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ABSTRACT: The operational flexibility and reliability of Multi-Microgrid (MMG) networks have been greatly
increased by the growing adoption of Distributed Generation (DG) within the operational framework of the contem-
porary power infrastructure. Optimal location and size of DG units are, however, significant issues since the problem
is complex, nonlinear, and multi-objective. A proposed study will develop a sophisticated optimization model using
the Spider Wasp Optimization (SWO) algorithm to optimally allocate and size DGs in MMG systems. The goal of
the proposed approach is to reduce essential economic goals, such as total operating cost, Levelized Cost of Energy
(LCOE), and Total Present Worth (TPW), and meet the system requirements, such as power balance, voltage limits, and
generation capacity. The study aims at examining the DG sizing and location in Multi-Microgrid system considering
the uncertainties in load and power generation This is possible because a decrease in the Total Present Worth (TPW)
of 434.25 million to 404.52 million and the Levelized Cost of Energy (LCOE) is narrowed to 0.174/kWh to use the
Spider Wasps Optimization (SWO) algorithm to determine the optimal of the DG sizes and locations. This optimization
method considers the fluctuation in the energy demand, the generation information, and the dynamic energy prices.
The effectiveness of the suggested methodology can be explained by the fact that its results are compared to the outcomes
of the implementation of the algorithms of the Grey Wolf Optimization (GWO) and Cyclonic Convergent Particle
Swarm Optimization (CCPSO). The Spider Wasps Optimization (SWO) algorithm demonstrates better results in lower
TPW, system size, as well as minimization of LCOE, besides converging faster than GWO, CCPSO, and PSO algorithms,
which translates to an accurate and reliable algorithm.

KEYWORDS: Distributed Generation; Total Present Worth; Multi-Microgrid System; Levelized Cost of Energy; Spider
Wasps Optimization Algorithm

1 Introduction

Decentralized energy production (DEP) makes the energy network more resilient to disruptions and
blackouts, as it is not dependent on large-scale power stations. It is crucial in providing a stable power
supply in cases of emergencies, as it produces electricity in proximity to the point where it is required.
A good location of Distributed Generation (DG) [I] can offer backup power when there is a power
outage, thus enhancing the stability and reliability of the energy distribution, particularly in critical or
remote locations. Localized energy production (LEP) [2] can assist in putting the strain on the available
electrical grids. Appropriate decentralization of renewable-based generation [3], including solar or wind,
will maximize the use of the resources and provide seamless integration of the power into the grid. Also,

the use of distributed generation systems will reduce voltage fluctuations, thus enhancing the quality of
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the entire supply of electricity to end consumers. The process of establishing the optimum configuration of
a multi-microgrid will entail establishing connections among various microgrids to achieve an increment
of power loss reduction and operating cost, as well as the scale of distribution and transmission network
to control energy flow and system stability. Long-term financial sustainability is the main objective of
microgrid configuration design. The major consideration in order to maximize cost-effectiveness and
technical feasibility is strategic placement and optimal sizing of Distributed Energy Resources (DERs) [4].
By implementing this methodology, the result is the reduction of the general spending in a meticulously
established deployment of DER components. The authors [5-8] point to such essential issues in microgrid
planning as the choice of DERs and their location to ensure minimum costs in capital and minimize the
losses in power during the implementation and optimization of the schedule to ensure minimal operational
costs. The Genetic Algorithm (GA) [9,10] and Particle Swarm Optimization (PSO) [11-13] are among the
most popular that have been used to a significant extent in the placement and sizing of DGs. These algorithms
have good capability of searching the world and tend to have problems of premature convergence and slow
convergence rate in a complex search space. To address these drawbacks, several new advanced and nature-
inspired algorithms have been presented. They have proposed various optimization strategies to address
some of the problems in MG planning. As highlighted in [14-16], the introduction of MMGs has led to a
substantial increase in the complexity of managing multiple interconnected coordinate systems. Optimizing
energy exchange, reducing the cost of operation, and enhancing the reliability of systems are the major goals
of MMG energy management systems (EMS).

The scheme of the Multi-Microgrid system is shown in Fig. 1. References [17-19] present an uncertainty
in distributed generation (DG) resources that is taken into account during the enhancement of DG system
design, primarily to minimize operational expenses. A table presents a summary of previous research on
the optimal placement and sizing of DG units, focusing on uncertainty management through stochastic
analysis. Distributed Generation (DG) provides a number of key benefits for today’s power systems. It helps
in reducing transmission and distribution losses, as it generates power nearer to the load centers. DG also
helps to improve the voltage profile and increase system stability, especially in radial distribution networks.
Moreover, it enhances the reliability and resilience of the system as it lessens the reliance on centralized
generation. Further, the introduction of renewable energy-based DG (REDG), such as Solar and Wind
power, is towards environmental sustainability by reducing greenhouse gas emissions (GHGs). Furthermore,
DG offers the possibility of system modulations and expansions, which are important for smart grid and
microgrid developments.

Table 1 is a summary of the literature review on the best location and sizing selection of Distributed
Generation. Based on the work done above, it offers a bi-level optimum planning model, which will help
maximize the sizing of MMG, but uses the instantaneous variations of the price of energy. This problem
can be tackled in [20] by optimizing the size of DERs, considering the uncertainties and energy trading
processes, and in the end minimizing the overall cost of the MMG. There is a need to ensure that they
are validated through the assistance of optimization techniques. In this study, a new optimization method
is presented, the spider wasp’s optimization algorithm, which will be used to figure out the best size and
location of photovoltaic DG units. The objectives include achieving a reduction in the total active power loss,
economic losses per year, and improving the voltage profile. This study has contributed significantly to the
field of knowledge in the following ways:

«  Implementation of a Spider Wasps Optimization (SWO) technique to enhance power through DGs in
Multi-Microgrid systems.

o Implementing the Spider Wasps Optimization (SWO) optimization technique to reduce the Total
Present Worth (TPW) of the entire MMG system.
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o  Utilizing the Spider Wasps Optimization (SWO) method to validate the optimal positioning and size
rating of DGs in an MMG system.

«  Highlighting the importance of incorporating DGs into the MMG system, demonstrating that properly
deployed DGs can minimize overall losses and improve the profile of voltage, while maintaining
compliance with network design constraints.

« Combines the expansion of loads and contingencies of DGs and load demand in planning and
operational models of optimal deployment of DGs.
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Figure 1: Scheme of a multi-microgrid system.

Table 1: Summary of the existing research on the best location and sizing selection of distributed generation.

Existi Method of
SXISUng Outcome erhoc o Target Drawbacks
Literature Optimization

Focuses on optimization of
the planning and
[11] operational costs in
high-penetration
renewable energy sources.

The system model fails to
consider the cost of energy.
Highly computed and
time-consuming.

Integration and
comprehensive planning of
renewable energy sources.

Grey Wolf
Optimization

Use of Particle Swarm

Targets the reduction of o L The model fails to take into
Optimization and Reduction in the cost of . . -
network costs and . . . . consideration uncertainties
[12] Genetic Algorithms operation and increased L . .
enhancement of access to oy in microgrid generation
methods that are of a system reliability.

AC/DC infrastructure. and load profiles.

multi-objective type

(Continued)



Energy Eng. 2026;123(10):19

Table 1 (continued)

Ij]xxstmg Outcome Me.:th.o d (,)f Target Drawbacks
Literature Optimization
The DERs are o.pt1r¥1a1 in th1mal scaling of System reliability is not
the sense that sizing is done distributed energy

(13]

as a result of energy trading
mechanisms.

