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Abstract 10 

A wind turbine is a complex energy converter that requires a robust control solution to 11 

overcome performance limitations caused by its mechatronics and external disturbances. 12 

Within the turbine operation regions, in the area below the nominal power, the challenge of 13 

achieving a precise and highly efficient response must be addressed using multi-objective 14 

control strategies that can also contribute to the stability of the structure, reducing vibrations. 15 

In this work, a control architecture to maximize the power generation and minimize the 16 

vibrations is proposed. Based on this architecture four different hybrid control strategies 17 

exploiting radial basis function neural networks and conventional regulators are proposed to 18 

cover this twofold objective. The controllers calculate the appropriate electromagnetic torque 19 

to track the maximum power point and thus achieve the generation of maximum power, while 20 

reducing the acceleration of the tower movement. The neural controllers use a non-supervised 21 

learning algorithm to adaptively adjust the weights of the neuros to better couple to the wind 22 

turbine dynamics. These combined control methods are tested on a 5 MW floating offshore 23 

wind turbine under the influence of winds and waves. The results show that these hybrid 24 

strategies are valid for achieving a more efficient response and decreasing turbine fatigue, 25 

thus extending their lifetime. 26 
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Highlights 8 

 9 

- A general control architecture to maximize power generation and minimize vibrations 10 
in FWOT is proposed. 11 

- Following this architecture four different hybrid controllers are implemented: ANN-12 
PID, PID-ANN, ANN-ANN and PID-PID. 13 

- Methodology to optimize these hybrid controllers based on metaheuristic techniques. 14 
- Comparison of hybrid controllers based on power and vibration KPIs and 15 

identification of the best performance. 16 
- Hybrid controllers outperform the performance of openFast embedded controller 17 

providing larger power and smaller vibrations. 18 

 19 
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 1 

1. Introduction 2 

 Renewable energy is proving to be a successful alternative to address the environmental 3 

problems caused by other widely used energy sources, based on fossil fuels, with polluting 4 

and negative effects on the environment and climate change (Kadri, Marzougui and Bacha 5 

2019; Salih, Nawafal and Hamoodi 2023). In addition, these energy sources help to solve the 6 

need for greater energy production in society, which is a fact when observing the growth of 7 

populations, machines, industries, and the large number of devices that have become part of 8 

our lives. The transition towards sustainable sources with less harmful repercussions for the 9 

planet and its living organisms, including human health and climate change, encourages the 10 

advancement and exploitation of clean energy sources. 11 

In this category of sustainable technologies, wind turbines are an important player with 12 

rapid growth. Their natural resource, wind, abundant in most countries, and other benefits 13 

such as being a mature technology, cost, environmental friendliness, and high energy output 14 

make wind converters very suitable devices for the production of electric power. Due to these 15 

advantages, onshore wind turbines have been extended to offshore wind turbine technology, 16 

taking advantage of the wide coastal and oceanic areas, and favourable orographic conditions 17 

for energy extraction (Zhou et al., 2023). 18 

The operational response of a wind turbine can be divided into zones according to the 19 

wind speed range. The maximum power point tracking (MPPT) region is an essential stage. 20 

This region is characterized by working at a wind speed below the nominal value, according 21 

to the capabilities of the device, where the pitch angle of the blades is not controlled. In this 22 

zone, maximum power production is necessary for the system to achieve the highest possible 23 

energy conversion and reach its nominal value. To achieve this, the rotation of the hub, 24 

linked to the generator, must satisfy a non-linear relationship with the electromagnetic torque. 25 

Controlling these variables allows the systems to produce the appropriate power.  26 

For the correct operation of these complex and non-linear energy devices, control is 27 

essential and must be studied in depth. Improving the efficiency of energy conversion is key 28 

to reducing costs. For this reason, controllers have evolved from simple techniques for 29 

regulating specific variables to more sophisticated and intelligent approaches that develop 30 

multi-objective methodologies. In offshore converters, the controller must also deal with 31 
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disturbances and variability in the environment, since in addition to the wind, the turbine is 1 

subject to waves and currents. These disturbances reduce energy efficiency and cause an 2 

increase in stress and vibrations in the structure of the wind turbine (López-Romero and 3 

Peñas, 2023; Aboutalebi et al., 2022). 4 

With this approach in mind, this research study aims to examine the control in the MPPT 5 

region of a wind turbine while reducing the vibrations. To do it a general control architecture 6 

designed to maximize the power generation and minimize the vibrations is proposed. Based 7 

on this general architecture, different hybrid control architectures are designed exploiting 8 

neural networks and conventional PID (Proportional-Integral-Derivative) regulators, 9 

optimized by means of evolutionary heuristic techniques, genetic algorithms (GA).  10 

They have been applied to a 5 MW floating offshore wind turbine. A comparative 11 

analysis of various controller combinations is carried out with a double objective: to achieve 12 

maximum efficiency and at the same time reduce structural vibrations in the wind turbine. 13 

The main strategy is based on the regulation of the electromagnetic torque, which is modified 14 

according to the speed of the generator and the acceleration of the tower movement. The 15 

weights of the neural networks are updated while the system is working by an unsupervised 16 

learning algorithm which considers the power and the vibrations. Therefore, in this approach, 17 

labelled data are not needed to train the networks. KPIs covering both aspects have been 18 

defined to measure the efficiency of the different control solutions proposed. This allows 19 

identifying the strengths and limitations of the control techniques and finding the best hybrid 20 

solution. These proposals are compared with each other and with the speed-torque control 21 

implemented in the OpenFAST reference simulator used as a benchmark. 22 

The main contributions can be summarized as follows: 23 

- A general control architecture that deals with a double control goal commonly 24 

addressed separately referred to maximize power generation and minimize vibrations 25 

in a Floating Offshore Wind Turbine (FOWT) is proposed. 26 

- Following this architecture four different hybrid controllers are implemented: 27 

RBFNN-PID, PID-RBFNN, RBFNN-RBFNN and PID-PID. 28 

- The ability of neural controllers to reduce fore-aft vibrations by torque action has 29 

been explored. 30 

- Methodology to optimize these hybrid controllers based on metaheuristic techniques. 31 

- Comparison of hybrid controllers based on power and vibration KPIs and 32 

identification of the best performance. 33 
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- Application of an adaptive neural network approach for increasing the performance 1 

of the control system by learning the changing conditions in the control scenario with 2 

an unsupervised capability of execution. 3 

This article is organized as follows: Section II presents a brief literature review on MPPT 4 

control techniques. Section III defines the control problem, contextualizing some important 5 

concepts of wind turbines such as the operational zones. The hybrid control architecture is 6 

introduced in Section IV, describing the controllers used in this research. The results of the 7 

hybrid control strategies are then presented and compared, analysing the contribution of each 8 

configuration in energy production and vibration reduction. The work ends in Section VI 9 

with conclusions and future work in this line of research. 10 

2. Works related to Maximum Power Point Tracking control of 11 

FOWTs 12 

Power generation in wind turbines, and specifically in the MPPT region, is a problem that has 13 

interested control engineering researchers for decades due to the challenges presented by 14 

their dynamics and the disturbances to which they are exposed, especially marine ones. In the 15 

literature on MPPT control, classical approaches have been the basis for future innovations. 16 

Some examples are tip speed ratio (TSR) control, direct speed control, indirect speed control, 17 

power signal feedback (PSF) and disturbance and observation (P&O) control, which are 18 

predecessors of other more robust algorithms widely used in wind turbine control, such as 19 

neural networks and fuzzy logic (Salic et al. 2019). 20 

Hybrid control proposals are also found in this field to increase the effectiveness of final 21 

control, where a wide variety of techniques are used (Eduardo Muñoz-Palomeque, Sierra-22 

