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Abstract: DC microgrids have gained a lot of interest recently due to increasing dc loads such as
electric vehicles and the penetration of renewable energy sources (RESs). However, DC microgrids
face challenges concerning bus voltage fluctuations, which severely impact the system stability when
subjected to uncertainties of load and RESs. This paper focuses on maintaining the stability of
a DC-bus through voltage control for a dc islanded microgrid using the concept of cascade double-
loop control. The rule in cascade double-loop control is based on a proportional-integral (PI) controller
tuned through a new nature-inspired African vulture optimization algorithm (AVOA). The paper
presents a comparison of the performance of the African vulture optimization algorithm against
particle swarm optimization (PSO) under several operating conditions. The simulation considers
actual data for the solar irradiance and temperature and sudden load changes. The system is
implemented on MATLAB/Simulink. The results demonstrate that the AVOA-based PI controller
performs better in voltage regulation than the PSO-based PI controller.

Keywords: African vulture optimization algorithm; dc microgrid; voltage regulation; renewable
energy sources

1. Introduction

Electricity generation is one of the main factors for enhancing a country’s economy. At
the same time, the traditional usage of fossil fuels has recently led to a greenhouse effect
that has polluted the atmosphere [1,2]. As society’s awareness increases, governments
conduct research to find more pollution-free energy resources to supply the increasing
demand. Hence, clean, cost-effective, and environmentally friendly renewable energy
sources (RESs) are evolving to resolve traditional resource problems [2,3]. Many renewable
energy sources exist in nature, including photovoltaic (PV) cells, wind turbines, tides, fuel
cells (FC), and biomass [4]. Rural areas, parking meters, trash compactors, electric vehicle
charging stations, electric aircraft, electric ships, and data centers require electrical power,
which is why the microgrid (MG) was adopted [5,6]. Microgrids are evolving as a solution
for integrating several renewable energy resources and energy storage (ES) systems as
batteries [7] to supply such kinds of loads. Microgrids have the advantage of reducing
CO2 emissions, acting as a practical solution for handling the excess energy demand, and
limiting the growth of transmission systems which cause severe losses to the system [8].

Microgrids are small power distribution systems connecting multiple distributed
generator (DG) units, ES systems, and loads [6]. According to literature, microgrids are
classified into direct current (DC) MG, alternating current (AC) MG, and hybrid AC/DC
MG [3]. Microgrids have two operation modes: grid and island (off-grid) [7].
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The DC microgrid is recently gaining much attention for being efficient with DC
sources and dc loads (e.g., electronic loads and electric vehicles). Moreover, DC microgrids
have advantages over AC microgrids by removing DC/AC conversion stages and their
losses [9]. It also does not have the demerits of frequency and phase synchronization,
reactive power flows, and harmonic currents [3,9]. A standalone DC microgrid is off-
grid operated depending only on its power sources [1]. Moreover, islanding provides
the benefit of improving the microgrid’s actual subscribers’ actual power quality and
reliability [10]. However, it needs a separate control, especially with the RES intermittency
and load uncertainties.

ES systems play an essential part in islanded dc microgrids for maintaining their
stability during fluctuation and intermittency time of RESs [11,12]. ES systems are devices
that store energy generated at a particular moment for use later [12]. The most popular ES
units are the batteries or the accumulators [12]. It is also a backup energy source in island
(off-grid) mode. When microgrid energy exceeds the load, the excess energy charges the ES
unit. The cost of the electrical energy then is lower during the charging period [12]. When
microgrid energy is insufficient for the load, the ES system feeds the load with the rest of
the energy [3–5,12]. At this time, electrical energy is more expensive during the discharging
phase; hence, an ESS helps the power system to run more profitably [12]. The bidirectional
converter reduces the ES battery count in the system and maintains the energy supplement
to the load [4]. However, there are problems facing the control of this DC-DC bidirectional
converter [6]. Moreover, as a DC MG mainly relies on the presence of RESs constrained by
weather changes, the traditional controllers face difficulties with the RESs’ fluctuations and
uncertainties [13]. Furthermore, the DC MG faces voltage profile instability with sudden
load disturbances [14].

As science is developing, much research is being done on control strategies for the
DC microgrid, to control its dc-link stability and its ES system. Authors in [3] mentioned
that research work is under development in controlling ES. A considerable number of
control methodologies have been used in literature for maintaining DC/DC converter
stability, such as virtual resistors [15] or virtual impedance [16] or adding a capacitor
or resistor [17]. However, those techniques have faced problems maintaining stability
close to the operating point; they are neither effective nor stable and have high costs [6].
A droop control is a control in which a virtual resistance is connected at the output of each
converter [18]. However, this technique has the demerits of inaccurate voltage control and
power sharing [18] and the inability to tackle nonlinear issues like load perturbations, which
affect the system in transient response [8]. In [19], the author introduced a decentralized
control with the intension of accomplishing a control for optimizing energy costs. However,
it neglects the DC MG quality of supply plus the demerits of not getting other DGs’ shared
data [20]. In [21,22], the authors aimed to use traditional droop control for the DC-DC
bidirectional converter to achieve power balance between ES systems.

