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Abstract. Pitch actuator usage under Individual Pitch Control is typically assessed a posteriori through computationally expen-

sive aeroelastic simulations. This work proposes a spectral methodology to predict the pitch rate probability density function

during linear control design stage, enabling the estimation of actuator duty cycle and rate saturation probability. The pitch

rate is characterized as a Sine-on-Random process whose deterministic and stochastic parameters are estimated from operating

point values, equivalent disturbance spectra and closed-loop transfer functions. Validation on the IEA 15 MW Reference Wind5

Turbine under turbulent inflow shows maximum errors of 0.79% and 0.59% for both indicators, respectively, providing an

efficient methodology for designing linear controllers that explicitly account for actuator usage and limitations, while reducing

reliance on iterative aeroelastic simulations.

1 Introduction

The continuous upscaling of wind turbines has contributed substantially to the growth of wind energy installed capacity by10

increasing energy capture and reducing generation costs (Henrique et al., 2025). However, larger rotor are exposed to greater

spatial variability of the inflow, increasing asymmetric structural loads and the need for effective control strategies to reduce

them (Canet et al., 2021; Bošnjaković et al., 2022). At the same time, longer and heavier blades impose increasingly demanding

requirements on pitch actuators, mainly because of their rotational inertia and pitching loads (Jeong et al., 2025). These require-

ments can significantly affect the sizing and cost of the pitch system (Pusch et al., 2024). Consequently, modern wind turbines15

face a growing need for asymmetric load reduction while capabilities of their pitch actuators are increasingly constrained.

In this context, Individual Pitch control (IPC) is one of the most established strategies for mitigating asymmetric loads

(Bossanyi, 2003). However, its load reduction effect is followed by a substancial increase in pitch actuator activity (Bossanyi,

2005). Therefore, a direct trade-off exists between structural load mitigation and actuator usage, making pitch actuator limita-

tions particularly relevant when designing IPC strategies.20

In conventional control design, this trade-off is generally assessed a posteriori through aeroelastic simulations. After the

controller is designed, its load reduction performance and actuator usage are evaluated. If the resulting compromise is not
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acceptable, the controller is retuned and the simulations are repeated. As illustrated in Figure 1, this leads to an iterative design

and validation process in which computationally expensive aeroelastic simulations remain within the controller tuning loop.
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Figure 1. Definition of the blade rotating frame (blue) and the rotor fixed frame (red).

The increasing relevance of pitch actuator constraints has motivated the development of control strategies that account25

for actuator behavior during controller design. Existing approaches can be broadly classified into two groups. The first one

comprises IPC formulations aimed at reducing actuator activity, commonly quantified through the actuator duty cycle (ADC)

indicator, while maintaining the load reduction performance. The second group focuses on the explicit treatment of physical

actuator constraints, particularly rate limitations, either by mitigating the effects of saturation or by incorporating the constraints

directly into the control formulation.30

Within the first approach, Vali et al. (2016) developed a MIMO IPC architecture which improves both load redution and

actuator utilization compared with a conventional SISO formulation. Similarly, Aktan and Bottasso (2023) introduced a non-

linear PI controller that reduces the actuator duty cycle (ADC) while maintaining the load reduction performance against a

conventional PI controller. More recently, several output-constrained IPC schemes have been proposed to optimize the trade-

off between actuator usage and load mitigation. These include the constrained subspace predictive repetitive control (cSPRC)35

proposed by Liu et al. (2022) and the ℓ∞ and ℓ2-based formulations developed in Hummel et al. (2025). Other studies have

also achieved reductions in actuator activity through the use of virtual actuators (Hovgaard et al., 2024) or by introducing

an azimuth offset in the inverse Multi-Blade Coordinate (MBC) transformation to improve the decoupling between the IPC

control actions (Mulders et al., 2019).

The second approach addresses the physical constraints of the pitch actuator more explicitly. Within this category, anti-40

windup schemes are used to mitigate performance degradation and potential instability once actuator saturation occurs (Kanev,

2009; Unguran et al., 2019; Wang and Gambier, 2021). Although these methods improve the closed-loop response under satu-

ration, actuator constraints are not generally considered during the design of the controller. Other approaches incorporate these

limitations more explicitly into the control design. Model predictive control (MPC) can directly impose actuator constraints

within the optimization problem (Petrović et al., 2021; Liu et al., 2021), whereas preview control strategies use information45

about incoming disturbances to anticipate the required pitch action and facilitate compliance with actuator limits (Laks et al.,

2010).

Despite these developments, no general and computationally efficient framework is avaliable for predicting actuator usage

during the design of conventional linear controllers. Actuator related quantities are still commonly evaluated a posteriori from

aeroelastic simulations, while their explicit consideration during controller design may require complex control architectures50
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or additional sensing systems. Therefore, a predictive framework is needed to support controller tuning and enable candidate

control configurations to be compared before aeroelastic validation.

Previous studies have shown that statistical properties of wind turbine signals can be predicted during linear controller

design by combining disturbance spectra with closed-loop transfer functions, for example to formulate fatigue-related design

specifications (Hammerum et al., 2007; Miquelez-Madariaga et al., 2026). Following this approach, the authors previously55

proposed a spectral methodology to estimate pitch actuator rate saturation probability during linear controller design (Lacheta-

Lecumberri et al., 2026b). Under a Gaussian assumption of the pitch rate probability density function (PDF), the method

combines the disturbance spectrum and the closed-loop transfer function to estimate the probability of exceeding the actuator

rate limit. This work provides the basis for the design workflow shown in Figure 2, in which statistical indicators of actuator

usage are introduced as design criteria to support controller tuning and the comparison of control configurations reducing60

reliance on iterative aeroelastic simulations.
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Figure 2. Definition of the blade rotating frame (blue) and the rotor fixed frame (red).

