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Abstract

:

The characteristics of a PV (photovoltaic) module is non-linear and vary with nature. The tracking of maximum power point (MPP) at various atmospheric conditions is essential for the reliable operation of solar-integrated power generation units. This paper compares the most widely used maximum power point tracking (MPPT) techniques such as the perturb and observe method (P&O), incremental conductance method (INC), fuzzy logic controller method (FLC), neural network (NN) model, and adaptive neuro-fuzzy inference system method (ANFIS) with the modern approach of the hybrid method (neural network + P&O) for PV systems. The hybrid method combines the strength of the neural network and P&O in a single framework. The PV system is composed of a PV panel, converter, MPPT unit, and load modelled using MATLAB/Simulink. These methods differ in their characteristics such as convergence speed, ease of implementation, sensors used, cost, and range of efficiencies. Based on all these, performances are evaluated. In this analysis, the drawbacks of the methods are studied, and wastage of the panel’s available output energy is observed. The hybrid technique concedes a spontaneous recovery during dynamic changes in environmental conditions. The simulation results illustrate the improvements obtained by the hybrid method in comparison to other techniques.
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1. Introduction


Daily energy demand is rising and normally, to meet those demands, energy is produced by using non-renewable sources such as coal, natural gas, etc., [1,2]. This creates a high amount of carbon emissions. As many countries have decided to pair with zero carbon emission nations, the use of renewable energy sources is increasing day by day [3,4]. Due to the free abundance of solar energy, solar panel utilization is increasing rapidly. However, the efficiency of the solar panel is 13–19% [5]. The reasons for these low efficiencies are rapidly changing atmospheric conditions and the circuits attached to them such as loads, charge controllers, and other devices [6,7,8].



Our main aim is to choose a controller which should be able to track MPP properly, by which we can use the solar panel up to its maximum capacity. During its operation, a solar panel sees the load as varying. Therefore, it delivers a lower amount of power during its operation and MPP is lost [9,10,11,12]. For maintaining the MPP operation of the panel, the amount of resistance seen across the PV panel should be fixed such that the solar panel sees a fixed load, i.e., the resistance seen across the panel is fixed (Ro is fixed) and the solar panel produces the maximum amount of power [13,14]. The MPPT techniques monitor the output voltage and output current of the solar panels and give a particular operating point to the panel such that the maximum amount of power is delivered.



Many algorithms are developed but traditional methods such as P&O and incremental conductance are widely used because of their simplicity; however, the energy losses are higher with these methods [15]. Computational power and development of microcontrollers have given rise to methods such as fuzzy logic, particle swarm, neural network, ANFIS, hybrid models, ant bee colony, …, etc.



The various conventional MPPT techniques such as fractional open circuit voltage (FOCV) [16], fractional short circuit current (FSCC) [17], curve fitting (CF) [17], hill climbing (HC) [18], incremental conductance (INC) [19], etc. can be observed from the references. The main drawbacks of FOCV and FSCC are less accurate, as they are mostly used for low-power applications [16,17]. Popular techniques such as P&O, INC and HC work well, but only produce maximum power during constant insolation conditions, so they are not effective under variable irradiations and shading conditions [18,19]. These methods also suffer from poor convergence, more amount of steady-state oscillations, and the slow tracking of MPP [20].



For better steady-state performance, transient behaviour Intelligent MPPT methods such as neural network, fuzzy logic, and ANFIS are used [21,22,23]. To overcome difficulties caused by the PI controller, fuzzy controllers have been proposed, as they provide high-performance control, but they lead to a high amount of computational burden and their usage is limited in complex systems [24].



In the method of P&O with multi-layer ANN, the training of the model and the collection of the datasets is a challenging task [25], and the ANFIS technique consolidates the power of fuzzy logic and neural networks but the training process requires more numerical calculations for accurate results, which is tough; if the models are not properly trained, the inaccurate response of the hybrid models contain a greater number of oscillations [26].



A neural network is a fast solution for enhancing efficiency, and it has the ability to deal with uncertainties and can handle the problem without any prior knowledge [27]. In NN, MPP is tracked in a faster way by modifying the weights of layers according to the learning algorithm. NN controllers show good performance under rapidly varying irradiance and partial shading, in terms of efficiency and responses [10,28].



Apart from conventional methods, intelligent methods provide a better performance, and the artificial intelligence overcomes drawbacks caused by methods such as Genetic Algorithms (GA) [29], Pattern Swarm Optimization (PSO) [30], fuzzy logic (FL) [31], Grey Wolf Optimization (GWO) [32], etc. However, the complexity of design and implementation matters.



The category of hybrid methods reflects the combination of two or more methods of the above-mentioned methods, and the combination increases the effectiveness of the models. Hybrid models such as P&O with multi-layer ANN [33], ANN with a variable step size of P&O [34], Genetic Algorithms, P&O with incremental conductance [34], Gravitational search algorithm with particle swam optimization, and many other algorithms have been proposed but each of them has complexity levels based on their applications. The effective application of algorithm tracking of the maximum power point and the solar panel efficiency can be improved [35].



