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The solar cells and photovoltaic (PV) modules are a key to clean electric power production that
save the universe from warming contamination. It is fabricated using semiconductors that produce
electric current under solar irradiance and metal contacts for system circuitry. The designing of the
PV power system plant depends on estimating the parameters that accurately model the solar cells
or PV modules. The commonly used model for representing the solar cell or PV module is the single
diode model (SDM) because it is simpler than other models, contains only five unknown parameters,
and has acceptable accuracy. This paper proposes a novel parameter estimation algorithm based
on a discrete search to estimate the SDM parameters, called flexible alternate optimization (FAO).
The proposed FAO algorithm performs an exhaustive search for a small set of the estimated
parameters (called the decision set (DS)). In contrast, the rest of the parameters are kept fixed. The
number of parameters in the decision set flexibly controls the trade-off between algorithm
complexity and parameter estimation accuracy to be applicable in wide applications. RTC France
solar cell and monocrystalline SM55 module are used to validate the proposed method’s
effectiveness compared to the literature algorithms. The RMSE reached 9.55E-04 for RTC France
solar cell and 0.034 for the PV module by varying the decision set size. A trade-off between the
proposed algorithm complexity and the parameter estimation accuracy is presented for wide
application uses. Future work is directed to enhance the parameter estimation accuracy and reduce

the system complexity.

1. Introduction

Renewable sources are vital to overcoming the shortage of
depleted traditional power sources under the increasing demand
for electric power. With technological developments,
photovoltaic energy produced by PV arrays facing solar
irradiation becomes an up-and-coming alternative with the
growing power conversion efficiency. However, the theoretical of
producing electric current from PV solar cells is described by the
Shockley equation; many factors can decrease the overall system
efficiency and must be considered in the designing process. The
output power of the PV system, which is represented by the I — V
characteristic curve, decreased caused of partial shading [1].
Different types of failures in photovoltaic power systems are
detected using the artificial neural network ANN by collecting
data on power, temperature, and radiation should be detected in
less time to enhance the PV system efficiency [2]. Under
different conditions of irradiation and temperature, controllers are
used to obtaining MPPT accurately to increase the power
obtained by the PV system [3].

Models and parameter estimation are very powerful for
emulating and studying the multi-nonlinear varying inputs. For
connected and coupled systems, parameter estimation and
efficient controller design are essential to provide a good
performance and an improved system response [4]. Prediction of
possible impacts caused by the insertion of a small PV system
planet into the utility grid is necessary before real application to
avoid the problems that will initiate in the distribution network.
The inverters of the PV system can adapt the generated voltage
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under varying irradiance; hence the power quality is increased
[5].Different mathematical equations are formulated for PV solar
cell and module models. On the other hand, electrical circuit
models are more accessible and widely used as PV solar cell and
module models. One electrical circuit model named a single
diode model (SDM) has five unknown parameters. It is a low-
complex electrical circuit while having an acceptable model
efficiency. The double diode model (DDM), and three diode
model (TDM), with seven and nine unknown parameters,
respectively, and other circuit models are generally more accurate
but are more complex as more unknown parameters need to be
estimated [6]. The five unknown parameters for the SDM are
denoted by Iy, I, Rg, Rp, n, Where I, expresses the generated
photo-current, I diode’s reverse saturation current, Rg Series
resistance, Rp parallel resistance, and n diode ideality index. The
circuit and electrical equations are carefully derived in detail in
part 3 of this paper.

The model equations are represented by transcendental,
complex, and nonlinear equations. Guessing initial values can
minimize the model efficiency when solving using analytical
methods [6].

The metaheuristic optimization algorithms have been used
widely for solving the system equations of model parameter
estimation as described in the next part of this paper. They apply
algorithms inspired by nature. These algorithms define an
objective function (ex. Root mean square error (RMSE)), a
solution vector of unknown parameters (i.e. [Ipy, Is, Rs, Rp, n])
for SDM, and regions of searching for these unknown parameters.
Then the algorithms search over the defined regions for a solution
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vector that minimizes the objective function. Many other
algorithms have been used as hybrid algorithms [7] or artificial
intelligence algorithms [8].