However, the previous formulation was developed for collective pitch actions, for which the assumption of Gaussianity in the

pitch rate signal was appropiate. Extending this approach to IPC is not straightforward. IPC control actions are generated in the

fixed frame while actuator constraints are defined in the rotating frame. Moreover, the inverse MBC transformation introduces

deterministic components to the pitch signal that may substantially modify the pitch rate distribution.65

To address these challenges, this work extends the previous work by developing the prediction of the complete PDF of

the individual blade pitch rate under IPC configurations. The pitch rate is analytically decomposed into a deterministic and a

Gaussian stochastic contribution, allowing its distribution to be characterized through a Sine-on-Random (SoR) model. The

deterministic and stochastic parameters are estimated from operating point values, equivalent disturbance spectra and closed-

loop transfer functions. Once the pitch rate PDF is reconstructed, statistical indicators of actuator usage can be evaluated70

direclty during linear controller design, reducing reliance on iterative aeroelastic simulations. The methodology is then applied

to predict pitch actuator duty cylce (ADC) and rate saturation probability (Psat), and is validated against turbulent aeroelastic

simulations for two IPC configurations.

The remainder of the paper is organized as follows. Section 2 provides an overview of the conventional IPC formulation,

the equivalent disturbance framework and the SoR distribution. Section 3 presents the analytical characterization of the pitch75

rate distribution and the estimation of the statistical indicatiors from the predicted PDF. Section 4 validates the proposed

methodology through turbulent aeroelastic simulations and Section 5 summarizes the main conclusions and describe future

research directions.
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2 Theoretical background

This section summarizes the theoretical background required to predict the pitch rate distribution under Individual Pitch Control80

(IPC). The conventional IPC formulation is first introduced, establishing the fixed-frame representation of asymmetric pitch

actions. Secondly, a equivalent disturbance framework is presented, enabling the spectral reconstruction of closed-loop signals

through a three-disturbance MIMO representation. Finally, the Sine-on-Random (SoR) distribution is reviewed, providing the

probabilistic framework used to describe signals containing both deterministic periodic and stochastic contributions.

2.1 Conventional IPC design85

Conventional IPC implementations are formulated in the fixed-frame 0dq reference system through the Multi-Blade Coordinate

(MBC) transformation (Park, 1929). Given a set of blade signals expressed in the rotating frameM123(t) = [M1(t),M2(t),M3(t)]
T ,

the direct MBC transformation T (ψ(t)) is defined as



M0(t)
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Mq(t)


=
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)
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(
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3

)

sin(ψ(t)) sin
(
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3

)
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(
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


M1(t)

M2(t)

M3(t)


 , (1)

where ψ(t) denotes the rotor azimuth angle of the reference blade. Figure 3 illustrates the relationship between the rotating90

blade frame and the fixed frame. Asymmetric blade moments are projected onto two virtual load components, Md and Mq ,

associated with the tilt and yaw directions of the rotor, respectively. This transformation converts once-per-revolution load

variations into slowly varying signals, enabling the application of standard linear control techniques.

Figure 3. Definition of the blade rotating frame (blue) and the rotor fixed frame (red).

IPC controllers act on Md and Mq to generate virtual pitch commands βd and βq , whereas M0 is generally excluded from

the IPC strategy. For the design of these controllers, the linearized wind turbine model is also transformed into 0dq frame (Bir,95

2008), yielding the block diagram depicted in Figure 4.
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The virtual pitch commands are subsequently transformed back to individual blade pitch references through the inverse

MBC transformation T−1(ψ(t)),



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3

)

1 cos
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3

)
sin

(
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3
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
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
 , (2)

where β0(t) denotes the collective pitch command typically generated by the rotor speed controller. The resulting individ-100

ual blade pitch references are then applied to each pitch actuator system, producing blade pitch actions aimed at mitigating

asymmetric structural loads.

2.2 Equivalent disturbance framework

To enable the spectral analysis and estimation of asymmetric signals of the system, the equivalent disturbance framework

proposed in Lacheta-Lecumberri et al. (2026a) is adopted. The distributed aerodynamic excitation is represented by three105

equivalent disturbances, denoted by W eq
0 , W eq

d and W eq
q , associated with the collective, tilt and yaw components of the inflow,

respectively. The resulting closed-loop representation shown in Figure 4, explicitly incorporates these disturbances as inputs to

the wind turbine model, yielding a MIMO formulation suitable for spectral analyses.

+
-

+

+

+

Figure 4. Augmented diagram block including the equivalent wind disturbances, used for the spectral propagation and output estimation,

and proposed for advanced control designs.
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Let G(jω) denote the closed-loop transfer matrix from the equivalent disturbances to the selected outputs. The output

spectral matrix is estimated as110

Syy(ω) =G(jω)Sww(ω)G
H(jω) (3)

where Sww(ω) ∈ R3×3 is the spectral matrix of the equivalent disturbances and (·)H denotes the Hermitian transpose (Ljung,

1987). It is assumed that the statistical properties of the equivalent disturbances remain invariant with respect to the control

configuration under consideration and that the collective and asymmetric components are statistically independent, leading to

Sww(ω) =




S00(ω) 0 0

0 Sdd(ω) Sdq(ω)

0 Sqd(ω) Sqq(ω)


 , (4)115

where S00(ω), Sdd(ω) and Sqq(ω) are the auto-spectra of W eq
0 , W eq

d and W eq
q , respectively, while Sdq(ω) and Sqd(ω) denote

the cross-spectra between the asymmetric components.