Modern algorithms vary in their effectiveness, complexity of circuits, and convergence speed. For good results, traditional methods can be combined with alternative methods to track MPP under varying conditions [36,37,38]. The ease of implementation of P&O, and the accuracy and rapid recovery of the neural network cannot be ignored, so the combination of these methods helps to reduce uncertainties in the output response. This paper compares a hybrid control that removes the uncertainties which are seen in P&O, INC, and other algorithms. With the use of the hybrid controller [39], the performance of solar panels is improved, and the combination present in the model removes the inaccurate responses and it gives a reliable performance in varying atmospheric conditions as well [40,41].



The efficiencies of algorithms are calculated based on the energy generated in the time interval. Based on the references, MPPT techniques were implemented. In the study, a standalone PV system with a boost converter and dc load is considered.



However, choosing MPPT for specific PV system designs and situations might be confusing, since each approach has its own set of benefits and drawbacks. There is a noticeable rise in new approaches for hybrid, optimization techniques, so analysis is essential to study new methodologies. This paper provides an MPPT comparison based on the tracking of MPP under constant and varying conditions. This paper provides an evaluation based on efficiency, tracking accuracy, and complexity. Furthermore, this comparison paper may be a useful resource for researchers.




2. Modelling of a Photovoltaic Cell


A PV cell consists of a P-N semiconductor junction when it is exposed to light; it generates its equivalent electrical output. PV arrays comprise a series of/parallel combinations of solar cells. The electrical equivalent of a solar cell is shown in Figure 1. It is represented by a light-generated current source with a shunt diode D, along with parallel and series resistance.



The Shockley diode equation is used to calculate the characteristic electrical equation of a PV cell. It is written as


  I =  I  ph   −  I  sat   × [ exp     q ×   V +  R S  × I     nKT     − 1 ] −   V +  R S  × I    R  sh      



(1)




where I = solar cell current, Iph = generated photocurrent, Isat = reverse saturation diode current, q = charge of electron = 1.60217 × 10−19 C, k = Boltzmann constant = 1.3807 × 10−23 J/k, n = diode’s ideality factor, T = cell temperature, Rs = series resistance, Rsh = shunt resistance.



The current Iph generated is directly proportionate to sun radiation, and the arrangement of series and parallel resistance shows the voltage losses when connected to external contacts and leakage current. Figure 2 and Figure 3 depict the module’s p-v curve for different values of irradiation and temperature.



The simulation model of the PV block has been used for obtaining the curves, and for more power, cells are connected in a series of/ parallel combinations to build a PV array.



The output characteristics of the panel are nonlinear and depend on temperature and irradiation. To obtain maximum power from the panel, the resistance seen by the panel should be maintained constant. For this purpose, a power converter such as a DC-DC boost converter is utilized for load matching to the PV panel, to obtain the maximum power out of the panel.




3. DC-DC Boost Converter


A boost converter serves as a switch mode regulator, converting an unregulated dc output voltage to a controlled dc output voltage. A boost converter (Figure 4) comprises a switch K (transistor/MOSFET), diode, filter capacitor, an inductor, as well as a resistor.



The control operation is performed by controlling the switch’s duty ratio, and in continuous mode, when the switch is ON, the diode is in an OFF state and energy is stored in the inductor. When the switch is OFF, the stored energy is dissipated in the resistor, through the diode path.



The output voltage of the converter is given as


   V o  =  V i    (  d  1 − d   )    



(2)




where d = duty cycle.




4. MPPT Control


In a PV module, there is one single operating point at a given point of time where maximum power can be drawn. The operation mainly depends on the load characteristics to which it is connected. If a panel is directly connected to a load, the operating point of the panel is not optimal. Therefore, an MPPT controller should be connected between them.



The MPPT controller adjusts the resistance seen by the panel RT, such that it sees a constant load, so as the output changes, the control input to the converter changes such that the input impedance of the controller is maintained as constant.



In such a case, RT seen from PV will remain constant, irrespective of load resistance. From this, the operating point will be maintained constant and the maximum power will be drawn from the panel. The MPPT control scheme for the solar panel is shown in Figure 5, and the specifications can be found in Table 1.



4.1. MPPT Algorithms


Many techniques have been developed for implementing MPPT. The techniques differ in implementation, cost, speed, and efficiency. The most widely used are perturb & observe method (P&O), incremental conductance (INC), and fuzzy logic control method.




4.2. Perturb and Observe Method


Owing to its simple design and ease of operation and execution, the perturbation and observation technique is the most widely used technique. The concept behind the P&O method is to modify the operating voltage of the solar cell until the maximum power is obtained from it. The impact on the system is observed by modifying the system voltage.



If the operating point lies in regions 1, and 2 in Figure 6 [11], the perturbation is adjusted such that the point reaches the MPP. If the operating voltage is perturbed and if the power is increased (dp/dv > 0), then we can see that point is now moving towards the MPP, whereas if it decreases (dp/dv < 0), then the direction of perturbation is reversed. The process will continue until the MPP is reached at every point in time. Based on the previous duty ratio, the next duty ratio is calculated by checking the differences between the power and voltage values.



The flow chart of the P&O algorithm is shown in Figure 7.



The P&O algorithm could not track the MPP under rapidly varying atmospheric changes. The system has been tested for various levels of irradiation, load, and temperatures (shown in Table 2).



The performance of the system for various levels of perturbation size is seen in Figure 8. It indicates that with an increasing/decreasing Dprev value, the rise time taken to obtain the MPP does not become affected, but by increasing the Dprev value, the smoothness of the curve increases.



