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Abstract: Rain erosion on wind turbine blades raises considerable interest in wind energy industry
and research, and the definition of accurate erosion prediction systems can facilitate a rapid develop-
ment of solutions for blade protection. We propose here the application of a novel methodology able
to integrate a multibody aeroelastic simulation of the whole wind turbine, based on engineering mod-
els, with high-fidelity simulations of aerodynamics and particle transport and with semi-empirical
models for the prediction of the damage incubation time. This methodology is applied to generate a
parametric map of the blade regions potentially affected by erosion in terms of the fatigue life of the
coating surface. This map can represent an important reference for the evaluation of the sustainability
of maintenance, control and mitigation interventions.
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1. Introduction

The concern about climate change is pushing countries all over the world to transform
energy production processes from fossil-fuel-based to renewable-source-based. The COP26
meeting held in Glasgow (UK), November 2021 [1], reaffirmed the goal fixed in the Paris
Agreement [2] of holding the increase in the global average temperature under 2 °C above
pre-industrial levels and pursuing efforts to limit the temperature increase to 1.5 °C above
pre-industrial levels. This requires a quick response by the governments trying to reduce
CO2 emissions by 45% by 2030 relative to the 2010 levels and to net zero by 2050. To reach
the goal, about 37 Gt/yr of CO2 should be cut by 2050. According to the International
Renewable Energy Agency [3], this can be achieved, beside other measures, through a
strong increase in renewable electricity production, with solar and wind energies being
the leaders of such a transformation because they are the most convenient technologies
and those with the greatest development potential. By 2030, the world onshore installed
capacity should reach about 3000 GW (4 times that of 2020) and the offshore one about
380 GW (11 times that of 2020). This implies a big effort to increase not only the number of
installed wind turbines but also their rotor diameter, and these are exactly the directions
that manufacturers and wind farm managers have been following for some time. In fact,
in recent years, there has been a strong increase in wind energy installed power: in 2000,
the world installed capacity was about 18 GW, and in 2019, it was more than 650 GW
and 840 GW in 2021, with 59 GW installed in 2019, 92.7 GW in 2020 and 97.3 GW in
2021 [4]. At the same time, as reported in the open literature (i.e., [5–8]), wind turbine
sizes are continuously growing (10 MW offshore wind turbines have been available on the
market since 2019, having about a 165 m rotor diameter). This leads to tip speeds larger
than 100 m/s. Such a high velocity increases rain-, hailstone- and sand-related erosion
issues, leading to a fast deterioration of the blades. Focusing the attention on rain erosion,
it is clear that if not properly treated, this phenomenon can provoke losses of annual
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energy production (typically between 1 and 5% [9]) and blade damages, with consequent
maintenance and replacement costs. Dalili et al. [10] and Rempel [11] reported that, in
some wind farms, severe leading edge erosion signs were found after just two to three
years of operations. In 2016, all the 273 blades of the Horns Rev 2 offshore wind farm
were refurbished after less than seven years of operations due to severe erosion [12]. In
2018, just after five years of operation, unexpected blade repair due to severe erosion was
performed on 140 of the 175 wind turbines in the London Array wind farm. The same was
done in the Anholt (Denmark) wind farm, with 87 wind turbines removed out of 111 [13].
Possible solutions to this problem include the maintenance and repair of damage [14],
the use of shielding [13] or the control of the turbine in such a way as to limit its speed
during intense events (an erosion-safe operational mode) [15]. Each of these interventions
is associated with a direct cost related to the operation and materials and an indirect cost
related to periods of downtime or operation at reduced efficiency of the power plant. The
planning of the best strategy that a wind farm operator can apply, minimizing the revenue
losses associated with the rain erosion of the blades, requires an in-depth knowledge of
the phenomenon and its impact on the machines. The present research aims at developing
a methodology for predicting the time that a blade can operate under realistic weather
conditions before erosion starts.

