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ABSTRACT

We develop a torque-pitch control framework using deep reinforcement learning for wind turbines to optimize the generation
of wind turbine energy while minimizing operational noise. We employ a double deep Q-learning, coupled to a blade element
momentum solver, to enable precise control over wind turbine parameters. In addition to the blade element momentum, we use
the wind turbine acoustic model of Brooks Pope and Marcolini. Through training with simple winds, the agent learns optimal
control policies that allow efficient control for complex turbulent winds. Our experiments demonstrate that reinforcement learn-
ing can find optimals at the Pareto front when maximizing energy while minimizing noise. In addition, the adaptability of the
reinforcement learning agent to changing turbulent wind conditions underscores its efficacy for real-world applications. We val-
idate the methodology using a SWT2.3-93 wind turbine with a rated power of 2.3 MW. We compare the reinforcement learning
control with classic controls to show that they are comparable when noise emissions are not taken into account. When including
a maximum limit of 45 dBA in the noise produced (100-m downwind of the turbine), the extracted yearly energy decreases by
22%. The methodology is flexible and allows for easy tuning of the objectives and constraints through the reward definitions,
resulting in a flexible multi-objective optimization framework for wind turbine control. In general, our findings highlight the
potential of RL-based control strategies to improve wind turbine efficiency while mitigating noise pollution, thus advancing sus-
tainable energy generation technologies.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

Inrecentyears, the aerodynamic design of wind turbines has un-
dergone significant advances, reaching near-optimal efficiency
through substantial investments in aerodynamic optimization,
as well as advancements in manufacturing techniques and ma-
terials. Consequently, the focus has shifted towards addressing
the issue of noise generated by wind turbines, which is emerg-
ing as a competitive factor within the wind energy industry.
Numerous studies have explored the correlation between wind
turbine sound power levels and public-reported perceptions of
annoyance [1, 2]. Accurate prediction of wind turbine noise
under real operational and atmospheric conditions is crucial to
design quieter turbines and complying with imposed noise reg-
ulations [3]. This necessity underscores the importance of fast
turn-around methods for incorporating noise calculations into
design and optimization processes, as well as assessing noise in
real time during operation. Such efforts not only optimize wind
resource utilization but also minimize the impact on the quality
of life of nearby communities and wildlife.

Aerodynamic noise poses a significant limitation to further ex-
ploiting wind energy resources. This type of noise results from
the turbulent flow interacting with the airframe, necessitating
a detailed resolution of the flow for accurate far-field noise pre-
diction. However, computational fluid dynamics (CFD) solvers,
while capable of simulating the flow field, incur a high computa-
tional cost which escalates further when resolving the acoustic
field. Consequently, numerical approaches to wind turbine noise
prediction remain challenging. Therefore, most noise predic-
tion models for wind turbines are based on aeroacoustic semi-
empirical models rather than numerical simulations [4]. Despite
these obstacles, wind turbines remain an essential component
in the generation of clean and renewable energy. However, ef-
fective control strategies are imperative to optimize their perfor-
mance under variable wind conditions.

Wind turbine control systems are designed to maximize energy
generation while ensuring structural integrity and safe opera-
tion [5-7]. Given the dynamic nature of wind, adaptive control
strategies are essential, with classic mechanisms including ad-
justments to yaw angle and rotational speed, as well as blade
pitch angle modulation. Using real-time wind measurements,
turbine dynamics, and advanced control algorithms enables si-
multaneous adjustments to rotor speed and pitch, enhancing en-
ergy generation, reducing fatigue loads, and extending turbine
lifespan.

Machine learning (ML) techniques have become integral to op-
timizing renewable energy systems, offering advanced solutions
for prediction, control, and decision-making processes. In the
realm of supervised learning, support vector machines (SVMs)
have been widely utilized to forecast critical parameters. For
example, [8] or [9] used ensemble techniques for solar power
forecasting. [10] used also SVM power prediction of turbines.
Artificial neural networks (ANN) have also been pivotal as func-
tion approximators in renewable energy applications. [11] used a
graph neural network (NN) to create a layout-independent wind
farm load estimator. Optimization of wind farm layouts has
also benefited from ML-oriented techniques. [12] applied evo-
lutionary algorithms to optimize turbine placement, focusing

on maximizing power output, while [13] extended layout opti-
mization by incorporating noise generation constraints into the
optimization process, balancing energy production with envi-
ronmental noise considerations.

However, traditional ML approaches often struggle with dy-
namically changing wind conditions and complex interactions
between turbine parameters. Thus, reinforcement learning (RL)
has emerged as a powerful alternative for wind turbine control,
offering adaptive decision-making capabilities and the ability
to learn optimal control policies in real time [14, 15]. RL in-
volves an agent learning to make decisions in an environment to
maximize cumulative rewards over time [16]. Applied to wind
turbines, RL offers autonomous learning of control inputs to
maximize power generation by capturing complex nonlinear
relationships between wind conditions, turbine states, and ac-
tions. RL-based control methods adapt in real time to changing
wind conditions, offering significant advantages in wind tur-
bine operation.

While significant research has been conducted on noise re-
duction techniques in wind turbine blade design and layout
optimization for noise generation, there is a notable gap in
studies integrating RL with wind turbine control that ex-
plicitly considers noise. The existing literature extensively
explores RL-based wind turbine control strategies, but none
addresses noise constraints as a key part of the objective.
A detailed discussion of the state of the art is provided in
Section 2. Therefore, the development of a silent control strat-
egy through RL presents a novel research opportunity. This
study addresses the challenge of optimizing wind turbine
control to maximize energy generation while simultaneously
minimizing aeroacoustic noise. To bridge this gap, we propose
a multi-objective RL framework that dynamically adjusts tur-
bine operations to achieve a balance between efficiency and
noise reduction. The main research contributions of this work
are as follows:

« A multi-objective RL control of wind turbines is proposed.
Attempting to maximize energy generation while maintain-
ing acceptable decibel levels.

« The methodology is validated on a SWT2.3-93 wind turbine
using OpenFAST, a BEMT solver, coupled with aeroacous-
tic models to compute wind turbine noise.

« An effective power curve (EPC) is computed for silent con-
trol of wind turbines, enabling the estimation of annual en-
ergy generation for different locations.

The paper is structured as follows. First, we discussed the state
of the art on Section 2. Then, we summarize the methodology
in Section 3. There, we include the wind turbine model, vali-
dating the aeroacoustic model with three different wind condi-
tions. Additionally, the multi-objective RL strategy is explained,
and we provide details on the reward, the NN architecture,
and the training procedure. In Section 4, we validate the con-
troller with simple steady winds to later challenge the method
with turbulent wind conditions obtained from experimental
measurements. Finally, we characterize the new silent control
strategy estimating its effective power curve and end up with
conclusions and outlooks.
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2 | Related Works

Wind turbine optimization has been extensively studied from
two distinct perspectives: noise reduction techniques, which
focus on minimizing aeroacoustic emissions through design
modifications, and RL approaches for turbine control, primarily
aimed at maximizing energy efficiency and structural stability.
However, these two fields have remained largely separate, and
RL-based control strategies rarely incorporate noise constraints.
This section reviews the existing literature on noise mitigation
strategies in wind turbines and RL approaches to turbine con-
trol, highlighting the gap that motivates our work.

