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A B S T R A C T   

One of the most essential factors in the current study is effectively harvesting the Maximum Power Extraction 
(MPE) from the Photovoltaic (PV) panel. The primary difficulties in extracting solar power is occurrence of 
partial shading which causes the panel to significantly increases power loss. These will mainly occur due to when 
partially shaded solar PV array kept under certain critical conditions for obtaining maximum output power. 
Many researcher have suggested by connecting bypass diodes in anti-parallel to the PV modules hotspots in the 
modules can be avoided. Out of all techniques, the proposed Bayesian Fusion Technique (BFT) is a hybrid 
optimization algorithm that combines the Grey Wolf Optimization (GWO) and Flower Pollination Algorithm 
(FPA) techniques to optimize the performance of solar panels in photovoltaic (PV) systems. The combination of 
GWO and FPA forms an ideal combination that is beneficial for optimizing the performance of PV systems is 
determined in this work. In this study real 6*6 PV array string and irregular PV array configuration such as 
central and parallel-series PV string combination of various partial shading pattern is compared and found to be 
effective for reducing the hotspots problems. The performance of these configuration under different shading 
patterns have been compared and analyzed with the different parameters like output power, conversion effi
ciency and tracking efficiency. This article state about the influence of partial darkening and the crucial point 
that reduce the sensitivity to shading heaviness. For better understanding for reader the MATLAB/Simulink 
software is used to validate the simulation result with real time data. Overall, this article states the BFT is an 
efficient and reliable approach to improve the efficiency of PV systems, by combining two optimization tech
niques like GWO and FPA hybrid algorithm. This article gives clear insight to the researchers for choosing BFT- 
GWO algorithm in order to decrease the cost and wastage of energy for achieving better solar panel performance.   

1. Introduction 

Nowadays, electricity requirement for domestic and industry keep on 
increasing day by day. Conventional energy sources have the following 
disadvantages like exhaustible, overpriced, and also pass off smoke and 

slag. In [1-6], non-conventional energy resources including fuel cells, 
wind, solar, and biogas are optimal for replacing conventional energy 
sources. Compared to other renewable power, the solar energy has more 
advantages. It produces no pollution, it needs minimal maintenance, no 
cost for fuel. It is easily available in the environment. Among all note
worthy facts solar panel affect by external factors such as Lighting, 
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temperature, and dust are inevitable. Therefore, the entire research 
world is trying to figure this out, traditional system more concern about 
longevity. Impairment of this device are mainly affect by panel design, 
which determine how much electricity a PV panel can produce. When 
there are shading circumstances, among the section of the different 
panels affected by trees, castles, dust and high – rise buildings to 
complicate produce good efficiency.As a result, the panel generates the 
minimum output power as well as more peak power [7]. Hence under 
partial shading condition the extraction of maximum power (MP) is 
complicated from the solar panel. 

To extract maximum power form Solar-PV (S-PV) under uniform and 
PSC (Partial shading conditions) and an optimization technique is 
necessary. Various optimization techniques have been created and 
tested throughout the years, based on convergence time and equipment 
implementation. Perturb and Observe (P&O) and Incremental Conduc
tance are the most often used traditional approaches [7]. However, 
many techniques are user-friendly of straightforward design. When 
there is a panel under PSC, it can be unable to locate the exact global 
peak output and local peak output. The performance of the pumping 
system is improved by combining Fuzzy Logic (FL) with artificial neural 
networks (ANN) [8]. According to the literature, this may not be the 
circumstance for many researchers used traditional MPP techniques 
such Artificial Neural Networks (ANN) and Fuzzy Logic Control (FLC) to 
solve extraction problems in PV panels, which is required fuzzification, 
rule basis, and defuzzification processes. Following that, more number 
of Swarm Intelligence (SI) approaches are described and established. 
PSO was utilized as an optimization strategy in various solar irradiance 

conditions [9], but the resulting outcome as longer convergence rate, 
computational speed/time were observed [10] and also poor local 
search capabilities are observed due to the lack of crossover and muta
tion process. Renewable energy is being encouraged all around the 
world due to the pollution generated by fossil fuels. Solar energy is one 
of the most important of these energy sources. Since, it is cheap and does 
not pollute the environment. The major advantage of solar photovoltaic 
(PV) technology, which is immediately turns sunlight into the power 
without any disturbance. As per the result of input source, it is strongly 
recommended and compared to other renewable energy sources. 

The proposed BFT combines the advantages of GWO and FPA and 
uses Bayesian theories to optimize their combination. The BFT approach 
creates a new search space and then adjusts the parameters of GWO and 
FPA to obtain the best optimization results for any given problem. When 
a specific critical point is reached, hotspot arises. Among all notable fact, 
this phenomenon occurs due to increases in temperature at shaded part 
of PV module during the reverse bias condition. Bayesian Fusion is a 
technique used to combine probabilistic models of different types of 
sensor data to provide a more comprehensive view of a particular 
environment. This technique is particularly useful in the field of solar 
panel design, as it allows for the combination of surveys of potential 
locations for panels with satellite imaging to better assess the most 
effective and efficient locations to install solar panels. 

In the simulated annealing and the (FPA) Flower Pollination Algo
rithm are combined to enhance the PV tracking optimization perfor
mance for improving the convergence rate. But, the FPA and Grey Wolf 
Optimization (GWO) methods are used only for core architecture [11]. 

Nomenclature 

List of Symbol 
Symbols Meaning 
W/m2 Radian meter square 
DC-DC Direct current to direct current 
DC Direct current 
IMPP Maximum power point current 
T Time in seconds 
I Current in amps 
V Voltage in volts 
η Efficiency 
IPV Photovoltaic current 
VPV Photovoltaic voltage 
V0 Output Voltage 
I0 Output current 
L Inductor 
D Diode 
Cin Input capacitor 
A Ammeter 
V Voltmeter 
Vin Input voltage 
Vout Output voltage 
Ploss Power loss 
Ic Collector current 
IRMS Root mean square current 
VCE Collector to emitter voltage 
FSW Switching frequency 
Ron Resistance ON condition 
IC2 Collector current 
Qg Total is total gate charge 
Coes Output capacitance co-efficient 
IRMSDIODE Root mean square current diode 
Ploss diode Power loss diode 
VF Forward voltage 

