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Abstract

:

As wind energy is widely available, an increasing number of individuals, especially in off-grid rural areas, are adopting it as a dependable and sustainable energy source. The energy of the wind is harvested through a device known as a wind energy harvesting system (WEHS). These systems convert the kinetic energy of wind into electrical energy using wind turbines (WT) and electrical generators. However, the output power of a wind turbine is affected by various factors, such as wind speed, wind direction, and generator design. In order to optimize the performance of a WEHS, it is important to track the maximum power point (MPP) of the system. Various methods of tracking the MPP of the WEHS have been proposed by several research articles, which include traditional techniques such as direct power control (DPC) and indirect power control (IPC). These traditional methods in the standalone form are characterized by some drawbacks which render the method ineffective. The hybrid techniques comprising two different maximum power point tracking (MPPT) algorithms were further proposed to eliminate the shortages. Furtherly, Artificial Intelligence (AI)-based MPPT algorithms were proposed for the WEHS as either standalone or integrated with the traditional MPPT methods. Therefore, this research focused on the review of the AI-based MPPT and their performances as applied to WEHS. Traditional MPPT methods that are studied in the previous articles were discussed briefly. In addition, AI-based MPPT and different hybrid methods were also discussed in detail. Our study highlights the effectiveness of AI-based MPPT techniques in WEHS using an artificial neural network (ANN), fuzzy logic controller (FLC), and particle swarm optimization (PSO). These techniques were applied either as standalone methods or in various hybrid combinations, resulting in a significant increase in the system’s power extraction performance. Our findings suggest that utilizing AI-based MPPT techniques can improve the efficiency and overall performance of WEHS, providing a promising solution for enhancing renewable energy systems.
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1. Introduction


Energy has played a critical role in driving industrial, commercial, and residential development. However, the increasing demand for energy has led to the need to explore additional resources to boost energy production. While fossil fuels are a common energy source, they also have negative environmental consequences such as air pollution and global warming. In contrast, renewable energy sources such as wind power are clean and do not have a greenhouse effect on the atmosphere, making them ideal for generating electricity without any environmental hazards. Wind power is a viable solution due to its abundance and non-depleting nature, making it an attractive option to address the growing concern for clean and green energy resources [1,2].



Electrical energy conversion from wind energy is achieved by WEHS, which mainly consists of a wind turbine (rotor hub and blades), a generator, and electric power converters [3]. In WEHS, the wind turbine converts the wind kinetic energy into mechanical energy, and the generator further transforms the mechanical energy into electrical energy [4,5,6,7].



The electrical power converter connected to the system converts the generated AC power to DC power which the DC load, such as battery charging, can use. For grid-connected WEHS, other devices such as boost converters, inverters, and transformers are required. The boost converter increases the DC output power before passing it to the inverter, which converts the DC power to AC. The step-up transformer boosts the AC power and connects it to the grid. The diagram of a typical grid-connected WEHS is shown in Figure 1.



The MPPT controller is an essential component of modern wind energy systems, as it is necessary for optimizing energy conversion and maximizing power generation. Both Photovoltaic Systems (PVS) and WEHS face significant challenges in the implementation of MPPT techniques. These challenges include ensuring the efficiency and accuracy of MPPT, managing environmental factors, maintaining system stability, controlling costs, and overcoming the complexity of implementation.



Despite these challenges, MPPT remains a crucial component of modern energy generation systems. By effectively addressing these challenges, MPPT techniques can improve the overall efficiency and performance of renewable energy systems, making them more viable for widespread adoption and use. Therefore, researchers and engineers continue to work towards developing innovative solutions to overcome these challenges and enhance the implementation of MPPT techniques in both PVS and WEHS systems.



Hence, it is crucial to explore new MPPT techniques and evaluate their performance based on different factors. Recent studies have shown that the hybridization of MPPT techniques with advanced AI methods, such as deep learning, can significantly improve the efficiency and accuracy of MPPT systems. Thus, reviewing and comparing recent MPPT techniques that hybridize with AI methods in both wind and photovoltaic power generation can aid in the development of more efficient and reliable MPPT systems for renewable energy generation.



According to the most recent related reviews on MPPT techniques for the PVS and WEHS systems, as shown in Figure 2, it can be observed that fewer articles are reported on WEHS. Furthermore, a few AI-based MPPT algorithms were reported in only a limited number of review articles, as illustrated in Table 1, and a large number of studies on the MPPT techniques for WEHS focused mainly on the conventional methods, for example, in the studies carried out by Mousa et al. [8] and Pande et al. [9], various types of MPPT algorithm have reviewed, including few of the hybrid and AI-based algorithms. These papers have discussed in detail the application of perturb and observation (P&O) algorithms, followed by the improved version of P&O, such as modified perturb and observation (MPO).



Table 1 provides an overview of the contemporary research on the efficacy of artificial intelligence based-MPPT techniques applied to wind energy conversion systems.



In summary, the reviews discussed the conventional, hybrid, and AI-based MPPT techniques in WEHS. However, the details provided are not covered enough, especially in standalone and hybrid AI-based MPPT algorithms. Therefore, this paper will focus on the MPPT techniques for WEHS with more emphasis on AI-based MPPT techniques and their performance on WEHS.



The remainder of this paper is organized as follows: Research background is presented in Section 2, modeling of WEHS is presented in Section 3, MPPT algorithms are presented in Section 4, and discussions, future directions and conclusions are presented in Section 5, Section 6 and Section 7, respectively.




2. Research Background


The operation of WEHS is described by the WT power curve shown in Figure 3. It consists of four main operating regions. In regions one and four, i.e., before cut-in speed and after cut-out speed, the turbine must be stopped and disconnected from the grid so that it is not driven by the generator. In region two, the controllers are used with the MPPT algorithm to track and extract the maximum possible power over the wind speed range. Region three is between the rated power and cut-out speed of the turbine. In this region, the operation of WT must be limited to the rated mechanical power to avoid damage to the electrical generator.



