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Abstract

This paper introduces a policy-search-based reinforcement learning algorithm aimed at
generating optimal set-points of wind turbines in wind farms. The proposed approach ad-
dresses the problem of multivariable optimization in systems where the objective function
is unknown or difficult to model. The algorithm is a model-free framework and relies solely
on measured performance of the system. Namely, it does not require gradient information
of the objective function or an explicit model of the aerodynamic interaction between wind
turbines. The proposed scheme utilizes stochastic policy perturbations to explore the search
space and update the policy parameters directly based on the observed reward signal. In
this way, the algorithm progressively drives the control variables toward optimal operating
conditions. The proposed policy-search reinforcement learning framework is analyzed to
establish its connection with gradient-free optimization methods. The proposed method is
applied to wind farm power optimization, where multiple turbine control variables must
be adjusted in the presence of wake interactions cooperatively. The performance of the
proposed approach is evaluated through extensive simulations under both steady-state and
time-varying wind conditions. The proposed algorithm is compared with an extremum-
seeking control method that was previously suggested for the same problem. The results
demonstrate that the proposed approach is able to effectively maximize power production
in wind farms while maintaining a simple and model-free optimization structure.

Keywords: gradient-free optimization; policy search reinforcement learning; wind farm
optimization; renewable energy systems; extremum seeking control

1. Introduction
1.1. Motivation

Wind energy has become one of the most important renewable energy sources in
modern power systems. Large-scale wind farms are widely deployed to increase energy
production while reducing installation and operating costs. By grouping multiple wind
turbines at a single location, wind farms allow for the efficient use of land resources and
facilitate the large-scale generation of clean energy. However, despite these advantages,
the operation of wind farms presents significant control and optimization challenges.
For example, when wind flows through a wind farm, upstream turbines extract kinetic
energy from the airflow. As a result, downstream turbines experience reduced wind speed
due to wake effects created by upstream machines [1,2]. Figure 1 shows a representation
of wind turbines grouped as series-connected turbines considering full wake interaction
under different wind directions. These aerodynamic interactions introduce strong coupling
among turbines, which significantly affects the overall power production of the wind farm.
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Furthermore, accurate modeling of wake interactions remains a challenging problem; the
wake dynamics depend on several factors, including wind conditions, turbine spacing,
and atmospheric turbulence. Although various wake models have been proposed, their
accuracy can vary significantly under different operating conditions. These challenges
motivate the development of control strategies designed to address two primary objectives:

1. Maximizing total power output cooperatively by accounting for the complex wake
interactions and aerodynamic coupling between turbines.

2. Utilizing model-free methods to eliminate the need for complex nonlinear model
development, as these phenomena are notoriously difficult to characterize analytically.

Motivated by these considerations, this paper proposes a cooperative policy-search
reinforcement learning (RL) framework for the multivariable optimization of wind farms.
The proposed approach is inherently model-free, relying solely on the measured power
output of the wind farm to drive the optimization process.

(a) (b)

Figure 1. Illustration of wind turbine wake effects: (a) real offshore wind farm showing wake patterns
(Denmark Horns Rev Offshore Wind Farm [3] (credit: Christian Steiness)) and (b) simulated wake
field of three turbines.

1.2. Related Work

Wind farm optimization has attracted significant attention in recent years due to
the increasing deployment of large-scale wind energy systems. In general, optimization
problems in wind farms can be classified into two main categories: wind farm layout
optimization and operational wind farm control [2,4].

Wind farm layout optimization focuses on determining the optimal placement of tur-
bines within a wind farm in order to maximize energy production while minimizing wake
interference among turbines. Various optimization techniques have been proposed for this
problem, including evolutionary algorithms, particle swarm optimization, and gradient-
based methods [5,6]. These approaches are typically applied during the design stage of a
wind farm and are therefore performed offline.

The second category concerns the operational optimization of wind farms. In this case,
the objective is to maximize the total power output of the wind farm during operation by
adjusting the control variables of individual turbines. In contrast to layout optimization,
operational optimization must account for the dynamic aerodynamic interactions between
turbines. Several control variables have been considered in the literature for this pur-
pose, including yaw angle control [7,8], pitch control [9], and axial induction control [10].
Among these approaches, induction-based control has received considerable attention
since it directly influences the aerodynamic wake interaction among turbines. In this work,
the focus is placed on induction-based control strategies for wind farm optimization.
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Different optimization and control methods have been proposed to address the wind
farm control problem. One class of methods relies on model-based optimization approaches.
These approaches use wake models to estimate aerodynamic interactions between turbines
and compute optimal operating conditions accordingly [11,12]. Although model-based
methods can provide useful insights, their performance strongly depends on the accuracy
of the wake models used. In practice, wake dynamics are influenced by several environ-
mental factors such as wind speed variations, atmospheric turbulence, and changing wind
directions, which makes accurate modeling challenging.

