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Chapter

Power Flow Management
Algorithm for a Remote Microgrid
Based on Artificial Intelligence
Techniques
Karim Belmokhtar and Mauricio Higuita Cano

Abstract

This paper presents a novel power flow management algorithm for remote
microgrids based on artificial intelligence (AI) algorithms. The objectives of this
power management system are enhancing microgrid reliability, improving renew-
able energy source (RES) integration, and performing active/reactive power control
for remote microgrids using the fuzzy logic. This paper evaluates the performance
of the proposed algorithm, which consists of both sharing diesel genset active power
and regulating reactive power by using stepped and variable profiles of the load,
wind speed and solar irradiation. According to the simulation results, better perfor-
mance is achieved regardless of the rapid variation of different profiles. Thus, both
stability and reliability of remote microgrids are demonstrated with the proposed
algorithm. Indeed, the active/reactive power control algorithm responds quickly to
different events on the remote microgrid, especially to rapid voltage/frequency
variations on the AC-link system.

Keywords: power management system, artificial intelligence (AI),
renewable energy sources (RES), remote microgrid, fuzzy logic (FL)

1. Introduction

Renewable energy sources (RES) have been positioned as an attractive solution
to reduce dependence on fossil fuels while minimizing greenhouse gas emissions
(GHG) [1]. RES such as wind energy and solar (PV) energy have been extensively
researched in the literature [2–5]. One of the main issues with RES is that their
natural intermittency can affect the stability of the microgrid. On the other hand,
technical issues associated with high penetration rates of RES related to their inter-
mittency, different dynamics and response times can be addressed by using energy
storage systems (ESS) and advanced power management systems (PMS) [3].

ESS has been identified as a solution to increase energy reliability, improve the
balance in energy production, and better manage load demand on the microgrid.
The main purpose of ESS in the microgrid is to store excess power from an inter-
mittent RES and return the stored energy to meet load consumption as a function of
supply and demand [6]. In addition, ESS can be used in several applications in order
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to improve both microgrid stability and power quality. According to the
literature, ESS applications include load smoothing/peak shaving, power quality
improvement, increased renewable energy penetration and emergency storage
systems [7–9].

Power management systems (PMS) can be divided into two categories: (i) PMS
based on optimization methods and (ii) PMS based on artificial intelligence tech-
niques [10]. Mostly, the PMS based on optimization methods involve a multi-
objective function, which maximizes microgrid effectiveness, minimizes fossil fuel
consumption and meets operation conditions requirements. A PMS based on opti-
mization has recently been presented by Gao et al. [11]. In this study, optimal
control is proposed using a three-level control architecture. In the third control
level, a multi-objective is responsible for minimizing fuel consumption and GHGs
as well as scheduling operational maintenance. The second control level is based on
the discrete algorithms that regulate the frequency/voltage from active/reactive
power according to the load demand. Lastly, in this study, the first control level is
responsible for following the reference control between the components of the
system. A multi-objective optimization in cloud platform is presented by Li et al.
[12]. The optimization function is based on the particle swarm optimization (PSO)
method. One of the objectives of this work is to use the cloud to perform the
algorithm calculation in real time. Otherwise, hybridization between AI techniques
and linear programming-based multi-objective optimization is presented in [13]. In
this study, simulation results proved the effectiveness of the proposed multi-
objective intelligent energy management using an FL-based expert system. A
review of the advanced microgrid supervisory controllers (MGSC) and energy
management systems (EMS) is presented by Meng et al. [14]. The hierarchical
control, definitions and issues are presented. The centralized MGSC/EMS is usually
more suitable for small-scale microgrid applications where centralized information
gathering and decision-making can be performed with low communication and
computing costs. Among the techniques or methods used on centralized control, a
review has been presented by the authors with regard to genetic algorithms, swarm
algorithms, linear and non-linear optimization, the rule-based system and machine
learning systems. On the other hand, the decentralized MGSC/EMS can be more
desirable when the microgrid is large or the generation, consumption and storage
are widely dispersed, which makes centralized data acquisition difficult or costly.
The multi-agent system (MAS) based on MGSC/EMS has become a prominent
research direction, as it provides the probability to actualize decentralized manage-
ment functions.

