Response to Referees for Wind Energy Science submission
“Real-time optimization of wind farms using modifier
adaptation and machine learning” by Leif Erik Andersson and
Lars Imsland

Dear Referees,

Thank you for the detailed and thorough review of our manuscript “Real-time optimization of wind
farms using modifier adaptation and machine learning” by Leif Erik Andersson and Lars Imsland,
which we submitted for publication in Wind Energy Science. We appreciate the suggestions and
comments to improve the draft. The following changes were made to the manuscript:
e We rewrote the abstract to make it more related to the contribution of the article
e We improved to introduction to shift the focus also on surrogate modelling and adaptation.
e We included a discussion section, which includes some points of our discussion. It gives an
outlook on challenges and possible solution to apply the presented method to real wind
farms with wake propagation delay, dynamic environment etc.
e We condensed the presentation of the methods, e.g. Gaussian processes and modifier
adaptation.
e We rearranged some parts in the presentation of the numerical case study to ease the read
and avoid repetition.

These are the main changes in the revised version of our manuscript. Please find below a detailed
answer to your comments.

Again, thank you for your time and suggestions to improve our manuscript

On behalf of the authors, yours sincerely,

Leif Erik Andersson
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O Response to Referee #1
Response to Referee #2
Response to comments in the pdf-file of Referee #1
Marked-up manuscript version
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Response to Referee #1:

Interactive comment on “Real-time optimization of wind farms
using modifier adaptation and machine

learning” by Leif Erik Andersson and Lars Imsland

Dear Bart,

Thank you for your very detailed review on our paper. Including your comments and
recommendation improved the paper considerably. Here we will respond to your four main points.
In addition, we answered the questions in your attached pdf. This we will attach to this document.

Please see below a more detailed response:
Point 1:

1. The article seems heavily focused on the algorithm. A more in-depth discussion on the
practicality of the algorithm is missing. Questions you raised are:
a. How can the algorithm be applied to wind farm control on real sites?
What would you consider a training set in real life?
Do you need to time average measurements?
How would you deal with time-varying inflow conditions?
Are time delays due to wake propagation an obstacle?

m oo o

These are extremely interesting and important questions, which were also raised by the other
referee. We included a discussion section in the revised version of the article to highlight some of
these points. We performed also a LES study, which will be presented at the TORQUE 2020. Based on
my own expectations and the LES study | can say:

The training set would be at least the wind velocity, wind direction, and the power outputs of the
turbines. Turbulence intensity could be considered as an input. | would recommend doing a
sensitivity study to evaluate how much the variance in the turbulence intensity affects the outputs
(it should be considerably larger than the effect of the input noise in the wind measurements).

The algorithm needs time averaged measurements. Without an appropriate filter the variance in the
data will be large, which will degrade the performance of the learning algorithm. In the LES study we
used 5-minutes averaging, which was enough. However, we used quasi-static inflow conditions
without wind direction changes. Wind direction changes will degrade the performance. In general,
input noise can be to some extend counteracted with more data. | am unsure how the algorithm will
react on biased data. If the bias is consistent — e.g. 5 degrees of in all measurements — it should not
degrade the algorithm.

For a real-life application, it would be necessary to first collect data — it is possible to create data
with high-fidelity models, which would already improve the surrogate model using our adaptation
approach. The wind direction can be included as an input variable. Otherwise, for many small circle
sectors a new model would have to be identified, which could be impractical. | expect, it is necessary
to differentiate between atmospheric conditions and identify separate models for each of these
conditions. A multi-model approach could be used. Time delays are difficult to handle. Steady-state



data is wanted so it is necessary to wait until the first downstream turbine is affected by changes in
the upwind turbine. It is difficult to evaluate how much time delays will degrade the performance of
the algorithm. In simulation we performed it seems most of the energy transfer in the plant can be
captured with the upstream and the next two downstream turbines.

Point 2:

2. The article can be significantly reduced especially the sections about the MA and GP
algorithms can be condensed.

We condensed the sections about the MA and GP algorithms. However, the additions of the
discussion section did not reduce the overall length of the article.

Point 3:

3. The literature survey presented in the introduction seems to focus on general wind farm
control. It would be useful to shift to surrogate modelling and adaptation in wind farms.

We refocused the introduction. We included surrogate modelling and adaptation algorithms for
wind farms.

Point 4:

4. Shorten the article, clearly state the contribution in the introduction and also start each
section with one or two sentences relating the upcoming section to the previous section. In
addition, it may be helpful to gather some information in tables.

We followed these recommendations.



Response to Referee #2:

Interactive comment on “Real-time optimization of wind farms
using modifier adaptation and machine

learning” by Leif Erik Andersson and Lars Imsland

Dear Reviewer,

Thank you for the response to our article. We investigated some of your questions in a LES study.
However, as the nature of these studies the data and test tests are limited by computational
constraints. The other referee also pointed also out that some parts of the paper can be condensed
especially the explanation of the algorithms. We followed the suggestion in the revised version.

Please see below a more detailed response to your questions:

Questions in comment 1

1. Can this approach work in truly dynamic environment?
2. Will the approach work with varying wind directions and wake propagation delay?

These are extremely interesting and important questions. It was also pointed out by the
other referee. If the approach would not be applicable to such environments it would be
inapplicable to wind farm control. In our LES study that we plan to present at the
TORQUE 2020 we simulated a nine-turbine plant with quasi-static wind conditions. The
wind direction did not change, but we applied a turbulence intensity of 5%. We filtered
the power output with an averaging filter. The approach was able to improve the power
production compared to the Gaussian model (with tuned parameter via parameter
estimation) about 2-3%. How a complete dynamic case with uncertainties in wind
velocity, direction and yaw angle will affect the approach is difficult to say. The approach
will require more data to cope with the variance in the training data. The performance
will decrease like in robust approaches, which consider uncertainties explicitly.
Nevertheless, we expect the approach will still improve the performance of the wind
farm.

Questions in comment 2

1.

Could the problem to solve large layouts be addressed by decomposing the large wind
farm into manageable subsets according to wake interactions?

One way is to separate the farm into subsets according to wake interactions. Park and
Law (2016) proposed such an approach. The other approach is to include the power
measurements of each wind turbine in the model identification. Currently, we use a
MISO approach approximating the total power production of the plant. A more efficient
use of the available measurements is to identify the power production of each turbine
and combine these N models in the optimization to optimize the total power output. It is
a distributed learning strategy. In simulation studies we were able to show that this
distributed (MIMO) approach scales much better for large wind farms. It needs much
less data to achieve the same performance as the MISO approach. The distributed



learning approach can be combined with the subset approach. Even thought, the GP
learning can identify these subsets it can be helpful to specify them explicitly. The
disadvantage of the distributed approach is the requirement to identify N models (which
can be parallelized). The disadvantage of the subset approach is the inflexibility it
introduces. Depending on the wind directions and the resulting different subset
structures x models would have to be identified for each of these structures.

Questions in comment 3

1. How would the approach handle a non-input-output dependency, like turbulence, which
varies on day/night basis?

2. Ifin the extreme two models for stable and unstable atmospheric conditions are
needed, is there a possibility of modeling hidden confounders?

It depends heavily on the influence of the non-measured input to the output. The approach
can work without measuring every input. However, if for example turbulence is not explicitly
considered in the GP model’s inputs its influence will be averaged (over the training data
set). In addition, it will increase the variance of the output of the GP.

Conditions like stable and unstable atmospheric conditions where the response of the wind
farm can differ drastically have to be approached by separate models. If approximated by
one model the model will again average the output of these two conditions. This might
decrease performance of the control approach.

| would propose to differentiate in the data collection of the training data between
atmospheric conditions and create several models. It would not be necessary to consider the
atmospheric condition as an explicit input to the model. During operations it should be
possible to estimate which model is most accurate in the current situation and hence
estimate the atmospheric condition. The most accurate model would be used in the
optimization. Another way would be a multi-model approach in which each model is
weighted: Power = ¢y M; + ¢, M, + (1 — Y.¢p)M;. The parameter ¢; would be estimated
using approach proposed in the literature about statistical learning. However, for the multi-
model approach | am unsure if an interpolation between models for different atmospheric
condition would be appropriate.
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Abstract. Real-time optimization (RTO) covers a family of optimization methods that incorporate process measurements in
the optimization to drive the real process (plant) to optimal performance while guaranteeing constraint satisfaction. Modifier
Adaptation (MA) introduces zeroth and first-order correction terms (bias and gradients) for the cost and constraint functions.
@]nstead of updating the plant model, in MA the optimization problem is updated directly from data guaranteeing to meet the
5 necessary condition of optimality upon convergence.
E main burden of the MA approach is the estimation of the first-order modifiers of the cost and constraint functions at each
El iteration. Finite-difference approximation is the most common approach that requires at least nu + 1 steady-state operation
points to estimate the gradients, where nu is the number of control inputs. Obtaining these can require a long convergence time.
For this reason, this work considers the use of Gaussian process (GP) regression to estimate the plant-model mismatch based
10 on plant measurements, and replace the usual modifiers by these high order regression functions. GP is a probabilistic, non-
parametric modelling technique well known in the machine learning community. The approach is tested on several numerical
test cases simulating wind farms. It is shown that the approach is able to correct the model and converges to the plant optimal
point. Several improvements for large inputs spaces, which is a challenging problem for the approach presented in the article,

are discussed.

15 1 Introduction

Currently the wind turbines in a wind farm are operated at their individual optimal operating point. This control strategy is
called greedy wind farm control since the interactions between turbines are not taken into account. However, it is expected that

the greedy control strategy leads to sub-optimal performance of the wind farm (Steinbuch et al., 1988; Johnson and Thomas,
2009; Barthelmie et al., 2009). A coordinated wind farm controller, which takes the wake interactions between turbines in a

20 wind farm into account, may result in rior performance compared to the greedy wind farm controller. The two main wind
control strategies are axial induction control, e.g. Steinbuch et al. (1988); Corten and Schaak (2003); Horvat et al. (2012);

Rotea (2014); Munters and Meyers (2016) and wake steering control, e.g. Medici (2005); Adaramola and Krogstad (2011);
Wagenaar et al. (2012); Park et al. (2013); Gebraad and Van Wingerden (2014). The idea behind the former is to deviate the
blade pitch and generator torque of the upwind turbine from the greedy control settings. As a consequence, the velocity deficit

25 in the wake behind the turbine and the power production of the downwind turbine changes. The target net effect is an overall
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increase of the power production and possibly an decrease of fatigue loads. However, recent studies suggest that axial induction
control using steady-state models to calculate the optimal control settings may be unable to improve the power production of a
wind farm (Schepers and Van der Pijl, 2007; Campagnolo et al., 2016; Bartl and Satran, 2016; Annoni et al., 2016)
The currently more promising wind farm control strategy using steady-state models is wake steering. The goal of wake steering
is to deflect the wake away from the downwind turbine by using the yaw settings of the upwind turbine. Field experiments
@Ving promising results were conducted by Fleming et al. (2017, 2019); Howland et al. (2019). In these experiments lookup
tables with optimal yaw settings of each turbine are created with help of an steady-state model. Hence the wind farm is operated
ina -loop control setting.
The steady-state wake models used in model-based control are usually relatively simple. They estimate the velocity deficit in
wakes. For a long time one of the most popular wake models was the Jensen Park model (Jensen, 1983; Katic et al., 1987).
Jiménez et al. (2010) developed one of the first steady-state wake models that described wake deflection due to yaw. A recent
wake model, which is also used in this study, was presented by Bastankhah and Porté-Agel (2016). It is based on mass and
momentum conservation and assumes a Gaussian distribution of the velocity deficit in the wake. The steady-state wake models
are able to describe the general behaviour of the wake (Barthelmie et al., 2013; Annoni et al., 2014). Nevertheless, they are just
e approximations of a complex phenomena that is, in fact, not well understood (Veers et al., 2019). Hence, real time opti-
mization (RTO), which incorporates plant measurements to improve the performance of the wind farm controller, is extremely
useful for this process.
Probably one of the most intuitive RTO strategies is the “two-step” approach. Here, first the model parameters are updated,
and then new control inputs are computed based on the updated model. The two steps refer to the parameter optimization and
control input optimization, which are performed sequentially (Marchetti et al., 2016). However, the two-step approach cannot
guarantee plant optimality upon convergence if the model is structurally incorrect (Marchetti et al., 2016). An example that an
improved parameterisation of the steady-state wake model was not able to remove the¢ mismatch between a low order model
and a high fidelity model of wake is given in Fleming et al. (2018).
In contrast, ifier adaptation (MA) corrects the@ and constraint functions of the optimization problem directly, and
reaches, under suitable assumptions, true plant optimality upon convergence (Marchetti et al., 2009). The bottleneck of the
MA approach is the estimation of the gradients of the objective and constraint functions at each RTO iteration. Finite differ-
ence approximation i@ of the most common approaches that requires n,, + 1 steady-state operation points to estimate the
gradients, where n,, is the amount of control inputs. These can lead to a long convergence time, especially for processes with
high dimensional input spaces. Therefore, in this work Gaussian process (GP) regression is combined with MA (de Avila Fer-
reira et al., 2018; del Rio Chanona et al., 2019). GP is a probabilistic, non-parametric modelling technique well known in the
machine learning community (Rasmussen and Williams, 2006). The GP regression model estimates the plant-model mismatch
using plant measurements. Then the GP model is used to correct the original optimization problem and by this improve the
optimization of the plant inputs.
The article is structured as follows: In Section 2 the optimization problem is formulated and Gaussian process regression

is explained. In Section 3 the modifier adaptation using Gaussian process regression is presented and the numerical turbine
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and wake models introduced. The approach is tested numerically en-several-examples in Section 4. The article ends with a
conclusion.
2 Problem formulation

The optimization problem of the steady-state plant performance subject to constraints can be formulated as (Marchetti et al.,
2016):

u, = argm&n%(u,yp(u)) (1a)
s.t. Gpj(u):=gp;(n,yp(u) <0, j=1,....ng, @ (1b)
ucl, (I¢)

where u € R+ and y, € R"v denote the plant input and output variables, respectively; u € R™ and y, € R"v are the input-
output pairs of the wind farm; ¢, : R™+ — R is the cost function to be minimized; g, ; : R"* xR" — R, j=1,...,n4, are
the inequality constraint functions; and &/ C R™* is the control domain, e.g. box constraints on the control inputs. Formulation
(1) assumes that ¢, and g, ; as functions of u, and y, are exactly known. However, in any practical application the exact

input-output map of the plant is unknown and instead an approximate model of the system is exploited for the optimization:

ut = argm&nqb(my(u)) (2a)
st. Gj(u) :=g;(u,y(u)) <0, j=1,...,n,, (2b)
ueu, (2¢)

where the quantities ¢, g;(u,y(u)), ux, and G; refer to the inexact model counterparts of the true plant optimization problem
in Eq. (1).

RTO takes advantage of the available measurements to compensate for plant-model mismatch and adapt the model-based
optimization problem Eq. (2) to reach plant optimality.