Still, state of charge (SOC) balance control was not accomplished. In [23], a distributed
droop control technique is introduced that utilizes centralized communication to get dis-
tributed generators (DGs) data to obtain average bus voltage and output current levels
to enhance the efficiency of voltage regulation and current sharing. This method suf-
fers from centralized solutions’ problems like the single point of failure and the reduced
flexibility [23]. Fuzzy logic (FL) controllers are introduced in [24]; however, the FL control
systems must be used with the appropriate membership adjustments to perform well. Ad-
ditionally, the FL control requires expensive processing resources, which causes difficulties
during implementation [25]. Advanced control technologies are essential to improve the
system by controlling DC/DC converters. Those advanced techniques include predictive
model control, sliding mode control, intelligent control, etc., with the merits of being
stable, flexible, and robust [6]. Model predictive control is used as an advanced control
strategy [26]. However, it suffers from dealing with system constraints [6]. Sliding mode
controllers in [6] have good performance with some demerits such as complex design,
long computational time, and not being easy to use or maintain. Once the chattering
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problem arises, the control can malfunction [27,28]. A PI controller is widely used for
being straightforward, maintainable, performing its functionalities, being easy to use and
apply [29], and covering large stability margins of operation [30]. Much research has been
done to introduce algorithms for better tuning PI parameters. Power taken from the energy
sources to feed the dc loads can be optimized by enhancing the voltage profile, which
requires implementing an efficient and reliable optimization algorithm to the traditional
PI controller, called intelligent control [6], which tunes the controller parameters so that
the optimal performance of the system can be reached, maintained over a wide operating
range, and there is also no need to represent the model exactly [6].

Moreover, many nature-inspired metaheuristic optimization techniques enhance the
voltage profile by controlling the PI controller’s parameters. The optimization techniques
and algorithms that have been used include particle swarm optimization [31], the water
cycle algorithm [32,33], the cuttlefish optimization technique [30], the hybrid cuckoo search
with the grey wolf optimization algorithm [34], Harris hawks optimization [35,36], the salp
swarm algorithm [37], and the coot bird optimizer [38].

While the intermittent nature of RESs and load uncertainties in power networks
raise performance issues and stochasticity [12], the above-mentioned optimization algo-
rithms might not be ideal for maintaining system stability [26,27]. Accordingly, there was
a necessity for an advanced robust technique to accommodate those problems and ensure
stable operation [26]. The authors were intuited to use the African vulture’s optimization
algorithm (AVOA). Moreover, this metaheuristic optimization algorithm plays a significant
role in satisfying the system requirements. In addition, the AVOA has the advantages
of reliability and rapid convergence, which appears through the computational complex-
ity formula O(N × (T + TD)), where T denotes the iteration number and D denotes the
problem’s dimension, which is better when compared with Harris hawks optimization,
which has the complexity O(N x (T + TD + 1)). Furthermore, it has flexibility, simplicity of
implementation, robustness, and the ability to maintain the objective function. It can be
applied to other grids while keeping the system within the stability constraints.

Based on the above problems, the ES system control strategy and microgrid operation
control are studied in this paper. The designed control technique for the ES system presents
mitigating voltage profile fluctuations within acceptable limits, and it has a simple design
and is considered cost-effective as it mainly depends on the PI controller. Typically, in the
off-grid (standalone) mode, to maintain a constant DC-link voltage for the DC microgrid, the
primary bidirectional DC/DC converter is controlled. Here, a recommended technique is
presented to regulate the ES system’s converter to smooth out the PV output and maintain
the DC-bus voltage. Finally, optimization-based control for the bus voltage profile is
presented by considering practical aspects such as fluctuations of PV power generation and
load uncertainty.

Contributions in this paper are accomplished as follows:

(1) This paper introduces PI parameters’ tuning for the cascaded linear PI-based control
feedback loops using the proposed scheme of the African vulture optimization algo-
rithm (AVOA). It compares its results with the particle swarm optimization (PSO)
method to control dc/dc converters.

(2) Adopting the presented PI tuning approach, the DC-bus voltage is maintained
with lower settling time and overshoots when subjected to a variable power sup-
ply or a sudden consumption pattern. These results reach an overall improvement of
above 38%.

This work includes an off-grid (standalone) microgrid’s integration of a photovoltaic
system, fuel cell system, battery storage system, and DC load simulated using MAT-
LAB/Simulink with the built-in Specialized Technology library.

The rest of the work is presented as follows. Section 2 includes the DC microgrid
design and model, while in Section 3, the formulation of the control problem to be applied
is presented. Section 4 offers the new nature-inspired metaheuristic AVOA. Section 5
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discusses the simulation results of the built-in MATLAB/Simulink, and finally, conclusions
are gathered in Section 6.

2. Designing and Modeling of the Microgrid Standalone System

The modeled and simulated DC microgrid system is the PV-battery system presented
in [4]. Figure 1 shows the DC microgrid block diagram. The PV with the capacity of 1 kW
is connected to a boost converter. In [39], the design for the boost converter is presented
that receives its commutation signal from the incremental conductance maximum power
point tracking (MPP) to follow the maximum power of the PV [3]. In addition, the FC,
with a capacity of 650 W, is connected to the system through a boost converter. That boost
converter receives its commutation signal from the AVOA-based PI controller. Then, the
battery system with a rated capacity of 150 Ah is connected in parallel to the mentioned
DC sources as a backup unit for stabilizing the DC-bus fluctuations through a bidirectional
DC/DC converter [4]. In [40], the design for the implemented bidirectional buck-boost
converter is presented. The DC microgrid system with a maximum overall capacity of
2.2 kW feeds a dc load represented as a current source drawing power from the system. This
paper focuses on controlling the DC/DC bidirectional and DC boost converter to stabilize
the DC-bus voltage profile. Controlling those converters is proposed using the AVOA-
based PI controller in contrast with the PSO-based PI controller. The AVOA flow chart is
presented in Section 4. The computational complexity of the AVOA is O(N × (T + TD)),
where T denotes the iteration number and D denotes the problem’s dimensions. The
robustness of the proposed AVOA is proven through the test scenarios in Section 5. The
system is designed to have a bus voltage of 48 V [41] with a voltage deviation of +/−10%
to keep the system stability in the operational state. In addition, the power flow balance is
maintained to have the total amount of power generated equal the total power consumed
by the load in addition to the power losses and ES units’ power [42–47].

