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The power conversion process of a wind turbine can be characterized by a stochastic differential
equation (SDE) of the power output conditioned to certain fixed wind speeds. An analogous approach
can also be applied to the mechanical loads on a wind turbine, such as generator torque. The constructed
SDE consists of the deterministic and stochastic terms, the latter corresponding to the highly fluctuat-
ing behavior of the wind turbine (power output of a wind turbine or wind speed). Here we show how
advanced stochastic analysis of the noise contribution can be used to show different operating modes of
the conversion process of a wind turbine. The parameters of the SDE, known as Kramers-Moyal coeffi-
cients, are estimated directly from the measurement data. Clear evidence is found that both continuous
diffusion noise and discontinuous jump noise are present. The difference in the noise contributions indi-
cates different operational regions. In particular, we observe that the jump character or discontinuity in
power production has a significant contribution in the regions where the control system switches strate-
gies. We find that there is a high increase in jump amplitude near the transition to the rated region, and the
switching strategies cannot result in a smooth transition. The proposed analysis provides new insights into
the control strategies of the wind turbine.
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I. INTRODUCTION

Wind energy is considered one of the most promis-
ing solutions in the global shift from fossil fuels to clean
and sustainable energy sources. According to a report by
Windeurope [1], Europe is projected to install approxi-
mately 105 GW of new wind energy capacity between
2021 and 2025. However, the unpredictable and inter-
mittent nature of wind poses challenges for accurately
predicting wind energy production, which is crucial for
ensuring a stable energy supply [2–5]. Moreover, this vari-
ability in wind conditions can lead to premature mechan-
ical fatigue failure [6,7]. It is recognized that the current
industry standard defined by the International Electrotech-
nical Commission (IEC61400) does not adequately capture
the variability in wind and wind power [7,8]. In particu-
lar, when examining time series of a wind turbine’s power
output, rapid fluctuations can occur, exceeding 50% of the
rated power [9]. These short-term power fluctuations in the
megawatt range impose additional stress on the turbine’s
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drive train and the power grid, as they may accumulate
within a wind farm rather than being averaged out [8,9].

In this contribution, our focus is on providing a statisti-
cally advanced characterization of the power fluctuations
observed in wind turbines. Recent research has demon-
strated that the power conversion process of a wind turbine
can be effectively modeled using a stochastic Langevin
differential equation, which describes the power output P
conditioned to specific wind speeds u within small inter-
vals [9–11]. Similar modeling approaches have also been
applied to analyze the mechanical loads on wind turbines,
such as the generator torque T [12]. The key advantage
of this approach lies in its ability to directly extract the
model equations, in the form of Langevin equations, from
the available data. Consequently, this model captures the
stochastic, turbulent, and intermittent nature of wind power
[9,13–15]. While previous efforts in Langevin modeling of
wind turbine conversion dynamics have primarily focused
on the deterministic component of the power time series,
the question of how to accurately account for the abrupt,
large power fluctuations mentioned earlier has remained
unanswered.

The Langevin equation provides a description of a dif-
fusion process characterized by a continuous trajectory.
It comprises two main components: a deterministic term
and a continuous stochastic term, which can be modeled
using a Wiener process (Brownian motion). The estimation
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of the model’s parameters, namely the drift and diffusion
coefficients, can be directly obtained from the available
measurement data [16–18]. These parameters are com-
monly referred to as Kramers-Moyal (KM) coefficients
and are typically considered up to second order in the
Langevin equation. In the case of the continuous pro-
cess, higher-order coefficients are considered negligible
and theoretically approach zero.

Looking at the high-temporal resolution wind power
data, one can observe segments of the time series that
resemble a diffusive process [see Fig. 1(a)]. However, there
are also periods characterized by sudden and significant
jumps in the delivered power, as depicted in Fig. 1(b).

Here, our objective is to investigate the extent to which
these jumps necessitate an extension of the stochastic
description. If the higher-order KM coefficients (≥ 3) are
proved to be significant, they would indicate noncontinu-
ity in the process [18,19]. One possible approach to model
this behavior is to extend the Langevin diffusion process
to a jump-diffusion process. This entails introducing an
additional discontinuous stochastic term to account for the
jump process, which we assume can be modeled by a
Poisson process. With this more comprehensive stochastic
framework, two additional parameters emerge: the jump
rate and the jump amplitude. We demonstrate how these
parameters can be estimated from the higher-order KM
coefficients. The purpose of this analysis is to provide
a more realistic stochastic characterization of the power

output of a wind turbine. The implications for control
strategies and the potential for improved modeling of wind
energy resources in power grids will also be discussed in
this paper.

