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Abstract

This paper presents an approach for optimal operation of self-healing networked micro-
grids (NMGs) under both normal operation and emergency conditions using the pufferfish
optimization algorithm (POA). The proposed methodology is based on an energy man-
agement system (EMS) with two levels and independent functions. The lower-level is
designed for normal operation, where the local controller of each microgrid (MG) performs
the optimal dispatch of power from the dispatchable sources. During an emergency case
in any MG, the higher-level EMS is activated, and the global controller is brought into
operation. Physically, the NMGs are connected by tie-lines, while cyber links are estab-
lished to exchange information and control signals for coordinated operation. Each MG
operates to supply its local demand during normal operation conditions, resulting in no
electrical power exchange between MGs. İn case of generation deficiency or a fault leading
to generation outage, electrical power can be exchanged through the existing interconnec-
tions, enabling the affected microgrid to receive support from neighboring MGs. The main
objective of POA is to minimize the total operating cost, in which the economic impact of
network power losses is incorporated into the single objective function. Simulation studies
were conducted using MATLAB and DIgSILENT software over one day. The performance
of POA was compared with Particle Swarm Optimization (PSO), Genetic Algorithm (GA),
and Grey Wolf Optimizer (GWO) under the same computational settings. Statistical and
convergence analyses show that POA achieves the lowest mean operating cost across all
studied cases, with low run-to-run variability and favorable convergence behavior. The
results demonstrate the effectiveness of the proposed approach in improving the economic
operation of NMGs under both normal and emergency conditions.

Keywords: self-healing; networked microgrids; pufferfish optimization algorithm; energy
management system

1. Introduction
A microgrid is defined as a group of distributed energy resources (DERs), including

renewable energy sources (RESs) and battery energy Storage Systems (BESSs), plus loads
that operate locally as a single controllable entity [1]. Connecting multiple MGs to construct
networked microgrids (NMGs) represents a further development and application of the
MG concept. According to the IEEE Standard 1547.4 [2], the operation and reliability
of a distribution system can be improved by partitioning it into multiple MGs. Under
normal operating conditions, each MG operates independently and supplies its local load.
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However, during major contingencies, the limited capacity of individual MGs necessitates
the formation of NMGs, which allows a coordinated exchange of power and improves
the resiliency of the entire system [3]. Early research has already demonstrated that the
ability to coordinate the behavior of interconnected MGs can significantly enhance their
self-healing capabilities [4]. Self-healing is an advanced and active approach for operating
and planning the network that can isolate the part that is affected by the contingency in
an emergency and restore the system to its usual functioning [5,6]. In [7], a decentralized
operation structure was suggested to facilitate the distribution of power among MGs in
single and multiple faults. The concept was extended further in [8], in which an optimal
self-healing operation strategy was designed to distribute the power support of healthy
MGs and reduce the cost of operation. In a similar manner, authors in [9] presented a
coordinated control strategy that enhances the stability of the system by allowing adapt-
able collaboration among interconnected MGs under abnormal operating conditions. As
the complexity operation of self-healing NMGs increased, optimization-based methods
attracted considerable interest. In [10], a comprehensive self-healing strategy has been
proposed that considers network reconfiguration, generation redispatch, and load shed-
ding in a unified framework under uncertainty. Moreover, consensus-based approaches
to decentralization have been suggested in [11] to limit the use of centralized controllers
and improve scalability in multi-microgrid settings. The mixed-integer linear program-
ming and advanced communications infrastructures were adopted in [12] to introduce
fast self-healing and service restoration schemes. Additionally, self-healing frameworks
based on optimization have been created to guarantee the mutual coordination of power
exchange between interconnected microgrids under fault conditions to maximize restoring
load and minimize the operational costs [13]. In [14], the authors proposed a methodology
for determining the optimal number and locations of smart ring main units (SRMUs) in
self-healing smart distribution networks using nonlinear programming (NLP) and mixed
integer linear programming (MILP) optimization techniques while considering costs related
to power losses, energy not supplied (ENS) and PV disconnection. In [15], a service restora-
tion policy was proposed based on a mixed-integer optimization strategy of NMGs that
can facilitate coordinated dispatch of distributed generators and energy storage systems
when self-healing. Optimization-oriented studies further extended self-healing capabilities
in NMGs through coordinated scheduling and resilience-aware decision-making [16,17].
Simultaneously with mathematical optimization methods, heuristic and metaheuristic
algorithms have continued to be more widely used to solve the computational complexity
of self-healing and restoration problems in microgrid-based systems. The optimal economic
management of microgrids with fuel cell integration was done using marine predator algo-
rithms and achieved more cost-effectiveness than the traditional algorithms [18]. Improved
heuristic optimization mechanisms, like the wind-driven one that uses crossover operations,
have been used in demand response schedules in smart grids that are rich in renewable
energy [19]. Bi-objective active and reactive power flow optimization in hybrid microgrids
is performed using particle swarm optimization (PSO) [20]. Comprehensive survey works
have documented the increased use of metaheuristics like PSO, GA, and the grey wolf
optimizer to improve the performance of microgrids and restoration processes [21,22].
Recently, an improved Honey Badger Algorithm (HBA) was applied to optimize energy
management in smart microgrids, achieving lower operational cost, improving system
reliability, and effectively balancing generation, storage, and grid power contributions
compared with Sparrow Search Algorithm (SSA), PSO, and GA [23]. Furthermore, a
quantum-accelerated digital twin (QDT) framework integrating quantum optimization
algorithms with a high-fidelity digital twin (DT) has been proposed for real-time detection,
localization, and remediation of cyberattacks in power distribution systems [24].
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Although these contributions are valuable, there are still several limitations. The
majority of the existing literature assumes that microgrids are interconnected by a com-
mon bus or centralized point of connection, which constrains the ability of the microgrids
to operate flexibly and impairs the autonomy of individual microgrids. Despite the de-
ployment of diverse metaheuristic optimization methods in the operation of microgrids,
their implementation for the coordinated optimal operation of NMGs under normal and
emergency conditions, taking into explicit consideration energy losses, has been limited. To
overcome these challenges, this paper presents an optimal operation scheme for three net-
worked microgrids under both normal and emergency conditions. The MGs are physically
interconnected through tie-lines that remain electrically closed. Under normal operation,
each MG supplies its local demand, resulting in no electrical power exchange between
MGs. In addition, cyber links are established to exchange information and control signals
for coordinated operation. A two-level energy management system (EMS) is designed.
The lower-level EMS operates during normal conditions, while the higher-level EMS is
activated during emergency conditions, such as generation deficiency or a fault leading to
generation outage. For the self-healing operation, the study focuses on the final restoration
stage, assuming that the fault has already been detected and isolated and that the network
has reached a stable post-fault topology. At this stage, optimal power redispatch and power
exchange among the interconnected MGs enable the affected microgrid to receive support
from neighboring MGs and maintain the supply of the remaining connected loads. Addi-
tionally, network energy losses are considered in the optimal operation of NMGs under
both normal and emergency conditions. The resultant optimization problem is addressed
by applying the Pufferfish Optimization Algorithm (POA), for the first time to the best of
the authors’ knowledge, to the optimal operation of NMGs. Furthermore, the performance
of POA is evaluated against PSO, GA, and GWO under the same computational settings,
considering operating cost, network losses, computational time, and convergence behavior.

