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Abstract 

This thesis investigates advanced control and power management strategies for Doubly Fed 

Induction Generator (DFIG)-based wind turbines, with a focus on leveraging artificial intelligence 

(AI) techniques to overcome the limitations of traditional controllers. As renewable energy 

integration grows, maintaining grid stability and optimizing power output amidst variable wind 

conditions have become paramount. However, conventional control methods like the Proportional-

Integral (PI) controller, while reliable, struggle with the nonlinearities and uncertainties inherent in 

wind turbine systems, especially under fluctuating wind speeds. 

 

To address these challenges, this research introduces AI-enhanced control strategies, 

including optimized PI controllers, Sliding Mode Control (SMC), Super Twisting SMC, Fuzzy Logic 

Control, and Artificial Neural Networks (ANN). The thesis begins with a theoretical foundation, 

providing detailed modeling of the wind turbine’s aerodynamic system and DFIG dynamics, which 

supports a deeper understanding of control requirements. Following this, optimized PI controllers are 

examined, with Particle Swarm Optimization (PSO) proving particularly effective for reducing 

steady-state error, though limitations in rotor power stability indicated the need for more advanced 

methods. 

 

The study advances to explore intelligent control techniques. A hybrid Fuzzy-Super Twisting 

SMC controller is developed, effectively addressing issues like chattering and demonstrating superior 

performance in handling nonlinearities compared to classical methods. Additionally, ANN is utilized 

to enhance the PI controller, eliminating overshoot and achieving smoother responses. These AI-

driven controllers collectively demonstrate improved responsiveness, stability, and adaptability in 

wind turbine control. 

 

Expanding to wind farm power management, the thesis proposes a novel algorithm for 

balancing power across turbines. This algorithm dynamically redistributes power in response to 

underperforming turbines, effectively maintaining grid stability. Benchmarking against a traditional 

PI controller, the new approach exhibits precise, proportional power allocation and immediate 

responsiveness to changing conditions, thereby optimizing overall power output. 

 

The findings affirm the potential of AI-based strategies to enhance both turbine-level control 

and wind farm-level power management. By integrating advanced control algorithms with AI 

techniques, this research contributes to the development of resilient and efficient wind energy 

systems, laying the groundwork for future innovations in renewable energy control. 

 

Keywords: Wind Energy Conversion System, Doubly Fed Induction Generator, Optimized PI, 

Super Twisting Sliding Mode Control, Fuzzy Logic Control, Artificial Neural Network, Wind Farm 

Power Management. 
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ص  ـلخ ـالم  

تتناول هذه الأطروحة استراتيجيات متقدمة للتحكم وإدارة الطاقة في التوربينات الريحية التي تعتمد على المولد الحثي ذو التغذية  
مع تزايد الاعتماد على    .مع التركيز على استغلال تقنيات الذكاء الاصطناعي للتغلب على قيود وحدود أدوات التحكم التقليدية ,  المزدوجة 

أصبح الحفاظ على استقرار الشبكة الكهربائية وتحسين إنتاج الطاقة وسط ظروف الرياح المتغيرة أمراً بالغ الأهمية. ومع ذلك،    , الطاقة المتجددة 
تعاني من صعوبة التعامل مع اللاخطية والشكوك  ,  على الرغم من موثوقيتها ,  مثل المتحكم التناسبي التكاملي   ,فإن الأساليب التقليدية للتحكم

 ح. أصلة في أنظمة التوربينات الريحية، وخاصة في ظل تقلبات سرعة الرياالمت
 

ت تناسبية تكاملية  لمعالجة هذه التحديات، تقدم هذه الدراسة استراتيجيات تحكم محسنة بالذكاء الاصطناعي، بما في ذلك متحكما
تبدأ الأطروحة بتقديم  التحكم المنطقي الضبابي, و الشبكات العصبية الإصطناعية.    المحسنة, التحكم بالإنزلاق, التحكم بالإنزلاق المعزز, 

، مما  الأساس النظري، حيث يتم تناول النمذجة التفصيلية للنظام الهوائي للتوربينات الريحية وديناميكيات المولد الحثي ذو التغذية المزدوجة 
حيث يظُهر تحسينها باستخدام تقنية  التناسبية التكاملية المحسنة,    يدعم فهماً أعمق لمتطلبات التحكم. بعد ذلك، يتم دراسة المتحكمات

إلا أن محدودية الاستقرار في طاقة الدوار أشارت إلى الحاجة لأساليب  ,  فعالية عالية في تقليل الخطأ في حالة الاستقرار  تحسين السرب الجزيئي 
 . أكثر تقدماً 
 

,  تم تطوير متحكم هجين يجمع بين المنطق الضبابي والتحكم بالانزلاق المعزز  .تتوسع الدراسة لاستكشاف تقنيات التحكم الذكي 
يتم   , بالإضافة إلى ذلك  .والذي يعالج بفعالية مشاكل مثل التذبذب ويظهر أداءً متفوقاً في التعامل مع اللاخطية مقارنة بالأساليب التقليدية 

 . مما يلغي تجاوزات الإشارة ويحقق استجابات أكثر سلاسة  ,التناسبي التكاملي  تحكمالم استخدام الشبكات العصبية الاصطناعية لتعزيز أداء 
 

تقوم هذه الخوارزمية    . تقترح الأطروحة خوارزمية جديدة لتوزيع الطاقة بين التوربينات  , في إدارة الطاقة على مستوى المزرعة الريحية 
وعند مقارنة هذا النهج    . مما يحافظ بفعالية على استقرار الشبكة   , بإعادة توزيع الطاقة ديناميكيًا استجابةً للتوربينات ذات الأداء المنخفض

مما يُحسّن من    ,أظهرت الخوارزمية الجديدة تخصيصًا دقيقًا ومتناسبًا للطاقة واستجابة فورية للتغيرات  , التقليدي التناسبي التكاملي  تحكمالم مع
 . إنتاجية الطاقة الكلية 

 
تؤكد النتائج على إمكانيات استراتيجيات التحكم المستندة إلى الذكاء الاصطناعي في تحسين التحكم في التوربينات وإدارة الطاقة  
على مستوى المزرعة الريحية. من خلال دمج خوارزميات التحكم المتقدمة مع تقنيات الذكاء الاصطناعي، تسهم هذه الدراسة في تطوير  

 تجددة ومستدامة، وتضع الأساس لمزيد من الابتكارات في مجال التحكم بالطاقة المتجددة. أنظمة طاقة ريحية م 
 

المحسن, الإنزلاق الفائق الإلتواء, التحكم    التناسبي التكاملي نظام تحويل طاقة الرياح, مولد حثي مزدوج التغذية, التحكم    الكلمات المفتـاحية: 
 بالمنطق الضبابي, الشبكة العصبية الإصطناعية, إدارة طاقة مزرعة الرياح. 
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Résumé 

Cette thèse aborde des stratégies avancées pour le contrôle et la gestion de la puissance des 

éoliennes basées sur le générateur asynchrone à double alimentation (GADA), en mettant l'accent sur 

l'utilisation de techniques d'intelligence artificielle pour surmonter les limites des méthodes de 

contrôle classiques. Avec l'augmentation de la dépendance aux énergies renouvelables, la stabilité du 

réseau électrique et l'optimisation de la production énergétique dans des conditions de vent variables 

deviennent essentielles. Cependant, les méthodes de contrôle traditionnelles, comme le régulateur 

proportionnel-intégral (PI), bien qu'efficaces, montrent des limites face aux non-linéarités et aux 

incertitudes inhérentes aux systèmes d'éoliennes, en particulier avec les fluctuations de vitesse du 

vent. 

 

Pour relever ces défis, cette étude présente des stratégies de contrôle améliorées par 

intelligence artificielle, y compris des régulateurs PI optimisés, le contrôle par mode glissant (CMG), 

le contrôle par mode glissant super-torsadé (CMG-ST), la logique floue, et les réseaux de neurones 

artificiels (RNA). La thèse commence par une présentation des bases théoriques, abordant la 

modélisation détaillée des systèmes aérodynamiques des éoliennes et de la dynamique des GADA, 

fournissant ainsi une compréhension approfondie des exigences de contrôle. Ensuite, les régulateurs 

PI optimisés sont étudiés, et l'amélioration via l'optimisation par essaims particulaires montre une 

grande efficacité dans la réduction des erreurs en régime permanent. Toutefois, les limites de stabilité 

en puissance du rotor indiquent la nécessité de méthodes plus avancées. 

 

L'étude se poursuit avec l'exploration des techniques de contrôle intelligent. Un contrôleur 

hybride combinant logique floue et contrôle par mode glissant super-torsadé (Floue-CMGST) est 

développé, adressant efficacement les problèmes de chattering et offrant des performances 

supérieures pour gérer les non-linéarités par rapport aux méthodes classiques. De plus, les réseaux de 

neurones artificiels sont utilisés pour améliorer les performances du régulateur PI, éliminant les 

dépassements de signal et produisant des réponses plus harmonieuses. 

 

Pour la gestion de la puissance à l’échelle de la ferme éolienne, la thèse propose un nouvel 

algorithme de distribution de puissance entre les éoliennes. Cet algorithme redistribue 

dynamiquement la puissance en réponse aux turbines sous-performantes, maintenant ainsi 

efficacement la stabilité du réseau. Comparé au régulateur PI classique, ce nouvel algorithme montre 

une répartition proportionnelle et précise de la puissance avec une réponse immédiate aux variations, 

améliorant la productivité énergétique globale. 

 

Les résultats soulignent le potentiel des stratégies de contrôle basées sur l'intelligence 

artificielle pour optimiser le contrôle des éoliennes et la gestion de la puissance au sein des parcs 

éoliens. En intégrant des algorithmes de contrôle avancés avec des techniques d'intelligence 

artificielle, cette étude contribue au développement de systèmes éoliens renouvelables et durables, et 

ouvre la voie à de futures innovations dans le domaine du contrôle des énergies renouvelables. 
 

Mots clés : Système de Conversion d'Énergie Éolienne, Générateur Asynchrone à Double 

Alimentation, PI Optimisé, Contrôle par Mode Glissant Super Torsadé, Contrôle par Logique Floue, 

Réseau de Neurones Artificiels, Gestion de Puissance de Parc Éolien. 

  



VI 
 

Table of contents 
Acknowledgement .............................................................................................................................................. I 

Dedication.......................................................................................................................................................... II 

Abstract ........................................................................................................................................................... III 

ص ـالمـلخ  ............................................................................................................................................................. IV 

Résumé .............................................................................................................................................................. V 

Table of contents ............................................................................................................................................. VI 

Table of figures .............................................................................................................................................. VIII 

List of tables ...................................................................................................................................................... X 

List of abbreviations ........................................................................................................................................ XI 

List of symbols ............................................................................................................................................... XII 

Chapter Ⅰ Introduction & state of the art ............................................................................................................ 1 

Ⅰ.1. Background and motivation .................................................................................................................... 2 

Ⅰ.2. Problem statement ................................................................................................................................... 3 

Ⅰ.3. Objective of the study ............................................................................................................................. 4 

Ⅰ.4. Scope and limitations .............................................................................................................................. 4 

Ⅰ.5. State of the art in DFIG-based wind turbine control and power management ........................................ 5 

Ⅰ.5.1. DFIG-based wind turbines and control techniques .......................................................................... 5 

Ⅰ.5.2. Advanced control strategies ............................................................................................................. 5 

Ⅰ.5.3. AI-driven control for enhanced stability and efficiency .................................................................. 5 

Ⅰ.5.4. Wind farm power management ........................................................................................................ 5 

  Heuristic-based control approaches ................................................................................................. 5 

  Optimization-based control .............................................................................................................. 6 

  Advanced AI-based control algorithms............................................................................................ 6 

Ⅰ.5.5. Identified research gaps .................................................................................................................... 6 

Ⅰ.6. Structure of the thesis .............................................................................................................................. 7 

Chapter Ⅱ Modeling of DFIG-based wind turbine ............................................................................................ 8 

Ⅱ.1. Introduction ............................................................................................................................................ 9 

Ⅱ.2. Aerodynamic model ............................................................................................................................. 10 

Ⅱ.3. DFIG model and control system .......................................................................................................... 12 

Ⅱ.4. Simulation ............................................................................................................................................ 17 

Ⅱ.5. Conclusion ........................................................................................................................................... 20 

Chapter Ⅲ Classical & optimized PI controllers for wind turbine control ..................................................... 21 

Ⅲ.1. Introduction ........................................................................................................................................ 22 

Ⅲ.2. Classical PI Controller Design Using the Direct Synthesis Approach in the Frequency Domain ...... 22 

Ⅲ.2.1. Overiview of the Direct Synthesis Approach .............................................................................. 22 

Ⅲ.2.2. Methodology ................................................................................................................................ 23 

Ⅲ.2.3. Simulation results ........................................................................................................................ 25 

Ⅲ.3. Optimized PI controller ...................................................................................................................... 28 

Ⅲ.3.1. Overview of Optimization methods ............................................................................................. 28 

Ⅲ.3.2. Grey Wolf Optimization .............................................................................................................. 30 

Ⅲ.3.3. Genetic Algorithm ....................................................................................................................... 31 



VII 
 

Ⅲ.3.4. Particle Swarm Optimization ....................................................................................................... 33 

Ⅲ.3.5. Simulation results ........................................................................................................................ 35 

Ⅲ.3.5.1. Comparison of optimization methods response behavior ......................................................... 35 

Ⅲ.3.5.2. Comparison of classical PI (DSA) and optimized PI ................................................................ 38 

Ⅲ.4. Conclusion .......................................................................................................................................... 40 

Chapter Ⅳ Advanced control strategies for wind turbine control ................................................................... 42 

Ⅳ.1. Introduction ........................................................................................................................................ 43 

Ⅳ.2. Sliding Mode Control ......................................................................................................................... 44 

Ⅳ.2.1. Overview of the SMC .................................................................................................................. 44 

Ⅳ.2.2. Methodology ............................................................................................................................... 45 

Ⅳ.2.3. Simulation results ........................................................................................................................ 47 

Ⅳ.3. Hybrid Fuzzy Logic and Super Twisting Sliding Mode Control ....................................................... 50 

Ⅳ.3.1. Overview of Hybrid Fuzzy-STSMC ........................................................................................... 50 

Ⅳ.3.2. Fuzzy Logic Control .................................................................................................................... 51 

Ⅳ.3.3. Methodolgy ................................................................................................................................. 52 

Ⅳ.3.4. Simulation results ........................................................................................................................ 56 

Ⅳ.4. Artificial Neural Network .................................................................................................................. 59 

Ⅳ.4.1. Overview of ANN ....................................................................................................................... 59 

Ⅳ.4.2. Methodology ............................................................................................................................... 61 

Ⅳ.4.3. Simulation results ........................................................................................................................ 62 

Ⅳ.5. Conclusion .......................................................................................................................................... 65 

Chapter Ⅴ Wind farm power management ...................................................................................................... 66 

Ⅴ.1. Introduction ......................................................................................................................................... 67 

Ⅴ.2. Overview of the Novel Wind Farm Power Management Algorithm ................................................... 68 

Ⅴ.3. Methodology ........................................................................................................................................ 68 

Ⅴ.4. Simulation ............................................................................................................................................ 70 

Ⅴ.5. Simulation results ................................................................................................................................ 74 

Application example of the proposed algorithm ..................................................................................... 80 

Ⅴ.6. Conclusion ........................................................................................................................................... 81 

Chapter Ⅵ Conclusion & future work ............................................................................................................ 83 

Ⅵ.1. Conclusion .......................................................................................................................................... 84 

Ⅵ.2. Future work ........................................................................................................................................ 84 

References ....................................................................................................................................................... 86 

 
  



VIII 
 

Table of figures 

Fig. Ⅰ.1 Historic development of total installations 2001-2023 (GW). ............................................................. 2 
Fig. Ⅰ.2 New wind power capacity in 2023. ...................................................................................................... 2 
Fig. Ⅰ.3 Lagging growth in this decade leads to wind energy shortfalls by 2030. ............................................. 3 
Fig. Ⅱ.1 DFIG-based wind conversion system. ................................................................................................ 9 
Fig. Ⅱ.2 Betz limit. .......................................................................................................................................... 11 
Fig. Ⅱ.3 Power coefficient (𝐶𝑝) vs tip speed ratio (λ). ................................................................................... 12 
Fig. Ⅱ.4 Rotor and stator circuit represented by three-phase windings. ......................................................... 13 
Fig. Ⅱ.5 Stator and rotor representation by equivalent dq winding currents. ................................................. 13 
Fig. Ⅱ.6 Wind turbine model. ......................................................................................................................... 17 
Fig. Ⅱ.7 Representation of the Doubly-Fed Induction Generator (DFIG) in the dq Domain. ........................ 18 
Fig. Ⅱ.8 Estimator model. ............................................................................................................................... 18 
Fig. Ⅱ.9 Representation of the DFIG Controller Incorporating Rotor Voltage Compensation Model. .......... 19 
Fig. Ⅱ.10 Model of deriving 𝑖𝑞𝑟 ∗ from  𝑄𝑠 ∗. ............................................................................................... 19 
Fig. Ⅱ.11 Model of reference signal generation 𝑖𝑑𝑟 ∗. ................................................................................... 19 
Fig. Ⅱ.12 Coupling of the DFIG and the wind turbine. .................................................................................. 20 
Fig. Ⅱ.13 Speed-squared control model for wind turbine. .............................................................................. 20 
Fig. Ⅲ.1 Basic Structure of a PI Controller. .................................................................................................. 22 
Fig. Ⅲ.2 Step-by-Step process of the Direct Synthesis Approach for PI controller design. .......................... 23 
Fig. Ⅲ.3 Simulation of wind speed profile. ................................................................................................... 25 
Fig. Ⅲ.4 Rotor current response (q-axis). ...................................................................................................... 26 
Fig. Ⅲ.5 Rotor current response (d-axis). ...................................................................................................... 26 
Fig. Ⅲ.6 Stator reactive power dynamics. ...................................................................................................... 27 
Fig. Ⅲ.7 Stator active power dynamics. ......................................................................................................... 27 
Fig. Ⅲ.8 Flowchart of the general optimization algorithm. ........................................................................... 29 
Fig. Ⅲ.9 Wolf position updating pattern based on random vectors. .............................................................. 30 
Fig. Ⅲ.10 GWO algorithm. ............................................................................................................................ 31 
Fig. Ⅲ.11 The primary elements of a Genetic Algorithm. ............................................................................. 32 
Fig. Ⅲ.12 Genetic Algorithm. ........................................................................................................................ 33 
Fig. Ⅲ.13 The schematic illustration of a flight in the PSO . ......................................................................... 35 
Fig. Ⅲ.14 PSO algorithm. .............................................................................................................................. 35 
Fig. Ⅲ.15 Rotor current response (d-axis). .................................................................................................... 36 
Fig. Ⅲ.16 Stator active power dynamics. ....................................................................................................... 37 
Fig. Ⅲ.17 Rotor current response (q-axis). .................................................................................................... 37 
Fig. Ⅲ.18 Stator reactive power dynamics. .................................................................................................... 38 
Fig. Ⅲ.19 Rotor active power dynamics. ....................................................................................................... 39 
Fig. Ⅲ.20 Rotor reactive power dynamics. .................................................................................................... 39 
Fig. Ⅳ.1 Phase plane trajectory modes. ......................................................................................................... 44 
Fig. Ⅳ.2 Rotor current response (d-axis). ...................................................................................................... 47 
Fig. Ⅳ.3 Stator active power dynamics. ......................................................................................................... 48 
Fig. Ⅳ.4 Rotor current response (q-axis). ...................................................................................................... 48 
Fig. Ⅳ.5 Stator reactive power dynamics. ...................................................................................................... 49 
Fig. Ⅳ.6 Rotor active power dynamics. ......................................................................................................... 49 
Fig. Ⅳ.7 Fuzzy controller: Basic structure overview. .................................................................................... 52 
Fig. Ⅳ.8 Data Input for PI Controller ............................................................................................................. 53 
Fig. Ⅳ.9 Data output for PI Controller ........................................................................................................... 53 
Fig. Ⅳ.10 Input membership functions. ......................................................................................................... 54 
Fig. Ⅳ.11 Output membership functions. ...................................................................................................... 54 
Fig. Ⅳ.12 Rotor current d-axis response. ....................................................................................................... 56 
Fig. Ⅳ.13 Stator active power dynamics. ....................................................................................................... 57 
Fig. Ⅳ.14 Behavior of rotor current q-axis with a 100% variation in 𝑅𝑟, 60% in 𝐿𝑟, and 10% in 𝐿𝑚. ........ 57 
Fig. Ⅳ.15 Behavior of stator reactive power with a 100% variation in 𝑅𝑟, 60% in 𝐿𝑟, and 10% in 𝐿𝑚. ...... 58 
Fig. Ⅳ.16 ANN architecture featuring two inputs and a single output. ......................................................... 60 
Fig. Ⅳ.17 Rotor current (d-axis) response. .................................................................................................... 62 
Fig. Ⅳ.18 Stator active power dynamics. ....................................................................................................... 63 
Fig. Ⅳ.19 Rotor current (q-axis) response. .................................................................................................... 63 
Fig. Ⅳ.20 Stator reactive power dynamics. .................................................................................................... 64 



IX 
 

Fig. Ⅴ.1 Wind farm system with power management. .................................................................................... 68 
Fig. Ⅴ.2 Flowchart of the novel wind farm power management algorithm. ................................................... 70 
Fig. Ⅴ.3 Model of the new reference signal generation 𝑖𝑑𝑟 ∗. ........................................................................ 71 
Fig. Ⅴ.4 Simulink model of the process algorithm (For one turbine). ............................................................ 71 
Fig. Ⅴ.5 Bloc schema of the process algorithm (For one turbine). ................................................................. 71 
Fig. Ⅴ.6 Simulink model of redistribute surplus power. ................................................................................. 72 
Fig. Ⅴ.7 Bloc schema of redistribute surplus power. ...................................................................................... 72 
Fig. Ⅴ.8 Simulink model of the global power management. ........................................................................... 73 
Fig. Ⅴ.9 Bloc schema of the global power management. ................................................................................ 74 
Fig. Ⅴ.10 Wind speed profiles for each turbine in the simulation................................................................... 75 
Fig. Ⅴ.11 Power distribution comparison for each turbine using the novel algorithm and classical PI controller.