García and Santos 2023b). Some works focused on advanced control strategies are the 23 

following. 24 

In (Atallah et al. 2022), the TSR control principle is used to maximize aerodynamic 25 

power. This approach is developed by adding an estimator of the wind speed with an adaptive 26 

gain sliding mode control (AG-SMC). In (Mahmoud et al. 2022), optimal torque control 27 

(OTC) is implemented in the machine-side converter of the wind turbine, complemented by a 28 

FLC that replaces the classic PI controller to increase the performance of the system when 29 

speed changes occur. The Perturb and Observe technique is applied in (Gouabi et al. 2021), 30 

where the classic approach is modified by an FLC controller, which is incorporated to attain 31 
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an adaptive step size in the algorithm. This strategy also presents modifications in the 1 

literature. In (Khan 2022) the authors use the P&O control to generate the optimum duty 2 

cycle for better power tracking. A fuzzy controller is used to estimate the optimum 3 

perturbation sent as the input to the P&O algorithm. 4 

A specific intelligent technique, neural networks, has been also selected for MPPT wind 5 

turbine control purposes (Chetouani et al. 2023). These intelligent control methods bring a 6 

useful advantage: they can analyse and learn from the data and provide an excellent 7 

projection of the new input as the output to the system (Villegas-Mier et al. 2021). A 8 

backpropagation neural network is proposed in (Korlepara and Subramani 2022) to estimate 9 

the reference power in a wind energy system. In order to track the maximum power point of 10 

the wind turbine and then enhance its performance, in (Penta, Venkateshwarlu, and Sujatha 11 

2023) a hybrid controller using a dynamic evolving neuro-fuzzy system in conjunction with a 12 

fire hawk optimizer is designed. Neural networks have been combined with reinforcement 13 

learning (RL) algorithms to control the power production of wind turbines in (Liu et al. 2020; 14 

Pinto, Deltetto, and Capozzoli 2021). In (Arianborna, Faiz, and Erfani-Nik 2023) the authors 15 

propose an MPPT controller based on the integration of the Q-learning strategy and 16 

strengthened by a deep neural network to define the policy for the Q-learning algorithm. 17 

Radial basis function is another approach of intelligent neural controller that is used in 18 

wind turbine MPPT control (E. Muñoz-Palomeque, Sierra-García, and Santos 2023a). Using 19 

the radial basis function neural network (RBFNN) and the d-axis stator current control 20 

strategy, an MPPT controller is formulated in (Anh Nguyen et al. 2021), which demonstrates 21 

that the neural controller-based approach is adequate to track the maximum power in a wind 22 

turbine system. An offline training RBFNN complemented by a PID controller is proposed in 23 

(Rahman and Rahim 2020) to reach the maximum power point from the power and rotor 24 

speed inputs. 25 

Furthermore, linking the MPPT problem to the idea of structural vibration and dynamic 26 

load mitigation in wind turbines, this study is commonly cover as a particular topic. Active 27 

Generator Torque Control (AGTC) is an extended method in this area that is not frequent in 28 

floating offshore wind turbines. There are some applications in bottom-fixed offshores 29 

turbines, like in (Lara et al., 2023a). In this paper, an AGTC approach is described to reduce 30 

lateral tower fatigue within the nominal zone of a monopile offshore WT. The same authors 31 

propose in (Lara et al., 2023b) a control based on a collective pitch combined with two active 32 

tower damping controls, one for frontal oscillations and another for lateral displacements, 33 
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which produces an additional component of the generator torque. Again, for a monopile 1 

offshore WT an active torque controller is proposed in (Wang L. et al., 2024), reaching a 2 

relevant reduction of side-to-side dynamic loading of a 10 MW bottom-fixed WT at the cost 3 

of reducing the annual power production. The paper by (Wang J. et al., 2024) states that few 4 

studies have examined the correlation between wind turbine structural vibration reduction 5 

and power generation control. To the best of our knowledge this is the first work where 6 

neural torque controllers are explored to control the fore-aft vibrations. 7 

In most of the articles the target is the MPPT and the vibrations in the turbine are not 8 

considered although it is an important aspect to study. For this reason, in this article we 9 

propose a strategy for the combination of controllers and face the MPPT and vibration 10 

control simultaneously. 11 

3. Control Problem in Wind Turbines 12 

The dual control objective is both maximum power control and vibration control, largely 13 

induced by wind and waves in the case of floating wind turbines, but also as an effect of the 14 

control itself. 15 

The control problem for maximum power conversion involves the wind turbine generator, 16 

and therefore the linked hub, acquiring a rotation speed as a consequence of the induced 17 

torque. Thus, if the wind system moves at an optimal speed, the torque can also reach the 18 

desired operating point for maximum electric power generation (Sitharthan et al. 2019). The 19 

combination of both variables allows the system to regulate its dynamics to follow the 20 

desired behaviour. Because this interaction is non-linear, sensitive to changes and mostly 21 

unknown, obtaining the best combination between these variables for each wind condition is 22 

difficult. 23 

The induced torque helps the rotational components to increase speed or decelerate, 24 

seeking the most efficient ratio that produces the greatest amount of energy, decreasing 25 

power losses in the conversion process. Torque, 𝑇, and angular speed, 𝜔, are two important 26 

variables that are closely related to the power of the wind turbine (Tsai et al. 2022): 27 

𝑇 =
𝑃

𝜔
 (1) 

 28 
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Due to the limitations of the components and capacity of the power device, including the 1 

mechanical parts and electrical elements, the wind turbine is designed to work in operating 2 

zones, depending on the speed of the wind that impacts on the turbine blades. The main 3 

objective is to get the maximum performance from the wind, until the force that it exerts on 4 

the turbine endangers its safety, and then the rotation of the blades is slowed down or even 5 

stopped to avoid structural damage. 6 

Taking these considerations into account, four operating regions of the turbine are 7 

defined, depending on the wind speed, which are shown in Figure 1. 8 

 9 

 10 

Figure 1. Operating regions of a wind turbine system. 11 

 12 

The first region is non-operating, the turbine does not produce energy as the wind speed 13 

is low and the force required to start the hub rotation is not sufficient. From the initial wind 14 

speed 𝑉௪ଵ, the turbine enters the MPPT region or Region 2, which ends at the maximum 15 

wind speed limit 𝑉௪ଶ. In this zone the turbine is controlled based on torque to increase its 16 

generation up to the maximum power for the different wind speeds. In Region 3 the wind 17 

speed exceeds the rated speed 𝑉௪ଶ and the turbine reaches the rated power of the generator. 18 

To avoid damage due to excessive rotation speed and endangering the power generation and 19 

the system, the blade pitch control is activated, decreasing the intensities of the incident 20 

forces, and maintaining the energy production at its maximum point. When the incoming 21 

wind hits too hard, at speeds above 𝑉௪ଷ, the wind turbine stops its operation to ensure the 22 

safety of the entire device (Region 4). 23 
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 1 

 2 

3.1 MPPT Control in Wind Turbines 3 

In the second region of the wind turbine, the MPPT takes place. The control is 4 

characterized by the tracking of a specific and increasing power function as the wind speed 5 

increases, always below the nominal power generation point. The power curve (Region 2 in 6 

Figure 1) is accompanied by another descriptive curve representing the optimum power 7 

conversion efficiency. This second curve is called the optimal power coefficient (𝐶መ௣), with 8 

specific values for each turbine (Figure 1, blue line). This curve reaches a maximum value 9 

and is maintained throughout the entire region. However, the power coefficient effectively 10 

experimented by the wind turbine (WT) depends on the ratio between the velocity of the 11 

blades and the wind velocity. Therefore, in the MPPT region the objective of the controller is 12 

to regulate the velocity of the blades to follow the optimum curve, thus, to make the power 13 

coefficient to follow its optimum value, 𝐶መ௣ . This ideal behaviour allows the system to 14 

maximize the power conversion. 15 

The wind energy hitting the wind turbine is captured through the rotation of the blades. 16 

