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Abstract: The advantage of fuzzy controllers in working with inaccurate and nonlinear inputs is that there is no need for an accurate mathematical model and fast convergence and minimal fluctuations in the maximum power point detector. The capability of online fuzzy tracking systems is maximum power, resistance to radiation and temperature changes, and no need for external sensors to measure radiation intensity and temperature. However, the most important issue is the constant changes in the amount of sunlight that cause the maximum power point to be constantly changing. The controller used in the maximum power point tracking (MPPT) circuit must be able to adapt to the new radiation conditions. Therefore, in this paper, to more accurately track the maximum power point of the solar system and receive more electrical power at its output, an adaptive fuzzy control was proposed, the parameters of which are optimized by the whale algorithm. The studies have repeated under different irradiation conditions and the proposed controller performance has been compared with perturb and observe algorithm (P&O) method, which is a practical and high-performance method. To evaluate the performance of the proposed algorithm, the particle swarm algorithm optimized the adaptive fuzzy controller. The simulation results show that the adaptive fuzzy control system performs better than the P&O tracking system. Higher accuracy and consequently more production power at the output of the solar panel is one of the salient features of the proposed control method, which distinguishes it from other methods. On the other hand, the adaptive fuzzy controller optimized by the whale algorithm has been able to perform relatively better than the controller designed by the particle swarm algorithm, which confirms the higher accuracy of the proposed algorithm.
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1  Introduction

In recent years, the use of solar energy to produce cheap, clean and unlimited electricity has become increasingly important. The high costs of project implementation as well as the low efficiency of energy conversion are inescapable disadvantages of solar systems. To reduce the weaknesses of this system, many efforts and researches have been done or are being done to improve the efficiency of energy conversion in it, by increasing the quality of solar panels and also extracting maximum power from solar systems. The electrical characteristics of solar systems are inherently nonlinear, and these characteristics are a function of environmental conditions such as the intensity of solar radiation, the surface temperature of the panel, and the amount of charge attached to it. As a result, by carefully selecting the converter operating point installed at the output of the solar panel, the maximum electrical power can be received from the panel in different conditions of radiation and temperature [1]. By changing the radiation and temperature conditions in solar power generation systems, the maximum power point of the panel changes and therefore it should be using the maximum power point tracking (MPPT) patterns, the amount of power extracted from the solar panel can always be at a constant maximum value. Hold and, more simply, track the maximum power point. Extensive research has been done to find the maximum power point of the solar panel, some of which are briefly reviewed below. The basis of maximum power point tracking methods can be divided into four categories [2]. The first group is the methods based on the exact model of the solar cell and finding the relationships in the model presented at maximum power. But the main weakness of these methods is the lack of flexibility with changing the solar cell. That is, the results obtained for one type of cell from a particular manufacturer for another type of cell that has another manufacturer are not approved [3]. Also, if the selection of solar cell parameters has an error, the search for the maximum power point is always associated with a relatively large error [4]. The second category is methods based on the relationship between the operating point of the system and the parameters of the solar cell. In this tracking method, using the linear relationship between the operating point voltage of the panel and its open circuit voltage, the maximum power point is searched [5]. However, the relationship between the operating point of the panel and the open circuit voltage is completely non-linear, and linearization causes an error in accurate tracking. On the other hand, switching off the solar system several times to measure the voltage of the open circuit causes a loss of electrical power and reduces efficiency [6]. The third category of tracking is based on following the basic algorithm. Such methods can be called perturbation and observation methods. The principles of perturbation and observation method are based on creating perturbation in the output voltage of the system and examining its output power. If the output power increases with perturbation, the perturbation continues in the same direction and vice versa, if the power decreases, the next perturbation is applied in reverse [7]. The perturbation tracking and observation method searches for the maximum power point without the need for solar cell parameters. However, the main weakness of this method is the constant fluctuations around the maximum power point, which will cause a power ripple [8]. Finally, the fourth category is methods based on artificial intelligence. In this category, fuzzy logic and neural networks will be used to track the maximum power point of the solar system. High accuracy and speed of response as well as no loss of maximum power point in semi-shady conditions are prominent features of intelligent methods [9]. Also, in the presence of uncertainty in solar radiation information, the controller is able to track the maximum power point.

