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Abstract: 

 

This paper deals with the design of an effective smart distributed management system (DMS) in islanded 

microgrid connected with multiple nanogrids under renewable energy variability using Fuzzy Logic method. 

The proposed DMS strategy was coordinated with an optimal Under-frequency Load Shedding (UFLS) to 

ensure power equilibrium during overloads. The recently nature-inspired named African Vultures 

Optimization (AVO) algorithm was employed for this purpose. The investigated microgrid includes doubly-

fed induction generators (DFIG) wind farms, solar PV generators and concentrating solar power (CSP) units. 

Further, a storage system including Redox Flow Batteries (RFB) was used to support frequency regulation. 

Further, to show the validity and potential of the proposed method a variety of nanogrid systems were tested 

involving the sea-water desalination station, pumped solar system and electrical vehicles station. 

Furthermore, the proposed smart DMS coordinated with intelligent UFLS can maintain the microgrid 

stability using the smart deloading of the connected nanogrids using an estimated load duration curve (LDC) 

which minimizes the outage risk and avoids the total load shedding during faults. Using this approach, 

frequency stability can be maintained after disturbances. The reached results show good performances in 

view of frequency peak under/overshoot and settling time. 

Keywords: Nanogrid, Microgrid, Renewable Energy Sources (RESs), Distributed Management System, 

Under-Frequency Load Shedding, Fuzzy Logic, Optimization. 
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Abbreviations 

 
RESs Renewable Energy Sources 

EMS Energy Management System 

DMS Distribution Management System 

HESS Hybrid Energy Storage System 

AI Artificial Intelligence 

PSO Particle Swarm Optimization 

GA Genetic Algorithm 

UFLS Under-Frequency LoadShedding 

LFC Load Frequency Control 

PID Proportional–Integral–Derivative 

AVO AfricanVultureOptimization Algorithm 

MG Microgrid 

NG Nanogrid 

ESSs Energy Storage Systems 

BMS Battery Management System 

FACTS Flexible AC Transmission Systems 

IPSO Improved Particle Swarm Optimization 

STATCOM Static Synchronous Compensator 

TCSC Thyristor-Controlled Series Compensator 

UPFC Unified Power Flow Controller 

ANFIS Adaptive Neuro-FuzzyInference System 

GWO Grey Wolf Optimizer 

DE Differential Evolution 

ES Evolution Strategy 

BBO Biogeography-Based Optimization 

CSO Cat Swarm Optimization 

GOA Grasshopper Optimization Algorithm 

PRO Partial Reinforcement Optimizer 

OPF Optimal Power Flow 

LSTM Long Short-Term Memory 

MPA Marine Predators Algorithm 

GSA Gravitational Search Algorithm 

TLBO Teaching–Learning-Based Optimization 

SHADE Success-History based Adaptive Differential Evolution 

ABC-DE Artificial Bee Colony–Differential Evolution 

EP Evolutionary Programming 

ACO Ant Colony Optimization 

ABC Artificial Bee Colony 

BA Bat Algorithm 

FFA FireflyAlgorithm 

CS Cuckoo Search 

MFO Moth-Flame Optimization 

WOA Whale OptimizationAlgorithm 

CaSO Cat and Sparrow Optimization 

TLBO Teaching–Learning-Based Optimization 

EVs Electric Vehicles 

STEP Pumped Energy Transfer Station 
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PSH Pumped-storage hydroelectricity Station 

DFIG Doubly-Fed Induction Generators 

RFB Redox Flow Batteries 

CSP Concentrating Solar Power 

PV Photovoltaic 

LDC Load Duration Curve  

1. INTRODUCTION 

The modern electric power system has undergone a fundamental transition from a centralized 

architecture dominated by large synchronous generators, to a decentralized, digitalized network integrating 

distributed and power electronics-interfaced resources. This transformation is driven by rising electricity 

demand, the diversification of energy sources, and the critical need for operational flexibility under high 

uncertainty. Frequency stability denotes the system’s capacity to maintain equilibrium within acceptable 

operational limits following a generation-demand imbalance [1]. 

 In conventional grids, immediate frequency support is provided by the rotational inertia of synchronous 

machines. As inverter-based renewable energy sources increasingly displace these conventional units, total 

system inertia is reduced, thereby weakening the grid’s resistance to frequency deviations and increasing the 

risk of instability [2]. Thus, frequency dynamics in modern power systems exhibit faster and more severe 

variations, requiring more sophisticated control and coordination framework [3]. 

Driven by the global transition toward low-carbon energy systems, wind and solar photovoltaic 

generation have experienced a rapid expansion in modern power grids. Unlike conventional thermal units, 

these renewable energy sources (RESs) are inherently intermittent and stochastic due to their dependence on 

meteorological conditions. This volatility introduces frequent generation-demand mismatches that directly 

compromise frequency stability [4][5]. Maintaining stable operation under these conditions requires 

advanced control strategies and supporting technologies, such as synthetic inertia and fast frequency 

response mechanisms, and intelligent Under-Frequency Load Shedding, to compensate for the reduction of 

conventional frequency regulation capabilities [6]. 

Microgrids serve as fundamental architectures in modern power systems, functioning as localized energy 

networks that integrate multiple distributed energy resources, including renewable generation, energy 

storage systems, and controllable loads, within clearly defined electrical boundaries. These systems are 

capable of operating in both grid-connected and autonomous islanded modes [7][8]. Through the 

coordinated management of local resources, microgrids enhance grid reliability, improve operational 

flexibility, and facilitate higher penetration levels of renewable energy while preserving power quality. 

Furthermore, their decentralized structure enables rapid response to localized disturbances and reduces 

reliance on centralized utility infrastructure. 



AUT Journal of Electrical Engineering  

10.22060/EEJ.2026.26056.6045 
 

 

4 

 

Microgrid operations are typically governed by an Energy Management System (EMS), which monitors 

and optimizes resource utilization. The EMS ensures operational and economic efficiency by executing 

functions such as generation scheduling, load balancing, and stability maintenance under dynamic 

conditions[9]. In particular, the EMS plays a pivotal role in frequency regulation by coordinating distributed 

assets using advanced control frameworks and optimization techniques [10]. 

At a smaller scale, nanogrids have emerged as highly localized energy systems designed to supply 

individual buildings or discrete loads. Representing the smallest functional unit within distributed power 

systems, they typically consolidate local generation, storage, and demand within a restricted boundary [11]. 

