Reply to reviewers’ comments for the preprint “Adaptive
economic wind turbine control”
(https://doi.org/10.5194/wes-2025-101)

The authors would like to thank the two reviewers for their time and for the useful
feedback. All the inputs that they provided have contributed to the improvement of the

paper.

A list of point-by-point replies to the reviewers’ comments is reported in the following.
The reviewer’s comments are in black, and our replies in blue.

We have taken the opportunity of this deep revision to improve readability and
understanding by rephrasing and expanding the text in multiple places, by including new
explanations and adding bibliographical references.

A revised version of the manuscript is attached to the present reply, with additions
highlighted in blue and corrections/deletions marked in red.

The authors

Reviewer 1
(https://doi.org/10.5194/wes-2025-101-RC1)

Summary

The paper investigates the use of an adaptive economic nonlinear MPC , known as
ENMPC for wind turbines. The aim is to optimize turbine profit by optimising power
generation while reducing fatigue damage cost. The profit-based approach is interesting
to those of us who have worked on control methods to reduce turbine fatigue loads.
Typically, control performance is measured by reducing DELS. The current paper seeks
to take this further by replacing DELS with measurements of tower damage costs,
extending earlier work by this group of authors on economic MPC. The novelty of the
current contribution is enhance the ROM dynamics used for the MPC control scheme by
adding a corrective term to compensate for the mismatch between the ROM and the
actual wind behaviour. Studies show a 9% increase in the cumulative profit relative to
an economic MPC scheme that did not include the adaptive model correction term. As
such the paper contains sufficient novelty and worthwhile results to be potentially

publishable.

Comments

Nonetheless there are significant limitations and issues with the proposed method that
need to be further addressed.



1.

Given the power generation termin (17), how does MPC avoid exceeding rated
power in Region 37 The simulation scenario shown is Figure 6 is fora 11 m/s wind
speed which is in Region 2 for the 5 MW turbine.

The proposed ENMPC optimization formulation avoids exceeding the power
limits (as well as limits on other system states) due to the bound constraints,
shown in Eqg. 14(c), on the set x..

Equation (16) shows the composition of the set x., where the last element
(ngenwTy) denotes the electrical power generation (Fy.,,). This ensures that both
the direct and derived system states remain within the desired bounds
throughout the operational range of the turbine.

To make this more explicit, Eq. (16) has been modified to explicitly show Fy., in
the set.

The proposed method is conceptually complicated, and requires considerable
computational resources to train the NN. In the given study, the FAST turbine
simulator was used. There needs to be some discussion of the feasibility of
training the NN on a physical turbine.

Thank you for your comment, which allowed us to more clearly make the point
that our proposed method is not computationally demanding.

The proposed data-driven model adaptation utilizes an offline-trained NN to
implement the corrective term, in contrast to an online adaptation, which allows
real-time adjustment (please refer to lines 63-70 of the manuscript for details).
For our proposed offline model improvement, the more computationally
demanding aspect is the generation of a dataset that encompasses the range of
operating conditions of the turbine, and that is used to train the NN. Once the
dataset has been obtained, the training process of the NN is computationally
trivial.

The IEC 61400-1 Standard requires wind turbine OEMs to conduct turbine
simulations under different conditions for certification and testing purposes. The
OEMs typically have validated high-fidelity turbine models from the design and
prototyping phases. According to the specifications in the IEC standard, for
design load cases (DLC) 1.2 denoting normal operation of the turbine, the total
number of data points is 3,312,000, assuming 6 turbulence seeds and a
sampling rate of 0.1 seconds. The NN used in this work was trained using only
216,071 data points, showing that OEMs may already have access to the basic
dataset required for the usage of the proposed methodology.

With reference to Fig. 5, the results indicate that the relative improvement due to
the proposed correction begins to plateau, starting with models trained using
only 85% of the training dataset, which corresponds to 183,660 data points. This



4.

further supports the argument that OEMs can apply the proposed approach for
improved closed-loop performance with minimal extra simulation costs.

We have expanded the discussions in sections 2.2, 4.1.2 and 5 to clarify the
computational effort, including the comparison with the number of data points
that one routinely generates in standard design and certification activities.

Its not clear if the adaptive MPC controller could be implemented sufficiently
rapidly for real time implementation, even with the computational resources
available for simulation.

Thank you for the remark. In comparison to existing (non-adaptive) economic
MPC, the proposed approach adds an offline-trained NN, which is only queried
during online closed-loop control. Querying a NN typically implies only a very
small computational burden, which is certainly smaller than the time required
for the solution of the underlying optimization problem. Hence, we believe that
the proposed model adaptation will be real-time feasible if the original MPC
implementation is real-time feasible.

However, as mentioned in a few places throughout the document, the
optimization of the computational performance of the controller for real-time
feasibility was not the focus of this work. The goal here is to show that a fatigue-
aware adaptive economic MPC (which did not exist) is possible, delivers superior
performance, and does not require an unrealistic computational effort and an
exceedingly large training dataset. Based on this result, future work can look into
the optimization of the software for field deployment, which is however a
different narrow-focus activity that depends to a significant extent on the
specific hardware and software platforms that are chosen.

A comparative study of profit generation should provided against a well-designed
baseline controller, such as ROSCO (see Abbas et al, A reference open-source
controller for fixed and floating offshore wind turbines, Wind Energy Science,
2022 ) to see if the extra computational efforts yield some meaningful
performance improvement. The widely used NREL baseline controller of Wright
and Fingersh, Tech. Rep. NREL/TP500-42437, 2008 should preferably be
avoided as it has been convincingly superseded by ROSCO.

Thank you for the comment. We understand the relevance of comparing the
performance of an economic MPC to a well-designed baseline controller, e.g.
ROSCO [Abbas2022] and PID [Jonkman2009] controllers, to quantify the trade-
off between economic gains and controller complexity. However, there is existing
literature on WTC using economic MPC that offers performance comparison
against baseline controllers and standard MPC controllers. For the WT revenue
maximization objective, [Pustina2022, Hovgaard2014, Yan2013] compares an
economic MPC formulation to baseline controllers, whereas [Gros2013,



Gros2017] compares economic MPC with standard MPC formulation,
demonstrating that the ENMPC formulation results in better performance over
baseline controllers. For the WT profit (difference of revenue and fatigue cost)
maximization objective, [Loew2020b, Loew2022, Soleymani2024, Wang2025]
show that the economic MPC formulation performs better than the baseline PID
controller.

These studies already demonstrate that the economic MPC outperforms the
baseline controllers. As the scope of our study is to implement PORFC in an
adaptive ENMPC formulation and evaluate the benefits of such an adaptive
ENMPC, we focus on comparing augmented and non-augmented economic MPC
formulations to quantify the performance improvement resulting from model
adaptation.

Please also note that standard PID-based controllers: are unable to explicitly
optimize an economic figure of merit; cannot take fatigue damage into account
using the exact rainflow counting algorithm used in PORFC; are not based on
physical models, and therefore cannot be truly adapted to improve their
performance as done here, as only their gains can be changed/scheduled;
cannot use preview control as an MPC does. All these effects limit the
performance of standard controllers when compared to MPC, as already
extensively reported by previous studies.

We have taken this opportunity to expand the introduction and results sections
to highlight this point.

. Another significant limitations is that in an operational setting, profit will depend
upon the prevailing power prices, but the authors have assumed a constant
power to revenue factor, equivalent to assuming constant power prices. The
simulation results would be a lot more convincing if real-world power prices
were employed in the case study.

Thanks for the remark, in fact this point was unclear in our original manuscript.

The fact that the proposed methodology uses an MPC framework implies that
any kind of short-term variability in the external variables (such as ambient
conditions, market prices, etc.) can be directly included within this time-series-
based online optimization.

In any case, even in a scenario where the turbine is part of a bigger cluster that is
participating in energy markets, the most dynamic variations are around 15-
minute intervals coming from intra-day markets. This is much longer than the
duration of a typical ENMPC horizon employed for WTC. Intra-quarter-hourly
variations are only possible for balancing markets, however, the participating
entities are renumerated based on the offered capacity and provided energy
separately.



We have now expanded section 3.1, explaining that -although the energy price
appears outside of the integral in Eq. (17)- this does not mean that energy prices
cannot change. The formulation is fully applicable to variable electricity prices,
but this variability -since it takes place at much slower time scales- does not
need to enter the MPC problem that is solved at each time step. The applicability
to time-variable prices has been now noted also in the conclusions section.

In some places found the paper hard to read, the following comments relate to
improving clarity:

6. Page 5:V_wis introduced in line 122 but not defined until Line 135. There is no
discussion of how wind speed is to be interpreted, is REWS intended?

I, is introduced and defined in the second sentence (Line 109 of the original
manuscript) of Sect. 2.1: “The incident wind I}, induces an aerodynamic torque
Ty, about the rotor axis and an aerodynamic force Fr alongit.”

In the context of the reduced order model (ROM) formulation, V,, represents the
disturbance input to the model. Using rotor effective wind speed (REWS) for
closed-loop evaluation (as considered in the proposed formulation) is one
possible way to interpret this. However, one could also use measured wind
speed at a certain point on the nacelle (obtained by filtering anemometer
measurements) as an input to the ROM. An alternative possibility includes using
rotor-averaged wind speed (RAWS) to compute 1, . These scenarios are explicitly
discussed in this work in Sect. 4.3.2.

For the sake of generality and the discussions offered in this work, we believe
that the definition of 1}, as presented in Sect. 2.1 is sufficient.

7. Inline 122, Itis also interesting that the authors include the adjusted wind speed
V_w -\dot(d)_{T_{FA}} in their aerodynamic torque and force component terms;
given that wind speeds will be above 8 m/s in typical operating conditions, is the
tower bending velocity \dot(d)_{T_{FA}} generally large enough to warrant
inclusion?

Yes. The methodology is generic and not tailored to a specific wind condition or
wind turbine design. While the effect of the tower motion might be smallin some
cases, it might be significant in others. Hence, the inclusion of the tower bending
velocity (given that it is already available as a system state) in the ROM
formulation was considered as a valuable addition, especially because it is
easily included in this model-based formulation and comes at essentially no
extra computational cost or complexity.



8.

10.

In (9), why is V_w given in brackets?

Thank you for your observation. Brackets are used to denote a set of variables. As
the set of disturbance inputs shown in Eq. (9) contains only one variable V/,, the
use of brackets is unnecessary in this case. Thus, we have removed them.

In (12) its not really clear how the inputs and outputs of the NN in (10) relate to
the wind turbine model. What is an activation function?

The formulation in Eq. (10) (now Eqg. 11 in the revised manuscript) is presented in
a generic form, showing the analytical mapping of NN outputs and inputsin a
NN. Eq. (12) (now Eqg. 13) only shows the parameters of the neural network (NN),
so the weights and biases.

This allows the user to apply the proposed methodology to a system that can be
represented using a ROM, without loss of generality. The application of the
methodology to wind turbines has been discussed extensively in Sect. 4.1.

In the context of NNs, an activation function is a nonlinear mathematical
mapping applied to the weighted sum of a neuron’s inputs (plus bias) to produce
its output. It determines whether and to what extent a neuron is activated,
thereby enabling the network to model complex, nonlinear relationships
between inputs and outputs.

Although this is textbook material, we have included the definition of the
activation function in Sect. 2.2 of the revised manuscript, for better clarity.

