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Abstract: Wind farm control methods allow for a more flexible use of wind power plants over the
baseline operation. They can be used to increase the power generated, to track a reference power
signal or to reduce structural loads on a farm-wide level. Model-based control strategies have the
advantage that prior knowledge can be included, for instance by simulating the current flow field
state into the near future to take adequate control actions. This state needs to describe the real system
as accurately as possible. This paper discusses what state estimation methods are suitable for wind
farm flow field estimation and how they can be applied to the dynamic engineering model FLORIDyn.
In particular, we derive an Ensemble Kalman Filter framework which can identify heterogeneous
and changing wind speeds and wind directions across a wind farm. It does so based on the power
generated by the turbines and wind direction measurements at the turbine locations. Next to the
states, this framework quantifies uncertainty for the resulting state estimates. We also highlight
challenges that arise when ensemble methods are applied to particle-based flow field simulations.
The development of a flow field estimation framework for dynamic low-fidelity wind farm models is
an essential step toward real-time dynamic model-based closed-loop wind farm control.

Keywords: wind field estimation; dynamic wind farm modelling; wind farm control; ensemble
Kalman filter

1. Introduction

Wind turbines are frequently positioned in a wind farm in such a way as to minimize
electrical cabling costs and to utilize given space as efficiently as possible. In this context,
wake effects can have a significant impact on the power generated by the wind farm: as
one turbine extracts energy from the flow, a downstream turbine experiences lower wind
speeds and generates less energy [1]. The impact of wakes can be reduced by wind farm
layout optimization and by changing the way wind turbines are controlled. Wind farm
control (WFC) methods utilize the degrees of freedom a wind turbine provides in order to
improve the wind farm’s performance [2]. This can be performed, for instance, to increase
power generated or to reduce loads on the turbines to extend their lifetime.

Model-based WFC methods utilize a surrogate model to find the optimal control
inputs for the wind farm. This has shown to be successful in steady state, for instance
with the method of wake steering [1], where turbines are purposefully misaligned with
the main wind direction to deflect their wake. For steady-state conditions, set points can
be calculated offline and are then applied using a look-up table during operation. More
recent publications iterate on the approach and aim to also include dynamic effects, some
of which are discussed here:

Dynamic wake effects can be approximated at a low computational cost by reducing
the underlying physics. One example is the free-vortex method, which reduces the simu-
lation scope to vortices shed by the rotor and their interaction with one another. Recent
work has shown that the free-vortex method, paired with an adjoint-optimization, can be
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used for model predictive control [3]. In the presented work, the algorithm is applied to a
two-turbine wind farm during a wind direction change, where the flow field conditions
are prescribed on a global scale. While successful at a small scale, the method is currently
limited to low numbers of turbines. This is due to a steep increase in computational cost
and numerical instabilities. The free-vortex method further has inherent difficulties to
accurately describe the wake behavior once the wake does break down. The distance at
which the free vortex method begins to become inaccurate is subject to ongoing research
and can vary across different implementations. Another way of approximating dynamic
effects in wind farms is to decrease the time scale at which steady-state models are used.
In [4], the authors use a steady-state model but adapt it to take changing atmospheric
conditions on a longer time scale into account (minutes to hours). This way, they achieved
dynamic closed loop control with a steady-state model across a full diurnal cycle. The
model does not feature a dedicated flow field model but rather averages the environmental
conditions over time. On a shorter time scale of seconds to minutes, there are only a few
models which aim to simulate the flow behavior in a wind farm at a low computational
cost in order to provide control inputs in real time.

One such model is the FLOw Redirection and Induction Dynamics (FLORIDyn) model,
originally published in [5] and more recently revised in [6,7]. The model can take hetero-
geneous and transient flow conditions into account and can simulate the propagation of
turbine state changes through the wake. This is achieved by creating particles, so-called
Observation Points (OPs), at the rotor plane. These inherit the turbine state and the wind
field state at the time of their creation. Each OP then proceeds to propagate downstream
according to the wind speed and direction it has inherited. The turbine state, together with
the wind field state and the OP location, provide enough information to approximate the
influence of the turbine wake in the proximity of the OP. The FLORIDyn model uses a
parametric wake model, designed for steady state, to calculate the wind speed deficit. The
model therefore adds flow and advection dynamics to a computationally cheap steady-
state wake model. Multiple similar models have been published recently, which are briefly
described below.

The FOWFSim-Dyn model presented by [8] provides a basis for a dynamic description
of floating wind farms. It couples a parametric wake model with turbines on floaters,
constrained by mooring lines. Based on the inflow, the turbines change their location
and the wakes adapt. The inflow is assumed to be uniform throughout the domain and
is modeled as an imposed function of time. The model UFLORIS is presented in [9]. It
makes similar design choices as FLORIDyn, in its switch from [6] to [7]: instead of using
multiple OP chains to cover the entire wake, the model employs only one chain of OPs
along the center line. UFLORIS employs a 2D wake and models the wind speed as part of
the Observation Point’s state. The model presented in [10] takes a different approach and
models the wind field as its own set of ambient OPs which propagate at a different speed
than the wake OPs. The model also incorporates crosswind components at the rotor plane
and is able to show meandering effects in the wake. Similarly, Ref. [11] also employs a set
of wake-OPs and ambient-OPs to differentiate between the background flow behavior and
the wake dynamics.

The emergence of various dynamic parametric wake models shows that the field is
maturing and different design choices are being explored. A common goal for these models
is to be applied in a wind farm context for real-time control purposes. To achieve this, an
estimation framework is needed to identify the current wind field state. The identified state
can then be used to simulate into the near future and to decide on the best control actions.
Without estimation, the model does not have knowledge of the real-life circumstances and
does not lead to useful predictions. In previous work [12], a Kalman filter is proposed
to estimate the wind speed in FLORIDyn with promising results. However, the work is
lacking a wind direction estimation, and this approach does not estimate the uncertainty of
the system states but rather assumes prior knowledge of it.
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An alternative estimation method is the Ensemble Kalman Filter (EnKF) [13]. The
EnKF follows an ensemble-based data assimilation approach and aims to estimate the state
by simulating many different versions of the model. Each realization of the model has its
own state and forms one ensemble. The states differ across all ensembles and diverge over
time if not corrected. During the correction step, the differences between the ensemble states
are used to approximate the state-error-covariance matrix, which allows the calculation of
the Kalman gain matrix. The capability to approximate the state-error-covariance matrix is
the property of the EnKF which simplifies what is a major tuning effort in other Kalman
filter implementations. Therefore, the state estimation of nonlinear systems with the
EnKF is relatively easy compared to other methods, which might require more system
information, such as derivatives. The reduced mathematical effort comes at the cost of more
computational effort in the simulations. As a result of increasing computational capacities
and the parallelizable nature of the EnKF, this trade-off has become more tolerable. The
method can be used to estimate the state of complex nonlinear systems as well as the
uncertainty of an identified state, a property which is useful for solving control problems
in a robust manner. Successful applications of the EnKF include flow problems [14–19],
which make it particularly interesting for wind farm flow field estimation.