A widely studied technique is the use of serrated trailing edges,
which modify turbulent flow structures to reduce noise gener-
ation [17]. Experimental and numerical studies confirm their
effectiveness in minimizing trailing-edge noise, a dominant
aerodynamic source, making them a practical solution for qui-
eter turbine operation [18]. For a broader overview of wind tur-
bine noise mechanisms and conventional mitigation strategies,
see [19] and [20]. Recent advances in ML have further improved
blade design and noise management, optimizing blade geom-
etry to lower noise emissions while preserving aerodynamic
performance. [21] utilized a genetic algorithm, whereas [22] em-
ployed autoencoders to refine blade geometry, achieving noise
mitigation without compromising power output. Beyond design
optimization, ML has also been applied to wind turbine noise
identification, with SVM used to analyze noise measurements
and classify aeroacoustic noise sources [23]. Noise-aware opti-
mization techniques extend to broader operational and layout
strategies. While traditional wind farm layouts prioritize energy
production, recent studies incorporate noise constraints to min-
imize overall emissions [13]. Advanced models using the Jensen
wake model and particle swarm optimization maximize power
output while reducing noise by up to 15%, accounting for wake
effects and community proximity [24].

With regard to wind turbine control, this paper reviews re-
cent advances in RL-based strategies, focusing on pitch angle
and rotor speed modulation. Previous studies have proposed
RL algorithms with comprehensive reward definitions, show-
casing their efficacy in optimizing wind turbine performance
under varying wind conditions. For example, [25] proposed an
RL pitch controller to maintain nominal power using an adap-
tive dynamic programming algorithm, reducing the energy

Set up Wind
Turbine

Train DDQN
Agent

No Yes

consumption of the pitch actuator. [26] developed a data-driven
model to perform a torque-pitch controller, modeling the dy-
namics and using RL to control the wind turbine. [27] discussed
different reward definitions for wind turbine controllers, while
[28] and [29] developed RL methods for yaw control avoiding
control parameter tuning. [30] and [31] employed Q-learning RL
methods for maximum power point tracking (MPPT) control of
the generator speed. Furthermore, multiple RL strategies have
been proposed in wind farm-level control, where multi-agent
methods mitigate wake effects, [32]. In general, these studies
demonstrate the adaptability of RL systems to realistic wind
conditions, thus enhancing the overall energy generation and
efficiency of wind turbines.

Our proposed RL control strategy introduces several key ad-
vancements over existing methods. In particular, it is the first
to explicitly incorporate noise generation as an optimization ob-
jective, addressing a critical yet often overlooked aspect of wind
turbine control. Unlike most of previous RL-based approaches,
which rely on simplified analytical models of wind turbine dy-
namics, our method integrates a blade element momentum the-
ory (BEMT) solver. This enhances the physical accuracy of the
model and avoids dependency on specific analytical fits, making
it applicable to a broader range of turbine designs and operating
conditions. Another significant improvement of our research is
to estimate a noise-constrained EPC, allowing for better gener-
alization compared to existing studies that typically evaluate
performance under a single wind condition.

3 | Methodology

In this section, we detail the methodology to integrate deep re-
inforcement learning (DRL) with the dynamic control of a wind
turbine. We begin by describing the wind turbine model, focus-
ing on how both the power output and the noise levels are com-
puted, and validate the methodology using field measurements
for a SWT2.3-93 wind turbine with a rated power of 2.3 MW.
Subsequently, we detail the setup of the DRL algorithm, which is
designed to maximize power generation within specified noise
constraints, demonstrating the application of advanced ML
techniques to real-world energy optimization challenges. The
flowchart illustrated at Figure 1 outlines the process of train-
ing the RL agent for wind turbine control, from initial setup to
performance evaluation. The process begins with configuring

OpenFAST
(Section 3.1)

(Section 3.2.5)

Define RL
State, Action,
Reward
(Sections 3.2.2
and 3.2.3)

Training Loop

(Figure 5 & Converge?

Algorithm 1)

Evaluate Estimate a
Performance silent EPC
Deploy . .
Thostiued Ayt on Turbu- using Gaussian
lent Wind Process

(Section 4.2) (Section 4.3)

Validate on
Steady Wind
(Section 4.1)

FIGURE1 | Flowchart of the DDQN-based wind turbine control method, from training to evaluation of the RL agent.
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the wind turbine in OpenFAST and defining the RL framework.
The RL agent is then trained using a DDQN algorithm. Once
training is complete, the agent is deployed and evaluated under
various wind conditions to assess its performance.

3.1 | Wind Turbine Modeling Using OpenFAST

One critical requirement for incorporating a wind turbine solver
into the DRL control framework is the ability to perform rapid
evaluations, as the DRL training process requires a large num-
ber of simulations. To meet this need, we have chosen to employ
an efficient BEMT solver. Specifically, we use OpenFAST [33], a
well-known open-source software for simulating wind turbine
dynamics and acoustic predictions.

BEMT is known for its efficiency and offers a simple yet accu-
rate method for estimating the aerodynamic forces and energy
generation of wind turbines. Its ability to perform rapid func-
tion evaluations is crucial for training and validating the agent
within a reasonable time frame. In the realm of BEMT, the wind
turbine blade is segmented into smaller sections along its span.
The aerodynamic forces exerted on each section are computed
based on the local wind conditions and the airfoil's geometry.
These local flow conditions, defined for every section and time
step, encompass the wind's speed and direction, along with the
turbulence intensity. Polar curves for each airfoil section are
used to compute the aerodynamic forces (lift, drag, and mo-
ment coefficients). By integrating the forces along the span of
the blades, we can derive the overall power and thrust generated
by the wind turbine.

In addition, OpenFAST includes an aeroacoustic module that
enables the computation of the noise levels generated by the
wind turbine at a specific location for the observers. To deter-
mine the aerodynamic noise sources from wind turbine blades,
various semi-empirical noise models are included [34] and we
select Brooks Pope and Marcolini model. The sound pressure
level (SPL) for each blade segment is calculated based on indi-
vidual noise mechanisms. The cumulative effect of these mech-
anisms yields the noise source for each airfoil. Finally, the noise
sources from all blade segments are combined as noncorrelated
noise sources, which contributes to the overall computation of
the wind turbine sound power level. The essential aspect of this
process is the precise identification and modeling of the various
noise mechanisms associated with each blade section. These
mechanisms can be categorized into two groups: turbulent in-
flow noise and airfoil self-noise. OpenFAST implements the
turbulent inflow model presented by [35], and among the airfoil
self-noise models described by [36], we have specifically selected
the following: turbulent boundary layer trailing edge noise and
tip vortex formation noise.

3.1.1 | Validation of OpenFAST With a SWT2.3-93
Wind Turbine

The onshore wind turbine selected for the study is based on the
SWT2.3-93, which has a rated power of 2.3 MW. This turbine
has undergone extensive experimental field testing, and com-
plete details of its geometry and benchmark data are available

in the open access repository Zenodo (through the work of the
European project [37]). Table 1 shows general geometric and op-
erational specifications of the SWT2.3-93 wind turbine. Figure 2
illustrates the chord and twist distributions across the blade.
Polar airfoil curves are available in the airfoil catalog compiled
by [38]. More details can be found in [39].

