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ARTICLE INFO ABSTRACT

Keywords: Wind energy is a significant renewable resource, but its efficient harnessing requires advanced control systems.
Deep neural networks This study presents a Data-Centric Predictive Control (DPC) system, enhanced by a Tuna Swarm Optimization-
TSO-BPNN

Backpropagation Neural Network (TSO-BPNN) for predictive wind turbine control. It’s like a smart tool that uses
innovative fusion of deep learning, predictive Control, and reinforcement learning. Unlike traditional control
methods, the proposed approach uses real-time data to optimize turbine performance in response to fluctuating
wind conditions.

The system is validated using simulations on the FAST platform, which demonstrate its superior performance
in two critical operational regions. Specifically, in Region II, where the objective is to maximize power extraction
from the wind, the DPC achieves a 1.07 % reduction in overshoot and an improvement of 36.14 units in steady-
state error compared to traditional methods. The response time remains comparable to existing Model Predictive
Control (MPC) strategies, ensuring real-time applicability without sacrificing efficiency. In Region III, where
maintaining constant power output is crucial, the DPC outperforms both the baseline and MPC methods,
reducing overshoot by 0.58 % and improving accuracy by 17.27 units compared to the baseline method. These
results highlight the effectiveness of the proposed DPC system in optimizing turbine performance under variable
wind conditions, offering a significant improvement over traditional methods in both accuracy and control

Model predictive control
Reinforcement learning
Wind turbine control

precision.

1. Introduction

The abundance of wind energy, a clean and renewable power source,
is increasingly acknowledged across various nations. The upward trend
in its actual utilization rate corroborates this increasing prominence [1].
Within the context of new energy development, wind power generation
has manifested itself as one of the most promising and forward-looking
technologies. Around the world, wind farms have been constructed on a
large scale [2]. The UK, in particular, has channelled significant in-
vestments into this sector, making it a hotspot of innovation and growth.
By 2023, the UK had over 11 thousand wind turbines with a total
installed capacity of 28 GW (GW): 14 GW onshore and 14 GW offshore
[3], and with the impetus towards a green transition, the trajectory is
only expected to rise [4]. These wind turbines function by transmuting
the wind’s kinetic energy into electrical power.

However, the inherent randomness of wind velocities can induce
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considerable fluctuations in wind power, precipitating variations in grid
voltage or frequency [5]. This can degrade the quality of the electric
power and catalyse a series of stability complications. To mitigate these
issues, it is imperative to institute a control strategy facilitating wind
turbine operation under low-load conditions [6]. The control strategies
employed by wind power systems are paramount in optimizing their
operational performance, guaranteeing safety, and maximizing elec-
tricity production.

As the core of wind turbine operation, the control system is divided
into four main working regions classified by inflow wind speeds: two for
shutdown and two for operation [7]. The shutdown regions, including
Regionl(below cut-in speed) and Region IV (above cut-out speed), don’t
involve power generation. In contrast, Region II (above cut-in and below
rated speed) uses torque control for maximum power extraction, while
Region III (above rated and below cut-out speed) employs pitch control
to sustain power at rated levels. Therefore, efficient control in Regions II
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& III plays a crucial role in the maximum power point tracking (MPPT)
tasks of wind turbines. Traditional control systems have been somewhat
effective in these aspects, but with the advent of sophisticated
data-driven techniques, there is room for significant improvement. The
integration of data-centric predictive control into wind turbine opera-
tion has the potential to revolutionize the way wind energy is harnessed,
controlled, and maintained. By using advanced algorithms that can
analyse large volumes of data in real time, it is now possible to make
accurate predictions about the future status of wind turbines. This, in
turn, enables the control system to make proactive adjustments, opti-
mizing power generation, and reducing the need for reactive
maintenance.

Traditional control strategies, such as the Proportional-Integral-
Derivative (PID) controller, have been widely adopted in wind turbine
control due to their simplicity and ease of implementation. However,
PID controllers often struggle with handling system nonlinearities and
rapid wind speed fluctuations, leading to suboptimal performance. For
instance, Sierra-Garcia and Santos [8] noted that while the PID con-
troller’s performance is relatively good at low and medium wind speeds,
it still lags by 21 % compared to a hybrid control strategy combining
fuzzy logic and deep learning. S. Hamoodi [9] and team studied the
speed control of wind turbines, comparing traditional PID controllers
with adaptive PID controllers based on fuzzy logic. Quang-Vi Ngo and
colleagues [10] designed a fuzzy logic-based PID controller for pitch
angle control in small-scale wind turbine systems. Yajun Fan and Mu
[11] introduced a novel fuzzy PID controller for optimal power extrac-
tion from wind, suitable for hydraulic offshore wind turbines. While
fuzzy PID controllers offer advantages in handling system nonlinearities
and uncertainties, their complexity and tuning challenges remain sig-
nificant drawbacks. Such inherent limitations necessitate the explora-
tion of more advanced strategies, such as Model Predictive Control
(MPQ).

MPC is a model-based control strategy that can consider system
model information and handle constraints. By optimizing a predicted
cost function, MPC determines the control input, achieving optimized
control of the wind turbine. Yang et al. [12] underscored the importance
of regulating system frequency by leveraging MPC, particularly
emphasizing the dynamic nature of wind turbines and the forecasting of
their power output. This sentiment was echoed by Bassi et al. [13] who
demonstrated the superior efficacy of MPC over traditional PID con-
trollers across varying wind speeds. Wei et al. [14] further extended the
application of MPC by introducing a coordinated droop control mech-
anism, aiming to enhance the high-voltage ride-through capabilities of
large-scale wind farms. Babaghorbani et al. [15] provided insights into
the potential of MPC in managing low voltage ride-through during
system faults, specifically for wind energy conversion systems based on
permanent magnet synchronous generators. Barcena et al. [16] took a
structural approach, focusing on the reduction of structural loads in
wind turbine components through MPC. On a broader scale, Chen et al.
[17] proposed an MPC strategy that optimizes active power set-points at
the cluster level, ensuring coordinated power distribution. Validating
these theoretical advancements, Dickler et al. [18] conducted a
full-scale field test, emphasizing the real-world applicability of a linear
time variant MPC system for a 3 MW wind turbine. Fan et al. [19] in-
tegrated particle swarm optimization with MPC, addressing the inherent
unpredictability of wind turbine generation. Jiang et al. [20] proposed
an MPC design that leverages the optimal tip-speed ratio method for
maximum power point tracking in direct-driven permanent magnet
synchronous generator-based wind energy conversion systems. While
the advantages of MPC, such as its ability to handle system constraints
and predictive capabilities, are evident, challenges related to computa-
tional complexity and the necessity for precise system models persist.
However, the computational complexity of MPC is high, and it requires
an accurate system model.