The standard MA approach applies first-order correction terms that are added to the cost and constraint functions to match the
necessary conditions of optimality upon convergence (Marchetti et al., 2009). Iteratively the following modified optimization

problem is solved:

0,41 = argming(u,y(u)) + (A)"u (32)
s.t. Gj(u)+gjk+(AkG7>T(u_uk) <0, j:]~7"'7ng7 (3b)
ueu, (3¢)
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where Uy, ; is the optimal solution at iteration k + 1, the £; € R are the zeroth-order modifiers for the constraints, and )\i

le? . . . . .
and A,’ are the first-order modifiers for the cost and constraints, respectively. The correction terms are given by:

gjk 1= Gp,j(ur) — Gj(uy), (4a)

D = 222 ) — 2 ), (@b)
Gt ._ 9Gp,; 9G; @

(A7) = Tu’(uk) - W(uk)' (40)

It is recommended to filter the input update 1}, | ; to avoid excessive correction and reduce sensitivity to noise (Marchetti et al.,
2016):

U1 =ug + LG4 —ug), )

with L = diag(l1,...,ln, ), l; € (0,1] where I; may be reduced to help stabilize the iterations.
The MA scheme requires the estimation of the plant gradients at each RTO iteration, which is experimentally expensive and

the main bottleneck for MA implementation in practice (Marchetti et al., 2016).

2.1 Gaussian processes

@1 this section we give a brief outline of GP regression fer-eurpurpeses, for more information referte Rasmussen and Williams

100

105
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115

(2006). GP regression aims to identify an unknown function f : R"* — R from data. Let the noisy observation of f(-) be given

by:
yr = f(ug) + v (6)

where the value f(-) is perturbed by@ssian noise v with zero mean and variance o2, v, ~ N'(0,02).
We assume f(-) to follow a GP with a zero mean function and the squared-exponential (SE) covariance function. The choice
of the mean and covariance function me certain smoothness and continuity properties of the underlying function (Snelson

and Ghahramani, 2006). The SE covariance function can be expressed as follows:

1 _
k(u;,u; ) :U?exp (—Q(ui—uj)TA 1(ui—uj)> @ @)
where 07 is the covariance magnitude and A = diag()\7,..., A% ) is a scaling matrix.
Assume we are given a training dataset D = {U, Y} of size M consisting of M input vectors U = [uy,...,u,,]" and corre-
sponding observations y = [y1,...,yas]" according to Eq. (6). From the GP distribution the data then follows a joint multivari-

ate Gaussian distribution, which can be stated as:

p(y|U) =N(0.K+07L), Kij=k(u;,uy) @ (8)

hyperparameters ¥ := [0f,0,,A1,..., An,]T are commonly unknown and hence need to be inferred from data. In this

article the log marginal likelihood p(y|U) is used. Ignoring constant terms and factors, this can be stated as:

1 1
L(D, V) :—in(KMZI)*ly—§1n|K+031|. )

[N
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The required maximum likelihood estimate is then given by 12: € argmax L(D, ).
P

Next we require the predictive distribution of f(u) at an arbitrary input u, which can be found by the conditional distribution

of f(u) on the data distribution p(y|U). From the GP assumption this has a closed-form solution and can be stated as:

F)|D, % ~ N (uce(u; D, ), 0p(w; D, ) (10)
piop(w;D,1p) =k (u)(K +o21) y (11)
oep(w;D, ) = 0 — k" (u)(K+021) 'k(u) @ (12)

where pgp(u; D, {b) can be seen as the GP prediction at u and o3, (u; D, 12:) as a corresponding measure of uncertainty to this
prediction. The GP is a non-parametric model. The training data are explicitly required to construct the predictive distribution.

For the above expression a matrix of size M x M must be inverted, which prohibits large data sets.

3 Methodology
3.1 Modifier Adaptation with Gaussian processes

The use of GPs in a MA approach to overcome the limitation of estimating the plant gradients was first proposed by de Avila Fer-
reira et al. (2018). The idea is to replace the zeroth- and first-order modifiers of the cost and constraints in (3) with GP regression
terms.@):e the wind farms considered in this article do not have inequality constraint functions they are not included in this
section. However, inequality constraint functions can be easily incorporated into the method.

The training set of the GP to correct the objective function are the controlled inputs of the approximate model and the plant-
model mismatch of the objective function. The new optimization problem of the MA scheme with GP modifiers (MA-GP)

is
@, = argmin(u,y(w) +ugp,” (w: Do, 3y, st uel, (13)

where the plant-model mismatch of the cost function is modelled by ug{;ﬂﬁ. Similar to the original MA scheme the optimal
input of Eq. (13) may be filtered with Eq. (5) to reduce the step-size and help stabilize the MA-GP scheme (del Rio Chanona
et al., 2019). The whole MA-GP scheme is presented in Algorithm 1 and Fig. 1.

In Algorithm 1 the hyperparameters are updated if HypOpt is true. HypOpt is a user-defined condition, which allows to

update the hyperparameter. The extrema are to update the hyerparameter each iteration or never. The hyperparameter update

140 @sually the computational bottle-neck of the MA-GP algorithm. Especially for large data sets it can be expected that the

hyperparameter do not change much from one iteration to the next. Therefore, it is reasonal@ update the hyperparameters

less frequent.

I'The wind farm picture is by Erik Wilde from Berkeley, CA, USA https://www.flickr.com/photos/dret/24110028330/, Wind turbines in southern California
2016, https://creativecommons.org/licenses/by-sa/2.0/legalcode
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Figure 1. The basic idea of the MA-GP scheme for a wind farm. The GP regression model creates an input-output map of the control inputs
to the plant-model mismatch. In the MA-GP model the GP regression model is used to correct the output of the approximate model. This
MA-GP model is used in the optimization to compute optimal control inputs for the wind farm. The inputs and the difference between the

measured and estimated output of plant and model, respectively, are used to update the data set D and the hyperparameter ). The measured

outputs of the plant are corrupted be !

Algorithm 1: Basic MA-GP scheme (del Rio Chanona et al., 2019)

Initialisation: GP regression model ,ugf,’ ~% and hyperparameters 12:0 found with (9) and data set Dy; Optimal operation point of the
approximate model uo.
@c =01... do
Solve modified optimization problem Eq. (13);
Filter new operating point uy1 with Eq. (5);
Evaluate approximate model at new operating point Uyy1;
Obtain measurements of cost function ¢, (uk+1);
Update the data set Dy41 with input ui4+1 and output yrt1 = dp(Uks1) — P(Wet1) + Viet1- 5
if HypOpt then
Update hyperparameters {p x+1 With new data set Di.41 and Eq. (9) ; @\

end

Update GP regression term ,uglf - using Dy41 and hyperparameters ﬂ’k 1

end
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3.2 Numerical turbine and wake models

The wind turbines in the wind farm are represented using the actuator disc theory, which couples the power and thrust coeffi-

cient, C'p and C'r (Burton et al., 2011)

Cp:4a(1—a)2, (14)
Cr =4a(1—a), (15)

where a is the axial induction factor. The axial induction factor indicates the ratio of wind velocity reduction at the turbine disk

compared to the upstream wind velocity. The steady-state power of each turbine under yaw misalignment is given by (Gebraad

etal., 2016) @

1
PzipACpcos'ypu?’, @ (16)

where A is the rotor area, p the air density and p a correction factor. In actuator disc theory p =3 (Burton et al., 2011).
However, based on large-eddy simulations, the turbine power yaw misalignment has been shown to match the output when
p = 1.88 for the NREL SMW turbine (Annoni et al., 2018), which we will use in this article. In the numerical study it will be
important to implement a ”plant” and model, which are different from each other. Therefore, a second adjusted actuator disk
turbine model is created. The FLORIS toolbox (NREL, 2019) contains a table with wind velocities and corresponding thrust
and power coefficients of the NREL SMW turbine. These data are fitted to a new model based on the actuator disk model. The
equation for the thrust coefficient C'r is given by Eq. (15) while for the power coefficient C'p three new parameter are identified

resulting in
Cp =17.037a(0.625 — a)'-3%4. a7

The model fit is visualised in Fig. 2. Important in the numerical example is the different connection between thrust and power
coefficients of both models (Fig. 2b). For the turbine dimensions the NREL 5-MW wind turbine is used (Jonkman et al., 2009).
Consequently, the rotor diameter is@: 136m and the hub height Hz = 90m.

The Gaussian wake model by Bastankhah and Porté-Agel (2014, 2016) is used to model the flow in the wind farm. The

three-dimensional steady-state far wake velocity is assumed to be Gaussian distributed and can be estimated with

7@(“‘}3/’2) — 1 — Ce08((W=0)/7y)? (~0-5((2=2n)/02)* (18a)
Uso
Crcosy
C=1-—/1-—L=—71_ 18b
8(oyo./d?)’ (18b)

where zj, is the tower height, J is the wake deflection, and oy and o, are the wake widths in lateral and vertical directions. An

important variable for the model is the skew angle of the flow past a yawed turbine. The flow skew angle is approximated by

g~ (1—\/1—CT0057>, 19)
cosy
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Figure 2. Comparison between data, the new model based on the actuator disk model and the actuator disk model. The thrust coefficients

are kept smaller than one for the actuator disk models. The models give a different connection between thrust and power coefficients.

where a; is a parameter. Bastankhah and Porté-Agel (2016) use a; = 0.3 and NREL (2019) uses «; = 0.6 to better fit high-
lity observations. In the simulation study different values are chosen fo@ parameter in the plant and approximated model

resulting in different optimal operating points.

@ Numerical case study

175

180

In this section numerical results of the MA-GP approach are presented. The control inputs of the wind farms are the yaw angles
~; and the thrust coefficients C; of each turbine. Hence, the wind farm has 2.V control inputs, where N is the amount of wind
turbines. The objective of the optimization is to maximize the power production P;,; = >, P; of the wind farm. The control

inputs are constrained by box constraints with
0< CT,i <0.95, and 0° <~; <40°. @ (20)

In the MA-GP approach only measurements of the total power output of the wind farm are used. The hyperparameter op-
timization is performed using the MATLAB optimization toolbox and the@linear programming solver fmincon. For the
optimization of the control inputs of the wind farm the open source software tool CasADi (Andersson et al., 2019) is used.

/ADi is a symbolic framework that provides gradients using Algorithmic Differentiation. The software package Ipopt is

used as a solver for the nonlinear program (Wéchter and Biegler, 2006).
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Figure 3. The power production of plant and approximate model in dependency of the control inputs of the upwind turbine.

4.1 Two turbine case @

The operating points of two turbines in a row are optimized. The thrust and yaw angle of the downwind turbine are fixed
resulting in only two optimization variables in the MA-GP approach. The downwind turbine is operated at its greedy operation
point. The turbine row is facing the wind and the spacing between turbines is 5D. The power production of the wind farm
in dependency of the control inputs of the upwind turbine in shown in Fig. 3. The optimal operation point of the plant is

» = 0.82 and +y, = 31° and of the approximate model C'r;, = 0.89 and v, = 29°. Indeed, the relative optimization error of
the model is only 1.67 %. Still, the model assume that the power production is much less sensitive to changes in the yaw angle,
which should be corrected by the MA-GP approach.

Four training points at C = [0.4,0.8]7 and y = [0°,25°]7 are used to create the initial training set of the GP regression model.
The power production of the corrected model in dependency of the control inputs is shown in Fig. 4a. The contour plot of the
objective function of the plant, approximate model and MA-GP model after the initial training is shown in Fig. 4b. Clearly

operating points are not sufficient to correct the approximate model correctly. In fact, the optimal operating point of the
MA-GP model has an error of 2.87 %, which is larger than the original error of the approximate model.

The MA-GP approach is initialised at the optimal operating point of the approximate model. In each iteration the hyper-
parameters and the data set of the GP regression model are updated. The new operating point is filtered with Eq. (5) and
L = diag(0.4,0.4). The MA-GP approach is able to correct the approximate model and drive the process to its optimal operat-
ing point. Fig 5 shows the operating points of the first ten iterations. After four iterations the error in power production is about
0.2 % and after ten iterations it is 0.0009 %. In addition, the contour lines of the objective function are well approximated. A
larger difference between MA-GP model and the plant can be observed at the edges away from the current operating points.
Data points at the edges are necessary to improve the identification there. However, to drive the process to its optimal operating

points a correct identification of the objective function far away from the maximum is unnecessary. Clearly the initial training
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Figure 5. The contour plot of plant, approximate model and MA-GP model after ten iterations. The operating points of each iteration are
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set with only four operating points could be increased to improve the identification of the initial model of the MA-GP approach.

he current example it is assumed that the measurements are noise-free. If noise is added to the power measurements the

correct identification becomes more challenging and a larger training data set is necessary. A noise with a standard deviation
OW is added to the measurement. The standard deviation is of the same size as the error in the power production of
approximate model and plant at the optimal operating point, aining data set of 20 points is created. After ten iterations

the error in the power production is about 0.6 %. The algorithm is able to converge. However, due to the measurement noise a

10
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Figure 6. The boxplot of the optimization results for the differently long wind turbine rows on the left. The red line indicates the median. The
bottom and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The red marker indicate outliers and the whiskers
extend to the most extreme data points not considered as outliers. The error of the MA-GP approach and the initial error dependent of the

amount of turbines in the row. The initial error in the model depending on the amount of turbines in the row on the right.

@H error remains after ten iterations. The error can be easily decreased with a larger initial data set, e.g. with a training set

of 30 points the error after ten iterations is about 0.35 %.
4.2 n turbine row case

In this subsection n turbines aligned in a row are optimized with the MA-GP algorithm. The size of the initial training set
@hosen to be@: 10n,,, where n,, is the amount of control inputs. The operating points of the training set are randomly
chosen. The convergence of the MA-GP algorithm is tested on 25 Monte Carlo simulations. The difference between each run
is the initial training set.

The statistic of the error after 25 iterations is shown in Fig. 6a. The error increases with the amount of turbines while it is
almost zero for 2 to 4 turbines. Even though, the error increases with the amount of turbines the algorithm is able to reduce the
model error significantly (Fig. 6b). It is not surprising that the error increases with the amount of control inputs. The control
inputs are mapped to the total power output of the wind farm. With a large amount of control inputs the correct identification
of this input-output map becomes more challenging, which increases the error in the MA-GP algorithm. Again, the error could
be decreased with more data in the training set. Currently, the optimization of the process and the optimization of the hyperpa-
rameters takes less than a second even for the ten turbine case, sequently, it is possible to increase the data set. However,
the computational time of the GP regression grows cubic with the amount of data. Therefore, at some point a trade-off between
performance and computational time is necessary.