Many studies of WT blade erosion appeared in the last years, confirming a growing
interest in the wind energy sector on this issue. Topics of interest include: the coating
response to impinging droplets [12,16], the effect of wind speed, droplet size and density on
the erosion of wind turbine sections with computational methods [17] and experiments in
whirling arm or water-jet facilities (e.g., [18]). These results improve the understanding of
rain erosion mechanisms on blade-coating materials, and they constitute a solid background
for the definition and validation of empirical methods for erosion computation. In particular,
we can identify from the literature two classes of methods for the prediction of the erosion
incubation. A first group is based on semi-empirical models, such as the one proposed
by Springer [19], which provides a formula to evaluate the number of impacts of erosion
incubation. The second group of methods involves the computation of the stress induced by
the individual impact of droplets of different sizes, using it to estimate the fatigue damage
in the coating material, e.g., by using the Palmgren–Miner’s rule [20]. It is possible to find a
comprehensive review of these methods in [21].

Focusing on numerical methods, the authors’ research group carried out an extensive
activity devoted to the development of methods to predict the erosion of wind turbine
blades that fits into this fast-moving context. The work presented in [22] defined an
approach to evaluate the severity of rain erosion damage in multi-MW wind turbines,
based on the water-hammer pressure exerted during rain droplet impacts. In [23], the mass
and thickness of the material removed from a wind turbine blade due to rain erosion was
computed using CFD and particle cloud tracking methods developed by the authors. In [24],
an algorithm for performing CFD simulations of long-time erosion processes accounting for
the geometry modification of the blade was presented, defining appropriate scale factors to
simulate years of operating conditions. In the latest works ([25,26]), a numerical prediction
tool coupling CFD simulations with a machine learning approach was defined to predict
rain erosion damage on a blade profile. This research represents a first and unique example
of merging between rain erosion models, computational fluid and particles dynamics and
wind turbine simulation over a full range of realistic operating conditions.

In this paper, we present the application of the technology defined in [26] to carry out
a systematic study on the prediction of the erosion incubation period over the surface of a
5MW wind turbine blade, defining the methodology to obtain the measure and build up a
comprehensive surface map to use along with the statistics of rain and wind associated to a
given installation site. The paper is then structured as follows. The first section describes the
methodology in terms of (i) the extension of the original model of [26] in order to measure
the erosion incubation period and (ii) the verification and tuning of Springer’s erosion
model using rain erosion test data. The second section presents the particular application
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in the study and the wind turbine blade model and installation site characteristics. Finally,
Section 3 presents the results in terms of the damage incubation map over the set of the
sample blade sections and its application to obtain the blade surface erosion resistance after
a year of operation at the site, with the rain and wind characteristics defined in Section 2.3.
Some remarks close the paper.

2. Materials and Methods

The basis for the methodology and the model adopted in this study has been given
in [25,26]. In this work, we propose a further extension and specialization to create a map
of the erosion incubation time on the blade surface (i.e., the time until the coating material
breaks). In Section 2.1, we summarize the main algorithm defined for the study and the
details of the new models used to extend the original formulation. Section 2.2 reports
a validation study of the method along with the tuning of the erosion model based on
whirling arm experiments. The sample application used to demonstrate the technology is
described in Section 2.3.

2.1. Methodology

The objective of the proposed methodology is the following: given a wind turbine
blade and an installation site, to draw up an accurate map of the areas of the blade that
could be affected by rain erosion and the time needed before removal of the material from
the blade occurs (i.e., the incubation period).

We start by defining a way to quantify the vulnerability of the blade-coating material
to droplet erosion. We rely on classical models of erosion by liquid particles (e.g., [19]), in
which three regimes of interaction between material and impacting particles are usually
identified. The first regime is called incubation, where the energy of the impinging droplets
is absorbed by the coating without removal of material. After the repetition of a certain
number of impact cycles, the material is brought to fatigue failure; at this point, the material
removal regime begins, which is generally characterized by a constant erosion rate (i.e., the
volume of removed material increases linearly with the number of impacts). After a second
threshold of impact cycles, the removal rate decreases, following a different linear trend
at a lower slope. Springer’s model [19] is one of the most widely used erosion models for
predicting rain erosion on wind turbines. This model predicts that, given specific material
and droplet impact characteristics (in terms of size, angle and impact velocity), it is possible
to obtain by an empirical correlation the value of the number of incubation impacts per
unit area (np)thr, i.e., the number of impacts per squared meter (1/m2) of that droplet class
necessary to start erosion of the material:

(np)thr =
1

App
a1

(Se f f

σ0

)a2

(1)

where App is the projected area of the droplet, Se f f is a reference stress depending on the
coating strength, σ0 is a reference stress relative to the impacting droplets and a1, a2 are
empirical constants [19].