pF Power factor 
VGE Gate emitter voltage 
tfall Fall time 
Rfall Raise time 
W Watts 
KHz kilohertz 
W/m2 Watt meter square 
Voc Open circuit voltage 
Vsc Short circuit voltage 
α Alpha 
β Beta 
δ Delta 
D Duty cycle 
Pmax Maximum power 
Pin Input power 
Gbest Global best 
TS Sampling period 
Ω Ohm 
◦C Celsius 
t Time 
Isc Short circuit current 
Ioc Open circuit current 
Imp Current at maximum power 
PPV Photovoltaic power 
P0 Output power 
ns Nano seconds 
nv Nano voltage 
RDC Resistance in direct current 
Γ(λ) Gamma function 
XK Iteration candidate position(k) 
Xαk ,Xβk ,Xδk Wolves position in iteration (k) 
i Current best solution 
G Global best solution 
L Strength of the pollination 
N Group of flowers  
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Grouped Beetle Antennae Search (GBAS), existing method was 
employed [12,13] to determine the Solar-PV array structures in three 
separate models. Genetic Algorithm (GA)-FPA was used in to estimate 
the convergence accuracy and speed optimization process. According to 
one of the most crucial features for photovoltaic (PV) systems is 
maximum power harvest, and in order to achieve this correct modeling 
and steady state operation of solar cells were essential to be discussed. In 
this research, characteristics such as convergence time, accuracy, 
optimal duty value and PV panel tracking efficiency were obtained and 
compared with GWO and FPA optimized algorithms for both central and 
PV string architectures. When compared to other reconfiguration 
methods, this proposed method needs to operate only with fewer 
switching networks. In this configuration each module integrates with 
its own MPPT (Maximum Power Point Tracking) controller and provides 

greater power compared with PV string and central architecture. In this 
research work we have performed new approach for modeling and 
simulations of PV array under various PSCs condition. Based on the 
performance metrics, for all PV array configurations are examined and 
compared in terms of numerous parameters. The contribution of my 
research work is under PSC and the shading pattern is provided 6*6 PV 
array subjected to the different shading positions, which is center 
shading, corner, right side end shading, bottom side, diagonal, frame, 
and random shading condition. The V-I characteristics of different solar 
irradiation level outcome as shown in Fig.1 (a & b). Table.1(a) depicted 
that different operating partial shading conditions for proposed work. 

By combining different pieces of data, Bayesian Fusion can provide a 
more complete picture of the environment to help inform the decisions 
involved in determining the optimal locations for solar panels. The 
integration of two or more MPPT tracking methods based on feature 
vector building is improved by this conception. Bayesian Fusion Tech
nique Proposal Maximum Power Point (BFT-MPP) is a mathematical 
fusion structure that is built on the notion of Bayesian decision theory 
presented. Bayesian Fusion is a technique used to combine probabilistic 
models of different types of sensor data to provide a more comprehen
sive view of a particular environment. This technique is particularly 
useful in the field of solar panel design, as it allows for the combination 
of surveys of potential locations for panels with better assess the most 
effective and efficient locations to install solar panels. By combining 
different pieces of data, Bayesian Fusion can provide a more complete 
picture of the environment to help inform the decisions involved in 
determining the optimal locations for solar panels. 

The integration of two or more MPPT tracking methods based on 
feature vector building is improved by this conception. This suggested 
technique can readily accommodate uncertainties in irradiance and 
temperature due to its probabilistic approach. In this regard, bio- 
inspired FPA/GWO approaches aided by INC (Incremental Conduc
tance) might be a promising alternative for improving the efficiency and 
reliability of BFT-MPP algorithms. Unfortunately, the potential of 
hybrid approaches is not fully explored in the literature, and switching 
between the bio-inspired FPA method and the GWO method is done in a 
relatively shallow manner. As a result, a novel FPA/GWO approach 
supported by BFT-MPP is suggested in this article. This study in
corporates and validates a novel switching method to achieve efficient 
usage of both the FPA/GWO algorithms. More significantly, the switch 
doesn’t happen until the first FPA exploration of the global power areas. 
Further, to make an accurate comparison, the FPA-GWO findings are 

Table 1a 
Different partial shading patterns.  

Solar PV array shading position PV array Irradiances  

Centre shading 
PV1,PV6 and PV12 200 W/m2 

PV1,PV7 and PV13 300 W/m2 

PV1,PV8 and PV14 400 W/m2 

PV1,PV9 and PV15 500 W/m2  

Corner shading 
PV1,PV10 and PV16 300 W/m2 

PV1,PV11 and PV17 400 W/m2 

PV1,PV12 and PV18 500 W/m2 

PV1,PV13 and PV19 600 W/m2   

Right side end shading 

PV1,PV14and PV20 400 W/m2 

PV1,PV15 and PV21 500 W/m2 

PV1,PV16and PV22 600 W/m2 

PV1,PV17 and PV23 700 W/m2  

Frame shading 
PV1,PV18and PV22 400 W/m2 

PV1,PV19 and PV23 500 W/m2 

PV1,PV20 and PV24 600 W/m2 

PV1,PV21 and PV25 700 W/m2  

Diagonal shading 
PV1,PV22and PV26 400 W/m2 

PV1,PV23 and PV27 500 W/m2 

PV1,PV24 and PV28 600 W/m2 

PV1,PV25 and PV29 700 W/m2   

Bottom side shading  

PV1,PV26 and PV30 800 W/m2 

PV1,PV27and PV31 900 W/m2 

PV1,PV28 and PV32 1000 W/m2 

PV1,PV29 and PV33 1100 W/m2  

Random shading conditions. 
PV1,PV30 and PV33 1200 W/m2 

PV1,PV31 and PV34 1300 W/m2 

PV1,PV32 and PV35 1400 W/m2 

PV1,PV33 and PV36 1500 W/m2  

Fig. 1a. 6*6 PV array configuration V-I characteristics curve.  
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contrasted with those of recently validated alternative optimization and 
traditional meta-heuristics techniques. The proposed system is local BFT- 
MPP and global shade dispersion index is calculated and compared with 
FPA and GWO algorithm techniques. The skeleton of this paper divided 
into following section. The solar energy conversion system’s output 
power is enhanced by using effective shade dispersion. The skeleton of 
the paper is divided into the following section. The real time data were 
obtained are validated using MATLAB/Simulink (R2019a) tool is used to 
model the optimization approaches. Section.2 of this study outlines the 
literature study. Section.3 proposed architecture of solar PV panels BFT- 
MPP using different algorithm that is validated the optimization stra
tegies with objective derivatives. Section.4 described about the simu
lation and hardware implementations. Section.5 discussions the 
conclusion for proposed PV central/string architecture. 