Due to the intermittent nature of the wind, it is difficult for WEHS to harness the maximum power of the wind over a range of wind speeds. In this context, previous researchers have developed several algorithms to determine the maximum power output of WEHS, as presented by [6,9,16]. These algorithms include the tip speed ratio (TSR), optimal torque control (OTC), and power signal feedback (PSF), which tracks the mechanical power of the WT. Other algorithms, such as the P&O or hill-climb search (HCS) method, incremental conductance (INC), and optimal relation base (ORB), track the maximum converted electrical power from the generator. These traditional methods mentioned above have successfully tracked the MPP of WECS, but they have some drawbacks depending on the method. Therefore, developing an accurate MPPT algorithm to track the MPP is still a challenging task. To solve these problems, some researchers, such as [7,9,16,17,18,19,20], have modified the traditional methods. In [17,18,19], the TSR method in which the wind speed is measured by a mechanical sensor is replaced with the wind speed estimation method. The issue regarding generator stalling in the PSF method has been resolved in [7] by the concept of a modified PSF algorithm. The variable, adaptive, and hybrid step sizes concepts were proposed by [9,17] as the solution oscillation issue around the MPP by the P&O method. The authors of [16] proposed a method that eliminated the need for a sensor and look-up table as required in the ORB method. In [21], the INC algorithm has been modified for a better system with higher dynamic performance, precision, and fast convergence speed than P&O and the ordinary INC method. Other researchers, such as [22,23,24,25,26], have combined two or more traditional MPPT methods into a hybrid one so that one method could eliminate or reduce the drawback of the other. For instance, the limitation of ORB was addressed in reference [22] by integrating the P&O technique into the algorithm. Reference [23] utilizes a self-rotating P&O-based controller along with ORB to enhance the MPP tracking speed. On the other hand, reference [24] employs OTC in conjunction with P&O to minimize the perturbation step size of the P&O algorithm, thereby facilitating the attainment of MPP.



Recently, researchers have been focusing on implementing AI approaches in MPPT controllers. These approaches have been proposed either in standalone form, such as in references [3,27,28,29,30,31,32,33] or in hybrid forms, such as in references [20,34,35]. The use of an artificial neural network (ANN) has been employed in some of these approaches, such as in references [3,27,32,33], resulting in enhanced system performance, resilience, power response, and efficiency. Optimization algorithms such as particle swarm optimization (PSO), ant colony optimization (ACO), Archimedes optimization (AOA), and grasshopper optimization algorithm (GOA) have also been proposed, resulting in improved tracking speed, energy generation, dynamic performance, and global search capability to track the MPP, as demonstrated in references [28,29,30,31].



In reference [20], a hybrid AI MPPT algorithm was proposed by integrating radial basis function-neural networks (RBF-NN) and particle swarm optimization algorithms to replace the conventional controller. This hybrid algorithm achieved faster tracking of the MPP, increased system reliability, and a reduction in system losses, size, and cost. In addition, reference [34] proposed a controller that combined fuzzy logic control (FLC) and NN, resulting in improved power harvesting capability in a hybrid renewable energy system (HRES) and shorter simulation time to capture the MPP. Lastly, reference [35] proposed an adaptive neuro-fuzzy inference system (ANFIS) MPPT controller that combines NN and FL approaches, enabling the extraction of maximum power from the wind independently of wind speeds.




3. Modeling of WEHS


The wind power, as seen by the WT blades, is expressed by Equation (1). The WT blade captures the power of the wind and converts it to mechanical power (   P m   ) of the WT according to Equation (2). The output mechanical torque (   T m   ) and rotational speed (   ω m   ) of the WT, which are the inputs to the electrical generator, are given by Equations (3) and (4)


   P  w i n d   =   ρ π  R 2   V 3   2   



(1)






   P m  =   ρ π  R 2   C p   (  λ , β  )   V 3   2   



(2)






   T m  =    P m     ω m     



(3)






    ω m    =   λ V  R    



(4)




where    C p   (  λ , β  )   ,  λ , and  R  are the wind turbine blade efficiency, tip speed ratio, and radius, respectively. Furthermore,   V ,     ρ   and  β  are the wind speed, air density and blade pitch angle.



It is clear from Equation (2),    C p   (  λ , β  )    is a function of  λ  and  β  given by Equation (5) [13].


    C p   (  λ , β  )    =  k 1   (   k 2   1   λ i    −  k  3 β     −  k 4   β   k 5    −  k 6   )    E x p  (  −  k 7   1   λ i     )    



(5)






   and    1   λ i      =  1  λ + 0.08 β   −   0.035   1 +  β 3     ,  



(6)




the values for    k 1  −  k 7   , λ, and   β   depend on the wind turbine’s type and characteristics.



The mechanical rotating speeds of the wind turbine are transformed into the electrical rotating speed of the generator using Equation (7)


    ω e   =   ω m   ×   P 2    



(7)




where  P  is the number of magnetic poles pairs.



And the frequency of rotation is calculated by Equation (8)


       f   =  ω  r p m       ×    P  120     



(8)




where    ω  r p m     is the generator rational speed in revolution per minute.



Considering permanent magnet synchronous generator (PMSG), the dynamic equations for the voltages along the d and q axes are given by Equations (9) and (10)


    u d    = −  r d   i d    +   d  ψ d    d t     −  ω e   ψ q    



(9)






    u q    = −  r q   i q    +   d  ψ q    d t     −  ω e   ψ d    



(10)




where    r d    and    r q    represents the stator q and d axes resistance, respectively.



Going with the assumption that there is no rotor flux along the q-axis (i.e., it is only along the d-axis), Equations (11) and (12) are used to determine the currents along the d-axis and q-axis.


   i d  =    (   ψ  p m   −  ψ d   )     L d     



(11)






    i q    = −    ψ q     L q      



(12)




where    L d    and      L q   ,    ψ d    and    ψ q    are the inductances and the flux linkages along the d and q axes, respectively.



The electromagnetic power produced by the PMSG is expressed by Equations (13) or (14)


    P e    =  3 2      (  ω e   L q   i q   i d    −  ω e   L d   i d   i q    +  ω e   ψ  P M    i q   )  



(13)






    P e    =  3 2     ω e      [  ψ  P M    i q    − (  L d  −  L q  )  i d   i q  ]   



(14)




where    ψ  P M     represent the magnetic flux linkage.



