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Summary

The solar photovoltaic (PV) array output is reduced significantly by the fre-

quently occurring inevitable partial shading conditions. In consequence, the

array exhibits multiple peaks in its characteristics that cause the conventional

maximum power point tracking (MPPT) algorithms to get stuck at the local

maximum. So, to track the global maximum power (GMP) among the multiple

peaks, a novel radial basis function (RBF)-based neural network approach has

been proposed for predicting the optimal GMP. Additionally, a novel and intel-

ligent encryption-based ruler transform (RT) reconfiguration approach is pro-

posed to disperse the shading effect enhancing the GMP and mitigating the

multiple peaks. The effectiveness of the proposed RBF-MPPT and novel RT-

reconfiguration strategies has been tested and analyzed for a 5 � 7 PV array

under distinct dynamic, uniform, and nonuniform shading conditions. The

results of the proposed RBF have been compared with the conventional incre-

mental conductance (INC) algorithm before and after reconfiguration of the

PV array. Further, the ease of GMP tracking by a simple conventional INC due

to the reduction of peaks after the array reconfiguration under shading condi-

tions has been demonstrated and discussed in detail. After reconfiguration, the

GMP is enhanced by 37.35%, 31.41%, 30.86%, 21.46%, 13.69%, and 8.88%, using

the proposed RBF for the considered five shading conditions. The steady-state

oscillations are also considerably mitigated by employing the proposed

reconfiguration and RBF strategies.
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1 | INTRODUCTION

The adoption of sustainable advancement and circular economy solutions has become crucial due to the depletion of
fossil fuels and the serious ecological problems. Globally widespread concerns that are in line with the principles of the
“green economy” have been raised, in particular, about the development and usage of diverse renewable energy
sources. Due to its clear advantages, such as easy deployment, high safety, no or little maintenance, and environmental
friendliness, solar energy has recently attained the most widespread usage among different renewable energy sources.1
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The reliable and quick extraction of the maximum power from the solar PV arrays under a variety of environmental
conditions is typically a crucial function of the maximum power point tracking (MPPT) systems.2 Nearly all MPPT algo-
rithms can, by a considerable margin, achieve proper functioning for PV systems with constant solar irradiation. How-
ever, under the partial shadowing (PS) condition, the power versus voltage characteristics becomes very nonlinear
exhibiting several local maximum power peaks (LMPPs). This makes the global maximum power (GMP) tracking
among multiple LMPPs quite challenging.3 The PS conditions can very easily lead to power losses, hot-spots formation
effects, and problems related to the safety and reliability of PV systems. To address such issues, numerous strategies
have been devised to successfully implement the GMP tracking of PV systems during PS conditions.

In general, the MPPT-based strategies are classified into conventional, soft-computing, hybrid, and other advanced
strategies. The conventional strategies include perturb and observe, incremental conductance (INC), and hill-climbing
algorithms.4 Since there exists only one power peak that varies with solar irradiation or temperature, the conventional
MPPT algorithms can typically achieve satisfactory MPPT performance under uniform conditions. All of the aforemen-
tioned algorithms oscillate continuously around the GMP, and this could result in power losses. Additionally, tradi-
tional MPPT algorithms have demonstrated poor GMP tracking performance under PS. Despite their compromising
performance, they are being widely used for various commercial applications of PV systems due to their cost effective-
ness and ease of implementation. Therefore, the soft-computing and other advanced strategies are to be employed to
track the GMP accurately with minimal oscillations.

The soft-computing strategies include metaheuristic algorithms, hybrid algorithms, fuzzy logic control, and artificial
neural networks (ANNs). In recent days, various metaheuristic optimization algorithms such as honey badger
algorithm,5 collaborative swarm algorithm (CSA),6 particle swarm optimization (PSO),6 ant colony-based new phero-
mone update (ACO-NPU), JAYA algorithm,7 grey wolf optimizer (GWO),8 logarithmic PSO (LPSO),9 and pigeon-
inspired optimization10 have been employed to determine the GMP under PS. All these algorithms can efficiently deter-
mine GMP additionally mitigating the steady-state oscillations. Further, a vast search is achievable, handling non-
linearity and works under rapid irradiation variations. However, they inherit numerous drawbacks such as gigantic
computation procedures, parameter initialization challenges, increased computational burden and tracking time, con-
vergence issues if the GMP lies beyond the search zone, difficulty in achieving the trade-off between local exploitation &
global exploration, and high randomness.

The hybrid-MPPT algorithms11,12 can usually perform quite adequate results under PS, which owns the merits of
each algorithm. Nevertheless, their design is more complex than the individual; hence, the computational burden is
considerably larger. Besides, how to choose the appropriate algorithms (e.g., number or type) for combination stays
unresolved. Recently, the fuzzy logic rule-based computing MPPT techniques,13,14 where a look-up table is developed to
decrease the error in the control variables, are proposed. These strategies don't necessitate knowledge of the precise
model. Nevertheless, they involve a complex design, complicated hardware execution usually requiring a DSP proces-
sor, and rule declaration difficulties. Additionally, the design of the rule table only relies on the programmer's experi-
ence requiring periodic tuning. To create appropriate membership functions, the designer must have a solid
understanding of PV system operation.

The biological neural network, which in essence integrates various parameters to certain data points, is reflected in
ANN. To integrate diverse parameters, ANN models don't require a mathematical equation or a complicated mathemat-
ical background. In order to correlate multiple parameters with enormous amounts of unknowable data points, ANN
requires minimal theoretical study than traditional approaches.15 It is employed to train and assess a PV system's I-V
and P-V nonlinearity relation. To optimize the behavior of the solar power system for maximum power, ANN continu-
ously learns from inputs including input current and voltage, temperature, irradiance, and atmospheric data. The
merits of ANN comprise exceptionally precise modeling of nonlinearity and problem-solving without requiring prior
knowledge of models.16 The input information is held in its networks rather than in the database. Therefore, the infor-
mation loss does not impact its operation. The network may still identify the error and provide the output irrespective
of whether the neuron does not react or data is lost. Neural networks can carry out multiple tasks simultaneously with-
out affecting the system's performance. They have the potential to learn from faults hence improving their ability to
execute competently. Employing them in the solar PV systems, the ANN-based MPPT techniques15,16 react faster to
real-time varying environments, extracting the GMP with fewer oscillations close to the GMP with minimal
transient time.

