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ABSTRACT 

The present paper introduces Gaussian Radial Basis Function Neural Networks (GRBFNN) into the 

power control scheme of a wind turbine connected to a Doubly Fed Induction Machine (DFIG). These 

GRBFNN will replace the existing four PI controllers. The new controllers regulate power flow between 

the DFIG stator and the power network, reduce chattering, and enhance overall performance. We tested 

the performance of the GRBFNN controllers against a traditional PI controller through simulations in 

the Matlab/Simulink environment. Results indicate that the proposed controllers offer improved settling 

time, reduced overshoot, greater robustness to parameter variations, and effective tracking of references. 
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1. INTRODUCTION 

Currently, the doubly-fedkinduction generatorkis one of the most widelykused variable speedkwind turbines, 

thanks to itskadvantages, including improved reliability, efficient energy distribution, high energykefficiency, 

powerkcontrol capability, lowkmaintenance costs, and comprehensive power management capabilities [1-3]. 

Additionally, many researchers have suggested indirect vector control techniques, typically utilizing classical 

controllers, to regulate the activekand reactive powerkof thedDFIG [3-4]. Thedmain objective of these techniques 

is to decouple the rotorkcurrent into its active and reactivekcomponents by managing the (d-q) components of the 

stator input current. 

Classical control systems for wind turbines linked to doubly-fed induction machine drives, includingkPI, PD, and 

PID controllers, offer benefits such askrobustness and a wide stability margin. However, thesekcontrollers also 

have drawbacks, including highksensitivity to parameter changes and a significant response sensitivity to nonlinear 

dynamicksystems [5, 6].  

To address these issues and enhance the performance of vector control, several robust control techniques and 

nonlinear feedback controls based on differential geometric theory for induction motor control have been proposed 

in the literature in recent years. These methods have been applied in various applications, including sliding 

modekcontrol, predictivekcontrol, adaptivekcontrol, H∞ control approaches, and fractional control, among others 

[5-7]. 
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On the other hand, artificial intelligence methods have been integrated into these systems and have demonstrated 

their ability to achieve superior performance compared to the previously mentioned techniques. These include the 

Takagi-Sugeno fuzzydmethod, fuzzy logic, artificialdneural networks, geneticdalgorithms, among others. These 

advanced intelligent techniques have shown to be particularly effective for control systems characterized by 

varying parameters, ensuring optimal performance as noted in various studies [8-11]. 

Indeed, in various applications, the Gaussian Radial Basis Function Neural Network (GRBFNN) has demonstrated 

that this approach provides greater robustness against parameter variations and external disturbances during the 

operation of the process [12-15]. 

Regarding the previously mentioned literature, the issue of designing a robusthtracking controllerhbased on 

GRBFNN techniqueshappears to have not been addressed until now. Consequently, this study focuses on 

introducing the GRBFNN approach to develop a new robust control strategy. Furthermore, to assess the 

performance of the proposed GRBFNN control system, the authors will compare the results obtained with those 

achieved using traditional PI controllers as well as other control methods presented in previous works [12-15]. 

2.  MODELLING OF SYSTEM UNDER STUDY 

As illustrated in Fig. 1, the overallkgrid-connectedkwind turbine consists of a doubly-fed inductionkgenerator that 

is connected directly to the utility grid through its stator, while the rotor is connected indirectly via a rotorkside 

converter (RSC) andka grid sidekconverter (GSC). 

 

Figure 1.Blockhschemehof the studiedhsystem. 

2.1  ThekWind-Turbinehmodel 

Thekwind turbineh modelkis givenhby the followinghsystem ofhequations [1-3]: 
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Where: Pex: is the extractedkpower from the windkand the following parameterskρ: describessthe airsdensity, R 

representssthe rotorsbladesradius, Su: is the areassweptsby the palessof thesturbine, Vw is theswind speed, λ: the 

specificsspeed, β: thesangle of orientationsof the blades, Cp: is the powerscoefficients f thesturbine, Ωt iskthe 

bladesangularsvelocity [rad/s], Ωmec is thesmechanicalsspeed of DFIG.  

Fig. 2 showskthe Cp-λ characteristicssfor differentsvalues of angle β. 



The 1st InternationalkConference on Applicationskand Technologies of RenewablekEnergy Systems             ICATRES2024 

 

 
 3 

 

Figure 2.The Cp-λ characteristics, forhdifferent valueshof the pitchhangle β, inh 

MATLAB/Simulink. 

Thehoptimal valueshare extractedhfrom Fig. 2 as; λ opt =6.75 and Cpmax =0.47. 