A key feature of this framework is that, once the equivalent disturbance spectra have been characterized from a baseline set

of aeroelastic simulations, the PSDs of system signals can be estimated for alternative control configurations using only the

corresponding closed-loop transfer functions. Consequently, the spectral response of both collective and asymmetric signals120

can be predicted without requiring additional aeroelastic simulations, providing direct access to their PSDs and associated

statistical properties. In the present work, this capability is exploited to estimate the PSDs of the IPC pitch commands in the

0dq frame, providing the basis for the pitch rate distribution estimation developed in the following sections.

2.3 Sine-on-Random (SoR) distribution

Let x(t) be a process consisting of a sinusoidal component y(t) of amplitude A and angular frequency ωA, combined with125

a stationary Gaussian process n(t). Figure 5a illustrates a representative realization of this type of signal. Assuming both

components are statistically independent, the process can be expressed as

x(t) = y(t)+n(t) =Acos(ωAt)+

P∑

p=1

[bp cos(ωpt)+ cp sin(ωpt)] . (5)

where ωp = p dω, being dω the width of the frequency band associated with the p-th component, and bp and cp follow a

Gaussian distribution with zero mean and standard deviation σn (Zucca et al., 2021), given by130

σ2
n = E

[
(n(t))2

]
. (6)

For a stationary process, the same quantity can be equivalently obtained from the signal power spectral density (PSD) as

σ2
n =

1

2π

∞∫

0

Snn(ω)dω. (7)
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n(t) | Random part

y(t) | Deterministic part

x(t) | Sine-on-Random

(a) Temporal example of a SoR signal with A/σ = 2.

x

px(x)
A=< = 0

A=< = 1

A=< = 2

A=< = 3

A=< = 5

(b) Probability density function as a function of A/σ (adapted from Zucca

et al. (2021)).

Figure 5. Temporal and probability distribution examples of SoR signals.

Although the probability density function (PDF), px, of x can be obtained either by convolving the individual distributions

of the sinusoidal and Gaussian components or by computing the inverse Fourier transform of the corresponding characteristic135

function, the latter approach is adopted here due to its simpler formulation (Stephen O. Rice, 1945).

The characteristic funtion of x is given by

ϕx(ζ,A,σ) = ϕy(ζ,A)ϕn(ζ,σ) = J0(Aζ)exp

(
−σ

2ζ2

2

)
. (8)

where J0 denotes the Bessel function of order zero.

Applying the inverse Fourier transform yields the probability density function140

px(x,A,σ) =
1

π

∞∫

0

ϕx(ζ,A,σ)cos(xζ)dζ. (9)

As can be observed, the distribution depends only on the sinusoidal amplitude A and the standard deviation of the Gaussian

component σ. Figure 5b compares several values of the ratio A/σ. When the Gaussian component dominates (A/σ≪ 1), the

distribution converges towards a normal distribution. But, as the sinusoidal component becomes dominant, the distribution

progressively differs from Gaussianity and presents heavier tails.145

Once the PDF is defined, probability-based quantities can be computed by integrating the distribution over the corresponding

range of values (Feller, 1957). For instance, expected values of functions of the signal can be obtained directly from the PDF.

For a generic function g(x), the expected value is defined as

E[g(x)] =
∞∫

−∞

g(x)px(x,A,σ)dx. (10)
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Similarly, the probability of exceeding the value q can be computed by integrating the PDF between this value and infinite150

as

P (X > q) =

∞∫

q

px(x,A,σ)dx. (11)

These properties enable the direct computation of actuator-related indicators from the predicted pitch rate PDF. In the

following sections, they are used to estimate the Actuator Duty Cycle (ADC) and the rate saturation probability for different

control configurations without relying on time-domain aeroelastic simulations.155

3 Pitch rate distribution under IPC

The periodic pitch activity introduced by IPC modifies the statistical distribution of the pitch rate signal with respect to con-

ventional collective control scenarios. As a result, the Gaussian approximation may no longer be sufficient and a more general

distribution model is required to describe the pitch rate behavior under IPC.

To this end, Section 3.1 derives an analytical decomposition of the IPC pitch rate signal into deterministic and stochastic160

components. Based on this decomposition, Section 3.2 presents the estimation of the SoR parameters directly from the oper-

ating point steady-state values, the closed-loop transfer functions and the equivalent disturbance spectra introduced in Section

2.2. Finally, in Section 3.3, actuator usage indicators are computed from the estimated pitch rate PDF.

3.1 Analytical decomposition of pitch rate

Since pitch actuator limitations affect to the individual blade pitch signals, the analysis must be conducted in the rotating frame.165

Therefore, the starting point is the application of (2), which relates the individual blade pitch commands to the collective and

IPC control actions generated in fixed-frame coordinates.

Assuming constant rotor speed and zero initial azimuth angle, such that ψ(t) = Ωt, the pitch command for blade 1 is given

by

β1(t) = β0(t)+βd(t)cos(Ωt)+βq(t)sin(Ωt) . (12)170

Differentiating this expression with respect to time yields

β̇1(t) = β̇0(t)+ β̇d(t)cos(Ωt)+ β̇q(t)sin(Ωt)+Ω[βq(t)cos(Ωt)−βd(t)sin(Ωt)] . (13)

In order to understand the statistical nature of this expression, each fixed frame command is decomposed into a constant (̄·)
and a fluctuating component (̃·).