Reinforcement learning (RL) has also gained traction in recent years,
showing promise in adapting to real-time changes in wind conditions.
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However, many RL-based methods face stability and training conver-
gence issues, limiting their effectiveness [21,22]. Autor of [23] propose
techniques to optimized vertical-axis wind turbines (VAWT) using
Bayesian RL for small-scale turbines. Using the Markov chain Monte
Carlo (MCMC) algorithm, their approach effectively enhanced power
capture from wind transients. Jia et al. [24] introduced RL-TAD, an
RL-based method for optimal twist angle distribution (TAD) of wind
turbine blades. Outperforming traditional genetic algorithms, RL-TAD
quickly converges to the best TAD offline and provides fast TAD
searches for different wind speeds online, enabling real-time blade
control. TOMIN et al. [25] introduced RL-based adaptive control tech-
niques for wind turbines, enhancing efficiency while reducing structural
stress. Saenz-Aguirre et al. [26] introduced a RL-based yaw control
strategy for wind turbines, optimizing power and minimizing mechan-
ical loads. Validated with the NREL 5-MW turbine and real wind data, it
outperforms classical control methods. Westerbeck et al. [27] intro-
duced WINDL, an RL-trained neural network policy for wind turbine
load control, achieving significant blade load reductions in both steady
and turbulent winds. This advancement showcases the potential of RL in
optimizing modern turbine controls, surpassing traditional strategies.
A common characteristic of the RL methods in these wind turbine
applications is their affiliation with model-free RL [28]. These in-
vestigations underscore that RL introduces novel avenues for wind tur-
bine control, adeptly managing the intricacies and uncertainties
inherent to wind turbines. However, despite the commendable perfor-
mance of RL techniques in this domain, they grapple with challenges
such as the necessity for training data, algorithmic stability, and
convergence issues. To address these concerns, Xie et al. [29] presented
an model-based reinforcement learning (MBRL) control method for
wind turbines, blending deep neural networks (DNNs) with MPC.
Demonstrating reduced computational complexity and heightened
robustness, its effectiveness is confirmed through high-fidelity simula-
tions. This also suggests that integrating MPC with RL, a model-based RL
approach, presents a nuanced and stable alternative for optimizing wind
turbine operations. Table 1 summarises the popularly used control
techniques strength and limitation related to wind turbines operations.
This research introduces a data-centric predictive control method for
wind turbine, which is rooted in a model-based reinforcement learning
wind turbine control method, seeks to explore and develop a predictive
control model that is rooted in data analytics, machine learning, and
real-time computation. Specifically, the TSO algorithm is harnessed to
augment the BPNN, facilitating precise predictions of future system
states. This design not only capitalizes on the online system dynamics
updating feature of MPC but also enhances the accuracy and stability of
state prediction through the TSO-BPNN integration. Consequently, the
controller is adept at adapting to real-time system dynamics shifts while
retaining the structural and computational benefits of MPC. Then the
predicted future state information derived from the TSO-BPNN is

Table 1
Comparative analysis of traditional wind turbine control methods.
Control Method Advantages Disadvantages References
PID Control Simple, easy to Poor performance in [30,31]
implement, widely handling non-
adopted linearities and rapid
changes
Fuzzy PID Control ~ Better handling of Complex tuning [8,9]
non-linear systems, process, increased
adaptable to computational
uncertainties demand
Model Predictive Predicts future states, High computational [29,32]
Control (MPC) handles constraints complexity, requires
efficiently precise system models
Reinforcement Adaptive to real-time  Requires large [22,33]

Learning (RL) changes, good for
complex dynamic

systems

amounts of training
data, stability issues
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channelled into a DNN for reinforcement learning. This configuration
empowers the algorithm to execute versatile and efficient control stra-
tegies in intricate, nonlinear scenarios. The controller is tailored to
optimize a meticulously crafted reward function, enabling it to refine
control actions to align with specific performance benchmarks, thus
achieving targeted system performance enhancement. Additionally, the
integration of Huber loss into the reward function bolsters the robust-
ness of the approach, a pivotal feature for managing outliers and noise in
reward signals, further narrowing the gap between the learned dynamics
and the actual environment. The performance of this hybrid control
scheme is compared with the reference OpenFAST controller for a Na-
tional Renewable Energy Laboratory (NREL) 5 MW turbine in the final
part. The key contributions of this research, when juxtaposed with
related studies, can be delineated as follows:

(1) Data-centric Predictive Approach: Unlike traditional wind tur-
bine control strategies, the presented RL methodology is intrin-
sically data-centric. this research places significant emphasis on
the TSO-BPNN integration for state prediction. This data-centric
predictive approach ensures optimal control policies without
being tethered to analytical wind turbine models, capturing and
updating system information in real-time.

(2) Model-Based RL: While most existing RL-based wind turbine
control strategies are anchored in model-free RL, often rooted in
the renowned deep deterministic policy gradient (DDPG) [34]
algorithm, they tend to grapple with computational intensity and
diminished learning efficiency. This research pioneers a wind
turbine control approach grounded in "model-based" RL,
leveraging real-time data to craft and refresh a DNN-based sur-
rogate model, making the reward function learning and optimal
control policy more stable and efficient.

(3) Real-time DNN Update: The proposed DNN structure, acting as an
information conduit, is refreshed by a real-time dataset
comprising current state & action measurements. This design
captures potential online shifts in wind turbine models, especially
when unforeseen faults arise, bolstering control performance
during unexpected uncertainties or faults, thereby enhancing the
reliability and applicability of the entire wind turbine control
system.

The subsequent sections of this thesis are structured as follows:
Section 2 articulates the aim and objectives, laying the groundwork for
the methodologies discussed. The methodologies are comprehensively
detailed in Section 3, starting with the modelling of the wind turbine,
followed by the construction of the future state prediction model, and
culminating in the model-based reinforcement learning for wind turbine
control. Section 4 presents the results and offers an in-depth discussion,
encompassing the outcomes of the future state prediction and the nu-
merical simulations under various conditions. Finally, Section 5 sum-
marizes the key findings and implications of the research.

2. Novelty of work

Wind energy plays a pivotal role in the transition to renewable en-
ergy sources, but its efficient utilization is challenged by the variability
of wind conditions. Previous research, exemplified by Xie et al. [29], has
made progress in applying Model-Based Reinforcement Learning
(MBRL) to wind turbine control. However, a critical research gap exists
in the precision and robustness of state predictions, particularly vital for
real-time control in wind turbines. This study addresses this gap by
introducing innovative strategies. It leverages a data-centric predictive
paradigm that integrates the Tuna Swarm
Optimization-Backpropagation Neural Network (TSO-BPNN) for state
predictions, resulting in enhanced precision and robustness. Further-
more, in the reinforcement learning phase, the integration of a reward
function combined with Huber loss enhances the algorithm’s resilience,
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particularly when faced with anomalies and noise in reward signals.
These novel approaches not only address latent intricacies in previous
research but also underscore improved efficacy and reliability in wind
turbine control mechanisms, contributing significantly to the field of
wind turbine control and the broader objective of efficient renewable
energy generation.