In a similar problem setting to FLORIDyn, an EnKF is used in [16] with the wind
farm model WFSim to estimate the state of the flow. The EnKF returns promising results
including the uncertainties of the states in addition to a computational setup which can
easily be adopted to keep the computational cost low. However, an elementary difference
between the work of [16] and FLORIDyn is that WFSim has states at fixed locations, whereas
FLORIDyn propagates its states and is essentially a particle simulation. This requires an
adaptation on how the EnKF can be applied compared to its textbook examples. The work
of [14] pioneered the application of the EnKF in an adaptive mesh simulation, something
which has been further developed in [15,17]. A recent publication [19] adapts the problem
statement by incorporating Lagrangian particles in a mesh simulation. This work presents
characteristics close to FLORIDyn and shows that the EnKF can be applied for particle
simulations. The mere fact that an EnKF framework can be applied to a dynamic-low-
fidelity model has been shown by [18]: based on the power generated, an EnKF corrects
the wind speed deficit and the wake expansion.

Similar estimation techniques to the EnKF are the Unscented Kalman Filter
(UKF) [20], and variational data assimilation, such as the Four-Dimensional Variational
method (4D-Var) [21]. The UKF propagates selected versions of the state vector, called
sigma vectors (or sigma points). The sigma vectors are created based on the state covariance.
They are then propagated in time using the system equation and the weighted mean of the
resulting states is the estimate. The error covariance between the sigma vectors and the
outputs is then used to calculate the Kalman Gain matrix and to correct the estimate. This
allows the UKF to perform state estimation for nonlinear systems [22]. The difference to
the EnKF is that the sigma vectors are then reseeded, based on the new state covariance.
The EnKF, on the other hand, propagates the same ensembles further in time. A downside
of the UKF is the number of sigma vectors, which is typically twice the number of states.
For FLORIDyn, this would result in hundreds to thousands of sigma vectors. Variational
data assimilation methods optimize an initial state to fit the past outputs produced by
the model over an assimilation window. The identified state can then be used to predict
future model behavior. In particular, 4D-Var is used with success for meteorological and
flow simulations [23], similar to the EnKF. This frequently leads to the question when to
choose one over the other [24]. What makes 4D-Var unsuited for FLORIDyn is that the OPs
with the identified state leave the system boundaries and are disregarded. As a result, the
algorithm would put effort into estimating states which do not have an influence anymore
at the current time step nor in the future. We conclude that the EnKF remains the most
practical and promising approach for the simulation circumstances of this work.

To summarize, dynamic–parametric analytical wake models, such as FLORIDyn, grow
in popularity. They can approximate dynamic flow behavior within a wind farm at a low
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computational cost, which makes them suitable for real-time closed-loop wind farm control.
In order to make meaningful control decisions, the model state needs to be equal to the real
wind farm state. To align the two states, an estimation framework is needed. The review
of existing methodologies suggests that the Ensemble Kalman Filter is the most suitable
estimation framework but requires some adaptation.

The main contribution of this paper is an Ensemble Kalman Filter framework to
jointly estimate the background wind speed and wind direction in a wind farm, using the
dynamic parametric wind farm model FLORIDyn. The presented framework is innovative,
as wind speed and wind direction estimation are generally treated as separate problems.
The work further contributes to the recent efforts to explore how the Ensemble Kalman
Filter as a method can be used to estimate the states of Lagrangian particle simulations.
The estimation is based on already available turbine data such as the power generated
and wind vane measurements. The results and insights of this work are also relevant for
other dynamic parametric wind farm models mentioned earlier [8–11] as well as for other
Lagrangian particle simulations.

The remainder of the paper is structured as follows. Section 2 discusses FLORIDyn’s
properties and presents the resulting Ensemble Kalman Filter framework. Results obtained
with the new framework are presented in Section 3. Section 4 draws conclusions and gives
an outlook for future work.

2. Materials and Methods

In order to implement the proposed Ensemble Kalman Filter approach, FLORIDyn
needs to be described as a state-space system. We will approach this problem by first
discussing the properties of the FLORIDyn algorithm and the resulting differences to other
simulation types in Section 2.1. Following these insights, we present different ways to
formulate the Ensemble Kalman Filter framework in Section 2.2. We will also discuss
extensions of its formulation. The mathematical notation of the paper is as follows: italic,
non-bold letters denote scalars (e.g., x, CP), bold, lowercase letters denote column vectors
(e.g., xOP, µWF), column vectors with hats denote state estimates (e.g., x̂WF), with bars
averages (e.g., x̄WF). Bold, uppercase letters denote matrices (e.g., A,C), matrices with tilde
represent matrices modified by weighting or localization (e.g., Ã, C̃). Square brackets orga-
nize equations or define matrices and vectors, round brackets are function inputs, properties
or units.

2.1. Properties of the FLORIDyn Approach

FLORIDyn is a particle simulation approach to model the dynamic behavior of wind
turbine wakes given environmental conditions. In practice, so-called Observation Points
(OPs) are created at every time step and propagate downstream with the free wind speed
and along the main wind direction. The term free wind speed refers to the assumed
background wind speed, unaffected by the wakes. The OPs inherit the state of the turbine
at their time of creation. This allows them to calculate the wake of the turbine at and
around their location. The detailed process is described in [7]. The wind field states used
for propagation (wind speed, direction and ambient turbulence intensity) are also part of
the states of an OP. The full state of an OP is given by its location xL,OP, the turbine states
attached to it xT,OP and the wind field states xWF,OP. Combining all OP states, the system is
then propagated as follows: xL(k + 1)

xT(k + 1)
xWF(k + 1)

 =

AL,L 0 AL,WF(xWF(k))
0 AT,T 0
0 0 AWF, WF

 xL(k)
xT(k)

xWF(k)

+ . . .

δ(xL(k), xT(k), xWF(k))
0
0

+

BL 0 0
0 BT 0
0 0 BWF

 lT(k)
xT,0(k)

xWF,0(k)

 , (1)



Energies 2022, 15, 8589 5 of 23

where xL refers to all OP location states, while xT and xWF refer to all stored turbine states
and the stored wind field states, respectively. The matrices AL,L, AT,T and AWF,WF have a
similar lower-diagonal block structure which ensures that one state is propagated to the
next row for each turbine and its OPs. The propagation of the OPs following the main wind
direction and wind speed is described by the matrix AL,WF(xWF(k)). The nonlinear term
δ(xL(k), xT(k), xWF(k)) describes the centerline deflection, as the model presented in [7]
describes only OPs moving along the centerline. This term is zero in the presented work, as
yaw-misalignment is not part of the later presented case studies. A detailed description can
be found in [25]. As inputs, there are the turbine rotor locations lT(k), the current turbine
state xT,0(k) and the current wind field state at the turbine locations xWF,0(k). The turbine
rotor locations are used to determine where the OPs are created, and the remaining inputs
serve as information stored in those newly created OPs. The full system is described in
more detail in Appendix A.1.