All open source information enables us to create an
OpenFAST SWT2.3-93 model. Furthermore, the benchmark
results from the Zenodo data set can be used to validate the
model. Figure 3 presents the validation of both the power out-
put and the SPL of the wind turbine. Figure 3a compares the
experimental power curve (from the Zenodo database) with
that generated by the OpenFAST solver, showing good agree-
ment. Meanwhile, Figure 3b shows the one-third octave SPL
for frequencies ranging from 10Hz to 10 kHz, comparing the
Zenodo dataset with the OpenFAST results. These compari-
sons cover three different operational conditions, as detailed
in Table 2. The Zenodo acoustic results are computed for
an observer positioned 100 meters downstream of the wind
turbine, at ground level. We observe a good agreement with
the experimental data for the three operating conditions. We
conclude that OpenFAST, with the acoustic model of Brooks
Pope and Marcolini, provides accurate predictions of power

TABLE1 | SWT2.3-93 geometric and operational specifications.

Rated power 2.3 MW
Rotor diameter 93.0m
Tower height 80.0m
Rotor speed range 6-18 rpm
Cut-in wind speed 4.0m/s
Rated wind speed 12.5m/s
Cut-out wind speed 25.0 m/s
Survival wind speed 55.0m/s
Tip-speed 78.0 m/s
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FIGURE 2 | Chord c and twist f span-wise distributions of the
SWT2.3-93 wind turbine.
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(a) Power curve for the SWT2.3-93 wind turbine.
The manufacturer curve is obtain from the Zenodo
open access repository.
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(b) One-third octave SPL diagram for three dif-
ferent operational points. The measurements of
the SPL spectrum are obtained from the Zenodo
open access repository.

FIGURE3 | Comparison of Zenodo dataset benchmarks and OpenFAST modeling of the SWT2.3-93 wind turbine.

TABLE 2 | Operational conditions studied on the Zenodo
aeroacoustic dataset.

Operation point U, (m/s) Q (rpm) 0(°)
OP1 6.0 13 3
OP2 8.0 14 -2
OP3 9.5 17 5

Note: The operation point is defined by the wind speed U, the rotational speed
Q and the blade pitch angle 6.

generation and acoustics and is therefore a valid tool to per-
form multi-objective optimization.

3.1.2 | Sensitivity to Control Parameters

The parameters selected to control the wind turbine power and
noise include the rotation speed Q and the angle of rotation of
the blade 6. Before discussing the RL setup, it is crucial to illus-
trate the sensitivity of these parameters for the two performance
metrics: the power coefficient and the overall SPL.

In Figure 4, the sensitivity analyses for both the rotational speed
and the blade pitch angle are displayed for a single incoming
wind speed (U,). The values for one-third octave SPL, power
coefficient, and overall SPL are shown for different operational
conditions. Figure 4a depicts the influence of Q; increasing the
rotational speeds increases both the SPL and the power coeffi-
cient, highlighting the trade-off between maximizing power and
minimizing noise. The entire SPL spectrum increases uniformly
with increasing €, due to a higher relative velocity in the blades
and leading to an increase in SPL regardless of the noise mech-
anism. A similar analysis is presented in Figure 4b for the blade
pitch angle. Although the general conclusion about the opposi-
tion between power and noise remains valid, the SPL spectrum
behaves differently across frequencies. The pitch angle mainly
affects trailing edge noise, leading to changes at relatively low
frequencies ranging from 10Hz to 1 kHz.

3.2 | Design of a RL Control

RL is a branch of ML that focuses on how agents should take
actions in an environment to maximize the cumulative reward.
Unlike supervised learning, where the model learns from a la-
beled dataset, RL is driven by agent-environment interactions.
The agent takes actions based on the current state of the en-
vironment and receives feedback in the form of rewards. The
state represents the situation of the environment at a given time,
while the actions are the possible moves the agent can make.
The reward is the feedback indicating the immediate benefit or
cost of an action, guiding the agent toward better actions over
time. In particular, in this work, we use Q-learning RL, which is
detailed in the next section.

3.2.1 | RL for Multi Objective Control

Q-learning is a widely recognized RL algorithm [40]. It is cate-
gorized as a model-free RL algorithm, implying that it operates
without the need for prior knowledge or explicit models that
represent the dynamics of the system. The fundamental com-
ponent of Q-learning is the Q-value, which quantifies the an-
ticipated cumulative reward for executing a specific action in a
given state. The Q-value is updated iteratively via the Bellman
equation, which formulates the optimal action-value function
in terms of the maximum expected future reward. During the
learning process, the wind turbine interacts with the environ-
ment, transitions between states, and takes actions according
to its current policy. The Q-learning algorithm employs an
e-greedy exploration-exploitation trade-off to strike a balance
between exploring new actions (e times) and exploiting current
knowledge (1 — e times) to maximize cumulative rewards. In
RL, the cumulative reward is calculated taking into account that
a reward received immediately is worth more than a reward re-
ceived in the future, specifically, each time step the reward is
discounted by y, the discount rate.

Initially, the Q-values are arbitrarily initialized. As the wind
turbine explores the environment and receives feedback in the
form of rewards, the Q-values are updated using the temporal
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FIGURE4 | Sensitivity analyses for control parameters in relation to OSPL, power coefficient (C,), and one-third octave SPL (dBA) spectra.
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Wind conditions

Observation

s¢(wind conditions, control variables)

FIGURES5 | Flow diagram of the reinforcement learning control methodology.

difference error. The temporal difference error represents the
discrepancy between the observed reward and the predicted
reward based on the Q-values. Through repeated iterations,
the Q-learning algorithm gradually converges to an optimal
policy. In this state, the wind turbine learns the best actions
to take in different states, thus maximizing power generation
while minimizing noise. In our case, these agent-environment
interactions for wind turbine control are illustrated in
Figure 5.

Deep Q-learning (DQN) is a variant of Q-learning that em-
ploys a deep NN to estimate Q-values [41]. DQN replaces the
traditional lookup table with a NN, enabling generalizations
across states to handle large state spaces efficiently. In this
study, a double deep Q-learning (DDQN) is employed. DDQN
is an extension of DQN that uses two NNs: the primary net-
work and the target network. The primary network selects

the action, and the target network evaluates its Q-value. This
way of decoupling the selection and evaluation of actions ad-
dresses the overestimation of Q values, often observed in DQN
algorithms due to the maximization bias [42]. The weights of
the primary network are obtained by minimizing the follow-
ing loss function:

L(P) =Eg o) [(r +7Qy (s’, arg max Qyu(s’, a)) —Qy(s, a))z] ’
e))

where r is the reward, s is the state of the environment, a de-
notes a possible action that the agent can take, Q(s, a) is the Q-
function, and ¢ and ¢’ are the set of weights of the primary and
target network, respectively. The loss function L£(¢) quantifies
the residual of the Bellman equation, which formally defines the
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optimal values of the Q-values [16]. The set of weights from the
target network, ¢/, is updated using a soft update rule to enhance
the stability of the learning process [43].

¢ —rp+(1-1)9" ()

To train the DDQN, an experience replay buffer is utilized.
During the training phase, the agent interacts with the envi-
ronment and stores the experiences (state, action, reward, next
state) in the replay buffer. Subsequently, random batches of ex-
periences are sampled from the replay buffer to train the net-
work and update its weights. This process helps to break the
correlation between consecutive samples and improves stability
during the learning process.

An additional consideration in solving this RL problem is the
need to balance maximizing power output with minimiz-
ing noise impact. These objectives are inherently conflicting,
placing this problem within the multi-objective reinforcement
learning (MORL) framework. MORL extends traditional rein-
forcement learning to handle problems that involve multiple,
often conflicting, objectives.

