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Abstract

This paper presents an Electric Eel Foraging Optimization (EEFO) fuzzy logic-assisted 
proportional–integral–derivative (PID) controller incorporating a derivative filter (Fuzzy-
PIDF) to improve load-frequency regulation of interconnected microgrid systems. There 
are two related areas in the system under study: photovoltaic generation and wind energy 
conversion systems, as well as electrical energy storage units based on batteries and super-
conducting magnetic energy storage (SMES), and diesel generators. A dynamic system 
is established to represent changes in frequency and power exchange. EEFO is employed 
to tune not only the PIDF gains and fuzzy scaling factors but also the fuzzy membership 
functions using an objective function based on the changes in inter-area power and fre-
quency. Moreover, the controller is assessed under a 5% demand disturbance, as well as 
various disturbance magnitudes, parameter variations, variable loading conditions, and 
renewable-generation fluctuations. Comparative studies are conducted against the Fuzzy-
PIDF controllers configured using Competition Over Resources (COR) and the Marine 
Predators Algorithm (MPA). Lower-frequency and inter-area power deviations are achieved 
using the EEFO-Fuzzy-PIDF controller across the investigated operating scenarios.

Keywords: power system control; frequency stability; fuzzy logic control; renewable energy

1. Introduction
The growing integration of renewable-generation resources has accelerated the develop-

ment of microgrids as an effective solution for enhancing energy sustainability, operational 
flexibility, and supply reliability. By integrating distributed generation (DG) units, includ-
ing photovoltaic (PV) arrays, wind energy conversion systems (WECSs), energy storage 
systems (ESSs), and controllable generators, microgrids enable efficient local energy man-
agement while reducing dependence on conventional fossil-fuel-based generation. Talaat 
et al. reviewed the integration of intelligent algorithm techniques in microgrids and showed 
their potential for improving operational efficiency and renewable-energy utilization [1]. 
Yan et al. discussed renewable-energy integration strategies for mini- and microgrids, high-
lighting their contribution to system reliability and operational flexibility [2]. Bartolucci et al. 
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investigated how system sizing affects renewable-energy microgrid performance, empha-
sizing the importance of appropriate component selection for reliable operation [3]. Bihari 
et al. presented a comprehensive review of microgrid control mechanisms and stressed the 
need for coordinated control strategies in renewable-rich environments [4]. Beyond system 
architecture and renewable integration, recent studies have also investigated hybrid energy 
storage, optimization techniques, and converter-based control strategies, further supporting 
the development of resilient and sustainable microgrid architectures [5,6]. Despite these 
advances, the growing integration of intermittent renewable-generation sources continues 
to pose significant operational challenges for overall stability and transient behavior.

Among various operational challenges encountered in renewable-rich microgrids, 
frequency regulation is recognized as one of the most critical. Continuous variations in 
solar irradiance, wind characteristics and load requirements disturb the balance between 
generation output and consumption, thereby leading to frequency fluctuations and unde-
sirable inter-area power fluctuations in interconnected systems. Yanaganti et al. reviewed 
forecasting-based approaches for load-frequency management in islanded microgrids and 
emphasized the importance of accurate prediction for maintaining frequency stability un-
der renewable power fluctuations [7]. The effectiveness of such approaches, however, is 
closely related to forecasting accuracy, as prediction errors can affect subsequent frequency-
control actions. Yusuf et al. provided a comprehensive review of modern LFC strategies 
and reported that renewable-energy uncertainty substantially increases the complexity 
of secondary frequency regulation [8]. While providing a broad assessment of available 
methods, the study does not validate a specific control strategy under varying operating 
conditions. Yanaganti et al. also reviewed the contribution of energy storage technologies 
to frequency regulation and highlighted their importance in compensating for renewable 
intermittency [9]. The performance of storage-assisted LFC nevertheless depends on the 
selected storage technology, sizing, operating constraints, and the LFC’s coordination with 
the frequency controller. Ntuli and Kabeya examined frequency regulation in wind energy 
conversion systems and showed that the stochastic nature of wind generation introduces 
additional control challenges [10]. Their analysis primarily focuses on wind-based systems 
and does not address the combined dynamics of multiple renewable sources and storage 
technologies in interconnected hybrid microgrids. Franklin and Kareem reviewed frequency 
regulation techniques for conventional, deregulated, and renewable-dominated power sys-
tems, emphasizing the growing demand for advanced secondary control strategies [11]. 
Owing to its broad scope, however, the study does not investigate an optimized controller 
specifically for renewable-rich hybrid microgrids under substantial operating variations.

Srivastava and Rai developed a load-frequency regulation framework for intercon-
nected renewable generation incorporating electric vehicles and illustrated the significant 
influence of renewable variability on system frequency dynamics [12]. The framework 
was evaluated for a particular two-area configuration, while its performance under wider 
parameter variations and disturbance conditions requires further investigation. Chen et al. 
showed that low-inertia multi-microgrid systems are particularly vulnerable to frequency 
excursions following renewable-generation fluctuations and load disturbances [13]. Their 
deep deterministic policy gradient approach offers adaptive control capabilities, although 
its implementation requires appropriate training and representative operating scenarios, 
adding computational and design requirements compared with conventional control struc-
tures. Samal et al. reviewed recent load-frequency control approaches and emphasized the 
continuing need for robust and adaptive control strategies for renewable-rich interconnected 
power systems [14]. As a review study, it identifies important developments and challenges 
but does not establish a specific controller that combines systematic parameter optimization 
with robustness to renewable and load variations. Maintaining frequency stability under 
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variable renewable-generation and load conditions, therefore, remains a key challenge in 
hybrid microgrids. Energy storage has consequently received considerable attention as a 
means of improving frequency regulation. Rashid and Ghiasi showed that coordinated 
BESS and SMES operation improves DC voltage regulation, power balancing, and distur-
bance resilience in hybrid AC/DC microgrids [15]. Such coordination, however, increases 
system complexity because the two storage technologies exhibit different dynamic char-
acteristics. Magdy et al. developed an accurate SMES model for renewable-energy-based 
load-frequency control and reported improvements in transient frequency performance 
through fast active-power compensation [16]. Despite these dynamic advantages, SMES 
requires superconducting infrastructure and associated power-conditioning equipment, 
which adds practical implementation requirements. Ajami et al. analyzed the effects of 
ESS parameters on frequency contingency support and demonstrated the importance of 
these parameters for microgrid frequency stability [17]. Their results also underline the 
sensitivity of frequency support to ESS parameter selection and, consequently, the need 
for appropriate parameter tuning. Siti et al. demonstrated the effectiveness of energy 
storage-assisted LFC in interconnected multi-microgrid systems, in which coordinated 
storage improved dynamic response and system resilience [18]. Its performance remains 
dependent on the selected storage and controller parameters and their coordination under 
changing operating conditions.