In contrast to purely model-free approaches, e.g. extremum seeking (Johnson and Fritsch, 2012) or MPPT (Gebraad et al.,

11
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At the current stage there is not an upper bound on the error. The best is to approach the optimum -> 0% error. In the case the Gaussian wake model (or FLORIS etc.) are used to optimise the wind farm the goal with the MA-GP approach is to improve the performance. In the high fidelity study we saw that it is possible in a 3x3 wind farm. 

leifea
Notat
There are some references supporting this choice, e.g. Loeppky J.L., et al. - Choosing the Sample Size of a Computer Experiment. A pratical Guide (2009). The required size of the training set depends a lot on the sensitivities of the output to the inputs variables. In the wind farm case the sensitivities are distributed across the inputs variables (the input variables have about the same effect on the output variables - of course the upwind turbine inputs have a slightly higher effect but it is not the case that a few dominant the others). As shown in the article this causes problems for larger wind farms with more inputs. These need more data points (even more with noise etc,). The problem might become computationally intractable. A solution is, therefore, to use the multiple input - multiple output approach we will present in our ACC article. 

leifea
Notat
We used Latin hypercube sampling. I will clarify it. 

leifea
Notat
Correct it is not the only limitations. But for larger problems a larger data set is required. So if this would be problematic for small problems larger problems would become infeasible. 
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Figure 7. The boxplot of the optimization results for the differently large wind turbine grids. The red line indicates the median. The bottom
and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The red marker indicate outliers and the whiskers extend
to the most extreme data points not considered as outliers. The error of the MA-GP approach and the initial error dependent of the amount

of turbines in the row. The difference between both runs is the size of the initial training set.

2013) e MA-GP the algorithm able to find a near optimal point in one iteration. The MA-GP model is already a better rep-
ntation of the plant after the initial training than the approximate model. Nonetheless, measurements close to the optimum
can help to refine the MA-GP model.

4.3 n X n turbine grid case

In this subsection the turbines in the wind farm a arranged in a n x n grid. The wind direction is aligned with the rows of the
grid, raction between parallel rows is neglectable. Consequently, the wind farm consist of n turbine rows each containing
n turbines. The distance between turbines is 5 D. The identification of the power production of this wind farm layout becomes
more challenging. The input space increased and the sensitivity of inputs onto the total power production of the wind farm
become similar.
Again the size of the initial training set is chosen to depend linearly on the size of the amount of control inputs witf@: 10m,,.
Otherwise the setup is the same as in the turbine row case.
The error after 25 iterations is shown in Fig. 7a. Again the algorithm converges for a small amount of turbines. However,
error in the optimization increases as the amount of turbine increase. Moreover, for grids with 25 and more turbines the
majority of the optimizations get stuck at the initial conditions, which is defined by the optimal operation point of the model
(Fig. 6b)%. Moreover, even in the cases where the MA-GP improves the performance of the wind farm the algorithm converges

to errors in the range of 1 % to 2 % after 25 iterations. These are much larger than observed in the turbine row case.

2The percentage in initial error of the turbine row is equal to the percentage in initial error of the grid.
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after converging with 20 datapoints..?
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Highlight
But how would you know the optimum in the first place? If you refine in the wrong region, does this mean that the model near the true optimum will worsen (since you said the opposite does happen)? 

Anonymous
Highlight
Relate this back to practice: this can be realistic in offshore wind farms. How would you deal with this if you have terrain effects? Then the symmetry that the model assumes no longer holds. Can the GP model correct for this, or will it also assume symmetry? 
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this is fairly large. Motivate.

Anonymous
Highlight
Does this mean global convergence is not reached with your technique? Does this contradict what was said in the introduction?

leifea
Notat
10*n_u data points. Using the training set gives a model, which can be optimized (first iteration). The optimium should be close to a real optimum.   

leifea
Notat
The wind farm model, which is adapted by the MA-GP, should at least give an indication where the real optimum will be. 

leifea
Notat
It is true that if the wind farm model is quite wrong and the initial data set is small it can happen that the MA-GP algorithm will get stuck at the mimimum of the "wrong" model. Overfitting is a problem with small data sets. The GP just fits the model around a data point but averages for the regions away from the data points. This can lead to local optima. In my experience filtering the inputs or exploration can help overcome it. 

leifea
Notat
The GP model should be able to correct for terrain effects. Here we did not give this knowledge to the GP model. It was able to learn it from the data. 

leifea
Notat
See my previous answer 

leifea
Notat
No, I assume the problem here is overfitting. I also like to refer back to my comment about the difference between global and plan optimality. 
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The problems to identify the plant model correctly with a larger inputs space are not surprising. The sample density decreases
drastically for larger inputs spaces. The size of the initial training set is increased linearly while it would have to increase
exponentially to preserve the same sampling density. For the wind farm with 100 wind turbines and the current setup the
hyperparameter optimization takes usually about 15 s@ome rare cases it took about 5 min. The plant optimization takes less
than 10s. Consequently, the initial data set could be increased to improve the performance of the larger wind farms.

The increase of the initial training set improves the convergence of the method for both small and large inputs spaces (Fig.
7b). Nevertheless, even with the larger size of the initial training set it is challenging to converge to the correct optimum
point for cases with a large input space. A larger training set would be necessary for these cases. On the other hand, it also
has to be pointed out that the training of the hyperparameters in the GP regression scales cubic with the amount of data.
Obviously this limits the size of the initial training set.@erwise the approach becomes quickly computational infeasible. In
case of an initial set of ng = 10n,, and a wind farm with 49 turbines the median time for the hyperparameter optimization
is about 3 s. The maximum computational time in the 625 hyperparameter optimization is about 60 s. In case of an initial set
of ng = 30n,, the median optimization time is about 50s while the maximum optimization time is about 23 min. In these
cases the optimization algorithm did not converge to an optimum and the maximum amount of iterations until termination was
performed. The optimization time could be reduces by limiting the number of iterations. It is expected that it will not influence
the performance since the objective function value in cases the optimization did not converge to an optimum did not change
for most of the iterations.

If the MA-GP algorithm for the larger wind farms converges to an optimum it usually takes first a few iterations, where the wind
farm is operated at the model optimum point, before the error reduction begins. Obviously the algorithm needs the additional
information around the operating point. Interestingly, once the algorithm actually left the initial operating point it converges
relatively quickly to an@’rating point close to the actual optimum. This is a strong indication that exploration or even just
small excitation around an operating point should be activated if the operating point does not change for some time.
Nonetheless, the results show clearly that the MA-GP is able to improve the performance of the model-based optimization
for some of the cases. It is not clear how the initial data sets differ for these successful cases. However, it is expected that a
large amount of operation points can be excluded from the initial training set of the GP regression since it is known from the
model that they are far away from the optimum operating point. Currently, the initial training set is chosen randomly by Latin
hypercube sampling. A smarter selection with a larger density of points around the optimal operating point of the model may

improve the MA-GP approach without increasing the initial data set.

5 Conclusions

The modifier-adaptation approach with Gaussian processes applied to wind farm control is presented. It is a real-time optimiza-
tion strategy, which corrects optimization model errors by using plant measurements. In the wind farm case the total power
production is assumed to be measured and used in the MA-GP approach.@ approach works exceptionally well for small

input spaces. Here the GP regression is able to correct the model almost perfectly. Consequently, operating points very close
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You only discuss computational cost, but not how the actual data is retrieved. I think the latter is much more important and a much bigger challenge.

Also, on the topic of computational cost: what timescales will you work at, and what computational cost is allowable?
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Anonymous
Highlight
is it still considered a global optimization method if it does not actually converge to the global optimum, but rather a point close to it?
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Highlight
chicken and egg problem. Perhaps in a small wind farm it is easy to say, but in a big wind farm it is more difficult.

Anonymous
Highlight
exceptionally well how? 

leifea
Notat
I think this was covered in my main response. 

leifea
Notat
I assume in these cases the algorithm (fmincon) was not able to converge to a optimum. Therefore the maximum amount of allowed iterations were used, which caused this long time until a solution was found. 

leifea
Notat
The MA-GP algorithm only converges to a local optima as most of the gradient-based optimization methods. 

leifea
Notat
However, most wind farm models give an indication, e.g. counter-clockwise or clockwise yaw rotation. Moreover,  in reality a smaller amount of operating points are available than in the simulation example presented here since the wind farm will not be operated at random operating points. 

leifea
Notat
I clarified the statement. It converges quickly to the real plant optimum. 

leifea
Notat
It is not the only limitation, but if the computational time is too high it would automatically eliminate the method as a candidate for wind farm control. 
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to the real optimum are found in the optimization. For larger input spaces, on the other hand, the error increases. Moreover,
for the grid-type wind farm layout with more than 25 turbines convergence with the relatively small initial training sets used in
this work could not be achieved at all times.

In future work the performance of the method for large inputs spaces has to be improved. Several ideas are possible to achieve

it:

Increase the training set until it becomes computational unfeasible to increase the training set further.

— Choose the training data point@ smarter way such that they provide enough information about the regions around the

expected optimum.

— Extend the algorithm with an exploration part. This can be achieved, for example, by including the variance of the GP

regression model in the optimization.

— Include the single turbine power measurements in the identification of the GP regression model. In such a multi-input and
multi-output approach the sensitivities of control inputs to the single outputs increase. The model identification should
benefit from the approach. Moreover, it is expected that a smaller data set is necessary to achieve the same performance
as with the in the article presented multi-inputs and single-output approach. The idea is pursued in Andersson et al.

(2020a) with very promising results in increasing the accuracy of the approach with a smaller initial data set.

In addition, the sensitivity of the approach to measurements and inputs noise has to be investigated. In Andersson et al. (2020b)
a simple way how to include input noise explicitly in the MA-GP approach is presented. Finally, the model identification should
be tested on high fidelity and real data. A preliminary study on a nine turbine wind farm case using data from the high-fidelity
simulator SOWFA (Churchfield et al., 2012) will be presented in Andersson et al. (2020c).

Author contributions. LEA compiled the literature review, performed numerical simulations, post-processed the data, and wrote the article.

LI helped formulate the methodology used in the article and participated in structuring and reviewing of the article.
Competing interests. The authors declare that they have no conflict of interest.
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14


Anonymous
Highlight
try to be concrete. what would you explore? how would you do this?

Anonymous
Highlight
Very nice! I think you should spend more time on explaining how this algorithm would be applied in practice. What other challenges are there, such as: measurement and model noise, time delays due to wake propagation, wake meandering and time-varying atmospheric conditions.
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We tried to be more concrete. 
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Notat
A discussion section was included. 
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these-high-order regresston-funetions—GP-Coordinated wind farm control takes the interaction between turbines into account
and improves the performance of the overall wind farm. Accurate surrogate models are the key to model-based wind farm
control. In this article a modifier adaptation approach is proposed to improve the surrogate model. The approach exploits

lant measurements to estimate and correct the mismatch between the surrogate model and the actual plant. Gaussian process
regression, which is a probabilistic --non-parametric modelling techniquewel-known-in-the-machine-learning-community—The

NOEO —tactad—o ag d O NOEO H OO
approd Stea—© vera t a a tHa WA T oW a approd ao 0O

for-the-approachpresentedin-the-artieler, is used in the identification of the plant-model mismatch. The efficacy of the approach
are illustrated in several numerical case studies. Moreover, challenges in applying the approach to a real wind farm with a trul
dynamic environment are discussed.

1 Introduction

Currently the-wind turbines in a wind farm are operated at-theirindividual-optimal-operating-point—This-to maximise their power

roduction and minimise the loads on their structure and power electronics, The impact on the downstream turbines due to wake
interactions is ignored. Such a control strategy is called greedy wind-farm—econtrol-since-theinteractions-between-tarbines-arenot
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er—a wind farm control strategy that takes the

interaction between turbines into account can improve the overall performance of the wind farm (Steinbuch et al., 1988; Johnson and Thom:

The two main wind farm control strategies are axial induction control

and wake steering
—(Kheirabadi and Nagamune, 2019). The idea behind the-former-axial induction control is to deviate the blade pitch and gen-

erator torque of the upwind turbine from the greedy control settings. As a consequence, the velocity deficit in the wake behind

the turbine an

esdecreases. The target net effect is an overall increase
of the power production and possibly an-a decrease of fatigue loads. However, recent-studiessuggest-evaluating wind tunnel
2016; Bartl and Satran, 2016), high-fidelity simulations (Annoni et al., 2016) and field tests
(van der Hoek et al., 2019) it is suggested that axial induction control using steady-state surrogate models to calculate the opti-
mal control settings may be unable to improve the power production of a wind farm(Sehepers-and-Van-der Pijl;-2007-Campagnolo-etal520

experiments (Campagnolo et al.,

The-eurrently-Currently the more promising wind farm control strategy using steady-state-stead-state surrogate models is wake

steering. The goal of wake steering is to deflect the wake away from the downwind turbine by using the yaw settings of the
upwind turbine (Kheirabadi and Nagamune, 2019). Field experiments showing premising-encouraging results were conducted
by Fleming et al. (2017, 2019); Howland et al. (2019). In these experiments lookup tables with optimal yaw settings ef-each
tarbine-are-ereated-with-help-of-an-depending on the wind conditions were created using steady-state medel-Henee-the-wind
farm-is-operated-in-an-models. The look-up tables were not updated using plant measurements. Therefore, these approaches
can be seen as open-loopeentrol-setting.

The steady-state wake models-used-in-surrogate models must be simple to allow optimization but also accurate to permit good
performance of the model-based eontrol-are-usuatty-relatively-simple—They-estimate-the-veloeity-defieitin-wakes-—For-aton
time-one-of controller. The development of surrogate models is an active research field. One of the most popular wake models
was-is the Jensen Park model (Jensen, 1983; Katic et al., 1987). Jiménez et al. (2010) developed one of the first steady-state
wake models that described wake deflection due to yaw. A recent wake model, which is also used in this study, was presented
by Bastankhah and Porté-Agel (2016). It is based on mass and momentum conservation and assumes a Gaussian distribu-

tion of the velocity deficit in the wake. Other extensions to the Jensen Park model were presented by Park and Law (2015

who assumed an inverted Gaussian function of the wake profile, Tian et al. (2015), who used a cosine shape function, and

Ge et al. (2019) who analytically derived a Gaussian-shape velocity profile. The steady-state wake models are able to describe

the general behaviour of the wake (Barthelmie et al., 2013; Annoni et al., 2014). Nevertheless, they are just vague approxima-

tions of a complex phenomena that is, in fact, not well understood (Veers et al., 2019). Henee;real-time-optimization(RTO)
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to circumvent possible error-prone models in the control of wind farms. However, these methods suffer from slow convergence.
Park et al. (2016, 2017) suggested to use a Bayesian Ascent (BA) algorithm fitting a Gaussian Process (GP) regression to
input-output data of the plant. A new data-driven surrogate model was created. In Doekemeijer et al. (2019a) the upstream
wind velocity and turbulence intensity in the FLORIS model are first estimated from the data. The improved FLORIS model
is then used in Bayesian optimization to find a GP surrogate model and optimal yaw angles of the turbines in the wind farm.
Another data-driven surrogate model, using polynomial chaos expansion, was presented by Hulsman et al. (2019). Estimating

the model parameters

of the surrogate model to improve closed-loop control was proposed by Doekemeijer et al. (2019b). However, if the two-step

arameter estimation is not able to remove the mismatch between surrogate model and the plant. An example that an improved
parameterisation of the-steady-state-wake-a surrogate model was not able to remove the mismatch between a low order model

and a high fidelity model ef-wake-is given in Fleming et al. (2018). Therefore, a two-step approach iteratively optimizing the
lant and updating the model parameter of the surrogate model as plant measurements become available was not pursued here.