Measuring in a given time T, the number of impacts per unit area for a given class i,
characterized by drops of the same size and speed (ni), we can obtain the incubation time
by reverting the fatigue damage formula ni/(np)thr = 1/T. In this work, we will use hours
as time units.

Nevertheless, it should be noted that for wind turbine blades operating under real
conditions, even assuming the same material for the entire blade surface, impact events
will be various and dependent on: geometrical factors (position of the impact point on the
aerodynamic surface), climatic factors (variability of the mean wind profile and turbulence,
variability of droplet size and concentration, variability of rain intensity) and machine
operational factors (blade pitch and rotation speed, control laws, elasticity, azimuthal
position, yaw, floating platform motion, etc.). In the present contribution, we follow
Palmgren–Miner’s criterion, identifying the incubation period as the time at which the
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sum of all terms ni/(np)thr for every class of impact i affecting the material at a given point
gives 1. Following this reasoning, let x be a point on the blade surface, assuming a reference
period for measuring impacts ni of 1 h, we obtain the map of the incubation period in hours
on the surface of the blade via the formula:

Tthr(x) =

(
Ni

∑
i=1

ni(x)
(np)thr(x)

)−1

(2)

At this point the challenge is to realistically model all Ni possible impact conditions
in terms of ni and (np)thr for any point on the surface, taking into account the previously
mentioned variability factors. The solution paradigm to this problem follows what was
already defined and demonstrated in [25,26].

First, the airfoils representing the sections of the blade aerodynamic surface are iden-
tified. Then, for a given airfoil and for a given flow of nTOT drops per unit surface, a
metamodel is generated to define the function:

{np, Vp, θ} = F (s, α, Re, dp) (3)

where s is a curvilinear abscissa identifying a point along the airfoil line, starting from
the trailing edge on the suction side and ending at the trailing edge on the pressure side
(see Figure 1). α is the aerodynamic angle of attack and Re the Reynolds number of the
relative flow, dp the diameter of the spherical particles carried by the relative flow, np
the number of impacts per unit target area, θ and Vp the angle and velocity of impact
of the particles at point s. As reported in detail in [25,26], the F function is obtained
through the application of a machine learning algorithm trained on a database of CFD and
particle-tracking simulations of the same airfoil, performed for a wide range of angles of
attack, Reynolds numbers and particle sizes. The airfoils define the blade sections taken
at a discrete set of radial locations along the span. For each section, the airfoil is scaled by
the local chord length and rotated by the local twist angle, both given by the definition of
the blade surface design. By using this transformation, it is possible to pass from the local
curvilinear point s of the airfoil to the corresponding point x on the 3D blade. It follows
that the span-wise resolution of the method directly depends on the number of sections
used to discretize the blade. By doing so, we are able to obtain the distribution of impact
variables needed to define ni and (np)thr.

Figure 1. Definition of airfoil curvilinear coordinate s.

The method implies to discretize the blade into slices with 2D symmetry (blade ele-
ments) but also being able to provide the F function with the aerodynamic conditions and
particle flux of the relative current associated with each slice. This is possible, for example,
by using engineering codes that simulate the whole machine by modeling aerodynamics
using the blade element theory, the elasticity of the main mechanical components with
one-dimensional models, then taking into account the rigid motions of all the elements
of the system subject to loads and control laws. In this work, we use openfast [27] for the
wind turbine simulation, from which it is possible to extract the instantaneous relative
velocity for each blade element involved in our analysis. With this tool, it is possible to take
into account the variability related to the operational factors of the machine.

