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Estimation of inflow conditions, such as wind speed and angle of attack, is vital for assessing aerodynamic

performance of a lifting profile. This task is particularly challenging in the field due to the inherent stochasticity of

the inflow variables. In practice, the field installation of a measurement system exacerbates the measurement

uncertainty. Here, we present a hybrid model to infer the inflow conditions on a wind turbine blade along with a

process to quantify the involved uncertainty. Themodel combines potential flow theory and conformalmappingwith

pressure measurements from a novel monitoring system, which eliminates the need for external reference pressure

measurements. Stagnation point location and wind speed are formulated as outputs of an optimization problem, in

which pressure differences along the surface of an airfoil are connected to the potential flow solution through the

Bernoulli equation. The proposed scheme is experimentally validated. The hybridmodel offers a practical and robust

solution for inflow condition estimation, suitable for field deployment on wind turbine or aircraft. The uncertainty

quantification process provides valuable insights for improving monitoring system design and quantifying the

accuracy of the predictive scheme before actual field installation.

I. Introduction

Q UANTIFYING the inflow conditions, especially the wind

speed and the angle of attack, is essential for simulations and

experiments on lifting profiles for wind turbine and aerospace struc-

tures [1]. The exact angle of attack and wind speed can, however, be

complex to properly acquire, and often needs correction, even when

measurements are conducted within a controlled environment, such

as a wind tunnel [2,3]. The determination of inflow conditions are

also needed in the context of operational (field) measurements, such

as on operating wind turbines or on airplanes, in order to verify

modeling assumptions and to further validate observations inferred

from wind tunnel experiments.

However, unlike the controlled setting of experimentation, the

inflow conditions in the field are not controlled, and inference of

the angle of attack and the incomingwind speed proves nontrivial due

to challenges in the installation of referencemeasurement systems on

the studied airfoil section [4]. Sensor deployment forms a particularly

challenging task for rotating blades,where the localwind velocity at a

given blade section is a combination of the wind speed and the

rotational speed of the airfoil, both of which are altered compared

to the freestream conditions due to radial and axial induction through

the rotor, and the presence of the blade itself [5]. Furthermore, the

installation of a measurement system on, or near, a rotating blade is a

complex process due to lack of access and space, as well issues

related to acquisition and tethering of sensors on rotating system [6].

A. Inflow Conditions Estimation

Several techniques have previously been developed to estimate the

inflow conditions on an airfoil. Rahimi et al. [7] present and compare

model-based methods such as inverse blade element momentum

(BEM), averaging techniques, self-induced subtraction, and the vor-

texwake theory to obtain the angle of attack on a blade. Another self-

induced subtraction method is proposed by Zhong et al. [8] with a

distinction between effective and nominal angle of attack. However,

these model-based methods (with the exception of inverse BEM)

assume an extensive knowledge of the velocity field around the

rotating blade, something that cannot easily be obtained experimen-

tally in the field. Therefore, these methods are usually evaluated and

validated with results obtained from CFD simulations. Inverse BEM

method relies on empirical relations between the thrust coefficient

and the induction factor, and, epistemically, should not be a part of the

verification and validation process.

Experimentally, when the velocity field is not known, probes are

often used to measure the flow speed and direction in front of the

leading edge at one specific point. Point probes, however, cannot

physically measure the angle of attack defined as an intersection of

undisturbed freestream flow lines and blade chord at the aerodynamic

center of the blade. These measurements need to account for induc-

tion effects (which are not measured), in addition to the fact that the
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probes themselves also disturb the flow, thus necessitating suitable
corrections [9,10] via solutions, whose design and installation can be
cumbersome.
To overcome the lack of knowledge of the velocity field around

the airfoil, purely data-driven techniques have further been developed
toestimate the angleof attack indynamic conditions, basedonpressure
measurements and regression ormachine learning algorithms [11–13].
Data-driven models are trained using a large database, which is not
always fully available or feasible to obtain. Hybrid methods exploit
physics-based models, fusing themwith experimental data to improve
the robustness of purely data-driven schemes and reduce their reliance
on large amounts of data [13]. In this context, Sant et al. [14] evaluate
the aerodynamic force from the pressure distribution around a profile
and estimate the near wake to deduce the angle of attack. Thismethod,
however, requires a dense arrayof sensors along the chord to accurately
estimate the aerodynamic force.Using less andmore localized sensors,
Soto-Valle et al. [15] estimate the angle of attack using the position of
the stagnation point, by finding the maximum pressure at the leading-
edge region. The stagnation point position has been proven to be a
salient observable aerodynamic parameter [16,17]. Saini andGopalar-
athnam [18]were able to estimate the positionof the stagnation point in
awind tunnel, with only five pressure measurement locations by using
an inviscid flow model around the leading edge. This hybrid method
has the advantage of not disturbing the flow and is similar to the one
adopted in the present work. The major difference is its reliance on a
freestream static pressure measurement in the definition of the opti-
mizationproblemasopposed to the differential pressuremeasurements
used in the method presented herein.

B. Uncertainty Quantification

Data-driven methods are inherently affected by epistemic and
aleatoric uncertainties, related to the choice of models, parameters,
as well as disturbances and noise corruption in the sensed data. This
implies that any predictive quantity stemming from data-driven
approaches ought to be expressed in a probabilistic form, which
includes a quantification of the confidence which may be attributed
in the said estimate of the quantity of interest. In the case examined
herein, the installation of the sensors on an operating airfoil section,
as well as the highly stochastic and not-fully measured atmospheric
wind conditions, contribute to sources of uncertainty, which aremore
pronounced in the field as opposed to installations in controlled
experimental environments, such as wind tunnels. The deployment
of state-of-the-art measurement systems in the field are usually
prohibitively expensive and complicated,which prohibits installation
of such solutions for continuous monitoring, or for collection of
reference measurements, which allow simulation methods and engi-
neering models to be verified and validated. In this work, we propose
a sensing solution, matched with an uncertainty quantification (UQ)
process, for facilitating such verification and validation (V&V) tasks.
UQ is an established field of study, with much of the foundational