∑ PG = PLoad + PES + Plosses (1)

where PG is the generated power, PLoad denotes the load power, PES denotes the battery en-
ergy storage power, and Ploaases denotes the losses power. While satisfying the power flow
constraints in which the Pmin < PPV < Pmax, PEsmin < PES < PEsmax, where PPV denotes the
total generated power by PV, Pmax denotes the maximum generated power by PV = 1.2 Kw,
Pmin denotes the minimum generated power by PV = 0.9 Kw for MPP operation, PES
denotes ES power, PESmin denotes the minimum ES power = 480 W, and PESmax denotes the
maximum ES power = 550 W. The studied system parameters are shown in Table 1.
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Table 1. System dynamic parameters for photovoltaic array, battery, and DC load.

DC Microgrid

Nominal voltage 48 V

Photovoltaic array parameters

Series modules/string count 1
Parallel strings count 5

Short circuit current of the module at standard test conditions 7.84 A
Open-circuit voltage of the module at standard test conditions 36.3 V

MPP current of the module at standard test conditions 7.35 A
MPP voltage of the module at standard test conditions 29 V

Module maximum power 213.15 W
Inductor value for the PV boost DC/DC converter 1.5 mH
Capacitor value for the PV boost DC/DC converter 3300 µF

Switching frequency value for the PV boost DC/DC converter 5000 Hz

Battery parameters

Battery type Lithium-Ion
Nominal voltage 24 V

Battery capacity rating 150 Ah
Inductor value for the battery bidirectional DC/DC converter 0.5 mH

Series resistor value for the battery bidirectional DC/DC converter 0.1 Ω
Capacitor value for the battery bidirectional DC/DC converter 2 mF

Shunt resistor value for the battery bidirectional DC/DC converter 10 µ Ω

DC load

Constant resistance 4.8 Ω
Constant power 480 W

2.1. Photovoltaic Modeling

In the designed DC microgrid, PV cells are the main RESs for a number of reasons such
as PV panels’ falling costs, a vast number of applications, PV modules’ sizing flexibility,
and PV modules’ rising effectiveness [48]. Those PV cells are connected to a DC/DC boost
converter to feed the dc load. This DC/DC converter has its control signal from maximum
power point tracking. A semiconductor called PV cells utilizes sunlight to generate energy.
The entering photons that must be absorbed must have greater energy than the cell’s
bandgap. The absorbed photon produces pairs of mobile charge carriers (hole and electron),
which are kept apart by the device’s p-n junction (diode) structure. A potential difference
is introduced due to this action, causing the electric current to be generated. The current
source’s current is directly proportional to the amount of light the PV cell is exposed to [48].

Since the accuracy of the PV directly relies on the design. Solar PV has equivalent
circuits such as the single-diode, double-diode, and triple-diode models. However, double-
diode and triple-diode are not famous for their complex architecture [48]. Therefore,
the PV equivalent circuit is represented in this work by the single-diode circuit shown
in Figure 2, which is mainly used for being straightforward, functioning, and easy to
implement [3,4,49]. The circuit is composed of a photo-generated current source parallel to
a single diode, a series resistor (Rs), and a parallel resistor (Rp).

The PV conversion efficiency is directly affected by a slight change in Rs. If Rs decreases,
the PV output decreases. All series resistances, including the resistance of the metal grid,
contacts, and current-collecting wires, are all represented by the Rs [48], while current
leakage within the PV cell circuit is defined by Rp [48]. In [3,27], the equation of the output
current of the PV unit is expressed as

Ipv = Igen − Idiode − Ip (2)

Ipv = Igen − Io[e
Vpv+Ipv Rs

A − 1]−
Vpv + IpvRs

Rp
(3)
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where Igen is the PV generated current, Idiode is the current passing in the diode, Ip is the
current leakage in the shunt resistor, Rs is the cell’s series resistance, Rp is the cell’s shunt
resistor, A is the ideality factor, and Vpv is the cell’s output voltage. The PV voltage output
of each cell is represented by Equation (4) in [49].

Vpv ≈
A ∗ K ∗ Tc

e
ln(

Igen + Idiode + Ipv

Idiode
)− Rs Ipv (4)

where Ipv stands for the cell’s output current, Igen for the photocurrent, Idiode for the diode’s
reverse saturation current, Rs for the cell’s series resistance, Tc for the cell’s operating
temperature, A for the ideality factor, and Vpv for the cell’s output voltage. The PV array is
formed by the connections of series and parallel combinations of the PV cells; consequently,
Equation (2) is affected by this combination according to [3]. The array used in the microgrid
here is simulated using the MATLAB Specialized Technology library. The used solar PV
cell parameters are set from the PV array built-in in the MATLAB Specialized library.
Configuration of the PV model is done by specifying the irradiance and temperature data.
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.2.2. Maximum Power Point Tracking

This control mechanism is applied to the boost converter of the PV array. The PV
array output varies with the changes in temperature and irradiance during the day. Thus,
there was a need to optimize the PV output power. Throughout the various methodologies
introducing the MPPT, incremental conductance (IC) was chosen for its fast response and
better determination of the MPPT despite the irradiance and temperature changes [3]. MPP
is at zero difference for the power derivative to the voltage derivative [3]. The equations
for MPP are

P = V ∗ I (5)

∂P/∂V = I ∗ ∂V/∂V + V ∗ ∂I/∂V (6)

At MPP ∂P/∂V = 0 (7)

so, ∂I/∂V = −I/V (8)

where P is the PV output power, V is the output voltage of PV, I is the output current of PV,
∂P is the power derivative, ∂V is the voltage derivative, and ∂I is the current derivative.

