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Abstract

Photovoltaic systems are the most mature and promising technology for the generation of clean electricity. However, due
to their non-convex, nonlinear, and multi-parametric characteristics, models and methods must be developed for optimizing
their operation in different environments and conditions for forecasting power and determining the efficiency of a PV plant.
Several algorithms have aimed at accurately defining the parameters and most of them focus on improving both exploration
and exploitation of the method by combining different techniques. On the other hand, a simple change in a model can improve
the accuracy of parameters. This study proposes a small alternation in the model, i.e., inclusion of synchronization inputs by
master-slave coupling between real and mathematical systems. The coupling was used with swarm mean-variance mapping
optimization (Swarm MVMO) metaheuristic method and applied to a photovoltaic module model (PVM) for different temper-
ature and irradiance measurements. The results showed an improvement in the estimated parameters after the aforementioned
inclusion in comparison with another method from the literature.

Keywords Swarm MVMO - Photovoltaic model - Photovoltaic system - Parameter estimation - Metaheuristic method -
Master-slave coupling

1 Introduction

Photovoltaic (PV) systems are the most mature and promis-
ing technology for electric power generation in the clean
energy portfolio (Gao et al. 2021) and have excelled in
the world energy matrix (Lopes et al. 2021). In Brazil,
the PV installed power, with 39.8 GW (17%), has become
the second source of energy in the electrical energy matrix
and is expected to become the first in 2040 (ABSOLAR
2024). Toward supporting its management, numerical meth-
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ods have been adopted for predicting photovoltaic power,
which depends on the accuracy of the model parameters, of
which the correct ones can enhance efficiency in a new project
or accurately depict the system’s operation in a real-world
scenario. That is crucial, since the characteristics of PV cells
can change over time due to factors such as aging, degrada-
tion, failures, maintenance, dirt, soil, and weeds (Hara et al.
2022).
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The main approaches for parameter estimation of PV mod-
els are analytic, numeric, and metaheuristic methods (Huynh
et al. 2022), of which the former represents the PV model by
mathematical equations for finding the unknown parameters
using datasheet information (Xu 2022). The analytic method
generalizes all /-V curve measurement data using selected
points. If a point assignment is incorrect, the error of the
estimated parameter can be significant (Long et al. 2020).
Simplicity, computational efficiency, and easy implementa-
tion are its advantages, since only one iteration is required for
the obtaining of a desired result (Tchakpedeou et al. 2022).

Numerical methods usually adopt nonlinear program-
ming algorithms to identify unknown parameters (Diab et
al. 2020). The estimated parameters are obtained by /-V and
P-V curve fitting through error minimization between mea-
sured and estimated data (Jiao et al. 2020). The accumulation
of errors between the points decreases the precision of the
parameters, and drawbacks associated with those methods
include considerable computational efforts, difficult selec-
tion of appropriate initial parameters for the algorithm, and
their vulnerability to local optima (Ridha et al. 2022; Kumar
and Magdalin Mary 2022). Some numerical methods applied
to PV models can be found in Calasan et al. (2021) and
Sharadga et al. (2021).

Metaheuristic methods are some of the most efficient
techniques for estimating the parameters of PV systems
(Abdel-Basset et al. 2022). The estimation of unknown
parameters is based on global optimization algorithms, which
offer robust solutions to complex problems and achieve satis-
factory results in comparison with analytical and numerical
methods. Their main advantages are no restriction on the
objective function continuity and simple implementation
(Xiong et al. 2021; Luo and Yu 2022; Paul et al. 2022).

Most research on the estimation of parameters of pho-
tovoltaic systems focuses on the combination of different
metaheuristic algorithms toward improving both exploration
and exploitation of the method. Ramadan et al. (2022) com-
bined a hunter-prey and wild horse optimizer for estimating
the three-diode model (TDM) parameter based on root-
mean-square error (RMSE) and Abdel-Basset et al. (2022)
mixed generalized normal distribution, marine predator, and
whale optimizer for estimating the parameter of single-diode
model (SDM) and double-diode model (DDM). Batzelis
et al. (2022) proposed using the Euclidean distance metric
instead of a current distance one in the objective function.
The approach seems useful especially when the measure-
ment is noisy, although a small improvement in RMSE is
achieved. The aforementioned studies aimed at improve-
ments in the algorithm, disregarding modifications to the
model. However, an improvement in parameter estimation
can be achieved through small changes to the model equation.
Xu (2022) proposed a simplification of the model, trans-
forming the nonlinear problem into a linear one. Although
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small improvements were achieved in relation to RMSE,
the computational burden decreased, which would be use-
ful for online applications. Huang et al. (2020) designed an
approach that included a pre-treatment of model parameters
prior to estimation. Based on a sensitivity analysis, an index
first identifies parameters of greatest influence on the model
output, which are then estimated by HCSS algorithm. The
advantage of the approach is the possibility of evaluating the
model parameters prior to estimation. New research included
the parameter for photovoltaic systems under shading con-
ditions (Ma et al. 2022) and for bifacial modules (Ahmed et
al. 2023). Ma et al. (2022) divided SDM into two stages for
including a bypass diode and Ahmed et al. (2023) included
an extra parameter (additional series resistance) in the model
toward considering the extra power gain for the bifacial mod-
ule.

