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The object of this paper is to identify the unknown electrical parameters of solar
photovoltaic generators in real time, through the application of a novel suggested hybrid
method. The identification process is discussed with details, about the four steps of
identification. In this issue, the first step describes the experimental data acquisition work
done to obtain data from a real photovoltaic system. For the second step, a model of a cell’s
corresponding electrical circuit is selected. In the third step, the estimation of the

Photovoltaic Generators

L parameters ‘values is done using two combined optimization approaches, such as
Data acquisition

Levenberg-Marquardt combined with Particle Swarm Optimization. The fourth step

[dentification describes the validation of the selected model. The benefit of this work compared to those
Least Squares . . L .
before, is in the use of real data, in the use of smart optimization technics and the
Levenberg-Marquardt . . .
. hybridization between two methods, which provides best results.
PSO algorithm

1. Introduction real experimental data. The PV parameters identification process

) ) ) o ) for PV generators is shown in the Figure 1 below.
This paper is an extension of work originally presented in 2017

at the 5" International Conference on Electrical Engineering-
Boumerdes (ICEE-B) [1]. In the order to well detail, explain and
develop the previous work presented in this latter conference. In
nature, many processes can be modelled by a system of
mathematical expressions [2]. Models usually contain some
unknown parameters. In the object to find the values of these
unknown parameters, some real measurements from the system are
required, to be compared with the output of the models proposed
through minimizing of some errors [3]. This problem is known as
the parameters’ identification problem. In these systems, there is
the process of modeling and after that, there is an identification
process of the unknown parameters for the selected model [4]. In
this order, we have used this discipline in a solar photovoltaic (PV)
system, in order to identify the electrical parameters of the PV
generators. These parameters are very necessary for simulating
solar PV production’s behavior and therefore control it. As the
high non-linearity found in PV cell's models, we present in this
work, the combination of two optimization algorithms for Figure 1. Parameters Identification for PV generators.
identifying the electrical PV generator’s unknown parameters from

Real PV system
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The process of PV parameters identification is based on a
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Email : selma.tchoketch kebir@g.enp.edu.dz model. This error is used with an appropriate algorithm that has to
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be modified at each iteration. In this order, the PV parameters are
found through the main steps cited below, as illustrated in the
above Figure 1:

1-  Obtain experimental data from a real PV installed system.

2-  Obtain data from a selected model representing a PV
system.

3-  Minimize the error between the real data and the data of
the selected model, using some criteria.

4-  Application of an appropriate identification adaptation
algorithm.

5-  Update the PV parameters values that validate the final
selected model representing the real system.

The organization of this paper is as follows: after having
introduced the subject in this first section. The second section,
gives a state of the art about the PV parameters identification
existed methods. Then, the third section focuses on the major steps
of PV parameters identification, with more details about each step.
Herein, the use of the suggested combined optimization
approaches. In the fourth section, a discussion is given concerning
the obtained results, before some conclusions in the fifth section.

2. State of the art

In literature, many different methods exist to allow determining
the electrical parameters values for the PV generators [5], [6].
Primary, scientific researchers have focuses on the parasitic
resistances (series and shunt) determination [7], [8] by the cause of
their major influences on the PV performances. Then, it was also
observed some influences of all PV electrical parameters on the
performances [9], which leads for doing a large number of studies
for obtaining their accurate values. The elaborated studies are
classified into several categories [5]. Certain methods are
classified as theoretical methods such as analytic [10], numeric
[11], [12]. Certain other methods are based on an experimental
process and are known as identification methods [13], [14], [15].
All methods have their own advantage and inconvenient, to be
chosen for using in such application, based on some criteria
(complexity, convergence speed, precision ...). In this work, we
are going to well develop our identification approach.

3. Steps of Photovoltaic Parameters Identification

Parameters identification is an automatic technic, which
consists to get a mathematical model, for certain system using
some experimental measures. Therefore, the identification process
is based on the development of a mathematical representation for
a physical system by the use of experimental data [16] [17],
through details explained in the main steps cited in the points
below of Figure 2.