 ......................................................................................................................................................................... 76 
Fig. Ⅴ.12 Total stator active power output of wind farm using the novel algorithm and PI controller. ......... 77 
Fig. Ⅴ.13 Power distribution for each turbine using the novel algorithm after Turbine 2 break-down. ......... 79 
Fig. Ⅴ.14 Total wind farm power following Turbine 2 break-down. .............................................................. 80 
 

  



X 
 

List of tables 

Tab.Ⅱ.1 Parameters of the DFIG-based wind turbine system used for modeling and simulation.….……….16 

Tab.Ⅲ.1 Performance Comparison of Optimization-Based Control Methods …………………………...…36 

Tab.Ⅳ.1 Fuzzy rules …………………………………………………………………………………………56 

Tab.Ⅳ.2 Comparative Performance Analysis of SMC, STSMC, FLC, and HFSTSMC Control Strategies….60 

Tab.Ⅳ.3 Performance Comparison Between PI and ANN Controllers………………………………………66 

  



XI 
 

List of abbreviations 

COP26 26th Conference of the Parties 

GWEC Global Wind Energy Council 

WECS Wind Energy Conversion System 

CAGR Compound Annual Growth Rate 

FOC Field Oriented Control 

DTC Direct Torque Control 

DPC Direct Power Control 

MDP Model Predictive Control 

MAS Multi Agent Systems 

DFIG Doubly Fed Induction Generator 

AC Alternative Current 

DC Direct Current 

BEM Blade Element Momentum 

TSR Tip Speed Ratio 

PI Proportional Integral 

PSO Paricle Swarm Optimization 

GWO Grey Wolf Optimization 

GA Genetic Algorithm 

DSA Direct Synthesis Approach 

GE General Electric 

MPPT Maximum Power Point Tracking 

ITAE Integral Time Absolute Error 

AI Artificial Intelligence 

ML Machine Learning 

SMC Sliding Mode Control 

STSMC Super Twisting Sliding Mode Control 

FLC Fuzzy Logic Control 

ANN Artificial Neural Network 

NL Negative Large 

NM Negative Medium 

NS Negative Small 

ZE Zero Equal 

PS Positive Small 

PM Positive Medium 

PL Positive Large 

HFSTSMC Hybrid Fuzzy Super Twisting Sliding Mode Control 

MSE Mean Squared Error 

 

  



XII 
 

List of symbols 

𝐸 Kinetik energy 

𝑚 Mass of air 

𝑣 Wind speed 

𝜌 Air density 

𝑉 Volume of air 

𝑄 Volumetric flow rate 

𝑡 time 

A Swept area of the turbine blades 

𝑃𝑤 Power available from the wind 

𝑅 Radius of the rotor 

𝑃𝑡 Power extracted by the turbine 

𝐶𝑝 Power coefficient 

𝛽 Pitch angle 
𝜆 Tip speed ratio 
𝜔𝑚𝑒𝑐ℎ Rotational speed of the turbine blades in radians per second 
ω𝑚 Electrical rotational speed 
θ0 Initial angle by which rotor and stator coils are offset in electrical space 

θ𝑚 Angle between the rotor and stator axis 

θ𝑑𝑎 Angle between stator and d-axis 

θ𝑑𝐴 Angle between rotor and d-axis 

ω𝑑 Synchronous speed of the generator 
𝑣𝑎,𝑏,𝑐 Three phase voltage 

𝑣𝑑𝑠 Stator voltage in the d-axis 

𝑣𝑞𝑠 Stator voltage in the q-axis 

𝑣𝑑𝑟 Rotor voltage in the d-axis 

𝑣𝑞𝑟 Rotor voltage in the q-axis 

𝑖𝑑𝑠 Stator current in the d-axis 

𝑖𝑞𝑠 Stator current in the q-axis 

𝑖𝑑𝑟 Rotor current in the d-axis 

𝑖𝑞𝑟 Rotor current in the q-axis 

ϕ𝑑𝑠 Stator flux linkage in the d-axis 

ϕ𝑞𝑠 Stator flux linkage in the q-axis 

ϕ𝑑𝑟 Rotor flux linkage in the d-axis 

ϕ𝑞𝑟 Rotor flux linkage in the q-axis 

𝑅𝑟 Rotor resistance 

𝑅𝑠 Stator resistance 

𝐿𝑠 Stator leakage inductance 
𝐿𝑟 Rotor leakage inductance 

𝐿𝑚 Magnetising (mutual) inductance 

𝑓𝑠𝑦𝑛 Synchronous frequency 

𝑇𝑡𝑢𝑟𝑏 Turbine torque 
𝑇𝑒𝑚,𝑔𝑒𝑛 Electromagnetic torque 

𝐽𝑡𝑢𝑟𝑏 Turbine moment of inertia 
𝑃𝑠 Stator active power 
𝑄𝑠 Stator reactive power 
𝑃𝑟 Rotor active power 
𝑄𝑟 Rotor reactive power 



XIII 
 

𝜎 Sigma (Constant) 
𝑆 Parameter of complex frequency 
𝑣𝑑𝑟,𝑐𝑜𝑚𝑝 Rotor voltage compenstation part in the d-axis 

𝑣𝑞𝑟,𝑐𝑜𝑚𝑝 Rotor voltgae compenstation part in the q-axis 

𝑣𝑑𝑟
′  Rotor voltage control part in the d-axis 

𝑣𝑑𝑟
′  Rotor voltage control part in the q-axis 

𝑃 Number of poles 

𝑃(𝜃) Park matrix 
𝐶 Clarck Matrix 
𝐾𝑜𝑝𝑡 Optimal gain 

𝐾𝑝 Proportional gain 

𝐾𝑖 Integral gain 
Gol Open loop transfer function 

PM Phase margin 

ωc Crossover frequency 
𝑗 Imaginary unit 
𝑋𝛼,𝛽,𝛿 Position of alpha, beta and delta wolves 

𝑋𝑝 Postion of prey 

𝑣𝑖 Velocity of particle 𝑖 
𝑥𝑖 Position of particle 𝑖 
𝑃𝑏𝑒𝑠𝑡 Persona; best position of particle 𝑖 
𝐺𝑏𝑒𝑠𝑡 Global best position among all particles 
𝑆(𝑥) Sliding surface 
𝑆𝑖𝑔𝑛(𝑥) Signum function 
𝑢𝑠𝑤 Switching control 
𝑢𝑒𝑞 Equivalent control 

𝑉(𝑥) Lyapunov function 

𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 Stator active power can generate by each turbine in wind farm 

𝑃𝑠,𝑟𝑒𝑓 Total grid power required 

𝑃𝑠,𝑡𝑎𝑟𝑔𝑒𝑡 Target power output per turbine 

𝑛 Number of tubines wind farm 

𝑃𝑠,𝑖 Redistributed power for tubines 

𝑟𝑎𝑡𝑖𝑜𝑖 Power generation ratio 

𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟 Cumulative deficit 

𝑆𝑢𝑚𝑜𝑣𝑒𝑟 Surplus generation capacity 

 

  



1 
 

Chapter Ⅰ 

Introduction & state of the art 

 



Chapter Ⅰ Introduction & state of the art 

2 
 

Ⅰ.1. Background and motivation 

 The urgent need for transitioning to renewable energy has been underscored by recent 

environmental, political, and economic challenges. The year 2023 highlighted this imperative 

as the wind industry expanded significantly, adding over 116.6 GW of new global wind 

capacity and bringing the total installed capacity to 1021 GW, marking a 11% growth from 

2020 (as shown in in Figure Ⅰ.1 and in Figure Ⅰ.2) [1]. This growth reflects the increasing 

recognition of wind energy's crucial role in achieving climate goals, particularly as 

international negotiations around climate change, such as COP26, emphasize the goal of 

limiting global warming to 1.5°C [1], [2]. 

 
Fig. Ⅰ.1 Historic development of total installations 2001-2023 (GW) [1]. 

 
Fig. Ⅰ.2 New wind power capacity in 2023 [2]. 

Despite progress, the expansion rate of wind energy installations remains insufficient 

to meet global climate targets. For instance, according to the Global Wind Energy Council 

(GWEC), by 2030, we may fall short of the necessary wind energy capacity to maintain a 1.5°C 

trajectory, achieving only 64% of required installations at current growth rates. As seen in 

Figure Ⅰ.3, projections indicate a need for a fourfold increase in annual installations to meet 

these goals. The impact of this shortfall is not limited to climate change; it also affects energy 

security, as underscored by events like Russia's invasion of Ukraine in 2022, which exposed 

the vulnerabilities tied to fossil fuel dependence and the geopolitical risks it entails. 
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Fig. Ⅰ.3 Decadal growth slowdown results in projected wind energy deficits by 2030 [2]. 

With increasing demands for sustainable and resilient energy sources, wind energy has 

emerged as a leading solution. The reliance on Doubly Fed Induction Generators (DFIGs) in 

wind turbines has gained traction due to their ability to provide efficient active and reactive 

power control, which is vital for grid stability. The enhanced control capabilities of DFIGs 

enable wind farms to contribute more effectively to grid reliability, positioning them as 

essential components in modern renewable energy systems [3], [4], [5], [6]. This thesis focuses 

on addressing challenges in power management for wind farms, with the specific aim of 

leveraging artificial intelligence to improve the control systems governing DFIG-based 

turbines. 

Wind energy, however, faces obstacles such as supply chain limitations, regulatory 

inconsistencies, and high initial costs, which can hinder its deployment and sustainability. As 

the wind energy industry scales, overcoming these challenges through innovative approaches, 

such as AI-driven control strategies, becomes essential. These approaches have the potential to 

optimize turbine performance, enhance stability, and contribute to the goal of a carbon-neutral 

energy grid, laying the foundation for future research in intelligent wind farm management. 

Ⅰ.2. Problem statement 

 The increasing global adoption of wind energy as a renewable energy source brings 

with it significant challenges, particularly in the control and optimization of wind turbines and 

wind farms. Traditional control methods, such as the Proportional-Integral (PI) controller, are 

widely used due to their simplicity and effectiveness in basic scenarios. However, these 

methods exhibit limitations when faced with the complex dynamics of wind energy systems, 

particularly the nonlinearities, parameter uncertainties, and highly variable wind conditions 

inherent in real-world environments. The conventional PI controller, for instance, struggles to 

adapt dynamically to the fluctuations in wind speed and cannot sufficiently address the needs 

of grid stability and efficient power output [7], [8]. 

The existing literature highlights a range of methods that attempt to address these 

challenges, yet many lack the robustness needed for the real-time control and optimization of 

wind energy systems. While some studies explore advanced control strategies, such as Sliding 

Mode Control (SMC) or Fuzzy Logic Control (FLC), there is still a noticeable gap in 
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comprehensive approaches that leverage Artificial Intelligence (AI) to improve wind turbine 

and wind farm performance under a broad range of operational conditions. Particularly, the 

integration of AI techniques—such as Neural Networks, optimized control through 

metaheuristics, and hybrid control methods—into wind energy systems remains 

underexplored, despite its potential to enhance adaptability, accuracy, and resilience [6], [9], 

[10], [11], [12], [13], [14], [15], [16]. 

Furthermore, one of the most critical challenges lies in maintaining grid stability while 

optimizing turbine performance. Wind energy systems must align with strict grid requirements, 

adjusting dynamically to meet demand while minimizing the impact of variable wind speeds 

on power output. However, conventional control approaches often result in inefficiencies, such 

as oscillations or steady-state errors, which compromise both grid stability and turbine lifespan. 

Thus, there is an urgent need for control strategies that not only improve the precision and 

responsiveness of individual turbines but also coordinate power distribution effectively across 

wind farms, ensuring a stable and reliable energy supply to the grid. 

This thesis addresses these limitations by developing advanced control strategies that 

integrate AI techniques to manage the complexities of wind turbine systems. The proposed 

approach aims to enhance the stability and efficiency of DFIG-based wind turbines and support 

effective wind farm management, contributing to the ongoing transition to renewable energy 

and a more sustainable power grid. 

Ⅰ.3. Objective of the study 

 The primary objectives of this study are as follows: 

• Optimize the stator power control of a DFIG-based wind turbine to improve energy 

capture and maintain operational stability. 

• Develop and implement AI-based control strategies tailored for wind turbines to 

enhance their adaptability and efficiency under fluctuating wind conditions. 

• Evaluate and compare the performance of these AI-driven control techniques against 

traditional methods, such as PI controllers, to highlight advancements in precision, 

responsiveness, and reliability under variable environmental conditions. 

• Design and apply a novel algorithm for power management across a wind farm, 

ensuring stable power output to the grid through effective redistribution of power 

among turbines. 

Ⅰ.4. Scope and limitations 

 This thesis primarily focuses on the control and management of Doubly-Fed Induction 

Generator (DFIG)-based wind turbines, aiming to enhance the efficiency and stability of these 

systems within wind farms. The study explores the application of Artificial Intelligence (AI) 

techniques, specifically using methods such as Artificial Neural Networks (ANN), Fuzzy 

Logic, and hybrid controllers, to improve turbine performance under variable and often 

challenging wind conditions. Additionally, it addresses wind farm power management, 

particularly through the redistribution of power among individual turbines to ensure consistent 

grid supply and optimal utilization of available resources. 

However, this research has several limitations. The control strategies and algorithms 

developed are validated through simulations rather than real-world implementation, as 

practical testing remains beyond the scope of this study. Additionally, due to the absence of 

modern hardware, the work is restricted to specific control strategies, focusing on AI-driven 

and hybrid approaches while excluding other potential control methods. This limitation is 

driven by the constraints of current laboratory resources and the need to prioritize selected 

advanced control techniques. 
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Ⅰ.5. State of the art in DFIG-based wind turbine control and power management 

Ⅰ.5.1. DFIG-based wind turbines and control techniques 

 DFIG-based wind turbines are popular in variable-speed wind energy applications 

because of their ability to decouple active and reactive power, enhancing grid stability and 

power quality. Conventional control methods, such as Proportional-Integral (PI) controllers, 

have historically been applied to regulate these power flows. PI control, however, often 

struggles with non-linearities inherent in wind energy conversion systems (WECS) and 

fluctuating wind speeds [17]. To overcome these limitations, advanced control strategies have 

been developed, focusing on robustness, efficiency, and adaptability to changing conditions. 

Ⅰ.5.2. Advanced control strategies 

 Studies have introduced several non-linear control techniques to improve WECS 

performance, including Field-Oriented Control (FOC), Direct Torque Control (DTC), and 

Direct Power Control (DPC) [18], [19], [20], [21]. While FOC offers precision, it requires 

complex coordinate transformations, making it parameter-dependent and less robust to 

disturbances. DTC and DPC provide faster responses but can introduce high torque ripples and 

non-constant switching frequencies, affecting stability and efficiency. As a result, researchers 

have integrated AI-based controllers, including fuzzy logic and neural networks, to address 

these limitations. 

Ⅰ.5.3. AI-driven control for enhanced stability and efficiency 

 AI techniques like fuzzy logic control (FLC) and artificial neural networks (ANN) have 

shown promise in improving the robustness of DFIG control. FLC is particularly effective in 

handling parameter variations and uncertainties, providing stable power outputs under 

fluctuating wind conditions. ANN-based Direct Power Control (DPC) further enhances DFIG 

performance by learning optimal control actions, improving power decoupling and minimizing 

parameter dependencies [22], [23], [24]. 

 Hybrid approaches combining traditional and AI-based control have been developed to 

balance precision and robustness. For example, fuzzy-PI and sliding mode controllers (SMC) 

are often used for handling rapid wind variations and grid faults [25], [26], [27]. These hybrid 

controllers offer greater stability and faster convergence than standalone PI or SMC methods, 

especially under grid disturbances. 

Ⅰ.5.4. Wind farm power management 

 The management of wind farm power has evolved significantly to address grid stability 

challenges and optimize energy output. Conventional centralized control methods are 

increasingly being supplemented by distributed and adaptive control algorithms. These 

methodologies fall into three main categories: heuristic-based approaches, optimization-driven 

methods, and advanced AI-based strategies. 

• Heuristic-based control approaches 

Rule-based and heuristic control methods rely on predefined decision-making 

frameworks. Traditional decision-tree-based controllers and lookup tables offer 

simplicity and computational efficiency but struggle to adapt to rapidly changing 

wind conditions. Fuzzy logic controllers improve flexibility by dynamically 

adjusting control responses based on turbine performance and environmental 

conditions. Expert systems further enhance decision-tree controllers by 

incorporating rule-based inference mechanisms [4], [28]. However, these heuristic 

methods are limited by their dependence on predefined knowledge bases, making 

them less effective in nonstationary wind environments. 
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• Optimization-based control 

Optimization-based control methods use mathematical models to determine the best 

power dispatch strategies. These approaches include linear, nonlinear, and mixed-

integer programming techniques aimed at minimizing power losses and maintaining 

grid stability [29]. Constraints such as wake effects, voltage regulation, and turbine 

lifespan must be considered. 

Genetic Algorithms (GA) apply evolutionary principles to optimize turbine 

coordination and power dispatch. While effective, GA requires significant 

computational resources due to iterative solution refinement. Particle Swarm 

Optimization (PSO) offers an alternative inspired by swarm intelligence, adjusting 

turbine control parameters dynamically. Distributed PSO further enhances 

scalability by segmenting wind farms for localized optimization [30]. Although 

PSO is computationally less demanding than GA, its convergence depends on 

careful parameter tuning and real-time adaptability. 

Optimization strategies must also consider regulatory requirements, such as reactive 

power compensation and frequency response mandates [4], [31]. Studies have 

demonstrated that optimization-based control enhances power dispatch accuracy, 

but real-time computational efficiency remains a challenge [32]. 

• Advanced AI-based control algorithms 

Model Predictive Control (MPC) and Distributed MPC (DMPC) are key techniques 

for wind farm power management, allowing real-time forecasting and dynamic 

power dispatch adjustments. These methods effectively reduce wake losses and 

improve energy efficiency [33]. MPC’s ability to handle constraints within a multi-

objective framework enhances its adaptability to fluctuating wind conditions [4], 

[34]. 

PI controllers remain essential at the turbine level for managing active and reactive 

power, providing a simple yet effective solution for stabilizing power fluctuations. 

Despite their lack of adaptability compared to MPC and AI-based methods, they 

complement predictive control frameworks by ensuring responsive regulation. 

Artificial Neural Networks (ANNs) offer another advanced approach, modeling 

nonlinear interactions within wind farms to predict turbine behavior under varying 

wind conditions [35]. Deep Reinforcement Learning (DRL) builds upon ANN-

based control by enabling autonomous learning and policy optimization in complex 

environments. DRL continuously adapts power dispatch to maximize energy output 

while maintaining grid stability [36]. 

Multi-Agent Systems (MAS) leverage AI to coordinate turbine responses 

dynamically, redistributing power based on wind fluctuations and underperforming 

turbines [37]. These methods enhance operational efficiency by minimizing 

oscillations and optimizing total power output. 

Each control strategy presents trade-offs in computational complexity, adaptability, and 

regulatory compliance. Heuristic approaches offer low computational costs but lack 

responsiveness to dynamic conditions. Optimization-based techniques improve grid integration 

and energy efficiency but require significant computational power. AI-driven methods, such as 

MPC and DRL, provide superior adaptability and predictive capabilities but demand extensive 

computing resources. 

Ⅰ.5.5. Identified research gaps 

 Current literature reveals several gaps: 

• Integration of AI with classical control: Although hybrid AI-classical controllers show 

improved performance, their scalability and adaptability to larger wind farms remain 
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limited. More research is needed to fully integrate AI models with classical techniques 

for both local and distributed control 

• Stator power optimization: Effective stator power management remains challenging 

due to the limitations of conventional control in the presence of grid disturbances and 

variable wind speeds. AI-based control strategies focused on optimizing stator power 

in DFIG systems are underexplored, leaving room for novel approaches. 

• Robust distributed control for wind farms: While centralized control methods are 

commonly used, distributed AI-based control remains a less investigated area. Research 

is required to develop scalable, distributed algorithms that can dynamically manage 

power across multiple turbines to ensure grid stability in real time. 

 This state of the art review underscores the need for advanced AI-based control 

solutions in DFIG wind turbines and wind farm power management. The proposed research 

aims to fill these gaps by developing novel AI-enhanced controllers and power management 

algorithms that optimize wind turbine output and ensure reliable integration into the grid under 

varying conditions. 

Ⅰ.6. Structure of the thesis 

 This thesis is structured to progressively develop and analyze advanced control and 

management solutions for DFIG-based wind turbines and wind farms, with a focus on AI 

integration. 

Chapter Ⅰ: provides an introduction to the research problem, objectives, scope, and 

significance of the study, alongside a summary of relevant literature in renewable energy 

systems, conventional and AI-enhanced control strategies, and wind farm power management. 

Chapter Ⅱ: investigates into the theoretical foundations of wind turbine modeling and control 

techniques, covering aerodynamic modeling, the dynamics of Doubly Fed Induction 

Generators (DFIG), and key control methodologies. This chapter sets the groundwork for the 

control strategies examined in later sections. 

Chapter Ⅲ: addresses the design, implementation, and optimization of Proportional-Integral 

(PI) controllers for wind turbine control. It includes an analysis of PI control performance and 

introduces optimization techniques aimed at improving response accuracy and adaptability in 

variable wind conditions. 

Chapter Ⅳ: explores advanced control strategies incorporating AI-based methods such as 

fuzzy logic, artificial neural networks (ANN), and hybrid control approaches. Each technique 

is evaluated based on its potential to handle non-linearities and improve system robustness, 

focusing on stator power control within DFIG systems. 

Chapter Ⅴ: shifts the focus to wind farm power management, detailing the development and 

implementation of novel algorithms designed to dynamically allocate power across multiple 

turbines. This chapter includes simulations and comparisons of AI-driven power management 

with traditional methods to assess grid stability and efficiency under fluctuating wind 

conditions. 

Chapter Ⅵ: concludes the thesis with a summary of key findings, implications, and 

contributions, and outlines potential directions for future research, particularly in real-world 

applications and further AI integrations in wind energy systems. 

This structure is designed to offer a comprehensive examination of AI-enhanced control 

and power management strategies for DFIG-based wind turbines, advancing the field of 

renewable energy control systems. 
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Ⅱ.1. Introduction 

 The integration of wind energy into the global energy mix has seen significant advancements, 

with technologies continually evolving to maximize efficiency and reliability [38]. A crucial 

component of this progress is the accurate modeling of wind turbine systems, particularly those based 

on Doubly Fed Induction Generators (DFIG) [39]. This chapter focuses on the detailed modeling of 

both the aerodynamic aspects of wind turbines and the electrical dynamics of DFIG systems. 

Wind energy stands out as a promising renewable resource due to its abundance and sustainability. 

To harness this energy efficiently, modern wind turbines are equipped with sophisticated technologies 

designed to optimize performance under varying wind conditions. Among these technologies, the 

DFIG has gained prominence for its ability to offer flexible control over active and reactive power, 

thus enhancing the stability and efficiency of wind power generation [40]. As shown in Figure. Ⅱ.1, 
the wind energy system comprises various components that work together to convert wind energy 

into electrical power effectively. 

Rotor

Stator

Wind

Turbine

Pitch 

angle β 

Drive 

train
Doubly Fed Induction 

Generator

Three-phase

Grid

AC/DC/AC Converter
AC

DC
AC

Control

 
Fig. Ⅱ.1 Wind energy conversion system based on DFIG [41]. 

The aerodynamic modeling of wind turbines is fundamental to understanding how wind 

energy is converted into mechanical power. This involves a comprehensive analysis of the 

interactions between the wind and the turbine blades. The aerodynamic forces acting on the blades, 

such as lift and drag, are pivotal in determining the amount of energy that can be captured from the 

wind. Accurate aerodynamic models incorporate factors such as blade geometry, wind speed, and 

atmospheric conditions to predict the performance of the turbine and optimize its design [39], [40], 

[42]. 

Blade Element Momentum (BEM) theory is one of the primary methods used in aerodynamic 

modeling. It combines the principles of blade element theory and momentum theory to provide a 

detailed understanding of the forces acting on each blade segment. This approach allows for the 

precise calculation of power output and helps in the design of blades that can efficiently capture wind 

energy. Additionally, advanced aerodynamic models account for the effects of turbulence and wind 

shear, which are critical for ensuring the structural integrity and performance of the turbine under 

real-world conditions [43]. 

On the electrical side, the modeling of DFIG systems is equally complex and essential for effective 

wind turbine operation. The DFIG technology allows for variable speed operation, which is crucial 

for maximizing energy capture from fluctuating wind speeds. The DFIG system consists of a wound 

rotor induction generator with slip rings connected to a partial-scale power converter. This setup 

enables the control of rotor currents, providing the ability to independently control active and reactive 

power [44]. 

The mathematical modeling of DFIG systems involves representing the generator’s electrical 

dynamics using differential equations. These equations describe the relationships between the rotor 

speed, electrical frequencies, and the power exchanged with the grid. By understanding these 
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dynamics, engineers can optimize the performance of DFIG-based wind turbines and ensure their 

reliable operation [45], [46]. 

In summary, the modeling of aerodynamic and DFIG systems is a critical aspect of modern wind 

turbine technology. By developing accurate and detailed models, engineers can design and control 

wind turbines that maximize energy capture, ensure grid stability, and withstand the challenges posed 

by varying wind conditions. This chapter provides an in-depth exploration of the methodologies and 

principles underlying the modeling of these systems, laying the groundwork for advanced research 

and development in the field of wind energy. 

Ⅱ.2. Aerodynamic model 

 The aerodynamic model of a wind turbine is fundamental in understanding the conversion of 

wind energy into mechanical power. Accurate aerodynamic modeling is essential for predicting the 

performance of wind turbines under varying environmental conditions, such as wind speed, 

turbulence, and atmospheric density. This section delves into the key aerodynamic principles 

governing the interaction between wind and turbine blades, which ultimately dictates the efficiency 

of energy capture. 

To maximize the energy extracted from the wind, modern wind turbines rely on advanced 

aerodynamic designs that optimize blade geometry and account for dynamic factors like wind shear 

and turbulence. Blade Element Momentum (BEM) theory plays a critical role in this modeling, 

combining the physics of blade aerodynamics with momentum conservation to compute the forces 

acting on individual blade elements. By applying this method, The power output can be estimated, 

and the optimal conditions for turbine operation can be predicted [47], [48]. 

This section will also introduce key parameters such as the power coefficient 𝐶𝑝, tip speed ratio 𝜆 and 

pitch angle 𝛽, which are crucial in determining the turbine's efficiency. These aerodynamic concepts 

will provide a comprehensive framework for simulating the energy conversion process, forming the 

foundation for the overall performance analysis of the wind turbine system [49], [50], [51]. 