work being proposed in the 1990s and 2000s [19–21]. UQ is the
process of analyzing the uncertainty in a mathematical or numerical
model, via use of statistical methods and probability theory, in order
to estimate the potential impact of uncertain influencing factors on
model predictions. UQ methods generally aim to provide a frame-
work for propagating the uncertainty present in a model’s inputs
through the model. For modern, intensive computational methods,
this is often implemented using metamodels, such as those based on
polynomial chaos expansion (PCE), stochastic collocation (SC), or
Gaussian processes (e.g., kriging). For example, Bogoevska et al.
[22] and Avendaño Valencia et al. [23] used PCE surrogates to model
the dynamic response ofwind turbines. UQmethods relying on use of
PCE and SC have been successfully applied to many computational
fluid-related problems [24–26] due to their flexibility in modeling
complex nonlinear phenomena and their nonintrusive nature, which
allows complex simulations to be treated as a black box with given
inputs and outputs. However, the computational benefits of these
metamodels are significantly reduced in the case of high-dimensional
input spaces. This is especially true for the SC method, in which the
number of full model evaluations required grows exponentially with

the number of dimensions. At the same time, SC is less sensitive to
eventual nonsmoothness of the output space. To address the input
dimensionality limitation, hybrid and sparse PCE and SC methods
have been developed and adopted forUQanalysis [27,28].Within the
context of aerodynamics modeling, in particular, a number of meth-
ods have been reported in the literature. Weinmeister et al. [29] used
polynomial chaos methods combined with kriging to construct meta-
models to perform UQ studies on computational fluid dynamics
(CFD) simulations of aerodynamic bodies. This hybrid approach
assumes that the computational model is a realization of a Gaussian
random process and allows for a more efficient computational proc-
ess in case of high-dimensional problems. Additionally, sparse PCE
was used to construct airfoil CFD simulation surrogates for sensi-
tivity analysis inResmini et al. [30], propagating uncertainties in both
the operating conditions and airfoil geometry. Sparse PCE was also
used to characterize the uncertain influence of icing on the aerody-
namic losses of wind turbine blades in the work of Tabatabaei et al.
[31]. Computation of sparse PCE bases is significantlymore efficient
compared to PCE with complete bases. This approach exploits the
fact that inmany scientific applications some terms in the polynomial
basis have marginal influence on the overall model response. We
have adopted sparse PCE to construct a surrogate of the proposed
hybrid model for sensitivity analysis presented in this work.
In theworks of Liu et al. [32] andAbdallah et al. [33], multiple UQ

techniques were applied to estimate the effect of geometry-related
uncertainties on airfoil aerodynamics, while in thework of Palar et al.
[34], support vector regression and Gaussian processes were used for
the purpose of quantifying the impact of uncertain conditions on
airfoil aerodynamic properties. At the same time,Avendaño-Valencia
et al. [35] used Gaussian process time-series models to account for
inflow condition uncertainty when performing wind turbine struc-
tural parameter identification for structural health monitoring. These
methods are noted for their flexibility and robustness, but further
require careful selection and tuning of hyperparameters.
Pisaroni et al. [36] used continuation multilevel Monte Carlo

(MLMC) to propagate uncertainties in the geometry and external
conditions for compressible inviscid aerodynamics. MLMC was also
applied to propagate uncertainties for 2D airfoil simulation for wind
turbines in Quick et al. [37]. MLMC can often achieve the same
accuracy as Monte Carlo but at a significantly reduced computational
cost. This method is typically used in multifidelity modeling contexts,
when a limited number of high-fidelity, computationally demanding
simulations are performed along with a large number of low-fidelity,
less computationally demanding simulations. By balancing the com-
putation between high-fidelity and low-fidelity models, MLMC can
provide accurate UQwhile maintaining computational efficiency. The
performance ofMLMC is highly dependent on the correlation between
the high-fidelity and low-fidelitymodels. If this correlation isweak, the
efficiency gain of MLMC over the traditional Monte Carlo method
may diminish. Finally, in the work of Römer et al. [38], a comprehen-
sive UQ study was implemented in order to understand the limits of
multiple UQ techniques for aircraft noise characterization.

C. Aerosense System

In this paper, we propose a hybrid method for inferring the angle of
attack of lifting profiles suitable for fieldmeasurements onwind turbine
blades, based on coupling of the low-order physics-based model
derived from Saini and Gopalarathnam [18] with operational pressure
measurements, but without any need for a reference pressure measure-
ment, extracted under undisturbed conditions. The proposed method
involves obtaining differential pressure measurements from the Aero-
sensesystem,whichhasbeendesigned for attachment onawind turbine
blade airfoil section under field operation [39]. Figure 1 provides an
overview of the Aerosense measurement system. Sensors can easily be
installed without damaging the blade, as they are encapsulated in a thin
flexible 3D-printed housing in order to be thin and minimally aerody-
namically intrusive. Such a blade attachment houses five differential
pressure sensors equally spaced and placed at the leading edge. These
differential pressure sensors are used for the estimation of the inflow
conditions described in this work. In addition to the blade attachment
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with differential pressure sensors, the Aerosense system can include
attachments with 40 Micro-Electro-Mechanical Systems (MEMS)
absolute pressure sensors distributed along the chord, 10 acoustic
sensors near the trailing edge, and an inertial measurement unit to
acquire the motion of the blade. The electronics have been optimized
to be as low power as possible [40], thusmaximizing self-sustainability
of thenode.The systemoperateswithpower supply fromabattery and a
solar panel. The data from each sensor (node) arewirelessly transmitted
to a base station,which collects the data from all sensor nodes. The base
station then sends the data to a cloud-based storage unit equipped with
automatic access for visualization and data analysis.
In this paper, we present a hybrid method for inflow condition

estimation that could be employed on any airfoil, and we evaluate its
expected performance with UQ before actual deployment of such a
monitoring system. Stagnation point location and wind speed are
obtained as a result of an optimization procedure, in which measured
pressure differences along the surface of an airfoil are formulated as
an input and are connected to the conformally mapped potential
solution of a flowfield through the Bernoulli equation. The proposed
approach overcomes the challenges faced by existing estimation
methods such as the need for additional measurements or CFD
simulations. Moreover, the newly designed sensor suite does not
suffer from practical installation difficulties compared to traditional
measurement systems. In Sec. II, we describe the details of the hybrid
model and present an experimental validation of the model on wind
tunnel measurements of a NACA 0018 airfoil. Following the assess-
ment of the accuracyof themodel in a controlled environment, Sec. III
elaborates on an UQ approach for evaluating the uncertainty and
sensitivity of the proposed scheme under field conditions. Section IV
presents a summary of the main points of the offered analyses and
outlines the conclusions of this study.

II. Hybrid Model for Inference of Inflow Conditions

In this section, we elaborate on the theory underlying the proposed
hybrid model for inference of inflow conditions, and provide a

validation based on wind tunnel measurements of a NACA 0018
airfoil.

