Reply to Reviewers’” Comments for wes-2025-67

November 15, 2025

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 detailed in the following.
We have taken the opportunity of this deep revision to improve readability and under-
standing by expanding the text in various places and by adding some bibliographical
references.

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

The authors,
November 15, 2025

Reviewer 1

The paper “Economic lifetime-aware wind farm control” from Anand et al. presents an
approach to optimizing wind farm control setpoints for profit optimization, considering
component fatigue and related maintenance costs. The Approach is demonstrated in
simplified case studies, showcasing the optimization using only yaw steering as a control
mode.

1.1. While the paper is well written overall, it could benefit from some restructuring to
improve understandability. I suggest a more rigorous differentiation between methodol-
ogy, case study definition, and results. At times, these aspects are mixed.

We thank the reviewer for this remark. We agree that the previous ver-
sion mixed methods with case studies and results. We have now deeply
revised the organization of all material, moving what was previously in
the methods section into the results or in the appendix.

1.2. It would be helpful to differentiate between the general discussion of control ap-
proaches (induction, derating, boosting) and the ones used in this work. I was confused
about which ones are actually implemented in this work.



We have clarified in various places that the method is general, but the
applications considered here only use wake steering.

1.3. The introduction could benefit from a more in-depth discussion of previous work
on the topic and the relation to / contribution of the present work. Relevant references
include:

https://wes.copernicus.org/articles/8/1727/2023/

http://dx.doi.org/10.18419 /opus-13959

We have significantly expanded the introduction. We have also added
the suggested references to the bibliography, and explained their differ-
ences with respect to the present work.

1.4. Line 50: Control modes could also include de-rating, boosting etc.

Please see our response to question 1.2.

1.5. Line 61: Isn’t economic optimization equivalent to production maximization if
damage is not a major concern (except in negative price scenarios)?

Indeed, when component damage is completely disregarded over the
operation lifetime, production maximization is equivalent to economic
optimization, except in case of negative price scenarios. However, this
is only the optimization of revenue, which is a simplification: damage
can increase the costs of operation and maintenance and, by reducing
lifetime, will also affect power production and therefore revenue. In the
end, what counts is profit, not revenue. Removing this limitation is one
of the key innovations of this paper. We have rephrased the text in
order to make this point clearer.

1.6. Section 2: It is not entirely clear to me if lifetime is subject to optimization or a
prescribed value.

We have more clearly explained that the lifetime duration is a pre-
scribed value. The entire section on the formulation has been deeply
rewritten and greatly expanded. We hope that the new version presents
the concept in a clearer way than before.

1.7. Line 120: How is lost lifetime cost defined? What does chosen lifetime mean here?
Isn’t that an optimization parameter?



The new writing hopefully clarifies these points. In a nutshell, the user
specifies a goal desired period of time when the farm can operate without
exceeding the damage limit of its components. If the farm reaches this
time having still a damage margin, then the farm can keep running for
longer. On the other hand, if the damage limit is met before the end of
the desired time period, then a fraction of the desired lifetime duration
has been lost. The reduced lifetime will incur in a loss of profit, whereas
the increased lifetime will generate an increase of profit. An extensive
description of these situations has now been provided.

1.8. Section 3: Does the optimization take place over a (conditional) pdf of wind
conditions with global profit objectives, or over a time series of input conditions sampled
from a distribution.

Thank you for this comment, indeed the previous version was quite un-
clear on this important point. We have greatly expanded Sect. 2 to more
precisely explain the formulation. In short, the problem is first posed
as an optimal control problem in the time domain. Then we explain
that the direct solution of such a problem in time would be unfeasible
because of the resulting overwhelming computational cost. To address
this issue, the problem is reformulated in terms of probability distri-
butions of discrete ambient conditions and associated control actions.
Hopefully the very deep revision of this part of the paper provides now
for a clear description of the formulation.

1.9. Line 183: What does sufficiently accurate mean here?

This phrase does not appear anymore in the revised manuscript.

1.10. Line 184: Are the parameters tuned based on the experimental measurements in
the wind tunnel?

No, tuning was based on extensive FAST.Farm simulations. This part
has been rewritten and better explained.

1.11. Line 200: Please elaborate on this. How are control effects captured “inherently”?
Also, consider removing the mention of down-regulation, as you are not using this control
mode.

This phrase does not appear anymore in the revised manuscript. The
new text also explains clearly that only wake steering is used in the
examples, while in principle the method is generally applicable to any
wake control technique.



1.12. Section 3.2.1/ 3.3 I think understandability can be improved by explaining the
path from DEL & Component damage a Lifetime a Farm lifetime in one section. This
information is distributed over several sections, so it is hard to understand the approach
in detail. Consider restructuring.

We believe that the introduction at the beginning of section 3 and
Figure 1 already serve the purpose of giving an overview of the path
from rotor inflow to lifetime. The text has also been deeply revised
in this part of the paper. In particular we have moved all plots and
discussions on the performance of the surrogate to the results section
and to a new appendix. We believe that the new version is much clearer
than the previous one.

1.13. Equation 10: I understand that the electricity price model details are given in
the reference, but I think it would improve understandability if you could include a plot
showing the relationship between wind and price signal. Are there negative prices?

Thank you, we agree and we have now added a new figure showing the
correlation between price and wind speed.

1.14. Equation 10: U is not defined, I guess it is the wind speed?

Yes, it was already defined in section 2, but we have now recalled the
meaning of that symbol here again for clarity. All symbols are consistent
in their meaning throughout the paper. Additionally, all main symbols
and acronyms are listed and explained in the nomenclature section at
the end of the paper.

1.15. Figure 5: The caption is confusing to me. What are the DELs on the x-axis?
Also it is a prediction of the load surrogate not of FLORIS?

Thank you, we agree with this remark. We have revised and improved
the description in this and most other captions in the paper. There is
also a nomenclature section at the end, which we have updated based
on the present deep revision.

1.16. Section 4.1: Some content here is not really ”Result and Discussion”. I suggest
integrating this in the methodology sections.

Thank you for the suggestion, which has now been implemented: the
alternative reference methods are now explained in the methodoligal
part of the paper.



1.17. Line 426: This strategy is not clear to me. What is the lifetime constraint here? In
Figure 11 it is shown that this strategy ends up having a lifetime greater than the nominal
lifetime. Wouldn’t a lifetime constraint of 20 years just maximize the production, while
ensuring that the 20 years lifetime constraint is met?

The description of this and the other formulations has been improved
for clarity, so hopefully this doubt has already been addressed.

In any case, as for the proposed formulation, a lifetime constraint of
20 years (imposed as the maximum allowable damage threshold) will
ensure that the wind farm operates for at least 20 years. Since this
condition is enforced as an inequality constraint, an operational lifetime
of more than 20 years is possible, for example because the ambient
conditions are not excessively harsh and demanding in terms of loading.

1.18. Section 4.2.3: You mention how lifetime is calculated for one component, but I
can’t find how you define lifetime for the farm (which you use as a metric later on).

Thanks, this is now explained in Sect. 2.1.
1.19. Figure 12: What are the extended columns without outline? The extended
lifetime?

Yes, this is correct. The new text and captions are now clearer on this

point.

1.20. Section 4.2.5: A table (or a more detailed description) of the parameters you vary
would be helpful.

Thank you. The parameters of the cost model are described in Table 1.

1.21. Line 623: Why did you choose 8% as a variation of input parameters? I would
expect some input parameters to have uncertainty higher than 8% easily?

Thank you for the comment. Indeed, depending on the modeling as-
sumptions of the parameters, one could expect that some of them may
vary more than 8%. However, the goal behind this assessment was

e to check whether the uncertainty bounds change drastically for a
small change in parameters, and

¢ to understand the interplay of uncertainties of individual param-
eters on the output uncertainty.

As a consequence, the parameters were varied over values ranging from
4% to 12%, to see the trends in the output uncertainty variation through



Monte Carlo simulations. Figure 1 shows the output uncertainty bounds
(on the y axis) for the lifetime profit of the proposed formulation ob-
tained for different input parameter uncertainties (on the x axis). As
seen in the figure, the bounds increase only linearly with a small slope
for a linear increase in input parameter uncertainties. The choice of
8% was made based on the fact that the slope is essentially constant
around that value.

A sentence was added to the text to explain the linear behavior that we
observed.
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Figure 1: Output uncertainty bounds for the lifetime profit of the proposed formulation
obtained for different input parameter uncertainties.

Reviewer 2

This work considers wind farm controls (in particular, wake steering via yaw misalign-
ment) using a cost function that accounts for operation and maintenance costs arising
from turbine damage alongside revenues generated by the wind farm from energy sales.
Overall, I found the core ideas to be interesting, the work to be well-motivated, and the
description of the load and cost model to be well done. I also appreciated the sensitivity
study carried out on the cost model parameters and the general approach to tuning and
initial comparisons using FAST.Farm.

2.1. 1. The first is, I believe, not a concern about the core approach but simply how
it is presented. In the initial portions of the paper, the authors describe optimizing the
control actions over the turbines’ lifetime T. For instance, the net revenue sum in Eq.
(1a) is given over ”T”, which is subsequently described as the ”lifetime”. This, as well
as the surrounding text, gave me the impression that the control set points u were being
optimized for each ”time step” in the turbine’s lifetime. After some further reading, and
considerably further on in the manuscript, I realized (I think!) that this is not true—
rather, the sum should be over the binned wind conditions W, that the turbine will
experience in its lifetime, presumably weighted by the frequency occurrence of that wind



condition based on the wind rose. If I'm correct that that is what is happening, please
consider revising the formulation of problem (1) to be clearer. Consider including: the
actual variable that is being summed over in the main sum; where that variable appears
in the cost function; whether (bold) u represents the control actions at all turbines -for
a single wind condition- or whether u represents the control actions at all turbines -for
all wind conditions (time steps?)-; whether u-max and u-min are simply N-vectors (N
x T vectors?) of the same values repeated, or if u-max and u-min may be different
for different turbines; how weights corresponding to the frequency of occurrence of a
given wind condition appear in the cost function (currently, it seems that all time steps
appear in the cost function, but this seems unlikely, or that all wind conditions are given
equal weighting of 1 in the cost function regardless of their probability of occurrence).
I would also recommend updating the text of Section2 and possibly other sections to
clarify whether the optimization happens over wind conditions or time steps.

Thank you for the comments. We recognize that the previous version
was not at all clear, and we have greatly expanded this part of the
paper. Please see also the reply to a similar request from Reviewer 1.

2.2. 2. I am also concerned about whether there is any time-discounting taking place
in the optimization. I don’t see any mention of using a discount rate when deciding
on what control actions to take, but discounting is a major consideration in any years-
long cost/revenue analysis and may have a major effect on your results. For instance,
discounting will likely make lifetime extensions considerably less valuable than it appears
if a dollar in 10 years’ time is considered to have the same value as a dollar today; but if
a discount rate of 8% is used (which I understand to be fairly typical in economics, but
I am no economist so please feel free to disagree on that front), a dollar in 10 years time
is worth less than 50 cents today. Do your results in Section 4 consider discounting? If
so, please make this clear. If not, I think this should be included.

Possibly more difficult: can your optimization problem take time value of money into
account? When I at first thought that you were optimizing for each time step in the
lifetime, it seemed straightforward to put a discount rate into the cost function; but now
that I believe you are optimizing over each condition without considering ”time” in the
cost function, it’s not totally clear to me how this would be done.

Finally, the only mention of how value changes in time that I saw in the paper was in
Section 4.3.1, ” An annual inflation rate of 8% is applied for the economic evaluation.”.
This needs to be explained further. Are you saying that costs and revenue -increase- at
a rate of 8% per year (extremely high inflation if applied year over year for ten years)
so that power generated in year 10 is actually worth more than power generated in
year 17 I would strongly disagree with this approach, since it seems to be the inverse
of discounting. Again, not being an economist I’'m not sure how inflation should be
handled, but my understanding with a quick search is that inflation is usually left out
of discounting calculation under the expectation that while revenue will be higher due
to inflation, so will all costs (salaries, normal operating costs, etc) so there is a net zero



effect. I may be misunderstanding what you mean in the inflation sentence, so please
explain this better so that readers understand the approach taken.

Once again, we recognize the lack of clarity of our initial submission.
We have now introduced time discounting already in the formulation
of the problem in Section 2, and we have added a new dedicated sec-
tion (3.4.3) in the description of the economic model. To summarize
the results of the discussion developed in the revised manuscript, time
discounting is not used in the calculation of the setpoints, but it is used
when analyzing the performance of the controller in a given scenario. A
detailed explanation and reasoning is given in Sect. 3.4.3. In the results
section, we repeat this for extra clarity.

In the pre-print, the term inflation was mistakenly used, as discount
rate was actually meant there. For the source of a discount rate of 8%,
see NREL Cost of Wind Energy reports 2024 [5].

2.3. 3. The authors argue that the 100-hour optimization time is acceptable since
the optimization does not need to take place online. Still, looking at the curve given
in Figure 17, T would argue that some (future) improvements will be needed to make
this feasible. Very roughly extrapolating, it looks like a 100-turbine farm, which is
pretty typical, would take around 1000 hours to optimize, and that’s using a limited
wind rose with only 3 wind speed bins. 1000 hours is over a month, which I feel is
likely not acceptable. Although the authors suggest the optimization may not need to
be repeated, it seems to me likely that a wind farm operator may want to rerun the
optimization say, once per year, to update the turbine damage information and replan
based on actual observed damage. It is clearly out of scope to design a new optimization
approach, but do the authors have any thoughts about how the optimization might be
sped up in future work? Could the problem be parallelized in any way? FLORIS itself
has some inbuilt parallelization that may be useful for this. In fact, I didn’t understand
what approach/algorithm is taken for optimization—the authors mention a “one-shot”
approach, but I'm not familiar with this term so it would be good to explain at least
briefly in words how this works.

We agree that in the scenario described by the reviewer, the computa-
tional cost is substantial.

The present code was not yet optimized for execution speed. The im-
plemented version is based on FLORIS V3. The current version 4 has
increased computational speed, so the code could be adapted to the
most recent FLORIS version. Furthermore, the calculation of loads via
the surrogate model offers some extra potential. In the present code, the
damage equivalent loads (DELSs) for all turbines and their components
are calculated sequentially, which could be parallelized.

The term ”one shot” optimization in the present paper means that the



optimized yaw setpoints must be determined for all wind conditions si-
multaneously. In a conventional max. power optimization, the optimal
control action can be determined individually for every environmental
condition (e.g. separately for every wind direction). In the new formu-
lation, the calculation of damage couples all control actions and ambient
conditions together. The optimization problem becomes therefore much
larger. We have greatly expanded the discussion on this point, which is
addressed in multiple places, including the introduction, the methodol-
ogy section 2, the results and discussion section 4, and the conclusions.
We hope that this point is now clearly described.

There are tools available to deal with this increase of complexity.
FLORIS already offers options to reduce the number of variables (e.g.
discarding symmetric situations). It offers also the ”serial refine”
method which first probes possible yaw offsets to begin the optimization
at a promising starting point. These tools have not been leveraged in
the present study.

The optimization algorithm deployed is the SciPy SLSQP algorithm.
Alternatives, which scale better with increasing turbine count, could be
tested as well.

We have expanded the discussion on the computational cost in the re-
vised version, and we have clearly pointed out that this is probably the
main challenge that needs to be address to make this formulation more
widely applicable.