PMS based on artificial intelligence (AI) algorithms are easier to implement and
are more widely used for real-time microgrid control. Furthermore, it is not neces-
sary to know the exact mathematical model for each RES or energy storage device in
the microgrid. Zahraee et al. [15] presented the applications of AI techniques for
hybrid energy systems (HES). The authors present a summary of research
concerning the use of AI algorithms for designing, planning and controlling prob-
lems in the fields of HES. AI algorithms are mostly used because they require less
computational time, show better accuracy and better convergence in comparison to
traditional methods. The research focuses on hybridization between optimization
and AI techniques. These approaches have been proven to be faster, more accurate
and more powerful than classical methods. Similarly, Rajesh et al. [16] presented a
review of AC microgrid control. The islanded and grid-connected modes of
microgrid operation are presented. The control techniques and their different hier-
archy levels are identified and explained in detail. According to the review, for
primary control level, droop control is used for small and large microgrids as it
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provides a high degree of plug-and-play capability. Centralized or decentralized
control can be used on the second control level. Centralized control is more suitable
for small-scale microgrid applications and decentralized control is normally used for
large-scale multi-user microgrids. The tertiary control is applied when the
microgrid operates in grid-connected mode. Reactive power compensation tech-
niques for microgrids are evaluated by [17]. An overview of the challenges and
power quality issues faced by microgrids are identified. Likewise, the different
compensation methods, various control techniques, algorithms and devices are
investigated in this study. A multi-agent system (MAS) decentralized energy man-
agement in a microgrid is presented in [18]. The microgrid system is composed of a
battery/genset/FC/PV/hydro plant and variable electrical load. This study demon-
strates that hybrid MAS – fuzzy Q-Learning is appropriate to solve the complex
issues of energy management in a stand-alone microgrid by controlling the power
flow between RES and ESS. Likewise, a control strategy for a Flywheel Energy
Storage System (FESS) using the Artificial Neural Network (ANN) is presented by
Daoud et al. [19]. The FESS is connected to an electric network. The charge/dis-
charge from the electrical grid to FESS is used as grid frequency support/control,
power conditioning or uninterruptible power supply (UPS) applications. The sim-
ulation and experimental tests show good results of the ANN strategy compared
with classical power control strategies. In addition to its simplicity, the ANN strat-
egy exhibits fewer tuning problems and requires less controller effort. Mallesham
et al. [20] propose an automatic first-control level of microgrid using AI techniques.
The difficulty in tuning a large number of parameters in complex systems can be
achieved through AI techniques. This study compared various AI techniques with
traditional power control strategies. The simulation results show that optimal
tuning of multiple parameters in a non-linear microgrid using BFO techniques is
better than PSO, GA and classical methods.

In order to address the various disadvantages of the optimal energy management
systems proposed in the literature, we present in this work a novel solution of an
optimal control of both active and reactive power flow for isolated microgrids based
on fuzzy logic techniques. The performance of this solution that allows a better
sharing of the active and reactive power flow will be presented. The stability and
reliability of remote microgrids are demonstrated in this work. Active/reactive
power control responds quickly to voltage/frequency variations on the AC-link
system.

The rest of this paper is structured as follows: The dynamic microgrid model is
presented in Section 2. The power management system based on fuzzy logic is
presented in Section 3. The simulation results and discussion are presented in
Section 4. Lastly, Section 5 presents the conclusions.

2. Dynamic microgrid model

2.1 PV panel model

A photovoltaic cell is basically a semiconductor diode whose p–n junction is
exposed to light. Photovoltaic cells are made of several types of semiconductors
using different manufacturing processes. The monocrystalline and polycrystalline
silicon cells are only found at the commercial scale at the present time [21]. The
basic equation from the theoretical operation of semiconductors that mathemati-
cally describes the current-voltage (I-V) characteristic of the ideal photovoltaic cell
is as follows [22]:
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I ¼ Iph � I e
q VþIRSð Þ

AKT � 1
� �

� V þ IRS

RP
(1)

where Iph is the photo-generated current, I0 is the dark saturation current, IRp is
current flowing in the shunt resistance, Rp is the cell series resistance, A is the diode
quality factor, k is the Boltzmann constant at 1.38 10�23 J/K, and q is the electron of
a charge at 1.6 10�19 C.

The solar photovoltaic system used in this study consists of 90 CS5P-220 panels
connected in series and parallel with each other. The maximum power point track-
ing (MPPT) voltage and currents are 48.3 V and 4.54 A, respectively, and generate
an output power of 220 W. As the output voltage is relatively low, it is necessary to
increase the output voltage of the PV system to the desired value of 500 V by using
a boost converter. An MPPT algorithm is used to track the MPP to control the boost
converter with an appropriate duty cycle to achieve a desired continuous output
voltage. The Perturb & Observe (P&O) algorithm is used to determine the desired
duty cycle of the boost converter so that the MPPT is reached. The resulting power
of the modeled PV generator is 19.7 kW with 90 panels, each having a maximum
power of 220 W, as described in Table 1. Similarly, a 25 kW wind turbine was also
used in this study.