Finally, the electromagnetic torque developed by the PMSG is obtained by Equation (15)


    T e  =    P e     ω m      =  3 2      P   [  ψ  P M    i q  − (  L d  −  L q  )  i d   i q  ]   



(15)







The dc current, voltage and electric power, which are the output of the rectifier, are expressed in Equation (16), Equation (17) and Equation (19), respectively.


   I  d c   =   π  I  p h      6     



(16)






   V  d c   =   3  V  p h    6   π   



(17)






   P  d c   =  V  d c    I  d c    



(18)




where    I  p h     and    V  p h     are the generator stator phase current and voltage of the generator.



The corresponding output current, voltage and power of the boost converter are given by Equations (19), (20) and (21) respectively.


   I  o u t   =    V  i n X D      R  l o a d      



(19)






   V  o u t   =   3  V  i n     1 − D    



(20)






   P  o u t   =  V  o u t    I  o u t    



(21)




where    V  i n     is the converter input voltage and  D  is the duty cycle which is given by Equation (22)


  D = 1 −    V  i n      V  o u t      



(22)








4. MPPT Methods for WEHS


The MPPT methods for WEHS can be categorized into traditional MPPT algorithms and intelligence-based MPPT algorithms. The traditional methods are further classified as indirect power control (IPC), which tracks the mechanical power of the WT, and direct power control (DPC), which tracks the maximum electrical power of the generator. The third class of this category of MPPT is the hybrid MPPT method which is the combination of different traditional MPPT algorithms. Smart or Intelligent MPPT algorithms include the MPPT controllers that employ AI algorithms to track the MPP of the WEHS. Therefore, the MPPT methods are broadly classified into four categories such as DPC, IPC), hybrid, and intelligent algorithms [8,9]. Considerable efforts have been dedicated toward the advancement of conventional MPPT controllers, with particular emphasis on enhancing their operational characteristics across various parameters and features. Notably, recent years have witnessed progress in improving the performance of conventional MPPT techniques through the integration or modification thereof alongside traditional and/or AI-based methods. In particular, the utilization of AI techniques in MPPT has garnered significant attention due to its inherent ability to effectively address prevalent issues inherent to these systems.



4.1. Traditional MPPT Methods for WEHS


Examples of IPCs MPPT are TSR, OTC, and PSF. TSR and the other two IPC methods require a mechanical sensor to measure wind speed, while OTC and PSF, in addition, require knowledge of the parameters of WT. In the TSR algorithm, the reference speed of the WT, which corresponds to the MPP, is estimated using Equation (23) and used to control the operation of the WT to the optimal TSR at which the maximum power coefficient is achieved. In OTC, Equation (24), the optimal torque reference relation is used to achieve the MPPT.


   ω  r e f  *  =    λ  o p t    V r   R   



(23)






   T  o p t  *  = 0.5 ρ π  R 5     C  p   m a x      λ  o p t  3       ω  r e f  2   



(24)







In the OTC method, the controller maintains a predefined relationship between the electromagnetic torque and rotational speed of the WT in accordance with the maximum power-rotor speed curve such that the rotational speed approaches the optimal value [6]. DPC methods are sensorless and use a precomputed system curve to find the MPP. The MPPT algorithm under DPC includes P&O, ORB, and IC. The P&O algorithm is based on discretizing (perturbing) a control variable, such as generator speed, and observing the resulting effect on generator output. The algorithm compares each successive generator output and adjusts the generator speed in the direction of the MPP [36]. In ORB control, the MPP is tracked using a look-up table developed based on prior knowledge of the optimal relationship between the WT power and other parameters such as rotational speed, torque, rectifier DC voltage, or current [10]. Classification of the different MPPT algorithms is presented in Figure 4. The comparison between the different traditional methods of MPPT algorithms is summarized together with remarks in Table 2.




4.2. Intelligent-Based MPPT Methods


Due to its ability to easily solve problems involving complex mathematical models, AI has proven attractive for applications in WEHS, particularly in the areas of design, modeling, and performance optimization. When applied as a standalone or integrated with the traditional MPPT controllers, AI-based algorithms have shown good results by improving the performance, such as the speed and efficiency of MPPT controllers. The following AI algorithms have been proposed by several researchers to improve the method of tracking the MPP of WEHS. This includes fuzzy logic control (FLC), artificial neural network (ANN), particle swarm optimization (PSO), ant colony algorithm (ACA), Archimedes optimization algorithm (AOA), Cuckoo search (CS), grasshopper optimization algorithm (GOA), multi-objective grasshopper optimization algorithm (MOGOA), electric charge particle optimization (ECPO) and enhanced atom search optimization (EASO) Technique. Figure 5 shows the list of recent AI algorithms that are applied in MPPT controllers for WEHS. Accordingly, refs. [3,27,28,29,30,31,32,33] applied the standalone AI-based method to track the MPP of WECS, while references [20,34,35] used the hybrid AI-based method. The summary of the standalone AI-based (MPPT) algorithms and their contributions to enhancing MPPT tracking in WEHS are provided in Table 3.



4.2.1. The Fuzzy Logic-Based MPPT Controllers


FLC is comprised of three main states process, fuzzification, inference, and defuzzification. Fuzzification involves the conversion of physical inputs variables into fuzzy sets (the error and the variation of the error) and the assigning of linguistic variables such as the Negative Big (NB), Negative Medium (NM), Negative Small (NS), Zero (Z), Positive Small (PS), Positive Medium (PM) and Positive Big (PB). The inference stage is the decision-making phase where membership rules are set and also logical relationships between the inputs and outputs variables are constructed, and finally, the fuzzy output is converted to an equivalent numeric value by defuzzification [39].