The kinetic energy of wind can be calculated using the following formula: 

𝐸 =
1

2
𝑚𝑣2       (Ⅱ-1) 

Where: 𝐸is the kinetic energy (Joule), 𝑚 is the mass of air (Kg) and 𝑣 is the wind speed (m/s). 

Knowing that: 

𝑚 = 𝜌𝑉       (Ⅱ-2) 

where 𝜌 is the air density (approximately 1.225 kg/m³ at sea level) and 𝑉 is the volume of air. 

and from the volumetric flow rate: 

𝑄 =
𝑉

𝑡
= 𝐴𝑣       (Ⅱ-3) 

Where 𝑄 is the volumetric flow rate (𝑚3/𝑠), t time (second) and 𝐴 is the swept area of the turbine 

blades. 

Solving for 𝑉 from Eq.(Ⅱ-3) and substituting it into Eq.(Ⅱ-1) yields: 

𝐸 =
1

2
𝜌𝐴𝑣3𝑡       (Ⅱ-4) 

Knowing that 𝐸 = 𝑃. 𝑡 and 𝐴 = 𝜋𝑅2, where P represents the power, 𝑅 is the radius of the rotor, and 

incorporating Eq.(Ⅱ-4), the available wind power is determined as follows: 

𝑃𝑤 =
1

2
𝜌𝐴𝑣1

3 =
1

2
𝜌𝜋𝑅2𝑣1

3     (Ⅱ-5) 

The mass of moving air with density 𝜌 passing through the surface 𝑆 of the blades in one second is 

given by: 

𝑚 =
1

2
𝜌𝐴(𝑣1 + 𝑣2)      (Ⅱ-6) 

The power extracted by the turbine is the difference between the kinetic energy of the wind before 

and after passing through the turbine: 

𝑃𝑡 =
1

2
𝑚(𝑣1

2 − 𝑣2
2)      (Ⅱ-7) 
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By applying Eq.(Ⅱ-6), the following expression is obtained: 

𝑃𝑡 =
1

4
𝜌𝐴(𝑣1 + 𝑣2)(𝑣1

2 − 𝑣2
2)      (Ⅱ-8) 

The power coefficient 𝐶𝑝  is the ratio of the power extracted by the turbine to the total power available 

in the wind: 

𝐶𝑝 =
𝑃𝑡

𝑃𝑤
=

1

2

(𝑣1+𝑣2)(𝑣1
2−𝑣2

2)

𝑣1
3 =

1

2
(1 +

𝑣2

𝑣1
−

𝑣2
2

𝑣1
2 −

𝑣2
3

𝑣1
3)   (Ⅱ-9) 

By applying well-known algebraic identities, the following expression is derived: 

𝐶𝑝 =
1

2
(1 +

𝑣2

𝑣1
)(1 − (

𝑣2

𝑣1
)
2

)     (Ⅱ-10) 

Utilizing the derivative of 𝐶𝑝 and setting it to zero to find the critical point, the maximum achievable 

power coefficient, 𝐶𝑝𝑚𝑎𝑥, is found to be approximately 0.593. This value represents the Betz limit, 

indicating that no wind turbine can capture more than 59.3% of the kinetic energy available in the 

wind [52]. 

 
Fig. Ⅱ.2 Betz limit [52]. 

This limit is never actually reached. In practice, the maximum 𝐶𝑝 is 0.48 with a three-blade 

turbine. 

The power coefficient 𝐶𝑝 can be expressed as a function of the pitch angle 𝛽 and tip speed ratio 𝜆. 

The tip speed ratio 𝜆 is the ratio of the speed of the blade tips to the speed of the wind. The power 

coefficient and the TSR are expressed as [17]: 

𝐶𝑝(𝛽, 𝜆) = C1 (
𝐶2

𝜆𝑖
− 𝐶3𝛽 − 𝐶4) 𝑒

C5
λi + 𝐶6𝜆, 𝜆 =

𝑅𝜔𝑚𝑒𝑐ℎ

𝑣
, 
1

λi
=

1

λ+0.08β
−

0.035

β3+1
  (Ⅱ-11) 

Where 𝐶1, 𝐶2, . . , 𝐶6 are constants that depend on the specific wind turbine design. In our system these 

constants are 0.52, 116, 0.4, 5, 21 and 0.0068 respectively, and 𝜔𝑚𝑒𝑐ℎ is the rotational speed of the 

turbine blades in radians per second, 𝑣 is the wind speed. 
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From Eq.( Ⅱ-9), the following expression is obtained: 

𝑃𝑡 =
1

2
𝐶𝑝(𝛽, 𝜆)𝜌𝐴𝑣1

3 =
1

2
𝐶𝑝(𝛽, 𝜆)𝜌𝜋𝑅

2𝑣1
3    (Ⅱ-12) 

Figure Ⅱ.3 illustrates the relationship between the power coefficient 𝐶𝑝 and the tip speed ratio 𝜆 for 

various pitch angle 𝛽. The graph indicates that an increase in 𝛽 leads to a reduction in 𝐶𝑝, thereby 

decreasing the generated power. The maximum power coefficient, 𝐶𝑝 = 0.39, is achieved at 𝜆 =

9.886 when 𝛽 = 0. To achieve optimal performance, the system must regulate the rotational speed 

to maintain 𝜆 at its optimal value (𝜆𝑜𝑝𝑡), ensuring maximum 𝐶𝑝, as shown in Figure Ⅱ.3, The optimal 

power can be determined using the following equation: 

𝑃𝑡
∗ =

1

2
𝐶𝑝𝑚𝑎𝑥(𝛽, 𝜆𝑜𝑝𝑡)𝜌𝜋𝑅

2𝑣1
3     (Ⅱ-13) 

 
Fig. Ⅱ.3 Power coefficient (𝐶𝑝) vs tip speed ratio (λ) [6]. 

Ⅱ.3. DFIG model and control system 

 The Doubly Fed Induction Generator (DFIG) is a key technology in modern wind turbines, 

valued for its efficiency and flexibility in controlling active and reactive power. This section provides 

a detailed model of the DFIG, covering its electrical and mechanical dynamics. Understanding the 

DFIG model is crucial for enhancing energy capture and ensuring stable integration into the power 

grid [53], [54]. 

The DFIG system consists of a wound rotor induction generator connected to the grid via both the 

stator and rotor windings. The rotor winding is connected to the grid through a back-to-back 

converter, which allows for variable speed operation and independent control of active and reactive 

power. The stator is directly connected to the grid, providing a path for power transfer [55], [56], 

[57], [58]. 

The following are some advantages of employing a DFIG in wind applications: 

1. The turbine’s speed can be adjusted across a broad range, allowing it to operate at its optimal 

power coefficient 𝐶𝑝. 

2. The stator is connected directly to the electrical grid, while the rotor is powered through power 

electronics that typically account for around 30% of the turbine’s rated power. 

3. The reactive power supplied to the rotor is controllable and it is amplified on the stator-side. 

A major drawback of DFIGs is the need for regular maintenance of the slip rings and brushes. 

Figure Ⅱ.4 illustrates the rotor and stator circuits of a DFIG, depicted with three-phase windings. This 

representation helps in understanding the electrical interactions between the rotor and stator. It also 
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highlights the arrangement and connection of the windings essential for DFIG operation., where 

Figure Ⅱ.5 illustrates the stator and rotor representation by equivalent dq winding currents. This 

representation simplifies the analysis and control of the DFIG by transforming the three-phase stator 

and rotor quantities into the dq reference frame using Park transformation. This transformation allows 

for more straightforward modeling of the dynamic behavior of the DFIG, making it easier to 

implement advanced control strategies for optimal performance and stability in wind energy 

applications. 

 
Fig. Ⅱ.4 Rotor and stator circuit represented by three-phase windings [45]. 

 
Fig. Ⅱ.5 Stator and rotor representation by equivalent dq winding currents [45]. 

The DFIG model is developed based on the following assumptions [17]: 

- The air gap is dispersed evenly. 

- windage losses, friction and Eddy currentsare all negligible. 

- The windings on the stator and rotor are the same. 

- Under unsaturated magnetic field conditions, the induction machine functions. 

- Magnetic linearity is demonstrated via the induction generator. 

- A balanced three-phase sinusoidal voltage from the power grid powers the stator. 

- The rotor voltage is controllable through power electronics. 

- Leakage resistances and inductances from the stator and rotor are negligible and may be 

disregarded. 

The mathematical modeling of the DFIG involves the following key components: 

• Electrical equations 

𝑣𝑑𝑠 = 𝑅𝑠𝑖𝑑𝑠 +
𝑑

𝑑𝑡
ϕ𝑑𝑠 − 𝜔𝑑ϕ𝑞𝑠      (Ⅱ-14) 
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𝑣𝑞𝑠 = 𝑅𝑠𝑖𝑞𝑠 +
𝑑

𝑑𝑡
ϕ𝑞𝑠 + 𝜔𝑑ϕ𝑑𝑠    (Ⅱ-15) 

𝑣𝑑𝑟 = 𝑅𝑟𝑖𝑑𝑟 +
𝑑

𝑑𝑡
ϕ𝑑𝑟 − 𝜔𝑑𝐴ϕ𝑞𝑟    (Ⅱ-16) 

𝑣𝑞𝑟 = 𝑅𝑟𝑖𝑞𝑟 +
𝑑

𝑑𝑡
ϕ𝑞𝑟 + 𝜔𝑑𝐴ϕ𝑑𝑟    (Ⅱ-17) 

 

• Magentic equations 

𝜙𝑑𝑠 = 𝐿𝑠𝑖𝑑𝑠 + 𝐿𝑚𝑖𝑑𝑟     (Ⅱ-18) 

     𝜙𝑞𝑠 = 𝐿𝑠𝑖𝑞𝑠 + 𝐿𝑚𝑖𝑞𝑟         (Ⅱ-19) 

𝜙𝑑𝑟 = 𝐿𝑟𝑖𝑑𝑟 + 𝐿𝑚𝑖𝑑𝑠      (Ⅱ-20) 

𝜙𝑞𝑟 = 𝐿𝑟𝑖𝑞𝑟 + 𝐿𝑚𝑖𝑞𝑠      (Ⅱ-21) 

• Angular equations 

The intersection angle 𝜃𝑚 between the a-axis and A-axis, measured in radians, is given by: 

𝜃𝑑𝐴 = 𝜃𝑑𝑎 − 𝜃𝑚      (Ⅱ-22) 
𝑑

𝑑𝑡
𝜃𝑑𝐴 = 𝜔𝑑𝐴      (Ⅱ-23) 

    𝜃𝑚 = ∫𝜔𝑚(𝑡)𝑑𝑡 + 𝜃0              (Ⅱ-24) 

Here ω𝑚 represents the electrical rotational speed, while θ0 denotes the initial angular offset between 

the rotor and stator coils in electrical space. From Eq.(Ⅱ-22), and considering that 𝜔𝑑 =
𝑑θ𝑑𝑎

𝑑𝑡
, the 

relationship can be expressed accordingly. 

    𝜔𝑑 = 𝜔𝑑𝐴 + 𝜔𝑚         (Ⅱ-25) 

The angle 𝜃𝑑𝑎 can be calculated using Clark transformation, which converts (𝑣𝑎, 𝑣𝑏 , 𝑣𝑐) into (𝑣α, 𝑣β) 

  𝜃𝑑𝑎 = tan−1
𝑣𝛼

𝑣𝛽
       (Ⅱ-26) 

and           𝜔𝑑 = 𝜔𝑠𝑦𝑛 =  2𝜋𝑓𝑠𝑦𝑛            (Ⅱ-27) 

The mechanical angular acceleration of the wind turbine is described by: 

             
𝑑𝜔𝑚𝑒𝑐ℎ

𝑑𝑡
=

𝑇𝑡𝑢𝑟𝑏−𝑇𝑒𝑚,𝑔𝑒𝑛

𝐽𝑡𝑢𝑟𝑏
            (Ⅱ-28) 

where ω𝑚𝑒𝑐ℎ refers to the rotational speed of the wind turbine in mechanical terms, 𝑇𝑡𝑢𝑟𝑏 represents 

the torque produced by the wind turbine. The term 𝑇𝑒𝑚,𝑔𝑒𝑛 denotes the electromagnetic torque 

generated by the combination of the wind turbine and the generator. Additionally, 𝐽𝑡𝑢𝑟𝑏 signifies the 

moment of inertia associated with the system that includes both the wind turbine and the integrated 

generator. 

Since 𝜔𝑚 =
𝑃

2
𝜔𝑚𝑒𝑐ℎ where P represents the number of poles, the angular acceleration equation can 

be derived as follows: 
𝑑𝜔𝑚

𝑑𝑡
=

𝑃

2

𝑇𝑡𝑢𝑟𝑏−𝑇𝑒𝑚,𝑔𝑒𝑛

𝐽𝑡𝑢𝑟𝑏
     (Ⅱ-29) 

• Torque equation 

The expression for the electromagnetic torque is given by: 

𝑇𝑒𝑚 =
𝑃

2
𝐿𝑚(𝜙𝑞𝑟𝑖𝑑𝑟 − 𝜙𝑑𝑟𝑖𝑞𝑟)    (Ⅱ-30) 

• Power equation 

𝑃𝑠 = 𝑣𝑑𝑠𝑖𝑑𝑠 + 𝑣𝑞𝑠𝑖𝑞𝑠     (Ⅱ-31) 

𝑄𝑠 = 𝑣𝑞𝑠𝑖𝑑𝑠 − 𝑣𝑑𝑠𝑖𝑞𝑠     (Ⅱ-32) 

𝑃𝑟 = 𝑣𝑑𝑟𝑖𝑑𝑟 + 𝑣𝑞𝑟𝑖𝑞𝑟     (Ⅱ-33) 

𝑄𝑟 = 𝑣𝑞𝑟𝑖𝑑𝑟 + 𝑣𝑑𝑟𝑖𝑞𝑟     (Ⅱ-34) 

From Eq.(Ⅱ-18) to Eq.(Ⅱ-21) 
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[
 
 
 
𝜙𝑑𝑠

𝜙𝑞𝑠
𝜙𝑑𝑟

𝜙𝑞𝑟]
 
 
 

= [

𝐿𝑠 0 𝐿𝑚 0

0 𝐿𝑠 0 𝐿𝑚
𝐿𝑚
0

0
𝐿𝑚

𝐿𝑟 0
0 𝐿𝑟

] [

i𝑑𝑠
i𝑞𝑠
i𝑑𝑟
i𝑞𝑟

]   (Ⅱ-35) 

          [M] 

From Eq.(Ⅱ-35), the currents can be determined by applying the inverse of the matrix [M]: 

[

i𝑑𝑠
i𝑞𝑠
i𝑑𝑟
i𝑞𝑟

] = 𝑀−1

[
 
 
 
𝜙𝑑𝑠

𝜙𝑞𝑠
𝜙𝑑𝑟

𝜙𝑞𝑟]
 
 
 

     (Ⅱ-36) 

From the electrical equations, fluxes can be determined using voltage as the input, expressed as 

follows: 
𝑑

𝑑𝑡
𝜙𝑑𝑠 = 𝑣𝑑𝑠 − 𝑅𝑠𝑖𝑑𝑠 + 𝑤𝑑  𝜙𝑞𝑠    (Ⅱ-37) 

𝑑

𝑑𝑡
𝜙𝑞𝑠 = 𝑣𝑞𝑠 − 𝑅𝑠𝑖𝑞𝑠 − 𝑤𝑑 𝜙𝑑𝑠    (Ⅱ-38) 

𝑑

𝑑𝑡
𝜙𝑑𝑟 = 𝑣𝑑𝑟 − 𝑅𝑟𝑖𝑑𝑟 + 𝑤𝑑𝐴𝜙𝑞𝑟   (Ⅱ-39) 

𝑑

𝑑𝑡
𝜙𝑞𝑟 = 𝑣𝑞𝑟 − 𝑅𝑟𝑖𝑞𝑟 − 𝑤𝑑𝐴𝜙𝑑𝑟   (Ⅱ-40) 

By substituting the flux expressions in terms of rotor currents into Eq. (Ⅱ-16) and Eq. (Ⅱ-17), the 

following equation is obtained: 

𝑣𝑑𝑟 = 𝑅𝑟𝑖𝑑𝑟 + 𝜎𝐿𝑟
𝑑

𝑑𝑡
𝑖𝑑𝑟 −𝜔𝑑𝐴𝜎𝐿𝑟𝑖𝑞𝑟, where 𝑣𝑑𝑟

′ = 𝑅𝑟𝑖𝑑𝑟 + 𝜎𝐿𝑟
𝑑

𝑑𝑡
𝑖𝑑𝑟, 𝑣𝑑𝑟,𝑐𝑜𝑚𝑝 = −𝜔𝑑𝐴𝜎𝐿𝑟𝑖𝑞𝑟 

(Ⅱ-41) 

𝑣𝑞𝑟 = 𝑅𝑟𝑖𝑞𝑟 + 𝜎𝐿𝑟
𝑑

𝑑𝑡
𝑖𝑞𝑟 − 𝜔𝑑𝐴𝜎𝐿𝑟𝑖𝑑𝑟, where 𝑣𝑞𝑟

′ = 𝑅𝑟𝑖𝑞𝑟 + 𝜎𝐿𝑟
𝑑

𝑑𝑡
𝑖𝑞𝑟, 𝑣𝑞𝑟,𝑐𝑜𝑚𝑝 = −𝜔𝑑𝐴𝜎𝐿𝑟𝑖𝑑𝑟  

(Ⅱ-42) 

Where 𝜎 = 1 −
𝐿𝑚
2

𝐿𝑟𝐿𝑠
 

After applying the Laplace transformation, the transfer function for controlling the DFIG system is 

derived as follows: 

 

{
𝑖𝑑𝑟 =

1

𝑅𝑟+𝑆𝜎𝐿𝑟
𝑣𝑑𝑟
′

𝑖𝑞𝑟 =
1

𝑅𝑟+𝑆𝜎𝐿𝑟
𝑣𝑞𝑟
′

     (Ⅱ-43) 

Where S indicates the parameter of complex frequency. 

By applying Eq.(Ⅱ-31) and considering that 𝑣𝑞𝑠 = 0 and 𝑖𝑑𝑠 ≈ −
𝐿𝑚

𝐿𝑠
𝑖𝑑𝑟, the following expression is 

obtained: 

𝑃𝑠 = 𝑣𝑑𝑠𝑖𝑑𝑠 ≈ −
𝐿𝑚

𝐿𝑠
𝑣𝑑𝑠𝑖𝑑𝑟   (Ⅱ-44) 

By utilizing Eq.( Ⅱ-32), and considering 𝑣𝑞𝑠 = 0, the flux expression ϕ𝑞𝑠 = 𝐿𝑚𝑖𝑞𝑟 + 𝐿𝑠𝑖𝑞𝑠 ≈ −
𝑣𝑑𝑠

𝜔𝑑
, 

leads to the following equation for the stator reactive power: 

𝑄𝑠 = −𝑣𝑑𝑠𝑖𝑞𝑠 ≈ 𝑣𝑑𝑠 (
𝑣𝑑𝑠

𝜔𝑑𝐿𝑠
+

𝐿𝑚

𝐿𝑠
) 𝑖𝑞𝑟    (Ⅱ-45) 

Considering that 𝜙𝑞𝑠 = 𝐿𝑚𝑖𝑞𝑟 + 𝐿𝑠𝑖𝑞𝑠 ≈ −
𝑣𝑑𝑠

𝜔𝑑
, 𝜙𝑑𝑠 = 𝐿𝑚𝑖𝑑𝑟 + 𝐿𝑠𝑖𝑑𝑠 ≈ 0, 𝜙𝑞𝑠 ≈ −

𝑣𝑑𝑠

𝜔𝑑
 and 𝑖𝑑𝑠 ≈

−
𝐿𝑚

𝐿𝑠
𝑖𝑑𝑟, the electromagnetic torque expression can be written as: 

𝑇𝑒𝑚 =
𝑝

2
𝐿𝑚(𝑖𝑞𝑠𝑖𝑑𝑟 + 𝑖𝑑𝑠𝑖𝑞𝑟) =

𝑝

2

𝐿𝑚

𝐿𝑠
[(𝜙𝑞𝑠 − 𝐿𝑚𝑖𝑞𝑟)𝑖𝑑𝑟 − (𝜙𝑑𝑠 − 𝐿𝑚𝑖𝑑𝑟)𝑖𝑞𝑟] ≈ −

𝑝𝐿𝑚𝑣𝑠𝑑

2𝜔𝑑𝐿𝑠
𝑖𝑟𝑑 (Ⅱ-46) 

Given that 𝑣𝑑𝑠 = √
2

3
𝑉𝑠̂ is a constant, from Eq.(Ⅱ-44), (Ⅱ-45) and (Ⅱ-46), it is evident that we can 

regulate the DFIG’s stator active power 𝑃𝑠 and electromagnetic torque 𝑇𝑒𝑚 by adjusting 𝑖𝑑𝑟, while 
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the stator reactive power 𝑄𝑠 can be controller by adjusting 𝑖𝑞𝑟. In summary, the d-axis rotor current 

can used to manage the stator active power and electromagnetic torque, and the q-axis rotor current 

can be used to control the stator flux and reactive power. 

Clearly, the DFIG can be controlled using the two decoupled components 𝑖𝑑𝑟 and 𝑖𝑞𝑟, achieving our 

control objectives. 

The reference signal is obtained based on the target electromagnetic torque (or the desired stator 

active power) and the specified stator reactive power, as shown below: 

𝑖𝑑𝑟
∗ ≈ −

𝐿𝑠

𝐿𝑚𝑣𝑠𝑑
𝑃𝑠
∗      (Ⅱ-47) 

𝑖𝑑𝑟
∗ ≈ −

2𝐿𝑠𝜔𝑑

𝑝𝐿𝑚𝑣𝑠𝑑
𝑇𝑒𝑚
∗       (Ⅱ-48) 

𝑖𝑞𝑟
∗ ≈ −

𝐿𝑠𝑣𝑠𝑑

𝐿𝑚𝐿𝑠𝜔𝑑
+

𝐿𝑠

𝐿𝑚𝑣𝑠𝑑
𝑄𝑠
∗     (Ⅱ-49) 

The key parameters of the DFIG-based wind turbine system used in the simulations are summarized 

in Table. Ⅱ.1. These parameters include electrical, mechanical, and aerodynamic characteristics, 

which are essential for accurately modeling the turbine’s behavior and evaluating the performance of 

the control strategies. 

Tab. Ⅱ.1 Parameters of the DFIG-based wind turbine system used for modeling and simulation. 

Parameter Definition Value Unit 

𝑹𝒓 Rotor Resistance 1.5 𝑚Ω 

𝑹𝒔 Stator Resistance 2.0 𝑚Ω 

𝑳𝒓 Rotor leakage 0.0024 𝐻 

𝑳𝒔 Stator leakage 0.0024 𝐻 

𝑳𝒎 Mutual leakage 0.0023 𝐻 

𝒇𝒔𝒚𝒏 Rated frequency 60 Hz 

P Poles 6 . 

𝑱 Moment of inertia for 

DFIG 
75 Kg.𝑚2 

𝑱𝑻𝒖𝒓𝒃 Moment of inertia for 

Wind turbine 
2.4x106 Kg.𝑚2 

𝝆 Density of Air 1.2 Kg.𝑚3 

𝑫 Rotor Diameter for the 

Wind Turbine (2R) 
70.5 m 
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Ⅱ.4. Simulation 

 The modeling of wind turbine systems and Doubly Fed Induction Generator (DFIG) dynamics 

provides a theoretical foundation for understanding the complex interactions between mechanical and 

electrical components in wind energy systems. However, to validate these models and assess their 

real-world performance, it is essential to implement detailed simulations. The simulation phase serves 

as a critical step in analyzing the behavior of wind turbines under various operational conditions, such 

as fluctuating wind speeds, grid disturbances, and changing load demands. 

In this section, we will simulate the aerodynamic and electrical models of the wind turbine system 

discussed earlier. The objective is to observe the system's response to different input parameters and 

control strategies, particularly focusing on optimizing energy capture and improving stability. 

Advanced simulation tools such as MATLAB/Simulink will be employed to replicate the dynamic 

behavior of the wind turbine and DFIG system, enabling us to assess system performance in both 

steady-state and transient conditions. 

Through these simulations, the efficiency of the wind turbine under various wind conditions will be 

evaluated, as well as the control system's ability to manage active and reactive power in a DFIG. 

These results will provide insights into the effectiveness of the proposed models, enabling further 

refinements and enhancements to achieve optimal energy generation from wind resources. 