The performance of the system for constant and varying atmospheric conditions is shown in Figure 9, Figure 10, Figure 11 and Figure 12. The output reaches a maximum at 0.05 s (Figure 9), and then the output is maintained constant at 247 W. At variable irradiation and variable loads in Figure 10, we can observe that the output waveform takes time to get back to the steady state after disturbances and output power changes with respect to the input. Only under varying loads, the output is nearly constant except at load disturbances (Figure 11). At variable temperatures and variable loads, the output wave took time to reach the steady point. However, after load disturbance, it reached the steady point quickly under input variations (Figure 12).




4.3. Incremental Conductance Method


The incremental conductance method employs the current and the voltage as measuring units to detect the output current and voltage of the solar array. Here, both parameters are sensed simultaneously [2,3]. In this method, the value of incremental conductance is seen in the graph (Figure 13) [6]. We can see that slope (dp/dv) of the curve at the MPP of the PV panel is zero on the left side (+ve) and the right side (−ve).



The relationship between the voltage and the current is given as


     dp      dv   =   d   vi     dv   = I + V   dI   dV    



(3)







From the above equation, the relationship in the curve is given as


    di   dv   = −  i v     at   mpp     



(4)






    di   dv   > −  i v     left   of   mpp   



(5)






    di   dv   < −  i v     right   of   mpp   



(6)







The MPP can be traced by relating the above conditions, i.e., instantaneous conductance and incremental conductance. The direction of the perturbation is determined by the conditions. The system oscillates around the MPP and the  ∈  controls the amplitude of oscillations. It decreases as the  ∈  increases.


  As     di   dv   +  i v  ≤ ∈  



(7)







However, the operating point moves away from the MPP, so the   ∈   should be chosen carefully. As a result, the error caused by changes in irradiance is eliminated; however, the cost and complexity of the system increase. The main difference between P&O and INC is the direction of the perturbation.



The algorithm performance for various atmospheric conditions is shown in Figure 14, Figure 15, Figure 16 and Figure 17, Varying load, constant temperature and irradiation are seen in Figure 16, except at load disturbances, where the output is almost constant. In Figure 17, constant irradiation, load, temperature, and output is maintained constant at 250 W. In variable irradiation and loads, as seen in Figure 16, we can observe that under load and input variations, the output has quickly gained a steady point without a time lag. Under variable temperatures and loads, as seen in Figure 17, we can observe that initially the output reached nearly 290 W and the output almost followed the temperature variations and was nearly maintained at 230 to 250 W, except at load disturbances.




4.4. Fuzzy Logic Controller Method


Fuzzy—“not clear, distinct, precise, blurred”. Fuzzy logic control (FLC) is operated as a mathematical system that addresses uncertainty and deals with input data that is imprecise, ambiguous, noisy, or missing [3].



With the development of computational power, the fuzzy logic method has become more popular. In fuzzy logic, an analog input signal is compared to a present logical variable membership function or fuzzy logic rules with values between zero and one. Because of its heuristic nature, simplicity, as well as effectiveness in both non-linear and linear systems, this method has been widely used. Because of its numerous advantages, the FL method is among the most effective techniques for obtaining MPP in solar systems. It is resistant to imprecise inputs, does not need a precise mathematical system, and is relatively easy to design. It offers a mathematical framework for transforming linguistic control rules expressed as (IF-THEN) statements through an automatic control strategy. The input variables of (FLC) are defect value (E), change of defect value (ΔE), and one output value, which alters the duty ratio ΔD (as seen in Figure 18). The intake values E and ΔE at any point of time, k, are indicated as


  E  k  =   P  K  − P   k − 1     V  k  − V   k − 1     =   dp   dv    



(8)






  Δ E  k  = E  k  − E   k − 1    



(9)







P(k) is the solar cell’s output power and V(k) is the output voltage at the “k” moment.



E(k) indicates the load operating point position, i.e., on the left/right of MPP.



The fuzzy logic system consists of a fuzzification block, an inference engine block, and a defuzzification block.



The process of execution of the fuzzy logic control method can be observed in Figure 19.



4.4.1. Fuzzification


This block converts the crisp value to a fuzzy value by using knowledge and databases and uses membership functions to define the input variables into fuzzy variables. The membership functions for the parameters E(k), CE(k), as well as the output parameters dD(k), in which each membership function of five fuzzy rule sets, PS (Positive Small), PB (Positive Big), NS (Negative Small), NB (Negative Big), and ZE (Zero Equivalent) can be seen in Figure 20, Table 3.



A larger number of linguistic terms improve the accuracy of output stability. It does, however, increase the algorithm’s complexity, and the computing time.




4.4.2. Fuzzy Inference System (FIS)


FIS consists of a fuzzy rule base which takes fuzzy variables as inputs and generates possible fuzzy outputs, given as input to the defuzzifier (if-then), etc. It is the main part of the fuzzy system; with this, inputs are mapped to an output. In this model, we have used the Mamdani inference system.



Based on the inputs, FLC determines its next setpoint based on the parameters of the Fuzzy logic rule framework, which operates on a set of conditional rules. It is determined by the designer’s professional experience as well as the operation of the control system. This paper employs 25 fuzzy control rules, which are presented in Table 3. Those conditions are defined as (Conditional statements (IF-THEN)) with the following syntax: IF (E is Negative Big) and (ΔE is Zero Equivalent) THEN (ΔD is Positive Big).