The concept of FLC based MPPT controller applied to WEHS is explained in Figure 6 and the equivalent MPPT controller circuit is depicted in Figure 7. It consists of two input variables that are fed to the fuzzy toolbox. The first variable is the error (  ϵ  ( x )   ) which represents the ratio of the current and voltage    (      I  ( x )    V  ( x )       )    and their derivatives    (    d I  ( x )    d V  ( x )       )   , while the second input variable is the change in the error (   Δ    ϵ  ( x )  )  , where    Δ    ϵ  ( x )  = ϵ  ( x )  − ϵ  (  x − 1  )   . The fuzzy toolbox processed the inputs and produced the perturbation parameter,    Δ D   ( x )    as its output which in turn is used by the P&O MPPT controller as its input variable. One of the advantages of integrating FLC in MPPT is that the controller can eliminate the oscillation around the MPP, especially in the P&O method. Furthermore, the method does not require the mathematical modeling of the WEHS since the variables of the controller can change in accordance with the dynamic changes of the system. Additionally, wind speed intermittency does not affect the performance of the method.




4.2.2. The Artificial Neural Networks (ANN) Based MPPT Controller


ANN is a numerical and symbolic-based learning technique that uses an arithmetic process rather than logic for pattern recognition, prediction, optimizations, control, system modeling and identification, signal processing, etc. [32,40]. ANN uses feedforward propagation and backpropagation for parameters training, and once the training is performed, the neural network produced almost the same output pattern for similar input data. This ability makes the NN suitable for their applications as intelligence controllers. The concept of ANN applied in the MPPT algorithm for WEHS, as proposed in [3,33], is depicted in Figure 8 and Figure 9. It is an intelligent multilayer perceptron (MLP) structure that is constructed using Kolmogorov’s theorem [41], which states that the number of neurons    n i    for a hidden layer is obtained by the expression: 2   n i    + 1. Accordingly, the MLP structures contain two inputs, one hidden layer of K- neurons and one neuron output layer. The MLP is integrated into a simple WEHS structure. The MLP is a typical example of a feedforward artificial neural network.



The modular MPL in [3] is used to predict the mechanical rotational speed (   ω m   ) of the WT, which is used by the model to compute the optimal reference current for the rotor side converter. The MPP of the WEHS is tracked by the control mechanism at the rotor side converter using the optimal current as a reference. In each operation mode of the modular MLP and every dataset,    ω m    is estimated as a targeted output variable using the DC current (   i  d c    ) and DC voltage (   v  d c    ) as input variables.
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Figure 6. Concept of FLC-based MPPT controller applied to WEHS. 
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Figure 7. Equivalent circuit of FLC-based MPPT controller [42]. 
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Each training dataset, which comprises the target function and the inputs to the MLP, was normalized according to Equations (25)–(27) using the mean and standard deviation of respective variables.


   ω n m  =    ω m  −  μ   ω m       σ   ω m       



(25)






   i  d c  n  =    i  d c   −  μ   i  d c        σ   i  d c        



(26)






   v  d c  n  =    v  d c   −  μ   v  d c        σ   v  d c        



(27)







And the final normalized output of the rotational speed of the MLP is calculated using Equations (28) and (29), the hidden layer activation function, and the corresponding linear function of the output neuron.


   N i  =  f  s g m   (  w  i n , 1    ω n m  +  w  i n , 2    i  d c   +  w  i n , k   )  



(28)






   ω n m  =  w 1   N 1  +  w 2   N 2  +  w 3   N 3  +  w 4   N 4  +  w k   N k  … +  w  o u t    



(29)




where   ,    w  in , 1   … .    w  i n , k     are weights connecting each successive inputs to the hidden layer neurons,    w 1  ,    w 2  ,   …  w k    are the weights connecting the output layer from the hidden layer neurons.
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Figure 8. The concept of ANN applied in the MPPT algorithm for WEHS. 
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Figure 9. The concept of RBF-NN applied in the MPPT algorithm for WEHS. 
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4.2.3. MPPT Using PSO Algorithms


The PSO algorithms are a type of intelligent optimization algorithm which belongs to a class of optimization algorithms called metaheuristic algorithms. It is based on swarm intelligence that is inspired by the social behavior of animals (particles) such as fishes or birds (swarm) while searching for food in a physical space. The group of particles moves around in a search space and is guided toward better solutions by a set of rules. The goal of the algorithm is to find the global optimum (global best) of a given objective function by having the particles converge at the optimal solution. The movement of particles toward the optimal solution is influenced by the quality of their current position in the search space as well as the position of other particles in the group and random perturbations. PSO algorithms are often used to solve complex optimization problems that cannot be easily solved using traditional optimization techniques. A simple concept of the PSO algorithm is described in Figure 10.



According to the figure, each particle in the swarm keeps track of its position      x i   →   (t) in the search space, which signifies the solution to the problem, and the velocity (     v i   →   (t+1) of each particle specifies its displacement in the searching space. Furthermore,    i  t h     particle personal best position is denoted by    P i b   , and the global best position amongst all the particles is denoted by    P g   . The general mathematical model of the PSO is described as follows:



   x i   (t) is the current position of the particle,   i ≤ 1 ≤ p  , and  p  is the swarm population. The new position of each particle is updated using Equation (30)


    x i    ( t + 1 )   =  x i   ( t ) +    v i  ( t + 1 )  



(30)




where    v i   (t+1) is the particle new velocity which is given by Equation (31)


    v i      ( t + 1 ) = w  v i      ( t ) +  c 1   r 1    (  P i b   ( t )  −  x i    ( t ) ) +  c 2   r 2    (  P g    ( t ) −  x i   ( t ) )  



(31)







 w ,    c 1   , and    c 2    are real values called inertia weight and acceleration coefficients, respectively, and,    r 1    and    r 2    are uniformly distributed random numbers between 0 to 1.



The above two equations are simple rules to be obeyed by all particles in the swarm for searching for the optimum solution to any given problem.



In a WEHS sense, the fitness function of each particle is calculated by Equation (32)


   F  F I T   =  1  0.1 + a b s  (   ω r *  −  ω r   )  ∗ a b s  (   P m *  −  p m   )     



(32)




where    ω r *    and    P m *    are the reference rotor speed and mechanical power of the WT, respectively,    ω r    and    p m    are the rotational speed and mechanical power of the WT at the wind speed speeds,  v .