Figure. Ⅱ.6 depicts the aerodynamic model of the wind turbine, showcasing the key elements involved 
in converting wind energy into mechanical power through blade interaction. This model is built upon 

the fundamental assumptions which is uniform air flow across the blades, negligible friction and eddy 

currents, and a linear relationship between aerodynamic forces and blade motion. These assumptions 

simplify the complex dynamics of wind energy capture and provide an effective framework for 

analyzing turbine performance under various wind conditions. 

 
Fig. Ⅱ.6 Wind turbine model. 

The representation of the examined Doubly-Fed Induction Generator (DFIG) within the dq domain 

is illustrated in Figure Ⅱ.7. This model simplifies the analysis of the DFIG by transforming the three-

phase stator and rotor quantities into the dq reference frame using Park's transformation. This 

approach, based on the assumptions discussed earlier, allows for a more straightforward examination 

of the DFIG's dynamic behavior, enabling efficient control strategies for active and reactive power 

management. The Park and Clarke transformations, which are fundamental for simplifying the 

analysis of three-phase systems by converting them into the dq and αβ reference frames respectively, 

are presented in the following equations. 

[

𝑋𝑑
𝑋𝑞
𝑋𝑜

] = 𝑃(θ) [
𝑋𝑎
𝑋𝑏
𝑋𝑐

] = √
2

3
[

cos 𝜃 cos(𝜃 − 2𝜋 3⁄ ) cos(𝜃 + 2𝜋 3⁄ )

sin 𝜃 sin(𝜃 − 2𝜋 3⁄ ) sin(𝜃 + 2𝜋 3⁄ )
1

√2

1

√2

1

√2

] [
𝑋𝑎
𝑋𝑏
𝑋𝑐

] (Ⅱ-50) 
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[
𝑋𝛼
𝑋𝛽
] = 𝐶 [

𝑋𝑎
𝑋𝑏
𝑋𝑐

] = [
1 −

1

2
−

1

2

0
√3

2
−

√3

2

] [
𝑋𝑎
𝑋𝑏
𝑋𝑐

]    (Ⅱ-51) 

 
Fig. Ⅱ.7 Representation of the Doubly-Fed Induction Generator (DFIG) in the dq Domain. 

The estimator model, responsible for computing the variables 𝑣𝑑𝑞,𝑠, 𝑖𝑑𝑞,𝑠, 𝑣𝑑𝑞,𝑟 and 𝑖𝑑𝑞,𝑟 

serves as a feedback signal for the controller. Additionally, it calculates the parameters 𝜃𝑑𝑎and 𝜃𝑑𝐴, 

which are essential for the rotor voltage compensation model and for deriving the applied rotor 

voltage in a three-phase frame from the dq domain voltages. This model is illustrated in Figure. Ⅱ.8. 

Essentially, the structure of this estimator model closely resembles that of the DFIG model. however, 

it differs in that there is no requirement to compute the current and torque within the estimator model. 

 
Fig. Ⅱ.8 Estimator model. 

Figure. Ⅱ.9 presents a detailed illustration of the Doubly-Fed Induction Generator (DFIG) 

controller and the rotor voltage compensation model. Furthermore, the process involved in generating 

the reference signals for 𝑖𝑞𝑟 and 𝑖𝑑𝑟 are elaborated upon in Figure. Ⅱ.10 and Figure. Ⅱ.11 respectively. 
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Fig. Ⅱ.9 Representation of the DFIG Controller Incorporating Rotor Voltage Compensation Model. 

 
Fig. Ⅱ.10 Model of deriving 𝑖𝑞𝑟

∗  from  𝑄𝑠
∗. 

 
Fig. Ⅱ.11 Model of reference signal generation 𝑖𝑑𝑟

∗ . 

The configuration of the Doubly-Fed Induction Generator (DFIG) in conjunction with the 

wind turbine is illustrated in Figure. Ⅱ.12. The DFIG’s stator is supplied with a balanced sinusoidal 

three-phase voltage, while the rotor voltage is determined using the 𝑣𝑑𝑟 and 𝑣𝑞𝑟values provided by 

the controller shown in Figure. Ⅱ.9. The gear ratio is configured as follows 

𝐺𝑒𝑎𝑟𝑅𝑎𝑡𝑖𝑜 =
𝜔𝑚𝑒𝑐ℎ
𝑟𝑎𝑡𝑒𝑑

𝜔
𝑚𝑒𝑐ℎ
𝑜𝑝𝑡       (Ⅱ-52) 

where 𝜔𝑚𝑒𝑐ℎ
𝑟𝑎𝑡𝑒𝑑 is  the DFIG rated mechanical rotational speed  defined by 𝜔𝑚𝑒𝑐ℎ

𝑟𝑎𝑡𝑒𝑑 =
(1 − 𝑠)𝜔𝑠𝑦𝑛 (𝑃 2⁄ )⁄ , where s represents the slip of the DFIG under full (rated) load conditions. The 

optimal mechanical speed, 𝜔𝑚𝑒𝑐ℎ
𝑜𝑝𝑡

 is derived from the specified power coefficient 𝐶𝑝 model at a wind 

velocity of 12m/s. 

According to Eq. (Ⅱ-28), the mechanical speed 𝜔𝑚𝑒𝑐ℎ can be regulated by adjusting the generator's 

electromagnetic torque 𝑇𝑒𝑚,𝑔𝑒𝑛. To achieve this, a speed-squared control strategy is employed to 

generate the reference signal for the generator torque 𝑇𝑒𝑚,𝑔𝑒𝑛
∗ . Our objective is to ensure that the wind 

turbine operates at the optimal wind power coefficient 𝐶𝑝
𝑜𝑝𝑡

.  

To derive the reference signal for the generator torque, the process begins with the equation for the 

Tip Speed Ratio (TSR). By substituting the wind speed expression 𝑣𝑤𝑖𝑛𝑑 in the TSR equation with 
𝑅𝜔𝑚𝑒𝑐ℎ

𝜆
, and incorporating it into Eq. (Ⅱ-13), the equation is further simplified by dividing the entire 

expression by 𝜔𝑚𝑒𝑐ℎ. As a result, the reference signal for the generator torque can be compactly expressed 

as follows: 
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𝑇𝑒𝑚,𝑔𝑒𝑛
∗ =

1

2

𝐶𝑝𝑚𝑎𝑥(𝛽,𝜆𝑜𝑝𝑡)𝜌𝜋𝑅
5

𝜆𝑜𝑝𝑡
𝜔𝑚𝑒𝑐ℎ
2 = 𝐾𝑜𝑝𝑡𝜔𝑚𝑒𝑐ℎ

2    (Ⅱ-53) 

 
Fig. Ⅱ.12 Coupling of the DFIG and the wind turbine. 

 
Fig. Ⅱ.13 Speed-squared control model for wind turbine. 

Ⅱ.5. Conclusion 

 In this chapter, we provided a comprehensive analysis of the modeling of wind turbine 

systems, with a particular focus on the aerodynamic aspects and the Doubly Fed Induction Generator 

(DFIG). The aerodynamic model, grounded in Blade Element Momentum (BEM) theory, helped us 

understand how wind energy is converted into mechanical power, while the DFIG model covered the 

electrical and mechanical dynamics that enable efficient control of active and reactive power in 

modern wind turbines. Through these models, we established the essential theoretical foundation for 

understanding and optimizing wind energy conversion. 

The detailed mathematical formulations and simulation models highlighted the importance of 

accurate modeling in ensuring system efficiency, grid stability, and reliable turbine operation under 

varying wind conditions. This chapter's insights are crucial for the development of advanced control 

strategies aimed at maximizing energy capture while maintaining system stability. 

This modeling is crucial as it lays the groundwork for the following chapters, where we will 

explore the control of DFIG-based wind turbines. The models developed in this chapter will be 

integral to implementing advanced control strategies that ensure the reliable operation and optimal 

performance of wind turbines in varying wind conditions. 
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Ⅲ.1. Introduction 

 Proportional-Integral (PI) controllers are widely used in various industrial applications due to 

their simplicity, robustness, and effectiveness in regulating processes [59], [60]. In the context of 

wind turbine control systems, the PI controller plays a critical role in maintaining system stability and 

optimizing power output. Wind turbines are complex, nonlinear systems subject to varying wind 

conditions, and maintaining optimal performance requires precise control mechanisms [61]. The PI 

controller, by adjusting both the proportional and integral terms, helps regulate key variables such as 

rotor speed and power output to ensure efficient and stable operation of the turbine [7]. 

The simplicity of the PI controller lies in its design as depicted in Figure Ⅲ.1, where the proportional 
component reacts to the error between the desired and actual system output, and the integral 

component eliminates steady-state errors by integrating the error over time [60]. This dual-action 

makes the PI controller highly effective in managing disturbances and achieving the desired control 

objectives in wind turbines, particularly under varying wind speeds and operational conditions. 

  

𝐾𝑖  𝑒(𝑡)
𝑡

0

𝑑𝑡 

𝐾𝑝𝑒(𝑡) 

  
r(t) e(t)

+

+

System
u(t) y(t)

-

+

r(t) = System setpoint    e(t) = Error signal    u(t) = Control signal    y(t) = System output  
Fig. Ⅲ.1 Basic Structure of a PI Controller. 

 Traditionally, PI controllers have been designed using classical tuning methods, such as 

Ziegler-Nichols or the direct synthesis approach, which rely on frequency domain techniques to 

define the controller parameters [62], [63]. While these classical methods are effective in many cases, 

they often fall short in handling the highly nonlinear behavior of wind turbines, especially under 

dynamic wind conditions. These limitations create the need for more advanced optimization 

techniques to fine-tune the PI controller for better performance. 

Recent advances in artificial intelligence and optimization algorithms have introduced powerful tools 

for optimizing PI controller parameters. Techniques such as Grey Wolf Optimization (GWO), Particle 

Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Genetic Algorithms (GA) have 

been applied to improve the tuning of PI controllers [64], [65], [66], [67]. These metaheuristic 

algorithms provide adaptive and flexible solutions to optimize the performance of wind turbine 

control systems, ensuring better handling of nonlinearities and disturbances. By exploring multiple 

potential solutions simultaneously, these algorithms can find optimal or near-optimal parameters for 

the PI controller, enhancing overall system performance. 

In this chapter, both the classical PI controller design using the direct synthesis approach and the 

optimized methods using metaheuristic algorithms will be examined, highlighting their impact on 

wind turbine control. 

Ⅲ.2. Classical PI Controller Design Using the Direct Synthesis Approach in the Frequency 

Domain 

Ⅲ.2.1. Overiview of the Direct Synthesis Approach 

The Direct Synthesis Approach is a widely used method for designing PI controllers, 

especially when the system’s transfer function is known. This approach involves defining the desired 

closed-loop behavior of the system and then calculating the appropriate PI controller parameters to 
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achieve this behavior. The strength of the direct synthesis method lies in its ability to derive controller 

settings directly from the system dynamics, rather than relying on trial-and-error tuning [68]. 

In this method, the controller design process starts with specifying the desired closed-loop transfer 

function that meets the system's performance requirements, such as stability, speed of response, and 

robustness. By solving for the controller parameters that satisfy this desired transfer function, the PI 

controller is systematically tailored to the specific needs of the system [69], [70]. 

This approach provides a more structured and mathematically grounded alternative to empirical 

tuning methods, offering greater control over system response characteristics. In the following 

section, we will explore the key steps of the direct synthesis approach and how it can be applied to 

design a PI controller for wind turbine systems. 

Ⅲ.2.2. Methodology 

The Direct Synthesis Approach for PI controller design involves several key steps (see Figure 

Ⅲ.2). It begins by defining the desired closed-loop transfer function, which specifies the target 

behavior for the system in terms of frequency response, stability margins, and overall performance 

across a range of operating frequencies. Next, the system’s transfer function is identified, representing 

the natural dynamics of the system. Using these two functions, a controller design equation is 

formulated that relates the desired closed-loop behavior to the system’s dynamics. From this equation, 

the proportional (P) and integral (I) gains of the PI controller are derived to ensure that the system 

behaves as intended. Finally, the PI controller is implemented, and its performance is tested to verify 

that it meets the predefined objectives, ensuring a stable and efficient response under varying 

conditions. This method offers a systematic way to tune the PI controller based on the specific needs 

of the system [7], [71], [72]. 

Define the desired 

closed-loop transfer 

function

Formulate the controller 

design equation

Derive the PI controller 

parameters

Implement and test 

the PI controller

Identify the system 

transfer function

 
Fig. Ⅲ.2 Step-by-Step process of the Direct Synthesis Approach for PI controller design. 

To implement this method, the desired closed-loop transfer function is first defined based on specific 

design criteria. The chosen specifications include a phase margin of 𝑃𝑀 = 𝜋
3⁄  and a crossover 

frequency 𝜔𝑐 = 10.2𝜋. These parameters are selected  to ensure system stability and robustness while 

maintaining a well-defined frequency response. 

At the crossover frequency 𝜔𝑐, the magnitude of the open-loop transfer function must satisfy 
|Gol(jωc)| = 1      (Ⅲ-1) 

The phase margin of 60 degrees ensures that at this frequency, the phase lag satisfies 

PM = π + ∠Gol(jωc)     (Ⅲ-2) 

Based on these requirements, the transfer function of the PI controller is expressed as 

𝐺𝑐 = 𝐾𝑝 +
𝐾𝑖

𝑠
       (Ⅲ-3) 
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Where 𝐾𝑝 represents the proportional gain, and 𝐾𝑖 is the integral gain. These parameters will be 

derived by solving the controller design equation to ensure the system meets the desired 

specifications. 

By cascading the PI controller transfer function from Eq. (Ⅲ-3) with the system transfer function 

from Eq. (Ⅱ-43), the overall open-loop transfer function is derived. This combined transfer function 

is expressed in Eq. (Ⅲ-4). This combined transfer function represents the global behavior of the 

system when both the controller and plant dynamics are taken into account, allowing us to analyze 

and design the system's frequency response and stability. 

Gol(s) =  (Kp +
Ki

S
) (

1

Rr+σLrS
)     (Ⅲ-4) 

𝐺𝑜𝑙(𝑠) =  (
𝐾𝑖(

𝐾𝑝

𝐾𝑖
𝑆+1)

𝑆
)(

1

𝑅𝑟+𝜎𝐿𝑟𝑆
)    (Ⅲ-5) 

In its complex form, the transfer function becomes 

𝐺𝑜𝑙(𝑗𝜔) =  (
𝐾𝑖(

𝐾𝑝

𝐾𝑖
𝑗𝜔+1)

𝑗𝜔
)(

1

𝑅𝑟+𝜎𝐿𝑟𝑗𝜔
)    (Ⅲ-6) 

The phase angle of the open-loop transfer function is given by 

∠𝐺𝑜𝑙(𝑗𝜔) = arg(𝐺𝑜𝑙(𝑗𝜔)) =
𝑎𝑟𝑔(𝐾𝑖(

𝐾𝑝
𝐾𝑖

⁄ 𝑗𝜔+1))

𝑎𝑟𝑔(𝑗𝜔(𝑅𝑟+𝜎𝐿𝑟𝑗𝜔))
   (Ⅲ-7) 

Using the properties of the argument function 

𝑎𝑟𝑔 (
𝑎

𝑏
) = 𝑎𝑟𝑔(𝑎) − 𝑎𝑟𝑔(𝑏), 𝑎𝑟𝑔(𝑎. 𝑏) = 𝑎𝑟𝑔(𝑎) + 𝑎𝑟𝑔(𝑏) 

The phase angle can be rewritten as follows: 

∠𝐺𝑜𝑙(𝑗𝜔) = tan−1 (
𝐾𝑝

𝐾𝑖
⁄ 𝜔) −

𝜋

2
− tan−1

𝜎𝐿𝑟𝜔

𝑅𝑟
   (Ⅲ-8) 

The phase margin (PM) is defined as the phase at the crossover frequency 𝜔𝑐 plus 𝜋 

𝑃𝑀 = ∠𝐺𝑜𝑙(𝑗𝜔𝑐) + 𝜋      (Ⅲ-9) 

Therefore, the phase margin can be expressed as: 

𝑃𝑀 = tan−1 (
𝐾𝑝

𝐾𝑖
⁄ 𝜔𝑐) +

𝜋

2
− tan−1

𝜎𝐿𝑟𝜔𝑐

𝑅𝑟
   (Ⅲ-10) 

To solve for the ratio 
𝐾𝑝

𝐾𝑖
, the equation is set as follows: 

𝐾𝑝

𝐾𝑖
=

1

𝜔𝑐
tan (𝑃𝑀 −

𝜋

2
+ tan−1

𝜎𝐿𝑟𝜔𝑐

𝑅𝑟
)    (Ⅲ-11) 

The magnitude of the open-loop transfer function at the crossover frequency is given by 

|𝐺𝑜𝑙(𝑗𝜔𝑐)| = 1 =

𝐾𝑖√(
𝐾𝑝

𝐾𝑖
𝜔𝑐)

2

+1

𝜔𝑐√(𝜎𝐿𝑟𝜔𝑐)2+𝑅𝑟
2
    (Ⅲ-12) 

Solving for 𝐾𝑖, the following expression is obtained: 

𝐾𝑖 =
𝜔𝑐√(𝜎𝐿𝑟𝜔𝑐)2+𝑅𝑟

2

√(
𝐾𝑝

𝐾𝑖
𝜔𝑐)

2

+1

     (Ⅲ-13) 

Finally, 𝐾𝑝 is expressed in terms of 𝐾𝑖 and the ratio 
𝐾𝑝

𝐾𝑖
 from Eq.(Ⅲ-13), Eq.(Ⅲ-11) respectively: 

𝐾𝑝 =
𝐾𝑝

𝐾𝑖
𝐾𝑖      (Ⅲ-14) 

For the given phase margin 𝑃𝑀 =
𝜋

3
 and crossover frequency 𝜔𝑐 = 10.2𝜋, the parameters of the PI 

controller are determined using the direct synthesis approach in the frequency domain. 
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(
𝐾𝑝

𝐾𝑖
= 0.0224, 𝐾𝑖 = 0.5743, 𝐾𝑝 = 0.0129) 

Ⅲ.2.3. Simulation results 

 In this section, the performance of the proposed indirect wind turbine power control 

techniques is evaluated through numerical simulations conducted using MATLAB Simulink 

software. The model used for the simulation is based on the modeling presented in Chapter Ⅱ, where 

the system dynamics and control strategies for the wind turbine and DFIG are detailed. The key 

specifications of the Doubly-Fed Induction Generator (DFIG) and the wind turbine used in the 

simulations are provided in Annex A. The wind turbine model used for this study is based on a GE 

wind turbine, ensuring realistic and industry-standard system parameters. 

To assess the controller performance, a realistic wind speed profile was employed (as depicted in 

Figure Ⅲ.3), simulating variable wind conditions to reflect real-world operational environments. This 

profile was used to test the system’s response to changing wind speeds and its ability to maintain 

optimal power generation. 

The reference for active power 𝑃𝑠𝑟𝑒𝑓was generated through the Maximum Power Point Tracking 

(MPPT) strategy, ensuring that the wind turbine operates at its maximum efficiency by dynamically 

adjusting the power reference based on the wind speed. 

Additionally, for the reactive power reference 𝑄𝑠𝑟𝑒𝑓, we imposed a constant reference value to 

evaluate the system’s performance. The reference was then varied to observe whether the real signal 

could follow the desired trajectory, allowing us to test the system’s dynamic response to changes in 

the reactive power demand. 

The results of the simulation, presented in Figures Ⅲ.4 through Ⅲ.7, demonstrate the performance 

of the classical PI controller in stabilizing the system and providing effective control over both the 

rotor currents and the stator power. 

 
Fig. Ⅲ.3 Simulation of wind speed profile. 
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Fig. Ⅲ.4 Rotor current response (q-axis). 

 
Fig. Ⅲ.5 Rotor current response (d-axis). 

0 1 2 3 4 5 6 7 8 9

Time (Sec)

-1500

-1000

-500

0

500

1000

1500

2000

2500

3000

3500
A
m
p
li
tu
d
e
(A
)

 otor current  q-a is 

I
qr
desired

I
qr
PI

3 3.1 3.2 3.3

-1500

-1000

-500

0

500

1000

1500

2000

0 1 2 3 4 5 6 7 8 9

Time (Sec)

-3200

-3000

-2800

-2600

-2400

-2200

-2000

-1800

-1600

A
m
p
li
tu
d
e
(A
)

 otor current  d-a is 

I
dr
desired

I
dr
PI



Chapter Ⅲ Classical & optimized PI controllers for wind turbine control 

27 
 

 
Fig. Ⅲ.6 Stator reactive power dynamics. 

 
Fig. Ⅲ.7 Stator active power dynamics. 
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Figure Ⅲ.4 and Figure Ⅲ.5 show the rotor current responses. From these figures, we can observe that 

the classical PI controller successfully stabilizes both currents, maintaining system balance. However, 

there is a noticeable overshoot when the reference is changed, indicating that while the controller is 

effective in reaching the desired setpoint, it briefly exceeds the target before settling. Additionally, a 

delay of approximately 0.12 seconds is seen before the system reaches the desired point, which affects 

the system's dynamic performance. Despite the delay, the steady-state response is achieved with 

minimal error, ensuring stability in the rotor currents. 

Figure Ⅲ.6 and Figure Ⅲ.7 show the stator power responses. further confirm the controller’s 

effectiveness. The stator reactive power tracks the imposed constant reference with good accuracy, 

but similarly to the rotor currents, we observe a small overshoot and a delay before the system fully 

converges to the desired reference. The stator active power is controlled well, showing that the PI 

controller can maintain system performance under varying wind conditions. However, as with the 

rotor currents, a small steady-state error persists, although it remains within acceptable limits. 

In conclusion, while the classical PI controller demonstrates good control and performance across the 

system, overshoot and delay (0.12 seconds) during reference changes affect its dynamic response. 

The system is stable overall, with only a minor steady-state error, which suggests that further 

optimization of the PI controller could improve performance by reducing these transient effects. 

Ⅲ.3. Optimized PI controller 

Ⅲ.3.1. Overview of Optimization methods 

While the classical PI controller is widely used in wind turbine control due to its simplicity 

and effectiveness, it exhibits certain limitations, particularly in dynamic environments where wind 

speed and system conditions vary rapidly. These limitations often manifest as overshoot, delays in 

reaching the desired reference point, and steady-state errors, as seen in the previous simulation results. 

To address these challenges, optimization techniques are employed to enhance the performance of 

the PI controller. By adjusting the proportional (P) and integral (I) gains more intelligently, 

optimization algorithms aim to improve the controller’s ability to handle system dynamics, reduce 

overshoot, minimize steady-state error, and shorten the response time [73]. Various optimization 

techniques such as Grey Wolf Optimization (GWO), Particle Swarm Optimization (PSO), and 

Genetic Algorithms (GA) are often applied to tune the PI controller gains based on specific 

performance criteria. 

The objective of these optimization methods is to find the optimal set of parameters that maximize 

the controller’s effectiveness in varying operating conditions. This ensures the wind turbine operates 

more efficiently, with improved stability, faster convergence to the desired reference, and reduced 

energy losses. In this section, we will explore the use of these optimization techniques and evaluate 

their impact on the PI controller’s performance for wind turbine control [74], [75]. 

In the context of optimizing the PI controller for wind turbine control, the optimization algorithm 

follows a systematic approach to fine-tune the controller parameters. The goal of the algorithm is to 

iteratively adjust the proportional (P) and integral (I) gains to achieve the best possible control 

performance, as measured by a specific cost function [76], [77], [78]. The optimization process 

proceeds as follows [79], [80]: 

• The first step is to define the search space or the range for the parameters to be optimized. In 

this case, the ranges for the proportional gain 𝐾𝑝 and the integral gain 𝐾𝑖 are specified. These 

ranges set the boundaries within which the algorithm will search for the optimal values. 

• Once the parameter ranges are defined, the algorithm initializes a set of parameters within the 

given bounds. This initial set of parameters acts as the starting point for the optimization 

process. 

• The next step is to run a simulation of the system using the initialized parameters. After each 

simulation, a cost function is evaluated to determine the performance of the controller. In this 
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context, the cost function used is the Integral Time Absolute Error (ITAE), which penalizes 

deviations of the system response from the reference signal over time, emphasizing both the 

magnitude and the duration of the error. The ITAE performance index is defined as: 

𝐼𝑇𝐴𝐸 =  𝑡|𝑒(𝑡)|𝑑𝑡 

Where 𝑒(𝑡) represents the error between the reference signal and the system output and t is 

time. 