The wind variability will be considered by setting up a set of openfast simulations
in which the machine operates under wind inflows with fixed average velocity, a vertical
velocity profile and velocity fluctuations in space and time associated to the turbulence.
The wind, for each mean velocity condition, is generated with turbsim [28], applying the
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power law with exponent 1/7 for the vertical velocity profile and the Kaimal model for the
stochastic generation of the fluctuations. The simulation time is selected to ensure sufficient
convergence of the load and wind averages, in particular, each simulation will be run for
10 min, while the result is recorded every 0.1 s, for a total of Nt records. The number of
simulations performed for a blade is given by a set of NV mean wind speeds V, which
defines the range of the operating velocity of the machine Vcut−in < V < Vcut−out with
interval ∆V of 1 m/s. This automatically defines a matrix of Nv × Nt conditions simulated
for each blade element.

It remains to properly model the variability of the rain. We decided to do this through
the rain flow intensity parameter Rh, measuring the amount of rain (in mm) falling in
one square meter in an hour. Dense literature can be found to also define the statistical
correlation between rain flow intensity and droplet size [29]. We adopt the description
given by [30], based on the model defined in [31]. Considering this model, we can apply the
following probability density function fh to account for the droplet diameter dp variability
for a given average Rh of the rain events in the site:

fh(dp, Rh) = 17.67d0.67
p

2.25
dp

(
dp

1.3R0.232
h

)2.25

exp

−( dp

1.3R0.232
h

)2.25
; (4)

We then define a set of simulations where the rain intensity VRF varies (5, 10, 15 and
20 mm/h). In all the simulations, we set a maximum size of the droplets of 3 mm, because
the droplet size could fall far from the bounds of training database, but also because for
diameters greater than 3 mm, the particle shape is not anymore spherical ([32]), and its
probability to split into smaller drops increases. Figure 2 reports the probability density
function of the raindrop sizes for the selected cases, calculated according to [30].

We aim to present a result that is as general as possible. Because there is no precise
relationship between wind speed and rainflow, and because this relationship can be deter-
mined by means of measurements and site analyses, we will generate erosion incubation
maps that are specific to a given average wind speed (taken over the operating range) and to
a given rainflow rate. The matrix of maps obtained for all velocity and rainflow conditions
under consideration can then be used via the principle of superposition (Equation (3) is a
sum of terms) once the wind and rainflow statistics and correlations for a specific site have
been established. An example will be presented in Section 3.

Finally, we can define the generic map of the hours required to initiate erosion on
the points x of the surface of a wind blade hit by rain of intensity Rh at a given average
operating speed of the machine as:

T(V,Rh)
thr (x) =

 Nt

∑
t=1

∫ max(dp)

min(dp)

FACTnp

1
π(φ/2)2 a1

( Se f f
σ0(Vp ,θ)

)a2
dφ


−1

(5)

Let us note how for each record t of the dynamic simulation at average speed V, and for
each possible diameter of the drops dp, a particular impact pattern is defined, being np,
Vp, θ and thus σ0, dependent on the value measured at t of α, Re and dp, by the function
F . It remains to define the scale factor that returns the number of impacting droplets ni,
from the one resulting from the function F , i.e., np, which is normalized and relative to
the number of particles simulated in the training database nTOT , to the number actually
impacting at t. In particular, we define the scale factor for this application as:

FACT =
fh(dp)nR

nTOT

TR
TSIM

1
Nt

(6)

where nR is the total amount of droplets per unit surface fallen in the reference time period
TR = 1 h, nTOT is the total amount of droplet injected in the database particle-tracking
simulations and TSIM = Ntsteps∆t∗.
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Figure 2. Probability density function of the raindrop sizes varying Rh.

2.2. Erosion Model Tuning

In order to verify and tune Springer’s model [19], here adopted for predicting erosion
on blade sections, we refer to the experiments reported in [18]. In that work, O’Carroll et al.
measured the incubation period of a set of specimens made of different polymeric materials
used in wind blade construction, exposed to the impacts of liquid droplets. From [18], we
select the polymethyl methacrylate (PMMA)-based materials, both extruded (PMMA-E)
and cast (PMMA-C); their characteristics are reported in Table 1. All these characteristics
are reported in [18]. Values of Poisson’s ratio for the tested materials are not shown in the
reference study; thus, in the tuning procedure we performed to calibrate the Springer’s
model constants, we also included this quantity to be calibrated with the constraint to
keep it within the range found in the literature and available on the market (see Table 1
for references). Because the experiments in [18] are performed in an accelerated erosion
test bench, it is important to convert the results (expressed in minutes) into real time. To
do this, knowing the equivalent rainfall rate of the tests (25.0 mm/h), the specimen size
(27.0 × 27.0 mm), the average droplet diameters (2.0 mm), the impact velocity (135.0 m/s)
and the incubation time for each material, we could compute the amount of water hitting
a specimen during the incubation period, and therefore the number of droplets per unit
surface. This quantity was then used to tune the erosion model.