Various strategies exist to address MORL problems. One of the sim-
plest methods is to define the reward using a scalarized function
that combines the rewards for each objective into a single global
reward, thus transforming the problem into a single-objective RL
task [44]. Another approach involves Pareto optimization, which
aims to find a set of optimal policies that lie on the Pareto front,
where no other policy is superior in all objectives [45]. There are
already methods that apply these MORL approaches using deep
learning implementations [46]. In this work, a scalarized method
is adopted to define a reward that balances the two objectives of
maximizing power and minimizing noise.

3.2.2 | State-Action Structure

The agent state must include all the necessary information
about the environment to allow the agent to take the best possi-
ble action. If the state lacks relevant information, the agent may
not be able to achieve optimal performance. The agent state is
defined by the incoming wind conditions, specifically the wind
speed U, along with the control variables of the wind turbine,
which are the rotational speed Q, and the pitch angle of the
blade 6. To fit within the DDQN framework, the state space S
must be bounded. Some variables (rotational speed and pitch)
are bounded by mechanical/structural limitations, whereas the
wind speed is bounded by physical range. Note that these can
be tuned for specific wind turbines and geographic sites. We in-
clude an additional constraint on the tip speed ratio A = 2R \with
the blade radius R = 46.5 m, to ensure the correct behavior of
the BEMT solver. The specific values of all the constraints are
outlined below:

« U, €[4,16] m/s,
+ Q€[6,18] rpm,
« 0 e[-5,10p,

« A€[3,12].

Notice that we could include the power and noise generated by
the wind turbine in the agent state definition. However, we con-
sider that those magnitudes are not directly observable by the
agent and are only included via the reward function.

The actions available to the agent involve either increasing or
decreasing the control variables. Since Q-learning is defined
for a discrete action space A, the control variables can only
be adjusted by fixed increments. Five distinct actions are de-
fined: two for each control variable (one for increasing and
one for decreasing) and one for maintaining the current state
(doing nothing). The specific fixed increment for each possible
action is determined based on the sensitivity analysis detailed
in Section 3.1.2. Since the rotational speed is more sensitive to
both power generation and SPL compared to the pitch angle,
incremental adjustments for each variable have been designed
so that their corresponding actions have effects of the same
magnitude. The actions that the agent can take are specified
as follows:

« gy increase Q by 0.5 rpm,
» a,: decrease Q by 0.5 rpm,
» a5 increase 6 by 1°,
» a,: decrease 6 by 1°,

* a5 do nothing.

It is important to note that the transition between states is not
deterministic a priori. Although we can freely adjust the control
variables, the wind conditions depend on the environment and
are beyond our control. This motivates the use of a model-free
RL method, as model-based approaches only guarantee conver-
gence if the transition function between states is known.

Regarding the state-action transition and its integration with
the wind turbine solver, OpenFAST is used to compute power
and SPL values for each encountered state, without accounting
for the torque and pitch dynamics during state transitions. This
assumption is reasonable as long as the time between actions
is much longer than the transient characteristic time between
states. Since the RL agent transitions between steady-state solu-
tions, the action interval does not influence the training process.
Therefore, the control frequency can be selected after training
based on operational requirements and desired control update
intervals.

3.2.3 | Reward Definition

The reward function is a key to defining the RL algorithm, as
it is the only feedback that quantify the success of the actions
taken by the agent. Therefore, the reward must be carefully
crafted for each specific problem to learn an appropriate pol-
icy. As mentioned in Section 3.2.1, this is a multi-objective op-
timization problem (or MORL), requiring a specific strategy
to address the two conflicting objectives: maximizing power
extraction while minimizing noise generation. In this work,
we choose to blend the two objectives through a linear func-
tion to define the overall reward. The reward can be expressed
as follows:
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FIGURE 6 | Directivity map of sound pressure level (SPL) generated
by OpenFAST. The wind direction is oriented along the positive x-axis
(left to right), perpendicular to the wind turbine rotor. The operational
conditions are Uy =12 m/s, Q = 16.5 rpm and 6 = — 1°. The observer
location “x” is situated 100-m downwind.

r = Tpw + Ispp» 3)

where rpy, denotes the reward associated to the power objec-
tive and rgp; the one related to the SPL one. The reward func-
tion is structured such that rpy, incentivizes power generation,
making it a positive component, while rgp; penalizes excessive
noise, resulting in a negative contribution. This positive-neg-
ative reward structure is known to improve the convergence
of learning and the performance of the wind turbine control-
ler [47].

As we discussed previously in our previous work [48], the re-
ward power component should encourage the agent to obtain
the highest energy generation possible, regardless of the wind
conditions. To achieve this, we use the power coefficient C,, of
the wind turbine. We set this reward to increase linearly from 0
to 1, with 1 corresponding to the maximum possible value of the
power coefficient within the state space, C, om,. Therefore, the
reward power component reads as follows:

G

"ow = & . @)

p,nom

The reward term related to sound generation, rgp, is highly de-
pendent on the specific problem being modeled. First, we need to
select the observer locations where the SPL is computed, typically
in critical areas where noise mitigation is a priority. In this work,
we decide to set an observer 100-m downstream of the wind tur-
bine; see Figure 6. Next, we decide how to penalize sound genera-
tion (SPL) in the reward function. We opt to use a ReLU activation
function that begins to penalize once the SPL exceeds a certain
threshold SPL,;,.. Below this threshold, the agent focuses solely on
maximizing power. Additionally, we define a A dB value that spec-
ifies how much the SPL threshold can be exceeded before the re-
ward becomes —1. Beyond this point, no matter how much power
the agent generates, the total reward will be negative. Therefore,
SPL,,, + A dB serves as an effective noise limit. For this specific

FIGURE 7 | Reward noise component.

application, we set SPLy,, = 45 dBA and A dB = 5 dBA, but note
that these values can be adapted to specific sites or regulations.
The reward noise component can be seen in Figure 7 and reads
as follows:

SPL — SPL
FopL = — ReLU(—“"),

AdB ®)
where ReLU states for a Rectified Linear Unit activation
function.

In addition, we need to include the bounds of S in the reward.
To make the agent learn the limits, it receives punishments
whenever it performs a forbidden action, that is, an action
that leads to a state s,,; € S. In such cases, the agent receives
a negative reward with a value of r = — 3, and the action is
revoked so that the control variables remain the same. The
punishment is set to —3 to differentiate it from the possible
negative reward of rgp;. This distinction is made because ex-
ceeding the limits of S is considered worse than generating
noise above the threshold. Finally, the reward function for the
agent is the following:

]
r(st’ a;, S¢+1) = Cp,nom AdB 6)
-3 ifs; ) €S.

3.2.4 | NN Architecture

When using DQN, NNs are used to approximate the Q-function.
Typically, the NN is designed to approximate the Q-vectors, q(s),
which represent the Q-values in the state s for all possible actions.
That is, q(s); = Q(s, a;). This approach is used because A is a dis-
crete space, and encoding these discrete actions as an input can be
problematic; it is more convenient to create a mapping between real
subspaces. The NN map is defined as g 4(s): S C R* — RS>, where ¢
denotes all NN weights, the output space dimension is|.A| = 5and
s denotes the state vector, which is s = [U_, Q, 6]7.