• After evaluating the cost function, the algorithm checks whether the optimization process has 

met the predefined end criteria. This could be based on a minimum cost value or the maximum 

number of iterations allowed. 

• If the end criteria are not met, the optimization algorithm updates the parameters based on its 

specific strategy (e.g., Grey Wolf Optimization, Particle Swarm Optimization, etc.). The 

updated parameters are then used to run the simulation again, and the process repeats. 

• The optimization process continues iteratively, with the algorithm updating the parameters 

and re-running the simulation until the end criteria are satisfied. Once the criteria are met, the 

algorithm terminates, and the optimal PI controller parameters are determined. 

This general optimization algorithm (as summarized in Figure Ⅲ.8) provides an efficient way to 

automatically adjust the PI controller’s gains to achieve better control performance, reducing 

overshoot, minimizing steady-state error, and improving the overall system response. 

Start

Define the range of 

parameters

Initialization of 
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Simulation and cost 

function evaluation
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Update parameters using 

the specific optimization 

algorithm

Start

Yes

No

 
Fig. Ⅲ.8 Flowchart of the general optimization algorithm. 
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Ⅲ.3.2. Grey Wolf Optimization 

 Grey Wolf Optimization (GWO) is a bio-inspired algorithm that mimics the social hierarchy 

and hunting behavior of grey wolves. This algorithm solves optimization problems by translating the 

wolves' predatory strategies into a computational model. In GWO, the hierarchical structure of the 

wolf pack plays a key role in the optimization process. The pack is divided into four roles: alpha (α), 

beta (β), delta (𝛿), and omega (𝜔) wolves [67]. Each of these roles contributes uniquely to the search 

process 

• Alpha wolves lead the pack, guiding the search towards promising regions of the solution 

space. 

• Beta and delta wolves  assist in refining the search process, balancing exploration and 

exploitation. 

• Omega wolves primarily focus on exploring new regions, ensuring that the search does not 

prematurely converge to suboptimal solutions. 

One of the core behaviors in GWO is encircling the prey, which models how wolves surround their 

prey during hunting. This behavior is mathematically modeled by updating the wolves’ positions 

dynamically based on the prey’s position. The wolves gradually adapt their positions until they are 

ready to attack, this process represents refining the potential solutions [67], [81]. Figure Ⅲ.9 

illustrates the wolf position updating pattern, which is based on random vectors and highlights the 

adaptability of the algorithm in navigating the search space. 

 
Fig. Ⅲ.9 Wolf position updating pattern based on random vectors [67]. 

The GWO algorithm operates by distinguishing between two phases: exploration and exploitation. 

During the exploration phase, wolves search the solution space by maintaining a cautious distance, 

exploring various possibilities. As the algorithm progresses, it shifts into the exploitation phase, 

where the wolves close in on their prey and fine-tune the best solutions identified so far. The general 

workflow of the GWO algorithm is depicted in Figure Ⅲ.10, which demonstrates how the wolves 

transition between these phases to optimize the search. 

The following mathematical model describes the prey (solution) encirclement by the wolves 

𝑁⃗⃗ = |𝑀⃗⃗ ⋅ 𝑋𝑝⃗⃗ ⃗⃗ (iter) − 𝑋 (iter)|     (Ⅲ-15) 
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𝑋 (iter+ 1) = 𝑋𝑝⃗⃗ ⃗⃗ (iter) − 𝑅⃗ ⋅ 𝑁⃗⃗      (Ⅲ-16) 

Here iter is the current iteration, 𝑅⃗ = 2𝑘⃗ . 𝑢1⃗⃗⃗⃗ − 𝑘⃗ , 𝑀⃗⃗ = 2𝑢2⃗⃗⃗⃗ , where 𝑋𝑝⃗⃗ ⃗⃗  represent the position vectors 

of prey and the wolf respectively. 𝑢1⃗⃗⃗⃗ , 𝑢2⃗⃗⃗⃗  are random vectors within [0 1] while the component 𝑘⃗  
linearly decreases from 2 to 0 across iterations. 

The position updates of the wolves, including alpha, beta, and delta, are further refined by 

𝑁𝛼,𝛽,𝛿⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = |𝑀1,2,3
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ ⋅ 𝑋𝛼,𝛽,𝛿⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑋 |     (Ⅲ-17) 

𝑋1,2,3⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ = 𝑋𝛼,𝛽,𝛿⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑅1,2,3⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⋅ 𝑁𝛼,𝛽⋅𝛿⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗     (Ⅲ-18) 

𝑋 ( iter + 1) =
𝑋1⃗⃗⃗⃗  ⃗+𝑋2⃗⃗⃗⃗  ⃗+𝑋3⃗⃗⃗⃗  ⃗

3
     (Ⅲ-19) 

Where 𝑋𝛼,𝛽,𝛿⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ is the position of alpha, beta and delta respectively. These equations define how the 

distances between the current solution and the positions of the alpha, beta, and delta wolves are 

determined. The final position of the wolves is calculated by averaging their individual updates, 

ensuring that the solution is optimally refined through collaboration. 

Applying the GWO algorithm to optimize the Proportional-Integral (PI) controller gains enhances 

wind turbine performance by minimizing the Integral Time Absolute Error (ITAE). This leads to 

improved system response and stability. After optimization, the optimal PI gains obtained are 𝐾𝑝 =

50.001 and 𝐾𝑖 = 4885.001. 
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Fig. Ⅲ.10 GWO algorithm. 

Ⅲ.3.3. Genetic Algorithm 

 The Genetic Algorithm (GA) is a powerful optimization technique inspired by the process of 

natural selection in evolutionary biology. It is designed to solve complex optimization problems by 

mimicking biological evolution, utilizing concepts such as chromosomes, fitness, selection, 

crossover, and mutation [64], [82], [83]. In the context of PI controller optimization for wind turbine 

control, the GA is used to optimize the proportional (𝐾𝑝) and integral (𝐾𝑖) gains, leading to improved 

control performance, stability, and response time [84], [85]. Figure Ⅲ.11 presents the core 

components of a Genetic Algorithm. 
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Fig. Ⅲ.11 The primary elements of a Genetic Algorithm [86]. 

• Chromosomes and Population Initialization 

In a Genetic Algorithm, each potential solution is represented as a chromosome, which in this 

case consists of the PI controller parameters 𝐾𝑝 and 𝐾𝑖. A population of chromosomes is initially 

generated, with each chromosome representing a unique set of controller gains. These chromosomes 

form the initial search space, providing a diverse set of solutions from which the algorithm can evolve 

toward an optimal solution. 

• Fitness evaluation 

Once the population is initialized, each chromosome is evaluated using a fitness function. For PI 

controller optimization, the fitness function is typically the Integral Time Absolute Error (ITAE), 

which penalizes the system's response based on the magnitude and duration of the error between the 

desired and actual outputs. Chromosomes that result in better controller performance, such as 

minimizing overshoot, reducing steady-state error, and improving response time, are assigned higher 

fitness scores. 

• Selection: Roulette Wheel Selection 

One of the key processes in GA is selection, where chromosomes with higher fitness are more 

likely to be chosen to pass on their genes (controller parameters) to the next generation. The roulette 

wheel selection method is commonly used for this purpose. In this method, each chromosome is 

assigned a section of a virtual roulette wheel, proportional to its fitness score. Chromosomes with 

better performance occupy larger portions of the wheel, increasing their chances of being selected. 

The wheel is "spun" multiple times to select individuals that will form the mating pool for the next 

generation. 

• Crossover and Mutation 

After selection, the crossover operation is performed on pairs of selected chromosomes. In 

crossover, segments of two parent chromosomes are exchanged to create new offspring, combining 

the strengths of both parents. This recombination introduces diversity into the population and explores 
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new regions of the solution space. In addition to crossover, mutation is applied to some individuals. 

Mutation introduces random changes to certain genes (controller gains) within a chromosome, 

preventing the population from converging prematurely on local minima and ensuring that the 

algorithm continues to explore new solutions. The mutation rate is typically kept low to maintain the 

balance between exploration and exploitation. The general process of the Genetic Algorithm is 

summarized in Figure Ⅲ.12. 

• Evaluation and Convergence 

This process of selection, crossover, and mutation is repeated over several generations. With each 

generation, the population of chromosomes evolves, and the overall fitness improves. The algorithm 

continues until a stopping criterion is met, such as a maximum number of generations or a sufficiently 

small error in the fitness function. 

When applied to the optimization of PI controller gains, the Genetic Algorithm searches through 

a wide range of possible solutions, ultimately converging on the optimal set of 𝐾𝑝 and 𝐾𝑖 values that 

minimize the error and maximize system stability. The final set of gains obtained through this process 

are 𝐾𝑝 = 394.7075 and 𝐾𝑖 = 869.9410. 

The optimized gains result in a controller that provides faster response times, reduced overshoot, and 

enhanced performance under varying wind conditions. Genetic Algorithms are particularly effective 

for this type of optimization due to their ability to handle large search spaces and avoid being trapped 

in local minima, making them ideal for tuning PI controllers in complex, dynamic systems like wind 

turbines. 
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Fig. Ⅲ.12 Genetic Algorithm. 

Ⅲ.3.4. Particle Swarm Optimization 

 Particle Swarm Optimization (PSO) is a popular optimization algorithm inspired by the social 

behavior of birds flocking or fish schooling. It was introduced by Kennedy and Eberhart in 1995 and 

has since been widely applied to solve complex optimization problems, including tuning the 

parameters of control systems such as PI controllers [66]. In the context of PI controller optimization 
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for wind turbine control, PSO is used to adjust the proportional (𝐾𝑝) and integral (𝐾𝑖) gains to 

minimize error and improve system performance. 

PSO works by simulating a swarm of particles, where each particle represents a potential solution to 

the optimization problem. In this case, each particle corresponds to a pair of controller gains 𝐾𝑝 and 

𝐾𝑖. The particles “fly” through the solution space by updating their positions and velocities based on 
their own experience and the experience of neighboring particles [87], [88], [89]. 

The main features of PSO include: 

• Initialization: A population of particles (candidate solutions) is randomly initialized in the 

solution space. Each particle has a position (representing 𝐾𝑝 and 𝐾𝑖) and a velocity that guides 

its movement. 

• Fitness Evaluation: Each particle’s position is evaluated using a fitness function, typically the 

Integral Time Absolute Error (ITAE), to assess the quality of the solution. The particles strive 

to find positions that minimize the fitness function, reducing the system error. 

• Personal Best and Global Best: As the particles move through the search space, each particle 

keeps track of its personal best position (the best solution it has found so far). Additionally, 

the global best position, which is the best solution found by any particle in the swarm, is 

shared with the entire population. 

•  elocity and Position Update: Each particle’s velocity and position are updated based on three 

components: inertia (previous velocity), personal best attraction, and global best attraction. 

These components guide the particles toward the optimal solution. 

The equations governing the velocity and position updates of each particle are shown in Figure Ⅲ.13 

and are defined as follows 

𝑣𝑖(𝑡 + 1) = 𝜔𝑣𝑖(𝑡) + 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡 − 𝑥𝑖(𝑡)) + 𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡 − 𝑥𝑖(𝑡))   (Ⅲ-20) 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1)      (Ⅲ-21) 

Where 

• 𝑣𝑖(𝑡) is the velocity of particle 𝑖 at iteration 𝑡. 
• 𝑥𝑖(𝑡) is the position of particle 𝑖. 
• 𝑃𝑏𝑒𝑠𝑡 is the personal best position of particle 𝑖. 
• 𝐺𝑏𝑒𝑠𝑡 is the global best position among all particles. 

• 𝜔 is the inertia weight. 

• 𝑐1, 𝑐2 are acceleration coefficients with random values 𝑟1 and 𝑟2 in the range [0 1]. 

The Particle Swarm Optimization algorithm is illustrated in Figure Ⅲ.14, which provides a visual 

overview of the optimization process. 

The PSO process continues iteratively until the swarm converges on an optimal or near-optimal 

solution. The algorithm is particularly effective in balancing exploration (searching new areas of the 

solution space) and exploitation (refining known good solutions). 

By applying PSO to PI controller tuning, the algorithm efficiently identifies the optimal controller 

gains that minimize error, improve response time, and stabilize the system under varying conditions. 

After applying PSO, the optimal controller gains obtained were 𝐾𝑝 = 10000 and 𝐾𝑖 = 3575.7. 

PSO’s ability to avoid local minima and converge quickly makes it ideal for complex control 

problems like wind turbine systems. 
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Fig. Ⅲ.13 The schematic illustration of a flight in the PSO [90]. 
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Fig. Ⅲ.14 PSO algorithm. 

Ⅲ.3.5. Simulation results 

 In this section, we compare the performance of the optimization methods-Grey Wolf 

Optimization (GWO), Genetic Algorithm (GA), and Particle Swarm Optimization (PSO)  against the 

classical Direct Synthesis Approach (DSA). The figures presented provide insights into the behavior 

of key control parameters, including rotor current (d-axis and q-axis), stator powers, and rotor powers. 

Ⅲ.3.5.1. Comparison of optimization methods response behavior 

• Figure Ⅲ.15 show the rotor current behavior of d-axis, this figure shows that all optimization 

methods (GWO, GA, PSO) yield powerful results, especially when compared to the PI 
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controller using the Direct Synthesis Approach. Among the optimization methods, PSO 

exhibits the best alignment with the desired signal, followed by GA and lastly GWO. 

• Figure Ⅲ.16 show the stator active power and that all the three optimization methods display 

similar response behavior in terms of stator active power, with no significant differences in 

performance. 

• Figure Ⅲ.17 show the rotor current behavior of q-axis, we remark that PSO provides the most 

accurate response, with an error of just 0.0003, while GA has an error of 0.01, and GWO 

shows the least accurate performance, with an error of 0.9. 

• Figure Ⅲ.18 show the stator reactive power and that all optimization methods demonstrate 

significantly faster response times compared to the Direct Synthesis Approach. GWO 

achieves a response time of 0.00002 seconds, GA improves on that with 0.0000035 seconds, 

and PSO delivers the most exceptional result with a response time of 0.0000001 seconds, 

which is 200 times faster than GWO. 

The Table. Ⅲ.1 summarizes the performance results obtained using the different optimization-

based control methods. The comparison is carried out in terms of response time, overshoot, and 

steady-state error to evaluate the effectiveness of each algorithm in regulating the system. 

Tab. Ⅲ.1 Performance Comparison of Optimization-Based Control Methods. 

Control Method Response Time 

(s) 

Overshoot (%) Steady-State Error 

(W) 

GWO 0.00002 ≈0% 480 (0.00044%) 

GA 0.0000035 ≈0% 415 (0.00027%) 

PSO 0.0000001 ≈0% 374 (0.00018%) 

 

 
Fig. Ⅲ.15 Rotor current response (d-axis). 
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Fig. Ⅲ.16 Stator active power dynamics. 

 
Fig. Ⅲ.17 Rotor current response (q-axis). 

1 2 3 4 5 6 7 8 9
Time (Sec)

1

1.2

1.4

1.6

1.8

2

2.2
A
m
p
li
tu
d
e
(W
)

 10
6 Stator active power

P
s
desired

P
s
GWO

P
s
GA

P
s
PSO

3.04 3.06 3.08 3.1 3.12

1.812

1.814

1.816

1.818

1.82

 10
6

0 1 2 3 4 5 6 7 8 9

Time (Sec)

-1000

-500

0

500

1000

1500

2000

A
m
p
li
tu
d
e
(A
)

 otor current  q a is 

I
rq
desired

I
rq
GWO

I
rq
GA

I
rq
PSO

1.39 1.4 1.41

1374.31

1374.32

1374.33

1374.34

1374.35

1374.36

1374.37

1374.38

1374.39

1374.4

2.08 2.1 2.12 2.14

1374.354

1374.3542

1374.3544

1374.3546

1374.3548

1374.355



Chapter Ⅲ Classical & optimized PI controllers for wind turbine control 

38 
 

 
Fig. Ⅲ.18 Stator reactive power dynamics. 

Ⅲ.3.5.2. Comparison of classical PI  DSA  and optimized PI 

         Figure Ⅲ.19 and Figure Ⅲ.20 show the rotor active and reactive power. Both figures compare 

the performance of the classical PI controller (DSA) with the optimized PI controllers (GWO, GA, 

PSO). The results show that while the optimization methods offer superior response performance in 

terms of speed and accuracy, they introduce oscillations in the rotor power, which are absent in the 

Direct Synthesis Approach. The DSA provides a smooth, steady response with no oscillations, 

indicating no vibrations in the system. 
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Fig. Ⅲ.19 Rotor active power dynamics. 

 
Fig. Ⅲ.20 Rotor reactive power dynamics. 
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From the results presented in Figures Ⅲ.15 to Ⅲ.20, it is clear that the optimization methods-

particularly PSO-offer significant advantages in terms of response time and accuracy. These methods 

provide powerful performance in terms of both precision and response speed, with all three 

optimization techniques significantly outperforming the classical PI controller using the Direct 

Synthesis Approach (DSA). The optimized PI controllers also demonstrate an absence of overshoot, 

further highlighting their effectiveness in dynamic control scenarios. 

However, while the optimization methods provide these clear improvements, they also introduce 

oscillations in the rotor power, as seen in Figures Ⅲ.19 and Ⅲ.20. These oscillations could potentially 

lead to vibrations in the system, a behavior that is not present in the DSA. The DSA, while slower 

and less precise in terms of response, maintains a smooth and stable rotor power output, with no 

oscillations. 

In conclusion, while the optimization methods excel in terms of response performance and accuracy, 

they do come with the drawback of rotor power oscillations, a factor that must be considered in 

applications where power stability is essential. 

Ⅲ.4. Conclusion 

 This chapter delved into the design, implementation, and optimization of PI controllers for 

wind turbine systems, focusing on the comparison between classical methods and modern 

optimization techniques. The Direct Synthesis Approach (DSA) was examined first, providing a 

structured methodology for designing PI controllers based on the system's transfer function. This 

classical method has long been favored for its simplicity, ease of implementation, and effectiveness 

in achieving basic control objectives like stability and steady-state accuracy. 

In wind turbine control systems, maintaining a balance between the rotor current and power output 

is crucial, particularly under varying wind conditions. The Direct Synthesis Approach achieved 

reasonable success in stabilizing the system. However, as we observed in the simulation results, this 

approach exhibited certain limitations, particularly in dynamic environments. These limitations were 

most apparent in terms of slower response times, noticeable overshoot, and minor steady-state errors. 

While the system maintained overall stability, the transient behavior left room for improvement, 

especially when responding to rapid changes in wind speed or power demand. 

To address these performance gaps, we introduced several metaheuristic optimization algorithms-

Grey Wolf Optimization (GWO), Genetic Algorithm (GA), and Particle Swarm Optimization (PSO)-

as more dynamic alternatives to the classical PI tuning methods. These optimization techniques are 

particularly suited for complex, nonlinear systems like wind turbines, where traditional methods may 

struggle to cope with the intricate dynamics and variability in operating conditions. 

The performance of these optimization methods was evaluated through simulations, revealing 

several important findings: 

• PSO emerged as the best performer among the optimization methods, offering rapid 

convergence to the desired control points with minimal error. It demonstrated the ability to 

quickly adapt to changing wind conditions, reducing response time and eliminating overshoot. 

This precision in control makes PSO a highly effective solution for improving wind turbine 

efficiency, especially in dynamic and fluctuating wind environments. 

• GA performed well in optimizing the PI controller but showed moderate accuracy and 

response speed compared to PSO. It was more stable than GWO but fell short in achieving 

the same level of precision as PSO. 

• GWO, while effective, lagged behind the other two methods in terms of speed and accuracy, 

demonstrating slower convergence and higher steady-state error. 

However, while the optimization methods-especially PSO-provided substantial improvements in 

terms of response time, precision, and the elimination of overshoot, they introduced a new challenge: 

oscillations in rotor power. These oscillations, absent in the Direct Synthesis Approach, could lead to 

system vibrations, potentially affecting the long-term stability and reliability of the wind turbine 
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system. In contrast, the DSA, though slower and less precise, maintained a smooth and steady rotor 

power response with no oscillations, indicating that it may be better suited for applications where 

rotor stability and vibration minimization are critical considerations. 

The results of this chapter highlight a key dilemma between the classical and optimized PI control 

methods: 

• Optimized PI controllers provide faster, more accurate control responses, making them ideal 

for applications where rapid changes in wind conditions or power output are expected. 

However, they come with the drawback of potential oscillations in rotor power, which could 

impact mechanical wear and overall system durability over time. 

• Classical PI controllers using the Direct Synthesis Approach, while less responsive and 

slightly less accurate in dynamic conditions, offer the advantage of a smooth, oscillation-free 

power output. This makes them more suitable for systems where stability and long-term 

reliability are prioritized over immediate responsiveness. 

These findings underscore the importance of selecting the appropriate control strategy based on 

the specific operational needs of the wind turbine system. For instance, in high-performance wind 

turbines operating in rapidly changing environments, optimization methods like PSO may be ideal 

for maximizing energy capture and improving system responsiveness. On the other hand, in systems 

where mechanical stability and vibration control are more critical, a more conservative approach like 

DSA may be preferred. 

Looking ahead, the next chapter will explore Intelligent Control, which represents the frontier 

of advanced control strategies for wind turbines. By leveraging artificial intelligence (AI) and 

machine learning (ML), intelligent control systems promise to go beyond the limitations of traditional 

and optimization-based methods. These systems can adapt to real-time changes in wind conditions, 

turbine health, and operational demands, providing a more proactive and autonomous form of control. 

Through intelligent algorithms, wind turbines can continuously learn from their environment, predict 

future conditions, and make real-time adjustments to optimize performance, stability, and longevity. 

In conclusion, while this chapter demonstrated the potential of optimization algorithms to 

significantly enhance PI controller performance, it also highlighted the need for careful consideration 

of dilemma between speed, accuracy, and stability. The findings serve as a foundation for the 

exploration of more advanced, AI-driven control strategies that will be discussed in the following 

chapter. 
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Ⅳ.1. Introduction 

In recent years, wind turbine systems have grown in complexity, requiring more advanced 

control strategies to maintain stability, optimize performance, and handle the nonlinearities and 

uncertainties associated with fluctuating wind conditions. Traditional control methods, such as 

the Proportional-Integral (PI) controller, have proven effective in basic scenarios but often fall 

short when managing complex dynamics, unpredictable disturbances, and rapidly changing 

environments [91]. 

To address these challenges, a range of intelligent control techniques has emerged, offering 

more robust, adaptive, and efficient control solutions. These methods are capable of handling 

the nonlinear and time-varying nature of wind turbines, improving system response, reducing 

energy loss, and enhancing the overall performance of the wind energy conversion system. In 

this chapter, we explore several advanced control strategies and their application to wind 

turbine systems, including: 

• Sliding Mode Control (SMC): A robust control method known for its ability to handle 

uncertainties and disturbances by forcing the system to "slide" along a predefined 

surface in the state space. It provides excellent tracking performance but may suffer 

from chattering, which can affect mechanical components. 

• Super Twisting Sliding Mode Control (STSMC): An enhanced version of SMC that 

mitigates the chattering effect by introducing a continuous control law. This method 

improves the smoothness of the control action while maintaining robustness. 

• Fuzzy Logic Control (FLC): A control strategy based on human reasoning, capable of 

dealing with uncertainties and nonlinearities without requiring a precise mathematical 

model of the system. FLC is particularly useful in systems with variable operating 

conditions. 

• Artificial Neural Networks (ANN): A data-driven control approach inspired by the 

human brain's learning process. ANN-based controllers can learn complex relationships 

between inputs and outputs, making them highly effective in adaptive control scenarios 

for wind turbines. 

• Hybrid Control (SMC-FLC, STSMC-FLC): A combination of different intelligent 

control strategies, such as integrating Sliding Mode Control with Fuzzy Logic Control 

(SMC-FLC) or Super Twisting Sliding Mode Control with Fuzzy Logic Control 

(STSMC-FLC). These hybrid methods leverage the strengths of both techniques, 

offering a balance between robustness and adaptability, while mitigating the 

weaknesses of individual methods. 