In order to estimate the wind field states, they have to be observable. This depends
on the way the output of the simulation is defined. We assume that we can only measure
at the locations of the turbines and treat the turbines as sensors in our framework. For
the wind direction, we assume to have a wind vane available at the turbine location. To
estimate the background wind speed, we can utilize the power generated. This way, the
algorithm requires the least input from the turbine and utilizes already available data. On
the FLORIDyn side, the power generated is estimated by calculating the effective wind
speed at the turbine location and the power coefficient CP:

Pturbine
!
= P̂FLORIDyn =

1
2

Arot ρ CP û3
eff (2)

ûeff = ûfree

nT

∏
i=1

[1− ri] , (3)

where ûfree is the estimate of the free/background wind speed, stored in the OPs, and all
other variables with hat symbol are derived estimates. The rotor area is Arot, ρ denotes the
air density, and ri denotes the wind speed reduction by the i-th wind turbine wake. The
power coefficient CP = 4a(1− a)2 is calculated based on the actuator disc theory, which
in this work is solely based on the axial induction factor as yaw is not part of the study
[26]. We assume greedy control for all turbines and set a to the Betz limit of 1/3. The wind
speed reduction is based on the Gaussian wake model [25] and implemented as described
in [6]. Note that the power generated is dependent on û3

eff, which makes an estimation
of the wind speed, and its uncertainties, even more relevant. Equation (3) uses the free
wind speed at the turbine locations, which is based on the OP state xWF. It is necessary to
understand how all states are connected to the few estimates at the turbine locations to
ensure observability. In the model presented in [7], the states of the closest upstream and
downstream OP would be used to interpolate the free wind speed. This was motivated by
a similar approach in the initial FLORIDyn implementation [5]. If we define a vector ûfree
as (intermediate) output of our system at every turbine location, the output matrix could
look as follows:

ûfree = C(k) xWF,u (4)

C(k) =
[

1 0 · · · 0
0 · · · 0 w1 w2 0 · · · 0

]
, (5)

where C(k) is the time-varying output matrix of the state-space system and w1, w2 are the
non-zero interpolation weights. Note that Equation (5) is formulated for a two-turbine case
where the first turbine is uninfluenced and the second one is in the wake of the first one.
The free wind speed at the second turbine is estimated from two OPs in the wake of the
first turbine, based on the weights w1 and w2. Note that we only use the velocity entries of
xWF. This formulation creates a very sparse C matrix. Figure 1 visualizes this by coloring
the OPs which are used to determine ûfree.
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Figure 1. Interaction between OPs and a turbine: the initial case only considered the two closest OPs
(upper figure), while the weighted case considers a broader range of OPs (lower figure) to estimate
the wind field states at the downstream turbine location.

It is here where the inherent issue lies of applying the Ensemble Kalman Filter frame-
work. The EnKF will be discussed in more detail in Section 2.2, but the main idea is that
the estimator works by employing multiple versions of the model, all evolving slightly
differently over time. As this is the case, the wind speed states of different ensembles
diverge and so do the locations of the OPs. Since the formulation of C is so sparse, different
OPs and therefore different states contribute to the wind speed estimate in each ensemble.
The estimator framework is built around the premise to estimate and correct the same
state across all ensembles, which is no longer the case. Therefore, the formulation of C
has to be altered and its non-zero entries have to be wider spread, which leads to more
robustness across different ensembles. Furthermore, it has to be ensured that the same
states are identified across all ensembles. To solve this task, a method from a very similar
model is utilized: Lejeune et al. [10] employ a spatio-temporal averaging approach to
weight the wind field states. We adopt this approach in FLORIDyn by weighting every OP
based on its downwind and crosswind distance to the location of interest and based on the
time passed since its creation. At the location of interest, the weighted average of all OPs’
states returns the free wind speed estimate. We calculate the weights using a Gaussian
function [10]:

w(ddw, dcw, tOP) = exp

(
−
[

d2
dw

2σ2
w,dw

+
d2

cw
2σ2

w,cw

])
exp

(
− [t− tOP]

2

2σ2
w,t

)
, (6)

where ddw and dcw are the downwind and crosswind distance to the location of interest,
tOP is the time at which the OP was created and t is the current time. Figure 1 indicates how
a broader range of OPs is now considered. This weighting also introduces three new tuning
constants σw,dw, σw,cw and σw,t, which control the downwind, crosswind, and temporal
width of the Gaussian weighting function, respectively.

This way of calculating the weights is applied in two places. First, the calculation of the
C matrix is adapted. Its entries become larger for close and younger OPs, and they become
smaller for older, further away OPs. The same method is now also applied to the calculation
of the propagation distance of the OPs, which is represented by AL,WF(xWF(k)) in Equation
(1). This change overcomes the issue of one OP overtaking the other and preserves the
low-frequency changes in the wind field. In addition to the weight parameters used in [10]
for the wind speed, a new set of weight parameters are introduced for the wind direction
state. This allows for a more adaptive tuning. As discussed in Section 3, we assume the
wind direction to have a much larger area of ”validity” than the wind speed, which we
assume to be more local. Additionally, we also assume that wind direction measurements
change more uniformly, which is why we decrease the weight with time stronger than with
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the wind speed estimates. To implement this change, the matrix AL,WF(xWF) in Equation
(1) has to be extended by a weighting matrix WWF, as well as weighting its input:

ÃL,WF(k, xL, xWF) = AL,WF(WWF(k, xL) xWF)WWF(k, xL) . (7)

The structure of WWF(k, xL) is given in Appendix A.2. The changed version of
Equation (1) is given in Equation (8). A visual representation of the weights can be seen as
part of the results in Figure 11.

2.2. Ensemble Kalman Filter Formulation

The Ensemble Kalman Filter works by employing a model multiple times with varying
starting states [13]. Additionally, it is assumed, as with all Kalman Filter formulations,
that both the states and the measurements are corrupted with a Gaussian white noise
disturbance. This randomly generated noise, along with the different starting states,
ensures that the states of the different ensembles diverge over time. The average of a state
across all ensembles is its estimate and the variance is its uncertainty.

Equation (1) is adapted as follows: xL(k + 1)
xT(k + 1)

x̂WF(k + 1)


︸ ︷︷ ︸

x(k+1)

=

AL,L 0 ÃL,WF(k, xL, x̂WF)
0 AT,T 0
0 0 AWF, WF


︸ ︷︷ ︸

A1

 xL(k)
xT(k)

x̂WF(k)


︸ ︷︷ ︸

x(k)

+ . . .

δ(xL(k), xT(k), x̂WF(k))
0
0


︸ ︷︷ ︸

A2

+

BL 0 0
0 BT 0
0 0 BWF


︸ ︷︷ ︸

B

 lT(k)
xT,0(k)

x̂WF,0(k)


︸ ︷︷ ︸

u

+

 0
0

µWF


︸ ︷︷ ︸

µ

, (8)

where µWF is the added noise to the wind field state. The noise combines the noise for
wind speed µu ∼ N (0, Qu) and wind direction µϕ ∼ N (0, Qϕ), which are assumed to be
Gaussian noise. All ensembles are propagated in time using Equation (8) with individually
generated noise.

Due to the fact that x̂WF is perturbed individually for all ensembles, and that the values
of x̂WF are coupled to xL, this state also changes differently for all ensembles. Depending
on how far the ensembles have diverged from one another, the x̂WF states are at different
locations in the different ensembles. The EnKF framework, however, assumes the states
to describe the same location. This is an inherent characteristic for all simulations which
include, or consist of, Lagrangian markers, particles traveling based on their own state.
In the literature, there are two proposed ways to address this issue: The first option is to
map the ensemble states to a common grid. The state correction is then applied at common
locations. The corrected states are then mapped back onto the individual ensemble states.
An alternative is to enhance the state with the markers position. These are then also
estimated and corrected. The idea is that the location of the OPs is correlated with the states
causing the propagation. This method can significantly increase the size of the problem,
but it also returns more information. In the case of FLORIDyn, this framework would then
also correct the location of the wake. To decrease the complexity of the problem, we apply
the former method. Rather than creating a new grid, we first calculate the mean position
of the OPs x̄L across all ensembles and then apply the weighting (Equation (6)) to find the
representative state of the ensemble at x̄L. This can be seen as a coordinate transformation
from the states of the ensemble to the mean states of all ensembles. The corrected state
would then need to be projected back onto the ensemble states; however, an inversion of
the weighting matrix is numerically difficult. We therefore further simplify this step by
assuming that the inverse is equal to an identity matrix. This assumption is supported by
the fact that the weighting matrix has a diagonally dominant structure for the OPs which
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are in the wind field area. It is to be expected that this assumption cannot hold for more
diverging wind directions and for areas where no state correction is possible.