A. Concept of the Measurement System at the Leading Edge

Following the Aerosense project requirements [39], the developed
measurement system needs to be self-sufficient, and independent of
far-field measurements, such as atmospheric pressure or wind speed.
The inflow conditions must therefore be inferred under the avail-
ability of Aerosense supplied local pressure measurements extracted
from sections of the airfoil. Local pressures more heavily fluctuate
near the leading edge, under variability of the incoming wind speed
andwind direction. The hybridmodel described in this work relies on
computation of the pressure gradient along the first 5% of the chord.
Figure 2 illustrates the concept of the measurement system using
differential pressure sensors. In this setup, five sensors are installed
on the airfoil’s leading edge. Of these five, two are positioned on the
lower side, one is mounted directly on the leading edge, and the
remaining two are placed on the upper side. All the sensors are linked

Sensor node

5 x differential
pressure sensors

40 x absolute
pressure sensors

10 x acoustic
sensors

inertial mea-
surement unit Base station

data gatewayBluetooth receiver

data sender
(4G dongle, ethernet)

Digital twin

cloud data storage

dashboard

models/solvers

API

Fig. 1 Flowchart of the complete Aerosense measurement system.

∞

1

2

3
4

0

Fig. 2 Sketch of the differential pressure measurements.
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to a designated reference chamber.Within this chamber, the pressure,

denoted as P0, is maintained equivalent to the pressure at an arbitrar-

ily chosen point 0 on the airfoil’s surface. At each differential

pressure sensor i, Bernoulli’s equation applies, as follows:

Pi − P∞ � 1

2
ρ�U2

∞ −U2
i � (1)

where Pi andUi are, respectively, the pressure and the local velocity

at the ith position;P∞ is the pressure far upstream associatedwith the

far-field incoming wind speed U∞; and ρ is the density of the fluid.

Thus, the pressure measured by the ith sensor, with respect to the

previously assumed reference, can be written as

Pi − P0 �
1

2
ρU2

∞
U0

U∞

2

−
Ui

U∞

2

(2)

whereP0 andU0 are, respectively, the pressure and the local velocity

at the reference point.
In the above system of equations, the unknown quantities areU∞,

U0, andUi. The previously introduced incoming velocityU∞ is one

of the final outputs defining the inflow conditions, while U0 and Ui

correspond to the local velocities at different locations on the leading

edge of the airfoil, namely, at the arbitrary reference point and at the

ith position of the differential pressure sensor, respectively. The local
velocity is zero at the stagnation point position. On airplanes and

wind turbines, operating conditions involve high Reynolds numbers

(based on the chord length, c) (Rec > 106). At such high Reynolds

numbers, the flow mostly stays attached in the leading-edge region

[41], where the potential flow theory remains valid.

B. Stagnation Point Estimation via the Potential Flow Theory

A common approach for estimating the flow velocity on the

leading edge lies in modeling this as a potential flow, passing around

a parabola, which is meant to approximate the leading edge. The idea

of modeling the leading edge of an airfoil with a parabola was

presented by Van Dyke [42] and is often used to study the evolution

of the boundary layer at the leading edge (see [43,44] for examples).
The mathematical definitions and nomenclature defined by

Ramesh [45] are adopted in this paper (see Fig. 3), using dimension-

less values (i.e. U∞ � 1 and c � 1).
The flow around a parabola (y �� 2rlex

p
in a plane: z � x� iy,

with rle denoting the radius of the parabola) can be translated, thanks
to a conformal mapping (z � rle�κ − �κ2∕2��), as a flow on a flat

plate (κ � ϵ� iη). This can be further broken down into two

orthogonal incoming flows; a flow orthogonal to the plate, US, and

a flow parallel to the plate, UP (Fig. 3). Their velocity potentials are

summed to create the complex potential:

F � −
US

2
κ2 − iUPκ (3)

Thevelocity on the surface of the flat plate, where ϵ � 0, κ � iη, is
used to calculate the pressure difference, as [Eq. (2)]:

dF

dz �ϵ�0�
� Up �Usη

rle 1� η2
(4)

The flow velocity is null at the stagnation point ηS:

UP � −ηSUS (5)

Therefore, Eq. (2) can be rewritten as

ΔPi �
1

2
ρU2

∞
�η0 − ηS�2
1� η20

−
�ηi − ηS�2
1� η2i

(6)

The details from Eqs. (2–6) are explained in Appendix A.
As we measure the differential pressure ΔPi at specific locations

on the airfoil where the sensors are positioned, η0 and ηi, the only
unknown quantities are the incoming velocityU∞ and the stagnation
point ηS, defining our incoming flow. Based on these differential
pressures at the leading edge, a least-square optimization algorithm is
run to fit the discrete measured pressure variations, which yields the
estimated values of the inflow conditions.

C. Model Validation via Wind Tunnel Testing

To validate the hybrid model developed in Sec. II.B, experiments
were carried out in the ETHZurichwind tunnel. A 3D-printedNACA
0018 profile, with a chord length of 0.25 m and a span of 1 m, was
equipped with 40 pressure sensors recording at 100 Hz [39]. Fifteen
pressuremeasurement points were located in the first 7% of the chord
of the airfoil, providing a high density in the leading edge, which
allows to determine themaximumpressure, indicating the position of
the stagnation point. Five of these 15 pressure points were chosen as
the pressure pointsPi defined in Eq. (6). The pressure point chosen as
reference, P0, is the one lying on the pressure side for positive angles
of attack.
The wind speed was varied between 10 m ⋅ s−1 to 50 m ⋅ s−1,

yielding a chord-based Reynolds number between 1.5 × 105 and

8.5 × 105. The pressures were measured at different angles of attack,
in a range of−30° to 30°. Positive and negative angles of attack were
measured as the reference pressure point is on the pressure side for
positive angles of attack but on the suction side for negative angles of
attack.
The stagnation point position estimated by the potential flow

model, described in Sec. II.B, was compared against the stagnation
point estimate corresponding to the highest pressure, which was
measured via the dense number of pressure measurement points.
The wind speed was measured with a Pitot tube located upstream
in thewind turbine andwas comparedwith the estimatedwind speed.
Figure 4 shows the potential flowpressure variations at the angle of

attack of 10° at 30 m ⋅ s−1 using the Eq. (6) with the five chosen

Fig. 3 Conformal mapping from a parabola to a flat plate. Adapted with permission from Ramesh [45]. Copyright 2020 K. Ramesh. Published by
Cambridge University Press.
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pressure points indicated by the colored markers. The pressure
difference is zero at the reference point. The pressure variations that
were computed on the basis of the potential flow theory (denotedwith
the black line) are shown to closely fit the measured pressures
(denoted in gray circles), especially on the pressure side (negative
x and η values). On the suction side, the estimated maximum suction
does not completely reach the measured pressure, and for x∕c >
0.07, the fitting curve diverges by about 200 Pa from the measured
pressures, probably due to the viscous effects and the parabola
assumption deviating from the real profile.
The estimation of the pressure gradient at the leading edge and the

maximum pressure (indicating the stagnation point position) by
means of the suggested potential flow model allows for subsequent
evaluation of the stagnation point and the incoming flow velocity
across diverse operating conditions, as defined by the values of the
angle of attack and wind speed.

