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[T I N R

Abstract: Since renewable energy sources (RESs) have an intermittent nature, conventional secondary
frequency control, i.e., load frequency control (LFC), cannot mitigate the effects of variations in
system frequency. Thus, this paper proposes incorporating ultralocal model (ULM) control into
LFC to enhance microgrid (uG) frequency stability. ULM controllers are regarded as model-free
controllers that yield high rejection rates for disturbances caused by load /RES uncertainties. Typically,
ULM parameters are set using trial-and-error methods, which makes it difficult to determine the
optimal values that will provide the best system performance and stability. To address this issue,
the African vultures optimization algorithm (AVOA) was applied to fine-tune the ULM parameters,
thereby stabilizing the system frequency despite different disturbances. The proposed LFC controller
was compared with the traditional secondary controller based on an integral controller to prove
its superior performance. For several contingencies, the simulation results demonstrated that the
proposed controller based on the optimal ULM coupled with LFC could significantly promote RESs
into the pG.

Keywords: load frequency control (LFC); ultralocal model (ULM) control; African vultures optimiza-
tion approach; high-penetration renewable energy sources (RESs); microgrid (uG)

1. Introduction

Nowadays and in the future, electrical power represents an essential pillar of life.
Renewable energy sources (RESs) are considered a haven for dealing with the risks of
the high prices of traditional sources, the threat of climate change, and the continuous
growth of load demands [1,2]. In rural or remote areas, RESs could offer clean electricity at
an affordable price that could eventually drop to grid parity [3]. However, on the other
hand, integrating more RES-operated plants into traditional power systems (PSs) creates
challenges for the operators of these networks, particularly since the intermittent nature
of these resources creates fluctuations in the generated power, making these resources
non-dispatchable. This causes voltage and frequency fluctuations and the lack of reactive
power, but the most difficult challenge is represented in the lack of inertia due to the use of
connecting converters, which worsens the stability of the systems and increases frequency
deviations. All these challenges, in addition to issues already existing in networks, such as
voltage fluctuations and the frequency deviations that result from the imbalance between
generation and load demand, lead to further threats to the stability and security of these
networks. This prompts the idea of replacing traditional PSs that have to integrate with
more plants operating with RESs with micro-grids (uGs) as an attractive solution to these
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challenges. This caused the current trend to divide traditional PSs into a group of nGs [4-7].
Because a uG is viewed as a controllable entity able to be operated at either grid-linked
or isolated modes, they typically consist of a separate collection of small-scale distributed
RES-based generation units with energy storage systems (ESSs) and local loads [8].

Under actual operational circumstances, continuous variations are always occurring
in the variables of system models; these variations are increased and occur more rapidly
in uGs with diverse resources due to the utilization of different RESs with unpredictable
natures. As an detrimental result, a mismatch of frequencies in the uGs arises, which is
considered the primary source of instability and system breakdown. Typical regulators
used in pGs for frequency dampening cannot provide system stability [9]. uGs, like any PS,
must fulfill specific mandated dependability and adequacy requirements, which require
all controlled components to actively participate in keeping the voltage and frequency of
the grid within safe operating limits. Indeed, the lack of inertia, abrupt variations in RES-
produced power, and the imbalance between generation and demand during load /source
fluctuations make it difficult to keep the frequency within its desired limits, especially
when the uG is used in a standalone condition [10,11].