This paper proposes a new small change to the PVM model
by including a master-slave coupling (Cari et al. 2009) toward
improving the accuracy of the estimated parameters. Swarm
MVMO, a metaheuristic method, estimated the parameters,
and a sensitivity analysis (SA) selected the best synchroniza-
tion input in the model.

1.1 Contributions

The main contributions of this research are i) proposal of a
master-slave coupling in PVM for improving the accuracy
of estimated parameters, ii) development of a new Swarm
MVMO for exploration and exploitation searches of photo-
voltaic system parameters, and iii) a comparative analysis
of the results with those from previous research and swarm
MVMO with and without synchronization coupling.

2 Photovoltaic module model

The models mostly adopted for representing PV systems are
SDM, DDM, TDM, and PVM. The first three employ a single
PV cell and the fourth uses a complete PV module (Abdel-
Basset et al. 2022; Gao et al. 2021; Ramadan et al. 2022).
SDM is the most adopted one due to its simplicity, precision,
and fewer computational efforts (Huynh et al. 2022; Yu et al.
2022b). In a cell represented by SDM (Fig. 1a), its photo-
generated current (/,),) expresses the irradiance level at the
cell (Maetal.2022) and I; denotes the diffusion current at the
P-N junction of the diode. The series resistance (R ) accounts
for the contact resistance among silicon and electrode sur-
faces, electrode resistance, and current flow resistance, shunt
resistance (Ryj,) represents the leakage current of a P-N junc-
tion diode by the shunt current (/;,) (Ramadan et al. 2022;
Eslami et al. 2022), and I, and V, are the cell output current
and voltage, respectively.
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(a) PV cell by SDM

(b) PV module

Fig.1 PV power generation units: 1a) cell and 1b) module, both based
on SDM (Adapted from Tong and Pora (2016) and El-Naggar et al.
(2012))
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Fig. 2 PV module model (PVM) electrical circuit (Adapted from
Nguyen et al. (2022))

This section focuses on the electrical circuit and math-
ematical equations of PVM addressed in the next section
for parameter estimation. SDM, DDM, and TDM equations
are not provided due to space limitations. However, the pro-
cedure reported in the next section can be applied for those
models only by changing the proper input, output, and param-
eter vector. A PV module (Fig. 1b) is typically composed of
interconnected cells, where [,,, and V,, denote module out-
put current and voltage, respectively. Once such cells are
represented by SDM and assuming all cells are identical
and receive the same irradiance level for producing the same
current and voltage, PVM shows, in a single circuit, the com-
bined effects resulting from the cells’ connection (Fig. 2),
where n; and n,, are number of cells in series and parallel
connection, respectively.

The circuit in Fig. 2 is modeled in:

=0
(1)

q(vm"'Rmzlm) }_1 }_ Vm+Rsm Im

Lopm—Ism § €x
phm Sm{ P |: amkTy, Rsnm

where Ipp;, is the module photo-generated current, I, is
the module diode reverse saturation current, Ry, and Ry,
are module series and shunt resistances, respectively, a,, is
the module equivalent diode ideality factor, 7}, is the module
temperature (K), ¢ is the electron charge (1.60217646 x 10717
O), and k is Boltzmann constant (1.3806503 x 10723 J/K).
PVM has five unknown parameters, namely /pnm, Ism, Rym,
Rshm, and a,,. Equation (1) can be modeled by a system
according to:

0= f(u,y, p) @)

where u = [V,,] is the input vector, y = [[,,] is the output
vector, and p = [ ppm, Lsm, @ms Rym, Rspm] is the parameter
vector.

3 Master-slave synchronization for
parameter estimation

The parameter estimation problem is formulated as an opti-
mization problem in which a parameter fitting algorithm
minimizes fitness function (objective function) J(p), as
described in:

1 N
— . _ 2
J(p) = N E r —y(p) 3)

j=1

where N is the sampling number and y, and y are the out-
puts of real system and mathematical model, respectively.
A simple incorporation of some output of the real system
in the mathematical model (uy,,) enhances the estimation
process. Such a type of coupling is known as master-slave
synchronization and has been used in communication sys-
tems (Gameiro and Rodrigues 2001) (see Fig. 3) and for
estimating parameters of chaotic systems (Cari et al. 2009).