In this paper, a hetero parameter estimation method is
proposed. The accuracy and complexity of the parameter
optimization algorithms attract researchers and community
interests. Moreover, the robustness of the estimated parameters is
necessary to be reliable in design considerations. The discrete
search methodology is applied for the model’s parameter
estimation of solar cells and PV modules. The search regions (SR)
of the SDM parameters are discretized. Then, an algorithm called
flexible alternate optimization (FAO) is used to find the best set
of parameters discrete values that minimize the RMSE between
the model expected current and the actual measured current for
the RTC France solar cell and the monocrystalline SM55 PV
module. Moreover, the proposed algorithm's flexibility is
represented in its ability to vary the number of parameters on the
decision set (DS) during a single iteration of the parameter
estimation. So, a trade-off between complexity and model
accuracy can be fulfilled to be applicable in a wide range of
applications. Real measurements of the RTC France solar cell
and a PV module are used in this study to be compared with the
estimated currents of the proposed algorithm for the SDM
parameter estimation. The results are finally discussed to show
the effectiveness of the proposed FAO algorithm in accuracy
concerning other methods in the literature. Moreover, a trade-off
between the accuracy and the complexity of the proposed FAO
algorithm with different decision sets is presented for many
applications.

The rest of this paper is written in five parts: in part 2, the
related work is notably reviewed. In part 3, the problem is
carefully formulated as an equation then an optimization problem
is defined for SDM parameter estimation. In part 4, the proposed
FAOQO algorithm of SDM parameter estimation for RTC France
solar cells, and SM55 PV module are studied. In part 5,
numerical results are carried out for the flexible decision set sizes
to show the trade-off between the complexity and the model
efficiency for different applications. Finally, the conclusion of
this study and future work are presented in part 6.

2. Related work

Analytical methods are formulated with costly multi-
nonlinear variables and suffer from low accuracy due to arbitrary
chosen initial values [6]. Metaheuristic optimization methods are
used instead of analytical methods for accurate parameter
estimation for the SDM of the RTC France solar cell and PV
modules. Artificial bee colony [9], adaptive differential evolution
algorithm [10], cat swarm optimization algorithm [11], a
modified simplified swarm optimization algorithm [12], an
improved chaotic whale optimization algorithm [13], an
improved opposition-based whale optimization algorithm (WOA)
[14], an improved cuckoo search algorithm [15], an opposition-
based sine cosine approach with local search [16], an improved
teaching-learning-based optimization, Coyote optimization
algorithm [17], A stochastic slime mould optimization algorithm
[18], gray wolf optimizer (GWO) [19], sine cosine algorithm
(SCA) [20], ant lion optimizer (ALO) [21], and multiverse
optimizer (MVO) [22], are examples of modern metaheuristic
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optimization algorithms. Although the parameter estimation
problem is rich in publications, more attention is forwarded to
enhancing the model efficiency and reducing the complexity.

Discrete search has been used in engineering systems.
Continuous systems can be converted to discrete systems and
vice versa. In [23], discrete search has been used in a
telecommunication problem. This paper proposes a novel
algorithm based on a discrete search with a flexible decision set
named FAO to estimate the five SDM PV solar cell parameters.
Complexity and model accuracy (in terms of RMSE) are studied
under different sizes of the decision set for the searched
parameters for different case studies.

3. Photovoltaic model

The datasheets provided by the manufacturers of solar cells
and PV modules contain data that are nonlinearly changing with
multiple variables such as cell temperature and solar irradiance
intensity [6]. For more convenience and reliability, it is required
to study the effects of these variables by forming a model for a
solar cell so that the impact of changing variables can be
analyzed and studied carefully.

SDM is an electrical circuit model of a PV solar cell and
modules. It is composed of two semiconductor regions. It acts
like a normal diode in the dark and follows the Shockley equation
formulated in (1), where I, is the diode current and Vj, is the cell
output voltage. The thermal voltage of the diode is defined by (2),
where K is the Boltzmann constant, T is the temperature in
Kelvin, and q is the electron charge.

