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Abstract. Current-implementations—In the context of wind turbine pitch eentrelers—control for load alleviation or active

wake mixinguse-tmited-information—abeut—the—incoming—wind—While-these—pitch-controlers—could-benefit frombroade

e—, it 1s relevant to provide the time- and
space-varying wind conditions as an input to the controller. Apart from classical wind measurement techniques, blade load-

based wind-speed-estimators-are-an-alternative-to-eup-anemometers DARs—estimators can also be used to sense the

incoming wind. These consider blades as sensors of the flow, and rely on having access to the operating parameters and
measuring the blade loads. In this paper, we wish to verify how robust such estimators are to the control strategy active on the

turbine, as it impacts both operating parameters and loads. We use an Extended Kalman Filter (EKF) to estimate the incoming
wind conditions based on blade-out-of-plane-the blade bending moments. The internal model in the EKF relies on the Blade
Element Momentum (BEM) theory in which we propose to account for delays between pitch action and blade loads by includ-
ing dynamic effects. Using Large-Eddy Simulations to test the estimator, we show that accounting for the dynamic effects in

the BEM formulation is needed to maintain the estimator accuracy when dynamic wake mixing control is active.

1 Introduction

With their 2030 Agenda for Sustainable Development, the United Nations (2015) set 17 Goals to ensure Sustainable Develop-
ment of our planet. Sustainable Development Goal number 7 aims at ensuring access to affordable, reliable, sustainable and
modern energy for all. In that perspective, reducing the Levelized Cost of Energy (LCoE) coming from wind is essential. Two
factors contributing to this effort are considered here: increasing wind pewereapture-at-farm-sealefarm power capture and
reducing the occurrence of fattures-on-turbinesturbine failures. Wind turbine and wind farm flow control can contribute to these
two objectives.

Individual Pitch Control (IPC) has shown its potential to reduce structural loads, from numerical studies (Bossanyi, 2003)
to experimental demonstrations (Bossanyi et al., 2013). In the mean time, several wind farm flow control strategies have
been considered to mitigate wake effects and maximize power production in wind farms. Static flow control was originally

proposed, mostly wake redirection using yaw control (Fleming et al., 2014; Wagenaar et al., 2012). Dynamic flow control
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has also been investigated, mostly the Pulse approach and the Helix approach. The first one, the Pulse, relies on eelleetive
piteh-eontrol-Collective Pitch Control (CPC) to periodically vary the thrust force of the turbine, at a frequency that is typically
one order of magnitude smaller than the turbine rotation frequency (Yilmaz and Meyers, 2018; Munters and Meyers, 2018).
The resulting changes in induction generate pulsating patterns in the wake, which help it destabilize faster. When it comes
to the Helix approach, mdiﬂéudkpﬁelfeeﬂffeHPC is used to generate sinusoidal variations of the tilt and yaw moments in
quadrature phase (Frederik et al., 2020). ¥ isdi
downstream—taking-As a consequence, the wake propagates downstream following the shape of a helix, and that-its recovery
is alse-enhanced (Korb et al., 2023). Both strategies come with additional loading and pitch bearing activity (Frederik and van
Wingerden, 2022; van Vondelen et al., 2023b).

Let us focus the remainder of this review on pitch actuation-based control strategies, for which wind conditions awareness is
often very limited. In the case of load alleviation using IPC, some studies proposed controllers including explicit information
about the incoming wind, such as the rotor-effective wind speed measured by a LiDAR in Russell et al. (2024). Still, for most

IPC controllers, the measurements used to determine the control actions are the blade loads (Bossanyi, 2003; Lu et al., 2015).

When it comes to dynamic wake mitigationmixing, the Pulse and the Helix strategies act in an open-loop manner;-tmposing

In previous experimental and numerical contributions (van der Hoek et al., 2024; Korb et al., 2023; Taschner et al., 2023), the
itch actuation frequency is fixed for a studied configuration. It is computed based on the mean infinite upstream wind speed

to match a chosen Strouhal number.

Yet refined wind conditions awareness could be essential to develop more efficient controllers (Meyers et al., 2022). When it
comes to load alleviation, Selvam et al. (2009) showed that including a feedforward loop based on wind disturbance estimation
in the IPC scheme benefited-the-reduetion-of-further reduces structural loads. Russell et al. (2024) additionally demonstrated
how LiDAR-assisted feedforward individual-piteh-controlHIPC was improving load alleviation results for turbines operating in
freestream conditions. Coquelet et al. (2022) investigated the case of waked turbines and concluded that it provided challenges,
calling for new IPC schemes accounting for partial or total wake impingement. When it comes to wake mixing, the controllers
act in a dynamic way. How the actuation is phased with respect to turbulent structures in the incoming flow therefore influ-
ences their efficiency in alleviating wake effects. Munters and Meyers (2018) for instance showed, using an optimal control
framework for dynamic induction control, that the vortex rings generated by the optimal controller coincide with bulges that
are naturally present in the wake of the reference case. The turbine actuation thus phases itself with the incoming turbulent flow