Our aim is to provide a procedure for estimating the
general stochastic jump-diffusion process with Wiener and
Poisson noise, enabling a more detailed analysis of the
wind power conversion dynamics in a wind turbine using
an advanced stochastic characterization and modeling. In
this study, we analyze the data obtained from a wind tur-
bine at a resolution of 1 Hz [20]. The paper is structured as
follows. Firstly, we describe the analyzed data, providing
relevant details. Then, we summarize the stochastic analy-
sis method, illustrating how the contributions of diffusion
and jump fluctuations can be quantified and separated.
Lastly, we present the results of the data analysis for power
output conditioned to wind speed. Additionally, we inves-
tigate the stochastic relationship between generator torque
and generator rotational speed.

II. STOCHASTIC DATA ANALYSIS OF THE WIND
ENERGY SYSTEM

A. Data description

The measurement data used in this study are obtained
from wind turbines located within an onshore wind farm.
The wind farm occupies an area of approximately 4 km2

and consists of 12 identical variable-speed, pitch-regulated
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FIG. 1. Wind power time series,
spanning the period of ten minutes.
Panel (a) shows the period where the
power changes are not very large. Panel
(b) shows the period where the power
changes are very large, up to about 40%
of the rated power. Increments �P :=
P(t + �t) − P(t) emphasize the fluc-
tuations and are shown for sampling
period �t = 1 s in (c) and (d).
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wind turbines. Each turbine has a rated power of around
2 MW [20]. All the data used in our analysis have been
normalized relative to their respective maximum values.

The measured quantities include the net electrical power
output, denoted as P, generated by the wind turbine,
the wind speed u measured on the nacelle using a cup
anemometer, and the rotational speed measured in revolu-
tions per minute, denoted as �, of the generator. The torque
T on the generator is calculated based on the power and the
rotational speed using the appropriate relationship,

T = 60 s
2π

P
�

. (1)

All measurements were performed at a sampling frequency
fs = 1 Hz. The measurement campaign was conducted
over a period of eight months, from June 2009 till February
2010. A subset of the data is available online [21], which
has already been published in Ref. [4].

B. Power conversion process described by stochastic
dynamics

Assuming the validity of a diffusive process, the power
conversion process of a wind turbine can be modeled by a
stochastic Langevin equation describing the power output
P conditioned on a fixed wind speed u [9–11]:

dP(t, u) = D(1)(P|u) dt +
√

D(2)(P|u) dWt, (2)

Here, Wt represents a Wiener process, which is a scalar
Brownian motion. The functions D(1)(P|u) and D(2)(P|u)

are the drift and diffusion coefficients, respectively, and in
the context of the Langevin equation (2), they correspond
to the first- and second-order KM coefficients. These KM
coefficients, denoted as K (j )(P|u), can be directly deter-
mined from the available data of power output P for each
wind speed u. The estimation of these coefficients involves
the calculation of conditional incremental averages (cf.
Refs. [16,18]) as

K (j )(P|u) = lim
�t→0

M (j )(P|u; �t)
�t

, (3)

where

M (j )(P|u; �t) = 〈(P(t + �t) − P(t))j |P(t)=P, u(t)=u〉. (4)

The Langevin equation describes a continuous diffusion
process where K (j )(P|u) = 0 for j ≥ 3 and D(j )(P|u) =
K (j )(P|u) for j = 1, 2. Further details on methods of this
estimation [22] can be found in Refs. [16,17] and in
Appendix D. The modeling of a time series using the
Langevin equation [Eq. (2)] requires the satisfaction of

a necessary condition involving the fourth- and second-
order conditional moments. Specifically, for small �t, the
condition is given by [23]

�(P|u; �t) = 3
(M (2)(P|u; �t))2

M (4)(P|u; �t)
� 1 (5)

We demonstrate that the wind power data do not satisfy this
condition, indicating that the present variability in the wind
power data cannot be captured by the Langevin equation.

All the higher-order KM coefficients vanish when the
fourth-order KM coefficient K (4)(P|u) is negligible accord-
ing to the Pawula theorem [24,25].

When a stochastic process exhibits sharp changes or
discontinuities at certain instants, higher-order Kramers-
Moyal coefficients, particularly K (4)(P|u), become not
negligible. In such cases, an extension of the Langevin-
type modeling is necessary, incorporating an additional
jump noise [18,19,26–29].

