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Abstract: Solar energy is a widely used type of renewable energy. Photovoltaic arrays are used to harvest solar energy. The major goal, in harvesting the maximum possible power, is to operate the system at its maximum power point (MPP). If the irradiation conditions are uniform, the P-V curve of the PV array has only one peak that is called its MPP. But when the irradiation conditions are non-uniform, the P-V curve has multiple peaks. Each peak represents an MPP for a specific irradiation condition. The highest of all the peaks is called Global Maximum Power Point (GMPP). Under uniform irradiation conditions, there is zero or no partial shading. But the changing irradiance causes a shading effect which is called Partial Shading. Many conventional and soft computing techniques have been in use to harvest solar energy. These techniques perform well under uniform and weak shading conditions but fail when shading conditions are strong. In this paper, a new method is proposed which uses Machine Learning based algorithm called Opposition-Based-Learning (OBL) to deal with partial shading conditions. Simulation studies on different cases of partial shading have proven this technique effective in attaining MPP.
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1  Introduction

Non-renewable sources of energy generation have fulfilled the energy demand of human beings, but it has damaged nature in all forms of pollution e.g., air pollution, earth pollution, and water pollution. It has affected the lives of all living organisms [1,2]. Considering these damages to nature, the quest to look for renewable sources has increased over the years. In this regard, solar energy has been the best choice. It does not affect nature and produces clean energy [3]. But it always has been a difficult choice because of unavailability of such mechanism, machines or systems which can utilize it to the fullest. Solar panels are one of the reliable machines to extract energy from solar irradiations. The primary concern in operating solar panels is to operate them at their MPP. The irradiance keeps changing throughout the day that leads to a change of MPP [4]. The solar arrays are usually mounted on the ground or roofs. The shadow of trees and buildings cause change in irradiance, which ultimately changes the MPP of arrays. The challenge to researchers is to make system able to attain new MPP quickly and operate system at that point. Many methods have been proposed to solve this problem as in [4–17]. All these methods were useful in uniform irradiance conditions, but they fail when there is partial shading. So, more effective methods are required to deal with these situations. A soft computing method called Flower Pollination Algorithm was introduced in [3,18], it is a nature-inspired algorithm which follows the pattern of flower pollination process to search for global maximum power point (GMPP). It was effective in both uniform conditions and partial shading conditions, but it also failed when partial shading conditions were strong. Hence, a more reliable and strong method is needed which can deal in any situation of shading. Another interesting Machine Learning Algorithm was proposed in [19] which is called opposition-based-learning. It operates in such a way that it generates opposite points of every given point in a plane which makes it easy to find GMPP among many local peaks.

In this paper, OBL is hybridized with FPA. It makes FPA more effective in searching GMPP in rapidly changing irradiances. This hybridization of a Soft Computing Technique and a Machine Learning Algorithm has generated very effective results and have been very successful in finding GMPP in all sorts of shading. The structure of the remaining portion of the article is divided into sections. Section 2 presents existing techniques and a proposed scheme, Section 3 presents experimental setup, Section 4 presents simulations and results, Section 5 presents discussions & comparison, and Section 6 presents the conclusion.

2  Related Work and Proposed Scheme

2.1 Flower Pollination Algorithm

Flower Pollination algorithm is inspired by the process of pollination in flowering plants. In the pollination process of plants, there are two classes of pollination, self-pollination, and cross-pollination. Pollinators are the responsible agents for carrying the transfer of pollen from one flower to the other. Wind acts as an abiotic agent while birds, bees, and insects are biotic agents. In self-pollination, pollens from the flowers of one plant get carried onto other flowers of the same plant. In cross-pollination, pollen from flowers of one plant is carried to flowers of another plant. This process is shown in Fig. 1. This pollination is also categorized as Global and local pollination. Cross-pollination when carried by biotic agents is called Global pollination. Agents in global pollination use Levy’s flight mechanism to carry pollens to random places. Self-pollination when carried by abiotic agents is called local pollination.
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Figure 1: Process of flower pollination

The same is the operating procedure of FPA. It has local and global pollination. Whether the pollination is going to be global or local, it depends on probability switch P∈[0,1].

The characterization of global pollination is done by Eq. (1):




xit+1=xit+γL(λ)(gbest-xit)(1)

L(λ) is the Levy factor. It carries the transfer of pollens to different species of plant. It also determines the strength of pollination. γ is a scaling factor which controls the step size.