Frog Leap, GA

resources with an energy
management system.

taken into consideration in
the model.

The findings demonstrate
that the probabilistic
strategy is more successful
than the preset
(deterministic) strategy.

Firefly optimization

Reduction in the cost of
operation and emissions.

The model is not able to
consider the dynamics of
power distribution in real

time.

(15]

Reduction of the total cost
and better system
performance.

Whale optimization

Reduction of cost and

enhanced voltage stability.

Energy market uncertainty
is not witnessed in the
model.

[16]

The maximization of the
profit of each microgrid
leads to improved
participation.

NSGA-II

Increase in the system
power generation cost.

The operation of the system

is limited due to the system
constraints.

(17]

Focuses on reducing daily
operating costs along with
minimizing power losses.

Modified PSO, GA

Reduction of its

expenditures and increased

use of renewable energy
resources.

The model does not take
into consideration the
equilibrium of microgrids.

(18]

Enhanced load demand
during peak hours and
improvement in efficiency.

Jaya optimization

Optimization of operating
cost through coordination

of demand response.

It does not consider the
energy market model.

(19]

Optimization of generation
cost at realistic modeling of
uncertainty.

Modified GWO

Operating cost and
emission reduction.

The model fails to make use
of Energy Storage Systems
(ESS) to enhance
performance.

While the objective of this study is mainly technical optimization of the placement and size of
distributed generation (DG), social and institutional factors are also important. The introduction of DG will
depend on the willingness of stakeholders as well as regulatory policies and supportive infrastructure. The
actual viability of the suggested configurations may be influenced by various factors, including consumer
participation, policy incentives, and organizational readiness. Future research could therefore consider
socio-economic and regulatory issues along with technical optimization so as to create a more comprehensive
framework. It is worth highlighting that distributed power generation encompasses off-grid or standalone
power generation, especially in remote and rural locations where access to the electric grid is limited. This
study targets grid-connected DG, but off-grid systems also have a major role in decentralized energy access.
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Novelty

The novelty of this work is that, in addition to the application of the Spider Wasp Optimization (SWO)
algorithm, it has also been able to effectively deal with the nonlinear and multi-objective nature of the
DG placement and sizing problem. SWO is better than the traditional metaheuristic methods with respect
to the exploration—exploitation balance, convergence speed, and local optima avoidance. Moreover, it
can be extended to multi-microgrid optimization, which will lead to more robust solutions under various
operating conditions.

2 Configuration of Multi-Microgrid System

Recent research has also shown the importance of social and organizational aspects in addition
to technical aspects of distributed generation systems, focusing on the role of energy communities and
decentralized institutional structures in shaping distributed generation systems. All Distributed Generations
(DGs), both established and newly incorporated ones, are strictly regulated to bring the maximum economic
rewards, with those that are limited by emission obligations. This study, in [19], concentrates on two trendy
BTM services, namely the utilization of DERs to reduce the cost of energy consumption and demand.
Moreover, the process can be adjusted to provide grid services such as energy arbitrage, frequency regulation,
and deferring significant asset upgrades. In the event of any power failure, the system operates in isolated
mode [20], relying on all accessible DGs to meet the required local power generation. The aim, considering
the economic characteristics of different DG options, is to minimize the net costs and guarantee the existence
of the microgrid in case of an unexpected power outage. In this case, reliability is defined as the microgrid’s
ability to remain operational during an outage. Fig. 2 presents the structure of a multi-Microgrid system,
which consists of a distribution network, which is combined with a multi-microgrid system.

i MG3
23 24 25 I I . I | | |
I | 26 27 28 29 30 31 32 33
01 02 03 04 05 06 07 08 09 10 1" 12 13 14 15 16 17 18
MG2
|7 || e @ -os
N — BUs

Figure 2: Modified 33 bus system and subdivision of zones of microgrids.
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2.1 Distributed Generators

Distributed Generation (DG) is the modeling of small-scale power generation units that are put near
the demand they are intended to fulfill. It is necessary to model DGs in order to examine their effects on
power systems, optimize their use, and properly integrate them with the grid.

2.1.1 Photovoltaic System Modeling

Mathematical modeling of photovoltaic (PV)-based systems is critical in designing and optimizing the
performance and optimization of solar energy systems. Effective modeling guarantees that PV systems will
have the ability to satisfy energy requirements at the bare minimum costs and maximum efficiency. These
arrays have their power output under the influence of sun irradiation and may be potentially computed by
the formula below [21]:

PSOI{H =M % PmSolar * It/looo (1)

In this case, Ps,,, is the power generated by photovoltaic panels and Py, is the power that the
individual array generates at that point in time of I; = 1000, I; is the amount of sunlight hitting the solar PV
panel, and M is the number of PV modules.

2.1.2 Fuel Cell Modeling

Fuel cell modeling is concerned with the simulation and evaluation of the performance under varying
operating conditions. Their design and control methods [22] require accurate modeling so as to be enhanced.

1.45(m’) » 3,39 Wh

+ +0.96 % 777 = 2.08kWh (2)
m

2.1.3 Wind Turbine Modeling

The simulation of the wind turbine helps to improve turbine design, determine the feasibility of wind
energy projects, and add wind power to larger electrical grids. Factors like the speed of wind, the density of
air, and the structure of the turbine determine the efficiency of a wind turbine. Wind power is also a possible
alternative because it is a renewable power source, and it is available a lot. The modelling equation of wind
turbines is presented below [23]:

0 VSVC—in)VEVC—fo
((V_ Vc—in)
PWmax>< V—inSVSVd (3)
(Vrtd_ Vc—in))3 ‘ "
Pra Vita £V < Vc—off

2.2 Consideration of Load Growth

This is the prediction of increased load of electricity within a 24-h period over a given area or power
system. Proper development of dynamic load models is critical to the proper design and growth of the
electrical systems to ensure the reliability of the future provision of energy demands. The growing power
demand in the networks is stimulated by various reasons, including population growth and the creation of
new industrial plants. The coeflicient of demand growth in all categories of loads in any year is shown in [24]
below:

le — Cm % Plinitial (4)
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where P" is the duration of the load cycle at m™ year, C,, is the growth in load coefficient, Pj""% is the
duration of the load cycle at the initial year.

2.3 Uncertainty Modeling

The uncertainty in distributed generation deals with the exploration of the uncertainty and potential
inaccuracies of the performance and integration of the distributed energy resources. This entails the study
of factors such as the generation of output, load requirements, and the impact of environmental factors. It is
important to understand these uncertainties in order to plan, operate, and integrate DG into the electricity
system optimally. The output power of PV and wind can be predicted, but it has various uncertainties which
arise from the unpredictability of DGs, such as PV radiation and wind speed. Therefore, in order to ensure
effective planning and utilization of renewable resources, it is important to incorporate such uncertainties in
the forecasting. In order to compute the uncertainties, forecast the PV radiation, wind, and demand of the
load. Finally, Eqs. (1) and (2) can be used to determine the power produced by solar and wind. One must
keep in mind that deviations between the expected figures and the actual numbers measured by [25] are
always possible:

dPy = 0.8 + \/Py (5)
dPPV =0.7 %/ PPV (6)
dPL =0.6 */ PL (7)

This study’s uncertainty analysis is performed using pre-specified variations in the input parameters
that represent, albeit simplistically, the real-world variations. Uncertainties related to renewable generation
and load demands may be better represented in future studies using more advanced methods, like stochastic
modeling or scenario-based analysis.

