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= ABSTRACT - With the ever-increasing prevalent power crisis and pollution of the environment, solar power, has attracted
greater attention as a new and clean energy source. It provides an alternative solution for isolated sites with an unavailable grid
connection. However, it is not without any drawbacks, mainly its intermittent nature, related primarily owing to its reliance on
meteorological variables such as the temperature outside and the amount of sunlight. In effect, the PV systems that produced
electrical energy could well display an electricity excess or deficit at the loads level, likely to result in system service discontinuity.
In this respect, the present paper is designed to provide an intelligent management strategy to PV station owners with a dump load.
It can involve serving two customers simultaneously according to the following scenarios: the PV production installation of the
customerl is greater than their required load; however, the customer2's neighboring station does not have enough power to cover
its electrical load. This case brings electrical energy from the initial station to make up for the shortfall, and vice versa. Lithium-ion
batteries step in the case when the essential electrical power cannot be delivered either by the local station or the neighboring one
or to keep the accumulated power excess. If one of the stations (1 or 2) detects a power surplus and the batteries are completely
charged, the generated power excess must be redirected to a secondary load, commonly known as the dump load. Relying on the
artificial neural network controller, the suggested exchange control is used for two independent PV-battery stations with dump load.
The MATLAB/Simulink attained simulation turns out to demonstrate the advanced controller’s noticeable performance and
effectiveness in managing the standalone PV system’s operability in terms of continuous electrical energy delivery flow to the
resistive load while reducing power waste and increasing the lithium-ion battery lifespan.

Keywords: Solar energy; PV system; Artificial Neural Network control; Dump load; Lithium-ion batteries; Energy control.

Regarding of standalone PV systems, they are two types: either
with or without storage sources. The first type displays the
advantage of enabling to reach the necessary energy needs
continuously [4]. However, due to the presence of storage
sources, it is extremely expensive to maintain. As for the second
type, it is rather cheap and does not require considerable
maintenance. Indeed, the first type is much more recommended
in terms of power consumption continuity. Rather than dealing
with insufficient electrical power issues, installation owners
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1. INTRODUCTION

The insertion of distributed renewable energy production
technologies such as PV and wind in the power grid is
increasing day by day. Even though PV electricity production
is heavily influenced by changing weather conditions [1], it
requires little upkeep and is clean. The major disadvantage it
displays consists mainly in the intermittent character, due to its
liability to meteorological data variability [2]. There are two
types of PV systems: electrical grid-connected PV systems and
standalone PV systems. PV solar systems that are electrical
grid-connected are designed to meet the annual total
consumption of electricity. Off-grid photovoltaic systems were
designed to meet energy requirements immediately [3].

frequently choose installations with unusual dimensions. In this
regard, the photovoltaic station would assist in producing more
electricity than the energy demands anywhere at a given time,
especially on sunny days. This additional electrical power
supply would be squandered once improperly used or stored.

In this paper, a special scheme is advanced, whereby,
neighboring off-grid electric installations can be connected to a
micro-grid to exchange the excess electric power. In this
electrical micro-grid, the generating electric installation could
transfer the surplus of output energy to other nearby-based
electric installations that were running low on energy on
meeting their energy loads. The available energy excess
produced will be either stored in the batteries or supplied to the
dump load. This dump load is used as an additional load in order
to avoid power losses. Accordingly, no loss of energy would be
perceived, while the system keeps maintaining its operation in
a normal way. Dubbed Simulink, the proposed model includes
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all of the standalone PV system relevant components, namely,
an MPPT algorithm-driven PV station, a boost converter,
lithium-ion batteries, station loads, and dump load.

In effect, to stay balanced through the electrical energy
generated and the station-load energy requirements, an efficient
energy management algorithm is suggested. This management
algorithm should decide on the source wherefrom the
PV installation meets its load's energy needs: whether from a
located installation, batteries, or having to borrow energy from
another neighboring installation. Figure 1, below, illustrates the
use of two based PV stations with dump load, as depicted in this
study. Once sufficient energy is provided, every PV station
turns to supply its load. In the power outage event, both stations
and the batteries step in to help. It is worth underlining that Kj,
Ka, K12, K21, Kip, and Kzp denote the IGBT switches applied.
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Figure 1: Dual stand-alone photovoltaic systems with dump load