Master
u Yr
—T P Real system 1
I
Synchronization input 3
=i —m
- Uy Slave
Ly

L ) Math. model y
—P 0 =f(u’ usyn ’y’p)

p | Parameter fitting
algorithm

Fig.3 Master-slave synchronization
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After the inclusion of synchronization inputs, the param-
eter estimation problem can be seen as a synchronization
one, in which the slave system output synchronizes with the
master system after the application of the parameter fitting
algorithm. More information about master-slave synchro-
nization can be found in Gameiro and Rodrigues (2001).

4 Swarm Mean-Variance Mapping
Optimization

Mean-variance mapping optimization (MVMO) is a meta-
heuristic algorithm that uses concepts of evolutionary algo-
rithms, such as selection, mutation, and crossover applied
to a strategic transformation of mutated genes from off-
spring based on mean-variance of the n-best population.
It expands the original MVMO using swarm-based meth-
ods and a multi-parent crossover strategy toward enhancing
search diversity while maintaining a trade-off between explo-
ration and exploitation (Rueda et al. 2015). Figure 4 displays
detailed concepts of Swarm MVMO, where i is the function
evaluation counter, c is the particle counter, m is the number
of particles, i 4y is the maximum number of fitness function
evaluations, and rand is a random uniform number between
[0, 1].

4.1 Setup

The setup stage initializes with the definitions of m, number
of parameters to be estimated ( p,,) and that constitute an indi-
vidual, number of individuals in each particle (X}, ), and range
of lower (p,in) and upper (pqx) bounds of each parame-
ter. Individuals are randomly generated between limits p,,;,
and py,q, for each parameter. The values are then normal-
ized in space [0, 1] for guaranteeing the offspring generation
stage never violates the limits. The values of i,,,,» and m are
determined by:

imax = 10000.p, “4)
m = 15.p, (5)

where factors 10000 and 15 are based on statistical tests,
evaluation of convergence performance, and the final solution
quality, according to recommendations of Rueda and Erlich
(2013).

4.2 Fitness evaluation

At this stage, all parameter values of each individual and
particle are de-normalized from [0, 1] to their original val-
ues. The procedure begins with the loading of measured data
from the PV module for which the parameters will be esti-
mated and calculates the output current for each individual

@ Springer

Initialize algorithm parameters.
Generation and normalization of initial population.
i=0

KC200-GT dataj=| PVM |

!

| Fitness function J(p) |

Classification of good and bad
particles and parent selection

Multi-parent crossover
based on a subset of
good particles.
I l [
Mutation through mapping of m selected
dimensions based on mean and variance.

i| Single parent crossover
i| based on local best.

c=ct+1l [~
izimax yes ( Stop )

Fig. 4 Swarm MVMO algorithm (Adapted from Sager and Erlich
(2017))

no

in all particles according to the model in (1) and the objective
function in (3).

The solution archive works as adaptive memory and stores
the n-best results based on the fitness function, ranked in an
ascending order from lowest to highest. The global best is the
individual with the best value of all particles and the local
best is the best in a particle. The archive is updated only when
a better fitness value has been identified, and both mean and
variance for optimization variables are computed and stored.
The recalculation of mean and variance values is required
when a solution has been removed. Such factors are used as
inputs for the mapping function to generate new offspring.
Figure 5 illustrates the solution archive for the PVM model
which has five unknown parameters (p, = 5), where X is
one of the individuals of the particle and p; is one of the
parameters of the individual.
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Fig.5 Swarm MVMO solution archive for PVM (Adapted from Rueda
and Erlich (2013))

4.3 Offspring generation

As shown in Fig. 6, the offspring generation stage begins with
the categorization of all particles. Each particle is represented
by its respective individual with the smallest value of the
objective function (local best). Subsequently, the particles are
ranked according to their local best values and two distinct
groups, namely good group (GG) and bad group (BG), are
formed. GG comprises 20% of the top-performing particles,
determined by their optimal local best values, whereas BG
consists of 70% of the lowest-performing particles, based
on their local best (worst values). Additionally, 10% of the
particles located between GG and BG remain unchanged for
ensuring diversity. The percentage value for the separation
of particles into GG and BG was based on experiences and
is recommended for most applications. In GG, the parent for
the next generation (X5"“"") is the global best individual
(X;), as described in:

Xgarent — Xl (6)
whereas for BG, the parent (X garem) is selected by a multi-

parent strategy aimed at enhancing performance by balancing
exploration and exploitation according to:

XA = X+ B(Xi — X)) 7

where XP97¢" ig the parent for GG or BG, respectively, in
generation n, X; is the global best particle in GG, X is the
last good particle in GG, X, is arandom intermediate particle
between X; and X; in GG, and B is a random number for
re-drawing any element outside the [0, 1] range.