3 Problem Definition

One of the main problems in the optimization of Multi-Microgrid systems is the location, capacity, and
size of Distributed Generation (DG) units that are supposed to be used in order to optimize the total costs
of the whole system and comply with the numerous requirements. As an economic goal, minimizing total
losses in the Multi-Microgrid system is one of the key aims. Technical requirements are crucial limitations,
such as load balance, voltage stability, and power flow regulation, which means that the energy requirements
of the system are supplied by DG-generated electricity. These aspects are outlined as follows: Total Present
Worth (TPW) [18] serves as a crucial financial metric for evaluating the total worth of power generation and
consumption transactions. This research employs TPW to evaluate the overall expenses related to DG units
in the interconnected system. The expenses for every DG encompass capital investment, operational costs,
maintenance, and ancillary expenditures. The Total Present Worth for each DG unit is determined using the
following equation:

Total Present Worth = Npg x (Capital Costrg + RMCprg x Q + OPMCpgry X (8)

1
CR (i, R))
where Ngg is the optimal number of DGs, Capital Costgg is the capital cost of the DG, RMCgg is the
replacement cost of DG units, CR is the capital recovery factor, OPMCry is the operation and maintenance
cost of all DG units.
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CR(jr,R) = M (9)
ok (1+jr)k-1
) 1

L= 10
nZ::l (1+jr)l¢n (1)

p- [?] -1 (1)

where R is the lifetime of the project, and L is the lifetime of each component.

3.1 Cost Required for Total Power Losses

Power loss is a vital element of the total cost and must be included in the objective element. The total
Present Worth for power loss (TPWj,;) is represented by the following equation:

1
Total Present Worth (TPW ,ss) = Ploss * Closs * (m) (12)

where G is the penalty constant for overall losses. Py, is the overall power loss, and CR is the capital
recovery factor.

3.2 Greenhouse Gas Emission Penalties

The cost associated with gas emissions is included as an objective function. The penalty factor for
pollution resulting from carbon emissions is represented by the following equation:

: 1
TPWPenality = Pollution * CPenality * (m) (13)

where TPWpeyqity is the total present worth for gas emission, Cpeyairy is the coefficient of penalty ($/kg) for

different emissions of greenhouse gases.

3.3 Expenses for Fuel

In this work, the electricity is mainly produced due to the fuel natural gas. The Total Present Worth of
natural gas is as follows:

8760
1
TPWier = S [Proe Cruet # E] % ———— 14
fuel ;[fl(Q)*fl* ]*CR(]r,R) (14)

where TPWj,,; is the total present worth for purchasing natural gas from the main grid, E is the quantity of
fuel needed to produce energy of 1 kWh by fuel cell.

3.4 Objective Function
The objective function aims to minimize the Total Present Worth as follows:

TPWrota1 = TPWpy + TPWyying + TPWrc + TPquel + TPWgas emissions + TP Wigss (15)

where TPW,,, is the Total Present Worth for the total MMG system, TPWpy is the Total Present Worth
for the PV generation, TPWy;,4 is the Total Present Worth for Wind energy generation, TPWpc is the Total
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Present Worth for Fuel Cell, TPWF,,; is the Total Present Worth for purchasing gas from the grid, TPW/, is

the Total Present Worth for overall losses.

TPW = Min{TPWroa1 } (16)
Objective Function:

MinF =W« TPW + W, » LCOE 17)

3.5 Constraints

The overall generated power from DGs must be sufficient to supply the required loads while compen-
sating for distribution system losses. Consequently, the load balance constraint is formulated as follows:

PDG(t) +PMainbus(t) = PLoad(t) +PLoss(t) (18)
QMain bus = QLoad(t) + QLoss(t) (19)
DG Constraints:

The power output of DG units must operate within specified upper and lower limits.
PM™ < P; < PP (20)

The setup offering the greatest balance, which reduces the cost and increases reliability, is chosen based
on the Levelized Cost of Energy (LCOE).

Annual System Cost
*

8760
Z PLoad
i=1

LCOE = CR (21)

where LCOE is the Levelized Cost of Energy, Py .4 is the total load connected to the MMG system.

4 Methodology

A Multi-objective formulation is used to decide the optimal DG siting and placement to minimize
the LCOE and Total Present Worth (TPW) using the Spider Wasp Optimization algorithm. Spider Wasps
Optimization (SWO) is a nature-inspired metaheuristic algorithm based on the predatory and reproductive
behavior of spider wasps. These wasps are known for their hunting strategies, where they paralyze spiders and
use them as a food source for their larvae. The SWO algorithm mimics these behaviors to solve optimization
problems efficiently. Spider Wasps Optimization (SWO) is a metaheuristic algorithm inspired by the hunting
and reproductive behavior of spider wasps. These wasps have a predatory behavior that is strategic, whereby
they paralyze spiders as a food supply for the larvae. Based on this natural behavior, SWO is developed to
be efficient in the search and exploitation of the search space in optimization problems. The algorithm starts
by having a preliminary set of possible solutions, which are evaluated according to an objective function. It
is then followed by an exploration phase, where solutions seek superior alternatives on a global scale, and
thereafter, an exploitation phase, where solutions that have been found best can be refined via memory-based
learning. The flowchart of optimal DG sizing is provided in Fig. 3.
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Figure 3: Optimal sizing of DG flowchart proposed algorithm.

The balance aids in avoiding premature convergence and also improves optimization efficiency. A
survival phase is used to select the best solutions, which makes the algorithm move towards an optimal
solution. The use of SWO is beneficial because it effectively examines solutions and it reduces the chances
of local optima. Its adaptability makes it applicable to a wide range of problems, such as renewable energy
optimization, machine learning model tuning, engineering design, and wireless sensor network deployment.
By leveraging the intelligent foraging strategies of spider wasps, SWO provides an effective approach to
solving complex optimization challenges.

Fig. 4 shows the proposed algorithm flowchart, which represents the power balance through DGs in
multi-microgrids, and the implementation of the proposed algorithm is presented in the following section.
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Figure 4: Illustrates the balancing of power through DG in MMG.
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4.1 Pseudo Code
1. Initialize SWO parameters
2. Generate initial population X; (i=1,2,3,...,N)
Each X; contains:
DG locations, DG sizes
3. Check system constraints:
Voltage limits
DG capacity limits
Branch current constraints
4. Conduct load flow analysis of each solution
5. Compute objective function:
F=w; xTPW +w, x LCOE
6. Determine Xpeg;
7. Let t = 1 (iteration counter)
8. While (t < Trax)
For every search agent X. ..
Randomly generate number r; and r,
If exploration condition satisfied then
Update position using exploration:
Xi(t+1) =Xi(t) + 11 x (Xrana — Xi(1))
Else
Update position with exploitation:
Xi(t+1) = Xpest(t) + 12 X (Kpest (1) — Xi(1))
End If
Check feasibility constraints
Evaluate fitness value
If a better solution is found, update Xpest
End For
Store best fitness value
t=t+1
9. End While
End

4.2 Flowchart

The whole procedure of the proposed Spider Wasp Optimization (SWO) algorithm for optimal Dis-
tributed Generation (DG) allocation and microgrid (MG) performance enhancement is shown in Fig. 5. The
algorithm is iterative and finds the best solution through a mixing of exploration and exploitation processes
that mimic the spider wasp’s hunting strategy.



