in Eol due to the choice of droplet slowdown is
~24% when comparing an advanced model and the DNV RP.

IMERG satellite-based precipitation from 10 years combined with NEWA wind speeds, with 30-minute temporal resolution
and ~0% missing data, provide Eol shorter than rain gauge, ~30% difference. IMERG and NEWA show higher Spearman
coefficient than rain gauge and cup anemometer, which may explain the shorter Eol for IMERG.

High-frequency observations of precipitation from three disdrometers and wind speed from sonic anemometers at 1-minute
temporal resolution, with ~25% missing data and short time series (1 to 3 years), are analyzed. Missing data and under catch
of the disdrometer compared to the rain gauge and IMERG result in a positively biased Eol. Eol varies among the three
disdrometers, ~20% difference.

Probabilistic variations in Eol are assessed across the five time-series by using Monte Carlo simulation calculating Pareto
fronts. For normal operation, the turbines are not curtailed due to heavy precipitation. Eol varies for rain gauge from ~2 to ~7
years, for IMERG from ~2 to ~6 years, and for disdrometer from ~2 to ~8 years, based on three years of observations.
Uncertainty due to material is larger than that due to weather, which may in part explain the good correspondence in Eol results
across the different meteorological data types. The results support the field observation that damage levels may vary greatly
between blades within a turbine and across a wind farm.

ESO efficiency is affected by the choice of droplet slowdown model, with the advanced model yielding flatter Pareto fronts.
A flat Pareto front indicates high ESO efficiency, with only a small amount of AEP lost to ensure a long Eol extension. High-
frequency data show flatter Pareto fronts than lower resolution data. Resampling disdrometer data from 1-minute to 30-minute
intervals results in steeper Pareto fronts, as expected, similar to those of IMERG.

An unexpected finding is the flat Pareto front curve from the rain gauge, which crosses the disdrometer curve at 0.6% AEP

loss. If taken at face value, it means very high ESO efficiency. However, a critical assessment of measurement qualities among
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rain gauge, disdrometer, and IMERG shows that the rain gauge, with a 1.2 mm h™' measurement resolution, fails to capture
precipitation details. Disdrometer and IMERG have a measurement resolution of 0.1 mm h™'. The two disdrometers observing
at the ground show similar steepness of Pareto fronts and variation. In contrast, the top-mounted disdrometer at 123 m shows
a flatter curve and a larger spread, most likely due to under catch and/or a droplet-size distribution with smaller droplets than

those observed at the ground.

Key take aways:

Long-term rain gauge and IMERG observations are suitable for assessing Eol, whereas disdrometer observations, which are
prone to under catch, missing data, and short time series, are inadequate. Ten or more years are recommended for Eol
assessment, and an advanced droplet slowdown model is recommended.

ESO efficiency is assessed in greater detail using disdrometer observations than with IMERG. Rain gauge observations are
inadequate due to limited measurement resolution. Disdrometer observations show flatter Pareto fronts, indicating greater
benefit from ESO, with lower AEP loss and a longer Eol extension than IMERG.

The synergy between long-term series and high-frequency observations is as follows: Long-term observations provide Eol and
probabilistic variability, which jointly enable the ESO design criteria. Is ESO relevant at all? How many turbines need Eol

extension, and for how long? High-frequency observations provide answers to ESO efficiency and operational conditions.

Appendix A

The uncertainty on Eol and ESO efficiency from wind speed extrapolation is tested based on cup anemometer wind speeds
observed at 118 m and 125 m for 14 years (2012 to 2025) and extrapolated to 119 m combined with concurrent rain gauge
data. Fig. A1 shows the yearly wind speeds and Eol for DTU 10 MW turbine. Fig. A2 shows Pareto fronts. In summary, Eol
is 15.5 years using 118m wind speed data (assuming 118 m hub height), 14.4 years for 125m wind speed data (assuming 125
m hub height) and 14.7 years for extrapolated wind speeds from 125 m to 119 m (assuming 119 m hub height).
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