Case 1: If the term (E) is +ve, the position is mainly found to the leftward of the MPP. If the term (CE) is +ve, the action point shifts closer to the MPP. If the term CE is −ve, the opposite happens.



Case 2: If the term E is −ve, the position is located to the rightward of the MPP. If the term CE is −ve, the action point drifts farther from the MPP, and the opposite happens if CE is −ve.



The procedure is implemented as a sequence of fuzzy IF-THEN rules.




4.4.3. Defuzzification


FLC generates a fuzzy subset as its output. Defuzzification is needed as real-world systems require precise control values. This block converts the fuzzy variable into crisp values using various defuzzification methods such as the center of gravity, weighted average, and mean of maximum. It creates a mapping from the fuzzy logic system to the concerned implied output into a non-fuzzy control signal.



The controller performance for various atmospheric conditions is shown in Figure 21, Figure 22, Figure 23 and Figure 24. The fuzzy logic method nearly took 0.05 s to reach the maximum point; it quickly regained the steady point under load variations, as can be seen in Figure 21. From Figure 22, we can observe that except for initial lag, the output was maintained constant at 248 W. Under variable irradiations and loads, the output power disturbance lag mainly observed at first disturbance was only 0.3 s, and at remaining points, the effect was overcome quickly in Figure 23. For temperature and load variations in Figure 24, we observe that initially, the output was above 250 W, and disturbances can be clearly observed in the output wave. Except for the disturbances, we can notice that the output has almost remained between 210 W to 250 W.





4.5. Neural Network Method


Neural networks (NN) are a form of artificial intelligence method that teaches a computer to process data in a manner similar to the human mind. The artificial intelligence technique performs better than traditional approaches [7]. The demerits of traditional methods include delayed responses to quick variations in solar irradiance and temperatures, as well as failure to track the maximum output power point.



Solar temperature and irradiance temperature are used as inputs to the neural network. The number of layers is determined by the hit-and-trial method. The duty ratio for the converter is the output. To begin working with any NN algorithm, training points must be collected. The training data is obtained by varying temperature and insolation values for the PV array and collecting duty ratios for finding maximum power. Some test points are fixed while training to check their performance post-training. “NNTOOL” is used to train a neural network in MATLAB. A set of 1000 data points are captured to train the neural network. Specifically, the temperature range is (15 to 35 degrees) and the irradiance range is from (0 to 1000 W/m2).



The neural network tool kit used in neural network training can be seen in Figure 25a, and the performance of the neural network can be analyzed by mean square error(MSE) versus the epoch graph(Figure 25b). We obtain the best performance at the 1000 epoch, which is 2.3045 × 10−11; the training state validations and the error histograms can be observed in (Figure 25c,d), and by the regression plot in Figure 25e, we observe the relationship between the dependent and independent variables, and we observe that the data and fit are aligned, which shows only the smallest possible error. From Figure 25f, we see the training, validation, and testing results of the trained data of 1000 points—indicating a very small error. The step-by-step executions of a neural network can be seen in Figure 26.



	
Solar panel data used for training the neural network and ANFIS



	
Short circuit current = 8.66 A;



	
Maximum power point current = 8.15 A;



	
Open-source voltage = 37.3 V;



	
Maximum power point voltage = 30.7;



	
Alpha = 0.086998;



	
Beta = −0.36901;






In the fitting problem, a neural network to map between the data set of numeric inputs and a set of numeric targets is decided. The requirements used for training the neural network are listed in Table 4.



The controller’s performance can be observed in Figure 27, Figure 28, Figure 29 and Figure 30. At variable loads and constant irradiation and temperature, in Figure 27 we observe that it took nearly 0.05 s to track the maximum point, and gaining the steady point is also quick, except at the points where the output is constant. In Figure 28, we can observe the output is maintained constant at 240 W. In Figure 29, we can observe that the output gained a steady point quickly, except at the 0.3 s disturbance, where the remaining curves were smooth for the remaining disturbances. In Figure 30, we can observe that up to 0.4 s the output was not tracked properly, as it was below 150 W, and after 0.4 s, the output was close to 240 W up to 0.8 s, and after 0.8 s, the output is 210 W, except at load disturbances.




4.6. ANFIS Method (Adaptive Neuro-Fuzzy Inference System)


In ANFIS and fuzzy systems, the same numbers of nodes are present; they are fuzzifications of input variables (layer-1) and logic-based rules and fuzzy inference systems (layers 2 and 3), defuzzification (layer-4), and aggregation (layer-5). The ANFIS architecture (in Figure 31) employs NN architecture with five determined layers [9]. The ANFIS structure for a given model of discrete-time data with n inputs values is    y  t − i   ,  y  t − j   , ⋯ ,  y  t − l       and one output    w i    and is based on first order (SUGENO) rule-base with “m”-rules [12].