From this point onwards, we will refer to the resulting state of Equation (8) as a forecast
state, which is marked by an f as the upper left index. If measurements are available, the
forecast state fx̂WF, ei of ensemble ei is corrected using the difference in predicted outputs
and measured outputs with Equation (9). The result is the analysis state ax̂WF, ei . The
general formulation of the analysis step is as follows:

ax̂WF, ei =
fx̂WF, ei + K

[
dei − g

(
xL, ei , xT, fx̂WF, ei

)]
(9)

ax̂WF, ei =
fx̂WF, ei , (10)

where K is the Kalman gain matrix, g
(

xL, ei , xT, fx̂WF, ei

)
describes the nonlinear output

function which converts the ensemble field state to the predicted measurements and dei is a
set of polluted system measurements. We assume xT to be equal across all ensembles. If no
measurements are available, Equation (10) is used to determine the analysis state instead
of Equation (9).

We assume that the wind direction and wind speed are uncorrelated and can be
corrected independently. Therefore, the calculation of the Kalman gain matrix is split into
Ku to correct the wind speed and Kϕ to correct the wind direction. For the correction of the
wind speed, the power generated is used as a nonlinear output. For the wind direction, we
assume a direct measurement at the turbine location. Therefore, the output function also
varies and Ku and Kϕ have to be calculated in a similar yet different manner. This will be
discussed in Sections 2.2.1 and 2.2.2, respectively. Figure 2 shows a block diagram of the
correction from the point of view of a single ensemble.
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Figure 2. Block diagram of an ensemble with correction. The left box (−−) describes the state
propagation within the ensemble. If no measurements are available, the system keeps progressing
the state, and all ensembles diverge due to the influence of noise. The right box (−·) describes the
comparison of the measurements with the estimates and the resulting correction. Elements connected
to the wind direction are colored in dark blue, while elements related to the wind speed are colored
in orange. Products and functions have a one-line frame; values have a double line frame.

It visualizes how the estimated wind field states are converted into estimates at the
turbine location. The wind direction is determined by a time-varying output matrix, and
the wind speed is determined by a nonlinear function which converts the wind speed into
power generated. Both estimates are then compared to the polluted measurements. The
difference is multiplied with the respective Kalman gain matrix and the forecast states
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are corrected and fed back into the ensemble. Figure 3 visualizes which calculations are
executed for all ensembles and which calculations are used only once. The calculations are
mainly based on the EnKF literature and adapted for this case; for more information on the
EnKF, see [13,27].

2.2.1. EnKF Correction of the Wind Speed

To calculate the Kalman gain matrix Ku, we follow an approach also used in [19],
which allows the use of a nonlinear output function. First, the averaged state error matrix
fEx̂WF,u is calculated:

E fx̂WF,u
=

1√
ne − 1

[
fx̂WF,u,e1 −

fx̄WF,u, fx̂WF,u,e2 −
fx̄WF,u, . . . , fx̂WF,u,ene

− fx̄WF,u

]
, (11)

where fx̂WF,u, ei describes the wind speed estimate of the i-th ensemble and fx̄WF,u describes
the average across all ne ensembles. The same is calculated for the output of the ensembles:

EP̂ =
1√

ne − 1

[
P̂e1 − P̄, P̂e2 − P̄, . . . , P̂ne − P̄

]
, (12)

where P̂ei denotes the estimation of power generated by the i-th ensemble, which is directly
dependent on fx̂WF,u as shown in Equations (2) and (3). We can now calculate the state-
output error correlation covariance matrix, Equation (13), and the output error covariance
matrix, Equation (14):

eC fx̂WF,u, P̂ = E fx̂WF,u
E>P̂ (13)

eC P̂, P̂ = EP̂ E>P̂ , (14)

In parallel, the power measurements P from the wind turbines have to be polluted:

Pei = P + εi,P εi,P ∼ N (0, RP) (15)

where εi,P is an artificial error with a Gaussian distribution, an average of 0 and the
covariance matrix RP. The matrix RP is a parameter which needs to be set based on prior
knowledge and tuning. If no random perturbations are added to the measurements, the
variance of the analyzed ensembles becomes too low [28]. The wind speed is then corrected
as follows:

Ku = eC fx̂WF,u, P̂

[
eC P̂, P̂ + RP

]−1
(16)

ax̂WF,u,ei =
fx̂WF,u,ei + Ku

[
Pei − P̂ei (

fx̂WF,u,ei )
]

. (17)

2.2.2. EnKF Correction of the Wind Direction

We assume to have a measurement of the wind direction available at the turbine
locations. The state error fExWF, ϕ is calculated equivalently to Equation (11). Contrary to
the wind speed estimation, it is then used to calculate the state error covariance matrix:

eCxWF,ϕ , xWF,ϕ = fExWF,ϕ
fE>xWF,ϕ

. (18)

To obtain the relation between the states and the output, the output matrix Cϕ,ei is
needed. It is given by the rows of the weighting matrix WWF(k, xL) which combine fxWF,ϕ
to a wind direction estimate at the OP at the rotor plane; see Equation (7). Due to the fact
that OPs are slightly differently located in each ensemble, Cϕ,ei is slightly different in each
ensemble. We assume that Cϕ,e1 ≈ Cϕ,e2 . . . Cϕ,ene

to a degree where the basic assumptions
of the EnKF still hold. However, we are diverging from the traditional calculation by
generating individual Kϕ,ei for each ensemble, based on the different Cϕ,ei matrices. The
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wind direction measurements ϕ are also polluted with an error εi,ϕ ∼ N (0, Rϕ), which is
equal to the power measurements in Equation (15). As with RP, Rϕ is a parameter that
needs to be set. The resulting analysis step is described by:

Kϕ,ei =
eCxWF,ϕ , xWF,ϕ C>ϕ,ei

[
Cϕ,ei

eCxWF,ϕ , xWF,ϕ C>ϕ,ei
+ Rϕ

]−1
(19)

ax̂WF,ϕ,ei =
fx̂WF,ϕ,ei + Kϕ,ei

[
ϕei
− Cϕ

fx̂WF,ϕ,ei

]
. (20)

Note how the Equation pair (19) and (20) differs from (16) and (17): Equation (19) uses
the state-error-covariance matrix and a linear output matrix, where Equation (16) uses the
output-error-covariance matrix and the output-to-state-error-covariance matrix. As a result,
Equation (20) corrects based on a linear relation of the output to the estimated state, while
Equation (17) compares outputs with a nonlinear relation to the estimated state.

Figure 3 shows the difference between the single Ku for the wind speed reduction
and the multiple matrices to correct the wind direction. Generally, this approach is not
desirable as it requires more calculations and therefore more computational effort. We
chose it as we had access to the exact output matrices and were therefore able to reduce the
number of approximations in the correction. Furthermore, the later discussed test case is a
nine-turbine case, which means that the to-be-inverted part of the Kalman gain calculation
is a 9× 9 matrix, which resembles a manageable computational cost. As the number of
turbines grows, a single Ku matrix becomes much more desirable.