As a result, load frequency control (LFC) is crucial in uGs to keep the system frequency
at their predetermined levels. In this regard, numerous control techniques/strategies
have been proposed for the frequency regulation of power systems considering RESs. A
developed model of a photovoltaic (PV) system has been proposed for LFC studies in [3].
Fractional-order control theory has been applied to design an LFC based on the RUNge
Kutta optimizer to enhance the frequency stability of a multisource power system consider-
ing RESs and electric vehicles [5]. Moreover, an adaptive fractional order PID controller
based on a genetic algorithm has been designed to enhance the dynamic performance of a
PV /wind-connected grid [12]. A novel LEC technique based on an optimal reset control
has been proposed for the frequency regulation of an islanded puG [7]. The contribution of
electric vehicles in enhancing the frequency stability of pGs was addressed in [8]. Addi-
tionally, an adaptive model predictive control has been presented to enhance the frequency
stability of an islanded uG considering electric vehicles and ESSs [9]. Based on the literature
survey of LFC studies conducted, the LFC control technologies used can be categorized as
conventional controllers and their modifications [5,8,13], fuzzy logic controllers [6,14,15],
various robust controllers [11,16-18], model predictive controllers [9,19,20], and others.
Even while the previously stated control schemes have provided the examined PSs with a
superior dynamic response, they might not be able to survive severe disruptions that result
from a high share of RESs. Additionally, these controllers require accurate modeling of
the considered pG, which is considered a significant challenge. Moreover, although the
aforementioned robust control schemes have demonstrated outstanding performance in
terms of uG stabilization, these techniques need proper modeling for uGs. However, as the
disturbances and scale of RESs in uGs grow, so does the complexity of the robust control
schemes that govern such systems.

Based on the above motivations, the use of intelligent controllers (e.g., ultralocal
model (ULM)-based controllers) in the LFC of power systems has become very necessary
to deal with load /RES uncertainty issues in today’s power systems. ‘Model-independent
adjustments’ or ‘“intelligent controllers” are terms used to describe data-driven model-
independent systems. Intelligent PID (iPID) controller-based ULM controllers are among
the most prevalent model-independent systems based on input—-output data. In this tech-
nique, the uncertainties and unknown model parameters have to be estimated, which is
frequently accomplished by algebraic schemes or time-delay estimation. However, the
estimate of these observers is sluggish, and they are unable to swiftly reduce the tracking
error. One approach to this problem is to use an extended state observer to estimate the
unknown sections. However, due to the effect of the uncertainties, the use of an extended
state observer may lead to the appearance of a nonzero error. As a result, different supple-
mental approaches like fuzzy logic and neural networks have been used to avoid observer
error [6].
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To meet the existing and future requirements and challenges of grids, this study is
focused on delivering a pnG that has a high degree of RESs penetration. Furthermore, this
paper proposes to improve the frequency stability of a pG by incorporating a ULM con-
troller into the existing secondary frequency control loop (i.e., integral controller). The basic
secondary frequency controller in the uG was built on the integral controller. Therefore,
the whole controller structure could be called an ‘“intelligent integral controller.” The output
of the proposed secondary controller represents the power command into the turbine’s
governor of the conventional power plant. In addition, the design of the ULM receives
the previous control input signal beside the frequency deviation of the puG. To improve the
performance of the ULM with LFC, its parameters were designed optimally by applying
the African Vultures Optimization Approach (AVOA). The performance of the proposed
intelligent-controller-based LFC was evaluated and compared with the conventional inte-
gral secondary controller under different contingencies in the pG.

The rest of this paper is organized as follows: The studied pG configuration is provided
in Section 2. Section 3 introduces the proposed ultralocal model control to integrate with
the second frequency controller of the puG, and the applied optimization algorithm based
on the AVOA is also introduced. The simulation results based on the MATLAB/Simulink
software are given in Section 4. Finally, the conclusion of the paper is reported in Section 5.

2. Configuration and Modeling of the Studied Islanded pG
2.1. Structural Details of the Islanded uG

Generally, the main structure of a pG includes two other main elements, such as
distributed generators (DGs) that look like micro sources in the pG configuration and
local loads (i.e., residential and nonresidential loads). DGs typically come in two varieties:
nondispatchable DGs that use RESs (such as solar, biomass, wind, and geothermal energy)
with unpredictable outputs and dispatchable DGs that use controllable input generators
(such as tiny thermal power plants) [21]. This study sheds light on operation of an islanded
uG with hybrid power plants (PPs), including 20 MW thermal PP, 4 MW solar PP, 8 MW
wind PP, and 15 MW load demands. The power base of the system equals 20 MW. Figure 1
displays a simplified representation of the studied islanded pG.
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u, A

Control
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Thermal Secondary Frequency Control %.
—
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Power Plant
Solar
Power Plant

Residential
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Figure 1. The layout diagram of the studied islanded uG.