structures. van Vondelen et al. (2023a) and Korb et al. (2023) also showed, in the context of a line of three turbines, that the

pitch phase offset between the first and the second turbine influences the power leveraged for the third turbine. The-eapability
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Though these examples highlight the potential of wind conditions awareness in the context of wind turbine and wind farm

flow control, they still lack practical implementation -

—Fhese-due to sensing limitations. Anemometers have been present on nacelles for many years (Smith et al., 2002). Yet, the

only provide information on the wind at the measurement point, making turbines unaware of wake impingement, shear
or turbulent gusts. Their measurements additionally suffer from a number of disturbances rangingfrom—thepresenee—of

s-resulting in unreliable measurements (Bottasso et al., 2018
. Consequently, nacelle-mounted LiDARs have received growing attention, as they provide solutions to these limitations.

these—simple-measurement-deviees—They offer remote sensing and are able to provide a great characterization of the future

incoming-flow;-enablingfeedforward-incoming flow. Most importantly, LIDARSs are able to measure the incoming flow further
upstream from the turbine, hence allowing the controller to prepare for future flow variations. For this reason, LIDARS are good
candidates for feedforward control approaches (Letizia et al., 2023; Scholbrock et al., 2016). Fheugh-industrial-use-of LiDARs

forcontrol-applications-has-beenreported-(Raach; 2021);-They are not a standard yet for modern turbines, likely due to their
cost, complexity of installation, or need for synchronization with the SCADA systemstitHimit-their-broad-use~. However, their

AR A A AR AN AANARA
industrial use has been reported (Raach, 2021) and is likely to generalize in the future.

Alternative methods

speed:—further referred—to-as—the-blade-effective-windspeed-and that load sensors are now typically available for modern
turbines (Cooperman and Martinez, 2015; Bottasso et al., 2018). This is referred to as the rotor-as-a-sensor approach, for which
the structural response of the turbine is used to determine the wind conditions. Conversely to LIDARS, such approaches do
not offer a preview of the future incoming wind, the estimation is limited to the current wind conditions. Several contributions

on the topic rely on estimators deriving from Kalman filters. Simley and Pao (2016) present a linear Kalman filter-based esti-

mator for estimation of hub-height wind speed and wind shear components. Interestingly, the authors show that the estimator
performances degrade when blade pitch actuation occurs due to the nonlinearities appearing in the turbine response. Bottasso
et al. (2018) introduce an extended Kalman filter (EKF) formulation to estimate blade-effective wind speeds. These are then
transformed into sector-effective wind speeds for wake detection application. In Bertele et al. (2017), this approach is extended
to the estimation of inflow misalignment and shear angles through the identification of the blade load harmonics. The EKF ap-
proach is also reported in Lejeune et al. (2022), where the sensing is used to infer flow information to a meandering-capturing
wake model developed for operational wind farm flow prediction. In Brandetti et al. (2023), it is an unscented Kalman filter
that is used for blade-effective wind speed estimation on vertical-axis wind turbines. Other types of estimators have also been

reported, such as a subspace predictive repetitive estimator in Liu et al. (2021) and both a proportional integral notch estimator
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and a Coleman-based estimator in Liu et al. (2022).

This work investigates the ability of these blade load-based estimators to infer the characteristics of the incoming wind when

IPC, the Pulse and the Helix is to use pitch actuation to modify blade loads. We wonder whether a blade load-based estimator
can still be accurate in that context and therefore be used for closed-loop control applications. To answer this question, we
deploy an EKF using the blade out-of-plane bending moments to estimate wind speed both at the rotor scale and at more
local scales, building up on the work of (Bottasso et al., 2018). Kalman- Iter based estimators rely on an internal model

of the turbine relating the measurements and the estimations. Linearized models cover only a small range of turbine opera-
tion and lead to inaccuracies out of that range (Simley and Pao, 2016; van Vondelen et al., 2023a), while nonlinear look-up

tablesBettasse-et-al{2048)-Huetal{202[Bottasso et al., 2018; Liu et al., 2021) cannot account for dynamic effects be-

tween actuation and loads. Regarding the dynamic pitching context is which this paper falls, we propose the use of a dynamic
BEM formulation, covering the whole range of operation of the turbine and accounting for potential delays between pitch ac-
tuation and blade loads. We demonstrate the performance of the estimator using Large-Eddy Simulation (LES). The simulated
blade bending moments and turbine operating parameters are fed to the estimator and the wind speed estimates are validate
against the actual velocity eld retrieved from the LES. We then verify the accuracy of the estimator in cases where pitch

control strategies are active for load alleviation and for wake mixing.