Mﬁappfeaelﬂr nstead, in this article a modifier adaptation (MA) approach (Marchetti et al., 2016) to wind farm control is
roposed. The plant-model mismatch is identified exploiting plant measurements, improving the surrogate model. In the
identification of the plant-model mismatch GP regression is fh&esﬂma&eﬁef—%h&gfadiem%ef—%heﬁbjeeﬁ%ﬂﬁd»ee%&mﬂ{

regression-is-combined-with-MA(de-AvilaFerreira-et-al-2018;1used. GP is a probabilistic, non-parametric modelling tech-
nique well known in the machine learning community (Rasmussen and Williams, 2006). The GP-regression-model-estimates
advantage of using GP regression in MA is
that it is not bounded by specific model structures as e.g. parametric models. Consequently, the MA-GP approach is able to
correct the ofici Y . Y . surrogate model in a flexible

manner (de Avila Ferreira et al., 2018) and improve the performance of the wind farm controller.
The article is structured as follows: In Section 2 the optimization problem is formulatedand-Gaussian-process—regression—is

explained—, In Section 3 the modifier adaptation using Gaussian process regression is presented and the numerical turbine and
wake models are introduced. The approach is tested numerically on-several-examples-in Section 4. Section 5 discusses the

application of the MA-GP approach to real wind farms. The article ends with a conclusion.

Johnson and Fritsch, 2012; Ciri et al., 2017) or game-theoretic methods (Marden et al., 2013; Gebraad et al., 2013) were proposed

parametric model is structurally incorrect {(Marehetti-et-al526146)
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Fhe-optimization-problemof the Model-based wind farm optimization usually employs a steady-state plant performanee subject
to-eonstraints-ean-surrogate model. Consequently, a plant-model mismatch exists, which can degrade the performance of a
controller. In this article, we study the optimization problem of optimizing the power production, noting that the approach in
general can handle different objective functions. The optimization problem can be formulated as tMarchetti-et-at;2616):-

up - arg minu djp (ua YI) (u))

st. Gpi(u) =g i(uyp(u) <0, j=1,...,n4,

uclu,

T T T
u;:argmgxPp(u), ueld, u=uy,uy,....uyl, )]

where u € R™+ and-y;-€R"denote the plant input and-eutput-variables; respeetively;u-€IR™variables, which are the axial
induction factors and yaw angles of each turbine; P, : R™* x R™v — R is the power production to be maximised; and y—eR—éL

The challenge of optimizing the power production of a wind farm is that only an approximate surrogate model of the system-is
loitedfor mization:

u* = argmin, ¢(u,y(u))

st. Gj(u) :=gj(u,y(u)) <0, j=1,...,ng4,

ity—plant is available. Consequently, it is not guaranteed
that the optimal point of the surrogate model coincide with the optimal point of the plant. MA treats this challenge by
directly adapting the optimization problem using plant measurement to allow convergence to the overall plant optimum
(Marchetti et al., 2009). The standard MA WWWMWW&WM
modifiers to correct the gradient of the
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surrogate model. However, the estimation of the plant gradients ateach-RTO-teration-whieh-in each iteration is experimentally

expensive and the main bottleneck for-of the MA implementation in practice (Marchetti et al., 2016). In this article, GPs are

used instead to correct the surrogate model (de Avila Ferreira et al., 2018), and by this alleviating the limitation of MA. The
next section gives a brief introduction to GPs, before the new optimization problem of the MA-GP approach is stated.

3 Methodolo

In this section the modifier adaptation approach with Gaussian processes for wind farm control is introduced in Sections 3.1
and 3.1. Thereafter, in Section 3.2, the turbine and wake models used in the case study are explained.

3.1 Gaussian processes

In this section we give a brief outline of GP regressionfer-otr—purpeses, for more information refer—to-consult Rasmussen
and Williams (2006). GP regression aims-te-identify-identifies an unknown function f : R™ — R from data. Let-the-noisy

ebservation-It is assumed that the noisy observations of f(-) be-are given by:
yr = f(uag) + vk 2

where the value f(-) is perturbed by Gaussian noise v, with zero mean and variance o2, v, ~ N (0,02).

v

We-assame-In GP regression, f(-) te-follew-a-GP-with-is considered a distribution over functions. In this paper, we assume this
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distribution has a zero mean function and the squared-exponential (SE) covariance function. The choice of the mean and co-
variance functions assume certain smoothness and continuity properties of the underlying function (Snelson and Ghahramani,

2006), which seems to be a good fit for the plant-model mismatch of the surrogate model. The SE covariance function can be

expressed as follows:

k(u;,u; ) :a?exp (—;(ui—uj)TA_l(ui—uj)> (3)

p(ylU)=N(0,K+071), K;j=k(u;u;)

1 - 1 .
L(D,V) = fin(K+aﬁI)*1yf 5111|K+0ﬁ1\.

: :
assumption the predictive distribution of f(u) at an arbitrary input u -—which-ean-be-found-by-the-conditional-distribution

of F{u)-on-the-data-distributionp{y 5 —Fromthe-GP-assumption-this-given the training dataset D = {U, Y} has a closed-
form solutionand-ean-be-stated-as:

F)[D, 3 ~ N (pcp(u; D, ), 02p (0; D, )

pip(w; D, 1p) = k7 (u)(K +021) 'y

02 (WD, %)) = 02 — k7 (u) (K + 021)k(u)

where-, The resulting mean 1igp(u; D, %) can be seen as the GP prediction at u and the variance 0gp(u; D, 1) as a correspond-
ing measure of uncertainty to this prediction. The-GP-is-a-nen-parametrie-model—The-
The performance of the GP is dependent on hyperparameters 4. They are commonly unknown and hence need to be inferred

from data. In this article the maximum likelihood estimate is used to calculate the hyperparameters. Finally, we note that the
training data are explicitly required to construct the predictive distribution. For the-above-expression-this a matrix of size M x M

must be inverted, which-prohibits-where M is the number of measurements. Clearly, this makes large data sets challenging.

4 Methodolegy

3.1 Modifier Adaptation with Gaussian processes



Theuse-of GPs-in-a MA-approach-to-overecome-In the MA-GP approach the limitation of estimating-the-plant-gradients—was

180

the-plant-model-mismateh-of-the-objective-funetion—Thenew-standard MA are overcome by replacing the modifiers with GPs
de Avila Ferreira et al.,

2018). As a result, estimating the plant gradients (modifiers) in each iteration are avoided, at the cost

185 of instead updating the GP. The optimization problem of the MA-scheme-with-GP-medifierstMA-GP )is-becomes

0}y, = argminmaxy ¢ L2(u,()) + ficp "% (W; Dog, Yor), st uel, “

where the plant-model mismatch of the cost function is modelled by ﬁ&ﬁlSﬁm}anweﬂgma%Mksehem&theepmm}

MA-GP-secheme-is-presented-in-AlgorithmtandFig——ugp. The training set D of the GP are the control inputs of the wind
190 farm and the difference in the power production between surrogate model and plant measurements.
In-Adgorithm—1-the-hyperparameters-are-updated-i-The MA-GP approach for wind farm optimization is visualised in Fig.

Plant optimization

Opt. input (ti})

GP regression model Wind farm model Plant output(5,)

Measurement
noise (v
£ hoise (v)

Py € arg';naxﬁ(D, ) Dy, = Diy1

GP training

Figure 1. The basic idea of the MA-GP scheme for a wind farm. The GP regression model creates an input-output map of the control inputs
to the plant-model mismatch. In the MA-GP model the GP regression model is used to correct the output of the approximate model. This
MA-GP model is used in the optimization to compute optimal control inputs for the wind farm. The inputs and the difference between the
measured and estimated output of plant and model, respectively, are used to update the data set D and the hyperparameter ). The measured

outputs of the plant are corrupted by noise
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1. The power output of the surrogate model is subtracted from the noisy power measurements of the plant, The difference in
power production and the control inputs create the data set, which is used in the GP training to estimate the hyperparameters. A
initial training set is required before initialising the MA-GP approach. In the plant optimization the surrogate model is corrected
by the GP regression model, which uses the current data set and hyperparameters. The new optimal control input is applied to
the wind farm. The MA-GP is a closed-loop control approach to wind farm optimization.

In Algorithm 1 two additional steps are included in the MA-GP scheme:

— The new optimal control input is filtered with
In the basic MA approach filtering the control input prevents excessive corrections. In the MA-GP approach it permits
exploration around the optimal point.

— The hyperparameters are only updated when HypOpt is true-HypOpt , which is a user-defined condition;-which-aows-to
update-the-hyperparameter—The-extrema-are-to-update-the-hyerparametereach-iteration-ornever—The- The hyperparame-
ter update is usually the computational bottle-neck of the MA-GP algorithm. Espeetally-We observed that especially for

large data sets it-ean-be-expeeted-thatthe-hyperparameter-the hyperparameters do not change much from one iteration to
the next. Therefore, itis+reasonable-the hyperparameters can be updated less frequent to decrease computational delay.
However, it is recommend to update the hyperparameters less-frequent—as often as possible.

In the next subsection the turbine and wake models used in the case study are presented.

3.2 Numerical turbine and wake models

A turbine and wake model are necessary to create a model of a wind farm. The wind turbines in-the-wind-farm-are represented
using the actuator disc theory, which couples the power and thrust coefficient, Cp and Cr (Burton et al., 2011)

Cp =4a(l—a)?, (6)
Cr =4a(l—a), @)

where a is the axial induction factor. The axial induction factor indicates the ratio of wind velocity reduction at the turbine disk
compared to the upstream wind velocity. The steady-state power of each turbine under yaw misalignment is given by (Gebraad
et al., 2016)

1
pP= §pACPCOS’YpM3, (®)

where A is the rotor area, p the air densityand-, p a correction factor and v is the wind velocity. In actuator disc theory p =3

(Burton et al., 2011). However, based on large-eddy simulations, the turbine power yaw misalignment has been shown to match

"The wind farm picture is by Erik Wilde from Berkeley, CA, USA https://www.flickr.com/photos/dret/241 10028330/, Wind turbines in southern California
2016, https://creativecommons.org/licenses/by-sa/2.0/legalcode


https://www.flickr.com/photos/dret/24110028330/
https://creativecommons.org/licenses/by-sa/2.0/legalcode 
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Algorithm 1: Basic MA-GP scheme 2}(del Rio-Chanona et al., 2019

Initialisation: GP regression model pgp and hyperparameters 12:0 found with initial data set Dy; Optimal operation point of the

approximate model ug; k = 0;

while ¢t < t.,q do
Solve modified optimization problem Eq. (4);
Filter new operating point ui41 with Eq. (5);
Evaluate approximate model at new operating point U1
Obtain power measurement P, (Ug41);
Update the data set Dy41 with input ug11 and output yx+1 = Pp(ug+1) — P(ugs1). ;
if HypOpt then

Update hyperparameters {p %41 using the updated data set Dy.11;
end
Update GP regression term pgp using D41 and hyperparameters 1,Ab k1
k=k+l,t=t+At;

end

the output when p = 1.88 for the NREL SMW turbine (Annoni et al., 2018), which we will use in this article. In the numerical
study it will be important to implement a “plant” and model, which are different from each other. Fherefore;a-The actuator
disk model will be referred to as the plant turbine model. A second adjusted actuator disk turbine model is created, which will
be referred to as the approximate turbine model. The FLORIS toolbox (NREL, 2019) contains a table with wind velocities and
corresponding thrust and power coefficients of the NREL SMW turbine. These data are fitted to anew-medel-based-on-the
actaator-disk-create the approximate turbine model. The equation for the thrust coefficient Cr is given by Eq. (7) while for the

power coefficient C'p three new parameter are identified resulting in
Cp = 7.037a(0.625 — a)*-304. )

The approximate turbine model fit is visualised in Fig. 2. Important in the numerical example is the different connection
between thrust and power coefficients of both-medelsplant and approximate turbine model (Fig. 2b). For the turbine dimensions
the NREL 5-MW wind turbine is used (Jonkman et al., 2009). Consequently, the rotor diameter is P=136m-D = 126.4m
and the hub height Hy = 90m.

The Gaussian wake model by Bastankhah and Porté-Agel (2014, 2016) is used to model the flow in the wind farm. The

by

three-dimensional steady-state far wake velocity is-assumed-to-be-deficit is Gaussian distributed and can be estimated

T](x:sz) — 1 _ Ce—0~5((y—6)/0'y)26—0‘5((2—2;1)/0'2)2’ (loa)

Uso

o ~ Crcosy
C=1- /1 So0 /T (10b)
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Figure 2. Comparison between data, the new-model-based-on-the-actuator-disk-modet-plant turbine and the actaator-disk-approximate turbine
model. The thrust-coefficients-are-kept-smalter-than-one-for-the-actuator-disk-models —Fhe-models-give a-different eonneetion-connections

between thrust and power coefficients.

where zj, is the tower height, 0 is the wake deflection, and o, and o, are the wake widths in lateral and vertical directions. An

important variable for the model is the skew angle of the flow past a yawed turbine. The flow skew angle is approximated by

0~ 20 (1= T=Croosy).

cos7y

(1)

where «; is a parameter. Bastankhah and Porté- Agel (2016) use ar; = 0.3 and NREL (2019) uses a1 = 0.6 to better fit high-

fidelity observations.

resulting-in-different-optimal-operating-pointsWe will use the Gaussian wake model with oy = 0.3 as the approximate wake
model and with oy = 0.6 as the plant wake model.
In the next section the case study using the MA-GP approach and the here presented turbine and wake models is discussed.

4 Numerical case study

In this section numerical results of the MA-GP approach are presented. The control inputs of the wind farms are the yaw angles
~v; and the thrust coefficients C7 ; of each turbine. Hence, the wind farm has 2V control inputs, where N is the ameuntnumber

of wind turbines. The objective of the optimization is to maximize the power production P;,; = ), P; of the wind farm. The

relative error in the power production is given b

pP; -
© =100-——*=,

P 12)

10
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Table 1. Overview over the case studies

Case
Songalunytg Size of initial training sct LesIEHCiNo o Final error © (after x-iterations)

Two turbines

Cri, . 4 no 0.0009 %(10)
Jow turbines.

= e 20 ey Q.6%010)
Tow turbines

Loy 30 e 0.35 %(10)
2 X n turbine grid

Cry 2007 o Fig.7.

where P* is the optimal power production of the plant and P, is the power production achieved by the MA-GP approach. The

control inputs are constrained by box constraints with
0<Cr,; <0.95, and 0° <~; <40°. (13)

The yaw angles ; are constrained to positive yaw angles since the Gaussian wake model is symmetric. Asymmetry as in a real
wind farm is not represented in the models used in this article. If the MA-GP approach is applied to a real wind farm it would
be unnecessary to constrain the yaw angle to positive angles since the MA-GP approach would automatically converge to the

The approximate turbine and wake models are used as the approximate model while the plant turbine and wake models are
used as the plant model. In the MA-GP approach only measurements of the total power output of the wind farm are used.