Some genes contained in vector X?4"°"" are randomly
selected by mutation in the mutation process. A new indi-
vidual child X"¢" is generated from X5 “"" and X5*""

m particles ranked according to their local best

best (20% J|unchanged [T A @RS
| good particles particles | bad particles |
£ * (10%) o=
= global X; random last first Xp global
= best good good bad worst
B (X)) (X)) (X)
g | | _ _ _ _ _ _ _

!
[xXe™"=x,] X" "X (X-X,)|

Mutation process

= IF Gens selected - — — — 1
| | for mutation I |

Yy 4 4 {
X2 pp:]Ps p4p5] X3 "“E([pP:Ips p4p5:|

Generation n

)4 D3 )4 D3
Mapping Mapping
function function

ptne L= . plne - l

i i
0 7 1 0 7 1
(rand) (rand)

Pl P53 iP5

X" | PET PP palps]| | X " [PETpIPE palps)|

Generation n+1

Fig. 6 Detailed scheme of offspring generation (Adapted from Rueda
and Erlich (2013))

through an alteration in the genes selected for mutation by
the mapping function, described for the n+/ generation in:

PP =hp+ (1 —hy + ho)pj — ho (®)
hp =h(pi = Pl*)

ho = h(p; =0)

hy = h(pi =1) )

h(pi. 5152, pi) = i1 = €77 4 (1 = py)e™ 7P
(10)
1 or 2 = —In(vi) fs (11

where &, b1, and hy are the outputs of the mapping function,
pi is the mean of a parameter, p; is arandom number between
[0, 1], and s1 , 2 is the shape factor based on variance v; of a
parameter and scaling factor f;, which enables an automatic
adjustment of 51 ,, 2 throughout the iterations.

The newly generated individual (X"¢") is incorporated
into its corresponding particle, such that each particle com-
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prises X,, 4+ 1 individuals (non-applicable to particles that
remain unchanged). Subsequently, all X,, 4 1 individuals of
each particle undergo a fitness evaluation and are re-ranked.
The least fit individual is then removed. At this moment, the
number of individuals in each particle returns to its original
value (X,,) and the process starts again in a new iteration. The
mapping function is the core of MVMO and uses statistical
attributes of the search dynamics by mutation operation based
on the mean and variance of the n-best solutions attained,
which are saved in a continually updated archive. Figure 6
shows the scheme of good and bad group sizes and the process
for the next parent generation, random selection for mutation,
and mutation by the mapping function. The PV parameter
estimation process by swarm MVMO ends when the maxi-
mum number of function evaluations has been reached. More
information on MVMO can be found in Rueda and Erlich
(2013).

5 Results and discussion
5.1 Measurement data and setup

For comparison purposes, datasets from KC200-GT mod-
ule, which has 54 multi-crystalline cells and 200 W of power,
were used. The data obtained in Huynh et al. (2022); Nguyen
et al. (2022); Yu et al. (2022a,b) are composed of real volt-
age and current (V,, , and I, ,) at the output of the module.
Such measurement data are widely used and replicate con-
ditions akin to real-world operational scenarios that account
for fluctuations in temperature and irradiance levels through-
out the day. This study encompassed seven distinct cases, as
shown in Table 1. The settings of swarm MVMO algorithm
are provided in Tables 2 and 3, which show the parameter
search region adopted in this research and in Nguyen et al.
(2022), Yu et al. (2022b), and Yu et al. (2022a).

MATLAB R2022b and 8th Gen Intel®Core™ i7-8565U
@ 1.80 GHz 1.99 GHz, 16 GB RAM laptop were used for the
simulations. Swarm MVMO was run 30 times for all cases.
Table 6 of Appendix details the real measured data (V,, » and
Ly.») in columns 2 and 3 and the estimated magnitudes of
current (/,,) and power (P,,) in columns 4 and 7 obtained by
swarm MVMO for all cases.