Recent studies have also investigated advanced optimization and control strategies 
for microgrids. Wang et al. [19] proposed a distributed predefined-time optimization and 
control approach for multi-bus DC microgrids, demonstrating the application of advanced 
control and optimization techniques to improve microgrid operation and control perfor-
mance. Coban et al. investigated the coordinated application of pumped-hydro storage 
and batteries for microgrid frequency regulation and reported substantial reductions in 
frequency deviations under renewable-generation variability [20].

The applicability of pumped-hydro storage is nevertheless constrained by geographical 
and infrastructure requirements. Davoudkhani et al. developed a resilient load-frequency 
regulator incorporating mobile electric vehicle energy storage and achieved improved fre-
quency regulation in islanded urban microgrids [21]. In this configuration, the available 
storage support can vary with EV availability, state of charge, and charging behavior. Hos-
seini et al. examined the combined application of battery energy storage and demand 
response for frequency regulation and confirmed improved dynamic performance under 
fluctuating operating conditions [22]. This coordination requires communication and 
energy-management mechanisms and depends on the availability of responsive loads. 
Jalilian et al. combined SMES with a fractional-order fuzzy PID controller to improve 
the resilience of a hybrid renewable power system during severe disturbances [23]. Al-
though improved dynamic performance was achieved, the fractional-order fuzzy structure 
introduces additional control parameters and increases the tuning requirements. Thus, 
while storage-assisted and advanced control strategies provide substantial improvements in 
frequency regulation, controller tuning, implementation complexity, storage characteristics, 
and performance under varying operating conditions remain important considerations.

The dynamic performance of the system also depends strongly on the control strategy 
used to coordinate the distributed generation resources and maintain frequency stabil-
ity. These challenges have driven the development of advanced load-frequency control 
(LFC) strategies that preserve system stability amid renewable-generation uncertainty and 
varying operating conditions. Gulzar et al. comprehensively reviewed frequency control 
methodologies for renewable-assisted hybrid power systems and emphasized the increas-
ing need for intelligent and optimization-assisted controllers to mitigate the shortcomings 
of traditional approaches [24]. Mokhtar et al. subsequently proposed an adaptive LFC 
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structure for renewable-integrated power systems, demonstrating improved dynamic per-
formance under changing operating conditions [25]. Qu et al. utilized PSO and GA to 
tune the parameters of the PID controller for multi-source interconnected power systems, 
whereas Aziz introduced a practical swarm optimization algorithm for renewable-based 
LFC applications [26,27]. Recent studies have also explored intelligent control techniques 
using model predictive control as the cornerstone and deep reinforcement learning. Ayman 
et al. developed an adaptive model predictive control strategy for renewable-integrated 
power systems [28], whereas Shaaban et al. proposed a deep reinforcement learning-based 
adaptive PID controller for isolated hybrid microgrids with various renewable-generation 
and storage systems [29]. The application of LFC has also been extended to emerging micro-
grid configurations. Zhang et al. investigated renewable-integrated marine microgrids [30], 
whereas Sabahi et al. combined reinforcement learning using deep deterministic policy 
gradients and adaptive PID control to enhance frequency regulation in AC microgrids [31].

In parallel, considerable attention has been devoted to advanced PID-based controller 
structures. Researchers have proposed several enhanced PID-based control schemes to 
improve the dynamic performance and robustness of load-frequency control systems. Al-
masoudi et al. developed a fractional-order PIDA controller for hybrid maritime micro-
grids [32], El-Sehiemy et al. optimized PID parameters using the Artificial Rabbits Algo-
rithm [33], Alnefaie et al. employed the Catch Fish Algorithm for multi-area renewable 
and thermal power systems [34], Jena et al. investigated a JAYA-tuned PID controller with 
derivative filtering [35], and Saba et al. proposed a modified fractional-order PID controller 
for interconnected thermal power systems [36]. Further improvements have been achieved 
by integrating fuzzy logic and fractional-order control. Almutairi et al. introduced an intel-
ligent hybrid fuzzy fractional-order PIDF controller for interconnected power systems [37], 
while Gupta et al. and Alshahir et al. demonstrated the effectiveness of optimized fractional-
order PID controllers for deregulated hybrid systems and interconnected renewable-rich 
microgrids, respectively [38,39].

This work presents the development and implementation of an optimized Fuzzy-
PIDF controller for load-frequency control (LFC). The proposed controller integrates fuzzy 
logic with a Proportional–Integral–Derivative with Filter (PIDF) structure to enhance 
adaptability, robustness, and dynamic performance under varying load conditions and 
system uncertainties. To enhance the system performance and coherency, all PIDF gains, 
scaling factors, and membership-function parameters are optimized simultaneously.

2. System Modeling
This section presents the mathematical formulation regarding the interconnected 

hybrid microgrid adopted in this research. The system under consideration comprises 
renewable-generation units, energy storage devices, diesel generators, and a tie-line inter-
connection between two regions. To enable controller synthesis and dynamic performance 
evaluation, the nonlinear characteristics of the system components are linearized about an 
operating equilibrium and represented as transfer functions. The developed model captures 
the dominant dynamics governing power imbalance, frequency deviations, and inter-area 
power exchange, thereby providing a suitable foundation for the design and assessment of 
the proposed EEFO-tuned PIDF load-frequency controller, and it is presented in Figure 1.
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Figure 1. Schematic block diagram of a hybrid microgrid with two interconnected areas.