An effective control MPPT algorithm based on the PSO was proposed by [43] to maximize the efficiency of fixed-pitch wind turbines with double-fed induction generators (DFIGs) by compensating for the errors in the estimation of the circuit parameters of the generator. The MPPT algorithms provide the optimal reference speed that will maximize the mechanical power below the rated speed of the DFIG, while electrical losses of the DFIG are minimized by power management through the optimal rotor current, which is searched by the PSO algorithm. Compared to the results of the conventional methods, the proposed control algorithm has improved the energy generation of the system. Furthermore, in [20], the PSO algorithm was used for RBFNN learning rates and inertia weight adjustment to find their optimum values, as shown in Figure 11. Figure 12 depicts the steps of the PSO algorithm process.




4.2.4. MPPT Method Using Other Optimization Algorithms


Other metaheuristic algorithms such as ant colony optimization algorithm (ACOA), Archimedes optimization algorithm (AOA), Cuckoo search (CS), grasshopper optimization algorithm (GOA), multi-objective grasshopper optimization algorithm (MOGOA), electric charge particle optimization (ECPO), and enhanced atom search optimization (EASO) techniques have been used for MPPT algorithms in WEHS, and the results of their performance have shown very good improvement of the technique in terms of quick searching of the optimum operation point of the WEHS. The different optimization algorithms that are used for MPPT techniques for WEHS are summarized in Table 4.





4.3. The Hybrid MPPT Techniques


This method involves the combination of different kinds of traditional MPPT techniques or involving AI-based algorithms in the MPPT method for tracking the maximum power point of the WEHS. Accordingly, the hybrid MPPT methods are presented as hybrid-traditional MPPT techniques, hybrid-traditional-AI MPPT techniques, or hybrid-AI MPPT techniques. Various hybrid MPPT algorithms that were developed in recent years to improve the performance of the traditional MPPT methods are discussed below.



4.3.1. The Hybrid-Traditional MPPT


Hybrid traditional MPPT algorithms combine various traditional MPPT techniques to track the maximum power point; it is more robust than the other algorithms in their standalone form and can provide a better overall performance of the system. Table 5 provides a summary of hybrid MPPT algorithms based on the traditional MPPT techniques that have been investigated and used in WEHS.




4.3.2. Hybrid Methods (Traditional and Intelligent)


Due to its intelligent ability to solve complex problems, AI-based methods are developed and integrated with the traditional MPPT methods, as presented in Table 6. This will make the technique more robust and less dependent on the machine’s characteristics. According to the literature, the combinations have successfully eliminated the drawback of the traditional method and further enhanced the method’s reliability and efficiency. Furthermore, the method’s tracking speed was improved, and its accuracy was increased.




4.3.3. Hybrid Methods (Intelligent and Intelligent)


Hybrid intelligent methods, which combine different artificial intelligence techniques, have been used in MPPT control in WEHS to improve the performance of the control system.



More studies were conducted to further enhance the MPPT algorithms’ performance by combining several AI algorithms, the results of which are summarized in Table 7.



One of the hybrid intelligent methods used in MPPT control is the combination of a neural network and a fuzzy logic controller. In this method, the neural network is used to predict the wind turbine’s power output, while the fuzzy logic controller adjusts the rotor speed to ensure that the turbine operates at the maximum power point. The neural network can learn from past wind speed and power output data and use this information to predict the turbine’s power output for a given wind speed. The fuzzy logic controller can then adjust the rotor speed based on the predicted power output to ensure that the turbine operates at its maximum power point.






5. Discussions


This section discusses the challenges of hybrid MPPT methods; the main challenges posed by hybrid MPPT are the design and optimization of the hybrid algorithm. In addition, the integration of different techniques can increase system complexity, which can have an impact on the system’s reliability and stability. Furtherly, hybrid MPPT algorithm design and optimization necessitate careful consideration of the system’s complexity, reliability, and stability, as well as proper validation of the algorithm’s robustness and adaptability. The following subsections discuss the different hybrids methods in detail.



5.1. Intelligent-Based MPPT Models


Recent advances in AI have resulted in the development of intelligent-based MPPT algorithms with improved performance. Intelligent-based MPPT models, such as fuzzy logic, neural networks, and genetic algorithms, on the other hand, provide better accuracy and efficiency. These techniques can adapt quickly to changing environmental conditions such as wind speed, temperature, etc., resulting in increased power tracking accuracy and energy conversion efficiency. Furthermore, intelligent-based MPPT models can optimize WEHS control parameters in real-time, resulting in improved system performance under varying wind conditions.



Moreover, intelligent-based MPPT models can overcome traditional MPPT method limitations such as wind speed measurement dependency and system parameter uncertainties. Fuzzy logic-based MPPT methods, for example, can effectively handle uncertainties and nonlinearity, both of which are common challenges in wind energy systems. Similarly, MPPT algorithms based on neural networks can adapt to changing environmental conditions, resulting in improved system performance and increased energy conversion efficiency. Furthermore, the intelligent-based MPPT method using optimization techniques such as PSO and other metaheuristic algorithms such as ACOA, AOA, CS, GOA, MOGOA, ECPO, and EASO techniques have been used for the MPPT in WEHS, and the results of their performance have shown a very good improvement of the technique in terms of quick searching of the WEHS’s optimum operation point [28,29,30,31,43]. Therefore, in terms of accuracy, efficiency, and adaptability, intelligent-based MPPT methods outperform traditional MPPT techniques, resulting in optimal energy extraction from the wind source. Thus, intelligent-based MPPT techniques are promising approaches for improving WEHS application performance.




5.2. Hybrid Methods (Traditional and Intelligent-Based MPPT)


The traditional MPPT methods, such as P&O and INC techniques, are widely used. Traditional MPPT methods have several performance limitations that can lead to decreased efficiency and energy loss. The sensitivity of traditional MPPT techniques to system parameters and wind speed measurement is one of their primary limitations. Wind turbulence affects the smooth functions of the anemometers, resulting in inaccurate measurement of actual wind speed striking the wind turbine. As a result, traditional MPPT techniques may result in inefficient operation and energy waste.



For improving WEHS performance, MPPT methods that combine traditional and intelligent-based techniques have been proposed. These hybrid approaches seek to overcome the shortcomings of traditional MPPT techniques while retaining their benefits.