To provide a realistic perception of the studied nG, this work considers the significant,
inherent nonlinear needs and the physical restrictions imposed by the dynamics of the
system of the generating units. One of the essential limits on the PPs considered in
this study is the variation rate of the produced power due to the relative limitation of
mechanical motions. The physical system of the studied PP’s dynamics can be described as
the following:
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e  The valve gate’s limits (upper limit ‘V{;” and lower limit ‘V1") regulate the valve’s
opening and shutting.

e  The generation rate constraints (GRCs) are used to restrict the rate of the produced
power. The non-reheat thermal PP’s GRC is set at 20% pu. MW /minute [22].

Figure 2 depicts a dynamic model of the studied puG with the proposed LFC strategy,
while Table 1 lists the dynamic parameters of the investigated uG considering RESs.

Secondary frequency
; control
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T Primary frequency Microgrid Loads
14 control
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. Thermal power plant Loads AP, Loads AP,
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PV Power Plant
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Figure 2. A dynamic model of the studied pG with the proposed ULM incorporated into the
secondary controller.

Table 1. Dynamic variables of the studied pG.

Variable Value Variable Value
D 0.015 Twr 15
H 0.083 Tpy 1.8
T, 0.1 Vu 0.3
T 0.4 \%3 —-0.3
K; 0.05 GRC 20%
R 24 f 50

2.2. Dynamic Modeling in the State-Space

A state-space model (SSM) is an efficient approach for ensuring the robustness of the
control design in the suggested uG control strategy [23]. The considered SSM is a fifth-order
linearized grid, taking into account a high share of RESs [21]. This work employs two
basic control procedures, the primary governor action and the secondary LFC, to address
concerns with frequency stability caused by RESs in the uG. The derivative of the frequency
deviation (Af) of the pG can be formulated as

. 1 D
Af = — (AP, AP APpy — AP;) — — % A 1
f ZH( m + APwT + APpy L) i f 1)
where
AP, :—i(AP)—L*Aeri(APC) )
8§ T, ¥ RIT, T,
AP, = —l(AP )+l(AP) (3)
m = T; m T; g
: 1 1
APyt = =— (APwing) — 7 (APwr) 4)
Twr Twr
. 1 1
APpy = Ti(APSolur) - Ti(APPV) ©)
PV PV

The power variations in the wind (APyy;,,4), solar (APs,,, ), and load (APy) are taken
into consideration as disturbance signals in this study. The linearized SSM of the studied
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islanded pG could be simply created using the appropriate definitions and state variables
from Equations (1) to (5) as follows:

X = AX+BU+EW (6)
Y =CX+ DU+ ZW 7)
where
X" = [Af AP, APy APwr APpy |
WT = [APwing  APsotar  APy]
Y = [Af]
where

X: state vector,

B, U: control input signals,

W: input disturbance vector,

E: disturbance inputs,

Y: control output signal,

C: output measurement used as input to the load frequency controller,

D: zero vector with the same size as the input control signal,

Z: zero vector with the same size as the input disturbance vector,

Af: deviation of the system frequency.

Then, the complete equations to represent the SSM of the islanded pG taking RESs

could be obtained, as given in Equations (6) and (7).

1 1 1

31 2H oA Af 0 o 0 1
0 0 0 AP, + 0 0 -4 APyind
+ 0 O |- |APy |+ |0O|—[APc]+| O O 0 | — | APsojar ®)
0 —7- 0 APyt 0 Ty O 0 AP
1
Y=[1000 0 ]*X ©)

3. Proposed Optimal Ultralocal Model for LFC of uG
3.1. Description of the Ultralocal Model Control

The changes in the input and output of the single-input single-output (SISO) system can
be approximately defined using a finite-dimensional ordinary differential equation [24,25].

E(t,y,y(l),...,y(”),u,u(l),...,u(m)) =0 (10)

where E is an unknown nonlinear function, u denotes the control input of the system, y
denotes the output variable of the system, and m and n are the control input and output
orders of the system, respectively.