2.1. Microgrid Architecture
The considered system consists of two islanded microgrid regions connected by a 

tie-line that enables active-power exchange between the regions. Region I comprises a wind 
energy conversion system, a superconducting magnetic energy storage (SMES) unit, a diesel 
generator, and a local load demand. Region II incorporates a photovoltaic (PV) generation 
unit, a battery energy storage system (BESS), a diesel generator, and an independent 
load sector. Renewable sources operate as non-dispatchable generation units whose output 
depends on environmental conditions, whereas storage devices provide rapid power support 
to compensate for generation–demand imbalances and enhance frequency stability.

2.2. Photovoltaic Generation Subsystem
The photovoltaic generation unit installed in Region II was extracted from a typical 

PV field located in Aswan, Egypt, which converts solar energy into electrical power and 
therefore contributes directly to the active-power balance of the microgrid. The generated 
PV output power is largely a function of solar irradiance and cell temperature, with a 
maximum solar radiation of 750 W/m2  and ηMPPT  = 98%.

Ppv = Ppv,r (
𝐺
𝐺𝑟

) [1 + αpv(Tc − Tr)] ηmppt (1)

where Ppv,r  denotes the rated PV power under reference conditions, G is the incident solar 
irradiance, Tc  represents the photovoltaic cell temperature, Gr  and Tr  are the corresponding 
reference values, αpv  is the temperature coefficient, and ηmppt  represents the MPPT efficiency.
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If the surrounding temperature remains constant at 25 °C, the PV power only varies 
linearly with G. Therefore, the PV system can be formulated as follows: The aggregated 
dynamics of the PV array, converter interface, and MPPT mechanism are represented by

Gpv(s) =
kpv

1 + τ𝑝𝑣s (2)

where kpv  and τ𝑝𝑣 denotes the gain and time constant of the photovoltaic system.

2.3. Wind Energy Conversion Subsystem
The wind-power conversion system (WPCS) serves as the primary renewable source in 

Region I. Measurements are recorded from a typical wind turbine farm located in Zafarana, 
Egypt, which introduces significant uncertainty owing to the random variability of wind-
speed variations. The aerodynamic power extracted by the wind turbine can be expressed as

Pwt =
1
2 ρ Ar Cp (λ, β) Vw3 (3)

where ρ is the air density, Ar  denotes the rotor swept area, Cp  is the power coefficient, Vw  is 
the wind speed, λ is the tip-speed ratio, and β is the blade pitch angle.

The combined dynamics of the turbine, generator, and associated power-conditioning 
units introduce a finite response delay that can be represented by

Gwt(s) =
kwt

1 + τwt𝑠
(4)

where kwt  and τwt denotes the gain and time constant of the wind energy conversion system.

2.4. Battery-Based Energy Storage System (BESS)
The battery-based energy storage system installed in Region II provides short-term 

energy buffering to compensate for renewable-generation variability and sudden load 
disturbances. By operating in charging and discharging modes, the BESS contributes to 
maintaining the generation–demand balance and improves the dynamic frequency response 
of the interconnected microgrid. The stored battery energy is expressed as

Eb(t) = Eb,0 + ∫
𝑡

0
P ⁢ b(𝜏) ⁢ d𝜏 (5)

where Eb  denotes the stored energy, Eb,0  is the initial energy level, and Pb  represents the 
charging or discharging power exchanged with the system. Differentiating (5) yields

Pb(t) =
dEb(t)

dt (6)

which relates the exchanged power to the temporal variation in the stored energy. Consid-
ering small perturbations around the nominal operating condition and transforming (6) 
into the Laplace domain gives

ΔEb(s) =
ΔPb(s)

s (7)

which establishes the small-signal relationship between the battery energy variation and 
the exchanged power. Since the battery is interfaced through a power-conditioning system 
that regulates the exchanged active power, the storage response can be modeled using a 
low-order dynamic model relating the control command to the delivered power:

ΔPb (s) = Gb (s) Δub (s) (8)
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where Δub  denotes the storage control signal. Owing to the relatively fast response of 
modern battery systems, the aggregate dynamics of the battery, converter, and control 
circuitry are represented by

Gb(s) =
kb

1 + τb s (9)

where kb is the effective storage gain, and τb  denotes the equivalent response time constant. 
Detailed electrochemical phenomena, aging effects, and state-of-charge nonlinearities are 
neglected because their influence on short-term frequency regulation is considerably smaller 
than that of the dominant power-exchange dynamics.

2.5. Superconducting Magnetic Storage System (SMES)
The magnetic energy storage system based on the superconducting technology unit 

installed in Region I provides high-speed power support during transient disturbances 
and frequency deviations. Unlike electrochemical storage, energy is captured in the form 
of a magnetic field generated by a superconducting coil, enabling rapid charging and 
discharging with minimal conversion delay. The energy stored in the superconducting coil 
is determined using

Esm =
1
2 Lsm ⁢ Ism

2 (10)

where Lsm  denotes the coil inductance, and Ism  represents the circulating coil current. The 
corresponding power exchanged between the SMES unit and the microgrid is obtained 
from the time derivative of the stored energy:

Psm =
dEsm

dt = Lsm ⁢ Ism ⁢
dIsm

dt (11)

The dominant response of the storage unit is approximated by

Gsm(s) =
𝑘sm

1 + τsm S (12)

where 𝑘sm denotes the effective gain of the SMES system and τsm  represents its equivalent 
response time constant.

2.6. Diesel Generator and Governor Dynamics
Although renewable resources contribute a substantial share of generated power, their 

intermittent nature necessitates dispatchable generation units to restore the generation–
demand balance during disturbances. In the investigated microgrid, diesel generators 
serve as the primary controllable power sources and play a fundamental role in frequency 
regulation. The governor regulates the mechanical input to the diesel engine based on the 
control signal generated by the load-frequency controller.

The governor dynamics are approximated by

Ggv(s) =
𝑘gv

1 + τgv S (13)

where 𝑘gv and τgv  denote the governor gain coefficient and time constant parameters, re-
spectively. The governor output subsequently powers the diesel engine, whose incremental 
power variation is expressed as

ΔPdg (s) = Gdg (s) ΔPgv (s) (14)

The engine dynamics are represented by

Gdg(s) =
𝑘dg

1 + τdg S (15)
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The parameters 𝑘gv, τgv , 𝑘dg, and τdg  represent characteristics of the governor en-
gine system and remain unchanged during the optimization process. To provide primary 
frequency support, the diesel generator operates under droop control according to

Δuc = ΔPref −
1

Rd
Δf (16)

where Rd  is the droop coefficient, and ΔPref  denotes the reference power signal. Fuel 
system nonlinearities, actuator saturation, dead-band effects, and higher-order combustion 
dynamics are not considered in the current model.