Despite the recent advancements and vast investigations on improving the MPPT efficiency, tracking the GMP
among the numerous power peaks remains challenging. Hence, mitigating the LMPPs by equalizing the irradiation
between the rows of the PV array through an efficient and intelligent reconfiguration process solves the problem to a
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maximum extent.17 Reconfiguring the PV array not only mitigates the LMPPs but also enhances the GMP by a signifi-
cant percentage due to the reduction in the mismatch. The recent developments and the existing research on various
static and dynamic reconfiguration strategies have been reviewed in detail in Yang et al.18 The dynamic reconfiguration
strategies encompass various optimization based,19–22 electrical array reconfiguration (EAR) based,23,24 artificial intelli-
gence (AI) based,25,26 adaptive array reconfiguration based,27 and so forth. Further, the static strategies include puzzle-
based,28 chaotic-based,29 magic square-based,30 logic-based,31 and analytical32 and shift-based33 strategies. The static
reconfiguration strategies are preferred over the dynamic ones due to their practical and economic feasibility issues.
However, the majority of these static reconfiguration techniques currently in use have several shortcomings such as
scalability and compatibility issues, nonuniform shade dispersion, inconsistency, and exhibiting numerous power
peaks, which call for further research and improvement. The uniform dispersal of shade through efficient
reconfiguration smoothens the array characteristics by mitigating the LMPPs and further improves the GMP. So, an
intelligent reconfiguration strategy inspired by the concept of encryption has been proposed to maximize the extraction
of GMP and result in accurate tracking with negligible oscillations.

Almost all the existing works on array reconfiguration strategies and MPPT algorithms have been explored sepa-
rately by researchers up to date. Hardly there is no exploration or good research work on demonstrating the combined
advantages/benefits of employing both reconfiguration and MPPT strategies together. Hence, in this paper, the authors
proposed a novel hybrid image processing-based reconfiguration with an RBF neural network MPPT approach for
enhancing the global maximum power and effective tracking of the PV system. The novelty and main contributions of
the paper are as follows:

• For the first time, a hybrid reconfiguration and MPPT approach has been proposed to enhance and track the GMP
effectively.

• Contrary to contemporary approaches that disperse the shade randomly, the proposed encryption-based ruler trans-
form (RT) reconfiguration approach intelligently disperses the shade mitigating the correlation between adjoining
shaded panels in row, diagonal, and column-wise directions equalizing the irradiation and mitigating the mismatch
and LMPPs.

• A vast majority of the reconfiguration algorithms are applicable to only symmetrical PV array sizing. Further, the
existing ones, despite being scalable to most symmetrical arrays, exhibit nonuniform shade dispersion and inconsis-
tency. Hence, to validate the scalability and consistent superiority of the proposed reconfiguration algorithm for prac-
tical array sizes, a 5 � 7 PV array has been considered for the analysis.

• A novel radial basis function (RBF)-based neural network approach to predict the corresponding duty ratio of
the optimal GMP resulting in negligible oscillations around GMP under partial shading conditions has been
developed.

• The proposed RBF-based MPPT approach has been extensively studied under various uniform dynamic shadings
cases (such as Ropp irradiance, sine irradiance, and constant irradiance profiles) and five distinct nonuniform shad-
ing conditions.

• The performance of the proposed RBF has been compared with the conventional INC-based MPPT under distinct
considered shading conditions.

• Further, the ease and simplicity of tracking the GMP of the reconfigured PV array (without being stuck at LMPP) by
the conventional INC under partial shading conditions have been demonstrated and discussed in detail.

• The comparative analysis of the various performance metrics of the studied MPPT approaches under PS conditions
with and without reconfiguration has been presented.

The organization of the paper is as follows: Section 1 details the introduction. Section 2 details the
mathematical modeling of the PV system. The detailed procedure of the proposed methodology is explained in
Section 3. The MATLAB simulation results of the proposed methodology are provided in Section 4. Section 5 concludes
the paper.

2 | MATHEMATICAL MODELING OF SOLAR PV SYSTEM

The PV system majorly comprises PV array, boost converter, MPPT controller, and load. The following subsections dis-
cuss the modeling of these components.

RAO ET AL. 4399
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2.1 | Modeling of solar PV Array

This section introduces the PV panel's mathematical formula that can be represented by the one-diode model as shown
in Figure 1. Due to its simplicity, it is the widely used representation of the physical behavior of a PV panel.34

The current law can be used to determine the panel's output current that is obtained as follows:

I¼ Ig� I0 exp q
Vmþ IRsð Þ
aKT

� �
�1

� �
� Vmþ IRs

Rsh

� �
ð1Þ

where q is the electron charge, a is the ideality factor of the diode, Vm is the module terminal voltage, K is the
Boltzmann constant, and Rs and Rsh are the respective series and shunt resistances of the panel. Ig and Io stand for the
photon-generated current and reverse saturation current, respectively.35 The amount of irradiation that reaches the
panel surface determines the value of Ig, which fluctuates in accordance with the following formula:

Ig ¼ Isc0
G
G0

� �
1þβi T�T0ð Þð Þ RsþRsh

Rsh

� �
ð2Þ

where G is the actual incoming irradiation, βi is the temperature coefficient of panel current, and Isc0 is the panel's
short-circuit current at G0 = 1000 W/m2 and T0 = 25�C. Partial shading causes the value of radiation to fall below G0,
which leads to multiple LMPPs and a GMP peak.

2.2 | Modeling of boost converter

Boost converters are used to produce high continuous output voltages depending on the requirement.36 The input volt-
age is increased to a specified level using a power electronic switch. The inductor, capacitor, switch, and diode are the
four major components of a boost converter, as depicted in Figure 10. Whenever the switch is activated, the diode
becomes reverse biased, the current increases, and the load is supported by an inductor and switch. Whenever the
switch is turned off, the diode gets forward biased, and the current begins to discharge from the inductor, passes
through the capacitor to the load, and so forth. The boost converter is modeled as follows,36 where Vo and Vi, respec-
tively, are the input and output voltages, and D indicates the duty cycle given to the converter. The inductance of the
boost converter, Lb, is calculated as

Lb ¼Vin V0�Vinð Þ
ΔI �V 0 � f sw

¼ 131:5 300�131:5ð Þ
2:6635�300�5000

¼ 5:55mH

The capacitance of the boost converter, Cb, is calculated as

FIGURE 1 Equivalent circuit of PV cell.