Table 1 Study cases—KC200-GT dataset

Cases 1 2 3 4 51 6 7

Tn (°C) 25 25 25 25 25 50 75
G(W/m?) 200 400 600 800 1000 1000 1000

! Standard test conditions (STC)

@ Springer

Table 2 Setup of Swarm MVMO

Description Value
Number of parameters to be estimated (p;,) 5
Number of individuals per particle (X,,) 51
Max. number of fitness evaluation (i,,4y ), (4) 50000!
Number of particles (m), (5) 75!
'Rueda and Erlich (2013)
Table 3 Parameter search regions
Search region Iphm Ism Rsm Rshm am
(A) (72 VEN(Y)) (€2) )
In this Pmin 0 0 0.01 100 54
study Pmax 10 50 0.5 1000 108
Ref.! Pmin 0 0 0.01 100 1
Pmax 10 50 0.5 1000 60
Ref.z Pmin 0 0 0 0 1
DPmax 02x L 50 2 5000 4

! Nguyen et al. (2022)

2 Yu et al. (2022b) and Yu et al. (2022a)

3 Ie is the short-circuit current from the manufacturer’s datasheet with
value of 8.21 A

Table 4 Parameters ranked according to their influence on the output
for case 5

Higher <« Lower
[10y/9pill 3.69E + 9 11.55 3.42 1.98 0.0017
Di Lsm Rsm Iphm Aam Rsim
2 : : : : : : :

oy
dlphm 1

8L ‘ ‘ ‘ ‘ ‘ ‘
2 4 6 8 v 10 12 14 16

Fig.7 Sensitivity function of y regarding pnm, Rsm» Rsnm, and

5.2 Sensitivity analysis of PVM

Prior to the estimation of the model parameters, a sensitiv-
ity analysis quantified the influence of each parameter on
the output. Partial derivatives dy/d p; of case 5 (STC) were
calculated for such a purpose (see Figs. 7 and 8).

The parameters were ranked according to their influence
on the model output by calculating |[0y/d p;|| (Table 4),
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Fig.8 Sensitivity function of y regarding I,

where Rgp;, shows an extremely low influence and, there-
fore, must be the harder parameter to be estimated.

The recognition of the parameters ranked according to
their influence on the output serves for the selection of the
master-slave coupling in the next stage.

5.3 Swarm MVMO and master-slave synchronization

Figure 9 shows the application of swarm MVMO with

(Im.r) was used as a synchronization output of slave system
(ttsyn = [In,r]) and replaced some variables in PV model.
The best result was obtained by substituting /,,, - in part of
the equation associated with parameter Rjp,,, which agrees
with the sensitivity analysis shown in Table 4, since Ry, is
the most difficult parameter to be estimated. The choice of
best place for the replacement of master-slave coupling is still
open research. More information can be found in Gameiro
and Rodrigues (2001).

5.4 Comparison of the results according to the
minimum RMSE

Swarm MVMO estimated the parameter of the model (1) with
the algorithm setup of Section 5.1. Table 5 shows the results
without (MVMO) and with master-slave synchronization
(MVMO;y,,) including those of Nguyen et al. (2022) with
artificial ecosystem-based optimization (AEO) and cuckoo
search algorithm (CSA), Yu et al. (2022a) with Laplacian
Nelder-Mead Hunger Games Search (LNMHGS), and Yu
et al. (2022b) with orthogonal learning gradient-based opti-
mization (OLGBO). The lowest RMSE is highlighted in gray.
The numbers expressed with exponent a should be multiplied

master-slave synchronization. The output of master system by 10~ and those with b should be multiplied by 1012,
Fig.9 Swarm MVMO and u=1[V Master y=11,,1
master-slave looping ’ Real system 1 i
U = L, | :
TSlave T
1y
0=1, hm = Ism explq (V + RsmI ) 1 Rsm+Rshm ,,,,
< {[akT ]}RS,,,,,(S,,,,,
p= [Iphm s Lo s Ro s R » am] Swarm
MVMO
‘ ‘ ‘ ‘ ‘ ‘ 220 — : : :
10+ ——Measured e Estimated| 200 L|—— Measured 1000 W/m
9 TR _ 1000 W /m? 180 || @ Estimated
o N 160 |
< Z’= el 200 W/m £ 10
£ .l 600 W/m — 120
05 ¢ & > . < 100 ¢
3 4r 400 W/m L 80
O g i 60 |
2t 200 W /m? 401
1 20 -
0 0

15 20 25 30 35
Voltage (V)

(a) I-V curve

10

15 20 25
Voltage (V)
(b) P-V curve

10

Fig. 10 Data measured and estimated by MVMOy,,—cases 1 to 5: T, = 25° C
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Table 5 Parameters estimated
by swarm MVMO without and
with master-slave coupling
(MVMOyy,,) and reference
values from the literature