The captured power is expressed in (2) (Chetouani et al. 2023) and depends on the air density, 17 

𝜌 (𝐾𝑔/𝑚ଷ), the wind speed, 𝑉ఠ (𝑚/𝑠), the length of the blades that delimit the swept area, 18 

𝐴 (𝑚ଶ), and finally on the power coefficient, 𝐶௣. 19 

 20 

𝑃 =
1

2
𝜌𝐶௣𝐴𝑉௪

ଷ (2) 

 21 

The last term 𝐶௣ is the result of a nonlinear function between the tip speed ratio, 𝜆, and 22 

the pitch angle of the blades, 𝛽 (°): 23 

 24 

𝐶௣ = 𝑓(𝜆, 𝛽) (3) 

 25 

The tip speed ratio, 𝜆, or TSR (4), is calculated as the division between the linear velocity 26 

of the blades and the current wind speed, where 𝜔௥  is the rotor speed (𝑟𝑎𝑑/𝑠), and 𝑅  is 27 

radius of the rotor, that is, the blade length (𝑚). 28 

 29 
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𝜆 =
𝜔௥𝑅

𝑉௪
 (4) 

 1 

Additionally, the mechanical part of the wind turbine reflects the transmission of speed 2 

and torque. Considering a two-mass wind model (Muñoz-Palomeque et al. 2023a), the 3 

mechanics that link the hub and the generator are: 4 

𝜔̇௥ =
𝜔̇௚

𝑁
=

𝑇௥ − 𝑁𝑇௘௠

𝑁ଶ𝐽௚ + 𝐽௥
 (5) 

 5 

In this equation, 𝑇௥ is the mechanical torque, 𝑇௘௠ is the electromagnetic torque, 𝜔̇௥ is the 6 

acceleration of the low speed shaft in the hub, which can be expressed in terms of the 7 

generator acceleration 𝜔̇௚ as 𝜔̇௚/𝑁. The moments of inertia on the hub side and the generator 8 

are 𝐽௚, and 𝐽௥, respectively, and 𝑁 is the gearbox ratio that connects the low and high speed 9 

shafts. 10 

The MPPT controller regulates the angular rotor speed 𝜔௥  by adjusting the 𝑇 ୫  of the 11 

generator (5). This signal modifies the 𝜆  according to (4), what in turn updates the 𝐶௣ , 12 

according to (3). This way the 𝐶௣ is regulated to track the optimum value. 13 

3.2 Structural Vibration Control in Wind Turbines 14 

The vibrations and structural stresses of a turbine have various sources. The wind turbine 15 

is a mechatronic composition of huge and heavy elements, interconnected with each other. To 16 

perform their work, these parts are in motion, describing rotational displacements. This 17 

interaction and the effects of the movements result in the appearance of vibrations. In 18 

addition, structural fatigue is related to the wind and, in floating turbines, to sea currents and 19 

especially waves, and to the stability of the platform. Furthermore, the effects of MPPT 20 

control and pitch control also affect the stability of the wind turbine and the impact of 21 

vibrations. These vibrations reduce the life of components and increase maintenance needs, 22 

hence the importance of trying to reduce them. 23 

There are several ways to try to reduce them. For example, since the movement of 24 

mechanical elements produces these vibrations, they can be attenuated with control strategies 25 

that produce smoother movements and a less abrupt system response (Serrano et al., 2022). 26 

They can also be mitigated with structural control elements. 27 
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When the wind hits the FOWT produces displacements in the tower and the platform. 1 

The tower displacement movement can be divided in two components (Figure 2): fore-aft (in 2 

the direction of the wind) and side-side (perpendicular to the wind). The fore-aft 3 

displacement is also called tower-top displacement (TTD). 4 

 5 

Figure 2. Fore-aft (TTD) and side-side displacements in a floating offshore wind turbine. 6 

 7 

The main displacement is produced in the fore-aft direction. Thus, its value, velocity, and 8 

acceleration are useful indicators of the movement and the vibrations in the FOWT. 9 

Variations in the rotor speed produce forces that can affect these vibrations, thus a good 10 

approach is to introduce information of the TTD into the control loop to reduce the effect of 11 

the vibrations. 12 

The rotation of the blades produces centrifugal forces. When a blade is aligned with the 13 

Y-axis (Figure 2) the centrifugal force produces yaw torque in the toqer. When a blade is 14 

aligned with the tower the centrifugal force produces a torque around the Y-axis, what 15 

generates fore-aft forces and thus accelerations. The centrifugal force is proportional to the 16 

rotor speed and the torque control is used to adjust the rotor speed, therefore the fore-aft 17 

acceleration is related with the torque control. Furthermore, previous studies have studied the 18 

frequency spectrum of the fore-aft vibrations and have found relations between the frequency 19 

components and the rotor speed due to the shadow effect (Serrano-Antoñanazas et al., 2024). 20 

Therefore, the speed adjustment done by the torque control also affects the fore-aft vibrations.  21 
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4. Architecture of the Hybrid MPPT Controller of the FOWT 1 

A general control architecture for MPPT control of a wind turbine will be proposed. Then 2 

the elements of this general control configuration will be replaced by different controllers 3 

implemented with different techniques, both conventional and intelligent. 4 

Generating the maximum possible power is a priority for the control action. To achieve 5 

this behaviour in the MPPT zone, the generator rotation speed and the electromagnetic torque 6 

must be linked. The speed of the machine, also related to the rotation of the turbine, and the 7 

electromagnetic torque share a behaviour that is reflected in the non-linear curve 8 

representative of each wind device for the entire speed and operating torque range of the 9 

turbine. As described by (5) when a higher electromagnetic torque is induced, the rotation 10 

speed decreases. This means that the torque acts as a built-in brake, corresponding to an 11 

electric brake. 12 

To address this non-linear behaviour in the MPPT stage, a dual controller is designed. On 13 

the one hand, the angular speed reference of the generator is established, 𝑅𝑒𝑓𝜔௚, which will 14 

be the reference to adjust the torque. In the MPPT operation, the optimal power point is also 15 

related to the effective complement between speed and torque. The torque acts as a brake that 16 

influences on the wind turbine rotation. The equilibrium of these non-linear variables allows 17 

the system to keep the desired speed that tracks the maximum power. This required speed is 18 

estimated by the relationship between the mechanical torque that joins the hub and the 19 

generator, the electrical torque that is induced in the generator, and some specific constants 20 

that determine the operation of the wind system. With this framework, in this study, direct 21 

speed control (DSC), expressed in (6), is used as a basis. 22 

 23 

𝑇෨௥ =
ఠ̇೒

ே
൫𝑁ଶ𝐽௚ + 𝐽௥൯ + 𝑁𝑇௘௠,   𝑅𝑒𝑓𝜔௚ = 𝑁 ∙ ට

෨்ೝ

௄೚೛೟
,     (6) 

 24 

In this equation, 𝑇෨௥  is an estimation of the rotor torque based on the measured 25 

electromagnetic torque 𝑇௘௠  and the acceleration of the generator, 𝑅𝑒𝑓𝜔௚  is the generator 26 

speed reference for maximum power tracking, and 𝐾௢௣௧  is the optimal constant for the 27 

specific wind turbine. This gain involves aerodynamic and mechanical characteristics of the 28 

system, as expressed in (7). The variables are the air density, 𝜌, the radius of the rotor, 𝑅, and 29 

the optimal power coefficient, 𝐶መ௣, and optimal TSR, 𝜆መ. 30 
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 1 

𝐾௢௣௧ =
1

2

𝜌𝜋𝑅ହ𝐶መ௣

𝜆መଷ
 (7) 

 2 

The DSC is a classical control scheme based on the mathematical relationship between 3 

different variables of the wind turbine that allows the connection of the power transmission 4 

blocks to control the speed of the wind device. This general control is represented in Figure 3. 5 