L(λ)=λΓ(λ)sin(πλ2)π1s1+λ(s≫s0>0)(2)

where Γ(λ) is the standard gamma function.

The characterization of local pollination is done by equation:




xit+1=xit+ε(xkt+xjt)(3)

‘ε’ represents the local search which is of uniform distribution ε∈[0,1]. xkt and xjt are different pollens of species of plants. The probability switch controls between global and local pollination. It’s optimal value is 0.8. The Flow Chart of FPA is shown in Fig. 2.
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Figure 2: Flow chart of FPA

Initially random pollens (duty cycles) are generated and applied to Boost Converter which calculates power produced by each pollen. Among these pollens, it selects the best pollen which has maximum power among the group. Then that result is passed through a probability switch which determines if it’s going to be global pollination or local. After passing all the pollens through this process the pollen with Pbest is selected and that pollen is named Gbest. Now the system keeps running on the same duty cycle until irradiance changes. Once irradiance changes, the process is again repeated to search for new Gbest and Pbest.

The objective function for reaching maximum power is:




Pit+1>Pit(4)

2.2 Opposition-Based-Learning

The fundamentals of machine learning are learning, optimization, and searching. A learning algorithm learns from its past data/ instructions, optimizes estimated solutions, and searches for existing solutions.

Let’s suppose there is a problem and x is the solution. We estimate x^ based on experience or a random guess. x^ is not the exact solution but an estimate. If random guesses are not far away from the original solution then it makes convergence faster. If we have no prior knowledge then of course random guess can’t be correct. So we have to search the whole search space for the solution nearest to the original solution. Let’s say, in the worst case, the guess is the opposite point in the plane. It will take more time. But if we believe that an opposite point can be fruitful in the optimization of the solution then finding the opposite solution is the foremost task.

Lets say ‘x∈ℜ’ be a real number defined in [a,b] then x0 (the opposite of x) is defined as:




x0=a+b-x(5)

Lets say P(x1,x2,x3,…,xn) be a point in an n-dimensional coordinate system where x1,x2, x3,…,xn∈ℜ and xi∈[ai,bi]. The opposite point is defined by its coordinates x10,x20,x30,…,xn0 as:




xio=ai+bi-xi;i=1,2,3…n(6)

So the OBL can now be characterized as:

Let f(x) be a function and g(⋅) be its evaluation function. If x∈[a,b] is an initial random guess and x0 is its opposite value then in every iteration we can calculate f(x) and f(x0). The learning continues with x if g(f(x))>g(f(x0)), otherwise x0.

The exemplary optimization for OBL is shown in Fig. 3 below. Let’s say ‘y’ is the original solution we are looking for, and ‘x’ is the random guess. ‘x0’ is the opposite of ‘x’ in the plane [a1,b1]. The one among x and x0 which is nearer to y is kept and the other is discarded. Similarly, the half part of the plane in which the discarded solution lies also gets excluded out of the search domain, and the remaining half of the plane is searched for other solutions. The process goes on unless we reach the nearest to the original solution.
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Figure 3: Opposition based learning optimization

2.3 Proposed Method

The random generation of pollens in FPA is vulnerable to fall into local maxima because of the uncertainty of the quality of initially generated pollens. So OBL method is applied in hybridization with FPA to improve the quality of random search through opposite solutions which makes sure that the system does not fall into local maxima. This leaves almost no room for global maxima to escape from the search. In this way, a more reliable method comes into being which is very effective and works in all shading conditions. The flow diagram of FPA-OBL is shown in Fig. 4.
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Figure 4: Flow diagram of FPA-OBL

3  Experimentation

Fig. 5 shows the proposed model for performing simulation analysis. The components used in the model and their values are briefly explained below.
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Figure 5: Model used for experimental analysis

3.1 Values of Circuit Elements

The values of components used in the boost converter circuit are listed in Tab. 1.

Table 1: Values of components used in boost converter
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3.2 Model of PV Array Used and Its Characteristics

The model of the PV array used in this study is Sun Earth Solar Power TDB125xt25-36-P 80 W. The parameters of a single array with 1 parallel string and 1 series-connected module per string@1000 W/m2 irradiance are listed in Tab. 2.