The ANN (artificial neural network) and FLC (fuzzy logic
controller) are widely applied for a wide range of complex
applications. They can be used to control the voltage-based
electric grid, as well as the current and heat cable parameters [5-
6]. The FLC demonstrated good accuracy in the command of a
bidirectional total power charger, which shall allow both
charging and providing vehicle energy to the grid (V2G) [7]. It
(FLC) aids in the automatic determination of micro-wave oven
cooking time based on quantity and food type [8]. It's also
utilized in hybrid power system applications, such as renewable
energy with and without storage [9-10]. An adaptive fuzzy
logic-based EMS (energy management strategy) for HESS
(hybrid energy system storage) in electric vehicle applications
is presented in [11]. The proposed system of control employs a
multi-agent-based approach that is difficult to create and
necessitates extensive computational sources. The ANN
controller is also used for HESS control ends. In [12], the
adaptive ANN-based management for hybrid AC/DC
microgrids is advanced. Accordingly, ANN-based management
is used to monitor the maximum power generated by a
renewable source and transfer power to the grid. The method
relies on an online highly trained neural network control
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algorithm that is too complex to design and necessitates a lot of
computational power to find the best control parameters.
Regarding the present paper, an ANN strategy is designed and
adapted for implementation in a standalone hybrid PV system,
for the purpose of maximizing the battery lifetime and ensuring
power continuity [13-14]. Worth highlighting, in this context, is
that the ANN controller exhibits a number of remarkable
advantages, mainly: the ability to work with insufficient
knowledge; good fault tolerance; the ability to train machines;
gradual corruption, and higher robustness. Relying on the ANN
controller, the suggested control is employed for two
independent PV battery stations with dump load. The
simulation results based on MATLAB/Simulink turn out to
demonstrate the advanced controller’s noticeable performance
and effectiveness in terms of continuous power delivery flow to
the load while trying to minimize power waste and increase the
lithium-ion battery lifetime by reducing the discharge cycle.

The following is how this work is organized. Section 2 depicts
the standalone PV system’s main components. Section 3
enumerates the envisioned ANN-involved steps. Section 4
highlights the management planning relevant analysis via ANN
controller. Section 5 outlines the simulation attained results with
regard to the performance and effectiveness of the advanced
ANN controller. As the concluding remarks, they make the
subject of Section 6.

i 2.PV POWER SYSTEM ARCHITECTURE
A stand-alone PV installation has been widely applied in
distinct areas once no electrical power grid is applied. An Off-
grid PV system incorporates photovoltaic panels, an MPPT
control, a boost converter, a buck-boost converter, a PID
controller, and batteries [15]. The entire dump-load
incorporating PV systems were made using
MATLAB/Simulink environment, as illustrated in figure 2.

PV SYSTEMS DISPLAY

Figure 2: Dual standalone PV systems’ ANN energy management
Simulink model

2.1 PV Panel

The photovoltaic panels convert electricity from sunlight. A PV
generator can be built by linking numerous PV modules in
parallel and series [16]. The PV generator is, in fact, a nonlinear

Website: www.ijeer.forexjournal.co.in

An Advance Artificial Neural Network Energy Management 1006


https://www.ijeer.forexjournal.co.in/

FOREX

Publication
Open Access | Rapid and quality publishing

system, as illustrated in figure 3 below, with an equivalent cell
circuit.
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The PV generator is constructed by linking solar PV modules in
series (Nss) and parallel (Npp), as presented by [22-23]:

Pyv = NssVpuNpplpy (8)

The parameters of the solar panel ADVANCE POWER API-
M255 are depicted in the following table 1.

“Z Table 1: The AP1-M255 Module Characteristics

Figure 3: APV solar cell's equivalent electrical circuit

Several mathematical models’ is suggested to describe the
semiconductor junctions provided non-linear behavior. The
most widely recognized of these models is the ‘Four-Parameter
Model’. The mono-crystalline and poly-crystalline PV arrays’
efficiency is exhaustively investigated in [17-20]. The Ip
current can be calculated based on the voltage of the PV array
Vv, as follows [21]:

Ly = Ioe{1 = Fyy[exp(Fpa Vi) — 1]} (1)

Where Fi1= 0.01175, Fp=Fuu/Vo", Fa= In[(Isc(1+F11)-
|mpp)/(F11 Isc)], F44:In[(1+F11)/F11] and m= In[F33/F44
1IN[Vinpp/Voc]. Vinpp and lmpp denote the PV voltage and current
at MPP, respectively. The OCV (open-circuit voltage) and SCC
(short-circuit current) are designated by Vocand ls.. The climatic
conditions have a noticeable impact on the PV systems. The
following equations are useful for processing the equation (1)
adaptation to meteorological data variations:

G
T, =T, + (NOCT — Ty) —
Go

2
ATC = TC - To (3)
G G
Ay, = o ZATe + (G—O —1) I @
In[F33/F,
AV,, = —B AT, — R AL, = M
ln[Vmpp/ VOC] (%)

Where To and Gg respectively designate the cell temperature and
irradiation at STC. T, and G denote the temperature and
irradiation, respectively, of the PV cell. T, stands for the
ambient temperature of the PV cell. 4 and f are abbreviations
for the SCC and OCV temperature coefficients, respectively. Rs
designates the serial resistance.