 6 

 7 

Figure 3. DSC control of a wind turbine. 8 

 9 

As can be seen, this control framework requires the implementation of an efficient 10 

regulator of the electromagnetic signal. This controller can be as simple as a conventional 11 

PID control, an intelligent control solution, or even a synergy of them. It is important to 12 

accurately reach the required torque so that the rotation speed is maintained at the desired 13 

value and thus maximize energy production. The complexity of the control in this region is 14 

given because the relationship between the main variables involved in this methodology, that 15 

is, between speed and torque, is unknown. 16 

In addition, the reduction of vibrations in the turbine during this operation will be 17 

considered, simultaneously with the extraction of maximum power. For this second objective, 18 

the acceleration of the tower, 𝐴𝑐𝑐௧௧, is used as an indicator of the vibration produced in the 19 

structure. 20 

Considering the tower acceleration as a manifestation of vibrations, the influence of 𝑇௘௠ 21 

with respect to 𝐴𝑐𝑐௧௧ is considered to exist, as a practical way to mitigate vibrations (Golnary 22 

and Tse, 2022). In our case, the torque reference is calculated using that acceleration to 23 

influence the electrical and mechanical response of the wind system. 24 
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That is, the acceleration of the tower top is used to design a controller that complements 1 

the task of the MPPT, focusing on attenuating vibrations. This second controller can also be 2 

designed with a classical approach or with an intelligent technique. Consequently, a hybrid 3 

controller can be implemented to meet this dual objective. 4 

Considering this combined control approach, the hybrid control scheme is presented in 5 

Figure 4. The graph shows the three main parts of the controller. It consists of the reference 6 

speed estimation within the DSC framework and two complementary controllers, one for the 7 

MPPT and the other for vibration mitigation. The union of the output of both controllers is 8 

the action used to regulate the wind turbine. Thus, the double objective of maximizing power 9 

conversion while attenuating vibrations is achieved, increasing the turbine stability and its 10 

efficiency. The connection of these two control ideas conveys a promising reference for 11 

extending the WT control matter due to the lack of deep analysis in their mutual relation 12 

(Wang J. et al., 2024). 13 

 14 

 15 

Figure 4. Hybrid controller in the MPPT region of a wind turbine. 16 

 17 
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In this control scheme, the signals involved are the following. The MPPT controller 1 

receives as input the generator speed error variable (𝑒𝜔௚ = 𝑅𝑒𝑓𝜔௚ − 𝜔௚) and its derivative. 2 

The controller then estimates an electromagnetic torque reference as output, 𝑇𝑒𝑚௥௘௙ଵ. 3 

The input to the vibration controller is the acceleration at the top of the tower. To reduce 4 

it, a complementary torque, 𝑇𝑒𝑚௥௘௙ଶ, is obtained, which is added to the main response of the 5 

MPPT, as expressed in (8), where the reference torque to the system, 𝑇𝑒𝑚௥௘௙, is calculated. 6 

 7 

𝑇𝑒𝑚௥௘௙ = 𝑇𝑒𝑚௥௘௙ଵ + 𝑇𝑒𝑚௥௘௙ଶ (8) 

 8 

This wind turbine MPPT control architecture is implemented with combinations of neuro 9 

control and PID regulators for speed controller and vibration control, this way PID-PID, PID-10 

NN, NN-PID and NN-NN configurations are tested. 11 

4.1 Neural Network Based Controllers for Wind Power Systems 12 

Although the control architecture is general and can be applied for different neural 13 

networks, a radial basis function neural network (RBFNN) is selected to be included in the 14 

wind turbine control system. This is a robust network option that provides highly accurate 15 

outputs and quick control responses (Sitharthan et al. 2019). With this neural network 16 

architecture, the use of one hidden layer is necessary, which is an advantage in the design 17 

process as it means an extra degree of freedom in the configuration. This neural network can 18 

be adapted for both MPPT main control and oscillation damping. Furthermore, RBFNN are 19 

low computational demanding, this aspect is key to implement this technique real time 20 

controllers such as programming logic controllers. 21 

In this work, the controllers have been implemented as unsupervised learning systems, so 22 

they are able to adapt to the changing dynamics during operation of the wind turbine. Then, 23 

no previous data were used to train the neural networks. An unsupervised learning algorithm 24 

changes the weights of the networks according to the inputs in order to maximize the power 25 

an minimize the vibrations. 26 

4.1.1 Neural Control of the generator speed of the FOWT 27 

One option is to include the neural network to regulate the machine torque in the wind 28 

turbine speed for the MPPT. This non-linear technique allows to respond and adapt more 29 
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effectively to the turbine power curve. Using a radial basis function neural network (RBFNN), 1 

the radial distance from the pair error speed, 𝑒𝜔௚, and its derivative, 𝑒𝜔̇௚, to the position of 2 

the centre of each neuron, 𝑐௜, is calculated using the normalized Euclidean distance (9). 3 

 4 

ฮ൫𝑒𝜔௚, 𝑒𝜔̇௚, 𝑖൯ฮ = ඩ
൫𝑐௜ଵ − 𝑒𝜔௚൯

ଶ

𝑀𝑎𝑥൫𝑒𝜔௚൯
ଶ +

൫𝑐௜ଶ − 𝑒𝜔̇௚൯
ଶ

𝑀𝑎𝑥൫𝑒𝜔̇௚൯
ଶ  (9) 

 5 

In the 2D plane where the neurons are distributed, the value 𝑐௜ଵ  corresponds to the 6 

coordinate of the i-neuron for the 𝑒𝜔௚ dimension and 𝑐௜ଶ for the 𝑒𝜔̇௚ dimension. 7 

The output of the network, the electromagnetic torque reference, 𝑇𝑒𝑚୰ୣ୤, is estimated by 8 

solving (10) every control time interval 𝑇௖. The action of the RBFNN is calculated as the 9 

cumulative product of the weights in the hidden layer and the negative exponential function 10 

of the radial distance, calculated for the generator speed errors. The multiplication of the 11 

weight the i-neuron corresponds to the relationship between the single hidden layer to the 12 

output layer. This calculation is performed for each of the neurons in the hidden layer, which 13 

have their own variable weight. 14 

 15 

𝑇𝑒𝑚௥௘௙ଵ = ෍ 𝑊௜

ேభ

௜ୀଵ

⋅ 𝑒
ିቆ

ฮ൫௘ఠ೒ ,௘ఠ̇೒,௜൯ฮ

ఋభ
ቇ
 (10) 

 16 

In this expression (10), 𝑊௜ is the weight of the i-neuron, ‖ ∙ ‖ is the normalized distance 17 

of the inputs and the center of the neurons, the constant 𝛿ଵ is the width of the neuron, and 𝑁ଵ 18 

is the number of neurons in the network. 19 

To adapt the results of the neural controller in real time, an unsupervised approach is used, 20 

which updates the weights of the neural network. The increment in the weight of the i-neuron 21 

is described by (11). The speed error and its derivative are used to compute the maximum 22 

increment of the weight. As according to (9-10) not all the neurons have the same 23 

contribution to the output of the network, but their contribution is modulated by the distance. 24 

The closer the neuron the larger the contribution. This distance is also used to modulate the 25 

increment of the weight. Really the speed error is combined with its derivative as in an PD 26 
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controller to compute the maximum increment. The coefficients 𝐾ଵ and 𝐾ଶ allow to balance 1 

the importance of the error and its derivate in the increment of the weight. 2 

 3 

∆𝑊௜(𝑡) = 𝜇ଵൣ𝑒𝜔௚𝐾ଵ + 𝑒𝜔̇௚𝐾ଶ൧ ⋅ 𝑒
ିቆ

ฮ൫௘ఠ೒,௘ఠ̇೒,௜൯ฮ

ఋభ
ቇ
 

(

11) 