Despite the many MPPT methods available to photovoltaic system users, it is possible to select the best suitable method for the required application [10–15]. Occurrence of several local maximum points due to relative shadow in a photovoltaic array can be a real obstacle to the proper operation of an MPP tracker. If a local maximum is followed instead of the actual MPP, it will cause significant power loss [16–19]. The basis of the controller proposed in this paper is based on the relationship between radiation intensity and maximum point voltage. With this relationship, at any moment by measuring the intensity of the glow, the maximum power point voltage can be calculated and the system puts the output at the maximum power point voltage. In the proposed Ripple method, the output power of the solar system is minimal. In this paper, the adaptive fuzzy method will be used to track the maximum power of the photovoltaic system, which in addition to its high efficiency, this tracking method also has low output fluctuations in the steady state. For this purpose, a powerful whale optimization algorithm will be used to improve the proposed adaptive fuzzy control method. High accuracy and speed of convergence as well as no trapping at local maximum power points are the prominent characteristics of the proposed controller in the maximum power tracker circuit.

2  The Proposed Controller

The proposed controller is an adaptive fuzzy controller, in which the fuzzy controller is used in parallel. The proposed adaptive fuzzy controller structure is such that the type and structure of the system under study are ignored first, and then the stability of the system is guaranteed and the frequency changes are minimized. To solve the problems that classical controllers have in different working conditions and also to increase the power received from the solar system, fuzzy controllers have been used as the maximum power point tracking circuit in the control system. The proposed adaptive fuzzy controller, as an efficient controller, is used in the field tracking studies of the maximum power of the photovoltaic system. The performance of the proposed controller is such that the output value of the controller is finally adjusted by the adaptive section. For better controller performance, the whale algorithm is used, which has good convergence speed and efficiency to optimize nonlinear functions. Fig. 1 shows the proposed controller.
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Figure 1: The proposed controller

The input signal of the fuzzy controllers is the power error and its derivative, and the output of these controllers is sent to the pulse generator circuit to generate the appropriate voltage to produce the converter control signals. The input and output membership functions for the fuzzy controllers of the main section and the adaptive section are shown in Figs. 2 and 3, respectively.
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Figure 2: Membership functions of the main fuzzy control inputs and outputs
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Figure 3: Membership functions of fuzzy control inputs and outputs of the adaptive section

As shown in Figs. 2 and 3, for the control inputs and outputs of the seven triangular-type membership functions with the verbal acronyms NS and PS, respectively, indicate negative changes and Small positive and ZE mean zero changes, two triangular membership functions with the acronyms NM and PM representing negative and moderate positive changes, respectively, and NB and PB representing large negative and positive changes, respectively. The fuzzy rules for the fuzzy controller used in the maximum power detector circuit are shown in Tab. 1. In Tab. 1, the output values of the fuzzy control are specified. For fuzzy control in the proposed tracker circuit, 25 rules are considered.
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3  Objective Function

The performance of fuzzy logic-based controllers is highly dependent on how its membership functions are designed. In this paper, a modified version of the differential evolution algorithm is used for the controller design. Also, the time integral criterion in error size of integral of time-weighted absolute error (ITAE) index has been used as the objective function to determine the optimal parameters by the algorithm. This criterion is in the form of Eq. (1) [20].

ITAE=∫0tsim(|Pmax−P|×t)dt(1)

In the Eq. (1), tsim is simulation time, Pmax is the maximum power of the solar panel and P is the output power of the solar system and t is a time operator. By selecting this criterion as the objective function, the algorithm always tries to minimize the difference between the output power and the maximum power of the solar system in the fastest time.