Line 165: ‘data is obtained using a high-fidelity simulation model’ but there is no
discussion of which high-fidelity simulation modelis used. Also, the wind
profiles and control inputs to compute the states of both the ROM and hi-fidelity
model have not been discussed. Are the NN parameters p in (12) independent of
the wind profile used?

The methodologies discussed in Sect. 2 and Sect. 3 are deliberately kept non-
specific, for the sake of generality and to avoid loss of applicability. The proposed
methodology is then applied to wind turbines, and the application-specific
details are extensively discussed in Sect. 4.1. Hence, the details regarding the
simulation model, data generation, pre-processing, and NN training are
presented only in Sect. 4.1.

Yes, the NN parameters are trained using full-field turbulent wind profiles,
representative of real turbine inflow conditions. The dataset used for training
should span all operating conditions (including wind profiles) where the NN will
later be used.



11.In (14a) the functions J*{FA} and J*{SS} are not defined until (18a)-(18c), which
makes this section hard to read.

Thank you for this useful comment. Indeed, the optimization problem is rather
complex and depends on various variables and terms. We have now added a
sentence just below Eq. (18) to explain that the various terms are sequentially
explained one by one in the following subsections.

12. Also the constraints (14c) to (14f) need more justification, since these quantities
are all vectors, how can they satisfy an inequality?

We believe this is standard notation for constraints. The meaning of the notation
is that each of the elements of a vector is subjected to its own constraint, i.e. the
constraint is applied individually to each scalar component.

For example, Eq. (14e) shows the bound constraint on . As the set & contains
two elements &; and &,, Eq.(14e) denotes that each of these elements is
constrained to its respective upper and lower bounds.

13. Line 208: the statement ‘aims to maximize the generated profit by balancing the
revenue accrued from wind power generation and cost incurred due to fatigue
damage’ seems a little strange, since if the revenue and costs are balanced, the
profit will be zero.,

Thanks for the remark. Clearly “balanced” does not mean that the two terms are
the same and cancel out to zero. Additionally, the contrasting effects of revenue
and cost are mentioned in multiple places in the introduction, in the body of the
manuscript, and in the conclusions. In any case, we have modified the sentence
to make the meaning clearer.

14.Inline 218, referring to (17), we are told that ‘in this work the aerodynamic power
is maximized.’ | understand this to mean w_P, used to covert to power to revenue,
is assumed constant at all times. While the turnpike effect needs to be avoided
(short term power 7aximization by extracting energy from the blades), such a
simplifying assumption would seem to render the present study unsuitable for
implementation in realistic operating scenarios where the power prices fluctuate
considerably in short time intervals and are known only a short time in advance.

Thanks for the remark. Please refer to our response to comment 1.5, which
already addresses this point. In short, w_P is not necessarily constant, it simply
is outside of the integral because it changes much slower than the system
dynamics that need to be captured by MPC within the optimization horizon. This
point has now been made clearer in the revised manuscript.



15.In Line 223, the values of c have not been defined. In (18a) we see that c can
equal 1 or 2, but the physical meaning remains obscure.

Thanks for the observation and the feedback. We have now defined ‘c’ in the
same paragraph and have also included discussions regarding the physical
meaning and possible values that ‘c’ can have within the PORFC algorithm in
Sect. 3.1.

16.In (18a), its not clear how the J*{FA} function ( and J*{SS} yields costs in revenue
units (e.g dollars, euros) that can be compared with the revenue units used
JM{power generation} to compute profit. In particular if t_0 is the time of
commissioning a new turbine and t_end is 20 years, the expected life span of the
turbine, is it true that J*{FA} + J*{SS} = a_m, the capital cost of the turbine?

Yes, that is the assumption here. This methodology of obtaining the cost of
accrued damage as a proportional share of component capexis quite common
in the literature and has been presented in detail here [TotalControlD217].

The determination of a,, from the capex, in this work, can be found in a previous
publication from our group [Loew2023].

We have taken this opportunity to provide a table showing the values of different
relevant parameters and corresponding references in the revised manuscript.

17. Line 255: Should blade pitch rate also be subject to an inequality constraint?

Thank you for the question, but we do not see any reason why pitching rate
should not be subject to inequality constraints.

The blade pitch rate is determined by the actuator limits, and it is useful to
inform the turbine controller of the maximum allowed pitch rate. In the absence
of such a condition, the controller might be requesting a pitch rate that is not
really achievable, and this would negatively impact performance.

18.In Line 288, why are \beta_g and T_g described as disturbance inputs? Are they
not control inputs? Also, in (20) \nu(t) is undefined.

By and T, are indeed the controlinputs for the ENMPC optimization problem
shown in Eq. (14). However, for the moving horizon estimator (MHE), the ENMPC
sets these values, and are external to the MHE optimization problem shown in
Eqg. (19). The decision variable for the MHE optimization problem is the noise
variable v.

In Eq. (20), v(t) is a typo, and the correct quantity should have been v(t) Thanks
for noticing the mistake. We have corrected it in the revised manuscript.



Reviewer 2
(https://doi.org/10.5194/wes-2025-101-RC2)

Summary

This paper proposed an adaptive economic nonlinear MPC for wind turbines, which
aims at reducing plant-model mismatch, and improving control performance with
adaptivity. Similar with other EMPC design, the controller maximizes profits by
balancing (fatigue damage) cost with revenue of power production. Adaptivity comes
from the internal gray box model which is a combined physics and data-driven
correction terms trained offline. This paper also showcases the improvement in state
predictions compared to the regular non-adapted baseline method. The results show
that the adaptive EMPC has higher economic profit with lower pitch and torque travels,
compared to the baseline one. The computational cost is discussed in this paper.

In general, this paper is well organized, technically sound and presents some original
contributions in adaptive EMPC of wind turbines, mainly the integration of PORFC and
combined ROM and offline-trained neural network corrections to minimize the plant-
model mismatch. This paper is recommended to accept after minor revisions. Below
are some specific comments that can be considered in revision:

Comments

1. Page 1-2 Introduction: The introduction is clear, but it does not sufficiently
indicate the difference of this work from existing adaptive MPC studies. The
authors need to explicitly state how this work (integration of PORFC with NN-
offline adaptation) advances beyond prior work on adaptive MPCs.

Thank you so much for the feedback. We have added a new paragraph in the
introduction section to include additional references on adaptive economic MPC
for profit-maximizing wind turbine control and have tried to more clearly highlight
the existing gap.

2. Page 4 equation (1): Need more clarity about the free parameter p. How is it
obtained by data and how is it related to the NN’s input/output?

The free parameter set p in Eq.(1) denotes the parameters of the model
correction term AF ). These parameters are essentially the optimal values of
the weights and biases of the neurons of different layers of the trained neural
network (NN), as shown in Eq.(12) (now Eq. 13 or the revised manuscript).

The free parameter set p is obtained by training the NN using the input and target
data, hence, mapping the NN input through the NN architecture to obtain the
respective output.



3. Page 6 equation (10): How do you choose activation function here? The author
should brief explain, e.g. why a radial basis activation was chosen, and how it
affects the numerical stability.

The activation function was decided here according to the following criteria:

e The prediction performance of the NN
e The activation function should be continuous and differentiable (smooth)

As the ENMPC internal model requires smooth functions for numerical stability,
radial basis functions networks such as gaussian functions provide continuous
differentiability allowing for calculation of gradients and hessians.

A new sentence has been added in Sect. 2.2 to highlight the factors governing
the choice of activation function.

4. Page 6 equation (11): Does it normalize across the entire dataset or per feature
per batch?

The normalization is done per feature for the entire dataset, as shown in Eq. (11)
(now Eq. 12 in the revised manuscript). There is no sequential training
considered in this work and no normalization per batch.

5. Page 7 equation (14): The objective terms (profit, fatigue cost) are introduced
without scaling discussion. How these terms are weighted or normalized?
What’s the rationale for chosen weights?

The objective terms (revenue, fatigue costs) of the proposed optimization are not
weighted randomly but rather using their respective actual economic values. For
example, the weighting term to calculate revenue due to power production is the
revenue rate wp , as shown in Eq. (17). Similarly, the cost due to accumulated
tower fatigue damage is weighted using the initial capital cost parameter a,,
through the online rainflow analysis, as shown in Eq. (18).

We realize that this had not been explicitly mentioned in the paper. We have now
added a new paragraph in section 3.1 to make this clearer. Thank you for the
useful comment.

6. Page 9 equation (18): Parameters, Rm and m are introduced and used later
without references or values. Add a table summarizing all parameters, their
sources used for the case study.

Thank you so much for the comment. We have now included two tables listing
the parameters considered in the study.



7. page 16 Figure 5: The dataset size sensitivity analysis is interesting but lacks
explanation of why performance plateaus at 85%. Discuss whether this is due to
model saturation or just dataset redundancy.

Thank you for your comment. For the said analysis, the performance starts to
plateau at 85%, because all possible trends are mostly captured with that
amount of data. Any additional data does not bring new information to the
model. This has now been explicitly noted in the paper.

8. Page 22 Figure 22: Itis great to see the computational feasibility, but the absolute
CPU times per control iteration are missing.

We are not in favor of reporting absolute CPU times. As real-time feasibility and
computational performance optimization of the ENMPC has not been the focus
of this work, we believe that it is more interesting to look at the relative impacts.

Furthermore, the absolute numbers will become less relevant in future with the
use of high-performance computing platforms and additional software
optimization (not considered here). Additionally, absolute CPU times very rapidly
become obsolete, therefore adding very little value to the discussion.

9. Page 24 Conclusion: while future research direction is briefly mentioned, this
paper can give a more explicit discussion on potential extension, e.g. extending
PORFC to other fatigue-critical components of wind turbines.

Thank you for the comment. We have expanded the “future work’ section of the
revised paper, highlighting further the usage of PORFC in other fatigue-critical
components.
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Abstract.

Model predictive control (MPC) for wind turbines offers several interesting advantages over simpler techniques, as for
example the direct optimization of a goal function, the inclusion of constraints, non-linear coupled dynamics, and wind preview
(when available). To enable real-time execution, MPC uses a reduced order model (ROM) that approximates the dynamics of
the controlled system using only a limited number of degrees of freedom. As a result, the accuracy of the ROM is often the
main limit to the performance of MPC. To address this problem, an adaptive controller-internal model can reduce plant-model
mismatches, potentially leading to improved performance.

This work proposes an adaptive economic nonlinear MPC (ENMPC) for wind turbines. The controller maximizes profit by
optimally balancing fatigue damage cost with revenue due to power generation. The cyclic fatigue cost is formulated directly
within the controller using the novel parametric online rainflow counting (PORFC) approach. PORFC provides a rigorous
continuous expression of the discontinuous cyclic fatigue cost using time-varying parameters. Adaptivity is obtained by a
controller-internal grey-box model that combines reduced order physical dynamics with data-driven correction terms. These
are implemented via a neural network that is trained offline. Additionally, system state and disturbance estimators are included
in the closed-loop controller.

The improvement in state predictions due to model adaptation is first assessed and compared with respect to the non-adapted
baseline ROM in open loop. The performance of the adaptive ENMPC and the impact of a reduced plant-model mismatch is
then assessed in closed loop for a reference multi-MW onshore wind turbine in a realistic simulation environment. Results
show that the adaptive ENMPC yields higher economic profits at significantly lower pitch and torque travels, compared to
the baseline non-adaptive ENMPC. While the enhanced closed-loop performance and economic gains of the proposed model

adaptation are significant, they come at the cost of a slight increase in the computational burden of the controller.