In contrast, a current source is added under solar irradiance to
represent the generated photo-electric  current.  Silver
nanoparticles and indium oxide are deposited on the surface of
the two layers of the semiconductor regions of the solar cell can
increase the absorption of the light to increase the power
conversion efficiency [24]. Two resistors are added; one is in
series to define the metal electrode contact resistances, while the
second represents the diode leakage current [25].

Figure 1 shows the complete electrical circuit components of
SDM, where estimated current can be derived using Kirchhoff
voltage law (KVL) at the node in Figure 1. I,g; = Ipy — I — I

.
The current in the parallel resistor Rp is denoted I, and
calculated by KVL as in (3), where V is the model output voltage.

The model estimated current I, is formulated as in (4), as
depicted in [25].
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Figure 1: Single diode model of PV solar cell or module
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Figure 2: Composition of PV cell I — V curve by superposition of Ipy,
and I

In (4), five unknown parameters are defined as a solution
vector X for the SDM and formulated in (5).

X = [Ipy, Is, Rs, Rp, n] 5)

From Figure 1, the superposition theorem can be applied to
form the characteristics I — V curve from I, and I, as shown in
Figure 2.

4. Problem formulation

The accuracy improvement of solar system components leads
to minimizing and optimizing the number and size of the installed
components and decreases the cost of the PV system. The model
of PV solar cells or PV arrays is essential in designing and
operating processes. Parameter estimation of these models helps
in properly controlling the power electronic circuits of pulse
width modulation PWM inverters under varying conditions.

The parameter estimation of the PV models should be simple,
accurate, and reliable. In metaheuristic optimization algorithms,
the solution vector is defined as X = [Ipy, Is, Rg, Rp, n] for
SDM unknown parameters. In addition, an objective function is
defined as minimizing RMSE of (10) between the estimated
current and the measured current. Furthermore, the search regions
are chosen to search for the best parameter values. SR for SDM
parameters for the RTC France solar cells and the
monocrystalline SM55 PV modules are shown in Table 1, as
depicted in [26].

Table 1: SDM Parameters searched regions

Monocrystalline

Parameters RTC France solar cell SM55 PV module

LL UL LL UL
SR, forIp,, | 05 0.8 1.2 4
SR, forIg | 0.2E-06 0.4E-06 1.5E-07 6.0E-06
SR; for R, | 0.03 0.05 0.1 0.5
SR, forR, | 50 60 100 500
SR: forn |1 5 1.3 2
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In [26], the absolute error is used to find the deviation at an
individual point between measured and estimated current values
as depicted in (6). Mean absolute error (MAE) in (7) calculates
the average of (AE) for N individual data. Relative error (RE)
and mean relative error (MRE) are other forms of error metrics
as derived in (8) and (9) respectively.

RMSE as an accuracy metric is used in this paper between the
values of the estimated current in (4) for the SDM and the
measured values in [27] which is more accurate as an error metric
and formulated in (10), as described in [26].

Absolute Error (AE;) = |IL- — Ii_est| (6)
1 N
MAE = NZAEi (7
i=1
. _ |Ii - Ii,est
Relative Error (RE;) = —T (8
i
L&
MRE = Nz RE, 9)
i=1
N (1 —1...)
RMSE = 1—1( lN l,est) (10)

In this paper, the parameters of the SDM of the RTC France
solar cell and PV modules are considered as two study cases. The
principles of applying metaheuristic optimization algorithm are
applied to search the discrete best parameters values. The
parameters’ searched regions are discretized into discrete values.
The vector N = [N;, N,, N3, N,, Ng] is defined to determine the
number of discrete values for the SDM parameters P;V i =
{1,---,5}. The FAO tries all combinations of discrete parameters
and determines the best parameters with the lowest RMSE. A
trade-off between accuracy and complexity is studied for
different decision set sizes of the proposed FAO algorithm for
parameter estimation of SDM for the study cases to be applicable
in a wide range of applications.