A:fcll::s:?/n Choice of Parameters Validation
P ~ ©  themodel S estimation of a model
Output

Figure 2. Major steps of parameters identification in systems.

The above major steps of the identification process for PV
generators, are well developed in the following points.
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2.1. First Step- “Acquiring of Real Data”

A description of our experimental work is giving in this
subsection, for obtaining the real PV measured data information
[18]. The data acquired issued from a PV system located at our
laboratory, (Laboratoire de Dispositifs de Communication et de
Conversion Photovoltaique, LDCCP). This acquisition work is
schematized in Figure 3. The PV system contains a photovoltaic
generator, which is composed of four PV panels associated in
series, where each panel generate about 55 Watts of power. The
measured parameters are the temperature, the solar irradiation, as
well as the voltages and currents. In order to collect data, the
different components of the proposed PV measurement system are:

= A sensor of temperature ‘T°, the LM35.
= A sensor of solar irradiation ‘G’, the pyranometer.
= PV generator associated with the electronic load.

In order to draw the real current-voltage (I-V) curve of PV
generators under real conditions, these generators are associated
with an electronic load. The process of information reception is
made using a computer, which consists of the unit of treatment and
control. In this context, we set up an experimental manipulation
based on an Arduino-Uno card [19] that allows us the acquisition
of data issued from a PV system installed in our laboratory. The
transmission of these acquired data to a personal computer is
ensured by a USB connection port (serial communication).
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Figure 3. Sensors and PV generator related to a variable load.

The proposed system consists of a set of sensors for measuring
both meteorological (e.g. temperature, irradiation) and electrical
parameters (photovoltaics voltage and current). The collected data
are first conditioned using precision electronic circuits and then
interfaced to a PC using a data-acquisition card (Arduino-Uno)
[16]. The LABVIEW program is used to further process, display
and store the collected data in the PC disk. We have conceived an
electronic load based on a MOSFET transistor of power [20]. The
variable load allows the measures of a couple of the current-
voltage (I-V) along the curve. The obtained current—voltage
characteristic (I-V) curve of our photovoltaic generator is
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illustrated in Figure 4, which was operated under the real
environmental conditions (794.46W/m2, 30.85°C).

Real |-V Characterestic

T

Currents [Ampere]
T
-

0 1 1 1 1 1 1
0 10 2 Kl 4 50 60 0 8

Voltage [Volts]

Figure 4. The obtained Current—Voltage experimental curve at
(794.46W/m2, 30.85°C) for the four series PV panels of type SMS55.

The following Table I shows the PV manufacturer’s datasheet
information of the SM55 PV panel used in this work [21].

Table 1. Specification of Siemens SMS55 solar PV panel used, from datasheets
under Standard-Test-Conditions : STC (T =25 °C & G=1 000 W/m?).

Mono
Crystalline
Parameters Silicon
Panel
L 21.7
Open Circuit Voltage (Volts) Voc 345
Short Circuit Current (Ampere) Isc 174
Maximum Power Voltage (Volts) Vmpp 315
Maximum Power Current (Ampere) Impp 55
Maximum Power Point (Watts) Pmpp 36
Number of cells in series Ns
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Figure 5. Solar photovoltaic cell’s electrical equivalent circuit (The one diode
model).
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Figure 6. Solar photovoltaic cell’s electrical equivalent circuit (The double diode
model).
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2.2. Second Step- “Selection of the appropriate model”

An accurate mathematical model is an important tool for
researchers. The one and double diode PV models, with 5 and 7

unknown parameters respectively, are represented as follow in
Figure 5 and Figure 6 [22], [23], [24].

The mathematical equations related the Current-Voltage, (I-V)
relationship of the electrical models are given below.