The hyperparameter optimization is performed using the MATLAB optimization toolbox and the nonlinear programming
solver fimincon. For the optimization of the control inputs of the wind farm the open source software tool CasADi (Andersson
et al., 2019) is used. CasADi is a symbolic framework that provides gradients using Algorithmic Differentiation. The software

package Ipopt is used as a solver for the nonlinear program (Wichter and Biegler, 2006).

An overview over the case studies discussed in the following sections is given in Tab. 1.

11
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Figure 3. The power production of plant and approximate model in dependency of the control inputs of the upwind turbine.

4.1 Two turbine case

The operating points of two turbines in a row are optimized. The thrust and yaw angle of the downwind turbine are fixed
resulting in only two optimization variables in the MA-GP approach. The downwind turbine is operated at its greedy oper-
ation point. The turbine row is facing the wind and the spacing between turbines is 5D. The power production of the wind
farm in dependency of the control inputs of the upwind turbine in shown in Fig. 3. The optimal operation point of the plant
is Cr,, = 0.82 and ~y, = 31° and of the approximate model C'r-,, = 0.89 and -y, = 29°. Indeed, the relative optimization error
of the model is only +-67%0 = 1.67%. Still, the model assume-assumes that the power production is much less sensitive to
changes in the yaw angle, which should be corrected by the MA-GP approach.

Four training points at C = [0.4,0.8] and v = [0°,25°]T are used to create the initial training set of the GP regression model.
The power production of the corrected model in dependency of the control inputs is shown in Fig. 4a. The contour plot of the
objective function of the plant, approximate model and MA-GP model after the initial training is shown in Fig. 4b. Clearly
four operating points are not sufficient to correct the approximate model correctly. In fact, the optimal operating point of the
MA-GP model has an error of 2.87 %, which is larger than the original error of the approximate model.

The MA-GP approach is initialised at the optimal operating point of the approximate model. In each iteration the hyper-
parameters and the data set of the GP regression model are updated. The new operating point is filtered with Eq. (5) and
L = diag(0.4,0.4). The MA-GP approach is able to correct the approximate model and drive the process to its optimal operat-

i i i iterations(Fig 5). After four iterations the error-in-power-production

relative error © is about 0.2 % and after ten iterations it is 0.0009 %. In addition, the contour lines of the objective function

ing point -

are well approximated —(Fig. 5). A larger difference between MA-GP model and the plant can be observed at the edges away
from the current operating points. Data points at the edges are necessary to improve the identification there. However, to drive

the process to its optimal operating points a correct identification of the objective function far away from the maximum is

12
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unnecessary. Clearly the initial training set with only four operating points could be increased to improve the identification of
the initial model of the MA-GP approach.

In the current example it is-was assumed that the measurements are noise-free. If noise is added to the power measurements the
correct identification becomes more challenging and a larger training data set is necessary. A noise with a standard deviation of

50 kW is added to the measurement, which in the current set-up translates to a turbulence intensity of about 3 %. The standard
deviation is of the same size as the error in the power production of appreximate-medel-and-plantplant and approximate model

13
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Figure 6. The boxplot of the optimization results for the differently long wind turbine rows on the left. The red line indicates the median. The
bottom and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The red marker indicate outliers and the whiskers
extend to the most extreme data points not considered as outliers. The error of the MA-GP approach and the initial error dependent of the

amount of turbines in the row. The initial error in the model depending on the amount of turbines in the row on the right.

at the optimal operating point of the plant. A training data set of 20 points is created. After ten iterations the errer-in-the-pewer
produetionrelative error © is about 0.6 %. The algorithm is able to converge. However, due to the measurement noise a small
error remains after ten iterations. The error can be easily decreased with a larger initial data set, e.g. with a training set of 30

points the error after ten iterations is about 0.35 %.

4.2 n turbine row case

In this subsection the optimization of n turbines aligned in a row are-eptimized-with-the-with a spacing of 5D is discussed. It
is difficult to know the required size of the training set for a satisfying performance of the MA-GP atgorithm-—Fhe approach
a priori. It depends on the sensitivity of the output to the input variables. It is. however, recommended to have about ten
training points for each input (Loeppky et al., 2009). Therefore, the size of the initial training set is chosen to be ng = 10n,,,
where n,, is the amount of control inputs. The operating points of the training set are randomly-chosen-chosen randomly using
Latin hypercube sampling. The convergence of the MA-GP algorithm is tested on 25 Monte Carlo simulations. The difference

between each run is the initial training set.

The stati

error increases with the amount of turbines while

it is almost zero for 2 to 4 turbines -

The-controlinputs-are-mapped-to-the-total-6). A reason for the increase in the error with more turbines is the similar sensitivit
of the control inputs of each turbine to the power output of the wind-farm—With-alarge-amount-of control-inputs-the-correet

14
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identifieation-of-this-plant. It makes it challenging to correctly identity the input-output mapbecomes-more-challenging,whieh
inereases-the-error-in-the MA-GP-algorithm—Again;-the-erroreould-, The error can be decreased with more data in the training

set. Currently, the optimization of the process and the optimization of the hyperparameters takes less than a second even for the

ten turbine case. Consequently, it is poss1ble to increase Lﬁgyglvlgglg the data set. Hewever—ﬂweeiﬂpﬂf&&eﬂa%ﬂm&ef%@

a-Assuming a sufficient large initial training set the MA-GP approach is able to find the near optimal point in one iteration
since the approach basically just improves the surrogate model. This stands in contrast to purely model-free approaches, e.g.
extremum seeking (Johnson and Fritsch, 2012) or MPPT (Gebraad et al., 2013) %mwﬁmw
find an optimum. Moreover, after the initial training the MA-GP
Fhe- MA-GP-model is-already—a-betterrepresentation-usually represents of the plant after-the-initial-training-better than the
approximate model. Nonetheless, measurements close to the optimum of the MA-GP model can help to refine-the MA-GP

medelimprove the model further.

4.3 n X n turbine grid case

In this subsection the turbines-in-the-wind-farm-a-optimization of a wind farm with turbines arranged in a n x n grid —The
i ireetion—is-ali i with a spacing of 5D is

presented. Consequently, the wind farm consist of 2 turbine rows each containing n turbines. The distance-between-turbinesis

the rows of the grid. Interaction between parallel rows is neglectable, which is, however, not known to the MA-GP approach.
Again the size of the initial training set is chosen to depend linearly on the size of the amount of control inputs with ng = 10n,,
TFhe-error-after-25-iterations-is-shown-intig—7a—Again the algorithm converges for a small amount of turbines —(Fig. 7a).

However, the error in the optimization increases as the amount of turbine increase. Moreover, for grids with 25 and more
turbines the majority of the optimizations get stuck at the initial conditions, which is defined by the optimal operation point

of the model (Fig. 6b)2. This behavior might be caused by overfitting causing multiple local optima in the MA-GP model.
Moreover, even in the cases where the MA-GP improves the performance of the wind farm the algorithm converges to errors

in the range of 1% to 2 % after 25 iterations. These are much larger than observed in the turbine row case.

drasticalty for farger inputs spacesIf the MA-GP algorithm for larger wind farms converges to an optimum it usually takes first
a few iterations, where the wind farm is operated at the optimal point of the approximate model, before the error reduction
begins. Obviously the algorithm needs the additional information around the operating point. Interestingly, once the algorithm

2The percentage in initial error of the turbine row (Fig, 6b) is equal to the percentage in initial error of the grid.
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Figure 7. The boxplot of the optimization results for the differently large wind turbine grids. The red line indicates the median. The bottom
and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The red marker indicate outliers and the whiskers extend
to the most extreme data points not considered as outliers. The error of the MA-GP approach and the initial error dependent of the amount

of turbines in the row. The difference between both runs is the size of the initial training set.

a strong indication that exploration or even just small excitation around an operating point should be activated if the operatin
oint does not change for some time.

A reason for the increase of the error of larger wind farms is the decrease of the sample density. The size of the initial training
set is increased linearly while it would have to increase exponentially to preserve the same sampling density. For the wind farm

with 100 wind turbines and the current setup the hyperparameter optimization takes usually about 15s. In some rare cases it
took about 5 min. In these cases the optimizer was not able to converge to an optimum and the maximum amount of allowed
iterations were used. The plant optimization takes less than 10s. Consequently, the initial-data-set-could-be-inereased-size of
the data set is not a limiting factor to improve the performance of the larger wind farms.

The increase of the initial training set improves the convergence of the method fer-both-smal-andlarge-inputsspaces(Fig. 7b).
Nevertheless, even with the larger size of the initial training set it is challenging to converge to the correct optimum point for
cases with a large input space. A larger training set would be necessary for these cases. On the other hand, it-alse-haste-be
pointed-out-that-the training of the hyperparameters in the GP regression scales cubic with the amount of data. Obviously this
ultimately limits the size of the rﬂtﬁﬂ%ff&mmg—%%@fheﬁ\ﬂ%e—theﬂppfeaekrbeeeme%q\ﬂekly Wm

can become computational infeasible.
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Nonetheless, the results show clearly that the MA-GP is able to improve the performance of the model-based optimization

for some of the cases. It is not clear how the initial data sets differ for these successful cases. However, it is expected that a
large amount of operation points can be excluded from the initial training set of the GP regression since it is known from the
model that they are far away from the optimum operating point. Currently, the initial training set is chosen randomly by Latin
hypercube sampling. A smarter selection with a larger density of points around the optimal operating point of the model may

improve the MA-GP approach without increasing the initial data set.

In the next section the practical implications of the MA-GP approach are discussed.

5 Discussion

In this section an outlook on how to apply the MA-GP approach to a real wind farm is given. It is beyond this article to solve
all the challenges.

A _major challenge is the dynamic environment a wind farm operates in. Averaging and filtering is required to approximate
steady-state conditions. In a nine-turbine LES study presented in Andersson et al. (2020d)* five-minutes averaging is used. A
longer averaging horizon will make the MA-GP more robust since the variance in the data decreases. A too long averaging
horizon will reduce the performance since the plant response is delayed and averaged. Moreover, measurement and input noise
can degrade the performance of the adaptation. The negative influence of input and measurement noise can be reduced by a
larger training data set.

Another challenge is the wake propagation delay. In the LES study the first five minutes after a change in the control inputs is
discarded to remove the transients. A similar approach might be necessary in a real wind farm. A wake propagation through
the entire farm is not necessary. Depending on the measurements noise level it suffices to include the interaction of about two
to three turbines (Andersson et al., 2020a).

The sensitivity of the input-output map can be increased by including the power measurements of each turbine and identifying
a multiple-input multiple-output model. It is shown in (Andersson et al., 2020a) that this can help to decrease the necessary.
size of the training data set and improve the performance of the MA-GP approach for large wind farms. In addition, the wind
farm could be separated into subsets. The separation would depend on the turbines’ interaction considering a range of wind
directions, e.g. a wind farm as presented in Sec. 4.3 could be separated into three subsets for each of the wind directions around

3The article is submitted to TORQUE 2020
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For a real wind farm the minimum _training set should contain wind velocity, wind direction, the control inputs and the
plant-model error of the power outputs of each turbine. The inclusion of other variables, e.g. the turbulence intensity, depends
highly on the sensitivity of the variable to the plant-model mismatch of the power productions. Their effect should be larger
than the effect of the input noise of the wind. Otherwise, it is not recommended to include them in the MA-GP approach.
Atmospheric conditions that considerably change the response of the wind farm could be handled by a multi-model approach.
The model error for each atmospheric conditions is identified using a separate model. The multi-model approach can also be
used to estimate the current atmospheric condition. If the atmospheric conditions are not considered explicitly in the MA-GP
approach the response of the wind farm will be averaged over the atmospheric conditions. In fact, this happens to every variable
that is not explicitly considered. On the other hand, the MA-GP approach automatically adapts to constant effects, e.g. terrain
effects.

It is important to point out that the MA-GP approach supplements model-based wind farm control. It is still beneficial to have a
good surrogate model even though theoretically the MA-GP can work with a bad surrogate model. Moreover, the initial training.
set of the MA-GP approach can be generated by a high-fidelity model. In that case the MA-GP approach would initially reduce
the error between surrogate and high-fidelity model, which should improve the performance of the wind farm controller. During
operation the initial data set can be gradually replaced by real measurements. The GP allows to weight different training sets,
which should be used when working with two different training sets. Moreover, during operation the data set should be updated

continuously replacing old data points with new ones.

The MA-GP initial synthesis can be similar to the approach presented in Doekemeijer et al. (2020):

1. Create training data set using high-fidelity simulations.
2. Estimate the model parameters of the approximate model using high-fidelity data.
3. Identify a model of the plant-model mismatch of approximate and high-fidelity model using GPs.

If during operation also the free-stream wind velocity or the turbulence intensity are estimated, only the approximate model
without the MA-GP correction should be used to avoid a feedback of the identified model to the training set.

6 Conclusions

The modifier-adaptation approach with Gaussian processes applied to wind farm control is presented. It is a real-time opti-
mization strategy, which corrects eptimization-model-errors-the approximate model used in the optimization by using plant
measurements. In the wind farm case the total power production is assumed to be measured and used in the MA-GP approach.
The approach works exeeptionally—well for small input spaces. Here the GP regression is able to correct the model almost
perfectly. Consequently, operating points very close to the real optimum are found in the optimization. For larger input spaces,
on the other hand, the error increases. Moreover, for the grid-type wind farm layout with more than 25 turbines convergence

with the relatively small initial training sets used in this work could not be achieved at all times.
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wind tunnel tests, and we expect the MA-GP approach to behave similarly. In Section 5 several possible future investigations
430 to make the MA-GP applicable to real wind farms were pointed out. The performance of large wind farms can be improved b
the multiple inputs and multiple output approach and subset separation. In addition the following ideas can be tested:

Increase the training set until it becomes computational unfeasible to increase the training set further.

— Choose the training data points in a smarter way such that they provide enough information about the regions around the

expected optimum. Operating points far away from the expected optimum are excluded.

435 — Extend the algorithm with an exploration part. This can be achieved, for example, by including the variance of the GP

regression model in the optimization.