The ULM principle can be used to simplify (10) as

y" = F+au (11)

where y(") is the derivative of order n of the system output v, F is the sum of the known
and unknown parameters of the system (i.e., it is considered to be the total disturbance and
uncertainties of the system in the ULM), and « € R is a nonphysical parameter that finds
a balance between the magnitude of y(") and au. The order 1 of the output derivative is
usually chosen by the practitioner as one or two and one in all actual circumstances (i.e., a
first-order system) [26]. In general, the basic structure of the ULM is sketched in Figure 3.
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Figure 3. Structure of the ultra-local model.

The value of F is constantly updated using the system information of the input and
output where it lacks precision and is only an estimate, so Equation (11) can be rewritten
as Equation (12) in which F is replaced with F as an indication of the estimation using
algebraic identification methods [27]. Then, using operational calculus, the rules yield
Equation (12) as Equation (13), in which y( denotes the initial value of the output y during
the time interval [t — L, t].

y(”) =F+au (12)

F
sy = Taut Yo[M4] (13)

By multiplying both sides of Equation (13) by % and then by s~2, the value of F in the
time domain can be expressed as [28]:

1ot
E(t) = —%/t L((L—Za)y(a) +ac(L —o)u(o))dor (14)
where L has a small value according to the sampling interval and intensity of the noise.

If we consider the sampling time Ts and the window length Ny, then the value of F in
Equation (14) can be calculated in the time interval [0, Ny Ts] as in Equation (15). Finally,
the value of F can be calculated using Heun’s method based on the input and output
information as in Equation (16).

F(t) = —(1\13;)3 /ONfTS ((NfTS - 2(7)3/((7) + oca(NfTs - a)u(a))da (15)
fts
, 3 Y
F= —mi;(fHB) (16)

where

A= (Np—20i=1))y(k—1) + (Ny —2i)y (k)

B= (oa(i 1T, (Nf (i 1)>)u(k— 1) + aiT, (Nf - i)u(k)

If the system is closed with a proportional controller (that is K,), then the corresponding
control input becomes

* — F +Kpe

U= % (17)

where y* is the reference of the system output, while e is the error between the reference
and the instantaneous output values (i.e., ¢ = y* — ).
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3.2. Proposed Optimal Ultralocal Model Control for LFC

In this study, the basic feedback controller of the secondary loop was designed based
on the integral controller; its input is the uG frequency deviation (Af). The objective of the
secondary controller is to maintain the frequency of the system at its nominal value after
the disturbance of the system within a time that varies by a few minutes [28]. The ULM part
is combined with the secondary integral controller to reduce the frequency deviation, as
shown in Figure 4. Therefore, the whole controller structure could be called an ‘“intelligent
integral,” where the controller becomes model-free. Using this control strategy eliminates
the parameter mismatches that disturb the power system.

Proposed ULM ------ .
1]
i:‘\ .............
Estimation of F R _
Af > Using (16) " e
o—>

* APC
Af=0 —» dit » 1/ > + >

Conventional LFC based on

Integral Controller "

Figure 4. Structure of the proposed optimal ULM incorporated with the integral controller for LFC
of uG.

When the reference value of the frequency deviation equals zero, the total control
input of the proposed controller, which is the incremental power AP, is formulated as

F K
AP = (a + S)Af (18)

where s is the Laplace operator, K; is the integral gain of the secondary controller that is
adapted from [28], and F can be computed using (16).

The parameter & of the ULM can be defined by trial-and-error methodology, which
makes the tuning process difficult and depends on the practitioner. Furthermore, these
trial-and-error methods make it challenging to obtain the optimal parameter value of «
that improves the performance of the system and guarantees the stability of the system
against disturbances. Consequently, the system’s robustness is not guaranteed in this case.
Therefore, in this paper, a metaheuristic optimization approach based on the AVOA was
employed to determine the optimal value of parameter « of the ULM.

3.3. A metaheuristic Optimization Method Based on the African Vulture Optimization Algorithm

In this work, to identify the optimal values for the parameters of the suggested control
system, the AVOA was used. The AVOA is a brand-new metaheuristic algorithm inspired
by nature. Figure 5 outlines the planned AVOA flowchart and steps. The AVOA was
established by simulating and modeling the manner of life and foraging of African vultures
(AV) based on the following standards:
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The AV population consists of N Avs, each with a d-dimensional position space.
There are three different groups within the AV population. The fitness value of
the viable solution determines the quality rank; the best solution is ranked as the
leading and first AV, the second-best solution is ranked as the second-best AV, and the
remaining Avs are assigned to the third group.