The NN architecture follows a multilayer perceptron struc-
ture with two dense hidden layers, each using ReLU activation
functions. The final layer employs a linear activation function
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128 neurons64 neurons
FIGURE 8 | Q-network architecture.

instead of ReLU, allowing the Q-values to take any real value
rather than being restricted to positive numbers.

InRL, NNsare typically smaller compared to those used in super-
vised classification tasks. Most studies employ architectures with
two or three relatively small hidden layers [41, 49, 50]. Following
this common practice, we found that a network with two hidden
layers of 128 and 64 neurons was sufficient to accurately approx-
imate the Q-function. The final architecture of the Q-network
used to train the DDQN agent is illustrated in Figure 8.

3.2.5 | Training of the Wind Turbine DDQN Agent

The main ideas of Q-learning have already been explained in
Section 3.2.1. However, here the specific details of the DDQN

TABLE 3 | Training parameters used for the DDQN agent.

Parameter Value
Environment interactions 200 k
Steps of the environment per training iteration 5
Maximum capacity of the replay buffer 50 k
Batch size 64
Learning rate 5e-4
Discount factor 0.95
Epsilon value for the epsilon greedy policy 0.50
Tau soft update parameter 0.1
Period of update of the target network 20

training to design the wind turbine controller are included.
During the training phase, the agent faces random steady wind
conditions during short episodes of 20 time steps. This allows
the agent to adapt to virtually any wind, even if the wind speed
changes faster than 20 time steps. This adaptability is achieved
because experiences are stored in the replay buffer and batches
are selected randomly. Consequently, the specific temporal evo-
lution of states during the agent's experience is not critical, pro-
vided that the stored transitions comprehensively represent all
actual transitions in the system.

The double deep Q-learning (DDQN) agent is trained using
the hyperparameters listed in Table 3. To ensure sufficient ex-
ploration of the state-action space within a reasonable time,

Algorithm 1 Double Deep Q-Learning Algorithm

Initialize replay buffer R

Initialize primary network @), with random weights ¢
Initialize target network Q4 with weights ¢’ = ¢

Set hyperparameters: « (learning rate), v (discount factor), e (exploration probability), T (soft

update parameter), N (number of training iterations), n (number of steps taken every training
step, m (period of update of the target network).

Initialize random state s
for iter=1 to N do
for n steps do

Select action a using e-greedy policy from Q4
Take action a, compute reward r and new state s’ using the wind turbine solver

10: Store transition (s, a,r,s’) in replay buffer R

11: if last step of the episode then
12: Initialize random state s

13: else

14: Update current state: s < s’
15: end if

16:  end for

17:  Sample random mini-batch of transitions (s;, a;,7;,s}) from R
18:  Estimate loss function from eq. (1) with the mini-batch transitions
19:  Update the primary set of weights ¢ using a gradient optimizer.

¢ ¢—aVyL

20:  each m iterations do Soft update of the target network weights ¢ using eq. (2) rule.

21: end for
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FIGURE 9 | Average Q-values taken during the training process of
the DDQN agent.

the epsilon value in the epsilon-greedy policy is set to 0.5. The
training process is outlined in the pseudocode presented in
Algorithm 1. Learning progress is assessed by monitoring the
evolution of the Q-values for the state action pairs encountered,
as shown in Figure 9. As expected, the Q-values increase as the
agent learns optimal actions. Notably, these Q-values are ob-
tained from short evaluation phases conducted during training
using a pure greedy policy. By the end of training, the smoothed
Q-values stabilize around 8, indicating convergence of the NN
optimization.

The computational cost of training the agent is primarily dom-
inated by the wind turbine solver, OpenFAST. This is a typical
situation in flow control problems where the environment is the
most computationally expensive component. In this case, the
BEMT solver is sufficiently efficient, allowing training to be
completed in 60 computational hours with the hyperparameters
outlined in Table 3. However, for more complex problems with
higher computational demands, techniques such as parallel en-
vironment algorithms can be employed to accelerate training
[49, 50].

For implementation, we used OpenAl Gym [51] to create the
environment, serving as a bridge between the RL formulation
and the OpenFAST wind turbine solver. TF-Agent [52] was em-
ployed to develop the DDQN agent and manage the entire train-
ing process. All NNs were constructed using Keras API [53], and
Adam optimizer was used for training [54].

4 | Results

The agent's performance is assessed under various wind con-
ditions. First, we validate the operational point that the agent
reaches under constant wind conditions, assessing its optimal-
ity through a Pareto front. Next, we evaluate the agent's ability
to adapt to turbulent wind conditions by comparing its control
strategy against a classic controller. Finally, we estimate the
agent's annual energy production and compare it against a clas-
sic control strategy designed to maximize energy extraction.

[dB A]

Dominated solutions

O Optimal solutions

Sound Pressure Level

35 1
=== SPL threshold
301 - Ag.,e.nt tra]ef‘,tlorles
O Initial condition
x  DDQN optimum
25 1 QN op
0.0 0.1 0.2 0.3 0.4 0.5

Power coefficient [-]

FIGURE10 | Paretodiagram atawind speed of 10 m/s, showing the
power coefficient C, and sound pressure level SPL (dBA) computed for
1000 random states within the state space. Different agent trajectories
are displayed on the Pareto diagram. The numbering of the initial con-
ditions correspond to Table 4.

TABLE 4 | Four different cases evaluated under steady wind speed
of 10 m/s.

Case 1 2 3 4
Q, (rpm) 9.61 17.98 8.43 16.54
Qf (rpm) 11.11 10.98 10.93 11.04
0,(° 9.94 3.87 -1.25 8.37
0; (%) 5.93 3.87 2.75 5.37
r(s,) 0.41 -1.05 0.45 —-0.56
r(sy) 0.56 0.65 0.67 0.60

Note: The initial condition is defined by the initial control variables Q; and 6,
and the agent get to the optimum defined by the control variables Q; and 6. The
initial and final rewards of each trajectory, r(s,) and r(sy), are also presented.

4.1 | Steady Wind Validation

The simplest test for evaluating the agent is to assess its perfor-
mance under steady wind conditions. In this scenario, with un-
changing wind conditions, the agent must identify, reach, and
maintain the state that maximizes the cumulative reward. This
optimal state does not depend on the initial conditions of pitch
and rotor speed, as the wind conditions are steady. However, it
is important to note that the agent's actions are discrete, limiting
its ability to reach every possible state.

To validate the performance and robustness of the agent, a
Pareto diagram is used. The agent is tested for different initial
conditions (with the same steady wind speed) to determine
whether it can consistently reach optimal states (at the pareto
front), regardless of the initial state. To illustrate the agent's
trajectory (sequence of state-action-reward) for each initial
condition, these trajectories are displayed on a power coeffi-
cient—SPL diagram, along with values for 1000 random states
from S. Figure 10 presents the Pareto diagram, illustrating the
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agent's trajectory from four different initial conditions. The
Pareto front was obtained following a Monte Carlo approach,
where 1000 random states were sampled within the state
space. Each state was evaluated in terms of the power coeffi-
cient C, and the SPL. The nondominated solutions, those for
which no other sampled state simultaneously improves both
objectives, were selected to form the Pareto front. It is clear
that, regardless of the initial condition, the agent successfully
achieves high power outputs up to the maximum permissible
decibel level. Furthermore, the agent demonstrates robust per-
formance by consistently avoiding the maximum limit of SPL
(dBA) while remaining close to the limit to maximize power.
It can be seen that the RL does not always reach the same
final state, but that the optima are relatively close to each
other. This suggests the existence of a local optimum. In ad-
dition, the discrete nature of the Q-learning actions may not
allow the agent to reach certain optima, since not all states are
reachable from an initial state. Despite these issues, the agent
consistently avoids acoustic penalties and achieves high power
outputs, with power coefficients ranging from 0.26 to 0.30.