  If    y  t − k     is    x  k j     then    y t   j      =    θ  j 0     +     ∑  k = i  l    θ  j k    y  t − k    θ  j k    



(10)




where    y  t − k     is    x  kj     as assumption portion and





   y t   j      =    θ  j 0     +     ∑  k = i  l    θ  j k    y  t − k    



(11)




as subsequent segments;    θ  jk   ,  θ  j 0     as linear parameters;    x  kj     as nonlinear parameters;   j = 1 , 2 , … , m ; k = i , j , … , l  , and if    w 1  ,  w 2  , … ,  w i    are the firing strengths for  m  values    y t   1    ,  y t   2    , … ,  y t   m     , then the calculated output    w i    can be given as:


   y i  =    w ¯   1   y t   i    +    w ¯   2   y t   j    + ⋯ +    w ¯   m   y t   l     



(12)







Adaptive Neuro-Fuzzy Controller


The MPPT control structure by incorporating ANFIS can be designed to achieve the MPP by modifying the duty ratio based on the changes of E(k) and CE (k). ANFIS trains an FL model with two inputs and one output to detect a logical rule; the execution process of ANFIS can be seen in Figure 32. The general structure of the ANFIS rule is given as:



	
Rule i: if E(k) is Xi1 and CE(k) is Xi2, then








(Duty)i = yi1 × 1 + yi2 × 2



(13)




where



	
(Duty)i is the changing duty cycle and



	
Xij is the membership function.
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Figure 32. Flow chart of ANFIS technique. 






Figure 32. Flow chart of ANFIS technique.
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The performance of the algorithm for various atmospheric conditions can be seen in Figure 33, Figure 34, Figure 35 and Figure 36. From Figure 33, we observe that an initial lag was present in the tracking output, and later, except for load disturbances, the output was constant. In Figure 34, we can see that the output was constantly maintained close to 250 W. In Figure 35, we observe that except for the disturbance at 0.3 s, the output wave has a smooth gain up to the steady point. In Figure 36, we can see that after 0.05 s, the output was nearly 275 W and the output was maintained close to 245 W, except for load disturbances up to 0.8 s, at which point, after0.8 s, the output was reduced to 160 W.





4.7. Hybrid Method (Neural Network and P&O)


For maintaining maximum power and increasing efficiency during varying environmental conditions, the hybrid technique is based on a combination of two controllers, the NN and P&O methods. In the neural network, the input layer has two nodes, the hidden layer has eight nodes, and the output layer has one node. The main scheme of the hybrid algorithm is using the NN controller to yield a prediction of the voltage value during varying insolation levels, such that a change in irradiation is very small. If the change is not small, the step size in the P&O method will be too low to reach the MPP, which results in oscillations [22].



The above figure shows the modern hybrid model control for MPPT. In this algorithm, the inputs are the current, the voltage of the PV panel, and the variation of power. The maximum power can be obtained by the neural network learning algorithm, the changing weights of neurons, and combining the results with the P&O algorithm result. In this control method, the neural network output is combined with the output and the average of the duty ratio generated is given to the PWM generator for generating switching pulses (Figure 37). The error in the duty ratio is reduced when both the methods’ duty ratios are added, resulting in a reduced error duty cycle; because of these techniques, the oscillations around the maximum power point are reduced [17], and the process of execution can be seen in Figure 38.



Based on the observation of powers at various points by the P&O method and the neural network method, the maximum powers are set for converter operation. Furthermore, maximum power is adjusted according to environmental conditions; this method helps in reducing the cost of the system by reducing the number of sensors, compared to other complex-hybrid methods for tracking MPP with good efficiency. The hybrid methods vary in terms of speed of action, measuring speculations, hardware execution, number of sensors, and unpredictability.


D1 = duty cycle generated by P&O










D2 = duty cycle generated by the Neural network










D = (D1 + D2)/2











The performance of the controller for various atmospheric conditions can be observed in Figure 39, Figure 40, Figure 41 and Figure 42. From Figure 39, we can observe that it tracked MPP quickly and also under the disturbances, the deviations were also fewer. In Figure 40, we can see that output was maintained as nearly constant between 240 to 250 W. In Figure 41, we can observe that the initial output was nearly 250 W, except for the disturbance at 0.3 s, where the output was in a steady state until the next variation. The output gained quickly from variations and no time lag was observed, and the curve was smooth for the remaining variations. In Figure 42, we can observe that for up to 0.4 s, the output was not tracked properly and after 0.4 s the output was maintained at 245 W, except for the disturbance at 0.6 s up to 0.8 s, at which point after 0.8 s the output is maintained at 210 W.





5. Results and Discussion


For changes in irradiation and temperature, the six investigated methods are compared. In standard conditions (under constant temperature, constant load, and a constant irradiance) Figure 43 demonstrates the transient behaviour of the tracked power out of six MPPT control systems. We observe that the hybrid controller achieves a steady state and MPP faster than the other controllers. The hybrid PV system’s steady-state behaviour is much more stable compared to the other MPPT techniques. The hybrid model significantly reduces power waste.



From the above simulation results of constant atmosphere, temperature, and load (Figure 43), we observe that the ANFIS and neural network output have overlapped each other. Figure 44 shows the performance of the PV system at variable loads and variable temperatures, using the six MPPT methods. The graph in Figure 45 depicts the performance of the six control schemes under constant illumination and varying loads. Figure 46 shows the controller performance at varying irradiations and varying loads. The simulation results demonstrate that the six controllers perform in a very similar manner in variable atmospheric conditions.