4  Whale Optimization Algorithm

Whales can think, learn, judge, communicate, and even become emotionally like humans, but certainly at a much lower level of intelligence. Whales have been observed to be able to develop their own language. Another interesting point is the social behavior of whales. They live alone or in groups. But they are mostly observed in groups. Some species of whales can live in the same family for the rest of their lives. One of the largest bed whales is the humpback whale [21]. Their favorite prey is krill and small fish groups. Fig. 4 shows this mammal.
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Figure 4: Behavior of whales to find food adapted from [22]

The most interesting thing about humpback whales is their special hunting strategy. This feeding behavior is called bubble feeding. Humpback whales prefer to hunt populations of krill or small fish near the surface of the ocean. It has been observed that this feeding strategy is accomplished by creating distinct bubbles along a circular path shown in Fig. 4. Prior to 2011, this behavior was assessed only on the basis of observations from the ocean surface. But Goldbucken evaluated this behavior using labeled sensors. They obtained 300 feeding events of the bubble trap using labels from nine distinct dorsal whales. They discovered two bubble-related maneuvers, calling them ascending spirals and double loops. In the first maneuver, the humpback whale swims down about 12 meters behind and then begins to create bubbles in a spiral around the bait and swims towards the surface. The next maneuver consists of three different stages: the coral ring, the tapping with the fins, and the capture ring. It should be noted that feeding bubble traps is a unique behavior that is only observed in dorsal hump whales.

In the following, the mathematical model of prey siege, spiral bubble feed maneuver and prey search is presented. Then the whale optimization algorithm (WOA) is presented. The humpback whale can detect the position of prey and surround them. Since the optimal design position in the search space is not initially known, the WOA algorithm assumes that the best solution for the current candidate is the target bait or close to the optimal conditions. Once the best search agent is defined, other search agents try to update their positions relative to the best search agent. This behavior is demonstrated by the following relationships:

D→=|C→X→∗(t)−X→(t)|(2)

X→(t+1)=X→∗(t)−A→D→(3)

where t represents the most recent iteration, A→ and C→ are coefficient vectors, X* position vector is the best solution ever obtained, X→ position vector. It should be noted that if there is a better solution, X* should be updated at each iteration. The vectors, A→ and C→ are calculated as follows [22]:

A→=2α→r→−α→(4)

C→=2r→(5)

That a decreases linearly from 2 to 0 during the iterations (in both exploration and exploitation stages) and r is a random vector in [0,1]. Fig. 5 shows the logic behind a two-dimensional problem. Position (X, Y) of a search agent can be updated according to the position of the current best record (X*, Y*). Different locations around the best factor can be obtained according to the current position by adjusting the values of vectors A and C. The possible update position of a 3D search agent is also shown in Fig. 5. It should be noted that by defining a random vector (r) it is possible to access any position in the search space between the key points shown in Fig. 6. Thus, Eq. (5) enables each search agent to update its position in the neighborhood of the best current solution and simulate the siege of prey. The same concept can be extended to a n-dimensional search space, and search agents will move around the best solution ever found in the surrounding cube cloud. As mentioned in the previous section, humpback whales attack prey with a bubble trap strategy. For mathematical modeling of the bubble trap behavior of dorsal hump whales, two approaches are designed as follows:

•   Mechanism of tightening the siege: This behavior is obtained by reducing the value of a→ in Eq. (4). Note that the oscillation range A→ is also reduced by a→.
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Figure 5: Whale search space for food adapted from [22]
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Figure 6: Possible position of the whale to find food adapted from [22]

In other words, A→ is a random value in the interval [−a, a] in which a decreases from 2 to 0 during repetition. By placing random values for A→ in [1,−1], a new position of a search agent can be defined anywhere between the main position of the agent and the position of the current best agent. Fig. 6 shows the possible positions from (X, Y) to (X*, Y*) that can be obtained by 0 ≤ A ≤ 1 in a two-dimensional space.