4400 RAO ET AL.
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Cb ¼ I0 V 0�Vinð Þ
ΔV �V0 � f sw

¼ 23:35 300�131:5ð Þ
3�300�5000

¼ 874:32μF

where Vin and Vo are the input and output voltages of boost converter, Io is output current, ΔI and ΔV are the permissi-
ble current and voltage limits, and fsw is the switching frequency.

2.3 | Incremental conductance MPPT algorithm

The conventional INC algorithm finds the slope of power–voltage characteristics where the GMP is tracked by scanning
its peak.37 INC algorithm employs the instantaneous conductance I/V and INC dI/dV for tracking GMP. The INC algo-
rithm finds out the PV module's operating point on the P-V characteristics using these two data. The Equation (3) repre-
sents the operation of PV module at the GMP and Equation (4) represents the operation of PV module at the leftwards
of the GMP, whereas Equation (5) represents the operation at the rightwards of GMP in the power–voltage
characteristics.37

dI
dV

¼� I
V

At GMP ð3Þ

dI
dV

> � I
V

Left of GMP ð4Þ

dI
dV

< � I
V

Right of GMP ð5Þ

The aforementioned equations are derived from the concept that the P-V characteristics at GMP has a slope of zero,
as given in Equation (6)

dP
dV

¼ 0; At GMP ð6Þ

By rewriting Equation (6), the following equations are obtained:

dP
dV

¼ I
dV
dV

þV
dI
dV

ð7Þ

dP
dV

¼ IþV
dI
dV

ð8Þ

IþV
dI
dV

¼ 0 ð9Þ

The GMP is tracked using Equation (9) in the conventional INC approach, and the algorithm's flowchart is depicted
in Figure 2. The INC MPPT controller senses the voltage and current of the PV module. The duty ratio of the boost con-
verter has to be reduced if Equation (4) is satisfied, and vice versa if Equation (5) is satisfied. If Equation (9) is satisfied,
the duty cycle remains unchanged.

3 | PROPOSED METHODOLOGY

The ruler sequence also referred to as the Gros sequence or the ruler function is a conventional infinite integer series
formed through a recursive duplication procedure.38 For n = 1, 2, 3, 4, …, this sequence is typically described as the

RAO ET AL. 4401
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infinite integer series whose n th term, a(n), is to be the greatest power of 2 that divides 2n. The successive terms of the
sequence are as follows: {1, 2, 1, 3, 1, 2, 1, 4, 1, 2, 1, 3, 1, 2, 1, 5, 1, …}.

3.1 | Classical description of ruler sequence

The sequence σ (m) = σ (m)(1), σ (m)(2), σ (m)(3), σ (m)(4), …, yielding the lengths of the glue strings Sn
(m), appears to be a

ruler sequence because σ (m)(n) effectively relies solely on the (m + 1)-adic valuation of n.37 If m and n are positive inte-
gers, then the highest power of m divided by n is the m-adic valuation of n, jnjm. The series given by r = r(1), r(2), r(3),
r(4), …, is regarded as the standard example of a ruler sequence.

r nð Þ¼ jnj2þ1

Thus, the consecutive terms of the ruler sequence can be obtained as given in (10), where the bolded new record
entries occur at powers of 2. The authors sometimes use Thomae's function and the ruler sequence identically.39 In fact,
the ruler sequence can be regarded as a limitation of Thomae's function to the dyadic rationals, or rational numbers
with denominators that are powers of two. After a linear translation, the order of the exponents of the image of the set
of dyadic rationals by h, sorted from smallest to largest, coincides with the ruler sequence if the function is defined39 as
follows:

h xð Þ¼ 2�k

0

(
if x¼ p

2k
withpodd

otherwise

The ruler sequence after the linear transformation matches the sequence of exponents of the image of the set of
binomial rationals by h, ordered from smallest to largest. For example, restricting the binary rationale to those with
powers of n less than 4, the ordered image of h is

1
24
,
1
23
,
1
24
,
1
22
,
1
24
,
1
23
,
1
24
,
1
2
,
1
24
,
1
23
,
1
24
,
1
22
,
1
24
,
1
23
,
1
24

whose sequence of exponents is

FIGURE 2 Flowchart of conventional INC-MPPT algorithm.
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�4, �3, �4, �2, �4, �3, �4, �1, �4, �3,�4, �2, �4,�3, �4

By adding the highest absolute number plus 1, in this example 4 + 1 = 5, to each member of the sequence, the
series can be changed to produce positive integers:

1, 2, 1, 3, 1, 2, 1, 4, 1, 2, 1, 3, 1, 2, 1, 5 ð10Þ

Similarly, the infinite ruler series can be obtained by applying the same transformation to any value of n.

3.2 | Ruler transform-based image encryption

Encryption is defined as the process of encoding confidential images using cryptographic techniques so that only autho-
rized users can decipher them.40 There are three different types of image encryption methods: Substitution, permuta-
tion/transposition, and methods that combine both. While permutation schemes merely shuffle the pixel values
according to the algorithm, substitution schemes alter the pixel values. In the permutation process, the pixel coordi-
nates of an image are relocated using the matrix transformation.41 The transformation matrix developed by some inte-
ger series mitigates the pixel correlation effectively. The ruler sequence-based transform algorithm preserves uniformity
dispersing the neighboring pixels in a manner that they are all equally distant from each other offering the best encryp-
tion. A 2 � 2 matrix formed by four consecutive digits of the ruler sequence is totally unimodular effectively relocating
the pixels of a matrix and consequently can be employed for pixel scrambling via encryption. The general equation of
ruler transform is a chaotic mapping and is represented as

p iþ1ð Þ
q iþ1ð Þ

� �
¼ Ri Riþ1

Riþ2 Riþ3

� �
p ið Þ
q ið Þ

� �
modN ð11Þ

In Equation (11), p and q � {0, 1, 2, 3, …, N � 1}, {p(i), q(i)} and {p(i + 1), q(i + 1)} are the old and new coordinates,
respectively, Ri is i th term in the ruler series, ‘mod’ and “N” are the mod operator and size of digital image. By
employing ruler transformation, the original pixels of the matrix are replaced by the new ones. Further, denoting