2. LITERATURE SURVEY RECENT STUDY 

Uniform irradiance is give higher outcome, but the non-uniform 
irradiance significantly lowers level then the power output of a Solar- 
PV array. The mismatching power losses on PV system are depends on 
shading pattern, physical location of modules, and PV array structure 

everything have an impact on PV power output reduction factor. Fig. 2 
(a) depicts as PV array/string module with protected by bypass diode. 
Reconfiguration procedures are frequently employed to mitigate the 
effects of partial shading conditions [14]. 

The proposed research seeks to develop a hybrid intelligent algo
rithm for solar-PV systems that would enhance efficiency in power point 
monitoring by avoiding partial shadow effects. By increasing the PV 
output power through using reconfiguration techniques the output 
power efficiency of the panel improved. In addition to that the literature 
survey and research gap explain about the uses of additional converters, 
MPPT controllers, and sensors leads to major problem in Solar-PV power 
generation [15,16]. As a result, there are two distinct approaches for 
reconfiguring DC-DC schemes that is isolated and non-isolated. Several 
non-isolated converter DC topologies were examined with the typical 
MPP algorithms, which is based on efficiency, construction, switching 
frequency, and losses as well as other relevant factors. Unfortunately, 
several factors such as light generation or PV current, series and diode 
reverse saturation current, shunt resistance, continuous diode ideality, 
and semiconductor energy band gap cannot be found in the manufac
turer’s data sheet for altering the PV array models. A variety of simu
lated scenarios of BFT-MPP, which is confirmed by experimental setups, 

Fig. 1b. 6*6 PV array configuration P-V characteristics curve.  

Fig. 2a. Architecture for PV string and PV array.  
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and the closed loop block diagram of proposed BFT controller shown in 
Fig. 2(b). As a result, a solar BFT-MPP with a non-isolated switching 
converter is feasible solution for all different loads, and soft computing 
based MPP techniques detailed literature shown in Table.1(b). Nowa
days, the present PV constructions are experiential with PV string type 
and PV array central type architecture using many applications. Fig. 3a. 
is displayed that PV central architecture for proposed system. Fig. 3b. is 
depcited that PV string architecture for proposed system. 

PV Multiple reconfiguration processes along with different strategies 
are examined in the analysis. Static reconfiguration techniques were 
used to analyze testing of two phase PV array. This configuration with its 
unequally irradiated PV array methodologies for 9X9 Total-Cross Tied 
PV (TCTPV) array under various PSC described. Modifying the physical 
position of modules in the TCTPV array while keeping their electrical 
connections is possible using Sudoku and advanced Sudoku patterns. 

Intelligent hybrid-based optimization algorithms are developed to 
minimize partial shading losses throughout the entire array by evenly 
spreading shadow. In the absence of shading, the PV array’s Power- 
Voltage (P-V) characteristics have only one maximum power peak, 
whereas partial darkness causes numerous peaks. In the case of global 
MPP tracking for PV array under situations of partial and uniform 
irradiance Bayesian network approach is recommended. First time, BFT- 
MPP technique is applied in proposed PV string/central architecture and 
Bayes rule to estimate. Which is suitable for converters to produce 
maximum output power. For a real-time controller that is more effective 
output power is observed. In this approach reaches multiple clever state- 
of-the-art BFT-MPP algorithms in terms of tracking effectiveness, 
robustness, and speed with the help GWO/FPA. 

Fig. 2b. Proposed controller block diagram.  

Table 1b 
Comparison of MPP techniques and soft computing optimization techniques.  

Soft Computing Methods 

MPPT Technique Dependency of 
array 

Sensor type MPP Tracking 
speed 

MPP Tracking 
accuracy 

Efficiency Circuit 
Type 

Application  
T I V Grid 

connected 
Standalone  

Artificial -Based Soft Computing-MPPT Techniques 
Bayesian Network X X ✓ ✓ M Me H ✓ ✓ ✓ ✓ 
Nonlinear Predictor X X ✓ ✓ F H H ✓ ✓ ✓ ✓ 
Fibonacci Search X X ✓ ✓ F M M ✓ X X ✓ 
Fuzzy Logic Control ✓ X ✓ ✓ F M H ✓ X X ✓ 
Artificial Neural Network ✓ ✓ ✓ ✓ F M H ✓ X X ✓ 
Extremum Seeking X X ✓  F M M ✓ X X ✓ 
Differential Evolution X X ✓ ✓ F M H ✓ X X ✓ 
Soft Computing-Based MPPT Techniques 
Ant Colony Optimization ✓ ✓ ✓ ✓ F M H ✓ X X ✓ 
Cuckoo Search X X ✓ ✓ VF H H ✓ X X ✓ 
Chaotic Search X X ✓ ✓ F M M ✓ X X ✓ 
Genetic Algorithm X X ✓ ✓ F M H ✓ X X ✓ 
Practical Swarm optimization X X ✓ ✓ F M H ✓ X X ✓ 
Grasshopper X X ✓ ✓ F H M ✓ X X ✓ 
Memetic Slap Swarm Algorithm X X ✓ ✓ VF H H ✓ X X ✓ 
Dynamic Leader-Based 

Collective Intelligence 
X X ✓ ✓ VF H H ✓ X X ✓ 

Shuffled Frog Leaping and 
Pattern Search 

X X ✓ ✓ VF H H ✓ X X ✓ 

T = Temperature, I = Current, V = Voltage, D = Digital, A = Analog, VF = Very Fast, F = Fast, H = High,  
M = Medium, L = Low  
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3. Construction of proposed S-Pv panel 

3.1. Construction of S-PV PANEL 

Under the different partial shading condition causes the current 
fluctuation from one panel to the next. It is challenging to capture the 
peak power. Since, PV panels generate lower output power. In order to 
solve this problem different types of architectural approaches are 
employed for achieving the maximum power. Out of all approach the PV 
central/string architectures provides better tracking efficiency and 
improved better Solar-PV panel conversion rate [17-20]. 

In this proposed work, four to twenty PV solar panels are arranged in 

series connection, and the series connected PV panels output are given to 
converter. Then, it is connected to DC load as shown in Fig.3 (a). In this 
study takes into the account of six to twenty (n) number of PV panels are 
tested as illustrated in Fig.3 (b). PV array is categories into two strings, 
first one is PV string in each panel coupled with DC-DC converter. Which 
offers the peak power point tracking control for each individual string as 
presented. The PV string current of each solar panel with MPP is 
accompanied in between of the source and load [21-24]. As a result, the 
efficiency tracking in each PV string are higher than the central design 
under PSC condition [25]. 