Equations (6) and (7) illustrate the new PV current and voltage
expressions, which are as follows:

va,new = V;m + Ava ©6)

Ipv,new = Ipv + Alpv (7)

ADVANCE POWER API-M255
P 25551 W
Voo 306V
Iy 8.35 A
. 3768V
I 8.67 A
Rs 0.3004 Q
Ry 1773. 68 Q
Neen 60

2.2 Description of the MPPT Technique

Various techniques have been employed to monitor the
MPP maximum power point. The most widely applied of these
techniques are incremental conductance, fractional OCV,
fractional SCC, perturb and observe (hill-climbing technique),
neural network, and fuzzy logic control [24-33]. Regarding the
present study, the FLC is used as the MPPT technique. The FLC
maintains command of the photovoltaic system based on a data
knowledge process. The FLC relevant stages are categorized as:

(1) Fuzzification (2) Decision making and (3) Defuzzification;
The FLC block structure is depicted in figure 4, below.

Duty
E —f . . cycle
g Fuzzification » Inference Defuzzification |
CE; —)]

Rules

Figure 4: Block diagram of the FLC

The FLC inputs, output, and duty cycle, respectively referred to as Er
and CEr are provided by:

— va(K) - va(K - 1)
T V(K =V (K= 1) ©)
CE, = E,(K) — E,(K — 1)

2.3 Converter Modelling

The converter in use is a setup voltage converter that is
controlled via PWM. The PWM bloc's input is generated using
MPPT techniques [34]. Figure 5 depicts the boost converter,
which contains an inductor, a diode, a high-frequency switch,
and a capacitor [35-36]. The voltage of the boost converter can
be depicted in accordance with two modes of operation: passing
and blocking, as figured in equations (10) and (11) [37], below:
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di, 1
A V. — — 10
d‘]i/t L [1Vm Vout(1 D)] ( )
out _ o _ _
dt - C1 [lL(1 D) [out] (11)

With: L represents the inductance value (in H), i, denotes the
inductor current, C; designates the capacitance of the input (in
F) and l..: denotes the load current.

+ iﬁn fL L f‘d ]()"] —
—_—— Y
e
PWM
Vil €122 I—Pﬂlﬂﬂ K C: Vour
IGB

Figure 5: Equivalent circuit model of the boost converter

2.4 Battery Modelling

To model the lithium-ion battery, MATLAB/Simulink is used.
Figure 6 depicts the fractional order of the ECM. It is utilized
to keep an optimal general pattern among ECMs by reducing
the computational burden and improving the efficiency of
outmoded existing ECM failings. The SOC of a lithium-ion
battery measures the quantity of useable energy during the
current cycle, as defined by:

f; Iz(t)dt
Qc

With: Ig is the current, tO represents the initial time, and Qc
denotes the nominal capacity.

S0C(t) = SOC(t0) — (12)

In the following equation, we presented a somewhat different
link between cycle-life and DOD (1-SOC):
N = Ngo * DOD' * ¢(®(1-D0D")) (13)

Wherein Ngo seems to be the cycle life at DOD =80 %, and £
denotes a constant with values between 2.25 and 3.

C1B CQB
[ Ros +
————— Rig Rog —
T Ew Vis Vag Vs

*!

Figure 6: Lithium-ion battery model

Using the ECM as presented in Figure 6, the terminal voltage
Vg turns out to be determined using the formula below:

Va(6) = Eo(SOC) — I;()R — C(t) (14)

With: R denotes the internal resistance and C(t)is a correction
factor resulting from the model’s lack of accuracy and
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environmental factors [38]. The ECM with a 2-RC circuit is
used to strike a compromise among both computation
complexity and precision, where:

, Vig(t)  I5(t)

MO = "R as)
; Vop(t) | Ip(t)

O " R T s 16)

With: Rig, Rog, and Cig, Cog respectively designate the RC
network diffusion resistances and diffusion capacitances. These
parameters can be calculated along with the ohmic resistance
using the technique of fitting exponential functions or a
straightforward least squares algorithm [39]. Each station's
battery (PV station 1 or 2) is monitored by a buck-boost
converter, which is controlled by a discrete PID controller. The
model of the PID controller Simulink is highlighted in figure 7.
Accordingly, the upper switch Spl charges the battery, while
the bottom switch Sn1 discharges it.