(a) The one diode model

I=1,—1I,—Iy (1)
I=1,—1, (exp (V+f/j1) - 1) - % )
(b) The double diode model
I=1, —Ip —1Ip; —Igp 3
Vi;[ — Iy (exp (VH.?;:) - 1) — Iyepe (exp (V;—}ijtl) — 1) (—4)
Rsh

The PV panel contains cells associated in series manners through
the mathematical expression below.

Pl (e (S55) 1) - )
Where:

(a)The one diode model
= : Light current.

= ]y Diode saturation current.
] : Diode ideality factor.

= Ry Series resistance.

=  Rg: Shunt resistance.

(b) The double diode model
] : Light current.
= Ju: Diode saturation current.
Lis2: Reverse diode saturation current.
" : Diode ideality factor.
= 2 Second diode ideality factor.
= Ry Series resistance.
=  Rg: Shunt resistance.

The PV Generator contains N, series branches and N,,, parallel
branches.

| =

V.Nmp+Rs.I.Ns.Nms

Npp = e Ny (exp (—V'Nmp+RS'I'NS'N"‘S) - 1) -

V¢.Ng.Nps

(6)

Rsh.Ns.Nms

Nz Number of series cells. N, Number of modules in series
branches. N,,,: Number of modules in parallel branches.

The next Figure 7 shows the PV generator located at our
laboratory.
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Figure 7. Photovoltaic system mounted at our laboratory.

In our work (Figure 8), the PV generator has Ns of about 36,
Nums of about 4 and Nuyp is 1.

2.3. Third Step- “Parameters estimation”

In this step, the application of the chosen optimization algorithm
to identify and obtain the optimal values of PV parameters. The idea
is based on a prediction error between the output of the real PV
process and the output predicted by the PV model [3], as explained
before. This prediction error is used by a Parametric Adaptation
Algorithm (A.A.P), which at each iteration will modify the
parameters of the model in order to minimize the error, which will
be detailed through the next subsections, as schematized in Figure
8.

Step B: Division of characterestic into
two parts (Linear & Non-Linear)

Figure 8. Major steps to estimate, determine and optimize the PV parameters
values.

These points will be well explained in the next subsections.
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2.3.1.  The Least Squares Mean (LSM)

Different approaches allow the initial estimate of parameters
values such as Least Squares (LS), Least Squares Mean (LSM),
Recursive Least Squares (RLS), Recursive Extended Least
Squares (RELS) and Newton stochastic (NS) [25]. In an
optimization algorithm, the step of initialization of the unknown
PV parameters is very necessary for converging to solution. In this
regard, we have chosen for obtaining the initial values of our PV
parameters the Least Squares Mean (LSM). The benefit of this
developed LSM approach is in her non-iterative process. Then, the
obtained initial values will be optimized through our developed
hybrid approach (Levenberg-Marquardt with PSO). The curve
characteristic of the PV generator has two distinct regions as
shown in Figure 9, Linear and Non-linear parts. For the linear part,
the LSM method is applied merely, while in the non-linear part, it
is done through a suitable approximation by a linearization in a
logarithmic way [26].

[}

T T T T T T

Current [A]

2L Linear Part 4

v

Non-Linear Part

Voltage [V]

Figure 9. Linear and Non-Linear parts of the I-V characteristic.

The Least Squares Mean approach is based on the minimization
of a quadratic function defined as below [14].

G =X e(? ™

Where ¢ is defined as the prediction error between the PV
model and the real PV system [14].