2.4. Line 65: What does ”(future better)” mean? I'm unfamiliar with this phrase.
Consider revising.

The sentence does not appear anymore in the revised manuscript.

2.5. Section 3.2.2: Horizontal shear is included in the load model, but not vertical shear,
if 'm understanding correctly. I would have thought that vertical shear would also be
an important driver of fatigue loads (especially blade loads), even if it is not controllable
using wake steering. Do the authors have any comments on this?

We clearly agree with the reviewers comment that the vertical shear
does have an influence on loads. A load surrogate model trained con-
sidering vertical shear can produce more accurate predictions. However,
the vertical shear in FLORIS does not change inside the wake region.
Furthermore, FLORIS does not take into account the vertical wake de-
flection due to rotor tilt, which —on the other hand— is observed in the
FAST.Farm training data.

In the end, the selected design was the best compromise for the current
study. Our tests showed that the overall performance of the combined



models FLORIS + load surrogate is better without vertical shear, rather
than with an inadequate shear predicted by FLORIS.

2.6. Line 318: Although I agree that the trend between wind power output and elec-
tricity price should be cited, having 6 citations for this seems excessive. Perhaps one or
two citations would be enough here? Just a suggestion, feel free to ignore.

We have reduced the number of references to Kolle et. al. 2022, which
describes the relation between power output and electricity price.

2.7. Line 360: It might be interesting to help readers with intuition to demonstrate in a
figure how the cost model (11) changes with respect to (non-optimized) control inputs.
I personally would find this helpful. Again, just a suggestion, not critical.

Thank you for the suggestion. Figures 9 and 10 already show the trends
of turbine loading with respect to wind direction when the control in-
puts are not optimized. The resulting economic costs are proportional
to loading. We believe that the new figure will not bring any new in-
formation that is not already provided in the results. Thus, we have
decided not to include the suggested figure, also because the paper is
already very long and with many figures.

2.8. Eq. (12): Do the reference optimization problems (12)—(15) still consider the input
constraint Upmin <= u <= Umax (1c)? If not, I would suggest adding this to make it
more consistent with the max profit optimization approach (or justify not including this
constraint). If so, please make this clear.

Yes, all the reference optimization formulations consider the bound con-
straints on the decision variable. The formulations in Sect. 4.1 have been
updated to state this explicitly.

2.9. On several occasions the authors mention that the "max power” approach takes
more ”aggressive” offsets than the proposed "max profit” approach. Can the authors
explain what they mean by this? Looking at Figure 7, it’s not at all clear to me that the
"max power” approach takes aggressive offsets (on the contrary, they seem to be smaller
than the offsets selected by the "max profit” approach).

Thank you for this remark, and apologies because the wording was in
fact not precise. We were referring to the more aggressive wake steering
of T2 in the sector I' > 270. In contrast, the other strategies deploy
a one-sided yaw-offset schedule for turbine 7'2 and avoid wake steering
for this sector. This is the reason for the premature end of lifetime for
the Max. Power strategy. The text has been updated to clarify this
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point.

2.10. Line 511: ”Since FLORIS does not account for vertical shear...”. I'm not sure
what the authors mean by this—FLORIS does account for vertical shear across the rotor
points when computing a rotor-average inflow, although not in the evolution of the wake.
Perhaps this is what the authors are referring to? This sentence should be updated.

Thanks for this remark, and yes, that’s what was meant. The text has
been updated to make this point clearer.

2.11. Line 654: "It is assumed that these wind conditions remain constant over the
course of the year”. What do the authors mean by this?

The sentence simply points to the assumption throughout the case-
studies that the considered wind rose, denoting the annual wind con-
ditions, does not change from one year to another. The text has been
modified to bring more clarity to this point.

2.12. Line 657: Inflation of 8% year over year seems to be very high. I would recommend
something much lower than this if inflation is still included after addressing my main
comment 2. above.

Our apologies again, we mistakenly wrote ‘inflation rate’, instead of ‘dis-
count rate’, which is the correct term used to describe time-discounting
in the calculation of the present value of future profit. The text has
been corrected.

A discount rate of 8% is found to be a typical value for wind energy
projects [5]. Please also see our response to your comment 2.2 for more
details.

Additionally, we have taken the opportunity of this very deep revision for making nu-
merous editorial changes to the text, in order to improve readability.

A revised version of the manuscript is attached to the present reply, with the main
changes highlighted in red (deletions) and blue (additions).

Best regards,
The authors
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Abstract.

We present the economic lifetime-aware formulation of wind farm control (WFC), a novel approach thatineerporates-the

he-characterized by two key innovations with respect
M&Wopnmlzatlon is guided by an economic value-function-that-balances-power-capture—(taking
into-aceount variable spot-market prices)-with-model of profit. By targeting profit instead of the more widely adopted power
yield, the operational optimization considers not only the revenue generated by selling electricity (possibly at a variable price
when operating on spot markets) but also the costs due to operation and maintenance (O&M)eosts;including potential-revenue

- Second, since fatigue-induced damage
is a finite-budget quantity, we explicitly consider that any effect on damage generated by a control action will leave more
or less room to other control actions, a coupling that is neglected by current approaches that arbitrarily limit or penalize
fatigue-inducing loads. To achieve this goal, the optimization is subjected to explicit constraints on lifetime, which ensure that
the turbines in a farm and their components can indeed reach a desired goal duration. As for other optimization-based WEC
approaches, the proposed method results in the offline calculation of optimal control setpoints for each turbine, which are

scheduled and dispatched at run-time in open loop as functions of ambient conditions.
After introducing the economic lifetime-aware WFC approach, the paper analyzes two case studies. The first is-a-synthetie

seenario-with-represents an idealized scenario characterized by a simplified set of environmental conditions, designed to demon-
strate the behavior of the new control strategy and its impact on fatigue loads in conditions of very frequent waking. The sec-
ond case features the-mererealistie-setup-of-a-a more realistic small wind farm, with wind climate data derived from a-real-an
existing meteorological mast. The benefits of the proposed methodology are highlighted by comparing it to arange-ofreferenece
alternative previously-published control strategies, which either ignore component damage or address fatigue loads in alterna-

tive simplified ways.

Results show
that the lifetime-aware formulation always ensures the achievement of the desired lifetime targets, whereas methods that do not

enforce such a condition may fail to do so. Additionally, it-the proposed method also results in the best economic performance,
i.e. in the highest profit.
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1 Introduction

1.1 Wind farm control beyond power

Most current wind farm control (WFC) strategies focus on increasing power generation —(?). However, this is only one of

several-goals-of-the several goals that may be targeted by the more general concept of optimal operation. In fact, a wind energy
project sits in a complex dynamic environment and has various stakeholders. External factors, such as electricity market price

or grid loads and transmission constraints, continuously evolve over time. This-variation-has-a-dynamie-These dynamics have
an impact on the value of the wind farm power output being fed into the grid. For example, in some cases it pays off to extract
maximum yield from the farm. In contrast, in other cases, generating less will be more convenient because of-the low electricity
prices that-cannot offset the incurred costs. Within-thefarm-itself;-

Flow control strategies are designed to modify the inflow to the turbines in a farm. This can be obtained either by derating
the turbines (called induction control), by misaligning them with respect to the wind (called wake steering), or by applyin
excitations meant to accelerate wake recovery (called wake mixing) (?). However, every control action will affect the internal
response of the systems-e-g—by-changingfarm, not only in terms of power but also in terms of the loading on the turbinesand
their-components. In turn, this affects the-turbine-their “health”, directly-influeneing-with a cascading direct influence on the
overall asset lifetime and the-its repair and maintenance activitiesneeded-duringits-operation. Considering these factors and

couplings, it seems hardly optimal to feed in maximum power to the grid at all times—Fe-suecessfully-optimize-a-wind-energy

O tattonSo tooc-ao O orporate;

including fatigue in wind farm control have already been documented <(???). Such control strategies typically try to restrict

damage equivalent loads (DELs) by either setting a limiting value or by eensidering-them-direetly-in-penalizing them through
an additional objective. However, such choices can hardly lead to a clear understanding of the effects of the—resulting-control

policies on lifetime. In fact, damage accrues over time, and therefore ;-the control actions taken today — through the loading
of the turbines — directly affect the room left for control actions that can be taken in the future. Thus, optimizing the operation
of a wind farm over its lifetime cannot only rest on decisions based on present conditions or over short time horizons. Instead,

one needs to consider the couplings between present and future actions.
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This-work-presents More sophisticated approaches have been recently described that attempt at better expressing the trade-offs
between fatigue and economic objectives that occur throughout the lifetime of an asset. ? introduced a framework for the
optimal long-term planning of turbine operation that treats fatigue damage as a consumable budget. This approach actively.
distributes the damage budget along the operational life of the turbine to balance load reduction and energy output, demonstrating.
promise in reducing fatigue while maintaining performance. Similarly, ? developed an adaptive controller for wind turbines,
tailored to reconcile fatigue and revenue goals. This approach uses variable power modes — including down-regulation and
power boosting — alongside individual pitch control. A Gaussian Process Regression surrogate model is employed to capture
trade-offs, enabling an optimization of the operational modes based on wind and price dynamics to maximize lifetime economic
benefits.

Although clearly going in the direction of modeling the lifetime economics of wind assets, these studies are limited at the
turbine level, and do not consider the effects caused by wakes in a wind farm. As wake effects have been shown to significantly

affect not only power capture but also structural loading (???), the present work considers the problem at the farm — instead of
the turbine — level.

1.2 Maximizing profit and ensuring a desired lifetime

Here we introduces a new form of WFC, termed economic lifetime-aware WFC. The formulation incorporates the current state
of damage of the turbines — either provided by a digital twin or estimated from operational data — to compute control policies
that optimize the long-term }ife-management of the wind farm. The WWW&W
guided by an economic value function that balan
expresses profit, i.e. the difference between revenue and cost.

Revenue is gained by producing power and selling it on the spot market at variable prices. However, in order to target profit,
which is clearly a more complete economic indicator than revenue alone, it is necessary to account for the way turbines are
m&@%&@%&%@m&%@&%ﬁopemm and maintenance (O&M)eosts;
»dn turn leading to loss of revenue due
to downtime. Additionally, damage due to loads has also another effect on revenue and cost: when the lifetime of a component
is affected, either the component must be replaced (which implies a cost for the spare part and its installation, and a loss of
revenue due to associated downtime) or the whole turbine must be dismantled, which leads again to a loss of revenue due to
lost production caused by the shortened life. To account for such long-term effects on profitability, the optimization process
proposed here is subject to constraints msuﬂﬂgmﬁhm@eﬁmmeggwmg@mﬁof selected

turbine componentsis

The lifetime-aware economic optimization problem is solved in terms of control setpoints for each turbine. The seleetion-of
the-contrel-vartables-type of control setpoints depends on the speeifie WEC-implementation-chosen—induection-based-control
Medﬂeewkeﬁ%ﬁﬁWﬁwf&e%bzﬁeéeeﬂ&dfeﬁchosen operational modes, which may include induction control, wake
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optimizationproblem-are the-optimabmixing, and possible combinations thereof. The proposed approach is demonstrated here
using wake steering alone, but the method is general and all other operational modes could be readily included.

Current WEC methods are based on the offline calculation of steady-state control setpoints, which are typically scheduled
as functions of ambient conditions, such as wind speed, direction, and possibly other parameters in order to capture additional
effects
is solved for each combination of scheduling parameters. The total number of necessary optimizations depends on the desired
resolution (i.e. on the size of the bins used to discretize the parameters and the number of considered combinations). At
run-time, the current ambient conditions are detected and used to gauge from the precomputed setpoints the ones that need to be
dispatched to the turbines in open loop (?). This method has the advantage of moving any computationally-heavy optimization
to the offline phase, while the run-time execution is extremely fast and safe, because setpoints are sourced from a precomputed
and verified pool. Dynamic (model predictive) approaches optimize performance over a prediction horizon, which might lead
to improved performance compared to the just-described steady offline case (?). However, such methods require more complex.
dynamic flow models. shift the computationally-intensive phase to the execution time, and generate new solutions at each call,
which renders their verification for safety an additional challenge.
economic optimization problem should be formulated over a potentially very long time horizon (the entire lifetime of the farm,
or a fraction of it). This would require the solution of a time-marching problem, which however would come at a potentially.
overwhelming computational cost. To make the problem tractable, we use an approach similar to the offline one described
above. First, we bin the ambient parameters and we count the frequencies of their combinations. Next, we solve the optimization
problem that yields the control setpoints for each turbine-in-the farm-as-functions-of-ambient-condition-combination of binned
parameters. The crucial distinction with the standard offline method described earlier is that now the solution is performed in
one single shot, i.e. simultaneously considering all binned combinations with their respective frequencies. This clearly increases
the computational cost, because instead of many decoupled optimizations we now solve one single large one. However, this
approach has the key advantage of coupling the effects of the control actions together. In fact, as we wrote earlier, a control
action taken in some operating condition consumes some fraction of the lifetime, and therefore changes the room left to other
control actions that will be used in other operating conditions. By taking this coupling into account, we can include lifetime
directly into the formulation (as a constraint), instead of working with DEL reductions or other unclear proxies.

Other advantages of the standard offline approach are retained here. In fact, while the solution may be expensive, it is
still performed completely offline, and at run-time setpoints are readily obtained from the precomputed ones based on the
current ambient conditions. And here again, setpoints can be verified before they are actually deployed to the turbines, thereby.

?). Since each ambient condition with its associated control action is independent from the others, a separate optimization
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1.3 Application scenarios

As explained, our proposed WFC method departs from the current literature by (i) using a model of profit as economic

optimization objective, and (ii) incorporating a desired lifetime as a constraint, thereby taking into account the room left by each

control action to the others. While this paper highlights the combined use of these two innovations, it is important to realize
that they can also be applied separately. H-In fact, if component damage is not a major concern (for instance, at a site with a

mild environment relative to the turbine design limits), the lifetime constraint can be omitted, while still using the economic

value function to drive the optimization —Fhis-towards a maximization of profit. Eliminating the lifetime constraint reduces

the computational cost (because independent — instead of coupled — optimizations can be performed for every combination
of binned ambient parameters), while still offering a clearer optimization goal over existing formulations that blend power

production and loads with arbitrary weighting factors ?)-—Alternatively,a-different-(fature-better)-economic-merit function-can

This new economic lifetime-aware control framework aHews-wind-farm-developersina-can be used in different phases of a
project. In a pre-deployment phase, a wind farm developer could use it to make informed decisions on the economic viability of
various alternative operational scenarios. For instance, a developer could compare a shorter lifetime duration of the plant due to
higher power capture (but also higher loading and hence higher O&M costs) followed by decommissioning vs. an extension of
the plant lifetime beyond its initial intended duration thanks to a less aggressive capture and less loading. Mereeverln a second
phase, once an optimal life management strategy has been selected, the wind farm operator can deploy the corresponding

lifetime-aware controller to operate the turbines in a-the chosen profit-optimal way, while ensuring that the specified lifetime

goals fer-the-turbine-compenents-are met.
1.4 Scope and organization of the work

The economic model of profit used here is simple, one of its main limitations being the crude link between the effects of loads
and O&M costs. While this is due to the limited open literature existing on this important — although little investigated — topic
it is clear that better models, as those surely available at several major companies, could be readily used within this approach

without significant modifications.
An experimental validation of the proposed WFC methodology was recently conducted by wind tunnel tests —(?). The

experiment involved three model turbines in a boundary layer wind tunnel, where a turntable was used to simulate dynamic
variations in wind direction. The control strategy, based on wake steering, was synthesized using power and damage estimators.
The proposed strategy was compared to conventional greedy operation and the classical maximum power strategy. Results

showed how the new control approach not only improved the economic performance of the wind farm, but also ensured
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operation over the desired lifetime. In this paper, we develop a more detailed description of the economic lifetime-aware WFC
formulation than the one of -?, and we demonstrate the new method in a simulation environment.