3. Methodologies
3.1. Modelling of wind turbine

3.1.1. Wind turbine fundamentals

The aerodynamic paradigm of a wind turbine is intrinsically asso-
ciated with the quantity of energy it extracts from the ambient wind. The
power coefficient, often denoted as Cp, is established as the proportion of
power harnessed by the wind turbine in relation to the inherent power
potential of the wind itself. A superior value signifies the optimal
functioning of the wind turbine, which corresponds to a scenario where
the rotational speed of the wind turbine is at its peak efficiency, and the
blades are positioned at the ideal angle to harness the maximum energy
from the wind. If P, is the kinetic power incoming to the turbine disk,
then the computation of power retrieved from the wind turbine can be
demonstrated through the following equation.

1
P=Cp(A,p)P, = 5 prCp(A, B)RVyind® (@))

where p is air density, R is rotor radius, vy, represents the wind speed.
Cp is contingent upon both the Tip Speed Ratio (TSR) 1 and blade pitch
angle g. The function C,(4,p) is predominantly derived empirically,
albeit it can be approximated mathematically by Equations (2) and (3).

CP (}'7/))) =G (% - C3,B - C4/}CS - Cﬁ) ef% (2)

_ 1 Co -
o {(an) - (5)] ®

Here, c; to cg are a series of constant values characterizing the wind
turbine, typically ascertained using identification techniques. This
formulation reflects the nonlinear dynamics inherent in the turbine
operation, influenced by the wind device’s technical specifications, as
embodied by parameters c; to cg that describe a unique type of wind
turbine. This equation is routinely employed to generate a spectrum of
curves demonstrating the turbine’s performance under varying wind
conditions, with each curve corresponding to a distinct pitch angle (Fig
1). Furthermore, it serves as a tool for approximating the optimal C, 1
and g of the wind turbine.
The definition of the TSR is given by Equation (4).

. R

C)

Vwind

where w, is rotor speed. For each specified wind speed, there exists an
optimal rotor rotational speed that yields the maximum C,. This
particular speed correlates to the ideal tip speed ratio. In the present
study, the 5 MW wind turbine model developed by NREL, serves as the
basis for analysis. The configurations for this model are detailed in
Table 2. These specifications were derived from aerodynamic simula-
tions carried out using the OpenFAST software (by NREL). Post-
processing of the data was conducted utilizing both MATLAB and Py-
thon tools see Table 7.

3.1.2. Simulation environment

Based on the modelling of the wind turbine generator system in
Ref. [35], if O represents the torsion angle, the unified nonlinear
comprehensive model of the wind turbine generator system can be
presented as follows:
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Fig. 1. Cp versus TSR for a typical wind turbine.

Table 2 Table 3
Parameters of the NREL 5-MW wind turbine. Input constraints on the NREL 5-MW wind turbine.
Parameter Description Value Parameter Description Value
Prated Rating 5 MW wpeed Rated rotor speed 12.1 rpm
R Rotor radius 63 m rated Rated generator speed 1173.7 rpm
N, Number of blades 3 ¢
b 3 Trated Rated generator torque 43.1 kN m
p Air density 1.22 kg/m Tfmx i X
Jr Rotor moment of inertia 3.54 x 107 kg/m? 4 Miax.lmum gene‘rator tquue 47.4kNm
Jg Generator moment of inertia 5.34 x 10% kg/m? Bin/ Prmax Minimum/Maximum pitch angle 0°/90
K, Low speed shaft spring constant coefficient ~ 8.67 x 10° N m/rad Tinax Maximum generator torque rate 15 kN m/s
Dy Low speed shaft viscous friction coefficient 6.22 x 10° N m s/rad Prmax Maximum absolute blade-pitch rate 8°/s
N, Gear box ratio 97:1
Veut—in Cut-in wind speed 3m/s
Vrated Rated wind speed 11.4 m/s adopts a similar approach called data-centric predictive control (DPC).
Veut-out Cut-out wind speed 25m/s The establishment of the database begins with analytical models in
equations (5)—(8). It then incorporates neural networks for additional
W, predictive enhancement. Relying on physical principles furnishes a
Or — ﬁg robust foundation for the accuracy of the model, thus increasing its
o T D D K precision. In this manner, it not only addresses the shortcomings of
e+ ——w, ——0 traditional controllers but also enhances the generalization ability of the
r A A A ®) 8 Y
g roer re r data-driven reinforcement learning strategy.
D, D, K T,
S oy — g+ — 8T
J.N, J;NZ JgNg J,

The wind speed and generator speed together constitute the state
vector of the dynamical system to be controlled.

§= [Vwind wg] r (6)

The actions of the controller are provided by the rate of change of the
pitch angle ($) and generator torque (T,). Ref. [36] provides an update
for  and Ty under the action of the controller within the time integral as:

Bt+ At) = p(t) + pAt 7
Ty (t + At) = T,(t) + T, At ®

where At is the time step in the integration. The rates are constrained
within a specific range, with j falling between —f,,,, and f3,,,, and T
falling between — Ty and Ty, as outlined in Table 3.

In order to overcome the sensitivity of traditional wind turbine
controllers to model errors and their lack of robustness to real-time
dynamic changes, the literature [29] has developed a data-driven rein-
forcement learning strategy. Based on this foundation, this research

3.2. Construction of future state prediction

3.2.1. Backpropagation neural network

The Backpropagation Neural Network (BPNN), introduced by
Rumelhart et al., in 1986 [37], is a supervised learning method that uses
gradient descent. It operates in two phases: forward propagation and
backward propagation of errors. Robert Hecht-Nielsen demonstrated
that a three-layer BPNN approach can model intricate nonlinear tasks
[38]. It’s capable of handling any transition from N-dimensions to
M-dimensions. Given this, the state prediction module in this research
employs a three-layer BPNN setup. As depicted in Fig 2, this BPNN
configuration consists of input, hidden, and output layers.

BPNN can be comprehensively described through a series of math-
ematical formulations. This process elucidates how input information
traverses from the input layer, through the hidden layers, and ultimately
reaches the output layer. When discrepancies arise between the antici-
pated and actual outputs, the system undergoes a backpropagation
process to adjust and optimize. The mathematical representations for
the aforementioned processes are delineated below.

For the hidden layer:
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Fig. 2. Topological structure of the BPNN algorithm.