2.2 Wind turbine model

A wind turbine based on the use of a Permanent Magnet Synchronous Generator
(PMSG) is considered the second distributed energy resource (DER) in the
configuration of our microgrid. The output power of the wind turbine [10] is
given by the following relation [23]:

pmec ¼
1
2
ρπR2Cp λ, βð Þv3 (2)

where R is the radius of the wind turbine aerodynamic rotor in meters, Ω is the
rotational speed of the rotor in rad/s, and v is the wind linear velocity in m/s. ρ is the
air density at the turbine in kg/m3, Cp designates the fraction of power available in
the wind that is converted into mechanical power.

Cp has a theoretical maximum value of 0.593 (Betz’ limit), and basically
depends on the tip speed ratio λ, and the blade pitch angle, β can be expressed as
follows [23]:

Parameters Value

Maximum power (Pmax) 220 W

Voltage at Pmax (Vmp) 48.3 V

Current at Pmax (Imp) 4.54 A

Open-circuit voltage (Voc) 59.26 V

Short-circuit current (Isc) 5.09 A

Rs 0.243 Ω

Rp 235.76 Ω

Table 1.
Electrical characteristic data from NREL system advisor model taken at STC.

4

AI and Learning Systems - Industrial Applications and Future Directions



Cp λ, βð Þ ¼ 0:5
116
λi

� 0:4β � 5
� �

e
�21

λi (3)

with

λi ¼
1

λþ 0:08β
� 0:035
β3 þ 1

� ��1

(4)

Generally, wind turbines are characterized by two parameters: tip speed ratio (λ)
and power coefficient (Cp). The tip speed ratio is defined as:

λ ¼ RΩ

v
(5)

Figure 1 illustrates the characteristic curves of the power coefficient obtained
from (Eq. (4)). In order for the wind turbine to extract the maximum available
wind power at a given wind speed, the operating point of the turbine must be
kept in the λopt area. Consequently, a Maximum Power Point Tracking (MPPT)
algorithm, which is detailed below, is needed to control the rotational rotor velocity
of the turbine and maintain it at the maximum power.

In order to achieve the PMSG control system, its dynamic model is required. The
generator model is derived from the projection of its equations on a reference
coordinate system rotating synchronously with the magnet flux. In order to achieve
synchronization between the dq rotating reference frame and the abc three-phase
frame, a phase-locked loop (PLL) is used. Then, a dynamic model of the surface
mounted PMSG is expressed as:

vds ¼ Rs ids þ Ls
dids
dt

� ωψqs

vqs ¼ Rs iqs þ Ls
diqs
dt

þ ωψds

8

>

>

>

<

>

>

>

:

(6)

Figure 1.
Power coefficient curves versus tip speed ratio for different blade angles.
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where Ls and Rs are the generator inductance and resistance, respectively, ω is
the electrical generator speed, and Ψds and Ψqs are d-axis and q-axis magnet flux,
respectively, which are expressed as follows:

ψds ¼ Ls ids þ φ

ψqs ¼ Ls iqs

8

<

:

(7)

where Ф is the magnet flux. Then, the electrical model of PMSG in the
synchronous reference frame can be expressed as:

dids
dt

¼ 1
Ls

�Rs ids þ ωLs iqs þ vds
� �

diqs
dt

¼ 1
Ls

�Rs iqs � ωLs ids � ωφþ vqs
� �

8

>

>

>

<

>

>

>

:

(8)

The electromagnetic torque of the non-salient poles PMSG is written as:

Tem ¼ 3
2
p φ iqs (9)

where p is the number of pole pairs of the generator. Eq. (9) shows that the
generator torque can be controlled directly via the q-axis current of the stator.

The mechanical dynamics model of the considered wind turbine system can be
defined by the following expression:

JT
dωr

dt
þ f ωr ¼ TT � Tem (10)

where TT represents the mechanical torque, JT is the moment of inertia, F is the
coefficient of friction, and ωr is the mechanical speed, which is related to the
electrical rotation as follows:

ω ¼ pωr (11)

2.3 Diesel genset model

The diesel generator is composed of the internal combustion engine and Wound
Rotor Synchronous Generator (WRSG) [23].