Energy Eng. 2026;123(10):19 13

Initialize optimization
parameters

!

Generate initial population of spider
wasps

|

Calculate the output power generation of]
each MG component

!

Evaluate the fitness function

!

Obtain best spider wasp for the fitness
value

Iter< max.iter?

A 4

A 4

Update positions of spider wasps using

Results: optimized solution hunting and attacking mechanisms

A 4

2 Apply local search and random
perturbation

Output comparison with
CCPSO,GWO, PSO variants

A 4

Calculate Outputs of MG components

|

Evaluate new fitness values

A 4

Update the best solution if a better one
is found

Iter = Iter + 1

Figure 5: Implementation of SWO for the proposed MMG.

5 Simulation Results
Spider Wasp Optimization (SWQ) Validation

The mathematical validation of the proposed Spider Wasp Optimization (SWO) algorithm is reported
in this section by comparing its performance with other optimization algorithms with the help of benchmark
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functions of CEC2020, along with various statistical performance measures. The 10 benchmark functions
are chosen from the CEC2020 test suite for evaluating the effectiveness of the proposed SWO algorithm. For
comparison, the performance of the proposed SWO approach is compared with seven existing optimization
algorithms, such as Grey Wolf Optimization (GWO), Particle Swarm Optimization (PSO), Tabu Search
Algorithm (TSA), Whale Optimization Algorithm (WOA), Stochastic Paint Optimizer (SPO), Harris Hawks
Optimization (HHO), and Sine Cosine Algorithm (SCA). To make a fair and unbiased comparison, each
algorithm is run 30 times for a population size of 30 over a maximum of 1000 iterations. The performance
evaluation is performed on statistical indicators including minimum fitness value, maximum fitness value,
mean fitness value, standard deviation, and p-values of wilcoxon rank-sum test.

Statistical Results

The statistical results of the performance of the proposed SWO algorithm compared to the other
presented optimization techniques in the previous section are shown here. The comparative statistical results
of SWO and existing optimization algorithms on the CEC2020 benchmark functions are shown in Table 2.
As shown from the obtained results, the proposed SWO algorithm provides better performance for most of
the benchmark functions, and it gets the best position in several test cases. The results show the effectiveness,
robustness, and competitive optimization capability of the proposed SWO method. Moreover, the SWO
algorithm shows stable convergence characteristics and consistent optimization performance in comparison
to other competing algorithms, thus attaining optimal/near-optimal solutions for most of the CEC2020
benchmark functions (Table 2). The statistical results for the proposed SWO algorithm are compared to
other optimization algorithms in the CEC2020 benchmark functions for validation purposes. Fig. 6 shows
the validation of the proposed SWO optimization with standard test functions as shown in Fig. 6a-e by
comparing it with other optimization algorithms.

Table 2: Validation of proposed SWO optimization with benchmark test functions.

F Criteria SWO GWO PSO WOA TSA SPO HHO SCA

F1 Min  112E+02 214E+03 2091E+03 3.08E+03 2.97E+03 2.91E+03 2.92E+03 3.12E+03
Max  2.84E+02 3.20E+04 3.19E+03 3.84E+03 3.52E+03 3.24E+03 3.11E+03 3.74E+03
Avg  1.94E+02 2.64E+03 2.97E+03 3.46E+03 3.14E+03 2.94E+03 2.91E+03 3.21E+03
STD  231E+01 4.37E+02 1.72E+02 143E+02 112E+02 9.82E+01 7.21E+01 1.53E+02
Rank 1 8 5 7 6 4 2 3

F2 Min  9.42E+02 2.94E+03 1.90E+03 2.76E+03 2.81E+03 1.88E+03 2.05E+03 3.12E+03
Max  1.61E+03 6.04E+03 3.75E+03 5.78E+03 5.61E+03 3.93E+03 3.84E+03 5.28E+03
Avg  1.24E+03 4.98E+03 2.68E+03 4.22E+03 4.08E+03 3.21E+03 2.96E+03 4.86E+03
STD  9.21E+01 5.32E+02 4.51E+02 6.21E+02 5.64E+02 4.01E+02 3.94E+02 4.92E+02
Rank 1 8 3 7 6 5 2 4

E3 Min  4.81E+02 9.41E+02 751E+02 8.66E+02 8.48E+02 744E+02 8.02E+02 8.91E+02
Max  6.12E+02 117E+03 783E+02 1.02E+03 1.01E+03 9.11E+02 9.74E+02 9.86E+02
Avg  5.34E+02 1.02E+03 761E+02 9.41E+02 9.32E+02 7.82E+02 8.64E+02 9.24E+02
STD 1.82E+01 5.61E+01 2.64E+01 3.02E+01 3.88E+01 2.74E+01 3.51E+01 4.02E+01
Rank 1 8 3 7 6 4 5 2

(Continued)
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Table 2 (continued)

F Criteria SWO GWO PSO WOA TSA SPO HHO SCA

F4 Min  1.82E+03 1.94E+03 1.91E+03 1.93E+03 192E+03 190E+03 1.91E+03 1.98E+03
Max  1.84E+03 193E+05 191E+04 2.18E+04 3.94E+03 1.93E+03 1.91E+03 2.43E+03
Avg  1.83E+03 4.36E+04 5.61E+03 8.22E+03 2.81E+03 1.92E+03 1.91E+03 2.21E+03
STD  4.12E+00 3.21E+04 1.08E+03 1.21E+03 6.42E+02 4.02E+01 5.11E+00 3.51E+02
Rank 1 8 6 7 5 4 2 3

F5 Min  3.11E+03 8.12E+04 1.95E+04 723E+04 9.91E+04 6.31E+03 1.02E+04 1.44E+05
Max  2.42E+04 1.28E+06 2.59E+05 9.71E+05 2.42E+06 2.02E+06 6.03E+05 3.45E+06
Avg 111E+04 4.72E+05 9.84E+04 3.11E+05 1.31E+06 791E+05 2.04E+05 1.92E+06
STD  3.54E+03 2.62E+05 6.52E+04 1.94E+05 7.82E+05 3.91E+05 1.52E+05 8.63E+05

Fo Min  112E+02 214E+03 2091E+03 3.08E+03 2.97E+03 2.91E+03 2.92E+03 3.12E+03
Max  2.84E+02 3.20E+04 3.19E+03 3.84E+03 3.52E+03 3.24E+03 3.11E+03 3.74E+03
Avg  1.94E+02 2.64E+03 2.97E+03 3.46E+03 3.14E+03 2.94E+03 2.91E+03 3.21E+03
STD  231E+01 4.37E+02 1.72E+02 143E+02 112E+02 9.82E+01 721E+01 1.53E+02
Rank 1 8 5 7 6 4 2 3

F7 Min  9.42E+02 2.94E+03 1.90E+03 2.76E+03 2.81E+03 1.88E+03 2.05E+03 3.12E+03
Max  1.61E+03 6.04E+03 3.75E+03 5.78E+03 5.61E+03 3.93E+03 3.84E+03 5.28E+03
Avg  124E+03 4.98E+03 2.68E+03 4.22E+03 4.08E+03 3.21E+03 2.96E+03 4.86E+03
STD  9.21E+01 5.32E+02 4.51E+02 6.21E+02 5.64E+02 4.01E+02 3.94E+02 4.92E+02
Rank 1 8 3 7 6 5 2 4