 4 

4.1.2 Neural Structural Control 5 

Another possibility is to use an unsupervised RBFNN to dampen tower motions. Vibrations 6 

can be dampened by relating the tower acceleration, 𝐴𝑐𝑐௧௧, to the electromagnetic torque and 7 

using the network to solve this relationship. Equations (12) - (14) describe the application of 8 

the RBFNN using the tower top acceleration, 𝐴𝑐𝑐௧௧, and its derivative, 𝐴𝑐𝑐̇ ௧௧. As in the speed 9 

control, in this vibration control the width of neurons, 𝛿ଶ, the constants 𝐾ଷ and 𝐾ସ that favor 10 

the error reduction, and the learning constant, 𝜇ଶ , are involved. Finally, in (13) the 11 

electromagnetic torque of reference, 𝑇𝑒𝑚௥௘௙ଶ, is obtained. 12 

 13 

ฮ൫𝐴𝑐𝑐௧௧, 𝐴𝑐𝑐̇ ௧௧, 𝑖൯ฮ = ඩ
(𝑐௜ଵ − 𝐴𝑐𝑐௧௧)ଶ

𝑀𝑎𝑥(𝐴𝑐𝑐௧௧)ଶ
+

൫𝑐௜ଶ − 𝐴𝑐𝑐̇ ௧௧൯
ଶ

𝑀𝑎𝑥൫𝐴𝑐𝑐̇ ௧௧൯
ଶ  (12) 

𝑇𝑒𝑚௥௘௙ଶ = ෍ 𝑊௜

ேమ

௜ୀଵ

⋅ 𝑒
ିቆ

ฮ(஺௖௖೟೟,஺௖௖̇ ೟೟,௜)ฮ
ఋమ

ቇ
 (13) 

∆𝑊௜(𝑡) = −𝜇ଶൣ𝐴𝑐𝑐௧௧𝐾ଷ + 𝐴𝑐𝑐̇ ௧௧𝐾ସ൧ ⋅ 𝑒
ିቆ

ฮ(஺௖௖೟೟,஺௖௖̇ ೟೟,௜)ฮ
ఋమ

ቇ
 (14) 

 14 

4.2 PID Controllers for Wind Energy Converters 15 

Although the conventional PID controller have some limitations with non-linear systems 16 

such as the wind turbine, it may provide good performance when combined with other 17 

techniques. In this work, we have evaluated the use of the PID as a speed regulator and to 18 

reduce vibrations, as a member of a combined architecture: PID-NN, NN-PID, PID-PID. 19 
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4.2.1 PID Generator Speed Control of the FOWT 1 

The PID speed control of the wind turbine can be implemented to connect generator speed 2 

and torque. It requires the calculation of the error speed, and the derivative and the integral of 3 

this error. Then the three tuning parameters, proportional 𝐾௣ଵ, derivate 𝐾ௗଵ and integral 𝐾௜ଵ 4 

gains have to be adjusted. The PID speed control formula is shown in (15), where the 5 

electromagnetic torque 𝑇𝑒𝑚௥௘௙  is estimated. 6 

 7 

𝑇𝑒𝑚௥௘௙ଵ = 𝐾௣ଵ𝑒𝜔௚(𝑡) + 𝐾௜ଵ න 𝑒𝜔௚(𝑡)
௧

଴

𝑑𝑡 + 𝐾ௗଵ

𝑑[𝑒𝜔௚(𝑡)]

𝑑𝑡
 (15) 

 8 

4.2.2 PID Vibration Control of the FOWT 9 

For vibration control, the PID can also be used, considering the tower acceleration as an error 10 

signal. The output torque 𝑇𝑒𝑚௥௘௙ଶ is calculated in (16), using the tuning gains 𝐾௣ଶ, 𝐾௜ଶ, and 11 

𝐾ௗଶ. The minus sign in the equation is due to the expected acceleration is zero and thus the 12 

error is −𝐴𝑐𝑐௧௧. 13 

 14 

𝑇𝑒𝑚௥௘௙ଶ = −𝐾௣ଶ𝐴𝑐𝑐௧௧(𝑡) − 𝐾௜ଶ න 𝐴𝑐𝑐௧௧(𝑡)
௧

଴

𝑑𝑡 − 𝐾ௗଶ

𝑑[𝐴𝑐𝑐௧௧(𝑡)]

𝑑𝑡
 (16) 

 15 

4.3 Controllers based on the Hybrid Control Architecture 16 

Based on the proposed hybrid control architecture various possible MPPT controllers can 17 

be implemented combining the conventional and intelligent techniques previously explained. 18 

Each technique (neural and conventional) can be applied to each of the two system controls: 19 

the speed controller and the vibration controller, resulting in four different configurations. 20 

The outputs of both of both system controls are added to obtain the final reference torque that 21 

must be induced in the machine. In this way the double objective of control is achieved. 22 

The DSC scheme is used to estimate the reference speed 𝑅𝑒𝑓𝜔௚. Based on this reference 23 

the speed error signal is obtained. To compute this reference, the main mechanical variables 24 

of the turbine that influence the transmission of movement are used: the speed, the torque, 25 

and the tip speed ratio, as well as the optimal power coefficient. For vibration control the 26 

expected acceleration is zero since it is intended to be eliminated. 27 
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By implementing this hybrid control scheme, four control configurations combining PID 1 

and RBFNN controllers are created, namely: RBFNN-PID, PID-RBFNN, PID-PID and 2 

RBFNN-RBFNN, as shown in Figure 5. 3 

 4 

 5 

Figure 5. Controllers based on the Hybrid Control Architecture. 6 

5. Optimization of the Control Strategy 7 

For the design of controllers, an important aspect is the adjustment of their parameters. 8 

The effectiveness of the control for a given system depends on it. In this case, the parameters 9 

have been adjusted using a heuristic optimization technique, Genetic Algorithms (GA), which 10 

have proven in the literature to be very useful tools and allow incorporating several criteria in 11 

the cost function. 12 

The optimization seeks to minimize a cost function, in our case to reduce an error signal. 13 

The cost function will be the normalized Mean Absolute Error (MAE). This metric is used to 14 

tune the two controllers with two genetic algorithms. For the speed regulator in the MPPT 15 

region, the normalized MAE of the generator speed, 𝑀𝐴𝐸ఠ೒
 (17), is used. 16 

 17 
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𝑀𝐴𝐸ఠ೒
=

1

𝑛 ∙ 𝑀𝑎𝑥൫ห𝜔௚ − 𝑅𝑒𝑓𝜔௚ห൯
∙ ෍ห𝜔௚ − 𝑅𝑒𝑓𝜔௚ห

௡

௜ୀଵ

 (17) 

 1 

Once the speed controller is tuned, a second genetic algorithm is applied to the vibration 2 

controller. The cost function is the normalized MAE of the tower top acceleration signal, 3 

𝑀𝐴𝐸஺௖௖೟೟
 (18), to reduce or eliminate that acceleration 𝐴𝑐𝑐௧௧. 4 

 5 

𝑀𝐴𝐸஺௖௖೟೟
=

1

𝑚 ∙ 𝑀𝑎𝑥(|𝐴𝑐𝑐௧௧|)
∙ ෍|𝐴𝑐𝑐௧௧|

௠

௜ୀଵ

 (18) 

 6 

The configuration of the GAs, which have been implemented using the Matlab tool, is as 7 

follows. The initial population, of 200 individuals, is initialized randomly. The crossover 8 

probability is 0.8. The mutation rate is 0.2. The elite size is set to 5%. The chromosomes, 9 

parameters to be optimized, of the neural network for speed control are [Nଵ, Kଵ, Kଶ, μଵ, δଵ, 𝑇௖], 10 

while the gains for the PID controller are ൣK୮ଵ, K୧ଵ, Kௗଵ൧. For the vibration controller, the 11 

tuning coefficients are [Nଵ, Kଵ, Kଶ, μଵ, δଵ, 𝑇௖] for the RBFNN, and ൣK୮ଶ, K୧ଶ, Kௗଶ൧ for the PID. 12 