1 Introduction

1.1 Beyond power maximization: economic wind turbine control

Wind turbine operation and control have recently shifted from the traditional goal of power maximization to more economically

driven goals. In this new paradigm, turbines are operated with damage awareness in mind (Barradas-Berglind-and-Wisntewski; 2016;-Gros-a
Njiri and Soffker, 2016; Barradas-Berglind and Wisniewski, 2016; Loew and Bottasso, 2022; Anand et al., 2022; Loew et al., 2023

. This shift is driven by the impact of fatigue damage, which shortens the operational life of turbines and increases operation
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and maintenance (O&M) costs. In fact, these factors are critical to the economic profitability of operators of wind energy assets
(Canet et al., 2021; Stehly et al., 2020).

One widely used method for developing economic controllers for wind turbines is model predictive control (MPC) (Rawlings
et al., 2017). MPC optimizes control actions over the short-term future by predicting system behavior, and then solving an eco-

nomic optimization problem based on these predictions (Rawlings et al., 2012). When-Existing literature shows that economic
MPC formulations for wind turbine control — using the conventional objective of maximizing revenue from power generation —

achieve better performance than baseline controllers and standard MPC approaches (Pustina et al., 2022; Gros and Schild, 2017; Hovgaard

. However, when considering wind energy systems, an economic optimization should balance the conflicting objectives of max-
imizing revenue from power generation and of minimizing the cost of fatigue-related damage. Additionally, a controller should
always guarantee that the system operates within feasible limits. The effectiveness of the controller ultimately depends on the
quality of the solution of this constrained optimization, which essentially relies — not only on the economic model — but also

on the quality of predictions of the controller-internal model.

1.2 The challenge of including fatigue in control formulations

The existing literature on the economic control of wind turbines using MPC is based on two main approaches for estimating
cyclic fatigue: indirect and direct methods.

The indirect approach uses a proxy for fatigue

. This method is convenient because it avoids the use of cycle counting that, because of its branching nature, introduces dis-
continuities in the calculations (Loew et al., 2021). As a result, with the indirect approach gradient-based methods can be used
to solve the optimization problem. However, this also means that fatigue is only approximatively taken into account through a
proxy quantity, which might not always provide for accurate results.

The direct approach, on the other hand, estimates fatigue explicitly using online cycle counting directly within the MPC
framework (Loew et al., 2020b; Anand et al., 2022). This method, termed parametric online rainflow counting (PORFC), is
relatively new and was first introduced in our previous work Loew et al. (2020a). It has since been applied in its fundamental
form in various contexts, including wind turbine fatigue control (Loew et al., 2020b), battery cyclic aging control (Loew et al.,
2021), and control of grid-connected wind-battery hybrid systems (Anand et al., 2021, 2022). To the authors’ knowledge,
POREFC is the only approach that allows for the rigorous treatment of fatigue, as it was design-designed to produce the same
results on receding horizons that would be obtained by cycle counting the whole response time history a posteriori (Loew et al.,

2020a).

1.3 The challenge of relying on controller-internal models of reduced complexit

In both approaches mentioned above, the controller relies on an internal model of the wind turbine to predict its behavior over
the MPC horizon. However, due to computational effort and time constraints, the internal representation of the system response
is typically obtained through a reduced order model (ROM). ROMs approximate the system dynamics using a limited number of

degrees of freedom (DOFs), enabling the real-time execution of the controller. The accuracy of these predictions plays a crucial

Barradas-Berglind anc
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role in the performance of the controller. A closer match between the predicted and actual wind turbine dynamics allows for the
controller to make more precise decisions when optimizing the objective function, while at the same time ensuring compliance
with system constraints. In fact, the degree of model mismatch not only affects optimality, but may also impacts the ability of
the closed-loop system to operate strictly within admissible or desired limits.

One way to address model mismatches is by using state observers and estimators (Anand et al., 2022; Loew and Bottasso,
2022), where measurements of the response of the wind turbine from previous time steps are used to estimate and adjust
the initialization of the controller for the next step. However, the effectiveness of this approach is limited when estimates are
obtained from underlying models of scarce accuracy.

A more compelling alternative is to adapt the internal model dynamics of the controller, either by using measured operational
data or synthetic results from models of sufficiently high fidelity that can accurately represent the plant behavior. One of the

aims of this paper is to develop practical methods for enabling adaptivity in wind turbine ROMs.

1.4 Offline adaptation for certifiable learning control

Data-driven adaptation can be implemented online, offline, or in a hybrid manner, each of these options offering distinct trade-
offs in terms of advantages, challenges, and practical applicability to economic control.

Online adaptation allows for quickly adjusting model behavior in real time based on observed plant response. However, for
industrial applications, it is difficult to imagine how one could guarantee the correct learning of model corrections, and how
such a system could be demonstrated to be always safe and certifiable in practice.

In contrast, offline adaptation allows for the systematic integration of data, enabling a rigorous verification and validation of
any learned correction terms prior to their deployment in the field. A rigorous offline verification and validation opens the door
to the certification of adaptive controllers, which must meet strict standards in terms of performance, safety, and reliability
before deployment in real-world operations.

In the context of economic MPC, offline model adaptation can be achieved in several ways: by adjusting the parameters of
the ROM (Schreiber et al., 2020), or by incorporating a correction term into the ROM or MPC optimization function (Bottasso
et al., 2006; Collet et al., 2021; Soloperto et al., 2022), or by a combination of both methods. Sinee-

It is however important to note that a ROM captures only seme-selected aspects of the behavior of the plant -—the-sele

tuning-ofits-parameters— and does so only with limited accuracy. As a consequence, tuning of ROM parameters alone is often

insufficient and might-actuallylead-te-nenphysical-values-of-the-parametersmay even produce non-physical results, because
arameter tuning cannot compensate for missing physics. Instead, data can be leveraged to learn and incorporate the missing

physics into the internal model ef-used by the controller. This is indeed-the approach followed herein this work.

The few existing studies on adaptive economic MPC for wind turbine control focus primarily on the tuning of controller
ains (Shaltout et al., 2018; Tang et al., 2023). These works rely on simplified linearized models and Bayesian optimization
techniques to achieve robust performance under uncertain and varying wind conditions, but they do not explicitly address model
mismatch, More in general, gain tuning cannot compensate for missing or inaccurate representation of relevant physics. Recent
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contributions to economic MPC introduce more complex, nonlinear internal models (Pustina et al., 2022, 2025); however, these
approaches still lack adaptive mechanisms that explicitly compensate for modeling errors.

Furthermore, although the economic optimization in all of these studies incorporates profit-related objectives, it relies
solely on indirect penalization of system states and does not explicitly account for fatigue damage, whose relevance has been
highlighted by Loew and Bottasso (2022) and Anand et al. (2022).

1.5 Towards model-adaptive fatigue-aware economic wind turbine control

The key contribution of this work is the development of a novel fatigue-aware economic nonlinear model predictive controller
(ENMPC) with offline-adaptive capabilities enabled by data-learned ROM corrections.

The controller maximizes profit by balancing two competing factors: revenue from power generation and costs associated
with fatigue damage of the turbine components. The cost of cyclic damage is formulated using the novel PORFC approach,
which performs online rainflow analysis over the stress history and its future predictions to generate time-varying parame-
ters. These parameters are then used to obtain a continuous expression of the discontinuous fatigue cost, which is incorpo-

rated into the MPC optimization. The

perfermanee—The-profit formulation used here does not explicitly incorporate the effects of fatigue on component reliability

and O&M costs, simply because of a lack of data and appropriate models linking loads with failure rates, instead representing

fatigue-related costs solely through the amortization of the overall component cost, as discussed in TotalControl (2022).

The controller-internal model is a grey-box that combines reduced order physical dynamics with offline-computed correction
terms. These terms are formulated as neural networks trained on high-resolution measured or synthetic data of the wind turbine.

Their objective is to reduce model mismatch, thereby improving online closed-loop performance.
The paper is structured as follows. Section 2 introduces the proposed model adaptation approach. It describes both the

simplified wind turbine model used as internal ROM, and the data-driven modeling of the correction term. Section 3 provides
a detailed formulation of the ENMPC, discussing various aspects of the underlying optimization problem. This section also
describes the state and wind speed estimators, which provide initial conditions and disturbance predictions for the ENMPC.
Section 4 presents and discusses the results from a case study. The analysis begins with an open-loop assessment of the
model adaptation approach, followed by a closed-loop evaluation of its impact on economic performance, actuator usage, and
computational burden. Additionally, this section examines the benefits of the proposed model adaptation under different wind
input and preview scenarios. Section 5 summarizes the key findings of this work and outlines potential directions for future

research.
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2 Model adaptation

The proposed model adaptation approach enhances the ROM dynamics by introducing a data-driven correction function,
AFgrowm(-). This function is designed to compensate for the mismatch between the ROM and the actual wind turbine behavior.

The adapted model dynamics, denoted as Fromy,, (*), can be expressed as
x(t) = From(x(t),u(t),d(t)) + AFrom(x(t),u(t),d(t),p), (1)

where Frowm () represents the original nonlinear ROM dynamics. By ineerperating-adding the corrective function AFgom(+),

the adapted model more accurately captures the behavior of the plant. Here, x(¢), u(t), and d(¢) represent the continuous sys-
tem states, control variables, and external disturbances, respectively. The correction AFgoym depends on these same quantities,

but also on free parameters p that are learnt based on data.
2.1 Reduced order model

A simplified wind turbine model with only three degrees of freedom (drivetrain angular speed, and tower fore-aft and side-side
deflections) is considered to represent the ROM dynamics From(-). The incident wind V,, induces an aerodynamic torque %
@4 about the rotor axis and an aerodynamic force F'r along it. The aerodynamic torque directly excites the drivetrain rotational

dynamics
Joi =ToQa — TQy. ©)

ignoring mechanical losses, where J,., w, and %5-(), represent the rotor moment of inertia, rotor speed, and generator torque
referred to the low-speed shaft, respectively. The aerodynamic force Fr, coupled with the drive-train dynamics, excites oscil-

lations in the tower. These can be quantified by using the tower-top deflection-deflections in the fore-aft direction-(noted dry.,~

h'i”iﬁg dj‘ﬁ'ﬂfﬂief‘

. 1 .
dTFA - ﬂ (FTFA - deTFA - ﬂ:SdTFA) B

and-the-tower-top-deflection-in-the-) and side-side direetion-(noted dphaving-dynamies-

d'Tss - (FTss - §2dTSS - §3de5 - §4Tfl) .

1
S1

directions, which are governed by the following equations of dynamic equilibrium:

; 1 .
dry = E(FTFA — fadrpy, — f3dr, ), (3a)
; 1 .
Cj}\}i: g (FTSS - §2des - §3des - §4Qg) : (3b)



These-Tower oscillations result in cyclic stresses ora{t)-and-oss{t}ops and ogs, respectively, at tower base. Here, Frp;,, and Frpy
represent the rotor-orthegonal-rotor-plane-orthogonal (thrust) and reter-in-plane-rotor-in-plane (side-side force) components of
150  the aerodynamic force F'r, whereas f; 3 and s; 4 are model parameters. The aerodynamic torque Fo{ews 5+ (Vo — e Qu (W, Bhy (Vi — ¢

and force components Fr,, (w, By, (Viy — dr;,)) and Fr (w, By, (Viy — dr3,.)) introduce non-linearities in the model.
The turbine model has two control variables: the commanded generator torque #5z() ., and the commanded blade pitch

angle .. The dynamics of the generator is given as

Qg = i(IQyC;T;Qg) g 4)
a1

155 where coefficient g; represents the time-constant of the first-order dynamic model. The pitch dynamics is modeled as

By = —b1 By — ba(By — Be). Q)

Here, (3, represents the effective collective blade pitch angle and the coefficients b;_o are model parameters representing

properties of the piteh-systemsecond-order pitch model.