The rest of the paper is arranged as follows: The proposed EMS for the operation of
NMGs is introduced in Section 2. Section 3 describes the NMGs structure. The formulation
of the optimization problem is described in Section 4. Section 5 discusses the proposed
POA technique. Section 6 presents the simulation results. Section 7 summarizes the
main conclusions.

2. Proposed EMS for the Operation of NMG
The energy management system is an essential part in the structure of the coordi-

nated networked microgrids system for managing the scheduling, regulation, and power
flow of distributed energy resources. The proposed EMS for a framework of the NMGs
considers the microturbines (MTs) acting as dispatchable sources, while the renewable
energy resources (RES) operate at their available maximum power output in each hour
according to available wind velocity and solar radiation. Figure 1 shows the proposed EMS
for the NMGs. NMGs are linked with cyber connections for information and control signal
exchange, while physical connections via tie-lines are used between MGs for electrical
power exchange. The energy management framework consists of two levels, each with
autonomous functions. The lower-level is designed for normal operation, where the local
controller of each microgrid performs the optimal dispatch of power from the dispatch-
able sources. This means the NMGs are operated in a decentralized manner, where each
microgrid utilizes its local resources to supply its load. When a generation deficiency or a
fault leading to generation outage occurs in any MG, the higher-level EMS is activated, and
the global controller is brought into operation. The MG affected by the contingency will be
supported by neighboring MGs to supply the required power. The proposed management
system allows each MG to operate locally under normal operating conditions. However,

https://doi.org/10.3390/electricity7030099

https://doi.org/10.3390/electricity7030099


Electricity 2026, 7, 99 4 of 25

during emergencies, the MGs act in coordinated operation mode, in which centralized
decision-making is achieved through cooperation and information exchange among NMGs.

 

MG-2 MG-3

MG-1Load

MT PV WT BESS

Cyber Connection – Information Flow

Physical Connection – Power Flow

Local 
Controller

Global 
Controller

Figure 1. Proposed EMS structure.

3. The NMGs’ Structure
Figure 2 shows the architecture of the proposed NMG system, which consists of three

interconnected MGs. Each MG represents a modified CIGRE benchmark MG [25]. Double-
circuit transmission lines are used for interconnecting the MGs. All lines are modeled using
identical parameters: R′

ph = 0.173 Ω/km, X′
ph = 0.432 Ω/km, and B′

ph = 3.83µS/km.
Only the line lengths are different, as shown in Table A1 in the Appendix A [26]. Cyber
connections, shown in red, are used for flow of information and control signals.
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Figure 2. Networked microgrids’ structure, the red arrow shows the fault location. * Parallel
transmission line with the same parameters.
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In this paper, the BESS operates in charging mode when the available renewable
energy is greater than the total output power of the MTs. The BESS data are assumed and
provided in Table A2 in the Appendix A.

3.1. Battery Energy Storage System

The battery energy storage system (BESS) is an important element in MGs, as it helps
in mitigating the impact of the intermittent nature of renewable energy sources.

3.2. Micro Turbines

This research considers micro turbine generators acting as a dispatchable source. The
detailed parameters of the MTs are provided in Table A3 in the Appendix A.

3.3. Power Transformers

Power transformers are used to step up the generation voltage from a low voltage
level (0.4 kV) to a medium voltage level (12 kV). Table A4 in the Appendix A shows the
data for power transformers [27].

3.4. Photovoltaic System Model

The hourly output of a photovoltaic (PV) module depends on the intensity of light on
the PV module, ambient temperature and the PV module’s characteristics. The capacity of
a PV system is determined by the size of PV panels and the level of available solar radiation
(SR). The solar panels are supposed to be equipped with maximum power point tracking
(MPPT) controllers to extract the maximum available power. The electrical output power
of the PV array is calculated using the following equation [28]:

Pa = ηa × A × SR(1 − 0.005 (t0 − 25)) (1)

The total electrical output power of the PV system is obtained as follows:

Ppv = Pa × Na (2)

The active power ratings of the PV system at each bus are assumed and presented in
Table A5, while Table A6 shows the corresponding solar radiation and ambient temperature
data used for the PV generation calculations [29].

3.5. Wind Turbine Model

The hourly output power of wind turbines (WTs) depends on the average hourly
wind speed at the hub height and its output characteristics. Consequently, the hub height
significantly affects the wind turbine generator’s output power. The WT output power is
calculated by converting the measured hourly average wind speed to corresponding values
at the hub height. The following equation is commonly used to convert to hub heights.

v
v0

=

(
h
h0

)α

(3)

Generally, the value of α for an open space is taken to be 1/7 [30,31]. The output
power of a wind turbine generator is modeled as a function of the wind speed and the
rated power of the turbine. Accordingly, the wind turbine output power is calculated using
the following expression [32]:

https://doi.org/10.3390/electricity7030099

https://doi.org/10.3390/electricity7030099


Electricity 2026, 7, 99 6 of 25

Pw =


0 i f v f ≤ v or v ≤ v f

Pr × v3−v3
c

v3
r−v3

c
i f vc ≤ v ≤ vr

Pr i f vr ≤ v ≤ v f

(4)

The power of a specific number of wind turbines can be determined using the
formula below:

PWT = Pw × Nw × ηw (5)

The active power ratings of the WT generators at each bus are assumed and presented
in Table A5, while Table A6 shows the corresponding wind velocity data used for the WT
output power calculations [29].