•   Position spiral update: As shown in Fig. 6, this solution first calculates the distance between the whale in (X, Y) and the prey in (X*, Y*). Then a spiral relationship is created between the position of the whale and the prey so that the spiral motion of the back hump is as follows:

X→(t+1)=D→′ebl.cos⁡(2πl)+X→∗(t)(6)
where D→′=|X→∗(t)−X→(t)| represents the distance of the i whale to the prey (the best solution ever obtained), b is a constant for defining the logarithmic shape of the helix, l is a random number in [1,−1], and. The act of multiplication is knowledge by knowledge. Note that the humpback whales swim simultaneously in a narrowing circle along a spiral path around the prey. To model this simultaneous behavior, we assume a 50% chance of choosing between a tighter siege mechanism or a spiral model to update the whale position during optimization. The mathematical model is as follows:
X→(t+1)={X→∗(t)−A→D→D→′ebl.cos⁡(2πl)+X→∗(t)(7)
where p is a random number in [0,1]. In addition to the bubble trap solution, the humpback whale randomly searches for prey. The mathematical search model is as follows. The same solution based on the variable A→. Can be used to search for prey (exploration). In fact, back-to-back whales search randomly based on each other’s position. Therefore, we use A→ with random values greater than 1 or less than −1 to force the search agent to move away from a reference whale. Compared to the exploitation phase, we use a randomly selected search agent to update the position of a search agent in the exploratory phase, instead of finding the best search agent ever. This mechanism and |A→|>1 emphasize exploration and allow the WOA algorithm to perform a global search. Its mathematical model is as follows:
D→=|C→X→rand−X→|(8)

X→(t+1)=X→rand(t)−A→D→(9)
where X→rand is a random position vector (a random whale) selected from the current population. Some possible situations around a particular solution with |A→|>1 are shown in Fig. 7. The WOA algorithm starts with a set of random solutions. In each iteration, the search agents update their position according to the random search agent or the best solution ever obtained. Parameter a is reduced from 2 to 0 to provide exploration and exploitation, respectively. To update the position of the search agents, the random search agent is selected when |A→|>1, while the best solution is selected when |A→|<1. Depending on the value of p, WOA is able to move in a spiral or circle. Finally, the WOA algorithm ends by providing a termination condition.
[image: images]

Figure 7: Whale algorithm search mechanism adapted from [22]

Theoretically, WOA can be considered a global optimizer; because it can be explored/exploited. In addition, the proposed cube cloud mechanism defines a neighborhood search space as the best solution and allows other search agents to apply the best current record within that domain. Search vector A variability allows the WOA algorithm to easily switch conditions between exploration and exploitation. As A decreases, some iterations are devoted to exploration (| A | ≥1) and others to exploitation (| A | <1). Interestingly, WOA contains only two main internal parameters that need to be set (A and C). Although mutations and other evolutionary operations may be included in the WOA formula to completely reconstruct the behavior of the dorsal whales, it was decided to minimize the number of initiatives and the number of internal parameters, thus implementing a basic version of the WOA algorithm. Following is the process of designing the maximum power point tracking circuit by the whale algorithm.

Step 1: Simulation of the studied solar system along with the proposed maximum adaptive fuzzy power search circuit in MATLAB Simulink environment

Step 2: Algorithm parameters are entered (number of populations, number of iterations, etc.)

Step 3: Randomly populate the whale population (each whale has information such as parameters and the MPPT circuit form of membership functions)

Step 4: Run Simulink with the values intended for each whale and record changes in the angular velocity of the generators (with the sim command)

Step 5: Calculate the objective function for each factor according to the output power values of the solar system obtained in the previous step.

Step 6: Choose the Best Search Agent (Factor with the Lowest ITAE Value)

Step 7: Update the algorithm parameters.

Step 8: Start the iterations and update the MPPT circuit parameter values

Step 9: If P > 0.5 and also |A| > 1 using the Eqs. (3)–(5), update the position of each factor.

Step 10: If P > 0.5 and also |A| < 1, update the position of each factor using Eqs. (3)–(6).

Step 11: If P < 0.5, update the position of each factor using Eqs. (3)–(8).

Step 12: Put the new values of each factor (updated MPPT circuit parameters) in Simulink and run Simulink again. Solar system output power values are recorded

Step 13: Calculate the objective function for each factor according to the output power values of the solar system obtained in the previous step.