The reduced-order wind turbine model consists of eight system states,
160 x = (w, d7y, AT s d7s > s> Bbs B T'Qg), (6)
and two control input variables
u=(8.7Qy.). @)
The wind speed V,, is considered as a-the single disturbance input to the model, i.e.
d=(Vu). (8)
165 The reduced-order model outputs the wind turbine electrical power
Faen = Mgen 0 Qs ©
and the tower-base stresses
Trass = Ty, (10)

in the fore-aft and side-side directions, modeled as linear functions of the respective tower-top deflections. Here, 7.., denotes
170 the drivetrain conversion efficiency, and t; is a constant of proportionality derived from the tower-base geometry and material
properties.

2.2 Data-driven correction

With advancements in computing technologies, machine learning techniques — including supervised and unsupervised learn-

ing — have become highly effective for a wide range of data-driven system identification tasks. A key advantage of supervised
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learning over unsupervised learning is its access to both input states and their corresponding target states during training. This
allows the model to generalize and predict system behavior for previously unseen input combinations. A particularly effective
approach for supervised learning in this context is based on the training of a neural network (NN). NNs can approximate arbi-
trarily complex functions while also providing gradients, making them especially well-suited for integration within an optimal
control framework.

In this work, the NN is designed to establish-provide a static mapping from inputs to outputs. The structure-of-an-NN-network
architecture consists of multiple hidden layers and a single output layer, where-eachtayereontains-with each layer composed of
a certain number of neurons. FThese-neurons-are-Each neuron is defined by weights, biases, and activation-funetionsan activation
function. Within a given layer, the input data is first precessed-transformed by applying the eorresponding-weights and biases
to-each-associated with the neuron. The transformed-data—is-then—passed-on-resulting weighted sums are then passed to the
next layer based-en-through the selected activation function. Activation functions apply a nonlinear mapping to the weighted
input plus bias, which determines whether and to what extent a neuron is activated, thereby enabling the network to model
complex, nonlinear relationships between inputs and outputs. The choice of activation function plays-a-erucial-therefore plays
a key role in shaping hew-information—flews-the flow of information through the network —and, consequently, its predictive
performance. Moreover, for use within an ENMPC, the activation function must be continuous and differentiable. so that first-
and second-order derivatives can be computed. These derivatives are required for the numerical solution of the underlying

A feed-forward NN with one hidden layer and one output layer is considered in this work. The static mapping of the input

features xnn to the output features yny for the considered NN can be written as
yan = F(W (W] s +br) +by). (11)

Here, W, b, and £*(-) represent the weights, biases, and activation functions, respectively, where the subscript i denotes the
hidden layer and the subscript y denotes the output layer.

Before training the NN, the generated dataset is split into training and testing sets. Moreover, every feature in the input and
the target set is normalized by subtracting the minimum of the feature vector from the feature vector itself, and then dividing
the result by the range (difference of maximum and minimum), i.e.:

_ YNN— YNN

YNN max min °
YNNT T YNN

Furthermore, the normalized datasets are shuffled to reduce the possible clustering of conditions that might create biases. After

(12)

pre-processing the training set, the parameters p of the NN, defined as
p:(Wh,bh,Wy,by), (13)

are computed using the Levenberg-Marquardt algorithm to minimize the sum of squares of error between the predicted output
and target output.

The accuracy of NN predictions heavily depends on the quality of its training process, which requires a comprehensive

dataset of inputs and corresponding target outputs. Here-data-is-obtained-using-a-Wind turbine original equipment manufacturers
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OEMs) typically have validated high-fidelity models from design and prototyping that can generate representative datasets

and they may also have access to high-resolution data from on-board sensors of operational turbines to supplement them. In the

resent work, data is obtained from a high-fidelity simulation model, using both standard measurements and estimates derived
from them:- these measurements.
Figure 1 illustrates the proposed approach of acquiring input and target data for NN training, where the solid blue circles

represent the plant states xF'*" at a given time instant i. To generate training data, the ROM is initialized with each Plant-plant

%

state sample, setting xFOM = x4 The ROM then predicts the next state x5}, based on the applied control inputs u}™® and
the influence of external disturbance df'at.
oLl
xV
ROM
ocooo X ocooo
‘ -0 roM i+3
Xit+1
iy
i i+1 i+2 i+3 time
@ rintsiate O RO state
Figure 1. Data acquisition for model adaptation.
The eorresponding-error between the derivatives of the ROM model and the plant +-is defined as_
. Pl - ROM
€11 =%X;i1 — X1 - (14)

Plant
)

and constitutes the target dataset. The-derivatives-Derivatives are calculated using the current state x; *™ at time ¢; and the

corresponding next states x} 21 and xXP} at time ¢, via finite differences, i.e. (x;4+1 —X;)/(tix1 —t;). The set of the current
states, control inputs, and disturbances applied to the plant, eenstitute-constitutes the input dataset (xF'ant uPlant gPlant) for
the ith time sample. This simple temporal discretization, although of limited numerical accuracy, is deemed sufficient for the

present application, where modeling errors are typically larger than the numerical ones.

3 ENMPC formulation

The ENMPC is formulated based on the augmented internal model ROM,,,, as expressed by Eq. (1), to predict the system

states and associated outputs over a short future horizon Tjizon- The discretization of time-continuous variables is performed

over control-time-steps—\Vy—in-the prediction horizon —The-duration-of-one-control-interval-can-thus-be-denoted-as-using N,
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control time steps of duration 7oy = Thorizon/ Nw. Fhese-predietions-The predictions of states and outputs are used to calculate
optimal-control-variables-by-eptimizing-a-desired-realistie-and-control inputs that optimize a desired meaningful economic

objective function (here chosen as profit, with the goal of balancing revenue and costs). Moreover, constraints are enforced

to the optimization problem to ensure that the controller keeps the eeﬂ&eﬂef%heﬂ}ékeepﬂwplant states and applied inputs

within feasible ranges

The proposed ENMPC optimization problem ean-be-is formulated as

to+ Tponzon

I{lllgn ( Jge(;l‘zstmn ) ( Jtower fatigue ) (Jlower fatigue ) ? + / (Wl‘é Ef + VV§ E% ) dt

to

to+Thorizon

s
A~ to

subject to

Xc = From,, (Xc,u,d,p),

|

x = From,, (X,u,d,p),

Xchcgfcs

<u<nu

=

<€<E,

[722%

:

T, <T, <T,.

The eptimization-variables-meaning of all variables and terms in this problem are explained in Sects. 3.1 through 3.3.

i~ snsanon)” + (v )"+ (Jover i) + / (Wigt + w5 de

>

(15a)

(15b)
(15¢)
(15d)
(15¢)
(151)

(15g)
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3.1 Optimization variables

The optimization variables in the problem expressed by Egs. (15) are the control
and the slack variables & = (£1,£2). The purpose of introducing slack variables is to achieve recursive feasibility of the MPC

optimization problem in the presence of model uncertainties and system perturbations (S. Gros, 2013). Hence, in the present

formulation, the state variable w and the wind-turbine-eleetrical- power-output

Pgen = T)gen W Tg

output variable Py, are augmented using the bounded slack variables &§; and &3, respectively;-where-#gdenotes-the-drivetrain
econversion—efficieney. This approach is used because w, despite the smoothing effect provided by the large rotor inertia, is

subject to wind perturbations and model errors that affect the economic MPC problem (S. Gros, 2013). The modified set of
states X ean-be-expressed-as-is expressed as

Xe = (w"_fla dTFA7 TFl\adey Tssaﬁbu Bba Iggu ﬂEgenWTg +£2) . (16)

3.2 Optimization objective

The optimization objective aims to maximize the generated profit by balaneing-maximizing the revenue accrued from wind
power generation and minimizing the cost incurred due to fatigue damage. The cost of fatigue damage should be expressed by
appropriate models, which will differ depending on the component; for example, it is reasonable to assume that the effects of
cyclic loading on a pitch bearing will in general be very different from the ones on a gearbox. Here, for the lack of specific
models and relevant data, we simply consider the tower as an exemplary component that is often fatigue critical. It is clear that
this is only an academic example, and more realistic scenarios could be readily developed by using the same methodology for
multiple components, by using dedicated component-specific cost models.

The wind power generation is maximized by considering the aerodynamic power capture

J;%ngrion =wp /Ttm‘ (W&Q‘J (w75b7 (Vw - dTFA))) dt, (17)

to
where wp denotes the revenue rate for providing electricity to the grid. It should be noted that even though revenue is accrued
based on the overall electrical power generation, in this work the aerodynamic power is maximized. This is to avoid the greedy

extraction of rotor kinetic energy by MPC (referred to as “turnpike effect” in S. Gros (2013)).

In general, the revenue rate wp depends on time, because time-dependent ambient conditions influence the energy mix and
because market prices may vary dynamically. However, the typical time scales of these variations are much longer — usually
on the order of tens of minutes, and specifically 15 minutes in intra-day markets — than the receding horizon used in MPC,
which typically spans only a few seconds. For this reason, even though wp appears outside the integral in Eq. (17), the present

The tower cyclic fatigue damage is minimized by a direct penalization of fatigue via the PORFC approach. The PORFC

algorithm uses a pre-processing step to identify fatigue cycles ¢ for a given set of stress samples o, and splits the respective

10
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cyclic fatigue damages over the contributing samples. In the general case, a particular stress sample may belong to no cycle
when it is not an extremum), may belong to one cycle (when it is part of only one half or full cycle), or to two cycles (when
it lies at a cycle-junction point) (Shi et al., 2018, 2019). The output of the pre-processing step is the PORFC mean parameters

oPORFC and PORFC weight parameters oPORFC (Loew et al., 2021).

A Python script to extract the PORFC parameters for a given set of stress trajectories is shared with this work (Anand and
Bottasso, 2025). This allows for a detailed understanding of the novel formulation and its adaptability and usage for economic
MPC. The script performs standard rainflow counting to identify cycle characteristics and extract PORFC parameters. These
parameters are then used to reformulate the cycle amplitudes and weights over stress samples in a continuous manner.

The cost of tower fatigue damage J fatigue> dU€ to tower root fore-aft cyclic stress opa, is formulated as

tend 2

_ PORFC PORFC PORFC
Jm\mr fatigue — T : E J( JOFA (UFA OFAm,c» OFA w,c ) dt s
ctr

c=1
0

to+Thorizon 2

1
E PORFC PORFC _PORFC
Jtower fatlgue T Jc JOFA As OFA m,c’ OFA w,c ) dt > (1 83.)
AN Ctrl
PORFC__ _PORFC
Jc JOFA = 0] chamUFAeq co (18b)
R
PORFC m
OFAcq,c= |OFA — Oppmr | —— . (18¢c)
o Rm — OFAm,c

PORFC PORFC
]L OFA UFAuL a’mo'FAeqL7

PORFC Rm
OFAeq,c ‘O’FA — OFAm, ‘ .
m — OFAm,c

Here, a,, denotes the capital cost of the component and is determined from the initial capital expenditure of the machine (see
also Loew et al. (2023) for details), Ry, denotes the ultimate tensile strength of the material, and m represent the positive
exponent derived from the material S-N characteristic.