3.6. Daily Load Curve

The load in this study is considered as a constant P-Q load at each hour. The load at
each bus is assumed to follow the same 24 h active power daily load profile multiplier, as
shown in Figure 3. The peak active power demand of each load at the corresponding buses
is assumed and provided in Table A7 in the Appendix A.
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Figure 3. Active load multiplier.

4. Formulation of the Optimization Problem
The optimization problem is formulated to determine the optimal power dispatch

of the NMGS while satisfying the system operating constraints. The objective func-
tion and the mathematical models of the different energy resources are presented in the
following subsections.

4.1. Objective Function

The proposed optimization problem is formulated as a single-objective optimization
problem. The main objective is to minimize the total operating cost of the NMGs. The total
cost includes the operating costs of the MTs, WTs, PV systems and BESS together with the
cost associated with network power losses. The total objective cost function is expressed
as follows:

Min (total cost) = Min [MTcost + WTcost + PVcost + BESScost + Pcost
Loss] (6)

where the network power losses are converted into a monetary cost using the adopted
loss-cost coefficient and included in the total operating cost. Therefore, network losses
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are not treated as a separate optimization objective but are incorporated into the single
objective function.

4.1.1. Microturbine Cost Calculation

The operating cost of the microturbines includes fuel, operation, maintenance, emis-
sion and fatigue-life costs. The fatigue rate [33] of the MTs is calculated using

β= e
Pout

Prated (7)

The total MT cost function is then expressed as follows:

MTcost= ∑NMG
i=1 ∑NMT

n=1 ∑T
t=1 FuelMT

cost(t, n, I) OPMT
cost(t, n, i) + MAMT

cost(t, n, i) + EMMT
cost(t, n, i)

+FLMT
cost (t, n, i)

(8)

The different components of the MT cost are defined by the fuel cost, operation cost,
maintenance cost, emission cost and fatigue-life cost respectively, as follows:

FuelMT
cost(t, n, i) = ai P2

MT(t, n, i) + bi PMT(t, n, i) + ci (9)

OPMT
cost(t, n, i) = PMT(t, n, I)× CMT

OP (10)

MAMT
cost(t, n, i) =PMT(t, n, I)× CMT

MA (11)

EMMT
cost(t, n, i) = PMT(t, n, I)× EMMT

CO2 × TaxEM (12)

FLMT
cost(t, n, i) = FL

MT
c ×

[
OPMT

cost(t, n, i) + MAMT
cost(t, n, i) + EMMT

cost(t, n, I)
]

×βMT × PMT(t, n, i)
(13)

Thus, Equations (9)–(13) represent the individual cost components included in the
total MT operating cost given in Equation (8).

4.1.2. Wind Turbine Cost Calculation

The total operating cost of the WTs is calculated as follows:

WTcost= ∑NMG
i=1 ∑NWT

n=1 ∑T
t=1 OPWT

cost(t, n, i) + MAWT
cost(t, n, i) + FLWT

cost(t, n, I) (14)

The WT cost consists of the operation, maintenance and fatigue-life costs, which are
calculated using the following equations:

OPWT
cost(t, n, i) = PWT(t, n, i) × CWT

OP (15)

MAWT
cost(t, n, i) = PWT(t, n, i)× CWT

MA (16)

FLWT
cost(t, n, i) = FLWT

c ×
[
OPWT

cost(t, n, i) + MAWT
cost(t, n, i)

]
× βWT × PWT(t, n, I) (17)

Therefore, Equations (15)–(17) represent the individual cost components considered in
the total WT cost given in Equation (14).

4.1.3. PV System Cost Calculation

The total operating cost of the PV system is calculated as follows:

PVcost= ∑NMG
i=1 ∑NPV

n=1 ∑T
t=1 OPPV

cost(t, n, i) + MAPV
cost(t, n, i) + FLPV

cost(t, n, I) (18)
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The corresponding operation, maintenance and fatigue-life costs of the PV system are
calculated as follows:

OPPV
cost(t, n, i) = PPV(t, n, i) × CPV

OP (19)

MAPV
cost(t, n, i) = PPV(t, n, i)× CPV

MA (20)

FLPV
cost(t, n, i) = FLPV

c ×
[
OPPV

cost(t, n, i) + MAPV
cost(t, n, i)

]
× βPV × PPV(t, n, I) (21)

Equations (19)–(21) represent the different cost components included in the total
PV-system cost given in Equation (18).

4.1.4. BESS Cost Calculation

The total operating cost of the BESS is expressed as follows:

BESScost= ∑NMG
i=1 ∑NBESS

n=1 ∑T
t=1 OPBESS

cost (t, n, i) + MABESS
cost (t, n, i) + FLBESS

cost (t, n, I) (22)

The BESS cost consists of the operation, maintenance and fatigue-life costs, which are
calculated as follows:

OPBESS
cost (t, n, i) = PBESS(t, n, i) × CBESS

OP (23)

MABESS
cost (t, n, i) = PBESS(t, n, i)× CBESS

MA (24)

FLBESS
cost (t, n, i) = FLBESS

c ×
[
OPBESS

cost (t, n, i) + MABESS
cost (t, n, i)

]
× βBESS × PBESS(t, n, i) (25)

Equations (23)–(25) represent the individual cost components included in the total
BESS operating cost given in Equation (22).

4.2. Constraints

The optimization process is performed subject to the operational constraints of
the NMGs, including the active power balance, MT generation limits, and BESS
operating constraints.

4.2.1. Power Balance

For each time interval, the total generated power must satisfy the load demand and
network power losses. The active power balance constraint is expressed as follows:

∑ PMT(i, t) + ∑ PPV(i, t) + +∑ PWT(i, t) + ∑ PBESS = ∑ PLoad(t) + ∑ PLoss(t) (26)

4.2.2. MT Limits

The output power of each MT must remain within its minimum and maximum
operating limits. The MT generation constraint is defined as follows:

PMT(min) ≤ PMT(i, t) ≤ PMT(max) (27)

4.2.3. BESS Constraints

The BESS is operated according to the available surplus or deficit power in the NMG.
The excess power equation is expressed as follows:

Pexcess= PRE(t) +Pbase − Pload(t), (28)

PRE(t) represents the total available renewable generation at time t, Pbase represents the
fixed base-generation power that is continuously available during the considered operating
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period and Pload(t) represents the load demand. The term Pbase is a predefined constant
rather than an optimization decision variable. When the sum of the renewable generation
and the fixed base generation exceeds the load demand, Pexcess becomes positive and the
available surplus power can be used to charge the BESS. Conversely, when the available
generation is lower than the load demand, Pexcess becomes negative; this indicates a power
deficit that can be mitigated by BESS discharging, subject to battery operating limits and
SOC constraints.