2.7. Tie-Line Power Exchange Model
A tie-line electrically connects the two microgrid regions, enabling active-power trans-

fer between neighboring areas and improving the system’s overall frequency regulation 
capability. The active power transferred through the interconnecting line is governed by the 
power angles between the equivalent sources located in the two regions and is expressed as

Ptie  = Pmax  sin(δ1 − δ2 ) (17)

where Pmax  is the maximum transferable power, and δ1  and δ2  are the power angles of 
Region I and Region II, respectively. Assuming small deviations around the operating point, 
linearization yields the following, where δ10  and δ20  denote the steady-state angles of Areas 
1 and 2:

ΔPtie  = T12  (Δδ1 − Δδ2 ) (18)
Here,

T12  = Pmax  cos (δ10 − δ20 ) (19)
is the synchronizing coefficient evaluated at the nominal operating point. Power angle 
variation is related to frequency deviation as follows:

Δδi = 2π∫ Δ fi ⁢ dt (20)

Therefore, the tie-line power deviation in the Laplace domain becomes

ΔPtie(s) =
2πT12

s ⁢ [Δf1(s) − Δf2(s)] (21)

The present model assumes a lossless interconnection and small angular deviations, 
which is consistent with the small-signal framework adopted throughout this study.

3. EEFO-Based Fuzzy-PIDF Controller Design
In this section, EEFO is employed for tuning the Fuzzy-PIDF controller parameters 

and membership function. The adopted optimization methodology is formulated using the 
dynamic model developed in Section II, where controller parameters are selected according 
to their influence on frequency control and tie-line power exchange performance.

3.1. The Nature-Inspired Electric Eel Foraging Optimization Algorithm
EEFO is a population-based optimization algorithm inspired by the hunting and 

feeding strategies of electric eels. The algorithm operates through a set of search agents 
that move within the feasible solution space according to updated rules designed to modify 
their positions over successive iterations. The search is guided by the quality of previously 
identified solutions, allowing candidate solutions to be continuously refined during the 
optimization process. To provide a clear understanding of the EEFO search mechanism, the 
mathematical equations involved in the algorithmic procedure are presented in this section. 
These equations are organized according to their respective search phases, highlighting the 
role of each behavior in guiding the optimization process from global exploration toward 
local exploitation until the optimal solution is obtained.
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3.1.1. Phase 1: Exploration Phase (Global Search)
The global exploration process is triggered when the energy factor Ψ(k) is sufficiently 

high. This factor is determined using

Ψ(k) = 4 ⁢ sin ⁢ (1 −
k

Niter
) ⁢ ln ⁢ (

1
ρ) ⁢ ⁢ ⁢ ⁢ ⁢ ⁢ ⁢ ⁢ where

{


Ψ > 1 ∶ Exploration
Ψ ≤ 1 ∶ Exploitation

(22)

where k is the current iteration, Niter is the maximum allowable number of optimization 
iterations, and ρ is a uniformly distributed random number in the interval (0,1). During 
exploration, when Ψ > 1 every electric eel exchanges information with randomly selected 
individuals to diversify the search over the whole search space.

𝑆𝑛𝑒𝑤
𝑖 = Sr + M ⁢ (Smean − Si) (23)

where Si  is the current position of the i-th candidate solution; Sr  represents the position of a 
randomly selected solution; Smean  denotes the population centroid; and M is the interaction 
coefficient responsible for exploration.

3.1.2. Phase 2: Exploitation (Local Search)
When Ψ ≤ 1 the electric eel-inspired optimization algorithm switches to local exploita-

tion, where three different local behaviors are selected probabilistically based on a random 
variable called rand.

Strategy A—Resting Behavior (Applied When Rand < 1/3)
Resting region is determined by the location of the i-th electric eel by

Ri  = Z + λr ∣Z − Sprey ∣ (24)

where Ri  is the resting position of the i-th eel, and Z denotes the projected center of the resting 
region. Sprey  represents the best solution achieved during the optimization procedure, λr 
controls the size of the resting region. This equation establishes a promising local search 
region around the current best solution. After identifying the resting region, the eel position 
is updated according to

𝑆𝑛𝑒𝑤
𝑖 = Ri + n (Ri − round (rand) Si) (25)

where 𝑆𝑛𝑒𝑤
𝑖  denotes the updated position, n is a Gaussian random variable, and Si  is the 

current position. This movement performs a fine local search around the resting region to 
improve the candidate solution.

Strategy B—Migrating Behavior (Applied When Rand ≥ 2/3)
The eel moves from the resting zone to the hunting region according to

𝑆𝑛𝑒𝑤
𝑖 = −𝜌1 Ri + 𝜌2 Hrand − Λ (Hrand − Si) (26)

where 𝜌1 and 𝜌2 are uniformly distributed random coefficients, Λ represents the Lévy flight 
function, and Hrand  is any position within the hunting area.

Strategy C—Hunting Behavior (Applied When Rand ≥ 2/3)
Step 1: Hunting Region Determination

Hnew  = Sprey  + λh  | Smean − Sprey  | (27)

This defines the hunting area around the prey, where Hnew  denotes the estimated 
prey position (or hunting position) generated within the hunting region, and λh  is the 
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hunting-region scaling coefficient that controls the radius of the hunting area. Hunting 
Movement is determined when the eel attacks the prey using

𝑆𝑛𝑒𝑤
𝑖 = Hnew + δ (Hnew − round (rand)Si) (28)

where round (·) is the rounding operator, which converts a random value into either 0 or 1, 
and rand is a random variable uniformly distributed over the interval [0, 1].

Final Step: Position Updating
Regardless of the selected behavior, the candidate position is accepted only if it im-

proves fitness:

𝑆𝑘+1
𝑖 =

{


𝑆𝑘
𝑖 , F(𝑆𝑘

𝑖 ) ≤ F(𝑆𝑛𝑒𝑤
𝑖 )

𝑆𝑛𝑒𝑤
𝑖 , 𝐹(𝑆𝑘

𝑖 ) > 𝐹(𝑆𝑛𝑒𝑤
𝑖 )

(29)

This greedy selection guarantees that only better solutions survive to the next iteration, 
where 𝑆𝑘

𝑖  denotes the current position of the i-th candidate solution at iteration k, and 𝑆𝑘+1
𝑖

is the updated position of the i-th candidate solution for the next iteration. F(·) denotes the 
objective (fitness) function utilized to determine the quality of each candidate solution.