The three groups were established in the population to define the most significant natural
function of Avs. Therefore, diverse vulture species have unique functions to fulfill.
Additionally, the fitness value of a potential solution may indicate both the advantages
and disadvantages of Avs. In light of this, the most vulnerable and ravenous vultures
tend to be the worst. In contrast, the strongest and most numerous vultures tend to
be the best vultures. All Avs in the AVOA often try to stay close to the best ones and
stay away from the worst.

Parameters setting
&
Vultures Initialization

N

lYes

Vultures Evaluation
&
Parameters setting

Using Equation (19)
Determine
15t & 24 Vultures

|

Updating: t, z
&

Computing: F;

!

Yes No Yes No
Pi>1y W \”\32’:/3
Using Equation (23) Using Equation (24) Using the 1 part of Using the 2" part of Using Equation (30) Using Equation (33)
Update Update Equation (26) to update | | Equation (26) to update Update Update
Vulture location Vulture location Vulture location Vulture location Vulture location Vulture location

Return Optimal
1t Vulture

!

Figure 5. The AVOA flow chart.
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To mimic the behavior of several vultures in the foraging stage, the AVOA approach
can be divided into five steps according to the four above criteria [29,30].

3.3.1. Step 1: Population Classification

In this step, after the creation of the first population and after determining the suitabil-
ity of each solution, the best solution is considered the finest and, therefore, the first vulture,
while the second solution is regarded as the second-best vulture using Equation (19). The
remaining vultures are placed in the third group based on standard No. 2.

~ _ [ Best Vulturey if p; = Ly
R (i) = {Best Vulturey if p; = Ly (19)
F;
Pi= i E (20)

where;

Best Vulturey: best vulture,

Best Vulture,: second best one,

L1, Ly: random variables in the range of [0, 1] where (L + L, = 1),
F;: fitness of the first and second groups of vultures.

N: total number of the first and second groups of vultures.

3.3.2. Step 2: The Rate of Vulture Starvation

The distances at which vultures search for food depend on their energy unless the
vultures are starving. Thus, they can search for food for longer distances when they have
high energy. If they are starving, they have less energy, and thus they cannot search for their
food for longer distances. The starving vultures will act violently as a result. Therefore,
the vulture exploration and exploitation stages can be designed based on this behavior.
Equation (21) is used to calculate the ith vulture hunger level “F;” at the t-th iteration,
which is employed as a marker of the vultures’ transition from exploration to exploitation.

iteration;
F=(2xrandj+1)xzx [ 1— ——L t 21
i = i+1) ( maxiterations ) @1
E= I x (sin® T iteration; + (cos® T iteration; 1) 22)
- 2 maxiterations 2 maxiterations

where;

F;: hunger level implies that the vultures ate enough,

rand;: variable of a random value ranging from 0 and 1,

z. variable of a random value ranging from —1 and 1, changes with each new iteration,
iteration;: current iteration count,

maxiterations: total iterations count,

h: variable of a random value ranging from —2 and 2,

w: a parameter with a predetermined value that determines the likelihood the vulture will
carry out the exploitation stage,

According to Equation (21), as the count of total iterations increases, F; decreases
significantly. Whenever |F;| > 1, the vultures begin the exploration stage and look for food
in different areas. Otherwise, the vultures enter the exploitation stage and have to search
for food in their local surroundings.

3.3.3. Step 3: Stage of Exploration

Vultures have excellent vision, helping them to identify food and dead animals fast.
However, vultures may have difficulty obtaining food, as they take much time scanning
their location before flying large distances in search of food. In the AVOA, vultures can
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check numerous random sites using two alternative tactics, and either strategy is selected
using a parameter called ‘P’ in the range [0, 1].