When Pexcess > 0 and SOC(I, t) < SOCmax, the BESS operates in charging mode. In
this case, the charging power is limited by the available excess power and maximum SOC.

PBESS(I, t) = Pexcess × ηch (29)

PBESS(I, t) < Pch.max (30)

SOC(I, t) = SOC(i, t − 1)
PBESS(i, t)× ∆(t)× ηch

Capacity
(31)

When Pexcess < 0 and SOC(I, t) > SOCmin, the BESS operates in discharging mode,
with the discharging power limited by the power deficit and the minimum SOC.

PBESS(i, t) =
Pdch.max
ηdch

(32)

SOC(i, t) = SOC(i, t − 1)
PBESS(i, t)× ∆(t)
ηdch × Capacity

(33)

SOCmin ≤ SOC(i, t) ≤ SOCmax (34)

Accordingly, negative PBESS(i, t) represents charging, whereas positive PBESS(i, t)
represents discharging. In this study, the initial SOC is set to 30%. Therefore, SOCmin

and SOCmax are defined as 30% and 100%, respectively. Thus, the BESS is not allowed
to discharge when the SOC reaches its minimum limit of 30%. Both the charging and
discharging efficiencies are assumed to be 95%. The final SOC is not predefined; it is
determined by the charging and discharging operation throughout the scheduling period
while satisfying the SOC limits. Therefore, no terminal SOC constraint is imposed at the
end of the scheduling horizon.

4.3. Grid Losses

Grid power losses in transmission lines and power transformers are calculated using
the B-matrix loss formulation, where the total active power losses are a quadratic function
of the active power injections [34]. The B-matrix coefficients are calculated based on the
electrical parameters of the network, which include the transmission lines and power
transformers. B, B0, and B00 are the quadratic, linear and constant terms of the system loss
model, respectively.

4.3.1. B-Matrix of MG-1

B =


0.0041 −0.0002 −0.0008 0.0016
−0.0003 0.0023 0.0020 −0.0001
−0.0008 0.0020 0.0033 0.0003
0.0009 0.0001 0.0003 0.0057


B0 =

[
−0.0011 0.00010.0005 0.0020

]
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B00 = [0.0067]

4.3.2. B-Matrix of MG-2

B =

 0.0007 0.0006 −0.0001
−0.0005 0.0038 −0.0012
−0.0001 −0.0009 0.0007


B0=

[
0.0001 −0.0001 0.0001

]
B00= [0.0004]

4.3.3. B-Matrix of MG-3

B =


0.0028 −0.0007 −0.0009 0.0008
−0.0007 −0.0008 0.0013 0.0009
−0.0010 0.0013 0.0015 −0.0027
0.0006 0.0007 −0.0004 0.0017


B0=

[
0.0001 0.0007 0.0004 −0.0001

]
B00= [0.0042]

Pcost
Loss= ∑NMG

i=1 ∑T
t=1 PLoss(t, I) × CLoss (35)

PLoss(n, i) = ∑NMG
i=1 ∑NMT

n=1 ∑T
t=1 PT(t, n, i)× B(n, i)× P(t, n, i) (36)

+PT (t, n, i)× B0(n, i) + B00(n, i)

Equation (35) is used to calculate the cost of grid losses, while the power losses them-
selves are calculated according to (36) as a function of B-matrix and active power injected
into the grid. In this formulation, PT denotes the transpose of the active power matrix.

5. Pufferfish Optimization Algorithm (POA)
Pufferfish belong to the family of Tetraodontidae and order Tetraodontiformes, which

are usually found in marine and estuarine environments. These fish are similar to porcu-
pinefish; however, unlike porcupinefish, which possess massive external spines, pufferfish
generally have much smaller, hidden spines that only appear when inflated. Pufferfish
are usually modest or medium in size, and they could not exceed 50 cm [35] in length.
Pufferfish are very slow and therefore easy prey to predators. A pufferfish defends itself
against predators by inflating its stomach with water, transforming into a large, spiky
ball. This defense mechanism poses a significant challenge to predators seeking a quick
meal, as the sharp spines make the fish difficult to swallow. Consequently, predators are
generally aware of this danger and actively avoid them. Figure 4 shows the flow chart
for implementing the POA. The optimization has two phases: namely, (i) Exploration
(Predator Attack towards Pufferfish) and (ii) Exploitation (Defense Mechanism of Pufferfish
against Predators).
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and k ∈ {1, 2, . . . , N}  

Select the target pufferfish for the ith POA member at 
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Start POA 

End POA 

Figure 4. Flow chart of POA algorithm.

5.1. Initialization and Objective Function Evaluation

At the beginning of the optimization process, a population of N candidate solutions is
generated randomly within the lower and upper bounds of the decision variables. Each
candidate solution represents a possible operating point of the considered NMG economic
dispatch problem. The initial position of the ith candidate solution is calculated as:

Xi,j = lbj + r(ubj − lbj) (37)

Xi,j is the jth decision variable of the ith population member, lbj and ubj are the
corresponding lower and upper bounds, respectively, and r is a random number in the
interval [0,1]. After initialization, the objective function is evaluated for all population
members as

F = [F1, . . ., Fn]T = [F(X1), . . ., F(Xn)]T (38)

Fi is the fitness value of the ith candidate solution. For the proposed NMG application,
the fitness value is determined using the total operating cost defined in Equation (6). Since
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the optimization problem is formulated as a minimization problem, a lower fitness value
represents a better dispatch solution.