For instance, hybrid MPPT methods can optimize WEHS control parameters in real-time by allowing the tracking algorithm to be adjusted based on changing wind speed and direction, resulting in improved system performance and maximum energy extraction from the source under the rapid change in wind conditions.



The hybrid methods proposed by [42,45,46], which combine P&O and FL-based techniques, can adapt to changes in wind speed and direction, resulting in improved tracking accuracy and energy conversion efficiency. Similarly, hybrid MPPT methods that combine P&O and neural network-based techniques yielded a hybrid system that successfully tracked the System MPPT [47]. Therefore, resulting in improved system performance, such as tracking accuracy and increased energy conversion efficiency.




5.3. Hybrid Methods (Intelligent and Intelligent)


Hybrid intelligent MPPT methods combine two or more intelligent techniques to improve the MPPT algorithm’s performance. A hybrid approach, for example, that combines FL and ANN-based techniques can overcome the limitations of each technique while retaining their benefits. FL can handle uncertainty in system parameter values, whereas ANN can adapt to changing environmental conditions and provide accurate predictions of wind turbine power output. Similarly, the ANN is used to predict the wind turbine’s power output, as in [34], while the FL controller adjusts the rotor speed to ensure that the turbine operates at the maximum power point. The ANN can learn from past wind speed and power output data and use this information to predict the turbine’s power output for a given wind speed. The FL controller can then adjust the rotor speed based on the predicted power output to ensure that the WEHS operates at its maximum power point. When compared to other MPPT methods such as P&O, FLC, and ANN in their standalone form, the hybrid method in [34] that combined FLC and ANN achieved improved system power harvesting capability as well as a shorter simulation time to capture the MPP.



Also, the method reported in [35], which utilized the MPPT strategy for grid-connected WEHS based on the ANFIS, was capable of extracting the MP from the wind by tracking the MPP regardless of wind speeds.



Furthermore, in [20], the hybrid combination of RBF-NN and MPSO was able to track the MPP in addition to estimating the effective wind speed and the rotational speed of the WEHS. Additionally, improving system reliability was achieved, and converter size, loss, and cost were all decreased.



Overall, hybrid intelligent methods of MPPT in WEHS can improve the control system’s performance and increase the system’s energy harvesting efficiency. These methods can learn from past data and use optimization techniques to find the optimal solution for maximizing power output, ensuring that the WEHS operates at their maximum potential.





6. Future Directions


Advancements in AI-based MPPT techniques for wind energy harvesting systems have led to significant improvements in efficiency, accuracy, and overall system performance. However, further research and development are still necessary to explore and implement more advanced AI algorithms, such as reinforcement learning and other metaheuristic optimization techniques, which can improve MPPT techniques even further. Developing real-time MPPT systems that can adapt to rapidly changing environmental conditions such as wind speed and direction can lead to more efficient and reliable wind energy harvesting systems. While simulations are crucial for testing and validating AI-based MPPT techniques, implementing these algorithms in real-world hardware systems can provide valuable insights into their practical feasibility and performance under actual operating conditions.




7. Conclusions


The optimization of wind energy harvesting systems’ power output using MPPT has received considerable attention in the research community. Various methods have been proposed for tracking MPPT in WEHS. While traditional techniques have been explored, such as direct and indirect power control, they have certain drawbacks, such as a large convergence speed, the need for system parameter information, the need for wind speed measurement, and low power tracking efficiency. Even though traditional hybrid methods showed an improvement in the WEHS performance, they suffer from other drawbacks, such as the convergence speed of the algorithm, the need for wind speed measurement, and system parameters dependency. AI-based techniques have the ability to swiftly adjust to changes in environmental factors such as wind speed and temperature. Various intelligent-based MPPT techniques, including fuzzy logic-based methods and those based on neural networks, have been developed to improve energy conversion efficiency in wind energy systems. Additionally, optimization techniques such as PSO and metaheuristic algorithms such as ACOA, AOA, CS, GOA, MOGOA, ECPO, and EASO have been utilized, resulting in significant improvements in quickly tracking the optimum operation point of the system. Consequently, results in greater precision in MP tracking and an increase in the efficiency of energy conversion. Hybrid MPPT algorithms comprising the traditional methods and AI-based MPPT algorithms have been proposed. More improvement in system performance has been achieved with the traditional-AI hybrid method by removing the algorithm’s dependency on system parameters and the need for wind speed measurement. Furtherly, AI-AI hybrid methods such as FL-ANN, where ANN is used to predict the wind turbine’s power output while the FL controller adjusts the rotor speed to its optimal operating point, has proved to be the most efficient method. The AI-based hybrid, in addition to successfully removing the MPPT drawbacks, has also improved the algorithms’ robustness and performance. This study focused on the review of AI-based MPPT methods, and their performance was discussed briefly.



The findings revealed that AI-based methods, such as FLC-ANN, have the highest performance in terms of efficiency and accuracy by combining the handling of uncertainty and robustness of FLC with the learning and adaptability of ANN, this hybrid approach benefits from the strengths of both techniques. This synergy enables the FLC-ANN method to better adapt to dynamic and non-linear environments, such as those presented by varying wind speeds and directions, while also demonstrating robustness in the face of uncertainties and system disturbances.



Therefore, it is encouraging to explore and evaluate new MPPT techniques that hybridize with AI methods in wind power generation to improve the efficiency and reliability of renewable energy generation systems.
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Figure 1. Grid-connected WEHS. 
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Figure 2. Recently published review articles on MPPT techniques for PVS and WECS. 
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Figure 3. The power curve of the wind turbine. 
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Figure 4. Classification of MPPT algorithms for WECS. 
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Figure 5. List of recent AI algorithms that are applied for MPPT controllers in WEHS. 
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Figure 10. The simple concept of PSO Algorithm. 
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Figure 11. RBFNN-PSO MPPT Algorithm applied to WECS. 
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Figure 12. Flowchart for PSO algorithm. 
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Table 1. Summary of recent related studies of the MPPT method for WEHSS.
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Ref.