Such a jump-diffusion dynamics for a power conversion
process is given by

dP(t, u) = D(1)(P|u) dt +
√

D(2)(P|u) dWt + ξ dJt, (6)

where again Wt is a Wiener process, D(1)(P|u) and
D(2)(P|u) are the drift and diffusion coefficients. In the
following, we make the assumption that Jt is a Poisson
jump process. This assumption will be further validated
and confirmed below. Coefficient ξ is the jump size, which
is assumed to be normally distributed, ξ ∼ N (0, σ 2

ξ ), with
zero mean and variance σ 2

ξ . Variance σ 2
ξ is also known

as the jump amplitude. Here Jt is a Poisson jump pro-
cess that is a zero-one jump process with jump rate λ(P|u)

[18,30]. The drift and diffusion coefficients and the jump
rate are now related to the KM coefficients K (j )(P|u) in the
following way [18,19]:

D(1)
j (P|u) = K (1)(P|u), (7)

D(2)
j (P|u) + λ(P|u)〈ξ 2〉 = K (2)(P|u), (8)

λ(P|u)〈ξ j 〉 = K (j )(P|u) for j > 2. (9)

Since ξ has a zero mean, its second-order moment is given
by 〈ξ 2〉 = σ 2

ξ , which serves as the definition of the jump
amplitude. From Eq. (7), we can observe that the estima-
tion of the drift coefficient applies to both the diffusion
process described by the Langevin equation and the jump-
diffusion process. In the following analysis, we further
explore the noise component by relaxing the assumption
of K (4)(P|u) = 0. This allows us to gain a more compre-
hensive understanding of the system dynamics and the
influence of higher-order Kramers-Moyal coefficients.

The jump amplitude, denoted as σ 2
ξ , and the jump rate

λ, can be estimated using Eq. (9) with j = 4 and 6, along
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(b) FIG. 2. Drift coefficient D(1)(P|u), (a), and
corresponding potential 	, (b), for the wind
speed of u = 0.41umax. Zero crossings of the
drift coefficient D(1)(P|u) = 0 or local minima
of the drift potential 	 are stable fixed points
that describe the equilibrium dynamics.

with Wick’s theorem [31,32] for Gaussian random vari-
ables. The expressions for the jump amplitude and jump
rate are given by

σ 2
ξ (P|u) = K (6)(P|u)

5K (4)(P|u)
(10)

and

λ(P|u) = K (4)(P|u)

3σ 4
ξ (P|u)

, (11)

respectively. These equations provide estimates of the
jump amplitude and jump rate based on the values of the
corresponding Kramers-Moyal coefficients.

C. Results

1. Results for the electrical power output

a. Drift coefficients. To investigate the relationship
between wind speed and power, we analyze the Kramers-
Moyal coefficients K (j )(P|u) for specific wind speed
ranges. We choose fixed wind speed values within a bin

size of approximately 0.02umax and assume stationarity
within each wind speed bin. The stationarity of each sub-
set is confirmed using the augmented Dickey-Fuller (ADF)
test [33–35]. For example, we consider the power time
series conditioned on the wind speed bin 0.4umax < u <

0.42umax. The ADF test is performed, and the test statistic
yields DF = −22.69, which is less than the critical value
DFcrit = −3.43. Additionally, the p-value is found to be
p < 0.01, indicating a rejection of the null hypothesis and
confirming the stationarity of the subset.

In the first step, we determine the drift coefficients. The
zero crossings of the drift coefficient, D(1)(P|u) = 0, pro-
vide intuition into the stable and unstable fixed points or
equilibria within each wind speed bin. If the slope of D(1)

is negative, the zero crossings represent stable fixed points,
whereas zero crossings with positive slope indicate unsta-
ble fixed points [10,36]. Alternatively, this can be inter-
preted in terms of a drift potential, denoted as 	, which is
defined as 	 = − ∫

P D(1)(P|u) dP. The zero crossings with
negative slope in the drift correspond to minima of the drift
potential. Fixed points are calculated by linear interpola-
tion between two points left and right of the zero crossings
with negative slopes. Errors are estimated by linear inter-
polation of the upper and lower bounds on the standard
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FIG. 3. Characteristic power curve, (a), determined from the zero crossings of the drift coefficients at each wind speed bin and
characteristic torque curve, (b), at each rotational speed bin, presented in red open circles. They are also called the Langevin power
curve (LPC) and Langevin torque curve (LTC), respectively. The blue background shows the density scatter plot of the measurement
data and darker regions indicate that more data points are available. The black dots are the outliers of the density scatter plot. Three
distinct states (u1, u2, and u3) for LPC and (�1, �2, and �3) for LTC that separate the operational regions are marked by blue dashed
lines.
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FIG. 4. Checking the relation � in Eq. (5) at the rated power
for different time lags �t, which are not equal to unity (red
dashed line). This rules out that the wind rated power fluctuations
are diffusive.

errors of the drift coefficients at these two points. Figure 2
illustrates an example of a drift coefficient and its corre-
sponding potential for a wind speed of u = 0.41umax. This
direct approach enables the detection of fixed points based
on the properties of the drift coefficient.