Table 2: Module data/parameters of sun earth solar power TDB125xt25-36-P 80 W
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The P-V characteristic curves of Sun Earth Solar Power TDB125xt25-36-P 80 W are shown in Fig. 6. Simulation studies in this work are carried out on arrays with each having 5 parallel strings and 1 series-connected module per string.
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Figure 6: (a) P-V characteristic curves of sun earth solar power TDB125xt25-36-P 80 W with 1 parallel string and 1 series-connected module per string @ [1, 0.75, 0.5] kW/m2 irradiance. (b) P-V characteristic curves of sun earth solar power TDB125xt25-36-P 80 W with 5 parallel string and 1 series-connected module per string @ [1, 0.75, 0.5] kW/m2 irradiance

4  Simulations and Results

The validation of the proposed technique is done through the 3S1P & 3S2P configuration of arrays as shown in Fig. 7. Different case studies are performed to test the efficiency of the proposed method under different shading patterns. The input variables are irradiance (Irr) and temperature (T). Simulation studies are performed keeping temperature constant and assuming varying irradiance conditions.
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Figure 7: (a) 3S1P configuration of PV arrays (b) 3S2P configuration of arrays

4.1 3s1p Configuration

4.1.1 Case 1 (Zero Shading)

Case 1 presents a zero shading pattern in which all the arrays are facing the same irradiances (Irr-1, Irr-2, Irr-3=1000 W/m2) and no shading occurs on any array. Fig. 8a shows the rated P-V curve for the zero shading pattern. The rated power of this configuration is 1199.7 W. Figs. 8b & 8c show the output P-T and D-T curves of FPA, respectively. The extracted power of FPA is 1196.3 W at a duty cycle of 0.659. While Figs. 8d & 8e show the output P-T & D-T curves of FPA-OBL, respectively. The output power of FPA-OBL is 1199 W at 0.655 duty cycle.
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Figure 8: Case 1 (zero shading) (a) P-V curve (b) P-T curve of FPA (c) D-T curve of FPA (d) P-T curve of FPA-OBL (e) D-T curve of FPA-OBL

4.1.2 Case 2 (Weak Shading)

Case 2 presents a weak shading pattern in which the arrays are facing different irradiances (Irr-1=1000 W/m2, Irr-2 & Irr-3=500 W/m2) and a weak shading effect occurs. Fig. 9a shows the rated P-V curve for weak shading pattern. The rated power of this configuration is 640.79 W. Figs. 9b & 9c show the output P-T and D-T curves of FPA respectively. The extracted power of FPA is 637.3 W at a duty cycle of 0.5. While Figs. 9d & 9e show the output P-T & D-T curves of FPA-OBL respectively. The output power of FPA-OBL is 640.17 W at a 0.51 duty cycle.
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Figure 9: Case 2 (weak shading) (a) P-V curve (b) P-T curve of FPA (c) D-T curve of FPA (d) P-T curve of FPA-OBL (e) D-T curve of FPA-OBL

4.1.3 Case 3 (Strong Shading)

Case 3 presents a strong shading pattern in which all the arrays are facing different irradiances (Irr-1=1000 W/m2, Irr-2=750 W/m2, Irr-3=500 W/m2) and a strong shading effect occurs. Fig. 10a shows the rated P-V curve for a strong shading pattern. The rated power of this configuration is 672.53 W. Figs. 10b & 10c show the output P-T and D-T curves of FPA, respectively. The extracted power of FPA is 669.37 W at a duty cycle of 0.54. While Figs. 10d & 10e show the output P-T & D-T curves of FPA-OBL, respectively. The output power of FPA-OBL is 671.8 W at a 0.54 duty cycle.
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Figure 10: Case 3 (strong shading) (a) P-V curve (b) P-T curve of FPA (c) D-T curve of FPA (d) P-T curve of FPA-OBL (e) D-T curve of FPA-OBL

4.2 3s2p Configuration

The results of simulations of the 3s2p configuration are shown in graphical form in Fig. 11 below.
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Figure 11: 3S2P configuration (a) power extraction of FPA and FPA-OBL (b) t/n ratio of FPA and FPA-OBL

5  Discussions and Comparison

5.1 Power Extraction

Power extraction depends upon the MPP. In partial shading conditions, abrupt changes in irradiance cause multiple peaks in the P-V curve. Every peak is a local peak but the highest among all is called the global peak. Classic MPPT method falls to local peaks and considers it as MPP which reduces the system output or extracted power. Figs. 8–11 show that the power extraction ability of FPA-OBL is better than FPA and its contemporaries in all cases. The results and comparison are shown in [18] and observations were done in this manuscript that proves the efficiency of the proposed method. The intelligent searching mechanism has a very effective GMPP tracking ability that has led to improved power extraction.