1. Localization of the Stagnation Point

The first inflow condition estimated by the potential flow method
is the stagnation point position, which is directly related to the angle
of attack. Figure 5 presents the estimated stagnation point position
(ηs), as this occurs via use of the potential flow method (in circles)
under three different wind speeds and by detecting the maximum

pressure (indicated by crosses) at 30 m ⋅ s−1, as a function of the
angle of attack. The gray areas indicate areas where the flow is
completely detached, as the static stall angle is exceeded. As long
as the flow is not completely detached, the estimated stagnation point

at 30 m ⋅ s−1 fits the stagnation point detected by the pressure taps,

for negative and positive angles of attack. The reference pressure is on
the pressure side (negative x∕c and η values) when the angles of
attack are positive, and on the suction side for negative angles of
attack (positive x∕c and η values). The estimation of the stagnation
point does not seem to be sensitive to the side of the position of the
reference pressure.On both sides, between angles of attack of 15° and
20°, the stagnation point varies only by 2% when the angle of attack
changes of 1°, but the hybrid model is still able to differentiate the
stagnation point position for each angle of attack, as shown in the
zoomed area of Fig. 5.
Near�20° and beyond, when the flow starts to completely detach

from the leading edge of the airfoil, the estimated value deviates from
the measured values by more than 20%. For each angle of attack, the
measurement lasted at least 30 s. The time-averaged value is pre-
sented along with the corresponding variability, captured by the error
bars, which indicate plus or minus two standard deviations. The
variability of the model prediction outputs similar values from the
approximation of the maximum pressure via use of all available
pressure measurement points. According to this validation via wind
tunnel measurements, the stagnation point position can be expected
to be computed with an error that is lower than 5%, using only five
differential pressure sensors at the leading edge, for airfoils under
regular operating conditions, with unstalled conditions at the lead-
ing edge.
The hybrid model also proves robust under different wind speeds,

as shown in Fig. 5. Until�17°, the stagnation point is estimated at the

same position for an incoming wind speed of 10 m ⋅ s−1 and for the

higher wind speeds of 50 m ⋅ s−1. For a lower wind speed of

10 m ⋅ s−1, when the angle of attack is greater than�17°, the position
of the stagnation point deviates from the higher wind speed, and stays
closer to the leading edge. A stagnation point closer to the leading
edge implies less circulation created around the airfoil, hence gen-
eration of lower lift, which is consistent with the recorded stall
observed on the lift force happening at αss � 17°. The hybrid model
could also serve as an indicator for stall.

2. Wind Speed Estimation

The second inflow condition, which can be estimated by the poten-
tial flowmethod, is the incoming wind speed. Figure 6 shows the ratio
between the estimated wind speed (U0) and the measured wind speed
in the wind tunnel (U∞) as a function of the angle of attack. The
estimatedwind speed has been corrected to compensate for the viscous
effects, similar to Saini and Gopalarathnam [18], by the same correc-
tion factor for all wind speeds. For the two highest wind speeds

(30 m ⋅ s−1 and 50 m ⋅ s−1), the ratio is 1 until the angle of attack of
18°, for both positive and negative angles of attack, similar to the
stagnation point position estimation. The side where the reference
point is located does not influence the estimatedwind speed. For larger
absolute angles of attack, thewind speed is underestimated when flow
detachment occurs. When the flow is completely detached (above

0
1

2

3

4

−2 0 2

−1500

−1000

−500

0

Δ
(P

a)

-0.07 0 0.07
/

Fig. 4 Pressure variation at the leading edge at 10° at the pressure
measurement points (gray circles), and estimated by the potential flow
model (black line).

Fig. 5 Stagnation point position for different wind speeds estimated by
the hybrid model (circles) and by the measured pressures at 30 m ⋅ s−1
(crosses).

Fig. 6 Estimated wind speed for different angles of attack nondimen-
sionalized by the measured wind speed.
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j20°j), the estimated wind speed is only half of the measured
wind speed.
At lower Reynolds numbers, here with U∞ � 10 m ⋅ s−1∕Rec �

1.5 × 105, the wind speed is overestimated by 10% when the flow is
attached at the leading edge. The viscosity likely bears a higher
influence, while the potential flow model overestimates the pressure
difference. The larger estimated difference of pressure yields a larger
estimatedwind speed according to Eq. (6). As the hybridmodel relies
on potential flow, the Reynolds number should be large enough to
minimize the influence of the viscosity as observed in the case of

10 m ⋅ s−1. At high Reynolds numbers, the stall process generally
starts at the trailing edge with a flow separation region progressing
upstream reaching the leading edge only at high angles of attack [41].
Deparday et al. [17] demonstrated that a potential flow model of the
leading edge can still be applied even with separated flow, and can
correctly estimate an instantaneous value of the leading-edge suction
if the shear layer height is taken into account. Therefore, the hybrid
model should be able to accurately estimate the inflow conditions
(stagnation point and wind speed) as long as the flow is not com-
pletely detached at the leading edge, andmight also have the potential
to be developed for unsteady stalled conditions.
We have demonstrated that the model accurately estimates the

inflow conditions (stagnation point and wind speed) in a controlled
environment as long as the flow is not fully separated. It is, however,
not known how the inflow condition estimation method would
performunder field conditions,where the turbulent inflow effectively
comprises a stochastic variable and where the installation of the
measurement systemmight lead to higher uncertainties on the quality
of the measurements. As it is not possible to evaluate the sensitivity
and accuracy of the method in the field by comparing it with a
high-quality measurement system, similar to the validation offered
in this section within a controlled environment, we propose the use of
an UQ process to validate our hybrid model.

III. Uncertainty Quantification for Inflow Condition
Estimation

In this section, we assess the accuracy of our hybrid model in the
field, using an exploratory approach based on an UQ process. This
approach consists of two steps: 1) obtain an overview of the uncer-
tainty for the wide range of normal operating conditions for a
standard 5 MW wind turbine, and 2) determine the operational
conditions that yield the highest uncertainty and study the sensitivity
of the outcome with respect to defining input variables.