To overcome these limitations, several model-free optimization techniques have been
proposed. Extremum-seeking control (ESC) is one of the most widely studied approaches
for real-time optimization of wind farms [13]. ESC methods employ perturbation signals
to estimate gradient information of the objective function and iteratively drive the system
toward optimal operating conditions. Various ESC-based algorithms have been proposed
in the literature, including sliding-mode extremum-seeking schemes that improve conver-
gence properties and robustness [1,14]. In addition, several distributed ESC [15–18] that
build on the sinusoidal-perturbation approach have been analyzed. A pure optimization-
based approach was proposed in [19], where the authors use ADMM to enable distributed,
real-time power optimization of wind farms with guaranteed convergence.

Game-theoretic approaches have also been investigated to model the interaction
between wind turbines in a wind farm [20]. In such formulations, each turbine is treated as
an individual decision-making agent that seeks to optimize its own objective. However,
these approaches often converge to Nash equilibrium solutions, which may not necessarily
maximize the total power output of the wind farm. In a related study, a cooperative game-
theoretic framework was introduced in [21]. In that work, both the yaw misalignment
angles and the axial induction factors were adjusted to enhance the overall power output
of the wind farm.

More recently, reinforcement learning (RL) has emerged as a promising tool for solving
complex control and optimization problems. Several RL-based approaches have been
proposed for wind farm optimization [4]. Early farm-level RL studies primarily relied on
value-based or tabular methods, particularly distributed Q-learning for yaw control under
wake delays [22]. More recent developments include Q-learning and deep reinforcement
learning approaches [23,24], which enable the learning of optimal control policies directly
from system measurements without requiring explicit wake models. However, many of
these approaches rely on complex function approximators and require extensive training
data, which may limit their practical deployment.

In the context of cooperative control, ref. [25] proposed a deep reinforcement learning
framework with knowledge-assisted learning for wind farm optimization. Nevertheless,
many traditional cooperative RL frameworks implicitly capture inter-agent interactions
without explicitly modeling the underlying coupling structure. To address this limitation,
recent research has explored graph-based representations. For instance, ref. [26] demon-
strates that integrating graph neural networks (GNNs) with multi-agent reinforcement
learning (MARL) enables explicit modeling of topological relationships and interaction
strengths among agents, thereby improving cooperative performance. In wind farm ap-
plications, such graph-based formulations are particularly relevant, as turbines naturally
form a spatially coupled system governed by wake interactions.

1.3. Contributions

Motivated by these observations, this paper investigates the use of a policy-search
reinforcement learning framework for cooperative wind farm optimization. In contrast to
greedy strategies that optimize individual turbines independently, the proposed approach
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directly optimizes the total power output of the wind farm. Furthermore, the proposed
method is compared with a previously developed sliding-mode extremum-seeking con-
troller to highlight the similarities and differences between reinforcement learning and
extremum-seeking optimization methods. This work builds upon our previous efforts to
develop robust control and optimization strategies for complex industrial systems [1,14].
Namely, we design and analyze an RL framework that bridges the gap between stochastic
search and classical optimization through a direct, gradient-free formulation. The key
contributions of this paper are summarized as follows:

1. We propose a framework that utilizes stochastic policy perturbations to explore the
search space. This enables the update of policy parameters directly based on measured
system performance, allowing for the optimization of high-dimensional systems
without requiring an explicit mathematical model of the plant or the objective function.

2. We provide a formal analysis of the proposed framework, proving that the stochastic
policy update approximates gradient ascent on a smoothed version of the objective
function. This result establishes a fundamental mathematical connection between
policy-search reinforcement learning and classical gradient-free methods, such as
Extremum-Seeking Control.

3. Application to Wind Farm Power Generation: We demonstrate the framework’s
effectiveness by applying it to a wind farm setup. The controller successfully optimizes
multiple turbine control parameters simultaneously, effectively managing the complex
aerodynamic coupling and wake interactions—phenomena that typically present
significant modeling challenges in renewable energy contexts.

4. We conduct a comparative study using sliding-mode extremum-seeking control (SM-
ESC) and the REINFORCE policy-gradient method as benchmark approaches. The
results highlight the structural similarities between gradient-free optimization and
policy-search reinforcement learning, while demonstrating competitive performance
and improved convergence behavior of the proposed PSRL framework under the
considered operating conditions.

1.4. Organization

The rest of this paper is organized as follows. Section 2 presents the wind farm model
and formulates the associated multivariable optimization problem. Section 3 introduces the
proposed policy-search reinforcement learning framework and discusses its convergence
properties. Section 4 provides simulation results and evaluates the performance of the
proposed approach through a comparison with the sliding-mode extremum-seeking control
method. Finally, Section 5 concludes the paper and discusses potential directions for
future research.

2. Wind Farm Model and Optimization
This section describes the formulation of the wind farm optimization problem. In a

wind farm, wind turbines extract kinetic energy from the incoming airflow. As the air
passes through the turbine rotor, part of its energy is converted into electrical power, which
results in a reduction of the wind velocity downstream of the turbine. This reduction
in wind speed behind a turbine is known as the wake effect. The wake produced by an
upstream turbine influences downstream turbines by decreasing the effective wind speed
reaching them, which consequently reduces their power generation capability.