From the above figures for various temperatures, varying load, E = 1000 W/m2 (Figure 44), we can see that at the starting conditions, the output power is more than the panel’s maximum output power, and incremental has reached the maximum point first, followed by P&O, ANFIS, and fuzzy. The P&O and incremental algorithms were closer in the initial time, but at a few points, they overlapped. The neural network and hybrid algorithms have taken some time to track the maximum power point, although up to 0.4 s, these two algorithms’ outputs were lower than other algorithms. After the load disturbance at 0.3 s, the incremental gained MPP faster but was overtaken by P&O at 0.316 s, followed by fuzzy and ANFIS. After the disturbance at 0.6 s, the fuzzy gained first, which was closely followed by incremental and hybrid algorithms, and after 0.61 s, all algorithms performed in close proximity where P&O, neural network and hybrid, and ANFIS were leading. After 0.8 s disturbance, we observe that P&O, incremental, and fuzzy logic have overlapped in many instances, producing max output, followed by the hybrid algorithm. The neural network has lagged behind all four algorithms and ANFIS has lagged behind all the algorithms producing the least output.



From Figure 45, we can observe that the ANFIS and the neural network have overlapped each other. The hybrid was able to reach the MPP faster, followed by incremental, P&O, fuzzy logic, and ANFIS/neural network. After 0.3 s, it is the first disturbance showing that P&O and incremental have reached the MPP faster, followed by the hybrid algorithm, and neural network/ANFIS. Fuzzy logic had oscillated for a few cycles in the leading region/lagging region.



We can observe from the results that the neural network/ANFIS and hybrid methods gained the MPP faster with disturbances and have been in a steady state with fewer oscillations. The other algorithms such as P&O and incremental have a few more oscillations, and fuzzy has a greater amount of variations between the maximum and minimum positions.



From Figure 46 we can observe that incremental has reached the MPP faster, but the fast output was from the hybrid model, which was followed by P&O, fuzzy, and neural network/ANFIS. We can observe that the ANFIS and neural network have overlapped each other; we can see their outputs were very close. After 0.3 s, i.e., the first disturbance, we can see that the hybrid has gained MPP faster, followed by fuzzy, incremental, neural network/ANFIS, and P&O. P&O lagged behind all other algorithms. After 0.6 s, i.e., the second disturbance, we can observe that the hybrid gained faster, followed by incremental, neural network/ANFIS, fuzzy, and P&O. After 0.8 s, we can observe that the hybrid and the neural network gained faster compared to the others, but after reaching steady state, we can observe that the 0.966 hybrid was leading, followed by P&O, incremental, fuzzy, and ANFIS and neural network.



All the methods for various parametric variations are compared and tabulated in Table 5. In all the cases, the hybrid has maintained maximum and stable output.



From Table 6, we can observe that the hybrid model has good efficiency and more output power when compared to the other controllers, and the convergence time has been observed from simulations, the convergence time of P&O, with ANFIS being nearly the same, followed by incremental conductance and Fuzzy logic, the convergence time of NN, with hybrid models being the highest. As both the models were not tracking the MPP up to 0.02 s, but after 0.02 s they were able to track MPP better than other algorithms, the Hybrid model was able to converge faster than the other methods under varying conditions.



The models were simulated using MATLAB—R2020a, using an intel i3—10th generation based computer, and for the simulation time of 1 s, the models were tested for varying and constant conditions. The real-time required to simulate the model has been calculated. Under varying conditions of irradiation, the temperature and load time it took to simulate the model have been indicated in Table 7; for varying conditions, under constant conditions of irradiation, and the temperature and load time it took to simulate the model have been indicated in Table 7 as constant conditions. Therefore, we can observe under varying conditions and constant conditions that the P&O method had the lowest time followed by the hybrid and fuzzy logic control method, which required more time to simulate.




6. Conclusions


The results of all techniques used in this paper are compared, and examining the obtained results presented in the paper, it is clear that almost all of the techniques tracked MPP with sufficient accuracy. P&O has a very easy and simple implementation, but the system response oscillates across the MPP (ringing around) in steady-state operation, resulting in power waste. INC also has the same problems as P&O but has less amplitude of oscillations. The FLC is stable and has better fast-tracking of MPP, as compared with previous MPPT techniques in the paper. Under varying solar irradiance, FLC yielded good performance. FLC has advantages but it is more costly to implement with a slight efficiency advantage over the previous two algorithms.



An adaptive neuro-fuzzy inference system excels at tracking the maximum power point under varying irradiance and temperature conditions. The results from this MPPT technique performed better than FLC and previous methods in terms of robustness and performance, and reliability under varying irradiance levels.



In this article, an extremely-fast MPPT method that employs a combination of the NN method and the P&O method is compared with other methods. By reducing oscillations around the MPP and minimizing the perturbation and observation step times of the tracker, this modern hybrid method seemed to be able to enhance the performance of a traditional perturb and observe the algorithm. Extensive simulation and system results shed light on the algorithm’s behaviour. This showed a fast-tracking of the MPP, faster than traditional P&O.



Simulation results of the hybrid model show that the controller tracks MPP quickly in comparison with other controllers, and the hybrid method is very fast and precise in tracking MPP in varying atmospheric conditions. This method can extract maximum power and is efficient under varying atmospheric conditions. This method provides more power output than other methods, the transient response and steady-state response are quick and power losses are low as well.



As a result, this algorithm may be an ideal solution for massive PV farms where tracking time is critical. Furthermore, where the irradiance fluctuates abruptly, the hybrid approach will be an appealing solution. However, it needs to be acknowledged that for this technique to be very effective, the NN must be properly trained with a huge collection of datasets, which tends to make implementation difficult and expensive. Finally, specific applications may be worth the extra cost that this algorithm entails.