A. Simulations to Reproduce the Experimental Data Feeding the

Hybrid Model

The UQ for the hybrid model in the field is processed a priori, i.e.,
before the measurement system is installed. As field measurement
data can only provide estimates on the randomvariable outputs due to
the wind stochasticity, but cannot provide a quantification of the
uncertainties due to the sensor positions and actual airfoil shape,
which would require thousands of different installations, local pres-
sure measurements are simulated using XFOIL [46]. The main
advantage of XFOIL is fast computation, making it possible to run
thousands of simulations in a reasonable amount of time. As dis-
cussed in Sec. II.C, the model inferring the inflow conditions works
only if the flow stays attached at the leading edge, as it is the case for
normal operating conditions of a wind turbine or of an airplane.
To ensure that XFOIL is an adequate numerical tool for our inves-

tigations, we compare the position of the stagnation point from the
experimental data obtained in the wind tunnel presented in Sec. II.C
(blue crosses inFig. 7) to theXFOILnumerical predictions (blue line in
Fig. 7). For both sets of data, the stagnation point position is defined
as the position of the maximum pressure at the same wind speed
(30 m ⋅ s−1). The positions computed with the XFOIL simulations
correspond to the same positions measured experimentally as long as
the airfoil has not stalled (≤19°). A factor taking into account the
viscosity, similar to the hybrid model validation and to Saini and
Gopalarathnam [18], is also used here. For higher wind speeds

(Rec � 5 ⋅ 106), similar to those encountered on a wind turbine blade

or airplanewing, the evolution of the stagnationpoint positions evolves
similarly for the first 10° of angles of attack, and seems independent of
the Reynolds number in this range of angles of attack andwind speeds.
The XFOIL simulations are able to reproduce the general evolution of
the stagnation point position, and are used to provide the five pressure
measurements required for the hybrid model.

B. Variables Affecting the Uncertainty of the Inflow Estimation

When the measurement system is installed on a wing in the field,
the inflow conditions are estimated with some uncertainty due to
different parameters, which can be classified into two categories:
1) the aleatoric uncertainties that are the stochastic variables, which
vary during themeasurements, and 2) the epistemic uncertainties due
to the setup and installation of the measurement system.

1. Aleatoric Uncertainties

In the first category, the aleatoric uncertainties cannot be controlled
or changedby the operator. These randomvariables have beengrouped
under “Inflow” and “Sensor noise” titles inTable 1.Thevariation in the
dynamic response of a lifting wing section, be it of an airplane,
helicopter, or wind turbine rotor, is dependent on the turbulent inflow
wind field conditions, including the mean wind speed, turbulence,
wind shear, and inflow skewness. To avoid using a probabilistic inflow
model with too many dimensions, this study only selected the most
relevant sources of randomness in field conditions.
The Reynolds number and the turbulence intensity play a funda-

mental role in determining the behavior of the airfoils under various
angles of attack. Thus, we introduce the following random variables:
the relative velocity Vrel (previously referred to as U∞ for static
wind), the dynamic viscosity ν, and the turbulence intensity σV0

. In

addition, the angle of attack α is in itself also a random variable. The
most direct and conservative method to quantify the uncertainty due
to the inflow randomness would be to assume independent uniform
distributions for these four variables disregarding their intrinsic
interdependence and correlations with other environmental factors.
Even though this approach provides some approximation of the
uncertainty bounds, it gives rather limited insights into the probabi-
listic nature of the problem. For any engineering system, such as a
wind turbine blade or an airplanewing, thewind speeds and angles of
attack are usually correlated. For example, on an airplane, the differ-
ent phases of a flight provide specific inflow conditions (takeoff or
landing phase: low wind speed and high angles of attack; cruising
phase: high wind speed and low angles of attack). Moreover, many
environmental stochastic random variable distributions, such as free-
stream wind speed for example, are usually known a priori and,
sometimes, codified in relevant standards. All the random variables
that affect the expected distribution for the Reynolds number, turbu-
lence intensity, and angle of attack are introduced in Table 1.
The underlying distribution for the relative velocity Vrel depends

on a vectorial combination of themean freestreamwind speedV0 and
the turbine rotational velocity Vrot. For more detail on the calculation
of the relative velocity, see Appendix B. The mean freestream wind
speed follows a Weibull distribution V0 ∼WBL�AV0

; KV0
�, with

parameters specified as follows:

Fig. 7 Comparison of the stagnation point positions between measured
pressures in the wind tunnel and XFOIL simulations.
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AV0
� 2 × E�U�

π
p ; where E�V0� � 10 m ⋅ s−1

KU � 2.0 (7)

The wind turbine rotor speed is computed in a deterministic

manner, as a function of the freestream wind speed. A bilinear

function is assumed with the cut-in speed and rated speed defining

the relationship. The kinematic viscosity ν is computed from the

dynamic viscosity νd and the air density ρ; both are defined as random
variables conditionally dependent on air temperature tair. The condi-
tional dependence between the turbulence σV0

and the mean free-

stream wind speed V0 is defined in the normal turbulence model as

described in [47]. Here, we elect to use a reference ambient turbu-

lence intensity Iref � 0.16, which is the expected value of the turbu-

lence intensity at 15 m ⋅ s−1. This dependency is given by the local

statistical moments of σV0
∼ LN �μσV0 ; σ2σV0 � as

E�σV0
jV0� � Iref�0.75V0 � 3.8�

V�σV0
jV0� � �1.4Iref�2 (8)

Finally, sensor noise affects the measured pressure values, and

therefore, the estimation of the inflow conditions. Based on the sensor

technical specifications and wind tunnel tests, we adopted a zero-

mean normal distribution with a standard deviation conservatively

estimated at 50 Pa.

2. Epistemic Uncertainties

In the second category, we refer to the epistemic uncertainties

owing to the fabrication and installation of the measurement system

itself. The uncertainties in this category can be reduced with addi-

tional and more precise measurements. When installing the meas-

urement system on an existing blade, there is an inherent error

stemming from the uncertain absolute position of the sensors due

to the manual installation. Practically, it is arduous to precisely locate

the leading edge on a physical blade as opposed to a CAD model.

Therefore, the position of the sensors on the airfoil might not be

exactly as originally planned and can introduce a bias in themeasured

inflow conditions. In this work, a normal distribution is assumed to

define the probability of a bias in the position of the sensors.
A further influencing variable is found in the shape of the airfoil, as

the leading-edge radius forms an input of the potential flow model.