Accounting for aerodynamic interactions among turbines is therefore essential when
optimizing wind farm performance. Recent studies [27] demonstrate that incorporating
wake interactions in the control strategy can lead to energy gains exceeding ten percent
compared with the standard controller developed by the National Renewable Energy
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Laboratory (NREL). In the following subsections, we first review the wind turbine control
framework and then formulate the wind farm optimization problem. For clarity, Table 1
summarizes the notation used throughout the paper.

Table 1. Summary of notation used in this paper.

Symbol Description

θ ∈ Rn Vector of axial induction factors
θi Axial induction factor of turbine i
J(θ) Total wind farm power (objective function)
Ji(θ) Power generated by turbine i
µ ∈ Rn Policy mean (decision variable in PSRL)
σ Exploration variance
ϵ ∼ N (0, I) Gaussian perturbation vector
αk Learning rate at iteration k
N Number of sampled candidates per iteration
Ri Reward corresponding to sampled input θi
C[j, i] Wake interaction coefficient between turbines j and i
V∞ Free-stream wind speed
Vi(θ) Effective wind speed at turbine i
ρ Air density
Ai Rotor swept area of turbine i
Cp(θi) Power coefficient

In this work, the wind farm is modeled as an array of n interconnected wind tur-
bines where the wake interactions among turbines are fully considered. As illustrated in
Figure 1, this configuration does not restrict generality, since many wind farm layouts can
be rearranged into equivalent series-connected turbine groups depending on the wind
direction [10].

2.1. Wind Turbine Control

Several control strategies for wind turbines have been proposed in the literature.
The most common approaches include yaw control, pitch control, and generator torque
control. Yaw control adjusts the orientation of the rotor relative to the wind direction.
However, this action typically operates on a slow time scale and therefore does not influence
the wind farm power output as rapidly as other control mechanisms.

In contrast, pitch control and torque control can be coordinated through the axial
induction factor. The axial induction factor represents a dimensionless measure of the
reduction in wind velocity between the free-stream flow and the rotor plane. It is widely
used as a high-level control variable for regulating power production in wind turbines (see,
for example, ref. [28]).

The axial induction factor is determined by two low-level controllable variables: the
blade pitch angle and the tip-speed ratio λ. The tip-speed ratio is defined as

λ =
ωR
V

, (1)

where V is the undisturbed wind speed, ω is the rotor angular velocity, and R denotes the
rotor radius.

Wind turbine control strategies depend strongly on the operating wind speed. When
the wind speed is below the rated value (referred to as Region-2 operation), the turbine
typically regulates the tip-speed ratio using generator torque control to maximize energy
capture. When the wind speed exceeds the rated value, the blade pitch angle becomes
the primary control input to maintain safe operation. Detailed descriptions of turbine
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operating regions can be found in [29]. These mechanisms collectively determine how the
axial induction factor can be adjusted.

Remark 1. This work focuses on the design of a high-level controller that generates reference
set-points for the axial induction factor. These references are assumed to be tracked by the turbine’s
low-level control loops according to the turbine specifications.

2.2. Wake Interaction Model

One of the main challenges in wind farm optimization lies in accurately modeling the
wind velocity field while accounting for wake interactions generated by multiple turbines.
Among the various wake models proposed in the literature, the Park wake model [20,30] is
widely adopted due to its simplicity and widespread use in the wind farm control literature
as a benchmark model for evaluating optimization and control strategies. It is important
to emphasize that the purpose of employing this model is not to provide a high-fidelity
representation of wake dynamics, but rather to establish the feasibility and effectiveness of
the proposed control framework under a commonly accepted test environment.

In this work, the Park wake model is adopted. Accordingly, for turbine i, the effective
wind velocity is described as

Vi(θ) = V∞(1 − δVi(θ)), (2)

where V∞ represents the free-stream wind speed, θ denotes the vector of axial induction
factors, and δVi(θ) represents the velocity deficit experienced by turbine i. The velocity
deficit is given by

δVi(θ) = 2
√

∑
j<i

(θjC[j, i])2. (3)

Here, C ∈ Rn×n is a matrix describing the wake interaction between turbines and
depends on the wind farm layout, including the relative spacing between turbines and the
overlap of their wakes. Each element of C is defined as

C[j, i] =
( Dj

Dj + 2k(xi − xj)

)2 Aoverlap
j→i

Ai
, (4)

where Dj denotes the rotor diameter of turbine j, Ai is the rotor swept area of turbine i,

and Aoverlap
j→i represents the overlapping region between the wake generated by turbine j

and the rotor area of turbine i.

Remark 2. The proposed policy-search framework is model-free and does not depend on a specific
wake model. The Park model is adopted as a simplified, widely used benchmark for evaluating the
feasibility and performance of the proposed approach. The method relies solely on measured power
signals and can be directly extended to more advanced wake models or real-world systems.

2.3. Model of Produced Power

For each turbine i, the axial induction factor θi is treated as the primary control variable
and takes values within the interval

[
0, 1

2

]
. It is defined as

θi =
V∞ − Vrotor

V∞
, (5)

where Vrotor represents the wind speed at the rotor plane.
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The electrical power generated by turbine i can be expressed as

Ji(θ1, θ2, . . . , θi) =
1
2

ρair AiCp(θi)Vi(θ)
3, (6)

where

• ρair is the air density;
• Ai denotes the rotor swept area of turbine i;
• Cp(θi) is the power coefficient given by

Cp(θi) = 4θi(1 − θi)
2. (7)

From (7), it can be verified that the power coefficient reaches its maximum value when
θi =

1
3 , corresponding to the well-known Betz limit [28].