2.3.1 Diesel motor model

The diesel engine model is shown in Figure 2 [24–26]. The dynamic of the
actuator is modeled by a first order model with time constant τ1 and gain K1 [24, 27].
The combustion block is represented with gain K2 and delay τ2 [26].

The actuator is modeled as follows [23]:

K1

1þ sτ1
(12)

The combustion block can be expressed as follows:
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K2 e
sτ2 (13)

As for the delay, it can be modeled as follows:

τ2 ¼
60h
2Nnc

þ 60
4N

(14)

where h represents the number of strokes, nc is the number of cylinders, N is the
speed of the diesel generator (rpm), and Φ is the fuel consumption rate (kg/s) [28].
In order to maintain the grid frequency (AC-bus) constant, the speed of the diesel
engine must be kept constant when the load varies.

2.3.2 Synchronous generator model

The simplified model of the Wound Rotor Synchronous Generator (WRSG) can
be obtained in dq frame (conversion between abc and dq can be realized by means
of the Park Transform) [29].

The stator armature windings voltages are:

vd ¼ �Rs id þ
dλd
dt

� ωλq

vq ¼ �Rs iq þ
dλq
dt

þ ωλd

8

>

>

<

>

>

:

(15)

where Rs is the stator winding resistance. The stator fluxes are described by the
following formula:

λd ¼ �Ld id þ Lmd i f þ iD
� �

λq ¼ �Ld iq þ Lmq iQ

(

(16)

The rotor armature winding voltage of a synchronous generator is described as:

v f ¼ �R f i f � Ld
did
dt

þ L f

di f
dt

þ Lmd
diD
dt

(17)

Damper windings are expressed by the following equation:

0 ¼ RDiD � Lmd
did
dt

þ Lmd

di f
dt

þ LD
diD
dt

0 ¼ RQ iQ � Lmq
diq
dt

þ LQ
diQ
dt

8

>

>

<

>

>

:

(18)

The electromagnetic torque of the synchronous generator can be expressed as
follows:

Tem ¼ p Ld � Lq

� �

id iq þ Lmd i f iq þ Lmd iq iD � Lmq id iQ
� �

(19)

Figure 2.
Block diagram of a diesel generator model [23].
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2.4 Electrical load model

In this article, we use a configuration of a dynamic three-phase load as shown in
Figure 3, which allows us to impose any load profile. As illustrated in Figure 3, the
gain G is used to transform the active power profile to current ones. Therefore, the
three-phase active power can be expressed as follows:

Pload ¼
ffiffiffi

3
p

VL�LI cosϕ (20)

where VL-L is the line-line voltage of the microgrid. As we are using a
three-phase resistor load, relation (20) can be expressed as follows:

I ¼ Pload
ffiffiffi

3
p

VL�L

(21)

where the gain G is calculated as follows:

G ¼
ffiffiffi

3
p

VL�L (22)

3. Methodology: power management system for remote microgrid based
on fuzzy logic

The power management system (PMS) for remote microgrids is presented in
this section. Two control levels have been used for the PMS. The second control
level is based on the fuzzy logic algorithms, which balance the active power
between two diesel generators (master and slave) and regulate the reactive power
according to the load demand. The first control level is responsible for following the
reference control between all components of the microgrid. The artificial intelli-
gence (AI) algorithm maintains the stability of the remote microgrid and the supply
of electricity to the load demand. The PMS based on fuzzy logic is normalized with
the aim of ensuring its adaptability to different microgrid sizes.

Figure 3.
Matlab block of dynamic three-phase load.
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Figure 4 presents the PMS for remote microgrids based on artificial intelligence
(AI) algorithms. The remote microgrid is composed of two diesel generators
(genset). The genset-1 (master) is responsible for controlling the frequency/voltage
of the microgrid and to maintain its reliability. The genset-2 (slave) is used in
operation when the load demand is higher than genset-1 rated power. The remote
microgrid is composed of (i) an active/reactive electric load, (ii) a load dump, (iii)
PV solar system and (iv) a wind turbine (WT). In this study, the energy storage
system (ESS) has not been taken into consideration.

3.1 Second control level

3.1.1 Fuzzy logic controller overview: sharing diesel genset active power

An overview of the architecture of the fuzzy logic controller is presented in
Figure 5. The fuzzy logic control system aims to balance active power between
demand and generation in the remote microgrid for maintaining system reliability.
Thus, the gensets (1 and 2) can run simultaneously; two outputs of fuzzy logic
controllers are necessary. Pg1* and Pg2* are therefore designed as the output
variables of the fuzzy logic system or set points. The centroid method is used for
defuzzication.