M
Y=Y WiXi+b ©)
=0
Li=f(Y;) = ! 10
=) =17e7 10
For the output layer:
N
Zg =Y Wil +b an
j=0
H=f(Zx) =max(0, Zx) (12)

Where X; represents the input vector. M denotes the total number of
nodes in the input layer. Wi} signifies the weight connecting the i
neuron in the input layer to the j neuron. bj1 stands for the bias
parameter of the hidden layer. Y; is the input value for the hidden layer’s
node. L;j represents the output value of the hidden layer node after un-
dergoing a nonlinear transfer function. N is the total number of nodes in
the hidden layer. WJZK denotes the weight connecting the j" neuron in the

hidden layer to the output layer. b?> symbolizes the bias parameter for
the output layer. Z is the input value of the output layer’s node. H rep-
resents the output value of the output layer’s node after application of a
nonlinear function.

In instances where the generated output diverges from anticipated
values, the system engages in the subsequent backpropagation proced-
ure. This process initiates at the output layer, proceeds through the
intermediary hidden layers, and culminates at the input layer, thus
effectuating the entire backpropagation phase. Within the framework of
the BP algorithm, weight adjustments across layers are orchestrated by
minimizing the gradient of the error. Specifically, the weight interlink-
ing the neurons of the input layer and the j neuron of the hidden layer
undergoes a particular rectification as delineated below [39]:

Wii(t) = Wit — 1) + 1,0, (6)x:(t) + aaAWi(t) 13)

b(t) = b; (1) + nyp; (0)xi(t) + apAb;(t) as
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p(6) =5 1~ A as)
p=1

Within the context of neural network architectures, W and b are
respectively characterized as the weight coefficients and threshold pa-
rameters. The constants a, and @, denote momentum coefficients,
instrumental in gauging the influence of prior parameter adjustments on
the present propagation direction. The parameters 5, and 7, serve as
learning rates, modulating the magnitude of weight updates during
training iterations. The error signal for the j* neuron in the hidden layer
during the BPNN algorithmic procedure is represented by p;(t). Let G
denote the number of instances present within the training dataset.

Further, let H represent the anticipated output and H signify the actual
output produced by the neural network. The process of forward and
backward propagation is iteratively executed. This iterative sequence

continues until the discrepancy between H and H is mitigated to an
acceptable threshold or the duration of training reaches a pre-specified
limit.

3.2.2. Tuna swarm optimization

This research employs an innovative swarm-based metaheuristic
known as Tuna Swarm Optimization (TSO), initially introduced in
Ref. [40]. This method is utilized to optimize the BPNN in the future
state prediction module of the database within our model. The TSO
methodology is fundamentally inspired by two distinct swarm foraging
behaviours observed in the species of tuna. The algorithm draws inspi-
ration from the group travel predation strategy utilized by tunas. One
such strategy is spiral foraging. As tunas feed, they form a spiral, driving
their prey into shallower waters where they become easier to attack. The
second strategy is parabolic foraging. Each tuna follows the one before
it, forming a parabolic shape to surround and trap their prey.

The optimization process begins by uniformly generating an initial
population in the search space at random:

X"™=Rand- (b, —b) +b,i=2,3,,N, 16)

In the formula, N, represents the number of individuals in the tuna
population, X represents i initial individual, b, and b; are the upper
and lower boundaries of the search space, and Rand is a uniformly
distributed random vector ranging from 0 to 1.

During the spiral foraging phase, anterior individuals transmit in-
formation to posterior individuals, culminating in the establishment of a
consistent predation pattern. However, it is misguided to blindly follow
the optimal individual for foraging when such an individual cannot
locate food. As a remedy, a random coordinate is generated within the
search space to serve as a reference point for the spiral search, endowing
the TSO with global exploration capabilities. This search method can be
analogized from a broad global search to a precise targeted search. As
iterations increase, the TSO transitions the reference point for spiral
foraging from a random individual to the optimal one. In summary, the
final mathematical model for the spiral foraging strategy is presented as:

_+l{al'(xﬁand—"—ﬂ"xiand_xﬂ)+a2'X1F-,i—.1 ,ifrand
a1 (Xl g + 5[ Xl g — Xi|) + @2 Xt ,i=2,3,- N,
t
<
tmax
a7)
(X Xt — Xt Xi=1
X;:Jrl: a ( ?est+ﬂ‘ fest i‘)+az 171 ' ,ifrandz
al'(XbeSI +/3'|Xbesr - Xi D + Olg-Xifl,l =2,3, "'1Np tmax
18)
t
a=a+(1—a)— (19)

tmax
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t

a=(01-a) - (1-a)- (20)
tmax

f=eé".cos(2zb) 2D

1= 3 cos(((tmax+1/6)=1)7) 22)

Where X:"! represents the i individual at the t + 1 iteration. X%, is a

reference point randomly generated within the search space. X de-

notes the current optimal individual. @; and ay are weighting co-
efficients governing the propensity of an individual to move towards the
optimal and the preceding individual respectively. The constant a de-
termines the extent to which the tuna follows the optimal individual and
its predecessor in the initial phase. t stands for the current iteration
number, while . represents the maximum iteration count. b is a
random number uniformly distributed between 0 and 1.

Apart from spiral feeding formations, tuna also utilize a parabolic
feeding pattern with the food as a reference. Additionally, tuna scout
their immediate surroundings for food. Both strategies are executed
simultaneously, each with a 50 % likelihood. The mathematical model is
detailed below:

Collect sample data

!

Determine BPNN’s
topological structure

Initialize the
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i

41 _ best+rand'(X£est_X§) +TF'p2'(X§>est_Xf)’ifrand <05
TF-p*.X.,if rand > 0.5

(23)

TF is a random value of either 1 or -1.

3.2.3. Steps of TSO-BPNN

The workflow of the TSO-BPNN model is illustrated in Fig 3.

The research methodology involves several key steps, including data
acquisition, initialization of the BPNN, and TSO algorithm. These steps
are followed by fitness computation, parameter optimization, and the
implementation of termination criteria. Subsequently, the optimized
BPNN undergoes training and testing phases, with error analysis utiliz-
ing various metrics to evaluate model performance, as detailed in the
following steps:

1) Acquisition of sample data, sourced from equations (5)—(8).

2) Initialization of the BPNN: The initial architecture of the neural
network is determined, encompassing both the initial weight co-
efficients and bias values connecting the neurons.

3) Initialization of the TSO algorithm: The primary weight coefficients
as well as bias values are transformed into position vectors

Set initial

Weights and thresholds

!

Get the weights and

thresholds

l

—> Calculate error

!