Step 14: Choose the Best Search Agent (Factor with the Lowest ITAE Value)

Step 15: If the number of repetitions is less than the maximum number of repetitions, go to step seven, otherwise the optimization process will end.

5  Simulation and Analysis of Results

The studied photovoltaic system consists of three main parts: the photovoltaic array, the boost converter, and the maximum power point search circuit, which feeds the local load once. The photovoltaic array used by Sunpower brand has a nominal capacity of 135 W. Tab. 2 shows other specifications of this array [23].

[image: images]

The view of the studied photovoltaic system is shown in Fig. 8.
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Figure 8: View of the studied photovoltaic system

The voltage and current of the array at the maximum power point are 17.5 volts and 7.71 amps, respectively, and also the short circuit current of the array is 8.2 amps and its open circuit voltage is 22.3 volts. In order to determine the optimal parameters of the proposed controller, the whale algorithm has been used. The particle swarm algorithm was also used to design the maximum power search circuit. The values of the algorithm parameters and the range of changes of the decision variables are given in Tab. 3. After optimization, the convergence process of the algorithm was obtained as shown in Fig. 9.
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[image: images]

Figure 9: Convergence process of whale optimization and particle swarm optimization algorithms

As shown in the Fig. 9, the final value of the objective function (ITAE criterion) after optimization by PSO algorithm was equal to 0.02946 p.u after 91 iterations, while the final response of the proposed WOA algorithm was equal to 0.02883 p.u. has been achieved. In Figs. 10 and 11, the membership functions optimized by the PSO and WOA algorithms, respectively, are shown.

[image: images][image: images]

Figure 10: Membership functions optimized by the particle swarm algorithm ((a). Error input in Vd (b). Error derivative input in Vd (c). Main fuzzy control part output (d). Error derivative input in Vq (e). Error derivative input Vq (f). Adaptive part output)
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Figure 11: Membership functions optimized by the WOA ((a). Error input in Vd (b). Error derivative input in Vd (c). Main fuzzy control part output (d). Error derivative input in Vq (e). Error derivative input Vq (f). Adaptive part output)

After optimization by particle swarm algorithm, the value of parameter K1 is equal to 0.84, parameter K2 is equal to 0.65, parameter K3 is equal to 0.92, parameter K4 is equal to 0.87, parameter K5 is equal to 0.69 has been obtained.

Also, the value of parameter K1 is equal to 0.87, parameter K2 is equal to 0.63, parameter K3 is equal to 0.92, parameter K4 is equal to 0.85, and parameter K5 is equal to 0.74. In the following, the results of the simulations have been analyzed and analyzed.

In this section, simulations were performed to evaluate the performance of the fuzzy adaptive WOA-based MPPT (WOA-AF-MPPT) and the results were similar to the results of a photovoltaic system but with a fuzzy maximum tracker circuit. The optimized adaptation is compared by the fuzzy adaptive PSO-based MPPT (PSO-AF-MPPT) as well as the maximum power search circuit based on the perturbation and observation method (P&O) [24–55]. The simulations are repeated in the form of two scenarios of changes in the intensity of radiation emitted to the array surface and changes in ambient temperature. In the first part of the simulations, assuming the temperature remained constant at the standard value of 2°C, the radiation intensity to the array changed. However, in the second part of the simulations, under different conditions, assuming the radiation intensity remained constant at the standard value of 1000 watts per square meter, with wide temperature changes, the performance of the maximum power search circuits was investigated. The MPPT circuit has a better performance that can search for the maximum power point in the fastest time and with the minimum amplitude of fluctuations by changing the radiation intensity or temperature of the array.