440

In—additions—the-An_important investigation is the sensitivity of the approach to measurementsand—inputs—noise-has—to-be
investigated, input noise and time delays. In Andersson et al. (2020b) a simple way how to include input noise explicitly
445 in the MA-GP approach is presented. Finally, the model identification should be tested on high fidelity and real data. A pre-
liminary study on a nine turbine wind farm case using data from the high-fidelity simulator SOWFA (Churchfield et al., 2012)

will be presented in Andersson-et-al-2020e)Andersson et al. (2020d).
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Abstract. [..! ][..2 ]Coordinated wind farm control takes the interaction between turbines into account and improves the
performance of the overall wind farm. Accurate surrogate models are the key to model-based wind farm control. In this
article a modifier adaptation approach is proposed to improve the surrogate model. The approach exploits plant mea-
surements to estimate and correct the mismatch between the surrogate model and the actual plant. Gaussian process
regression, which is a probabilistic [..°> Jnon-parametric modelling technique[..* ], is used in the identification of the plant-
model mismatch. The efficacy of the approach are illustrated in several numerical case studies. Moreover, challenges in

applying the approach to a real wind farm with a truly dynamic environment are discussed.

1 Introduction

Currently [..° Jwind turbines in a wind farm are operated [..° |to maximise their power production and minimise the loads on
their structure and power electronics. The impact on the downstream turbines due to wake interactions is ignored. Such
a control strategy is called greedy [..” |since it only focuses on the operation of an individual wind turbine. It is expected

that [..% ]Ja wind farm control strategy that takes the interaction between turbines into account can improve the overall

Iremoved: Real-time optimization (RTO) covers a family of optimization methods that incorporate process measurements in the optimization to drive the

real process (plant) to optimal performance while guaranteeing constraint satisfaction. Modifier Adaptation (MA) introduces zeroth and first-order correction
terms (bias and gradients) for the cost and constraint functions. Instead of updating the plant model, in MA the optimization problem is updated directly from

data guaranteeing to meet the necessary condition of optimality upon convergence.
2removed: The main burden of the MA approach is the estimation of the first-order modifiers of the cost and constraint functions at each RTO iteration.

Finite-difference approximation is the most common approach that requires at least nu + 1 steady-state operation points to estimate the gradients, where nu
is the number of control inputs. Obtaining these can require a long convergence time. For this reason, this work considers the use of Gaussian process (GP)

regressionto estimate the plant-model mismatch based on plant measurements, and replace the usual modifiers by these high order regression functions. GP
3removed: ,
4removed: well known in the machine learning community. The approach is tested on several numerical test cases simulating wind farms. It is shown

that the approach is able to correct the model and converges to the plant optimal point. Several improvements for large inputs spaces, which is a challenging

problem for the approach presented in the article,
Sremoved: the

6removed: at their individual optimal operating point. This

Tremoved: wind farm control since the interactions between turbines are not taken into account. However, it

8removed: the greedy control strategy leads to sub-optimal performance of the wind farm (Steinbuch et al., 1988; Johnson and Thomas, 2009; Barthelmie

et al., 2009). A coordinated wind farm controller, which takes the wake interactions between turbines in a wind farm into account , may result in a superior

performance compared to the greedy wind farm controller.
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performance of the wind farm (Steinbuch et al., 1988; Johnson and Thomas, 2009; Barthelmie et al., 2009).

The two main wind farm control strategies are axial induction control [..° ]Jand wake steering [.."° ](Kheirabadi and Naga-
mune, 2019). The idea behind [..!' ]axial induction control is to deviate the blade pitch and generator torque of the upwind
turbine from the greedy control settings. As a consequence, the velocity deficit in the wake behind the turbine [..'> ]decreases.
The target net effect is an overall increase of the power production and possibly [.."* Ja decrease of fatigue loads. However,
[..'* Jevaluating wind tunnel experiments (Campagnolo et al., 2016; Bartl and Saetran, 2016), high-fidelity simulations
(Annoni et al., 2016) and field tests (van der Hoek et al., 2019) it is suggested that axial induction control using steady-state
surrogate models to calculate the optimal control settings may be unable to improve the power production of a wind farm[..">
].

[..'® ]Currently the more promising wind farm control strategy using [..'” ]stead-state surrogate models is wake steering. The
goal of wake steering is to deflect the wake away from the downwind turbine by using the yaw settings of the upwind turbine
(Kheirabadi and Nagamune, 2019). Field experiments showing [..'* Jencouraging results were conducted by Fleming et al.
(2017, 2019); Howland et al. (2019). In these experiments lookup tables with optimal yaw settings [.."” ]depending on the
wind conditions were created using steady-state [..>° Jmodels. The look-up tables were not updated using plant measure-
ments. Therefore, these approaches can be seen as open-loopl[..>! ].

The steady-state [..>> |surrogate models must be simple to allow optimization but also accurate to permit good perfor-
mance of the model-based [..>*> Jcontroller. The development of surrogate models is an active research field. One of the
most popular wake models [..* Jis the Jensen Park model (Jensen, 1983; Katic et al., 1987). Jiménez et al. (2010) developed
one of the first steady-state wake models that described wake deflection due to yaw. A recent wake model, which is also used in
this study, was presented by Bastankhah and Porté-Agel (2016). It is based on mass and momentum conservation and assumes
a Gaussian distribution of the velocity deficit in the wake. Other extensions to the Jensen Park model were presented by
Park and Law (2015), who assumed an inverted Gaussian function of the wake profile, Tian et al. (2015), who used a
cosine shape function, and Ge et al. (2019) who analytically derived a Gaussian-shape velocity profile. The steady-state

wake models are able to describe the general behaviour of the wake (Barthelmie et al., 2013; Annoni et al., 2014). Nevertheless,

Sremoved: , e.g. Steinbuch et al. (1988); Corten and Schaak (2003); Horvat et al. (2012); Rotea (2014); Munters and Meyers (2016)

10removed: control, e. g. Medici (2005); Adaramola and Krogstad (2011); Wagenaar et al. (2012); Park et al. (2013); Gebraad and Van Wingerden (2014).

removed: the former

12removed: and the power production of the downwind turbine changes

13
14

removed: an

removed: recent studies suggest

15 removed: (Schepers and Van der Pijl, 2007; Campagnolo et al., 2016; Bartl and S@tran, 2016; Annoni et al., 2016)
16removed: The currently

7removed: steady-state
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removed: promising

removed: of each turbine are created with help of an

removed: model. Hence the wind farm is operated in an

removed: control setting

removed: wake models used in

removed: control are usually relatively simple . They estimate the velocity deficit in wakes. For a long time one of
removed: was



40

45

50

55

they are just vague approximations of a complex phenomena that is, in fact, not well understood (Veers et al., 2019). [..> ]
[..2° IModel-free methods using Extremum-seeking (Johnson and Fritsch, 2012; Ciri et al., 2017) or game-theoretic meth-
ods (Marden et al., 2013; Gebraad et al., 2013) were proposed to circumvent possible error-prone models in the control of
wind farms. However, these methods suffer from slow convergence. Park et al. (2016, 2017) suggested to use a Bayesian
Ascent (BA) algorithm fitting a Gaussian Process (GP) regression to input-output data of the plant. A new data-driven
surrogate model was created. In Doekemeijer et al. (2019a) the upstream wind velocity and turbulence intensity in the
FLORIS model are first estimated from the data. The improved FLORIS model is then used in Bayesian optimization
to find a GP surrogate model and optimal yaw angles of the turbines in the wind farm. Another data-driven surrogate
model, using polynomial chaos expansion, was presented by Hulsman et al. (2019). Estimating the model parameters
[..27 Jof the surrogate model to improve closed-loop control was proposed by Doekemeijer et al. (2019b). However, if the
[..?% Jparametric model is structurally incorrect [..>° ]parameter estimation is not able to remove the mismatch between
surrogate model and the plant. An example that an improved parameterisation of [..* ]a surrogate model was not able to
remove the mismatch between a low order model and a high fidelity model [..*' Jis given in Fleming et al. (2018). Therefore,
a two-step approach iteratively optimizing the plant and updating the model parameter of the surrogate model as plant
measurements become available was not pursued here.

[..3% linstead, in this article a modifier adaptation (MA) approach (Marchetti et al., 2016) to wind farm control is proposed.
The plant-model mismatch is identified exploiting plant measurements, improving the surrogate model. In the identifica-
tion of the plant-model mismatch GP regression is [..>} Jused. GP is a probabilistic, non-parametric modelling technique
well known in the machine learning community (Rasmussen and Williams, 2006). The [..>* ]Jadvantage of using GP regres-
sion in MA is that it is not bounded by specific model structures as e.g. parametric models. Consequently, the MA-GP
approach is able to correct the [..>> Jsurrogate model in a flexible manner (de Avila Ferreira et al., 2018) and improve the

performance of the wind farm controller.

2removed: Hence, real time optimization (RTO) , which incorporates plant measurements to improve the performance of the wind farm controller, is

extremely useful for this process.

26removed: Probably one of the most intuitive RTO strategies is the “two-step” approach. Here, first

27removed: are updated, and then new control inputs are computed based on the updated model . The two steps refer to the parameter optimization and
control input optimization, which are performed sequentially (Marchetti et al., 2016)

28removed: two-step approach cannot guarantee plant optimality upon convergence if the
2removed: (Marchetti et al., 2016)
30removed: the steady-state wake
3lremoved: of wake

32removed: In contrast, modifier adaptation (MA) corrects the cost and constraint functions of the optimization problem directly, and reaches, under suitable

assumptions, true plant optimality upon convergence (Marchetti et al., 2009). The bottleneck of the MAapproach

3removed: the estimation of the gradients of the objective and constraint functions at each RTO iteration. Finite difference approximation is one of the

most common approaches that requires n,, + 1 steady-state operation points to estimate the gradients, where n,, is the amount of control inputs. These can
lead to a long convergence time, especially for processes with high dimensional input spaces. Therefore, in this work Gaussian process (GP ) regression is

combined with MA (de Avila Ferreira et al., 2018; ?)
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removed: GP regression model estimates the plant-model mismatch using plant measurements.Then the GP model is used
removed: original optimization problem and by this improve the optimization of the plant inputs
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The article is structured as follows: In Section 2 the optimization problem is formulated|..*° ]. In Section 3 the modifier adapta-
tion using Gaussian process regression is presented and the numerical turbine and wake models are introduced. The approach
is tested numerically [..°>” ]in Section 4. Section 5 discusses the application of the MA-GP approach to real wind farms. The

article ends with a conclusion.

2 Problem formulation

[..® IModel-based wind farm optimization usually employs a steady-state [..>° ]surrogate model. Consequently, a plant-
model mismatch exists, which can degrade the performance of a controller. In this article, we study the optimization
problem of optimizing the power production, noting that the approach in general can handle different objective functions.

The optimization problem can be formulated as [..*" |

[“41] [”42]

L9 [
[#]
u;:argml?xPp(u), ueld, u=[u],u),...,ul]", (1)

where u € R™= [..*® ]denote the plant input [..*’ Jvariables, which are the axial induction factors and yaw angles of each
turbine; P, : R™« x R™ — R is the power production to be maximised; and [..** [&/ C R™« is the control domain, e.g. box
constraints on the control inputs. [..*° ]

The challenge of optimizing the power production of a wind farm is that only an approximate surrogate model of the [..°° ]

3] [
-]
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removed: and Gaussian process regression is explained.
removed: on several examples

removed: The optimization problem of the

removed: plant performance subject to constraints can
4Oremoved: (Marchetti et al., 2016):

4removed: and y, € R™v

4Tremoved: and output variables, respectively; u € R™v

#removed: yp € R™v are the input-output pairs of the wind farm; ¢, : R"» — R is the cost function to be minimized; g, ; : R"» x R"v =+ R, j =

1,...,ng4, are the inequality constraint functions; and
“removed: Formulation (1) assumes that ¢, and Jp,; as functions of u, and y, are exactly known. However, in any practical application the exact

input-output map of the plant is unknown and instead an approximate

SOremoved: system is exploited for the optimization:
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[.7°10..%7 Iplant is available. Consequently, it is not guaranteed that the optimal point of the surrogate model coincide
with the optimal point of the plant. MA treats this challenge by directly adapting the optimization problem using plant
measurement to allow convergence to the overall plant optimum (Marchetti et al., 2009). The standard MA [..>8 Jadds first

order modifiers to correct the gradient of the [..% ]

.50
5] [

[.63]
[.]
[.65] [.96]
[”67] [()X]
[“69] [“70]
L]
.7

[..7 ][..7* 1surrogate model. However, the estimation of the plant gradients [..”° ]in each iteration is experimentally expensive
and the main bottleneck [..”° Jof the MA implementation in practice (Marchetti et al., 2016). In this article, GPs are used
instead to correct the surrogate model (de Avila Ferreira et al., 2018), and by this alleviating the limitation of MA. The next

section gives a brief introduction to GPs, before the new optimization problem of the MA-GP approach is stated.

3 Methodology

In this section the modifier adaptation approach with Gaussian processes for wind farm control is introduced in Sec-

tions 3.1 and 3.1. Thereafter, in Section 3.2, the turbine and wake models used in the case study are explained.

56
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removed: where the quantities ¢, g; (u,y(u)), ux, and G refer to the inexact model counterparts of the true plantoptimization problem in Eq. (1).
removed: RTO takes advantage of the available measurements to compensate for plant-model mismatch and adapt the model-based optimization problem

Eq. (??) to reach plant optimality.
S8 removed: approach applies first-order correction terms that are added to

removed: cost and constraint functions to match the necessary conditions of optimality upon convergence (Marchetti et al., 2009). Iteratively the following

modified optimization problem is solved:

N . . . . . . . G,
64 removed: where uz L the optimal solution at iteration k + 1, the €4,k € R are the zeroth-order modifiers for the constraints, and )\f and }\k 7 are the

first-order modifiers for the cost and constraints, respectively. The correction terms are given by:
7lremoved: It is recommended to filter the input update ay 110 avoid excessive correction and reduce sensitivity to noise (Marchetti et al., 2016):

Bremoved: with L = diag(l1, .. .,In,, ), li € (0,1] where I; may be reduced to help stabilize the iterations.
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removed: The MA scheme requires the
removed: at each RTO iteration , which
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3.1 Gaussian processes

In this section we give a brief outline of GP regression[..77 ], for more information [..”® Jconsult Rasmussen and Williams
(2006). GP regression [..” Jidentifies an unknown function f : R™» — R from data. [..*" ]It is assumed that the noisy obser-

vations of f(-) [..%! ]are given by:
yr = f(ug) + v 2

where the value f(-) is perturbed by Gaussian noise v, with zero mean and variance o2, v}, ~ N (0,02).