For completeness, Table 4 shows the initial conditions of the
control variables for the trajectories displayed on Figure 10, as
well as the final-state control variables.

Overall, the agent robustness has been tested in a simple steady
wind scenario. The agent is able to reduce wind turbine noise
to admissible levels while maximizing power. Furthermore, the
agent finds optimum operational conditions regardless of the
initial condition, which shows the robustness of the algorithm.
In other words, the NN that approximates Q(s, a) has covered all
his input space S x A.

4.2 | Control Strategy for Experimental Winds

The agent capabilities are now tested in experimental wind con-
ditions. We compare the energy extraction between our agent
and two controllers that are designed solely to maximize power.
In doing so, we can demonstrate how much power we need to
sacrifice to keep the wind turbine at acceptable decibel levels.

0-4m/s

8 m/s

[ JESTINYA
1214w/

" B 1430 m/s

(a) Wind rose for one year of data.

FIGURE 11 | Wind conditions on the experimental wind environment.

The performance of the three controllers is compared. These
controllers include:

» Classic wind turbine controller: Standard wind turbine
controller designed to reach the power curve of the wind
turbine, using torque or pitch control depending on whether
the wind speed is above or below the rated wind speed.
Details can be seen in Appendix C.

« Power DDQN: Agent designed solely to maximize power. It
is trained without noise penalization; that is, only the power
reward is included; see equation (4).

« Quiet DDQN: Agent designed to maximize power without
producing more than 45 dBA decibel levels at 100m down-
wind of the rotor. It is trained with the complete reward
definitions including power and noise; see equation (6).

Wind data used to validate control performance under real wind
conditions were sourced from the Flatirons M2 site, part of the
Measurement and Instrumentation Data Center (MIDC) oper-
ated by the National Renewable Energy Laboratory (NREL); see
[55]. These daily wind measurements are openly accessible as
open source data. For this study, wind speed and wind direc-
tion measurements were selected at an 80-m height, spanning
from June 1, 2023 to June 1, 2024. The wind speed data consist
of mean velocities sampled at a 1-min frequency. Figure 11a dis-
plays a wind rose that illustrates the wind speed and wind di-
rection of this data set. Since this study focuses on torque-pitch
control, it is assumed that the incoming wind is consistently
aligned with the wind turbine, a condition typically managed by
yaw control. Therefore, we assume perfect alignment, and only
the wind speed distribution is used in the subsequent results.

Note that the Power DDQN agent considers power optimization
uniquely. Therefore, it is only applicable to the below rated wind
speed region defined in Appendix C. When the wind speed ex-
ceeds the rated value, the control strategy maintains the nomi-
nal power rather than maximizing it. To achieve this behavior
with a RL agent, the reward function would need to be mod-
ified. Consequently, the wind speed distribution used to vali-
date the agent under turbulent wind conditions is restricted to

—_
(=3 o] (=)

'y

Wind Speed [m/s]

0 100 200 300 400 500
Time [min]

(b) Wind speed distribution for 8 hours.
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FIGURE 12 | Control results for the three different agents on the 8-h experimental wind environment.

below-rated wind speeds, enabling a meaningful comparison
between the three controllers.

The control performance of the three agents is analyzed in de-
tail over an 8-h time span, using the wind speed distribution
shown in Figure 11b. RL controllers are allowed to control each
minute which is the experimental data frequency sample. In the
next section, we estimate the annual energy production for all
controllers.

Figure 12 shows the results of the different controllers during
the first 8 h of the yearly data set. Figure 12a,b displays the
control parameters evolution, while Figure 12c,d illustrates the
power and the noise generated 100-m downwind. It is noted
that the Power agent matches the power extraction achieved by
the classic control strategy, essentially implementing the same
control approach but with the discrete actions defined for the
RL agent. Since neither of these controllers is designed to con-
sider the acoustics of the wind turbine, both generate high levels
of noise when the wind speed is sufficiently high. In contrast,
the Quiet agent can match the power generation of the power-
oriented controllers when the wind speed is moderate. When
wind speeds are higher, it extracts as much power as possible
while keeping noise levels below the threshold value. In addi-
tion, all three controllers maintain a constant pitch value to
maximize power extraction. However, the Quiet agent adjusts

the pitch angle to reduce the noise levels when the wind speeds
increase.

This test shows the flexibility of the RL strategy for control and
highlights the possibility of including multiple objectives. In ad-
dition, we see that there is no need to have an a priori knowl-
edge of the turbine performance (e.g., the power curve or rated
maximum power) since the RL will learn these characteristics
when trained.

4.3 | Annual Wind Energy Estimation

There are different methodologies for obtaining an estimate of
the annual generation of wind energy [56]. The standard pro-
cedure is based on decoupling the wind turbine from the wind
distribution of the particular site. Consider the observed wind
speed frequency histogram to fit a theoretical probability den-
sity function (PDF) for the wind speed. It also requires a trans-
fer function that models the relation between power output and
wind speed. Typically, the Weibull distribution is used to fit the
wind speed frequency histogram. [57] showed that although the
Weibull distribution may not be substantiated for most sites, it
does not include important errors in the energy estimations. The
probability density function of the Weibull distribution is given
by the following:
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ro=(8) (@ (). o

where U denotes the random variable that models the wind
speed. The fit of the shape and scale parameters k and c is estab-
lished from the mean and variance of the wind speed, y; = E[U]
and a%] = V[U]. The specific relations can be seen in [58] work
and are the following:

0.16 1 HEEl Wind speed frequency histogram
' —— Weibull PDF fit

0.14 1
0.12 1
0.10 A
0.08 1
0.06 1
0.04 1

0.02 1

0.00 -
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FIGURE 13 | Wind speed frequency histograms of one year exper-
imental data and PDF of the adjusted Weibull distribution. The shape
and scale parameters are k = 1.195 and ¢ = 4.837, respectively.
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(c) Effective Power Curve (EPC) of both control
strategies against the Theoretical Power Curve
(TPC) from the manufacturer.

P —1.086
(2
Hy
and
c=_Hu
r(1+1) ©)

where I' denotes the special gamma function. This formulation
can be used to obtain the Weibull probability density function
that represents the 1-year experimental data reported by [55].
This is illustrated in Figure 13.

Regarding the transfer function between power and wind
speed, there are various strategies [59]. The theoretical
power curve (TPC) does not account for control mechanisms.
Furthermore, since our wind turbine control strategy consid-
ers acoustic generation, the wind turbine will exhibit a signifi-
cantly different EPC. It is necessary to compute an EPC that
accurately represents the transfer function between power
and wind speed for our specific control scenario. The EPC can
be computed using simulations of the wind turbine control.
The agent is faced against a turbulent wind that covers all the
range of interest of wind speed, mainly between cut-in and
cut-off wind speeds. This turbulent wind must be representa-
tive of the turbulent nature of the wind that the wind turbine
is going to face during operation. Once the simulation is com-
pleted, all pairs of data points (U, C,) can be used to obtain a
transfer function for the power coefficient C,(U,,).