The only restriction is that they are values greater than zero. 13 

The procedure to optimize the hybrid controller is summarized in Algorithm 1. 14 

execSimulationSC() indicates that the simulation is run only with the speed controller (the 15 

vibration controller is deactivated), execSimulationSCVC() indicates that the simulation is run 16 

with the speed controller and the vibration controller. The output of the process is the couple 17 

of sets best_speed_con_coeff and best_vibration_con_coeff, that denote the set of coefficients 18 

of the speed controller and the vibration controller, respectively. As explained the size of 19 

each one of these sets depend on the type of controller used, when RBFNN is used the size is 20 

6, when PID is used the size is 3. 21 

 22 

 23 

 24 

 25 

 26 

 27 

 28 
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 1 

 2 

 3 

Algorithm 1 Pseudocode of the optimization of the hybrid controller 

 Output: {best_speed_con_coeff, best_vibration_con_coeff } 

1: // speed_controller, RBFNN or PID 

2: initialize: speed_con_coeff     //random 
3: best_speed_con_coeff ⃪ speed_con_coeff 
4: while best_speed_con_coeff unchanged     //after 50 iterations (i) 
5: [𝜔௚, 𝑅𝑒𝑓𝜔௚]  ⃪ execSimulationSC(speed_con_coeff) 
6: 𝑀𝐴𝐸ఠ೒

(i)  ⃪ 𝑀𝐴𝐸ఠ೒
(𝜔௚ , 𝑅𝑒𝑓𝜔௚) 

7: if 𝑀𝐴𝐸ఠ೒
(i) < 𝑏𝑒𝑠𝑡𝑀𝐴𝐸ఠ೒

 
8: 𝑏𝑒𝑠𝑡𝑀𝐴𝐸ఠ೒

  ⃪ 𝑀𝐴𝐸ఠ೒
  

9: best_speed_con_coeff ⃪ speed_con_coeff 
10: End 
11: speed_con_coeff  ⃪ Next speed_con_coeff 
12: End 
13: // vibration_controller, RBFNN or PID 

14: initialize: vibration_con_coeff     //random 
15: best_vibration_con_coeff  ⃪ vibration_con_coeff 
16: while best_vibration_con_coeff unchanged     //after 50 iterations (i) 
17: [𝐴𝑐𝑐௧௧]  ⃪ execSimulationSCVC(speed_con_coeff, vibration_con_coeff) 
18: 𝑀𝐴𝐸஺௖௖೟೟

(i)  ⃪ 𝑀𝐴𝐸஺௖௖೟೟
(𝐴𝑐𝑐௧௧) 

19: if 𝑀𝐴𝐸஺௖௖೟೟
(i) < 𝑏𝑒𝑠𝑡𝑀𝐴𝐸஺௖௖೟೟

 
20: best𝑀𝐴𝐸஺௖௖೟೟

  ⃪ 𝑀𝐴𝐸஺௖௖೟೟
(𝑖)  

21: best_vibration_con_coeff  ⃪ vibration_con_coeff 
22: End 
23: vibration_con_coeff  ⃪ Next vibration_con_coeff 
24: End 

 4 

In this framework, the four hybrid controllers are designed and optimized for the MPPT 5 

and vibration attenuation purposes.  6 

6. Simulation Setup 7 

The main offshore wind turbine characteristics that are used in the simulated model are 8 

presented in Table 1, extracted from OpenFAST software and Jonkman et al. (2009). 9 

 10 

 11 
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 1 

 2 

 3 

Table 1. Parameters of the floating wind turbine 4 

Parameters Values 

Model Offshore floating barge 

Number of Blades 3 

Rotor radius 63 m 

Rated power 5 MW 

Rated speed 1200 rpm 

Tower height 87.6 m 

Gearbox ratio 97 

Maximum Tip speed ratio 7.59 

Maximum Power coefficient 0.47 

Nominal wind speed 11.5 m/s 

 5 

In order to apply the hybrid controllers to the floating wind turbine, certain environmental 6 

conditions of wind and waves have been considered, which are going to directly influence the 7 

performance of the device operation in energy production and structural stability. The 8 

external conditions used in this work are shown in Figure 6, where Figure 6a illustrates the 9 

random wind impinging on the rotor, with a speed range of 8.5 m/s and 11.5 m/s, within the 10 

wind turbine partial-load or MPPT region. It constitutes a representative profile to verify the 11 

ability of the unsupervised controllers to adapt to different changes of the wind, with which 12 

the starting point of a general verification of the control proposal effectiveness is covered, 13 

paving the way for more complete and in-depth studies. Figure 6b shows the wave signal 14 

with elevations above sea level up to 3.5 m. 15 

  16 
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 1 

    2 
(a) (b) 

Figure 6. Input conditions. (a) Wind speed. (b) Waves elevation. 3 

All experiments have been performed starting from the same initial conditions and steady 4 

state of the wind turbine. Nevertheless, since the neural networks begin to learn during the 5 

first seconds of simulation, the results omit the first 50 seconds of simulation until the 6 

networks learn and the neuro controllers can reflect a proper control response. 7 

7. Simulation Results 8 

In the following sections each combination of controller: RBFNN-PID, PID-RBFNN, 9 

RBFNN-RBFNN, PID-PID is compared with the results provided by the controller embedded 10 

in OpenFast, and also with the implementation of the single MPPT control using RBFNN or 11 

PID. Figures 7-10 show this comparison. The power, the generator speed, the power 12 

coefficient, and the acceleration of the tower are used as comparison signals. In addition, a 13 

table with the parameters of the controller is shown for each configuration. 14 

7.1 Results of the Hybrid RBFNN-PID Control Approach 15 

In this control configuration, neuro-control and PID are used. The RBFNN is applied for 16 

the speed controller, while the PID performs the vibration control. After tuning the 17 

parameters using GA, the final values are presented in Table 2. 18 

 19 

Table 2. Configuration of the RBFNN-PID hybrid control 20 

 

Parame

ters 

RBFNN-PID 

Controller 1: 

MPPT 

Controller 2: 

Vibrations 

Configuration 𝐾ଵ 0.7095175 --- 

W
a
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s 

E
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n
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m
)
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RBFNN 𝐾ଶ 0.3500488 --- 

𝜇ଵ 0.136155 --- 

𝛿ଵ 0.3064188 --- 

𝑁ଵ 81 --- 

𝑇௖  (s) 0.049 --- 

Configuration 

PID 

𝐾௣ଶ --- 0.532749 

𝐾ௗଶ --- 1.611950 

𝐾௜ଶ --- 0.380332 

 1 

The results using this hybrid control scheme are shown in Figure 7 and are compared to 2 

the OpenFAST speed-torque controller and single RBFNN controller as references. It is 3 

possible to observe how the power when the RBFNN-PID is used is larger and the amplitude 4 

of the vibrations is smaller than the OpenFAST controller, but the behaviour of the system is 5 

slightly inferior compared to the simple neuro controller. The addition of a PID helps to 6 

reduce the acceleration magnitude of the tower movement but the output power is affected. 7 

 8 

  9 
(a) (b) 

    10 
(c) (d) 

Figure 7. Results with the RBFNN-PID hybrid control scheme. 11 
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7.2 Results of the Hybrid PID-RBFNN Control Approach 2 