During the exploration stage, randy,; (random number between 0 and 1) is utilized to
select one of the two tactics. If rand,; < Pj, Equation (23) is used. Otherwise, Equation (24)
is used.

P(i+1)=R(i)—D(i)xF (23)
P(i+1)=R(i)—F +randy x ((ub—1b) x rands + Ib) (24)
D(i)=| X xR(i)— P(i)| (25)

where;

R (i): one of the finest vultures determined in the current iteration based on Equation (23),
D(i): distance between the vulture and the current optimum vulture,

F;: the rate of vulture satiation calculated in the current iteration using Equation (25),
randy: variable of a random number ranging from 0 to 1,

ub: variable upper boundary,

Ib: variable lower boundary,

rands: variable used as a high random coefficient to broaden the search and look for
additional search space locations,

P(i): the location of the ith vulture,

X: random variable ranging from 0 and 2.

3.3.4. Step 4: Stage of Exploitation (Phase 1)

The efficiency stage of the AVOA is investigated in this phase. If the magnitude of
| F;| is less than one, the AVOA begins the first phase of exploitation. The parameter
P,, which is in the range [0, 1], is used to determine which tactic will be selected. At the
beginning of this phase, a random number ranging from 0 and 1 ‘rand,,” is generated. If
randy; > P, then the tactic of siege-fight is implemented slowly. Otherwise, the tactic of
rotational flying is implemented. This process is described by Equation (26).

, _ [ D(i) x (F;+randy) —d(t) if pp > rand
P(Z+1)_{R(i)—(51+52)4 ifP22<rand:22 (26)
d(i) =R(i)—P(i) (27)
Sy =R(i)x ( w ) x cos(P(i)) (28)
S, =R(i)x ( w ) x sin(P(i)) (29)

where;
randy, rands, randg: random numbers ranging from 0 and 1,
d(t): the distance that separates the vulture and one of the two ‘best vultures’ groups.

3.3.5. Step 5: Stage of Exploitation (Phase 2)

This phase is executed only if |F;| < 0.5. At the beginning of this phase, a random
number ranging from 0 and 1 ‘rands’ is generated. If P; > rands, the approach is to attract
a diverse range of vultures to the food source, leading to competitive behavior. As a result,
Equation (30) could be used to update the location of the vulture.

A1+ A
P(i+1)= % (30)
Ay = BestVulture, (i) — BestVulturey (i) x P(i) _xF (31)
BestVulturey (i) — (P(i))
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BestVulture, (i) x P(i)

Ay = BestVulturey (i) — 2
BestVulture, (i) — (P(i))

F; (32)

Similarly, as the AVOA reaches its second stage, the vultures gather around the best
vulture to scavenge the leftover food. As a result, Equation (33) could be used to update
the vulture’s location.

P(i+1)=R(i)—1d(t)| x F; x Levy(d) (33)

In this case, d denotes the issue dimensions. The efficacy of the AVOA was boosted by
applying Lévy flight (LF) arrangements drawn from Equation (34).

LF (x) = 0.001 x 227 (34)
vl
. T(+p)x sin("f;l b 5)

r(1+p2) x px2x (£1)

where;
v, u: random numbers ranging from 0 and 1,
B: constant (B = 1.5).

4. Simulation Results and Discussion

The efficacy of the proposed intelligent integral controller based on the AVOA was
verified through an islanded pG. Moreover, the performance of the proposed load fre-
quency control based on the intelligent integral control was compared with the traditional
integral controller under various operating conditions for the studied islanded uG. The
natural variations of RESs and the frequent changes in load were all investigated for the
considered islanded pG. The examined isolated nG’s simulation results were executed with
the MATLAB/Simulink® program to validate the superiority of the proposed controller
based on the AVOA. The frequency stabilization of the examined pG, considering the high
penetration level of RESs was validated under different operating conditions using the
following situations.