The rest of this paper is organized as follows. The proposed economiclifetime-aware-WHE-approach is presented in Sect. 2.
This is followed in Sect. 3 by a detailed description of the optimization framework in-Seet-—3;-together-that, with its supporting
tooksmodels and tools, enables the caleulation of the profit-optimal control laws. Next, the propesed-strategy-and-a-few reference
WECformulations-are-in Sect. 4 the economic lifetime-aware WEC method is applied to two case studiesin-Seet—4, considering
various performance indicators, including power, loads, andifetime-duration-lifetime duration and profit. Results are compared
to_some alternative WFC formulation sourced from the recent literature. Fhe seetion-inctudes-a-diseussion-on-the resuits;

n—Finally, conclusions

and key findings are discussed in Sect. 5.

2 OptimizationproblemLifetime-aware wind farm operational optimization

2.1 Operational optimization for profitabilit

We consider the problem of optimizing the way a wind farm is operated in order to maximize its profitability.
Profit expresses the trade-off between control actions aimed at increasing the revenue generated by power yield, and those

designed to mitigate the economic cost of fatigue damage (??). In order to optimize for profit, a suitable economic model is

required. The economic model builds on a physical model expressing the effects of the control actions on the flow within the
farm, and hence on power capture. In turn, power yields revenue, gained by selling electricity. The same flow model informs a
load model that provides the fatigue loads on the turbines, whose accumulation finally yields damage. In turn, damage enables
the calculation of O&M costs and lifetime duration, the latter affecting again revenue.

Section 3 explain how these various models can be formulated and connected together in order to enable the operational
optimization of the farm for maximum profitability.

2.2 Operational time horizon

The operational optimization is performed over a certain time horizon.
In a first scenario, this temporal horizon is unknown. In other words, the solution of the damage-accumulatedunder-various

nd ond on—dire o —tha rams Aratiom o a0 ha hine—A o - atimae FHO—S = nd-—farm
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soperational optimization yields the way the turbines should be operated, but
also the length of time over which the wind farm should be run. Extending the operation beyond that optimal duration would
result in a smaller profit, for example because of an excessive costs due to the aged turbines, or because replacing them with
more modern machines would be more economically profitable, or various other reasons.

turbines-operate fora-speeified-duration-In a second scenario, the operational optimization of the wind farm is defined over a
known desired temporal horizon. In this case, for example, a developer might want to ensure that a new wind farm is operated
with maximum profit for a duration of at least X years. Another example might be the one of an operator that owns a farm that
has been running for Y years. and now wants to optimize the economic performance of that farm for the nextZ years.

This work considers this second scenario: we want to ensure that turbines in a farm are operated in a profit optimal wa
for a desired period of time without exceeding a predefined fatiene-damage threshold. This threshold may represent the design

lifetime of the turbine-turbines or a desired fraction of the remaining useful life, depending on the geals-of-the-wind-farm
operator—Thisstep-is-erueialscenario (see later in the results section for an example). Clearly, the ability to reach a desired
duration has economic implications, as failure to meet-the-thresheld-do so would result in revenue losses due to the reduced
turbine lifespan—The second-lifespan. Published WFC formulations can not guarantee that this objective is met. The present

2.3 Accounting for lifetime in operational optimization

Although ensuring a desired lifetime has a clear economic advantage, it also drastically complicates the problem of designin
a controller capable of achieving such a goal.

To understand this aspect of the

problem, consider a standard wind farm controller based on the offline optimization of steady-state simutationssetpoints and
their subsequent online open-loop dispatch to the turbines (???). Ambient conditions are characterized by combinations of
parameters such as wind speed U, direction I, turbulence intensity (TT) /, and possibly others. Such conditions have an effect
on the wakes that couple the turbines together in a farm. To account for such effects, the atmospheric parameters are first
discretized into bins and combined to create a finite set of discrete ambient conditions. Next, setpoints are calculated for each
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one of these discrete ambient conditions. Since there are no couplings among the different conditions and among the associated
control actions, multiple independent calculations of the setpoints can be performed.

Fhe-optimization problem-ean-be-written-as On the other hand, a different approach is necessary when lifetime needs to be
precisely accounted for. This is due to the fact that fatigue damage in a turbine component accumulates in a complex way over
its lifespan, influenced by all encountered ambient conditions and all performed control actions. Consequently, the damage
accumulated at a given time in some given wind condition directly affects the remaining operational life of the turbine.

2.4 Lifetime-aware operational optimization in the time domain

As a result of this coupling among actions and over time, the design of a fatigue-aware wind farm control policy can not be
erformed for separate conditions. Instead, it is formulated as an optimal control problem (?) in the time domain ¢ defined over

a desired lifetime horizon 7', which writes

maxuzu(t) / (Revenue(Wa,(u(Nt),Nt) — Cost( a,(u(j),,t)) dt, (1a)

T er

subject to

D;{(W,,u) < Dy,

ref

Vie Nand VeeC,

D¢(T)< DS Vie N,VeeC, (1b)
utt <, (t) <u™ Vie N. (Ic)
and-

umln S u S u]"ﬂaX .

In the open-horizon scenario described
before, the duration 7" is an unknown of the problem, together with the control actions u(#). Although this problem is clearly
very relevant for developers and/or operators, here we study the simpler problem where 7" is given, and we call it the goal
(desired) duration. As it will become apparent in the following, even this simpler problem is complex and expensive, and

therefore it will be the sole focus of this work.

2.4.1 Optimization objective

The optimization problem expressed by Eq. (1) accounts for the economic value accrued through power generation, as expressed
by function Revenue(-)and-the-incurred-economie-cost-due-to-, but also for the economic cost incurred through maintenance

activities and lost lifetime




the-lifetime-TIn-the-present-workthe-considered-as quantified by function Cost(-). Profit is the difference between these two

255  quantities.
Notice that in Eq.

the present worth of future cash flows. The role of discounting in economic WFC is discussed in Sect. 3.4.3.

1a) revenue and cost depend explicitly on time ¢ because of time-discounting, which is used to estimate

2.4.2  Optimization unknowns

Revenue and cost depend on the control actions u(t) = [uy (¢

The control actions u(t) represent the functional unknowns of problem (1), and they depend on the time-variable ambient
conditions W, (1), i.e. u(t) = u(W,(t)). In this work, ambient conditions are the-hub-height-wind speedt —wind-directionFrepresented
wllggggnvbvlggggqufwwgl/gggg@ direction, and turbulence 1ntens1ty€H9f}eﬂe€ed—as—P+estﬁ&ng+n—¥V—fU—I‘—H——Assuﬁnﬁg

i(t) 1s the vector containing the

265

— W, (1) = {U1),T (1), I(1)}.

The bound constraint Eq. (1¢) ensure that the setpoints u;(t) for each turbine i remain within desired lower (u™™) and upper

(") bounds.

2.5 Lifetime constraint

270 The optimization problem is subjected to the lifetime constraint expressed by Eq. (1b), which ensures that the resultinglifetime
damage-H-damage D7(T)) of component ¢ in the set of components C' for turbine i at the end of the desired lifetime 7" does
not exceed the damage threshold Prr—Thisparameter-Dg;. This threshold is an appropriate damage limit, which includes the
necessary safety factors. Clearly, there are several options for determining the-this limit. For instance, Prr-Dg, could be set to
the design limit, allowing the component to be utilized up to its maximum designed capacity. Alternatively, one might leave

275 a damage margin, ensuring that the component has a second lifeand-extending-its-overall-usage. Despite the various possible
scenarios, the underlying concept of this approach is to maintain control over damage accumulation while pursuing a specific
goal. Achieving this goal over a desired duration would not be possible without an explicit constraint to-gtide-the-process—n
this-work for a-given-component-e; D ris chosen-as-that ensures that the duration will be met.

If the constraint expressed by Eq. (1b) is violated, the problem is infeasible, This means that it is not possible to operate the

280 farm for the time duration 7" without exceeding the damage threshold. On the contrary, if the constraint expressed by Eq. (1b

is satisfied and
D§(T)—Dg;>0 Vie N,VeeC, 2)

then this means that the farm can be operated over the entire duration 7', and some damage margin is still left. Therefore
the farm could in principle be run for a longer period of time than the required 7. By knowing the initial damage at time



285 t =0 and the remaining margin at time ¢ = 7, the point in time when the damage threshold is reached can be estimated b
linear extrapolation. It should be noted that the optimization is not performed over this extra time duration. However, the
uantification of the extra profit that in principle could be achieved can be readily obtained by computing the extra revenue and

cost accrued over this extended lifetime.

To conclude the discussion on the lifetime constraint, a distinction should be made between a replaceable and an irreplaceable

290 component (e.g., the tower). A replaceable component requires some cost and downtime, after which the turbine goes back into

operation. An irreplaceable component, on the other hand, implies that the turbine lifetime is exhausted, and the machine has to

be dismantled. Although both situations should be taken into account for a general formulation, only the case of irreplaceable

components is considered here to shorten the notation and to ease the implementation. In the applications presented later, the
blades and the tower are treated as components, even the blades, for simplicity, being considered as irreplaceable.

295 2.6 Reformulation from the time domain to probability distributions

also be wasteful, as similar combinations of atmospheric parameters would appear over and over again during the optimization
300  horizon.

To address this hurdle, the atmospheric parameters (speed, direction, TI, etc.) are first discretized into bins. Next, time series

of the parameters are converted into discrete sets of ambient conditions W™ each being represented by a combinations of the
binned parameters. Countin

its occurrences, each ambient condition is associated to its probability £, To account for the

temporal variability of the wind climate, different probabilities f*™ can be used for each epoch y (an epoch being a certain
305 duration of time, for example one year), with y € Y, Y being the number of epochs in the time horizon 7.
Next, the control setpoints of each turbine u;, instead of depending on time ¢, are assumed to depend on the discrete ambient

conditions, i.e. u; (W) and therefore for the whole farm u(W?°n

cost function appearing in Eq. (1a) can be approximated using combinations of binned parameters as

. the time-dependent

D= [ (Revenue(u(t).0)~Cost(u(t)) )t rDever 3 128 (Revenmue(u(W,) vi € Ny~ Costu(W3*).5)
—r o __ieE - R
(3

310

Notice that here we are assuming that the same
ambient condition will always trigger the same control response. While this seems to be reasonable, such assumption does not
necessarily hold for the time domain problem Eq. (1). While it would be possible to allow for this extra freedom even here, by
assuming a different set of control setpoints for each epoch, this approach is not pursued further because of its extra cost. A

315 further discussion on this aspect of the formulation is developed in Sect. 3.4.3 with reference to time discounting.

10



By moving from the time domain to probability distributions of discrete ambient conditions, the problem expressed b
Eg. (1) is reformulated as

maxz > fon (Revenue(u(W5™),y) — Cost(u(W5"), y)), (4a)
y€Y bineBins

subject to
320 D{(T)< DS Vie N,VeeC, (4b)

The unknowns of the reformulated problem are the turbine discrete setpoints for each ambient condition u(WZ™"). As for the
original problem, even the new one is subjected to damage (Eq. 4b) and bound (Eg. 4¢) constraints.

This reformulation drastically decreases the computational cost of the problem, as one does not solve anymore for time series

325 of control setpoints, but for control setpoints for each combination of binned atmospheric parameters, as commonly done in
standard power-boosting WEC.

As for this standard approach, even here the optimization is performed offline, while online — once the current ambient
conditions have been determined — the corresponding setpoints are first sourced from the pre-computed solution and then
dispatched in open loop to the turbines in the farm (?2?). This means that all expensive calculations are relegated to the offline

330  case, and that the setpoints can be verified for safety before being implemented in the field.

2.7 Reference control formulations

In addition to the proposed formulation, in the following referred to as “Max-profit”, another five WEC strategies are used

in Sect. 4 for comparing in various scenarios the performance of alternative control strategies. We consider greedy control,
power-boosting control, and three load-aware formulations that account for component fatigue. Except for the greedy case,

335  all formulations use wake steering, subject to the same yaw misalignment bounds. A brief description of each of these WEC
strategies is provided below.

1. “Greedy”. This formulation represents the standard operational mode for most existing wind farms. Following this
approach, each turbine in the farm operates independently from the others to maximize its own power capture, b
orienting its rotor to face the local wind direction. This formulation serves as a baseline for comparison.

340 2. “Max-power”. This formulation corresponds to the classical AEP maximization (or power boosting) by wake steerin
(2). The optimization problem is stibj i s . ;

w2 denote-the-lower-and-upper-bounds; respeetively—formulated as

m‘?x Z Z bin ZP Wbm ) (5a)

y€Y bin€Bins i=1

11
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3.

4.

subject to
uMt <y (WPEIn) < ul"™ i € N, V bin € Bins. (5b)

The cost function represents the overall farm power output for all ambient conditions with their probabilities during the
lifetime duration. Maximizing this quantity corresponds to maximizing revenue for a fixed price of electricity.

3

‘Load-constrained”’. The formulation targets revenue while limiting loading on the turbine components, and it is adapted
from the discussions in ? and ?. The optimization problem is expressed as

max Z Z (th; Revenue(u(W0m), ¢), (6a)
y€Y bin€Bins

subject to

D(u(WhM) < Kmax DS(WP) Vi€ N,V ceC,V bin € Bins, (6b)
uMit < vy (WPIM) < ul"™ Vi € N, V bin € Bins. (6¢)

The damage limit for a given component ¢ is defined as the maximum damage observed across all turbines in the baseline
reedy case, scaled by a factor K. This parameter represents the safety factor typically applied during the turbine design

hase to account for additional loading during operation and all other uncertainties. The damage limit is set individuall
for each ambient wind condition bin WP within the full set of wind conditions, W/,.

3

Load-balance”. This formulation balances power production and loading, following the discussions in ?, ?, and ?. The
optimization problem is expressed as

N

max (Wpd 30 /25 S R(u(Wh™) = 3 W5 Y max D (u(Wh")). (Ta)
h yEY bineBins =1 c€C binBins

subject to

uMit <y (WPEM) <u™®™ V4 € N,V bin € Bins. (7b)

The cost function is composed of two terms. The first represents the total power generated by the wind farm. The
second term is designed to prioritize turbines with a higher available fatigue budget, stressing them more than those with
greater accumulated damage, thereby ensuring a more balanced load distribution throughout the farm. To achieve this
effect, function max D7 selects the maximum damage accrued across all turbines for a given component ¢. The weight
M&M&WPMIWMWW&&W
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“Lifetime-revenue”. This formulation is a modification of the proposed one, where the optimization objective targets onl

revenue instead of profit, and writes

max Z Z o Revenue(u(W9™), ), (8a)
€Y binCBins

subject to

DI < Dy WieNYeel, a»

3 Optimization framework

Sotimization f 1 owith-block ol - el toolchain.
This section describes the optimization framework designed-that was developed to compute the optimal control setpoints for

a wind farm using-according to the proposed economic lifetime-aware WFC strategy. Elements of this framework are also used

for implementing the alternative strategies described in Sect. 2.7. An overview of this-the framework, including its underlying
models, is depicted in Fig. 1. The framework takes as input binned site-specific wind conditions W-as-irput- WO with their

robabilities of occurrence f2" and generates optimal control schedules w{W}-u(W?5") for all turbines in the form of look-up
tables.

model toolchain con-
sists of several components: a wind-farm-fast wind farm engineering flow model (Sect. 3.1), a fatigue load surrogate model
-(Sect. 3.2), a damage estimation model (Sect. 3.3), and an economic model -of profit (Sect. 3.4).