Based on the given varying parameters, the controllers gave a good performance and the hybrid model has maintained a stable point when compared with others, as other controllers suffered from ringing around the MPP, transient disturbances, and a slower settling time than the hybrid model. For normal applications where fast settling time is not required and cost-effectiveness is a matter of P&O, incremental is the best solution, but in the conditions where accuracy matters a lot, and the cost is not a criterion, fast response and low settling time are needed, and so, fuzzy, ANFIS and NN methods are considered important. Finally, it is concluded that the modern hybrid model has yielded satisfactory performance, according to the given variations.




7. Future Scope


There is a need for practical confirmation of the simulation results, as the convergence time, efficiency, and computational burdens in the practical implementations differ from that of the purely simulated results. In the papers [27,33,41], we can observe that the simulation results and the practical implementation results have a small amount of difference. Through practical implementations, we can come to know which methods are difficult to implement and which ones have high computational burdens on microcontrollers. In [14], we can find that fuzzy systems have high computational burdens. The practical devices also include additional losses and temperature dependency, so the outputs may differ from that of the simulation.



The researchers’ work, which included the design of an MPPT controller, should be expanded to track a wider variety of inputs that vary over time, such as system parameter variations. Recent mathematical models, such as z-infinity, can be used to obtain accurate MPPT points. The work done on the DC-DC converter is only limited by the use of a high-switching frequency.



However, the output power and THD values were not significantly improved, so further work in this area is required; the filter circuit design configuration must be improved. Converter circuits with grid interfacing have the issue that when a power failure occurs, the consumer cannot receive power even though the PV system is producing power. This should be treated as a serious issue, and research should be conducted in this area.
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Figure 1. Electrical equivalent of the solar cell. 
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Figure 2. P-V curve for different temperatures at 1000 W/m2 irradiation. 
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Figure 3. I-V, P-V curves for various irradiations at 25 °C. 
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Figure 4. Schematic of the DC-DC boost converter. 
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Figure 5. MPPT control for the PV system. 
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Figure 6. dp/dv sign at various points of the curve [11]. 
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Figure 7. Flowchart for P&O algorithm. 
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Figure 8. The effect of perturbation step size on the behaviour of the P&O method. 
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Figure 9. Algorithm performance at constant atmospheric conditions; T = 25 °C, w = 1000 W/m2, R = 10 Ω. 
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Figure 10. Algorithm performance at variable irradiations and variable loads; T = 25 °C. 
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Figure 11. Algorithm performance at variable loads; T = 25 °C, w = 1000 W/m2. 
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Figure 12. Algorithm performance at variable temperatures and variable loads; w = 1000 W/m2. 
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Figure 13. Slope at various regions of the PV curve [6]. 
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Figure 14. Algorithm performance under varying loads, and constant temperature and irradiation. 
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Figure 15. Algorithm performance under constant irradiation, load, and temperature. 
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Figure 16. Algorithm performance under variable irradiations and varying loads. 
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Figure 17. Algorithm performance under variable temperatures and varying loads. 
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Figure 18. Block diagram of fuzzy control. 
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Figure 19. Flowchart of the fuzzy logic system. 
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Figure 20. Error, change in error, and duty cycle membership functions of fuzzy inference system: (a) membership functions of input variable Ipv; (b) membership functions of input variable Vpv; (c) membership functions of output variable PWM (or) duty. 
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Figure 21. FLC output power under constant irradiations and variable loads. 
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Figure 22. Output power of FLC system at constant load, temperature, and irradiance. 
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Figure 23. Algorithm performance under variable irradiations and varying loads. 
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Figure 24. Algorithm performance under variable temperatures and variable loads. 
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Figure 25. Neural network training: (a) NNTOOL for NN training in MATLAB; (b) performance plot of neural network; (c) training state plot; (d) error histogram; (e) regression plot; (f) results of trained data. 
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Figure 26. Flow chart of neural network MPPT. 
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Figure 27. Output power of NN system at variable loads and constant irradiation and temperature. 
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Figure 28. Output power of NN system at constant irradiance, temperature, and load. 
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Figure 29. Output power of NN system at variable loads and variable irradiances. 
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Figure 30. Output power of NN system at variable temperatures and varying loads. 
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Figure 31. ANFIS Architecture for Time Series Modeling. 
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Figure 33. Performance at variable loads and constant irradiation and temperature. 
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Figure 34. Performances at constant irradiance, temperature, and load. 
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Figure 35. Performance at variable loads and varying irradiances. 
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Figure 36. Performance at variable temperatures and varying loads. 
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Figure 37. Block diagram of the hybrid model [21,22,23]. 
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Figure 38. Flow chart for hybrid MPPT based on neural network and P&O [23]. 
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Figure 39. Performance at variable loads and constant irradiation and temperature. 
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Figure 40. Performances at constant irradiance, temperature, and load. 
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Figure 41. Performance at variable loads and varying irradiances. 
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Figure 42. Performance at variable temperatures and variable loads. 
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Figure 43. Controllers’ performance for constant irradiance; 1000 W/m2, T = 25 °C, load = 30 Ω. 
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Figure 44. Controller performance at various temperatures and varying loads; E = 1000 W/m2. 