Figure 3. Block diagram of the correction across all ensembles. The yellow, top boxes describe all
ensembles, running in parallel. If no measurements are given, the forecast state is used as an analysis
state, and the ensembles diverge further. If measurements are given, the wind speed (orange) and
direction (dark blue) states are corrected. The measurements and their perturbations are given at
the bottom of the figure with thin double lined frames. Without perturbation, the variance of the
ensembles would become too low [28].

2.2.3. Localization

The EnKF works under the premise that enough ensembles are simulated to approxi-
mate the correlation among the states and measurements. In order to decrease the number
of ensembles needed for the error covariance approximation, prior knowledge of the system
can be used to modify the covariance matrices. In practice, this is completed by calculating
an additional covariance matrix based on the distance of the state to each other. This covari-
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ance matrix is then multiplied with the state-error covariance matrix and the output-to-state
error covariance matrix.

eC̃xWF,ϕ , xWF,ϕ = CxL, xL ◦
eCxWF,ϕ , xWF,ϕ

eC̃ fx̂WF,u, P̂ = CxL, xL,T ◦
eC fx̂WF,u, P̂

eC̃ P̂, P̂ = CxL,T, xL,T ◦
eC P̂, P̂ ,

(21)

where ◦ is the Hadamard product, CxL, xL is the localization covariance between all states,
CxL, xL,T is the localization covariance between all states and the OPs at the turbine locations,
and CxL,T, xL,T is the localization covariance between the OPs at the turbine locations among
each other. As the initial OPs are placed at the turbine location, CxL,T, xL,T and CxL, xL,T

are subsets of CxL, xL . To calculate the localization covariance, we follow [29] and use a
piece-wise defined polynom with a characteristic cut-off length l. Every element ci,j(d, l) of
the covariance matrix connecting OPi and OPj is then calculated as follows, based on their
distance d to one another:

ci,j(d, l) =



1 d = 0

− 1
4

[
d
l

]5
+ 1

2
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[
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− 5 d

l + 4− 2
3

[
d
l

]−1
l < d ≤ 2l

0 2l < d .

(22)

The equation is based on the work of [30], which also offers alternative functions. The
state and output covariance matrices in Equations (16) and (19) are subsequently replaced
by their modified equivalents, which are defined in Equation (21).

3. Results and Discussion

This section presents the results of the introduced framework. The parameters chosen
for the simulation are discussed in Section 3.1. In Section 3.2, we apply the framework to a
test case where FLORIDyn is used as both the reference system and the ensemble system. In
a second step, Section 3.3 showcases a setup where an LES simulation is used as reference.

3.1. Ensemble Kalman Filter and Localization Parameters

Table 1 lists the used parameters for the EnKF framework and the new weighting
method introduced in FLORIDyn. For the other FLORIDyn parameters, see [7]. The
number of ensembles defines how well the covariance matrices are approximated, but with
every ensemble, also a new FLORIDyn simulation has to run. Preliminary tests suggested
that using 50 ensembles yields acceptable results: the estimate becomes noisy for a few
ensembles (<20), and the results do not change significantly for higher numbers (tested up
to 150). The correction frequency Cf determines how often the framework is called and has
to be a multiple of the FLORIDyn simulation frequency, which is set to 0.25 s−1. The noise
on the measurements and states is assumed to be uncorrelated and is therefore described
by an identity matrix, which is multiplied by a factor. The factors were chosen based on
the variance of the measurements in the LES simulation. The noise perturbation for the
wind direction had to be increased to allow for a faster correction. The cut-off length for
the localization function was set in accordance to be roughly double the spatial component
of the weighted average function, scaled by

√
10/3, which is motivated by the findings of

[31]. The values for the weighted average calculation of the wind speed are inspired by
[10] but were modified. The initial values were lower for σw,t,u and higher for σw,dw,u. This
led to unreasonable weighting areas during major wind direction changes. Therefore, we
adapted the values to hold value longer but over shorter downwind distance. The weight
for the crosswind distance σw,cw,u was also set lower, which led to very little interaction
between downstream turbines and passing wakes. The value was therefore increased.
The wind direction weights are set by manual tuning and intuition: as the wind direction
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changes, the entire flow field changes, and we can assume a more global effect than with
wind speed. If the age of the OPs would not be punished more heavily by the weighting,
old wind direction measurements would prohibit a change. We therefore chose to give the
wind direction state a wide influence area but a short lifespan. All values should be seen as
educated estimates and not necessarily as part of a final parameter set.

Table 1. Parameters used in the Ensemble Kalman Filter framework.

Ensemble Kalman Filter Localization

ne (-) Cf (s−1) lu (m) lϕ (m)
50 1/12

√
10/3× 500

√
10/3× 1000

Noise Per 4 s

RP (MW) Rϕ (deg) Qu (ms−1) Qϕ (deg)
0.1 · InT 3 · InT 0.4 · InOP 3 · InOP

Weighted Average

σw,dw,u (m) σw,cw,u (m) σw,t,u (s) σw,dw,ϕ (m) σw,cw,ϕ (m) σw,t,ϕ (s)
256 126 256 512 512 50

3.2. FLORIDyn as Validation Platform

To understand the behavior of the developed algorithm, we first use FLORIDyn itself
as a validation platform. This allows us to model flow conditions, which could be hard to
generate in high-fidelity simulations. We also can carve out the differences of the FLORIDyn
model by itself and FLORIDyn within the EnKF framework. This gives us an idea about the
contribution of the EnKF framework. To this end, we consider a nine-turbine case subject
to heterogeneous wind speed and wind direction changes. The 3× 3 wind farm layout
is described in Figure 4. All nine DTU 10 MW turbines [32] are placed with equidistant
spacing of 900 m, which is roughly equivalent to f ive turbine diameters. The FLORIDyn
model is propagated as described in Equation (8), excluding the noise term. During the
1200 s simulation duration, both the wind direction and speed change heterogeneously
throughout the field. The wind direction is initialized with 255 deg and then changes
at rates between 0.2 deg s−1 and 0.05 deg s−1 to 280 deg. Figure 4 shows the start and
end directions as well as the transitions for the different turbines. The wind speed is
changed in a similar manner from 8 to 10 m s−1 at rates between 0.02 and 0.01 m s−2. Yaw
misalignment is not part of the presented case.

900m 900m600m 600m

90
0m

90
0m

60
0m

60
0m

T6 T7 T8

T3 T4 T5

T0 T1 T2
T0,1,2
T3,4,5
T6,7,8
T0,3,6
T1,4,7
T2,5,8

250

280

200 400 600 800 1000

10

9

8

Wind direction (deg)

Time (s)

Wind speed (ms−1)

270

260

280 deg

255 deg

195 deg

Figure 4. The left figure depicts the wind farm layout which is used in Sections 3.2 and 3.3, along
with the main wind directions in both cases. The right figure depicts the transition between the flow
variables for the different turbines during the FLORIDyn reference simulation.

Figure 5 depicts the power generated by the center row turbines, T3, T4 and T5. The
leftmost turbine, T3, experiences only free stream conditions, and the only change in power
generated stems from the increase of wind speed. As the EnKF needs to adapt to the
changing wind speed, the predicted power generated trails the reference with a delay of
≈ 10 s. The other two turbines, T4 and T5, are subject to upstream wakes and show a
reduction in power generated due to passing wakes during the wind direction change.