The upper branch of the toolchain follows established research and industry practices for estimating the power produc-
tion of the-wind-farm—a wind farm (?), which is then converted into economie-revenue by the economic model. The lower
central branch tackles the more complex task of estimating the impact of the operational strategy on the fatigue of the turbine
components.

In-this-preeess;-To this end, for each turbine, its rotor inflow conditions are translated-first mapped into DELs, which are

then aggregated to estimate the-damageto-each-specific-component—The sated-damage-serves-tweo-purpeses—First+h

13
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Figure 1. Graphical visualization of the computational framework supporting the implementation of the economic lifetime-aware WEC

strategy.

of-each—merit function and constraint that define the optimization problem. An optimization algorithm is used to solve the

resulting constrained maximization, which finally yields the control setpoints, as shown in the lower branch of the figure.

Each individual model block is discussed in the following.
3.1 Wind farm flow model

The flow model simulates wake interactions within the wind farmand-maps—, first mapping the ambient site inflow W, to
turbine-specific inflow-eonditions-and-power produetion-inflows, and then estimating the production of each turbine by a
power model. Steady-state engineering wake models offer a suitable compromise between modet-accuracy and computational
expensecost, which is the-reason—for-one of the main reasons behind their widespread use within-industry-and-researeh-in
industry and academia (?). Furthermore, their modular-architeeture-and-tunable parameters allow for ealibrating-models—to
better-mateh-the-site-conditionssite-specific calibration. The present study uses the open-source toolbox FEORIS-Floris (?).
Real-world wind farm flow fields are influenced by additional factors such as terrain-and-farm-boundary-layer-interactions

terrain-induced effects and interactions between the farm and the atmospheric boundary layer. Models of these effects are
being developed «(?), or can be learned-learnt, augmented and/or tuned from operational data «(?).

The flow field predicted by the model at each turbine rotor disk is first used, through a turbine-specific power model, to compute

the power output of each turbine and then of the whole farm. As shown in the upper branch of Fig. 1, power is then fed into
the economic model to estimate revenue. In the lower branch, the surrogatetoad-modetrequires-local wind speed and tur-

14
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proeessing-Figure—tare provided as input to a surrogate load model (see Sect. 3.2).
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Figure 2. Streamwise velocity field for a two-turbine cluster, modelled with Floris. (a) Horizontal plane at hub height. The indicated sector

visualizes the wind direction sweep used later in Sect. Al. (b) Distribution of the longitudinal flow speed just in front of the downstream

turbine (see dashed line in panel a). The figure includes the outline of the rotor, and its left and right quadrants used by the surrogate load

model (see Sect. 3.2).

Figure 2b illustrates the streamwise velocity field just upstream of the rotor of the second turbine, as extracted from FEORIES-

HApi 2y-Floris. In this work we use the Gaussian wake deficit model (?) because of its ability to capture th
non-uniform distribution of the flow speed in partial wake impingements, as the one shown in the figure. The model includes

the tuning parameters k,, kg, k,, and k;, that, in pairs, control the far-wake onset and decay, respectively. In contrast, simpler
stbmodels;-sueh-as-the-the simpler Jensen velocity model s-weuld-only-provide-aerude-provides only for a cruder representation
of the inflow due to their-the assumption of a simple-top-hat profile (?)-In-combination-with-the load-modelit-was-observed

tarbulenee by 2-arefound to-be-inaceurate(?); it was found that such level of approximation is not accurate enough when
loading needs to be computed.

Wake-added turbulence is another important parameter for an accurate estimation of loading. In particular, the model by ?
was found not to be sufficiently accurate in partial wake situations;~. Similarly to the Jensen model in the just-discussed case
of wake deficit, this is primarily due to the overly simplified, top-hat-like turbulenee-profile-profile of turbulence assumed by

the Crespo-Hernandez model. To address this problem;-the-medelwasreplaced-with-the-ene-of limitation, we implemented the
model proposed by ?, which features an axisymmetric double-Gaussian TI profile.

15
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Additionally, the model equations were enhanced by making the parameters kg, k., and ky tunable, which respectively
allow for the calibration of the maximum added TI, of the profile width, and of the peak distance;respectively—For-the-veloeity

3.2 Load surrogate model

Following the lower branch in Fig. 1, the load model bleckis-the-second-stepin-estimating-is tasked with mapping turbine-specific
inflow conditions to fatigue loads, which in turn enable the estimation of turbine lifetime and maintenance costs. As surrogate
models are relatively new, the present section gives a brief review of the formulation that was used here.

The load surrogate model predicts short-term DELs for monitored components (load channels), which are then used to
calculate the-damagemetriedamage. Loads depend primarily on the local inflow conditions at the rotor disk of a turbine.
As shown in Fig. 2b, impinging wakes significantly alter the characteristics of the incoming flow field. Additionally, leads
self-loads are influenced by the control actions ef-the-performed by a turbine. For example, performing—wake steering-by
misaligning-the-upstream-turbine-misaligning a turbine to steer its wake can affect the loading of its various components to a
different degree (?).

Typically;complex-aero-servo-elastie-Aeroservoelastic simulations are required to estimate DELs at the component level.
Running To include the effects of wakes, here we use FAST.Farm (?), a tool that computes the generation of wakes with their
meandering and evolution (?) in a turbulent flow field, here based on the Kaimal model (2), together with the impingement
of the wakes on downstream wind turbines. We use the extension proposed by ? to provide a more accurate description
of wake-added turbulence. Both wake-shedding and wake-impinged wind turbines are modelled with the acroservoelastic

However, running these simulations within the-optimizationframework-is-an optimization, as in the present case, is clearly
computationally infeasible. Fhistimitation-

In fact, the complexity and cost of the simulations needed to predict DELs has led to inereasing interestan increasing interest
of the recent literature in load surrogatesin-both-research-and-industry—Several-approaches-. These are fast models that predict
DELs by “interpolating” within a large database of pre-computed results. While the generation of the database may require a
very substantial number of complex simulations and therefore a high computational effort, the sourcing from this substantial
data pool of the DELSs that are relevant to a given condition can be done very efficiently at run time. Hence, load surrogates are
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key for the inclusion of loads in any situation where one needs to compute DELs in a large number of different conditions, as
Several approaches for load surrogates have been proposed in the literature -(?????). However, these methods are often
site-specifies requiring retraining-when-the Jayout-changeslayout-specific, requiring a dedicated training for any given wind
farm, or fail to account for the complex-effects-of-yaw-misalignmenteffects of control actions on self-induced loads and those
experienced by downstream turbines.
The present work adopts the load surrogate approach proposed by -?. This surrogate is location-agnostic, in the sense that a

single model can predict loads at any turbine-pad within an arbitrary wind farm. This surregate-is-alse-is obtained by mapping,

through a neural network, some selected features of the inflow at the turbine rotor disk with the DELs experienced by chosen
components. Since the mapping is between the inflow at a turbine and the DELs of that same turbine, it is not necessary to know.
where the turbine is located, but only its wind inflow. The present surrogate is also control-oriented, inr-the sense that the effeet
of control-actions tyaw misalignmentor-in the sense that the effects of control actions (yaw misalignment or down-regulation)
on-fatigue is-inherently-eaptured-) on self-fatigue are accounted for.

3.2.1 Model-design
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3.2.1 Inflow characterization

The description of the turbine inflow that serves as modelnputinput to the load surrogate has a crucial importance. Simply
using the fully resolved velocity field is-not-an-ideal-generated in FAST.Farm of other similar mid or high-fidelity models is
not a practical choice, as machine learning models tend to “learn the noise” present in the turbulence. Therefore, in addition to
requiring a very large number of inputs, the model would perform well on the training data-set but poorly on test data «(?). To
avoid this overfitting problem, it is necessary to define suitable reduced-order quantities that minimize noise while retaining
enough infermation-informational content to adequately characterize the flow field from the point of view of its effects on
DELs.

Additionally, the inflow description must account for the fact that two flow models of different fidelity are used during two

different steps in the process. During dataset-generation-the generation of the dataset later used to train the surrogate, a mid-
fidelity dynamic wake meandering model, here implemented in FAST.Farm )-dynamically simulates-the-wake-displacement(?)
, simulates in the time domain the wake evolution caused by ambient eddies. The-meodelalsorelies-on-an-engineering deseription
of-wake-decay-due-to-smaller-seale-turbulenee(?)-In contrast, the optimization framework uses-a-used to synthesize the farm
control laws is necessarily based on a computationally cheaper low-fidelity, steady-state engineering wake-model{flow model,
here implemented in FEOR o-estimate-the-turbine-inflow;-as-shownfor streamwise-veloeity-in-Fig—2b-Floris (?). Although

both models share some similarities, e s el

mid-fidelity model—there is an unavoidable mismatch between the flowfields generated by the steady-state engineering model
and the mid-fidelity dynamic one.

To-address this-problem; here-we-tsed-This problem is addressed here as follows.

First, the defaul Crespo-Hernandez (?) top-hat wake-added turbulence model in Floris was replaced with the ? model,
because of the similarity of its double-peaked TI with the model implemented in FAST Farm (?).

Second, to improve the match between the engineering steady-state model and the dynamic one, all free model parameters
of the former where calibrated using the dataset generated with the latter. The calibration of the parameters was obtained with

the “wind farm as a sensor” method, which uses a maximum likelihood approach to identify corrections to the baseline values
of the parameters (?). This model tunin

is obtained as the optimization of a cost function combining the residuals for power

and rotor-average TI on each rotor disk in the farm for all ambient conditions of interest (see gray branch in Fig. 1).

Third, we use a slightly modified version of the inflow characterization, compared to the one presented in ?. Instead of

relying on sector-averaged inflow quantities, this work utilizes three rotor-averaged inflow quantities (RAIQs), namely the
rotor-averaged wind speed (RAWY), the rotor-averaged turbulence intensity (RATI), and the rotor-averaged horizontal shear

RAHS). This approach simplifies the complex local inflow across the rotor by reducing it to only three representative variables.
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Although the sector-averaged inflow quantities of ? offer an improved accuracy, the present simpler approach still contains

sufficient information to capture DELs -

The RAWS is defined as the mean wind speed across the rotor disk, i.e.

2T R

RAWS = U(r,y)drdy.. )]
/]

Here, U(r,v) is the local wind speed at a given point, with r and v being the radial and azimuthal coordinates, respectively.

Similarly, the retor-averaged-turbulence-intensity (RATIH-RATI is defined as the mean TI across the rotor disk and written-as

Is written as.

2m R

RATI = I(r,y)drdy,, (10)
] .

0 0

where I(r,1)) is the local TI at a given point on the inflow plane. Finally, the retor-averaged-horizontal-shear (RAHS>RAHS
represents the heterogeneity of wind speed across the rotor disk in the lateral direction. RAHS is particularly useful for char-
acterizing cases of full or partial wake overlap. The definition is based on -2-and—? and ?, using the left and right quadrants of
the rotor disk, as visualized in Fig. 2b. The left and right quadrant-equivalent wind speeds can be calculated as

3/4m R

Usight = / / U(r,y)drdy ,, (11a)

w/4 0

7/471' R

Uleftz//U(r,z/J)drdw: (11b)

5/4m 0

The horizontal shear coefficient RAHS is estimated under the assumption of a linear variation in wind speed along the lateral
direction. It is further assumed that the quadrants sample the inflow at pesitions-eerrespendingte-+2/3 of the rotor radius, as
described by -?-and—? and ?. Thus, RAHS can be calculated as

3 Uright — Uleft
RAHS = = &&= | 12
2 Urighl + []left - ( )

An iHustrative-example of the behavior
of these three RAIQs is illustrated in Appendix Al with reference to a wind direction sweep for the two turbines of Flg Al
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3.2.2 Damage equivalent loads

Given a load time series at a selected component location obtained with the FAST.Farm simulations, DELs are estimated for a
10-minute time window using the Rainflow counting algorithm and the classical formula

(S L)\
piz - (=), 3

as described for example in ? and in ?. Here, n; is the number of load cycles of amplitude L;, N., is the equivalent number
of cycles (taken conventionally to be equal to 2 - 105 cycles over a lifetime of 20 years), and m is the Wohler exponent of the
S-N curve of the component material. Typical values for the material constants are m = 10 for the polymer of the blades, and

a relv-recove OV dthe-asmbirent-vwiand-speed he-wind-dire oR-ove SITEY ora-th . a n-cOn ha R A

In this work, we consider two load channels, one at blade root and the other at tower base. Both are obtained by projecting
the bending moment components (flapwise and edgewise for blades, fore-aft and side-side for the tower) along the maximum
damage direction. See ? for details on this projection.

3.2.3 Surrogate load model

After having defined the inputs (RAIQs) and outputs (DELs), the RAT -deereases-toward-the-ambientF-value—Finallythe

a a o 4

D )

the-lateral-direction-of-the rotor-disksurrogate load model can be synthesized from a sufficiently complete pool of data. The
dataset is obtained by running wind farm aeroservoelastic simulations for a given turbine type and a reference farm layout
chosen to create single and multiple wake overlaps. Here, these simulations were conducted for a regular three-by-three layout.

resulting surrogate is applicable to other layouts, as long as the flow and load conditions experienced by the turbines in these
different layouts can be inferred from the ones present in the reference one.

the ambient parameters (here wind speed, direction, and turbulence intensity) of synthetic turbulent wind fields of 10-minute
duration, and of the control setpoints (here, yaw misalignment). For each simulation case, enough turbulent seeds (here, 24
should be run to ensure statistical convergence.

20



595

600

605

610

615

620

~For each simula-
tion case and each turbine, the RAIQs were-are recorded from the flow field, along with the prejected-DELs-at-bladeroot-and
tower-base—

Fwo-artificial neural networks tANNs)were-corresponding DELSs at the components of interest. An artificial neural network
(ANN) is then trained to predict fhe%}adﬁeeHBELs—&ﬂd{ewefbasHBEbs—fespeeﬁve}y—uﬂngDELs from the RAWS, RATI,
RAHS, and control sefpem%vaﬂab}e& -setpoints as inputs.

Each load channel is associated to a separate ANN. In this work, ANNs consist of a single hidden layer with 30 neurons, using

hyperbolic tangent sigmoid activation functions, and are implemented and trained using the Matlab Deep Learning Toolbox
?). Training is based on the minimization of mean squared errors, using Bayesian regularization.

in Appendix Al. Results indicate that DELs can be estimated with good accuracy when RAIQs are computed from the inflows

enerated by the fast engineering wake model (Floris) (which is indispensable for the application pursued here, because of
computational cost reasons), notwithstanding the unavoidable differences with the inflows produced by the higher-fidelity
dynamic model (FAST.Farm).
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3.3 Damage model

The load model provides a set of DELSs for each site ambient condition in the set W ,. However, DELs are primarily representative
quantittes-used to compare the effects of different operational conditions. To quantify the actual impact of fatigue on each com-
ponent, DELs must-should be converted into mechanical-fatigne-damage;—~which-must-then-be-damage, and then aggregated
across the range of ambient wind and operating conditions experienced over the lifetime of the-a turbine.