Fig. 4 depicts as possible overall control PV structures for both the PV 
central/string array control (BFT-MPP) with FPA/GWO algorithm. The 

Fig. 3a. General architecture for central.  

Fig. 3b. General PV String architecture.  

H. S et al.                                                                                                                                                                                                                                         



Energy Conversion and Management 286 (2023) 117078

7

proposed DC converter operates for both the control circuit and power 
circuit. PV system control is used to operate the closed loop system. The 
reference output voltage and input voltage are found tuned with an 
optimization control method, hence that the execution results of duty 
cycle values under various irradiation situations are operated with help 
of the proposed optimization. Using four separate modules are 2 to 20 
Solar-PV shaded/unshaded modules as shown in Fig. 5. The recom
mended system is previously implemented as an individual four (or) Six 
-module operational control output using various optimization 

techniques. But proposed work implement up to 20 PV array modules 
are tested. 

3.1.1. DC-DC converter circuit execution 
Most of the solar PV system uses power (DC-DC) converters to change 

the voltage level from input source to load. These PV generated power is 
used to boost the voltage level with the help of DC-DC converter circuit 
[26]. The energy conversion of unshed PV systems is often to lower level 
voltage, and also exhibit the poor stability of unpredictable output 

Fig. 4. Overall Circuit diagram for PV array control (BFT-MPP) with FPA/GWO algorithm.  

Fig. 5. Proposed shaded and unshaded PV module.  
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delivered in the (V-I & V-P) characteristics. Therefore, the MPP algo
rithm is necessary to make tracking the solar power in the entire PV 
architecture for both array type and central array architecture. Addi
tionally, the converter achieves maximum output to compensate the 
load power and it’s provides by the combination of MPP with different 
PV architecture. The main problem is affected solar-PV systems is the 
fluctuating availability of sun irradiation levels. Several power elec
tronic DC-DC converters are used to overcome this challenge and 
maintain a consistent output voltage proportional to the load circuit. 

The DC-DC boost converter is used to boost output voltage. It has a 
higher output voltage than the input voltage of the PV system. According 
to Fig. 4 shows that one kind of SMPS, which is minimum at least two 
type semiconductor switch addressed (transistor and diode). Therefore, 
one among the electrical energy storage device such as an individual 

capacitor are ensembled of inductors (or) both it is used to generate the 
maximum output. In comparison of other converter circuits, conven
tional converter has a straightforward switching strategy that is not 
suitable to works with the proposed central/ string PV architectures. 

To reduce output voltage ripple, the filter act as capacitor circuit are 
commonly involved to the DC-DC circuit, which is produce without any 
harmonics of the DC power. Therefore, proposed converter comparison 
as shown in Table.2. A theoretical calculation of boost converter output 
power = Converter input power- (Ploss_DC-DC converter). 

Converter input power = S-PV array output power = 1450 W. 
Therefore, Boost converter output power = (1450–40.13.) W. 
Hence, Efficiency of the converter estimation = (1450–40.13)/1500 

= 94%. 
Boost converter power losses are calculate given by,  

(1) IGBT conduction loss, (2) IGBT Turn ON//OFF losses (3) 
Capacitance loss (input), (4) Capacitance loss (output), (5) Diode 
(D) loss, and (6) Inductor (L) loss.  

• Conduction loss 

PlossRon = IC
2 × Ron (1) 

Where, Collector current is Ic and Ron is resistance ON condition.  

• Turn ON/OFF Loss 

Plosstrisetfall =
1
2
• (trise+ tfall).IRMS • VCE.Fsw (2) 

Table 2 
Traditional converter topology comparison.  

Parameters Converter Types 

Buck 
converter 

Boost 
converter 

Buck-Boost 
converter 

Vout (output voltage) VinD Vin1/1-D Vin D/1-D 
Number of Diodes 1 1 1 
Number of Switches 1 1 1 
Number of magnetic 

components 
1 1 1 

Efficiency Low Low Moderate 
Input ripple current High High High  

Fig. 6a. BFT-MPP Flowchart.  
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Where, rise time (trise), fall time (tfall), RMS current (IRMS), Collector 
to emitter voltage (VCE), and Switching frequency (FSW).  

• Capacitance loss (Input) 

Plossgatecharge =
1
2

Qgtotal.VGE.Fsw (3) 

Where, Qg total is total gate charge, VGE is applied gate to emitter 
voltage.  

• Capacitance loss (Output) 

PlossCoes =
1
2

Coes.VCE
2.Fsw (4) 

Where, Coes is output capacitance of the IGBT.  

• Diode (D) Loss 

Plossdiode = IRMSDIODE × VF (5) 

Where, RMS current through the diode (IRMSDIODE.) however, forward 
voltage of the diode (VF).  

• Inductor (L) Loss 

Plossinductor = IRMS INDUCTOR
2 × RDC (6)  

Efficiency =
Output Power

Output Power + Total Losses
(7)  

Duty Cycle =
Ton

Ton + Toff
(8)    

• Boost converter losses calculation: 

IRMS of IGBT = Ic of IGBT = 5A; Ron= 0.01 Ω;trise(tr) = 68 ns; tfall 
(tf) = 65 ns; VCE = 230 V; Fsw = 10KHz; Qg total-257nv;VGE = 15 V;COES 
= 260pF; IRMS diode value = 7A; VF = 0.7 V, Inductor (IRMS) = 7A; RDC 
= 0.1 Ω.  

• PlossRon = 52*0.01 = 0.2500 W  
• Ploss_trsie_tfall = 0.5*(68 × 10-9 + 65 × 10-9)*(5*230)*(10 × 103) =

0.7647 W  
• Ploss_gatecharge = 0.5*257 × 10-9*15*(10 × 103) = 0.0193 W  
• Ploss_Coes = 0.5*260 × 10-12*2302*(10 × 103) = 0.0688 W  
• PlossIGBT = PlossRon + Ploss_trsie_tfall + Ploss_gatecharge+Ploss Coes 

= 0.25 + 0.7647 + 0.0193 + 0.0688 = 1.1028 W.  

• Ploss(Diode) = 7*0.7 = 4.9 W  
• Ploss(Inductor) = 7^2*0.1 = 4.9 W  
• Ploss_converter= Plossdiode+PlossIGBT + Plossinductor 

Hence, the converter losses (Ploss_converter) ¼ 4.90 þ 1.1028 þ
4.90 ¼ 10.90 W. 