Starting with the contribution associated with the mean values, only the constant terms of the pitch commands are retained175

in the pitch rate expression, yielding the following deterministic contribution to the blade pitch rate signal

β̇1,det(t) = Ω
[
β̄q cos(Ωt)− β̄d sin(Ωt)

]
, (14)
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which can be rewritten as a single sinusoidal component as

β̇1,det(t) =Asin(Ωt+ϕ), (15)

where180

A=Ω
√
β̄2
d + β̄2

q , (16)

and ϕ is a constant phase shift. Thus, the mean values of the IPC pitch commands generate a deterministic harmonic component

in the blade pitch rate signal at the rotor frequency Ω. The amplitude of this contribution is fully determined by the constant

components of the dq pitch commands through the parameter A.

The stochastic contribution β̇1,fluc(t) is given by the fluctuating components of (13) which depend on the closed-loop re-185

sponse of the collective and IPC control loops. This leads to

β̇1,fluc(t) =
˙̃
β0(t)+

˙̃
βd(t)cos(Ωt)+

˙̃
βq(t)sin(Ωt)+Ω

[
β̃q(t)cos(Ωt)− β̃d(t)sin(Ωt)

]
. (17)

The complete pitch rate signal can therefore be expressed as the superposition of a deterministic sinusoidal and a stochastic

component,

β̇1(t) = β̇1,det(t)+ β̇1,fluc(t). (18)190

Assuming that the stochastic contribution can be approximated as a Gaussian process, the resulting pitch rate signal is

consistent with the Sine-on-Random formulation introduced in Section 2.3. Therefore, the statistical characterization of the

signal reduces to the estimation of the deterministic amplitude A and the standard deviation σ of the stochastic contribution.

3.2 Estimation of SoR parameters

Once the pitch rate signal under IPC is decomposed into the sum of a deterministic periodic component and a stochastic195

component, its statistical distribution can be represented using the SoR formulation introduced in Section 2.3 as

pβ̇1
(β̇1,A,σ) =

1

π

∞∫

0

ϕβ̇1
(ζ,A,σ)cos(β̇1ζ)dζ. (19)

Therefore, the estimation of this distribution reduces to detemining the two parameters defining the PDF: the amplitude of

the deterministic component A, and the standard deviation of the stochastic component, σ. The following subsections present

analytical procedures for estimating both quantities directly from the closed-loop spectral representation of the system.200

3.2.1 Deterministic component A

As shown in the previous subsection, the deterministic component of the IPC pitch rate signal is determined by the mean values

of the virtual commands in the fixed frame. These values are originated from the periodic pitch activity inherently required to

compensate for the asymmetric loading present at the operating point (op). Provided that the closed-loop system is stable, the
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mean values of the virtual pitch commands β̄d,q are determined by the operating point conditions and are independent of the205

particular IPC controller design.

Let G(0) denote the steady-state gain matrix of the linearized wind turbine model, relating the virtual pitch βdq commands

to the fixed frame load components Mdq and let Md,ref and Mq,ref denote the IPC load references (typically set to zero).

Under this asumption, the operating point values of the IPC pitch commands are obtained from

βd,op
βq,op


=G(0)−1


Md,ref −Md,op

Mq,ref −Mq,op


 , (20)210

which yields

βd,op =
(Md,ref −Md,op)Gqq(0)− (Mq,ref −Mq,op)Gdq(0)

Gdd(0)Gqq(0)−Gdq(0)Gqd(0)
, (21)

and

βq,op =
(Mq,ref −Mq,op)Gdd(0)− (Md,ref −Md,op)Gqd(0)

Gdd(0)Gqq(0)−Gdq(0)Gqd(0)
. (22)

Since the operating point values correspond to the mean values of the virtual pitch commands, the deterministic amplitude215

A defined in (16) can be directly written as

A=Ω1P

√
β2
d,op+β2

q,op (23)

where Ω1P denotes the rotor rotational speed, which can be defined through the operating point values too. Therefore, the

parameter A can be determined directly from the operating point loads and the steady-state gains of the linearized plant,

without requering knowledge of the specific IPC controller tuning.220

3.2.2 Stochastic component σ

According to the decomposition derived in Section 3.1, the stochastic contribution of the blade pitch rate signal is given by

(17). Within the SoR framework, σ is defined as the standard deviation of this fluctuating contribution. Therefore, the objective

of this subsection is to derive an analytical expression for the variance of ˙̃
β1(t) in terms of the statistical properties of the

collective and IPC pitch signals.225

For notational simplicity, the tilde notation is omitted in the remainder of the subsection. Therefore, all variables in the

following derivation refer to their zero-mean fluctuating components.

The derivation assumes stationary zero-mean pitch fluctuations, an statistically constant rotor speed and a rotor azimuth

uniformly distributed over [0,2π] for sufficiently long observation intervals.

Following (6), the variance of the stochastic component is computed from (17) as230

σ2
β̇1

= E
[
β̇2
1(t)

]
. (24)
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After expanding the expression, variance and covariance properties are applied. Under the assumption of uniformly distributed

azimuth, the trigonometric terms introduced by the inverse MBC transformation satisfy

E [sin(Ωt)] = E [cos(Ωt)] = E [sin(Ωt)cos(Ωt)] = 0, E
[
cos2(Ωt)

]
= E

[
sin2(Ωt)

]
= 1/2. (25)

Through these relations, the variance of the stochastic pitch rate contribution is obtained as235

σ2
β̇1

= σ2
β̇0

+
1

2

(
σ2
β̇d

+σ2
β̇q

)
+

1

2
Ω2

(
σ2
βd

+σ2
βq

)
+2ΩCov(β̇d,βq). (26)