Update weight and
threshold

}

—N' Termination conditions

I

Simulation test
and get results

|

Verify the accuracy
of BP model

BPNN

parameters

|

Random initialization
population

-

Calculate
fitness value

.

Update weight
coefficient

!

Update tuna
individual position

!

Record the current
optimal position and
fitness value

!

Termination

Conditions —
Y £ >t N

TSO

Fig. 3. Flow chart of the TSO-BPNN model.
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representing individual tunas. The population size, maximum itera-
tion count, initial weight bounds, target minimum error, optimiza-
tion parameter bounds are established. If n is the number of data
points, y; is the i observed or actual value, and ¥; is the i predicted
value, then the Sum of Absolute Errors (SAE) is selected as the
objective function for optimization.

SAE= Zb’i*yi\ (24)

i=1

4) Computation of individual fitness values: Identify and document the
position corresponding to the optimal fitness value, designating it as
the pinnacle individual position.

5) Assign the optimized weight coefficients and bias parameters to the
BPNN.

6) Update singular positions based on the designated position update
strategy.

7) Implement a termination criterion: Halt operations upon satisfying
the maximum iteration count or achieving the desired precision
threshold, subsequently assigning the optimal values to the BPNN.

8) Subject the optimized BPNN to training and testing phases, followed
by an error analysis and accuracy evaluation. Four error metrics,
namely Mean Absolute Error (MAE), Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), and Mean Absolute Percentage
Error (MAPE), are employed as evaluation criteria for the model.
Their respective formulas are as follows:

MAE=] Zl e~ 3 25)
msg=1 Z -7 (26)
RMSE:M% g()'i -y)° @7
MApE:% ZI: yi— il 28)

3.3. Model-based reinforcement learning of wind turbine control

3.3.1. Formulation of control objectives

This study addresses the control challenges of wind turbines,
encompassing the maximization of power generation (or tracking of the
maximum power point) in Region II and power maintenance in Region
III. Within the control framework for Region II, we introduce a meth-
odology to adjust the torque, facilitating maximal power extraction from
the wind turbine. For the pitch angle control task in Region III, the
objective is to sustain both the output power and the turbine rotational
speed at their rated specifications. While Ref. [29] has proposed a
reward formulation for the control objective, its singular reward struc-
ture may not offer robustness against outliers as well as the potential
substantial penalties associated with the squaring of large error terms. In
this work, we incorporate the Huber loss [41], refining the specific form
of the reward function.

Further elaborated, the torque control function for Region II is
formulated as follows:

%[Tgvref(t) - Tg-pre(t)}zvfor |Tg~ref(t) - Tg-pre(t)| <é
Li(t)= (29)

1
8| Torer (£) — Topre(t)| — 5527 otherwise

AT =Topre(t+1) — Tgpre(t) (30)
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min Jp, (t) = Y _ [L1(t) + AT"RAT] (31
t
Subject to:
0 < Tg,ref < TgmElx (32)
7Tmax S AT S Tmax (33)

Where Tg s represents the torque reference value at time t, Ty yr denotes
the torque prediction at time t, § is a threshold in the Huber loss function,
chosen as 0.1 in this context. R is the weight matrix.

For the control objectives in Region III, in addition to fulfilling the
pitch angle control targets, it’s essential to sustain a stable state proxi-
mate to the rated speed. A speed reward-penalty system is incorporated
here to realize a more efficient control objective. The specific control
function is as follows:

1
E [ﬁref(t) - ﬁpre(t)] 27f0r |ﬂref(t) - ﬂpre(t) ‘ <

Ly(t)= 1 (34
(slﬂref(t) - ﬁpre (t) | - 5527 otherwise

Aﬁ:/}pre(t+ 1) - ﬁpre(t) (35)
La(t) = > XNj [0y (8) — Opre(8)]2
3 =7 ref — Wpre

NG ’ 36)
—Qreward | wref(t) - a)pre(t)| + apenalty|wref(t) — Wpre (t) |
min Jy(t) = > [La(t) + AB"RAS + Ls(t)] (37)

Subject to:

ﬁmin Sﬂ o S ﬂmax (38)
_/.}max < Aﬂ < ﬁmax (39)
@ o < 1.1 (40)

Wherein f,; represents the pitch angle reference value at time t, f,.
denotes the pitch angle prediction at time t. § is a threshold in the Huber
loss function, chosen here as 0.1, N is the number of data points. @,
stands for the generator speed reference value at time t, while wp.
represents the predictive generator speed at that moment. teyqrg and
Openalyy are the reward and penalty coefficients respectively, set to 0.5
and 1 for this context. R is the weight matrix.

It’s worth noting that by tracking the torque, pitch angle, and
generator speed to their respective reference values in the two regions,
the mechanical efficiency in region II can be maintained at its optimum,
while power maintenance can be achieved in region III. These reference
values are derived based on wind speed using a lookup table approach as
proposed in Ref. [42].

3.3.2. System dynamics approximation

In the realm of Reinforcement Learning (RL) based on Markov De-
cision Processes (MDP) [43], the primary objective is to optimize the
long-term rewards an agent can garner by engaging in interactions
within a given environment, thereby facilitating the acquisition of an
optimal policy. To elucidate further, at any given temporal instance t,
the prevailing state of the system can be denoted as s, which is a member
of the state space S. At this juncture, the agent decides upon an action a,,
which resides in the action space A, leading to the realization of a reward
ry that exists within the reward space R.

Utilizing the transition function defined as f:S x A—S, one can
anticipate the subsequent state at t + 1, articulated as s,;1 =f(s;,a;). The
overarching ambition of this RL agent is to master a policy function z(s) :
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= S—A that maximizes the cumulative discounted rewards. Mathemat-
ically, this policy can be represented by S, ¥ *ri(s:, a;), where y
(constrained within the bounds 0 < y < 1) serves as a discount factor,
and r¢(s¢, a;) quantifies the reward procured post the selection of action
a; from state s; [18].

Specifically, this work harnesses Deep Neural Networks (DNN) to
bridge the prior state prediction TSO-BPNN, forming a cascaded struc-
ture, serving as an information processor for approximating system
dynamics. This is dynamically updated to bolster the robustness of
control. Fundamentally, this approach enhances the conventional rein-
forcement learning paradigm: the critic architecture for evaluating long-
term objective functions. While classical methods employ an actor setup
to derive optimal control strategies based on critic outcomes, this study
integrates the actor within an MPC framework to discern such optimal
strategies. This configuration offers augmented flexibility for online
applications and empowers our RL-based wind turbine controller to
swiftly adapt to unforeseen model alterations, such as those triggered by
abrupt actuator malfunctions [44]. The specifics of this RL methodology
are detailed below.