Ri Riþ1

Riþ2 Riþ3

� �
as RTi, the subsequent transformation matrices of the ruler sequence can be formed as follows:

RT1 ¼
R1 R2

R3 R4

� �
¼ 1 2

1 3

� �
,RT2 ¼

R2 R3

R4 R5

� �
¼ 2 1

3 1

� �
, so on

FIGURE 3 Original and corresponding encrypted matrices obtained by the proposed strategy.
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The transformation matrices of ruler series can also take on numerous other forms for various i values. Additionally,
the scrambling effect is increased by iterating Equation (11) with subsequent operation.

p iþ1ð Þ
q iþ1ð Þ

� �
¼ Ri Riþ1

Riþ2 Riþ3

� �n p ið Þ
q ið Þ

� �
modN ,0n≥ 2 ð12Þ

The original and corresponding encrypted matrices obtained by the proposed strategy is shown in Figure 3. It is
noted from the figure that all the matrix elements are effectively rearranged having least correlation between them. The
generalized pseudocode of RT-based encryption is shown in Algorithm 1.

3.3 | Application of RT-based encryption in reconfiguration

The predetermined optimal configuration of the solar PV array is obtained using the RT strategy without altering
the electrical circuit/connections. Employing this decreases the effects of shading while retaining the electrical char-
acteristics of the PV array. The PV panels configured in a total-cross-tied (TCT) arrangement are physically dis-
placed based on the obtained encrypted RT-matrix pattern. The distinction between the topological architectures of
the conventional TCT and the proposed RT is illustrated in Figure 4. For instance, the PV panel designated “25” is
located originally in the second row and fifth column (i.e., between Node-B & Node-C) in the TCT configuration of
the array. After reconfiguration, this panel is placed in the third row and third column, that is, between Node-C
and Node-D based on the resultant encrypted RT matrix (shown in Figure 3), as illustrated in Figure 4. Besides,
employing the developed RT matrix, all the PV panels are appropriately reconfigured to disseminate the shadow
evenly over the complete array. For example, let us consider that the five panels (designated as PV55, PV43, PV31,
and PV24) of the first row of the reconfigured PV array experience shadowing. Due to reconfiguration, this row-wise

4404 RAO ET AL.

 1097007x, 2023, 9, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cta.3629 by N

ational Institute O
f, W

iley O
nline L

ibrary on [27/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



shade is dispersed uniformly to all the rows balancing the irradiance levels between the rows. This is because these
PV panels are placed physically in the first row however are connected electrically to different rows of the array.
Consequently, the suggested ruler transform-based PV array reconfiguration strategy mitigates the mismatch effec-
tively between rows under PS conditions.

3.4 | Radial basis function neural network-based MPPT

The proposed RBF neural network technique42 predicts the near-optimal duty ratio bringing the operating point of the
PV array close to MPP. The obtained near optimal duty ratio is then fed to the conventional INC algorithm as its initial
duty ratio. Further, the INC algorithm fine-tunes the estimated duty ratio to bring it to the GMP. This relieves the INC
from the problem of being stuck at the local maxima caused due to rapid climatic variations where the duty ratio
corresponding to GMP is rightly estimated by the RBF neural network NN (RBF NN) technique. The finally obtained
optimal duty ratio is given to the PWM generator, which produces the gating pulses to the boost converter to deliver
maximum power from the PV generator for a specified load.

3.4.1 | Radial basis function neural network

In recent days, intelligence-based ANN algorithms are becoming more and more prevalent for solving the most com-
plex problems in various fields of engineering. These algorithms are quite flexible in solving any kind of problem as
they don't require any detailed information regarding the system and its mathematical modeling. They function based

FIGURE 4 Topology reconfiguration based on encryption approach.
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on the input–output relations. RBF NN is an advanced tool employed in ANNs for classification and predictions based
on its training pattern.42

It is used commonly for curve-fitting tasks in multidimensional search space. It has an advantage over the widely
applied multilayer perceptron (MLP) network model that is designed as a unified computing nonlinear function of the
scalar product of the input and weight vectors. When compared to the popular MLP network model, it is advantageous
because it is built as a unified computational nonlinear function of the scalar product of the inputs and weights.
Because of this advantage, the designed model becomes a multidimensional search space problem for the surface that
offers the best fit to the training data.

The RBF NN consists of three layers: (a) Input layer, (b) hidden layer consisting of the Gaussian activation function,
and (c) output layer consisting of the linear activation function43 as shown in Figure 5. The hidden layer is the most
important of the three. The training of RBF NN consists of unsupervised and supervised learning. The unsupervised
learning is performed between the input layer (i) and the hidden layer ( j). In this, center (or mean, μ) and width param-
eter (or standard deviation, σ) for the Gaussian activation function at each hidden neuron must be computed. The com-
putation of these RBF centers is executed by using the K-means clustering algorithm. The center of each cluster at the
hidden layer is then initialized to different randomly selected training patterns (inputs). Further, each training pattern
is assigned to the nearest cluster at the hidden layer. This can be accomplished by calculating the Euclidean distances
between the training patterns and the cluster centers.44

Euclidean distance,ED x,cð Þ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

xi� cið Þ2
s

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x1� c1ð Þ2þ x2� c2ð Þ2þ x2� c2ð Þ2þ…þ xi� cið Þ2

q

where xi = training input patterns (x1, x2, x3, x4, …, xn) and ci = cluster centers (c1, c2, c3, c4, …, cn)
When all the training patterns are assigned, the average position for each cluster center is to be calculated. The cal-

culated average then becomes the new cluster centers (μ). The above procedure is then repeated until the cluster centers
remain unchanged for the subsequent iterations. Thus, the center (mean, μ) is calculated at each neuron of the hidden
layer. Later, the width parameter (σm) of each neuron of the hidden layer44 is computed using the following equation

σm ¼ 1
P

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXP
m¼1

jμmþ1�μmj2
vuut

where μmþ1 are the mean of node m+ 1 and μm are the mean of node m. Thereafter, the computed mean (μ) and stan-
dards deviation (σ) are substituted in the Gaussian activation function in order to obtain the output (oj) of each neuron
at the hidden layer.