5.2 Convergence

As proved in [18] FPA has better convergence than P&O, IC, and HC. FPA-OBL has even better convergence than FPA as shown in the above simulations. This intelligent searching mechanism makes it easier to search the GMPP which improves the convergence of the proposed method. The classic methods have a typical search behavior and still, they are more likely to fall into local maxima and mislead the system. But FPA-OBL has this outstanding ability to find GMPP no matter what the shading conditions are. Having a fast converging and more accurate mechanism is an ideal situation for an MPPT algorithm so the proposed method has this quality.

5.3 Oscillations Around MPP

Usually during the MPP search process, when a system reaches its MPP it does not get settle there without any oscillations because the behavior of the mechanism makes the system do that. These oscillations give us a fluctuating power at the output which is not a good quality for a system. But in the case of FPA and FPA-OBL, there are no oscillations as their operating mechanism is better. There are no oscillations around MPP of both FPA and FPA-OBL. The other methods like P&O, IC, and HC have oscillations around MPP which give an unstable MPP. Figs. 8–10 justify this statement.

Tab. 3 presents the simulation studies in tabular form which sums up the whole discussion. It is evident from the table that FPA-OBL outperforms FPA in all configuration cases.

Table 3: Comparison of FPA and FPA-OBL
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5.4 Comparison of FPA & FPA-OBL with Other MPPT Techniques

A comparison was made in [18] among FPA, P&O and IC algorithms which proved that FPA was better in partial shading as compared to other techniques. In [18] its proved that FPA has a better search mechanism, fewer parameters (which make it computationally better) and less complexity. All these qualities are incorporated in FPA-OBL with some more additions. Here in this research study, it has been seen that FPA-OBL has even better performance than FPA. Which makes it better than P&O and HC algorithms also. A comparison of some attributes of techniques is shown in Tab. 4.

Table 4: Comparison of Parameters of FPA, FPA-OBL, P&O, and IC
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6  Conclusion

Harvesting of Solar energy has been under consideration for long and many conventional techniques had been proposed but they had a lot of problems related to them i.e., falling to a local peak when it’s a multipeak curve and oscillations around a steady state. Partial shading is one of the most known problems when it comes to addressing challenges faced to operate the PV module at MPP. In this study, an improved FPA algorithm is proposed to achieve maximum output from a PV array which is effective in all conditions of shading whether it is zero shading, weak shading, or strong partial shading. Simulation studies have proved that FPA-OBL is 0.25%–0.45% better in power extraction than FPA and its t/n ratio is also lower than FPA. It is proved that FPA-OBL is more efficient, less complex, more robust, and more flexible than FPA and other techniques.

Funding Statement: This work has been supported by the Xiamen University Malaysia Research Fund XMUMRF Grant No: XMUMRF/2019-C3/IECE/0007 (received by R. M. Mehmood). The authors are grateful to the Taif University Researchers Supporting Project Number (TURSP-2020/79), Taif University, Taif, Saudi Arabia for funding this work (received by M. Shorfuzzaman).

Conflicts of Interest: The authors declare that they have no conflicts of interest to report regarding the present study.

References

 1.  R. Alvarado, C. Ortiz, D. Bravo and J. Chamba. (2020). “Urban concentration, non-renewable energy consumption, and output: Do levels of economic development matter?,” Environmental Science and Pollution Research, vol. 27, no. 3, pp. 2760–2772.

 2.  A. Anwar, M. Siddique, E. Dogan and A. Sharif. (2020). “The moderating role of renewable and non-renewable energy in environment-income nexus for ASEAN countries: Evidence from method of moments quantile regression,” Renewable Energy, vol. 164, no. 3, pp. 956–967.

 3.  L. Shang, W. Zhu, P. Li and H. Guo. (2018). “Maximum power point tracking of PV system under partial shading conditions through flower pollination algorithm,” Protection and Control of Modern Power Systems, vol. 3, no. 1, pp. 38.