The contributions are thus threefold:

1. Formulate a blade load-based estimator using a BEM as the internal model in the EKF.

2. Include dynamics in the BEM to account for delays between pitch action and blade loads in the context of dynamic pitch

control.

3. Verify the robustness of this estimator to load alleviation and wake mixing control strategies in LES.

The remainder of the paper is organized as follows. Section 2 introduces the EKF and the testing environment. The perfor-
mances of the estimator on a single turbine immersed in turbulent wind are assessed in Sec. 3. The robustness of the blad
load-based estimator is evaluated for turbines using load alleviation and wake mixing control in Sec. 4. Eventually, conclusions
are drawn alongside perspectives in Sec. 5.

2 Methodology

This section presents the structure of the blade load-based estimator and brie y describes the LES environment in which it is

tested.
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2.1 Extended Kalman Filter for wind speed estimation

The general procedure of the EKF theory is recalled before being applied to the estimation of blade-effective wind speeds. How
the latter are then used to reconstruct several characteristics of the wind speed impinging on the rotor is eventually presented.

2.1.1 Extended Kalman Filter
Consider the discrete-time state-space representation of a nonlinear system

Xk =f (XK 1;Uk 1)+ Wi 1; 1)

Yi = h (X ug)+ vi; 2

with x the state vector at time instakty, the output or measurement vectog, the control input vectof. (X, 1;Uk 1) IS
the nonlinear state function aihd x « ;uk) is the measurement functiony is the process noise vector angdis the measure-
ment noise vector. In EKF theory, they are assumed to be zero-mean Gaussian white noise with covarianc@naaitiBes
respectively (Chui et al., 2017).

The purpose of the EKF is to compute an estimate of the unknown statesed on the system model and input/output
signals. It is an extension of the linear Kalman lter in the sense that it generalizes the formulation to nonlinear systems. To
do so, it relies on the Jacobian matrices of the state and measurement functions, for the prediction and correction step respec
tively (Chui et al., 2017).

The prediction step at time consists in computing thee priori error covariance estimak, and thea priori state estimate
R\ , based on the previous estimates of the covariance nRffix and the stat&, ,, and the Jacobian matrix of the state
functionF ¢ ;. The computation is as follows:

@
Fk 1= & 3)
Re Uk 1
Py =Fk 1Py 1Fg 1+Q (4)
R, =f R Uk 1 )

The correction step then makes use of the measurergentcompute the posterioristate estimat®; and thea posteriori
error covariance matrikR ; , based on the Jacobian matrix of the measurement funidtiprthe measurement residygl and



the Kalman gairK . The procedure is as follows:

@
Hk=@ (6)
Ry Uk
1
Ky=P HE R+HP H{ @
150 Py =(1 K¢H)P, (8)
Y= 2k h R ju 9)
Rl = R+ Ky (10)

Figure 1. Block diagramof. the bladeload-basegstimatorelying.on the BEM asinternalmodeland on anextendedkalman. Iter. asan

2.1.2 Estimation of blade-effective wind speeds

We apply the EKF theory to the estimation of blade-effective wind speeds, considering blades as rotating sensors whose

155 bending moments are measured. One estimation is performed for eaclldaddown in the block diagram of Fig. 1.

Control input : The control input vectou consists in the rotation speed of the turbine and the blade pitch angle

160 Uk =[ «; bkl (11)

State The variable to be estimated is the blade-effective wind sgggdyhich is an input to the wind turbine blade system.
To match the EKF formalism, we model this input as a state and do not explicitly model the internal states of the system. The
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one-dimensional state vector therefore writes

Xk = Upk : (12)
State function: The state evolution is modeled as a random walk with process noise

Uok = f(Upk 1)+ Wk 1= Upx 1+ Wk 1: (13)

Considering a random walk is equivalent to assuming that the estimated state is a bias, because the expected value is a col
stant. Using a random walk to model the evolution of the state is thus a simpli cation in this case, as the blade-effective wind

of the blade-effective wind speed as the one proposed in van Vondelen et al. (2023a) would better represent the system dy-
namics. Yet, the random walk was successfully used in the context of blade-effective wind speed estimation in Bottasso et al.
(2018) and Brandetti et al. (2023), because the 1P variations are slow compared to the estimation time-step and can thus b

captured.

Measurement functiont The state is estimated based on the measurements of the blade out-of-plane bending moments,
My, . We model the system using the BEM theory, hence the nonlinear output equation is

Mnye = h(Ubx 5 [ ks kD) + vic (14)
BEM(Ub;k y [ K, b;k])+ Vg - (15)

Note that the original version of the BEM theory is based on the conservation of momentum in a stream tube owing through
the rotor (Hansen, 2015). Therefore, it runs under the assumption of rotor-effective quantities. Appendix A shows how the BEM
is used to return individual blade loads from blade-effective velocities.