3.1.2. BFT-MPP implementation 
There are several methods are presented to tracking the power in the 

S-PV system. The right size of a PV array system is the first step toward 
effective system utilization. The best usage of tilting and MPP is only 
significant after the best size selection. Because, the low initial invest
ment through sizing. The suggested system also takes into account a 
number of additional factors, such as solar protection, energy conver
sion, source integration, and the use of MPP approaches for maximizing 
power extraction to the load. Maximum Power Point (MPP) tracking is 
an S-PV power converter algorithm that continuously modifies the 
impedance values[5]. Under varying environments condition like as 
changing the solar irradiance, temperature, consequently the solar array 
output in order to keep changing like peak power (or) low power point 
output to the load. The P&O (Perturb & Observe) and INC (Incremental 
Conductance) procedures are considered as usual. Since they have been 
used for many years. Therefore, we are presented BFT-MPP imple
mented in this proposed design. A Bayesian network is used to build the 
BFT-based MPP tracking approach. 

A Bayesian network is a powerful tool derived from the Bayes the
orem, which is used for statistics fusion with joint probability distribu
tions. The BFT is trained using the training data set (input, output) 
shown in Fig. 6(a). Feature vector production is one among the segment 
of BFT process [27]. A Bayesian network is a statistical method that to 
make progress in obtaining Global MPP under the PV array PSCs. Based 
on the proposal, the proposed work was about the joint probability 
distribution of the fusion of data for using the FPA/GWO algorithms and 
incremental conductance. Much better to comprehend to visualize a PV 
system with six modules are observed. The linking series with an input 
on each PV module voltage and current combinations at 1500 W/m2, 
and the PV system’s overall open-circuit voltage will Voc must equal 
ŋVOCM. At this point, a Bayesian network is created and observing nodes’ 
inputs, i.e. L = a1,…….an, which are equally split into the left and right 
nodes a1,…,an (left nodes), and R = an+1,…,a2n. Therefore, L = The left 
nodes a1,…,an are given the individual panel voltage information, while 
PV are operating at MPP and incremental conductance in a partly 

Fig. 6b. Structure using Bayesian fusion for MPPT data.  
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shaded environment[28]. In the same way, the right nodes R = an+1,…, 
a2n are allocated using input voltages acquired across individual panels 
while the PV system is operating under comparable partially shadowed 
conditions and implementing the BFT-MPP algorithm. 

Fig. 6(b) depicts the Bayesian network’s network configuration. The 
posterior probabilities in Bayes theorem are determined by the prior 
probability distribution. The prior probability distribution is derived by 
statistical inference based on a set of prior knowledge. The posterior 
probability is calculated using the most recent system information and 

the best reasonable evaluation. The prior probability is continually 
updated depending on the previous information provided, and the new 
posterior probabilities are estimated using Bayes’ theorem. These pos
terior probabilities will aid in determining if the collection of informa
tion supplied is new event information or previous event information. 
Global Maximum Power Point (output) for both the FPA/GWO and in
cremental conductance methods are mentioned for each of the sample 
training data sets, which are input combinations of voltages and current 
pairs (V, I) of solar cell modules with varying irradiance and 

Fig. 6c. Position updating mechanism.  

Fig. 6d. Pseudocode for GWO.  
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temperature[29]. Voltage, current, and matching output (GMPP) serve 
as the input data set. Eighty percent of the samples are chosen at random 
to serve as the training data set, and twenty percent of the samples are 
chosen to act as the testing set. If any two of the left and rightmost nodes 
match, “1′′ will be inserted in the feature vector; otherwise, ”0.“ such 
that a(t) = designates feature a vector a1(t),…..an(t). where, ai(t) denotes 
the state of the ith node at time t. For the purposes of simulation studies, 
a boost converter is used to link a PV system with four PV modules that 
are arranged in series to the freestanding loads. Table. 2 necessity 
display the boost converter’s settings and data values for the proposed 
algorithms. The suggested Bayesian Fusion Optimization Technique 
(BFOT) is used to run the simulation and obtain the global maximum 
power point (GMPP) for different potential patterns in MATLAB/ 
SIMULINK platform. 

4. OPTIMIZATION APPROACH 

Maximum power extraction under PSC is a significant difficulty for 
PV arrays and string operating condition. In this study, the optimization 
methods FPA and GWO are chosen to obtain the best optimum duty 
cycle for DC-DC converter to obtain MPP form PV array under PSC. The 
maximum power extraction under PSC is a minimum significant 
observed. 

4.1. GWO optimization 

Alpha (α), beta (β), and delta (δ) are the three main leadership 
groupings among grey wolves. The alpha hunting mechanism as fol
lowed, which serves as the leader and decides everywhere to sleep. 
When the wolves get up in order to hunt for prey. The beta is required to 
abide by these rules. The beta wolf assumes leadership in the event that 
the alpha wolf passes away or matures. 

The outcomes demonstrate that, in comparison to these well-known 
meta-heuristics, the GWO algorithm may deliver extremely competitive 
results. The following are the steps in the hunting process. Locating the 
prey, tracking the prey, and coming into contact with the prey as shown 
in Fig. 6(c). 

Equations are used to update the wolves’ positions as shown below: 

dα = [C*Xα − X], dβ
[
C*Xβ − X

]
, dδ = [C*Xδ] (9)  

X1 = Xα − [A*dα],X2 = Xβ −
[
A*dβ

]
,X32 = Xδ − [A*dδ] (10)  

Xk+1 =
(Xαk + Xβk + Xδk − α(2 × rand − 1)

[
Dαk + Dβk + DXδk

]

3
(11)  

Dik = abs
(
2*rand*Xik − Xk

)
i = α, β, andδ⋯. (12) 

Where, dαis wolf position, ‘rand’ that is random number [0, 1], XK is 
iteration (k) candidate position, Xαk ,Xβk ,Xδk is wolves position in itera
tion (k). Equ.9, 10 and 11 is updating the grey wolf position; Equ.12 is 
moment of wolf according to the GWO [30]. 

Fig. 6(d) illustrated as pseudo-code of GWO algorithms. GWO algo
rithms is used to initialize the parameters of PV panel irradiations level, 
after initializing the parameters the fitness population will be evaluated. 
Once the best solution has been found the maximum iteration will be 
stopped. Fig. 6(e) illustrated as pseudo-code of FPA algorithms. FPA 
optimization is used to initialize the switching probability parameters of 
PV panel irradiation levels; based on the maximum number of genera
tion uniform distribution of random choice will be determined [31]. 
Once the best solution has been found, the maximum number of itera
tions will be stopped. 

