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MPPT is necessary to achieve an optimal exploitation of the photovoltaic
(PV) system. This paper deals with the problem of the optimization of the
power, delivered by the photovoltaic panel (PVP). To achieve this aim, a
neural network estimator (NNE), followed by a conversion coefficient and a
calculation stage of the optimal duty cycle, has been developed. The NNE is
used to calculate the open circuit voltage corresponding to each solar
radiation and to a various value of temperature, based only on the standard
open circuit voltage. A coefficient, determining for each solar radiation the
voltage of the maximum power directly from the open circuit voltage, is
estimated by a practical test. Finally, the optimal duty cycle is, next,
determined by the input/output equation of the boost converter. The
proposed MPPT is tested and compared with the most widely used MPPT
methods by simulations using MATLAB/Simulink and real time hardware in
the loop (HIL) implementation. The results obtained with the proposed
MPPT show excellent dynamic performance under fast irradiation changes.

© 2020 The Authors. Published by IASE. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Amongst all renewable energy sources, solar
energy provides an excellent opportunity for the
production of electricity and therefore this energy is
widely used. Solar energy is a clean renewable
resource with zero emission. Due to an increase in
power demand, the switch over to renewable energy
sources which are eco-friendly and exist abundant in
nature is extremely necessary. The efficiency of the
PV system is improved by using the maximum power
point tracking (MPPT) controller. Frequently used
MPPT algorithms are Perturb and Observe (P&O)
and Incremental Conductance (INC). In the
incremental conductance algorithm, the gradient of
the P-V curve is estimated (Bouselham et al., 2017;
Chatrenour et al., 2017).

To date, numerous MPPT controllers have been
presented and implemented in the literature, these
controllers have some generic requirements such as
low complexity, low cost, minimum output power
fluctuation, and the ability to track quickly when
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operating condition changes. The most widely used
algorithms are perturbing and observe (P&O)
(Chatrenour et al., 2017; Ezinwanne et al., 2017) and
incremental conductance (InC) (Jiang et al.,, 2017).
These conventional methods achieve moderate
performance with easy implementation and a low
cost. For better transient and steady-state
performance, artificial intelligence based MPPT
techniques have been suggested such as fuzzy logic
(Kwan and Wu, 2017) and neural networks
controller (NNC). However, the NNC controller has
proved good performance under rapidly varying
irradiance, especially in terms of efficiency and
response time.

The performances and the anomalies related to
several stage inverter architectures used for the
prevalent MPPT techniques have been investigated
in Murtaza et al. (2017). A new hybrid MPPT
algorithm has been proposed to quickly track the
MPP of the PV arrays. The algorithm has been
implemented in a single-phase two-stage PV inverter
in which the direct current sensors for tracking the
MPP are not required.

To improve the dynamic response of boost DC-DC
converter-based PV system under the sudden
insolation and temperature change, a novel fuzzy
logic MPPT controller has been proposed in Rahmani
et al. (2015) and Rezk et al. (2017), for tracking of
MPP.
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Based on the relation between the variation of the
open circuit voltage (Voc) and the short-circuit
current (Isc) along with the perturb and observe
(P&0O) techniques, an MPPT technique has been
proposed in Khlifi (2016) and Bouselham et al
(2015). The proposed MPPT technique constitutes a
control structure that contains three loops. These
loops are referred to as the E-MPP loop, R-MPP loop
and S-loop. These loops are based on these three
considerations (i) the voltage and the current
relations of PV that gives MPP, (ii) the duty cycle of
the converter to set a PV operating point at MPP, (iii)
a criterion to measure the varying weather
conditions and the limits criteria to evaluate the
steady weather conditions.

In order to improve the response time of NNC to
track PV system and reduce the complexity of the
controller, this paper proposes a novel MPPT, it
consists of a simple algorithm that scans the P-V
curve to identify the PV system, combined to NNC
which gives the duty cycle corresponding to the DC-
DC converter. The remainder of the paper is
organized as follows: A description of the considered
PV model and its characteristics are introduced in
Section 2; while section 3 describes the proposed
MPPT method. Section 4 briefs the results and
discussions. Finally, conclusions are reported in
Section 5.