Another key assumption of the classical BEM theory, which we further refer to as static BEM, is that the wake is fully
developed and that the induction of the rotor is then (quasi) steady (Hansen, 2015). In Sec. 4.3.1, we will show how this BEM
model can be modi ed to account for the induction changes generated by the pitch control strategies considered in this paper.

Jacobian matrices The expression of the Jacobian matrix for the state function is triviak 1.

As the BEM is an iterative method (see Appendix A), an analytical expression of the Jacobian matrix for the measurement
function cannot be provided. We therefore numerically compute it using central nite differences, Wwith constant value
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tuned manually, following

_h@Gsy + Uil ook b0 Uil ks o)
- 2 U '

K (16)

Note that this procedure requires two more BEM evaluations. Opting for forward nite differences, for example, could save

one evaluation if computational time was to become an issue.

2.1.3 Reconstruction of the incoming wind

that are naturally expressed in the blade rotating frame. They are further manipulated to provide information about the incoming
ow in the xed frame. We also want the information to be provided at a local scale, in order to capture turbulent and shear
patterns in the wind. The rotor is then divided into a chosen number of setctgrnd we map the blade-effective wind speeds

to the sector-effective wind speeds (see Fig. 1). A sector-effective wind §hasdhe mean blade-effective wind speed seen

by the blade as itraveledtravelsacross a secta®. A sector-effective wind speed is updated every time a blade leaves that

sector, i.e. at a 3P frequency. The update procedure is formally given in Appendix B. At every instant, the rotor-effective wind
speectanthenbeis computed as the average velocity of thesectors.

The wind eld can also be synthesized as a sheared plane (see Fig. 1). This provides a representation of the shear preser
in the atmospheric boundary layer through a tilting shear coef cigqt but also gust- or wake-generated shear in the yaw
direction yaw. The least square approximation is used to nd the expression of the plane best tting the sector-effective wind

account for the wind speed at 2 R=3. The target expression for the velocity eld writes
U(y;2)= U+ e y+ yawZ; 17)
with y the vertical direction and the transverse one.

2.2 Simulation environment

by a

Vortex Particle-Mesh method (Chatelain et al., 20&8yvhieh-andwind turbine blades are modeled by Immersed Lifting
Lines (Caprace et al., 2019). The code is coupled to the multi-body-system solver ROBOTRAN that handles the dynamics of

the rigid rotor (Docquier et al., 2013). Turbulence is injected at the in ow using Mann boxes (Mann, 1998). Wind shear can be

uly) -y
Unub Hhub

(18)



wherey is the vertical elevation from the groundy,, andUy, are the hub height and velocity respectively, and the shear
coef cient.

225 3 Validation of the estimator for a single turbine in turbulent ows with no shear

In this section, the estimator is validated for an isolated turbine operating in turbulent wind. The numerical setup is rst
presented, the results are then discussed.

3.1 Numerical setup

The estimator is validated using the NREL 5MW (Jonkman et al., 2009) wind turbine, characterized by a rotor diameter
230 D =126 m, a rated wind speed dfl:4 m/s and a rated rotor speed b2:1 rpm. For this validation study, we consider

in these simulations and no controller is active: the turbine operates at a prescribed rotation speed and collective pitch angle
following Jonkman et al. (2009).

235 The boundary conditions are in ow-out ow in the streamwise directiwnand unbounded in the verticgl, and transverse,

240 canthenbeassessely comparinghemto the ‘groundtruth”, astheadditionalsimulationsprovideanunambiguousie nition

of thefreestreanguantities,Therotor-effectivewind speedsrecomputedasthe averagepveradisk locatedat the positionof

USES = 1 Uxk (X = Xwr ;Y;2) dS; (19)

whereuy is thestreamwisg/elocity eld attimek, xwr is thelocationof thewind turbinein theoriginal simulationandthe

245 spatialintegralis performedoverthe disk areasweptby therotor blades.Theformulationfor the sector-effectivevind speeds

Thetilt andyaw;shearcoef cients, i . and..yau « areretrievedirom the sector-effectivavind speedgisingtheeastsquare



250 3.2 Results

The rotor is discretized into 8 sectors, providing an intermediate spatial resolution in the wind speed estimates. Figure 2 shows
the estimation of the sector-effective wind speed (only one sector is shown for the sake of conciseness), the rotor-effective wind

speed, and the tilt and yaw shear coef cients

255

260

onefer-the O-wind-cenditioneasesguanti ed using the following

Quanti-eation-of-the-The estimator performances
indicators, withN the number of time steps:

1X U U

265  3S[%]= — : 21
0, %] Ni |, Ut (21)
U
s I'1SNk sk Uref

R N (23)

0] = :
Vs nsNk Uret
i LES ;

[%] = iX ) yawk  yawk! . (24)
" Nico 3 maxe JE5, mine (55,

[9%] = 1X J otk e ) (25)
tilt - N . .