4.2. Fpa optimization 

The primary function of a flower pollination reproduction is based on 
plant that produces cones. This is pollination like butterflies, birds, bats, 
and other animals carry eggs from one flower to another. The source of 
the worldwide pollination is shown below Equ. (13), 

Xi,n+1 = Xi,n +L
(
Xi,n − G

)
(13) 

Where, pollen ‘i’ is the current best solution among all solutions at 
the current iteration, ‘G’ is the best solution at iteration (n), and ‘L’ is the 
strength of the pollination, its value is given as, 

L
λΓ(λ)sin

(
Πλ
2

)

Π
*
(

1
S1+λ

)

(14) 

The gamma function is Γ(λ) and λ value is Standard gamma function 
is Γ (λ) and λ = 1.5. 

xi, n+1 = xi, n + ε
(
xp,n − xq,n

)
(15) 

Where, xp,n, xq,n are chosen randomly that is same type of pollen plant 
from different flowers, therefore the ε value is [0, 1]. The FPA is used to 
determine the best duty (D) cycle of a group of flowers (N) as moves 
towards the best optimum values (G) [32]. Which is determined based 
on fitness variable that is observed maximum power from PV architec
ture [33]. By crating the MATLAB code that is iteratively appeal to 
Simulink PV model. 

The FPA simulations are carried out to the entire iteration occupy the 
receiving parameters from the PV and its will analysis to sending the 
optimum duty cycle values. The best (D) optimum duty cycle is allocated 
in this search FPA optimization that remains in the Kth iteration process. 
Table.3(a&b) is portrayed as proposed algorithm parameter settings. 

4.2.1. Algorithm steps for FPA 
Steps of flower pollination algorithm are shown as follows, 
Step 1: Activate N flowers for service and perform k optimization 

iterations. 
Step 2: Make the fitness variable the maximum power Pmax. Select 

the first Pmax. 
Step 3: Select the optimum switching angle and duty cycle deter

mined as per fitness function of the algorithm as depicted as Fig. 7. 
Step 4: Establish the upper and lower limits of the duty cycle. 
Step 5: Establish a responsibility for each flower in step 5. 
Step 6: To switch between local and global pollination, select a 

switch probability factor. 

Fig. 6e. Pseudocode for FPA.  
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Step 7: Run the simulation using ith flower’s nth duty to obtain 
power Pin. 

Step 8: Determine if Pin exceeds Pmax. 
Step 9: If the option is true (or) yes, therefore the set value is Pi, 

which is number (n) at maximum responsibility of Pbest solution gives to 
under every iterations method. 

Step10: If no means then random integer result should exceed then 
the switch probability factor, and select the global pollination (or) 
otherwise, if select the local pollination equation. 

Step 11: Update the function of the ith flower using the global (or) 
local pollination equation. 

Step 12: To finish the iteration, repeat steps 1 through 6 for each 
flower individually. 

Step 13: Improve the iteration count and carry out the aforemen
tioned process k times. 

Step 14: In all iterations, the Pbest for duty and related Pmax are 
changed. 

Step 15: The optimal duty for maximum power is the value of Pbest 
after ‘kth’ repetitions. 

4.2.2. Algorithm steps for GWO 
To increase the amount of power that a PV system can produce under 

PSC, the following processes are utilised to track the optimum PWM 
duty. 

Step 1: Decide on a starting pack of wolves (N) and the quantity of 
iterations (k). 

Step 2: Make the maximum power (Pmax) a fitness variable or an 
objective parameter. 

Step 3: The Wolves’ PWM responsibility is the key to achieving the 
goal. 

Step 4: Determine the maximum and lower limits for the PWM duty 
cycle. 

Step 5: Create PWM duty cycle. 
Step 6: The sixth step is to generate the initial fitness function to each 

power of the wolf represented. Then, the rank of the wolf decreasing the 
order and assigns the top three parameters alpha (α), beta (β), and delta 
(δ), To set the Gbest duty cycle and the power equivalent is the obtained 
alpha as Pmax. 

Step 6a: Begin the nth iteration by starting the simulation with each 

Fig. 7. Flowchart for FPA.  
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wolf’s generate individually by the PWM duty pulse and verifying the 
power (Pn,i) for the nth iteration for the all wolfs. 

Step 7: Sort the power Pn in decreasing order using the letter ‘i.’. 
Step 8: Use the top three highest powers to update the Alpha, Beta, 

and Delta. 
Step 9: If the power associated with alpha exceeds Pmax, set this 

power as Pmax and the associated duty as Gbest in the subsequent 
iteration. 

Step 10: Calculate the difference between the current PWM duty 
cycle for Alpha, Beta, and Delta. So that the average of this difference 
may be taken in the following iteration. 

Step 11: Displayed in Fig. 8, that is average value will be used to 
calculate the PWM duty for the. 

Subsequent iteration. 
Step 12: Rerun the upcoming iteration using the updated PWM duty 

cycle. 
Step 13: PWM duty cycle in Table.3(a) it shows that proposed al

gorithm of parameter settings with maximum iteration. and it is updated 
after the maximum iterations. Table 3b. shows that PWM duty cycle for 

Fig. 8. Flowchart for GWO algorithm.  

Table 3a 
Proposed algorithm parameter settings.  

Parameters for optimized Algorithm 

Specifications GWO Data FPA Data 

Maximum iteration number 50 100 
Number of Decision Variables 5 – 
Population size 10 50 
Switching Probability – 0.8 
Stopping Criteria 100 iterations 200 iterations  
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samping period of proposed PV string/central architecture. 
Step 14: After ’k’ iterations, last iterations are halted. Gbest’s value 

following the end of the ’k’ iterations. 

5. EXPERIMENTAL/SIMULATION RESULT & DISCUSSION 

Performance of the PV central/ string design is evaluated in this 
section using simulation model. For the suggested methods, MATLAB 
files for analysing the FPA and GWO algorithm coding were formed. In 
order to determine the converter’s total duty cycle and obtain the peak 
power under PSC circumstances, the proposed GWO/ FPA is created. 

Table. 4 displays the solar panel and suggested simulation settings. 
The design and implementation of uniform/PSC irradiances for PV 
string unit was performed using Matlab/Simulink 2020a software. In 
this versatile software used to study about the dynamic irradiance level 
by using BFT-GWO/FPA optimization techniques. The optimization 
techniques were integrated in control unit, which is adopted with PV 
string (or) PV Central unit. Based on the different irradiances level 
voltage and current has been generated in the PV panel and it was sensed 
by current and voltage sensor. The bayesian fusion technique is used to 

combine probabilistic models of different types of sensor data to provide 
a more comprehensive view of a particular environment. This BFT 
techniques incorporated with GWO/FPA optimization that is used to 
find the best solution of maximum power generation. According to the 
BFT-MPP techniques, the converter gate duty cycle has been varying 
proportional to the output power [33]. 