.
o P ‘

PWM Generator

(DC-DC) { @
Sni

==

Figure 7: Simulink model of the PID controller

=2 3. ANN CONTROL ALGORITHM

More recently, the ANN technique has attracted great interest
in the PV systems MPP and energy management control
tracking process [40]. It is worth underlining that the proposed
technique relies heavily on the ANN to ensure an effective
resolution of complex problems. The neural network
architecture is made up of the input, hidden, and output layers.
A neuron (also known as a node) is linked between multi-layer
networks with each layer of the network [41-43]. The ANN
technique entails two critical stages: training and operation. The
neural network model’s inputs and outputs are, respectively:
Pp1, Pp2, LP1, LP2, SOC4, SOC,, and K1, Kz, K12, K21, Kip, and
Kap, as illustrated in figure 8.

o

3

Sp1

> @ B

vBref V' busi

Hidden
layer

Figure 8: ANN block diagram

Where Pp; designates the first station’s respective power, and
Pp2 is the second station’s respective power. In addition,
APp,LP; and APy, LP, can be formulated as follows:
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APPlel Ppl_LP]_

17)

APp,LP, = Pp, — LP, 18)
In order to train the Levenberg-Marquardt algorithm, a set of
switch-state data points that were already taken from the
Simulink simulation were used. The training performance curve
in figure 9 shows that the MSE error has fallen to 0.00073647
after 109 epochs.

, Best Validation Performance is 0.00073647 at epoch 109
0

Train
Validation
Test

Best

=3
=]

]

%

Mean Squared Error {mse)
=)

O

0 20 40 80 80 100
109 Epochs

Figure 9: Artificial Neural Network performances

= 4. MANAGEMENT PLANNING VIA
ANN

To cover the stations’ loads, our designed system should be able
to decide whether to connect two standalone photovoltaic
stations with a dump load. As shown in figure 10, clear criteria
have been followed to ensure an efficient management
algorithm.

Cover the load
power demand

Safekeeping the battery from
over charging or discharging

Objective K
LP; 5 : !
1 0] Ko >
LP N | Artificial Neural v Ko ?
—>| > T 12
Network Energy | p X >
2
AP‘”LPIE LTJ Management | y —2>
Algorithm T | K
S —
APpLP; s &
> >
Criteria

Store the excess energy
in the battery bank

10% < SOC <90%

Figure 10: The proposed management strategy schemes

While complying with the criteria mentioned, the power control
algorithm has been implemented through the use of an ANN
technique. The management algorithm involves four operating
modes as presented in the following figure.
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Specify the load profiles, the forecasted solar
irradiation and ambient temperature

1

| Check LP;» and calculate Pp; > ‘

Supply the load

through the local and
the other PV station Nes

Load Supply the load through Supply the load through Supply the load
shedding the local PV station and the local PV station and | |through the local
l the batteries the dump load PV station

Figure 11: The advanced energy management organogram

The following table illustrates the switches states considering
the climatic condition and load variations:

ziTable 2: Switches states

Modes Ki | Ko | Kiz | Kai | Kio | Kap
LP, < Pp; and SOC; <90 %
LP, < Pp, and SOC, <90 %
LP; < Pp, and SOC; =90 %
LP, < Pp, and SOC, =90 %
LP, > Pp, and APL, < APL,
LP, > Pp, and APL, < APL,

olr|o|r|o|kr
= o] k| of »| ©
—| o] o of o] ©
o| | o] o] o] ©
o| of o| »| o] o
o| o r| o] o] o

. SIMULATION RESULTS

ﬁie system mathematical model, which mainly depends on, can
be used to calculate the generated PV power. Figure 12 depicts
the real G and T meteorological data.

Irradiation Solaire (mez)

Temperature Ambient (

8 12 16
Temps (hour)

Figure 12: The (G and T) meteorological database
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The PV system parameters are illustrated in the following table.
Application of the advanced ANN controller for loads (1 and 2)
and dump load describes the switchers’ state as illustrated in
figure 13 and figure 14.