5. Proposed method

The optimum discrete search is usually used to search for
values in the discrete domain. Applying the optimum search in
the parameter estimation problem for the SDM of PV solar cells
and modules gains complexity because the search is carried out
for every combination of all discrete values. The complexity of
this method is related to the number of discrete values to be
searched. The number of possible combinations is exponentially
increasing with the number of discrete numbers of the SDM
parameters.

5.1. The proposed FAO algorithm

In this paper, a flexible search method is proposed. A search
is defined in a small set of the regions of the predefined
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parameter while fixing the other remaining parameters. The set of
parameters to be searched is named the decision set, where it can
2, and 1 for the five parameters of the SDM. The decision set
equal to 5 is equivalent to the optimum search. The remaining
decision set values FAO tries all combinations of the decision set
and keeps the remaining parameters fixed at their updated values
in the successive iterations of the FAO proposed algorithm.
Figure. 3 show the possibilities diagram for the parameters’
discrete values with different decision set.

5.2. The proposed FAO method complexity

For optimum search, the total number of possible
combinations Tp (opt) is formed in (11), where N; is the number
of discrete values of parameter P,V i = {1,-:-,5} for SDM five
parameters.

Tp(opt) = N; X Ny X N3 X Ny X Ng 1D

For a decision set equal to 1, the total number of possible
combinations Tp (1) is formed in (12), where I is the number of
iterations till convergence.

For a decision set equal to 2, the total number of possible
combinations Tp(2) is formed in (13).

Tp(2) = [(Ny X N3) + (N3 X Ny) + (Ns)] X I (13)

For a decision set equal to 3, the total number of possible
combinations Tp (3) is formed in (14).

Tp(3) = [(Ny X Ny X N3) + (N X N5)] X I (14)

For a decision set equal to 4, the total number of possible
combinations Tp(4) is formed in (15).

Tp(4) = [(N; X Ny X N3 X Ny) + (Ns)] X I (15)

In this study, we consider the discrete values
[Ny, N5, N3, Ny, Ng]. The number of iterations is considered fixed
at two iterations. A comparison is carried out on the different
decision set sizes concerning the complexity and the accuracy of
the parameter estimation of the SDM for the RTC France solar
cell and SM55 monocrystalline PV module.

The following steps summarize the proposed FAO algorithm
for SDM parameter estimation:

Step 1:
Define k as the no. of parameters that need to be estimated.
Define DS as the size of the decision set.

Step 2:
Quantize parameters P; Vi = 1,---, k into N; values.

Step 3:

Try all N; possible discrete combinations in the decision set
Vi=1,--,DS, while the rest k — DS parameters are kept
fixed.
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equal 5, 4,

Step 4:

Find the optimal value of Step 3 which achieves the
minimum RMSE as:

P =arg min (I - L« (P)}

Step 5:

Estimate the rest of the k — DS parameters as in
Step 3 & Step 4.

Step 6: Repeat Steps 3-5 I times till convergence.

Parameter searched regions

Parameter searched regions

Parameter searched regions

Parameter searched regions

(16)



Figure 3: Search methodology (a) Optimum search (b) FAO with a
decision set equal to 1 (c) FAO with a decision set equal to 2 (d)
FAO with a decision set equal to 3

The flowchart in Figure 4 shows the process of applying the
proposed FAO algorithm for the parameter estimation of the
SDM for PV solar cells and modules.

Input: Parameter search regions
Input: Maximum no. of iterations
Input: Decision set size

Choose a discrete no. for parameters
[Ny, N3, N3, Ny, Ns|

!

Set: Initial values for all unknown parameters

Choose a group of parameters < Decision set size
y

Try all possible combination of the selected group and fix the
remaining parameters at there initial values

>

Data base
(RMSE)

A 4

Calculate I .5,

Parameters of minimum (RMSE)

L]
Update the decision set parameters
with resulted parameters

If all parameters
estimated

Extract the model parameters

Figure 4: Proposed FAO algorithm flowchart for SDM parameter
estimation

6. Numerical Results

Real measurements for RTC France solar cells and SM55
monocrystalline PV modules are considered in this study as two
study cases. The accuracy of the proposed FAO algorithm is
compared with the most accurate optimization algorithms in the
literature. Furthermore, a trade-off between the accuracy and the
complexity of different decision set sizes of the proposed FAO
algorithm for SDM parameter estimation is discussed and
explained.