F8 Min  4.81E+02 9.41E+02 751E+02 8.66E+02 8.48E+02 7.44E+02 8.02E+02 8.91E+02
Max  6.12E+02 117E+03 783E+02 1.02E+03 1.01E+03 9.11E+02 9.74E+02 9.86E+02
Avg  5.34E+02 1.02E+03 761E+02 9.41E+02 9.32E+02 7.82E+02 8.64E+02 9.24E+02
STD  1.82E+01 5.61E+01 2.64E+01 3.02E+01 3.88E+01 2.74E+01 3.51E+01 4.02E+01
Rank 1 8 3 7 6 4 5 2

F9 Min  1.82E+03 1.94E+03 1.91E+03 1.93E+03 1.92E+03 1.90E+03 1.91E+03 1.98E+03
Max  1.84E+03 193E+05 191E+04 2.18E+04 3.94E+03 1.93E+03 1.91E+03 2.43E+03
Avg  1.83E+03 4.36E+04 5.61E+03 8.22E+03 2.81E+03 1.92E+03 191E+03 2.21E+03
STD  4.12E+00 3.21E+04 1.08E+03 1.21E+03 6.42E+02 4.02E+01 5.11E+00 3.51E+02
Rank 1 8 6 7 5 4 2 3

F10 Min  3.11E+03 8.12E+04 1.95E+04 723E+04 9.91E+04 6.31E+03 1.02E+04 1.44E+05
Max  2.42E+04 1.28E+06 2.59E+05 9.71E+05 2.42E+06 2.02E+06 6.03E+05 3.45E+06
Avg  1I11E+04 4.72E+05 9.84E+04 3.11E+05 1.31E+06 791E+05 2.04E+05 1.92E+06
STD  3.54E+03 2.62E+05 6.52E+04 1.94E+05 7.82E+05 3.91E+05 1.52E+05 8.63E+05
Rank 1 8 6 7 5 4 2 3
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Figure 6: Characteristics of SWO with different standard test functions, (a) shows for the Hybrid Function 2 (N = 4);
(b) Hybrid Function 1 (N = 3); (c) Shifted and Rotated Lunacek bi-Rastrigin Function; (d) Expanded Rosenbrock’s
GriewangK’s Function; (e) Shifted and Rotated Schwefel Function; (f) Shifted and Rotated Bent Cigar Function.

This study is structured into five scenario categories and presents an optimal method for determining the
placement and sizing of Distributed Generation (DG) units utilizing the spider wasp’s optimization algorithm
(SWO). The proposed MMG system is implemented with a novel proposed SWO algorithm. The effectiveness
of the proposed optimization strategy is supported by the assessment of a modified 33 bus system fragmented
into separate microgrid areas, where the optimal DG sizing and placement are reviewed in different situations

involving different load categories:
Scenario Type-I: Constant power load
Scenario Type-II: Industrial power demand

Scenario Type-III: Domestic load
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Scenario Type-IV: Commercial load

Scenario Type-V: Mixture of all loads.

For every demand category scenario, the corresponding case studies are verified using the proposed
SWO optimization. Its performance is assessed by benchmarking it against several other optimization
methods. All case studies are simulated in MATLAB 2023a to optimize the multi-objective function, and
simulations are carried out in MATLAB 2023a on a PC having an Intel” Core™ i7-6700 CPU @ 3.4 GHz
RAM. The case studies are analyzed under the following:

Case-i: When a single DG in the MMG

Case-ii: When two DGs are included in the MMG

Case-iii: When three DGs are included in the MMG
(i) Category Scenario-I: Stable power load

The load flow analysis is conducted using the Newton-Raphson method. For a steady demand, both
without DG and with the incorporation of DG, the provisions are made for a three-year DG planning period,
as presented in Table 3. A rise in load demand results in increased overall losses and a decrease in the voltage
profile of the MMG system. For the initial year, the lowest magnitude of voltage was observed at 0.9056 p.u.,
reduced to 0.8813 p.u. at the end of the third year. The main reason for the reduction is the increase in demand
at the end of the third year, which leads to an increase in the drop.

Table 3: Optimal positioning and size ratings of DGs, power loss reduction percentage for a constant power load.

DG

(0] tional O ti L
Case Studies pera 1-0na pera.l ?ng Locationon DG Rating Power Loss OSS_
Planning Condition Reduction
Buses
I - - 140.5 -
II 6 2.59 111.1 5712
First Year I 13 0.8567 2 22
30 1.3532 88. 37
14 0.7095
v 24 1.2604 73.4 4775
30 1.1184
I - - 153.2 -
Stable Power 11 6 2.85 129.2 15.66
Load
Second Year I 13 0.9546 7
30 1523 97.5 36.35
14 0.895
v 24 1.35 84.5 44.84
30 1.13

(Continued)
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Table 3 (continued)

Operational Operatin DG Loss
Case Studies P . P .. 8 Locationon DG Rating Power Loss .
Planning Condition Reduction
Buses
I - - 162.2 -
II 6 3.12 132.12 18.54
Third Year 111 13 L12 101 42
30 1.956 0L.5> 37
14 0.975
v 24 1.46 96.8 40.32
30 1.25
Base year:

The MMG carries a demand of active and reactive power of 3.85 MW and 1.9658 MVar. When there
is no DG included in the system, the amount of ‘P’ loss is 211.1 MW, and with the minimum voltage in the
system at bus 18, which is 0.9154 p.u.

IT* year:

The MMG carries a demand of active and reactive power, amounting to 4.1239 MW and 2.1315 M Var,
respectively. During this year, the power dissipation in the absence of DG integration is 0.2184 MW, while
the least value of observed voltage at bus 18 in the network was about 0.9034 p.u.

IIT year:

The MMG carries a demand of active and reactive power, amounting to 4.3977 MW and 2.2717 MVar,
respectively. During this year, the power dissipation in the absence of DG integration is 0.284 MW, while the
least value of observed voltage at bus 18 in the network was about 0.9034 p.u.

Case-i: When one DG is included in the MMG

With the incorporation of a one DG, the SWO algorithm optimally determines its capacity as 2.55 MW,
with the best location identified at bus 6. Fig. 7 illustrates the voltage fluctuations in the MMG system with
the incorporation of one DG. In order to validate the proposed system, the optimized voltage profile obtained
using the proposed SWO algorithm is compared with the other optimization techniques. Accordingly, the
system experiences power losses of 111.1 kW and 73.91 kVar for P and Q, respectively. Implementing a single
DG allows for a 57.22% reduction in losses compared to the initial year and the subsequent two years.
Additionally, integrating a one DG into the MMG, this improves the voltage profile by up to 5.0% over the
same period.

Case-ii: When two DGs are included in the MMG

By incorporating two DG units, generators with ratings of 0.8567 and 1.3532 kW are optimally
positioned at buses 13 and 30, respectively. Under these conditions, the system experiences power losses of
85.2 kW and 59.9 kVar for P and Q, respectively. While a single DG achieved a 57.22% reduction in losses, the
deployment of two DG units further reduces power dissipation by 37.22% compared to the Initial year and the
subsequent two years. Fig. 8 illustrates the voltage fluctuations in the MMG system with the incorporation of
two DGs. In order to validate the proposed system, the optimized voltage profile obtained using the proposed
SWO algorithm is compared with the other optimization techniques.
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Case-iii: When three DGs are included in the MMG

By incorporating three DG units, generators with capacities of 0.7595, 1.204, and 1.0584 kW are
optimally allocated at buses 14, 24, and 30, respectively. Under this arrangement, the system experiences
power losses of 73.4 kW and 51.2 kVar for P and Q, respectively. Fig. 9 illustrates the voltage fluctuations
in the MMG system with the incorporation of three DGs. In order to validate the proposed system,
the optimized voltage profile obtained using the proposed SWO algorithm is compared with the other
optimization techniques. While a single DG resulted in a 72.25% loss reduction, integrating three DG units
further enhances the reduction to approximately 91.2% in comparison to the initial year and the subsequent
three years.