2.4. Optimization Problem

Wind turbine power optimization problems can generally be classified into two main
categories. The first focuses on optimizing the performance of a single turbine. In this case,
the objective is to maintain the power coefficient Cp near its optimal value at θi =

1
3 , which

corresponds to the well-known Maximum Power Point Tracking (MPPT) problem (see,
for example, ref. [31]).

The second category, which is the focus of this work, considers cooperative control
among turbines within a wind farm. In this scenario, turbines coordinate their operating
points to maximize the total power produced by the entire farm rather than maximizing
individual turbine outputs.

Figure 2 illustrates this concept for a simple two-turbine case. It can be observed that
operating the upstream turbine exactly at its individual optimal point (θ1 = 1

3 ) maximizes
its own power output. However, this configuration increases the wake effect on the
downstream turbine and may reduce the overall farm power. Consequently, operating the
upstream turbine slightly below its optimal point can increase the total generated power.
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Figure 2. Wake interaction between two turbines. Operating the upstream turbine at θ1 = 1
3

maximizes its individual power (solid red) but may reduce the total farm power (solid black).

In this work, a wind farm consisting of n turbines aligned along the wake direction is
considered. Each turbine is associated with a controller and is modeled as an agent. Each
agent i, for i = 1, 2, . . . , n, is capable of measuring its local power generation Ji(θ(t)). Fur-
thermore, agents can exchange information through a communication network represented
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by a fixed, time-invariant, undirected, and strongly connected graph G = (VG, EG). The ver-
tex set VG = {1, 2, . . . , n} represents the turbines, while EG denotes the communication
links between them.

To accurately capture the physical interactions among turbines, each agent is assumed
to measure its generated power directly rather than estimating it. The overall optimization
objective is to maximize the total power generated by the wind farm, defined as

PTotal(θ1, θ2, . . . , θn) =
n

∑
i=1

Ji(θ1, θ2, . . . , θi). (8)

Finally, each local cost function Ji(θ(t)) is assumed to be concave and to possess a
unique maximizer. Under these assumptions, the global optimization problem in (8) admits
a unique finite solution. These assumptions are consistent with the properties derived from
(6) and (7).

3. Proposed Control
This section presents the proposed control framework based on policy search rein-

forcement learning (PSRL). The objective of the proposed scheme is to determine optimal
control inputs for wind turbines such that the total power production of the wind farm is
maximized. The framework operates in a model-free fashion and relies only on measured
power signals from the wind farm.

The general structure of the reinforcement learning scheme is illustrated in Figure 3.
In our setup, the control input is generated as an agent action. The controller generates
candidate control inputs using a stochastic policy. These inputs are applied to the wind farm
(the environment) and the resulting power output is measured. The measured performance
signal is then used to update the policy parameters in order to improve the operating point
of the wind farm. In this way, the proposed framework can be viewed as a gradient-free
optimization algorithm in which the gradient information is estimated through stochastic
perturbations of the policy parameters.

Figure 3. General reinforcement learning framework illustrating the interaction between the agent
and the environment. At time step t, the agent observes the current state St and selects an action At.
The environment then returns a reward Rt+1 and transitions to the next state St+1.

3.1. Policy Search RL

Consider a wind farm consisting of n wind turbines. Let

θ = [θ1, θ2, . . . , θn]
T (9)

denote the vector of control variables associated with the turbines. In this work, θi repre-
sents the axial induction factor of turbine i.

The total power produced by the wind farm is denoted by

J(θ) = Ptot(θ) (10)
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where J(θ) is the performance index to be maximized.
Due to the aerodynamic wake interactions among turbines, the analytical expression of

J(θ) is generally unknown or difficult to obtain. Consequently, conventional gradient-based
optimization methods cannot be directly applied. To address this challenge, a stochastic
policy is introduced to generate candidate control inputs.

Remark 3. The proposed formulation does not rely on a full Markov Decision Process (MDP)
structure. Instead, the problem is treated as a bandit optimization setting, where policy updates are
driven by instantaneous reward measurements.

3.1.1. Stochastic Policy

The control variables are generated according to the policy

θ = µ + σϵ (11)

where µ ∈ Rn denotes the policy mean, σ > 0 is the exploration variance, and ϵ ∼ N (0, I)
is a Gaussian random vector. The associated probability density is given by

π(θ | µ) = N (µ, σ2 I). (12)

The parameter µ represents the current estimate of the optimal operating point of the
wind farm. At iteration k, a set of N candidate control vectors is generated as

θi = µk + σϵi, i = 1, . . . , N (13)

where ϵi ∼ N (0, I). Each candidate control vector is applied to the wind farm and the
corresponding reward is measured as

Ri = J(θi). (14)

It is worth mentioning that the proposed policy is intentionally parameterized using
a low-dimensional Gaussian distribution rather than a neural-network-based function
approximator. This choice is motivated by the compact action space and the availability
of direct reward measurements, allowing for a lightweight and computationally efficient
policy-search framework.