[..52 ]In GP regression, f(-) [..% lis considered a distribution over functions. In this paper, we assume this distribution
has a zero mean function and the squared-exponential (SE) covariance function. The choice of the mean and covariance
functions assume certain smoothness and continuity properties of the underlying function (Snelson and Ghahramani, 2006),
which seems to be a good fit for the plant-model mismatch of the surrogate model. The SE covariance function can be

expressed as follows:

k(u;,uy ) :U?exp (;(uiuj)TAl(uiuj)> 3)
where 0)2c is the covariance magnitude and A = diag()\?, ..., )\%) is a scaling matrix.
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removed: for our purposes
removed: refer to
removed: aims to identify
removed: Let the noisy observation

removed: be

removed: We assume

removed: to follow a GP with

removed: Assume we are given a training dataset D = {U, Y} of size M consisting of M input vectors U = [uy,...,ups]" and corresponding
]T

observations y = [y1,...,ynr]' according to Eq. (2). From the GP distribution the data then follows a joint multivariate Gaussian distribution, which can be

stated as:
8 removed: The hyperparameters v := [o FrOU, ALy s Any )T are commonly unknown and hence need to be inferred from data. In this article the log

marginal likelihood p(y|U) is used. Ignoring constant terms and factors, this can be stated as:
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[..”° ][..°" ]Due to the GP assumption the predictive distribution of f(u) at an arbitrary input u [..”> ]given the training
dataset D = {U, Y} has a closed-form solution|..” |

-]

[.9]

%]

[.”7]. The resulting mean zp(u; D, 7)) can be seen as the GP prediction at u and the variance o2, (u; D, 1) as a correspond-
ing measure of uncertainty to this prediction. [..%% ]

The performance of the GP is dependent on hyperparameters . They are commonly unknown and hence need to be
inferred from data. In this article the maximum likelihood estimate is used to calculate the hyperparameters. Finally, we
note that the training data are explicitly required to construct the predictive distribution. For [..°” Jthis a matrix of size M x M

must be inverted, [..!°° Jwhere M is the number of measurements. Clearly, this makes large data sets challenging.
4 ["1()1 ]

3.1 Modifier Adaptation with Gaussian processes

[..192 7In the MA-GP approach the limitation of [..'% ][..!% ]standard MA are overcome by replacing the modifiers with
GPs (de Avila Ferreira et al., 2018). As a result, estimating the plant gradients (modifiers) in each iteration are avoided,

at the cost of instead updating the GP. The optimization problem of the [..'”> ]IMA-GP [..!% Jbecomes

@7, = arg[..'"Jmaxy [ %P (u[ )[04 pgp - 12] (s DL 94, st uel, @)
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removed: The required maximum likelihood estimate is then given by {p € argmax L(D, ).
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removed: Next we require the

removed: , which can be found by the conditional distribution of f(u) on the data distribution p(y|U). From the GP assumption this

removed: and can be stated as:

removed: where

removed: The GP is a non-parametric model. The

removed: the above expression

removed: which prohibits

removed: Methodology

removed: The use of GPs in a MA approach to overcome

removed: estimating the plant gradients was first proposed by de Avila Ferreira et al. (2018). The idea is to replace the zeroth- and first-order modifiers

of the cost and constraints in (??) with GP regression terms. Since the wind farms considered in this article do not have inequality constraint functions they

are not included in this section. However, inequality constraint functions can be easily incorporated into the method.

104removed: The training set of the GP to correct the objective function are the controlled inputs of the approximate model and the plant-model mismatch

of the objective function. The new
105removed: MA scheme with GP modifiers (

106 removed: ) is
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where the plant-model mismatch of the cost function is modelled by [..'"> Jugp. The training set D of the GP are the control
inputs of the wind farm and the difference in the power production between surrogate model and plant measurements.

[..'" ]The MA-GP approach for wind farm optimization is visualised in Fig. 1. The power output of the surrogate model

Plant optimization

Opt. input (ti})

GP regression model Wind farm model Plant output(F, )

Measurement
noise (v
. hoise (v)

Py € a.rg;,nax[,(D, P) Dy, — Di+1

GP training

Figure 1. The basic idea of the MA-GP scheme for a wind farm. The GP regression model creates an input-output map of the control inputs
to the plant-model mismatch. In the MA-GP model the GP regression model is used to correct the output of the approximate model. This
MA-GP model is used in the optimization to compute optimal control inputs for the wind farm. The inputs and the difference between the

measured and estimated output of plant and model, respectively, are used to update the data set D and the hyperparameter 7). The measured

outputs of the plant are corrupted by noise ''®

is subtracted from the noisy power measurements of the plant. The difference in power production and the control inputs
create the data set, which is used in the GP training to estimate the hyperparameters. A initial training set is required
before initialising the MA-GP approach. In the plant optimization the surrogate model is corrected by the GP regression
model, which uses the current data set and hyperparameters. The new optimal control input is applied to the wind farm.
The MA-GP is a closed-loop control approach to wind farm optimization.

In Algorithm 1 two additional steps are included in the MA-GP scheme:

— The new optimal control input is filtered with

Ukl = Uk + L(ﬁk+1 — uk), L= diag(ll, .. 'vlnu)a l; € (0, 1] (5)

15 removed: ,uglf ~?_ Similar to the original MA scheme the optimal input of Eq. (4) may be filtered with Eq. (5) to reduce the step-size and help stabilize

the MA-GP scheme (?). The whole MA-GP scheme is presented in Algorithm 1 and Fig. 1.
]16["|17 ]["118 ]

9removed: In Algorithm 1 the hyperparameters are updated if



145 In the basic MA approach filtering the control input prevents excessive corrections. In the MA-GP approach it

permits exploration around the optimal point.

— The hyperparameters are only updated when HypOpt is true[..'?° ], which is a user-defined condition[.."*' ]. The
hyperparameter update is usually the computational bottle-neck of the MA-GP algorithm. [..'*> |We observed that es-
pecially for large data sets [..'>* Jthe hyperparameters do not change much from one iteration to the next. Therefore,

150 [..">* Jthe hyperparameters can be updated less frequent to decrease computational delay. However, it is recom-

mend to update the hyperparameters [..'>> ]as often as possible.

In the next subsection the turbine and wake models used in the case study are presented.

Algorithm 1: Basic MA-GP scheme [..'%° ](del Rio-Chanona et al., 2019)

Initialisation: GP regression model ugp and hyperparameters ‘Lo found with initial data set Dy; Optimal operation point of the

approximate model up; k = 0;

while ¢ < t.pq do
Solve modified optimization problem Eq. (4);
Filter new operating point uy1 with Eq. (5);
Evaluate approximate model at new operating point Uy1;
Obtain power measurement Pp(ux41);
Update the data set Dy41 with input ui4+1 and output yxy1 = Pp(Urt1) — P(Ukt1)-;
if HypOpt then

Update hyperparameters 12: x+1 using the updated data set Dy 1;
end
Update GP regression term pgp using Dy1 and hyperparameters {p bl

k=k+l,t=t+At;

end

3.2 Numerical turbine and wake models

120removed: . HypOpt

12lremoved: , which allows to update the hyperparameter. The extrema are to update the hyerparameter each iteration or never. The
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removed: Especially

removed: it can be expected that the hyperparameter

removed: it is reasonable

removed: less frequent.

125The wind farm picture is by Erik Wilde from Berkeley, CA, USA https://www.flickr.com/photos/dret/24110028330/, Wind turbines in southern Cali-

fornia 2016, https://creativecommons.org/licenses/by-sa/2.0/legalcode
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A turbine and wake model are necessary to create a model of a wind farm. The wind turbines |[..'?” Jare represented using

the actuator disc theory, which couples the power and thrust coefficient, C'» and C'7 (Burton et al., 2011)

Cp = 4a(1—a)?, (6)
Cr =4a(l—a), @)

where a is the axial induction factor. The axial induction factor indicates the ratio of wind velocity reduction at the turbine disk
compared to the upstream wind velocity. The steady-state power of each turbine under yaw misalignment is given by (Gebraad
et al., 2016)

P= %pACpcos'yp[..lzg}v?’, (8)

where A is the rotor area, p the air density[..'”" ]

, p a correction factor and v is the wind velocity. In actuator disc theory p = 3
(Burton et al., 2011). However, based on large-eddy simulations, the turbine power yaw misalignment has been shown to match
the output when p = 1.88 for the NREL SMW turbine (Annoni et al., 2018), which we will use in this article. In the numerical
study it will be important to implement a “’plant” and model, which are different from each other. [..!*° ]The actuator disk
model will be referred to as the plant turbine model. A second adjusted actuator disk turbine model is created, which will be
referred to as the approximate turbine model. The FLORIS toolbox (NREL, 2019) contains a table with wind velocities and
corresponding thrust and power coefficients of the NREL SMW turbine. These data are fitted to [.."*! |create the approximate
turbine model. The equation for the thrust coefficient Cr is given by Eq. (7) while for the power coefficient C'p three new

parameter are identified resulting in
Cp =T7.037a(0.625 — a)*-3%4, ©)

The approximate turbine model fit is visualised in Fig. 2. Important in the numerical example is the different connection
between thrust and power coefficients of [..!*? ]plant and approximate turbine model (Fig. 2b). For the turbine dimensions
the NREL 5-MW wind turbine is used (Jonkman et al., 2009). Consequently, the rotor diameter is [.. 339D = 126.4m and the
hub height Hg = 90m.

The Gaussian wake model by Bastankhah and Porté-Agel (2014, 2016) is used to model the flow in the wind farm. The
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removed: in the wind farm

removed: and

removed: Therefore, a

removed: a new model based on the actuator disk
removed: both models

133 removed: D = 136m
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three-dimensional steady-state far wake velocity [..140 |deficit is Gaussian distributed and can be estimated [..'*! by

180 where zj, is the tower height, ¢ is the wake deflection, and o, and o, are the wake widths in lateral and vertical directions. An
«
0~ 17

important variable for the model is the skew angle of the flow past a yawed turbine. The flow skew angle is approximated by
~ (1—\/1—CTcosy>,
cosy

(10a)

(10b)

where o is a parameter. Bastankhah and Porté-Agel (2016) use oy = 0.3 and NREL (2019) uses o1 = 0.6 to better fit high-

(11)
fidelity observations. [..'"*> We will use the Gaussian wake model with o;; = 0.3 as the approximate wake model and with

In the next section the case study using the MA-GP approach and the here presented turbine and wake models is
removed: is assumed to be
141

removed: In the simulation study different values are chosen for this parameter in the plant and approximated model resulting in different optimal
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4 Numerical case study

In this section numerical results of the MA-GP approach are presented. The control inputs of the wind farms are the yaw angles
~; and the thrust coefficients Cr; of each turbine. Hence, the wind farm has 2N control inputs, where N is the [..'** Jnumber
of wind turbines. The objective of the optimization is to maximize the power production P;,; =), P; of the wind farm. The

relative error in the power production is given by

P*—P,
©=100—2—-=, (12)
Py

where P is the optimal power production of the plant and 15,) is the power production achieved by the MA-GP approach.

The control inputs are constrained by box constraints with
0 < CTJ‘ < 0.957 and 0° < Yi < 40°. (13)

The yaw angles ; are constrained to positive yaw angles since the Gaussian wake model is symmetric. Asymmetry as in
a real wind farm is not represented in the models used in this article. If the MA-GP approach is applied to a real wind farm
it would be unnecessary to constrain the yaw angle to positive angles since the MA-GP approach would automatically
converge to the superior yaw rotation.

The approximate turbine and wake models are used as the approximate model while the plant turbine and wake models
are used as the plant model. In the MA-GP approach only measurements of the total power output of the wind farm are used.
The hyperparameter optimization is performed using the MATLAB optimization toolbox and the nonlinear programming
solver fimincon. For the optimization of the control inputs of the wind farm the open source software tool CasADi (Andersson
et al., 2019) is used. CasADi is a symbolic framework that provides gradients using Algorithmic Differentiation. The software
package Ipopt is used as a solver for the nonlinear program (Wéchter and Biegler, 2006).

In the following three different wind farms are discussed:
— Two turbines, in which only the upstream turbine is controlled (Sec. 4.1)
— Arow of turbines, in which all turbines are controlled (Sec. 4.2).
— A grid of turbines, in which all turbines are controlled (Sec. 4.3).

An overview over the case studies discussed in the following sections is given in Tab. 1.
4.1 Two turbine case

The operating points of two turbines in a row are optimized. The thrust and yaw angle of the downwind turbine are fixed
resulting in only two optimization variables in the MA-GP approach. The downwind turbine is operated at its greedy oper-

ation point. The turbine row is facing the wind and the spacing between turbines is 5D. The power production of the wind

143 removed: amount
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Table 1. Overview over the case studies

Case
Control inputs

Size of initial training set

measurement noise Final error © (after

x-iterations)

Two turbines

Cri,m
Tow turbines

Cri,m
Tow turbines

Crila
n turbines in a row

Cr,vy
n X n turbine grid

Cr,vy

106

Power Production Ptot [W]

Thrust coefficient C' [-]

20

30

20n

20n2

Yaw angle v [°]

(a) Surface of objective function of plant.

no

yes

yes

no

no

Power Production Ptot [W]

Thrust coefficient C' [-]

0.0009 %(10)

0.6 %(10)

0.35%(10)

Fig. 6

Fig. 7

Yaw angle v [°]

(b) Surface of objective function of approximate model.

Figure 3. The power production of plant and approximate model in dependency of the control inputs of the upwind turbine.

farm in dependency of the control inputs of the upwind turbine in shown in Fig. 3. The optimal operation point of the plant
is Cr,, = 0.82 and vy, = 31° and of the approximate model C'r-,, = 0.89 and -y, = 29°. Indeed, the relative optimization error

of the model is only [..1% 10 = 1.67%. Still, the model [..'* Jassumes that the power production is much less sensitive to

changes in the yaw angle, which should be corrected by the MA-GP approach.

Four training points at C = [0.4,0.8]7 and v = [0°,25°]T are used to create the initial training set of the GP regression model.
The power production of the corrected model in dependency of the control inputs is shown in Fig. 4a. The contour plot of the
objective function of the plant, approximate model and MA-GP model after the initial training is shown in Fig. 4b. Clearly

four operating points are not sufficient to correct the approximate model correctly. In fact, the optimal operating point of the

144 removed: 1.67 %

145 removed: assume
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Figure 4. The power production of MA-GP model in dependency of the control inputs of the upwind turbine and the contour plot of plant,

approximate model and MA-GP model after the initial training.

MA-GP model has an error of 2.87 %, which is larger than the original error of the approximate model.

The MA-GP approach is initialised at the optimal operating point of the approximate model. In each iteration the hyper-
parameters and the data set of the GP regression model are updated. The new operating point is filtered with Eq. (5) and
L = diag(0.4,0.4). The MA-GP approach is able to correct the approximate model and drive the process to its optimal operat-
ing point [..140 1(Fig 5). After four iterations the [..'# Jrelative error © is about 0.2 % and after ten iterations it is 0.0009 %. In
addition, the contour lines of the objective function are well approximated [..'*® ](Fig. 5). A larger difference between MA-GP
model and the plant can be observed at the edges away from the current operating points. Data points at the edges are necessary
to improve the identification there. However, to drive the process to its optimal operating points a correct identification of the
objective function far away from the maximum is unnecessary. Clearly the initial training set with only four operating points
could be increased to improve the identification of the initial model of the MA-GP approach.