6.1. RTC France solar cell

RTC France solar cell is considered a single solar cell. The
measured data are given in [27]. The search regions for the
parameters of the SDM are considered in Table 1 for RTC France
solar cell. The discrete values N for the SDM parameters are
chosen, such as [100 90 70 70 100]. The number of iterations of
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the proposed FAO algorithm is equal to 2 iterations. The results
of accuracy measurements are tabulated in Table 2 and Table 3
for different decision set sizes (i.e., DS = 1, and DS = 3).

From Table 3, the RMSE of the proposed FAO algorithm
with DS = 1 is equal to 0.0059 which is better than SCA and
WOA in terms of parameter estimation accuracy of the SDM for
the RTC France solar cell. By applying a DS = 3 of the proposed
FAO algorithm the RMSE is equal to 9.5514EF — 4 which is
better than the literature metaheuristic algorithms.

The estimated data of currents for the SDM of the RTC
France solar cell are plotted in I —V and P —V characteristic
curves with real measured data, as shown in Figure 5. It shows a
perfect matching of estimated results and real measurements.
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Figure 5: Characteristics curves for RTC France solar cell

In Table 2, the complexities of the proposed FAO with
DS =1, and DS =3 are calculated from (12) and (14)
respectively. There is a clear trade-off between model accuracy
and algorithm complexity which can be used in a wide range of
applications.

Table 2: Accuracy and complexity results of SDM for RTC
France solar cell.

DS RMSE Iterations | Complexity
1 0.0059 2 2,580
3 9.5514E-4 2 1,274,000

6.2. SM55 monocrystalline PV module

SM55 monocrystalline is considered a PV module containing
36 solar cells in series. The measured data for this PV module are
given experimentally for different irradiation intensities. The
search regions for the parameters of the SDM are considered as in
Table 1 for the monocrystalline PV module. The discrete values
N for the SDM parameters are chosen, such as
[100 90 70 70 100]. The number of iterations of the proposed
FAO algorithm is set to 2 iterations. The results of accuracy
measurements are tabulated in Table 4 and Table 5 for different
decision set sizes (i.e., DS = 2, and DS = 3).

From Table 4, the RMSE of the proposed FAO algorithm
with DS = 2 is equal to 0.04670 which is better than WOA in



terms of parameter estimation accuracy for the SDM of the SM55
monocrystalline PV module. By applying a DS =3 of the

proposed FAO algorithm the RMSE is equal to 0.03422, which
is better than WOA and FAO,s-—, in terms of model accuracy.

Table 3: Results of different optimization algorithms compared with the proposed FAO algorithm for SDM
parameter estimation of RTC France solar cell.

Algorithm Estimated parameters RMSE
Ipy Isq Ry Ry n

FAOpgs—3 0.7606 2.2247 E-7 0.0382 50.0000 1.4444 9.5514E-4
FAOps—_1 0.7576 2.1573 E-7 0.0390 50.0000 1.4444 0.0059
ALO [21] 0.7601 2.4432 E-7 0.0375 57.2379 1.4534 0.0010
SCA [16] 0.7515 2.5606 E-7 0.0372 54.2298 1.4593 0.0072
MVO [22] 0.7630 3.9989 E-7 0.0377 56.3258 1.5027 0.0031
GWO [19] 0.7606 2.2496 E-7 0.0385 54.6069 1.4455 0.0011
WOA [14] 0.7641 2.8588 E-7 0.0484 59.9940 1.4702 0.0132

Table 4: Results of different optimization algorithms compared with the proposed FAO algorithm for SDM
parameter estimation of SM55 monocrystalline PV module.