Nk 4 maxe 55 mine 4

270 Regardingthe estimationof the rotor-effectivevelocity, the relative absolutegrrorsreportedin Tab. 1 remainunder4%,

10
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Uret [mfs] | 5 | 9 | 15

Tige | 6 10 15| 6 10 15| 6 10 15

P[] |22 2.6 36/17 31 31/05 08 17
@[] |25 34 49/21 46 4510 1.8 30
us [%] |23 25 33/14 25 17/02 03 05
.y (%] | 61 7.9 6.6/58 149 6742 49 49
— 1% [80 79 7776 95 76/ 52 51 56

Table 1.Relative errors for the estimation of the rotor-effective wind speed, the sector-effective wind speed and the shear coef cients for the

9 validation cases.

o\
Yy

8yve We also verify whether
a bias is present in the estimation by computipg. Table 1 shows that a bias aroud®% is present folUes = 15 m/s and

it increases to become of the orderdf 2:5% for Ues =5 mi/s. KaJmam{em—requwe&m{emalmeé&hﬂkmg%hesystem

11



(@) Uref=5 mls, rot=7:5rpm, =0°

(b) Ure;=9 mis, ot=10:3rpm, =0°

(€) Uet=14 m/s, (ot=12:1rpm, =8:7°

12



While the absolute level of the forces is higher in the LES than in the BEM, hence the positive bias in the estimation, the

perception of the temporal and local changes in wind speed, which is what is of most interest for the control pespases

290 targeted in this paper. Would the bias still be an issue, a bias-aware EKF could be used, as suggested by Drécourt et al. (2006
A common practice is to augment the state vector of the original problem with the bias (Friedland, 1969). The EKF therefore
estimates both the state and the bias, as done in the work of Pamososuryo et al. (2023) in the context of wind turbine control.

295 underlyingthe estimatio

bendingmoment(hereobtainedfirom the BEM). Sothe EKF usesthe BEM to synthesizea turbulentwind speeddistribution

300 into.asingleblade-effectivavind speed.Yet awind turbineblade,andasa consequencthe BEM, is nonlinear.Thereforethe

305 combinatiorof localwind speedsttimet, while theestimategector-effectivavind speechttimet is anonlinearcombination

4 Robustness of the estimator to active pitch control strategies

310 While the previous section has focused on validating the estimator, this section aims at testing it in more realistic wind condi-
tions and when controllers are active on the turbine. The choice of the study cases is motivated hereunder.

4.1 Controllers

The estimator presented here relies on blade loads and operating parameters. Both are in uenced by the controller that is active

on the wind turbine. In this section, we verify that the estimator is robust to the chosen control strategy. To do so, we propose
315 simulations in which the three following pitch control strategies are considered: individual pitch control for load alleviation,

individual pitch control for wake mixing and collective pitch control for wake mixing. The implementation of these controllers

is presented hereafter.

13
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A Baseline controller is active in all cases and serves as a comparison for the other cases. It is a classical implementation of
a variable-speed, variable-pitch controller (Jonkman et al., 2009). It relies on generator torque control, maximizing the power
captured below the rated wind speed, and CPC, regulating the collective pitch afdie maintain nominal power production
above the rated wind speed.

For the controllers relying on individual pitch actions, the Coleman transform is used to map xed-frame pitch commands to
rotating-frame ones (Bossanyi, 2003). The individual blade pitch anglgg are retrieved from the xed-frame pitch angles,
tir and yaw, and the collective pitch angle,, based on the inverse Coleman transform:

2 3 2 32 3
1 1 cos sin coll
Pob-fiewos 5o 3 4§ w L
3 1 cos +2% sin +% yaw

where is the azimuthal position of the rst blade € 0 when the blade is pointing upward).

The IPC-based load alleviation controller, further referred to as IPC, consists of two Pl controllers, one for the yaw axis and
one for the tilt axis. They compute the xed-frame pitch commangs.yaw bringing the xed-frame load$/ i .yaw to zero,
in the fashion of Bossanyi (2003). More details on this speci ¢c implementation can be found in Coquelet et al. (2020).