In the current example it [..'*’ Jwas assumed that the measurements are noise-free. If noise is added to the power measure-
ments the correct identification becomes more challenging and a larger training data set is necessary. A noise with a standard
deviation of 50 kW is added to the measurement, which in the current set-up translates to a turbulence intensity of about
3 %. The standard deviation is of the same size as the error in the power production of [.."*" |plant and approximate model at

the optimal operating point of the plant. A training data set of 20 points is created. After ten iterations the [.."°! relative error

146
147
148
149
150
151

removed: . Fig Sshows the operating points of the first ten iterations
removed: error in power production

removed: .

removed: is

removed: approximate model and plant

removed: error in the power production
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Figure 5. The contour plot of plant, approximate model and MA-GP model after ten iterations. The operating points of each iteration are

marked with a cross.

© is about 0.6 %. The algorithm is able to converge. However, due to the measurement noise a small error remains after ten
iterations. The error can be easily decreased with a larger initial data set, e.g. with a training set of 30 points the error after ten

iterations is about 0.35 %.
4.2 n turbine row case

In this subsection the optimization of n turbines aligned in a row [..'>? Jwith a spacing of 5D is discussed. It is difficult to
know the required size of the training set for a satisfying performance of the MA-GP [..!>3 Japproach a priori. It depends on
the sensitivity of the output to the input variables. It is, however, recommended to have about ten training points for each
input (Loeppky et al., 2009). Therefore, the size of the initial training set is chosen to be ngy = 10n,,, where n,, is the amount
of control inputs. The operating points of the training set are [..'3* Jchosen randomly using Latin hypercube sampling. The
convergence of the MA-GP algorithm is tested on 25 Monte Carlo simulations. The difference between each run is the initial
training set.

The [..!5 Jerror increases with the amount of turbines while it is almost zero for 2 to 4 turbines [.."*® |(Fig. [..">7 ]6). A reason
for the increase in the error with more turbines is the similar sensitivity of the control inputs of each turbine to the power

output of the [.."*% ]plant. It makes it challenging to correctly identity the input-output map|..">” ]. The error can be decreased
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removed: are optimized with the

removed: algorithm. The

removed: randomly chosen

155 removed: statistic of the error after 25 iterations is shown in Fig. 6a. The error

156 removed: . Even though, the error increases with the amount of turbines the algorithm is able to reduce the model error significantly
57removed: 6b). It is not surprising that the error increases with the amount of control inputs. The control inputs are mapped to the total
158removed: wind farm. With a large amount of control inputs the correct identification of this

159 removed: becomes more challenging, which increases the error in the MA-GP algorithm. Again, the error could
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Figure 6. The boxplot of the optimization results for the differently long wind turbine rows on the left. The red line indicates the median. The
bottom and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The red marker indicate outliers and the whiskers
extend to the most extreme data points not considered as outliers. The error of the MA-GP approach and the initial error dependent of the

amount of turbines in the row. The initial error in the model depending on the amount of turbines in the row on the right.

with more data in the training set. Currently, the optimization of the process and the optimization of the hyperparameters takes
less than a second even for the ten turbine case. Consequently, it is possible to increase if available the data set. [..'%" |

[..'°" JAssuming a sufficient large initial training set the MA-GP approach is able to find the near optimal point in one
iteration since the approach basically just improves the surrogate model. This stands in contrast to purely model-free
approaches, e.g. extremum seeking (Johnson and Fritsch, 2012) or MPPT (Gebraad et al., 2013), [..'®> Jwhich usually need
several iterations to find an optimum. Moreover, after the initial training the MA-GP [..'% Jmodel [..'** Jusually represents
of the plant [..'%° |better than the approximate model. Nonetheless, measurements close to the optimum of the MA-GP model

can help to [..'%° Jimprove the model further.

160removed: However, the computational time of the GP regression grows cubic with the amount of data. Therefore, at some point a trade-off between

performance and computational time is necessary.
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Figure 7. The boxplot of the optimization results for the differently large wind turbine grids. The red line indicates the median. The bottom
and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The red marker indicate outliers and the whiskers extend
to the most extreme data points not considered as outliers. The error of the MA-GP approach and the initial error dependent of the amount

of turbines in the row. The difference between both runs is the size of the initial training set.

4.3 n X n turbine grid case

In this subsection the [..'°7 Joptimization of a wind farm with turbines arranged in a n x n grid [..'°® Jwith a spacing of 5D
is presented. Consequently, the wind farm consist of n turbine rows each containing n turbines. The [..'® Jwind direction is
aligned with the rows of the grid. Interaction between parallel rows is neglectable, which is, however, not known to the
MA-GP approach. Again the size of the initial training set is chosen to depend linearly on the size of the amount of control
inputs with ng = 10n,, [.."”° Jand the MA-GP approach is tested on 25 Monte Carlo simulations.

[..!7" ]Again the algorithm converges for a small amount of turbines [..!”> |(Fig. 7a). However, the error in the optimization
increases as the amount of turbine increase. Moreover, for grids with 25 and more turbines the majority of the optimizations get
stuck at the initial conditions, which is defined by the optimal operation point of the model (Fig. 6b)!”3. This behavior might
be caused by overfitting causing multiple local optima in the MA-GP model. Moreover, even in the cases where the MA-GP
improves the performance of the wind farm the algorithm converges to errors in the range of 1% to 2 % after 25 iterations.

These are much larger than observed in the turbine row case.

167
168
169

removed: turbines in the wind farm a

removed: . The wind direction is aligned with the rows of the grid. Interaction between parallel rows is neglectable

removed: distance between turbines is 5 D. The identification of the power production of this wind farm layout becomes more challenging. The input

space increased and the sensitivity of inputs onto the total power production of the wind farm become similar.
170
171
172

removed: . Otherwise the setup is the same as in the turbine row case

removed: The error after 25 iterations is shown in Fig. 7a.

removed: .

173The percentage in initial error of the turbine row (Fig. 6b) is equal to the percentage in initial error of the grid.
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[..17# 7If the MA-GP algorithm for larger wind farms converges to an optimum it usually takes first a few iterations, where
the wind farm is operated at the optimal point of the approximate model, before the error reduction begins. Obviously
the algorithm needs the additional information around the operating point. Interestingly, once the algorithm actually left
the initial operating point it converges relatively quickly to an operating point close to the plant optimum. This is a strong
indication that exploration or even just small excitation around an operating point should be activated if the operating point
does not change for some time.

A reason for the increase of the error of larger wind farms is the decrease of the sample density. The size of the initial
training set is increased linearly while it would have to increase exponentially to preserve the same sampling density. For the
wind farm with 100 wind turbines and the current setup the hyperparameter optimization takes usually about 15 s. In some rare
cases it took about 5 min. In these cases the optimizer was not able to converge to an optimum and the maximum amount
of allowed iterations were used. The plant optimization takes less than 10s. Consequently, the [..!7 ]size of the data set is
not a limiting factor to improve the performance of the larger wind farms.

The increase of the initial training set improves the convergence of the method [..!”° ](Fig. 7b). Nevertheless, even with the
larger size of the initial training set it is challenging to converge to the correct optimum point for cases with a large input space.
A larger training set would be necessary for these cases. On the other hand, [..!”” ]the training of the hyperparameters in the
GP regression scales cubic with the amount of data. Obviously this ultimately limits the size of the [..!”* Jtraining set since
the approach can become computational infeasible. [..!7 ]

[..'80 INonetheless, the results show clearly that the MA-GP is able to improve the performance of the model-based optimization
for some of the cases. It is not clear how the initial data sets differ for these successful cases. However, it is expected that a
large amount of operation points can be excluded from the initial training set of the GP regression since it is known from the
model that they are far away from the optimum operating point. Currently, the initial training set is chosen randomly by Latin

hypercube sampling. A smarter selection with a larger density of points around the optimal operating point of the model may

174removed: The problems to identify the plant modelcorrectly with a larger inputs space are not surprising. The sample density decreases drastically for

larger inputs spaces
175 removed: initial data set could be increased
176 removed: for both small and large inputs spaces
177removed: it also has to be pointed out that

178 removed: initial training set . Otherwise the approach becomes quickly

1" removed: In case of an initial set of ng = 10n,, and a wind farm with 49 turbines the median time for the hyperparameter optimization is about 3 s. The

maximum computational time in the 625 hyperparameter optimization is about 60 s. In case of an initial set of ng = 30n,, the median optimization time is
about 50 s while the maximum optimization time is about 23 min. In these cases the optimization algorithm did not converge to an optimum and the maximum
amount of iterations until termination was performed. The optimization time could be reduces by limiting the number of iterations. It is expected that it will
not influence the performance since the objective function value in cases the optimization did not converge to an optimum did not change for most of the

iterations.
180removed: If the MA-GP algorithm for the larger wind farms converges to an optimum it usually takes first a few iterations, where the wind farm is

operated at the model optimum point, before the error reduction begins. Obviously the algorithm needs the additional information around the operating point.
Interestingly, once the algorithm actually left the initial operating point it converges relatively quickly to an operating point close to the actual optimum. This
is a strong indication that exploration or even just small excitation around an operating point should be activated if the operating point does not change for

some time.

18



295

300

305

310

315

320

325

improve the MA-GP approach without increasing the initial data set.

In the next section the practical implications of the MA-GP approach are discussed.

5 Discussion

In this section an outlook on how to apply the MA-GP approach to a real wind farm is given. It is beyond this article to
solve all the challenges.

A major challenge is the dynamic environment a wind farm operates in. Averaging and filtering is required to approximate
steady-state conditions. In a nine-turbine LES study presented in Andersson et al. (2020d)'3! five-minutes averaging is
used. A longer averaging horizon will make the MA-GP more robust since the variance in the data decreases. A too long
averaging horizon will reduce the performance since the plant response is delayed and averaged. Moreover, measure-
ment and input noise can degrade the performance of the adaptation. The negative influence of input and measurement
noise can be reduced by a larger training data set.

Another challenge is the wake propagation delay. In the LES study the first five minutes after a change in the control inputs
is discarded to remove the transients. A similar approach might be necessary in a real wind farm. A wake propagation
through the entire farm is not necessary. Depending on the measurements noise level it suffices to include the interaction
of about two to three turbines (Andersson et al., 2020a).

The sensitivity of the input-output map can be increased by including the power measurements of each turbine and
identifying a multiple-input multiple-output model. It is shown in (Andersson et al., 2020a) that this can help to decrease
the necessary size of the training data set and improve the performance of the MA-GP approach for large wind farms.
In addition, the wind farm could be separated into subsets. The separation would depend on the turbines’ interaction
considering a range of wind directions, e.g. a wind farm as presented in Sec. 4.3 could be separated into three subsets
for each of the wind directions around 0°, 45°, 90°, 135°, 180°, 225°, 270°, and 315°.

For a real wind farm the minimum training set should contain wind velocity, wind direction, the control inputs and the
plant-model error of the power outputs of each turbine. The inclusion of other variables, e.g. the turbulence intensity, de-
pends highly on the sensitivity of the variable to the plant-model mismatch of the power productions. Their effect should
be larger than the effect of the input noise of the wind. Otherwise, it is not recommended to include them in the MA-GP
approach.

Atmospheric conditions that considerably change the response of the wind farm could be handled by a multi-model ap-
proach. The model error for each atmospheric conditions is identified using a separate model. The multi-model approach
can also be used to estimate the current atmospheric condition. If the atmospheric conditions are not considered explic-
itly in the MA-GP approach the response of the wind farm will be averaged over the atmospheric conditions. In fact, this
happens to every variable that is not explicitly considered. On the other hand, the MA-GP approach automatically adapts

to constant effects, e.g. terrain effects.

181 The article is submitted to TORQUE 2020

19



330

335

340

345

350

355

It is important to point out that the MA-GP approach supplements model-based wind farm control. It is still beneficial to
have a good surrogate model even though theoretically the MA-GP can work with a bad surrogate model. Moreover, the
initial training set of the MA-GP approach can be generated by a high-fidelity model. In that case the MA-GP approach
would initially reduce the error between surrogate and high-fidelity model, which should improve the performance of the
wind farm controller. During operation the initial data set can be gradually replaced by real measurements. The GP allows
to weight different training sets, which should be used when working with two different training sets. Moreover, during
operation the data set should be updated continuously replacing old data points with new ones.

The MA-GP initial synthesis can be similar to the approach presented in Doekemeijer et al. (2020):
1. Create training data set using high-fidelity simulations.
2. Estimate the model parameters of the approximate model using high-fidelity data.
3. Identify a model of the plant-model mismatch of approximate and high-fidelity model using GPs.

If during operation also the free-stream wind velocity or the turbulence intensity are estimated, only the approximate

model without the MA-GP correction should be used to avoid a feedback of the identified model to the training set.

6 Conclusions

The modifier-adaptation approach with Gaussian processes applied to wind farm control is presented. It is a real-time opti-
mization strategy, which corrects [..!%? Jthe approximate model used in the optimization by using plant measurements. In
the wind farm case the total power production is assumed to be measured and used in the MA-GP approach. The approach
works [..!%% Jwell for small input spaces. Here the GP regression is able to correct the model almost perfectly. Consequently,
operating points very close to the real optimum are found in the optimization. For larger input spaces, on the other hand, the
error increases. Moreover, for the grid-type wind farm layout with more than 25 turbines convergence with the relatively small
initial training sets used in this work could not be achieved at all times.

[..'8% 1The MA-GP approach has similarities with Bayesian optimization (BO). Park et al. (2016, 2017) applied BO suc-
cessfully in wind tunnel tests, and we expect the MA-GP approach to behave similarly. In Section 5 several possible future
investigations to make the MA-GP applicable to real wind farms were pointed out. The performance of large wind farms
can be improved by the multiple inputs and multiple output approach and subset separation. In addition the following

ideas can be tested:
— Increase the training set until it becomes computational unfeasible to increase the training set further.

— Choose the training data points in a smarter way such that they provide enough information about the regions around the

expected optimum. Operating points far away from the expected optimum are excluded.

182
183
184

removed: optimization model errors
removed: exceptionally
removed: In future work the performance of the method for large inputs spaces has to be improved . Several ideas are possible to achieve it
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— Extend the algorithm with an exploration part. This can be achieved, for example, by including the variance of the GP

regression model in the optimization.
_ [ 185 ]

[..86 JAn important investigation is the sensitivity of the approach to measurements[..'8” ], input noise and time delays. In
360 Andersson et al. (2020b) a simple way how to include input noise explicitly in the MA-GP approach is presented. Finally, the
model identification should be tested on high fidelity and real data. A preliminary study on a nine turbine wind farm case using

data from the high-fidelity simulator SOWFA (Churchfield et al., 2012) will be presented in [..'** JAndersson et al. (2020d).
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185removed: Include the single turbine power measurements in the identification of the GP regression model. In such a multiple-input and multiple-output
approach the sensitivities of control inputs to the single outputs increase. The model identification should benefit from the approach. Moreover, it is expected
that a smaller data set is necessary to achieve the same performance as with the in the article presented multiple-inputs and single-output approach. The idea

is pursued in Andersson et al. (2020a) with very promising results in increasing the accuracy of the approach with a smaller initial data set.
186 removed: In addition, the
187 removed: and inputs noise has to be investigated
188 removed: Andersson et al. (2020c)
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