5.1 Evaluation of the Results of the First Scenario (Effects of Changing the Intensity of Radiation)

In the first part of the simulations, the function of the maximum power search circuits is tested, assuming that the temperature remains constant at the standard value (25 Co) and by changing the intensity of the radiation to the solar array. The pattern of solar radiation intensity is assumed according to Fig. 12. The initial radiation intensity of the array was equal to 600 w/m2, which will reach 800 w/m2 with immediate changes of 200 w/m2 in the third second of the simulation. The intensity of the sun’s rays remained constant until the fifth second of the simulation. Then in the fifth second with increasing intensity of radiation, its value will reach 1000 w/m2. Finally, in the eighth second of the simulation, with a sudden decrease in the intensity of the radiation, its value will reach 400 w/m2. From the ninth second to the end of the sharp simulation time, the trend of changes in solar radiation was considered slow. Radiation intensity changes are designed to be instantaneous and slow to evaluate the performance of the maximum power detector circuits designed in difficult conditions where it is possible to be trapped at local maximum power points.
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Figure 12: The trend of changes in radiation intensity to the solar array

In the conditions of changes in the intensity of radiation radiated to the surface of the array according to Fig. 12, the maximum power that can be extracted from the solar array under study is obtained as Fig. 13.
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Figure 13: Maximum extraction power of the solar array under conditions of radiation changes

According to the results, the maximum power obtained from the solar system in the conditions of using the tracer circuit of the adaptive maximum fuzzy power optimized by PSO and WOA algorithms at 600 watts per square meter is equal to 97.61 W and 99.23 W, respectively. On the other hand, if a perturbation and observation (P&O) circuit is used, the maximum power received from the array at 600 watts per square meter will be about 94.21 W. As the intensity of solar radiation increases, the output power of the system has increased. So that in the standard radiation intensity of 1000 watts per square meter, the amount of power produced by the photovoltaic system in the conditions of using the proposed control circuit was about 134.8 watts and if using a controller optimized by the PSO algorithm was equal to 134.6 watts. If using the P&O maximum power search circuit, the maximum power output is estimated to be approximately 131.2 W. At this radiation intensity, approximately 3.6 watts, the power output of the solar system if using WOA-AF-MPPT is higher than P&O algorithm based MPPT (P&O-MPPT). Although this power difference is small, in the long run, the difference in electrical energy generated by the solar system will be significant. By reducing the radiation intensity to 400 watts per square meter, the power received from the solar system will be reduced. The amount of torque produced for the two WOA-AF-MPPT and PSO-AF-MPPT maximum power search circuits is 88.89 and 87.23 watts, respectively. While in this radiation intensity, if P&O-MPPT is used, the power received from the solar system is set at 84.62 watts. According to the results, with increasing the intensity of solar radiation, the production capacity of the solar system increases and vice versa, with decreasing the intensity of solar radiation, the amount of power output is reduced. The speed of operation of all three search circuits of maximum power used is approximately equal.

Then, in Fig. 14, the maximum power values of the photovoltaic system at the intensity of 400, 600, 800 and 100 watts per square meter are shown in the form of bar graphs for the two search methods used.
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Figure 14: Maximum power values of the photovoltaic system in different radiations

According to the results obtained from the simulations performed in the first part, it can be said that the method of searching for the maximum proposed fuzzy adaptive power optimized by the whale algorithm at all levels of solar radiation has a higher electrical output power than the two methods. Tracking is another. In order to determine the amount of output power perturbation at the output of the solar system, the magnified image from 6.96 to 7.06 s is shown in Fig. 15. By evaluating the results, the performance of the designed maximum power tracking circuits in reducing the output power distortion level can be analyzed.
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Figure 15: Distortion of the output power of the photovoltaic system in the conditions of radiation changes

According to the results of Fig. 15, the maximum power tracking circuit of the proposed WOA-AF-MPPT solar array has less output power distortion than the other two tracking methods. The percentage of output power distortion in the photovoltaic system with WOA-AF-MPPT, PSO-AF-MPPT and P&O-MPPT maximum power search circuit is set at 2.3%, 3.1% and 5.7%, respectively. The lower power distortion at the output of the photovoltaic system is one of the positive features of the adaptive fuzzy tracking method compared to the perturbation and observation method.

5.2 Examining the Results of the Second Scenario (Effects of Temperature Change)

In the second part of the simulations, unlike the first part, it is assumed that the radiation intensity to the photovoltaic array is constant and equal to 1000 w/m2, and by applying changes in the temperature of the photovoltaic array, the efficiency of the maximum power search circuit based on logic the second type of fuzzy has been evaluated. The temperature changes considered in this scenario are in the form of Fig. 16.