3.1.2. Policy-Gradient Estimate

The objective of the policy search method is to maximize the expected reward

J (µ) = Eθ∼π(·|µ)[J(θ)]. (15)

Using the likelihood-ratio identity, the gradient of J (µ) with respect to the policy mean
can be written as

∇µJ (µ) = E
[

J(θ)∇µ log π(θ | µ)
]
. (16)

For the Gaussian policy in (11),

∇µ log π(θ | µ) =
θ − µ

σ2 . (17)

Hence,

∇µJ (µ) =
1
σ2E[J(θ)(θ − µ)]. (18)
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In practice, the expectation in (18) is replaced by the sample average

∇̂µJ (µk) =
1

Nσ2

N

∑
i=1

Ri(θi − µk). (19)

The policy mean is then updated according to

µk+1 = µk + αk∇̂µJ (µk) (20)

where αk > 0 is the learning rate.
Equation (20) shifts the policy mean toward control inputs that yield larger wind

farm power. Therefore, the proposed PSRL controller searches for a cooperative operating
point that maximizes the total wind farm power rather than improving the performance of
turbines independently.

Remark 4. The proposed controller is model-free. In particular, the update law in (20) does not
require an explicit wake model, nor does it require the gradient of the wind farm power with respect
to the induction factors.

Remark 5. The role of the stochastic perturbation in (13) is twofold. First, it allows the controller to
explore the search space. Second, it provides the information needed to estimate the ascent direction
through the correlation between perturbations and measured rewards.

The implementation of the proposed PSRL controller is summarized in Algorithm 1.
As shown in Figure 3, the wind farm plays the role of the environment, while the policy-
update block generates new candidate control vectors and updates the policy mean accord-
ing to the measured total power.

Algorithm 1 Policy Search Reinforcement Learning for Cooperative Wind Farm Control

Require: Initial policy mean µ0, exploration variance σ, learning-rate sequence {αk}, batch
size N

1: for k = 0, 1, 2, . . . do
2: for i = 1, . . . , N do
3: Sample perturbation ϵi ∼ N (0, I)
4: Generate candidate control input:

θi = µk + σϵi

5: Apply θi to the wind farm
6: Measure the resulting total power:

Ri = J(θi)

7: end for
8: Compute gradient estimate:

∇̂µJ (µk) =
1

Nσ2

N

∑
i=1

Ri(θi − µk)

9: Update the policy mean:

µk+1 = µk + αk∇̂µJ (µk)

10: end for
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https://doi.org/10.3390/en19092160


Energies 2026, 19, 2160 11 of 21

3.2. Convergence Analysis

This subsection provides theoretical insight into the convergence properties of the
proposed PSRL framework. Before that, the following assumptions are introduced.

Assumption 1. The objective function J(θ) is continuously differentiable in the region of interest.

Assumption 2. The reward is bounded, that is, there exists a constant M > 0 such that

|J(θ)| ≤ M (21)

for all admissible θ.

Assumption 3. The learning-rate sequence satisfies the Robbins–Monro conditions

∞

∑
k=0

αk = ∞,
∞

∑
k=0

α2
k < ∞. (22)

It is worth mentioning that, because the control input is sampled from a Gaussian
distribution, the proposed algorithm does not optimize J(θ) directly. Instead, it optimizes
the smoothed objective

Jσ(µ) = Eϵ[J(µ + σϵ)]. (23)

The quantity Jσ(µ) represents the expected wind farm power when sampling around the
current policy mean.

The gradient of Jσ(µ) can be obtained as

∇µ Jσ(µ) =
1
σ2E[J(θ)(θ − µ)]. (24)

Comparing (24) and (19), it follows that the gradient estimator used in the proposed
controller is an unbiased estimator of the gradient of the smoothed objective.

Remark 6. The smoothing induced by σ improves robustness to measurement noise and small local
irregularities in the objective function. However, a large value of σ may also slow convergence by
averaging the objective over a wider neighborhood.

Theorem 1. Suppose that Assumptions 1–3 hold. Consider the PSRL update law in (20) with
gradient estimator (19). Then the sequence {µk} converges with probability one to the set of
stationary points of the smoothed objective Jσ(µ), that is,

lim
k→∞

∥∇µ Jσ(µk)∥ = 0 with probability one. (25)

Proof. From (19) and (24), the update law in (20) can be written as a stochastic approxima-
tion recursion of the form

µk+1 = µk + αk
(
∇µ Jσ(µk) + ξk

)
(26)

where ξk is a zero-mean estimation error satisfying

E[ξk | µk] = 0. (27)

Under Assumptions 1 and 2, the gradient of the smoothed objective is well defined and
bounded on the region of interest. Assumption 3 guarantees that the learning-rate sequence
satisfies the standard stochastic approximation conditions. Therefore, by classical Robbins–
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Monro stochastic approximation results, the parameter sequence µk converges almost
surely to the set of stationary points of Jσ(µ).

