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Abstract - This work concerns the modeling of a
photovoltaic cell and the prediction of the sensitivity of
electrical parameters (current, power) of the six types
of photovoltaic cells based on voltage applied
between terminals using one of the best-known
artificial intelligence technique, which is the Atrtificial
Neural Networks. The results of the modeling and
prediction have been shown and then compared
between them. NEWFF learning algorithm was used
with specified number of iteration that gave the best
results. The error was calculated in all cases to check
the accuracy of the used method.

Keywords —

PV: Photovoltaic
I-V: current-voltage
P-V: power-voltage

NEWFF:Feed Forward Multilayer Perceptron Network

L3P:  Lumped, one mechanism, Three Parameters

L4P: Lumped, one mechanism, Four Parameters

L5P: Lumped, one mechanism, Five Parameters

2M5P: Two Mechanisms, Five Parameters

2M6P: Two Mechanisms, Six parameters

2M7P: Two Mechanisms, Seven Parameters

lon[A]:  the current generated by the incident light

Is[A]:  the diode reverse bias saturation current

Ish [A]: the shunt resistance current

Isc[A]:  short circuit current of the PV cell

Isco: short circuit current of the PV cell under
standard conditions

lov[A]:  the output current

Vp[V]: the terminal voltage

Vpr[V]:  the photovoltaic voltage

Voc [V]: Open circuit voltage

q: the electron charge

k: the Boltzmann constant

T [K]:  the temperature of the PN junction

218

To: standard temperature
Eg: energy gap
E[W/m?]: the irradiation

Eo: standard irradiation
Rs[Q]:  series resistance

Rsh[Q]:  shunt resistance
n: the ideality factor of the diode
Is1 [A]Z

the first diode reverse bias saturation current
Is2 [A]: the second diode reverse bias saturation current
Ish [A]: the shunt resistance current
la[A]: the diode current
la1[A]:  the first diode current
laz[A]:  the second diode current
ma: the ideality factor of the first diode
ma: the ideality factor of the second diode

V, = e, thermodynamic potential
q

Te: the actual temperature of the cell temperature

T  the cell temperature at reference conditions

lsref [A]: the saturation current at reference conditions

k1, k2: constants

Sj: weighted amount to the input of neuron j of the layer (1)

N number of the neuron of the layer (I)

output of the neuron j of the layer (l)

Wi weight that connects neuron i of the layer (I-1)
with the neuron j of the layer (1)

L: number of layers in the network. Layer (0)
corresponds to the input nodes

f(): activation function.

Erl: current error

ErP: power error

I. INTRODUCTION

Artificial neural networks have attracted the attention
of a large number of researchers in the field of
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renewable energies, and in particular for the
modeling of photovoltaic cells [1].

Indeed, much research has proved the ability of
neural networks to model PV cells. They have shown
that they are more appropriate, and give better
results compared to the conventional approximation
methods proposed by other researchers, for the
modeling of PV cells [2].

The purpose of this paper is to find the most precise
mathematical models in order to obtain an optimal
dimensioning of the PV cells using artificial neural
networks [3]. The work was organized in three parts:

e In the first part, we discussed the six different
models of a solar cell.

e The second part presents a definition of artificial
neural networks with their mathematical equations.

e The third part is devoted to modeling and thus
predicting a photovoltaic cell by artificial neural
networks then validating the results by calculating
the error.

[I. MODELING OF SOLAR CELL

A photovoltaic cell can be described simply as an
ideal source of courant which produces a current Iph
proportional to the incident light power after being
exposed to solar radiation. The equivalent circuit
diagrams of the PV cell for the different models of PV
cell are represented in the following figure [1][2].

Fig.1. Equivalent diagram of the different models of a solar cell

The characteristic equation is derived in a
straightforward manner from the law of kirchhoff:

Ipv=lph_ld (7)

The diode is a nonlinear element; the IV characteristic
is given by the relation:

Iy =1 (exp (‘\]/—T) - 1) %)

The saturation current of the diode is assumed to vary
with temperature according to the expression:

b= e () exp ((_) ()~ (ﬁ)) @)

a) Short-circuit | current lcc

It is the current for which the voltage across the PV
cell is zero (Vpv=0).

The debited current is equivalent to: lec = Ipy = Ipp (5)
Viy L
Loy = Lo — I (exp (an) - 1) (3 b) Open circuit voltage Veo
This is the voltage at which the debited current by the
PV cell is zero expression. Its expression is derived
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from equation (3) by canceling the current (Ipv=0)
Vyy = Ve = Veen.In (1 + ‘IC—C) (6)

The electric power P (W) provided to the terminals of
a PV cell is equal

P =V, [ICC -1 (exp (:L\‘/’t) - 1)] (7
The L4P model treats the photovoltaic cell as a
dependent current source of illumination, connected in
parallel with a diode and in series with a series
resistance Rs. Electric current produced by the cell is
then given by the following expression [3]:

Vv + . R
_ pv pv: s
=) ) @

In the case of L5P, losses are modeled by two
resistances, shunt resistance and the series
resistance. The model thus involves the following five
unknown parameters: n, Iph, Rs, Rsh and Is [4].