2. Photovoltaic system model

A novel MPPT controller strategy, coupled with
real time accurate estimate of the optimum duty
cycle to operate the PVP at its maximum power
through a dc-dc converter, has been evolved with the
following objectives.

Fig. 1 shows a block diagram of the proposed PV
system consisting of the following components: PV
Panel, Boost converter, MPPT controller, DC Load.

Fig. 2 shows the power converter stage, that
connects the PVP module to the dc load. The power
converter stage consists of a boost DC-DC converter
to integrate the output filter and the MPPT control
unit. The control system detects a maximum power
point (Pmax) of PV systems. The MPPT drives the
operating point of the PVP to the Pmax.

The control unit optimizes the duty cycle, in real
time, to control the boost converter and make the
PVP operate in its maximum power for varying
insolation. With steady state operation, the transfer
function for boost converter is deduced as follows:

v, =% €))
where « is the duty cycle of boost DC-DC converter
evaluated by the control unit, V.. is the boost DC-DC
converter output voltage and Vpv is the output
voltage of PVP.

Fig. 2 represents the equivalent electrical circuit
of the PV cell as a current source in parallel with a
diode.
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Fig. 1: PV system with MPPT controller
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According to Fig. 2, the relationship between the
current and the voltage in a single diode is expressed
as follows:

1= Iph —Is [exp (L22) — g - 22| )

The photocurrent Iph is given by the Eq. 3:
Iph = %ef [Iphref + Ct(T — Tr)] (3)

where G is the insolation and T is the cell
temperature in Kelvin.

The reverse saturation current (Irs) of the PV cell
is dependent on the PV cell temperature T and
expressed as follows:

Is = Isref [%]3 eXp(% [ﬁ - %]) (4)

To form an array these PV cells are connected in
series and parallel. In an array, all PV cells are
considered to have the same characteristics. The
equivalent circuit of the PV array is presented in Fig.
3.
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Fig. 3: Single diode model of a PV array

From Fig. 5, the voltage-current relationship of
the PV array is as follows:

The model parameters of the PV system are
specified in Table 1.
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The problem associated with MPPT techniques is
to find the operating condition, i.e. current Ivpp and
corresponding voltage Vwpp, for a PV array to acquire
the maximum power output Pmpp under given
insolation.

Most approaches are pertinent to the variations
in both, the PV cell temperature and the irradiance.
However, some of the techniques are explicitly more
suitable if the PV cell temperature remains roughly
constant. In this case, the Perturb and Observe
(P&O) are used as the MPPT Control Algorithm. To
implement the Control Algorithm, the array must
certainly be coupled with a power converter that can
vary the current delivered by the PV array.

2.1. Boost converter

A power converter has been interleaved between
the PV generator and the load to enhance the
performance of a PV system. The DC-DC boost
converter is shown in Fig. 4. This converter delivers
the appropriate voltage to the load by controlling the
duty cycle a. The MPPT tracking algorithm evaluates
the MPP operating point of the PVP under varying
insolation and PV cell temperature. Thereafter duty
cycle a has been estimated corresponding to
evaluated MPP.

Table 1: The electrical parametric characteristics of the
50w single-crystalline PV module SM50-H [19]

Parameter (AT STC) Abbreviation Value
Band-gap energy Eg 1.12eV
Ideal factor A 1.33
Maximum power Pmax 49 wp
Rated current Impp 0.68 A
Rated voltage Vmpp 81A
Short circuit current Isc 0.79A
Open circuit voltage Voc 12v
Cell modules Ns 33
Temperature Ki 1.2Ma/C

Fig. 4: Equivalent electrical circuit for DC-DC Boost
converter

Eq. 6 represents the dynamic model for the dc-dc
boost converter.

av _ 1
at " Cpy 1_1pv)
ar _ 1 (6)

at Ly (v-( _OCPV)VdC)
2.2. The proposed MPPT method

To operate the PVP in its maximum power mode
for varying insolation and PV cell temperature the
MPPT control constitutes two stages. The first stage
evaluates the maximum power delivered by the
photovoltaic panel (PVP). The second stage
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estimates the optimal duty cycle to control the boost
converter.