2.3. Boost Converter

The boost converter dynamic model, as in Figure 3, is described via equations in [18]
that utilize Kirchhoff laws, as in

Li ∗ i .
L = Ui − (1− ui) ∗Vi (9)

Ci ∗ V .
i = (1− ui) ∗ iL − Ii (10)
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where Ui is the source output voltage, ui is the control input in the range of [0, 1], Vi is
the output boosted voltage, iL is the inductor current, ii is the output load current, Li is
the inductance, and Ci is the capacitance, where i ∈ {1, 2, . . .}. According to [39], the
inductance and capacitance values of the boost converter are depicted from the following:

L =
U ∗ (V −U)

fs ∗ ∆I ∗V
(11)

C =
(I ∗ D)

fs ∗ ∆V
(12)

where fs is the switching frequency, ∆I is the current ripple, I is the output load current,
∆V is the output voltage change (ripples), U is the source output voltage, V is output
boosted voltage, and D is the duty ratio. Thus, the load voltage can be derived as follows,
depending on the load type. In our case, load type is a constant current load. The steady-
state conversion ratio is mentioned in [50] as

V =
U

1− D
(13)

where U is the source output voltage, V is output boosted voltage, and D is the duty ratio.
The magnitude of input current ripple is

U ∗ D
fs ∗ L

(14)

where fs is the switching frequency, U is the source output voltage, D is the duty ratio, and
the output voltage ripple is

I ∗ D
fs ∗ C

(15)

where fs is the switching frequency, I is the output load current, C is the capacitance of the
boost converter, and D is the duty ratio. The PV array output voltage is 25 V, which is then
boosted to 48 V.
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2.4. Fuel Cell Modeling

Fuel cells are considered green energy for not having carbon dioxide emissions [29].
Fuel cells have the following advantages: high power densities and high power conversion
efficiencies [51]. However, the fuel cell has a complex architecture, so the authors in [52]
suggested controlling voltage and current through PID tuned with optimization algorithms.
Since system efficiency frequently depends on power DC/DC converter performance while
power consumption changes, applying a robustness control strategy is imperative to ensure
the operation of the FC’s DC/DC power converters [29]. In [29], the authors mentioned
that the lower modeling accuracy was obtained when fuzzy control was used, and system
control failed with load uncertainties when linear quadratic regulator (L.Q.R.) control
was applied.
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FC is considered an energy conversion system that can transform chemical energy into
electrical energy using an electro-mechanical combination of oxygen and hydrogen [49].
That conversion process produces the purest byproduct, water, as a side product [53]. These
cells are trustworthy, dependable, efficient, and safe. The electrolyte acts as a separating
medium between the negative electrode, or anode, and the positive electrode, or cathode,
in the FC’s basic operating principle. Electrochemical oxidation occurs when fuel is put
into the anode (if the fuel is hydrogen), and electrochemical reduction occurs when an
oxidant is introduced into the cathode chamber [53]. The hydrogen that is pumped into
the anode chamber breaks down with the aid of a catalyst to produce hydrogen ions and
electrons. As oxygen is injected into the cathode chamber, hydrogen ions, electrons, and
oxygen combine to form water.

The number of free electrons produced when oxygen and hydrogen chemically interact
at the cathode and anode with the existence of ceramic electrodes determines the fuel cell’s
output current. Due to a current limitation caused by a lack of hydrogen that reacts to
produce energy, the FC’s power output is constrained. Figure 4 represents the equivalent
circuit of the fuel cell, as presented in [49].
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The potential difference of FC’s stack between the electrodes is calculated through
Ohm’s law and the Nernst equation in (16), in which series FCs are connected [53]. There
are three voltage values in each fuel cell: the concentration voltage (vcon), the ohmic voltage
drop (vohmic), and the activation voltage (vact) [53].

Vf c = No[Enernst − vcon − vact − vohmic] (16)

Enernst = 1.229− 0.85 ∗ 10−3(Tf c − 298.15) + 4.3085 ∗ 10−5 ∗ Tf c ∗ lnPH2 P
1
2

O2
(17)

vohmic = r ∗ I f c (18)

vcon = −β ln(1− J
Jmax

) (19)

vact = −
[
ξ1 + ξ2Tf c + ξ3Tf cln(Co2) + ξ4Tf cln(I f c)

]
(20)

where Vf c is the output voltage of the fuel cell stack, No is the number of cells in series in
the stack of the fuel cell, r is the fuel cell resistance, Enernst is the FC reversible voltage, Tfc is
the temperature of the FC, ξ1−4 are the semi-empirical values, β is a constant value, J, Jmax

are the current density real and maximum parameters, PH2 , P
1
2

O2
are the partial pressure of

the hydrogen and oxygen, respectively, and I f c is the output current of the FC. The FC used
has the parameters given in Table 2.



Sustainability 2022, 14, 11800 9 of 26

Table 2. Fuel cell characteristics.

Fuel Cell Parameters

Nominal current 30 A
Nominal voltage 22.23 V

Boost converter inductance 0.5 mH
Boost converter capacitance 4000 µF

The fuel cell output voltage is then boosted to the DC-link voltage of 48 V.

2.5. Battery Energy Storage System

As an impact on the nature of RESs intermittency in the off-grid DC microgrid, it might
be above or below the required energy by the load. Thus, the battery energy storage (BES)
source becomes vital for stabilizing the load voltage profile. The batteries have various
types, as in [11]. Lithium-ion batteries with an equivalent circuit in Figure 5 are chosen for
having adequate energy capacity, maintainability, a reasonable life span [3] of 5–15 years,
least-cost operation, and high efficiency of up to 97% with safe operation [54]. Battery
sizing relies upon several factors, including the time needed to supply the load without
recharging [55]. The battery’s permitted depth of discharge (DOD) is another crucial aspect
that is considered while sizing the battery.
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Moreover, it is crucial to maintain batteries at 25 ◦C to strengthen their lifespan.
Additionally, at this temperature, the derate factor (Df) will be equal to 1. Equation (22)
describes the battery capacity calculation. While the following equation describes the
battery output voltage.