@ Springer

Algorithms Tphm I R Rspm am RMSE
(A) (uA) Q) () )
Case 1: T}, = 25° C and G = 200 W/m?
MVMO 1.6448 0.0004 03115 814.00 54.0062 12.56%
MVMOyy, 1.6442 0.0018 0.2189 999.64 58.0377 4,020
AEO 1.6459 0.0002 0.3504 744.27 52.4265 3.57¢
CSA 1.6469 0.0002 0.3478 745.24 52.6258 8.47¢
LNMHGS 1.6477 0.0022 1.1275 700.55 1.0000 14.23¢
OLGBO 1.6460 0.0011 0.4218 708.36 1.0453 14.35¢
Case 2: T}, = 25° C and G = 400 W/m?
MVMO 3.2850 0.0016 0.2882 514.27 57.5265 67.12¢
MVMOyy, 3.2833 0.0123 0.2284 819.00 63.5399 2.60°
AEO 3.2909 0.0003 0.3393 385.39 53.2043 10.39¢
CSA 3.2936 0.0002 0.3490 360.83 52.2725 22.86¢
LNMHGS 3.2898 0.0003 0.6921 723.40 1.0000 13.36¢
OLGBO 3.2888 0.0006 0.4946 727.82 1.0185 13.50¢
Case 3: Tj, = 25° C and G = 600 W/m?
MVMO 4.9284 0.0018 0.2944 321.32 57.7218 81.00¢
MVMOy,, 4.9078 0.0213 0.2435 959.46 65.0639 2.19%
AEO 4.9354 0.0005 0.3248 263.92 54.3055 34.764
CSA 4.9332 0.0006 0.3202 275.65 54.7780 39.14¢
LNMHGS 4.9339 0.0055 0.2720 739.38 1.1141 13.49¢
OLGBO 4.9332 0.0093 0.1763 748.76 1.1296 13.53¢
Case 4: T;, = 25° C and G = 800 W/m?
MVMO 6.5541 0.0052 0.2962 370.33 60.5624 195.86¢
MVMOyy, 6.5606 0.0283 0.2644 429.81 65.8660 2.51b
AEO 6.5830 0.0002 0.3449 188.37 52.7955 60.01¢
CSA 6.5672 0.0004 0.3393 228.51 53.7400 81.88¢
LNMHGS 6.5715 0.0007 0.4593 783.40 1.0415 12.98¢
OLGBO 6.5695 0.0033 0.2558 806.58 1.0807 13.45¢
Case 5: Tj, = 25° C and G = 1000 W/m?
MVMO 8.2113 0.0014 0.3250 207.02 56.9562 134.87¢
MVMOyy, 8.1780 0.0422 0.2781 588.57 67.1086 2.16°
AEO 8.2296 0.0002 0.3471 149.29 52.4677 11.24¢
CSA 8.2258 0.0004 0.3394 158.94 53.8729 74.30¢
LNMHGS 8.2133 0.0008 0.4757 761.91 1.0568 12.06¢
OLGBO 8.2150 0.0055 0.2854 840.75 1.1116 14.08¢
Case 6: T), = 50° C and G = 1000 W/m?
MVMO 8.3377 0.0440 0.3243 190.58 61.2457 120.81¢
MVMOyy, 8.3147 0.2437 0.3006 507.99 67.2539 0.240
AEO 8.3530 0.0097 0.3469 148.33 52.3781 49.60¢
CSA 8.3297 0.0182 0.3404 198.02 54.0258 103.70¢
LNMHGS 8.2970 0.0703 0.3682 826.13 1.0872 14.47¢
OLGBO 8.2876 0.1407 0.3411 2464.6 1.1258 36.83¢
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Table 5 continued

Algorithms Tphm I Ry, Rspnm ay RMSE
(V) (uA) () (€) )
Case 7: T;, = 75° C and G = 1000 W/m?
MVMO 8.4689 0.2982 0.3476 170.34 61.3552 93.27¢
MVMO;y, 8.4566 0.5610 0.3371 229.59 63.6824 0.03%
AEO 8.4684 0.3348 0.3453 173.12 52.8979 102.70¢
CSA 8.4546 0.4122 0.3417 210.47 53.5438 112.52¢
LNMHGS 8.3801 1.2725 0.3503 638.15 1.0846 27.94¢
OLGBO 8.3803 1.2416 0.3509 625.40 1.0829 28.06¢
o] 7 220 ; ;
200 | |—— Measured 950 (1
9 il 180 L| o Estimated X |
8 ]
—~ & 25° C 160
< i g 140 +
= 6 1 Z 120}
g 5 1 S 100
5 4 1 L 80y
© 3 . 60 L
2t 1 L
1 ——Measured 4210
|| o Estimated | Or
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Voltage (V) Voltage (V)
(a) I-V curve (b) P-V curve
Fig. 11 Data measured and estimated by MVMOy,,—cases 5 to 7: G = 1000 W /m?