In order to maintain the efficiency of the fuzzy control systems in terms of
rules and decisions, we consider different linguistic variables. Therefore ΔP used
18 linguistic variables as shown in Figure 6(a). Lastly, Pg1* and Pg2* are
respectively depicted with 9 and 11 linguistic variables each, as represented in
Figure 6(b) and (c).

Figure 4.
Power management system for remote microgrid based on artificial intelligence (AI) algorithms.
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The trapezoidal and triangular membership functions are used for the linguistic
variables’ input/output of the fuzzy control system with the aim of simplifying
computer calculations on the remote microgrid control (see Figure 6).

3.1.2 Fuzzy logic controller overview: regulate reactive power

An overview of the architecture of the fuzzy logic controller is presented in
Figure 7. The fuzzy logic control system aims to regulate the reactive power in

Figure 5.
Fuzzy inference system – sharing diesel genset active power.

Figure 6.
FL-membership function balance active power: (a) balancing active power between demand and generation in
microgrid, (b) set point of genset 1 active power (Pg1*) and (c) set point of genset 2 active power Pg2*.

Figure 7.
Fuzzy inference system – regulate reactive power.
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remote microgrids in order to maintain their reliability. Thus, regulation of reactive
power across the remote microgrid can be performed simultaneously on the two-
genset system; two outputs of fuzzy logic controllers are necessary. Thus, Qg1* and
Qg2* are designed as the output variables of the fuzzy logic system or setpoints. The
centroid method is used for defuzzication.

In order to maintain the efficiency of the fuzzy control systems in terms of rules
and decisions, we consider different linguistic variables. Therefore, ΔQ used 16
linguistic variables as shown in Figure 8(a). The measurement of the active power
of Genset 2 used two linguistic variables each as represented in Figure 8(b). The set
points of Genset 1 and Genset 2 are depicted with six linguistic variables each, as
represented in Figure 8(c) and (d). Lastly, the FIS output surface of reactive power
of Genset 1 is presented in Figure 8(e).

The trapezoidal and triangular membership functions are used for the linguistic
variables’ input/output of the fuzzy control system with the aim of simplifying
computer calculations on the remote microgrid control (see Figure 8).

3.2 First control level

The first control level is responsible for following the reference control signal for
all distributed energy resources (DER). A proportional integral controller (PI) is
used for controlling both the frequency and voltage of the microgrid through the

Figure 8.
FL-membership functions regulate reactive power: (a) balancing reactive power between demand and
generation in microgrid, (b) measured active power of Genset 2, (c) setpoint of Genset 1 reactive power,
(d) setpoint of Genset 2 reactive power and (e) FIS output surface of reactive power of Genset 1.
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diesel generators. The diesel genset speed control (frequency) and the AVR control
diesel genset control (voltage) are presented in this section.

Likewise, a PV solar system control using the MPPT algorithm based on the
fuzzy logic technique and the PV inverter control is depicted in this section. Addi-
tionally, the wind turbine system control based on the MPPT algorithm and the grid
side converter (GSC) control is presented in this section. Both MPPT algorithms are
based on the perturbation and observation (P&O) technique.

3.2.1 Fuzzy logic controller overview: regulate reactive power

Figure 9 represents the speed control used for the diesel generator. The model-
ing of the diesel generator governor is presented by Eqs. (12)–(14). Eqs. (15)–(18)
present the modeling of the synchronous generator.

Table 2 presents the PI controller parameters and the governor dynamic
coefficients.

3.2.2 AVR control diesel genset

Figure 10 represents the Automatic Voltage Regulator (AVR) control diesel
genset used for the diesel generator. The modeling of the synchronous generator is
presented by Eqs. (15)–(18).

Table 3 presents the PI controller parameters.

3.2.3 PV solar system control

A new control algorithm for the PV system based on fuzzy logic is presented in
this section. The P&O technique is used and implemented with the MPPT method-
ology. The power electronics converter control of the PV system is also presented in
this section.

Figure 9.
Diesel genset speed control model.

PI parameters Governor dynamic coefficients

Kp = 520 0.852

Ki = 240 2–0.15

Table 2.
PI controller parameters and governor dynamic coefficients.
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3.2.3.1 MPPT algorithm based on fuzzy logic techniques

An overview of the architecture of MPPT algorithms based on fuzzy logic used
in PV solar system control is presented in Figure 11. The fuzzy logic control system
aims to control the PV converter system. The MPPT method is based on the per-
turbation & observation (P&O) technique. The maximum PV active power is
extracted to every moment with the P&O technique. The variation of active power
(Δp) and the variation of DC voltage (Δv) of PV systems are the inputs to the
MPPT system. The duty cycle to control the dc-dc boost converter corresponds to
the output of the MPPT system. The fuzzy logic used the centroid method for
defuzzication.