2.2.1. Estimation of maximum power

Eq. 7 has been deduced to estimate the maximum
power drawn by the PVP for varying solar radiation.
This equation needs just the standard maximum
power given by the builder at the back of the PVP
(PM at 25°C and 1000W/m?). To estimate in real
time, the maximum power Pm for varying solar
radiation changes, in real time, all day.

G
Py = Pyos—
M M=S 1000

(7
2.2.2. Neural network estimator

An Artificial Neural Network (ANN) estimator is
used in the presented study as shown in Fig. 5. It
illustrates the used strategy to estimate the optimal
duty cycle, ,, , for varying solar radiation values, in
real time.

Estimator

—

Q,
Voc Vmp VL 7Vmp i
Vi

Vocs

Fig. 5: Optimum duty cycle estimation diagram

The proposed strategy consists in developing an
ANN estimator, which is capable to estimate the
experimental ratio y. Experimental ratio y is defined
as the ratio of open circuit voltage, Voc and the
standard open circuit voltage, Voc — s for any solar
radiation values G.

_ Voc

- Voc-s (8)

The relation between the output y(k) and the
input G (k) is a nonlinear system. It can be expressed
by a Nonlinear Auto-Regressive Moving Average
(NARMA) model, that is given by the following form:
y(k+1) = fly(k) ... ... y(k —ny +1),6(k) ....] 9)
where f(.) is a non-linear function, y(k) € R and
G(k) € R are the outputs and the inputs of the
system respectively, k is the discrete time index. ny
and nG are the number of the previous samples
(data history), of the output and input respectively,
required for the prediction.

The system given by the Eq. 9 can be modeled by
the neural network approach. The used ANN, in this
paper, is a 3-layer feed forward network with
perceptron as its element. Input to the ANN is from
Tapped delay lines (TDL) from the input and the
output of the system. TDL constitutes the delay
elements that produces the past samples and
presents it as input and output delayed signals. ANN
estimator structure for the nonlinear system was
shown in Fig. 6.
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Fig. 6: ANN estimator structure for nonlinear system

These delayed signals are then fed to a static
network as the repressor vector so that the
predicted neural network output will follow the
target output as presented in Fig. 6. Eq. 10
represents the estimated experimental ratio using
ANN y, (k),

y(k+1) = As(TNY s TN WiX))Zi == As TN s (net) Zi
(10)

with 4 is a regularization coefficient, s is a sigmoid
function, w;; and z; are respectively the hidden

synaptic weights and the output synaptic weights, N,

is the number of neurons in the input layer and N is
the number of neurons in the hidden layer. x; is the
input vector of the neural network,

x = [6(K),.... G(k = ng),y(k — 1),...,y(k = n)]',
net; = ijilwljxj(k)'

Eq. 11 is the matrix form of (10),
y.(k + 1) = 2s[Z"s(wx)] (11)

with,

W= [le]l=1,...,N1,j=1,...,N0'
S(Wx) = [S(UEtl)]f=1,...,N1’

S(Wx) is the Jacobian matrix of S(Wx), its derivative
is S'(Wx) = diag[s’(netl), ...,s’(netNl)].

Using the gradient descent method, given as
follows,
J() =3 (e(k))? =3 (k) — y(k))? (12)

the update for the weights of the output layer of ANN
estimator is,

2+ 1 =200 -7 > (13)
z(k + 1) = z,(k) + nas'(net)S(Wx)e(k) (14)
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and the update for the weights of the hidden layer of
ANN estimator is,

2 ()

wy e+ 1) = wy (k) —n == (15)
)

wy;(k + 1) = wy;(k) + ns'(net)S' Wx)zx"e(k) ~ (16)

In Egs. 13-16, 17 is the fixed learning rate, 0 < n <
1. Universal approximator property of the ANN is
utilized in the presented work. An ANN has gone
under the learning process to learn nonlinear
behavior of the process and act as an estimator.