This can be retrieved from the design airfoil shape. However, the shape

of the built wing might deviate from the original design and therefore

result in amodification of the leading-edge radius.Weassumeanormal

distribution for the deviations in airfoil thickness th. The leading-edge

radius is connected to this parameter through a deterministic relation-

ship based on the airfoil design specification. In case of a symmetric

NACA 4-series, this relationship is rle � 1.1019th2.

C. Uncertainty Quantification Under Operating Conditions

The distributions of the random variables defined for the operating

field conditions are sampled and introduced in the simulations to

obtain a distribution of the pressure field at the leading edge. The

normal operating field conditions can yield a wide range of inflow

Table 1 Random variables for uncertainty quantification on general operating conditions

Random variable Distribution Parameters

Inflow

Undisturbed wind velocity V0 ∼WBL�AV0
; KV0

�
AV0

� 2 ⋅ E�V0�
π

p , where E�V0� � 10 �m ⋅ s−1�
KV0

� 2.0

Wind turbine rotational velocity Vrot Vrot � f�V0�
Relative velocity Vrel ∼N �μVrel

; σ2Vrel
� E�VreljV0� � V2

0 � V2
rot

SD�VreljV0� � 0.3 ⋅ E�Vrel�
Air temperature tair ∼N �μtair ; σ2tair � E�tair� � 15�C�

SD�tair� � 0.3 ⋅ E�tair�
qL � −20�C�
qH � 50�C�

Air density ρ ∼N �μρ; σ2ρ� E�ρjtair� � −0.0043tair � 2.465

SD�ρ� � 0.1 ⋅ E�ρ�
Dynamic viscosity νd ∼ LN �μνd ; σ2νd � E�νd� � 5 ⋅ 10−8tair � 4 ⋅ 10−6 �kg ⋅ s−1�

SD�νd� � 0.01 ⋅ E�νd� �kg ⋅ s−1�
Turbulence σV0

∼ LN �μσV0 ; σ2σV0 � E�σV0
jV0� � Iref�0.75v0 � 3.8�

SD�σV0
jV0� � 1.4Iref

Angle of attack α ∼N �μα; σ2α� E�αjV0� � 7 − �ln �v0� − 1��°�
SD�αjV0� �

1

v0
�°�

Sensors coordinates on airfoil

Individual sensor bias Sipos;ϵ ∼N �μSϵ ; σ2Sϵ � E�Sϵ� � 0

SD�Sϵ� � 0.25 ⋅ 10−3

Common sensor bias SSleevepos;ϵ ∼N �μSϵ ; σ2Sϵ � E�Sϵ� � 0

SD�Sϵ� � 0.25 ⋅ 10−3

Sensors noise

Noise ω ∼N �μω; σ2ω� E�ω� � �Pa�
SD�ω� � �Pa�

Airfoil geometry

Airfoil thickness Gd ∼ LN �μGd
; σ2Gd

� E�Gd� � 0.18

SD�Gd� �
1

300
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conditions, which could potentially become highly nonlinear with
respect to the many input parameters, making the creation of a surro-
gate model such as a PCE computationally expensive. Moreover, the
input distributions for a PCEmodelmay bedifficult to define explicitly
by probability density functionswith unwieldy correlation coefficients
as the input parameters presented in Sec. III.B are correlated. For these
aforementioned reasons and motivated by the low computational time
incurred via use of theXFOIL simulations,we opt for the adoption of a
Monte Carlo simulation, as the most pragmatic solution for quantify-
ing the uncertaintyof the proposed hybrid scheme for thewide range of
operating conditions. In this specific case, 10 000 simulations have
been performed.
Figure 8 illustrates the results of the proposedmethod for inference

of inflow conditions, namely, the stagnation point position (Fig. 8a)
and the wind speed (Fig. 8b) under variation of the variables, as
presented in Table 1. The gray areas represent the envelope of the
results when the inflow conditions are sampled from uniform non-
correlated distributions (independent wind speed and wind angle).
The color scheme in Fig. 8 represents the imposed angle of attack.

The stagnation point position decreases when the angle of attack
increases. For low wind speed, the angle of attack is close to zero.
The largest angles of attack (8°) are found between 50 m ⋅ s−1 and

70 m ⋅ s−1, happening during the optimal wind conditions for a 5MW
wind turbine. For largerwind speeds, the forceswould be too high, and
the angle of attack is reduced down to negative angles of attack.
Figure 8a presents the stagnation point position using the curvi-

linear axis estimated by the hybrid model against the true stagnation
point position computed in the XFOIL simulations. A perfect esti-
mationwould lie on the diagonal of the plot. The further away a point,
the larger the error between the estimated and the true values. The
cloud of points stays close to the diagonal for all stagnation point
positions. The largest error is observed for the lowest position, at
about −0.035, with the estimated position lower than the true posi-
tion. Themethod tends to estimate the stagnation point further down-
stream than the actual position, meaning a higher angle of attack. The
error in the estimation of the stagnation point is smaller if correlated
variables are assumed, as opposed to an assumption on no correlation
between the wind speed and wind angle, as indicated by the gray
areas. This is especially the case for positive stagnation point posi-
tion, meaning negative angles of attack.
The estimatedwind speed fits the truewind speed (Fig. 8b). The error

stays relatively constant across all wind speeds. The consideration of
correlated values reduces the uncertainty related to estimation of the
stagnation point but less obviously affects the wind speed estimation.
A similar absolute error of the stagnation point position may not

have the same influence, depending on the rate of change of the
stagnation point as function of the angle of attack. The evolution of all
the true stagnation point values as a function of the angle of attack
has been fitted by a polynomial of degree three. The derivative of

the polynomial fitting δχt corresponds to the change in the true
stagnation point position for a step of one degree of angle of attack.
This rate of change of the true stagnation point is used to quantify the
absolute error of the estimation of the stagnation point position Δχs
and is shown in Fig. 9. When the value is equal to one, the estimated
stagnation point will result in an error of 1° of angle of attack. For
angles of attack lower than 5°, the total error is always less than one,
while the largest error is near the angle of attack of 8° with an error
between−0.5 and 1. Formost of the normal operating conditions, the
hybrid model provides a good estimation of the position of the
stagnation point. The Monte Carlo simulation has been shown to
offer an adequate quantification of the uncertainty of the hybrid
model across a broad range of operating conditions, and to further
identify those conditions that lead to significant uncertainty.
The largest uncertainty is reached at the operating condition when

the angle of attack of 8° is reached with a wind speed of 60 m ⋅ s−1.
However, according to Fig. 9, it seems that most of the values fall into
a narrower range. A further analysis on these specific conditions
would help to better quantify the uncertainty for this critical operating
condition, and analyze the sensitivity of the parameters.