Nanogrids can operate either independently or in coordination with microgrids and the main grid, thereby 

enabling flexible energy exchange and enhancing system adaptability [12]. At the distribution level, 

Distribution Management Systems (DMS) provide the necessary monitoring and control capabilities for 

these interconnected structures, ensuring secure and efficient network operation. 

 Within this architecture, energy storage systems, particularly Hybrid Energy Storage Systems (HESS), 

are central to mitigating power fluctuations effectively by combining high-power, fast-response capabilities 

with high-energy capacity. These systems provide rapid frequency support, compensate for transient 

imbalances, and improve overall system resilience [13]. As a result, the coordinated operation of nanogrids, 

microgrids, DMS, and storage assets establishes a more stable and flexible power system framework, 

particularly under high renewable penetration. 

Artificial Intelligence (AI) and mathematical optimization techniques are increasingly deployed to 

manage the escalating complexity of modern power system operations. These methods are well suited for 

resolving highly nonlinear and dynamic problems, with widespread applications in forecasting, operational 

decision-making, and the real-time control of distributed resources. AI-based approaches, including machine 

learning models and intelligent control structures, enhance system adaptability and enable high-accuracy 

predictions of load profiles and intermittent renewable generation [14].  

On the other hand, metaheuristic optimization algorithms, such as Particle Swarm Optimization (PSO) 

and Genetic Algorithms (GA), are widely utilized to solve complex, non-convex optimization problems, 

including controller parameter tuning and economic dispatch [15]. In the context of frequency stability, 

these intelligent and optimization-driven techniques facilitate precise tuning of control parameters, thereby 

improving dynamic performance and accelerating transient response times [16].  

Building upon these advancements, this study investigates the integration of nanogrid architectural 

elements with AI-based and optimization-driven control strategies to enhance frequency stability in low-

inertia power systems. This work deals with the development of a coordinated framework that optimizes 

frequency regulation by leveraging both distributed network architectures and intelligent optimization 

paradigms. Although several studies have investigated EMS, load frequency control, and load shedding 
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independently, limited attention has been paid to the coordinated operation of intelligent DMS-UFLS 

strategies in interconnected microgrid–nanogrid systems under renewable uncertainty.  

Although considerable research has been devoted to frequency regulation, renewable-energy integration, 

energy management, and emergency control, these functions are generally investigated separately or with 

limited coordination between primary/secondary frequency control and emergency actions. Existing studies 

mainly focus on improving LFC performance, optimizing energy-storage operation, or developing 

DMS/UFLS strategies, while the simultaneous coordination of these functions under renewable-energy 

variability and severe disturbances remains insufficiently investigated. In particular, there is a need for an 

adaptive framework that can determine the appropriate contribution of conventional generation, distributed 

energy resources, and energy storage according to the instantaneous frequency and active-power conditions 

of the interconnected system. 

To address this research gap, this study proposes an integrated LFC–DMS/UFLS coordination 

framework for interconnected microgrids with renewable energy sources and energy storage systems. The 

proposed approach combines a fuzzy-PID controller with a metaheuristic optimization technique and an 

intelligent DMS/UFLS strategy. Unlike approaches that independently optimize frequency regulation or 

emergency load shedding, the proposed method coordinates these control levels according to frequency 

deviation, active-power deviation, and the available conventional LFC capacity. Consequently, the proposed 

framework provides a coordinated response to different operating conditions, including power imbalance, 

renewable-energy fluctuations, and severe disturbances, with the objective of improving frequency stability 

while reducing the dependence on conventional generation. The main differences between the proposed 

approach and representative existing studies are summarized in Table 1. 

The main contributions of this work are: 

• Development of an intelligent EMS tool for interconnected multi-nanogrids; 

• Development of an intelligent distributed DMS tool for nanogrid; 

• Development of an intelligent Load Shedding (UFLS) tool for multi-nanogrids system; 

• Integration of AVO and fuzzy-logic for multi-NG coordination; 

• Evaluation of the contribution of storage devices in improving system frequency stability. 

 

Table.1. Comparative Literature Review Table. 

 

References EMS DMS UFLS Control ESS FACTS AI Optimization 

[1] ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✓ 

[2] ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ 

[3] ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ 

[4] ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✓ 

[5] ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ 

[6] ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ 

[7] ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓ 
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[10] ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✓ 

[13] ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✓ 

[14] ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✓ 

[16] ✓ ✗ ✗ ✓ ✓ ✗ ✓ ✓ 

[18] ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✗ 

[21] ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✓ 

[22] ✓ ✓ ✗ ✗ ✓ ✗ ✓ ✓ 

[23] ✓ ✗ ✗ ✗ ✓ ✗ ✓ ✓ 

[24] ✓ ✗ ✗ ✗ ✓ ✗ ✓ ✓ 

[26] ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓ 

[29] ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓ 

[30] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✓ 

[31] ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓ 

This work ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

✓ present;  ✗not present; 

 

 

The rest of this paper is organized as follows. Section 2 reviews the recent related literature. While 

Section 3 presents the detailed system modeling of the microgrid-nanogrid network. Section 4 showcases the 

proposed framework, detailing the control architecture and optimization paradigms. Section 5 provides the 

simulation setup and the comprehensive case studies, and the discussion of the results under operational 

scenarios. Section 6  presents future work and envisaged perspectives. Finally, Section 7 concludes the paper 

and outlines prospective avenues for future research.  

 

2. LITTERATURE REVIEW 

The evolution of smart grids is fundamentally driven by the need to efficiently integrate RESs, thereby 

enhancing system flexibility and ensuring network reliability under increasing stochastic uncertainty. Energy 

storage systems (ESSs), particularly battery-based technologies, serve as critical assets for load balancing 

and frequency regulation. To maximize the utility of these assets, AI-driven Battery Management Systems 

(BMS) have emerged as a key mechanism to optimize battery performance, safety and operational lifespan 

through advanced estimation and control frameworks. Recent literature have focused on leveraging deep 

learning architectures and data-driven methodologies for accurate state estimation and predictive 

maintenance. 

For instance, a deep learning framework was proposed in [17] for the real-time estimation of lithium-ion 

batteries state-of-health, whereas neural-network-based approaches were developed in [18] to achieve for 

accurate state-of-charge estimation under dynamic operating conditions. Furthermore, the application of AI-

driven digital twins for intelligent battery management was investigated [19], and a comprehensive review 
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recent advancements in intelligent BMS architectures tailored for grid-scale storage deployment was 

provided in [20]. 