Vbattery = Egen − Ibattery ∗ Rbattery (21)

where Vbattery is the battery output voltage, Egen is the generated no-load voltage, Rbattery
is the internal resistance, and Ibattery denotes the battery current. The modeled battery is
simulated using the built-in model in the MATLAB Specialized Technology library.

C =
L ∗ Dn

DODmax ∗ D f
(22)

where Dn is the number of autonomous days, DODmax is the maximum depth of battery
discharge, Df is the derate factor, C is the required battery bank capacity (Ah), and L is the
supplied load throughout the day (Ah/day).
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2.6. Bidirectional Buck-Boost DC/DC Converter

Designing the converter is as mentioned in [40] in Figure 6. To maintain the stable
charging and discharging process, the bidirectional DC/DC converter is controlled. The
controller block diagram is as follows in Figure 7. The inductance value is designed as
mentioned according to [40] as in the following equation

L = D ∗ (1− D)2 ∗Vh
2/(2 ∗ Pc ∗ f ) (23)

where D is the duty cycle, Vh is the high voltage side = 48 V, Pc is the critical light load = 480 W,
and f is the switching frequency = 15,000. To maintain the operation in the continuous
conduction mode, the previous inductance value is multiplied by 1.25. Capacitance values
are calculated from the following equations

Ch = D/(Rh ∗ f (∆vh/vh)) (24)

Cl = (1− D)/(8 ∗ ∆vl
vl
∗ L ∗ f 2) (25)

where Ch is the high voltage side capacitance, Cl is the low voltage side capacitance, ∆vh is
the high voltage side ripples, L is the inductance value, ∆vl is the low voltage side ripples,
and vl denotes the low voltage.
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Proportional-Integral Controller

Minimizing the steady-state error is handled by this controller to maintain the system
operating in the stability zone by keeping the DC-link voltage within the acceptable limits.
The following equation describes the PI controller as mentioned in [56].

G (s) = kp ∗ [1 + (1/sTi)] (26)

where Kp is the proportional gain factor, and Ti is the integral time constant of the controller.
The PI controller input is the error resulting from comparing the reference 48 V with

the dc-link voltage. Then, the output of this controller is fed to another PI controller to be
compared with the battery current. Then, the output signal is compared with a sawtooth
wave with a frequency of 15,000 Hz to get the PWM signal for operating the IGBTs of the
bidirectional buck-boost converter, as described in Figure 6.

3. Voltage Control Based on PI Controllers

As mentioned previously, the system uses cascaded double-loop control formed from
two PI controllers for controlling the bidirectional DC/DC converter of the BES system
and one PI controller for controlling the boost DC/DC converter of the FC. Tuning these
controllers is applied through the advanced control technique of the AVOA. The controller
mathematical formulation is described in [27]:

G(s) = Kp +
Ki
s

(27)

where Kp is the proportional gain factor that minimizes the rise time parameter and Ki
is the integral gain factor that minimizes the steady-state error parameter. The voltage
regulation problem is described by relying on the integral square error (ISE) methodology
as an objective function. The ISE cost function is minimized in all optimization methods.
The minimization of the ISE for the microgrid system is the objective function of applying
this technique, and integrating the system error square over a predetermined amount of
time results in an estimate of system performance. With keeping the constraints of the Kp
and Ki within the predefined boundaries, 0 < kp < 10, 50 < ki <150 for the two PI controllers
of the bidirectional converter for the ES, and 0 < kp < 0.01 and 0 < ki < 0.4 for the PI controller
of the boost converter for the FC, while maintaining the voltage deviation within +/−10%
to keep the system stability in the operational state.

ISE =
∫ ts

0
{∆V2 + ∆I2}dt (28)

where ∆V2 is the voltage difference = Vload − Vref, ∆I2 is the current difference = Ib − Ibref,
and ts is the time to run the simulation.

4. African Vulture Optimization Algorithm

For the limited capability of mathematical methods to get optimal parameters, meta-
heuristic optimization algorithms are used. Metaheuristic algorithms are based on observ-
ing and analyzing nature’s creatures’ attitudes. They are easy to implement, easy to learn,
flexible for several problems without needing to change the algorithm code, and can reach
optimal global solutions [57].

The proposed algorithm in this work is the African vulture optimization algorithm
(AVOA), inspired by their search for food. Vultures are predatory birds that aim to hunt
injured or ill animals. This bird helps to keep the carcasses from being infected. The
algorithm flowchart is shown in Figure 8. The algorithm considers the following assump-
tions: for the N number of vulture population searching for food, vultures are split into
two groups, where each vulture calculates fitness so that we have the best solution and
the second-best solution in which one of them is replaced, as the groups have various
capabilities for searching for food. The anti-hunger vultures are considered the weakest
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and the most starving at the formulation stage. Others are escaping far from them to get to
the optimal solutions [57].

4.1. Initialization Stage

The population is spread over the search area:

Position = rand(N,1) ∗ (ub − lb) + lb (29)

where rand is a random value in a range of [0, 1], ub is the upper limit, lb is the lower limit,
N is the number of vulture population, and Position is the solution parameters for each
search agent.

4.2. Calculate Fitness

The fitness of each vulture in the population for each iteration is calculated to get the
optimal best solution in the first group, and the optimal second best is the best solution for
the second group for each iteration. For each group, the best solution is obtained from the
probability Equation (30) through the Roulette wheel, and this probability is within [0, 1].

pi =
Fi

∑n
i=1 Fi

(30)

4.3. Vultures Behavior

As mentioned, the starved vultures are the weakest, so they search for food close to
the strongest ones and are aggressive as their energy is not enough to make a far proper
search with the z value less than 0. This is shown in Equation (31).