FIGURE 5 Radial basis function neural network.

4406 RAO ET AL.
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Output of Gaussian activation function,oj ¼ 1

σ
ffiffiffiffiffi
2π

p exp
� x�μð Þ2

2σ2

" #

where x = input training patterns, μ=mean, and σ= standard deviation.
Following the execution of unsupervised learning, supervised learning is then performed between the hidden layer

( j) and output layer (k). In supervised learning, the weight matrix between the hidden layer and the output layer has to
be trained. In this process, the net value of the output layer is calculated and is used for computing the output of the
output layer by substituting it in the linear activation function.44

netk ¼
X
k¼1

Xn
j¼1

wjk �oj
� �¼w11o1þw21o2þw31o3þ……………:wn1on

In the output layer (k), the activation function used is linear activation function. Hence, the net value (netk) is equal
to the output value (ok),

FIGURE 6 Flowchart of the proposed radial basis function neural network.
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ok ¼ netk

After computing the output of the output layer, the error between the target output and the calculated output is to
be determined as follows

error,ε¼ tk�ok

where tk = target output and ok = calculated output.
If the obtained error is not within the tolerance limits, the change in weights is calculated and the weights are

updated to new values.

Change in weights,Δwkj ¼ η tk�okð Þoj

where η= learning rate, ranging from 0 to 1.

newweights, wnew
kj ¼wold

kj þΔwkj

The process is continued until the error reduces within the tolerance limits. The flowchart of the proposed RBF neu-
ral network is shown in Figure 6.

3.4.2 | RBF neural network

In order to obtain the training and testing data sets, a MATLAB Simulink model of the PV system without an MPPT
controller is developed. The model is tested under numerous uniform and nonuniform shading conditions and the opti-
mal values of duty ratio for the corresponding shading cases have been recorded accurately. The collected data is then
utilized for the training and testing of the RBF model. After collecting the data, the RBF NN is generated (as shown in
Figure 7A,B) by using the following command:

net = newrb (in, out, goal, spread, MN, DF) where the terms are expanded as follows:

net: created RBF NN

in: input data

out: target data

goal: mean squared error goal

spread: spread of radial basis function

MN: maximum number of neurons

DF: number of neurons to add between displays

The RBF NN is generated and trained using the training data till the error is reduced to the tolerance limit (1e�32).
The performance plot of generated RBF NN is shown in Figure 8. It is noted from the figure that the training error is
reduced to 6.92256e�32. Now, the neural network is tested with the testing data and the error is found to be very less.
The generated RBF NN is exported to MATLAB Simulink as a block using the gensim command as shown in Figure 9.

4 | RESULTS AND DISCUSSION

To substantiate the performance of the proposed methodology shown in Figure 10, it is tested and analyzed numerically
in a MATLAB environment (R2021a, 64-bit version, solver options: variable-step type, the solver is ode23tb stiff/TR-
BDF2 and relative tolerance is 1 � 10�6) with a resistive load of 12.85 Ω. The TCT-configured 5 � 7 PV array is con-
structed with 35 Kyocera KC200GT PV panels. The parameters of the overall PV system are grouped in Table A1 of

4408 RAO ET AL.
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Appendix A. The performance of the proposed RBF and conventional INC-based MPPT techniques has been investi-
gated under various environmental conditions such as uniform, nonuniform, and partial shading conditions. Besides,

FIGURE 7 (A,B) Code generated by RBF nntool in MATLAB.

RAO ET AL. 4409
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FIGURE 8 Performance plot of generated RBF NN.

FIGURE 9 RBF network developed using gensim in MATLAB.

FIGURE 10 RBF NN-based MPPT control of solar PV system.

4410 RAO ET AL.
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the Ropp test and sine radiation test have been employed to validate the proposed approach. The present analysis
majorly focuses the radiation effect alone because the radiation impact on the PV system is dominating in relation to
ambient temperature. The day-to-day sun's radiation typically has abrupt fluctuations. The comparison of performance
indices, oscillations around GMP obtained by the conventional INC and proposed RBF under Case-1 to Case-6, is given
in Tables 1 and 2, respectively. The performance analysis is carried out as follows.

4.1 | Analysis under uniform shading conditions

During the uniform shading conditions, all the panels of an array are uniformly shaded receiving lower irradiation
levels. The Ropp irradiation and sine irradiation profiles are popularly used to validate the effectiveness of the MPPT
controller in the tracking of GMP for gradual and impulse step variations in radiation. Further, it also comprises
steady-state conditions. The Ropp irradiation profile is significantly dynamic containing distinct gradual (linear rising/
falling slopes) and sudden/step variations, whereas the sine irradiation profile contains only gradual variations as
shown in Figure 11A,B. The sine profile is close to reality where the irradiation change couldn't be dynamic and may
vary gradually/nonlinearly unlike the Ropp profile. Both tests are conducted to examine the tracking of the MPPT con-
troller during sudden and changing irradiation rates at all sampling times. The output power obtained by the proposed
RBF approach for the corresponding Ropp and sine irradiation profiles is shown in Figure 11C,D. It is remarked from
the figure that the RBF-based algorithm tracks the GMP within 0.04 s for a step change in irradiation (from the zoomed
view of Figure 11C), and it tracks the gradual changes following the sine irradiation pattern accurately without any
delay (from Figure 11D). The obtained steady-state oscillations for the sine profile are less than 4 W as shown in the
zoomed portion of Figure 11D. Hence, it is remarked that the proposed RBF tracks the GMP rapidly with around zero
steady-state oscillations under uniform shading conditions.

The RBF neural network controller output curve is shown in Figure A1 of Appendix A. It is noted from the figure
that the proposed controller predicts the optimal duty ratio based on the training data and tracks the global power point
effectively and rapidly with fewer oscillations.

4.2 | Analysis under partial shading conditions

In practice, the PV arrays are commonly subjected to partial shading (PS) conditions where a part of the array receives
lowered irradiation while the remaining part receives maximum irradiation. This is mainly caused due to neighboring
buildings, rooftop chimneys, long trees, dust and snow accumulation, bird droppings, and so forth. Hence, it is essen-
tial to study the performance of the proposed reconfiguration scheme along with the novel RBF-based MPPT scheme
under PS conditions. The proposed scheme has been tested and analyzed for five distinct PS conditions shown in
Figure 12.