In all tested cases, swarm MVMO with master-slave cou- 3.5 T MVMO : c z
pling (MVMO;,,,) showed the lowest RMSE, as expected, 3l ’_ sync: 1/a8€ 9] |
since the model seems to be closer to the real system when
a synchronization input of master-slave coupling is used. I- 2571
V and P-V comparing curves for cases 1 to 5 and 5 to 7 9|
are shown in Figs. 10 and 11, respectively, and the RMSE &
evolution of MVMOyy,,, in case 5 is displayed in Fig. 12. =15t

1
6 Conclusions 05 1
0 L | T T
0 1 2 3 4 5

This paper addressed the introduction of a master-slave cou-
pling in PVM model toward increasing the accuracy of its
estimated parameters. The technique is based on the substi-
tution of some outputs of the real system in the mathematical
model for approaching both systems. A sensitivity analysis
supported the calculation of synchronized inputs and, accord-
ing to it, Ry, was the parameter of least influence on the
model output, hence, the most difficult to be accurately esti-
mated. A synchronization input was then proposed in a model
term associated with such parameter. Master-slave coupling
was used with swarm MVMO for estimating the parameter
of PVM from different temperatures and irradiance scenar-

x104
Fitness func. evaluation (from i to i, - Eq. 4)

Fig. 12 RMSE evolution of MVMOyy,, in case 5

ios and compared with other references. In all the cases, the
proposal achieved the lowest RMSE. Although the applica-
tion of master-slave coupling focused on PVM, it can also be
adopted in other PV models. Such topics, including analysis
of the best coupling, which is still an open problem, have
been addressed in ongoing research.
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Appendix Measured and estimated data

Table 6 Comparison between measured and estimated data by Swarm
MVMOyy,, for 7 cases

No Vm,r Im,r I [Lgel Pm,r Py, [ Pael
V) @ A @ (W) (W) W)

Case 1: T,, = 25°C and G = 200 W/m?

1 3069 002 002 000 0.61 0.61 0.05
2 2950 0.80 0.81 0.01 23.60 2390 0.20
3 28.19  1.27 1.26  0.01 3580 3552  0.17
4 26.73 149 148 0.01 39.83 3956  0.16
5 2492 158 1.58 0.00 3937 3937  0.02
6 22.61 1.61 1.61 0.00 3640 3640 0.02
7 20.10 1.62 1.62 0.00 3256 3256 0.06
8 15.03 1.63  1.63 000 2450 2450 0.08
9 10.03 1.63 163 0.00 16.35 16.35  0.02
10 5.03 1.64 164 000 825 8.25 0.01
11 0.09 1.65 164 001 0.15 0.15 0.00
Sum 0.04 0.85
RMSE 0.01 0.15

Case 2: T), = 25° C and G = 400 W/m?

1 31.65 0.01 0.00 001 032 0.00 0.32
2 30.67 1.14 1.16  0.02 3496 3558 0.61
3 29.69 197 1.96 0.01 5849 58.19 0.30
4 28.18 272 269 003 7665 7580 0.85
5 26.65 3.05 3.02 003 8128 80.48 0.80
6 25.03 3.17 3.16 001 7935 79.09 0.25
7 22.84 322 323 001 7354 7377 023
8 20.01 323 325 002 6463 6503 040
9 15.07 325 326 001 4898 49.13 0.15
10 10.06 326 327 001 3280 3290 0.10
11 5.06 328 328 0.00 1660 16.58  0.02
12 0.05 329 328 001 0.16 0.16 0.00
Sum 0.17 3.70
RMSE 0.02 0.43
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Table 6 continued

No Vi r Lnr Iy | 1ge] Py P, | Pae|
V) (A) (A) (A) (W) (W) (W)

Case 3: Tj, = 25°C and G = 600 W/m?

1 32.06 020 0.20 0.00 6.41 6.41 0.00
2 31.28  1.37 1.37  0.00 42.85 42.85 0.00
3 30.32 253 253 0.00 76.71 76.71 0.00
4 29.27 348 348 0.00 101.86 101.86  0.00
5 28.04 418 4.17 0.01 117.21 11693  0.28
6 26.65 457 457 0.00 121.79 121.79  0.00
7 2535 473 473 0.00 11991 119.91  0.00
8 23.68 481 481 0.00 113.90 11390 0.00
9 2143 484 484 0.00 103.72 103.72 0.00
10 1833 486 486 0.00 89.08 89.08 0.00
11 15.03 487 487 0.00 73.20 73.20 0.00
12 10.03 489 489 0.00 49.05 49.05 0.00
13 4.95 491 491 0.00 24.30 24.30 0.00
14 0.14 493 493 0.00 0.69 0.69 0.00
Sum of absolute error 0.01 0.28
RMSE 0.00 0.07
Case 4: T, = 25° C and G = 800 W/m?