F = (2 ∗ rand1 + 1) ∗ z ∗ (1− it/maxIT) + h ∗ (sin(
π

2
∗ it

maxIT
) + cos(

π

2
∗ it

maxIT
)− 1) (31)

where F is the not hungry vulture, it is the iteration number, maxIT is the total iterations,
z represents a random number within range [−1, 1], h is a random number within range
[−2, 2], and rand1 is a random number in a range of [0, 1]. The second part of the above
equation avoids optimal local convergence and improves this algorithm’s reliability. If F
has a value above 1, the vulture gets into the exploration phase to try to find the solution
in another region, while if the value is below 1, the vulture enters the exploitation phase,
which focuses on the accuracy enhancement of the resulting solution.

4.4. Exploration Phase

Vultures search for random food regions based on two approaches, and having the
parameter p1 in [0, 1] helps to select which approach to follow. The exploration phase has
a value randp1 in [0, 1] that is compared to p1 according to Equations (32) and (33) to select
the proper approach to searching. Equation (32) means the vulture’s search is close to
one of the best solutions obtained, which occurs when randp1 > = p1. Equation (33) means
vultures search in a new far area in the environment, which happens when randp1 < p1.

L(i + 1) = R(i)− F + rand2 ∗ (ub − lb) ∗ rand3 + lb (32)

L(i + 1) = R(i)− (|X ∗ R(i)− L(i)| ∗ F) (33)

where L(i + 1) is the preceding iteration vulture location, F is the calculated satiation rate
in Equation (31), R(i) is among the top solutions selected based on Section 4.2, X is the
random number that detects the random motion of the vulture for the food protection
process equaling 2 x rand, (rand, rand2, rand3) are random numbers within [0, 1], ub is the
upper limit, lb is the lower limit, and L(i) is the current iteration vulture location.
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4.5. Exploitation Phase

The exploitation phase is divided into two stages, each with two approaches. One of
the approaches in each stage is selected through the attributes p2 and p3, having values
in [0, 1]. If F is above 0.5 and less than 1, the vulture is in the first stage of exploitation
(competing over food). The first stage has two approaches: rotating flight and siege-fight.
Based on p2, one of them is selected. Having p2 greater than or equal to randp2, a rotating
flight is chosen and follows Equation (34), or having p2 smaller than randp2, siege-flight is
selected following Equation (37). The rotational flight is expressed by

L(i + 1) = R(i)− (S1 + S2) (34)
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where

S1 = R(i) ∗ rand5 ∗ L(i)
2Π

∗ cos(L(i)) (35)

S2 = R(i) ∗ rand6 ∗ L(i)
2Π

∗ sin(L(i)) (36)

L(i + 1) is the updated location for the vulture, R(i) denotes one top solution selected
in Section 4.2, (rand5 and rand6) are random numbers within [0, 1] range, while (sin, cos)
are mathematical functions.

L(i + 1) = |X ∗ R(i)− L(i)| ∗ (F + rand4)− d (37)

where d = R(i) − L(i) is the vulture’s distance from one of the two groups’ best vultures, L(i)
is the present location, R(i) denotes one top solution selected in Section 4.2, rand4 is random
numbers within [0, 1] range.

The second exploitation stage involving competition for food is either a fierce siege-
fight or assembling a variety of vultures around the feeding source, based on the p3 value.
When randp3 > = p3, assembling vultures over food takes place and follows Equation (38),
and when p3 > randp3, fierce competition happens in the following Equation (41).

L(i + 1) =
A1 + A2

2
(38)

A1 = best1 −
best1 ∗ L(i)

best1 − L(i)2 ∗ F (39)

A2 = best2 −
best2 ∗ L(i)

best2 − L(i)2 ∗ F (40)

where A1 and A2 represent vulture motion, best1 denotes the present iteration’s top in the
first group, best2 denotes the current iteration’s top in the second group, F is the calculated
satiation rate in Equation (31), L(i) is the present location, and L(i + 1) is the updated
vulture location.

L(i + 1) = R(i)− |d ∗ F ∗ LF| (41)

where LF = 0.01 ∗ u ∗ σ

|v|
1
β

(42)

σ = (
Γ(1 + β) ∗ sin

(
πβ
2

)
Γ(1 + β) ∗ β ∗ 2 ∗

(
β−1

2

) )
1
β

) (43)

where β is fixed at 1.5, u and v are numbered in [0, 1], d = R(i) − L(i) is the vulture’s distance
from one of the two groups’ best vultures, L(i) is the present location, and R(i) denotes
one top solution selected in Section 4.2.

5. Simulation Results

As presented earlier, the system is modeled on MATLAB/Simulink integrated with
code in m-files. To solve the optimization problem, the PV-battery islanded microgrid
simulation system interfaces with the optimization algorithms through m-files in MATLAB.
Our main simulation test scenarios focus on the RESs uncertainties (including PV and
fuel cell) and sudden load changes. The PV-battery system consists of 1 kW solar power
integrated with a battery of 150 Ah capacity connected to a load with 480 W nominal value.