=@-PsO

=f=CCPSO
GWO

=#=SWO

Figure 9: Profile of the voltage magnitude of the MMG with three DGs.

(ii) Category Scenario-II: Industrial power load

MMG carries a demand of active and reactive power, amounting to 3.75 MW and 1.64 MVar, respec-
tively. Without DG, the MMG experiences 124.7 kW loss. At bus 18, the minimum voltage observed in the
network is 0.9162 p.u. Table 4 presents the power demand for industrial load demand both in the absence of
DG and with the incorporation of DG, for a two-year DG planning period.
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Table 4: Optimal positioning and size ratings of DGs, power loss reduction percentage for an industrial power demand.

Case Operational  Operatin DG Loss
. P . P e 8 Locationon DG Rating  Power Loss .
Studies Planning Condition Reduction
Buses
I - - 140.5 -
II 6 2.5 71.3 49.25
Industrial Load First Year 13 0.837
III 30 L125 49.1 65.05
14 1.82
v 24 0.77 354 74.80
30 1.05
I - - 151.4 -
II 6 2.7 81.5 45.24
Industrial Load Second Year 13 0.709
111 30 0.4381 57 62.35
14 0.8096
v 24 1.1487 41 72.91
30 1.102
I - - 161.3 -
II 6 2.43 96.4 40.23
Industrial Load Third Year I 13 0.658 1 2
30 L125 66. 59.0
14 0.715
IV 24 1.125 50.2 68.87
30 1.025
First year:

MMG carries a demand of active and reactive power, amounting to 3.91 MW and 1.720 Mvar. Before
integrating DG, the MMG experiences an overall loss of 191.1 kW. At bus 18, the minimum value of voltage
observed in the network is 0.9124 p.u.

Second year:

MMG carries a demand of active and reactive power, amounting to 4.25 MW and 1.89 M Var, respec-
tively. Before integrating DG, the MMG experiences a power loss of 223.4 kW, at bus 18, the minimum value
of voltage observed in the network is 0.9091 p.u.

Third year:

MMG carries a demand of active and reactive power, amounting to 4570.9 kW and 2034.5 kVar. The

MMG experiences a power loss of 261 kW, at bus 18, the minimum value of voltage observed in the network
is 0.9043 p.u.
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Case-i: When a single DG is included in the MMG

With the incorporation of a single DG, the SWO algorithm optimally determines its capacity as 2.65
MW, with the best placement at bus 6. Under this setup, the total power losses are 115.1 kW and 68.91 kVar,
respectively. The voltage fluctuations in the MMG system, with the incorporation of one DG, are shown
in Fig. 8. In order to validate the proposed system, the optimized voltage profile obtained using the proposed
SWO algorithm is compared with the other optimization techniques. The integration of a single DG allows
for a 55.45% reduction in losses.

Case-ii: When two DGs are included in the MMG

By deploying two DG units, generators with capacities of 0.8379 and 1.45 kW are positioned at buses
13 and 30, respectively. Under this configuration, the power losses are 81.20 kW and 61.8 kVar, respectively.
The voltage fluctuations in the MMG system after integration of two DGs are shown in Fig. 9. In order to
validate the proposed system, the optimized voltage profile obtained using the proposed SWO algorithm is
compared with the other optimization techniques. While a single DG achieves a 55.45% loss reduction, the
incorporation of two DG units further reduces losses by 82.31%.

Case-iii: When three DGs are included in the MMG

By incorporating three DG units, generators with capacities of 0.715, 1.1604, and 1.1284 kW are optimally
located at buses 14, 24, and 30. This configuration leads to a power loss of 72.6 kW and 50.62 kVar. Fig. 10.
illustrates the voltage fluctuations in the MMG system with the incorporation of three DGs. In order to
validate the proposed system, the optimized voltage profile obtained using the proposed SWO algorithm is
compared with the other optimization techniques. While a single DG achieves a 73.95% reduction in losses,
integrating DG units of three further enhances the decrease in power loss to approximately 93.3%.
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Figure 10: The convergence features through the integration of one DG into the MMG system.

(iii) Category Scenario-III: Domestic load

From Table 5 for a three-year DG planning period, domestic load data is provided for both scenario
with absence of DG and with presence of DG. The MMG carries a demand of active and reactive power,
amounting to 3537.6 kW and 1823.0 kVar, respectively, while the lowest observed voltage in the network is
0.9174 p.u. at bus 18.
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Table 5: Optimal positioning and size ratings of DGs, power loss reduction percentage for an industrial power demand.

Operational  Operatin DG Power Loss
Case Studies P ) P .. 8 Location DG Rating .
Planning Condition Loss Reduction
on Buses
I - - 159.1 -
II 6 2.45 75.58 52.49
Residential Load  First Year 13 0.7897 56.63 64.4
1 30 1.035 ’ )
14 0.594
v 24 1.15 46.7 70.6
30 0.98
I - - 162.5 -
II 6 2.45 87.7 46.03
Residential Load Second Year I 13 0.871 65.3 5981
30 1.12
14 0.71
v 24 1.01 49.9 69.293
30 0.94
I - - 171.5 -
II 6 2.35 117.35 29.45
Residential Load  Third Year m 13 0.7756 46.56
30 1.053 86 )
14 0.547
v 24 1.13 66.52 59.48
30 0.97
First year:

The MMG carries a demand of active and reactive power, amounting to 3.829 MW and 1.9597 M Var,
respectively. Before integrating DG, the MMG experiences a power loss of 185.8 kW, while the lowest
observed voltage in the network is 0.9107 p.u. at bus 18.

Second year:

The MMG carries a demand of active and reactive power, amounting to 1.1 MW and 2.17 MVar,
respectively. Without DG, MMG experiences a power loss of 217.1 kW, while the lowest observed voltage in
the network is 0.9034 p.u. at bus 18.

Third year:

The MMG carries a demand of P and Q, amounting to 4.45 MW and 2.157 M Var, respectively. Without
DG, MMG experiences a power loss of 254.1 kW, and the lowest observed voltage in the network is 0.8953
p-u. at bus 18.
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Case-i: When one DG is included in the MMG

By integrating a one DG, the SWO algorithm optimally determines its capacity as 2.654 MW, with the
best optimal placement at bus 6. Under this setup, the overall power losses are 114.19 kW and 72.45 kVar,
respectively. Fig. 7 illustrates the voltage fluctuations in the MMG system with the incorporation of one DG.
In order to validate the proposed system, the optimized voltage profile obtained using the proposed SWO
algorithm is compared with the other optimization techniques. The implementation of a single DG enables
a 55.24% reduction in losses compared to the initial year and the subsequent two years.