Applying the same techniques but using in this case a PID for the speed regulator and the 3 

neural network for the attenuation of the tower movement, the configuration of the 4 

controllers is shown in Table 3 once tuned with genetic algorithms. 5 

With this control architecture, the offshore wind turbine system is simulated. Figure 8 6 

shows the performance results of the proposed controllers vs the response of the floating 7 

wind turbine with the control embedded in OpenFAST. As in the previous case it is possible 8 

to observe that the amplitude of the vibrations and the oscillatory response of the system are 9 

smaller when the hybrid controller is used, even more than the simple PID controller, 10 

however, related only to the PID controller, the average power is not increased but the 11 

performance of the overall signal is acceptable to maintain the energy without significant 12 

changes. 13 

 14 

 15 

Table 3. Configuration of the PID-RBFNN hybrid control 16 

 

Parame

ters 

PID-RBFNN 

Controller 1: 

MPPT 

Controller 2: 

Vibrations 

Configuration 

RBFNN 

𝐾ଷ --- 7.093677 

𝐾ସ --- 6.892176 

𝜇ଶ --- 0.575251 

𝛿ଶ --- 0.258138 

𝑁ଶ --- 169 

𝑇௖  (s) --- 0.044 

Configuration 

PID 

𝐾௣ଵ 1.502982 --- 

𝐾ௗଵ 0.581712 --- 

𝐾௜ଵ 1.436110 --- 

 17 
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(a) (b) 

    2 
(c) (d) 

Figure 8. Results with the PID-RBFNN hybrid control scheme. 3 

 4 

7.3 Results of the Hybrid PID-PID Control Approach 5 

Using the same type of controller for both objectives, in this case two PIDs, the 6 

coefficients found by the genetic algorithms are shown in Table 4. Figure 9 presents the 7 

turbine output signals with two conventional controllers for speed and vibrations. As in the 8 

previous case the amplitude of the vibrations is smaller when the hybrid controller is used, 9 

and the power is less oscillating. 10 

 11 

Table 4. Configuration of the PID-PID hybrid control 12 

 

Parame

ters 

PID-PID 

Controller 1: 

MPPT 

Controller 2: 

Vibrations 

Configuration 

PID 

𝐾௣ଵ 𝐾௣ଶ 1.502982 1.207383 

𝐾ௗଵ 𝐾ௗଶ 0.581712 1.468069 

𝐾௜ଵ 𝐾௜ଶ 1.436110 0.283085 

 13 
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(a) (b) 

    2 
(c) (d) 

Figure 9. Results with the PID-PID hybrid control scheme. 3 

 4 

7.4 Results of the Hybrid RBFNN-RBFNN Control Approach 5 

Finally, the last control combination consists of using two intelligent controllers based on 6 

neural networks. The parameters optimized by GA are presented in Table 5. The 7 

implementation of the double neural controller is shown in the response of the floating wind 8 

turbine shown in Figure 10. In this case the average power is larger, especially when big 9 

dynamic changes are introduced, and the vibrations are smaller when the hybrid controller is 10 

used. 11 

Table 5. Configuration of the hybrid RBFNN-RBFNN control 12 

 

Parame

ters 

RBFNN-RBFNN 

Controller 1: 

MPPT 

Controller 2: 

Vibrations 

Configuration 

RBFNN 

𝐾ଵ 𝐾ଷ 0.7095175 48.97649 

𝐾ଶ 𝐾ସ 0.3500488 12.99071 

𝜇ଵ 𝜇ଶ 0.136155 0.0760591 

𝛿ଵ 𝛿ଶ 0.3064188 0.3064188 

𝑁ଵ 𝑁ଶ 81 121 

𝑇௖  (s) 𝑇௖  (s) 0.049 0.049 

 13 
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    2 
(c) (d) 

Figure 10. Results with the RBFNN-RBFNN hybrid control scheme. 3 

7.5 Comparison of the different control approaches 4 

The results of hybrid control schemes using PIDs and RBFNNs, as well as the application 5 

of only a PID, only RBFNN, and the implementation of OpenFAST for maximum power 6 

tracking, are presented in Figures 11-16. The individual controllers provide a general 7 

framework for evaluating the advantages and disadvantages of each technique. The colour 8 

code is as follows. OpenFAST (blue), RBFNN (red), PID (green), RBFNN-PID (purple), 9 

PID-RBFNN (cyan), PID-PID (brown), RBFNN-RBFNN (orange). 10 

The power signal in Figure 11 shows that the RBFNN-based speed control exhibits 11 

behaviour with changes that correspond to the dynamic variations of the floating wind turbine 12 

and the input conditions. The generator speed, Figure 12, respond to these changes as well. 13 

The wind turbine with the neuro-controllers moves with a higher angular velocity than either 14 

the PID or the OpenFAST speed regulators. With this performance, the high speed ranges are 15 

exploited by the system to reach and oscillate around the optimal TSR and power coefficient, 16 

as shown in Figure 13, and thus to track the maximum power. 17 
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Figure 11. Comparative results of the hybrid control schemes. Power. 2 

 3 

Figure 12. Comparative results of the hybrid control schemes. Generator speed 4 

 5 
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Figure 13. Comparative results of the hybrid control schemes. Power Coefficient 2 

 3 

Regarding the second control objective, the structural stability of the wind turbine is 4 

analysed based on the movements generated at the top of the tower. The tower top 5 

displacement (TTD) is shown in Figure 14, and the acceleration at that point is illustrated in 6 

Figure 15. The TTD metric shows the response of the system with minor oscillations and 7 

abrupt changes in the structure motion, especially with the RBFNN-based methods for 8 

vibration control. Although the mean displacement measured with the different controllers 9 

shows that the PID-RBFNN option is the solution with the smallest mean deviation, with a 10 

value of 0.355 m, the RBFNN-RBFNN strategy with mean displacements of 0.365 m 11 

produces less oscillations. The latter approach has the minimum standard deviation and the 12 

minimum root mean square error with the values 0.437 m and 0.324 𝑚ଶ, respectively. They 13 

are followed by the RBFNN-PID and finally the PID speed regulation based controllers. 14 
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  1 

Figure 14. Comparative results of the hybrid control schemes. Tower Top Displacement 2 

 3 

 4 

Figure 15. Comparative results of the hybrid control schemes. Tower acceleration 5 

 6 

In Figure 16, the frequency spectrum of the vibration clarifies the effects of the different 7 

hybrid control strategies. It is shown how the RBFNN-RBFNN approach has the lowest 8 
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amplitude in the peaks of the spectrum, which are reduced with this controller, followed by 1 

RBFNN-only, speed PID and OpenFAST controllers. This reduction is noticeable at 2 

frequencies around 0.07 Hz and 0.15 Hz. 3 

 4 

Figure 16. Comparative results of the hybrid control schemes. Frequency spectrum of 5 

the TTD 6 

 7 

Additionally, the performance metrics are presented in Table 6. These performance 8 

indicators during wind turbine MPPT operation analyse the maximization of energy 9 

production and the minimization of structural movements. 10 

The average metrics are calculated with Equation (19), where 𝑋  corresponds to the 11 

analyzed variable and 𝑇௦௜௠ is the total simulation time. The suppression rate 𝛾 (20) shows the 12 

percentage of reduction of the tower top displacement with the control approaches, using the 13 

corresponding OpenFAST reference signals. The standard deviation, SD, of the OpenFAST 14 

signal is 𝜎ை௣௘௡ி஺ௌ் , whereas the standard deviation of the control strategy that is being 15 

studied is 𝜎௖௢௡௧௥௢௟௟௘௥. 16 

 17 

𝑋஺௩௚ =
1

𝑇௦௜௠
න 𝑋௢௨௧(𝑡) ∙ 𝑑𝑡 (19) 

𝑋ఊ =
𝜎ை௣௘௡ி஺ௌ் − 𝜎௖௢௡௧௥௢௟௟௘௥

𝜎ை௣௘௡ி஺ௌ்
∙ 100% (20) 

 18 

According to the results of Table 6, the power conversion is higher on average when any 19 