5.1. Case #1: Sudden Load Changes

In [56], a sudden step load change is applied. Through performing this scenario,
the load is step changed from 480 W to 720 W (50% load increase at time = 1 s) while
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neglecting the effect of the RESs uncertainties in this scenario and maintaining the STC
values for irradiance at 1000 W/m2 and temperature at 25 ◦C. The output performance
proposed algorithm (AVOA) is compared with the PSO algorithm to verify its validity in
our system. The statistical measurements performed on 10 independent runs, as mentioned
in Table 3, show the robustness of the new algorithm. The higher-order parameters for the
optimizers are obtained through trial and error, including multiple runs for the optimizers.
Fifty population sizes represent those parameters in 100 iterations for the AVOA and ten
particles in 100 iterations for PSO. Figure 9 shows the convergence curves of the AVOA
against PSO, in which the AVOA has a lower fitness value than PSO. Moreover, the search
area for the swarm particles and vulture population is kept at 0 < kp< 10, 50 < ki < 150
for fair comparisons. Table 4 shows the PI controllers’ gain parameters obtained from the
applied optimizers.

Table 3. Statistical performance measurements for AVOA on the PV-battery system.

Factor ISE.

Average 0.0739
Median 0.0702

Standard deviation 0.0109
Variance 0.0001

Minimum 0.0702
Maximum 0.1067
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Table 4. Microgrid’s PI controller parameters.

Gains
AVOA-Based PSO-Based

PI1 PI2 PI1 PI2

Kp 10 0.0271 6.6912 0.5006
Ki 150 80.1196 70.6795 58.1476

The simulation output in Figure 10a,b indicates the lower overshoot and settling
time for the AVOA on the load voltage. The transient factors of maximum percentage
overshoot (MPOS), maximum percentage undershoot (MPUS), and settling time (Ts) are
the indicators used to assess the AVOA. These indicators have lower values for the AVOA
when compared to those of the PSO. The results are presented in Table 5. These results
indicate that the MPOS has decreased by almost 38% in the case of the AVOA than in the
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case of the PSO. Moreover, the results present the decrease in the MPUS in the case of the
AVOA in contrast with the PSO to be 39%. Furthermore, the reduction in the settling time
in the proposed AVOA compared to the PSO is almost 41%.
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Table 5. Microgrid’s transient parameters for load voltage.

MPOS (%) MPUS (%) Ts (s)

AVOA 2.5208 1.2708 0.38
PSO 4.0625 2.0833 0.64

5.2. Case #2 RESs Uncertainties

The authors in [58] tested the system against RESs changes through a step-change in
irradiance without considering load change or temperature change. Figure 11a shows the
step changes of the irradiance from 1000 W/m2 to 750 W/m2 at time = 1 s, then at time = 2 s
increased from 750 W/m2 to 900 W/m2 and at time = 3 s increased from 900 W/m2 to
1000 W/m2. Figure 11b represents the PV, battery, and load powers with the impact of step
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irradiance fluctuations. Figure 11c represents the irradiance change impact on load voltage.
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The resulting outcomes showed better performance for the AVOA in contrast with
the PSO on the system load voltage parameter through the indicators used to assess its
performance. Those indicators are presented in Table 6. The MPUS is 1.25% with the AVOA
while the MPUS is 2.02% with PSO, which indicates a MPUS enhancement by almost
38.12%. While the MPOS is 2.52% with the AVOA and 4.0625% with PSO, this presents an
improvement in the MPOS by about 38%. Furthermore, Ts is 0.36 s with the AVOA while
Ts is 0.59 s with PSO, so Ts has intensified by nearly 39%.

Table 6. Microgrid’s transient parameters for load voltage.

MPOS (%) MPUS (%) Ts (s)

AVOA 2.52 1.25 0.36
PSO 4.0625 2.02 0.59
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5.3. Case #3: RESs Uncertainties Accompanied by Load Disturbances

Here, the authors test the system against RESs changes through a step-change in
irradiance, considering load change while not considering temperature change. Figure 12a
shows the sudden variations of the irradiance from 1000 W/m2 to 750 W/m2 at time = 1 s,
followed by an increase from 750 W/m2 to 900 W/m2 at time = 2 s and then at time = 3 s
raised again from 900 W/m2 to 1000 W/m2. Load increases suddenly by 50% at time = 2 s.
Figure 12b represents the PV, battery, and load powers with the impact of step irradiance
fluctuations accompanied by load step changes. Figure 12c represents the irradiance and
load change impact on load voltage.
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The main outcome of this case is that it shows a better performance for the AVOA
in contrast with the PSO on the system load voltage parameter through the indicators
used to assess its performance in Table 7. Those indicators show an enhancement in the
MPUS, MPOS, and Ts with 36.6%, 37.84%, and 56.25% values for the AVOA over the PSO.
Considering the MPUS, which is 1.341% with the AVOA and 2.115% with PSO, this suggests
an almost 36.6% improvement in the MPUS. The MPOS has improved by around 37.84%,
with a MPOS of 2.529% with the AVOA and a MPOS of 4.0688% with PSO. Ts has also
enhanced by over 56.25% as it was 0.48 s with the AVOA and 0.75 s with PSO.

Table 7. Microgrid’s transient parameters for load voltage.

MPOS (%) MPUS (%) Ts (s)

AVOA 2.529 1.341 0.48
PSO 4.0688 2.115 0.75

5.4. Case #4: RESs Uncertainties with Actual Data

Irradiance and temperature change through actual data obtained from the website of
NREL at the Solar Radiation Research Laboratory [59] on June 8, 2022, were applied to our
Simulink system while excluding the load uncertainties impact in this case and maintaining
load at 480 W. The data were recorded in a day from 4:30 am to 7:30 pm, with minute
changes in Figure 13a–b. Irradiance varies smoothly from 8.5496 W/m2 to 1045.07 W/m2,
while temperature fluctuates continuously from 10.33 ◦C to 25.08 ◦C. The PV power in
Figure 13c varies continuously, with a peak of 1017 W. The battery power also fluctuates
smoothly to maintain the load power and voltage constant at the selected values. The
battery appears to be charging with values above 0 W (when PV power is sufficient for the
load requirements) and discharging at values below 0 W (when PV power is insufficient
for the load requirements).
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Results in Figure 13d show better performance for the AVOA than the PSO in terms of
overshoot, undershoot, and settling time for the load voltage controlling while controlling
the two PI controllers of the bidirectional DC/DC converter. It can be noticed that the RESs
sudden penetration of the system caused an MPUS of 2.916% in the case of the AVOA and
4.583% in the case of PSO, a MPOS of 0.28% in the case of the AVOA and 0.43% with PSO,
Ts of 0.35 s in the case of the AVOA and 0.58 with PSO; however, the controllers handled
those fluctuations with a fast response to regain the system stability within the acceptable
limits of voltage variation. This result indicates the advances of the AVOA over the PSO
by about 37%, 34.89%, and 39.6% in this case for the MPUS, MPOS, and Ts parameters,
respectively. Moreover, the BES system role is noticed in this case.