Figure 44. Controller performance at various temperatures and varying loads; E = 1000 W/m2.



[image: Energies 15 08776 g044]







[image: Energies 15 08776 g045 550] 





Figure 45. Controller performance at constant irradiation and varying loads. 
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Figure 46. Controller performance at varying irradiations and varying loads. 
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Table 1. Parameters and specifications of PV module.






Table 1. Parameters and specifications of PV module.





	Parameter
	Specifications





	Maximum power
	250.20 W



	Open circuit voltage
	37.3 V



	Voltage at maximum power point
	30.7 V



	Short circuit current
	8.66 A



	Current at maximum power point
	8.15 A
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Table 2. Table showing the variation of parameters.






Table 2. Table showing the variation of parameters.





	Parameter
	Time (sec)
	Value





	Irradiance
	(0, 0.2, 0.4, 0.6, 0.8)
	(1000, 800, 600, 400, 200) w/m2



	Temperature

Load
	(0, 0.2, 0.4, 0.6, 0.8)

(0, 0.3, 0.6)
	(−15, 10, 25, 30, 45) Celsius

(20, 30, 40) Ω







The above parameter variations are applied to all other MPPT methods.
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Table 3. Fuzzy control rule base.






Table 3. Fuzzy control rule base.





	    d v / d p    
	NB
	NS
	ZE
	PS
	PB





	NB
	PB
	PS
	NB
	NS
	NS



	NS
	PS
	PS
	NB
	NS
	NS



	ZE
	NS
	NS
	NS
	PB
	PB



	PS
	NS
	PB
	PS
	NB
	PB



	PB
	NB
	NB
	PB
	PS
	PB
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Table 4. Particulars in neural network training.






Table 4. Particulars in neural network training.





	
Specifications

	
Data

	
Validation and Test Data

of 1000 Samples




	
Toolbox

	
NNTOOL box

	
Type of

Sample

	
Samples

(%)

	
Total Samples






	
Wizard: Input-output

and curve fitting

	
Fitting app

	
Training

	
70%

	
700

samples




	
Input data to network

	
1000 points input data of

irradiation, temperature

	
Validation

	
15%

	
150

samples




	
Target data/desired

network output

	
1000 points data of voltage

	
Testing

	
15%

	
150

samples




	
Samples

	
Matrix—rows

	




	
Number of hidden neurons

	
10

	




	
Training Algorithm

	
Levenberg–Marquardt
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Table 5. Comparison of various methods in various parameters.






Table 5. Comparison of various methods in various parameters.





	Items
	P&O

Method
	Incremental Conductance Method
	Fuzzy Logic Control Method
	ANFIS Method
	Neural

Network Method
	Hybrid

Controller Model





	Dynamic behaviour
	Poor
	Medium
	Medium
	Good
	Good
	Fast



	Transient behaviour
	Bad
	Bad
	Good
	Good
	Good
	Fast



	(oscillations) Steady-state
	Large
	Moderate
	Small
	Small
	Small
	Very small



	requirements
	P&O

algorithm
	Incremental conductance

algorithm
	Fuzzy

logic

membership

functions
	ANFIS

training

data
	Neural

network training

data
	Neural

network and P&O

combined



	Static error
	High
	High
	Low
	Low
	Low
	low



	Controller accuracy
	Low
	Medium
	Accurate
	Accurate
	Accurate
	Accurate



	Tracking speed
	Slow
	Slow
	Fast
	Fast
	Fast
	Faster



	System complexity
	Simple power calculations
	Simple
	Medium
	Medium
	Medium
	Medium



	Temperature characteristics
	Poor
	Poor
	Good
	Good
	Good
	Better



	Parameters tuning
	No
	No
	Yes
	Yes
	Yes
	Yes
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Table 6. Average power, convergence time, and efficiencies for various methods.






Table 6. Average power, convergence time, and efficiencies for various methods.





	
MPPT Method

	
Convergence

Time(s)

	
Irradiation: 1000 w/m2

	
Values

	
Comment




	
P_max: 250 w/m2






	
P&O method

	
0.004

	
P_avg

	
237.4

	
Oscillations occur




	
%ɳPV

	
94.96




	
Incremental

Conductance method

	
0.006

	
P_avg

	
239.1

	
Oscillations occur




	
%ɳPV

	
95.60




	
Fuzzy logic control

method

	
0.04

	
P_avg

	
242.2

	
Long convergence time




	
%ɳPV

	
96.88




	
Neural network

method

	
0.205

	
P_avg

	
244.6

	
Better dynamic performance




	
%ɳPV

	
97.84




	
ANFIS control

method

	
0.046

	
P_avg

	
244.4

	
Under dynamic response




	
%ɳPV

	
97.76




	
Hybrid Method

	
0.2005

	
P_avg

	
247

	
Fast response




	
%ɳPV

	
98.80
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Table 7. Computational burden of MPPT methods.






Table 7. Computational burden of MPPT methods.





	Method Name
	Real-Time (s)

(Varying Conditions)
	Real-Time (s)

(Constant Conditions)





	P&O
	4.633
	3.875



	Incremental conductance
	9.2635
	5.771



	Fuzzy logic control
	423.88
	372.41



	Neural network
	7.701
	4.6345



	ANFIS
	50.5595
	41.07



	Hybrid
	6.154
	5.667
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