To provide a clear understanding of the proposed optimization methodology, the 
overall computational procedure is illustrated in the flowchart shown in Figure 2. The 
flowchart outlines the sequential execution of the main stages of the algorithm, begin-
ning with initialization and continuing through the exploration and exploitation processes 
until the termination criterion is satisfied. This graphical representation highlights the 
logical workflow of the proposed approach and facilitates a better understanding of its 
implementation.

Define EEFO configuration sittings

BEGIN

Generate the initial eel population

Assess the population’s performance
Eq (22)

Have the termination 
criteria been satisfied?

Yes

Report the most 
successful solution 

achieved

STOP

NO

Regulate the population’s performance 

Is  Ψ>1? Is  rand <1/3? Is  rand >2/3?
NO NO

Perform
Exploration Phase 

Use Eq (23)

Perform
Resting Behavior

Use Eq (24) & (25)

Perform 
Migrating Behavior

Use Eq (26) 

Perform  
Hunting Behavior
Use Eq (27) & (28)

NO

Return to performance assessment and continue the cycle
Use Eq (29)

Yes YesYes

 

Figure 2. Implementation procedure for the EEFO algorithm.
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3.2. Control Strategy and Problem Formulation
The secondary load-frequency control scheme utilizes the area control errors formed 

from the frequency variations and inter-area power oscillations to generate supplementary 
control signals for the governor loops of the diesel generators in both regions, as shown in 
Figure 1. The adopted control structure compensates for generation–demand mismatches 
caused by load disturbances and renewable-generation fluctuations while maintaining 
satisfactory frequency and inter-area power responses. A Fuzzy-PIDF controller is employed 
for secondary regulation.

The fuzzy controller utilizes the area control error and the change in error as input 
variables and generates a corrective signal that assists the PIDF controller in producing the 
supplementary control action, and the complete set of fuzzy inference rules used to map 
these inputs to the corrective signal is presented in Table 1. The Fuzzy-PIDF Controller 
Structure are shown in Figure 3. The derivative filter incorporated within the PIDF structure 
reduces sensitivity to measurement noise and improves damping characteristics during 
transient conditions.

Table 1. Rule base of the fuzzy logic controller.

E\CE LN SN Z SP LP
LN LN LN SN SN Z
SN LN SN SN Z SP
Z SN SN Z SP SP
SP SN Z SP SP LP
LP Z SP SP LP LP

Figure 3. Fuzzy-PIDF Controller Structure.

The fuzzy inference system employs the EEFO-optimized triangular membership func-
tions for the error and change-in-error inputs, as illustrated in Figures 4 and 5, respectively.

Figure 4. Optimized triangular membership functions for the error input.
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Figure 5. Optimally tuned triangular membership functions for the change-in-error variable.

These membership functions define the linguistic representation of the controller 
inputs and establish the nonlinear mapping required for fuzzy decision-making.

The EEFO-optimized membership functions associated with the controller output 
are shown in Figure 6. The resulting fuzzy control action is generated according to the 
predefined rule base and subsequently supplied to the PIDF controller to enhance frequency 
control under diverse operating conditions. The corresponding fuzzy rule surface is pre-
sented in Figure 7. The surface illustrates the relationship between the controller inputs and 
output and reflects the smooth nonlinear control behavior generated by the fuzzy inference 
mechanism.

Figure 6. Optimally tuned triangular membership functions of the controller output.

 

Figure 7. Fuzzy rule surface of the proposed controller.

The control objective is to minimize the frequency deviations of the two interconnected 
regions and suppress tie-line power oscillations under load disturbances and renewable-
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generation variations. To achieve this objective, the gains of the PIDF controller, together 
with the fuzzy-controller scaling parameters and membership functions, are optimized 
using the Electric Eel Foraging Optimization (EEFO) algorithm. The optimization procedure 
employed in this work is summarized in Figure 2. The decision vector optimized by EEFO 
is defined as

X = [kp , ki , kd , N, ke , kΔe , ku , Membership Function Vertices]T (30)

where ke , kΔe , and ku  denote the scaling coefficients associated with the fuzzy-controller 
inputs and outputs of the fuzzy inference system. The fuzzy controller receives the area 
control error e and the change in error Δe as input variables, while the controller output 
is scaled by Ku before being applied to the PIDF controller. The PIDF controller transfer 
function is written as

Gc(s) = kp +
ki
s +

kds
1 + s

N
(31)

where Kp , Ki , Kd , and N denote the proportional, integral, derivative, and derivative 
filter coefficients, respectively. The control actions supplied to Region I and Region II are 
expressed as

u1 (s) = Gc (s) e1 (s) (32)

and
u2 (s) = Gc (s) e2 (s) (33)

where e1  and e2  represent the area control errors defined in Section 2. The controller 
gains are determined through the minimization of the fitness rule based on the frequency 
and inter-area power discrepancies. Using the notation adopted within this work, the 
optimization objective is expressed as

J = ∫
Ts

0
(|Δf1(t)| + |Δf2(t)| + |ΔPtie(t)|)dt (34)

where Ts denotes the simulation horizon. The tuning process is performed while adhering 
to the following requirements:

kp min ≤ kp ≤ kp max (35)

ki min ≤ ki ≤ ki max (36)

kd min ≤ kd ≤ kd max (37)

Nmin ≤ N ≤ Nmax (38)

ke min ≤ ke ≤ ke max (39)

kΔe min ≤ kΔe ≤ kΔe  max (40)

ku min ≤ ku ≤ ku  max (41)

Verticesmin ≤ Membership Vertices ≤ Verticesmax (42)

The optimized parameter values corresponding to the minimum fitness result are 
chosen as the optimal Fuzzy-PIDF configuration and are subsequently employed for all 
simulation studies.
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4. Simulation-Based Performance Analysis
The capability of the introduced EEFO-Fuzzy-PIDF controller is evaluated using the 

interconnected hybrid microgrid model developed in Section 2. The simulations are carried 
out across various operating scenarios to investigate controller performance in terms of 
frequency management, inter-area power control, disturbance rejection capability, and 
robustness against system uncertainties. The proposed controller is compared with COR-
Fuzzy-PIDF and MPA-Fuzzy-PIDF controllers under identical operating conditions. The 
assessment is obtained from the system responses of the frequency deviations in the two 
areas, Δf1  and Δf2 , together with the tie-line power deviation ΔPtie . To provide a compre-
hensive evaluation, five simulation scenarios are considered. The first scenario investigates 
the system response following a 5% load disturbance in Area I.