In the designed RL approach, a DNN architecture is utilized to
approximate the system dynamics. This approximation of the system
dynamics is denoted as fg (s¢t,a;). For training at a timestep t, the output
state s; = [, g Ty ] from TSO-BPNN and action a, are fed as inputs to
the DNN, with the subsequent state s;,1 being the expected output. The
gathered measurement dataset is represented as D, having a size of Ng.
As such, D should include a set of states (so,sl , ~-~,sNd_1), a set of actions
(a0, a1, -, an,~1), and a set of successor states (si, sz, -, Sn,). It’s
important to note that if the difference between a state a, and its suc-
cessor s;.1 is almost negligible, then the change between s; and s;.1
(denoted as As) can represent the output of fg (st,a¢). In this context, the
relationship is defined as As; = s;11 — s = )Acg(s[,at).

3.3.3. Control policy optimization

Using _/f\g(St, a;), we can recursively predict future states based on
candidate actions and select the optimal control strategy z(s) := s;— a;
to achieve the highest reward. The Model Predictive Control (MPC)
structure is embedded into the RL control method we propose to address
the optimal closed-loop control problem described in equations (29)—
(40). Compared to other controllers, the MPC method has the funda-
mental advantage of achieving multi-objective optimal control and
handling state and control constraints. For the predicted future states,
the objective is to find an optimal control strategy:

a =(ay,ap1, ", Air,—1) (41)

The specific method for selecting the optimal action is as follows:

) t4+T—1 }
a =argmax Z 7S, a) (42)
a t=t’
Sy =5¢,5vm :J?s(gh ar) (43)

Utilizing the MPC framework, an optimal action sequence is derived,
of which the initial action is integrated into the subsequent state evo-
lution of the system. Following the execution at a designated sampling

interval T;,, the emergent policy-based data, denoted as <st, STy Oy 5

ar S, sTi"Fl), is incorporated into dataset D. This iterative pro-

cedure is recursively undertaken until the entirety of the control oper-
ation is concluded. It’s imperative to acknowledge that the prediction
horizon T, within each interval must adhere to the condition T; < Tiy.

3.3.4. RL-based wind turbine control
In the context of our reinforcement learning oriented wind turbine
control methodology introduced in this study, Equations (31) and (37)
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articulate the reward structures for Regions II and III, respectively. This
design framework is visually encapsulated in Fig 4.

A salient feature of our approach is the integration of a surrogate
model underpinned by DNN techniques, which undergoes continual
refinement with incoming real-time data. This architectural choice
proves indispensable for intricate wind turbine systems, especially when
confronted with inherent uncertainties and malfunction scenarios that
impede the derivation of precise models. Our RL-driven wind turbine
control procedure is delineated in Algorithm 1, with i, max denoting
the overarching simulation iterations. Due to the updatable nature of the
data, real-time updated datasets capture potential variations in wind
turbine models when faults are present. This design endows RL methods
with enhanced robustness, mitigating the adverse effects of potential
uncertainties and faults on power production.

ALGORITHM 1. RL-based Wind Turbine Control Algorithm

: Predict Initial States:
Predicted States: (so,S1,,5n,-1)-

o

Actions: (ao,ay, -+, an,-1)-

Next predicted states: (s1,s2, -‘-,sNd).

Pre-process the initial data and add to dataset D:

Normalize and denoise the initial data.

Add pre-processed initial states, actions, and corresponding next states to dataset D.
Iterative Training and Optimization:

For i = 0 to ipgy do.

w e e N e

.

Train the wind turbine dynamics model _,f\/.} (s¢, a;) with the dataset D.
For t = iTj t0 iTine + Tine do.

Learn control policy based on the trained model fg (8¢, ar)-
Optimize the objective function as given in Eq. (31) for torque control, or in Eq. (37)
for pitch control. Resultantly, obtain a sequence of control actions (either torque or

pitch commands), denoted by a* = (ar,ar 1, ar1,-1)-
Apply the first control action a; to the system and observe 1.
Store the tuple (s, a;,s¢41) in D.
end for
end for

.

In our enhanced approach, we propose a novel integration of Model
Predictive Control with data-centric predictive models and deep rein-
forcement learning. This framework serves as an effective alternative to
traditional Actor-Critic Deep Neural Network modules. Initially, we
employ the TSO algorithm to enhance BPNN, which is used for precise
prediction of future system states. This innovative design not only in-
herits the advantage of online updating system dynamics from MPC but
also further boosts the accuracy and stability of state prediction through
the integration of TSO-BPNN. As a result, our controller can adapt more
effectively to real-time changes in system dynamics while preserving the
structural benefits and computational efficiency of MPC.

In the next stage of our approach, we leverage the predicted future
state information, as obtained from the TSO-BPNN, and feed it into a
DNN for reinforcement learning. This structural design allows our al-
gorithm to implement flexible and efficient control strategies in com-
plex, nonlinear environments. Specifically, our controller optimizes a
carefully designed reward function, making it capable of fine-tuning
control actions to meet specific performance criteria, thereby
achieving targeted system performance optimization. Furthermore, we
incorporate Huber loss into the reward function in order to increase the
robustness of our method. This unique addition is crucial for handling
outliers and noise in the reward signals, thereby further minimizing the
mismatch between the learned dynamics and the real environment.

The hybrid strategy maintains the overall computational complexity
within an acceptable range, which is a significant consideration for real-
time applications. Moreover, due to its data-driven and adaptive nature,
our method exhibits high scalability and can be applied seamlessly to
various types of energy systems beyond wind turbines. Overall, this
approach enhances learning and data mining efficiency and allows our
method to exhibit higher adaptability and robustness under dynamically
changing system dynamics, striking a balance between adaptability,
accuracy, and computational efficiency.
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Fig. 4. The framework of the proposed RL-based wind turbine control technique.

4. Result and discussion
4.1. Future state prediction results

4.1.1. Torque prediction

We utilized a total of 16,001 data samples, with 12,800 dedicated to
model training, and the remaining 3201 utilized for prediction and
evaluation. Fig 5 depicts the comparison between actual torque values
from the training set and the predictions made by the TSO-BPNN model.
This graphical representation vividly illustrates the remarkable degree
of alignment between the predicted values and the ground truth data.
This alignment underscores the model’s exceptional performance during
the critical training phase, affirming its robustness and predictive
capabilities.

Fig 6 further contrasts the actual torque values from the test set with
predictions from both the TSO-BPNN and traditional BPNN models. This
comparison visibly underscores the superiority of the TSO-BPNN in
predicting torque values, as its predicted values exhibit a closer resem-
blance to the actual ones than those of the traditional BPNN.

Fig 7 presents a comparison of errors between the two methodolo-
gies. From the error distribution, it is evident that the TSO-BPNN model
yields lower errors compared to the traditional BPNN, further affirming
its superior performance in torque prediction.