Accurately estimating the actual damage suffered by a component requires detailed information about its shape, geometry,
and structural characteristics. However, such level of detail is beyond the scope of this work, and — more in general — it is
typically only achievable by the designer of that component. Therefore, here we adopt the approach outlined in ?, where the
fatigue damage D4, for a given equivalent load DE L4, over the time duration At ean-be-ealeulated-as-is calculated as_
(DELS,)™ - N5

Dy, =
At (2 i Lu)m

__Vee(,, (14)
where L, represents the ultimate load obtained using the material stress curve (?).
3.4 Economic model

The economic model estimates the overall (lifetime) net economic profit by combining revenue from power production with
cost from fatigue damage, yielding the optimization objective in Eq. (1a) (and hence also in Eq. 4a). It should be noted that
the economic merit function used in this study is a simplified version sourced from the open literature. While this provides for
a useful simple approximation, it is essential to acknowledge that wind farm operators and developers, with access to more
detailed operational data, are in a much better position to create more precise economic models than the one used here. Fhenet

3.4.1 Revenue model

The revenue model estimates the economic value of supplying the-wind-farm-power to the electricity grid as

~

N
Revenue(W,,u) = RL(WQ);ZH(EEWGE)J, (15)
i=1

where R—R is the electricity market price, the-F; denotes the power generated by ¢-th turbine, while the total power yield
of the wind farm is Zfil P;and—P—denotes-the-power-generated-by—-th-turbine—. As explained, yield depends on ambient

conditions W, and the control actions u that are triggered in response to them.
Electricity market prices are volatile and vary across years-time and regions. The power output of the-wind-farm-direetly

influenees-a wind farm may directly influence these pricing patterns, especially as the share of wind power in total generation
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erated by the wind farm during these hours results in lower revenue, creating a negative correlation between wind farm yield
and market price.

While the relationship between wind conditions and spot-market prices is complex ;-as-diseussed—n—25-(2), a simplified
model is used in this work. This model captures the dependency of market price on ambient wind speed through a polynomial

equation, which is sufficient to represent the observed negative correlation (??). The follewingexpression-is-considered-in-this
work; model writes

Rl(wa) ZRavg;(ﬂ’l 'Ugo +ro- UQLLJ-l-[rg : Uggj +ﬂ’g§gj)y (16)

where #1—2-1(_3 denote the parameters of the third order polynomial, and U is the wind speed. A best fit was obtained using

the MATLAB Curve Fitting Toolbox 7)~(2). For improved accuracy, the electricity market price is normalized by the annual

average price Ry, as discussed in ?. For details regarding the performance of this regression model, refer to 2.
Historical spot-market prices from the German energy market, along with the ambient wind speed data from a wind farm
in the same market region, were used as input for the regression. Fer-improved-aceuracy,the-eleetricity-market-price-was
. ' . reraan_ e . . . . > The

Raveas-eiseuss 2. srecarding regressio
resulting correlations between spot market price and wind speed at two locations in Germany are shown in Fig. 3, which was
adapted from Fig. 8 in ?. In the examples considered later in this work, the correlation for the site in the north of Germany was

used.
The-second-component-
T [ T 1 T T T
= 100 % § B o & o= = + @
g b3 = ? ——e=—e=—3 = ==
=S 0~ T T 7T * 1 ‘
TP M E: i
100, I I I ! I I I I I |
QA2 a0 g3l 80 1D o8l G0 \,\gb« '\657’ 20 2%
' T T T T % ' [ '
o E 100 + P E s Loz R T (b)
8 : e = :
=S 0+ = S S S + % ‘E\ b
o g 1 + F l
=100 - | | | | | | T | | | 1
Ya 2 25,30 20 31 o1 e " ® ®

Wind speed [ms'1]

Figure 3. Spot market price vs. wind speed at 50 m for a site in the north (a) and in the south (b) of Germany. In the boxplots, the central
extend to the most extreme data points not considered as outliers, whereas outliers are plotted individually using a red "+’ symbol. Above
1552 ms ", the curve is extrapolated. Adapted from Fig. 8 of 2.
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342 Cost model

The second element of the profit equation is the cost model, which estimates the maintenance expenses arising from accumu-
lated damage to the components of each turbine in the wind farm. Maintenance costs are generally divided into two categories:
scheduled (preventive) maintenance, and unscheduled (corrective) maintenance ~(?).

Scheduled maintenance involves routine tasks carried out according to a predetermined time plan, often through continuous
or periodic monitoring of turbine components. Unscheduled maintenance, on the other hand, is performed after a failure occurs
and the operational readiness of the component needs to be restored. Unscheduled maintenance can also be opportunistic,
prompted by condition monitoring to prevent imminent failure.

? tdes-provide a summary of both maintenance categories. Maintenance costs are primarily driven by factors such as
equipment repair or replacement costs, the number of technicians required for repairs, failure rates, and operational downtime
losses. Scheduled maintenance costs are generally easier to estimate, as they are based on a predefined maintenance plan.
In contrast, unscheduled maintenance costs depend on stochastic factors such as mean time between failures, component
reliability, and repair time per failure -(?).

This work considers a simplified maintenance cost model, which aims-tries to capture only the fundamental aspects of the

complex, variable, and uncertain annual-nature of O&M eostcosts. The formulation is inspired by the discussions in -2--2-2, 2,

?,and ?. While it is clear that industry has certainly access to more precise cost models, the present one is deemed sufficient as

a proof of concept and could be readily replaced with a more accurate one without affecting the general formulation proposed
here.

The incurred maintenance eest-can-be-written-as-costs are written as_

Ce (W
Cost(W,,u) = Z ceeC %

ref

S DE(a(W,,u),), (17)
where-

Copes(Wa) = C-[(Ri(Wo) -CF- 3,0 €5 ;- P7) + €8]+ C5-[(Ri(W,)-CF- 3.1, Cf; - P) +Cgl.

where C¢_.. (W) are the operation and maintenance costs for component ¢, while D¢(u(W,)) is the damage in that component

for turbine 7, which in turn depends on the control actions u triggered on all turbines by the ambient conditions W .
Hora-given-componente-the-The operation and maintenance expense-E¢5—is-composed-of-costs are formulated as

c c N c T c T
(Copex(wa) = %schlost ((R(Wa)CF Zi:l( schdown,iPi )) + (Cschﬁxedp ) +
(Cﬁnsch]osl ((R(WG) CF Zzlil ((Cﬁnschdown,ipir)> + Cﬁnschﬁxedpr> . (18)

The first cost item, depending on coefficients C¢.. , corresponds to the scheduled maintenance expenses. The second cost item

depending on coefficients C¢ , corresponds to the unscheduled maintenance expenses.
Both scheduled and unscheduled expenses include fixed and variable eost-itemscosts. The fixed costs -deneted-as-Ct—4;

acecount-for-the-averagerepair—costinclading-are assumed to be proportional to the average turbine rating P” through the
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coefficients C¢, for scheduled maintenance) and C¢ (for unscheduled maintenance). These repair costs account for

equipment, labor, and operational personnel expenses.

The variable costs represent the opportunity cost incurred dte-to-because of production losses during turbine maintenance -

In-Eq—(18b);-thefirst-cost-item;-consisting-of parameters-Cfcaused by component c. For scheduled maintenance, €4;-and

‘Fhe-opportunity eostin-the variable component is-estimated-these are proportional through coefficient Cly o to the revenue
W@@&W% the product of the electricity market price R;—the-average-dewntimefor-the
R and the corresponding lost wind farm yield. The average-yield
latter quantity is calculated as the product-ef-the-sum-sum of the products of the rated power output-P—of-al-turbines-outputs
P/ of each turbine and the turbine component unavailability caused by downtime €l 4445, multiplied by the wind farm

capacity factor CF. A similar formula applies to the non-scheduled maintenance, with coefficients C_ ;.. and C¢ .
The-O&M expense-is-expenses are then linearly amortized in Eq. (17) over the reference damage PG-Dy; to determine the

maintenance cost due to the incurred damage 27Dy . The total maintenance cost is obtained by summing the costs for each

individual component.

in-Among other simplifications, the

model does not account for the teething and ageing effects that typically lead to higher costs at the beginning and end of the

3.4.3  Time discounting

When performing an economic analysis over years-long horizons, it is customary to discount the value of future cash flows
the underlying idea being that the value of one euro in the far future is less than the value of one euro today. Following this
approach, the net present value (NPV) of economic profit is calculated as

T
Profit(-) Z Revenu(elt(j}];)tCostt(-) 7 (19)

where D denotes the discount rate (??).
When evaluating a given control policy, it is necessary to use time discounting to reflect risk, inflation, and opportunity cost.

However, the situation is different when designing a control policy, for example when solving an optimal control problem such
as the one of Eq. ie-meri i in-thi s a simolif :

In fact, consider a situation where control actions not only depend on the ambient conditions, but are also allowed to change
eve ear; in other words, the same ambient conditions trigger different control actions depending on the year of operation.
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Since, by using the NPV, profit is discounted over time, the effects of the control actions tends to fade away as time progresses,
which means that their performance can decrease in time without significantly affecting the overall lifetime profit optimization
objective. However, when that later time finally comes, one would be obliged to dispatch those less performing control actions.
In fact, failure to do so would violate the lifetime constraint, as damage had been computed by using those same control
actions. But dispatching the less performing actions would clearly be a suboptimal choice, as better ones had been computed
and used in earlier years. This seems to discourage the use of time discounting in the solution of lifetime-aware optimal control
problems.

Consider now the situation where discounting is used. but the same better performing control actions are used for each
ambient condition, no matter the year of operation (here we are assuming that no other external factors are present, such as for
example a change in the state of health of a turbine, which might force one to change the way it is operated). In this case, if
every year the same climate is present at the site and the same control actions are used for the each ambient condition, then
the same revenue and cost are generated. This means that in Eq. (19) the numerator on the right hand side does not depend on

time, and the overall discounted profit is equal to the yearly profit multiplied by the factor T, 1/(1+ D)%, Since multiplyin

an objective function by a factor does not change the value of the solution (i.e., the control actions), discounting is irrelevant.

Yet another way of looking at the problem of time discounting is to consider that control actions are coupled to each other
over time in the optimal control problem of Eq. (1), in the sense that an action performed at a given time affects the actions that
can be performed at other times. As a consequence, all time instants are equally important, and time discounting should not be
applied when computing control actions.

Because of these reasons, we do not include time-discounting in the economic model when solving the control synthesis

optimization problem expressed by Eq. (1). However, we do include time-discounting when evaluating a posteriori the economic

erformance of a given control policy, as shown in the next section.

4 Results and discussion

—The The economic lifetime-aware formulation is demonstrated in two exemplary scenarios: a first idealized case characterized
by a simplified set of environmental conditions causing very frequent waking, and a second case featuring a more realistic small
wind farm exposed to a wind climate derived from an existing meteorological mast. For both scenarios, the wind farm

— isconsidered-to-have-has already operated for half of its target operational life 7" of 20 years, and

— it has accrued additional unexpected damage over this duration, which would lead to premature-componentfailure-if-the
a premature failure of a component if its operation continued as usual.

In-this-appreach—-the-lifetime-awareformulation-The proposed approach is applied to the remaining lifespan of the assets,
taking into account the current state of health resulting from accumulated damage. The propesed—formulation—focuses—on

fatigue constraints target the root of the blades and the base
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of the tower to avoid their premature failure. These components were chosen because of their critical nature and tewer-base—

wind farm operator would face in the event of failure (???). Additionally, in the-their experimental validation of the lifetime-
aware WFC formulation,
turbine-models—Resultsrevealed-? indicate that both the tower base and blade root exhibit distinct responses to varying inflow

and control conditions:, making them interesting targets also for the present study.
Any component failure leads to maintenance and downtime, as otthined-discussed in Sect. 3.4. For simplicity, it is assumed

that the fixed costs associated with maintenance, downtime, and the number of maintenance activities remain constant over

time, although fhis—is—ﬁe{—fea#fmﬁeeeféhﬂrg%&a more realistic assumption would be to use the classical bathtub eurve:

eeﬂdt&eﬂs—mﬂﬂ—%mg}e—}wemﬂtdefed—{%tﬁgm assumed that the ambient wind conditions fer-this
yeafﬂfﬁepfeseiafaﬂveﬁ#%h&eeﬂdtﬁeﬂs—fe%fhefemaiﬂmg—yeafsdo not change over time. The set of ambient wind conditions

turbine with respect to the incoming wind direction. The bounds on the yaw-offsets;-as-defined-yaw offsets appearing in
Eq. He)—af&eeﬂs&mfmd%e—a—hmtﬁﬁgvahmﬁﬁ -(4¢) are +20°, for all the turbines throughout their lifetime.

The

load surrogate (see Sect. 3.2 and
Appendix A) was trained on the results of 1,908 FAST.Farm simulations, conducted for an array of three IEA 3.4 MW reference
wind turbines (?). The damage limit D¢, appearing in Eq. (4b) is chosen as

DSy = mzaxz DY grecty(Wa) Vi€ N, (20)
T

which corresponds to the maximum accumulated damage over all the turbines under standard greedy control, where no wake
steering is used.
The parameters of the cost model expressed by Eq. (18) are reported in Tab. 1. The maintenance cost parameters are derived
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Table 1. Overview-Coefficients of the cost items-for-the-maintenance-expense-model of Eq.Costparameters-are-derived-from-valuesreported
in-the-followingreferences:

Cost item Description Category  Unit Value for tower ~ Value blade-Seheduled-for blades
E1-Cyenos 5 5
oL Number of downtimes ~ Variable -
ExCupschost 0.02 0.05
E5Cyendo
oo Downtime duration Variable  hours 96 192
ExCunschdown.
QS_(C ch fixed . . -1 3
Average cost of repair ~ Fixed €kW
CE5-Cupschfised_ 5
1.
800 2
805 3
max Z Revenue(W,, u),
T
subjeetto-
810 D¢(WPM u) < Ky -max DS(WE") Vi € NV bine W, andV ce C.
K3

815 = e
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4.1 Case study I: Simple wind farm layout and synthetic wind rose

The first case study evaluates the performance eharaeteristies-of the proposed WFC formulation in comparison to reference

control strategies, including the baseline greedy one, in a simplified case consisting of three turbines and a synthetic wind rose
that generates frequent waking. Results are analyzed in terms of yaw offsets, within-a-simplified-setup-—Fhisstudy provides
a-comprehensive-assessment-of-optimal-yaw-offset-schedules;power output, component loading, and theirimpaet-on-lifetime
economic performance in terms of revenue, cost, and proﬁtaefessdtffefeﬂ%WFGfefmtﬂa&eﬂs—Feffhtspiifpese%snﬂp}ewmd

23One of the main goals of this first example is to quantify the
accuracy of the computational framework that supports the synthesis of the control setpoints. In fact, as discussed in Sect. 3
the framework is based on a fast but low-fidelity engineering flow model (FLORIS), which in general will match with only a
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limited accuracy the ground truth. In the absence of an even higher fidelity model of the plant, here the ground truth is assumed

to be represented by the mid-fidelity model FAST.Farm. The setpoints computed by the framework for each WEC formulation

are dispatched to the FAST.Farm model, and then various guantities of interest are measured based on its transient response.

A quantification of the accuracy of the computational framework is finally obtained by comparing predicted and measured
850 quantities of interest.