Energies 2022, 15, 8589 13 of 23

Both also show that the EnKF predicts the reduction in power generated, but contrary to
the prior case, and counter intuitively, the EnKF does not follow the reference simulation
but leads it. To understand this effect, we have to look at the state correction: the EnKF
has the capability to change the states of shed OPs whereas the FLORIDyn simulation only
adds new data to the OPs at the turbine locations. As a result, downstream OPs in the
EnKF simulation correct their state while they initially remain unaffected in the FLORIDyn
simulation. The effect is that the wake in the EnKF adapts sooner to the new wind direction
and crosses the downstream turbines earlier than in the FLORIDyn simulation.

0 200 400 600 800 1000

2

4
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8

10

12

Po
w
er
ge
ne
ra
te
d
(M
W
)

Time (s)
0 200 400 600 800 1000 0 200 400 600 800 1000

T3 T4 T5

Figure 5. FLORIDyn as reference: the black line shows the FLORIDyn simulation, the orange line
shows the estimate with 1, 2 and 3 standard deviations.

This difference can be seen in Figure 6 where the reference state is compared to the
EnKF estimate along with the respective wake locations in white and black. The EnKF
simulation shows a similar heterogeneous state distribution as the reference but at a higher
value. The resulting difference shows that the EnKF is uniformly at the same or higher
value than the reference simulation. The difference plot also shows how the EnKF wake
has progressed further south than in the reference case. Figure 7 depicts a similar behavior
where the reference states show bigger differences in the background wind speed than the
estimated state. The estimated state is more uniform and suggests a more steady change of
the wind speed throughout the flow field.
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Figure 6. Estimated background flow field wind direction compared to the reference at t = 564 s.
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Figure 7. Estimated background flow field wind speed compared to the reference at t = 804 s.
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To conclude, the framework creates smoother, low-pass filtered flow fields. The EnKF
adds a spatial connection to the FLORIDyn simulation that it, in this implementation,
would not have otherwise. This is due to the correction capabilities of the EnKF: the
state-error-correlation calculation and the wider localization area connect and change states
which are not necessarily connected by the spatio-temporal averaging alone, which is
applied in FLORIDyn. This could be changed by narrowing the localization window or
by widening the spatio-temporal average influence. The EnKF is furthermore able to track
heterogeneous flow field changes.

3.3. SOWFA as Validation Platform

We now consider a more realistic and complex setting, in which we use the developed
EnKF FLORIDyn framework to estimate the flow field state during a 60 degree wind
direction change. We use a high-fidelity large-eddy simulation performed with SOWFA
(Simulator fOr Wind Farm Applications) [33] as ground state. Section 3.3.1 describes the
simulation setup and case. The wind speed and direction state estimation results are
discussed in Sections 3.3.2 and 3.3.3, respectively. Section 3.3.4 highlights the influence of
spatial weighting on the state correction. Finally, Section 3.3.5 looks at the power generated.

3.3.1. Simulation Case

The wind farm layout is identical to the case discussed in the previous Section 3.2 and
is shown in Figure 4. Differences are that the wind direction changes from 255 degrees
before t = 600 s to 195 degrees at t = 900 s and afterwards. In SOWFA, the turbines are
subject to turbulent inflow at roughly 6 % ambient turbulence intensity and an average
wind speed of 8.2 m s−1. The case has been used in previous FLORIDyn publications, such
as [7] and has been described in greater detal in [6]. The SOWFA setup files and output
data are available at [34].

For the evaluation, two snapshots are considered: one at t1 = 600 s, when the wakes
are fully developed within the wind farm boundaries, and one at t2 = 840 s, during the
wind direction change. Animations of the full simulation are available at [35] along with
data to recreate the flow field plots and power generated.

3.3.2. Wake Location and Estimated Wind Speed

Figure 8 shows the SOWFA flow field at t1 and t2, as well as the SOWFA flow field
overlaid with the FLORIDyn OPs and contour lines. The estimated flow field overlaps
well with the SOWFA simulation and follows the curved wakes, which are caused by
the wind direction change. At its current development stage, FLORIDyn cannot model
wake-meandering effects, which are present in the SOWFA flow field.

3
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Distance (km)1 2 1 2 1 2 1 2
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Wind speed (ms−1) Wind speed (ms−1)

Figure 8. The left figure pair depicts the SOWFA flow field before and during the wind direction
change at t1 = 600 s and t2 = 840 s, respectively. The right pair superimposes contour lines of the
estimated FLORIDyn flow field as well as the OPs.

The estimated FLORIDyn wind speed state is depicted in Figure 9, along with the
standard deviation, calculated by the relation between the ensembles. The wind speed
estimate is relatively uniform, which is also the case in the SOWFA simulation. Coarser
patterns of lower and higher wind speeds can be seen for the three turbine rows. The lower
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row of T6, T7 and T8 does also show the same lower wind speeds in the SOWFA simulation
(consider Figure 4 as reference for the turbine numbering). The standard deviation is below
0.3 m s−1 and does not show a meaningful pattern. During the wind direction change,
the standard deviation rises for some downstream areas but remains bounded. The filter
properties of spatio-temporal averaging strongly contribute to this result, as small-scale
changes are averaged out. The area influenced by the averaging is discussed in detail in
Section 3.3.4.
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Wind speed (ms−1) Standard deviation (10−1 ms−1)
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Distance (km)1 2 1 2 1 2 1 2

Figure 9. The estimated effective wind speed flow field is depicted in the left figure pair, once in
steady state at t1 = 600 s and once at t2 = 840 s, during the wind direction change. The right figure
pair shows the respective standard deviation.

3.3.3. Wind Direction States

The wind direction changes uniformly throughout the wind farm and is not subject to
turbulent changes, such as the wind speed. Therefore, noise is only introduced by means
of system noise and added measurement noise. If these are chosen too low, the EnKF trusts
the model state too much and adapts too slow during the actual state change. Knowledge
about the flow field effects is crucial to set the noise magnitude: in this simulation, the
wind direction changes with 0.2 deg s−1. Consequently, the system noise and measurement
noise have to be chosen higher. The Gaussian noise is set to 0.75 deg s−1 for both the
measurement and the system noise. In steady state, however, the difference between the
estimated and true state is minimal. This can be seen in Figure 10.
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Figure 10. The left figure pair shows the difference to the true value and the value extrapolated from
the OPs’ wind direction states. A blue color indicates that the extrapolated wind direction is trailing
the true value during the direction change. The true values are 255 deg at t1 = 600 s and 207 deg at
t2 = 840 s, left and right, respectively. The right figure pair shows the standard deviation of the state
values based on the variance across the ensembles.

During the wind direction, the error increases, but due to the introduced noise, the states
are corrected and the error remains within small bounds within the wind farm. Outside of the
wind farm, little to no corrections are made, and the states keep diverging across all ensembles,
which are visible in Figure 11. This is also mirrored in the standard deviation plot in Figure 10,
where the areas between the wind turbines, with wake overlap, show the lowest values.

3.3.4. Weighting and Corrections

The previous results underlined the importance of the applied spatio-temporal weight-
ing as well as the localization. The results also show how the weighting changes the
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way FLORIDyn acts as a simulation and how it defines boundaries to what the EnKF can
correct. This section looks at a part of the simulation in detail to quantify and understand
these implications.