The IPC-based wake mixing controller, further referred to as Helix, is implemented as an open-loop control strategy (Fred-
erik et al., 2020). It imposes sinusoidal variations of the xed-frame pitch angles, namely Asin(2f ,t) and yaw =
Acos(2f ,t). The frequency, is de ned by the Strouhal numbe&t = f;D=U,s, based on the rotor diametBr and the
wind speedJ,e. The pitch actuation generates variations of the tilt and yaw moments, eventually forcing the wake to displace

The CPC-based wake mixing controller generates a pulsing pattern in the wake (see Fig. 3) by periodically changing the
thrust force of the rotor. The position of the wake is not impacted, but its intensity and expansion change over time as a result of

the changes in induction. We further refer to this strategy as the Pulse. It is implemented as a superimposition of low-frequency

is thus dictated by

. Urert
1= 2= 3= oo + Asin zstrT'af : (26)

We perform the LES of a pair of in-line NREL 5MW turbines witb@ spacingFig. 4(a)), such that the estimator can be tested

on a freestream turbine but also on a waked turbine if-lbe/—wind heareandiurbulentin-ordertorepresenatmosphe

athubheightis-equalte-6%—Fheboundarhoundary conditions are in ow-out ow in the streamwise directionslip wall in

14
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Figure 3. Simpli ed representation and description, over a peflad of the Helix (yellow) and Pulse (green) wakes impinging on a down-
stream wind turbine. The colored zone schematically represents the wake de cit, the opacity re ects its intensity while the radius re ects its

expansion.

the vertical directiory, and periodic in the transverse directibnThe numerical domaihasdimensiensfi2D—3b—38b-

would useload alleviation control. We thereforeconsidertwo_casesBaselinecontroller on both turbinesand IPC on both

15



(a) Simulation used to retrieve the operating parameters and
bending moments on the two turbines.

(b) Simulation used to compute reference wind speeds for
the upstream turbine.

(c) Simulation used to compute reference wind speeds for
the downstream turbine.

g:s::;imatog(_a),:zgnq:§:i:r::nulation§:yseqag_ _r_gferenceto_y_erify: :t:he::\:/:vind__§_peec_1_§g_stimates‘or :ghe:::rst :::(b)::and__second_(c) _t_L_J__r_bines.:QnIy::t:he
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Baseline _Baseline | Baseline _Baseline

IPC Baseline IPC IPC

Figure 5 shows the impact of the controller on the operating parameters and the out-of-plane moments. The Baseline case
shows that, if the pitch is equal for all blades, the effect of shear and turbulence generates 1P oscillation$,{peviothe

blade bending moments.

These vary individually at the 1P frequency, the amplitude of the actuation varies with time as the controller operates in closed
loop.

For the Pulse, all blades are pitched at the same angle. Given the Strouhal nuér tbfe actuation period, is about
ten times the rotation period. The amplitude of the pitch oscillations is constant as the stratpgyisepopen-loop. The

mean value of the out-of-plane moments is marked by this periodicity and displays the changes in rotor induction.
For the Helix case, it comes from the Coleman transform that the pitching frequetyéis+ 1 =T, (see Frederik et al.

value of the bending moments, as the individual pitch action is performed in a three-phase mannet2@itbfiset between
each blade. Rather, the effect is also visible on the amplitude of the bending moments, which is sometimes increased (arounc
t =20 sin Fig. 5) and sometimes decreased (ardun&0 s in Fig. 5). The effect is better understood looking at tilt and yaw

moments, as those become quadrature phase sinusoidal signalslwiihfaequency.

17



Figure 5. Effect of the control strategy on rotation speed, blade pitch angles, and out-of-plane bending moment. One color shade is used
for each blade. The time axis is given in seconds and rotation pefigd®r the Baseline and IPC controllers as the dominant effects are

observed at 1P in those cases. For the Pulse and the Helix, time is made dimensionless using the actuafign period

This section has highlighted how the control strategies considered in this work impact the state of the turbine, i.e. its operating
parameters and the loads it experiences. This further motivates the need to verify the robustness of the blade load-base
estimator to the pitch control strategy active on the turbine. It also points at verifying the accuracyreftheedelusedin

18
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4.4 Handling-effectsof-dynamicactuationin-the BEM-

In the current formulation of the estimator, the internal model relies on the BEM theory. As discussed before, the standard

BEM behavessastaticmappingbetweermaps the operating parameters of the turbine and the wind speedo the forces

which underlies that the induction of the blades and thus the induced velocities around them are (quasi) steady. Yet the Pulse
and the Helix inherently generate periodic variations of the induction, hence the wake is never fully developed. Through the
collective pitch actuation, the Pulse changes the induction of the entire rotor. When it comes to the Helix, the individual pitch
actuation changes the local induction of each blade. A time delay therefore exists before equilibrium is reached between the
induction factors and the aerodynamic loads. In order to account for it, we propose to make use of a dynamic formulation for
the BEM, based on the work of Snel and Schepers (1995). Appendix A presents how the quasi-steadyaedtalgential

upstream velocity andis the local radius of the considered blade section (see Fig. Al).