Case-ii: When two DGs are included in the MMG

By deploying two DG units, generators with capacities of 0.837 and 1.425 kW are positioned at buses 13
and 30, respectively. Under this configuration, the total active and reactive power losses are 84.32 kW and
60.9 kVar, respectively. Fig. 8 illustrates the fluctuations in the MMG system with the incorporation of two
DGs. In order to validate the proposed system, the optimized voltage profile obtained using the proposed
SWO algorithm is compared with the other optimization techniques. While a single DG achieves a 55.45%
reduction in losses, integrating two DG units further minimizes losses by 82.31%.

Case-iii: With three DGs included in the system

Distributed generators with their capacities of 0.7145, 1.124, and 1.1014 kW are optimally positioned at
buses 13, 23, and 29. Fig. 9 illustrates the voltage fluctuations in the MMG system with the incorporation
of three DGs. In order to validate the proposed system, the optimized voltage profile obtained using
the proposed SWO algorithm is compared with the other optimization techniques. This setup results in
resulting the total active and reactive power losses of 73.4 kW and 51.2 kVar, respectively. While a single DG
achieves a 72.65% reduction in losses, the incorporation of three DG units further enhances the reduction
to approximately 93.3%.

(iv) Category Scenario-IV: Commercial load

From Table 6, for the load demand of commercial load, the presence and absence of DG data are
provided for a three-year DG planning period. The MMG experiences a loss of power of 3.32 MW and
1.765 MVar. Without DG, the MMG experiences a power loss of 145.45 kW, and at bus 18, the minimum value
of voltage observed in the network is 0.9245 p.u.

Table 6: Best distribution and size of DG to commercial load, as well as the percentage of power loss reduction.

Operational Operatin DG Power Loss
Case Studies P R P .. 8 Location DG Rating R
Planning Condition Loss Reduction
on Buses

I - - 171.5 -
II 6 3.1 75.7 55.86
Commercial Load  First Year I 13 2.95 58.6 65.83

30 . . .

14 0.8391

I 45, 41

v ;3 0.9782 >6 73

(Continued)
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Table 6 (continued)

Operational Operatin DG Power Loss
Case Studies P . P .. 8 Location DG Rating .
Planning Condition Loss Reduction
on Buses
I - - 171.5 -
II 6 2.35 117.35 49.62
Commercial Load Second Year I 13 0.7756 1
30 1.053 86 61.03
14 0.547
v 24 1.13 66.52 69.57
30 0.97
I - 33 176.4 -
II 6 2.55 92.6 46.59
Commercial Load Third Year 13 1.0481
I11 30 121 73.3 58.52
14 0.8512
v 24 1.2904 63.5 61.31
30 1.1331
First year:

MMG carries a demand of active and reactive power, amounting to 3.45 MW and 1.85 MVar. Before
integrating DG, the MMG experiences a power loss of 153.14 kW, while the lowest observed voltage in the
network is 0.9145 p.u. at bus 18.

Second year:

MMG carries a demand of active and reactive power, amounting to 3.63 MW and 1.95 MVar. Without
DG, the MMG experiences a power loss of 185.65 kW, while the lowest observed voltage in the network is
0.9125 p.u. at bus 18.

Third year:
MMG carries a demand of active and reactive power, amounting to 3.95 MW and 2.01 MVar. Before

integrating DG, the MMG experiences a loss of power of 194.5 kW, while the lowest observed voltage in the
network is 0.917 p.u. at bus 18.

Case-i: When a single DG is included in the MMG

By incorporating one DG, the SWO algorithm optimally determines its capacity as 2.78 kW, with the
ideal placement at bus 6. The voltage fluctuations in the MMG system with the incorporation of one DG
were illustrated in Fig. 6. In order to validate the proposed system, the optimized voltage profile obtained
using the proposed SWO algorithm is compared with the other optimization techniques. Under this setup,
the overall losses are 124.45 kW and 79.65 kVar, respectively. The integration of a single DG enables a 45.24%
reduction in losses.
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Case-ii: When two DGs are included in the MMG

By integrating two DG units, generators with capacities of 0.8445 and 0.947 kW are installed at buses
13 and 30, respectively. Under this configuration, the total active and reactive power losses are 92.14 kW and
72.8 kVar, respectively. The voltage fluctuations in the MMG system with the incorporation of the two DGs
are shown in Fig. 7. In order to validate the proposed system, the optimized voltage profile obtained using the
proposed SWO algorithm is compared with the other optimization techniques. While a single DG achieves
a 53.45% reduction in losses, the incorporation of two DG units further decreases losses by 73.21%.

Case-iii: When three DGs are included in the MMG

The voltage fluctuations in the MMG system with the incorporation of three DG, as illustrated in Fig. 8.
In order to validate the proposed system, the optimized voltage profile obtained using the proposed SWO
algorithm is compared with other optimization techniques. By deploying three DG units, generators with
capacities of 0.6586, 0.6774, and 1.012 kW are optimally positioned at buses 14, 24, and 30. This setup results
in total active and reactive power losses of 82.24 kW and 63.41 kVar, respectively. While a single DG enables
a72.65% reduction in losses.

Table 7 highlights the sizing and positioning of DGs in the MMG system, considering their integration.
The results indicate that incorporating three DGs yields the most optimal locations and sizes, as it signifi-
cantly reduces overall system losses. Fig. 11 displays the total power loss of the MMG system concerning the
integration of DGs. The system power loss without the presence of DGs is quite high. In order to counter
this, there are DGs that are put in place in the system. In the case of the single DG, the total power loss
decreases to 10 MW. The results show that total power loss is further reduced by the addition of several DGs.
In particular, the combination of three DGs leads to a significant decrease in power loss in comparison with
other combinations.

Table 7: Evaluations of DG capacity ratings and power loss at various situations.

One DG Is Two DGs Are  Three DGs Are
When ThereIs  Incorporated Incorporated Incorporated

No DG with the MMG  with the MMG  with the MMG
System System System
P loss 211.2 111.1 88.2 73.4
Reduction in loss of
- 45.40 57.24 63.25
power (%LP)
Reactive power loss 140.5 75.62 61.98 51.6
Loss in Reactive power
- 46.12 53.82 63.26
(%LQ)
Volt.ag'e at bus 0.901 0.939 0.969 0.9676
(minimum)
Location of the bus
18 18 18 18
(Minimum Voltage)
0.7935 0.7895
Ratings of the DGs (MW) - 2.468 12935 h’ﬁgg

(Continued)
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Table 7 (continued)

One DG Is Two DGs Are  Three DGs Are
When ThereIs  Incorporated Incorporated Incorporated
No DG with the MMG  with the MMG  with the MMG
System System System
12 13
Positioning of DG - 7 18 21
32
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Figure 11: Integration of three DGs into the MMG system convergence characteristics.

Table 8 displays the different optimization methods for determining the sizing and positioning of DGs
in an MMG system. In the absence of DG integration, the power losses incurred in the system are very high.
DGs are added to the system to alleviate these losses, and the position and size of these devices are determined
with the help of the SWO, GWO, CCPSO, and PSO algorithms. The SWO algorithm is best performing with
a single DG, with a reduction in the power loss of 51.25% and 43.12%. The combination of two DGs results
in the SWO algorithm still being the best in comparison to the rest, and there is a 57.11% reduction in active
power loss and a 46.62% reduction in reactive power loss. In the MMG system, the SWO algorithm delivers
optimal results, reducing active power loss by 54.98% and reactive power loss by 43.15%, demonstrating its
effectiveness in enhancing system performance.