4.1.1 LayeutFarm layout and input-wind conditions

855 in-field-tests(2?)—Here-we-We consider three IEA 3.4 MW reference wind turbines —M%hﬁﬁﬁa{eéaw&éspeeéef@%—ms—él}
%ﬁfﬁ—%—%ﬁﬁ%ﬂ%ﬁﬂ%ﬂﬂ—%ﬁ%hgned layout with 6- dlameter-spacmgbefweeﬁ—fhemfbme%

setup is illustrated in Fig. 4b for the baseline greedy case, where all turbines point straight into the incoming wind.wm

layout resembles a typical WFC demonstrator case for wind tunnel experiments and simulations (?). Aligned layouts are also

860 studied in field tests (?).

(a) B 50 ms! (b)
360° B 9.0 ms !

7
o 6
i a L 57

270°§ 90° a 4 E
\ = _1.0 3=

2

0.0 5.0 10.0 15.0 20.0 1

x [D]

180°

Figure 4. Layout and ambient wind conditions for the simplified case study. Wind rose showing ambient input wind speeds and directions (a).
Wind farm layout and wakes at hub height for a wind blowing from the western direction and greedy control (b).

consists-of-wind-direetion-seetors-, The wind direction spans a sector ranging from 250° to 290°, with-where the 270° direction
865 aligning-is aligned with the turbine layout. Each wind direction sector includes wind-speeds—two wind speed bins of 8 and
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9 ms~!, each with equal-probabitityan equal probability of occurrence. Under these conditions, the baseline Greedy formulation

results in an overall wake loss of 11%. The purpose of selecting this wind rose is to evaluate the performance of different WFC
strategies without the influence of the frequency distribution of the individual wind condition bins.

For all WFC approaches, T1 and T2 perform wake steering according to their respective control policies, whereas T3 always
operates in Greedy control mode. Moreover, T2 is assumed to have accumulated in the first 10 years of operation 25% more

damage to its components than anticipated.

4.1.2 Control schedule, power, and load distribution

Figure 5 displays the yaw-offset schedules derived from the different WFC formulations for an ambient wind speed of 8 ms—!

for turbines T1, T2, and T3, respectively from left to right. The x -axisrepresents-axis reports the ambient wind direction seeter
I' in degrees, while the y -axis-axis indicates the optimal yaw-effset-yaw offsets in degrees.

T3

— Greedy

= Max-power
Load-constrained
Load-balance

Lifetime-revenue

: = Max-profit [
250 260 270 280 290 250 260 270 280 290 250 260 270 280 290
el NN rrel

Figure 5. Yaw-offset schedules for T1, T2, and T3 as functions of all-the-wind direction seetors-T', at an ambient wind speed of 8 ms™*,
for all the formulated-considered WFC strategies. As wake steering is only implemented on T1 and T2, the yaw-offset-yaw offset of T3 is

constant at 0°.

To evaluate the performance of the various wind farm controllers, transient simulations in turbulent winds are conducted in

FAST.Farm where, for each binned wind condition, the yaw offsets are dispatched to the turbines according to the schedules

Figures 6, 7, and 8 present the resulting power, blade root DELs, and tower base DELs, respectively;-obtained-by-applying

op yaw-offset-schedules-of-each-WHCformulation-shewn-inFig—5—, In each figure, the outputs are displayed as
panels, with rows corresponding to the six WFC strategies and columns representing the three turbines. The y -axis-shows-axis
reports the absolute value of the output in the respective units, and the x -axis-axis shows the ambient wind direction seetor-I" in

degrees. Solid lines represents the measured-outputs-outputs measured in the FAST.Farm simulations (labeled ‘Meas.”), while
dashed lines show the corresponding predictions (labeled ‘Pred.’) obtained during the synthesis of the optimal yaw-effsetsyaw

offsets using the steady-state engineering model Floris.
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In all panels of Fig. 5, 6:—6, 7, and 8, different colors are used to distinguish the outputs fer-of the six WFC strategies:
the baseline Greedy strategy is shown in black, the Max-power strategy in orange, the Load-constrained strategy in blue, the

Load-balance strategy in violet, the Lifetime-revenue strategy in yellow, and the proposed Max-profit strategy in green.
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Figure 6. Power output for case study I. The three columns from left to right denote the outputs of the three turbines, T1, T2, and T3,
respectively. The six rows from top to bottom denote the six control formulations. In every panel, the x -axis-shews-axis indicates the
input-wind direction I, the y -axis-axis shows the generated powers-the-sotid-. Solid curves show-the represent measured vatae-values from

FAST.Farm, and-the-while dashed curves show the corresponding value predicted by the optimization framework based on Floris.s

For all WFEC strategies, turbines T2 and T3 operate within the wake of the upstream turbines, resulting in a reduced power
output compared to T1, as shown in Fig. 6. In the baseline strategy, the power of the downstream turbines decreases as they
enter partial wake conditionsfor=4270%, with the largest power loss occurring under full waking at I' = 270°. Fhe-pewer
loss-is-Power losses are most significant for T3, as it operates under the combined wakes of both upstream turbines. The power
produced by the downstream turbines T2 and T3 is influenced by the available wind speed in the flow, which follows the trend
of the RAWS, as shown in Fig. Ala.

Additionally-the- The blade root DELSs for the baseline formulation show an asymmetric behavior with respect to the ambient
wind direction, as seen in Fig. 7. For I' < 270°, the DELSs of T2 and T3 are higher than those of T1, while for I" > 270°, the
DELs of T2 and T3 are tewersmaller. This asymmetry is primarily driven by the corresponding RAHS, which also exhibits an

asymmetric response with respect to I' (see Fig. Alc).
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Figure 7. Blade root projected DELs for case study 1. The organization of the figure and meaning of the line styles are the same as for Fig. 6.
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Figure 8. Tower base projected DELSs for case study I. The organization of the figure and meaning of the line styles are the same as for Fig. 6.
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In contrast, the tower base DELs for the baseline formulation display a symmetric behavior with respect to I', as shown in
Fig. 8, with both T2 and T3 experiencing higher DELs than T1. This is because tower base DELs are mainly influenced by the
RATT, which is higher for the waked turbines (see Fig. A1b) and exhibits a symmetric pattern with respect to I'.

For an 8 ms~! ambient wind speed, as shown in Fig. 5, all WFC formulations result in similar yaw-offsets-yaw offsets
for T1. The yaw-offsets—yaw offsets for T1 are generally higher in magnitude than those for T2, as T1 operates in clean
inflow conditions, which are typically associated with lewer-a smaller total loading compared to the waked inflow conditions
experienced by T2. Consequently, T1 has a larger available budget to accommodate additional load increases due to active

wake steering, resulting in larger yaw-offsets-yaw offsets compared to T2.
For T1, the highest yaw offset for the four damage-aware formulations — Load-constrained, Load-balance, Lifetime-revenue,

and Max-profit — resultin-slightly lower-yaw-offsets-are reached further away from the aligned condition, compared to the
Max-power strategy. Hewever,-The situation is different for T2, these-where the damage-aware strategies tead—to-exhibit a
more aggressive wake steering for I' > 270° and a less aggressive steering behavior for I' < 270° compared to the Max-power
strategy. This is because the yaw schedules are primarily influenced by the-blade loads, which exhibit an asymmetric behavior
with respect to I'. As a result, it is beneficial to employ more aggressive wake steering for I' > 270° as it reduces blade root
DELs, while for I' < 270° wake steering increases these same loads.

Compared to the baseline —att-other-greedy case, all WFC strategies result in a slight decrease in power for T1 and an
increase in power for T2 and T3, as shown in Fig. 6. Consequently, all WFC strategies lead to an overall power gain for the
wind farm. Additionally, a comparison between the solid and dashed lines for all strategies reveals that the measured turbine
power outputs closely align with the estimated values. This high level of accuracy is due to the precise estimation of RAWS
by the engineering flow model used within-by the optimization framework (refer to Sect. 3.1 for details). Since RAWS is the
primary driver of power production, the predicted power closely matches the measured one for the yawed turbine T1, the waked
turbine T3, and the yawed and waked turbine T2.

Active wake control leads to an increase in blade root DELSs for all turbines when I'" < 270°, and a slight decrease in DELs
for I" > 270°, as shown in Fig. 7. The variation in blade root DELs is most significant for T2, as it experiences the combined
effects of operating in a waked inflow and performing wake steering. Additionally, a comparison of the solid and dashed lines
indicates that the blade root DELSs are well predicted by the optimization framework (cf. SeetAppendix. A), which effectively
captures the trends in load variation with respect to I', for T1 (yawed), T3 (waked), and T2 (yawed and waked). This accuracy
is especially important for load-aware strategies, where the-optimal-yaw-offsetis-optimal yaw offsets are directly influenced by
these variations in teadloading.

For tewer-baseloadingthe tower base, as shown in Fig. 8, active wake control leads to a slight increase in DELs for the
yawed turbine, while significantlyredueing-it significantly reduces DELSs for the downstream turbines. Since tower base DELs
are primarily driven by the-RATI, deflections of the upstream wake results-result in lower RATIs for the downstream turbines,
leading to reduced loading. Additionally, a comparison of the solid and dashed lines reveals that, for all control strategies,
tower loads are consistently under-predicted in partial wake conditions (I' < 265° and I" > 275°) and over-predicted in full

wake conditions (265° <T' < 275°). However, the optimization framework still captures the trends in tower load variation
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aeeurately-This-with good accuracy. The observed mismatch is primarily attributed to the presence of rotor uptilt in FAST.Farm,
which leads to vertical wake displacement and vertical shear at the rotor inflow. Since HEORIS-doesnotIn Floris, however, the

resence of a wake velocity deficit does not change the vertical shear. In addition, Floris does not account for vertical shear-the

predictionsfrom-wake displacement due to rotor tilt. Therefore, predictions generated by the optimization framework slightly
differ from those obtained from FAST.Farm. Despite this, the under- and over-predictions generally cancel each other out for

the inflow conditions considered in this case study. The impact of this small net prediction mismatch on lifetime performance

is discussed in the following section.

4.1.3 Lifetime consumption

Figure 9 illustrates the lifetime consumption of the wind farm aeross-for all considered WFC strategies. Lifetime consump-

tion is determined by the accumulated fatigue damage on the components;-with-. For simplicity, we assume that the wind farm

reaching-its EOLreaches its end of life (EOL) when any component on-0f any turbine reaches its EOL. While this is clearly an
approximation, it is used here to avoid complicating the analysis further with various possible scenarios. A component reaches
its EOL when the aceumulated-damage-D-ratio of the accumulated damage DS (T) (cf. Sect. 3.3) and the reference damage
D¢ equals 1 (cf. Eq. 4b) , which corresponds to a lifetime consumptlon of 100%. Figure-22-displays-

mthe lifetime consumptlon i

shows-the-expected-lifetime-consumption-predieted-9b_shows the predictions by the optimization framework. In both figures,
lifetime consumption is represented as horizontal bars, with each bar corresponding to a specific WFC strategy. The x -axis

axis represents time in years, and the y -axis-axis lists the six WFC strategies. As-detailed-in-Seet—4-1-2-the-

The performance of the wind farm is assessed over a 20-year operational life(referenee-EOL), which is the goal desired
EOL. The WFC strategies are implemented after the wind farm has operated under the baseline greedy strategy for 10 years

(half-time strategy change). Consequently, each bar is divided into shaded regions representing four distinct phases:

— The grey region indicates the lifetime consumed while operating witheut-any-eptimal-yaw-effset-(baseline-strategyywith
the baseline greedy strategy.

— The white region represents the lifetime consumed while operating with the different WFC strategies.

— The red region denotes the lost lifetime of-the-wind-farm-when the EOL is-(i.e., when the accrued damage is equal to the
allowed damage limit) is reached before the referenee-goal EOL.

35



965

970

975

980

985

990

995

— The green region represents the gained or extended lifetime, where-the-consumed-life-until-thereference EOL-wasless

than100%when the accrued damage at the goal EOL is below the allowed damage limit. The remaining useful life is
linearly extrapolated to estimate the additional operational years.

A close examination of Fig. 22-9a reveals that, when operating under the Greedy, Max-power, and Load-constrained strate-
gies, the wind farm fails to reach the referenee-goal EOL, resulting in a loss of operational years. In contrast, the remaining

strategies — Load-balance, Lifetime-revenue, and Max-profit — operate in a more damage-aware manner, leading to a gain in

operational years beyond the referenee- EOE—goal EOL.

The Max-power strategy yields the shortest operational life. This suggests that ;-while-the-aggressive-wake steeringemployed
in-the-Max-power strategy-(as-seen-in-the-orange-line-plotsin-the symmetric wake steering that it employed for T2 (cf, Fig. 5),
may enhance energy productlon it-but also accelerates fatlgue accumulatlon%veﬂ—%ufpa%ﬁﬂgfhe—aeeumulaﬂeﬁ%eemfhe

. As a result of its own activity, T2
experiences a significant increase in blade root DELs in the sector I" < 270° (cf, Fig.7), which is not offset by the modest
decrease due to the wake steering of T1, as discussed in Sect. 4.1.2. Consequently, the-wind-farm-suffers-this wind turbines
suffers a higher fatigue damage, leading to a reduction in operational life.

The Load-constrained strategy results in a less aggressive yaw-offset schedule compared to the Max-power strategy —This

is-beeause-the-optimization—constraints—defined—-n-because of the load constraints enforced by Eq. (6b), which account for
the loading in individual wind condition bins¥/2" —are-rarely—active. However, notwithstanding the presence of these load

constraints, this strategy still fails to reach the desired lifetime duration. This is because, as discussed in Sect.1, the fatigue
budget for a specific W2 bin of ambient conditions does not only depend on the fatigue damage accumulated within that bin,

but also on the damage accumulation from ether-wind-condition-bins-that-the other bins the wind farm is exposed to. In other
words, from a wind farm lifetime perspective, the control actions for a given wind input condition in load-aware operation are

influenced by the relative impact of this condition in relation to others. Since the Load-constrained formulation only considers

individual bins, it overlooks the cumulative effects of other wind-eondition-bins, which ultimately results in a loss of lifetime.
White-The situation is different for the Load-balance strategyenstures-that-the-wind-farmreachesitsreference EOkLthe

it-to-operate-beyond-its-original- operational-ifetime, which not only reaches but actually extends the intended EOL. However,
because the optimization fermulatien{see-Eg—A-problem used for synthesizing its control setpoints does not exphcltly impose

constraints to guarantee a desired lifetime

maximize-the-overall-objeetive- For-more-complex—(see Eq. 7), the performance that is observed here cannot be expected in

eneral. For other farm layouts and inflow conditions, this formulation may not ensure that the wind farm will operate over a

specific lifetime, despite the use-of-optimized-weight-tuning-tuning of the weights of the two terms of the cost function.

As anticipated, the Lifetime-revenue strategy ensures that the wind farm reaches the desired operational life. This is because
the strategy accounts for the combined loading from all wind conditions the farm experiences throughout its lifetime, while

simultaneously optimizing farm power and, consequently, revenue;for-each-individual-wind-condition-bin.
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Figure 9. Lifetime consumption of the wind farm for all WFC strategies for case study I. The solid outline of the horizontal bars in panel (a

denotes values measured on FAST.Farm simulations, whereas the dashed outline in panel (b) are the corresponding predicted values from
the optimization framework.
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The proposed Max-profit formulation, in addition to explicitly considering lifetime constraints, finds the most profitable way
of operating the assets throughout their lifetime. It does so by not only focusing on the power output of the individual turbines,
but also considering the total energy yield and balancing it against the eperational-and-maintenance(O&M J-costs resulting
from accumulated damage. Compared to the Lifetime-revenue formulation, the Max-profit strategy adopts a more aggressive
wake steering in partial wake overlap conditions (260° < I' < 280°) for T1, implements one-sided wake steering for I' > 270°
to reduce blade root DELs, while avoiding wake steering altogether for I' < 270°. This results in an optimal balance between
accumulated damage and revenue, enabling the wind farm to operate for the desired duration while maximizing economic

profit throughout its operational life.