4.1. Scenario A: System Performance Appraisal during Abrupt Load Variations

Case 1: Impact of a 5% abrupt load variation on system performance

In this case, a + 0.05 p.u. of abrupt load change was applied at the time instant of
100 s to the studied pG with the proposed intelligent integral controller based on the
AVOA, as shown in Figure 6. The frequency response of the targeted island puG with the
conventional and proposed control techniques is shown in Figure 7. Figure 7 shows that the
targeted islanded puG with the proposed intelligent integral controller based on the AVOA
is more efficient and dependable than the traditional control system based on the integral
controller. The studied nG’s total perturbation and uncertainties in the proposed ULM
combined with the secondary frequency control (integral controller) are shown in Figure 8.
Moreover, the control output signal of both the conventional integral controller and the
proposed intelligent integral controller in the investigated islanded pG are compared in
Figure 9. The superiority of the proposed control technique over the conventional control
technique has been validated by giving the minimum system objective function (i.e., ISE),
as shown in Figure 10. As a result, the proposed LFC technique based on the intelligent
integral controller-based AVOA can effectively maintain the frequency stabilization of the
considered islanded pG.
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Figure 6. Sudden load change for the case 1.
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Figure 7. System frequency deviation of the studied uG for the case 1.
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Figure 8. The ULM parameter (F) for the studied system’s inputs and outputs.



Energies 2022, 15,9177 13 of 20

0.060 T , .
_0.040 - Conventional E
é Proposed
5
0.020 - i
0 000 | | I ! | | 1 |
50 60 70 80 90 100 110 120 130 140 150
Time [second]
Figure 9. The output signals of the applied control techniques for the case 1.
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Figure 10. The ISE objective functions of the studied system for the case 1.

Case 2: Impact of a 10% abrupt load variation on system performance

In this case, the efficacy of the proposed LFC based on the optimal intelligent integral
controller-based AVOA was compared with the conventional LFC based on the integral
controller under a 10% abrupt load change at t = 100 s, as shown in Figure 11. Figure 12
shows the frequency deviation of the studied system with both the proposed intelligent
and conventional integral controllers. The simulation results demonstrate that when
compared to the conventional LFC-based integral controller, the proposed intelligent
integral controller based on the AVOA performs better. The proposed controller exhibits
the best performance with fewer overshoots, fewer undershoots, and a quick settling time.
In addition, the objective function obtained from the studied system, as shown in Figure 13,
has demonstrated the superiority of the proposed control technique over the traditional
control technique since it provides a minimum value.
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Figure 11. Sudden load change for the case 2.
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Figure 12. System frequency deviation of the studied uG for the case 2.
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Figure 13. The system’s ISE objective function of the studied system for the case 2.

4.2. Scenario B: System Performance Assessment under Random Load Change and Random
Renewables Generation

Case 3: Impact of a stochastic load /RESs variation on system performance

In this case study, the targeted islanded uG with the proposed intelligent integral
controller based on the AVOA was examined with the variation of RESs generation shown
in Figure 14, while the stochastic load variation shown in Figure 15. The simulation findings
shown in Figure 16 demonstrate that, compared to employing the standard LFC based on
the integral controller, the proposed intelligent integral controller based on the AVOA can
dampen the frequency deviations caused by variations in high loads/RESs. Therefore, the
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proposed intelligent integral controller based on the AVOA provides superior performance
in boosting the frequency stability of the investigated puG than using the conventional
LFC-based integral controller described in the literature.

Pyr
Ppy
0‘00 L 1 1 1 1 1 L I
0 100 200 300 400 500 600 700 800 900 1000
Time [second]
Figure 14. Wind and solar PV power profiles for the scenario B.
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Figure 15. Random load change for the case 3.
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Figure 16. System frequency deviation of the studied uG for the case 3.

Case 4: Impact of stochastic generation of RESs and series of step load changes on
system performance

To validate the efficacy of the proposed intelligent integral controller based on the
AVOA, the stochastic generation of RESs shown in Figure 14 and the random load variability
shown in Figure 17 were introduced in the case study islanded pG. Figure 18 demonstrates
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the system frequency deviation with the proposed and conventional LFC techniques based
on the integral controller. Figure 18 shows that the targeted islanded pG comprising
RESs is more reliable and quicker with the proposed LFC based on the intelligent integral
controller-based AVOA than with the conventional LFC based on the integral controller.
Hence, the proposed LFC based on the intelligent integral controller can withstand the
frequency deviation resulting from the stochastic generation of RESs and random load
variations.
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Figure 17. Series of step load change for the case 4.
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Figure 18. System frequency deviation of the studied uG for the case 4.