1 3246 0.25 0.25 0.00 8.12 8.12 0.00
2 31.74 146 146 0.00 46.34 46.34 0.00
3 31.05 253 253 0.00 78.56 78.56 0.00
4 30.26  3.58 3.58 0.00 108.33 108.33  0.00
5 29.36  4.54 454 0.00 13329 13329 0.00
6 28.12 547 547 0.00 153.82 153.82 0.00
7 26.89 599 599 0.00 161.07 161.07 0.00
8 2527 630 6.30 0.00 159.20 159.20 0.00
9 2332 641 641 0.00 14948 14948 0.00
10 2146 645 645 0.00 13842 13842 0.00
11 18.63 647 6.47 0.00 120.54 120.54 0.00
12 1513 649 6.49 0.00 98.19 98.19 0.00
13 1151  6.51 6.51 0.00 74.93 74.93 0.00
14 8.21 6.53 6.53 0.00 53.61 53.61 0.00
15 492 6.55 6.55 0.00 3223 32.23 0.00
16 023 6.57 6.57 0.00 1.51 1.51 0.00
Sum of absolute error 0.00 0.00
RMSE 0.00 0.00
Case 5: T), = 25° C and G = 1000 W/m?

1 3282 0.16 0.16 0.00 5.25 5.25 0.00
2 3199 170 1.70 0.00 54.38 54.38 0.00
3 30.83 3.63 3.63 0.00 111.91 11191 0.00
4 2999 482 482 0.00 144.55 144.55 0.00
5 2896 6.00 6.00 0.00 173.76 173.76  0.00
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Table 6 continued Table 6 continued
No Vm,r Im,r L [1ge| Pm,r Py, [ Pael No Vm,r Im,r L [Zge] Pm,r Py, [ Pael
V) (A) (A) (A) (W) (W) (W) V) A @A A W) (W) (W)
6 27.61 7.06 7.06 0.00 19493 19493  0.00 19.94  7.81 7.81 0.00 15573 155.73  0.00
7 2597 770 770  0.00  199.97  199.97  0.00 9 18.62 8.14 8.14 0.00 151.57 151.57 0.00
8 2437 794 794 0.00 19350 19350  0.00 10 17.03 825 8.25 0.00 140.50 140.50 0.00
9 2197 805 8.05 0.00 176.86 176.86  0.00 11 1496 833 833 0.00 124.62 124.62 0.00
10 18.73 8.08 8.08 0.00 151.34 151.34  0.00 12 1172 838 838 0.00 98.21 98.21 0.00
11 15.04 811 811 0.00 121.97 12197 0.00 13 8.88 8.40 8.40 0.00 74.59 74.59 0.00
12 11.74 813 813 0.00 9545 95.45 0.00 14 592 8.42 842 0.00 49.85 49.85 0.00
13 8.84 815 8.15 0.00 72.05 72.05 0.00 15 3.28 8.43 843 0.00 27.65 27.65 0.00
14 5.93 8.17 8.17 0.00 4845 48.45 0.00 16 0.11 8.46  8.46 0.00 0.93 0.93 0.00
15 3.30 8.19 8.19 0.00 27.03 27.03 0.00 Sum of absolute error 0.00 0.00
16 0.06 821 821 0.00 049 0.49 0.00 RMSE 0.00 0.00
Sum of absolute error 0.00 0.00
RMSE 0.00 0.00
Case 6: T, = 50° C and G = 1000 W/m? References
1 29.89 0.16 0.16 0.00 4.78 4.78 0.00 .
Abdel-Basset, M., Mohamed, R., Sharawi, M., et al. (2022). A compar-
2 2923 136 136 0.00  39.75 39.75 0.00 ative study of optimization algorithms for parameter estimation
3 2843 273 2.3 0.00 77.61 77.61 0.00 of pv solar cells and modules: Analysis and case studies. Energy
4 2755 4.08 4.08 0.00 112.40 112.40 0.00 Reports, 8, 13047-13065. https://doi.org/10.1016/j.egyr.2022.09.
193
3 2670 519 319 0.00 13857 13857 0.00 ABSOLAR (2024). Panorama da solar FV no Brasil e no mundo.
6 2558 635 6.35 0.00 16243 162.43  0.00 https://www.absolar.org.br/mercado/infografico/, accessed on
7 2397 740 7.40 0.00 177.38 177.38  0.00 03/04/2024.
Ahmed, E. M., Aly, M., Mostafa, M., et al. (2023). An accurate model
8 2207 795 7.95 0.00 17546 17546 0.00
for bifacial photovoltaic panels. Sustainability, 15(1) . https://doi.
9 2043 812 8.12 0.00 165.89 165.89 0.00 org/10.3390/5u15010509
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