[image: images]

Figure 16: Changes in the surface temperature of the solar array

Accordingly, the initial temperature of the array is set at 25°C, which has reached a temperature of 35°C with an instantaneous increase of 10°C in the third second. In the fifth second, the temperature increased and the maximum value, i.e. the temperature reached 50°C. Finally, as the temperature decreased in the eighth second, the temperature of the photovoltaic array returned to its original value of 25°C. From the ninth to the twelfth second, the temperature changes had a gradual increasing trend. After performing the simulations, the output power of the photovoltaic system in case of array temperature changes with the pattern defined in the figure above, is determined as Fig. 17.
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Figure 17: Maximum power output from the solar array under temperature change conditions

According to Fig. 17, with increasing ambient temperature and the level of photovoltaic presentation, the output power of the system has decreased slightly. The maximum power of the photovoltaic array at 25°C, if using the maximum power search circuits based on adaptive fuzzy logic optimized by particle swarm algorithms, is calculated to be 134.6 and 134.8 watts, respectively. The maximum amount of power that can be received under the same conditions and when using P&O-MPPT is calculated to be approximately 131.2 watts. By doubling the temperature of the solar array to 50°C, the output power of the solar system decreases by 17% for the two search circuits with a maximum power of PSO-AF-MPPT and WOA-AF-MPPT, respectively 110.7 watts and 111.9 W is set. The maximum power in these conditions if P&O-MPPT is used is equal to 106.7 watts. The operating speed of each track circuit is approximately the same in the event of temperature changes. In Fig. 18, the seconds are shown as magnified from 6.96 to 07.04.
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Figure 18: Distortion of the output power of the photovoltaic system in the second scenario

In Fig. 19, the maximum power output of the photovoltaic array at temperatures of 25, 35 and 50°C is shown.
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Figure 19: Maximum power values of the photovoltaic system at different temperatures

According to the calculated maximum power values, the maximum amount of extracted power is obtained at a temperature of 25°C. In the simulations performed in this scenario, as in the first scenario, the maximum power values obtained in the solar system with the WOA-AF-MPPT proposed maximum power tracking circuit were higher than when other maximum power tracking methods were used.

6  Conclusion

In this paper, an adaptive fuzzy based control optimized by the whale algorithm is used to achieve the maximum power of the photovoltaic array in conditions of instantaneous and slow changes of radiation and temperature. In order to optimize the parameters and membership functions of the proposed controller, the whale algorithm is used. The ITAE is also considered as the objective function of the problem. The Whale algorithm optimizes the proposed controller parameters by minimizing the ITAE target function. To evaluate the performance of the proposed control system (WOA-AF-MPPT), the simulation results with the results of the adaptive fuzzy maximum power tracking circuit optimized by the particle swarm algorithm (PSO-AF-MPPT) and the maximum power point tracking circuit based on the perturbation and observation method (P&O-MPPT), compared. The simulations are performed in two scenarios with different operating conditions. In the first part of the simulations, by keeping the surface temperature of the photovoltaic array constant at the standard value of 25°C, only with changes in radiation intensity to the array surface, the efficiency of the maximum designed power search circuits is evaluated and analyzed. In the second part of the simulations, the radiation intensity to the array surface at 1000 watts per square meter was constant and with the changes in the array surface temperature, the performance of the two maximum power tracking circuits were compared with each other. The results of the simulations in two scenarios confirm the better operation of the adaptive fuzzy based control method. Even though the performance speed of all three-control methods was almost equal due to the equal number of membership functions, but the amount of electrical power that can be received more with less power perturbation, shows the superiority of fuzzy logic method over perturbation and observation method has it.
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Table 2: Specifications of the photovoltaic array used

Typical peak power (Pmpp) 135W
Voltage at peak power (Vmp) 17.5V
Current at peak power (Imp) 771 A
Short- circuit current (Isc) 82 A

Open-circuit voltage (Voc) 223V
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