Algorithm Estimated parameters RMSE
Ipy Iy Ry R, n
FAOpg_3 2.8404 1.5000 E-7 0.2739 105.7971 1.3848 0.03422
FAOps—» 2.8687 1.5000 E-7 0.3145 100.0000 1.3848 0.04670
MVO [22] 3.5035 5.5002 E-6 0.4723 458.6703 1.7827 0.0239
GWO [19] 3.4843 8.2134 E-7 0.2290 277.7882 1.5390 0.0156
WOA [14] 3.5174 4.8375 E-6 0.3226 236.1436 1.7563 0.0643

The estimated data of currents for the SDM of the SM55
monocrystalline PV module are plotted in I —V and P -V
characteristic curves with real measured data as shown in Figure
6. It shows a perfect matching of estimated results and real
measurements.
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Figure 6: Characteristics curves for SM55 monocrystalline PV
module

Table 5: Accuracy and complexity results of SM55
monocrystalline PV module

DS RMSE Iterations | Complexity
2 0.04670 2 28,000
3 0.03422 2 1,274,000

370

In Table 5, the complexities of the proposed FAO with
DS =2, and DS =3 are calculated from (13) and (14)
respectively. There is a clear trade-off between model accuracy
and algorithm complexity which can be used in a wide range of
applications.

From the previous two study cases, the FAQO algorithm is
valid for applying parameter estimation for PV solar cells and PV
modules with good accuracy for estimated model parameters.

It should be noted here that the proposed method depends on
a combination of parallel and series executions. Every iteration is
executed sequentially depending on the previous iteration’s best
parameters. At the same time, concurrent executions are carried
out in a single iteration, and the best-estimated parameters are
extracted that minimize the RMSE. These series and concurrent
computing can greatly reduce the complexity of the proposed
algorithms when big computing processors are used for
parameter estimations. From the results of accuracy and
complexity for the RTC France solar cell and SMb55
monocrystalline PV module in Table 2 and Table 5, and the
previous discussion. The trade-off between model accuracy and
algorithm complexity is valid depending on the platform and
processors of PV systems.

7. Conclusion and Future work

FAO is a discrete search-based algorithm proposed to model
the RTC France solar cell and SM55 PV module using SDM. The
proposed algorithm flexibly chooses the decision set size for the
searching process. The discrete numbers for the SDM parameters
are chosen, and the proposed FAO algorithm estimates the best



SDM parameters that minimize the RMSE. The proposed FAO
algorithm is compared to the literature algorithms regarding the
RMSE . A trade-off between accuracy and complexity is
discussed for different decision set sizes. The numerical results
show that the proposed FAO algorithm is competitive with the
literature in terms of RMSE for RTC France solar cells and PV
modules. Furthermore, a trade-off between model accuracy and
algorithm complexity is valid for SDM parameter estimation for
the RTC France solar cell and SM55 monocrystalline PV module.
In the future, the proposed FAO algorithm can be extended to
estimate the DDM and TDM parameters, and discrete variant
algorithms can upgrade for different solar cells and PV modules
models parameters estimations.
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Abbreviation and symbols

PV Photovoltaic

SDM | Single Diode Model

DDM | Double Diode Model

TDM | Three Diode Model

FAO | Flexible Alternate Optimization

ANN | Artificial Neural Network

Ipy Model generated photo-current

I Model Diode’s reverse saturation current

Rg Model series resistance

Rp Model parallel resistance

n Model diode ideality index

RMSE | Root Mean Square Error

KVL | Kirchhoff Voltage Law

SR The parameter searched region

LL Lower limit of the search region

UL Upper limit of the search region

P; Parameter number

N; The number of discrete values of parameter P;

I The proposed method iterations number

DS The decision set.

k The number of parameters.
I Measured current

| Estimated current
|4 Measured voltage

Vp Diode voltage

K Boltzmann constant

T Temperature in Kelvin

q Electron charge

P; Parameter optimal value

WOA | Whale Optimization Algorithm

GWO | Gray Wolf Optimizer

SCA | Sine Cosine Algorithm

ALO | Ant Lion Optimizer

MVO | Multiverse Optimizer

AE Absolute Error

MAE | Mean Absolute Error

RE Relative Error

MRE | Mean Relative Error
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