This expression provides a direct analytical way to compute the standard deviation of the stochastic blade pitch rate com-

ponent in the rotating frame from the variances of the pitch commands expressed in the fixed frame and the covariance term

coupling the dq axes. Its practical relevance lies in the fact that all the variance and covariance terms of the expression can be

obtained from the PSD of the corresponding fixed-frame signals.240

Based on (7), the variance of the time derivative of a pitch command can be obtained by multiplying its PSD by ω2 as

σ2
β̇i

=
1

2π

∞∫

0

ω2Sβiβi
(ω)dω, i ∈ {0,d,q}. (27)

Similarly, the covariance term can be obtained from the corresponding cross-spectral density as

Cov(β̇d,βq) =− 1

2π

∞∫

0

ω Im
(
Sβdβq (ω)

)
dω. (28)

Since all the terms in (26) can be obtained from auto-spectral and cross-spectral densities (CPSDs), the stochastic parameter245

of the SoR distribution can be estimated entirely in the frequency domain. In particular, the required PSDs and CPSDs of

the fixed-frame pitch commands can be predicted using the equivalent-disturbance framework introduced in Section 2.2. By

propagating the PSDs of the equivalent disturbances through the corresponding closed-loop transfer matrix, the variances

required can be obtained without performing additional aeroelastic simulations for each control configuration.

Although the derivation is presented for blade 1, the remaining blades differ only through the constant phase shifts introduced250

by the inverse MBC transformation. Since the expected values of the trigonometric functions are invariant to a constant phase

shift, it can be assumed that the three blades have the same stochastic pitch rate variance under the adopted assumptions. The

same reasoning applies when a constant azimuth offset is included in the inverse MBC transformation (Mulders et al., 2019).

3.3 Actuator indicators from the predicted pitch rate PDF

Once the pitch rate PDF has been reconstructed from the estimated SoR parameters, several statistical conclusions can be255

drawn regarding actuator usage for a given control configuration. In particular, actuator-related indicators can be computed by

integrating the distribution over the corresponding ranges of interest. This enables quantities normally evaluated from time-

domain simulations to be predicted during the linear control design stage. The following subsections define the two indicators

considered in this work: the pitch actuator duty cycle (ADC) and the pitch actuator rate saturation probability.
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3.3.1 Estimation of pitch actuator duty cycle260

The pitch actuator duty cycle (ADC) is commonly used to quantify the average use of the pitch actuator rate over a given time

interval (Bottasso et al., 2013). This definition provides a normalized measure of the average actuator rate demand with respect

to the available rate capability. For a pitch rate signal β̇(t) and a maximum actuator rate Rmax, it is typically computed from

time-domain data as

ADC(β1) =
1

T

T∫

0

|β̇1(t)|
Rmax

dt. (29)265

Equivalently, the ADC can be interpreted as the time average of the absolute pitch rate signal, normalized by the actuator

rate limit. For sufficiently long signals, this time average can be approximated by the expected value of the absolute pitch rate

as

1

T

T∫

0

|β̇1(t)| ≈ E[|β̇1|]. (30)

Once the pitch rate PDF has been estimated, this expected value can be computed directly from the distribution following270

(10) with g(x) = |β̇1| as

E[|β̇1|] =
∞∫

−∞

|β̇1| · pβ̇1
(β̇1,A,σ)dβ̇1. (31)

Therefore, the actuator duty cycle can be predicted from the estimated pitch rate PDF as

ÂDC(β1) =
E[|β̇1|]
Rmax

=
1

Rmax

∞∫

−∞

|β̇1| · pβ̇1
(β̇1,A,σ)dβ̇1. (32)

This formulation allows the ADC to be evaluated without requiring pitch rate time signals. Instead, the indicator is obtained275

from the predicted pitch rate distribution, enabling ADC to be assessed during the linear controller design stage.

3.3.2 Estimation of pitch actuator rate saturation probability

The pitch actuator rate saturation probability quantifies the likelihood that the blade pitch rate demand exceeds the actuator

rate capability. This probability can be obtained by integrating the tails of the pitch rate PDF outside the admissible rate range.

When the positive and negative actuator rate limits are asymmetric, denoted by R+
max and R−

max, respectively, the estimated280

rate saturation probability can be computed by integrating the two tails of the pitch rate PDF as

P̂sat = P (β̇1 <R−
max)+P (β̇1 >R+

max) =

R−
max∫

−∞

pβ̇1
(β̇1,A,σ)dβ̇1 +

∞∫

R+
max

pβ̇1
(β̇1,A,σ)dβ̇1. (33)
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For the common case of symmetric rate limits, with R+
max =R−

max =Rmax, the expression can be reduced to

P̂sat = P (|β̇1|>Rmax) = 1−
Rmax∫

−Rmax

pβ̇1
(β̇1,A,σ)dβ̇1. (34)

Therefore, similarly to the case of the ADC, once the pitch rate PDF has been reconstructed, the pitch rate saturation285

probability is obtained as the rate-limit exceedance likelihood for a given control configuration.

4 Validation

This section validates the presented methodology comparing its results with those given by aeroelastic simulations. The sim-

ulation setup is first described in Section 4.1. Then, Section 4.2 assesses the complete estimation of the pitch rate distribution

by comparing the estimated SoR parameters with those from the turbulent simulations. Finally, in Section 4.3 the estimation290

of the actuatory duty cycle and rate saturation probability are assessed.