 4.  N. Femia, G. Petrone, G. Spagnuolo and M. Vitelli. (2005). “Optimization of perturb and observe maximum power point tracking method,” IEEE Transactions on Power Electronics, vol. 20, no. 4, pp. 963–973.

 5.  B. N. Alajmi, K. H. Ahmed, S. J. Finney and B. W. Williams. (2011). “A maximum power point tracking technique for partially shaded photovoltaic systems in microgrids,” IEEE Transactions on Industrial Electronics, vol. 60, no. 4, pp. 1596–1606.

 6.  H. Boumaaraf, A. Talha and O. Bouhali. (2015). “A three-phase NPC grid-connected inverter for photovoltaic applications using neural network MPPT,” Renewable and Sustainable Energy Reviews, vol. 49, pp. 1171–1179.

 7.  K. Ding, X. Bian, H. Liu and T. Peng. (2012). “A MATLAB-Simulink-based PV module model and its application under conditions of non-uniform irradiance,” IEEE Transactions on Energy Conversion, vol. 27, no. 4, pp. 864–872.

 8.  M. A. Elgendy, B. Zahawi and D. J. Atkinson. (2011). “Assessment of perturb and observe MPPT algorithm implementation techniques for PV pumping applications,” IEEE Transactions on Sustainable Energy, vol. 3, no. 1, pp. 21–33.

 9.  K. Ishaque and Z. Salam. (2012). “A deterministic Particle Swarm Optimization maximum power point tracker for photovoltaic system under partial shading condition,” IEEE Transactions on Industrial Electronics, vol. 60, no. 8, pp. 3195–3206.

10. S. B. Kjær. (2012). “Evaluation of the hill climbing and the incremental conductance maximum power point trackers for photovoltaic power systems,” IEEE Transactions on Energy Conversion, vol. 27, no. 4, pp. 922–929.

11. H. Patel and V. Agarwal. (2008). “Maximum power point tracking scheme for PV systems operating under partially shaded conditions,” IEEE Transactions on Industrial Electronics, vol. 55, no. 4, pp. 1689–1698.

12. A. Safari and S. Mekhilef. (2010). “Simulation and hardware implementation of Incremental Conductance MPPT with direct control method using cuk converter,” IEEE Transactions on Industrial Electronics, vol. 58, no. 4, pp. 1154–1161.

13. M. Seyedmahmoudian, R. Rahmani, S. Mekhilef, A. M. T. Oo, A. Stojcevski et al. (2015). , “Simulation and hardware implementation of new maximum power point tracking technique for partially shaded PV system using hybrid DEPSO method,” IEEE Transactions on Sustainable Energy, vol. 6, no. 3, pp. 850–862.

14. K. Sundareswaran, V. Vigneshkumar, P. Sankar, S. P. Simon, P. S. R. Nayak et al. (2015). , “Development of an Improved P&O algorithm assisted through a colony of foraging ants for MPPT in PV system,” IEEE Transactions on Industrial Informatics, vol. 12, no. 1, pp. 187–200.

15. K. Sundereswaran, P. Sankar, P. Nayak, S. Simon and S. Palani. (2015). “Enhanced energy output from a PV system under partially shaded condition through artificial bee colony method,” IEEE Transactions on Sustainable Energy, vol. 6, no. 1, pp. 198–209.

16. W. Xiao and W. G. Dunford. (2004). “A modified Adaptive Hill Climbing MPPT method for photovoltaic power systems,” 2004 IEEE 35th Annual Power Electronics Specialists Conf. (IEEE Cat. No. 04CH37551), vol. 3, pp. 1957–1963.

17. Q. Zhu, X. Zhang and S. Li. (2016). “Researches and tests of a dynamic multi-peak maximum power point tracking algorithm based on power loop,” Proc. of the CSEE, vol. 36, no. 5, pp. 1218–1227.

18. J. P. Ram, T. S. Babu and N. Rajasekar. (2016). “FPA based approach for solar maximum power point tracking,” in IEEE 6th Int. Conf. on Power Systems, IIT Delhi, Indian Habitant Center, New Delhi, March 4–6, IEEE, pp. 1–6.