5.2. Phase 1: Exploration

The first phase of POA represents the predator attack toward the pufferfish and
provides the global exploration capability of the algorithm. For each population member,
a candidate pufferfish set is formed from the population members that have a better
objective-function value than the current member:

CPi = {Xki:Fki < Fi, k ̸= i} (39)

CPi denotes the candidate pufferfish set for the ith POA member. A target pufferfish
SPi is then selected randomly from CPi. The new position of the ith member in the dth
dimension is generated according to

Xi,d
P1 = Xi,d + r.(SPi,d − I × Xi,d) (40)

Xi,dP1 is the new position generated during the exploration phase, SPi,d is the selected
target pufferfish, r is a random number in [0,1] and I is an integer randomly selected
number as 1 or 2. This mechanism enables the population to explore different regions of
the search space. The newly generated position is accepted only when it improves the
objective-function value according to the following greedy selection rule:

Xi = Xi,jP1 if Fi
P1 < Fi; otherwise Xi remains unchanged (41)

This exploration mechanism allows POA to investigate different candidate oper-
ating points and reduces the possibility of premature convergence to an unfavorable
local solution.

5.3. Phase 2: Exploitation

The second phase represents the defense mechanism of the pufferfish and is responsi-
ble for local exploitation around the current candidate solutions. The new position of each
POA member is calculated as follows:

Xi,d
P2 = Xi,d + (1 − 2r)((ubd − lbd)/t) (42)

Xi,dP2 is the new position during the exploitation phase, ubd and lbd are the upper and
lower bounds of the dth decision variable respectively, and t is the current iteration number.
At the beginning of the optimization, the search step is relatively large. As t increases, the
term (ubd − lbd)/t decreases, resulting in smaller local adjustments and progressively finer
exploitation around the promising solutions. After checking the boundary conditions, the
newly generated solution is evaluated and accepted only if it improves the fitness value:

Xi = Xi,jP2 if Fi
P2 < Fi; otherwise Xi remains unchanged (43)

The sequential use of the exploration and exploitation phases provides a bal-
ance between searching different regions of the solution space and refining promising
dispatch solutions.

5.4. Comparative Optimization Framework

In the proposed energy management system, POA is used as the optimization engine
for solving the economic dispatch problem of the interconnected NMGs. Each candidate
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solution represents a possible dispatch of the controllable generation units over the con-
sidered scheduling period. Renewable generation is determined from the available PV
and wind profiles, while the BESS operates according to the surplus/deficit power and
SOC model.

To evaluate the performance of POA for the considered NMG economic dispatch
problem, its performance is compared with three established metaheuristic optimization
algorithms: PSO, GA, and GWO. All algorithms are implemented under the same com-
putational settings to provide a consistent comparison. For all algorithms, the population
size is set to 100, and the maximum number of iterations is set to 1000. The stopping
criterion is reaching the maximum number of iterations. Each algorithm is independently
executed ten times for each investigated case. The comparative assessment considers the
obtained operating cost, convergence behavior, and run-to-run solution variability. The
main optimization parameters used in the comparative study are summarized in Table 1.
All compared algorithms use the same objective function, system constraints, population
size and maximum number of iterations. This provides a consistent basis for evaluating
the performance of POA against PSO, GA and GWO.

Table 1. Main parameters of the optimization algorithms.

Algorithm Parameter Value/Setting

POA
Exploration random coefficient, r1 U(0, 1)

Integer coefficient, I Randomly selected 1 or 2
Exploitation random coefficient, r2 U(0, 1)

PSO
Inertia weight, w Linear reduction from 0.9 to 0.1

Cognitive coefficient, c1 2
Social coefficient, c2 2

GA

Crossover probability, Pc 0.80
Crossover type Whole arithmetic

Crossover coefficient, alpha U(−0.5, 1.5)
Mutation probability, Pm 0.05

GWO
Control parameter, a Linearly reduction from 2 to 0
Random coefficients U(0, 1)

6. Simulation Results
The simulation studies are performed on a computer equipped with an Intel Core

i5 (7th generation), 12 GB memory, and a 4 GB GPU by using MATLAB 2023. The Cost
parameters of the distributed energy resources are adopted from [33], as shown in Table 2.
Both normal operation and emergency conditions are considered in this study.

Table 2. Cost parameters of the distributed energy resources [33].

Unit Type Parameter

MTs CMT
OP = 13.12 $/MWh, CMT

MA = 12.5 $/MWh, EMMT
CO2 = 760 kg/MWh, TaxEM = 0.03 $/kg, FLMT

c = 0.02
WTs CWT

OP = 0.84 $/MWh, CWT
MA = 0.8 $/MWh, FLWT

c = 0.02
PV units CPV

OP = 0.95 $/MWh, CPV
MA = 0.9 $/MWh, FLPV

c = 0.02
BESS CBESS

OP = 0.95 $/MWh, CBESS
MA = 0.9 $/MWh, FLBESS

c = 0.02

The following assumptions are made:

1- Each MG includes one MT operating as a base generator, supplying constant power
throughout the 24 h period.
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2- MTs have the same operation cost coefficient, maintenance cost coefficient and CO2

gas emission factor.
3- WTs have the same operation cost and maintenance cost coefficients.
4- PV units have the same operation cost and maintenance cost coefficients.
5- MTs, WTs, PV units and BESS have the same fatigue life rate.

6.1. Case 1: Normal Operation

This case investigates the optimal scheduling of the three MGs over a 24 h period
under normal operating conditions. Figures 5–7 show the optimal active-power schedules
obtained using POA for MG-1, MG-2, and MG-3, respectively. Table 3 compares the
performance of POA with PSO, GA, GWO, and the case without optimization. The without-
optimization case represents conventional operation, in which the dispatchable sources
operate according to predefined schedules without applying an economic optimization
algorithm. The generator operating points are obtained from the load-flow analysis and
are directly used to calculate the corresponding operating cost.

Compared with the case without optimization, POA reduces the total operating
cost by approximately 7.91%, 4.78%, and 0.88% for MG-1, MG-2, and MG-3, respectively.
Moreover, POA achieves the lowest operating cost compared to all (PSO, GA, GWO)
optimization algorithms for the three MGs. The corresponding energy-loss reductions
are approximately 12.12%, 4.00%, and 6.78%, respectively. These results demonstrate
the favorable economic performance of POA while maintaining low energy losses under
normal operating conditions.

Table 3. Summary of results for case 1.