The tower cyclic fatigue damage J55 due to tower root side-side cyclic stress osg, is formulated in a similar manner.

tower fatigue>

Although the optimization objective, shown in Eq. (15a), separately considers the costs of tower fore-aft and side-side
fatigue, the final evaluation is based on the projected total cost, as explained below. In addition to the fact that fore-aft and
side-side components depend on wind direction, which is not constant, this also ensures that any potential increase or decrease
in tower side-side stress oscillations, resulting from control actions aimed at minimizing tower fore-aft stress (and vice-versa),
is properly accounted for.

To obtain the cost of cyclic fatigue damage for each projection at a given azimuth direction on a tower section, the following

steps are taken. First, rainflow counting is performed on the projected stress trajectory. Then, the Goodman equation is applied

11
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for mean stress correction. The damage cost of each stress cycle is determined using the S-N curve of the material of the tower
and the component cost. Finally, the Miner-Palmgren algorithm is used to sum the costs of individual cycles and obtain the
total costt; refer to Loew et al. (2023) for a detailed formutationjdescription of this formulation.

This approach — here illustrated for the tower — is readily generalized to other components. Once cyclic fatigue is assessed
on each prediction horizon for each component of interest, a dedicated model could provide failure rates and/or maintenance
activities resulting from such loading, in turn generating the associated costs, which would be included in the optimization

merit function.

It should

be noted that the objective terms of the optimization problem are not assigned arbitrary or heuristic weights. Instead, each
term is weighted according to its actual economic value. As a result, the optimization outcomes are economically meaningful
and directly aligned with practical decision-making considerations, rather than being influenced by ad-hoc tuning of weights.
For instance, the weighting term to calculate revenue due to power production is represented by the (optionally time-varying)
revenue rate wp, as shown in Eq. (15¢);te-the-inequality-constraints-on-modified-systemstates(17). Similarly, the cost due to
accumulated tower fatigue damage is weighted using the initial capital-cost parameter ay, through the online rainflow analysis,

as shown in Eq.

3.3 Optimization constraints

The equality constraints expressed by Eq. (15¢) enforce the governing equations of the augmented plant model ROM
and have the role of informing the problem of the underlying system dynamics.

The optimization is also subjected to inequality constraints. To ensure feasible states and control inputs, box constraints are
provided through Eq. th5-and(15d) and (15f), respectively. Slack variables are bounded using Eq. (15e) —Furthermeoreto ease
convergence. Finally, the rate of change of generator torque il“—fs—aJrse%bﬂajeeEee]:«te—aﬂﬂﬂeqﬂﬂh&yLeeﬂstﬁrnm—as—slﬁlewlﬁrﬂﬁrQKLL
is bounded using Eq. (15g) -to-reduce-the-torque-travel-as-well-as-the-to reduce torque travel and fatigue in the wind-turbine

drive-train.
3.4 State-estimatorEstimators
3.4.1 State estimator

The controller-internal model is initialized using the currently measured initial states xo. However, not all system states of the
internal model can actually be measured directly on the plant using standard on-board sensors. For instance, both the tower-top
deflection and velocity states (dx, . dr, .dry,. dzys) for ROM and ROM,,, can not be measured directly on a real turbine. Only

the rotor speed w, the blade pitch angle 35, and the tower-top accelerations c'l'TFA and JTSS can be measured by onboard sensors,

12
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whereas the remaining states need to be estimated using measured quantities. Furthermore, as the controller-internal model is
only a reduced representation of the plant, the initial values measured directly on the plant may not be suitable for initializing
the ENMPC. As a consequence, a state estimator is additionally required to provide initial value estimates X of the system
states for the ENMPC internal model, using the available measurements from the plant.

A classical approach for state estimation is the Kalman filter, also widely used for wind turbine control (Bottasso and Croce,
2009; Ritter, 2020). However, due to the nonlinear nature of the system and the need to enforce constraints on both stage and
terminal states, here we instead adopt a moving horizon estimator (MHE). A detailed comparison between optimization-based
state estimation techniques based on MHE and Kalman filters has been presented in Loew and Bottasso (2022). The MHE
formulation used in this study builds upon the approach discussed in Anand et al. (2022).

MHE utilizes the-system information from the plant over a finite past duration{speeified-using-the MHE-herizenlength
horizon, noted Thorizonest), to calculate the initial state estimates Xesr(to)-Xest (fg) for the current ENMPC step. The MHE opti-

ARRARARAARRAA
mization problem aims-to-minimize-the-is formulated as
to
mﬁin (| Iest — Xest prev| ‘%Vp,ev + [ yest — YmeaSH%Vmeas +1|7| ‘%VL—, )dt, (19a)

to— Thorizon.esl

subject to (19b)
e = Fe (K1) o) + 20, (19)

The objective function is represented by the weighted sum of the deviation—of-the-current-estimated-output-yfrom-the
meastrement-vattes y - with-the deviation-of the current state-estimates X from-the previous state-estimates Xeprev {Squares
of state and output deviations and of the noise variable & (S. Gros, 2013; Huang et al., 2010). The diagonal weighting matrices

W eas, Wey, and Wi are obtained by a trial and error tuning, such that a satisfactory performance is achieved.
The role of the state deviation term is to ensure a smooth estimator output over consecutive MHE steps);-and-with-the-neise

Va“al)]e 1 74 (S Gl()S, 2()'3, ”tl&llg et al., 2()1()).

The objeet tofis-gi g
to
- Iy 2 2 U 2
11117111 / (‘ |y€Sl - ymcu5| ‘Wmcux + | ‘XSSI — Xest,prev ‘ |W1mcv + ‘ |V‘ |W” ) dt ’
to —Thorizon,est

i S T G Tos o e = o T BT o yestimated and measured outputs are respectively defined as

. The estimated tower-top fore-aft acceleration d.TFA,cst and side-

side acceleration des,e5( are obtained using the nonlinear output equation expressed by Eq. (3a) and Eq. (3b), respectively. The
measured tower-top fore-aft acceleration JTFA_meas and the side-side acceleration des_meas are obtained from the plant as a result
of standard sensor measurements. The measured tower-top velocity and deflection in both the fore-aft and side-side directions

are obtained by numerical integration of the tower-top acceleration and velocity, respectively. The-diagonal-weighting-matrices
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The optimization problem is subjected to the estimater-system-dynamies-

Xest — Fest(xest<t):dest(t)) + V(t> >

by the ENMPC and are hence fixed for the current MHE step. Here, x.y represents the estimator system states, corresponding

to the wind turbine system states x, as discussed in Sect. 2.1. Moreover, Fe(+) represents the system of ODEs for wind turbine
dynamics discussed in Sect. 2.1.

After the execution of an MHE step, the terminal state at the end of the MHE horizon becomes the initial state at the

beginning of the ENMPC prediction horizon, i.e. xg=-3{ty)=%esr{to)xo = X(fg) = Xext(t0)-
3.5 Disturbanee-estimator
3.4.1 Disturbance estimator

The wind speed V,, is considered as a disturbance input to the ENMPC formulation, and needs to be estimated over the
prediction horizon Thriz0n Of the controller. This work considers a simple rotor effective wind speed (REWS) estimator, based
on the approach discussed in Soltani et al. (2013). The REWS estimator utilizes the drivetrain dynamics, see-expressed by

Eq. (2), to estimate the aerodynamic torque as

Py, Poenpe,, +Jrw
&Q}j = Qest ~ &N meas , (20)

wmeas wmeas

est
asing-where Doep,. ... 18 the measured generator power Pe——and-rotor-speed-and wieas the measured rotor speed. The rate
of change of rotor speed w is computed by finite difference from wpyeas. The estimated aerodynamic torque oy Q ey is then
equated to the aerodynamic torque ForfwmeasBFrmear Vst @aWeas: Shmeass Vavest) described in Sect. 2.1, to estimate wind

speed Ve, for the measured pitch angle 5p cqs a0d Wineas-

4 Results and discussions
4.1 Case study

The ability of the adapted model to accurately predict the plant states depends directly on the precision of the data-driven
corrections. Additionally, to determine the extent of model adaptation required, it is necessary to assess how reducing the
model mismatch impaets-influences the closed-loop performance of the controller. To answer these questions, we consider
a plant represented by the NREL 5 MW reference wind turbine (Jonkman et al., 2009), which is modeled using OpenFAST

(Bonnie Jonkman et al., 2022), a widely used tool for simulating wind turbine dynamics.
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The plant model includes the first and second flapwise bending-modes-and the first edgewise bending moede-modes for
each of the three blades. Additionally, it also includes the first and second tower bending modes in both fore-aft and side-side
directions, as well as the torsional flexibility of the drivetrain and the generator DOF.

The model, which incorporates pitch and torque actuators but excludes the yaw mechanism, consists of thirty-three system
states. There are eight states for the tower dynamics, eighteen for the blades (six per blade), two for drive-shaft torsion, two for
rotor rotation, two for collective blade pitch actuation, and one for generator torque actuation.

The fixed model parameters of the corresponding ROM, namely f;_3, s1_4, g1, and-bi_o, and {;, are derived from the
NREL report describing the 5 MW reference wind turbine (Jonkman et al., 2009). Table 1 summarizes these parameters and

lists their corresponding values.

Table 1. ROM parameters derived from the 5 MW reference wind turbine report and OpenFAST baseline-controller simulations

Jonkman et al., 2009).

Parameter  Equation Value Unit
e 2. 4.0470¢7 kg m”
f1.82. 05 Ba)  4.3218e5, 175964, 1.7911e6, 1.947e4 ke kegs L kgs ®
SuS2 8381 (Bb) 4321865, 1.7596e4, 1.7911€6, 1.947e4 ke kgs | kes % kgm
9 A 0.01 s
by, by B 0.01 s 87
Tsen. ) 0944, -
Uy (10 245.76 MPam”

4.1.1 Data generation

The performance of a NN heavily depends on the quality of its training, which requires an exhaustive dataset that encompasses
a wide range of operating conditions. To generate a comprehensive training dataset, the OpenFAST model is simulated in
turbulent wind conditions using the baseline controller provided in the OpenFAST package. Full-field turbulent wind inputs
are generated using TurbSim (Jonkman, 2009), considering the class-B normal turbulence model. Simulations are performed

for wind speeds ranging from cut-in to cut-out, in 1 ms™!

steps. For each wind speed, six different turbulent wind seed
simulations are conducted.

Figure 2 presents the Pearson correlation coefficients of the states (x), inputs (u), and disturbances (d) of the ROM with the
corresponding state errors (refer to Sect. 2.2), computed over the entire dataset. The Pearson correlation coefficient quantifies

the linear relationship between two variables (Nafis Faizi and Yasir Alvi, 2023). Each entry in the table of Fig. 2 displays the
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absolute value of the coefficient, where a higher magnitude indicates a stronger correlation. The same relationship is visualized

through a color gradient map, where darker shades represent stronger correlations and lighter shades indicate weaker ones.