In order to maintain the efficiency of the fuzzy control systems in terms of rules
and decisions, we consider different linguistic variables. Therefore, Δp and Δv used
five linguistic variables as shown in Figure 12(a) and (b). The duty cycle used five
linguistic variables each, as represented in Figure 12(c). Table 4 presents the
names of the linguistic variables.

The trapezoidal and triangular membership functions are used for the linguistic
variables’ input/output of the fuzzy control system with the aim of simplifying
computer calculations (see Figure 12).

Figure 10.
Diesel genset AVR control model.

PI parameters

Kp 12

Ki 5

Table 3.
AVR PI controller parameters.

Figure 11.
Fuzzy inference system – MPPT algorithm for PV control.
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3.2.3.2 PV solar inverter control

The three-phase two-sage photovoltaic grid-connected system used with its
overall control is illustrated in Figure 13. The system contains three controllers.
A two-loop controller controls the three-phase PV inverter. The outer loop controls
both the dc-link voltage to follow the reference value (Vdcref) and reactive power
and to provide the values (Idqref) of the reference current (iref) for the inner loop.
A phase-locked loop (PLL) algorithm is used to obtain this signal. The current
control loop controls the inverter current (id and iq) according to the reference
current (iref). An MPPT algorithm is used to track the maximum power from the PV
array regardless of the variation of both solar irradiance and temperature.

3.2.4 Wind turbine system control

3.2.4.1 MPPT algorithm

An overview of the architecture of MPPT algorithms for the WT system based
on fuzzy logic is presented in Figure 14. The objective of the fuzzy logic control

Figure 12.
FL-membership function MPPT algorithm for PV system: (a) variation of active power, (b) variation of DC
voltage, (c) boost converter duty cycle and (d) FIS output surface of MPPT algorithms.

Linguistic variable Description

NB Negative big

N Negative

Z Zero

P Positive

PB Positive, big

Table 4.
Linguistic variables.
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system is the calculation of the set point of the generator to track the maximum
power point regarding the wind speed variation. The instantaneous generated wind
power and its variation represent the respective inputs of the MPPT system. The
setpoint of the generator is the output of the used FL MPPT algorithm.

In order to extract the maximum wind power, we have applied in this article the
fuzzy logic. Thus, the set point of the speed of the generator is constantly calculated
in order to follow the maximum power as a function of the variation of the wind
speed. In order to avoid disturbances, the variation step of the generator speed
setpoint is proportional to the difference between the maximum power and the real
power. The name of the linguistic variables used is the same as represented in
Table 4.

The control strategy of the fuzzy logic is based on an expert human operator to
interpret a situation and initiate its appropriate command action [30]. Commonly, a
controller based on fuzzy logic has two inputs and provides a control action. For
FLC P&O, inputs are quantized into 5 levels represented by a set of linguistic vari-
ables: Negative Big (NB), Negative (N), Zero (Z), Positive (P), and Positive Big
(PB). The fuzzy rule base formulation of FLCP&O is shown in Table 5. These rules
are chosen to perform the optimization of wind generation capture as follows: (i)
when the input signals are far from the optimal point, the output of the FLCP&O
provides a big step size; (ii) when the inputs are close to the optimum point, the
output is set to a small step size value; (iii) once the inputs are close to the optimum
point, the step size is set to zero. In this article, we use the min and max operators as

Figure 13.
Proposed three-phase, two-stage grid-connected PV system.

Figure 14.
Proposed wind turbine MPPT algorithm.
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t-norm and t-conorm, respectively. Triangular membership functions are used,
principally due to their efficiency and high-performance computing. The
membership adopted for both input and output variables are illustrated in
Figure 15(a) and (b), respectively [31].

3.2.4.2 Rotor side converter (RSC) and grid side converter (GSC)

Figure 16 presents the control system of a wind turbine (WT) system that uses a
permanent magnet synchronous generator (PMSG). The MPPT method extracts the
maximum power from the WT using the P&O technique. The MPPT output signal
control or duty cycle is sent to the rotor side converter (RSC).

Figure 17 presents in detail the application of the MPPT algorithm for control-
ling the wind turbine. The WT rotation is measured (Ωmes) on the WT shaft. The
reference value of the WT shaft rotation (Ωref) is determined by MPPT fuzzy logic.