The simulation model of central architecture shown in the Fig. 9. 
Fig. 10 shows that PV characteristics of GMPP under PSC with com
parison of existing network model. Fig. 11 demonstrates that the GWO 
simulation results for uniform irradiances that the power is taken from 
the PV array with no shadow conditions, which gives the power outcome 
1450 W. When there is a shaded panel only 827.3 W of electricity is 
gathered, it is made up of four PV panels linked in series connection with 
a converter duty cycle 0.9. The boost converter outputs are lined to the 
DC load. The constant fixed STC temperature in all four PV panels is 
25 ◦C. In each PV panel has different irradiation rate ranging from 1500 
W/m2 to 500 W/m2. The number of iterations in this simulation was 
described 200 for FPA and 100 for GWO algorithms. The number of 
wolves, population size is 10, and the simulation results are produces 
without any significant. 

Fig. 12 shows that FPA simulation outcome PV array under uniform 
irradiance power is raised up to 1300.5 W at the time t = 2.8 sec as 
shown in Fig. 12(a), Fig. 12 (b) depicted as converter duty cycle is value 
of 0.68, Fig. 12(c) shows that fitness value of the proposed algorithm at 
the value of 1246, and Fig. 12 (d) illustrate the maximum output power. 
In the FPA convergence period is longer than GWO and it is never move 
towards the steady state values. The FPA algorithm given in optimum 
duty cycle value is 0.6. Fig. 13 depicts as FPA MATLAB/simulation re
sults that central architecture under shading conditions. The PV power 
irradiance value is 1000 W, the duty cycle converter is 0.8, the fitness 
value of the iteration is 1000, and the output power reveals that the FPA 
simulation utilizing PV string architecture under PSC is 1003 W. 

The GWO simulation under shaded condition makes use of central 
architecture depicted as Fig. 14. PV array power output is 1090 W at the 
time t = 0.16sec as illustrate in Fig. 14(a), Fig. 14(b) shows that con
verter duty cycle is varied up to 0.3 to 0.9, Fig. 14(c) illustrate fitness 
function value is 1009, Fig. 14(d) shows that maximum output power is 
1006 W. The GWO simulation under shaded condition makes use of PV 
string architecture depicted as Fig. 15. PV array power output is 1190 W 
at the time t = 0.12sec as illustrate in Fig. 15(a), Fig. 15(b) shows that 
converter duty cycle is varied up to 0.21 to 0.6, Fig. 15(c) illustrate 

Table 3b 
Proposed BFT-MPP algorithm parameter.  

Particulars Specifications 

Bayesian Fusion Total data set = 528, training data = 81% of 528 (422), 
testing data = 21% of 526 (107) 

Boost converter L = 5.21 MH, C1 = C2 = 10 µF, f = 10 KHz, 
Incremental 

conductance 
D initial = 0.16, Delta D = 0.0052 

Sampling period 
(TS) 

For simulation, Ts = 0.0024 Sec.  

Table 4 
Specification of PV panel.  

Descriptions Values 

Rated power of PV panel (W) 400 W 
Panel Short circuit current (Isc) 20A 
Panel Open circuit Voltage (Voc) 20 V 
Irradiance (W/m2) 1500 W/m2 

Current at Maximum Power (Imp) 16A 
Number of cells per modules (n) 24  

Fig. 9. Matlab Simulink model of PV string architecture with uniform/PSC irradiance.  
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fitness function value is 1003, Fig. 15(d) shows that maximum output 
power is 1260 W. Proposed GWO simulation under uniform shading 
irradiation condition using PV string architecture as shown in Fig. 16. At 
the time of t = 0.57sec, the PV array module output is 1045 W, converter 
duty cycle is 0.3 to 0.59, the fitness value of the iteration is 1003, and the 
maximum output power is 1260 W. 

Therefore, the outcome of the PV array is observed that the power 
achieves a steady state value at the time of t = 0.166sec. But, the FPA is 
not reaches a steady state value. For that reason, the maximum power of 
the PV array using GWO algorithm extract the maximum power and 
send it to the DC load is 799.5 W. The power obtained from the PV array 

characteristics output is 830.5 W. In the PV string architecture each 
string consist of 2 or 4 PV panel irradiance values is observed 800 W/m2 

& 1000 W/m2. Fig. 17 depicted as PV String architecture using FPA 
under uniform irradiation conditions with various output performance 
analysis. The comparative analysis of the GWO/FPA results are dis
played in Table. 5 and 6. It demonstrates proposed algorithms’ mea
surement is prescribed outcome based solar performance results. For the 
load resistance values are presented in the simulation 3.75 Ω and 4.5 Ω 
correspondingly. 

There are two strings in the total number of PV central/string 
structure, and it will join together in a parallel-series arrangement. 

Fig. 10. Comparing Global MPP under PSC PV-array output.  

Fig. 11. GWO Matlab output for uniform irradiance.  
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Outcome of the simulation of uniform and PSC using PV string archi
tectures are shown in Fig. 18 (a, b, c, & d). Output power reach its 
maximum peak power of 829.4 W is shown Fig. 18 (a). At t = 0.56sec, 
the maximum output PV power reaches 959 W in the uniform irradiation 
conditions, and it’s achieve steady state at t = 0.23 sec. The BFT-MPP 
methods implemented into the proposed algorithms with two alterna
tives PV architecture are revealed in the literature and output results. 
Based on the study, which PV array design was best for maximum power 
transferring from PV source to load was established in this simulation 
test. Maximum power decreases by roughly 6.22% for every 200w/m2 
in the shaded module irradiation. When 20% of the PV array (String/ 
central) modules are shaded under PSC irradiation falling in between 
1200 and 800w/m2. However, the BFT-MPP only decreases by 0.25% 
for every 200w/m2 in the shaded module irradiance between 800 to 

zero. Fig. 19 (a&b) depicted as PV array configuration for proposed 
methods efficiency and fill factor values. When the shaded PV modules 
reach a crucial level of 700w/m2 thus the solar PV array system is no 
longer sensitive to shading heaviness. Proposed PV system controller 
operating for both non-uniform and uniform PV array irradiance model 
is accomplished. Fig. 19 (c) compare to the convergence rates of several 
suggested optimization techniques. Fig. 19a. is depcited that proposed 
PV array fill factor values. Fig. 19b. is depcited that proposed PV array 
efficiency curve. Fig. 19c. shows that convergence rate of proposed 
hybrid optimization. 