Nanogrids have attracted research interest as highly localized systems capable of operating 

autonomously or in coordination with larger grid structures, thereby offering superior resilience and 

efficiency for distributed energy applications. Managing their heterogeneous integration of distributed 

generation, energy storage, and flexible loads requires sophisticated strategies to ensure multi-objective 

optimization. Contemporary literature emphasizes the deployment of AI, distributed optimization 

paradigms, and real-time control techniques to augment nanogrid performance. For instance, an AI-based 

energy management framework was proposed in [21] for grid-connected nanogrids during anomalous 

demand profiles, successfully coordinating renewable assets and storage systems. Similarly, a multi-agent 

system structure was developed [22] for the cooperative control of interconnected nanogrids, effectively 

improving system stability and collaborative energy sharing. Moreover, neural network-based scheduling 

methodologies for optimal nanogrid dispatch were investigated in [23],  while reinforcement learning 

frameworks were explored in reference [24] to facilitate adaptive energy management within small-scale 

distributed grid systems. AI is transforming how electrical grids maintain frequency and voltage stability, 

especially as RESs introduce variability and uncertainty. Traditional controllers, such as PID controllers, 

struggle to adapt in real time to rapid fluctuations caused by high penetrations of wind and solar generation, 

resulting in degraded frequency performance and power quality. AI techniques such as deep learning, 

reinforcement learning, and adaptive neuro-fuzzy systems enable predictive and self-optimizing control 

devices to mitigate frequency deviations and voltage sags. AI-based adaptive controllers have demonstrated 

superior real-time responsiveness and robustness in high-renewable scenarios, enabling enhanced dynamic 

stability, reduced harmonic distortion, and improved active/reactive power regulation compared to 

conventional schemes. These capabilities are critical for modern grid stability because fluctuating renewable 

integration reduces system inertia and increases the likelihood of frequency excursions, making intelligent 

control indispensable for reliable grid operation [25]. 

In recent years, a variety of optimization approaches have been developed and applied to enhance the 

control, placement, and parameter tuning of FACTS devices for frequency and dynamic stability in power 

systems with high renewable penetration. In [26], a hybrid Genetic Algorithm–Improved Particle Swarm 

Optimization (GA-IPSO) framework was proposed to simultaneously optimize the sizes and locations of 

STATCOM, TCSC, and UPFC devices, demonstrating reduced power losses and operating cost compared to 

standalone methods. In [27], hybrid AI-optimized ANFIS controllers were introduced to enhance small-

signal and transient stability for multi-machine systems by combining GA, PSO, and Grey Wolf Optimizer 

(GWO) for multi-objective damping performance. In [28] the authors classified various metaheuristic and 

evolutionary methods used for FACTS optimization (including Differential Evolution (DE), Evolutionary 
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Strategies (ES), Biogeography-Based Optimization (BBO), Cat Swarm Optimization (CSO), and 

Grasshopper Optimization Algorithm (GOA)), highlighting improvements in voltage profile and loss 

reduction across standard test systems. Additionally, Partial Reinforcement Optimizer (PRO) has been 

proposed for simultaneous optimal placement and rating of multi-type FACTS devices in OPF contexts [29]. 

Emerging research integrates deep learning controllers (e.g., LSTM) for real-time dynamic control 

optimization under uncertainty, showing superior performance compared to static heuristics [30]. In [31], 

comparative studies show performance differences among Marine Predators Algorithm (MPA), 

Gravitational Search Algorithm (GSA), TLBO, and hybrid methods such as Success History-Based 

Adaptive Differential Evolution (SHADE) and ABC-DE, with different strengths in loss minimization and 

cost reduction. A critical review in [32] categorizes dozens of optimization techniques applied to FACTS 

problems, including Genetic Algorithm (GA), Evolutionary Programming (EP), Ant Colony Optimization 

(ACO), Artificial Bee Colony (ABC), Bat Algorithm (BA), Firefly Algorithm (FFA), Cuckoo Search (CS), 

Moth-Flame Optimization (MFO), Whale Optimization (WOA), Cat Swarm Optimization (CaSO), and 

Teaching-Learning-Based Optimization (TLBO). 

A careful review of the recent literature reveals that most existing studies address EMS and under-

frequency load shedding as independent problems, with limited coordination among these functions [33]. 

Although AI-based controllers and optimization algorithms have demonstrated promising performance for 

frequency regulation, few works have investigated their joint application within interconnected microgrid–

nanogrid architectures incorporating diverse RESs, energy storage devices, and flexible loads under 

renewable uncertainty. Furthermore, existing approaches rarely exploit hierarchical distributed management 

strategies capable of simultaneously enhancing power balance, frequency stability, and load prioritization. 

This research addresses these gaps by proposing a coordinated bi-level DMS-UFLS framework based on 

fuzzy logic and African Vultures Optimization for resilient operation of islanded multi-nanogrid systems. 

 

3. SYSTEM MODELING 

The fidelity of a frequency stability analysis hinges on the mathematical coherence of its underlying 

components. Within interconnected microgrid-nanogrid architectures, the diverse range of power-

electronics-interfaced resources introduces complex dynamic interactions that must be captured with a high 

degree of precision. In this section, a unified modeling framework that balances computational efficiency 

with the physical rigor required to represent the electrical and mechanical characteristics of the subsystems 

is introduced. Specifically, mathematical formulations are presented for the main subsystems under 

consideration: photovoltaic arrays, DFIG-based wind turbines, RFB energy storage systems, electric 

vehicles (EVs), desalination facilities, and pumped-storage hydroelectric units. Fig.1 illustrates the 
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comprehensive system topology analyzed in this study, highlighting the integration of the coordinated DMS-

UFLS frame work driven by artificial intelligence and optimization algorithms. 

 

Fig 1. Proposed Multi-Microgrid-Nanogrids (MMNGs) System. 

3.1. Photovoltaic Array Model 

Photovoltaic systems utilize semiconductor materials to convert solar irradiance into electricity, 

serving as a scalable cornerstone for microgrid and nanogrid architectures. However, the electrical output of 

PV systems is inherently nonlinear and strongly dependent on environmental conditions such as solar 

irradiance and cell temperature [32]. Among the various modeling approaches available, the single-diode 

five-parameter model is widely adopted due to its good balance between accuracy and computational 

simplicity. This model represents the PV cell using an equivalent circuit composed of a current source, a 

diode, and series and shunt resistances, allowing precise characterization of the current–voltage and power–

voltage characteristics under varying operating conditions [34]. This model was used for both PV and CSP 

units. 