4.1 Simulation setup

The proposed methodology is validated using the IEA 15 MW Reference Wind Turbine in its offshore monopile configuration

(Gaertner et al., 2020), whose main parameters are shown in Table 1. Aeroelastic simulations and model linearizations are

performed with OpenFAST (Jonkman and Buhl, 2005). To capture the dominant aeroelastic couplings for simulation and295

control design, the model incorporates all the relevant degrees of freedom (DOFs). In this case, hydrodynamic effects are

neglected by defining the sea state as still.

Table 1. Main parameters of the 15MW IEA reference wind turbine

Parameter Units Value

Rated Power MW 15

Turbine Class - IEC 1B

Wind Speed Operation Range m/s 3 – 25

Rated Wind Speed m/s 10.59

Rotor Speed Range rpm 5 – 7.56

Rotor Diameter m 240

Pitch rate limit (Rmax) deg/s ± 2

The validation is carried out under turbulent inflow conditions generated with TurbSim (Jonkman, 2009) at an above-rated

operating point corresponding to a mean wind speed of 19 m/s with a vertical shear exponent of 0.2. Ten independent seeds of

IEC Class B normal turbulence (IEC Technical Committee, 2020) are simulated, each with a duration of 3600 seconds.300

13

https://doi.org/10.5194/wes-2026-171
Preprint. Discussion started: 3 November 2026
c© Author(s) 2026. CC BY 4.0 License.



The closed-loop architecture combines conventional collective pitch regulation with IPC. Rotor speed regulation is achieved

through the collective controller

CΩ(s) =
−0.0226(s+0.6341)

s(s+2)
. (35)

The IPC loop acts on the fixed-frame tilt and yaw load and employs identical controllers in the dq channels. To investigate

the effect of different levels of asymmetric control activity on actuator utilization, two IPC tunings are considered,305

Cd1(s) = Cq1(s) =
−8.6× 10−6

s(s+12.57)
, Cd2(s) = Cq2(s) =

−8.6× 10−7

s(s+12.57)
, (36)

hereafter referred to as IPC1 and IPC2, respectively. IPC1 employs a controller gain on order of magnitude larger, resulting

in a more aggressive asymmetric control action, greater load reduction capability and higher pitch activity. Conversely, IPC2

provides a less aggressive action, with lower actuator demand but a more limited reduction of loads. The two configurations

therefore provide representative cases with clearly differentiated levels of IPC activity for evaluating the proposed methodology.310

4.2 pitch rate PDF estimation

This subsection validates the complete saturation probability estimation procedure by comparing its main steps with results

obtained from turbulent aeroelastic simulations. The analysis first evaluates the estimation of the SoR distribution parameters

A and σ. Finally, the resulting SoR-based saturation probabilities with those measured directly from the simulated pitch rate

signals are compared.315

The first step of the validation is focused on the deterministic SoR parameter A. Since the rotor speed is assumed to remain

statistically close to its nominal value at the selected above-rated operating point, the validation focuses on the estimation

of βd,op and βq,op. These theoretical values, obtained from (21) and (22), respectively, are compared in Table 2 with the

corresponding values from turbulent aeroelastic simulations. These values are computed by first obtaining the mean command

for each turbulent realization and then averaging the results over all wind speeds.320

Table 2. Comparison of the mean fixed-frame pitch commands and the deterministic SoR A parameter obtained from time-domain simulations

(real) and predicted analytically (est.) for IPC1 and IPC2. The last two columns quantify the absolute and relative differences between the

simulation based values obtained for both IPC configurations.

IPC1 IPC2 Difference between IPC tunings

Variable Real Est. |Rel.err.| (%) Real Est. |Rel.err.| (%) |∆IPC| |∆IPC,rel| (%)

β̄d (deg) 1.6758 1.6723 0.21 1.6701 1.6723 0.13 0.0057 0.34

β̄q (deg) −0.1916 −0.1895 1.10 −0.1871 −0.1895 1.29 0.0045 2.38

A (deg/s) 1.3354 1.3324 0.23 1.3305 1.3324 0.14 0.0049 0.37

Despite the difference in controller gains between the IPC1 and IPC2 configurations, the simulation based values of β̄d and

β̄q remain similar. The relative difference |∆IPC,rel| is computed by normalizing their absolute difference by the average of
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their magnitudes. The resulting values are 0.34% and 2.38% for β̄d and β̄q , respectively. The larger relative difference for β̄q

results partly from its comparatively small magnitude. Overall, these results support the assumption that the mean fixed frame

pitch commands exhibit limited sensitivity to the IPC tuning.325

The deterministic amplitude A also agrees closely with the analytical prediction. Relative estimation errors of 0.23% and

0.14% are obtained for IPC1 and IPC2, respectively, while the difference between both tunings is 0.37%. Therefore, the deter-

ministic pitch rate contribution can be accurately characterized from the operating point quantities and the steady state gains

of the linearized plant.

An important implication of this result is that the implementation of IPC inherently consumes part of the available actuator330

rate through the deterministic harmonic contribution. Since this contribution is periodic, the remaining rate margin available

for turbulence-induced collective and IPC corrections is also time-varying. At the instants where the deterministic component

reaches its maximum amplitude, the available margin is reduced from Rmax to approximately Rmax −A.

Once the A parameter has been estimated, the next step concerns the estimation of the stochastic SoR parameter σ. As

derived in Section 3.2.2, this parameter is obtained from the variance of the fluctuating blade pitch rate component, which335

depends on the variances and covariances of the fixed-frame pitch commands. Since these quantities can be computed from

PSDs and CPSDs, the validation step consists of assessing the accuracy of the spectral estimation of the pitch comands in the

0dq frame computed from the framework exposed in Section 2.2.