The second scenario examines the controller performance under different step-load 
perturbations. The third scenario evaluates the resilience of the proposed controller to 
parameter variations through sensitivity analysis. The fourth scenario considers a variable 
load profile to evaluate the performance of the regulator under continuously changing 
operating conditions. Finally, the impact of renewable-generation fluctuations is investigated 
using wind-power variations in Area I and photovoltaic-power variations in Area II.

4.1. Case 1: 5% Demand Perturbation in Area I
To evaluate the dynamic behavior of the proposed regulator under the sudden de-

mand variation, a 5% abrupt load perturbation is implemented in Area I while keeping the 
operating conditions of Area II unchanged. the convergence curve of the EEFO algorithm 
in Figure 7. In addition, the final fitness function (FF) values obtained using the EEFO, 
MPA, and COR optimization algorithms are presented and compared in Tables 2 and 3. In 
addition, the Convergence Curve of the EEFO is shown in Figure 8 along with The results of 
the frequency responses of the two areas and the inter-area power deviation are presented 
in Figures 9–11, while final optimized Fuzzy-PIDF Parameters and the corresponding per-
formance indices are summarized in Tables 2 and 3 respectively To ensure a consistent 
comparison with the previously reported optimization results, the convergence history of 
the MPA was adopted from the corresponding published study [40], while the convergence 
history of the COR algorithm was obtained from its respective reference [41]. The inclu-
sion of these results provides a comparative assessment of the convergence behavior and 
optimization performance of the considered algorithms for the investigated LFC problem.

Table 2. Final optimized Fuzzy-PIDF parameters.

Controller
Optimal 

FF ×
10−3 

kp1 ki1 kd1 N1 k1 k2 kp2 ki2 kd2 N2 k3 k4

PSO-PIDF [41] 3.34 9.81 9.43 11.48 100 — — 12.43 12.29 11.06 125 — —
COR-PIDF [41] 1.78 8.56 8.26 9.13 134 — — 15.36 13.86 10.62 138 — —
MPA-PIDF [40] 0.81 17.87 18.11 10.17 198 — — 19.98 19.98 11.61 199 — —

EEFO-PIDF 0.73 13.744 19.756 1.1397 154.064 — — 18.6349 14.2471 6.233 190.734 — —
COR-Fuzzy-
PIDF [41] 0.33 7.62 3.51 3.06 184 1.7 0.91 8.82 6.29 3.16 186 1.02 0.9

MPA-Fuzzy-
PIDF [40] 0.07 8.61 5.48 9.66 123 1.95 0.61 5.71 7.11 8.24 195 1.54 1.64

EEFO-Fuzzy-
PIDF 0.0211 8.7994 9.6574 1.5257 277.898 1.9847 0.8739 9.1524 0.9445 5.7635 271.401 0.7569 0.4872
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Table 3. Comparative analysis of dynamic behavior under a 5% power demand perturbation in Area 
I.

Controller
Optimal 
Fitness 

Function
MUS 𝚫f 1 

MOS Ts MUS 𝚫f 2 
MOS Ts MUS 𝚫Ptie

MOS Ts

COR-Fuzzy-PIDF [40] 0.33 × 10−3 −1.2531 1.5353 18 −1.509 0 18 −3.1614 0 18
MPA-Fuzzy-PIDF [41] 0.07 × 10−3 −0.52028 0.64522 10 −0.6274 0 15 −1.3162 0 15
EEFO-Fuzzy-PIDF 0.02 × 10−3 −0.2498 0.3102 5 −0.30086 0 10 −0.63151 0 10

Figure 8. Convergence Curve of the EEFO Algorithm.

Figure 9. Frequency variation response in Area I under a 5% demand perturbation in Area I.

Figure 10. Frequency variation response in Area II under a 5% demand perturbation in Area I.
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Figure 11. Inter-area power variation throughout a 5% demand perturbation in Area I.

Figure 9 illustrates the frequency variation response of Area I. Following the distur-
bance, all controllers experience an initial frequency drop due to the generation–demand 
imbalance. The response trajectories in Figure 9 demonstrate the effect of controller tuning 
on local frequency dynamic behavior of Area I. The EEFO-Fuzzy-PIDF controller produces 
the smallest frequency excursion and reaches the steady-state region within the shortest 
time interval, whereas the COR-Fuzzy-PIDF controller exhibits the largest deviation and 
the slowest recovery.

The frequency behavior observed in Area II is depicted in Figure 10. Although Area 
I is subjected to the disturbance, the dynamic coupling between the two interconnected 
regions causes a frequency deviation in the neighboring area. The proposed controller 
effectively limits the propagation of the disturbance and returns the system frequency to its 
nominal value more rapidly than the benchmark controllers. The corresponding inter-area 
power variation is illustrated in Figure 11. The proposed EEFO-Fuzzy-PIDF controller 
substantially reduces the tie-line power excursion and provides faster attenuation of the 
inter-area power oscillations, thereby improving the coordination between the intercon-
nected microgrid regions. The quantitative comparison given in Table 3 demonstrates the 
effectiveness of the proposed regulator. For Area I, the maximum undershoot is reduced 
from −1.2531 × 10−5  p.u. and −0.52028 × 10−5  p.u. obtained using COR-Fuzzy-PIDF and 
MPA-Fuzzy-PIDF controllers, respectively, to −0.2498 × 10−5  p.u. Moreover, the settling 
time decreases to 5 s compared with 10 s and 18 s for MPA-Fuzzy-PIDF and COR-Fuzzy-
PIDF. A similar improvement is observed for Area II, where the maximum undershoot 
is reduced to −0.30086 × 10−6  p.u and the steady-state convergence time is limited to ten 
seconds. Furthermore, the tie-line power deviation achieves a maximum undershoot of only 
−0.63151 × 10−5  p.u, compared with −1.3162 × 10−5  p.u and −3.1614 × 10−5  p.u for MPA-
Fuzzy-PIDF and COR-Fuzzy-PIDF, respectively. The reductions in frequency excursions 
and settling times indicate a more damped transient response in both areas, accompanied 
by lower inter-area power deviations.