RBFNN is involved in the MPPT control. The neural network alone generates the highest 20 
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power output of 3.946 MW, followed by the dual RBFNN scheme, where 3.943 MW is 1 

produced. This efficiency in power production is reflected in the power coefficient metric, 2 

which reaches higher values with these controllers. On the other hand, with the PID-based 3 

speed controllers, a reduction in the average power generated is reflected, from 3.891 MW 4 

with only speed control to 3.886 MW with the PID-PID approach. The standard deviation of 5 

this variable shows an inverse response, giving the neural networks a small increment 6 

compared to the PID responses. 7 

Regarding the top tower acceleration, the dual RBFNN controller responds with minimal 8 

variation of this signal compared to the other hybrid techniques tested. Moreover, the average 9 

acceleration is low, with a value of 0.0040 𝑚/𝑠ଶ, in contrast to the values of 0.0045 𝑚/𝑠ଶ, 10 

0.0052 𝑚/𝑠ଶ, and 0.0055 𝑚/𝑠ଶ obtained with the RBFNN-PID, PID-RBFNN and PID-PID 11 

controllers, respectively. This means a decrease of 0.0015 𝑚/𝑠ଶ  from the highest 12 

acceleration. This acceleration attenuation is corroborated by the corresponding standard 13 

deviation and root mean square error. The smallest values are achieved with the dual neural 14 

network, 1.381 𝑚/𝑠ଶ  and 1.908 𝑚ଶ/𝑠ସ , respectively, while the maximum indicators 15 

correspond to 1.481 𝑚/𝑠ଶ and 2.189 𝑚ଶ/𝑠ସ with the speed PID controllers. 16 

With these indicators and based on the vibration suppression capacity in the structure, the 17 

RBFNN-RBFNN control technique is the best option. The TTD suppression rate, calculated 18 

with respect to the OpenFAST response, achieves the highest reduction of 10.662% with the 19 

dual RBFNN. Similarly, the suppression rate of the acceleration at the top of the tower is 20 

12.771% with this control scheme. 21 

 22 

 23 

 24 
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Figure 17 presents a graphical representation of the metrics obtained with each control 1 

strategy to show an overview of the responses and their differences. In this representation of 2 

the results, all variables are expressed in percentage points. They are calculated as the 3 

normalized form of the values from the minimum and maximum values of each signal. To 4 

represent the data, considering the maximum points as the best results, the complementary 5 

representation of some variables is expressed in the graph. 6 

 7 

 8 

Figure 17. Comparative results of the MPPT control metrics with the different hybrid 9 

control schemes 10 

 11 

As it can be seen, power performance indicators such as average power and power 12 

coefficient acquire the highest values with RBFNN-based strategies in speed control 13 

compared to the other hybrid controller approaches, being the most efficient control methods 14 

in terms of energy production. On the other hand, PID speed control schemes generate only 15 

60% of the maximum power obtained with RBFNN-based controllers. However, there is a 16 

reduction in efficiency with RBFNNs in terms of standard deviation, reaching the minimum 17 
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value of 80% with RBFNN-RBFNN. The introduction of the PID controller help to reduce 1 

the variability. 2 

On the other hand, regarding the stability of the structure measured in terms of reduction 3 

of movements and vibrations, it can be observed how the RBFNN-RBFNN control strategy 4 

provides a remarkable performance. The SD and MSE of the TTD and all the acceleration 5 

metrics of the top of the tower indicate that the neural networks have the highest efficiency in 6 

vibration attenuation and acceleration of the tower, while the PID-RBFNN and PID-PID 7 

controllers present a decrease of only half. 8 

7.6 Discussion of the Results 9 

Looking at the response of the wind turbine, the wind energy converter reacts directly to 10 

environmental conditions, where large changes in wind speed and wave action produce high 11 

peaks in the variables, as clearly highlighted at two points around 112.5 and 243 s. The 12 

increase in wave amplitude with high wind speed produces, as expected, the largest variations 13 

in the response. Considering the generator speed and the power coefficient, thus the TSR, as 14 

good indicators of this response, PID controllers generate a behaviour with a higher 15 

amplitude of oscillation compared to neural networks. Therefore, the optimal relationship 16 

between wind speed and rotor speed is achieved using neuro-controllers. 17 

In this scenario, the electrical torque and simultaneously the output power, have less 18 

oscillations around their maximum value with PID controllers, making the generator speed 19 

lower to compensate for the movement. With neural controllers, the electromagnetic torque 20 

signal presents more variations, following the dynamics of the system and maintaining the 21 

rotation speed around the nominal 1200 rpm with the most extreme environmental conditions. 22 

Thus, a slightly more oscillatory response in the electrical variables occurs when the neural 23 

networks react quickly to small changes in the system dynamics, by adapting the network 24 

weights. This behaviour is reflected in the slight increase in the standard deviation of the 25 

power signal by 0.01681 MW with the hybrid neuro-controller in the speed and vibration 26 

blocks, compared to the dual PID, because the system adapts better to small changes. 27 

In summary, using neural networks, either a RBFNN or dual RBFNN, the highest output 28 

power is achieved without the requirement of direct wind speed measurement. A better power 29 

coefficient, close to the maximum, is achieved in the MPPT region. 30 

As for structural vibration control, although the average position is lower with PID speed 31 

controllers, the oscillations around that point are greater than with RBFNN-based speed 32 
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control. Therefore, using neuro-controllers the tower maintains a slightly more deviated 1 

position, but vibrations and fatigue are reduced. This is because the control action device 2 

adjusts the induced torque, so the rotation speed of the generator, and therefore of the turbine 3 

rotor, is more stable. Consequently, the acceleration of the tower movement also responds 4 

with less oscillations. This is reflected in the higher suppression rate using the dual neural 5 

network hybrid controller. 6 

Due to the ability of neural networks to update their weights during wind turbine 7 

operation, the controller adapts quickly to dynamic and non-linear changes in the system and 8 

is more efficient. This is the main difference with configurations with only PID regulators. 9 

This is reflected in the performance of the different hybrid control proposals. In the 10 

proposal, the MPPT objective prevails over vibration reduction, so the approaches with 11 

RBFNN in the speed control block (RBFNN-RBFNN and RBFNN-PID) provide higher 12 

power, followed by PID MPPT controls (PID-PID and PID-RBFNN). 13 

Similarly, in vibration regulation when speed control is implemented with RBFNN, the 14 

motion reduction with RBFNN-RBFNN control is better than with RBFNN-PID. If PID is 15 

used for MPPT, the vibration neural network improves the system performance (PID-16 

RBFNN) over PID-PID.  17 

8. Conclusions and Future Works 18 

In this work, several control architectures have been designed and applied for the MPPT 19 

region of a floating wind turbine. Conventional PID controllers have been combined with 20 

RBFNN neural networks, both for generator speed control and vibration mitigation. 21 

It can be stated that the RBFNN-RBFNN control scheme presents the best performance 22 

of all the combinations tested. This approach demonstrates its ability to adapt and respond 23 

quickly to external disturbances, achieving maximum power while attenuating structural 24 

oscillations. However, conventional PID controllers obtain a lower accuracy in tracking the 25 

maximum power point, which leads to a less efficient overall response. 26 

This work opens up new possible lines of research. On the one hand, it would be 27 

interesting to apply this dual-objective control approach in the pitch control region of the 28 

wind turbine. In addition, the performance of the most promising intelligent control technique 29 

can be analysed in more turbulent conditions. To do it, more complex realistic models could 30 

be used such as Free Vortex Wake methods, or computational fluid dynamics solutions, to 31 
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model the hydrodynamics of the environment. Furthermore, the combination of other types of 1 

networks and soft computing methods could be explored looking for improvements in the 2 

wind turbine regulation. Finally, intelligent control techniques to ensure a trade-off between 3 

immediate performance gains and the long-term durability of the turbine could be further 4 

researched. 5 
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