1
Error (w) [0.31]0.12{0.04|0.37| 0 0.04 | 0.32 0.31
0.9
Error (dr,,) |0.19]0.29 | 0.08 | 0.25 | 0.02 0.08 | 0.2 0.21 0.8
Error (dg,,) [0.21[0.240.01 [0.29 | 0.01 0.07 | 0.22 0.23 0.7
0.6
Error (dr,,) |0.120.04 [ 0.04|0.16 | 0.12 [ 0.24 | 0.03 | 0.12 | 0.25 | 0.11 | 0.23
1 0.5
Error (dy,,) |0.23]0.03|0.01 [0.35|0.16 [ 0.46 | 0.04 | 0.23 [0.45 | 0.24 [ 0.43
10.4
Error (f3,) | 0.06 | 0.06 [ 0.06 | 0.01 | 0.01 [ 0.01|0.14|0.02| 0 |0.03 [0.01 10.3
Error (3,) [0.11/0.09]0.14| 0 [0.03| 0 no.m 0.01 | 0.05 | 0.03 102
10.1
Error (7,)| 0 |0.07{0.01|0.02|0.010.03 |0.020.01 |0.04 | 0.01 | 0.01
0

w dTFA dTpA des dTSS Bb ﬁ‘b T(J /BC Tf]C ‘/TU

Figure 2. Correlation coefficient of states, inputs, and disturbance of the controller-internal model (as columns) with the error in states (as
rows) for the generated dataset, rounded off to two significant digits. The number in each cell denotes the absolute value of the Pearson

correlation coefficient, while the cell color visually denotes the degree of correlation.

Figure 2 shows that all ROM states and inputs significantly influence the state errors, as evidenced by their renzere-non-zero
correlation coefficients. In particular, the rotor speed (w) and blade states (5, Bb) exhibit the strongest correlation with both
rotor speed errors and tower state errors. Additionally, the control inputs (8. and #5:Q),.) and wind speed (V,,) strongly affect
the mismatch across all states. Furthermore, the nonzere-non-zero yet distinct correlation magnitudes for blade pitch (/35) and
collective blade control (3.) highlight the importance of blade dynamics, shewn-in-expressed by Eq. (5), in the internal model
of the controller. This suggests that, while the ROM captures an approximation of the complex aeroelastic response, it does not

fully represent the detailed dynamics present in the plant.
4.1.2 NN training

The proposed NN input set xyn contains eleven features (eight system states, two control variables, and one disturbance input),

and each output set ynn contains eight features representing errors in the derivatives of states calculated using the plant and
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ROM states. The selection of input features is guided by the correlation coefficients presented in Fig. 2, which indicate a
nonzero-non-zero correlation between all variables in the input and target sets. The hidden layer of the network consists of
twenty neurons, each utilizing a radial basis activation function, while the output layer comprises eight neurons with linear
activation functions. The number of neurons in the hidden layer was determined through hyperparameter tuning, ensuring
optimal training performance.

Before training the NN, the generated dataset is split into training and testing sets. During wind turbine operation, more data
is naturally collected for operating conditions corresponding to more probable wind speed values. To account for this effect in
the application of the proposed methodology, the dataset split is performed according to a hypothetical site-specific Weibull
distribution. Figure 3 illustrates the distribution of selected input features within the training dataset;-which-coensists-of 216;07+
sample-points—,

The various subplots in Fig. 3 show that the dataset covers a broad operational range of the wind turbine, allowing the
NN to predict the target variables across a wide range of input conditions. Furthermore, Fig. 3i confirms that the wind speed

distribution in the training dataset closely follows the Weibull shape, ensuring a realistic representation of operating conditions.

The training dataset consists of 216,071 sample points. This number is small compared to the number of data points typically.
generated for design load case (DLC) 1.2 of the IEC Standards 61400-1 applicable to wind turbine certification and testing.
(IEC, 2019), which — assuming 6 turbulence seeds and a sampling rate of 0.1 seconds — would result in 3,312,000 data points.
This suggests that model adaption may be based on datasets that are one order of magnitude smaller than datasets routinely.
collected for standard design and certification purposes.

4.2 Open-loop evaluation

The ability of the augmented internal model to aceurately-track system states is-neeessary-accurately is essential for ensuring
both the optimality and the stability of the elosed-leep-closed-loop behavior. To evaluate this aspect of the proposed approach,
both ROM,,; and ROM are simulated using each input combination from the testing dataset (refer to Sect. 4.1.2), with the
initial state accordingly set. The final states predicted by both models are then compared to the corresponding plant states, and
the prediction error is computed to quantify the accuracy ef-achieved by each model.

Figure 4 presents the Kernel-density plot of the absolute prediction errors for both ROM (solid blue line) and ROM,, (solid
green line) across all system states. For each of the subplot, the x -axis-axis represents the absolute error values, while the y
-axis-axis shows the probability density estimate (PDE), calculated using a normal kernel function.

In the ROM case, certain states, such as “Tower-top FA defl.” and “Tower-top FA vel.”, exhibit their highest PDE at a nenzere
non-zero error value, indicating a mismatch in model fidelity. In contrast, in the ROM,,, case, this mismatch is corrected
using the proposed adaptation scheme. As a result, the PDE peak shifts toward zero, signifying an improved state prediction
accuracy. Furthermore, for most system states, the PDE peak magnitude in the ROM,,, case is higher than in the ROM case.
This indicates a greater concentration of cases where ROM,,, achieves lower absolute errors than ROM, further demonstrating
the effectiveness of the proposed model augmentation. The figure also shows that the accuracy of some quantities cannot be

improved, although their typical errors are always very small.
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Figure 3. Distribution of different input features in the training set.

To quantify the effectiveness of ROM,,, in minimizing plant-model mismatch in open-loop, a statistical evaluation was
conducted using the mean and standard deviation (STD) of prediction errors. Table 2 presents the percentage reduction in both
the average-error-and-standard-deviation-of-errors-error mean and STD for ROM,,,, relative to ROM, across the test set.

The results show varying degrees of improvement in state prediction, demonstrating that NN-based augmentation reduces
not only the average error but also the error spread over different operating conditions. A greater reduction in prediction error is
observed for states with higher absolute error magnitudes in Fig. 4. This highlights the effectiveness of weight tuning during the

NN training stage, which prioritizes correcting states with significant errors. These findings further emphasize the effectiveness
of the proposed offline data-driven approach in reducing plant-model mismatch, improving the overall accuracy of the internal
model.
For a practical application of the model adaptation, it is interesting to quantify the amount of training data that is needed to

achieve a desired level of performance. To this end, multiple data subsets are created from the original training set. Each subset

contains a specified fraction of the data samples from the original training set.
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Figure 4. Probability-density-estimate(tPPE)}-PDEs of the open-loop prediction errors for both ROM,,, and ROM, shown in green and blue,
respectively, evaluated over the test set.

Table 2. Percentage reduction in mean-error mean and standard-deviation(STD J)-error-due-thanks to model augmentation, as assessed on the

test set.

State Mean error reduction [%]  STD error reduction [%]

Rotor speed (w) 25.37 26.51

Tower-top FA defl. (dr,) 20.55 12.57
Tower-top FA vel. (dr;,) 11.02 9.73
Tower-top SS defl. (dry) 791 8.14
Tower-top SS vel. (dr) 7.76 9.05
Pitch angle (3,) 5.69 5.96
Pitch angle rate (Bb) 0.08 0.53
Gen. torque (F5Q,) 0.01 0.00
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Figure 5a illustrates the distribution of wind speed for multiple subsets, ranging from 45% to 95% of the original training
set. The = -axis-axis represents the wind speedmagnitude, while the y -axis-axis shows the corresponding relative share. Each

subset is used to train a NN with the same architecture as described in Sect. 4.1.2.
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Figure 5. Open-loop evaluation of the proposed model adaptation where the NNs are trained using subsets of the full training set. Relative
share of wind speed (V) in the NN training set (a). Corresponding performance score of ROM,,, relative to the performance score of ROM

as a function of test set size (b).

Figure 5b presents the performance of the adapted models evaluated on the same test set. The performance score is calculated

by summing the root mean squared error (RMSE) of predictions for all eight states. For-ease-ef comparisen;-The y axis reports

the performance scores of the different ROM,,; modelsare—, normalized against the performance score of ROM. The #-axis

vaug

s-axis displays the number of samples in percentage of the full training set. The figure
also reports the normalized performance score of the ROM,,e model trained with the full dataset, represented by the green

circle.

The results show that, as expected, incorporating more data into the training process provides the NN with additional infor-
mation, leading to improved performance. However, even a relatively small subset of training data helps reduce the plant-model
mismatch. Furthermore, performance begins to level off beyond a certain point, as additional data samples no longer signifi-
cantly contribute to improving the model because they do not carry any extra useful informational content that is not already
present in the data pool. In this study, performance starts to plateau once 85% of the training dataset is used. As noted earlier,
even when using the full dataset, the number of data points that are necessary for model adaption is small compared to the
typical datasets collected in standard aeroelastic analyses conducted during routine design and certification activities.

4.3 Closed-loop evaluation

Although the

tail of the PDE plots in Fig. 4 yindicate that the prediction errors of the augmented ROM remain non-zero for some operatin
conditions, it is usefut-to-understand-the impaetof-still useful to examine the potential benefit of reducing plant-model mismatch

reduetion—on closed-loop performance, as this helps quantify the necessary level of compensation. To investigate this aspect
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500 of the formulation, the proposed adaptive economic controller is implemented in elesed-loop-closed loop with the plant. This
configuration will-be-heneeforth-is referred to as ENMPC,,,. To assess the impact of the augmentation, the performanee-of-the
plantplant performance is also evaluated using the same ENMPC formulation but based on the original, non-augmented ROM,
which-isreferred to as ENMPC.

We-consider-the-designtoad-case-(DLC)-Several studies on wind turbine control have demonstrated that economic MPC

505  formulations yield superior performance compared to baseline controllers (Jonkman et al., 2009; Abbas et al., 2022). as well as
standard, reference-tracking-based MPC formulations. This holds both for pure power-maximization objectives (Pustina et al., 2022; Hovg:
and for combined power-maximization and fatigue-minimization objectives (Loew and Bottasso, 2022: Soleymani et al., 2024; Wang et al.

- Therefore, the discussion in this section focuses only on the closed-loop behavior of ENMPC and ENMPC,,, formulations,

in order to quantify the performance improvement resulting from model adaptation.
510 We consider DLC 1.2 at 11 ms™! wind speed. The ENMPC-MHE optimization problem (refer to Sect. 3) is solved via

the state-of-the-art Acados framework (Robin Verschueren et al., 2019). The interior-point solver HPIPM is used for solving

the underlying quadratic programs (QP) within the nonlinear program (NLP). Several sequential quadratic program (SQP)

iterations are carried out at each controller step. The multiple shooting approach is employed with a Newton step length of 1.

To address potential numerical issues caused by the highly non-standard formulation produced by PORFC (Loew et al., 2020b),

515 the Hessian matrix is automatically convexified. It is important to note that solving multiple SQPs can improve performance.
However, it also increases the computational burden.

The ENMPC and MHE horizon lengths, Thorizon and Therizonests are both set to 2 seconds, each having 20 discretization

steps. This results in a sample time 7y of 100 ms for both the controller and the estimator. The sample time of the plant,

Tiim, 1s set to 10 ms. The optimal control inputs applied to the plant model are considered as piece-wise constant values over

520 Tiw. Measurements from the plant are taken every Tiy. Table 3 lists the fixed optimization parameters for the ENMPC. The

2022).