MG No. Factor Without
Optimization POA PSO GA GWO

MG-1
Total Cost ($) for one day 10,556.10 9720.80 9728.90 9728.20 9872.80
Energy Losses (MWh) 0.99 0.87 0.88 0.89 0.94

MG-2
Total Cost ($) for one day 7338.81 6987.80 7013.40 7000.20 7008.70
Energy Losses (MWh) 0.25 0.24 0.27 0.29 0.29

MG-3
Total Cost ($) for one day 8991.72 8912.80 8957.30 8922.20 9046.80
Energy Losses (MWh) 0.59 0.55 0.55 0.57 0.56
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Figure 5. MTs and battery output power results for MG−1.
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Figure 6. MTs and battery output power results for MG−2.
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Figure 7. MTs and battery output power results for MG−3.

6.2. Case 2: Emergency Case

In emergency cases, the studies considered both generation deficiency and line fault
leading to generation outage. The MG affected by emergency will receive power support
from the neighboring MGs. The emergency times are selected when the output of the RES
is low and the BESS is inactive in order to clearly demonstrate the influence of the NMGs
under emergency conditions. Immediately after a contingency, all loads of NMGs will be
supplied from all available DERs without applying the optimization algorithm to maintain
the load adequacy; then, when the system reaches steady state, the optimization algorithm
will redistribute the power economically among all available MTs.

6.2.1. Case 2-a: MT Outage in MG-2

In this case study, MT-5 in MG-2 is assumed to be out of service during a specified
period from 8:00 p.m. to 11:00 p.m., and the analysis is performed over 3 h in steady state.
MG-2 will require power support from the other MGs. At 8:00 p.m., the total load demand
of MG-2 will reach 4.900 MW, while the total available power generated from the DERs
in MG-2 after the outage of MT-5 will be 3.879 MW, which will not be sufficient to supply
the required load demand, resulting in a power deficiency of 1.021 MW. The deficiency
in power at 9:00 p.m., 10:00 p.m., and 11:00 p.m. can be calculated in the same manner,
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which will be 1.013 MW, 1.019 MW, and 1.142 MW, respectively. To address this shortage,
the optimization algorithm will redistribute the power economically for all available MTs.
Figure 8 shows the optimal active power generation schedules for all MTs using the POA
algorithm for case 2-a.
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Figure 8. Case 2-a: MTs output power results by using POA.

6.2.2. Case 2-b: MT Outage in MG-2 and MG-3

In addition to the MT-5 outage in MG-2, MT-8 in MG-3 is also assumed to be out of
service during the same time period. Consequently, MG-3 experiences a power deficit of
0.436 MW, 0.439 MW, 0.466 MW, and 0.677 MW at 8:00 p.m., 9:00 p.m., 10:00 p.m., and
11:00 p.m., respectively. Figure 9 shows the optimal active power generation schedules of
all MTs obtained using the POA algorithm for Case 2-b.
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Figure 9. Case 2-b: MTs output power results by using POA.

6.2.3. Case 2-c: Line Fault Occurrence

In this case study, a fault is assumed to occur on line-21 during the specified period
from 1:00 a.m. to 4:00 a.m., causing the loss of MT-6 and Load-18. Consequently, MG-
2 experiences power deficiencies of 0.142 MW, 0.230 MW, 0.246 MW, and 0.242 MW at
1:00 a.m., 2:00 a.m., 3:00 a.m., and 4:00 a.m., respectively. Figure 10 shows the optimal
active power generation schedules of all MTs by using the POA algorithm.
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Figure 10. Case 2-c: MTs output power results by using POA.

Table 4 summarizes the total operating cost and energy losses during the outage period
for Cases 2-a, 2-b, and 2-c. Compared with the case without optimization, POA reduces
the operating cost by approximately 2.15%, 0.63%, and 4.33% for Cases 2-a, 2-b, and 2-c,
respectively. POA also achieves the lowest operating cost among PSO, GA, and GWO
in all three emergency cases. In addition, the corresponding reductions in energy losses
are approximately 10.81%, 8.33%, and 35.00%, respectively. These results demonstrate the
effectiveness of POA in improving the economic operation of the NMGs during emergency
conditions while maintaining low energy losses.

Table 4. Summary of results for case 2.

Case No. Factor Without
Optimization POA PSO GA GWO

Case 2-a
Total Cost ($) during outage period 5749.32 5625.90 5629.00 5636.70 5664.00
Energy Losses (MWh) during
outage period 0.37 0.33 0.34 0.35 0.35

Case 2-b
Total Cost ($) during outage period 5713.26 5677.40 5680.30 5692.5 5686.9
Energy Losses (MWh) during
outage period 0.36 0.33 0.33 0.33 0.36

Case 2-c
Total Cost ($) during outage period 5996.20 5736.40 5741.70 5743.60 5768.00
Energy Losses (MWh) during
outage period 0.20 0.13 0.13 0.13 0.16

6.3. Statistical Comparison and Convergence Analysis

To further evaluate the performance of POA, a comparative analysis is conducted
against PSO, GA, and GWO for all studied cases. All algorithms are implemented using the
same population size and maximum number of iterations and are independently executed
ten times for each case. The comparison considers the minimum, maximum, and mean
operating costs, solution variability represented by the standard deviation percentage
(SD%), network losses, computational time, and convergence behavior.

Figure 11 compares the convergence characteristics of POA, PSO, GA, and GWO for
all cases. The results show that POA rapidly approaches a low objective-function value
and maintains favorable convergence behavior throughout the optimization process. In
all cases, POA reaches the lowest final mean objective-function value compared with the
other algorithms.
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Figure 11. Convergence characteristics of POA, PSO, GA, and GWO for the investigated cases:
(a) Case 1–MG1, (b) Case 1–MG2, (c) Case 1–MG3, (d) Case 2-a, (e) Case 2-b, and (f) Case 2-c.

Table 5 presents the statistical performance comparison of POA, PSO, GA, and GWO
over ten independent runs for all studied cases. The results show that POA consistently
achieves the lowest mean operating cost across all cases, indicating its superior economic
performance under the considered operating conditions. In addition, POA exhibits low SD
values, indicating good run-to-run consistency and low solution variability. The network
losses obtained using POA are either the lowest or comparable to those obtained by the
benchmark algorithms. Regarding computational time, POA generally requires a slightly
higher execution time than the other algorithms; however, the difference remains acceptable
for the considered steady-state economic dispatch problem. Overall, the results indicate
a favorable trade-off between solution quality, solution consistency, and computational
effort, with POA providing the best overall economic performance under the adopted
simulation settings.
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Table 5. Performance comparison of POA, PSO, GA, and GWO for all investigated cases.