	
Types and Numbers of MPPT Technique Covered




	
Conventional

	
AI-Based

	
Hybrid (Conventional + Conventional)

	
Hybrid (AI + Conventional)

	
Hybrid (AI + AI)






	
[8]
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FLC&NN

	
P&O+OTC, ORB, PSF

	
~
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[9]
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FLC&NN

	
P&O+OTC, ORB, PSF

	
P&O+FLC, NN, PFS+NN, ORB+PSO
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[10]
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FLC&NN

	
P&O+PSF
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[11]

	
P&O, IC

	
RBN, PSO, ESN ~

	
RBF+PSF

	
P&O+FLC (Partially)
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[12]
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ANN, PSO FLC, WOA, GWOA

	
/
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[13]
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FLC&NN
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PSF+FLC
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[14]
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FLC, NN&GA
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[6]

	
~

	
FLC, NN

	
P&O+PSF, OTC+P&O
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[15]
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FLC, NN
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Symbol: (✓) Covered; (×) Not covered; (~) Partially covered; (/) Not reported.
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Table 2. Comparison between different type of Traditional method of MPPT algorithms.
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	MPPT Technique
	Advantages
	Major Drawbacks
	Improvement





	TSR
	TSR is highly efficient, has high convergence speed, and quickly responds to wind speed changes [37]. Additionally, the TSR method is simple, and no memory is required for the process
	The need for a mechanical sensor to measure wind speed results in inaccuracies, leading to increased costs for installation and maintenance.
	A novel approach was developed to estimate wind speed, which removed inaccuracies associated with mechanical sensors. The algorithm’s speed to track MPP was enhanced, and the technique was made simpler [18,19,20].



	OTC
	The OTC method is highly efficient and flexible, with stable torque regulation and easy application. It is also practical as it does not require real-time wind speed measurement, allowing for quick adjustments to changes in wind speed.
	The mechanical sensor used for wind speed measurement and knowledge of wind turbine characteristics is necessary. In addition, the turbine’s large inertia causes a sluggish response to torque commands, resulting in slow MPP tracking during sudden changes in wind speed. Moreover, measuring electromagnetic torque and turbine speed can increase the system cost and its dependency on generator parameters.
	A quantum neural network (QNN) was introduced into the OTC method by [25] and efficiency improvement was recorded more than with conventional OTC and NN.

Reference [26] proposed a fuzzy inference-based MPPT method to improve the OTC method. This method enhances the MPPT efficiency under fluctuating wind speeds while ensuring system stability.



	PSF
	PSF has moderate performance under fluctuating wind speeds and high convergence speeds.

The system cost is less compared to the TSR method.
	The use of a mechanical sensor to measure wind speed introduces inaccuracies. Additionally, PSF is less efficient and more complex than the TSR and OTC methods. Moreover, it requires knowledge of wind turbine characteristics, and can cause the generator to stall when there are sudden changes in wind speed.
	The modified PSF as reported by [7] has solved the issue of generator stalling but raises further issues, such as overshoot of the control variables and greater difficulty in tracking the MPP.



	P&O
	The proposed method eliminates the need for a mechanical sensor and requires less memory, making it simple to implement. Additionally, it does not require any prior knowledge of the system parameters and characteristics, resulting in lower overall system costs. Although its performance under intermittent wind speed is moderate, it is still a viable option.
	Large step size causes oscillation around the maximum power point (MPP) while smaller step size leads to slower response. Both scenarios result in a loss of MPP tracking and reduced efficiency, particularly at varying wind speeds. In addition, the convergence speed is slow.
	The drawbacks can be addressed by adopting the followings:

Variable, Adaptive, and hybrid step sizes concept [9]. The step size was calculated using trapezoidal rule in [38] which successfully reduce computational complexity of the algorithms and eliminated power oscillation at the MPP.



	INC
	The benefit of this method is similar to P&O method but with better convergence speed, precision, and MPPT tracking efficiency.
	Slow convergence speed.

Oscillation at MPP
	The INC method proposed by [21] addresses the trade-off between power and convergence speed in P&O methods. Moreover, the modified INC achieves a better system with higher dynamic performance, precision, and fast convergence speed compared to P&O.



	ORB
	No need for wind speed sensors and look-up tables [16]. Furthermore, high convergence speed than that of P&O and INC. In addition, oscillations around the MPPT are absent in ORB method
	Required large memory for pre-obtained optimal relation curve.

Required previous knowledge of the system.
	Reference [22] improved the ORB method by using the P&O method as an initialization algorithm for online MPP search at local wind speeds. This eliminated the ORB method’s drawback by extracting the necessary parameters for its operation.
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Table 3. Role of standalone AI-Based MPPT Algorithms in Enhancing MPP Tracking for WEHS.
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	Intelligent MPPT Type
	Remarks
	Algorithm Performance
	Reference





	FLC
	The FLC (fuzzy logic control) controller has demonstrated better power generation and faster response time when compared to other controllers such as P&O and ANN.
	A power generation increase of approximately 20 W was achieved when compared to the P&O method.
	[34]



	ANN (MLP)
	An Artificial neural network novel MPPT algorithm was developed Combining an intelligent modular multilayer perceptron (MLP) approach with a simplified model of WEHS.
	The model in [3] has achieved an MPPT performance of 99.95% and error of 3% was recorded
	[3]



	NN (MLP)
	Similar approached as in [3], The result obtained showed increased system robustness and fast power response and improved power coefficient.
	The system achieved a power coefficient of 0.48 and a time response of 5 s.
	[32]



	ANN
	The use of the ANN as an alternative MPPT algorithm resulted in improved MPP tracking and quicker response times compared to the P&O method.
	Increase in power of approximately 30 W was achieved.
	[34]



	ANN (RBF-NN)
	Radial basis function-neural networks (RBF-NN) was proposed to replace the need for measurement instruments, eliminate system errors, and minimize the size and cost of the system. Compared with other AI based methods such as backpropagation of NN and FLC, the proposed RBF-NN method showed better performance.
	The response times for FLC, RBF-NN, and BP-NN were 0.47, 0.46, and 0.42, respectively. However, the BP-NN method had the highest ripple factor of 4%
	[33]