The primary focus of this chapter is to explore the design, implementation, and performance 

of these intelligent control strategies. Through simulations and comparative analyses, we will 

evaluate their effectiveness in improving the stability, performance, and efficiency of wind 

turbine systems under various operational conditions. As wind energy continues to expand as 

a critical component of global renewable energy, the application of intelligent control becomes 

essential in achieving optimal system performance and reliability. 
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Ⅳ.2. Sliding Mode Control 

Ⅳ.2.1. Overview of the SMC 

Sliding Mode Control (SMC) is a robust nonlinear control technique widely used for 

systems with uncertainties and external disturbances. The core concept behind SMC is to force 

the system’s trajectory to "slide" along a predefined surface in the state space, known as the 

sliding surface, where the system exhibits desired dynamic behavior (as depicted in Figure 

Ⅳ.1). The system is driven towards this sliding surface by a discontinuous control action, 

ensuring that the system remains on the surface despite disturbances or model inaccuracies 

[92]. 

𝑒 (𝑡) 

𝑒(𝑡) 

𝑥0 

Sliding 

surface

Reaching 

mode

Sliding 

mode

𝑆 = 0 

 
Fig. Ⅳ.1 Phase plane trajectory modes [93]. 

The key characteristics of SMC are [92], [94]: 

• Sliding Surface Design: The design of the sliding surface is crucial to the performance 

of SMC. The surface is defined based on system states and is typically chosen to ensure 

desirable dynamic behavior, such as fast convergence, reduced overshoot, and 

minimized steady-state error. 

• Control Law: The control input in SMC is composed of two parts: an equivalent control 

that maintains the system on the sliding surface, and a switching control that drives the 

system towards the surface. The switching control introduces discontinuity to ensure 

robustness but also leads to the below mentioned chattering problem. 

• Robustness: SMC is highly effective in handling system uncertainties, parameter 

variations, and external disturbances. Once the system reaches the sliding surface, the 

control law guarantees that the system behavior remains insensitive to disturbances, 

making it particularly attractive for controlling wind turbines, where wind conditions 

can change unpredictably. 

• Chattering: A common issue with SMC is the chattering effect, where the control signal 

switches rapidly, causing high-frequency oscillations in the control input. This can 

result in wear and tear on mechanical components, such as the turbine's gearbox or 

actuators. Mitigating chattering is a key challenge in SMC, often addressed through 

modifications like boundary layer approaches or advanced techniques such as Super 

Twisting Sliding Mode Control (STSMC). 
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In the context of wind turbine control, SMC can be applied to regulate key parameters such 

as rotor speed, power output, and mechanical stresses. The robustness of SMC allows it to 

handle the nonlinearities and uncertainties inherent in wind turbines, making it a suitable choice 

for improving system performance under varying wind conditions. However, careful design of 

the control law and sliding surface is necessary to minimize the negative effects of chattering 

and ensure smooth system operation [6], [95]. 

In the following sections, we will explore the detailed formulation of the SMC control law, 

the sliding surface design, and how SMC is applied to wind turbine systems to enhance 

performance and robustness. 

Ⅳ.2.2. Methodology 

The control design has three highly dependent phases: 

• Design of the Sliding Surface: The sliding surface defines the desired behavior of the 

system and the region where the system will "slide" to ensure optimal performance. J.J. 

Slotine [92] proposed to develop a scalar function of the sliding surfaces in the phase 

plane to ensure the convergence of a state variable 𝑥 towards its set value 𝑆, as shown 

in following equation: 

𝑆(𝑥) = (
𝑑

𝑑𝑡
+ 𝜆)

𝑟−1

𝑒(𝑥)     (Ⅳ-1) 

Where 

𝑒(𝑡) = 𝑥𝑟𝑒𝑓(𝑡) − 𝑥(𝑡) is the tracking error between the system’s actual state 𝑥(𝑡) and 

the reference state 𝑥𝑟𝑒𝑓. 

𝑒 (𝑡) is the derivative of the error. 

𝜆 is a positive constant that defines the slope of the sliding surface and determines the 

convergence rate. Higher values of 𝜆 lead to faster convergence, but might induce 

higher control effort. 

𝑟 is the order of the system. 

• Formulation of the SMC control low: The control law is designed to drive the system 

to the sliding surface 𝑆(𝑥) = 0 and maintain it there, even in the presence of 

distrubances. The SMC control law is typically composed of two parts: 

- Equivalent control: This component maintains the system on the sliding surface. 

It is derived from the system dynamics and ensures that the system follows the 

desired trajectory once it reaches the sliding surface. The equivalent control 𝑢𝑒𝑞 

can be derived from the system dynamics by ensuring that the derivative of the 

sliding surface equals zero. 

𝑆 (𝑥) = 0     (Ⅳ-2) 

- Switching control: This component drives the system toward the sliding surface 

by switching between control inputs. It typically takes the form of a 

discontinuous function, such as 𝑢(𝑡) = 𝑢𝑒𝑞 + 𝑢𝑠𝑤, where 𝑢𝑒𝑞 is the equivalent 

control, and 𝑢𝑠𝑤 is the switching control. The switching control law is typically 

defined as 

𝑢𝑠𝑤 = −𝑘. 𝑠𝑖𝑔𝑛(𝑆(𝑥))     (Ⅳ-3) 

Where 𝑘 is a positive constant and 𝑠𝑖𝑔𝑛(𝑆(𝑥)) is the signum function. This 

discontinuous control ensures that the system reaches and stays on the sliding 

surface, but it can introduce chattering. 

• Stability analysis: After defining the control law, the stability of the closed-loop system 

is analyzed. The Lyapunov stability criterion is commonly used to prove that the system 
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will converge to the sliding surface and remain stable [96]. The Lyapunov function 

𝑉(𝑆) is chosen such that: 

𝑉(𝑆) =
1

2
𝑆2(𝑥)     (Ⅳ-4) 

The derivation of 𝑉(𝑆) along the system trajectory should satisfy 𝑉 (𝑆) < 0, 

guaranteeing that the system will converge to the sliding surface and remain stable. 

• Chattering Reduction Technique using Super Twisting Sliding Mode Control 

(STSMC): A significant challenge in SMC is the chattering phenomenon, caused by 

the high-frequency switching of the control input. This chattering can lead to 

mechanical wear in systems like wind turbines and reduced efficiency. 

To address this, Super Twisting Sliding Mode Control (STSMC) is introduced as an 

advanced technique that reduces chattering while maintaining the robustness and 

accuracy of conventional SMC. The STSMC approach uses continuous control signals 

to smooth out the switching behavior, significantly reducing high-frequency 

oscillations in the control signal [26], [97], [98]. 

The STSMC control law is composed of two parts: 

- A continuous control term: 

𝑢1 = −𝑘1|𝑆(𝑥)|
1
2⁄ . 𝑆𝑖𝑔𝑛(𝑆(𝑥))     (Ⅳ-5) 

This term reduces chattering by applying a control action proportional to the 

square root of the sliding surface. 

- A discontinuous control term: 

𝑢2 = −𝑘2 ∫ 𝑆𝑖𝑔𝑛(𝑆(𝑥)) 𝑑𝑡     (Ⅳ-6) 

This integrates the sign function over time, further reducing the chattering effect 

by smoothing the control signal. 

 The total control law for STSMC is: 

𝑢 = 𝑢𝑒𝑞 + 𝑢1 + 𝑢2      (Ⅳ-7) 

Where 𝑢𝑒𝑞 is the equivalent control ensuring the system stays on the sliding surface, 𝑢1 

and 𝑢2 reduce the chattering through smooth control actions. 

By applying STSMC, the system can achieve superior control performance with 

reduced chattering, making it an ideal method for wind turbine control applications 

where mechanical stress and precision are critical. 

To apply the Sliding Mode Control (SMC) to the system modeled by the transfer function in 

Eq. (Ⅱ-43), the following steps are taken: 

The System model to be controlled is 𝑖𝑑𝑞𝑟 =
1

𝑅𝑟+𝑆𝜎𝐿𝑟
𝑣𝑑𝑞𝑟
′ . This first-order system represents 

the dynamics of the rotor current in response to the control input 𝑣𝑑𝑞𝑟
′ . 

The sliding surface is defined as 

𝑆(𝑖𝑑𝑞𝑟) = 𝑒(𝑡) = 𝑖𝑑𝑞𝑟 𝑟𝑒𝑓(𝑡) − 𝑖𝑑𝑞𝑟(𝑡)     (Ⅳ-8) 

Where 𝑒(𝑡) is the error between the actual rotor current and the reference current. 

To maintain the system on the sliding surface 𝑆 = 0, the equivalent control is derived by setting 

𝑆 = 0, which means driving 𝑒(𝑡) to zero. 

From Eq. (Ⅳ-8) 

𝑆 (𝑖𝑑𝑞𝑟) = 𝑒 (𝑡) =  𝑖  𝑑𝑞𝑟 𝑟𝑒𝑓(𝑡) − 𝑖  𝑑𝑞𝑟(𝑡)    (Ⅳ-9) 

Using the system dynamics 𝑖  𝑑𝑞𝑟 =
𝑣𝑑𝑞𝑟−𝑅𝑟𝐼𝑑𝑞𝑟

𝜎𝐿𝑟
, the equivalent control expression is derived as 

follows: 

𝑢𝑒𝑞 = 𝜎𝐿𝑟𝑖  𝑑𝑞𝑟 𝑟𝑒𝑓(𝑡) + 𝑅𝑟𝐼𝑑𝑞𝑟(𝑡)    (Ⅳ-10) 

This ensures the system follows the desired reference current. 

The switching control drives the system towards the sliding surface. It is defined as: 
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𝑢𝑠𝑤 = −𝑘. 𝑠𝑖𝑔𝑛(𝑒(𝑡))     (Ⅳ-11) 

The total control input is the sum of the equivalent and switching controls: 

𝑢 = 𝑢𝑒𝑞 + 𝑢𝑠𝑤 = 𝜎𝐿𝑟𝑖  𝑑𝑞𝑟 𝑟𝑒𝑓(𝑡) + 𝑅𝑟𝐼𝑑𝑞𝑟(𝑡) − 𝑘. 𝑠𝑖𝑔𝑛(𝑒(𝑡))  (Ⅳ-12) 

This control law ensures that the system is driven to the sliding surface and remains there, 

robustly tracking the reference current 𝑖  𝑑𝑞𝑟 𝑟𝑒𝑓. 

The total control input for STSMC using Eq. (Ⅳ-7) is: 

𝑢 = 𝜎𝐿𝑟𝑖  𝑑𝑞𝑟 𝑟𝑒𝑓(𝑡) + 𝑅𝑟𝐼𝑑𝑞𝑟(𝑡) − 𝑘1|𝑆(𝑥)|
1
2⁄ . 𝑆𝑖𝑔𝑛(𝑆(𝑥)) − 𝑘2 ∫𝑆𝑖𝑔𝑛(𝑆(𝑥)) 𝑑𝑡 (Ⅳ-13) 

Ⅳ.2.3. Simulation results 

 In this section, we present the simulation results comparing the performance of Sliding 

Mode Control (SMC) and Super Twisting Sliding Mode Control (STSMC) for wind turbine 

control. The simulations were carried out using MATLAB/Simulink, with the system model 

based on the modeling developed in Chapter Ⅱ. The objective is to evaluate the response of 

rotor currents and stator power under varying wind speed conditions and reactive power 

reference changes, while analyzing the impact of chattering. The primary goal is to determine 

if STSMC can effectively mitigate the chattering problem inherent in SMC, while maintaining 

or improving system performance. 

The following figures illustrate the behavior of rotor current (d-axis and q-axis), stator active 

power, and stator reactive power for both SMC and STSMC. Additionally, we analyze the rotor 

active power to assess the extent of chattering in both methods. 

 
Fig. Ⅳ.2 Rotor current response (d-axis). 
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Fig. Ⅳ.3 Stator active power dynamics. 

 
Fig. Ⅳ.4 Rotor current response (q-axis). 
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Fig. Ⅳ.5 Stator reactive power dynamics. 

 
Fig. Ⅳ.6 Rotor active power dynamics. 
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The results of Figure Ⅳ.2 for rotor current (d-axis) show that STSMC provides a 

response much closer to the desired reference signal than SMC. The SMC exhibits minor 

oscillations (chattering), although they are not prominent. In contrast, STSMC eliminates this 

chattering effect, offering a smoother response. However, STSMC experiences a small delay 

in the initial response, which is not observed in SMC. This trade-off between improved 

accuracy and slight delay is an important observation when comparing the two control 

strategies. 

In the stator active power dynamics (Figure Ⅳ.3), the chattering effect is more 

pronounced when using SMC. This is evident from the significant oscillations in the SMC 

signal, which could potentially lead to inefficiencies and mechanical stress in real-world 

applications. On the other hand, STSMC successfully suppresses this chattering, providing a 

smoother and more stable power response. This shows that STSMC is highly effective in 

mitigating the chattering issue without sacrificing performance. 

The Figure Ⅳ.4 and Figure Ⅳ.5 confirm the observations made in Figs. Ⅳ.2 and Ⅳ.3. 

The rotor current (q-axis) and stator reactive power dynamics demonstrate the same trend: 

STSMC is much closer to the desired signal compared to SMC, with significantly reduced 

chattering. Furthermore, the response time for STSMC is slightly slower at approximately 0.85 

seconds, while SMC responds almost instantaneously at 0.002 seconds. However, the SMC 

response exhibits a larger error margin compared to STSMC. This reaffirms that while SMC 

offers faster initial response, its precision is compromised, and it suffers from chattering issues. 

In the final figure (Figure Ⅳ.6), the chattering effect in the rotor active power is clearly visible 

in the SMC response. The oscillations caused by SMC are substantial and could introduce 

undesirable vibrations in the system. In contrast, STSMC completely resolves this issue, as the 

rotor active power under STSMC control shows no oscillations and exhibits a smooth, stable 

output. This confirms the superior performance of STSMC in eliminating chattering while 

maintaining accurate control. 

In conclusion, the simulation results clearly demonstrate that Super Twisting Sliding 

Mode Control (STSMC) outperforms standard Sliding Mode Control (SMC) in terms of 

reducing chattering and providing a more precise response. STSMC not only eliminates the 

oscillations caused by SMC, particularly in rotor and stator power dynamics, but also offers 

greater accuracy in tracking the reference signals. The main drawback of STSMC is a small 

delay in response time compared to SMC, which responds more quickly but at the cost of higher 

error and significant chattering. 

Overall, STSMC proves to be a more effective control strategy for wind turbine systems, 

particularly in scenarios where precision and stability are critical. By mitigating the chattering 

issue inherent in SMC, STSMC enhances the longevity and performance of mechanical 

components while maintaining robust control under varying operational conditions. 

Ⅳ.3. Hybrid Fuzzy Logic and Super Twisting Sliding Mode Control 

Ⅳ.3.1. Overview of Hybrid Fuzzy-STSMC 

 The Hybrid Fuzzy Logic and Super Twisting Sliding Mode Control (Fuzzy-STSMC) 

approach combines the strengths of two robust control techniques to improve system 

performance in dynamic and uncertain environments [95], [99], [100]. Fuzzy Logic Control 

(FLC) is well-known for its ability to handle uncertainty and nonlinearities by using a rule-

based system that mimics human decision-making. It offers smooth control actions, especially 

in systems where precise mathematical modeling is difficult. However, FLC alone may lack 

the robustness required for systems with high variability or external disturbances [101], [102], 

[103]. 
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Super Twisting Sliding Mode Control (STSMC), on the other hand, provides strong robustness 

against disturbances and model uncertainties by forcing the system trajectory to remain on a 

predefined sliding surface. The main advantage of STSMC over conventional sliding mode 

control is its ability to mitigate the chattering effect, making it suitable for applications 

requiring smooth control. However, while STSMC ensures robustness, it may sometimes result 

in high control efforts or slower convergence [104], [105]. 

The Fuzzy-STSMC hybrid approach leverages the adaptive nature of fuzzy logic to enhance 

the sliding mode control by tuning the parameters of the sliding mode controller based on the 

system's state. This combination improves the overall performance of the control system by 

providing smoother control actions and faster convergence while maintaining robustness 

against disturbances. This section will explore the implementation of this hybrid control 

strategy and its impact on the control of wind turbines, demonstrating how it balances 

precision, stability, and robustness in variable wind conditions. 

Ⅳ.3.2. Fuzzy Logic Control 

 Fuzzy Logic Control (FLC) is an intelligent control method that mimics human 

reasoning and decision-making processes to handle complex systems that are difficult to model 

mathematically. Unlike traditional control techniques, which rely on precise mathematical 

models, FLC uses linguistic variables and rule-based logic to manage uncertainty and 

nonlinearity within a system. This makes FLC particularly effective in dealing with imprecise, 

vague, or uncertain data [102]. 

The key idea behind fuzzy logic is to interpret values that fall between binary extremes of 

"true" and "false." In FLC, inputs are expressed in degrees of truth rather than absolute binary 

values, and control rules are expressed as IF-THEN statements. These fuzzy rules, based on 

expert knowledge or heuristics, allow the controller to infer decisions in ambiguous situations 

where conventional control methods may struggle [101], [103]. 

The main components of a fuzzy logic controller include: 

• Fuzzification: Converts crisp input data (exact numerical values) into fuzzy sets, which 

represent the degree of truth in linguistic terms such as “low,” “medium,” or “high.” 

• Inference Engine: Uses a rule base to process the fuzzy inputs and applies the fuzzy 

rules to generate fuzzy outputs based on the IF-THEN logic. 

• Defuzzification: Converts the fuzzy output back into a crisp value, providing a precise 

control signal to the system. 

The overall structure of a fuzzy logic controller is depicted in Figure Ⅳ.7, which provides an 

overview of how these components interact within the system. 
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Fig. Ⅳ.7 Fuzzy controller: Basic structure overview [106]. 

Fuzzy logic control is particularly suited for systems with nonlinearity, such as wind turbines, 

where the dynamics are subject to constant variability and change. It provides smooth and 

adaptive control, offering the flexibility to handle uncertain and imprecise conditions that are 

inherent in wind turbine operations [6]. However, while FLC is adaptive and easy to 

implement, it may lack robustness in handling external disturbances, which is why it is often 

combined with other control methods like Sliding Mode Control (SMC) or Super Twisting 

Sliding Mode Control (STSMC) for improved performance. 

Ⅳ.3.3. Methodolgy 

 The Fuzzy Logic Controller (FLC) is designed to improve the performance of the wind 

turbine system by enhancing control precision and stability under varying wind conditions. 

Traditionally, FLC requires an expert to manually define the membership function ranges and 

create the fuzzy rules, which can be a complex and subjective process. The effectiveness of the 

FLC largely depends on the chosen ranges for the input and output variables and the rules 

governing the controller's behavior. 

One significant challenge in using FLC is determining the appropriate ranges for the 

membership functions and crafting accurate rules that effectively govern the control system. 

These decisions are often based on trial and error or expert knowledge, which introduces a 

potential source of inaccuracy or inconsistency. 

To address this problem, the Proportional-Integral (PI) controller developed using the Direct 

Synthesis Approach (DSA) in Chapter Ⅲ provides valuable input-output data that can be 

leveraged to design the FLC without requiring extensive expert knowledge. By analyzing the 

input-output relationships of the PI-DSA controller, we can derive the appropriate ranges for 

the membership functions and create data-driven fuzzy rules, removing the need for manual 

tuning [107]. 

• Data extraction from PI-DSA controller: To overcome the need for expert-defined 

ranges and rules, the input-output data of the PI-DSA controller is used as the 
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foundation for defining the FLC. The wind turbine is operated under varying wind 

conditions using the PI-DSA controller, and data is collected. 

- Input data: The error signal of rotor currents, representing the difference 

between the desired system state and the actual response, is extracted from the 

PI-DSA controller. This data forms the basis for determining the appropriate 

input membership function ranges. This is shown in Figure Ⅳ.8. 

 
Fig. Ⅳ.8 Data Input for PI Controller 

- Output data: The control signals (voltage adjustment) generated by the PI-DSA 

controller to minimize error and stabilize the system are used to define the 

output membership function ranges. This data is illustrated in Figure Ⅳ.9. 

 
Fig. Ⅳ.9 Data output for PI Controller 

By using this empirical data, the FLC can be designed in a more objective manner, relying on 

the observed relationships between input errors and control outputs. 

• Design of input membership functions: The input membership functions are defined 

based on the error signals of rotor currents extracted from the PI-DSA controller. This 
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data-driven approach allows for more accurate and systematic definition of the fuzzy 

sets, without the need for subjective expert judgment. The input error is categorized 

into linguistic variables that describe the deviation in the system performance: Negative 

Large (NL), Negative Medium (NM), Negative Small (NS), Zero Equal (ZE), Positive 

Small (PS), Positive Medium (PM), and Positive Large (PL). These categories are 

derived from the input data of the PI-DSA controller and are illustrated in Figure Ⅳ.10, 

which shows how the membership functions are structured to reflect the actual input 

behavior observed from the PI-DSA. 

 
Fig. Ⅳ.10 Input membership functions. 

• Design of output membership functions: Similarly, the output membership functions 

are defined using the control signals generated by the PI-DSA controller. By analyzing 

these control signals, appropriate fuzzy sets can be established to represent the range 

and distribution of the controller output. This data-driven approach eliminates the need 

for subjective tuning and ensures that the control actions generated by the FLC are 

consistent with the behavior observed from the PI-DSA controller. The output 

membership functions are categorized into the following linguistic terms: Negative 

Large (NL), Negative Medium (NM), Negative Small (NS), Zero Equal (ZE), Positive 

Small (PS), Positive Medium (PM), and Positive Large (PL). These categories are 

derived from the output data of the PI-DSA controller, and Figure Ⅳ.11 shows the 

output membership functions. 

 
Fig. Ⅳ.11 Output membership functions. 
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• Fuzzy rule base 

The rule base of the FLC is constructed based on the input-output relationships 

observed in the PI-DSA controller’s data. This allows the FLC to automate the process 

of rule generation, ensuring that the rules are aligned with the system's actual behavior 

under varying wind conditions. These rules are driven by the empirical data from the 

PI-DSA controller, ensuring that the FLC is tuned based on real performance rather 

than relying on expert knowledge. The complete set of rules is presented in Table. Ⅳ.1. 

Tab. Ⅳ.1 Fuzzy rules. 

Condition           

(Input) 

    Output 

 

NL 

 

NM 

 

NS 

 

ZE 

 

PS 

 

 

PM 

 

PL 

NL X - - - - - - 

NM - X - - - - - 

NS - - X - - - - 

ZE - - - X - - - 

PS - - - - X - - 

PM - - - - - X - 

PL - - - - - - X 

• Fuzzification: The extracted error values are converted into fuzzy sets using the 

membership functions derived from the PI-DSA data. This step allows the FLC to 

interpret the error in a way that mimics human reasoning. 

• Inference: The fuzzy inference engine applies the data-driven rules to the fuzzified 

input and determines the corresponding control actions in fuzzy terms. These rules are 

directly tied to the PI-DSA controller’s observed behavior. 

• Defuzzification: The fuzzy output is converted back into a crisp control signal using 

defuzzification techniques (such as the centroid method). This control signal is applied 

to the wind turbine system to correct its operation based on the FLC’s decisions. 

• Hybrid Fuzzy-Super Twisting Sliding Mode Control law: The Fuzzy-Super Twisting 

Sliding Mode Control (Fuzzy-STSMC) is developed to improve the robustness and 

precision of the control strategy by combining the adaptive nature of Fuzzy Logic with 

the robustness of the Super Twisting Sliding Mode Control (STSMC). While the 

STSMC effectively mitigates the chattering problem in standard SMC, using a sign 

function can still cause small residual oscillations. Replacing this sign function with a 

Fuzzy Logic Controller introduces smoother transitions, further reducing chattering 

while improving control precision. 

The sliding surface (𝑆(𝑥)) remains the same as in STSMC. Additionally, instead of 

applying a discontinuous sign function to drive the system toward the sliding surface, 

the control law is modified using fuzzy rules to provide a smooth, gradual transition. 

The fuzzy inference system interprets the error and its rate of change, and replaces the 

abrupt control action of the sign function with a smooth, nonlinear response. This 

reduces the chattering effect while maintaining the system’s robustness. By doing so 

and from Eq. (Ⅳ-13), the control law for the Fuzzy-STSMC is: 

𝑢 = 𝜎𝐿𝑟𝑖  𝑑𝑞𝑟 𝑟𝑒𝑓(𝑡) + 𝑅𝑟𝐼𝑑𝑞𝑟(𝑡) − 𝑘1|𝑆(𝑥)|
1
2⁄ . 𝐹𝑢𝑧𝑧𝑦(𝑆(𝑥)) − 𝑘2 ∫𝐹𝑢𝑧𝑧𝑦(𝑆(𝑥)) 𝑑𝑡 (Ⅳ-14) 
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This Hybrid Fuzzy-STSMC approach allows for better performance under variable 

conditions, maintaining the robustness of STSMC while minimizing the chattering effect 

through the use of fuzzy logic. This methodology integrates the strengths of both fuzzy control 

and sliding mode control, providing smoother, more precise control actions in highly dynamic 

systems like wind turbines. 