19. H. R. Tizhoosh. (2005). “Opposition-based learning: A new scheme for machine intelligence,” Int. Conf. on Computational Intelligence for Modelling, Control and Automation and Int. Conf. on Intelligent Agents, Web Technologies and Internet Commerce, vol. 1, pp. 695–701.







	[image: images]
	This work is licensed under a Creative Commons Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.






Table of Contents


	
A Machine Learning Based Algorithm to Process Partial Shading Effects in PV Arrays






Guide


	
A Machine Learning Based Algorithm to Process Partial Shading Effects in PV Arrays





OEBPS/Images/fig-7.png
Irr3

T3

Bypass
Diode
Array 1
Bypass
Diode
Array 2
Bypass
Diode
Array 3

(a)

Array 1

Array 2

Array 3

Bypass
Diode

Z

Bypass
Diode

Bypass
Diode






OEBPS/Images/tab-4.png
Algorithm  Ref. Steady state Fall to local ~ Complexity
P&O 4,8,18] Yes Complex

IC [10,12,18] Yes Complex
FPA [3,18] Nil Less complex
FPA-OBL  Proposed method  Nil Less complex






OEBPS/Images/fig-2.png
Start

=

Initialization
of parameters

)

Random pollen El> Calculate Fitness
generation values of Pollens

)

Find Pbest
and Gbest

If P > rand
No< YES
Global Local
Pollination Pollination

v

For each
iteration (t)

v

Find Best Solution as set it as

t=1t+1

starting point

@

Update Gbest and Pmax






OEBPS/Images/fig-11.png
Power Extraction in 3S2P configuration
1900

1817 1817 1812

mRated Power #FPA-OBL ®FPA

1800

1700

Power (W)

1346 1345

1282 1281 1278 1282

Casel Case 2 Case 3

@)

Ratio of Tracking time to no. of iteration (t/n) for 3S2P configuration

mFPA  ®mFPA-OBL
0.03
0.027668 0.027244 0.0276

0.025
0.02

0.015

Case 1 Case 2 Case 3

(b)






OEBPS/Images/fig-5.png
Diode
Upv YN N

[5] 1

PR Switch,
— | _)":(_ . §
-1 Ricad

PV diray MPPT )

Controller [~7| Generator






OEBPS/Images/tab-2.png
Parameters Variables Values
Maximum power Pupp 80 W
Open circuit voltage Vo 219V
Short circuit current Tse 5A
Current of P,y Impp 452 A
Voltage of Prax Vmpp 177V
Ise coeff. of temperature Ky 0.04
Ve coefff. of temperature Ky —0.32
No. of cells per module NS 30





OEBPS/Images/logo.png





OEBPS/Images/fig-9.png
Power (W)

Power (W)

]

(55.18107, ‘640.79975)

=
% 500
2
S
o
0 T T T T T T y
0 10 20 30 40 50 60 70
Voltage (V)
(@)
1000 —
(0.67893, 637.30191) 104 Duty Cycle
0.8 4 (0.67937, 0.5)
()
o 0.6
. 9
2
a 04+
0+ I
0.2+
0.0 -
T T T T T 1 T T T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0 1.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2
Time (S) Time (S)
(b) (©)
10004 1.0 (1.00513, 0.51462)
(1.01211, 640.17376) N‘ ’
0.8
[0
© 0.6
>
(6]
>
0 5 044
a 0. ”
0.2+
0.0
-1000 T T T T T - T T T T T T T 1 T T T T T T T T 1
02 00 02 04 06 08 10 12 14 16 -02 00 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6
Time (S) Time (S)
(d) (e)





OEBPS/Images/tab-3.png
Configuration Cases ~ Algorithms Power  Convergence No. of tn  Rated  Oscillations Efficiency BEST
W) iterations ‘n’ power %) Algo
Time '’ Sec W) GMPP
3sip Casel FPA 119634 0.69 2 00276 Nil 99.71 FPA-OBL
FPA-OBL 119965  1.026 50 00205 119974 Nil 99.99
Case2 FPA 6373 067 2 00268 Nil 99.45 FPA-OBL
FPA-OBL 64017 1022 50 00204 64079 Nil 9.9
Case3 FPA 66937 068 2 00272 Nil 99.53 FPA-OBL
FPA-OBL 67186 1021 50 00204 67253 Nil 9.9
3s2p Casel FPA 1812 069 2 00276 Nil 99.72 FPA-OBL
FPA-OBL 1817 101 50 00202 1817 Nil 100
Case2 FPA 278 068 2 00272 Nil 99.68 FPA-OBL
FPA-OBL 1281 1015 50 00203 1282 Nil 99.92
Case3 FPA 1282 069 2 00276 Nil 95.04 FPA-OBL
FPA-OBL 1345 1001 50 002 1346 Nil 99.92