5.5. Case #5: PV Uncertainties from Real Data Accompanied by Load Perturbations

On June 8, 2022, irradiance and temperature fluctuates using actual data obtained
from NREL’s website at the Solar Radiation Research Laboratory [59], the same data used
in case #4 Figure 13a–b with taking into consideration the influence of load uncertainty. In
this instance, the load perturbation steps up at time = 20 s, increasing the burden by 10%.
At time = 40 s, the load perturbation reaches 50% of the nominal load. At time = 50 s, the
load perturbation decreases to 10% of the nominal load, and at time = 70 s, the load returns
to its nominal value of 10A and 480 W. With a peak of 1017 W, the PV power in Figure 14a
varies continually. The battery power swings smoothly with the PV variations to keep the
load power and voltage constant at the chosen settings. When PV output is adequate to
meet the demands of the load, the battery seems to be charging at values above 0 W, and
when PV power is insufficient for the load requirements, the battery discharges at values
below 0 W.
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In terms of overshoot, undershoot, and settling time for controlling the load voltage
while operating the two PI controllers of the bidirectional DC/DC converter, the results
in Figure 14b demonstrate higher performance for the AVOA than the PSO. As can be
seen, the sudden entry of RESs (PV) into the system resulted in a MPOS of 1.04% for the
AVOA and 1.67% for PSO, a MPUS of 2.916% for the AVOA and 4.583% for PSO, and Ts
of 0.38 s for the AVOA and 0.54 s for PSO. However, the controllers quickly responded to
these fluctuations to restore system stability within acceptable voltage variation ranges.
This result shows that the AVOA outperformed the PSO for the MPOS, MPUS, and Ts
parameters by approximately 37.72%, 36.37%, and 29.6%, respectively. In this case, the BES
system’s function is also apparent.

5.6. Case #6: Fuel Cell Integrated into the PV-Battery System

A fuel cell of 650 W is added to the system with a PV of 1 kW integrated with the
battery that has a capacity of 150 Ah. The FC is then connected to a boost converter to
maintain the DC–bus voltage constant. The studied fuel cell parameters are presented in
Table 2. This case has two PI controllers for the bidirectional converter of the battery and
one PI controller for the boost converter of the fuel cell. This case did not consider solar
uncertainties for irradiance and temperature fluctuations. It considered only step load
change from 720 W at time = 1 s to 1440 W. The controllers’ gains for this case are given
in Table 8. The search area for the swarm particles and vulture population for the boost
converter of the fuel cell are kept at the same 0 < kp < 0.01 and 0 < ki < 0.4 with the same gain
ranges for the bidirectional converter controller mentioned in case #1 for fair comparisons.

Table 8. Microgrid’s controller settings for case #4.

Gains
AVOA-Based PSO-Based

PI1 PI2 PI3 PI1 PI2 PI3

Kp 10 0.0453 0.01 6.5692 0.5128 0.0061
Ki 150 80.0046 0.4 89.5336 130.5524 0.1596

The outcomes show the system stability and the role of the ES units. Figure 15a
shows the coordination between system energy sources to supply the load. Figure 15b
shows that the voltage regulation for the load voltage is within acceptable limits. This
case outcome offers better performance for the AVOA in contrast to the implementation
of the PSO through the indicators used to assess its performance in Table 9. The MPOS of
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the load voltage is 5.01% in the AVOA while it is 6.135% in PSO, which indicates a MPUS
enhancement by almost 18.34%. The MPUS of the load voltage is 3.95% in the AVOA and
8.604% in PSO, which presents an improvement in the MPOS by about 54.1%. Ts of the load
voltage is 0.47 s in the AVOA while it is 0.93 s in PSO, so Ts has intensified by nearly 49.5%.
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Table 9. Microgrid’s transient parameters for load voltage.

MPOS (%) MPUS (%) Ts (s)

AVOA 5.01 3.95 0.47
PSO 6.135 8.604 0.93

6. Conclusions

The RESs penetration caused problems for the islanded DC microgrid as voltage
instability. This paper presents the cascaded double-loop control based on the PI controller
designed through a new nature-inspired optimization technique, AVOA, to obtain the
optimal settings for the PI controllers used. Two types of renewable energy sources are
presented, PV and fuel cells, with the battery as an energy storage unit. The DC microgrid
voltage stability is maintained within acceptable ranges of voltage fluctuations while
subjected to actual irradiance, temperature changes, and sudden load dynamics. This
study’s used algorithms (AVOA and PSO) offer high flexibility and dependability, quick
convergence, ease of implementation, strong robustness, and capability to manage the
objective function [60]. However, PSO might converge to the minimum point locally [37].
The results show the robustness of the presented technique when compared with PSO
to validate its performance and outcomes, including a lower overshoot and settling time
via an overall percentage of improvement in the different indicators of the MPOS, MPUS,
and Ts, which is about 38%. Moreover, the results demonstrate the role of the ES units in
enhancing voltage regulation.
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