Step size ΔPower

NB N Z P PB

ΔSpeed NB NB N Z P PB

N NB N Z P PB

Z NB N Z P PB

P NB N Z P PB

PB NB N Z P PB

Table 5.
Membership functions of output variables [31].

Figure 15.
FL-membership function MPPT algorithms for WT control: (a) membership functions of inputs variables and
(b) membership functions of output variables.

Figure 16.
Block diagram of direct-drive wind turbine system.
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The objective of the grid-side converter is to keep the DC-link voltage fixed and
adjust the absorbed or provided reactive power according to grid code requirements.
As shown in Figure 18, the active and reactive power can simply be controlled by
d-axis and q-axis current using the grid voltage-oriented control. This control strategy
contains two nested loops. The inner loop controls the grid current while the outer
loop regulates the DC-link voltage and reactive power for the GSC. The DC-link
voltage is controlled by d-axis current since it depends on the active power. On the
other hand, the q-axis reference is set to zero when a unity power factor is required;
otherwise, it is adjusted as a function of the reactive power needed.

4. Simulation and analysis results

The simulation results are presented below. Three simulation scenarios are pro-
posed. The first scenario presents the results of the first control level and second
control level of a remote microgrid system with wind speed and solar irradiation
stepped profile. The second scenario presents the results of the remote microgrid
control using a wind speed and solar irradiation fluctuating profile. Lastly, the third
scenario presents the performance evaluation of MPPT-P&O based on fuzzy logic
techniques.

Figure 17.
MPPT control scheme for wind turbine system.

Figure 18.
GSC control scheme for wind turbine system.
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4.1 Scenario 1: wind and solar irradiation stepped profile

4.1.1 First control level of remote microgrid

Figure 19 presents the results concerning the first control level of remote
microgrids for both controllable and non-controllable energy sources such as diesel
generators and renewable energy sources (WT, PV). The solar irradiance and wind
speed profiles are presented in Figure 19(a) and (b), respectively. The PV system
power and the wind turbine active power are shown in Figure 19(c) and (d).
Figure 19(e) and (f) present the active power and reactive power load. Lastly, Genset 1

Figure 19.
First control level of remote microgrid results for wind speed and solar irradiation stepped profiles: (a) solar
irradiation profile, (b) wind speed profile, (c) PV system power, (d) wind turbine active power, (e) active
power, (f) reactive power load, (g) Genset 1 active power and (h) Genset 2 active power.
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active power and Genset 2 active power are presented in Figure 19(g) and (h),
respectively.

4.1.2 Second control level of remote microgrid

Figure 20 presents the results concerning the second level microgrid control for
both the controllable and non-controllable energy sources such as diesel generators and
renewable energy sources such as PV panels. The sharing of active/reactive power is
presented in Figure 20(a) and (b), respectively. Figure 20(c) presents the microgrid
frequency. Lastly, the DC-link voltage of the PV system is shown in Figure 20(d).

4.2 Scenario 2: wind and solar irradiation continuous profile

4.2.1 First control level of remote microgrid

Figure 21 presents the results concerning the first control level of remote
microgrids for both controllable and non-controllable energy sources such as diesel
generators and renewable energy sources (WT, PV). The solar irradiance and wind
speed profiles are presented in Figure 21(a) and (b), respectively. The PV system
power and the wind turbine active power are shown in Figure 21(c) and (d).
Figure 21(e) and (f) presents the active power with dump load and the reactive
power load. Lastly, Genset 1 active power and Genset 2 active power are presented
in Figure 21(g) and (h), respectively.

4.2.2 Second control level of remote microgrid

Figure 22 presents the results concerning the second control level of remote
microgrid for both controllable and non-controllable energy sources such as diesel
generators and renewable energy sources such as PV panels. The sharing of active/
reactive power is presented in Figure 22(a) and (b) respectively. Figure 22(c)

Figure 20.
Second control level remote microgrid results using fuzzy logic techniques: (a) active power sharing, (b) reactive
power sharing, (c) microgrid frequency and (d) DC-link voltage of PV system.
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presents the microgrid frequency. Lastly, the DC-link voltage of the PV system is
shown in Figure 22(d).

4.3 Scenario 3: performance evaluation of PV systems control: fixed-step P&O,
variable-step P&O (MPPT-FL) and inductance method

Several MPPT techniques have been proposed in the literature such as the
perturbation and observation (P&O) technique, incremental conductance tech-
nique, ripple correlation technique, short-circuit current technique, and open-
circuit voltage technique (OCV). These techniques vary in terms of complexity,
cost, speed of convergence, required sensors, hardware implementation and
efficiency [32–36].