Figure 6 compares the PSDs of β0, βd and βq obtained from turbulent aeroelastic simulations with those estimated using

the equivalent-disturbance framework. The comparison is shown for both IPC configurations. By combining the equivalent340

disturbance PSDs with the closed-loop transfer functions of each controller, the proposed approach captures the different

levels of pitch activity induced by the two IPC tunings. In particular, the larger spectral content observed in the dq axes

for IPC1 reflects the stronger asymmetric control action generated by this configuration, which is consistent with its higher

controller gain.

The estimated PSDs are then used to compute the variance terms required in (26). Table 3 compares this quantities with345

the values obtained directly from the simulated time-domain signals. The results show that the proposed framework provides a

consistent estimation of the individual variance contributions for both IPC configurations. Although some discrepancies appear

in specific terms, the combined effect on the final stochastic parameter σ remains limited. The resulting absolute relative errors

in this parameter are 4.44% for IPC1 and 7.37% for IPC2.

To further interpret the contribution of each term in (26), Figure 7 shows the relative weight of the different components350

involved in the computation of σ. For both IPC configurations, the dominant contribution is associated with the term related to

the variance of βd and βq . This indicates that the variability of this commands, when projected into the rotating frame, is the

main driver of the stochastic actuator-rate demand.

The relative contribution of each term depends on the level of IPC activity. For the less aggressive IPC2 configuration, the

collective pitch rate contribution represents almost the 20% of the total stochastic variance. In contrast, for the more aggresive355

IPC1 configuration, this contribution decreases to around 5%, as the larger IPC gain shifts most of the variance towards the
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Figure 6. Comparison between simulated and estimated PSDs of the fixed-frame pitch commands β0, βd and βq for IPC1 and IPC2.

Solid lines correspond to turbulent aeroelastic simulations while dashed lines represent the estimated PSD using the equivalent-disturbance

framework.

Table 3. Comparison between the separated and the total standard deviation obtained from time-domain simulations (real) and those estimated

using the proposed framework (est.), under IPC1 and IPC2 control configurations.

IPC1 IPC2

Variable Real (deg/s) Est. (deg/s) |Rel. err.| (%) Real (deg/s) Est. (deg/s) |Rel. err.| (%)

σβd 0.820 0.791 3.61 0.448 0.418 6.56

σβq 0.833 0.788 5.47 0.462 0.422 8.79

σβ̇0
0.163 0.153 6.17 0.162 0.152 5.95

σβ̇d
0.166 0.151 9.07 0.021 0.020 5.44

σβ̇q
0.159 0.145 8.71 0.021 0.020 6.81

σ 0.712 0.680 4.44 0.398 0.369 7.37
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asymmetric terms. All in all, these results emphasize that the accurate estimation fo the PSDs of βd and βq is essential for

predicting the σ parameter.

Once A and σ parameters have been estimated, the pitch rate probability density function (PDF) can be built and compared

with the distributions obtained from turbulent aeroelastic simulations. Figures 8a and 8b show the normalized histograms of360

the blade pitch rate signal for IPC1 and IPC2, respectively, together with two SoR reconstructions. The first one, denoted as

temporal SoR, is obtained by computing the SoR parameters directly from the simulated time-domain signals. The second one,

denoted as estimated SoR, is characterized using the parameters predicted by the proposed analytical and spectral framework.
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Figure 8. Normalized pitch rate histograms and SoR PDF reconstructions for IPC1 (a) and IPC2 (b), respectively. The temporal SoR is built

from time-domain simulations signals, while the estimated SoR is characterized from the predicted parameters.
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The temporal SoR distributions reproduce the main shape of the simulated pitch rate histograms for both IPC configurations,

supporting the suitability of the SoR model for representing pitch rate signals under IPC. The estimated SoR distributions365

also show good agreement with the simulated ones, indicating that the proposed estimation of A and σ provides a consistent

reconstruction of the distribution of the signal.

The difference between the two IPC configurations is captured by the A/σ ratio. IPC1 exhibits a more Gaussian-like distri-

bution due to its larger relative contribution of the stochastic componente. In contrast, IPC2 represents a distribution dominated

by the deterministic component, indicating a stronger relative influence of the deterministic component. This behavior shows370

that, as the IPC action becomes more aggresive, the stochastic contribution of the turbulence to the pitch rate signal becomes

dominant with respect to the deterministic component, converging in a more Gaussian-like distribution.

Although the graphical comparison provides a qualitative assessment of the distribution fit, a quantitative evaluation is

presented in the following subsection. There, the actuator duty cycle and the rate saturation probability are computed from the

reconstructed PDFs, where the resulting values are then compared with those obtained directly from time-domain turbulent375

simulations.

4.3 Actuator indicators estimation

Once the pitch rate PDF has been reconstructed, actuator related indicators can be computed directly from the distribution,

as explained in Section 3.3. This subsection evaluates the prediction of actuator duty cycle and rate saturation probability by

comparing the PDF-based estimates with the corresponding values obtained from turbulent aeroelastic simulations.380

4.3.1 Actuatoy duty cycle

Following the procedure described in Section 3.3.1, ADC values are estimated for each control configuration. To provide a

statistically consistent value representative of each control configuration, the reference ADC is computed as the average of the

individual ADC values obtained from all turbulent simulations. Table 4 reports three values for each IPC configuration: the

real ADC computed from the simulated pitch rate time signals, the ADC obtained from the SoR distribution parametrized with385

time-domain quantities and the ADC predicted using the estimated SoR parameters.