The incubation period measured for the tested materials is reported in Table 2, together
with the respective values of Poisson’s ratio and a2 (Springer’s model constant) provided by
the optimization procedure. By using such values for the respective materials, Springer’s
model can be tuned and then used to compute the incubation period of any droplet size
class. Then, as explained in Section 2.1, the Palmgren–Miner’s rule allows to predict the
incubation period in any kind of application, rain size and intensity.

Table 1. Main characteristics of the materials tested in [18].

Property PMMA-C PMMA-E

Density (kg/m3) 1222.7 1212.6
Elastic modulus (GPa) 5.10 4.28

Poisson’s ratio * (-) 0.33–0.41 0.33–0.41
Ultimate tensile strength

(MPa) 78.0 70.5

Speed of sound (m/s) 2774 2727
* Sources: [33–41].
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Table 2. Experimental incubation period and corresponding Poisson’s ratio and a2 values obtained
for the materials tested in [18].

Value PMMA-C PMMA-E

Incubation period (min) 16 4
Poisson’s ratio (-) 0.41 0.36

a2 5.683 5.668

2.3. Test Case

The blade chosen for the test case is that of the 5MW baseline wind turbine defined by
the National Renewable Energy Laboratory (NREL) [42]. Table 3 reports the blade elements
data in terms of airfoils, chord and twist, identifying also the blade elements used in this
study for the generation of the erosion incubation results. In particular, we select 6 sections
in the outboard portion of the blade (from 70% of its span to the last section before the
blade tip). Figure 3 shows a view of the blade surface, identifying the sections used in this
test, the blade surface interested in the generation of the erosion incubation map and the
shape of the airfoil defining these sections.

Table 3. NREL 5MW blade sections and identification of the section IDs for the erosion analysis.

Blade Span (%) Twist (◦) Chord (m) Airfoil Sect. ID

0.00 13.31 3.54 cylinder -
2.22 13.31 3.54 cylinder -
6.67 13.31 3.85 cylinder -
11.11 13.31 4.17 cylinder -
16.67 13.31 4.56 DU99W405 -
23.33 11.48 4.65 DU99W350 -
30.00 10.16 4.46 DU99W350 -
36.67 9.01 4.25 DU97W300 -
43.33 7.80 4.01 DU91W250 -
50.00 6.54 3.75 DU91W250 -
56.67 5.36 3.50 DU93W210 -
63.33 4.19 3.26 DU93W210 -
70.00 3.13 3.01 NACA64618 1
76.67 2.32 2.76 NACA64618 2
83.33 1.53 2.52 NACA64618 3
88.89 0.86 2.31 NACA64618 4
93.33 0.37 2.09 NACA64618 5
97.78 0.11 1.42 NACA64618 6

100.00 0.11 1.42 NACA64618 -

Sect. 1

Sect. 2

Sect. 3

Sect. 4

Sect. 5

Sect. 6

NACA64618
NACA64618

Figure 3. Blade surface, target areas and sections.

The erosion incubation maps can be combined with annual statistics of wind velocity
and rain intensity for a given site of interest in order to obtain a site-specific prediction of
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the incubation time. According to Verma et al. [43], we can define a probability density
function for the rain intensity based on the log-normal distribution:

fRh(Rh) =
1√

2πσ2
exp

[
− (ln (Rh)− µ)2

2σ2

]
, (7)

where we assume µ = 1.0 mm/h and σ = 0.2 mm/h.
The Weibull distribution is often used to characterize the probability density function

of the wind velocity as it provides a good fit with measured wind data. Therefore, we can
define the wind velocity PDF as

fV(V) =
k
c

(
V
c

)k−1
exp

[
−
(

V
c

)k
]

, (8)

where we will assume a shape factor k = 2 and a scale factor c = 9. Figure 4 shows
the probability density functions selected to characterize the wind and rain intensity at
installation site.