TABLE 2 Oscillations around GMP by INC and RBF with and without reconfiguration.

Shading case

Range of tracking oscillations in power output

Conventional INC RBF neural network

Before reconfig. % Osc After reconfig. % Osc Before reconfig. % Osc After reconfig. % Osc

Case-1 �60 W 1.46% 60 W 0.99% 16 W 0.32% 9 W 0.14%

Case-2 280 W 6.79% 83 W 1.42% 21 W 0.47% 10 W 0.17%

Case-3 220 W 4.77% 90 W 1.50% 36 W 0.65% 8 W 0.13%

Case-4 276 W 6.19% 31 W 0.53% 23 W 0.45% 9 W 0.15%

Case-5 227 W 5.97% 63 W 1.11% 24 W 0.55% 12 W 0.21%

Case-6 403 W 10.65% 41 W 0.76% 42 W 1.64% 22 W 0.40%

Note: % Osc = percentage tracking oscillations in output.

4412 RAO ET AL.
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4.2.1 | During Case-1 shading condition

In this case, the PV array experiences a rectangular shading pattern where the unshaded and shaded panels receive
1000 W/m2 and 500 W/m2 as shown in Case-1 of Figure 12. Due to this mismatch between the rows of the PV array,
the array exhibits an LMPP.

So, the conventional INC algorithm gets stuck at this LMPP and yields a suboptimal output of 4127 W as shown in
Figure 13A. The RT-based reconfiguration disperses the shade uniformly minimizing the mismatch to zero thereby
augmenting the GMP and eliminating the LMPP. Hence, the array characteristics are improved yielding the enhanced
GMP of 6018.3 W. After reconfiguration, the conventional INC is now able to track the GMP of 6018.3 W without being
stuck at LMPP (from Figure 13B). On the contrary, before reconfiguration, the proposed RBF doesn't get stuck at LMPP

FIGURE 11 Irradiation profiles of (A) Ropp test and (B) sine test, (C,D) corresponding output power obtained.

FIGURE 12 Various shading cases and respective shade dispersion obtained by RT-based encryption strategy.

RAO ET AL. 4413
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(unlike INC) and tracks the GMP of 4955 W, and after reconfiguration, it tracks the improved GMP of 6018.3 W. Even
though the conventional INC tracks the GMP effectively after reconfiguration, the output power oscillates within the
range of 60 W. Further, these oscillations are reduced to less than 9 W with the proposed RBF scheme for the rec-
onfigured PV array. It is noted from Figure 13 that the tracking speed of the INC algorithm is improved significantly
after reconfiguration. The RBF tracks the GMP of 4955 W for the non-reconfigured array, which is 21.46% less than that
of the reconfigured array.

4.2.2 | During Case-2 shading condition

In Case-2, the similar shading pattern studied in Case-1 is considered by slightly lowering the shaded panel irradiation
to 400 W/m2. When compared to the previous case, the reduction of irradiation levels by 100 W/m2 in the present case
causes significant oscillations by the conventional INC, which is up to 280 W (Figure 14A), whereas the oscillations in
Case-1 are up to 60 W. After reconfiguration, both the INC and proposed RBF successfully tracked the GMP of

FIGURE 13 PV array power obtained by (A) conventional INC and (B) proposed RBF under Case-1.

4414 RAO ET AL.
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5814.5 W due to the elimination of the LMPP. It is noted in Figure 14A,B that after reconfiguration, the GMP tracked
by both INC and RBF approaches is enhanced by 40.86%.

4.2.3 | During Case-3 shading condition

A triangular shading pattern with shaded panels receiving 500 W/m2 is considered in Case-3 of Figure 12. Before
reconfiguration, the PV array exhibits four LMPPs and one GMPP at 5493 W. Due to the numerous LMPPs, the INC
algorithm is stuck at one of the LMPPs and yields a lowered output of only 4613 W. However, after reconfiguration, the
concentrated shading has been effectively dispersed thereby equalizing the irradiations in all rows of the PV array. This
eliminates all the LMPPs and exhibits a single power peak in the array characteristics. Hence, the conventional INC
easily tracks the GMP (of 5980.5 W) as the problem of being stuck in the LMPP is evaded. Additionally, for the rec-
onfigured array, the oscillations in tracking are also greatly reduced compared to that of the non-reconfigured array.

FIGURE 14 PV array power obtained by (A) conventional INC and (B) proposed RBF under Case-2.
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Unlike INC, the proposed RBF doesn't get stuck at LMPP and employing it yields the GMP of 5980.5 and 5493 W for
the reconfigured and non-reconfigured arrays, respectively (Figure 15B). The steady-state oscillation of the proposed
RBF and INC approaches after reconfiguration is also predominantly reduced as shown in Figure 15A,B.

4.2.4 | During Case-4 shading condition

During Case-4, the same triangular shading pattern studied in Case-3 has been considered by slightly lessening the
shaded panel irradiation to 400 W/m2 (Figure 12). As noted in the previous case studies, the conventional INC gets
stuck in the local power peak operating the PV array at a suboptimal point delivering only 4453 W (Figure 16A). How-
ever, the reconfigured PV array yields only a single peak through its intelligent shade dispersion process and tracks the
GMP of 5805.7 W, which is 30.38% more compared to the conventional PV array. Similar to the previous case studies,
the RBF doesn't get stuck at LMPP. Further, the steady-state oscillations are also greatly reduced with the RBF before
and after reconfiguration (Figure 16B).

FIGURE 15 PV array power obtained by (A) conventional INC and (B) proposed RBF under Case-3.
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4.2.5 | During Case-5 shading condition

Under this case, a complex pyramid patterned partial shading condition is considered for validation where the shaded
PV panels receive the irradiation of 300 W/m2 (Figure 12). The PV array exhibits three LMPPs and one GMP in the
array characteristics. Once again, before reconfiguration, the conventional INC algorithm gets stuck at an LMPP track-
ing a suboptimal output of 3803.4 W (Figure 17A). Besides, the INC algorithm underperforms with a larger settling time
(Figure 17A) and yields the GMPP tracking oscillations of about 227 W. These drawbacks are rectified by
reconfiguration yielding the improved GMP of 5667.3 W with reduced oscillations. Further, using the RBF approach,
the GMP is tracked effectively before and after reconfiguration with comparatively lowered steady-state oscillations as
given in Figure 17B.