G= Z?:l[IReal(i) - IModel(i)]Z (8)

In order to identify the PV parameters from the real I-V
characteristics, we fitted to the best the model to the real (I-V) data,
through the minimization of squared errors between the theoretical
and experimental curves [27]. In this regard, the cost function used
in the optimization process is the Sum of Squared Error (SSE) [28].
Where 4o is the output vector of the PV model, /.. is the PV
measured process output and A is the total number of the measured

points.
GV, X) = Eiiillrear D — ULV, X)i]? ©

48


http://www.astesj.com/

S. Tchoketch Kebir et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 3, No. 4, 45-52 (2018)

Where: X is a vector that contains the PV parameters, for
example, {I1, Lis, a2 11 12, Ry, Rar}, in the two-diode model. The
minimum of Sum Squared Errors “SSE” leads to optimal values of
the PV parameters [28]. The minimization of the objective function
cannot be done in analytically way due to the strong nonlinearity of
the I-V curve characteristics. Therefore, the numerical methods for
the nonlinear regression based on the least squares principle are
more appropriate to minimize such function.

2.3.2.  The Levenberg-Marquardt (LM)

The traditional technic of Levenberg-Marquardt contains inside
its process two technics declined from Gradient orders such as the
steepest descent and the Gauss-Newton with their complementary
features [29]. Generally, the LM approach starts through the
steepest descent technic because of her low sensitivity for initial
parameters values. Then, after calculating the parameters values
and near approaching to the final solution, the Gauss-Newton
technic take over and lead to end of the LM process, with a fast
convergence. The control parameter § called damping factor is the
responsible parameter in the LM approach that allows switching
from steepest descent to Gauss-Newton. The PV parameters to be
determined as in [30], are updated at each iteration using the
following expression [29].

Xe = [k, (10)

Xk—1: I J+8]

Where

. . d . . .
= J:Jacobian matrix [%] x=x,, Which contains a derivative for

the function {1, V,X) regarding each parameter.
= [: Identity matrix.

The damping factor, which his value must be found at each
iteration of Levenberg-Marquardt approach, is considered as a
crucial factor in the convergence process of the algorithm, for this
reason we optimize their value by using PSO approach.

2.3.3.  The Particle Swarm Optimization approach (PSO)

This subsection focuses on the evolution study of the
function G(I, V, X, §), indicated by G(§) for X fixed at X;,
regarding many diverse values of the damping factor, at each
iteration of the Levenberg-Marquardt algorithm. Herein, it is
observed that at each iteration, a presence of various local
minimums of G (§). For this reason, and in order to achieve the
global minimum of G (&) corresponding to the best minimizing of
the objective function G(I, V, X), we suggest using the PSO
approach. The basic idea of this latter approach was inspired from
social behaviour of certain animals such as birds, fishes, and ants
and so on. The PSO process is like the natural process existing in
groups when they are communicating together, such as a group of
birds when they search for migration way or such as ants when they
search for food. Herein, it is observed that those animals or insects
do not know their best position. Consequently, if a certain member
can find the best way to go and achieve the objective, the rest of
members, will follow [31]. For mathematical modelling of PSO
approach, the population is called a swarm, the individuals are
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termed as particles and the objective function to be optimized is
called fitness. Each particle possesses:

e Its own position

PG+1) =P +V(@E+1) (11
e Its own velocity
V(i+1) =w* V(D) +c; % (PLpest = P(D) + €5 % (PGpese — P(1) (12)

e Its neighbourhood (Local and Global)
The local best position is calculated as:

o (Plpese(i —1)  if F(P()) = F(PLpest (i — 1))
Pace ) = {0 £ F(b(0) < PPy = ) )
The global best position is calculated as:

PGbest = min {F(PGbestl)'F(PGbestZ)' "-'F(PGbestN) } (14)

The following Flowchart, Figure 10, shows the major steps of the

PSO’s algorithm.

Initialization of pso’s control parameters
Swarm, Dim, Max Iter, Inertia, Cl, C2

i

Initial values of Swarm,
Position P & Velocity V

Vhile (Iter < Max

N
Return the value of Gbest as
the best solution

L y

Figure 10. Flowchart of the general steps of PSO algorithm.