	RNN
	A new control strategy for wind power systems was proposed using integral sliding mode control technique based on a recurrent neural network (RNN) where optimal control signals for maximum power extraction is estimated using the RNN. Simulations show that the proposed strategy outperforms existing control strategies in power generation, disturbance rejection, and robustness to parameter variations and uncertainties. The proposed approach can improve the performance and efficiency of wind power systems.
	The root mean square error (RMSE) between the optimal power and the tracked power was calculated to be 0.153.
	[27]
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Table 4. The summary of recent studies of various optimization algorithms used for MPPT in WEHS.
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	Intelligent MPPT Type
	Description
	Algorithm Performance Evaluation
	Reference





	PSO
	An effective control MPPT algorithm based on the PSO was proposed to maximize the efficiency of fixed-pitch DFIG WT by compensating the errors in the estimation of the generator circuit parameters. Compared to the results of the conventional methods, the proposed control algorithm has improved the energy generation of the system.
	More energy of 1.28% was generated
	[43]



	ACOA
	ACOA was developed and used to tune the PI controller to determine its optimal parameters for speed control. This approach increased the power coefficient and overall performance of the WEHS.
	The system achieved a Cp of 0.453, which is slightly higher than the 0.4518 achieved using a PI controller. Additionally, an increase in power output of 150 W was obtained.
	[28]



	AOA, GOA, CSOA, ECPO,
	The shortcomings of the HCS method in terms of MPP tracking speed and efficiency were successfully overcome using the AOA. Compared with other optimization methods such as CSOA, GOA, and ECPO, better performance was obtained with AOA.
	The system power generation has increased to 102.20 W, 101.19 W, 78.30 W and 63.52 W respectively with AOA, GOA, ECPO and CSOA algorithm.
	[29]



	GOA and MOGOA
	Fractional order sliding mode controller (FOSMC) based on the traditional P&O method was modified to incorporate the MOGOA. The successful implementation of the MOGOA significantly improved the system’s robustness as well as its dynamic performance.
	The proposed algorithm achieved an integral of time multiple of absolute error (ITAE) value of 4.18 and 1.48 s for power overshoot and settling time, while the conventional and sliding mode control approaches achieved values of 5.63 and 1.64 s.
	[30]



	EASO
	An optimal solution of high quality and fast system response was achieved using an EASO technique developed for PMSG-based WEHS. According to [30], the technique has a powerful global search capability to track the MPP.
	The proposed method achieved an integral absolute error (IAE) control benchmark of 0.1481, which is lower than the values recorded for the PSO and GA algorithms, which were 0.182 and 0.213, respectively.
	[31]
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Table 5. Summary of Hybrid-Traditional MPPT Algorithms for WEHS.
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	Type of MPPT Algorithms
	Remarks
	Reference





	P&O+PSF
	Improvement in power efficiency tracking was achieved with the hybrid MPPT
	[44]



	ORB+P&O
	Combines ORB with a self-rotating P&O-based controller that improves the tracking speed of the hybrid MPPT.
	[23]



	P&O+OTC
	The OTC was employed to detect power peak point and reduce the perturbation step size of the P&O algorithm to reach MPP.
	[24]
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Table 6. Summary of hybrid methods (traditional MPPT and intelligent) for WEHS.
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	Hybrid MPPT Name
	Description
	Algorithm Performance Evaluation
	Reference





	P&O+FLC
	Fuzzy logic controller (FLC) has been integrated into the adaptive P&O MPPT method which increased the computational speed of the MPPT controller. Furtherly, the new hybrid method successfully eliminated the drawbacks of both the standalone conventional adaptive P&O MPPT and the FLC.
	The proposed controller yielded a power increase of 37.93% compared to the P&O method and 17.65% compared to the FLC controller. Additionally, 110 W more power was generated with the proposed controller than with the P&O method and 60 W more than the FLC controller [45]. Moreover, 36.38% of energy yield was recorded with the new controller in [46].
	[42,45,46]



	P&O+ANN
	By integrating ANN into the traditional P&O algorithm, an increase in accuracy was achieved.
	The new approach effectively monitored the power coefficient at the optimal level of 0.35 and the nominal power generation of 3 MW.
	[47]



	ORB+ PSO
	PSO was used in the ORB algorithm to search for the maximum power coefficient. The resulting hybrid algorithm provided high efficiency
	The PSO-ORBMPPT algorithm has a tracking efficiency of up to 99.4%, which is higher than that of conventional OTC and ORB MPPT algorithms. Additionally, the PSO-ORBMPPT algorithm harvests 1.9% more electrical energy than the conventional algorithms.
	[48]
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Table 7. Summary of hybrid methods (intelligent and intelligent) for WEHS.
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	Types of Intelligent MPPT Algorithm
	Description
	Performance Metrics and Results
	Reference





	FLC, NN
	The controller in [34] which combined FLC and NN has improved power harvesting capability in a hybrid renewable energy system (HRES) and shorter simulation time to catch the MPP as compared to other standalone methods such as P&O, FLC, and ANN.
	Compared to the standalone P&O, FLC, and ANN methods, the hybrid method achieved an increase in power generation of 35 W, 15 W, and 5 W, respectively, in the WEHS.
	[34]



	ANFIS
	An Adaptive Neuro-Fuzzy inference system (ANFIS) (MPPT) controller for grid-connected WEHS was proposed. The method described can extract the MP from the wind by tracking the MPP independently of the wind speeds.
	The ANFIS controller resulted in a 37% smaller voltage overshoot compared to the PI controller. Additionally, a power increase of approximately 7.64% was achieved.
	[35]



	RBF-NN, MPSO
	RBF-NN and modified PSO were integrated into MPPT controller in [20], to replace the conventional MPPT controller. The hybrid combination was able to track the MPP of the WEHS in addition to estimating both the effective wind speed and the rotational speed of the WT. Increased in system reliability, and reduced converters loss, size, and system cost were also achieved.
	The proposed hybrid method resulted in a 40% reduction in converter size and produced highest power coefficient of 0.498, whereas other methods, such as ENN+PSO, RBNN-GA, and RBFNN, achieved lower power coefficients of 0.475, 0.47, and 0.43, respectively.
	[20]
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