Figure 11 focuses on the upper third of the wind farm area and the states within it.
During steady state, the focus lies on the OP states of the turbines T0, T1 and T2. During
the wind direction change, the wakes of T0, T1 and T2 leave the observed area, which is
why the now more present wakes of T3, T4 and T5 are discussed instead. The displayed
metrics from top to bottom are the wind speed state of the OPs, the wind direction state
of the OPs, the weights for the wind speed averaging, the weights for the wind direction
averaging and the SOWFA flow field overlapped with the FLORIDyn contour lines.
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SOWFAwind field with FLORIDyn contour lines
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Figure 11. This figure compares the simulation state at the start and during the wind direction change.
The top two figure rows visualize the states of all OPs connected to Turbine 0 to 2, at t1 = 600 s and of all
OPs connected to Turbine 3 to 5, at t2 = 840 s. The figures show the state value of the OPs with 1, 2 and 3
standard deviations (std) as orange plot and y-axis, and the std alone as black plot and y-axis. A gray
area marks the OPs which have left the wind farm boundaries. The x-axis denotes the state index, e.g.,
10 relates to the 10th OP. The dotted lines mark a reference value: for the wind direction, this is the true
value; for the wind speed, this is the average precursor speed. Below the OP states are three rows of flow
field plots. They show a third of the wind farm to allow for a more detailed look. The upper two show
the weights used for the weighted average calculation; see Equation (6). These figures also show the state
indexes in the wakes of the referenced turbines. The lower row shows the SOWFA flow field overlapped
with the contour lines of the FLORIDyn simulation. The dataset [35] provides animations of the state
figures for all cases and animations of the flow field.

The wind speed state plots show the estimate of all OP states for three turbines with
±1, 2, 3 standard deviations, as well as a reference line at 8.2 m s−1. The reference is the
mean wind speed across the wake free flow field and only gives an indicator of where
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the estimate should be. The figures also show the development of the standard deviation
separately as a black line. The leftmost states are closest to the turbine, while the rightmost
are furthest away. The gray areas indicate where the states leave the wind farm boundaries.
Every 10th state (or OP) is marked in the weight plots to aid the interpretation across the
plots.

Looking at the wind speed state, it is notable that the standard deviation remains rather
constant at or below 0.2 m s−1 within the wind farm bounds, but it then increases as the
OPs move farther away from the wind farm region. This means that within the wind farm,
the turbines and their measurements keep the variance bounded. As the OPs leave the
wind farm bounds, this effect diminishes, and the system noise leads to a divergence of
the ensembles. A noticeable difference between the variance of the wind speed states and
the later discussed wind direction states is the fact that the wind speed variance does not
significantly decrease within the wind farm bounds. This might be expected as the OPs
travel past downstream turbines, which act as correcting sensors. The lack of significant
correction can be explained by the wind speed weight plot. It shows the influence by the
OPs based on the spatio-temporal weighting. Due to the weighting parameters chosen for
the wind speed, the area of the influence of an OP has very little overlap with a neighboring
wake. The states within a wake therefore tend to develop more independently from other
wakes in this wind direction. During the wind direction change, however, the wakes cross
and areas of locally lower variance can be seen in the wakes of T3 and T4. These OPs with
lower variance are roughly in the direct neighbourhood of the wind turbines T1 and T2. For
instance, the OPs of T3 passed T2 60 s (=15 time steps) prior to the snapshot—this reduced
the variance of the OPs in the proximity of T2, which then traveled further. The lowered
variance can now be seen around OP 70 in the wake of T3.

The reduction of the variance is more dominant with the wind direction states, as the
framework assumes a wide area of influence of OPs due to the spatio-temporal weighting.
This allows the EnKF to cross-correct from one wake to another. The weighting plot also
shows how the wide area of influence decreases with the age of the OPs: OPs close to
their turbine have high values, but already, the weights of OP 10 and 20 have decreased
significantly. In contrast, the wind speed state weights remain longer at a high level. The
wind direction weights therefore encourage corrections of OPs close to the turbines. Thus,
the estimated variance decreases in the proximity of the turbines, which is an effect that is
also visible in Figure 9. The weights and therefore the connection of measurement-to-state
decreases rapidly outside of the wind farm boundaries and the ensembles diverge. During
the wind direction change, the states within the wind farm are successfully corrected, while
states outside of the wind farm are not. Different from the wind speed states, the wind
direction reference resembles the true state, which is why the value is given in absolute
difference rather than absolute values.

3.3.5. Power Generated

The power generated is not one of the estimated states, but it is inherently linked to
them, as shown in Equation (2). Figure 12 depicts the power for six out of the nine turbines
in the EnKF framework and SOWFA.
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Figure 12. Power generated from six of the nine turbines. This reduction was made as the other
turbines are mostly in free stream conditions and do not add more information. The black line depicts
the SOWFA simulation as a reference, orange shows the EnKF estimate including 1, 2 and 3 standard
deviation boundaries. As the wind direction changes from t = 600 s to 900 s, T1, T2, T4 and T5
experience a reduction in wind speed due to the passing wakes. This leads to the sudden reduction
in the generated power.

The EnKF estimates the power generated 2700 times during the simulation, 300 values
per turbine, every 4 s. Out of these, 73.5% are within one standard deviation (as estimated
by the EnKF) from the SOWFA value, 90.7% are within two, and 95% are within three. This
does not quite match the Gaussian ideal distribution of 68%, 95% and 99.7%. The mean error
lies at 0.0452 MW, about 1% of the absolute power, while the root-mean squared error lies
at 0.4936 MW, which is about 11%. The small mean error seems to justify the assumption
that the surrogate model is error-free on average, which is a necessary assumption for
the EnKF. However, the wind speed state noise might be underpredicted. Another metric
which is sometimes used for the EnKF is how often the estimate is above or below the
measured value. If we understand the true system as another ensemble, the ratio should be
about 50%. For the power generated, this value lies at 53.56% in favor of an underestimate.
Note that these simulations have been run without parameter tuning of the underlying
analytical wake model, which would influence these results.

Figure 13 shows a comparison of the same EnKF setup with different correction times,
once where the state is corrected every 12 s and once every 60 s. The vertical lines mark the
times at which the states are corrected. Note that the time window has been reduced to the
last 600 s of the simulation to allow for a clearer picture.
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Figure 13. Comparison of the predicted power generated by Turbine 1 in an EnKF framework which
is updated every 12 s to one which is updated every 60 s. The vertical lines indicate the frequency
of correction.

The simulation with the larger correction step shows a much wider variance cone
than the simulation with a shorter step, as the ensembles have more time to diverge.
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Nevertheless, the EnKF is able to track the reference signal under most conditions. A
significant decrease of the estimation quality becomes apparent during the wake passing,
which is much delayed compared to the SOWFA simulation. In a dynamic wind farm
control scenario, this could result in delayed actions which try to improve on a situation
that already happened. The delay stems from the fact that FLORIDyn as a surrogate model
assumes a steady-state input—during the estimation, the wind direction and speed do
become corrected but are then held until the next correction. This could be exchanged for a
momentum-driven approach, which continues to change the state based on the previous
rate of change. This is subject to further research. Whether such an extension would
be valuable can only be judged based on real measurement data and conditions. The
implications for this case are that the estimated wakes adapt too slow, and the difference
leads to a delayed wake overlap prediction as well as an overshooting of the power signal.
The overshooting is also present in some of the power estimates for turbines in the case
with a shorter correction step; see T4 or T5 in Figure 12 in a similar context. The dataset
[35] contains additional plots for intermediate correction times of 24, 36 and 48 s.