FIGURE 16 PV array power obtained by (A) conventional INC and (B) proposed RBF under Case-4.

RAO ET AL. 4417

 1097007x, 2023, 9, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cta.3629 by N

ational Institute O
f, W

iley O
nline L

ibrary on [27/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



4.2.6 | During Case-6 shading condition

During Case-6, a special shading case scenario is considered where the irradiance levels of the adjacent PV panels
(of the shaded portion) slightly vary in an increasing or decreasing order as shown in Figure 12. In this case, the
unshaded panels are considered to receive the irradiation of 913 W/m2 and the shaded ones receive the irradiations less
than that of 913 W/m2. The conventional and the proposed methods are tested under this case.

Under this case, the PV array exhibits three power peaks before reconfiguration in which the conventional INC gets
stuck in the local optimum yielding the output of 3784 W only (as shown in Figure 18A). However, the proposed RBF
tracks the global power peak effectively generating the output of 3945.1 W. Further, upon executing the proposed
reconfiguration strategy, the mismatch is significantly mitigated thereby eliminating the two multiple (local power)
peaks and enhancing the global power (shown in Figure 18B). Hence, the GMP is enhanced to 5418.5 W and its track-
ing becomes very easy and accurate without getting stuck in the local optimum. Even the conventional INC algorithm
(which is quite simple and cost-effective) is sufficient to track the GMP effectively under shading conditions.

FIGURE 17 PV array power obtained by (A) conventional INC and (B) proposed RBF under Case-5.
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For the overall analysis, it is remarked that before reconfiguration, there exist numerous LMPPs in the array of
characteristics and hence the conventional INC gets stuck at one of the LMPPs and yields suboptimal output. On con-
trary, the proposed RBF approach effectively tracks the GMP without being stuck at LMPP. Eventually, it is noteworthy
to state that after reconfiguration, the GMP is enhanced significantly due to the considerable mitigation of the mis-
match between the rows. Consequently, both the conventional INC and proposed RBF track the GMP effectively with
reduced steady-state oscillations. In comparison to the INC, the proposed RBF further yields fewer oscillations as
detailed. However, the recently developed advanced and sophisticated MPPT schemes based on neural networks, meta-
heuristic optimization, fuzzy logic, machine learning, and so forth, despite being efficient theoretically, are hardly
employed in the real-time applications of PV systems. In practical scenarios and commercial applications, most of the
PV systems are integrated with the conventional MPPT algorithms such as INC and P&O due to their simplicity and
cost-effectiveness. Hence, the conventional INC is sufficient to track the GMP of the PV array with reconfiguration but
with minimum steady-state oscillations. On the other hand, the proposed RBF can be deployed if the complexity and
economy are compromised.

FIGURE 18 PV array power obtained by (A) conventional INC and (B) proposed RBF under Case-6.
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The comparison of proposed RBF and proposed reconfiguration strategy with the state-of-the-art algorithms is
shown in Tables 3 and 4, respectively. Figure 19 depicts the GMP enhancement obtained by INC and proposed RBF
after reconfiguration.

4.3 | Overall comparison of proposed methodologies with existing ones

This section details the qualitative comparison of the proposed reconfiguration and MPPT strategies with what has been
presented in the literature, using specific parameters. The comparison of various reconfiguration strategies with the
proposed ones has been given in Table 5.

TABLE 3 Comparison of proposed RBF with the state of art MPPT algorithms.

Parameter CSA6 JAYA7 GWO8 PSO6 LPSO9
ACO-
NPU6

ACO-NPU-
PSO6

Proposed
RBF

Escapes local maxima Yes Yes Yes Yes Yes Yes Yes Yes

Tracking speed (s) 0.77 2.85 1.3 2.25 20 2.15 1.3 0.04

Tracking accuracy
(oscillations)

Yes (low) Yes (high) Yes (high) Yes (high) Yes (med) Yes (high) Yes (low) Almost
negligible

Tracking efficiency (%) 99.57 99.22 98.9 98.86 97.01 98.67 99.68 99.51

Algorithm complexity High High High High High Very high Very high Less

Implementation Medium Medium Complex Medium Complex Complex Complex Relatively
simple

TABLE 4 Comparison of proposed reconfiguration strategy with the state of art algorithms.

Parameter
EAR-
based23,24

Optimization-
based19–22

AI-
based25,26

Puzzle-
based28

Chaotic-
based29

Number-
based32

Shift-
based33

Proposed
RT

Scalability High High High Very low Very low High Very
Low

High

Shade dispersion Poor High Medium Medium Medium Very poor Medium High

Consistency Medium High Medium Poor Poor Very poor Poor High

No. of MPPs High Low Medium Medium Very high Very high High Low

Need for sensors
& switches

Very high High High Nil Nil Nil Nil Nil

FIGURE 19 GMP enhancement obtained by INC and proposed RBF after reconfiguration.
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4.3.1 | Comparison of proposed reconfiguration approach with state-of-the-art techniques

The effectiveness of the proposed reconfiguration in comparison to current state-of-the-art techniques in terms of sev-
eral parameters has been listed in Table 4.

• The proposed approach, in contrast to AI approaches13,14 such as fuzzy logic-based, does not need a switching matrix,
or optimal switching matrix selection, and further, avoids memory-related switching matrix operating difficulties.

• The EAR-based solutions23,24 need a controller to supply the power electronic switches with switching pulses that
correspond to the necessary shade dispersion. In addition, a large number of switching patterns are required to deter-
mine the best PV array reconfiguration strategy. Contrarily, the proposed method does away with the requirement
for them.

• The proposed methods circumvent the shortcomings of population-based meta-heuristic optimization algorithms19–22

such as wide dimensional search space, convergence issues, parameter choice issues, trapping at local optimum,
weighting factor screening difficulties, enormous computations, and increased processing time.

• The proposed approaches, in contrast to the current logic- and puzzle-based methodologies,28,31 are easily deployable
and suitable with all array sizes. Additionally, the presented configuration evenly and discriminately distributes the
shadow through the intelligence involved in its encryption-based approach procedure.