0 5 10 15 20 25 30

Rh (mm/h)

0

0.2

0.4

f R
h

(m
m

/h
)�

1

0 5 10 15 20 25 30

V (m/s)

0

0.05

0.1

f V
(m

/s
)�

1

Figure 4. Probability density functions for hourly rain intensity (top) and wind velocity (bottom).

Then, similarly to what was proposed in [43] and according to Equation (2), we can
obtain the incubation period in hours, for any given point x on the blade surface, using the
following integration:

Tthr(x) =

 ∞

∑
i

∞

∑
j

ni(x, V(i), R(j)
h )

(np)thr(x, V(i), R(j)
h )

fRh(R(j)
h ) fV(V(i))∆Rh∆V

−1

(9)

where, in this sample application, ∆V = 1 m/s and ∆Rh = 5 mm/h.

3. Results

This section reports the results and the discussion, first, about the erosion incubation
damage maps generated for the blade sections and materials selected in Section 2.1 and,
last, about the result of the application of this map to integrate the total incubation period
estimated for a given installation site. The results will be presented in terms of the variation
of the variable ni/(np)thr and Tthr, along the airfoil normalized coordinate s defined as in
Figure 1.
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3.1. Erosion Damage Incubation Maps

Figure 5 reports a view of the variation of the damage fraction np/(np)thr per hour
along the airfoil coordinate s.

It is immediately evident from Figure 5a that, according to this model, the material
that offers the lowest resistance to erosion is PMMA-E, which is then taken as the reference
for the other analyses of the fixed material. Figure 5b shows that erosion would start from
section 5 (containing the maximum value), which is located at 93.33% of the blade span
and has a chord of 2.09 m. This result was expected as section 5 has the second highest
relative velocity in the set of the selected section, but section 6 (the section at the blade tip)
has half of the chord length; therefore, it offers half of the surface to the rain flow, reducing
the number of possible impacts with respect to section 5. This result is in line with a former
3D analysis of rain erosion damage made by the authors [23].

Fixing the section and material to the worst case in terms of erosion resistance, it is
possible to continue the discussion investigating the influence of mean wind velocity (the
wind turbine working condition) and rain flow rate on the distribution of the variables
np/(np)thr over the airfoil shape (Figure 5c and Figure 6, respectively). Figure 5c shows
an obvious result as the damage fraction np/(np)thr (the inverse of the incubation period)
increases with the rain flow rate, because a higher rain flow rate means a higher droplet
concentration. However, the scale up is not linear because higher flow rates correspond
to different droplet size distributions which in turn affect the particle dynamics. A much
more interesting view is given by Figure 6 which shows how the area mostly affected by
the damage changes, passing from a higher effect on the pressure side for the operating
condition at a wind speed lower than the rated one (around 11 m/s) to a higher effect
on the suction side for operation at a wind stronger than the rated speed. This is due to
the pitch control system, which reduces the angle of attack of the blade section down to
negative values in pitch-controlled operations, thus exposing a larger portion of the suction
side to droplet impacts. It is also important to note that the region affected by a value
of np/(np)thr > 0.001 (Tthr < 1000 h), in all cases, extends from the leading edge (LE) for
no more than 2% on the pressure side and 3% on the suction side. Outside this region,
the aforementioned ratio drops to negligibly small values. This result is an effect of the
airfoil shape, and similar extensions of the erosion pattern have been computed in previous
works [24–26] and observed in the field [44].