The following section presents the simulation results, which will compare the 

performance of the Fuzzy-STSMC with both the classical STSMC and FLC. By evaluating the 

rotor current and power dynamics under varying wind conditions, the results will illustrate the 

effectiveness of the Fuzzy-STSMC in further reducing chattering while maintaining robust 

control. 

Ⅳ.3.4. Simulation results 

 In this section, the performance of Super Twisting Sliding Mode Control (STSMC), 

Fuzzy Logic Control (FLC), and Hybrid Fuzzy-Super Twisting Sliding Mode Control 

(HFSTSMC) is evaluated and compared. The purpose of these comparisons is to assess the 

ability of these control strategies to ensure reference tracking and robustness under varying 

conditions. Specifically, the reference tracking is evaluated for rotor current and stator power, 

while robustness is tested under parameter variations. 

The FLC used in these tests was designed in the previous section, and the STSMC remains the 

same as presented in the SMC section, but with adjusted gains to highlight differences when 

compared with HFSTSMC. The performance of each controller is measured in terms of 

precision, stability, response time, and oscillations, particularly in challenging scenarios with 

varying system parameters. 

The following figures illustrate the behavior of the system under the influence of each control 

method. 

 
Fig. Ⅳ.12 Rotor current d-axis response. 
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Fig. Ⅳ.13 Stator active power dynamics. 

 
Fig. Ⅳ.14 Behavior of rotor current q-axis with a 100% variation in 𝑅𝑟, 60% in 𝐿𝑟, and 10% in 𝐿𝑚. 
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Fig. Ⅳ.15 Behavior of stator reactive power with a 100% variation in 𝑅𝑟, 60% in 𝐿𝑟, and 10% in 𝐿𝑚. 

The reference tracking capability is tested through Figure Ⅳ.12 and Figure Ⅳ.13: 

• Figure Ⅳ.12 shows that the FLC achieves system stabilization but with a slight error 

compared to the reference. The system controlled by FLC exhibits small oscillations, 

indicating that while the FLC is effective, it lacks the precision of STSMC and 

HFSTSMC. 

• Figure Ⅳ.13 similarly highlights that both FLC and STSMC stabilize the system, but 

with some residual oscillations. The HFSTSMC outperforms both by providing an 

exceptional level of precision and stability, with no observable oscillations, making it 

the most accurate in tracking the desired reference signal. 

In summary, for reference tracking, the FLC offers better performance than STSMC in 

terms of overall stability, but HFSTSMC eliminates oscillations completely and offers the most 

precise tracking of the reference signal. 

To assess robustness, significant variations were introduced in system parameters 

(𝑅𝑟 , 𝐿𝑟 , 𝑎𝑛𝑑 𝐿𝑚) and the corresponding system response was analyzed, as illustrated in Figure 

Ⅳ.14 and Figure Ⅳ.15: 

• Figure Ⅳ.14 shows the rotor current response under parameter variations. While both 

FLC and STSMC demonstrate robustness, the STSMC has a small overshoot (response 

time of 0.01 seconds), whereas FLC exhibits a slower response (0.02 seconds). The 

HFSTSMC, however, shows an exceptional response time of 0.00005 seconds, with no 

overshoot, demonstrating superior robustness compared to both classical FLC and 

STSMC. 
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• Figure Ⅳ.15 confirms the robustness results, where STSMC is more precise than FLC 

but suffers from notable oscillations. The HFSTSMC not only eliminates these 

oscillations but also provides a more stable and precise response under these 

challenging conditions. 

The Table. Ⅳ.2. summarizes the comparative performance of the different control strategies 

applied to the system. The evaluation is based on key dynamic performance indicators, 

including response time, overshoot, steady-state error, and robustness, to highlight the 

effectiveness of each control method. 

Tab. Ⅳ.2 Comparative Performance Analysis of SMC, STSMC, FLC, and HFSTSMC 

Control Strategies. 

Control Method Response Time 

(s) 

Overshoot (%) Steady-State Error 

(W) 

Robust 

SMC 0.0037 0.005% 1000 (0.00056%) Medium 

STSMC 0.09 0.01% 400 (0.00024%) High 

FLC 0.0080 0.0085% 2000 (0.0011%) Low 

HFSTSMC 0.000052 0.0025% 280 (0.00015%) Very High 

From these results, the following conclusions can be drawn: 

• FLC provides better stabilization than STSMC when tracking the reference signal, but 

both methods exhibit some level of oscillation and minor inaccuracies. 

• STSMC proves to be more robust than FLC under significant parameter variations, but 

it suffers from slight overshoot and residual oscillations. 

• The Hybrid Fuzzy-Super Twisting Sliding Mode Control (HFSTSMC) clearly 

outperforms both FLC and STSMC by combining their strengths—offering superior 

precision, faster response times, and excellent robustness without oscillations. This 

makes HFSTSMC the best approach for both reference tracking and robustness in the 

system. 

Ⅳ.4. Artificial  eural  etwork 

Ⅳ.4.1. Overview of A   

Artificial Neural Networks (ANNs) are computational models inspired by the 

biological neural networks found in the human brain. They are designed to recognize patterns, 

learn from data, and make intelligent decisions or predictions based on learned experiences 

[108], [109]. ANNs have become a cornerstone in machine learning and artificial intelligence 

due to their ability to model complex relationships in data, making them highly suitable for 

applications involving nonlinear systems, such as wind turbine control [110]. 

The key features of ANNs: 

• Structure: ANNs are composed of layers of interconnected nodes, called neurons (as 

presented in Figure Ⅳ.16). The typical structure includes 

- Input Layer: Receives input signals (features or data). 

- Hidden Layer: Processes inputs using weights and activation functions to learn 

relationships within the data. The number of hidden layers and neurons in each 

layer can vary depending on the complexity of the problem. 

- Output Layer: Produces the final prediction or control signal based on the 

processing performed in the hidden layers. 

• Learning process: ANNs learn through a process called training, where the network 

adjusts the weights of the connections between neurons to minimize the difference 
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between the predicted output and the actual output (error). This process typically 

involves a backpropagation algorithm, which computes the gradient of the error and 

adjusts the weights iteratively using an optimization algorithm like gradient descent. 

• Activation functions: Neurons apply activation functions to introduce nonlinearity, 

allowing the network to model complex relationships. Common activation functions 

include sigmoid, ReLU (Rectified Linear Unit), and tanh. These functions determine 

the output of each neuron based on its inputs. 

• Training and generalization: The goal of ANN training is to minimize error while 

ensuring that the network can generalize to new, unseen data. Techniques such as cross-

validation and regularization are used to prevent overfitting (where the network learns 

the training data too well but performs poorly on new data). 

In the context of wind turbine control, ANNs can be employed to model the nonlinear behavior 

of the turbine and generate control signals for key variables, such as rotor speed, power output, 

and mechanical stresses. The adaptability and learning capabilities of ANNs make them well-

suited for dynamic environments, where wind speed and operational conditions are constantly 

changing [23], [111]. 

Using an ANN-based controller allows the system to learn from past performance data and 

improve its control strategy over time. This approach is particularly effective when combined 

with optimization techniques or other advanced control strategies (such as sliding mode control 

or fuzzy logic), enabling more accurate and efficient control under varying conditions. 

In the next sections, we will explore the methodology for applying ANNs to wind turbine 

control, including network design, training, and implementation, followed by simulation results 

that demonstrate the effectiveness of this approach. 

Input Layer Hidden Layer Output Layer

Input 1

Input 2

Output

Neuron 1

Neuron 2

Neuron 3

Neuron 4

Neuron n-1

Neuron n

 
Fig. Ⅳ.16 ANN architecture featuring two inputs and a single output. 
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Ⅳ.4.2. Methodology 

 The implementation of an Artificial Neural Network (ANN) for wind turbine control is 

aimed at improving system performance by dynamically adjusting control parameters. This 

section outlines the methodology used to design and implement an ANN-based controller, 

which utilizes feedback from the control strategy's performance to learn and optimize control 

actions. The ANN controller is trained to manage the complex, nonlinear relationships in the 

wind turbine system, with a focus on minimizing the error between desired and actual system 

outputs. 

• System modeling and data preparation: The first step in applying ANN to wind turbine 

control involves generating and preparing the necessary data. The system model is 

based on the wind turbine dynamics presented in Chapter Ⅱ. Data is collected from 

simulations where the wind turbine is operated under varying wind speeds and power 

demand scenarios. Key variable, which is rotor currents is captured during the 

simulation to provide inputs for training the ANN. 

• Input data: The ANN uses a dual-input approach, where the two inputs are the error 

signal (The difference between the desired control point (setpoint) and the actual system 

output), and desired control point (The target reference value for the system). This dual-

input approach allows the ANN to learn how to adjust control signals based on both the 

current error and the control goal, ensuring that it adapts effectively to varying 

operating conditions. 

• Neural network architecture design: The ANN used for wind turbine control is designed 

with the following architecture 

- Hidden layer: A single hidden layer with 100 neurons is employed to model the 

nonlinearities of the system. The number of neurons in the hidden layer is 

chosen to balance computational efficiency and the ability to capture complex 

dynamics. 

- Activation function: The hidden layer uses the “tansig” (hyperbolic tangent 

sigmoid) activation function, which is particularly effective for systems with 

nonlinear dynamics. This function maps input values into a range of [-1, 1], 

providing smooth control signal adjustments. 

- Output Layer: The output layer consists of a single neuron that provides the 

control adjustment based on the ANN’s learned interpretation of the system’s 

behavior. 

• Training process: The training process involves using historical control data to train the 

ANN to learn from the control strategy's performance. The Levenberg-Marquardt 

training algorithm is used due to its effectiveness in optimizing neural networks for 

complex systems. The training process includes the following steps: 

- Training data: Historical data consisting of control inputs (error signal and 

desired control point) and the corresponding control outputs is used to train the 

ANN. This data enables the network to learn the appropriate control adjustments 

for a wide range of operating conditions. 

- Loss function: The Mean Squared Error (MSE) is used as the loss function, 

guiding the ANN to minimize the variance between its predicted control 

adjustments and the empirically derived optimal adjustments. 

- Training parameters: The network is trained with a learning rate of 0.06 and 

momentum of 0.075 to ensure stable and efficient learning. Training continues 
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until either the MSE goal of 10−16 is reached or a maximum of 10000 iterations 

is completed. 

• Validation and testing: To ensure the ANN generalizes well to new operating 

conditions, the data is split into training, validation, and testing sets. The validation set 

is used to monitor the training process and prevent overfitting. During training, the 

performance of the network is evaluated on this unseen data, and the training process 

is stopped if performance begins to degrade on the validation set. After training, the 

ANN is tested on a separate test set to assess its real-world performance. This test set 

simulates new wind conditions and control challenges to validate the network’s ability 

to optimize the wind turbine’s operation. 

• Implementation and control: Once the ANN is trained, it is integrated into the wind 

turbine control system. The ANN continuously receives the error signal and desired 

control point as inputs and generates a control signal that adjusts rotor current and stator 

power. This real-time control ensures that the system responds efficiently to varying 

wind speeds and power demands, providing adaptive and intelligent control. 

The results of this methodology are presented and compared with conventional control 

strategies in the following section. 

Ⅳ.4.3. Simulation results 

 In this section, we present the simulation results comparing the performance of the 

Artificial Neural Network (ANN) controller with the classical Proportional-Integral (PI) 

controller designed using the Direct Synthesis Approach (DSA), which was presented in the 

previous chapter. The goal of this comparison is to highlight the enhancements provided by the 

ANN controller, particularly in terms of stability, precision, and response characteristics. 

The simulation tests are conducted under varying wind speed conditions, using the same system 

model and conditions as in Chapter Ⅱ. The figures presented below illustrate the behavior of 

key control parameters such as rotor current (d-axis and q-axis) and stator power dynamics, 

providing insights into the performance differences between the ANN and PI-DSA controllers. 

 
Fig. Ⅳ.17 Rotor current (d-axis) response. 
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Fig. Ⅳ.18 Stator active power dynamics. 

 
Fig. Ⅳ.19 Rotor current (q-axis) response. 
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Fig. Ⅳ.20 Stator reactive power dynamics. 

Figure Ⅳ.17 shows the rotor current response on the d-axis. From this figure, we 

observe that the ANN controller significantly improves the system's stability compared to the 

PI-DSA controller. The ANN controller eliminates the irregularities present in the PI-DSA 

response, providing a smoother and more stable current response. 

Figure Ⅳ.18 presents the stator active power dynamics. Similar to the rotor current 

response, the ANN controller demonstrates improved stability and eliminates the fluctuations 

seen in the PI-DSA control. The ANN offers a more consistent and reliable power output, 

which is critical for maintaining efficient wind turbine operation. 

Figure Ⅳ.19 illustrates the rotor current response on the q-axis. In this figure, we 

observe that the ANN and PI-DSA controllers have similar response times, but the ANN 

controller eliminates the overshoot present in the PI-DSA response. This enhancement is 

crucial as it reduces stress on the system and improves the overall control precision. 

Figure Ⅳ.20 shows the stator reactive power dynamics. The results confirm that the 

ANN controller not only removes the overshoot seen in the PI-DSA controller but also offers 

a more precise control with less error. This improvement in precision leads to more efficient 

energy management and system performance under dynamic wind conditions. 

The simulation results clearly demonstrate that the ANN controller provides several 

key enhancements over the classical PI-DSA controller. Specifically, the ANN controller: 

• Fixes the irregularities in the PI-DSA response, resulting in smoother and more 

stable control of rotor current and stator power. 

• Eliminates overshoot, which is particularly evident in the rotor current and 

stator reactive power responses, ensuring a more refined and precise control. 

• Enhances precision, reducing the overall error in the system’s response, which 

leads to improved control accuracy and stability. 

The Table. Ⅳ.3. presents a comparative evaluation of the PI and ANN controllers. The 

comparison is based on key time-domain performance indicators, including settling time, rise 

time, steady-state error, and overshoot, to assess the improvement achieved by the ANN-based 

control approach. 
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Tab. Ⅳ.3 Performance Comparison Between PI and ANN Controllers. 

Control Method Setling Time (s) Rise Time (s) Steady-State Error 

(W) 

Overshoot 

(%) 

PI 0.09 0.023 650 (0.0008%) 8.125% 

ANN 0.025 0.023 450 (0.00035%) 0.0625% 

 

Overall, the ANN controller effectively enhances the performance of the PI-DSA 

controller, providing more stable and precise control under varying wind conditions. These 

improvements make the ANN controller a superior choice for wind turbine control, especially 

in environments where dynamic and unpredictable changes in wind speed can challenge 

traditional control methods. 

Ⅳ.5. Conclusion 

 In this chapter, we examined various intelligent control strategies applied to wind 

turbine systems, focusing on enhancing performance, stability, precision, and robustness in the 

face of nonlinearities and uncertainties associated with fluctuating wind conditions. The 

methodologies explored include Sliding Mode Control (SMC), Super Twisting Sliding Mode 

Control (STSMC), Fuzzy Logic Control (FLC), Artificial Neural Networks (ANN), and a 

hybrid approach combining FLC with STSMC (HFSTSMC). 

Sliding Mode Control (SMC) demonstrated its effectiveness in handling system 

uncertainties, but it exhibited a significant drawback in the form of chattering, which can 

negatively impact mechanical components. The Super Twisting Sliding Mode Control 

(STSMC) was introduced as an enhancement to SMC, successfully mitigating the chattering 

effect and providing smoother control actions while maintaining robustness. However, STSMC 

still exhibited slight delays compared to the classical SMC, especially in terms of initial 

response times. 

Fuzzy Logic Control (FLC) offered a more adaptable approach, as it can handle 

nonlinearities without requiring a precise mathematical model. By mimicking human reasoning 

through the use of fuzzy rules and membership functions, FLC provided smoother control 

actions. Nevertheless, FLC alone lacked the robustness needed to deal with highly dynamic 

and unpredictable wind conditions. In this study, the use of data-driven techniques helped to 

eliminate the need for expert knowledge in defining membership functions and fuzzy rules, 

making the FLC more accurate and reducing subjectivity in the control process. 

The hybrid approach combining FLC with STSMC (HFSTSMC) presented significant 

improvements in control performance. By leveraging the strengths of both FLC and STSMC, 

the hybrid method provided exceptional precision and stability while further reducing 

chattering, achieving smoother control actions and faster convergence compared to either 

control method alone. 

Artificial Neural Networks (ANNs) introduced a data-driven approach to control, 

allowing the system to learn from past performance and optimize control signals in real-time. 

The ANN improved stability and precision by minimizing overshoot and irregularities in the 

system's response. Through learning from historical data, the ANN adjusted control parameters 

effectively under varying wind conditions, providing a more adaptable control strategy. 

In conclusion, the results of this chapter illustrate that each control strategy offers 

distinct advantages, depending on the specific requirements of stability, robustness, and 

precision. By comparing these methods, it is evident that combining advanced techniques, such 

as hybrid approaches, can provide enhanced system performance under dynamic and uncertain 

conditions. These intelligent control strategies are critical for optimizing wind turbine systems 

and ensuring efficient operation in complex, real-world environments. 
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Ⅴ.1. Introduction 

 As the role of renewable energy sources continues to grow globally, wind power has emerged 

as a crucial contributor to electricity generation. A wind farm is a collection of wind turbines that 

work together to convert the kinetic energy of wind into electricity. The turbines are strategically 

placed to capture optimal wind conditions. The power generated by each turbine is combined and 

supplied to the electrical grid, contributing to a sustainable energy supply. However, managing the 

power generated by wind farms presents significant challenges, particularly in terms of maintaining 

a stable and reliable supply to the electrical grid. Wind speeds are inherently variable and 

unpredictable, leading to fluctuations in the amount of power produced by turbines. This variability 

makes power management in wind farms a critical factor in ensuring that the electricity grid receives 

a consistent supply of power to meet demand [112], [113]. 

 Wind farm power management refers to the strategies and techniques used to control and 

optimize the power output from a group of wind turbines, ensuring that the generated electricity 

matches the demand of the grid. Given that wind speed is not constant, the output from wind turbines 

can fluctuate significantly over time, which poses a challenge for grid stability. Effective power 

management involves dynamically adjusting the operation of individual turbines to account for these 

fluctuations and maintain the desired power output at the grid connection point [114], [115]. 

 In addition to managing the variability of wind speeds, power management also focuses on 

maximizing the efficiency of wind turbines and minimizing energy losses. This requires balancing 

the power generated by each turbine to avoid overproduction or underproduction, both of which can 

lead to inefficiencies or grid imbalances. In cases of excess wind energy, power may need to be 

curtailed, while in situations of low wind, turbines must be operated in a way that optimally captures 

available energy [116], [117]. 

 One of the primary challenges in wind farm power management is the unpredictability of wind 

speeds. Since wind energy is dependent on natural weather patterns, it can be difficult to forecast and 

match the power generated by turbines with grid demand in real-time. This variability introduces 

complexity into the operation of wind farms, requiring sophisticated control algorithms and strategies 

to ensure that turbines deliver the right amount of power to the grid without destabilizing it. 

 Another key challenge is balancing the power output between different turbines within the 

wind farm. Each turbine may experience different wind speeds depending on its location, creating an 

imbalance in production that needs to be managed. Additionally, the mechanical and operational 

constraints of turbines, such as maximum power capacity and the need to protect turbines from 

overspeed or mechanical stress, further complicate power management [118], [119]. 

 Grid requirements add another layer of complexity, as wind farms must adhere to grid codes 

and regulations that dictate how much power can be supplied and how quickly turbines should 

respond to changes in demand. Overproduction, for example, can lead to excess energy that the grid 

cannot absorb, while underproduction can cause supply shortages and destabilize the grid [120], 

[121]. 

In summary, the need for precise and efficient power management in wind farms is driven by 

the variability of wind, the need for balanced turbine operation, and the requirements of the electrical 

grid. The rest of this chapter will delve into a novel algorithm designed to address these challenges, 

ensuring optimal wind farm performance and grid stability through intelligent power management. 

This novel approach will also be compared with the classical PI controller method, highlighting the 

improvements in dynamic power distribution, efficiency, and the ability to handle fluctuating wind 

conditions. Through this comparison, we will demonstrate how the novel algorithm outperforms the 

traditional PI method in managing power across multiple turbines and stabilizing the grid, particularly 

under variable and unpredictable wind speeds. 
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Ⅴ.2. Overview of the  ovel Wind Farm Power Management Algorithm 

The algorithm presented in this chapter offers an innovative solution for optimizing power 

output across a wind farm by dynamically managing the contribution of each turbine based on real-

time wind conditions. The core idea is to distribute the power generation duties among turbines in a 

way that compensates for the variability in wind speeds, ensuring the grid receives a stable and 

reliable power supply. The algorithm begins by calculating a target stator power output for each 

turbine, based on the total power required by the grid. It then compares the actual power each turbine 

can generate with this target and adjusts their output accordingly. 

Turbines that are unable to meet their target operate at full capacity, while those with surplus 

capacity contribute to covering the shortfall of underperforming turbines. This redistribution is 

proportional, meaning that turbines with more excess capacity provide a larger share of the required 

compensation. The algorithm adapts dynamically to real-time conditions, ensuring that the collective 

power output from the wind farm aligns with the grid’s demands. This approach not only maximizes 

efficiency but also ensures that fluctuations in wind speed and turbine performance do not 

compromise grid stability, making it an effective tool for modern wind farm power management. 

Figure Ⅴ.1 illustrates the structure and flow of this wind farm power management system, where 

turbines communicate with the grid to ensure a stable power output, adapting to wind speed 

variability. 
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Fig. Ⅴ.1 Wind farm system with power management. 

Ⅴ.3. Methodology 

 The following section outlines the methodology used to implement the proposed wind farm 

power management algorithm. It details the step-by-step process of collecting turbine power data, 

calculating target outputs, and dynamically redistributing power across turbines to ensure the grid’s 

demands are met. 

▪ Input collection: The algorithm starts by collecting essential real-time inputs from the wind 

farm system: 

- 𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛: This is the power that each turbine can potentially generate based on current 

wind conditions. Each turbine has a unique maximum power output depending on the 

wind speed. 

- 𝑃𝑠,𝑟𝑒𝑓: The total stator power required by the grid. This is the overall power demand 

that the wind farm needs to supply. 

- 𝑛: The number of turbines in the wind farm. 

▪ Calculate the target power output per turbine: The next step is to calculate the desired power 

output for each turbine by dividing the total grid-required power by the number of turbines: 



Chapter Ⅴ Wind farm power management 

69 
 

𝑃𝑠,𝑡𝑎𝑟𝑔𝑒𝑡 = 𝑃𝑠,𝑟𝑒𝑓 𝑛⁄       (Ⅴ-1) 

 This gives a uniform target for each turbine to meet the grid’s demand equally. 

• Calculate the power generation ratio (Rapport): For each turbine, the algorithm calculates the 

ratio (referred to 𝑟𝑎𝑡𝑖𝑜𝑖) of the power it can generate (𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 𝑖) to the target power. 

𝑟𝑎𝑡𝑖𝑜𝑖 =
𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 𝑖

𝑃𝑠,𝑡𝑎𝑟𝑔𝑒𝑡
⁄      (Ⅴ-2) 

This ratio shows whether a turbine can meet or exceed its share of the required power 

(𝑟𝑎𝑡𝑖𝑜𝑖 ≥ 1) or if it is underperforming 𝑟𝑎𝑡𝑖𝑜𝑖 ≤ 1. 

• Handel underperforming turbines: For turbines with 𝑟𝑎𝑡𝑖𝑜𝑖 < 1, meaning they cannot meet 

their target power output due to lower wind speeds, the algorithm: 

- Sets these turbines to operate at their maximum capacity: 

𝑃𝑠,𝑖 = 𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 𝑖     (Ⅴ-3) 

- Calculates the cumulative deficit 𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟, which is the total shortfall in power 

output from all underperforming turbines. This is computed as: 

𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟 = ∑(1 − 𝑟𝑎𝑡𝑖𝑜_𝑖)     (Ⅴ-4) 

This variable will be important later when redistributing surplus power from better-

performing turbines. 