• There is a considerable mismatch within PV array when using chaotic techniques29 because of the extremely strong
correlations between the row-wise modules and the diagonally oriented panels. The proposed method, in contrast,
greatly reduces the row current mismatch in the array by significantly reducing the correlation between the adjoining
panels (in the column, diagonal, and row-wise directions).

• The proposed strategy effectively addresses a number of shortcomings of the previous magic square-based,30 and
sequence-based,33 approaches, including limited scalability, strong correlations between the diagonal arrangement of
modules, and inconsistencies.

• The contemporary OE32 and OEP32 approaches provide inconsistent performance with a strong correlation between
the subsequent panels row-wise, despite being extensible to any array size. The proposed approach, in contrast, not
only has global compatibility but also consistently functions effectively in shaded conditions.

4.3.2 | Comparison of proposed MPPT technique with state-of-the-art techniques

The effectiveness of the proposed MPPT strategy in comparison to current state-of-the-art strategies in terms of various
parameters has been listed in Table 4.

TABLE 5 Qualitative comparison of various reconfiguration strategies with proposed ones.

Technique C1 C2 C3 C4 C5 C6 C7 C8 C9

Conventional18 VH L - VH VH - - VL L

Optimization19–22 VH H H L L H VH VH VH

Puzzle-pattern28 L M M M M L - L L

Magic square-based30 VL M M M M L - L L

Sequence-based33 L M L H M VL - L L

Analytic-based32 VH M VL VH VH VL - M L

Chaotic-based29 M M M M H M - M L

Artificial intelligence13,14 H M VL H H M VH H VH

Electrical array reconfig23,24 M M VL H H M VH H VH

Proposed VH VH VH VL VL VH - L L

Note: (C1) compatibility, (C2) power yielded, (C3) shadow dispersion, (C4) row current difference, (C5) multiple power peaks, (C6) constancy, (C7) switches &
sensors, (C8) algorithm complexity, (C9) overall cost. (-): nil, V = very, L = low, M = medium, H = high.

RAO ET AL. 4421
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• The conventional MPPT algorithms despite being employed widely in the practical applications fail to track the
global power peak under shading conditions getting trapped in the local maxima in contrast to the proposed RBF
strategy.

• When compared to the existing metaheuristic optimization-based MPPT algorithms,6–8 the proposed strategy doesn't
involve gigantic computation procedures, parameter initialization challenges, computational burden, and conver-
gence issues.

FIGURE 20 Radar charts depicting the comparative performance analysis of various reconfiguration strategies.

FIGURE 21 Radar charts depicting the comparative performance analysis of various MPPT strategies.
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• Further, despite being effective, the hybrid-metaheuristic MPPT algorithms6 inherit more complexities than the indi-
vidual algorithm and hence the computational burden is considerably larger than the proposed strategy.

• Unlike the fuzzy logic rule-based computing MPPT techniques13,14 that necessitates the knowledge of the precise
model and the programmer's experience for periodic tuning, the proposed strategy is simple and easy in
implementation.

It is clearly evident from the Figures 20 and 21 that the proposed reconfiguration and MPPT strategies exhibit supe-
rior performance under shading conditions.

5 | CONCLUSIONS

In this paper, the respective intelligent encryption-based ruler transform (RT) reconfiguration approach and novel RBF
NN MPPT-based strategies are proposed to enhance and track the GMP accurately with the least steady-state oscilla-
tions. The proposed strategies are validated for a 5 � 7 PV array under various dynamic, uniform and nonuniform shad-
ings. The proposed RBF's results have been contrasted with those of the existing INC algorithm. The major conclusions
of the propose work are as follows:

• The INC algorithm gets stuck at local optima yielding poor performance before reconfiguration, but the proposed
RBF approach effectively tracks the GMP without being stuck at LMPP.

• After reconfiguration, the GMP is augmented significantly due to the mitigation of mismatch between the rows.
Hence, both the conventional INC and proposed RBF effectively track the GMP with fewer steady-state oscillations.
However, when compared to INC, the proposed RBF-based MPPT tracks with even lesser oscillations.

• Despite being theoretically effective, the recently developed sophisticated MPPT techniques that incorporate neural
networks, metaheuristic optimization, fuzzy logic, machine learning, and so forth are hardly used in real-time PV
systems applications due to many limitations, whereas for the proposed reconfigured PV array, a conventional INC
algorithm is sufficient to track the GMP but at the cost of a few steady-state oscillations. However, if complexity and
economy are compromised, the proposed RBF algorithm can be used for tracking.

• By employing the proposed reconfiguration scheme, the GMP tracking with the conventional INC is improved by
45.83%, 40.86%, 29.65%, 30.38%, 49.54%, and 43.19% for Case-1 to Case-6, and the tracking with the RBF-based MPPT
is improved by 21.46%, 30.86%, 8.88%, 13.69%, 31.41%, and 37.34%, respectively. The enhancement is more with INC
compared to that of RBF, as the INC algorithm gets stuck at LMPP without reconfiguration and tracks the sub-
optimal output resulting in tracking the misleading power.

Hence, the proposed novel RBF integrated-intelligent reconfiguration strategy proved to be an efficient solution in
mitigating the drawbacks of partial shading.

6 | FUTURE SCOPE

The proposed hybrid static reconfiguration-MPPT methodology can be further investigated for solar rooftop
residential setups, commercial, and large-scale PV installations. In the future, the dynamic array reconfiguration
strategies can also be integrated with the conventional and advanced MPPT strategies for maximizing and effectually
tracking the GMP.
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APPENDIX A

TABLE A1 Specifications of the overall PV system.

Component Parameter Symbol Rating

Kyocera KC200GT PV panel Power at GMP PGMP 200.14 W

Open circuit voltage Voc 32.9 V

Short circuit current Isc 8.21A

Voltage at GMP VGMP 26.3 V

Current at GMP IGMP 7.61 A

Boost converter Switching frequency fsw 5000 Hz

Load resistance RLoad 12.847 Ω

Capacitor Cb 875 μF

Inductor Lb 5.6 mH

DC link capacitor Cdc 50 μF

Load resistance Resistance RLoad 12.847 Ω

FIGURE A1 RBFNN-MPPT controller output curve.
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