Following Snel and Schepers (1995), the induced velocities are Itered with the following rst-order differential equations

AdWint AW int W gs AW gs
P = + k —_— : 27
WWint+ 1 di_dt WWgs+ Kz li::::dt , (27)
dw dw

wWw + 2EE = WWint; (28)

wherew W i is a working variablek; = 0:6is a constant and, and » are time constants.

The corrected induction factors are retrieved from the corrected induced veleeitiésvwitw_= [ wp ; W] following

[a; &% = [Wn=Up; We=( rot!)]: (29)

We further refer to the BEM without dynamic effects as the static BEM and to the one enhanced with dynamic effects as
the dynamic BEM. The tunable time constanisand , for the dynamic BEM are calibrated against LES data. To do so, we
perform the simulation of the NREL 5MW in uniform in ow with no shearldt: =9 m/s when the Pulse and the Helix are

the reference.
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Figure 6 compares, over one peridg, the BEM values with those provided by the LES for the local induction and the

out-of-plane bending moment.

430 It shows that, with the static BEM, the axial induction is in direct phase opposition with the pitch angle. It behaves as if, as
soon as the pitch angle increases, the induced velocities are reduced. When considering the dynamic effects, a certain dela

appears, which is different for the Pulse and the Heltke.
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TSRbeingthetip speedatio, we recallthatthe pitchingfrequencyof the bladef picn is
f picn = fp = St % @32)

i TSR U

inaccurate loads. Including dynamic effects in the BEM therefore increases the accuracy of the internal model of the estimator,
which should improve the quality of the estimate provided by the EKF.

We divide the rotor into four sectora§ = 4) placed as a cross, which leads to a top, right, bottom, and left sector. This allows
us to capture the effects of shear thanks to the top-bottom differences and the effects of gust or wake impingement through the
left-right imbalances. We rst comment the results of the estimator in its original formulation, i.e. tingrggatic BEM. Time

series of the rotor-effective and sector-effective wind speeds are provided in Fig. 7, along with their Power Spectral Density

When it comes to the rotor-effective wind speed, the estimations are almost identical for the Baseline, IPC and Helix cases.
When the Pulse is active on the turbine, oscillations appear in the wind speed estimate at the Pulse frequency. For the sector
effective wind speed, these oscillations are present not only for the Pulse but also for the Helix.

This highlights that neglecting the dynamic effects in the internal model of the system, as it is done with the look-up table
approaches in Bottasso et al. (2018), Liu et al. (2021) or Liu et al. (2022), is inadequate for the considered application. When
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the static BEM is used, the expected measurement provided by the internal model in the EKF is not accurate. There is a mis-
match with the actual measurement, and the wind speed estimate is wrongfully corrected in the correction step. For the Pulse
this leads to periodic oscillations of both the rotor-effective wind speed and the sector-effective wind speed at the actuation
frequencyl=T,. With the Helix control, the changes of induction are performed individually at each blade in a three-phase
manner, with d 2@ offset between each blade. The inaccurate oscillations therefore appear on the blade-effective wind speeds,
but they cancel out at the rotor scale.

Figure 7 presents the result of the estimators once dynamics is taken into account in the internal BEM model. The estimates
are now identical whatever the control strategy active on the turbine: the adapted estimator is robust to the control strategy.
The capacities of the estimator described in Sec. 3 and demonstrated by several studies in the literature are then retrieved. Th
estimator is able to recover the higher velocities in the top sector, the intermediate ones in the left and right sectors, and the
lower ones in the bottom sector. It is thus able to capture turbulence, shear, gusts, etc. The estimation errors are reported ir
Table 3 and are close &%6.

‘Baseline‘ IPC ‘ Pulse‘ Helix

f"ﬁs [%] | 545.2 547 | 5249 | 53149
f’,bss [%] | 5754 | 5350 | 555.2 | 5552
us [%] | 5554 | 5:64.9 | 5351 | 535.1

The overestimation bias discussed in Sec. 3 is also observed, yet it is &¥%imere, while it was arountt5 2%in the
validation case at the sanfem/s wind speed. We attribute this increase in bias tostitespsetupused for the simulations.

the LES increase when the resolution decreases due to poor capture of the tip losses (Moens et al., 2018). The mismatche
between the internal model (BEM) and the actual system (LES) is higher with the simulations in this section than with those
from Sec. 3. In the correction step, the EKF therefore corrects the velocity to a higher value than it should. As suggested before,
this could be corrected with bias estimation (Friedland, 1969).

44 Fesclsesnesevnsre o s a s

The Pulse and the Helix are wake mixing control strategies, which means that their purpose is to modify the wake. Namely,
the Pulse is expected to generate a pulsing sequence in the wake, with alternating zones of lower and higher wéiteities
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(a) Time series of the estimated wind speeds using static BEM. (b) Time series of the estimated wind speeds using dynamic BEM.