Lastly, Figure 14 compares the EnKF estimate of the power generated to previous
FLORIDyn results in [7]. Previous work used the Immersion and Invariance (I & I) estimator
to estimate the effective wind speed based on the rotor speed and generator torque [36].
The base model uses a set wind speed and a prescribed wind direction change. While the
base model is unable to mirror the influence of the turbulent wind speed in the reference
simulation, it is able to predict the timing of the wake overlap as well as the approximate
magnitude. Adding the I & I estimator couples FLORIDyn to the reference simulation
and removes the need for a prescribed wind speed. It also allows a close tracking of the
power generated. This model, however, still needs a prescribed wind direction. There
is furthermore no state correction. The EnKF framework includes both wind speed and
direction. It is further able to correct previously generated states and provides certainty
bounds for the estimate. On the downside is that this model needs to simulate multiple
versions of the same simulation, while previous results were obtained with one simulation.
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Figure 14. Comparison of the power generated by T1 in different FLORIDyn implementations. The
gray area indicates the time window during which the wind direction changes.

4. Conclusions

The presented work formulates an ensemble-based wind farm flow field estimation
framework which can estimate the background wind speed as well as the wind direction. It
is based on the dynamic parametric wind farm model FLORIDyn and utilizes the Ensemble
Kalman Filter approach to correct wind speed and direction across the simulation. The
approach was tested in a 3× 3 wind farm case with heterogeneous and changing flow
conditions. The results show that the framework is able to follow the flow field changes. Its
estimate and corrections strongly depend on the spatio-temporal averaging and localization
parameters. These can limit but also enable state corrections and are a vital part of the
inner workings of framework. This work also shows that the EnKF can be used to estimate
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the state of purely Lagrangian particle-based simulations. It further gives an idea on how
a state augmentation with the particle position can be avoided by instead projecting the
ensembles onto common particle positions. This is under the assumption that the particles
across different ensembles are not too far apart.

Given the broader context of wind farm flow control, this work presents an essential
building block for a realistic closed-loop dynamic control approach for operational wind
farms. Future work will need to address how the framework works in larger wind farms
and what the correct parameter choices are under realistic circumstances as well as what
framework extensions are necessary.
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Appendix A. State Space Description

This appendix describes two aspects of the state space description of FLORIDyn more
in detail: Appendix A.1 presents the system matrix and the input matrix of the FLORIDyn
model. Appendix A.2 then discusses how spatio-temporal weighting is applied in the
system matrix.

Appendix A.1. Simple Propagation

The following equations describe the state propagation in the FLORIDyn model and
the structure of the matrices:

 xL(k + 1)
xT(k + 1)

xWF(k + 1)

 =

AL,L 0 AL,WF(xWF(k))
0 AT,T 0
0 0 AWF, WF

 xL(k)
xT(k)

xWF(k)

+ · · ·

δ(xL(k), xT(k), xWF(k))
0
0

+

BL 0 0
0 BT 0
0 0 BWF

 lT(k)
xT,0(k)

xWF,0(k)

 . (A1)
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The matrix AL,L is given by

AL,L =


AL,L,T1 0 0 · · · 0

0 AL,L,T2 0 · · · 0
...

. . . . . . . . .
...

0 · · · 0 AL,L,TnT−1 0
0 · · · 0 0 AL,L,TnT


nT·nOP,T·nL×nT·nOP,T·nL

(A2)

AL,L,Ti =



0 0 · · · · · · 0
AL,L,OP1 0 · · · · · · 0

0 AL,L,OP2

. . .
...

...
. . . . . . . . .

...
0 · · · 0 AL,L,OPnOP,T

0


nOP,T·nL×nOP,T·nL

(A3)

AL,L,OPi = InL , (A4)

where InL is the nL × nL identity matrix and nL describes the number of location states
per OP. The number of turbines is given by nT and nOP,T describes the number of OPs
per turbine. The matrices AT,T and AWF,WF are similar; they only differ in the size of their
smallest components: the matrices AT,T,OP and AWF,WF,OP differ in size as the number of
stored turbine and wind field states is different.

The matrix AL,WF(xWF(k)) is described by the same structure than AL,L; only the
smallest component differs:

AL,WF,OP =

∆t cos(ϕOP) 0
∆t sin(ϕOP) 0

0 0


nL×nWF

(A5)

where ∆t is the time step of the simulation and ϕOP is the wind direction at the location of
the OP. The number of wind field states is given by nWF. We assume here that the first state
is the wind speed.

The input matrices feed inputs into the first OPs of the turbine. For the location data,
this is defined as follows:

BL =


BL,T1 0 0 · · · 0

0 BL,T2 0 · · · 0
...

. . . . . . . . .
...

0 · · · 0 BL,TnT−1 0
0 · · · 0 0 BL,TnT


nT·nL·nOP,T×nT·nL

(A6)

BL,Ti =

[
I3 0
0 0

]
nL·nOP,T×nL

. (A7)

We assume here the same use of location states as described in [6,7], where world
coordinates are stacked on wake coordinates. The other two input matrices are defined
similarly, with the difference that BT,Ti and BWF,Ti consist only out of an identity matrix in
the first rows and not as in BL,Ti accompanied by zero columns:

BWF,Ti =

[
InWF

0

]
nWF·nOP,T×nWF

. (A8)



Energies 2022, 15, 8589 22 of 23

Appendix A.2. Weighted Propagation

To apply a spatio-temporal weighting of the wind field states, the time-varying matrix
WWF(k, xL) is introduced and applied as follows:

ÃL,WF = AL,WF(WWF(k, xL) xWF)WWF(k, xL). (A9)

The matrix weights all OP states with respect to a location of interest. The locations
of interest in this case are the OPs themselves. As a result, row i contains the weights to
sum the influence of all OP states onto OP i. The weights are calculated by Equation (6)
and then normalized by the sum of the row. To calculate the time weight, the location
of the OP within the state vector can be used along with the time step of the simulation
∆t. If a variable time step is used, this needs to be adapted. In the presented work, only
the wind speed and direction are weighted. Weights are denoted as wi,j,u or wi,j,ϕ, where
i is the OP of interest, j is the OP influencing OPi and u or ϕ represent the wind speed
or direction, respectively. Furthermore, we use three wind field states: the wind speed,
direction and ambient turbulence intensity. No weighting is applied to the latter but could
be implemented in a similar fashion. The matrix WWF is then assembled as follows:

WWF(k, xL) =


WWF,1,1(k, xL) WWF,1,2(k, xL) · · · WWF,1,nOP(k, xL)
WWF,2,1(k, xL) WWF,2,2(k, xL) · · · WWF,2,nOP(k, xL)

...
...

. . .
...

WWF,nOP,1(k, xL) WWF,nOP,2(k, xL) · · · WWF,nOP,nOP(k, xL)

 (A10)

WWF,i,j(k, xL) =

wi,j,u(k, xL) 0 0
0 wi,j,ϕ(k, xL) 0
0 0 wi,j,I0

 (A11)

wi,j,I0 =

{
1 if i = j
0 otherwise

. (A12)

Note that the row-sum of WWF(k, xL) must return a vector of 1.
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