For each wind speed bin, there can exist one or mul-
tiple stable fixed points. These fixed points allow us to
reconstruct the characteristic power curve, known as the
Langevin power curve (LPC) [37,38]. Figure 3(a) illus-
trates the LPC, where the stable fixed points are plotted.
These fixed points enable us to define different operational
states of the wind turbine. In our analysis, we identify three
distinct states, u1, which is near the cut-in wind speed
where the wind turbine starts operating, u2, at which the
possible control switching is observed from the character-
istic curve, and u3, which is near the transition to the rated
power, which separate the operational regions, indicated
by blue dashed lines in Fig. 3(a). It is important to note that
near the operation point u2, we observe the discontinuous
shifting of fixed points. Such details cannot be captured by
the standard averaging procedure used to define the power
curve, as defined by IEC61400 [39]. These findings high-
light the need for a more advanced and comprehensive
approach to characterize the operational behavior of the
wind turbine.

The analysis and characterization of the power out-
put of a wind turbine using the Langevin equation (2)
or the diffusion process have been extensively studied in
Refs. [10,11,20]. These studies primarily focused on the
drift coefficient and did not consider the higher-order KM
coefficients. In contrast, our work here places emphasis on
the noisy component and specifically evaluates the higher-
order KM coefficients. By incorporating these higher-order
coefficients, we aim to provide a more comprehensive
understanding of the stochastic behavior and variability in
the power output of a wind turbine.
b. Stochastic behaviour. To characterize the stochastic
variability of the power time series, we initially exam-
ined Eq. (5) to determine whether the Langevin equation
is capable of describing the observed variability or not. To
this end, our analysis shows that the wind power fluctua-
tions do not satisfy the prerequisite for being classified as
diffusion processes, which in turn can be modeled using the
Langevin equation, as proved in Ref. [23]; the results are
provided in Fig. 4. Hence, in order to capture the nondiffu-
sive behaviors observed in the data, we need to employ a
model that can effectively account for these characteristics.

In our analysis, we focus on estimating the functions and
parameters in the jump-diffusion processes, which extend
the Langevin dynamics when higher-order KM coefficients
(j ≥ 3) are nonzero. To validate the assumption of a Pois-
son process associated with Jt, we examine the waiting
times in the rated power time series. We select a threshold
level, such as 0.8, and identify the waiting times τ between
consecutive exceedances of this threshold.

In Fig. 5, we plot the probability density function (PDF)
of the waiting times. Notably, this distribution is well fit-
ted by an exponential distribution, p(τ ) = λe−λτ with λ =
0.04, providing evidence for the validity of our assumption
regarding the Poisson process associated with Jt. However,
the values of the Poisson jump rate λ depend on different
conditioning or binning of the wind speed u as well as the
power P. The details and further assumptions are discussed
next.

As explained in Sec. II B, we can investigate the
jump amplitude and jump rate using the KM coefficients
K (4)(P|u) and K (6)(P|u). In our analysis, we simplify the
process by assuming constant parameters σ 2

ξ and λ for the
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FIG. 5. Power time series is shown in (a). The
level P/Pmax = 0.8 has been chosen to estimate
τ for waiting times between two jumps in rated
power. The probability density function (PDF) of
waiting times τ is well fitted with an exponential
distribution p(τ ) = λe−λτ , where λ � 0.04 s−1,
on a semilogarithmic scale, (b).
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region. Statistical uncertainties are shown as
a gray-shaded background. Blue dashed lines
are the distinct states observed from the fixed
point analysis; see Fig. 3.

jump process and D(2) for the diffusion process. Although
the P dependence of these parameters can be studied, we
keep the discussion simpler here.

In Figs. 11(a), 11(d) and 11(g) in Appendix A, we pro-
vide some examples of diffusion coefficient D(2)(P|u) for
the wind speed u = (0.25, 0.4, 0.5)umax, along with their
medians represented by solid black lines. It is worth not-
ing that we can obtain more accurate results near the fixed
point due to better data coverage. However, in regions
with less data (farther away from the fixed point), the
results become noisier and outliers may be observed. To
mitigate the impact of extreme outliers on averaged val-
ues, we report medians as the constant parameters instead
of means [40]. Statistical uncertainties are also estimated
using the median absolute deviation. Additional examples
as well as the calculation of uncertainties are provided in
Appendix A.

In Fig. 6(a), we observe an increase in K̃ (4)(u) near
state u3, which corresponds to the transition point to

the rated power. This behavior indicates the presence of
nondiffusive noise. Consequently, we proceed to analyze
the higher-order KM coefficients to determine the jump
amplitude σ̃ 2

ξ (u) and jump rate λ̃(u) for each wind speed,
as depicted in Figs. 7(a) and 7(c). The jump amplitude
σ̃ 2

ξ is found to be highest between states u2 and u3, just
below the transition to the rated power region where the
switching of the control strategy plays a major role. On the
other hand, the jump rate λ̃ is highest in the region of rated
power.