The closed-loop simulations run for a duration of 10 minutes. Six turbulent wind speed seeds, generated using TurbSim, are

weighting matrices for the MHE optimization are listed in Loew and Bottasso

used to characterize uncertainties in fatigue damage. The controller uses the estimated wind speed REWS (refer to Sect. 3.4.1)
as input, which remains constant over the prediction horizon of the controller.

525 The closed-loop control performance is evaluated using the following performance indicators:

1. Revenue due to power generation, calculated considering a fixed feed-in tariff wp and turbine electrical power generation

HeentoT g Neen W &g (refer to Eq. 17 for details).

2. Cost due to projected tower base fatigue damage. To calculate the projected damage, the tower fore-aft oga (¢) and tower
side-side oscillations ogs(t) are first projected along the various azimuth directions at tower base. Next, the fatigue
530 damage cost is computed for each of these projections, as discussed in Sect. 3.2. Finally, the maximum cost across all

projections is selected.

3. Profit, calculated as a-the difference of revenue and cost.
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Table 3. Fixed optimization arameters for closed-loo evaluation. The values are derived from
Loew et al. (2023); Anand et al. (2022); Sutherland (1999); Jonkman et al. (2009).

Parameter  Equation Valye Unit
Xc (15)c_ 0, -1.302, -1.302, 0, -0.1396, 0, 0 rads” ', m, m, rad, rad s_', MNm, MW
Xo (15 1.2671,1.302, 1.302, 1.5708, 0.1396,4.5981,5  rads ', m, m, rad, rads_', MNm, MW
U (15d. 0.0 rad, MNm
e (19d. 1,5708,4.5981 rad, MNm
£E (1e. 0.L01 g
2. Qs (S -1.4550, 14550 MNm s ™"
we. an 02 €kWh_!
(03 (18)b_ 4,00e6. €
m (18)b. 4 -
Ry, 18)c 400 MPa

4. Pitch travel, showing the total degrees that the blades traveled for a given control formulation. This can be considered as

a proxy for the usage of pitch actuators, which may be prone to wear and tear, calling for extra maintenance.

535 5. Torque travel, showing the total amount of torque that the generator had to apply. This can be considered as a proxy for
the usage of the turbine drivetrain, leading to wear and tear of bearings and gearbox. Additionally, it also serves as a

proxy for switching-related damage in the power electronic converters.
4.3.1 Economic performance of the controller

Figure 6 presents the performance indicators calculated over a-10 minute—simulattonminutes, with results averaged across
540 different seeds. The set of bars in the left and right parts of the figure represent the performance for the ENMPC and ENMPC,,,
formulations, respectively. The color of the bars corresponds to different performance indicators. The results for ENMPC,,, are
normalized with the ENMPC ones to facilitate comparison;-and-the-, The y -axis-shows-the-relative-values—The-black-numbers
axis shows these relative values, which are also noted in black above each barindicate-therelative-cumulative value compared
to-the ENMPC-ease. Additionally, the numbers on the face of each bar, shown in purple text, represent the absolute values.
545 The-plots—inFig—6-show-Figure 6 shows that ENMPC,,, results in 9% higher economic profit than ENMPC. This im-

provement is due to the more accurate estimation of revenue and cost within ENMPC,,¢, which is made possible by a better
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Figure 6. Performance indicators for elesed-toep-closed-loop simulations using controllers employing the baseline ROM (ENMPC) and the
augmented ROM (ENMPC,,) as internal models. The black numbers on the top of each bar denote the corresponding relative cumulative

values. The purple text on the face of each bar denote the absolute cumulative values.

prediction of the system states. The higher profit is directly attributed to an increased revenue, with a slight increase in cost.
Since the absolute economic value of revenue exceeds that of cost (as shown by the purple numbers on the face of the bars),
ENMPC,,, effectively balances the two, leading to a higher overall economic profit.

In contrast, for the ENMPC case, while the controller aims to maximize economic profit, the plant-model mismatch leads
to control actions that are not economically optimal. As a result, the controller struggles to accurately estimate and balance
revenue and cost, ultimately resulting in a lower economic profit.

Furthermore, since the future predictions within the controller more closely match the actual evolution of the plant in the
ENMPC,,; formulation, the controller requires less frequent control actions. This is reflected in the significantly smaller pitch
and torque travel compared to the ENMPC case.

As a result, reducing plant-model mismatch to improve system state predictions ;-not only enhances performance but also
leads to a substantial reduction in actuator usage. Fhislt is reasonable to assume that this, in turn, resutts-will result in lower

maintenance costs for both the actuators and the drivetrain. This effect was however not quantified here, for a lack of data and

speetfie-of specific and reliable models.

4.3.2 Benefits under different wind inputs

Advanced wind turbine control formulations require the current wind speed as an input. Improved foresight of the wind speed
enables the ENMPC to determine the most suitable control actions.
Wind speed can be gauged using a simple wind-speed estimator, as utilized in this work (refer to Sect. 3.4.1), or through

advanced estimators as discussed in Soltani et al. (2013). Alternatively, the current wind speed can be measured directly, either
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using a nacelle-mounted anemometer or a light detection and ranging (LiDAR) device. LiDARs not only provide real-time
wind speed data but also offer short-term wind speed previews. This capability makes LiDARs an ideal complement to MPC-
based wind turbine control, where the MPC optimization uses system states derived from wind speed forecasts over the MPC
prediction horizon (Loew and Bottasso, 2022; Canet et al., 2021).

Here, the benefits of the proposed model adaptation for reducing plant-model mismatch under different wind input estimates

are assessed. Figure 7 presents various wind profiles used as input to the controller.
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Figure 7. Exemplary wind profiles used as disturbance inputs to the ENMPC formulations.

The solid gray curve represents the longitudinal component of the full wind field generated using TurbSim at the turbine
hub height for a 10 minute duration. This scenario is labeled as-“Hub height wind speed”. This is only shown to illustrate wind
fluctuations, but it is not used as input to the controller. The dash-dotted red curve corresponds to the nacelle filtered wind
speed (NFWS), which is a rough approximation of what an anemometer mounted on the nacelle would measure. Typically,
anemometer measurements are subjected to various disturbances, including — among others — flow distortion due to proximity
of the nacelle (a bluff body), periodic effects caused by blade passage, interference due to the wake, and sensor noise. For
the lack of models of these complex phenomena, here we have simply filtered the wind field at the nacelle location using a
standard bandpass filter. This case is referred to as “Anemometer”. The dashed green curve shows the rotor averaged wind
speed (RAWS). The RAWS is a much simplified representation of what a nacelle-mounted scanning LiDaR system with
discrete scanning and spatial averaging would estimate under a frozen turbulence hypothesis, i.e. with a purely rigid transport
of the flow from the measurement volume to the rotor disk (Loew and Bottasso, 2022). This case is referred to as “LiDaR”.

It can be observed that the anemometer-measured wind speed follows the highly turbulent fluctuations of the wind speed at
hub height. Additionally, the RAWS shows even less dynamic variation in the wind speed but successfully captures the long-
term wind speed trends. Although these speeds are only very rough approximations of the wind that could be actually measured
on a wind turbine, they still capture a range of situations from point-wise exact values to spatial and temporal averages.

Figure 8 presents the results ef-obtained with the closed-loop control formulations, considering different wind speed esti-
mates. For each wind speed input scenario, two sets of bars are displayed: the first set represents the ENMPC case, follewed-by
thesecond-set-for-while the second corresponds to the ENMPC,,, case. Within each set, each of the five performance indicators
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are-shown-as-five-bars;-each-distinguished-by-differentface-colorsis shown as a bar of a different face color. The various sets

590 of bars correspond to the following situations:

The first and second sets show results when the controllers use REWS, described in Sect. 3.4.1, as disturbance input and
the current wind speed is held constant over the prediction horizon. These results are the same as discussed in Fig. 6, and

are shown here again for ease of comparison.

The third and the fourth sets show results when the controllers use NFWS (Anemometer) as disturbance input, and the

595 current wind speed is held constant over the prediction horizon.

The fifth and the sixth sets show results when the controllers use LiDaR measurements as input, and the current wind

speed is held constant over the prediction horizon.

The seventh and the eighth sets show results when the controllers use LiDaR measurements as input, and a perfect

preview of wind condition over the prediction horizon is considered. This case has been labeled as LiDaR-PF.

600 The results are normalized with respect to the ENMPC case, which is shown in the first set. The black text above each bar
represents the relative cumulative values. To aid interpretation, the results from different wind input scenarios are highlighted
with distinct background colors. The red background corresponds to the Anemometer scenario, the light green shade represents

the LiDaR scenario, and the dark green background indicates the LiDaR-PF scenario.
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Figure 8. Performance indicators for elesed-teop-closed-loop simulations using ENMPC and ENMPC,,s. The background colors denote
different wind input scenarios: white for REWS, red for Anemometer, light green for LiDaR, and dark green for LiDaR-PF. For a given
background color, the left and the right columns show ENMPC and ENMPC,,, results, respectively. The black numbers on the top of each

bar denote the corresponding relative cumulative values.

The results show that better-providing the controller with more accurate information about the winddistarbanee-input-within
605 thecontrollerleads-to-inereased-disturbance input leads to an increase in economic profit for both ENMPC and ENMPC,,. As
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expected, the Anemometer scenario, providing only a disturbed point-wise wind measurement, results in the lowest economic
profit, while the LiDaR-PF scenario yields the highest economic profit.

Furthermore, for all wind input scenarios, the proposed model adaptation results in higher economic profit and reduced
pitch and torque travel. The magnitude of the performance improvement varies across the different wind input scenarios. For
example, ENMPC,,, achieves a 7% higher economic profit in the Anemometer scenario and a 30% increase in the LiDaR
scenario, compared to the corresponding ENMPC formulation. It is noteworthy that the economic performance of ENMPC,,,
in the LiDaR scenario is only slightly worse than that in the LiDaR-PF scenario. This suggests that, for this case study,
a perfect wind preview does not significantly pay off, and a simple constant speed estimate is sufficient. However, a more

general conclusion can only be drawn by evaluating the two scenarios over a wider range of turbine inflow conditions.
4.3.3 Computational performance

An economic controller is real-time feasible if the computational time required to generate the optimal control actions is less
than the sample time of the plant. The length of the prediction horizon, along with the nature of the underlying internal model
and the optimization problem, directly affects the number of SQP iterations needed for the controller to converge to a solution.
A higher number of SQP iterations increases the computational time.

Although this work does not focus on optimizing the computational performance of the formulated controllers to ensure
real-time feasibility, the impact of the proposed model adaptation on the computational performance of the controllers is
assessed.

Figure 9 presents the economic profit and computational time for ENMPC,,, LiDaR, with the controller limited to a max-
imum of three, five, and ten SQP iterations, as reported on the x -axisaxis. The results are normalized with respect to the
ENMPC LiDaR formulation, which uses a maximum of ten SQP iterations. The y -axis-axis on the left shows the relative
economic profit in blue, while the y -axis-axis on the right displays the relative mean CPU time per controller iteration in
orange. The results for ENMPC,,, LiDaR are marked with circular markers filled in blue, and the results for ENMPC LiDaR
are marked with circular markers filled in green.

The simulations were performed on a desktop computer with an Intel 17 processor, a 64-bit operating system, and 8 gigabytes
of RAM.