Figure 22-9b shows the estimated lifetime consumption based on the predicted blade root DELs (dashed curves in Fig. 7)

and tower base DELs (dashed curves in Fig. 8) for all the-WFC strategies. The-predictedJifetime-—consumption—is—visaally
represented-in—the—same—way—as—the—calenlatedifetimeconsumption—+n—By comparing the predicted quantities of Fig. 22-

9b with the measured ones of Fig. 9a, it appears that the optlmlzatlon framework pfeehet% s capable of estimating lifetime

consumption with reasonable accuracy-

ease-study, with only slight underpredictions. The mlnorpfedieﬁmfmfsmatehes—aefes&dfﬁefa%wﬂekdﬁee&eﬁseewf&%s

mismatches shown in Fig. 7 and Fig. 8 --have-have only a minimal impact on the overall lifetime consumption and remaining

useful life.

4.1.4 Lifetime economic performance

while Fig. 10b displays the expected economic profit as—predicted by the optimization framework using the engineering

model FLORIS. In both figures, the vertical bar-plots-represent-the-economie-profit—This-is-ealeulated-as-bars represent the
time-discounted economic profit, i.e. the difference between the economic revenue from wind farm yield and the sum of eco-

nomic costs from O&M and the-tess-of-lost lifetime. The

the-economic profit is expressed in relative terms with respect to the greedy baseline over the 20-year eperational-duration-
Additienaly-operational duration. The height of the bars (i.e., the relative profit) is also reported in white on each bar to ease
comparison.
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Figure 10. Time-discounted lifetime profit for all WFC strategies for case study I. The solid outline of the vertical bars in panel (a) denotes

measured values based on FAST.Farm, while the dashed outline in panel (b) denotes the corresponding values predicted by the optimization

framework. The green shaded extensions denote the additional economic gain generated when the farm operates beyond the goal EOL and

until its lifetime is finally exhausted.

As discussed in Sect. 3.4.3, while the control actions were computed without considering time discounting, the economic

erformance is quantified taking time discounting into account. The present value of future profits is actualized using an annual

discount rate of 8%, which is a typical value for wind ener: rojects (?).

Additionally, in Fig. 10 some strategies include stacked green bars, which represent the extra economic gain due to lifetime

extension. The-eoerrespendingFor these strategies, the numbers written in green above the bars denote the additional prefit
assumingrelative profit that is gained if the wind farm continues to operate beyond its referenee-EOE-goal EOL and until its

lifetime is finally exhausted.
Figure 10a shows that all WFC strategies result in higher economic profit compared to the baseline formulation—The

magnitudes-of-theseprofits-greedy formulation. Profits are notably higher for the damage-aware strategies. This demonstrates
indicates that incorporating damage eonsiderations-into-the-WFEC-optimization-problentinto the design of wind farm controllers

— whether accurately or through approximations — has a significant impact on lifetime-economic profit.

Both the Max-power and Load-constrained strategies experience a loss of lifetime, leading-to-a-reductionin-which in turn
leads to a loss of revenue. The Max-power strategy suffers a larger loss due to its shorter operational life. The Load-constrained
strategy, on the other hand, ineurred-smaller-economie-incurs smaller costs due to a slightly lower damage accumulation. As
a result, the Max-power strategy only achieves a 1.7% increase in profit, while the Load-constrained strategy sees a larger

increase of 7.7 %inerease.

The Load-balance strategy, due—to—its—optimal-taning-ef-weights—in—the-thanks to a careful tuning of the weights in its

optimization objective, results in an additional 7% profit over the Load-constrained strategy. The Lifetime-revenue strategy
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further optimizes loadingever—, by simultaneously considering all various operating conditionssimultaneously,—maximizing
revenue-and-eading-, which leads to a profit increase of 16.5% over the baseline.

Finally, the proposed Max-profit formulation ensures the-wind-farm-meets-the-meeting the desired lifetime while maximizing
profit. Although it generates less revenue than the Lifetime-revenue strategy, it saves significantly on maintenance expenses due
to a reduced accumulated damage. This results in an additional 4% profit compared to the Lifetime-revenue strategy.

The importance of optimizing profit, rather than solely focusing on revenuemaximization, is further emphasized-stressed by
the additional profitearnings that can be gained from the extension-of-the-extended operational life of the wind farm. The Max-
profit formulation achieves a 30% profit gain over the baseline, and an additional 13% gain compared to the Lifetime-revenue
strategy.

Similarly to the-predietion-of-lifetime consumption, the-expeeted-lifetimeprofit-shown-inFig—10b-even lifetime profit is
quite accurately predicted by the optimization framework-—, as shown in Fig. 10b. The dashed outline in-of the vertical bars
in Fig. 10b represents the-expected-vatueestimated values, while the solid outline in-of the bars in Fig. 10a corresponds to the
measured values. When comparing the two figures, it is-evident-appears that there is a slight overprediction of lifetime profit for
all WFC strategies compared to the respective baseline. This everpredietion-effect can be attributed to the inereased-reduetion
in-ecosts-achieved-bythe-optimizationframework,—whichresultsfrom-the-previously observed overprediction of component

loads.

4.1.5 Uneertainty-quantifieationSensitivity to changes in the economic model parameters

Due-to b A assoctated-with atreve-damag matton; mpacto

B &

governing-wind-farm-market-participation;the-The economic lifetime-aware WFC optimization problem (refer-to-Seet—2-for
detatls)-is-inherently-—stochastieis affected by significant aleatoric and epistemic uncertainties. While the underlying models
in the optimization framework use deterministic inputs and outputs, the-resulting-lifetimeprofitfrompower-generation—and

~because of

these uncertainties the response that the computed control actions generate in the wind farm and their performance indicators
are expected to change to some unknown degree. Clearly all aspects of the formulation are affected by uncertainties. However,
the flow and load models — together with their uncertaintics — used here are also widely employed in the literature to treat
similar_problems. The situation is different for the economic model. For example, spot market prices can vary in a very
significant manner in _time and space. Additionally, the cost model adopted here is highly simplified and might not fully
reflect the complexities of the economics of wind farm O&M. Especially the effects of loads on cost is a problem that is not
sufficiently documented in the open literature. Because of these reasons, here we try to quantify the effects that changes in the
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parameters of the cost model might have on the results. While this analysis is far from being a comprehensive quantification of

1085  all uncertainties, it is hoped that it contributes to shedding some light on the robustness of the conclusions so far with respect
to the economic modeling aspects of the problem.

Figure 11a illustrates the uneertainty-variations in lifetime proﬁt resultlng from eemwm&emede}ﬂﬂeeffamfybgllg/g}ggwgq

parameters of the economic model (cf. Sect. 3.4). ~The y -axis-axis shows

the relative lifetime profit compared to the baseline greedy case, while the x -axis-denotes-axis denotes the different WFC

1090 strategies. For each vertical bar, the numbers from top to bottom represent the upperbound, average, and lower bound-of-the

lifetime-profit-uncertaintyprofit values, respectively.
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Figure 11. Quantification of the uncertainties on lifetime economic performance caused by uncertainties in the economic model parameters

of Sect. 3.4. Results of a Monte Carlo analysis for a uniformly distributed economic parameter space, where the black numbers denote the

mean value and the grey numbers the corresponding uncertainty bounds (a). Results of a variance-based parametric sensitivity analysis for

the Max-profit strategy, where the vertical bars represent SOBOL indices for different cost items (b).

Uncertainties are calculated by varying att-the economic model parameters, assuming a-uniform-distribution—These parameters

the revenue side, the varied parameter is the electricity market price R,,,. On the cost side, for each component the varied
arameters include all six maintenance factors appearing in Eq. (18). Since we consider both the blade and tower components
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a total of 13 parameters is varied in the uncertainty analysis. For all parameters, we consider a variation of 8% around its

nominal value listed in Tab. 1.

The uncertainty quantification is performed using Monte Carlo analysis—t-this-approachnumerous-evaluations-are-conducted
by randomly-sampling-, where the parameter space and-evaluating-the-meritfunction-until-convergenee-is-achievedis randomly
sampled until the mean as well as the 25th and 75th percentiles of profit converge.

The results in Fig. 11a show that, for all WFC strategies, a maximum variation of 8% in the parameters leads to uncertainties

varying only between 3% to 4%. This indicates that, for all control strategies, the lifetime profit is enty-modestly-affected
by-the-affected only to a modest degree by uncertainties in the economic parametersacross-at-control-strategies—, The same
analysis was repeated for variations between 4% and 12% in increments of 2%, observing a nearly linear behavior of the upper
and lower bounds of profit.

mem a variance-based p&famefe%sensmwty analysis
is conducted for the Max-profit strategy —w

seurees—of-uneertainty—in—thetifetime—prefitby varying the thirteen parameters of the economic model. The results of the

sensitivity-analysis are presented in terms of first-order sensitivity coefficients, also known as first-order SOBOL indices «(?).

The sensitivity coefficient Sx, indicates how much the output variance Var(Y") can be reduced, on average, if the uncertainty

associated with the input variable X}, is fully known, where the output is some known function f(:) of the inputs, i.e. Y =
(X1, Xa, oo, Xpgy o).

grouped into four qualitative categories,

indieates-the-namber-and are reported in Fig. 11b. The number of parameters in that-greup—The-vertical-barsrepresent-the

From-the-figureitis-cleareach category is indicated in parentheses. Results indicate that the uncertainty in electricity market
prices eontributes-mostsignificantly-is the most significant contributor to the overall uncertainty. This is because market prices
directly affect both the accrued revenue and the lost revenue due to downtime. The second largest source of uncertainty is the
mean time to maintenance;-which-represents-the-time-tofatlurefailure, which directly impacts the frequency of maintenance
activities and the associated costs. While the remaining two categories contribute relatively less, their absolute impact is still
noteworthy. This further emphasizes the importance of quantifying the uncertainties associated with failure rates and other

O&M parameters.
4.2 Case study II: Realistic wind farm layout and wind rose

The goal of the second case study is to apply the proposed WFC approach to a more complex and realistic scenario. In this
case, the wind farm is a small offshore cluster operating under realistie-field-measured wind conditions. The primary objective
is to evaluate how the new method performs for a larger cluster of turbines, focusing on how the increased turbine count and
varied inflow conditions affect the solution. Additionally, this case study aims to assess the growth of the computational cost

of the proposed method as the wind farm cluster size increases.
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For comparison, all reference control formulations presented in Sect. 2.7 are also considered here. The results shown in the
following are those obtained by the optimization framework. Since the previous results-section showed that the optimization

1135 frameworkAframework — notwithstanding its underlying low-fidelity flow model — provides accurate predictions of lifetime
quantities, additional validation using FAST.Farm was deemed not neeessaryto be necessary in this case.

4.2.1 LayoeutFarm layout and input-ambient wind conditions

1140 This case considers the nine-turbine wind farm layout defined in the CL-Windcon project «(?). The turbines are arranged in
aregular grid, with a spacing of 7 D in the x -direetion-direction and 5 D in the y -directiondirection, as shown in Fig. 12b. The
wind conditions are based on reanalysis data obtained from the site of the Hollandse Kust Nord offshore wind farm ~(?), which
is also being assessed-as-part-of-considered in the SUDOCO project «(?). The corresponding wind rose is shown in Fig. 12a.

The wind speed range is limited between 6 and 10 ms~1. It is assumed that these wind-ambient conditions remain constant

1145 over the eourse-of-the-yearvarious years of operation.
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Figure 12. Layout and wind rose for the realistic case study. Wind rose (a). Wind farm layout and wakes at hub height for wind blowin,

from the southwestern direction (b).

Since the wind inflow comes from all directions, all turbines operate in a combination of waked and free-stream conditions.
The basetine-AEP loss due to wake interaction in greedy mode, as calculated by FEORISFloris, is approximately 5%. Similarly

to case study I, the market price is assumed to vary around an annual average, depending on the ambient wind speed. An

annual inflatien-discount rate of 8% is applied-for-the-economic-evaluation-used to estimate the present value of future profit
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?), as discussed in Sect. 3.4.3. For simplicity, the number of maintenance activities, fixed maintenance costs, and maintenance

downtime per component are assumed to remain constant over time.
on-damage-aceumulation-at-the Here again, loads, DELs, and damage are computed at tower base and blade root.

This case study assumes a 20-year lifetime. During the first 10 years, the farm operates in greedy control mode, before
switching to one of the tested-eontrol-WFC formulations for the second half of the-its lifetime. As in case study I, one turbine
(T5) is assumed to have accumulated more fatigue damage than the others. T5 operates in waked conditions most of the time,
and also wakes-affects with its wake the turbines at the trailing edge of the farm. As a result, it is assumed that after 10
years turbine T5 will have accumulated 75% more damage than expected. This additional damage is greater-larger than in
case study I, as the more realistic wind conditions in this study are less challenging than fecusing-on-a-the single wind sector
considered in that case. This is clearly an idealized exemplary situation. In another scenario, T5 might represent a machine that
suffers from higher failure rates than the others, for example because of malfunetioning-manufacturing issues, extra vibrations
suffered during ereetionsits erection phase, or other possible reasons.

4.2.2 Lifetime consumption

Figure 13 shows the lifetime consumption for the wind farm aeross—for all WFC strategies. Similarly to Fig. 229, the
horizontal bars represent the operational years of the wind farm, with a referenee-goal EOL of 20 years. As previously noted,
the various WFC strategies are deployed after the first 10 years of operation.
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Figure 13. Lifetime consumption of the wind farm for case study II for all considered WEC strategies.

The figure adopts the same layout as used in Sect. 4.1.3. The green-shaded region indicates the-extended-tifetime—years
beyond-the-referenee-an achieved extended lifetime beyond the desired goal EOL, while the red-shaded region represents the
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Figure 14 shows that ;—eompared-to—thebaseline;—alt-other-all WFC strategies result in a—targer number-of-operational
yearslonger operational times than the baseline greedy mode. Strategies that account for component damage over-the lifetime
— either explicitly or indirectly — alse-lead-to-inereased-operational-years-eompared-to-the-baseline-and-perform better from
this point of view than the Max-power strategiesstrategy, which does not account for loads in its formulation. However, only
the lifetime-aware strategies, specifically Lifetime-revenue and Max-profit, ensure operation throughout the entire referenee
goal EOL. This is because the optimal yaw offset-offsets for these two strategies is-are less aggressive, as they-the controllers
consider the inflow and operational conditions at all turbines over their entire lifetime. Furthermore, the proposed Max-profit
formulation provides a slight lifetime extension, allowing the wind farm to operate beyond the reference-goal EOL, thus

generating additional revenue.

4.2.3 Lifetime economic performance

Figure 14 presents-the reports the time-discounted lifetime economic performance of the wind farm. Fheresutts-Results are

displayed in the same format as-in-used for Fig. 10b. The vertical bars show the lifetime-profit relative to the baseline profit
20-year operational duration. The white numbers represent the heights of the bars (i.e., the relative profitvalues-everthe 20-year
operational-duration), to ease comparison among the various WFC strategies.
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Figure 14. Time-discounted lifetime profit of the wind farm for case study II for all WFC strategies.