4.2. Case 2: Performance Under Different Load Disturbance Levels
The response obtained under a 5% load perturbation provides an indication of con-

troller performance at a specific operating point. In practice, however, the magnitude 
of load variations may differ considerably depending on system conditions. Therefore, 
step-load disturbances of 1%, 3%, 5%, 7%, and 9% were successively applied to Area I 
in order to examine the influence of increasing power imbalance on the frequency and 
inter-area power dynamics of the interconnected microgrid. Increasing the disturbance level 
primarily affects the depth of the frequency excursion in Area I. The progressive separation 
between the trajectories in Figure 12 reflects the increasing generation–demand imbalance 
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associated with higher loading conditions, whereas the overall transient profile remains 
largely unchanged. The absence of noticeable changes in the response shape indicates that 
the dynamic characteristics of the feedback-controlled framework are preserved throughout 
the investigated operating range.

Figure 12. Frequency variation in Area I throughout different demand perturbation levels.

The effect of the disturbance is also transmitted to Area II via the inter-area power. As 
indicated in Figure 13, larger disturbances within Area I produce correspondingly larger 
frequency deviations in the neighboring area. The nearly uniform spacing between the 
response trajectories suggests that the interaction between the two regions remains propor-
tional over the entire disturbance range without introducing additional oscillatory behavior.

 

Figure 13. Frequency deviation of Area II throughout different demand perturbation levels.

The tie-line responses provide insight into the redistribution of power between the 
interconnected regions during disturbance conditions. As shown in Figure 14, higher 
loading levels require greater inter-area power support, leading to larger tie-line power 
excursions. Nevertheless, the response trajectories retain similar transient characteristics, 
indicating that the power-sharing mechanism remains well coordinated under increasing 
disturbance severity. To examine the impact of increasing demand disturbances on the 
system dynamics, the associated frequency and inter-area power performance indices are 
summarized in Table 4.
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Figure 14. Inter-area power variation throughout several load disturbance levels.

Table 4. Performance indices under different load disturbance levels.

SLP (%)
𝚫f 1  (10−6  p.u) 𝚫f 2  (10−6  p.u) 𝚫Ptie  (10−6  p.u)

MUS MOS MUS MOS MUS MOS

1 −0.49474 0.664666 −0.60365 0 −1.2671 0
3 −1.5013 1.8368 −1.7931 0 −3.7639 0
5 −2.4980 3.1020 −3.0086 0 −6.3151 0
7 −3.4800 4.2997 −4.1917 0 −8.7983 0
9 −4.5287 5.5352 −5.4085 0 −11.3520 0

Increasing the disturbance level from 1% to 9% increases the maximum undershoot 
of Δf1  from −0.49474 × 10 −6  Hz to −4.5287 × 10 −6  Hz, while the corresponding tie-line 
power deviation changes from −1.2671×10 −6  p.u toward −11.352×10 −6  p.u. A comparable 
trend is observed for the frequency response of Area II, reflecting the propagation of the 
disturbance through the tie-line interconnection.

4.3. Case 3: Robustness Assessment Under Parameter Variations and Variable Loading Conditions
The resilience of the proposed EEFO-Fuzzy-PIDF regulator is further achieved un-

der two challenging operating conditions. First, key system parameters are intentionally 
varied to evaluate the sensitivity within the feedback-controlled framework response to 
modeling uncertainties. Subsequently, the regulator performance is examined under a 
continuously varying load profile to assess its capability in tracking operating point changes 
and maintaining frequency stability over an extended operating horizon.

The performance indices reported in Table 5 indicate that the controller preserves 
stable operation over all investigated parameter variations. Although the magnitude of the 
area frequencies and inter-area power excursions changes regarding the modified system 
characteristics, no deterioration in dynamic behavior or loss of stability is observed. The 
largest frequency deviation in Area I occurs when B1  is reduced by 50%, resulting in a 
maximum undershoot of −4.7845 × 10−6  p.u, whereas the smallest deviation is obtained for 
a 50% increase in B1 . Similar trends can be observed in Area II and the tie-line response. 
The responses remain bounded for all investigated parameter variations, indicating limited 
sensitivity to the selected model uncertainties. To further challenge the controller, the load 
demand is varied according to the profile shown in Figure 15, where successive increases 
and decreases in loading conditions are introduced throughout the simulation interval.
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Table 5. Dynamic performance of the EEFO-Fuzzy-PIDF controller under system parameter variations.

System
Parameter

Change%

Delta F1 (Hz) Delta F2 (Hz) Delta Ptie (p.u)

MUS
× 10−6 

MOS
× 10−7 

MUS
× 10−7 

MOS MUS
× 10−6 

MOS

Td1
50% −2.7067 4.439 −3.2869 0 −6.8992 0

−50% −2.1335 2.1955 −2.749 0 −5.7705 0

K SMES
50% −1.8363 2.2524 −2.3557 0 −4.9448 0

−50% −3.9659 4.3163 −4.138 0 −8.6855 0

B1
50% −1.6868 1.651 −2.089 0 −4.3849 0

−50% −4.7845 8.758 −5.3882 0 −1.131 0

B2
50% −2.4969 3.3242 −2.0838 0 −6.5593 0

−50% −2.501 2.5494 −5.3768 0 −5.6471 0

Figure 15. Applied variable load profile.

As illustrated in Figure 16, every load transition produces a corresponding frequency 
excursion in Area I. The EEFO-Fuzzy-PIDF controller exhibits smaller deviations and faster 
attenuation following each operating-point change than the benchmark controllers. The 
difference becomes particularly visible during the major load transitions around 20 s, 40 s, 
and 80 s, where the benchmark controllers experience significantly larger transient peaks.

The frequency response of Area II, shown in Figure 17, follows a similar pattern. Since 
Area II is affected through the interconnection between the two regions, its response reflects 
the propagation of the disturbances originating from Area I. Nevertheless, the proposed 
controller effectively suppresses these propagated oscillations and maintains a considerably 
narrower response envelope throughout the simulation period.