Remark 7. Theorem 1 establishes convergence to a stationary point of the smoothed objective Jσ,
not necessarily to the global maximizer of the original objective J. In practice, this is a standard
feature of policy-search methods and gradient-free optimization schemes.

Remark 8. A decreasing exploration variance can be used in practice to improve the approximation
between the stationary points of Jσ and those of the original objective J. Nevertheless, for fixed σ,
the convergence result in Theorem 1 remains valid for the smoothed objective.

The above analysis shows that the proposed control law has a clear optimization
interpretation. It performs stochastic gradient ascent on a smoothed approximation of the
wind farm power function. As a result, the proposed controller provides a simple and
cooperative model-free optimization framework for wind farm control.

4. Simulation Results
This section evaluates the performance of the proposed policy search reinforcement

learning (PSRL) controller on the wind farm optimization problem. Then, it compares the
proposed strategy with a sliding-mode extremum-seeking control (SM-ESC) method and
a classical policy-gradient method (REINFORCE). The objective is to maximize the total
power generated by the wind farm by adjusting the axial induction factors of the turbines.

4.1. Simulation Setup

A wind farm consisting of three aligned wind turbines is considered, as shown in
Figure 4. The turbine diameter is selected as D = 80 m, and the free-stream wind speed is
set to V∞ = 8 m/s. The air density is chosen as ρ = 1.225 kg/m3. The turbine spacing is
defined as q1 = 0, q2 = 400, and q3 = 800, while the wake expansion coefficient is selected
as k = 0.075.

Wind

J1 J2 J3

Grid Distribution System

Figure 4. Conceptual configuration of the considered wind farm. Three turbines (J1, J2, and J3) are
arranged along the incoming wind direction and connected through a common power collection line
that transfers the generated electricity to the grid distribution system.

The total power production of the wind farm is described by

Ptot(θ1, θ2, θ3) =
1
2

ρA
(

4θ1(1 − θ1)
2V3

∞

+ 4θ2(1 − θ2)
2(V∞(1 − 2θ1c12)

)3

+ 4θ3(1 − θ3)
2(V∞(1 − 2

√
(θ1c13)2 + (θ2c23)2)

)3
) (28)

where θi denotes the axial induction factor of turbine i, and the coefficients c12, c13, and c23

model the wake interaction between turbines.

https://doi.org/10.3390/en19092160

https://doi.org/10.3390/en19092160


Energies 2026, 19, 2160 13 of 21

The admissible range of the control variables is chosen as

0 ≤ θi ≤ 0.5, i = 1, 2, 3. (29)

For the proposed PSRL method, the initial policy mean is selected as

µ0 = [0.4, 0.4, 0.4]T . (30)

At each iteration, N = 40 candidate solutions are sampled from the Gaussian policy.
The learning rate is set to α = 10−3, and the exploration variance is chosen as σ = 0.01.
In addition, a normalized advantage function is used to reduce the sensitivity of the update
law to the absolute scale of the reward signal. Gradient clipping is also employed in order
to improve numerical robustness.

For comparison, a sliding-mode extremum-seeking controller is implemented using
the total power output of the wind farm as the performance signal. The SM-ESC scheme
updates the induction factors through discontinuous control laws derived from the slid-
ing surfaces defined by the difference between the measured power and a monotonic
reference signal.

4.2. Performance of the Proposed PSRL Scheme

The first set of simulations illustrates the evolution of the policy mean under the
proposed policy search reinforcement learning (PSRL) algorithm. Starting from the initial
condition µ0 = [0.4, 0.4, 0.4]T , the policy mean gradually moves toward an operating point
that yields larger wind farm power. The evolution of the policy parameters µ1, µ2, and µ3

is shown in Figure 5. It can be observed that the parameters converge toward the neigh-
borhood of the cooperative optimal operating point. In particular, the parameters settle
close to the reference values (0.232, 0.208, 0.333) obtained from the optimal cooperative
solution. This behavior confirms that the proposed policy-search update law successfully
drives the operating point toward a cooperative configuration of the wind farm.

Figure 5. Evolution of the policy mean parameters µ1, µ2, and µ3 under the proposed PSRL algorithm.
The dashed lines indicate the reference optimal cooperative operating point.

The evolution of the total reward (i.e., the total power generated by the wind farm)
is shown in Figure 6. The reward evaluated at the policy mean gradually increases as
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the learning process progresses. This demonstrates that the PSRL algorithm effectively
improves the operating point of the wind farm over successive iterations.

Figure 6. Reward evolution during learning. The reward evaluated at the policy mean converges
toward the cooperative optimal value. The dashed curves indicate the reference optimal solution and
the equal-share operating point.

Furthermore, the results show that the best sampled reward in each batch remains close
to the optimal operating point. This observation indicates that the proposed framework
is capable of exploring the search space efficiently while maintaining stable convergence
properties. In addition, the learning process converges rapidly within a relatively small
number of iterations.