In order to quantify the overall jump contribution, we
determine the product λ̃σ 2

ξ as shown in Fig. 8(c). The figure

shows that the jump contribution λ̃σ 2
ξ is highest around

state u3, indicating that jumps play a significant role in that
region. This suggests that nondiffusive behaviors, captured
by the jump-diffusion model, are important in describing
the power variability. Additionally, the diffusion-to-jump

ratio ˜D(2)/λσ 2
ξ in Fig. 8(e) provides insights into whether
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FIG. 7. The median of jump amplitude, σ̃ 2
ξ ,

over the power bins for each wind speed bin
(a) and over the torque bins for each rota-
tional speed bin (b). There is a significant
increase in the jump amplitude near the tran-
sition to the rated region. The median of the
jump rate, λ̃, over the power bins for each
wind speed bin (c) and over the torque bins
for each rotational speed bin (d). Again, we
find a significant increase in the jump rate
after the transition to the rated region and
a small increase near the cut-in region for
power analysis. The jump rate for torque
analysis is similar in between all three dis-
tinct states shown by blue dashed lines, as in
Fig. 3. Statistical uncertainties are shown as a
gray-shaded background.

033009-6



JUMP BEHAVIOR IN WIND ENERGY SYSTEMS PRX ENERGY 2, 033009 (2023)

0.0 0.2 0.4 0.6 0.8 1.0

u umax

D
(2

)

1×10−5

0.0001

0.001

(a)

0.6 0.7 0.8 0.9 1.0

Ω Ωmax

D
(2

)

1×10−6

0.0001

0.01

1×10−6

0.0001

0.01

(b)

0.0 0.2 0.4 0.6 0.8 1.0

u umax

(c)

0.6 0.7 0.8 0.9 1.0

Ω Ωmax

λσ
ξ2

1×10−6

0.0001

0.01

λσ
ξ2

(d)

0.0 0.2 0.4 0.6 0.8 1.0

0

1

2

3

4

5

u umax

D
(2

)
λσ

ξ2

(e)

0.6 0.7 0.8 0.9 1.0

0.0

1.0

2.0

Ω Ωmax

D
(2

)
λσ

ξ2

(f) 

u1 u2 u3 1 2 3

u1 u2 u3 1 2 3

u1 u2 u3 1 2 3

FIG. 8. The median of diffusion coeffi-
cient, D̃(2), (a), overall jump contribution,
λ̃σ 2

ξ , (c), and the diffusion-to-jump ratio,
˜D(2)/λσ 2

ξ , (e), over the power bins for each
wind speed bin, and respective quantities
over the torque bins for each rotational
speed bin in (b), (d) and (f). Subfigures
(a)–(d) are plotted in semilogarithmic scale
for better visualization. Statistical uncer-
tainties are shown as a gray-shaded back-
ground. Blue dashed lines are the distinct
states observed from fixed point analysis;
see Fig. 3.

diffusive or jump noise dominates. A large ratio indicates
more diffusive noise dominance, while a small ratio indi-
cates more jump noise dominance. From the plot, we can
see that jump noise is dominant in the rated power region
after state u3, while diffusive noise is dominant between
states u1 and u2, coinciding with the lowest jump contri-
bution λσ 2

ξ in Fig. 8(c). This analysis helps us understand
the relative importance of diffusive and jump components
in the power variability.

To check how our results are robust to finite-order
time �t, we use the Itô-Taylor expansion, introduced in
Refs. [18,27], which is a straightforward way to reduce the
error of estimations of KM coefficients with finite time step
(see Appendix D). We find a few percent of derivations
in estimations of KM coefficients with increasing order of
approximation from first to third order; see also Ref. [41]
for finite-order time corrections. We also find evidence
that our data are Markovian down to the sampling interval
employing a least-squares method [18,42].

The analysis conducted in this subsection highlights
two notable findings. First, it confirms the presence of a
jump process in the power variability, indicating the need
to incorporate this component in an advanced stochastic
model. The jump process captures the sudden changes
and discontinuities observed in the wind turbine behav-
ior. Second, the analysis reveals that well below the rated
power, the power variability is primarily driven by dif-
fusive stochastic behavior. However, as the wind turbine
approaches the transition to the rated power region, the
contribution of jump noise becomes increasingly impor-
tant. This indicates that the jumpy nature of the power
fluctuations plays a significant role in the behavior of the
wind turbine near its operational limits.