The output current of a PV cell based on the five-parameter single-diode model is expressed as: 

 0[exp 1]
.ph

d t

V IRs V IRseriesI I I n V Rshunt
  

    
 

 (1) 

where, I and V are the output current and voltage of the PV cell, respectively; Iph is the photo-generated 

current, which depends on solar irradiance and temperature; I0 is the diode saturation current; Rseries and 
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Rshunt are the series and shunt resistances; nd is the diode ideality factor; and Vt is the thermal voltage, given 

by: 

 
cell

t
kTV q   (2) 

with, k being the Boltzmann constant, Tcell the cell temperature in Kelvin, and q the electron charge. 

The photo-current Iph is typically modeled as a function of irradiance and temperature, while the 

saturation current I0 varies exponentially with temperature. This model can be extended from a single cell to 

a PV module or array by considering the number of cells connected in series and parallel. Due to its ability 

to accurately capture the nonlinear behavior of PV systems under varying environmental conditions, the 

five-parameter model is widely used in simulation studies and control-oriented applications in modern 

power systems [35]. 

3.2. Wind Turbine Model 

Wind energy has become a major component of modern power systems due to its maturity, large-

scale deployment, and compatibility with distributed generation architectures such as microgrids and 

nanogrids. While wind turbines offer efficient variable-speed operation, their integration is complicated by 

the stochastic nature of wind, which directly impacts grid frequency regulation [36]. Among the various 

generator technologies, the DFIG is widely used in variable-speed wind turbines due to its ability to operate 

efficiently over a wide range of wind speeds while allowing independent control of active and reactive 

power. The DFIG-based model provides a suitable balance between modeling accuracy and computational 

efficiency, making it a standard choice for power system studies [37]. 

The aerodynamic power extracted from the wind turbine is given by: 

 
31 ( , )

2t air pP v C      (3) 

where, ρair is the air density, A is the swept area of the turbine blades, v is the wind speed, and Cp is the 

power coefficient, which depends on the tip-speed ratio λ and blade pitch angle β. The tip-speed ratio is 

defined as: 

 
t bw R
v    (4) 

where, ωt is the turbine rotational speed and Rb is the blade radius. 

The mechanical dynamics of the turbine-generator system can be described by: 

 
r

m e
dwJ T Tdt     (5) 
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where, J is the combined inertia of the turbine and generator, ωr is the rotor speed, Tm is the mechanical 

torque derived from wind power, and Te is the electromagnetic torque. 

The electrical behavior of the DFIG is commonly modeled in the synchronous dq reference frame using the 

following voltage equations: 

 . ds
ds s ds s qs

dv R i wdt


      (6) 

   . qs
qs s qs s ds

dv R i wdt


     (7) 

   . ( )dr
dr r dr s qr

dv R i w wrdt


      (8) 

   . ( )qr
qr r qr s dr

dv R i w wrdt


      (9) 

where, v, i, and ψ represent voltages, currents, and flux linkages in the stator (s) and rotor (r) circuits, 

respectively; Rs  and Rr  are stator and rotor resistances; and ωs is the synchronous angular speed. 

The electromagnetic torque is expressed as: 

 
3 . ( )
2 2e ds qs qs ds
PT i i    (10) 

where, P is the number of poles. This model enables independent control of active and reactive power 

through rotor-side converters, which is essential for frequency support and voltage regulation in modern 

grids [38]. 

3.3. Redox Flow Batteries Model 

Redox flow batteries distinguish themselves from conventional solid-state batteries by decoupling 

power and energy capacity through the use of external electrolyte tanks, allowing independent scaling of 

power (stack size) and energy capacity (tank volume). This unique feature makes them particularly suitable 

for applications in microgrids and nanogrids, where they can support renewable energy integration, enhance 

system flexibility, and contribute to frequency stability [39]. In addition, RFB offer fast response 

capabilities, making them effective for mitigating power fluctuations and providing ancillary services. 

Electrochemical-based models provide high accuracy but are often complex; thus, simplified dynamic 

models that capture the essential electrical behavior are commonly used in system-level studies [40]. The 

terminal voltage of a redox flow battery can be expressed as a function of its open-circuit voltage and 

internal losses: 
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   int_ .RFB oc RFB RFB RFBV E R I


   (11) 

 

where, VRFB is the terminal voltage, Eoc_RFB is the open-circuit voltage, Rint_RFB represents the internal 

resistance of the battery, and IRFB is the RFB’s charge/discharge current. 

The open-circuit voltage is typically modeled using the Nernst equation: 

 
0 ln ox

oc RFB
red

CRTE E nF C

 
   

 
 (12) 

where, E0 is the standard cell potential, R is the universal gas constant, T is the temperature, n is the number 

of electrons transferred in the reaction, F is Faraday’s constant, and Cox , Cred  are the concentrations of 

oxidized and reduced species, respectively. 

The state of charge (SOC) of the RFB is governed by: 

 
_

RFB RFB

nom RFB

dSOC I
dt Q   (13) 

where, Qnom_RFB is the nominal capacity of the battery. The SOC reflects the available energy stored in the 

electrolyte and directly influences the open-circuit voltage and system performance. 

To account for dynamic behavior, additional elements such as polarization losses and flow dynamics 

can be included, but for most power system applications, the above model provides a sufficient 

representation of the RFB’s electrical characteristics [41]. 

3.4. Electric Vehicles Model 

Aggregated EV fleets function as mobile energy storage units, capable of providing Vehicle-to-Grid 

(V2G) services such as peak shaving and frequency regulation. Their fast response and widespread 

availability make them particularly valuable in microgrid and nanogrid environments with high renewable 

energy penetration [42]. However, the stochastic nature of EV availability, driven by user behavior and 

mobility patterns, introduces additional uncertainty in system operation [43]. 

The electrical behavior of an EV battery can be represented using a simplified equivalent circuit model, 

where the terminal voltage is expressed as: 

    _ int_ .EV OC EV EV EVV E R I   (14) 

where, VEV is the battery terminal voltage, Eoc_EV is the open-circuit voltage of the EV, Rint_EV is the internal 

resistance of the EV, and IEV is the EV’s charge/discharge current. The state of charge dynamics are given 

by: 
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_

EV EV

nom EV

dSOC I
dt Q   (15) 

where, Qnom_EV  represents the nominal capacity of the EV battery. The SOC reflects the available energy in 

the battery and determines the operational limits for charging and discharging processes. The power 

exchanged between the EV and the grid is defined as: 

   .EV EV EVP V I  (16) 

which can be controlled to either absorb energy (charging mode) or inject energy back into the grid (V2G 

mode). In aggregated models, a fleet of EVs is often represented as a controllable power source or sink with 

constraints on total capacity, SOC limits, and availability patterns. Due to their flexibility and fast response, 

EVs can significantly contribute to frequency stability by providing short-term power support and balancing 

supply-demand mismatches. Their integration into advanced energy management systems enables 

coordinated control strategies that enhance grid reliability and efficiency, particularly in low-inertia systems 

with high renewable energy penetration [44]. 