Case No Optimization Min Cost Max Cost Mean Cost SD
(%)

Losses
(MW)

Mean Time
(s/run) + SD

Case1-MG1

POA 9718.20 9724.40 9720.80 0.03 0.87 4.12 ± 0.41
PSO 9724.50 9737.40 9728.90 0.08 0.88 3.86 ± 0.51
GA 9719.00 9737.60 9728.20 0.10 0.89 3.61 ± 0.81

GWO 9851.50 9914.10 9872.80 0.36 0.94 3.47 ± 0.24

Case1-MG2

POA 6986.10 6990.80 6987.80 0.04 0.24 3.71 ± 0.27
PSO 7005.60 7017.70 7013.40 0.10 0.27 2.83 ± 0.45
GA 6992.40 7006.60 7000.20 0.10 0.29 2.53 ± 0.09

GWO 6991.80 7037.90 7008.70 0.36 0.29 2.75 ± 0.15

Case1-MG3

POA 8910.40 8916.10 8912.80 0.03 0.55 3.82 ± 0.34
PSO 8933.30 8974.00 8957.30 0.24 0.55 3.63 ± 0.42
GA 8916.00 8930.40 8922.20 0.08 0.57 3.60 ± 0.22

GWO 9036.00 9055.60 9046.80 0.11 0.56 3.93 ± 0.17

Case 2-a

POA 5625.70 5626.10 5625.90 0.01 0.33 2.91 ± 0.14
PSO 5626.90 5631.60 5629.00 0.04 0.34 2.61 ± 0.32
GA 5632.30 5640.40 5636.70 0.07 0.35 2.28 ± 0.87

GWO 5638.10 5695.00 5664.00 0.51 0.35 2.30 ± 0.13

Case 2-b

POA 5677.10 5677.70 5677.40 0.01 0.33 2.09 ± 0.17
PSO 5678.40 5682.30 5680.30 0.03 0.33 1.84 ± 0.22
GA 5691.70 5693.00 5692.50 0.01 0.33 1.81 ± 0.26

GWO 5684.40 5689.30 5686.90 0.04 0.36 1.89 ± 0.16

Case 2-c

POA 5735.90 5736.60 5736.40 0.01 0.13 2.48 ± 0.22
PSO 5739.40 5743.20 5741.70 0.03 0.13 1.77 ± 0.21
GA 5740.10 5749.90 5743.60 0.09 0.13 2.31 ± 0.74

GWO 5750.70 5786.00 5768.00 0.31 0.16 2.07 ± 0.34

7. Conclusions
The simulation studies described in this paper have shown that the proposed POA

can be effectively applied to NMGs to achieve optimal operation with reduced operating
costs and energy losses under both normal and emergency conditions. In normal operation,
each MG operates to minimize the operating cost and maintain self-sufficiency. The
considered emergency cases leading to generation outage include generation deficiency
and line fault. During emergency conditions, the affected MG receives power support
from the neighboring MGs. A two-level energy management system is designed, where
the lower-level EMS operates during normal conditions, while the higher-level EMS is
activated during emergency conditions. The self-healing analysis focuses on the final
restoration stage after fault detection and isolation, where optimal power redispatch and
power exchange among the interconnected MGs are performed under a stable post-fault
topology. Additionally, network energy losses are considered in the optimal operation of
NMGs under both normal and emergency conditions.

The results demonstrate the effectiveness of POA in improving the economic perfor-
mance of NMGs. In normal operation, the operating cost is reduced by approximately
7.91%, 4.78%, and 0.88%, while energy losses are reduced by approximately 12.12%, 4.00%,
and 6.78% for MG-1, MG-2, and MG-3, respectively, compared with the case without opti-
mization. During emergency conditions, POA reduces the operating cost by approximately
2.15%, 0.63%, and 4.33%, while energy losses are reduced by approximately 10.81%, 8.33%,
and 35.00% for Cases 2-a, 2-b, and 2-c, respectively. Furthermore, comparison with PSO,
GA, and GWO under the same computational settings shows that POA achieves the low-
est mean operating cost across all study cases. The statistical and convergence analyses
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also demonstrate low run-to-run variability and favorable convergence behavior of POA.
Although POA requires slightly higher computational time than some of the benchmark
algorithms, the computational differences remain relatively small, indicating a favorable
trade-off between solution quality and computational effort. Also, the results highlight the
capability of the networked microgrids to enhance system resilience while simultaneously
improving economic performance.
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Nomenclature

Functions
EMcost Emission cost
Fuelcost Fuel cost
FLcost Fatigue life cost
MAcost Maintenance cost
OPcost Operation cost
Parameters
A Area of PV Array
B Quadratic term of B-matrix
B0 Linear term of B-matrix
B00 Constant terms of B-matrix
CFL Coefficient of fatigue life cost ($/MWh)
CMA Coefficient of maintenance cost ($/MWh)
COP Coefficient of operation cost ($/MWh)
EMCO2 CO2 gas emission factor (kg/MWh)
FLC Fatigue life coefficient
NBESS Total number of BESS
NMG Total number of MGs
NMT Total number of MTs
NPV Total number of PV panels
NWT Total number of WTs
Nw Number of wind units
Pa Power of PV array (kW)
Pbase Base power (MW)
PBESS Power of BESS (MW)
Pexcess Excess power (MW)
PLoad Load demand power (MW)
PLoss Power losses (MW)
PMT Power output of MT (MW)
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PPV Power output of PV system (MW)
PRE Renewable energy power (MW)
Pr Rated power of WT (kW)
PWT Power output of WT (MW)
SOC State of charge of BESS (%)
SOCmax Maximum state of charge (%)
SOCmin Minimum state of charge (%)
SR Solar radiation (W/m2)
TaxEM Penalty for emission gases ($/kg)
Rdown Ramp-down limit (MW)
Rup Ramp-up limit (MW)
ai, bi, ci Fuel cost coefficients ($/MWh)
ho Reference height (m)
v Actual wind velocity (m/s)
vc Cut-in wind velocity (m/s)
vf Cut-off wind velocity (m/s)
vr Rated wind velocity (m/s)
α Coefficient of friction at the ground surface
β Fatigue rate
∆t Time step duration (s)
ηa PV array conversion efficiency (%)
ηw Wind turbine efficiency (%)
ηch

BESS BESS charging efficiency (%)
ηdch

BESS BESS discharging efficiency (%).