 

Figure 3.Mechanicalhpowerhversus rotor speedhcurves. 

Fig. 3 shows the mechanical power versus thehrotating speed of the generator with no bladehpitch angle control 

(β=0°) at varioushwind speeds. It is observed that thehoperation of the wind generator musthfollow a specific point 

of the rotorhspeed for each wind speed to maximize thehmechanical power to get the maximumhvalue of the wind 

powerhcoefficient (Cpmax) [1]. Thus, the maximumhmechanical power that can beh ontinuously extracted 

fromhthe low and the medium wind could be achievedhby controlling the rotation speedhof the generator to track 

thehmaximum power point (MPPT) for eachhwind speed as depicted by thehdotted line in Fig. 3.    

2.2  ThekDFIG modelk 

ThekDFIG cansbe modelledsby the followingsequations [2] in thesdirect (d) and quadratures(q) axiskreference 

frame, whichsis rotating at synchronoussspeed. So, thesstator voltage and rotorsvoltagesare expressedsas: 
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The statorhand rotor fluxhare given by: 
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The statorhpower could behwritten as: 
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The rotorsand stator angularsvelocities are expressed by thesfollowing relationship: 
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The electromagneticstorque can be obtained by using the power budget and is given hereby: 
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3.  FIELDsORIENTED CONTROLsOF DFIG 

Inductionsgenerators can be controlled usingsseveral approaches, includingsDirect Torque Control (DTC) and 

FieldsOriented Control (FOC) [3, 4]. Of thesestechniques, FOC is the most widelysused in the industrial sectors 

due to its straight forwardsdesign and superiorsperformance. 

Field Oriented Control (FOC) allows for natural decoupling of flux and torque, similar to the operation of a 

separately excited DC machine. 

Assumingsthat the resistancesof the statorswindings (Rs) is neglected, the voltagesand the flux equationssof the 

stator windingscan be simplifiedsas follows: 
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The activehand reactive power equationshat the stator sidehof a DFIG can be expressed as: 
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As can be seensfrom Eq. (12), Ps and Qs aresproportional to the rotorscurrents, Idr and Iqr, respectively. 

Thehquadrature (q) currentsof the RSC (Iqr) is used forhcontrolling the realspower output; whilehthesdirect (d) 

current (Idr) is usedhfor controllingsthe reactive powersoutput. 

Byhexploiting Eqs. (6), (7), (11) and (12), wehcan get thes ollowing rotor voltagesscoordinates: 
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Fromhthe abovesequations, we can conceivesthe block diagramhof the DFIG representedsin Fig. 4. As it is shown 

the DFIG modelsbecomes approximately decomposed in two decoupledssubsystems. 

 

Figure 4. Blockhdiagram of thehsimplified modelhof thehDFIG. 
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4.  CONTROLLER SYNTHESIS  

To date, research has shown that artificial neural networks leverage non-linear learning, generalization abilities, 

and parallel processing for advanced intelligent control applications [10, 11]. This inherent capability of neural 

networks for general non-linear approximation provides significant potential for nonlinear control. 

In thekliterature, the GaussiankRadial Basis Function NeuralkNetwork (GRBFNN) is oftenkviewed as a smooth 

integration of neural networks and fuzzy logic. Structurally, the GRBFNN consists of receptive units (neurons) 

that serve as operators, providingsinformation aboutsthe class to which the input signal belongs. When the 

aggregation method, the numbersof receptive units in theshidden layer, and the constantsterms match those of a 

fuzzy inference system, a functionalsequivalence exists between GRBFNN andsFIS [12-15]. The structure of the 

GRBFNN utilizedkin this paper iskillustrated in Fig. 5. 

 

Figure 5. Architecture of the GRBFNN. 

In thiskarchitecture, each neuron in the hidden layerkassigns a degree of membershipkvalue to the inputkpattern 

based on its corresponding basis vector. The output layer consists of linear neurons. The neural network framework 

allowskthe GRBFNN to achievekmathematical tractability, particularly in terms of backpropagating errors through 

the network. Meanwhile, the fuzzy system perspectivekfacilitates the integration of expert knowledge into the 

training process. This can be particularly important for initializing the network's adjustable parameter vector closer 

to its optimalkvalues, leading to faster convergencekin parameter space, provided that the system dynamics are 

well understood [12, 13]. 

It is importanthto note that the outputhof each neuron is calculated basedhon the multiplicationhof the individual 

Gaussianhoutputs corresponding to eachhinput. The overall response is determinedhby multiplying the hidden 

layer output vectorhby a matrix/vector of suitablehdimensions. In fuzzyhterms, this can behdescribed as employing 

thehproduct inference rulehin conjunction with a weightedhsum defuzzifier.   