3.5. Desalination Station Model 

Desalination stations are increasingly integrated into modern power systems, particularly in regions 

facing water scarcity, where they represent significant and controllable electrical loads. These systems 

convert seawater or brackish water into potable water, with Reverse Osmosis (RO) being the most widely 

used technology due to its relatively high efficiency and modularity [45]. From a power system perspective, 

desalination plants exhibit high energy consumption and can operate flexibly within certain limits, making 

them suitable for demand-side management and grid support applications. In microgrid and nanogrid 

environments, desalination stations can be coordinated with renewable generation and storage systems to 

improve overall system stability and energy utilization [46]. The power consumption of a reverse osmosis 

desalination unit can be expressed as: 

     
.W

des
sy s

Q PP



  (17) 

where, Pdes is the electrical power consumed by the desalination system, Qw is the water flow rate, ΔP is the 

pressure difference across the membrane, and ηsys represents the overall system efficiency, including pump 

and motor efficiencies. The pressure required for the RO process depends on the osmotic pressure and 

operating conditions, typically modeled as: 

    osm lossP P P    (18) 

where, Posm is the osmotic pressure of the feedwater and Ploss accounts for hydraulic losses in the system. 
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The produced freshwater flow rate is related to the input conditions by: 

   .prod rec inQ Q  (19) 

where, Qprod  is the permeate (freshwater) flow rate, Qin is the feed water flow rate, and ηrec is the recovery 

ratio of the desalination process. 

From a dynamic perspective, desalination plants can be modeled as controllable loads with 

operational constraints such as minimum and maximum power limits, ramp rates, and water demand 

requirements. Their power consumption can be adjusted within these constraints to support grid operation, 

for instance by reducing load during frequency drops or increasing consumption during excess generation 

periods [47][48][49]. 

3.6. Pumped-Storage Hydroelectricity Station Model 

Pumped-storage hydroelectricity (PSH) is one of the most mature and widely deployed large-scale 

energy storage technologies, playing a crucial role in modern power systems by providing energy balancing, 

peak shaving, and frequency regulation services [50]. A PSH system operates by storing energy in the form 

of gravitational potential energy: water is pumped from a lower reservoir to an upper reservoir during 

periods of excess generation, and released through turbines to generate electricity during periods of high 

demand. Due to its high capacity, fast response, and long operational lifetime, PSH is particularly suitable 

for supporting systems with high penetration of renewable energy sources. In microgrid and nanogrid 

contexts, PSH can act as a central balancing unit, enhancing system flexibility and contributing to frequency 

stability [51]. 

The power generated by the hydro turbine in generation mode is given by: 

     . . . .gen t waterP g hQ   (20) 

where, Pgen is the generated electrical power, ηt is the turbine-generator efficiency, ρwater is the water density, 

g is the gravitational acceleration, h is the effective hydraulic head, and Q is the water flow rate. 

In pumping mode, the electrical power consumed is expressed as: 

    
. . .water

pump
p

g hQP 


                                                       (21) 

where, ηp is the efficiency of the pump-motor unit. 

The dynamic behavior of the water flow can be approximated by: 

   

1 ( )ref
W

dQ Q Qdt T   (22) 
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where, Qref  is the reference flow rate and Tw is the water starting time constant, representing the inertia of 

the water column in the penstock. 

 

The state of energy stored in the upper reservoir can be described by: 

   pump gen
dE P Pdt    (23) 

which reflects the balance between pumping and generating operations. 

In power system studies, PSH plants are often modeled as controllable units capable of switching 

between generation and pumping modes, subject to operational constraints such as reservoir limits, ramp 

rates, and efficiency losses. Their fast response and large capacity enable them to provide effective 

frequency support by rapidly adjusting power output or consumption in response to system imbalances [52]. 

 

4. PROPOSED STRATEGY 

The shift in the literature toward hybrid and neural-metaheuristic frameworks reflects an integration of 

heuristic search, evolutionary computation, and artificial intelligence to move beyond classical optimization 

[53]. These advanced methodologies are now extensively employed for optimal device sizing, placement, 

and controller parameter tuning because they effectively balance convergence speed with the high degree of 

adaptability required to navigate the nonlinear dynamics and inherent variability of modern renewable-rich 

power grids. Fig.2, presents the main contribution of the developed Bi-Level optimal DMS-UFLS to 

enhance dynamic microgrid behaviors in case of multiple nanogrids and multi-load variability. Two stage 

have been employed. The first stage includes an optimal load frequency control  loop based on a combined 

Fuzz-PID controller optimize via the recently African Vultures Optimization (AVO) algorithm, where, the 

second stage involves an intelligent DMS using fuzzy logic method coordinated with optimal UFLS and 

ESS that was installed to ensure power equilibrium and support frequency regulation, a step-by-step 

flowchart of the DMS-UFLS coordination algorithm is given in Appendix. 
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Fig 2. Proposed Bi-Level Optimal DMS-UFLS Strategy. 

The integration of renewable energy sources and distributed elements in modern power systems 

increases operational complexity and introduces significant uncertainties, particularly in microgrid and 

nanogrid environments. Ensuring frequency stability and efficient energy utilization therefore requires 

advanced and adaptive control strategies. Conventional methods often struggle under such dynamic 

conditions, which has led to the growing adoption of intelligent techniques. In this context, fuzzy logic 

control provides a flexible and robust solution for handling nonlinearities and uncertainties. In this study, the 

LFC loop is implemented using a fuzzy logic-based PID controller, while energy management is achieved 

through a fuzzy logic-based EMS, enabling coordinated and efficient system operation that combine both of 

DMS and UFLS. 

In modern microgrids, LFC is vital for balancing generation and demand to ensure frequency 

stability, where high renewable penetration and reduced inertia complicate regulation. Energy storage 

systems, such as batteries and pumped-storage units, are frequently employed to mitigate these power 
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imbalances due to their rapid, bidirectional response. To optimize performance in these dynamic settings, 

this study implements a hybrid fuzzy logic-based PID controller that overcomes the limitations of 

conventional, fixed-parameter PID methods. While classical PID controllers are valued for their simplicity, 

they often struggle with the intermittency of RES; by incorporating fuzzy logic, the controller can adaptively 

tune PID gains based on frequency deviations without requiring an exact mathematical model. This 

integrated approach enhances the coordination of storage units, providing superior robustness, faster settling 

times, and reduced overshoot in low-inertia environments. 