Classic Control

B Quict DDQN

oot il

10 12 14
Wind Speed [m/s]

Average Pitch [degrees]
o v & o ® 5 ©

|
s

(b) Pitch empiric operational curve.

60

—— SPL threshold
B Classic Control
- | EEE Quict DDQN

8 10
Wind Speed [m/s]

(d) Sound Pressure Level of the wind turbine ob-
served at 100 m downwind for both control strate-
gies against the SPL threshold.

FIGURE 14 | Average values of the control variables for wind speed bins, obtained from simulating two different control agents over a 100-h ex-

perimental wind speed period. The error bars denote the standard deviation.
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(a) Power coefficient EPC. The data points repre-
sent all the observed (Uso, Cp) pairs observed dur-
ing the simulation performed to obtain the EPC.
The Gaussian Process Regression fit, mean and
confidence interval is included.

[ 02 0 [ 0 o 01 02 0 o
< G H

(b) Comparison of the C} frequency histograms
and the Gaussian probability distribution (—) ob-
tained with the GPR for different wind speed val-
ues. The wind speed values for each histogram are
specified in Figure 15a with vertical colored lines.
The order is the following:
Top Left: B | Top Right:
tom Right: M.

, Bottom Left: M, Bot-

FIGURE 15 | Power coefficient obtained from simulating the Quiet DDQN controller over a 100-h experimental wind speed period.

A subset of 100 h of MIDC experimental wind measurements
[55] has been used to obtain the EPC of the SWT2.3-93 wind tur-
bine using the classic control and the Quiet DDQN agent already
introduced on Section 4.2, a detailed discussion on the influ-
ence of this subset in the EPC estimation is done in Appendix B.
Figure 14 illustrates the results of these simulations, showing
the operational laws of control for each agent on Figure 14a,b
and the SPL and power associated on Figure 14c,d, respectively.
For these figures, data from the 100-h simulation is aggregated
and binned according to wind speed. Specifically, the width of
the wind speed bin is 1 m/s. The average and standard devia-
tion of the outputs within each bin were calculated. These are
visualized as bars and error bars, respectively. This binning pro-
cess enables the analysis of output variability and performance
as a function of wind speed under real-world conditions. The
behavior is as expected is the Quiet. The agent does not increase
the rotational speed above 10.5 rpm to avoid surpassing the SPL
threshold and uses the pitch to reduce noise if needed, which
explains the high variance bars on the pitch (see Figure 14b) and
the low ones on the rotational speed (see Figure 14a). Meanwhile,
the classic control can increase the rotational speed freely, and
the pitch is only used in above-rated wind speed scenarios; see
C. The large standard deviations on the classic control pitch are
due to the PID control, which dynamically adjusts to the turbu-
lent wind. In Figure 14c, it is illustrated how the classic control
resembles on average the TPC. However, it is not able to adjust
perfectly to the turbulent wind, as shown by its high variance
on the above-rated wind speed region. The Quiet agent achieves
less power than the classic one but is able to maintain the SPL
below the specified threshold of 45 dBA; see Figure 14d.

Traditional approaches use only the average value or polynomial
fits of the historical/simulated data to construct the EPC. All of
these methods do not capture the variance of the data in the
model. To account for this variability on the EPC model, we in-
troduce a statistical method. For simplicity, we model the power

coefficientC,(U,, ), whichis obtained bynondimensionalizing the
EPC data. A Gaussian process regression (GPR) [60] can be used
to model the power coefficient at each wind speed as a Gaussian
probability  distribution,  C,(Ug) ~ N [1e,(Us) o, (U}
Figure 15ais generated from the 100-h wind turbine control sim-
ulation, producing approximately 5000 (U, C,,) pairs plotted as
individual data points. These data are used to fit the GPR model
and obtain the mean and standard deviation of the power coef-
ficient as functions of the wind speed. We employed a compos-
ite kernel for the GPR model, combining a radial basis function
kernel and a white noise kernel. The hyperparameters were op-
timized via maximum likelihood estimation, ensuring a robust
fit. The mean fit, ,ucp(Uoo), is shown as a red line. To show the
standard deviation o (U,,), the 95% confidence interval is de-
picted as a shaded red area, as this interval is mathematically
defined as [HCP(Uoo) —-1.96 - acp(Uoo), ﬂcp(Uoo) +1.96 - aCP(Uoo)],
for each wind speed value, and 1.96 corresponds to the z-score
for a 95% confidence level under a Gaussian assumption. The C,
distribution for specific values of the wind speed is illustrated
in Figure 15b where it is compared with the histogram of the
power coefficient of the data.

Assuming the Weibull probability distribution for wind speed
U, combined with the GPR model for the distribution C,, the
estimation of annual wind energy can be performed by comput-
ing the expectation of wind energy E,,. Mathematical details on
the statistical distributions are provided in Appendix A. Table 5
presents the annual energy estimation for each control strategy.
Itisimportant to note that the Power DDQN controller is applica-
ble only in the below-rated wind speed region. Therefore, when
computing annual wind energy generation with this control, we
impose nominal power for wind speeds above the rated value.
The Power DDQN controller is included in the comparison to
ensure that it remains competitive with the Classical Control
within the below-rated wind speed range. The Quiet DDQN
controller is capable of controlling the wind turbine without
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TABLE 5 | Annual wind energy generation for the three different
controllers.

Controller E,, (MWh) 6'0‘,

Quiet DDQN 2722 0.024
Power DDQN 3541 0.042
Classic controller 3458 0.057

Note: Additionally, the average sl}andard deviation across wind speed for each
controller is presented, 3¢ = /T o (w)fy;(w)du, details on Appendix A at

. P in P
Equation (A5).

surpassing the SPL threshold and obtains a 78% of the annual
energy production compared to classical control. Additionally,
in Table 5, the average standard deviation is shown for the GPR
power coefficient fit. There, it is shown how the Quiet agents
exhibit a considerable less variance than the classic control. This
is primarily due to the classic controller performing intensive
pitch control at high wind speeds to optimize power generation,
whereas the Quiet agent reduces control activity to comply with
noise constraints. Reduced pitch actuation in the Quiet agent
(see Figure 14b) may lead to lower mechanical wear on the pitch
actuator system, potentially extending its operational lifespan.
Furthermore, the Power agent also demonstrates lower variance
than the classic controller, highlighting that RL-based control
strategies enable more efficient regulation, even when solely op-
timizing for power maximization.

5 | Conclusions

In conclusion, integration of RL with wind turbine control holds
promise for optimizing energy generation and efficiency while
minimizing acoustic environmental impact. A DDQN RL agent
can replicate the control strategy of a standard wind turbine
controller without prior explicit knowledge of the wind turbine,
relying solely on a wind turbine solver for experiential learning.
In addition, advanced control strategies can be easily imple-
mented by modifying the reward function. In this work, an RL
controller is defined to maximize power output while maintain-
ing acceptable decibel levels, thus incorporating acoustic effects
into the control strategy. This shows that MORL is capable of
dynamically balancing two different objectives effectively.

An EPC for a silent RL-based wind turbine control strategy is
derived from turbulent wind control simulations. This charac-
terization provides a direct means to estimate annual energy
production for any site by simply adjusting the yearly wind speed
distribution. The methodology is validated using a SWT2.3-93
wind turbine with a rated power of 2.3 MW, and yearly energy
production is evaluated for a realistic site using two different
RL-based control strategies. The power-based DDQN RL control
achieves an energy yield similar to that of a traditional control
approach. In contrast, noise-constrained control results in a 22%
reduction in annual energy extraction when imposing a maxi-
mum noise level of 45-dBA 100-m downwind. Additionally, the
silent control requires significantly less pitch actuation, which
may reduce mechanical wear on the pitch actuator system and
extend its operational lifespan.