The real-time implementation of the PV array central architecture 
proposed in this research shown as Fig. 20. As well as, the same pa
rameters of simulation and experimental data outcome results are 
observed and measured in Table 7 & 8. Fig. 19 (c) compare to the 

Fig. 12. FPA Matlab output for uniform irradiance.  

Fig. 13. FPA Matlab output for central PV configuration under shading conditions.  
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convergence rates of several suggested optimization techniques. Highest 
power generated by the load is 1450 W and it does not reach the steady 
state value depicted as Fig. 11. The outcome of the GWO simulation for 
the PV central architecture under the shading operating condition track 
the maximum power as shown in Fig. 14. For the Table.7 PV panel 
power is gained remarkably compared to other optimization techniques 
that is PV string architecture under uniform and partial shading condi
tion compared with other existing methods. When compared to other 
optimization methods, the FPA has a better performance in achieving 
the steady state value. Therefore, the different PV structures with uni
form and PSC are portrayed in Table.8. Which is PV central/string 

architectures using PSC/Uniform shading condition compared with 
other optimization methods. 

6. CONCLUSION 

The performances of PV central/string arrays under various uniform, 
partial shading conditions were investigated using BFT-MPP optimiza
tion techniques. BFT-MPP techniques incorporate with traditional FPA 
and GWO methods were investigated in this research work. The pro
posed solar-PV to extract efficiently maximum power under various 
partial shading conditions. An attempt was made to prove this research 

Fig. 14. GWO Matlab output for central PV configuration under shading conditions.  

Fig. 15. GWO Matlab output for string PV configuration under shading conditions.  
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using two analyses; (i) real time experimental data was collected from 
the PV panel. (ii) Simulation analysis using MATLAB/Simulink software 
have also conducted BFT-MPP based converter for central/string ar
chitectures under various partial shading conditions are performed. 
Results shows that, The GWO maximum tracking (MPP) power id 1450 

W, and it is PV string design uniform irradiance tracking efficiency is 
98.5%. PV string design maximum FPA tracking power is 1450 W and 
the tracking efficiency level is 96.3%. Similarly, the proposed PV central 
string architecture power tracking id 1050 W, and it is GWO based PSC 
produce the tracking efficiency of 98%. Over the FPA, which produce 

Fig. 16. GWO Matlab output for PV string configuration under shading conditions.  

Fig. 17. PV String architecture using FPA under uniform irradiation condition.  
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only 95% of tacking efficiency. Finally, GWO/FPA algorithm PV string 
gathers maximum power tracking form uniform/PSC irradiance achieve 
fast convergence rate compare to other existing methods. Upcoming 
researchers should further scrutinize this work for finding efficient way 
of extracting maximum power from solar PV panel at various partial 
conditions. Hence this work serves as open door for exploration of 
efficient way of extracting maximum power from solar PV power 
generation.  
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Table 5 
Comparative analysis of simulation output measurements of central architecture PV.  

S. 
NO 

Max power 
(Pmax) 

Algorithm types Vpv (V) IPV (A) PPV 

(W) 
VO (V) IO (A) P0 

(W) 
Conversion Efficiency 
(%) 

Tracking Efficiency 
(%) 

1 1360 W FPA 
(In Uniform Irradiation 
conditions)  

59.32  14.74 1051  59.43  13.04 1451  91.44  95.53 

2 1461 W GWO 
(In Uniform Irradiation 
conditions)  

58.43  16.04 1321  59.43  15.02 1030  93.44  97.56 

3 1000 W FPA (In Central architecture)  57.32  18.04 1000  62.63  15.46 1062  94.44  98.56 
4 1050 W GWO (In Central architecture  56.32  16.04 1201  63.02  14.72 1000  97.45  99.62  

Table 6 
Comparative analysis of simulation output measurements of string architecture PV.  

S. 
NO 

Max power 
(Pmax) 

Algorithm type Vpv (V) IPV (A) PPV 

(W) 
VO (V) IO (A) P0 

(W) 
Conversion Efficiency 
(%) 

Tracking Efficiency 
(%) 

1 1061 W GWO 
(Shading condition)  

56.32  13.04 1051  58.43  13.02 1251  94.44  95.56 

2 1032 W GWO 
(In Uniform Irradiation 
conditions)  

58.43  14.04 1010  58.43  13.02 1020  95.44  96.56 

3 852 W FPA (In uniform architecture)  56.32  13.04 785  58.63  13.03 801  96.44  98.56 
4 1250 W FPA (Shading conditions)  57.32  14.04 1201  59.73  14.06 960  97.45  95.43  

Fig. 18. FPA Matlab output for PV string configuration under shading conditions.  
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Fig. 19a. Fill factor for six PV array configuration.  

Fig. 19b. Efficiency for six PV array configuration.  
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Fig. 19c. Convergence rate of proposed GWO & FPA optimization.  

Fig. 20. Real time experimental PV array central architecture.  

Table 7 
Output measurements form PV string architecture under uniform and partial shading condition compared with other existing methods.  

S. 
NO 

Architecture Algorithm 
type 

Vpv 

(V) 
IPV 

(A) 
PPV 

(W) 
VO 

(V) 
IO (A) P0 

(W) 
Conversion Efficiency 
(%) 

Tracking Efficiency 
(%) 

Irradiance 
Effect 

1. Existing PV-String 
[34] 

BAT 51.1  11.6 1292 50  10.1 1121 86 86   

Uniform/ 
PSC 

2. PV string/ central  
[35] 

FPA 49.1  10.23 1301 46  14.2 960 93.62 90.52 

3. PV string [36] GA-FPA 47.01  11.81 1412 46.2  14.6 960 90.1 91 
4. PV string[37] GNN-MET 47  11.81  45  14.6 972 90.12 92.3 
5.  

Proposed PV- 
String 

FPA 56.32  13.04 1051 58.43  13.02 1251 94.44 95.56 Uniform 
6. GWO 58.43  14.04 1010 58.43  13.02 1020 95.44 96.56 
7. GWO 56.32  13.04 785 58.63  13.03 801 96.44 98.56 PSC 
8. FPA 57.32  14.04 1201 59.73  14.06 960 97.45 95.43  
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