Table 4. Comparison of pitch actuator duty cycle from the aeroelastic simulations (ADC Real), the temporal SoR reconstruction (ADC

SoR) and the estimated SoR reconstruction (ÂDC SoR)

Control loop ADC Real (%) (ref.) ADC SoR (%) |Error|Temp (%) ÂDC SoR (%) |Error|Est (%)

IPC1 49.24 49.15 0.09 48.45 0.79

IPC2 44.35 44.30 0.05 44.07 0.28

The temporal SoR reconstruction shows excellent agreement with the simulation-based reference, with absolute errors of

0.09% for IPC1 and 0.05% for IPC2. This confirms that the SoR distribution provides an accurate representation of the temporal
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pitch rate signals. When the SoR parameters are estimated, the resulting ADC values remain close to their real value, with

maximum absolute error below 0.8%.390

These results demonstrate that the ADC can be predicted accurately from the characterized pitch rate PDF. Therefore, ADC

can be evaluated during the linear control design stage without requering time-domain aeroelastic simulations for each IPC

tuning.

4.3.2 Rate saturation probability

The final validation step evaluates the estimation of the pitch actuator rate saturation probability. For each simulation, this395

indicator is computed as the fraction of pitch rate values exceeding the positive or negative actuator rate limit. Like in the

ADC case, to obtain a statistically consistent value representative of each control configuration, the resulting probabilities are

averaged over all turbulent simulations. Table 5 compares the reference values obtained directly from the turbulent simulations

with the temporal and estimated SoR distributions.

Table 5. Comparison of pitch saturation probability obtained from the aeroelastic simulations (Psat Real), which serves as a reference, the

temporal SoR reconstruction (Psat SoR), and the estimated SoR reconstruction from the spectral framework (P̂sat SoR), along with their

relative errors respect to the reference for IPC1 and IPC2.

Control loop Psat Real (%) (ref.) Psat SoR (%) |Error|Temp (%) P̂sat SoR (%) |Error|Est (%)

IPC1 7.74 7.94 0.20 7.15 0.59

IPC2 1.39 1.32 0.07 0.95 0.45

The temporal SoR reconstruction provides saturation probabilities very close tho the simulation-based reference, with abso-400

lute errors of 0.2% for IPC1 and 0.07% for IPC2. This confirms that the SoR distribution accurately captures the probability

density of the tails of the pitch rate distribution.

When the SoR parameters are estimated, the errors are 0.59% for IPC1 and 0.45% for IPC2, showing that the proposed

method can estimate rate saturation probability with good accuracy using only operating point information, equivalent distur-

bance spectra and closed-loop transfer functions.405

Overall, the validation of both ADC and Psat confirms that the predicted pitch rate PDF provides a useful basis for evaluating

actuator usage indicators during the linear control design stage, supporting decision-making during the loop-shaping, without

requiring time-consuming, iterative aeroelastic simulations for each tuning.

5 Conclusions and Future Work

This work has presented a spectral methodology for predicting the probability density function of the pitch actuator rate under410

individual pitch control. The approach analytically decomposes the rotating frame pitch rate signal into a deterministic compo-

nent and a stochastic contribution, allowing its statistical behaviour to be represented through a Sine-on-Random distribution.
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The parameters defining this distribution are estimated from operating point values, linear closed-loop transfer functions and

the spectra of the equivalent wind disturbances. Once the pitch rate PDF is characterized, actuator indicators can be assessed

during the linear control design stage. In this way, control design decisions can be made with reduced reliance on computa-415

tionally expensive aeroelastic simulations.

The validation results support the representation of the pitch rate signal as a superposition of a deterministic and a Gaussian

stochastic component. The resulting SoR PDF reproduce the pitch rate distribution obtained from turbulent aeroelastic simula-

tions for both IPC configurations. In particular, the predicted PDFs capture the transition from a more aggressive controller with

a Gaussian-like distribution to a milder control configuration in which the deterministic component become dominant. These420

results indicate that the estimated parameters A and σ adequately characterize the balance between deterministic component

and corrective fluctuations.

The predicted pitch rate PDF enables the accurate estimation of actuator-related indicators. For the two IPC configurations,

the actuator duty cycle is predicted with a maximum absolute error of 0.79%, while the maximum absolute error in the rate

saturation probability is 0.59%. These results demonstrate that both actuator duty cycle and rate saturation probability can be425

assessed from the predicted PDF during the linear control desing stage.

The analytical decomposition also provides insight into the origin of the actuator rate demand under IPC. The mean dq

pitch commands generate an inherent harmonic pitch rate component with amplitude A, which periodically occupies part of

the available actuator rate capability regardless of the specific IPC tuning. The remaining rate margin is available for corrective

collective and asymmetric actions. Moreover, the rotating frame projection of βdq dominates the stochastic component, while430

the relative collective contribution depends on the aggressiveness of the IPC tuning making esential the accurate estimation of

these fixed frame commands.

Future work will focus on incorporating the predicted actuator indicators into frequency-domain design specifications for

methodologies such as Quantitative Feedback Theory (QFT) and H∞, enabling controllers to be tuned towards prescribed ADC

and Psat targets. The proposed framework is also suitable for control co-design studies (Pao et al., 2024; Bayat et al., 2026),435

since the actuator rate capabilityRmax is explicitly included in the computation of both indicators, enabling controller parame-

ters and actuator characteristics to be evaluated jointly, providing a basis for assessing trade-offs between control performance,

actuator usage and actuator sizing. In addition, a quantitative relationship should be established between the predicted satura-

tion probability and the resulting degradation of closed-loop performance indicators. Finally, future studies should assess how

actuator saturation, once activated, modifies the closed-loop distribution and whether this feedback effect requires a corrected440

probabilistic model.

Code availability. The methods implemented in the code are described in detail in the paper to support transparency and reproducibility.
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