In order to validate the ansatz of the jump-diffusion pro-
cess, we reconstruct time series from the jump-diffusion
stochastic equation [Eq. (6)]. To assess the statistical simi-
larity between the reconstructed and empirical time series,
we examine the PDFs of power increments at different
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FIG. 9. Time series of empirical wind power data (black) and reconstructed data with the jump-diffusion process (a), and their
normalized increment statistics (PDFs), i.e., �P(�t) = (P(t + �t) − P(t))/sd(P(t + �t) − P(t)), (b), for different lags, �t = (1, 10,
30, 60, 600, 1800, 3600) s (from top to bottom). sd stands for standard deviation. The PDFs are shifted along the vertical axis for
convenience of presentation.

time lags �t. We note that the variance of these PDFs
corresponds to the autocorrelation or power spectrum,
while the shape of the PDFs enables the study of higher-
order two-point statistics. Our analysis demonstrates that
the simulated time series accurately reproduces the tails
of the PDFs with high precision. The results are shown in
Fig. 9.

2. Results for the generator torque

Apart from the dynamical dependence of power on the
wind speed, another central characteristic of the wind tur-
bine is the generator torque T versus the rotational speed
� [12]. The generator torque was calculated from power
and rotational speed data according to Eq. (1), whereas
the rotational speed was measured independently. A simi-
lar stochastic approach like for the power and wind speed
is applied to the torque and rotational speed dynamics
T(t, �), next. Based on the drift coefficient, a character-
istic curve like the Langevin power curve is calculated, as
shown in Fig. 3(b). We refer to it as the Langevin torque
curve (LTC). We again mark three distinct states (�1, �2,
and �3) with blue dashed lines that can be inferred from
the fixed point analysis of the rotational speed described

in Appendix B. These states coincide with the fixed points
or the minimal potentials of the rotational speed that the
control system prefers to approach.

Next, we also determine the jump contribution λσ 2
ξ and

the diffusion-to-jump ratio D(2)/λσ 2
ξ for each rotational

speed bin; see Figs. 8(d) and 8(f). In Fig. 8(d), we see that
the median of the jump contribution λ̃σ 2

ξ becomes domi-
nant in the region between �2 and �3 [cf. Fig. 3(b)] at rel-
atively high rotational speed values. Outside this regime,
jump noise does not dominantly contribute to the dynam-
ics. On the other hand, the median of the diffusion-to-jump

ratio ˜D(2)/λσ 2
ξ takes its largest values at low values of

rotational speed. At the rotational speeds below state �1,
diffusive behavior is dominant; see Fig. 8(f).

The conclusions from the previous subsection II C 1 also
apply to the torque analysis in an analogous way. Similar to
the power characteristic, a jump process is also present for
the torque characteristic, which could be expected as we
compute the torque from power and rotational speed. Dif-
fusive stochastic behavior is dominating for low rotational
speed (� < �1), but in the region � > �1, diffusive and
jumpy behavior seem to be more balanced for the torque
case; see Fig. 8(f).

0 200 400 600 800 1000 1200

0.80

0.85

0.90

0.95

1.00

0.80

0.85

0.90

0.95

1.00

t (s)

T
T

m
ax

(a)
0 200 400 600 800 1000 1200

t (s)

T
T

m
ax

(b)

FIG. 10. Reconstruction of the rated torque with the diffusion process (a) and jump-diffusion process (b). The PDFs of the recon-
structed time series on a semilogarithmic scale are shown on the right sides. For the reconstruction, we use the following parameters:
D(1)(T) = −0.47T/Tmax + 0.45, D(2) = 4.6 × 10−5 s−1, λ = 0.2 s−1, and σ 2

ξ = 4.5 × 10−4. We can clearly see that the jump-diffusion
process better fits the empirical data than the pure diffusion process.

033009-8



JUMP BEHAVIOR IN WIND ENERGY SYSTEMS PRX ENERGY 2, 033009 (2023)

Additionally, we also simulated the rated torque with
both diffusion and jump-diffusion processes and compared
it with the empirical data, as shown in Fig. 10, together
with the corresponding PDFs on the right in order to vali-
date our ansatz of the jump-diffusion model. Here we can
clearly see that the jump-diffusion process better fits the
empirical data than the pure diffusion process.