D. Sensitivity Analysis on Specific Conditions

The next step is to assess which input parameters affect the output of
the hybridmodel to the greatest extent. A sensitivity analysis conducted
over a wide range of normal operational conditions with complex,
conditionally dependent inputs would not only provide results that
are difficult to interpret, but can also lead to misleading conclusions.
The correlations between random input variables can obscure the
true relationships between these variables and the output. Sensitivity

a) b)

Fig. 8 Estimation of the stagnation point position versus the true position (a) and estimation of the relative wind speed against the true wind speed (b).

Fig. 9 Error between the estimated and true stagnation point positions
relative to the rate of change of the true stagnation point position.
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analysis, therefore, is conducted under specific inflow conditions. In
particular, we assess the sensitivity of the hybrid model at a fixed angle
of attack of 8°. This is because the largest uncertainty in inferring inflow
was observed under these conditions. Fixing an angle of attack, essen-
tially, results in investigating one slice of the original Monte Carlo
simulation. In fact, the number of input random variables is reduced,
and their definition is greatly simplified by fitting the log-normal
probability density function to the distributions of wind speed, kin-
ematic viscosity, and turbulence around the operating condition of
8° � 0.5°. Given the reduced and simplified input space of aleatoric
randomvariables, a PCEsurrogatemodel is amore attractive alternative
to theMonteCarlo simulation, andprovides additional benefits of faster
computation, possible adoption of higher fidelity CFDmodels, and the
capability to perform sensitivity analysis and optimization tasks more
efficiently [48]. The PCE model is built using UQlab, a framework
developed at ETH Zurich [49]. In this study, the least angle regression
algorithm was used to create sparse bases and reduce the toll induced
due to high dimensionality of the input. The minimum polynomial
degree was set to 3. Additionally, a q-norm polynomial degree trunca-
tion scheme (q � 0.75) was chosen in the search of optimal basis.
We summarize the inflow random variables for this sensitivity

analysis in Table 2. The other random variables are characterized by
the same probability density functions as described in Table 1.
The computational cost for the creation of sparse PCEmetamodel is

far less than what would be required by aMonte Carlo simulation and
is easier to interpret given the assumption of uncorrelated random
variables. A convergence study of first-order moments and leave-one-
out (LOO) error reveals an acceptable performance of the metamodel,
which is created with only 200 design-of-experiment sample points.
Further increases in number of sample points and maximum polyno-
mial degree resulted only in marginal improvements of the surrogate
model performance. The PCE analysis further provides the Sobol’s
coefficients, which can be straightforwardly exploited to conduct a
sensitivity analysis [21]; this offers a furthermotivation for adoption of
the PCE approach. The Sobol coefficients, derived directly from the
PCE surrogate, offer quantifiable parameters to evaluate the influence
of each variable on the output with the first-order Sobol indices, and
also evaluate the influence of variable interactions with higher orders.
The higher theSobol index of a variable, the greater the influenceof the
variable on the output. Figure 10 shows the resulting probability
density function of the error from the hybrid model for this specific
operating condition. The error is defined as the difference between the
estimated stagnation point position and the true stagnation point given
by theXFOIL simulations shown inFig. 7. The upper horizontal axis is
the error in the angle of attack. The correspondence between the
stagnation point position and the angle of attack is calculated here
using the local derivative at the angle of attack at 8° from Fig. 7. The
black line represents the fitting of the probability density function with
a normal distribution. The average error is slightly biased with a value
of ΔχS � −0.74 × 10−3, equivalent to an error in angle of attack of
Δα � 0.18°. Note that 95% of the values fall into the range of error in
angle of attack of �−0.13°; 0.51°�, so within 1° of the angle-of-attack
precision.

A sensitivity analysis is performed at this operating condition to
assess which parameters influence the uncertainty in our results the
most. The sensitivity can be analyzed with the analysis of covariance
(ANCOVA)method, introduced byXu andGertner [50]. This aims to
produce helpful sensitivity indices for correlated input variables
using a covariance decomposition method. Kucherenko et al. [51]
proposed to define sensitivity indices using a direct decomposition of
the output variancewith the lawof total variance. If a PCEmetamodel
is created, it is then possible to calculate the Sobol indices analytically
from its coefficients [21].
For this specific case, the differences between the resulting total and

first-order Sobol indices are almost negligible, indicating the lack of
interactions between input variables to produce joint effect on the
output. The most influential parameters are easily detected as the high-
est value of the total Sobol indices presented in Fig. 11. The parameters
are divided into four categories,with the parameters of the first category
being related to the wind conditions (in gray in Fig. 11) and negligible
when compared to the other parameters. The second category is the
noise of the sensors. This is specified by themanufacturer, as it depends
on the employed technology and quality of fabrication of the sensors.
The Sobol indices in this category are higher than those computed for
the wind conditions, but still smaller than the ones for the sensor
positions or the airfoil geometry. The most detrimental is the quality
of measurement at the leading edge (P2). The total Sobol index for the
P2 sensor noise at the leading edge is 0.1. The third category of
influencing variables is the position of the sensors, either individually
or globally. The individual uncertainty in position comes from the

Table 2 Random variables that differ from Table 1, for sensitivity
analysis at a specific operating condition (α � 8°)