To supplement these visual insights, Table 4 offers a detailed
breakdown, comparing error metrics derived from both the TSO-BPNN
and traditional BPNN predictions. The evaluation leverages key per-
formance metrics: MAE, MSE, RMSE, and MAPE. This tabulated data

provides a granular perspective on the comparative performance of the
two predictive models, shedding light on areas where one might
outshine the other.

From the above metrics, it is evident that the TSO-BPNN method
outperforms the BPNN method across all the metrics. Whether it’s MAE,
MSE, RMSE, or MAPE, the TSO-BPNN method exhibits lower error
values compared to the BPNN method, indicating a closer approxima-
tion to the true torque values. Especially when we look at the MAPE, the
error for TSO-BPNN is approximately 7.45 %, while for BPNN it’s
14.725 %. This suggests that the TSO-BPNN method’s average pre-
dictions have a smaller deviation from the true values on average. In
conclusion, based on this dataset, the TSO-BPNN method seems superior
to the BPNN method.

4.1.2. Pitch angle prediction

In Fig 8, we delve into the alignment of torque predictions made by
the TSO-BPNN model with the actual values derived from the training
set. This visualization underscores the precision with which the TSO-
BPNN model approximates real-world torque measurements during its
training phase.

Moving on to Fig 9, a more exhaustive comparative exploration is
provided, showcasing the actual pitch angle values from the test set
against predictions from both the TSO-BPNN and traditional BPNN
models. The juxtaposition clearly underscores the superior predictive
prowess of the TSO-BPNN, as evidenced by its predictions adhering
more closely to the actual values.

Lastly, Fig 10 offers an analytical deep dive into the error distribution

Comparison Graph of Predicted Values and Real Values for TSO-BPNN Neural Network Training Set
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Fig. 5. Comparison of real torque values with TSO-BPNN predictions in the training set.
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Fig. 7. Error distribution between TSO-BPNN and traditional BPNN predictions.

Table 4
Comparison of error metrics between TSO-BPNN and BPNN predictions.
MAE MSE RMSE MAPE
TSO-BPNN 2.605 13.867 3.724 7.450 %
BPNN 5.167 56.783 7.535 14.725 %

between the two predictive methodologies. The visual portrayal of er-
rors distinctly indicates that the TSO-BPNN model incurs lower dis-
crepancies in pitch angle predictions compared to its traditional BPNN
counterpart, further cementing its superior performance in this domain.
Table 5 presents a detailed assessment of the predictive compe-
tencies of both methodologies. By delving into these critical error met-
rics, the table offers a clear view into the comparative robustness and
reliability of the models in their pitch angle forecasts. The presented
figures elucidate the precision and reliability of each model, empha-
sizing the areas where one model might have an edge over the other.
Evaluating the results for the pitch angle predictions, both methods
exhibit comparable performances. The TSO-BPNN method marginally
surpasses the BP-NN method across all metrics. The differences, while

10

subtle, are significant enough to indicate the superiority of TSO-BPNN in
this scenario. In essence, while both methods offer reliable predictions
for the pitch angle, the TSO-BPNN method has a slight edge in terms of
accuracy based on the provided dataset.

4.2. Numerical simulations

In this section, the effectiveness of our proposed method is validated
through simulations conducted using the FAST (Fatigue, Aerodynamics,
Structures, and Turbulence) simulator [45]. FAST is a comprehensive
aerodynamic and structural simulator developed by the NREL. Within
the context of FAST, we consider the dynamical issues associated with
the NREL 5 MW variable-speed, variable-pitch wind turbine. The pa-
rameters, states, and input constraints pertaining to this model have
been delineated in previous sections. For the purpose of validation,
distinct wind profiles with average wind speeds set to 7 m/s and 17 m/s
are employed in the simulations, corresponding to the control of the II
and III regions of the wind turbine, respectively. These wind profiles are
generated using the TurbSim software provided by NREL [46].
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Fig. 9. Comparative analysis of pitch angle predictions: TSO-BPNN vs. BPNN in the test set.

4.2.1. Simulation of various controllers

To conduct a comprehensive performance comparison, this research
employs not only the proposed Reinforcement Learning approach, but
also incorporates numerical simulations with baseline control and con-
ventional Model Predictive Control strategies.

(1) Baseline Control: For torque control, the reference generator
torque command is derived from the kw? law, where it is pro-
portional to the square of the filtered rotor speed. For pitch
control, a gain-scheduled Proportional-Integral (PI) controller is
commonly utilized to minimize the discrepancy between the
measured rotor or generator speed and their respective setpoint
values [47].

MPC: This strategy leverages the dynamical characteristics of the
wind turbine to forecast future states within a finite prediction
horizon. Importantly, it should be emphasized that the MPC
strategy employed in our case study directly utilizes the FAST
model for control. Under normal operating conditions, it is un-
affected by any modelling errors or uncertainties, rendering it an
excellent and robust benchmark method for comparison with our
Reinforcement Learning approach. Based on these anticipated

(2)

11

states, the optimal control sequence is determined by optimizing
a specified objective function under various constraints. Each
simulation run lasts for 200 s, with a prediction horizon T; of
0.0125 s and a time interval Ty, of 2 s.

4.2.2. Control results of wind turbine in region II

For the torque control task in Region II, a wind profile with an
average wind speed of 7 m/s is adopted, as depicted in Fig 11. Fig 12
illustrates the torque responses under three distinct control strategies.
Within these graphs, the blue solid line represents the desired reference
torque trajectory. It is evident from Fig 12 that the torque outputs
generated by both our proposed RL-based control approach and the MPC
strategy are able to adhere closely and accurately to the desired optimal
torque trajectory. Concurrently, Fig 13 presents the power responses
under these three different methodologies, where the blue line de-
lineates the prescribed reference power trajectory. Notably, our RL-
based approach and MPC method demonstrate significantly superior
performance compared to the baseline control scheme, tracking the
specified reference power trajectory with remarkable precision.
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Fig. 10. Error distribution between TSO-BPNN and traditional BPNN predictions.

Table 5
Comparison of error metrics between TSO-BPNN and BPNN predictions.
MAE MSE RMSE MAPE
TSO-BPNN 1.767 4.435 2.106 12.926 %
BPNN 1.806 4.660 2.159 13.360 %

4.2.3. Control results of wind turbine in region III

For the pitch control in region III, the test scenario is selected under a
wind profile with an average speed of 17 m/s, as shown in Fig 14. It is
essential to emphasize again that, in this case study, the MPC serves as a
benchmark. It directly employs the model embedded in FAST to carry
out control, thereby not being influenced by modelling errors and un-
certainties under normal working conditions, and thus its performance
can be regarded as optimal in this case study.