(c) Power spectral density of the time series using static BEM. (d) Power spectral density of the time series using dynamic BEM.
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verify the performances of the estimator in waked ows and its ability to capture the frequency content added to the wake by
the Pulse and the Helix.

Figure 8(a) shows that the estimator performs reasonably well in waked conditions, capturing the large-scale changes in the
wind. Yet, the estimation somewhat deteriorates compared to the upstream turbine case, as Table 4 reports. TWo reasons ce
be mentioned to support the bigger discrepancies and stem from the inherent characteristics of a wind turbine wake: reducec
velocity and higher turbulence. On the one hand, the ow dynamics is harder to capture due to the complexity and randomness
of turbulence: i i i i i

blade-to-sectoeonversionOn the other hand, the BEM loses accuracy at lower velocity, hence the bigger bias present in the

estimation 6% on average against tt&46 for the freestream turbine).

Figure 8(b) shows that the estimator is able to capture the frequency content added to the wake by the Pulse and the Helix

control strategies. Looking back at the time seriesaddecperiodicitycanalsebeobservedttismeostlyit is also interesting
to notice that the phase at which higher and lower velocity ow parcels are impacting a sector, or the rotor, is properly captured.
This is an interesting result from the perspective of applying the Helix or the Pulse to deeper lines of turbines. The downstream

turbine could therefore also be actuated with the Helix or the Batbelo do sain an

action with the periodic perturbations already present in the wake, as proposed in van Vondelen et al. (2023a) or Korb et al.
(2023).

2| 64 | p2| 66 | 58
flJbss [%] 70 69 73 66

Table 4.9 m/scaseWind speedestimatiorerrorsfor the downstreamurbine(WT2). The controllerrefersto the controllerthatis activeon
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(a) Time series of the estimated wind speeds.

(b) Power spectral density (PSD) of the time series.

model in the EKF. Reference velocities (black) are extracted from the LES with the sole upstream turbine operated with four different control

strategies: Baseline (blue), Pulse (green) and Helix (yellow).
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showsthe time seriesof the wind speedestimategor the wo, turbines The staticBEM js ysedasinternal model, Separate

sub guresareusedfor thedownstreanurbingasthewakeis somewhatlifferentwhetherPC is usedon the upstreanturbine

or not (Wang et al., 2020)The referencewind speeds thusslightly different for the two casesasit canbe observedyvhen

First, resultsshowthatthe staticBEM is_suf cient in thesecases CPCfor powerregulationis activein the Baselinecase

directconsequencef the higherwind speedthe BEM is. more accurateat reducecthrustcoef cients andthe estimationis
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Baseline | IPC | Baseline | IPC

WT1 WT1 WT2 WT2

07 1% 4 |14 18 | 18
02 1% 20 | 20 2% | 26
s [%] 5115 19 1 20

s it [%] 110 109 202 207
Loyaw [%] 177 171 177 161

Table 5. 14 m/scaseWind speedsandshearcoef cients estimationerrorsfor the two turbines(WT1 andWT2). The latter areeitherboth

5 Conclusions

This work assesses the ability of a blade load-based wind speed estimator to accurately sense the characteristics of the incon
ing wind when both collective and individual pitch control is active at the turbine.

530 The proposed estimator relies on Extended Kalman lter, whose internal model of the system is based on the BEM¢heory.

dynamicchangesn blade induction. Indeed, the static BEbnotanaccuratenodelwhenthe Pulseor the Helix areactiveon

535 theturbine,asthe staticBEM considers an immediate reaction of the blade loads to the pitch actdatiaming-, It ignores

the unsteady effects in the wake related to the changes in indugtibantoad-alleviationrtPCis-used;unsteadyeffectsare

the model is the

540 solution we propose to make the EKF robust to the controller active on the turbine. This contribution is essential if the EKF is

to be used for state-feedback control, the application targeted for this tool.

545 formutationin-whichitisnetimpacting-FertPC-Indeed,usingIPCfor load alleviation inwakeecomplexwind conditions

is still challenging and could bene t from explicit information on local wind speeds and global shear coef cients provided by

the estimator. For the Pulse and the Helix controllers, sensing the incoming ow is needed for them to be used in a closed-loop
manner. This would allow them to optimally phase their dynamic actuation with the dynamics of the incoming ow struc-
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Accountingfor blade exibility .modi es thebladeroot momentsn threeways:meanvalue,amplitudeof the _uctuations and

bladeconeanglearenot takeninto accountthe rotor is considerechsa at disk perpendiculato the in ow. Algorithm Al

recalishighlights the key steps of the BEM computatiorithe. Thelatteris performedn aniterativemannemuntil thevalue

be taken into account (see Sec. 4.3.1). We refer to Hansen (2015) for more details.

(a) Reference frame for the forces computation (b) Velocity triangle at a cross-section of the blade
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