Appendix A

Table A1. Line lengths [26].

Line No Length
(km) Line No Length

(km) Line No Length
(km) Line No Length

(km)

Line-1 1.100 Line-11 0.330 Line-21 0.320 Line-31 4.890
Line-2 1.200 Line-12 1.100 Line-22 4.890 Line-32 3.550
Line-3 1.000 Line-13 4.890 Line-23 3.550 Line-33 1.100
Line-4 0.610 Line-14 2.990 Line-24 1.100 Line-34 1.000
Line-5 0.560 Line-15 1.300 Line-25 1.000 Line-(1-2) 3.000
Line-6 1.540 Line-16 0.560 Line-26 3.300 Line-(1-3) 3.000
Line-7 0.240 Line-17 3.300 Line-27 1.610 Line-(2-3) 3.000
Line-8 1.670 Line-18 1.610 Line-28 1.540
Line-9 0.320 Line-19 1.540 Line-29 0.240
Line-10 0.770 Line-20 0.240 Line-30 0.320

Table A2. BESS data.

Type Capacity
(MWh)

Pch.max
(MW)

Pdch.max
(MW)

ηch&dch
(%) SOCmax (%) SOCmin (%) Bus NO

BESS-1 2.5 1.5 0.8 95 100 30 17
BESS-2 1.5 1.0 0.5 95 100 30 37
BESS-3 1.5 1.0 0.5 95 100 30 52
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Table A3. MT data [9].

Type a
($/MW2)

b
($/MW)

c
($) Pmax(MW) Type a

($/MW2)
b

($/MW)
c

($) Pmax

MT-1 0.0500 25.000 15.000 3.5 MT-7 0.026 29.325 18.325 2.0
MT-2 0.0650 30.122 9.922 2.5 MT-8 0.065 30.122 9.922 2.5
MT-3 0.0650 30.122 9.922 2.5 MT-9 0.026 29.325 18.325 2.0
MT-4
(Base) 0.0195 28.664 18.660 1.5 MT-10 0.035 34.188 18.320 1.5

MT-5 0.065 30.122 9.922 2.5 MT-11
(Base) 0.029 36.297 17.950 1.0MT-6

(Base) 0.029 36.297 17.950 1.0

Table A4. Transformer data [27].

TR No. Rating
(MVA)

No- Load
Losses
(kW)

Load
Losses
(kW)

Impedance
(%) TR No. Rating

(MVA)

No- Load
Losses
(kW)

Load
Losses
(kW)

Impedance
(%)

TR-1 5.00 5.0 3.9 7.15 TR-14 2.00 2.1 1.9 6.00
TR-2 3.15 3.5 2.5 6.25 TR-15 3.15 3.5 2.5 6.25
TR-3 3.15 3.5 2.5 6.25 TR-16 3.15 3.5 2.5 6.25
TR-4 1.25 2.6 1.3 5.40 TR-17 1.25 2.6 1.3 5.40
TR-5 1.25 2.6 1.3 5.40 TR-18 2.00 2.1 1.9 6.00
TR-6 1.25 2.6 1.3 5.40 TR-19 3.15 3.5 2.5 6.25
TR-7 1.25 2.6 1.3 5.40 TR-20 3.15 3.5 2.5 6.25
TR-8 3.15 3.5 2.5 6.25 TR-21 2.00 2.1 1.9 6.00
TR-9 2.00 2.1 1.9 6.00 TR-22 3.15 3.5 2.5 6.25

TR-10 3.15 3.5 2.5 6.25 TR-23 3.15 3.5 2.5 6.25
TR-11 3.15 3.5 2.5 6.25 TR-24 1.25 2.6 1.3 5.40
TR-12 2.00 2.1 1.9 6.00

TR-25 2.00 2.1 1.9 6.00TR-13 2.00 2.1 1.9 6.00

Table A5. RES data.

Type Active Power
(MW) Bus No.

PV-1 1 19
PV-2 1 20
PV-3 1 21
PV-4 1 22
WT-1 2 18
WT-2 2 24
PV-5 1.5 35
PV-6 1.5 39
WT-3 1.5 36
PV-7 2 50
WT-4 2.5 51

Table A6. Solar radiation, temperature and wind velocity data [29].

Time
(h)

Radiation
(W/m2)

Temperature
(◦C)

Wind Velocity
(m/s)

0 0.00 31.22 5.40
1 0.00 30.47 5.27
2 0.00 29.83 5.03
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Table A6. Cont.

Time
(h)

Radiation
(W/m2)

Temperature
(◦C)

Wind Velocity
(m/s)

3 0.00 29.28 4.78
4 0.00 28.81 4.51
5 16.02 28.76 4.70
6 176.65 30.48 5.44
7 407.38 33.63 5.22
8 632.98 37.44 6.53
9 821.33 39.68 6.47

10 956.08 41.33 6.48
11 1006.10 42.51 6.53
12 1006.58 43.23 6.63
13 934.80 43.51 6.93
14 796.73 43.27 7.27
15 602.48 42.61 7.46
16 373.15 41.48 7.44
17 145.15 39.87 6.71
18 8.83 36.86 4.94
19 0.00 35.46 5.85
20 0.00 34.21 6.20
21 0.00 32.94 6.11
22 0.00 31.77 5.97
23 0.00 30.61 5.57

Table A7. Load data.

Load Active Power
(MW)

Reactive Power
(MVAR) Load Active Power

(MW)
Reactive Power

(MVAR)

Load-1 0.850 0.362 Load-15 0.750 0.319
Load-2 0.550 0.234 Load-16 0.450 0.192
Load-3 0.350 0.149 Load-17 0.650 0.277
Load-4 0.850 0.362 Load-18 0.450 0.192
Load-5 1.000 0.426 Load-19 1.300 0.554
Load-6 1.000 0.426 Load-20 0.850 0.362
Load-7 0.650 0.277 Load-21 0.550 0.234
Load-8 0.350 0.149 Load-22 1.300 0.554
Load-9 0.450 0.192 Load-23 0.850 0.362

Load-10 0.650 0.277 Load-24 0.550 0.234
Load-11 0.650 0.277 Load-25 0.750 0.319
Load-12 0.300 0.128 Load-26 0.650 0.277
Load-13 0.350 0.149 Load-27 1.500 0.639
Load-14 0.250 0.106 Load-28 0.900 0.383
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