III. CONCLUSION AND OUTLOOK

In our work, we investigate the contribution of the
higher-order KM coefficients to the stochastic dynamics
of the power conversion process of a wind turbine. As
described in Sec. II B, these higher-order coefficients allow
us to quantify the contributions of diffusive behavior and
jump noise, and indicate that discontinuities in the tra-
jectory of the measurement data are due to the stochastic
jump noise. The main results are that we can quantify with
our proposed method how the amplitudes and the ratio
of the two noise contributions change in different oper-
ating ranges of a wind turbine. The region below rated
power seems to provide the highest values of the ampli-
tudes (D(2) and σ 2

ξ ). Sometimes the maximal values are
found for the transition states defined by the fixed point
characteristics. The ratio between the contributions of the
diffusive and jumpy noise shows that at low wind speed
and low power a diffusive noise is dominating, whereas
for higher power, more jump noise is present, with some
detailed differences for power and torque. All this indicates
that it is the interplay between the stochastic driving wind
speed and the reacting control system that determines the
noise contribution.

In particular, the jump contribution is closely linked
to the control system, especially in the regime of rated
power or torque. To our interpretation, we can observe the
rapid changes of σ 2

ξ in Fig. 7(b). Interestingly, this is more
prominent in the torque signal than in the power signal. It is
well known that the control system is not operating directly
with the wind signal but with toque T and the rotational
speed �.

Near states �1, �2, and �3 there are three distinct oper-
ational rotational speeds � that the control system prefers
to approach. It is a common control strategy to avoid
certain resonance frequencies of the structure in order to
mitigate excessive loads. We show this by evaluating the
drift potential 	(�) of the rotational speed. The minima of
this potential correspond to the preferred rotational speeds;
see Appendix B. Moreover, looking at Fig. 3(b), between
states �2 and �3, there is a steep gradient that enforces a
large change in generator torque T at only a small regime
in rotational speed �. In this range, we also observe that
there is a huge increase in both diffusive and jump noise by
more than 2 orders of magnitude; see Figs. 8(b) and 8(d).
As a remark, we also applied our analysis to the data of

other similar turbines in the wind farm and it gave similar
results, as shown in Appendix C.

So far, we have used the stochastic methods to charac-
terize the dynamics of the wind energy conversion process.
It goes without saying that the characterization can be
used to compare different turbines quantitatively. Poten-
tial failures in the control system should be detectable by
comparison of the different stochastic terms. One may see
how some noise contributions change with time as the
system gets old, or one may show how different wind tur-
bines or different control strategies perform differently in
a dynamic sense. Together with detailed knowledge of a
specific turbine, this should also be useful for monitor-
ing, e.g., performance or structural health. The presented
successful characterization of the dynamics of a wind tur-
bine driven by noisy inflow indicates that such a stochastic
approach may also be promising for other machines oper-
ating under unsteady conditions. With our procedure, it
seems to be possible to quantify an effective dynamics that
also includes eventual smart control systems.

Apart from jump-diffusion modeling of power and
torque stochastic dynamics, there is interest in modeling
them using a Lévy-driven Langevin process. These mod-
els are particularly suitable for processes that have infinite
Kramers-Moyal coefficients for j ≥ 2, provided they have
finite drift coefficient (j = 1) [43]. For the analyzed data,
we find finite values for all Kramers-Moyal coefficients.

Finally, we would like to point out that besides this
characterization the stochastic methods presented here also
deliver the explicit form of the stochastic differential equa-
tions. Thus, it is also possible to use our results as very
efficient dynamics models for power and torque. Long time
simulations can be done easily. Such models are of interest
for the simulation of the contribution of wind energy to the
power grid and for the simulation of loads.
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APPENDIX A: MEDIAN AS A ROBUST
ESTIMATOR

Statistically, we can obtain more accurate results
near the fixed point due to the better coverage of
data, whereas for regions with less data (farther away
from the fixed point), the results become more noisy
and outliers are seen. A robust method to estimate
the typical values of D(2)(P|u), λ(P|u)σ 2

ξ (P|u), and
D(2)(P|u)/[λ(P|u)σ 2

ξ (P|u)], as examples, is to use the
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FIG. 11. Diffusion coefficient D(2)(P|u), jump parameter λ(P|u)σ 2
ξ (P|u), and diffusion-to-jump ratio D(2)(P|u)/[λ(P|u)σ 2

ξ (P|u)] for
wind speeds of u = 0.25umax (a)–(c), u = 0.4umax (d)–(f), and u = 0.5umax (g)–(i). The solid black lines are their respective medians

D̃(2)(u), λ̃σ 2
ξ (u), and ˜D(2)/λσ 2

ξ (u) . The fixed point for this wind speed bin is P = (0.16, 0.62, 0.94)Pmax. Statistically, more accurate
results can usually be obtained near the fixed point due to the better coverage of data. By using the median, our results are more robust
to outliers far away from the fixed points.

medians D̃(2)(u), λ̃σ 2
ξ (u), and ˜D(2)/λσ 2

ξ (u) to mitigate the
impact of extreme outliers on averaged values, as shown
by the solid lines in Fig. 11.