It is also worth noting that the obtained operating point significantly improves the
total power generation compared with the equal-share configuration. In the equal-share
case, all turbines operate with identical induction factors, which neglects the aerodynamic
wake interactions among turbines. In contrast, the proposed PSRL approach naturally
accounts for these interactions through direct optimization of the total wind farm power.
As a result, the algorithm converges toward a cooperative operating point that maximizes
the overall energy capture of the wind farm. To further evaluate the adaptability of the
proposed PSRL framework, additional simulations were conducted under time-varying
wake interaction conditions. In particular, the overlap between wind turbine wakes was
varied in a stepwise manner to emulate different aerodynamic interaction regimes within
the wind farm.

4.3. Adaptation Under Time-Varying Wake Interactions

Figure 7 shows the evolution of the total power generated by the wind farm as
the overlap level changes during the learning process. The overlap ratio is modified at
predefined iterations, which results in a corresponding shift in the optimal operating point.
The results demonstrate that the proposed PSRL controller is able to rapidly adapt to these
changes and track the new optimal power levels associated with each overlap configuration.

Figure 8 illustrates the evolution of the policy parameters together with the overlap
stages applied during the experiment. It can be observed that the policy means smoothly
adjust to the new operating conditions whenever the overlap ratio changes. This behavior
confirms that the reinforcement learning framework is capable of continuously adapting
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the turbine induction factors to maintain near-optimal wind farm performance despite
variations in the aerodynamic coupling among turbines. Overall, these results highlight the
robustness and adaptability of the proposed PSRL-based optimization strategy in dynamic
wind farm environments.

Figure 7. Performance of the proposed PSRL algorithm under stepwise changes in turbine wake
overlap. The total wind farm power adapts to the new optimal operating point as the aerodynamic
interaction between turbines changes.

Figure 8. Evolution of the policy mean parameters and the corresponding overlap stages. The con-
troller adapts the induction factors as the aerodynamic coupling between turbines varies over time.

4.4. Parameter Sensitivity Analysis

To evaluate the robustness of the proposed PSRL framework, a sensitivity analysis is
conducted with respect to the exploration variance σ and the learning rate α. The impact of
key parameters on the convergence behavior of the proposed PSRL algorithm is illustrated
in Figure 9. As shown in Figure 9a, the exploration variance σ influences the trade-off
between exploration and stability. In contrast, Figure 9b demonstrates the effect of the
learning rate α on convergence speed and stability. The results show that increasing σ
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improves exploration in the early stages, helping the algorithm avoid suboptimal operating
points. However, large values may introduce oscillations and slow convergence, while
smaller values lead to smoother but more conservative updates.

The learning rate α primarily affects the convergence speed. Larger values accelerate
learning but may cause instability near the optimum, whereas smaller values ensure
stable but slower convergence. Overall, the results demonstrate that the proposed method
maintains reliable performance over a range of parameter settings, with moderate values
of σ and α providing a good balance between exploration and stability.

(a) (b)

Figure 9. Parameter sensitivity analysis of the proposed PSRL framework. (a) Effect of exploration
variance σ on convergence. (b) Effect of learning rate α on convergence.

4.5. Comparative Evaluation with Gradient-Free and Policy Gradient Methods

To further assess the effectiveness of the proposed approach, the PSRL controller is
compared with the sliding-mode extremum-seeking control (SM-ESC), which represents
the closest methodological baseline due to its gradient-free and perturbation-based struc-
ture. In addition, a comparison with the REINFORCE algorithm is included, as it belongs
to the same family of policy-gradient reinforcement learning methods. The comparison
is performed using the same wind farm model and identical initial operating conditions.
Figure 10 illustrates the evolution of the wind farm power obtained using the PSRL, REIN-
FORCE, and SM-ESC approaches. It can be observed that all methods successfully improve
the wind farm power starting from the initial operating point. In particular, the PSRL algo-
rithm gradually increases the total power through stochastic policy updates and converges
to the neighborhood of the optimal cooperative solution. The REINFORCE method exhibits
a similar convergence behavior, albeit at a slower rate. Furthermore, the SM-ESC algorithm
also converges to the optimal solution, although the convergence process is driven by
discontinuous switching signals inherent to sliding-mode extremum seeking.

The evolution of the induction factors for the three methods is shown in Figure 11.
The PSRL controller produces a smoother parameter evolution due to the stochastic
gradient-based policy updates. In contrast, the SM-ESC algorithm exhibits sharper tran-
sitions caused by the discontinuous switching structure of the sliding-mode update law.
Nevertheless, both approaches converge toward operating points close to the optimal
cooperative solution.

The final operating points obtained using the different approaches are summarized
in Figure 12a. The figure shows that all three methods—PSRL, REINFORCE, and SM-
ESC—converge to operating points that are close to the reference optimal solution. This
result confirms that the proposed reinforcement learning framework is capable of identify-
ing cooperative operating conditions for the wind farm.
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Figure 10. Evolution of wind farm power using PSRL, REINFORCE, and SM-ESC. Both methods
converge toward the cooperative optimal solution.

Figure 11. Evolution of the induction factors using PSRL, REINFORCE, and SM-ESC.

Finally, the steady-state power achieved by the different approaches is presented in
Figure 12b. The results show that both PSRL and SM-ESC achieve power levels that are
very close to the reference optimal solution and significantly higher than the equal-share
operating point. This confirms that cooperative optimization of the induction factors can
substantially improve the overall energy capture of the wind farm.