The DMS is essential for coordinating generation units, storage systems, and loads to ensure efficient 

operation and stability within microgrids, especially when balancing the variability of high renewable 

energy penetration. Given that traditional optimization methods often struggle with the nonlinearities and 

modeling difficulties inherent in these systems, this study adopts a fuzzy logic-based DMS as shown in 

Fig.3. This approach leverages heuristic, rule-based reasoning rather than precise mathematical models, 

allowing for real-time decision-making based on variables such as load demand and power availability. By 

dynamically allocating resources and prioritizing energy usage, the fuzzy-based DMS provides superior 

flexibility and robustness compared to conventional techniques, ultimately enhancing energy utilization and 

supporting frequency stability in complex microgrid and nanogrid environments. 

In this aim, two fuzzy logic methods were used,. In Level 1, the Mamdani fuzzy inference system was 

used to design the intelligent Fuzzy-PID controller, whose parameters were optimally tuned using the 

African Vultures Optimization  algorithm using the ITAE criterion as the objective function. Further,  the 

Sugeno fuzzy inference system was adopted for the DMS and UFLS actions. 

 



AUT Journal of Electrical Engineering  

10.22060/EEJ.2026.26056.6045 
 

 

18 

 

 

Fig 3. Proposed Optimal Fuzzy and Fuzzy-PID Controllers. 

The performance of any optimization algorithm strongly depends on the formulation of an 

appropriate objective function. In power system optimization problems, the objective function serves as a 

quantitative measure of system performance and guides the search process toward the most suitable solution. 

For load frequency control applications, the objective function must accurately reflect the dynamic behavior 

of the system following disturbances, including frequency deviations, oscillations, and settling 

characteristics. Therefore, selecting a performance index capable of penalizing undesirable transient 

responses is essential to ensure both stability and robustness in renewable-rich microgrids. 

As presented in Figs 2 and 3, the proposed approach is based on three key variables: frequency 

deviation (Δf), active power deviation (ΔP), and the available conventional secondary Load Frequency 

Control (LFC) capacity. The coordination mechanism is implemented through two sequential Levels : 

In Level 1 , only the optimal Fuzzy-PID LFC controller is activated. First, the active power deviation is 

calculated as the difference between the total generated power and the total load demand. If ΔP = 0, the 

system is in equilibrium and no control action is required. If ΔP > 0, the system experiences surplus 

generation and the generated power must be reduced by minimizing the generated power from the renewable 

sources, here the first output of the fuzzy logic act as MPPT device. Conversely, if ΔP < 0, the system is 

overloaded, and additional power support is required from the energy storage system (ESS). The ESS 

receives two control inputs in the proposed architecture. The first input is dedicated to frequency regulation 

(LFC), while the second input is responsible for energy management through charging and discharging 
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cycles. During the first stage, the frequency regulation input is activated including power generation 

management. Initially, the droop controller provides a fast primary frequency response to stabilize the 

system and estimate the exact power support required from the ESS. Simultaneously, the fuzzy controller 

maximizes the contribution of renewable energy sources to reduce the burden on conventional generators. 

Once the system reaches the second operating stage, Level 2 (DMS/EMS) is activated. At this level, the 

second ESS control input manages the charging and discharging process to maintain power balance and 

achieve smoother frequency restoration. In addition, under severe or multiple load disturbances, when the 

available LFC reserve and ESS support become insufficient, the proposed strategy automatically switches to 

the Under-Frequency Load Shedding (UFLS) scheme to disconnect selected loads and restore the 

generation-demand balance. In summary, the proposed framework employs two coordinated fuzzy logic 

agents. The first fuzzy agent is dedicated exclusively to LFC-based frequency regulation through the ESS. 

The second fuzzy agent performs three coordinated functions:  

 Maximizing renewable power generation,  

 Managing the secondary LFC support through the ESS,  

 Activating the UFLS mechanism when necessary.  

This hierarchical coordination ensures an efficient transition between frequency control, energy 

management, and emergency load shedding, thereby enhancing the stability and resilience of the 

interconnected multi-nanogrid system. In this purpose, two fuzzy logic methods were used, as described in 

Table 2 and Table 3. In Level 1, the Mamdani fuzzy inference system was used to design the intelligent 

Fuzzy-PID controller, whose parameters were optimally tuned using the African Vultures Optimization  

algorithm using the Integral of Time-weighted Absolute Error (ITAE) criterion as the objective function. In 

contrast, the Sugeno fuzzy inference system was adopted for the DMS and UFLS actions. 

In this paper, ITAE criterion was selected as the objective function due to its effectiveness in 

minimizing long-duration frequency deviations. Unlike conventional indices such as IAE, ISE, and ITSE, 

the ITAE criterion assigns a higher penalty to errors that persist for longer periods, thereby encouraging 

faster damping and shorter settling times. This characteristic makes ITAE particularly suitable for islanded 

microgrids with high renewable energy penetration, where rapid frequency restoration is critical to 

maintaining system stability. Consequently, the AVO algorithm was employed to determine the optimal 

parameters of the proposed Fuzzy-PID controller by minimizing the following objective function: 

   
0
.( )

t
fit t f P dt     (24) 
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The decision variables of the optimization problem are the proportional, integral and derivative gains 

of the Fuzzy-PID controller. The AVO algorithm searches for the optimal controller parameters that 

minimize the ITAE performance index while ensuring stable operation of the microgrid under renewable 

generation and load disturbances. The range of the controller parameters are selected between a given lower 

bound (LB) and upper bound (UB), Subject to: 

    

_min _max

_min _max

_min _max

p p p

i i i

d d d

K K K
K K K
K K K

  


 
  


 (25) 
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e e e
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 


 
 (26) 

The effectiveness of the proposed bi-level control strategy depends on the proper design of the fuzzy 

inference systems employed in both the LFC loop and the DMS. The fuzzy controllers were developed using 

expert knowledge and heuristic rules to handle the nonlinear and uncertain operating conditions introduced 

by renewable energy variability and load fluctuations. In the first control level, the Fuzzy-PID controller 

dynamically adjusts the control action according to the frequency deviation (Δf) and its rate of change 

(dΔf/dt), ensuring rapid frequency restoration and improved dynamic performance. In the second control 

level, the fuzzy-based DMS determines the appropriate management and load-shedding actions based on the 

system operating conditions to maintain power balance and enhance overall microgrid stability. The rule 

bases adopted for both fuzzy controllers are summarized in Tables 2 and 3. 