All strategies result in economic gains ever-the-baselinefor-the-considered-with respect to the baseline greedy scenario.

However, due to tifetimetoss-loss of lifetime, the Max-power, Load-constrained, and Load-balance strategies show relatively

minor gains, which depend on the-coerrespendingrevenuedosstheir specific revenue losses. In contrast, the two lifetime-aware
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strategies — Lifetime-revenue and Max-profit — yield significantly higher gains of 7.3% and 8.6%, respectively, thanks to their

guaranteed operation over the full desired lifetime.

wﬁhtn—the—ep&mﬂa&eﬂ—ebjeefweﬂf—&teﬁfepesed{)f these two, the best performer is the Max- proﬁt formulation—Additionally;
ime, because of its ability to

include the effects of loads on cost, and hence on profit.

4.3 Computational effort

The proposed methodology-approach requires a setpoint optimization for all turbines in all possible ambient wind conditions
throughout their entire lifetime. The resulting one-shot optimization can become computationally demanding. To assess the
growth of the computational cost,

Starting-with-farms of varying number of turbines are investigated. Starting from the 3 x 3 layout, the configuration is first

reduced to a 2 x 2 setup and then extended to 4 X 4 and 5 x 5 configurations, all while maintaining the same z-y separation

distances. The other problem parameters (wind rose, goal EOL, time of deployment of WFC, etc.) are unvaried-unchanged
with respect to the 3 x 3 case.

The optimization problem is solved iteratively until numerical convergence is achieved. All optimizations are performed on

a desktop computer with an Intel(R) Core(TM) i7 processor, 8 GB of RAM, and a 64-bit operating system.

Figure 15 presents the results of the computational performance test in a log-log plot. The x -axis-axis represents the total
number of turbines in the assessed-configurationfarm, while the y -axis-shows-thereal-axis shows the wall clock time taken by

the optimization problem to converge. Time is normalized with respect to the 2 x 2 configuration, which required 0.24 hours to.
complete. This wall clock time is a value with little practical meaning, as hardware performance evolves quickly and no effort
was made to optimize the code for speed. Therefore, the more useful piece of information provided by the figure is the slope
of the computational cost growth.

As expected, the proposed mefhede}egyﬂ&eemptﬁaﬁeﬂaprymm expensive, with the computatlonal cost increasing
significantly as the wind farm size grows.

This is unfortunately the price that has to be paid for
performing a correct calculation of the cumulative effects of fatigue on damage. Clearly, this extra cost can be avoided by
resorting to simpler formulations. However, as shown by the results presented earlier, without a correct calculation of damage,
in general it is not possible to guarantee a desired duration of the operation of the farm.

46



1230

1235

1240

1245

102 5

Wall time

101 4

100 4= , —_ ‘
4 %100 10! 2 % 10!
Farm size

Figure 15. Increase of wall-clock time with the number of turbines in a regular grid with spacings of 7 D and 5 D in the z and y directions,
respectively. Values are normalized with respect to the 2 X 2 configuration.

Regarding the high computational cost of the formulation, two additional observations are in order.

First, we made no effort at optimizing the efficiency of the software, which is only a proof-of-concept Matlab implementation
that was run on a standard desktop computer. Clearly, very different software and hardware resources could be employed
for a real industrial implementation. On the software side, we used Floris Vers. 3, while the more recent Vers. 4 (2) offers
much improved performance through an extensive reorganization of the code and vectorization of the operations. Additionally,
various phases of the calculations could be easily parallelized because they are independent one from the other, including
all calculations of loads on the turbines and their components through the surrogate. Additional speedups can be obtained by
discarding symmetric conditions, and using the “serial refine” approach available in Floris to enhance convergence by choosing
promising starting guesses for the optimization (?). It is also-impertant to-note that i m iffize-th

for-alarge-industrial-projeet—unclear at this point what performance increase would actually be achievable by these various
methods. However, it is also clear that there is potential for improving - possibly in a very significant manner — the results
presented here.

Second, the optimization of the setpoints is performed offline, and therefore the computational cost is less of a concern than
in the case of online calculations that need to be executed during operation, It is reasonable to assume that the optimization will
be repeated multiple times throughout the lifetime of the farm, for example to update the state of damage of the turbines based
on measurements or digital twins, or to progressively improve the wind farm flow model by recalibrating it with measured
SCADA data (?). However, as the reoptimization will be probably performed only every several months, there will be ample

More importantly, the

i i S5t proposed Max-profit strategy —eompared-to

eomputational-effortis the only one that can guarantee meeting a desired goal EOL, as it is the only one that explicitly enforces
that constraint. If the increased economic performance is significant enough, it could justify the extra computational burden.
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5 Conclusions

We have introduced a novel approach: the economic lifetime-aware WFC. The new method integrates the current damage
state of turbines — either obtained through a digital twin or estimated from operational data — to derive control policies that
optimize the long-term lifetime management of the wind farm. The optimization is driven by an economic value function that
balances power generation (considering fluctuating spot market prices) with O&M costs, including potential revenue losses

due to turbine downtime. The optimization is constrained to ensure that the target lifetime of selected turbine components is

met while operating under varying inflow conditions. The optimization variables include the control setpoints of each turbine;

. Once computed offline for a set of ambient climate
conditions, the optimal setpoints are interpolated at run time based on the detected current conditions, and then dispatches to
the turbines, similarly to what is done for open-loop power boosting WEC.

Fo-implement-our-Our new proposed method ;firstrelies on an engineering flow model is-adapted—to-estimate—thefor
estimating the inflow and power output of each individual turbines—within-turbine in a wind farmfer-given—wind-elimate

conditions—Next—,_and on a load surrogate model uses-the-estimated-rotor-inflow-to predict the PELsfor-selected-turbine
components;-whichresulting DELs. These are then accumulated into a representative damage value —Finally;-anAfor selected
components of interest. An economic model integrates energy production with the cost of component fatigue damage to esti-
mate the-net profit, providing a comprehensive view-assessment of the economic performance of the wind farm.

The proposed lifetime-aware strategy, termed Max-profit, has been compared to five relevant reference formulations. The
first-twor-Greedy and Max-power -approaches do not account for leads—The-folowing-twer-the effects of loads on fatigue
damage. The Load-constrained and Load-balance --methods incorporate loads by considering DELs either as a constraint or
as an objective. The fifth-fermulation-Lifetime-revenue —is-an-intermediate-formulation-that-approach is a simplified version
of the Max-profit strategy, as it considers the lifetime damage constraint but does not account for load-induced costs. The
performance of the proposed Max-profit formulation and the reference ones was evaluated through-two-differentcase-studiesin
two different scenarios using wake steering. The-designed-ife-of the-wind-farm-is-considered-to-be-For both cases, the operator
would like the farm to reach a goal life of 20 years, and the-controtstrategies-are-deployed-deploys the various control strategies

after 10 years of baseline-operation-operation in standard greedy mode.
The first case study examined a simple wind farm layout consisting of three wind turbines and a synthetic wind rose —Fer

indieated-that produces very frequent and persistent wake interactions. Results indicate that non-load-aware strategies lead to

increased damage accumulation, causing the wind farm to prematurely reach its EOL, in turn resulting in reduced revenue. In

contrast, all load-aware strategies are able to decrease lifetime consumption, leading to lower costs, smaller revenue losses, and

higher profits. However, only the lifetime-aware strategies, Lifetime-revenue and Max-profit, ensure full operation throughout
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the desired lifetime duration. Additionally, is-seme-case-in_some cases we observed an even longer lifetime, allewingfor

operation-which allows the farm to operate beyond the defined EOL, thereby generating additional profit.

goal of the first simplified problem was to produce a quantification of the accuracy of the computational framework. To this
end, predictions generated by the framework low-fidelity and steady-state engineering models are compared to measurements
obtained on the mid-fidelity transient simulation tool FAST.Farm, assumed as a ground truth. Results show in general a good
agreement between predictions and measurements, thanks also to specific tuning of the models by the “farm as a sensor”

approach. Modest mismatches in the prediction of DELs appear to have only a limited impact on the quality of lifetime
performance indicators. Furthermore, uncertainties in lifetime profit due to variations in the economic model parameters were

assessed usingfirst with a Monte Carlo analysis s-and-and then with a variance-based parametric sensitivity analysis-with-study
using first-order SOBOL indices. Results indicate that even with an 8% variation in all economic model parameters, lifetime
profit uncertainties remain within 3%, while market price uncertainty has a more significant impact.

The second case study expanded the analysis to a larger wind farm cluster of nine tarbines;+typical-ef-an-enshore—wind
farm;-onshore turbines, arranged in a regular grid layout. This study alse-incorporated-a—real-was based on a realistic wind
rose based on measured data. Fheresults-Results highlight the clear advantages of explicitly incorporating lifetime constraints
into-in the WFC optimization problem. Specifically, only the Lifetime-revenue and Max-profit formulations were able to ensure
operation over the entire desired lifetime. As damage accumulatesever-time, the control actions taken teday—through-the
loading-on-the-turbines—in one operating condition directly impact the available eapaeityforfuture-control-deeisions—Sinee
the-other strategies-room left to control decisions taken in other conditions, something that cannot be accounted for by control
synthesis procedures that consider one ambient condition at a time. In fact, strategies that do not explicitly account for the
interplay between-present-and-future-and couplings among control actions, they-lead—to-are shown here to generate higher
fatigue accumulation and, ultimately, to-a-reduction-in-possibly encounter a reduced operational life. In contrast, the proposed
Max-profit strategy results in approximately 8.6% higher profit compared to the baseline greedy policy, with 1.3% of that
increase attributed-solely—to-the-consideration-of-being due to having considered maintenance expenses in the optimization
process.

Addittonatly,—we-We have also assessed the computational burden of solving the proposed optimization problem, which
performs a one-shot optimization over the defined lifetime for all inflow conditions —Fhis-simultaneously. This analysis was
carried out on a standard desktop computer, rather than using high-performance computing resources, without any attempt at

optimizing the software for computational efficiency.

As expected, accounting for couplings amon
control actions — which is key for ensuring a desired goal life — comes at the cost of a higher computational load. This cost
increases significantly as the size and complexity of the wind farm grows. Hewever;-sinee-the-eptimizationis-performed-offline

Areo nd tha A aya anaate ha O oOn N den m m n-the onte I ha 2N ope OR S an
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targetsfor turbinecomponents-are-met—How much this cost can be actually decreased by improving the implementation
remains at this point an open question. We have listed a number of possible changes to the software that might lead to
substantial improvements, but only a more mature and complete implementation will tell the actual speedups that can be
achieved. However, we believe that the high computational costs could be amply justified by the significant improvements in

the economic performance of the farm that appear to be possible from the promising results presented here.

Appendix A: Surrogate load model

A1l Inflow characterization by RAIQs

The three panels of Fig. Al report an illustrative example of RAIQs computed on the downstream turbine shown in Fig. 2.

As the wind direction sweeps in the range 250° < I' < 290°, the wake of the upstream turbine makes a full pass over the

downstream rotor. The ambient wind speed and TI are held constant at 8 ms—* and 12%, respectively.
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Figure A1. Variation of the RAWS (a), RATI (b), and RAHS (¢) on the waked turbine of Fig. 2 for varying wind direction I', for an ambient
wind speed of 8 ms ™! and TI of 12%. For a wind direction of 270°, the array of turbines is aligned with the incoming wind.

= 270°

toward the ambient wind speed as the wind direction moves away from this value. In contrast, the RATI is largest in full-wake

Figure Al clearly shows that the RAWS is at its minimum for the full-wake situation (I’ and progressively recovers

condition due to wake-added turbulence. As the turbine experiences less wake impingement, the RATI decreases toward the

50



1335

1340

1345

A2 Effect of calibration on surrogate performance

Figure A2 illustrates the performance of the load surrogate model when the input RAIQs are estimated from FAST.Farm for
both the training and testing datasets. The root-mean-square percentage error (RMSPE) is used as performance metric. The
scatter plots for both the training and testing datasets are similar, indicating that the ANN training data pool was sufficiently.
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Figure A2. Performance of the load surrogate model for the projected blade root DELs (a) and projected tower base DELs (b). DELs

measured on FAST.Farm (the ground truth) are on the x axis, while DELs predicted by the surrogate on the y axis. Root-mean-square

ercentage errors (RMSPE) are used as performance metrics. Half of the dataset was used for the training of the ANN (in blue), while the

other half was used for testing the trained ANN (in orange).

As discussed in Sect. 3.1, load estimates based on RAIQs from Floris in its baseline configuration were found to be not

satisfactory, because of the unavoidable mismatch between its steady-state inflows and the ones generated by the dynamic

model of FAST.Farm. To address this problem, the wake-added turbulence model in Floris was replaced with the ? model, and

the “wind farm as a sensor” method was used for calibrating all Floris model parameters from the FAST.Farm dataset (see
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1350 To illustrate the improvements achieved by model tuning, Fig. A3 compares the DELs estimated by the load surrogate when
the inflow RAIQs are computed from the non-calibrated Floris (shown as black dots) with the ones obtained with the calibrated
Eloris model (shown as red dots). The results show considerable improvements. In particular, panel (b) highlights the beneficial
effects of flow model tuning, whereas the baseline model significantly underpredicts tower base loads. This is primarily due to

the crude estimation of RATI in the baseline model, which uses the model of ?.
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Figure A3. Comparison of DELs predicted by the load surrogate model fed by RAIQs measured on the non-calibrated Floris (in black) and
on the calibrated version (in red). DELs measured on FAST.Farm (the ground truth) are on the x axis, while surrogate-predicted DELs on

the y axis. Data points include both the training and testing datasets, for I = 12%. (a) Projected blade root DELSs; (b) projected tower base
DELs.
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1355 Appendix B: Nomenclature

Turbine component
Number of turbine components
Cost item

Damage

Do aa-°

a
<3

1360 Damage threshold

~Discount rate
Wind condition frequency

N

Turbulence intensity

x>~
*

Flow model parameter

1365 Damage safety factor

%

Load cycle amplitude

N
<

Ultimate load
Wohler exponent
Number of load cycles

1370 Number of turbines

=2 =2 3 3

Q
Q

Equivalent number of load cycles
Turbine power

Turbine rated power

Rotor radial coordinate

1375 Polynomial fit parameter
Rotor radius

Electricity market price

~Time instance

Turbine-Desired lifetime horizon
Wind speed

q%?“gﬁ@ S
B

1380

Control set-pointsetpoints
Set of ambient wind conditions

ST

Weight parameter for Load balance strategy

&<

~Year

1385
Number of years in T’

~

0

Induetionfactor

= 2

“Yaw Misalignment angle

53



1390

1395

1400

1405

1410

1415

T Wind direction

At Time duration

P Rotor azimuthal coordinate

AEP Annual energy production

ANN Artificial neural network

CF Capacity factor

DEL Damage equivalent load

EOL End of life

FLORISFloris FLOw Redirection and Induction in Steady State
NPY “Net present value

O&M Operation and maintenance

RAWS Rotor-average wind speed

RATI Rotor-average turbulence intensity
RAHS Rotor-average horizontal shear
RAIQ Rotor-average inflow quantity
RMSPE Root mean square percentage error
TI Turbulence intensity

WEC Wind farm control

Data availability. The content and data of figures 3-5, 7-13, and 15-17 can be retrieved in Python pickle format via the
DOI': https://doi.org/10.5281/zenodo. 15118524
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