Random variable Distribution Parameters

Inflow

Relative velocity Vrel ∼ LN μVrel
; σ2Vrel

E�Vrel� � 62.50 �m ⋅ s−1�
SD�Vrel� � 5.48 �m ⋅ s−1�

Kinematic
viscosity

ν ∼ LN μν; σ
2
ν E�ν� � 15 ⋅ 10−6 �m ⋅ s−1�

SD�ν� � 0.47 ⋅ 10−6 �m ⋅ s−1�
Turbulence σU ∼ LN μσU ; σ

2
σU

E�σU� � 19.58

SD�σU� � 2.89

Angle of attack α ∼N μα; σ
2
α E�α� � 8�°�

SD�α� � 0�°�

Fig. 10 Probability density function of the error of the estimated stag-
nation point position for the specific operating conditions (α � 8°).
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Fig. 11 Sobol’s indices for sensitivity analysis on the stagnation point
estimation at a specific operating condition (α � 8°).
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constructionof themeasurement system,where themeasurement points
may differ from the design. The overall position relates to the installa-
tion of the whole measurement system on the blade, as the sensors are
encapsulated in a housing that is installed on the wind turbine by hand.
Thus, the measurement system is installed with a certain degree of
uncertainty. The position of the sensor installed at the leading edge (P2)
as well as the overall position of the sensors have Sobol indices of
approximately 0.15 and 0.23, respectively. The last category pertains to
the uncertainty related to the airfoil shape. The thickness of the airfoil,
affecting the leading-edge radius, is themost influential parametergiven
the assumption of its distribution, with a Sobol index of 0.45. The
uncertainty on the shape of the airfoil must therefore be correctly
evaluated to reduce the uncertainty of our results. A precise design
shape might not correspond to the actual constructed shape, due to
inherent inaccuracies in the construction. During the installation of the
sensors, it is therefore planned to use photogrammetry [52] to measure
the shape of the section of the blade, as well as the actual position of the
sensors. Several photographs of the blades and sensors are taken just
after the installation. Speckled pattern [53,54], points, or coded targets
[55] can be automatically processed within a photogrammetry algo-
rithm to be able to reconstruct the three-dimensional shape of lifting
surfaces. Preliminary tests on a 6 kW wind turbine proved that a sub-
millimeter accuracy can be achieved [56]. Decreasing the uncertainties
of theseparameterswouldhelp to reduce theuncertainties of themethod
due to the measurement system.

IV. Conclusions

This paper presents a hybrid model for the inference of the airfoil
inflow conditions. The performance of the proposed scheme is
further assessed bymeans of a procedure for UQ. The hybrid scheme
combines a physics-based model, relying on potential flow theory,
with pressure measurements extracted via the Aerosense monitoring
system, to infer the defining inflow conditions, such as the local angle
of attack via the stagnation point and thewind speed. Five differential
pressure sensors are assumed as measured inputs for the hybrid
model. The sensors are encapsulated in a flexible housing, which
can be easily mounted on any already-built wing without damaging
it. The hybrid model has the advantage of not having to rely on any
external reference pressure, such as the freestream static pressure,
which is nontrivial to measure for rotating blades in the field. The
hybridmodel is successfully validatedwithwind tunnel experimental
measurements, where the estimations of the stagnation point have
been compared against the maximum pressure detected with a dense
array of pressure measurements at the leading edge. The stagnation
point position and the wind speed were accurately estimated in a
steady state flow, as long as the stall-inducing angle of attack is not
exceeded, corresponding to the steady normal operating conditions
of a wind turbine blade or an airplane wing.
A UQ process, relying on the use of a Monte Carlo approach, is

used to deliver a quantification of the accuracy of the suggested
hybrid scheme across possible operating conditions, before actual
installation of the measurement system in the field. TheMonte Carlo
simulation is set up to reflect the inherent stochasticity of the atmos-
phericwind and the uncertainty of the installation of themeasurement
system on an airfoil. It is shown that, under normal operating con-
ditions, the error in the estimation of the stagnation point position is
not greater than the variation of the stagnation point for a change of
one degree of angle of attack. The highest uncertainty corresponds to
the largest angle of attack 8° at 60 m ⋅ s−1. A sensitivity study,
performed with a PCE surrogate model at theworst inflow condition,
revealed that epistemic uncertainties related to field application, such
as imprecise sensor positioning and deviations in the assumed airfoil
shape, bear a major influence on the hybrid model performance.
The employed UQ process can be useful before actual deployment

of such a monitoring system and a corresponding hybrid model, as it
can quantify the accuracy of the suggested predictive scheme, as well
as determine major influencing variables. This is further useful
during the design stage of a monitoring system, as it allows for
possible improvements of the suggested design.

Appendix A: Detailed Mathematical Demonstration to
Estimate the Local Wind Speed and Angle of Attack

The velocity around the flat plate is

dF

dz
� Usκ � iUp

rle�1 − κ� (A1)

UsingEq. (5), andwriting the complex coordinateκ in thepolar form,

κ � reiθ (A2)

with the radius r > 0 and r ≠ 1 and the angle θ ∈ �π∕2; 3π∕2�, the
velocity can be formulated as

dF

dz
� Us

rle

reiθ � iηS

1 − reiθ

� Us

rle

1� ηS
eiπ∕2

reiθ

− 1� 1
reiθ

� Us

rle

1� ηS
r e

i�π∕2−θ�

− 1� 1
r e

−iθ
(A3)

In the far field (r → �∞), the velocity is U∞, and

dF

dz r→∞
� Us

rle
� U∞ (A4)

So the velocity on the parabola at the position of the ith sensor is

Ui �
Us

rle

ηi − ηS

1� η2i
� U∞

ηi − ηS

1� η2i
(A5)

With the simplification of U∞, Eq. (4) can therefore be rewritten:

ΔPi �
1

2
ρU2

∞
�η0 − ηS�2
1� η20

−
�ηi − ηS�2
1� η2i

(A6)

Appendix B: Method to Sample the Wind Turbine
Operating Conditions

The local angle of attack at a given radial section on a blade can be
constructed, provided that the induced velocity generated by the
action of the loads is known Fig. B1. Vo is the undisturbed wind

R o t o r  p l a n e

L

D

W

-Vbld

Vrot

V0

Vrel

-Vtwr

f

b+ a

Fig. B1 An airfoil cross section and the corresponding inflow vectors
and lift and drag forces.
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velocity,W is the induced velocity, Vrot is the rotational speed of the
blade section, Vbld is the flapping velocity of the blade section apart
from the blade rotation, V twr is the tower fore-aft velocity, α is the
local angle of the blade section to the rotor plane, Φ is the inflow
angle, β is the local blade geometric twist angle, and θp is the blade

pitch. From Fig. B1 we see that, in order to find the relative velocity
seen by the blade (Vrel), the rotational velocity (Vrot), flapping
velocity of the blade section (Vbld), and the induced velocity (W)
must be added as vectors to V0:

Vrel � V0 �W � Vbld � Vtwr � Vrot (B1)

The essence of the blade element momentum method is to deter-
mine the induced velocity W and thus the local angles of attack at
each section along the span of the blade:

α � Φ − �β� θp� (B2)

Assuming a negligible contribution of W, Vbld, and Vtwr, the
inflow angle Φ can be calculated as

Φ ≈ tan−1
V0

Vrot

(B3)

We illustrate the stochastic samples in Fig. B2, which shows the
relative wind speed as function of the far-field undisturbed wind
speed and the local angle of attack.
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