OEBPS/Images/fig-6.png
Array type: Sun Earth Solar Power TDB126x125-36-P 80W,
1 series modules; 1 paralle! strings

T @ T T

Power (W)

X177
Y:80
1kWim?
X:17.85
- Y:60.58
% 60 0.75 kWim? -
2 X:17.85 i
8 Y:4056
@0 05 kWim? i
20 .
! 16y ! 0
10 15 2%
Voltage (V)
(@)
Array type: Sun Earth Solar Power TDB125x125-36-P 80W;
1 series modules; 5 parallel strings
550 T T
500 (- -
450 - X:17.7 -
Y:400
400 (- -
1kWim? X:17.85
%0 Y:3029
001 0.75 kim? 7
250 - .
200 0.5 kWim? .
150 .
100 .
50 — =
| |
Uk
0 10 15 2
Voltage (V)

(b)





OEBPS/Images/fig-3.png
al

k=1

al

k=2

X

k=3

k=4





OEBPS/Images/copy.png





OEBPS/Images/fig-1.png
Self -pollination from L
: Self-pollination
same plant but different s

with the same

flower flower

@ Cross-

pollination from
different plant






OEBPS/Images/fig-4.png
Start

=

Initialization
of parameters

0

Random pollen
generation

Opposition

Based Calculate Fitness Find Pbest
E> . values of Pollens and Gbest
Solutions @
—
If P > rand | iteration (t)
NO {/YES
Global Local
Polluitl}on Iﬁnatwn =t
Opposition Based Opposition
Solutions Based Solutions

U

Find Best Solution as set it as
starting point

U

Update Gbest and Pmax






OEBPS/Images/fig-8.png
Power (W)

Power (W)

1500

(52.68364, 1199.74102)
/
1000
%/
[
2
g
500+
0 —
0 10 20 30 40 50 60 70 80
Voltage (V)
(a)
(0.69055, 1196.34111)
1500 1.0 -
M (0.6777, 0.65961)
1000 0.8 4 1
500 2 06 -
[$]
>
O
>
a
4 2
-500 0 —— Duty Cycle
-1000 0.0 -
T T T T T T
0'0 0'2 0'4 0'6 0'8 1'0 0.0 0.2 0.4 0.6 0.8 1.0
Time (S) Time (S)
(b) ()
Bty Cyole
2000 (1.01608, 1199.65739) 1.0 4 (1.0029, 0.65574)
0.8
°
S 06
O
>
S 044
a
0_
0.2 4
0.0
02 00 02 04 06 08 10 12 14 02 00 02 04 06 08 10 12 14
Time (S) Time (S)

(d) (e)





OEBPS/Images/fig-10.png
Power (W)

Power (W)

Power

700 (56.91225, 672.5307)
600-]
_ 500
=
=~ 4004
S
S 300
o
200
100-
0 . . . : . . .
0 10 20 30 40 5 60 70
Voltage (Volts)
(a)
104 Duty Cycle
1000 08 (0.67937, 0.54688)
(0.68027, 669.37645) :
[0
S 0.6
>
O
2
S 0.4
a
0+ 0.2 -
0.0 4
00 02 04 06 08 10 12 0.0 02 04 06 08 10 12
Time (S) Time (S)
(b) (c)
Duty Cycle
1.0
| "H (1.00595, 0.54688)
0.8 -
1000 (1.0117, 671.86263)
3 06+
>
[6) |
=
S 0.4
0- e | I
0.2 -
0.0 -
-1000 T T T T T T T T 1 T T T T T T T T 1
02 00 02 04 06 08 10 12 14 16 02 00 02 04 06 08 10 12 14 ;
Time (S) Time (S)
(d) (©





OEBPS/Images/tab-1.png
Components Values

Cin 1x 1075 F
Cout 1x 1075 F
L 10x 1073 H

20 ohms