2.2.3. Estimation of optimum duty cycle

The estimated experimental ratio is multiplied by
the standard open circuit voltage (given by the
builder at the back of the PVP) to give the value of
the open circuit voltage for varying solar radiation
values G.

Then, a new relationship between the voltage of
the open circuit and the corresponding maximum
power point voltage,V,,, for varying solar radiation,
has been established. This relationship has been
found, on the basis of the practical experiments as
shown in Fig. 7.

Finally, the optimal duty cycle has been calculated
directly from the voltage corresponding to the
maximum power by the relation of the boost
converter.

25

=
)

Voc/NVpm
-

[N

0,5

0

0 100 200 300 400 500 600 700 800 900 1000
Solar radiation [W/m2]

Fig. 7: The relationship of the coefficient Voc/Vpm and the
solar radiation

Vm

- (17)

—Qgp

VL=1

The proposed neural network is applied, in the
next section, on the photovoltaic supplying system.

3. Simulation results and discussion

Based on the system presented in Fig. 1 and
MPPT controller methods, the photovoltaic supply
system with DC load (Battery of 24V) has been
modeled and simulated in a friendly-user
MATLAB/Simulink environment.

In order to check the MPPT performance under
the different climatic conditions, real time simulation
studies have been performed with real solar
radiation.

The ANN estimator has been learned with the
learning rate n = 0.42, the regularization coefficient
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A =1, the hidden neurons are 25, the output neuron
is equal to 1 and the input vector is,

x=[G(k),G(k—1),G(k = 2),y(k = 1),y(k = 2),y(k —
)

To prove the efficiency of the ANN estimator a
comparison between the real and the estimated
values of the experimental ratio of the open circuit
for different solar radiation at specified PVP
temperatures has been shown in Fig. 8. It gives an
almost superposition of the actual and the estimated
values of the experimental ratio of the open circuit
voltage for different solar radiation at specified PVP
temperatures.

We notice that the real and the estimated curves
are closely overlapping in the range 400<G<1000,
which shows the effectiveness of the neural network
estimator to give a value close to the reality, and this
gives us the confidence to use this type of estimator
in this application. The neural estimator values
follow suitably the real one. The error is estimated to
be less than 2%.

On the basis of the elaborated relationship
between the maximum power point voltage and the
open circuit voltage of the PVP, estimated and the
real values of the maximum power voltage for the
different solar radiation at specified PVP
temperature are presented in Fig. 8. The estimated
and the real values are proved to be almost
conformed to a normalized error of less than 2%.
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Fig. 8: The real and the estimated values of the maximum
power voltage compared by the solar radiation

1000

This clearly demonstrates the effectiveness of
MPPT's in properly estimating the optimum value of
the duty cycle in real time. The error between the
real and the estimated values is around 1%.

Fig. 9 shows the power of the PVP as a function of
the voltage as well as the actual and the estimated
values of the maximum powers for the different
solar radiation values at specified PVP temperature.
This curve shows that the estimated values of the
maximum power follow the calculated values.

It can be seen in Fig. 9 that the influence of the
temperature on the maximum power of the
photovoltaic panel is remarkable with the increasing
value of solar radiation.
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Fig. 9: Variation of maximum power in function of solar
radiation

4. Conclusion

In this paper, an intelligent MPPT method has
been proposed to track the PV system under
different weather conditions for standalone PV
systems. The method consists in the development of
the neural network estimator, which is able to
determine, in real time, at various values of
temperature, the value of the open circuit voltage
due to any solar radiation value. The simulation
results demonstrate that the proposed method
guarantees a rapid convergence to the MPPT with
good efficiency. The results have shown that the
three methods are able to track the MPPT but the
proposed method provides better results in terms of
response time.
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