Under the climatic conditions and load variations, it is clear that
the neighboring station intervenes once the PV station isn't able
to maintain the entire load requirements. Furthermore, the first
PV station intervenes to supply the dump load with energy in
the case of power excess, and both of the PV stations’ batteries
are fully charged. Furthermore, the battery can contribute to
meeting the power needs of the load and storing the excess
energy depending on its charge state.

“Z Table 3: PV systems parameters

PV1 generators’ parameters
Prax 5110.2 W
Vinpp 153V
Inpp 334 A
PV2 generators’ parameters
Prax 6387.75 W
Vinpp 153V
Ipp 4175 A
DC/DC converters parameters
Cy 440 pF
C, 3000 pF
L 47 uH
Lithium-ion battery parameters
Vg 220V
Cp 50 Ah
Dump load parameter
Ppr 800 W
5000 [ Py
LP1
4000 —
% 3000 L g
2 A R
ﬂc-’ 2000 ‘L#._,_“j
1000 ] =
O i |
6 8 10 12 14 16 18
x™ onNfT ! !
E OFF%I i
6 8 10 12 14 16 18
%J onET T T T
6 8 10 12 14 16 18
{' OoN T T ’—‘
(f% OFF

6 8 10 12 14 16 18
Time (hour)

Figure 13: The PV power, the load power of the first station, and the
state switches of Ki, K1z, and Kip
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5
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2

]
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Switcher K,
2 o
m =4

n T T T T T T
& 8 10 12 14 16 18
Time (hour)

Figure 14: The second station’s PV power and load power and the
state switches of Kz, K21 and Kap

Figure 15 shows the battery reference voltage and measurement
voltage for the initial station. Depending on this figure, the DC
bus voltage remains constantly equal to 400 V during the
variations of the climatic condition, thus, maintaining the
continuous bus-voltage fluctuationality rate at a relatively
acceptable level. It does not seem to affect the accuracy of the
investigated strategy.

500 500
V:U!
= = VBt
VET
400 ——re - 400
=) z
[}
@ —
@ o
> 300 - 300 i
o (=]
[=)]
o] 8
= 3
c
= >
200 4200
100 100
6 8 10 12 14 16 18
Time (hour)

Figure 15: The first battery reference and measurement voltage

The percentage of the power provided to load 1 from the PV1
station (Pk1) and dump load (Pkip), the power provided to load
1 from the PV2 station (Pk21), and the battery power levels’
percentages are presented in figure 16. Accordingly, 81 % of
the first load power is drawn from the local PV installation
(Pk1), 14 % is drawn from the neighboring photovoltaic
installation (Pk21), and 7 % from the first battery bank (Pga).
Furthermore, 3 % of the dump load level is drawn from the first
PV installation. The percentage of power provided to load 2
from PV2 station (Pkz) and dump load (Pkzp), the power
provided to load 2 from PV1 station (Pki2), and the battery
power percentage levels are illustrated in figure 16.
Accordingly, 73 % of the load’s total energy is drawn from the
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local installation (Pkz2), 9 % is drawn from the neighboring
photovoltaic installation (Px12), and 9 % from the battery power
bank (PB2). Besides, 5 % of the dump load energy is drawn
from the second PV installation.

-
&

! PV System |
5000 We

PB1, PB2

Figure 16: Powers exchanged to feed load 1, load 2, and dump load

6. CONCLUSION

The stand-alone electrical PV system has been typically utilized
in remote locations, in which the power grid is generally
unavailable. Unless the power necessary to supply the electrical
load does not exist, the latter will automatically disconnect. In
this paper, a new strategy is developed, whereby, energy is
shared between standalone storage-system equipped PV
systems and dump load mutual contribution. Accordingly,
MATLAB/Simulink was used to design two standalone PV
stations with dump load. The model of Simulink includes a
whole of the PV installation's necessary components: PV panels
employing the FLC technique type, a boost converter, a
bidirectional converter, batteries, loads, and a dump load. Due
to the standalone PV system's reliance on renewable energy
sources, electrical energy management becomes rather
complex. Accordingly, an effective electrical energy
management algorithm involving two standalone PV systems
with dump load has been advanced considering the variations
of the climatic conditions and loads. Regarding the load
requirements feeding process, the proposed controller is
designed in such a way as to deploy the ANN controller. The
developed ANN controller achieved simulation results turn out
to testify to the model’s remarkable efficiency in matters of
power management, whether with regard to maintaining service
and preventing electrical power losses. In congruence with
these findings, the new design’s significant performance and
perceived supremacy in regard to energy exchange between two
PV stations are highly noticeable.
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