Table 2. Fuzzy Logic Controller Rule Table used in Level 1. 

dΔf/dt \ Δf NB NS ZE PS PB 

NB NB NB NB NS ZE 

NS NB NB NS ZE PS 

ZE NB NS ZE PS PB 

PS NS ZE PS PB PB 

PB ZE PS PB PB PB 
 

 

Table 3. Fuzzy Logic Controller Rule Table used in Level 2. 

dΔP/dt \ ΔP NB NS ZE PS PB 

NB ON ON ON ON OFF 

NS ON ON ON OFF OFF 

ZE ON ON OFF ON ON 

PS OFF OFF ON ON ON 

PB OFF ON ON ON ON 
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5. SIMULATION RESULTS 

This section presents the simulation results of the investigated microgrid connected multi-nanogrids 

presented in Fig.4. A multi-sources microgrid was simulated under various scenarios to show the 

contribution of the proposed optimal coordinated DMS-UFLS in case of Multi-Site Nanogrids. In the first 

simulation the system was simulated only with the LFC loop without the contribution of the proposed 

strategy, then in the second simulation the ESS was considered to support both DMS and LFC loop in 

coordination with UFLS. 

 

Fig 4. Bi-Level Optimal DMS Coordinated UFLS Method. 

 

To evaluate the effectiveness of the proposed optimal coordinated DMS-UFLS strategy, two simulation 

cases were performed on the interconnected renewable-based microgrid–multi-nanogrid system illustrated in 

Fig.4. The central microgrid integrates three renewable energy sources, namely PV arrays, wind turbines, 

and concentrated solar power  station, which collectively supply the network under varying operating 

conditions. A Redox Flow Battery device is incorporated as the energy storage system to compensate for 

renewable intermittency and provide fast power support during transient events. The microgrid is 

interconnected with three nanogrids through bidirectional power exchange. The first nanogrid supplies an 

EV charging station characterized by highly variable charging demand. The second nanogrid is dedicated to 
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a seawater desalination station, representing a relatively constant but high-power industrial load. The third 

nanogrid consists of a STEP station, which operates as a flexible energy storage unit by storing surplus 

renewable energy during low-demand periods and supplying power during generation deficits. In both 

simulation cases, the interconnected system initially operates under steady-state conditions at the nominal 

frequency of 50 Hz, where the combined power generated by the PV arrays, WTs, and CSP plant satisfies 

the aggregated demand of the three nanogrids. A load disturbance is subsequently introduced to create an 

active power imbalance between generation and demand. The dynamic response of the system is evaluated 

in terms of frequency deviation, generated power, load demand, and power imbalance. The two simulation 

cases differ only in the activated control strategy, thereby allowing a direct assessment of the contribution of 

the proposed coordinated DMS-UFLS and ESS. Before t = 0 s, the system is allowed to reach steady state. 

At t = 0 s, a load disturbance is introduced in the form of either a sudden load increase, a reduction in 

renewable generation. The simulation was conducted during 5 min (300 s) to show the effect of primary and 

secondary frequency control loops. 

In the first simulation case, the interconnected system comprising the PV arrays, wind turbines, CSP 

plant, RFB, EV charging nanogrid, desalination nanogrid, and STEP nanogrid operates with only the 

conventional LFC loop enabled. Although the RFB and STEP are physically integrated into the system 

architecture, they do not participate in frequency regulation or energy management, and the proposed 

coordinated DMS-UFLS strategy is disabled. After the system reaches its initial steady-state operating point, 

a load disturbance is introduced, producing a mismatch between the available renewable generation and the 

aggregated demand of the three nanogrids. Consequently, the LFC controller alone attempts to restore the 

nominal frequency without assistance from the storage devices or intelligent demand-side management. The 

resulting frequency response, generated power, and power imbalance are recorded to establish the reference 

performance of the interconnected system. 

The second simulation case employs the same interconnected renewable-based microgrid–multi-nanogrid 

configuration and identical initial operating conditions as those considered in Case 1. The same load 

disturbance is applied to ensure a fair comparison. In this case, the proposed coordinated DMS-UFLS 

strategy is activated together with the conventional LFC loop, while the RFB and STEP actively participate 

in system regulation by rapidly absorbing surplus renewable power or supplying the network during 

generation deficits. Immediately after the disturbance, the coordinated energy management strategy 

determines the optimal contribution of the available renewable sources and storage devices to minimize the 

generation–load mismatch and mitigate frequency deviations. If the available storage capacity becomes 

insufficient to maintain system stability, the optimized DMS-UFLS algorithm sequentially disconnects non-

critical loads according to the optimal priority coefficients, beginning with external loads and, when 

necessary, extending to lower-priority loads within the EV charging, desalination, and STEP nanogrids. The 
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coordinated operation of the PV arrays, wind turbines, CSP plant, RFB, and interconnected nanogrids is then 

assessed in terms of frequency regulation, power tracking capability, and reduction of the generation–load 

imbalance. 

 

4.1 .   Frequency Control in Interconnected Multi-Microgrid-Nanogrid 

In this part, an optimal strategy for microgrid (MG) connected to several nanogrids (NG) was simulated. 

The aim was to test the optimal approach based on a bidirectional connection between a central microgrid 

and three independent nanogrids, in order to improve the robustness, stability and energy efficiency of the 

overall system. The microgrid was connected to three nanogrids, each having specific charge characteristics. 

This organization allows for greater flexibility in energy management and a rapid response to load 

fluctuations. The three nanogrids are defined as follows: 

 1st Nanogrid: Electric vehicles. 

This nanogrid is mainly intended for charging EVs. Energy consumption was therefore highly variable 

and dependent on the recharging cycles, all electric motors of EVs are powered by variable frequency 

sinusoidal alternating current power electronics, adjustable to the network frequency at 50 Hz. 

 2nd Nanogrid: Pumped Energy Transfer Station . 

This nanogrid was associated with a pumping system for hydraulic energy storage. It serves as a 

shock absorber to absorb surplus production, the transfer of energy by hydraulic pumping is the most mature 

technique of stationary storage. These installations contribute to maintaining the balance between generation 

and consumption on the electricity grid, while limiting production costs during peak consumption. 