This algorithm requires a number of parameters to be set, namely,
Inertia W, velocity ¥, position P, local and global components C; & C.,
Number of search agents (the swarm of N visited sites), Maximum
number of iteration and the stopping criterion.
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2.3.4.  The hybridization of LM with PSO

The PV identification process, including initialization of PV
parameters values through LSM and then optimize their values
through the combined Levenberg-Marquardt with Particle-Swarm-
Optimization (LM-PSO) developed approach is presented step by
step, in what follows Figure 11.

?
y oo S

v

o

bl
eranen.
l

v
No
\4

A

Obtain the Optimal PV Parameters Values

e
Figure 11. PV parameters identification steps using the hybrid LM approach
with PSO approach.

The organigramme of Figure 11 resume the PV parameters
identification steps done in this work. After obtaining real data
through the acquisition work we used them in a process of
algorithms, such as the LSM and the hybrid optimization approach.
The advantage of hybridization of two optimization technics is
observed in the optimization process of the damping factor of the
LM technic, at each iteration, using the PSO technic.

2.4. Fourth Step “Validation of the model”

After the estimation process, the obvious query is whether the
derived model is adequate for its intended use or not. This is the
subjective and overall hard problem of model validation [32]. The
sound way to attack the matter is to confront the model with all
available type of information, including a priori knowledge,
experimental data, and experience of the used model. The selected PV
model from the steps before will be validated in this final identification
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step, after attaining the final obtained results and once fitting all of the
entire curve characteristics. The developed approach was tested for
other real data of PV cells such as (A-300 of SunPower) as shown in
the Figure 12 below, for the one diode model, at STC: Standard-Test-
Conditions (T=25° & G=1000W/m?).

I(Current)

0 1 1 1 1 1 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
V(Voltage)

Figure 12. The fitted I-V curve characteristic for the (A-300 SunPower) solar PV
cell at STC.

From the above Figure 12, it is clear that once obtaining a good
confrontation between the two curves, the model is well chosen to
represent the real system.

4. Results & Discussions

This section presents the results obtained for identifying PV
parameters values, using the developed combined approach. The
following Table II illustrates the results obtained for the electrical
PV parameters values of the generator installed in our Laboratory
(LDCCP).

Table 2. The obtained parameters values from our developed approach for PV
generator.

(a) The one diode model
Parameters Obtained values
245
Lgs 3.166611e-07
n 1.279182
Rs 0.036461
Ry 53.271523

(b) The double diode model

Obtained values
Parameters
2.45
Lgs1 3.166611e-07
Lio 3.266611e-07
1.279182

n2 1.379182

R 0.036461
R 53.271523
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The two above tables show that the obtained values for PV
parameters models have good values as compared to the values
mentioned in literature [33]. The final curves results that validate
the model selected for representing our PV generator’s behavior,
are shown in the fitting I-V curves below, Figure 13.

I=£(V)
3

s R

¢ Model

Current [A]

0 | | | | | | |

0 10 20 30 40 50 60 70 80
Voltage [V]

Figure 13. The fitted final I-V curve characteristic for our PV generator (4
associated modules in series of SMS5).
It is clear from Figure 13 that the two curves (from the model and
the real systems) are well fitted and adjusted. Therefore, the
selected model is approximately near of the real behavior of PV
generator.

5. Conclusion

In this paper, a detailed study is provided for determining,
estimating, identifying and obtaining of the electrical PV
parameters values in real time, through combining two algorithms
(Levenberg-Marquardt with Particle-Swarm-Optimization). The
novelty of this method is that it uses least-squares regressions to
initialize the PV parameters values before optimizing their values.
The process of identification was elaborated with details,
containing all of the four basic steps of identification, as data
acquisition, selection of model, PV parameters estimation values
and model validation. The obtained results show that the
developed approach has the capability to achieve higher PV
parameters values with a best precision. The effectiveness is
proved by the best approximation obtained between the real data
and the data predicted from the curve fitted. This work allows as
studying the PV generator’s behavior under real conditions,
through the detailed steps of the identification process.
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