• Handle surplus turbines: For turbines with 𝑟𝑎𝑡𝑖𝑜𝑖 ≥ 1, meaning they are capable of generating 

more than the target power. The algorithm calculates the surplus generation capacity for these 

turbines by computing: 

𝑆𝑢𝑚𝑜𝑣𝑒𝑟 = ∑(𝑟𝑎𝑡𝑖𝑜𝑖 − 1)     (Ⅴ-5) 

This variable stores the total excess power generation capability across the wind farm, which 

will be used to balance the overall power supply. 

• Redistribute surplus power: The turbines with surplus capacity will be asked to compensate 

for the shortfall from underperforming turbines. The redistribution formula is 

𝑃𝑠,𝑖 = 𝑃𝑠,𝑡𝑎𝑟𝑔𝑒𝑡(1 + 𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟 . (𝑟𝑎𝑡𝑖𝑜𝑖 − 1) 𝑆𝑢𝑚𝑜𝑣𝑒𝑟⁄ )   (Ⅴ-6) 

This formula adjusts the power output of turbines that have surplus capacity in proportion to 

their available surplus, ensuring that they contribute more to compensate for turbines 

generating less than their target. 

• Check for turbine capacity limits: A condition is introduced to ensure no turbine generates 

more than its maximum capacity. After calculating the redistributed power for turbines with 

surplus capacity, the algorithm checks if the new power output exceeds the turbine’s 

maximum capacity: 

𝑃𝑠,𝑖 = {
𝑃𝑠,𝑡𝑎𝑟𝑔𝑒𝑡(1 + 𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟 . (𝑟𝑎𝑡𝑖𝑜𝑖 − 1) 𝑆𝑢𝑚𝑜𝑣𝑒𝑟⁄ ), 𝑃𝑠,𝑖 ≤ 𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 𝑖

𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 𝑖, 𝑃𝑠,𝑖 > 𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 𝑖
 (Ⅴ-7) 

• Real-time adjustment: The algorithm runs continuously, adjusting the power outputs of the 

turbines in real time as wind conditions change. This ensures that the wind farm can 

dynamically respond to fluctuating wind speeds and continue supplying stable power to the 

grid. 

The steps of the algorithm are summarized in the flowchart presented in Figure Ⅴ.2, which provides 

a clear visual representation of the dynamic redistribution process for power management across 

turbines. 
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Fig. Ⅴ.2 Flowchart of the novel wind farm power management algorithm. 

Example: 

Let’s consider a wind farm with four turbines, each tasked with generating a total of 4 MW for the 

grid: 

- Turbine 1 can generate 0.4 MW. 

- Turbine 2 can generate 1.4 MW. 

- Turbine 3 can generate 1.8 MW. 

- Turbine 4 can generate 1 MW. 

According to the algorithm: Turbine 1, unable to meet its target (1 MW), will generate its maximum 

power (0.4 MW), adding the difference to the 𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟, Turbine 4 meets its target exactly (1 MW), 

Turbines 2 and 3, having surplus capacity, will adjust their power output to compensate for Turbine 

1’s shortfall. The surplus is distributed proportionally, with Turbine 3 providing a larger share due to 

its higher excess capacity. 

This example demonstrates how the algorithm adapts to real-time conditions to ensure that the overall 

power generation matches the grid's demand, even when individual turbines underperform due to 

varying wind speeds. 

By dynamically redistributing power based on real-time wind conditions, this algorithm optimizes 

the efficiency and reliability of wind farms, ensuring that the grid receives a stable and reliable power 

supply. 

Ⅴ.4. Simulation 

 In this section, we present the simulation setup for implementing the novel wind farm power 

management algorithm, developed in the previous sections. The simulation is designed using 

MATLAB/Simulink to accurately model the operational dynamics of an 8-turbine wind farm, with 
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each turbine modeled as per the detailed system analysis in Chapter Ⅱ. The goal of the simulation is 

to demonstrate the methodology of the proposed algorithm, focusing on how it manages power 

distribution, adjusts turbine outputs in real-time, and maintains grid stability. 

The simulation block diagrams reflect the core components of the power management strategy, 

including reference signal generation, dynamic redistribution of surplus power, and global power 

management. These models are integral to testing and validating the efficiency of the algorithm in 

handling fluctuating wind conditions across multiple turbines. The upcoming figures illustrate the 

detailed block models used in the simulation. 

The Figure Ⅴ.3 shows the modified model where the rotor current (d-axis) reference is generated by 

the power management algorithm, rather than being limited by each turbine's maximum generation, 

ensuring grid power demands are met dynamically. 

 
Fig. Ⅴ.3 Model of the new reference signal generation 𝑖𝑑𝑟

∗ . 

The Figure Ⅴ.4 demonstrates the process algorithm applied to a single turbine, adjusting its power 

output based on its capacity and the overall power management strategy. 

 
Fig. Ⅴ.4 Simulink model of the process algorithm (For one turbine). 

Additionally, Figure Ⅴ.5 provides a schematic block representation of this process algorithm, 

highlighting the core steps in a simplified manner. 
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Fig. Ⅴ.5 Bloc schema of the process algorithm (For one turbine). 



Chapter Ⅴ Wind farm power management 

72 
 

The Figure Ⅴ.6 illustrates how surplus power from overperforming turbines is redistributed to 

underperforming turbines, ensuring balanced power output across the wind farm. 

 
Fig. Ⅴ.6 Simulink model of redistribute surplus power. 

To further clarify the redistribution logic, Figure Ⅴ.7 presents a schematic block diagram showing 

the process of power balancing across turbines. 
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Fig. Ⅴ.7 Bloc schema of redistribute surplus power. 

The Figure Ⅴ.8 shows the overall structure of the power management system, coordinating all 

turbines to dynamically meet the grid's power requirements while optimizing wind farm performance. 



Chapter Ⅴ Wind farm power management 

73 
 

 
Fig. Ⅴ.8 Simulink model of the global power management. 

For a conceptual overview, Figure Ⅴ.9 presents a schematic block diagram of the overall power 

management strategy. 
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Fig. Ⅴ.9 Bloc schema of the global power management. 

In conclusion, the simulation section successfully demonstrates the implementation of the 

proposed wind farm power management algorithm using an eight-turbine system modeled in 

MATLAB/Simulink and block schema diagrams. Through the simulation models, we have illustrated 

how the novel algorithm dynamically adjusts the rotor current reference signals, redistributes surplus 

power, and manages the overall power output of the wind farm to maintain grid stability. The models 

provide a clear representation of the algorithm's real-time adaptability, ensuring efficient and reliable 

power generation across varying wind conditions. 

With the simulation methodology established, we now turn to the results section, where the 

performance of the algorithm will be evaluated in comparison with traditional power management 

methods. This will highlight the effectiveness of the proposed approach in optimizing power 

distribution, enhancing grid stability, and maximizing turbine efficiency. 

Ⅴ.5. Simulation results 

 In this section, we present the simulation results obtained from the wind farm power 

management models discussed in the previous section. The simulation was conducted using an eight-

turbine wind farm, with each turbine operating under different wind speed amplitudes to mimic real-

world variability. The performance of the novel power management algorithm is compared against a 

classical PI controller, which attempts to minimize the error between the desired grid power and the 

actual total power output. In the classical PI approach, the output is divided equally among the 

turbines, setting the same power reference for each turbine. The desired grid power is set at 12MW. 

The following figures illustrate the effectiveness of the proposed algorithm in dynamically adjusting 

turbine outputs based on real-time wind conditions, as well as its ability to balance power generation 

more efficiently than the classical PI controller. The results provide a comprehensive comparison in 

terms of grid stability, power redistribution, and overall system performance. 
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Figure Ⅴ.10 presents the wind speed profiles applied to each of the eight turbines in the simulation. 

These profiles vary in amplitude to simulate real-world conditions, where each turbine experiences 

different wind speeds, affecting their power generation capabilities. 

 
Fig. Ⅴ.10 Wind speed profiles for each turbine in the simulation. 

Figure Ⅴ.11 presents the power distribution across the eight turbines, with each subplot representing 

one turbine's power behavior. The subplots show four key power variables for comparison: 

• 𝑃𝑠𝑑𝑒𝑠𝑖𝑟𝑒𝑑 𝑚𝑒𝑎𝑛 (desired power for each turbine “𝑃𝑠,𝑡𝑎𝑟𝑔𝑒𝑡”). 

• 𝑃𝑠,𝑐𝑎𝑛𝑔𝑒𝑛 (the maximum power the turbine can generate). 

• 𝑃𝑠𝑟𝑒𝑓 𝐴𝑙𝑔𝑜 (power reference from the novel algorithm “𝑃𝑠,𝑖”). 

• 𝑃𝑠 𝑟𝑒𝑓 𝑃𝐼 (power reference from the classical PI controller). 

This figure illustrates how the novel algorithm manages power distribution across the turbines, 

especially when some turbines are underperforming, and highlights the differences between the novel 

approach and the traditional PI controller [120]. 
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Fig. Ⅴ.11 Power distribution comparison for each turbine using the novel algorithm and classical PI 

controller. 

Figure Ⅴ.12 presents the desired grid power of 12 MW alongside the total stator active power 

generated by the wind farm using the novel algorithm and the classical PI controller for comparison. 

0 5 10 15

Time (Sec)

1

1.5

2

A
m
p
li
tu
d
e

 10
6 P

s
ref Algo WT2

P
s
can gen WT2

P
s
desired mean

P
s
ref PI WT2

0 5 10 15

Time (Sec)

1

1.5

2

A
m
p
li
tu
d
e

 10
6

P
s
ref Algo WT3

P
s
can gen WT3

P
s
desired mean

P s ref PI WT3

0 5 10 15

Time (Sec)

0.5

1

1.5

2

2.5

A
m
p
li
tu
d
e

 10
6

P
s
ref Algo WT4

P
s
can gen WT4

P s desired mean

P
s
ref PI WT4

0 5 10 15

Time (Sec)

1

1.5

2

A
m
p
li
tu
d
e

 10
6 P

s
ref Algo WT5

P
s
can gen WT5

P
s
desired mean

P
s
ref PI WT5

0 5 10 15

Time (Sec)

1.5

2

2.5

A
m
p
li
tu
d
e

 10
6 P

s
ref Algo WT6

P
s
can gen WT6

P
s
desired mean

P
s
ref PI WT6

0 5 10 15

Time (Sec)

1.2

1.4

1.6

1.8

2

2.2

A
m
p
li
tu
d
e

 10
6 P

s
ref Algo WT7

P
s
can gen WT7

P
s
desired mean

P
s
ref PI WT7

0 5 10 15

Time (Sec)

1.4

1.6

1.8

2

2.2

A
m
p
li
tu
d
e

 10
6 P

s
ref Algo WT8

P
s
can gen WT8

P
s
desired mean

P
s
ref PI WT8

0 5 10 15

Time (Sec)

1.4

1.6

1.8

2

2.2

A
m
p
li
tu
d
e

 10
6 P

s
ref Algo WT1

P
s
can gen WT1

P
s
desired mean

P
s
ref PI WT1

Stator Power Distribution Across Turbines  W 



Chapter Ⅴ Wind farm power management 

77 
 

 
Fig. Ⅴ.12 Total stator active power output of wind farm using the novel algorithm and PI controller. 

The results presented in Figures Ⅴ.11 and Ⅴ.12 provide a comprehensive evaluation of the 

novel power management algorithm compared to the classical PI controller, highlighting its 

effectiveness, adaptability, and precision. 

In Figure Ⅴ.11, during the initial phase of the simulation, all turbines operate under favorable 

wind conditions, enabling an even power distribution of 1.5 MW per turbine (total 12 MW across 8 

turbines). During this period, both the novel algorithm and the PI controller perform well, ensuring 

an equitable power allocation. However, the PI controller exhibits slight oscillations, indicating its 

inability to maintain perfectly steady control even under stable conditions. 

As the simulation progresses, turbines 2, 3, and 4 experience reduced wind speeds, leading to 

underperformance. The novel algorithm dynamically adapts, redistributing power generation among 

the remaining turbines based on their available capacity, ensuring an optimal and realistic power 

distribution. In contrast, while the PI controller attempts compensation, it does so without considering 

individual turbine capacities, instead assigning identical power references to all turbines. Although 

the PI controller respects maximum turbine power limits, its uniform approach results in suboptimal 

performance compared to the novel algorithm. 

At approximately 7.5 seconds, as depicted in Figure Ⅴ.12, most turbines—except turbine 6—

fail to reach their intended power levels due to widespread low wind speeds. The novel algorithm 

maximizes the output of all turbines based on their real-time capacity, ensuring the most effective use 

of available resources. Despite this, the total power output remains below 12 MW, reflecting the 

physical constraints imposed by insufficient wind speeds. In contrast, the PI controller exhibits 

significant steady-state errors and oscillations, reducing efficiency and stability. Furthermore, at 

12.87 seconds, the PI controller overshoots, while the novel algorithm maintains a precise response 

with 0% overshoot, reinforcing its superior ability to dynamically adjust without instability. 

Overall, the comparison highlights the advantages of the proposed algorithm in optimizing 

power distribution, respecting turbine operational limits, and maintaining stable grid power output 

under varying wind conditions. Although the PI controller provides compensation, its uniform 
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redistribution strategy and oscillatory behavior make it less effective for real-time wind farm power 

management. The novel algorithm’s responsiveness, precision, and adaptability establish it as a more 

reliable and efficient solution for wind farm control. 

To further assess the performance of the proposed algorithm, an additional scenario was 

simulated where Turbine 2 experiences a complete failure at 3.5 seconds. As shown in Figure Ⅴ.13, 

at this precise moment, Turbine 2 stops generating power, which introduces a sudden loss in the total 

output. In response, the power management algorithm rapidly redistributes the power generation load 

among the remaining turbines. Each operational turbine compensates for the loss by increasing its 

output proportionally, ensuring that the grid's power demand remains met without causing instability 

in the system. 

The overall impact of Turbine 2's failure on the wind farm’s power generation is illustrated in 

Figure Ⅴ.14. Initially, the remaining turbines successfully adjust their power output to offset the loss 

and maintain the target generation level. However, at approximately 8.55 seconds, the turbines reach 

their maximum operational capacity, at which point the wind farm is no longer able to sustain the 10 

MW power target. This limitation reflects the physical constraints of the turbines and wind conditions, 

emphasizing the importance of redundancy in power generation. 

Despite these constraints, the algorithm demonstrates its effectiveness in maximizing available 

resources, ensuring that each turbine contributes as much power as possible under the given 

circumstances. This capability highlights its adaptability in maintaining optimal performance even 

under unforeseen failures, making it a robust solution for real-world wind farm operations. 

 



Chapter Ⅴ Wind farm power management 

79 
 

 
Fig. Ⅴ.13 Power distribution for each turbine using the novel algorithm after Turbine 2 break-down. 
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Fig. Ⅴ.14 Total wind farm power following Turbine 2 break-down. 

The simulation results confirm the superior performance of the novel power management algorithm 

in effectively distributing power, adapting to real-time wind variations, and handling turbine failures. 

Compared to the classical PI controller, the proposed algorithm exhibits greater responsiveness, 

enhanced stability, and more efficient resource allocation. 

In the standard operating scenario, where turbines experience varying wind speeds, the algorithm 

dynamically adjusts power references based on each turbine’s real-time capacity, ensuring an 

optimized power distribution. Unlike the PI controller, which assigns identical power references 

without considering individual turbine capabilities, the novel approach maximizes available output 

while preventing overloading or unrealistic power demands. 

When subjected to turbine failure conditions, as shown in Figures Ⅴ.13 and Ⅴ.14, the algorithm 

swiftly redistributes power generation tasks, allowing the remaining turbines to compensate for the 

lost capacity. This real-time adaptability maintains grid stability until the system reaches its physical 

limits, demonstrating its robustness under unexpected failures. In contrast, the PI controller exhibits 

steady-state errors, oscillations, and overshoot, leading to instability and inefficiencies in power 

management. 

Overall, the proposed algorithm proves to be a more practical and reliable solution for wind farm 

power management, ensuring grid stability, optimized power utilization, and seamless adaptation to 

changing wind conditions and turbine availability. These advantages establish it as a superior 

alternative to conventional PI-based control strategies for modern wind energy systems. 

Application e ample of the proposed algorithm 

To evaluate the performance of the developed wind farm power management algorithm, a 

case study is considered, corresponding to the scenario depicted in Figure V.13 at a specific moment 
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in time, at 4.0 seconds. The wind farm comprises eight turbines, with a required grid power output of 

𝑃𝑠𝑟𝑒𝑓 = 10𝑀𝑊. The ideal power contribution per turbine is determined as follows: 

𝑃𝑠 𝑡𝑎𝑟𝑔𝑒𝑡 =
𝑃𝑠𝑟𝑒𝑓

𝑛
=
10

8
= 1.25𝑀𝑊 

At this instant, the available power generation capacities of the individual turbines (𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛) are 

represented by the brown key points in Figure V.13, with the following values: 

• Turbine1: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 1 = 2.275𝑀𝑊. 

• Turbine2: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 2 = 0.00𝑀𝑊. 

• Turbine3: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 3 = 1.678𝑀𝑊. 

• Turbine4: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 4 = 1.678𝑀𝑊. 

• Turbine5: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 5 = 2.109𝑀𝑊. 

• Turbine6: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 6 = 2.643𝑀𝑊. 

• Turbine7: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 7 = 2.363𝑀𝑊. 

• Turbine8: 𝑃𝑠 𝑐𝑎𝑛𝑔𝑒𝑛 8 = 2.275𝑀𝑊. 

To assess the disparity between each turbine's available generation and the target power output, the 

ratio 𝐵𝑖 is computed as: 

𝐵1 =
2.275

1.25
= 1.82 𝐵2 =

0.00

1.25
= 0.00

𝐵3 =
1.678

1.25
= 1.3424 𝐵4 =

1.678

1.25
= 1.3424

𝐵5 =
2.109

1.25
= 1.6872

𝐵7 =
2.363

1.25
= 1.8904

𝐵6 =
2.643

1.25
= 2.1144

𝐵8 =
2.275

1.25
= 1.82

 

Classification of turbines: Underperforming and Surplus 

• Underperforming turbines (𝐵𝑖 ≤ 1): only Turbine 2 with 𝐵2 = 0.00. 

• Surplus turbines (𝐵𝑖 > 1): All remaining turbines. 

The overall shortfall and surplus are determined as: 

𝑆𝑢𝑚𝑢𝑛𝑑𝑒𝑟 = 1, 𝑆𝑢𝑚𝑜𝑣𝑒𝑟 = 5.0168 

Applying the developed algorithm, the revised power references for each turbine (𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜) are 

computed using Eq. (Ⅴ-7). The final power assignments, depicted as black key points in Figure V.13, 

are: 
𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 1 = 1.454𝑀𝑊 𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 2 = 0.00𝑀𝑊

𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 3 = 1.335𝑀𝑊 𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 4 = 1.335𝑀𝑊

𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 5 = 1.421𝑀𝑊

𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 7 = 1.472𝑀𝑊

𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 7 = 1.527𝑀𝑊

𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 8 = 1.454𝑀𝑊

 

The total allocated power sums up to: 

𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 1 +⋯+ 𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 7 + 𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 8 = 10𝑀𝑊 

which precisely meets the required grid power of 𝑃𝑠 𝑟𝑒𝑓 = 10𝑀𝑊. This confirms that the algorithm 

effectively redistributes power across the turbines while ensuring compliance with their generation 

limits. 

The calculated values of 𝑃𝑠 𝑟𝑒𝑓𝑎𝑙𝑔𝑜 align with the black key points in Figure V.13, further validating 

the accuracy and effectiveness of the algorithm in this scenario. 

Ⅴ.6. Conclusion 

 In this chapter, a novel wind farm power management algorithm was introduced and 

rigorously evaluated through simulations. The primary focus was to address the challenges of 
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fluctuating wind conditions, turbine underperformance, and grid stability by dynamically 

redistributing power across multiple turbines. The methodology and simulation models of the 

proposed algorithm were presented in detail, providing a step-by-step explanation of how turbine 

outputs are managed in real-time. 

The novel algorithm successfully demonstrated its ability to adapt to real-time wind 

variations, ensuring that the grid receives a stable power supply. Compared with the traditional PI 

controller, the novel algorithm showed significant improvements in handling underperforming 

turbines and redistributing surplus power proportionally among turbines with higher capacities. This 

dynamic adaptability ensures that turbine power generation remains within operational limits while 

efficiently meeting grid demands. The results also revealed that the novel algorithm effectively 

eliminates issues such as excessive oscillations and unrealistic power references generated by the PI 

controller, thereby ensuring more stable and reliable wind farm performance. 

In conclusion, the proposed wind farm power management algorithm proves to be a practical 

and highly efficient solution for managing variable wind conditions, providing better overall stability, 

and enhancing grid reliability. This method represents a significant advancement in optimizing wind 

energy production and sets the foundation for future developments in intelligent wind farm control 

systems. 
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Conclusion & future work 
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Ⅵ.1. Conclusion 

 This thesis has presented a comprehensive exploration of control and management 

strategies for DFIG-based wind turbines, advancing the integration of AI-based methods to 

address limitations in conventional approaches. 

 Chapter Ⅰ introduced the research problem, objectives, and scope of the study, providing 

a foundation by reviewing relevant literature on renewable energy systems, control strategies, 

and wind farm power management techniques. This chapter set the stage for a detailed analysis 

of control methods and AI-driven enhancements across wind turbine systems. 

 Chapter Ⅱ laid the theoretical groundwork by delving into wind turbine modeling and 

control techniques. It covered essential aspects of aerodynamic modeling and DFIG dynamics, 

establishing a foundation for the development of robust control methodologies. This 

background was instrumental in understanding the specific dynamics and requirements of wind 

turbine control, supporting the subsequent exploration of more advanced techniques. 

 Chapter Ⅲ focused on classical PI control using the Direct Synthesis Approach, 

enhanced by optimization techniques. Results indicated significant improvements in control 

performance with optimized PI controllers, with Particle Swarm Optimization (PSO) 

delivering the most effective results. However, challenges emerged in rotor power stability, 

particularly oscillations and variations under certain operating conditions, prompting the need 

for more advanced control techniques. 

 Chapter Ⅳ introduced advanced control strategies, starting with Sliding Mode Control 

(SMC) and its enhancement through Super Twisting SMC to address the issue of chattering. 

Following this, fuzzy logic control was implemented and further developed into a hybrid 

Fuzzy-Super Twisting Sliding Mode Control, which yielded the best results among all tested 

strategies. Additionally, Artificial Neural Networks (ANN) were applied to improve classical 

PI (DSA), demonstrating satisfactory results by eliminating overshoot present in the DSA. 

 Chapter Ⅴ expanded the research to wind farm power management using a novel 

algorithm developed to distribute power proportionally across turbines. This algorithm was 

benchmarked against the traditional PI controller, showing exceptional responsiveness, 

precision, and proportional power distribution in scenarios with underperforming turbines. The 

results highlight the algorithm's ability to achieve grid stability and enhance power allocation 

efficiency. 

 Through these explorations, this thesis has demonstrated the feasibility and advantages 

of combining AI with classical control methods to improve DFIG-based wind turbine and wind 

farm performance. Each chapter contributes to a deeper understanding of how AI-driven 

methods can be tailored to address specific challenges in renewable energy systems, setting the 

stage for further developments in the field. 

Ⅵ.2. Future work 

 Building on the findings of this thesis, several future research directions are proposed 

to further enhance the effectiveness and adaptability of control and management strategies for 

wind energy systems: 

• Optimized PI control: Future research could integrate rotor power into the PI 

optimization process to improve control signal stability, potentially minimizing the 

variations observed in rotor power. 

• Fuzzy logic enhancements: Fuzzy logic control can be refined using intelligent 

methods like Adaptive Neuro-Fuzzy Inference Systems (ANFIS) or other optimization 

techniques to automatically determine membership functions and rules, enhancing the 

adaptability and performance of the fuzzy logic controller. 
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• ANN application: The ANN-based controller could be further enhanced by training on 

optimized data, such as that from the optimized PI or Hybrid Fuzzy-SMC controllers, 

to leverage the performance strengths of these methods. 

• Super twisting sliding mode control optimization: The gains 𝐾1, 𝐾2 of the ST-SMC 

could be optimized using advanced techniques to further minimize chattering and 

enhance overall system robustness. 

• Wind farm power management algorithm: The novel power management algorithm 

could be implemented in a prototype model for practical testing, with additional 

development to incorporate AI learning (such as ANN training) based on performance 

data to improve adaptability and intelligence in real-world scenarios. 

These future directions offer a pathway for refining AI-driven control and management systems 

in renewable energy, fostering a more resilient, efficient, and intelligent approach to wind 

energy generation.
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