Overall, the results demonstrate that the proposed PSRL framework achieves perfor-
mance comparable to sliding-mode extremum-seeking control (SM-ESC) while providing
a smoother and more stable optimization process. In addition, the RL-based formulation
offers a flexible framework that can be extended to more complex wind farm control prob-
lems and other multivariable optimization settings. The simulation results confirm that the
proposed PSRL controller converges to a cooperative operating point that is close to the
reference optimal solution while preserving a simple model-free structure.
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(a) (b)

Figure 12. Comparison of the final operating points obtained by PSRL, REINFORCE and SM-ESC.
(a) Final induction factors obtained using PSRL, REINFORCE, SM-ESC, and the reference optimal
solution. (b) Final wind farm power achieved by PSRL, REINFORCE, SM-ESC, and the equal-share
operating point.

In contrast, the REINFORCE baseline, although capable of reaching similar operating
regions, exhibits slower convergence and increased sensitivity to reward scaling, requiring
gradient clipping to ensure stable updates under the same conditions. This highlights the
advantage of the proposed PSRL framework, where normalized advantage-based updates
improve numerical stability and convergence efficiency.

In summary, the presented results highlight two important observations. First, the pro-
posed PSRL framework is capable of solving the wind farm optimization problem without
requiring an explicit model of the wake interaction between turbines. Second, the compari-
son with SM-ESC and REINFORCE shows that the proposed approach achieves competitive
performance while maintaining a simple implementation structure and improved conver-
gence behavior. These characteristics make the proposed framework particularly attractive
for applications where reliable gradient information is unavailable or difficult to obtain.
It is important to note that the presented results are obtained using the Park wake model,
which provides a simplified steady-state representation of wind turbine interactions. While
this model is widely used in the literature as a benchmark for validating control and
optimization strategies, it does not capture all real-world effects such as wake meander-
ing, turbulence, and actuator dynamics. Nevertheless, the proposed PSRL framework
is inherently model-free and relies solely on measured power signals rather than model
predictions. This reduces the risk of overfitting to specific simulator assumptions and
improves robustness to modeling inaccuracies. In addition, the stochastic perturbation
mechanism introduces an implicit smoothing effect, which enhances robustness to noise
and small disturbances.

4.6. Practical Considerations

For practical implementation, additional considerations such as actuator rate limits,
measurement noise filtering, and safety constraints can be incorporated into the policy
update. In particular, bounded and rate-limited updates can be enforced to ensure smooth
control actions and physical feasibility of the induction factors. Additional operational
objectives, such as structural load mitigation, actuator fatigue reduction, and grid-support
requirements, can also be incorporated into the optimization framework through con-
strained or multi-objective formulations.

In addition, while the computational complexity of the proposed policy-search frame-
work scales linearly with the number of control variables, increasing the number of turbines
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leads to a higher-dimensional search space, which may impact convergence speed and sam-
ple efficiency. Additionally, the convergence behavior may be influenced by the strength of
aerodynamic coupling among turbines, where strong or ill-conditioned interactions can
further slow the learning process.

In the current formulation, the controller is centralized, which may limit scalability for
large wind farms. Future work will investigate distributed and hierarchical extensions of
the proposed approach to improve scalability. Furthermore, validation using high-fidelity
dynamic wake models and experimental data, as well as incorporating actuator dynamics
and communication delays, will be considered to better assess real-world applicability.

5. Conclusions
This paper presented a policy-search reinforcement learning framework for coopera-

tive wind farm optimization. The proposed approach develops a model-free optimization
strategy for maximizing the total power captured by a wind turbine farm through the
adjustment of turbine induction factors. In contrast to conventional control strategies
that optimize individual turbine performance in a greedy manner, the proposed scheme
directly maximizes the overall power generated by the wind farm, thereby accounting for
aerodynamic wake interactions among turbines.

The proposed reinforcement learning formulation treats the wind farm optimization
problem as a multivariable policy-search problem. By employing stochastic perturbations
and reward-based updates, the controller gradually adjusts the policy parameters toward
operating points that yield higher total power. The convergence behavior of the learning
process has been analyzed, and the resulting algorithm provides a simple yet effective
gradient-free mechanism suitable for online optimization applications.

The performance of the proposed PSRL scheme has been verified through numerical
simulations using a wind farm power model. The results demonstrate that the proposed
algorithm successfully converges toward the cooperative optimal operating point and
significantly improves the power capture compared with the equal-share operating condi-
tion. Furthermore, a comparison with the sliding-mode extremum-seeking control method
shows that the proposed RL-based approach achieves comparable steady-state performance
while providing a smoother optimization trajectory. Moreover, comparison with a standard
policy-gradient baseline further confirms improved convergence behavior under identical
sampling conditions.

Overall, the presented results highlight the potential of reinforcement learning as a
flexible framework for multivariable cooperative optimization in renewable energy systems.
Future work may focus on extending the proposed framework to dynamic wind conditions,
larger wind farms, and more complex control variables such as yaw and pitch control.
In addition, further investigation may consider the influence of measurement noise, time
delays, and uncertain wake interactions on the learning performance.
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