Fig 15 and Fig 16 illustrate the response characteristics of the
generator speed and pitch angle, respectively. From the results, it can be
observed that our proposed RL controller exhibits performance closely
resembling that of the MPC, indicating that our RL controller is able to
successfully approximate this optimal solution. It is noteworthy that,
distinct from MPC, our RL method is data-driven and can quickly adapt

to system dynamics changes with the proposed DNN structure.

Lastly, Fig 17 presents the detailed simulation results of power pro-
duction under different control strategies. Compared to the baseline
controller, our RL control algorithm significantly reduces the amplitude
of power fluctuations, thereby substantially improving the quality of the
power output.

4.3. Performance discussion

In this section, we evaluate and compare the performance of the
proposed control strategy for wind turbine power regulation against two
other approaches: baseline method and MPC method. To quantitatively
assess the performance of each control strategy, several metrics were
employed.

Response Time: The time required for the system output to reach 90
% of the final reference value [48].

trespon.se =min <t\}'(t) > O'eref) (44)

Overshoot: The percentage by which the system output exceeds the
final reference value [49].

Wind Speed over Time
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Fig. 11. Wind speed profile with the mean of 7 m/s.
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Fig. 13. Simulation results of power production in region II.

max (y(t) - )'ref)
Yref

Steady-state Error (SSE): The absolute difference between the final
system output and the final reference value [50].

Overshoot(%) = x 100%

(45)

€ss = ‘}’(T) 7.yref (46)

Variability: The standard deviation of the system output values, used
to assess the stability of the system.

(47)

MSE: The average of the squares of the differences between the
system outputs and the corresponding reference values.

13

MSE= 13" (11 yors)° 48)

i=1

Where t is the time. y(t) is the system output at time t. y,,s is the reference
value. T is the simulation end time. N is the number of data points. y; is
the system output at the i data point. ¥ is the mean of the system
output.

In Region II, the control objective is to maximize the power extrac-
tion from the wind. From Table 6, it is observed that the proposed
method exhibits a similar response time as the MPC method but is
slightly slower than the baseline method. The proposed method signif-
icantly reduces the overshoot compared to the baseline method. The
steady-state error and MSE of the proposed method are lower than those
of the MPC method, indicating better tracking performance.

In Region III, the control objective is to maintain the power output
constant at its rated value. From the table, it is observed that the pro-
posed method demonstrates a rapid response, closely matching the MPC
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Fig. 15. The variation of generator speed in region III.

method and significantly outperforming the baseline method. The pro-
posed method has the smallest overshoot and steady-state error among
the three methods, showing its superior capability in maintaining the
power output. Despite a slightly higher variability, the proposed method
exhibits a significantly lower MSE compared to the baseline method,
indicating its enhanced accuracy in tracking the reference signal.

From the analysis of the data above, it can be concluded that in
Region II, although the response time of the proposed model matches
that of the MPC method, it reduces the overshoot by 1.07 % and im-
proves the steady-state error by 36.14. For Region III, the proposed
approach outperforms both the baseline and MPC across almost all
metrics, notably in terms of overshoot and steady-state error. Specif-
ically, it reduces the overshoot by 0.58 % and the steady-state error by
17.27 units relative to the baseline, and by 0.63 % and 9.31 units rela-
tive to the MPC, respectively. To obtain a more intuitive comparison, a
comprehensive performance assessment is conducted next. Prior to this
comparative analysis, we first normalize all the data related to perfor-
mance indicators. This step is of paramount importance as it ensures that
various performance indicators can be compared on a uniform scale.

This, in turn, allows us to evaluate the performance of different control

strategies more accurately and fairly. Through normalization by Eq.

(49), we eliminate the potential disparities in magnitude and range

among different indicators, enabling the colour coding in the heatmap to

vividly reflect relative differences between performance metrics.
X — Xmin

Xnunnahzed = X “Xom

max

(49)

The heatmap of Fig 18 offers an insightful view, illustrating the
performance of various control strategies under different wind speed
conditions [51]. In this heatmap, rows represent combinations of
different control strategies and wind speed conditions, while columns
correspond to distinct performance indicators. The gradient of the col-
ours allows for a quick understanding of which control strategies
perform optimally under specific conditions.

The colour intensity illustrates the normalized metric values, span-
ning from O to 1, where a darker hue signifies superior performance.
Across nearly all evaluated performance metrics, the Proposed approach
consistently manifests a darker tint, suggesting its lower normalized

14
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Table 6 Table 7
Performance at region II. Performance at region III.
Metric Baseline MPC Proposed Metric Baseline MPC Proposed
Response Time (s) 194.30 200.00 200.00 Response Time (s) 3.60 2.73 2.85
Overshoot (%) 2.96 -11.74 -10.67 Overshoot (%) 0.97 1.02 0.39
SSE 141.16 570.82 534.68 SSE 20.26 12.30 2.99
Variability 611.11 661.38 677.51 Variability 479.54 215.47 437.65
MSE 30601.75 42848.87 31165.24 MSE 233556.54 46932.31 193892.92

values and thus superior efficacy. This vividly underscores the effec-
tiveness and superiority of the proposed control strategy for wind tur-
bine power regulation. Especially in Region III, where maintaining a
constant power output is crucial, the proposed method shows
outstanding performance with minimal steady-state error and over-
shoot, thereby ensuring stable and efficient operation of the wind tur-
bine under varying wind conditions.

15

5. Conclusion

This research presents a novel data-driven algorithm that integrates
deep neural networks (DNN), Model Predictive Control (MPC), and
reinforcement learning (RL) to optimize wind turbine torque and pitch
angle control. Enhanced by the Tuna Swarm Optimization-
Backpropagation Neural Network (TSO-BPNN), the proposed Data-
Centric Predictive Control (DPC) system continuously adapts to real-
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time wind fluctuations, providing superior predictive accuracy and
improved control performance. Validation using the FAST simulator
demonstrated the robustness and adaptability of this approach, with
significant performance improvements over traditional control
methods.

In Region II, the DPC system matches the response time of the MPC
method while reducing overshoot by 1.07 % and improving steady-state
accuracy by 36.14 units. In Region III, it surpasses both the baseline and
MPC methods, achieving a 0.58 % reduction in error and a 17.27-unit
accuracy improvement. These results underscore the potential of the
DPC system to enhance wind turbine efficiency under varying condi-
tions, setting a new benchmark in wind energy control.

While the study demonstrates the effectiveness of the proposed sys-
tem, it focuses primarily on individual turbine control. Future research
should investigate collaborative control strategies for optimizing the
performance of entire wind farms. Additionally, further studies should
assess the long-term economic and environmental impacts of the DPC
system to evaluate its broader applicability in the wind energy sector.
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