If the networkhoutput and hidden layerhoutput vectors are denoted by F and 𝑜 respectively, the activationhlevel 

of the ith receptive unith(or firing strength of each rule) andhthe overall realizationhperformed by the network 

could be describedhby (14) and (15) respectively [14]. 
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According to the errorsback-propagationsrule, the parametersupdate lawscan be summarizedsas follows: 
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5. REGULATORSsPERFORMANCES 

In thishsection, to illustrate theheffectiveness of the proposedhGRBFNN controlhstrategy, we conducted a 

numerical simulationsof the dynamics of the indirect vectorscontrol process with a DFIG connectedsto a wind 

system using Matlab/Simulink software. To achieve this, two scenarios were implemented.  

5.1  Reference tracking scenario 

The primary aim of thissscenario is to analyze the behaviorsof various controlsstrategies while the DFIG operates 

undersideal conditions, incorporating different steps forsactive and reactive power. Oursobjective is to fine-tune 

thesarchitecture and corresponding parameterssof the GRBFNN power regulatorsto achieve optimal reduction of 

chatteringsand ensure precisestracking of the referencesvalues. The results of thessimulations are presented in 

Figs. 6 and 7. 

 

Figure 6. Simulation results to the active and a reactive power impact (PI controller). 

 

Figure 7. Simulationhresults to the active and a reactivehpower impact (GRBFNN controller). 

As illustrated in Fig. 7, the GRBFNN regulator successfully tracks the reference values for both active and reactive 

power, demonstrating a significant reduction in chattering compared to the case with a PI controller, as shown in 

Fig. 6. This achievement aligns with our objective in this paper, showcasing the effectiveness of this technique. 

5.2  Robustness scenario 

To assess the robustnesskof the two controllersk (PI and GRBFNN), the value of mutualkinductance Lm 

waskreduced by 10% and 20% of itsknominal value. Figs. 8 andk9 illustratekthe impactkof these parameter 

variationskon thekactivekpower responseskfor the twokdifferent controllerskemployed, as demonstratedkin 

thekfigures.  
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Figure 8. Simulation resultshof active power to parametershvariations (PI controller). 

 

Figure 9. Simulationsresults of activespower to parameterssvariations (GRBFNN controller). 

The resultsspresented in Fig. 9 indicate excellentsdynamic and static performance, characterizedsby a very fast 

response time, okovershoot, minimal staticserror, and a significantsreduction in chatteringscompared to the results 

shown in Fig. 8. Thus, wescan conclude thatsthe Gaussian Radial Basis Function Neural Networks (GRBFNN) 

controller offers substantial improvements in robustness against parametersvariations and external disturbances, 

especially whenscompared to the PI regulator. This enhanced performance is attributed to the fact that our 

GRBFNN was designed with a fuzzy logic database in the training process. Consequently, we can assert that our 

GRBFNN control scheme is analogous to and could be regarded as a Neuro-Fuzzy system.    

5.3  Comparison between the two controls 

The analysis of the two system responses obtained using Proportional-Integral (PI) and Gaussian Radial Basis 

Function Neural Network (GRBFNN) controllers reveals the following observations, as summarized in Table 1: 

 

Table 1. Comparison between the two used different regulators performances  

 

 

 

 

From Table 1, we can conclude that the Gaussian Radial Basis Function Neural Network (GRBFNN) controller is 

more effective than the PI controller, offering a simpler design, a significantly faster response time, and minimal 

static error. 

6. CONCLUSIONS 

This paper presents a GRBFNN controller approach for designing a robust control system for DFIG-based wind 

energy conversion systems (WECS). The operating characteristics of the DFIG with the proposed GRBFNN 

controller are compared to those using a conventional PI controller. Additionally, numerical simulations were 

          Regulators 

Performances      PI GRBFNN 

Static error (%) 0.083593   0.0121 

Overshoot   (%) 1.0226   0.0231 

Response time (s) 0.005132   0.001026 



 

conducted using Matlab/Simulink under two different scenarios. The simulation results demonstrate that the 

process controlled by the GRBFNN approach exhibits greater robustness and insensitivity to parameter variations 

compared to traditional PI control. Furthermore, these findings indicate that this technique enhances the 

performance of the power control process for the DFIG in WECS, ensuring a fast and accurate dynamic response 

along with excellent steady-state performance. Thus, the objectives of this contribution have been successfully 

achieved. 

Finally, it is important to note that the authors plan to include the experimental component of this proposed control 

technique in future work to validate the current simulation results and further advance the project. 
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