While the proposed RL control strategy offers several advan-
tages, it also has certain limitations. One drawback is the need
to retrain the model for each specific case, such as different
wind turbine designs or observer locations for noise assessment.
However, we note that the computational cost of training remains
low. The proposed RL control strategy does not account for dy-
namic effects in the control strategy and does not explicitly model
the torque dynamics of the generator, which could limit the real
world implementation. Future work will extend the proposed RL
framework by incorporating turbine drivetrain dynamics.

Finally, further research directions include investigating Multi-
agent reinforcement learning algorithms for cooperative control
of wind turbines within farms, which could enhance overall sys-
tem performance while controlling noise at the farm level.
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Appendix A
Statistical Details for the EPC Model

Let us consider a two-dimensional random variable X = (Cp, U). This
random variable models the probability of obtaining a certain wind
speed with a certain power coefficient. The marginal distribution of
wind speed accounts for the global distribution of wind speed of the
localization of the wind turbine. Meanwhile, the distribution of power
coefficients measures the performance of the wind turbine at different
wind speeds.

There exists an a priori unknown joint probability density f(c,, u). The
power generated by the wind turbine, P, is a function of this random
variable, so it is itself a random variable,

_1 3
P = 2pAC,U”.

The wind energy, E,,, that the wind turbine extracts from the wind for
a given period can be written as E,, = fOT Pdt. However, this statistical
model does not include information about the temporal evolution of C,
and U. We can compute the expectation of the wind energy using the
expectation of the power over a period of time.

E[E,] = ATE[P] = AT / %pAcpu3f(cp,u)dcpdu, (A1)

where AT denotes the period of time. Notice that this makes sense only
if the unknown wind speed evolution U (¢) fits into the annual distri-
bution modeled by the random variable U.

Although we do not know the joint PDF, we know that the wind speed
random variable U follows a Weibull distribution. Therefore, the mar-
ginal probability density function of U, f;;(u) is a weibull PDF that fol-
lows Equation (7).

On the other hand, we can obtain the distribution of power coefficient
for each wind speed value. This would be the conditioned power coef-
ficient PDF, that is, fcp (cp |U = u). From these two PDFs, we can obtain
the joint PDF using the following relation:

Fep,w)
pr(cplU = ll) = fU(u) .

(A2)
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In this work, the conditional power coefficient PDF is obtained using a
GPR algorithm. Therefore, its density function is the following:

¢p—He, (W) )2 s

1
exp
/z,wcp(u)z ( 0'cp(u)

where the mean y (u)and standard deviation oc, (u) are obtained from
the wind turbine control simulations.

pr(CplU = u) =

Finally, the expectation of the wind energy can be computed as follows:

E[E,] =ATE[P]= (%ATpA)

U, Cp,nom (A4)
/ / CPfCP (cp U= u)dcp u3fU(u)du.
U, | ©

Notice that the inner integral is the expectation of the conditional dis-
tribution, E[Cp,|U = u] = uc (u). Hence, the expectation of the wind
. » L
energy only requires the mean of the distribution fitted by the GP. The
variance of the control, acp(u)z, has no influence on the estimation of
the wind energy. However, it gives us information about the control and
can be useful to measure; this can be done by computing the expecta-
tion of the variance.

Uoft

Eloc, (U)] = / oc, (Wfy (Wdu. (A5)

Uin

Appendix B
Sensitivity of the EPC Estimation

The EPC should accurately capture the relationship between wind speed
and power performance, reflecting the influence of the control strategy
on this dependency. To ensure that the EPC remains representative for

—— 100h Subset #1
2.001 —— 100h Subset #2
—— 100h Subset #3
1.759 —— 100n Subset #4

1 Year

I
=3
S

4 6 8 10 12 14
Us [m/s]

FIGURE B.1 | Comparison of the EPC obtained for the Quiet agent
using different wind speed data for the simulations. The EPC obtained

with the wind speed data of the complete year () is compared against
the mean power GPR fit for different 100-hour subsets of wind speed.

annual energy estimation, the wind speed data used in its derivation
must be generalizable throughout the year. Here, we demonstrate that a
100-h subset of wind speed data is sufficient to accurately approximate
the EPC.

Seasonal variations in wind speed throughout the year or how wind
speed is distributed annually are not taken into account directly in the
EPC but in the Weibull distribution f;;(u) for the annual energy esti-
mate at equation (A4). However, this EPC should capture how the con-
trol deals with turbulent wind speed conditions. Assessing whether a
100-h wind speed subset of data is representative for a complete year
in terms of turbulence intensity can be a challenge. To address this, we
directly compared the EPC obtained from the complete year of wind
speed data with those derived from multiple 100-h subsets. This analy-
sis, conducted for the Quiet agent, is illustrated in Figure B.1.

To facilitate comparison, the EPCs for different subsets are represented
using the GPR fit for the power coefficient described in Section 4.3,
yielding the power curve % pAU?S Mcp(Uoc)- The EPC for the entire year is
represented using the binning strategy from Figure 14a, as applying the
GPR fit to the entire data set is computationally prohibitive due to the
scaling of the kernel matrix.

As shown in Figure B.1, the EPCs obtained from different 100-h subsets
closely match the EPC calculated using the entire year of data, confirm-
ing the consistency of the approach. Moreover, the strong agreement
among the subsets highlights the robustness of the control strategy to
different wind speed profiles. The only selection criterion for the sub-
sets is that they must contain sufficient data across the full wind speed
range to ensure that the control encounters a representative distribution
of operating conditions.

Appendix C

Standard Wind Turbine Control Strategy

The control strategy for variable-speed horizontal-axis wind turbines
can be divided into four regions based on wind speed. Although each
region definition may vary depending on the specific control design, the
fundamental objectives within each region are as follows:

Region I: When the wind speed is below the cut-in value, the tur-
bine cannot operate.

Region II: At wind speeds above the cut-in threshold but below
the rated speed, the primary objective is to optimize power genera-
tion. This is achieved by adjusting the rotor speed to align with the
power curve of the wind turbine, utilizing a predetermined lookup
table.

Region III: When wind speeds exceed the rated value, the focus
shifts to maintaining a consistent rotor speed across a wide range
of wind speeds. This is typically achieved through adjustment of
the blade pitch, commonly implemented using a proportional-in-
tegral-derivative (PID) control strategy, although there are more
sophisticated approaches [61].

Region I'V: When the wind speed exceeds the cutoff value, the tur-
bine must be shut down for safety.

The transition between Regions II and III, sometimes referred to as
Region 1I 2, is characterized by maintaining a constant rotor speed.
However, there are different options depending on the specific control
design. Figure C.1 illustrates these regions on the wind turbine power
curve. Further details on classical wind turbine control strategies can
be found in the works of [62] or [63].

The controller module in OpenFAST facilitates the customization of
controllers. In this study, the wind turbine controller is derived from
the OpenFAST implementation of [64], tailored to the characteristics of
the SWT wind turbine.
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FIGURE C.1 | Control strategy regions for a variable-speed, horizontal-axis wind turbine on the power curve.
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