The characteristic equation is derived in a
straightforward manner from the law of Kirchhoff

Ipv = Iph —Ig —Isn (9)

The electric current produced by the cell is:

Ipv = Lpn — s (exp (%55&)—1)—(%;:'“5) (10)
The operation of a solar cell can be modeled by
considering the parallel connection of two diodes
having saturation currents Isl and Is2, the diode
factors n1 and n2, a current source generating a
photocurrent Iph, which depends on solar irradiation

(516l

The characteristic equation is derived in a
straightforward manner from the law of kirchhoff:

The electric current produced by the 2M5P cell is then
given by the following expression:

— VpvtlpyRs Vo +lpy-Rg
Ty = Ton = It (exp (T) - 1) ) (exp (T) - 1) -

(=) (15)

It involves the mathematical description of a circuit
realized by the parallel connection of two diodes
having the saturation currents Is1 and Is2, diodes
factors n1 and n2, a current source generating a
photocurrent Iph that is dependent on the solar
irradiance and RS series resistance [7][8].

It The characteristic equation is derived in a
straightforward manner from the law of Kirchhoff:
Iy = Iph — la1 — laz (16)
The electric current produced by the 2M6P cell is then
given by the following expression

_ Vou Ry Vou+lpy Ry
o =t =1 (o0 (285) = 1) = 12 (e (2522%) - 1)

The equivalent circuit model 2M5P is obtained using
the simplified circuit model which has six parameters
(Lumped, 2 Mechanism model with 5 parameters)
[9][10]. It is achieved by mathematical description in
parallel connection of two diodes having its saturation
current IS1 and 1S2, the diode factors n1 and n2, a
current source generating a photocurrent Iph that
depends on the solar irradiance and temperature [16].
The characteristic equation is derived in a
straightforward manner from the law of Kirchhoff
[18][19] :

7)

(18)

Ipv = Iph - Idl - Id2

The electric current produced by the cell is then given
by the following expression:

Iy = In — o — Loz — L (11) Ly =Tpn— Iy (exp (n\:p\‘;t) - 1) — I (exp (“:p\jt) - 1) (29)
The diode is a nonlinear element, the IV characteristic Il ARTIFICIAL NEURAL NETWORK
is given by equation: '
v Artificial neurons are the artificial intelligence
-1 (o () 1) 2 e
lar = st (exp Vs 1 ( technique most commonly used in the field of
modeling and control methods. They consist of a
I =g, (exp( Va )_ 1) (13) precise number of neurons that are arranged in
Ve tlR n2Ve layers. Neurons of two adjacent layers are
Iy = % (14)  interconnected by weight, using the NEWFF algorithm
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with variable number of iterations, after many
experiences we found that the number of 150
iterations gave the most appropriated results[11] [12].
The figure (2) shows an example of artificial neural
network.

Hidden layer

Input layer

Output laver

Weights

Fig.2. Architecture of the ANN

The multilayer perceptron is probably the simplest and
most well-known neural network. It consists of several

connected layers of neurons. The activation function
is mainly used sigmoid function.

Consider the neural network MLP "Multi-Layer
Perceptron” L layer P inputs and g outputs. The input
layer contains the components of the input vector (x;)

mzp . il

O<i=p.

The calculations are made layer by layer from the
input to the output.

The output of the neuron j of the layer | (0 <I <L) is
given by:

1-1
l N 1, 0-1
sj = Yo Wi Uj

(20)

o= 1(5) @
It is noted that the first element of each vector
u'(1=0,1,...L.-1) is set at one (i.e.,uj=1) and the
product (wj, * ug ') represents the value of the internal
threshold of the neuron j in the layer [15][17]

V. MODELING AND PREDICTION OF THE PV
CELL POWER

The experimental data of current and power versus
the voltage was loaded on Matlab to be compared to
the obtained results. Each time the neural network is
trained. In Fig.3 the model and the prediction follow
the curves of experimental data with a minimum error
for different models. The error increases in case of
prediction.

W) 1(A)
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a. Siﬁgle diode cell
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b. Double diode cell

Fig.3. Modeling and prediction of current and the power
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V. COMPARING THE PERFORMANCE OF PV
CELLS

The following table shows that current errors are
almost zero, and the L4P model is better because the
error is close to zero, but in the prediction there is a
remarkable difference. Power errors are zero even in
prediction. These of the two models 1M4P and L3P
are zero white the error the L5P model increases.

When we compare the results of double diode
models. The 2M7P model is the best one. In the

prediction, there is a remarkable difference; we note
that errors of the two models 2M5P and 2M6P are
zero against the error of the 2M7P model which
increases.

The current errors are larger than those of the models
with double diode. The 2M7P model is the best, and in
the prediction, there is a remarkable distance. We
note also that the power errors are zero even in
prediction. Errors of the two models 2M5P and 2M6P
are zero against the error of the 2M7P model which
increases.
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— o o — o o — o o — o o — o o — o o
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Table. 1. Current and power errors of PV single and double diode cell

VI. CONCLUSION

This work presents the modeling of the problem of six
photovoltaic modules using artificial neural networks.
Also one presented the basic electrical characteristics
of a photovoltaic cell and the equivalent circuits were
described.

The comparison results of the performance of PV cells
with a single diode and two diodes indicates that the
prediction error increases when adding the shunt
resistor i.e. in case of the two models L3P and 2M7P.
On the other hand, the current error is generally
greater than the power error in all the models. These
results confirm the ability of artificial neural networks
to modeling of photovoltaic cells.
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