4.3. Scenario C: Long-Term Impact of Random Loads/RESs on System Performance

In this scenario, a stochastic RESs generation shown in Figure 19 and a random load
change shown in Figure 20 were implemented for a long-term study (i.e., 24 h) to assess
the efficacy and resilience of the proposed LFC technique based on intelligent integral
controller-based AVOA. As evidence of the proposed control system’s performance, it was
compared to the traditional LFC technique based on the integral controller. Figure 21 shows
the frequency response of the cases study pG for the scenario C. It is important to notice
from Figure 21 that the proposed LFC based on the intelligent integral controller-based
AVOA makes the considered nG considering loads/RESs uncertainties more dependable
and quicker than the traditional LFC system.
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Figure 19. Wind and solar PV power profiles for long-term study for the scenario C.
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Figure 20. Random load change for the long-term study for the scenario C.
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Figure 21. System frequency deviation of the studied uG for the scenario C.

5. Conclusions

This paper proposed an optimal ULM control integrated with an integral secondary
frequency controller, called an intelligent integral control, for the frequency stability en-
hancement of uGs considering high penetration of RESs. The ULM control parameter
was tuned using a new optimization algorithm called the AVOA. The performance of the
proposed intelligent controller was compared with the conventional LFC-based integral
controller used in the literature through an islanded pGs considering a high penetration
level of RESs. The case study pG comprises a small thermal power plant, PV, wind power
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plants, and residential and nonresidential loads. The simulation results indicated the
superiority of the proposed control technique over the conventional control technique. It
provides a 37% reduction in the system frequency variations, providing the minimum sys-
tem objective function. Moreover, the proposed controller provides more power commands
to the governor compared to the conventional controller. Hence, the proposed intelligent
controller could improve the dynamic frequency performance in modern power systems
with high renewable penetration and under different operating conditions.
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Nomenclature

RESs Renewable energy sources

LFC Load frequency control
ULM Ultralocal model

nG Microgrid

AVOA  African vultures optimization algorithm
PS Power systems

ESSs Energy storage systems

14Y% Photovoltaic

PID Proportional integral derivative

iPID Intelligent proportional integral derivative
DGs Distributed generators

PPs Power plants

Vu Upper limit

Vi Lower limit

GRC Generation rate constraint

D Microgrid damping coefficient (pu MW /Hz)
H Microgrid inertia constant (pu MW s)

Te Governor time constant (s)

T; Turbine time constant (s)

K; Integral control gain

R Speed regulation of uG, (Hz/pu MW)
Twr Wind turbine time constant (s)

Tpy PV system time constant (s)

f Nominal frequency (Hz)

SSM State-space model

Af Frequency deviation (Hz)
APwing  Wind speed change (pu)

APy, PV solar change (pu)

APy Load power change (pu)

APpy PV output power (pu)

APwt Wind turbine output power (pu)

APc Incremental power (pu)
APy, Mechanical power change (pu)
AP, Governor power (pu)

E Nonlinear unknown function
u Control input of the system

y Output variable of the system
m Order of the control input

n Order of the system output
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F Sum of the known and unknown parameters of the system
o Nonphysical parameter of ULM

s Laplace operator

Ts Sampling time

Ny Window length

y* Reference of the system output

e The error between the desired and actual output

AV African vultures

N Number of vultures

Random numbers ranging from 0 and 1

F; The rate of vulture satiation calculated in the current iteration
n Total number of the first and second groups of vultures

z Variable of a random value ranging from —1 and 1

h Variable of a random value ranging from —2 and 2

w A parameter with a predetermined value

R(7) One of the finest vultures determined in the current iteration
D(i) Distance between the vulture and the current optimum vulture
ub Variable upper boundary

Lb Variable lower boundary

P(i) The location of the ith vulture

X Random variable ranging from 0 and 2

The distance that separates the vulture and one of the two
“best vultures” groups

LF Lévy flight

B Constant
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