 3rd Nanogrid: Desalination Station. 

This nanogrid was intended to supply a seawater desalination station. This load is relatively constant 

but remains highly energy-consuming. 

In this part, only the LFC loop is activated. The obtained results are presented in Fig.5 and Fig .6.  
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Fig 5. Microgrid Frequency. 

 
Fig 6. Microgrid Generated Power and Load Before UFLS. 

In this simulation, it can be observed that the evolution of the frequency of the system presented in Fig.5, 

after the start of the microgrid. The objective was to check how the frequency stabilizes. The graph shows 

that at the very beginning, the frequency deviation was important, which is normal during the start-up phase 

because the system is not yet balanced. Very quickly, the frequency drops to stabilize around 50 Hz, which 

is the nominal value expected for correct operation of the electrical network. It can be seen that, despite 
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some small oscillations around 50 Hz, the frequency remains globally stable throughout the simulation. 

These small variations are due to load changes. This result shows that the control strategy used makes it 

possible to efficiently return the frequency to its nominal value after the initial disturbances, thus ensuring 

stable and reliable operation of the microgrid. Further, it can be noticed the evolution of the frequency of the 

system without energy storage. The objective was to see how the microgrid reacts to load variations only 

with available renewable sources, without storage support. In Fig.6, the graph shows that the power 

generated Pg does not correctly follow the power consumed Pload. This shift results in a more pronounced 

instability of the frequency, because renewable energies, by their intermittency, cannot respond 

instantaneously to variations in load. Thus, the absence of storage directly impacts the stability of the 

network, and the system becomes less robust in the face of disturbances. 

4.2 .   Contribution of ESS to enhance Optimal DMS-UFLS Method 

In this simulation, a load shedding strategy based on optimal coefficients called gains (denoted k1 to k6) 

was implemented. The idea is simple: in the event of a loss of production or a sharp increase in demand, it is 

necessary to know which loads to cut first to prevent the whole system from becoming unbalanced. In 

concrete terms, the charges have been divided into two main categories: 

 External loads: These are loads connected directly to the main microgrid (e.g. non-

essential buildings or secondary equipment). 

 Inner loads: These are the loads that are inside the nanogrids (such as water pumping, 

electric vehicle charging or desalination). 

The principle is that if ever there is a lack of power, the system will first shed the external loads 

(Switch OFF: k1, k2, k3). If this is not enough to restore balance, then some internal loads (Switch OFF: k4, 

k5, k6) will begin to be shedding, starting with those that are the least critical. The combined DMS-UFLS 

was named as EMS method during the simulation as presented in Figs 7, 8 and 9. 
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Fig 7. Microgrid Frequency. 

 
Fig 8. Microgrid Generated Power and Load Using Optimal DMS-UFLS. 
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Fig 9. Microgrid Power Deviation. 

In this second simulation, the proposed optimal DMS-UFLS involving LFC loop and ESS was 

presented. The aim was to compare the effect of storage on energy stability and microgrid dynamic 

response. The depicted graphs in Fig .7 clearly show that the power generated follows much better the 

power consumed compared to the previous case. Thanks to the energy storage system, the ESS is able to 

absorb surpluses or supply microgrid when it lacks renewable production. The frequency remains much 

more stable around 50 Hz, which proves that storage improves the network's ability to balance load and 

production. This confirms the importance of integrating storage into a highly renewable penetration 

microgrid. 

In Fig .9, the graph shows that in the case without storage (blue curve), there are strong power 

oscillations, and Pg is not equal to Pload as presented in Fig .6. Management becomes more difficult, and the 

network is subject to risks of imbalance. On the other hand, in the case with storage (red curve), there is a 

better balance: the difference between production and consumption is almost zero as presented in Fig.8.This 

confirms that storage plays an essential role in maintaining stability and reducing discrepancies, allowing a 

smoother and continuous management of the load compared to production. 

The results showed that without load shedding, the system can quickly be subjected to overloads, 

endangering the stability of the network. On the other hand, the introduction of a DMS with load shedding 

makes it possible to maintain the balance between load and production, to improve the stability of the 

frequency and to limit the disturbances. Thus, intelligent load shedding is an effective solution to guarantee 

the performance and reliability of multi-load nanogrids, by dynamically adapting to variations in 

consumption and production. 
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6. FUTURE WORK 

Future work will focus on extending the proposed methodology toward multi-objective optimization 

considering economic and environmental criteria, integrating forecasting techniques based on artificial 

intelligence, and validating under real-time hardware-in-the-loop and cyber-physical system environments. 

In particular, In the near future this work will be extended to experimental validation of the proposed 

coordinated LFC–DMS/UFLS strategy, consideration of larger and more complex interconnected microgrids 

and nanogrids configurations, incorporation of additional uncertainties associated with renewable-energy 

generation and load demand. Furthermore, modern control and optimization algorithms, advanced energy-

storage technologies, and peer-to-peer energy management will be investigated to further enhance the 

flexibility and resilience of the proposed framework. 

 

7. CONCLUSION 

This paper presented a novel bi-level optimization framework for distributed power management and 

intelligent load shedding in an islanded microgrid interconnected with multiple nanogrids under renewable 

energy variability. The proposed strategy combines an optimal Fuzzy-PID based LFC scheme tuned using 

the african vultures optimization algorithm with a coordinated DMS and intelligent UFLS mechanism. The 

developed architecture enables effective coordination between renewable generation units, energy storage 

systems, and multiple nanogrid loads. Simulation studies carried out under various operating conditions 

demonstrated the effectiveness of the proposed approach in maintaining the power balance and enhancing 

frequency stability despite the intermittent nature of renewable energy sources. The obtained results showed 

that the integration of ESS significantly reduces active power mismatches and mitigates frequency 

deviations, while the optimized Fuzzy-PID controller provides superior dynamic performance compared to 

conventional control schemes in terms of overshoot reduction and settling time. 

 

Data availability: Data will be made available on request. 
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Appendix 
 

Table A.1. Simulation parameters. 

Component Parameters 

 PV array KPV1 = 1, TPV1 = 1.8 

STEP KSTEP = 5, TSTEP = 2.3 

EVs KEVs =0.01, TEVs =0.5 

CSP KCSP = 1, TCSP = 1.8 

Wind farm KWT,off2 = 0.8, TWT,off2 = 10 

RFB KRFB4 = 1, TRFB4 = 1.8 
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Fig. A.1. Flowchart of the Proposed Optimal DMS-UFLS. 