The uncertainties are determined by the median absolute
deviations (MADs). We write the median of a variable X

as X̃ and the MAD as ˜|Xi − X̃|.

APPENDIX B: DRIFT POTENTIAL OF THE
ROTATIONAL SPEED

We analyzed all the data of rotational speed � in the
range of 0.6�max and �max without any conditioning or

binning on other variables. We evaluated the drift coef-
ficient D(1)(�) and then determined the drift potential,
	(�) = − ∫

�
D(1)(�) d�, which is plotted in Fig. 12.

Minima of the drift potential correspond to the stable fixed
points or equilibria. Here we can observe three minima that
define the three states �1, �2, and �3 that the control sys-
tem prefers to approach. It is a common control strategy
to avoid certain resonance frequencies of the structure in
order to mitigate excessive loads, as shown in Fig. 3.

In Fig. 12(b), we can clearly observe a minimum around
state �1. From our results in Figs. 6, 7, and 8, there is also
a slight increase in noises around this state. This indicates
that the control system of the wind turbine starts switching
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(b) FIG. 12. (a) Drift potential 	(�)

determined in the range of 0.6�max
and �max. Minima of the drift potential
correspond to the stable fixed points or
equilibria. Here we can observe three
minima that define the three states �1,
�2, and �3, as shown in Fig. 3. The
minimum around state �1, which is
presented with the red circle, is enlarged
in (b).

the strategies at this state around �1. As a remark, we
only calculated the deterministic potential that reflects the
mechanical and control mechanism of the wind turbine.

APPENDIX C: RESULTS ON THE ANALYSIS OF
ANOTHER TURBINE IN THE WIND FARM

In the main sections of the paper, we analyzed the data of
turbine number 6 in the wind farm that consists of 12 tur-
bines. The analysis of the other turbines also gives similar

results. Results of analysing the data of turbine number 7
are shown here as another example in Fig. 13, which is
similar to Figs. 3 and 8 in the main text.

APPENDIX D: ESTIMATION OF KM
COEFFICIENTS AND FINITE-ORDER

CORRECTION OF CONDITIONAL MOMENTS

We consider a projection of the two-dimensional (P, u)

state space to one dimension (P) by choosing a binning
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FIG. 13. Characteristic power curve (a), diffusion coefficient (b), jump parameter (c), and diffusion-to-jump ratio (d), analyzed with
different turbine in the same wind farm.
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FIG. 14. Estimation of the KM coefficient from the conditional
moment. In this example, for u � 0.38umax and P � 0.43Pmax,
the first-order conditional moments are estimated for different
time lags �t = (1, 2, 3, . . .) s and a linear regression is performed
for the first three time lags. The slope of the linear regression is
the KM coefficient.

for the wind speed u. In each segment of the time series,
with finite width of the wind speed bin, the power can have
fluctuations and this is the reason why we are reporting the
KM coefficients of power in each segment with respect to
the mean of the wind speed bin.

In practice, for each u and P bin, the conditional
moments are estimated for different time lags �t =
(1, 2, 3, . . .) s and a linear regression is performed for the
first three time lags, as shown in Fig. 14. The slope of the
linear regression is the KM coefficient. Actually, the KM
coefficient is the limit lim�t→0[M k(P|u, �t)/�t].

To check how robust our results are to finite-order time
�t, we used an Itô-Taylor expansion introduced by Stanton
[27], which is an easier way to reduce the error of estima-
tions of KM coefficients with finite time steps. We find a
few percent of deviations in the estimations of KM coeffi-
cients with increasing order of approximation from first to
third order (see also Ref. [18]).

For the wind power conditioned on wind speed, the
first-order approximation for Kramers-Moyal conditional
moments is given by

M (j )(P|u, �t) = 〈(P(t + �t) − P(t))j |P(t)=P,u(t)=u〉
+ O(�t)2, (D1)

the second-order approximation is given by

M (j )(P|u, �t) = 1
2 [4〈(P(t + �t) − P(t))j |P(t)=P,u(t)=u〉
− 〈(P(t + 2�t) − P(t))j |P(t)=P,u(t)=u〉]
+ O(�t)3, (D2)

the third-order approximation is given by

M (j )(P|u, �t) = 1
6 [18〈(P(t + �t) − P(t))j |P(t)=P〉

− 9〈(P(t + 2�t) − P(t))j |P(t)=P,u(t)=u〉
+ 2〈(P(t + 3�t) − P(t))j |P(t)=P,u(t)=u〉]

+ O(�t)4, (D3)

etc., as shown in Ref. [27]. Equations (D1)–(D3) allow us
to estimate the KM conditional moments and therefore the
KM coefficients with different precision.
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