The corresponding inter-area power exchange is described in Figure 18. Repeated 
load variations require continuous power redistribution between the interconnected areas. 
Compared with COR-Fuzzy-PIDF and MPA-Fuzzy-PIDF, the EEFO-Fuzzy-PIDF controller 
limits the magnitude of the inter-area power excursions and rapidly restores exchanged 
power to the reference value after each disturbance event. The frequency and tie-line re-
sponses remain effectively regulated throughout the loading sequence despite the repeated 
operating-point changes.
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Figure 16. Frequency variation in Area I under variable loading conditions.

Figure 17. Frequency variation in Area II under variable loading conditions.

Figure 18. Inter-area power variation under variable loading conditions.
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4.4. Case 4: Operation Under Renewable-Energy Sources
To evaluate the capability of the proposed controller under practical renewable-energy 

operating scenarios, wind power is integrated into Area I and photovoltaic generation is 
connected to Area II. Unlike the previous disturbance scenarios, the system is subjected to 
continuously varying renewable power profiles, resulting in persistent power fluctuations 
over the operating horizon. The generation-of-wind-power scenario is built upon measured 
wind-speed values obtained from Zafarana, Egypt. The corresponding wind-speed pro-
file presented in Figure 19 and the resulting per-unit wind-power output are illustrated 
Figure 20.

 

Figure 19. Wind-speed measurements collected over 24 h from Zafarana City, Egypt [42].

Figure 20. Evaluation of system response under wind energy penetration [42].

Responses of frequency resulting from the wind-power variations are shown in
Figures 21–23.

At the same time, Figure 21 illustrates the behavior of the frequency of Area I under 
wind-power variations. The stochastic nature of the wind source introduces frequent power 
fluctuations that are reflected in the local frequency response.

Among the investigated controllers, EEFO-Fuzzy-PIDF maintains the narrowest re-
sponse band around the nominal operating point, whereas COR-Fuzzy-PIDF exhibits notice-
ably larger excursions throughout the simulation period. Although the renewable source is 
connected to Area I, the resulting power variations propagate through the interconnected 
system and affect Area II, as shown in Figure 22. The effect of wind-power variability on 
inter-area power exchange is illustrated in Figure 23. The EEFO-Fuzzy-PIDF controller 
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substantially reduces the magnitude of inter-area power exchanges, indicating improved 
coordination between the interconnected areas despite the variability of the wind resource.

Figure 21. Frequency response of Area I during the generation of wind power in Area I.

Figure 22. Frequency deviation of Area II under wind-power generation in Area I.

Figure 23. Response of tie-line power under wind-power generation in Area I.
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The photovoltaic generation scenario is examined using a representative daily solar 
profile. The solar irradiance pattern is shown in Figure 24, and the corresponding generated 
PV power is presented in Figure 25.

Figure 24. Daily solar irradiation pattern for a representative day in Aswan, Egypt [42].

Figure 25. Daily photovoltaic power output for a representative day in Aswan, Egypt [42].

As shown in Figure 26, all controllers maintain system stability throughout the daily 
operating cycle; however, the EEFO-Fuzzy-PIDF controller consistently exhibits smaller 
frequency deviations than the COR-Fuzzy-PIDF and MPA-Fuzzy-PIDF controllers. The local 
response of Area II shown in Figure 27 follows the variation in solar generation during the 
daylight period. The frequency trajectory remains confined to a narrower operating range 
than that obtained with the COR-Fuzzy-PIDF and MPA-Fuzzy-PIDF regulators. Moreover, 
the inter-area tie-line power response shown in Figure 28 follows the variation in photovoltaic 
generation and remains less oscillatory with the EEFO-Fuzzy-PIDF controller than with 
the benchmark controllers. Smaller tie-line excursions are observed with the EEFO-Fuzzy-
PIDF controller, indicating reduced inter-area power transfer requirements and improved 
utilization of local renewable generation. For both renewable-generation scenarios, smaller 
frequency excursions are accompanied by lower tie-line power variations throughout the 
simulation interval.
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Figure 26. Area I frequency response under disturbance of photovoltaic generation in Area II.

Figure 27. Area II frequency response under the disturbance of photovoltaic generation in Area II.

Figure 28. Dynamic performance of tie-line power under photovoltaic generation in Area II.
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5. Conclusions
This article addresses load-frequency regulation of a two-connected-areas microgrid 

comprising photovoltaic generation; wind generation; energy storage systems employ-
ing superconducting magnetic devices; battery units; and diesel generators. An EEFO-
tuned Fuzzy-PIDF controller is developed and evaluated using a dynamic model of the 
interconnected system. The behavior of the controller is examined under a 5% load dis-
turbance, different disturbance magnitudes, parameter variations, variable loading con-
ditions, and renewable-generation fluctuations. For the nominal disturbance scenario, 
the EEFO-Fuzzy-PIDF controller reduces the maximum undershoot of Area I frequency 
fluctuation to −0.2498 × 10−5  p.u., exhibiting a settling duration of 5 s, compared with 
−0.52028 × 10−5  p.u. and 10 s for MPA-Fuzzy-PIDF, and −1.2531 × 10−5  p.u. and 18 s for 
COR-Fuzzy-PIDF. Similar reductions are observed in the Area II frequency behavior and 
inter-area tie-line power fluctuations. At the same time, the controller retains stable oper-
ation over the investigated disturbance range from 1% to 9%, while the sensitivity study 
shows bounded responses under substantial variations in the selected system parameters. 
Under variable loading conditions and renewable power fluctuations, the frequency devia-
tions remain limited, and the tie-line power response exhibits reduced excursions compared 
with the benchmark controllers.

For future work, we will include communication delays, cyber-physical disturbances, 
converter nonlinearities, or hardware implementation constraints. These aspects may influ-
ence the dynamic response under practical deployment conditions and will warrant further 
investigation. Also, future work will consider practical operating constraints, including 
BESS state-of-charge and power/energy limits, actuator saturation, governor dead-band ef-
fects, ramp-rate limitations, measurement noise, and nonlinear dynamics, to further validate 
the proposed controller under more realistic operating conditions.
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