Figure 7 shows the curves of the minimum incubation period predicted at each average
wind velocity V for PMMA-E applied to section 5 at different rain flow rates. As expected,
the main trend of the envelopes follows the variation of the rotor angular velocity, which
increases from the cut-in to the rated wind speed (4 to 11 m/s), and then it is kept fixed to
the maximum value for wind speeds above the rated value. The absolute minimum of the
incubation period is expected, according to this model, close to the rated wind speed (at
V = 13 m/s). For wind speeds larger than 13 m/s, the model predicts a general increase in
the incubation period. We can explain this behavior by noticing that in the wind time series
generated for this study, turbulent fluctuations of the velocity increase with an increasing
mean wind speed. Larger amplitude fluctuations of the velocity result in an enlargement
of the main particle-impacting region, which results in a lower peak of impacts per unit
surface at the end of the 10 min record. A further investigation will be needed in the future
to establish the model uncertainties associated with neglecting the dynamic effects in the
particle flow interacting with a fluctuating wind.
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Figure 5. Erosion damage maps varying blade material (a), blade section (b) and rain intensity (c).
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3.2. Application for a Specific Installation Site

The results of the computations based on Equation (9), for the various blade sections
and materials, are shown in Table 4. As expected from the analyses of the damage incuba-
tion maps (ni/(np)thr) in Section 3.1, the material offering the lowest resistance is PMMA-E.
In this case, when a blade covered by this material is working for one year at the rain and
wind of Figure 4, the model predicts that erosion starts at section 5 after 445 h of operation.
With 8640 h in a year, we can verify from Table 4 the regions where erosion is expected after
a year of operation. For example, erosion will also start in the regions of sections 5 and 6
for a blade covered by the other tested material (PMMA-C).

Table 4. Incubation period (in hours) matrix per section and material.

Material Section 1 Section 2 Section 3 Section 4 Section 5 Section 6

PMMA-C 21,180 h 14,523 h 10,757 h 8545 h 7598 h 12,214 h
PMMA-E 1233 h 847 h 628 h 499 h 445 h 715 h

Figure 8 shows a 3D plot of the incubation period computed in the range of blade
span r covered by the six sections of Figure 3 and for s ranging between 47 and 53% of the
section curvilinear length. It can be noted how the shape of the plot does not qualitatively
change among different sections; however, the minimum incubation time occurs at the fifth
section (93.33% of the span) as was already noted for the analyses reported in Section 3.1.

An interesting analysis is provided in Figure 9, where the same computation has been
repeated for different wind annual statistics. In particular, for sites featuring stronger winds
(higher k and c factors), there is a small reduction in the incubation time and an enlargement
of the area possibly affected by erosion toward the suction side. The reason is rooted in the
same considerations made by reference to Figure 6; these sites are characterized by a higher
probability to encounter winds stronger than the rated wind speed defined by the turbine
design. Therefore, the pitch control would act more often, exposing the suction side to the
erosion of the rain droplets.



Energies 2022, 15, 5593 12 of 14

Figure 8. Incubation period over the blade surface for the PMMA-E coating material, having consid-
ered a one-year operation with rain and wind statistics of Figure 4.
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Figure 9. Incubation period at section 5 for the PMMA-E coating material, having considered one-
year operation with rain statistics of Figure 4 and varying the scale (c) and shape (k) parameters of
the Weibull wind speed distribution.

4. Conclusions

The paper has two main objectives, which are to present a methodology for estimating
the resistance of a wind blade surface to rain erosion and to report a practical example of
applying this methodology to a specific case of installation in a rainy environment.

The methodology is based on the integration of CFD, particle tracking, machine
learning, a rain erosion model, with the statistical description of rain and wind at a given
site, and with the multibody simulation of the turbine using openfast.

The final estimation of the damage incubation period over a set of radial sections of the
blade has been computed, starting from the definition of a set of damage incubation maps
per hour of exposition of each section to a matrix of rain flows and wind velocities. The
maps have been generated using an impact pattern prediction system which can account
for airfoil geometry, the local variation of aerodynamics and particle flow due to wind
turbulence and wind turbine control.

Thanks to the system presented, it has been possible to evaluate the region and
extension over the blade surface possibly affected by erosion damage already after a year of
operation for two possible versions of PMMA coating material. The results are in agreement
with field observations in terms of the distribution of the damage area over the blade surface
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and the identification of the most sensible regions, providing also a reasonable incubation
time for a blade operating in the environment assumed for the numerical testing.

We notice that, although it is possible to verify the accuracy of the single modules
and methods integrated in the final prediction system, the quantification of the uncertainty
associated to the final numeric result is an open challenge, which requires the compar-
ison with field measurements that are not available nowadays in a form suitable for a
rigorous validation.
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