Figure 21.
First control level remote microgrid results for wind speed and solar irradiation stepped profile: (a) solar
irradiation profile, (b) wind speed profile, (c) PV system power, (d) wind turbine active power, (e) active
power with dump load, (f) reactive power load, (g) Genset 1 active power and (h) Genset 2 active power.
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Due to the existence of numerous MPPT methods, various researches have
presented a comparative analysis of their performance. In fact, some articles pre-
sent a comparative study of just a fewmethods while others present a comparison of
multiple MPPT methods, based on simulations and from the standpoint of energy
production. The MPPT techniques are evaluated while taking into account both
solar irradiation and temperature variation and calculation of the total energy
provided by the PV solar system.

In this work, we will focus on the simulation of two MPPT techniques (pertur-
bation and observation, and incremental conductance) and compare their perfor-
mance regarding the proposed MPPT algorithm based on the fuzzy logic techniques
presented above. Both P&O and incremental conductance techniques used in this
paper are widely presented in the literature [36]. It should be noted that the most
significant feature among all MPPT techniques is convergence speed. Thus, any
improvement in convergence speed can increase the reliability and robustness of
the entire PV system. For this reason, we propose in this work to use a variable step
based on fuzzy logic techniques.

In order to achieve good characterization of the different MPPT techniques,
simulations were carried out using a Matlab/Simulink environment. The PV solar
system was simulated under different operating conditions, especially during
transient state caused by a wide variation of the solar radiation.

Table 6 illustrates both efficiency and Total Harmonic Distortion (THD) of
each MPPT technique. Note that efficiency was calculated by taking into
account the maximum theoretical power and the instantaneous provided power as
follows [36]:

η ¼ Pprovied

Pmax
(23)

As can be seen in Table 6, all tested MPPT techniques have an acceptable THD
(less than 5% regarding CEI 61727 standard) at 1000 and 800 W/m2. However,
when solar irradiation fluctuated between 600 and 400 W/m2 the FL-P&O
technique has a better THD than the other two MPPT techniques. For efficiency,

Figure 22.
Second control level remote microgrid results using fuzzy logic techniques: (a) active power sharing, (b) reactive
power sharing, (c) microgrid frequency and (d) DC-link voltage of PV system.
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notwithstanding the solar irradiance fluctuation, the FL P&O MPPT has better
performance compared to P&O and inductance conductance techniques.

As shown in Figure 23, FL-P&O technique has the highest rise time compared to
both P&O and incremental conductance techniques. In the steady state, the P&O
technique has the slowest convergence speed compared to the other two MPPT
techniques.

5. Conclusion

This article presented a novel power flow management algorithm for a remote
microgrid based on fuzzy logic. The objectives of this power management system
are improved microgrid reliability, improved renewable energy source (RES) inte-
gration and performance of active/reactive power control for remote microgrids
using artificial intelligence (AI) algorithms.

Sharing of the diesel genset’s active and reactive power has been based on AI
algorithms such as fuzzy logic. Two simulation scenarios are proposed. The first
scenario was used on a wind speed and solar irradiation stepped profile and the
second scenario was used on a wind speed and solar irradiation continuous profile.

Figure 23.
Performance comparison of three PV MPPT algorithms.

MPPT technique Efficiency [%] THD [%]

400

W/m2

600

W/m2

800

W/m2

1000

W/m2

400

W/m2

600

W/m2

800

W/m2

1000

W/m2

FL P&O 88.26 94.74 97.96 98.46 9.89 5.30 3.93 3.32

Conventional
P&O

87.29 94.08 97.61 98.21 12.28 5.80 4.08 3.40

Incremental
conductance

87.59 92.75 96.26 97.38 10.46 5.90 3.91 3.71

Table 6.
Performance of different MPPT techniques.

22

AI and Learning Systems - Industrial Applications and Future Directions



The results of both scenarios are satisfactory. The stability and reliability of the
remote microgrid are demonstrated in the simulation. The active/reactive power
control algorithm responds quickly to different events on the remote microgrid,
especially to the voltage/frequency variations on the AC-link system. Lastly,
improvement to RES integration is demonstrated with the use of a new MPPT
algorithm for the PV control system. This MPPT algorithm is based on the P&O
method and used fuzzy logic techniques. The simulation results demonstrate the
easy adaptability, fast response and efficiency of PV control systems.
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