The results clearly show that increasing the number of SQP iterations leads to a higher relative economic profit. For ten SQP
iterations, ENMPC,,, LiDaR results in a 30% higher economic profit, but it requires more than double the computational effort
compared to ENMPC LiDaR. This is because of the additional calculations in the NN part of the model.

Interestingly, ENMPC,,, LiDaR with only five SQP iterations still achieves a 22% higher economic profit than ENMPC
LiDaR with ten SQP iterations, while requiring just 15% more computational effort. This demonstrates that, although the
proposed model adaptation increases the CPU time for ENMPC, the improvement in economic performance outweighs the
additional computational cost. Moreover, the adapted model requires fewer SQP iterations to generate economically optimal

control actions at a smaller actuator usage.
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Figure 9. Economic performance and the corresponding CPU eomputationat-time requirement for several-the ENMPC,,; LiDaR formutations
formulation utilizing an increasing number of SQP iterations. Performance is normalized with respect to the ENMPC LiDaR formulation

utilizing ten SQP iterations.

This effect, combined with the use of high performance computational platforms and further software optimization for speed,

may result in real-time feasible economic controllers.

5 Conclusions

MPC uses an approximate representation of the plant to predict the system evolution over a short future horizon. The internal
models used by MPC are typically a reduced representation of the plant. The resulting model mismatch affects the feasibility
and the optimality of the closed-loop performance. This study presented an-a fatigue-aware adaptive ENMPC for closed-loop
control of wind turbines. The ENMPC directly incorporates cyclic fatigue costs using a novel online rainflow counting approach
and is able to generate more accurate model predictions through a data-driven adapted model.

The proposed adaptive ENMPC aims to maximize economic profit, which is here computed as the revenue from power
generation minus the cost of fatigue damage at the tower base. Revenue is calculated based on the (optionally time-varying)
market tariff and the energy supplied to the grid. The cyclic fatigue damage is estimated using online rainflow counting on
adapted model predictions, while also accounting for residual cycles. While cycle counting is the only approach to precisely
account for fatigue, it also inherently introduces discontinuities in the MPC optimization problem. To address this problem, the
PORFC approach is used to externalize fatigue estimation from the MPC optimization. This method estimates time-varying
fatigue-related parameters, allowing for a continuous formulation of cyclic fatigue costs that can be numerically optimized
within the MPC.

Additionally-the ENMPC-optimization-The ENMPC optimization problem is subject to bound constraints on system states

and control variables, ensuring feasible solutions and a stable closed-loop behavior. The ENMPC formulation is further en-
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hanced by integrating state and disturbance estimators. These estimators account for measurement uncertainties and provide
accurate initial values for the ENMPC.

The proposed approach utilizes wind turbine operational or synthetic data with machine learning techniques to predict the
mismatch in the system states of plant and ROM. A data-driven model is developed to estimate the error in the states across a
range of relevant inflow and control conditions. This process results in an adapted model, where the underlying dynamics are

represented by a simple physics-based model combined with data-driven correction terms. The adapted ROM is then used as

the internal model within the controller. This process is performed offline, which offers two important advantages. First, it does
not introduce additional computational effort during operation, thereby facilitating real-time performance. Second, it results in
a certifiable controller, for which safety and performance can be fully assessed offline before deployment in the field. The same

is far more difficult — if possible at all — for controllers based on online learning.
The performance of the proposed approach is assessed through a case study using an OpenFAST model of the NREL 5 MW

reference wind turbine as plant. This model generates measurement data for the study. The plant model has fifteen degrees
of freedom and includes thirty-three system states, while the ROM has only three degrees of freedom and consists of eight
system states. The simulation data is generated across a wide range of operational conditions. A feed-forward NN is developed
to predict the error in plant and ROM states, and is then used in the adapted model dynamics.

The performance of the proposed model adaptation is initially evaluated in an open-loop setup. In this case, the predictions
of the adapted model ROM,,; and the baseline ROM are compared with the actual behavior of the plant across a range of
operational conditions. The kernel density estimates of the prediction error show that the adapted model performs significantly
better than the original model for all eight system states. The performance improvement is further quantified in terms of
statistics of the prediction error. The results reveal a reduction in both the mean and standard deviation of errors for all system
states, with an approximate 20% reduction in the angular velocity error of the rotor.

Additionally, the effect of dataset size on the open-loop performance of the proposed model adaptation is assessed. Results
indicate that even a relatively small subset of training data helps reduce the plant-model mismatch. Performance starts to plateau

once 85% of the generated training dataset is used, as additional data samples no longer significantly improve the model. This

amount of data is about one order of magnitude smaller than the number of data points typically collected during aeroelastic
analyses carried out as part of routine design and certification activities.

To further quantify the impact of model adaptation on the economic control of wind turbines, the closed-loop performance of
the proposed economic MPC formulation is assessed by using ROM,,, as the internal model of the controller. Five performance
indicators are considered: revenue (due to wind power generation), cost (due to tower fatigue damagein-fore-aft-and-side-side

direetions), profit (calculated as the difference of revenue and cost), pitch travel (as a proxy for actuator usage), and torque

travel (as a proxy for damage of power electronic converters and drivetrain usage). The-eptimization-problem-is-selved-with

The performance of ENMPC,,, that uses the enhanced model is compared to the ENMPC formulation that uses the baseline
ROM as its internal model. Results show that ENMPC,,, achieves 9% higher economic profit than ENMPC. This improvement
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is attributed to more accurate revenue and cost estimationswithin-ENMPCg;z, made possible by better predictions of the system
states. Additionally, since the future predictions in ENMPC,,, are closer to the actual evolution of the plant, the controller
requires relatively fewer control actions. This is reflected in a significantly smaller pitch and torque travel compared to the
ENMPC formulation.

The benefits of the proposed model adaptation are further assessed across different wind input scenarios. The results show
an increased economic profit with improved wind foresight, for both ENMPC,,, and ENMPC. Moreover, the model adaptation
leads to higher economic profit — up to 30% in the LiDaR scenario — and reduced pitch and torque travel for all wind input
scenarios.

Although this study did not focus on optimizing the computational performance of the controllers for real-time feasibility,
the impact of model adaptation on computational performance was also evaluated. The results show that increasing the number
of SQP iterations leads to higher economic profit but also increases computational expenses. Additionally, for the same number
of SQP iterations, ENMPC,,, is more computationally expensive than ENMPC due to the extra computational cost due to NN
evaluations. However, when considering LiDaR wind estimates, ENMPC,,, achieves a 22% higher economic profit while
requiring only 15% more computational effort compared to ENMPC. Therefore, the proposed model adaptation, combined
with high-performance computing platforms and additional software optimization (not considered here), could enable real-
time feasible economic controllers.

The accuracy of offline data-driven-model-corrections-heavily-depends-data-driven model corrections depends strongly on
the quality of its-the training process, which requires a comprehensive dataset eharacterizing-that characterizes the range of
operational conditions ef-experienced by a wind turbine. In reatity—the-practice, wind turbine OEMs typically have validated
high-fidelity-turbine-models{rom-the-high-fidelity turbine models developed during design and prototypmgphase&%es& and
these models can be used to represent the-wind-turbine behavior and generate the
required dataset. Moreover, OEMs often have access to high

ean—also-high-resolution measurements from on-board sensors of operating turbines, which can further contribute to the
feqﬂﬁefkda%dset—AﬂMAll@\ generalized usability of the adapted model fehefrggEQQQsN on how similar the-turbine be-

havior is £ statlation-site-to— ' t-that-was not-investigated-hereacross different installation sites, an

aspect that has not been investigated in this work.
Future work should focus on developing a more comprehensive economic objective that accounts for thefatigne-damage-of

fatigue damage affecting additional turbine components, such as the bearings and the drivetrain, while also incorporating a more
realistic profit evaluation-model-Currently;model. This would require applying the PORFC formulation to other fatigue-critical
components of the turbine and integrating it within ENMPC as either an objective function or a constraint. The assessment can
be extended to new scenarios that consider more dynamic variations of exogenous inputs, such as market prices over longer
evaluation periods. At present, the profit formulation everlooks-the-impaet-neglects the influence of fatigue on component
reliability and O&M costs, and enly-considers-it considers only tower fatigue damage. Additionally-the-physies-based-internal
model-dynamiesIn addition, the physics-based internal model can be expanded to better-capture dependencies on ether-a wider
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set of system states. Furthermeore-the-model-can-be-enhaneed-to-include The model can also be improved by introducing online
tuning of the-medel-parameterss-model parameters in addition to the offline augmentation used in this study.

Appendix A: Nomenclature and abbreviations

DLC Design load case
730 DOF Degree of freedom
ENMPC Economic nonlinear model predictive control
ENMPC,,, Economic nonlinear model predictive control having ROM,,, as the controller-internal model
FA Fore-aft
LiDaR Light detection and ranging
735 MHE Moving horizon estimator
MPC Model predictive control
NFWS Nacelle filtered wind speed
NLP Nonlinear program
NN Neural network
740 O&M Operation and maintenance
ODE Ordinary differential equation
OEM Original equipment manufacturer
PDE Probability density estimate
PF Perfect foresight
745 PORFC Parametric online rainflow counting
QP Quadratic program
RAWS Rotor averaged wind speed
REWS Rotor effective wind speed
RMSE Root mean squared error
750 ROM Reduced order model
ROM,, Augmented reduced order model
SQP Sequential quadratic program
SS Side-side
STD Standard deviation
755
13 Slack variable
1% Noise variable
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w Rotor speed

760 By Blade pitch angle
Be Commanded blade pitch angle
o Stress at tower base
n Power conversion efficiency of the drivetrain
765
F Set of dynamic equations of a model
B . . .
AF Set of dynamic equations of the correction model

Fr Aerodynamic thrust force
770 J Optimization objective
Jr Moment of inertia of the rotor
Ny, Number of intervals in the controller prediction horizon
P Electrical power output of the turbine
Qg Ultimate-tensile-strength-of the-materialAerodynamic torque
775 7.0, Generator torque
T0Qye Commanded generator torque
aed it Aerodynamie-torqueUltimate tensile strength of the material
Tew Sample time of the internal model and the controller
Thorizon Prediction horizon of the controller
780  Thorizon.est Prediction horizon of the state estimator
Tsim Sample time of the plant
Vw Wind speed
W Weight
785
m Intial capital cost of the machine
b Bias
c Cycle
d Disturbance variable
790 dr, Tower-top deflection in fore-aft direction
drys Tower-top deflection in side-side direction
e Error in state
ot Activation function
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Time instant

.

795 m Time-varying PORFC parameter: mean
P Free model parameter
t Time
At Differenee in time between-eurrentand next instantsTime step
U Control variable
800 w Time-varying PORFC parameter: weight
T State variable
TNN Input feature of the NN
UYNN Output feature of the NN
805
by_o Model parameters for blade dynamics
fi_3 Model parameters for tower fore-aft dynamics
g1 Model parameters for generator dynamics
m Fatigue exponent derived from material properties
810 s1_4 Model parameters for tower side-side dynamics
ty ~Model parameters for estimating tower-base stresses using tower-top deflections
Haug Augmented
815 [og Estimation
Ugen Generation
Omeas Measurement
Uprev Previous
Usim Simulation
820

Code and data availability. A Python script to extract PORFC parameters for a given stress time series can be accessed on Zenodo at
https://doi.org/10.5281/zenodo.15530467 (Anand and Bottasso, 2025). The data for figures 3-9 can also be retrieved in Python pickle format

from the same Zenodo repository.
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