Table 9 shows the comparison of the total present worth through various optimization techniques.
The TPW for individual microgrids is simulated through optimization techniques, in which the proposed
SWO technique presents microgrid-1 with a lower TPW from 467.56 to 457.35 million $, when compared
with the other optimization techniques, such as GWO, CCPSO, and PSO; the proposed SWO technique
shows supremacy in lowering the total present worth for microgrid-1. Similarly, in the other microgrids,
such as microgrid-2 and microgrid-3, the proposed SWO technique has lowered the TPW and presents
supremacy among the other optimization techniques. Fig. 12 shows the comparison of the Total Present
Worth (TPW) of MMG through various optimization techniques, in which the proposed SWO technique
lowers the TPW from $451.354 to $434.256 million. The proposed SWO technique shows supremacy among
the other optimization techniques, such as GWO, CCPSO, and PSO.
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Table 8: Evaluation of the optimal DG placement and sizing in MMG using the proposed SWO optimization algorithm,
compared with various algorithms under DG integration.

- . .. .
c Validation Position Rating of Power Loss Power Loss Reduction in % Minimum Voltage in (p.u)
ase Algorithm  of DGs DGs Minimum .
. P Loss Q Loss Minimum
(MW) Active Q Loss . ) Voltage
Loss (Kw)  (kVar) Reduction Reduction Value in Voltage at
in % in % the Bus
p-u
SWO 6 2.59 111.1 73.9 52.59 45.60 0.948 18
With GWO 6 313 120.42 79.43 48.34 41.53 0.948 18
IIDG CCPSO 6 3.249 128.69 84.12 45.09 38.07 0.936 18
one PSO 6 354 131.75 89.56 43.78 34.07 0.9312 18
13 0.8752
SWO 20 L0319 100.52 72.5 5711 46.62 0.956 18
GWO 13 1.35 105.23 75.12 55.09 44.699 0.956 18
With 20 1456 ' ' ' ' '
two
DGs CCPSO 13 155 110.45 81.36 52.86 40.106 0.943 18
20 1.958
13 2.05
PSO 20 198 115.25 85.23 50.81 59.38 0.9345 18
14 0.8956
SWO 24 0.5892 98.56 71.25 57.39 4754 0.9645 18
30 0.9715
14 1.145
GWO 24 0.987 101.25 81.36 56.79 40.106 0.9645 18
With 30 1.256
three
DGs 14 1.245
CCPSO 24 1.025 108.25 85.14 53.80 37.32 0.9546 18
30 1.548
14 1.536
PSO 24 1.254 113.45 87.35 51.58 35.69 0.9546 18
30 1.98
Table 9: Comparison of total present worth through optimization techniques.
MG Total Present Worth (TPW) in million $
SWO GWO CCPSO PSO
MG-1 45735 467.25 469.56 468.45
MG-2 429.35 441.68 465.63 467.54
MG-3 427.65 437.89 462.38 476.45

MMG 438.11 448.94 465.85 470.813
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Figure 12: Comparison of Total Present Worth (TPW) using different optimization methods.

Fig. 10 presents the convergence graph of the performance of PSO, GWO, and SWO with respect
to minimizing the objective function within the iterations. The objective function decreases slowly and
prematurely at a larger value, 0.106 in PSO, and PSO exhibits weaker performance in terms of optimization.
GWO converges more quickly than PSO and stabilizes at a lower value, 0.102, which indicates the superior
quality of solutions. SWO, in contrast, converges most quickly and with the least fluctuation, with the lowest
objective function value of 0.101, which is achieved in the early iterations. Altogether, the figure points out
that SWO is the best option when it comes to convergence and an optimal solution.

Fig. 13 indicates the convergence graph; the performance of PSO, GWO, and SWO is compared in terms
of reducing the objective function with increasing iterations. PSO exhibits a gradual decrease in the objective
function and ends up at a low value too soon, 0.106, which means poorer optimization. GWO converges
faster than PSO and reaches a smaller value, 0.102, which is an indicator of a higher quality of the solution.
By contrast, SWO shows the most consistent and rapid convergence, with the lowest objective function value
of 0.101 being achieved in the initial few iterations. On the whole, the figure demonstrates that SWO is better
than PSO and GWO both in terms of convergence speed and the optimal solution quality (Fig. 11). The
convergence graph presents a comparison of the performance of PSO, GWO, and SWO towards minimizing
the objective function with respect to the iterations. PSO exhibits a slower decrease in the objective function,
and it concludes at a much earlier point that has a better value of 0.106, which signifies poorer optimization.
GWO converges more quickly than PSO and stabilizes at a lower 0.102, which is indicative of the superior
quality of the solution. In contrast, SWO demonstrates the fastest and most stable convergence, reaching the
lowest objective function value of 0.101 within the first few iterations. Overall, the figure highlights that SWO
outperforms PSO and GWO in terms of both convergence speed and optimal solution quality.

Table 10 shows the comparison of the Levelized Cost of Energy (LCoE) through various optimization
techniques. The LCoE for individual microgrids is simulated through optimization techniques, in which
the proposed SWO technique lowers the Levelized Cost of Energy (LCoE) from 0.31 to 0.28 $/kWh. When
comparing with the other optimization techniques, such as GWO, CCPSO, and PSO, the proposed SWO
technique shows supremacy in lowering the LCoE for the MMG system. The other optimization techniques,
such as Grey Wolf Optimization (GWO), offer a lower LCoE of the MMG system from 0.31 to 0.29 $/kWh,
and Cyclonic Convergent Particle Swarm Optimization (CCPSO) offers a decrease in LCoE from 0.31
to 0.299 $/kWh. The Particle Swarm Optimization gives the LCoE of the entire MMG system as about
0.31$/kWh. Therefore, comparing the proposed SWO technique with other optimization techniques reveals
that the proposed SWO technique offers supremacy among all other optimization techniques. Fig. 14 shows
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the comparison of LCoE ($/kWh) through different optimization techniques, in which the proposed SWO
technique offers a decrease in LCoE from 0.31 to 0.29 $/kWh.

0.11

0.105 —GWO
—SWO
0.1

:

o
8

Objective function

0.085

0.08

0.075 +

0 50 100 150 200 250 300
Iterations

Figure 13: Convergence features through the combination of two DGs into the MMG system.

Table 10: Comparison of LCoE (/kWh) by optimization methods.

Optimization Techniques

Parameter
SWO GWO CCPSO PSO
LCOE ($/kwh) 0.289 0.297 0.299 0.31
0.315
0.31
0.305

e
w

LCoE in $/kWh
=

e N

g =

0.285

0.28

0.275

SWOo GWO CCPSO PSO
Optimization Techniques

Figure 14: Comparison of LCoE ($/kWh) through different optimization techniques.

6 Conclusions

This study presents a structured approach for determining the optimal positioning and capacity deter-
mination of Distributed Generators (DGs) in radial distribution networks utilizing the SWO optimization
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method. The primary objectives are to minimize power losses and to enhance the voltage profiles at the buses
within an MMG system. The proposed methodology is tested on an MMG system under the following four
distinct scenarios: the base case (when there is no DG), integration of a single DG, incorporation of two DGs
into the MMG system, and incorporation of three DGs into the MMG system, each considering the impact
of up to three DG units. Additionally, the analysis is extended to five different load types, namely stable
power load, industrial power demand, domestic load, commercial power demand, and a combination of all
load demands, with a projected annual load growth of 7.5% for each category. The results demonstrate that
integrating both active (P) and reactive (Q) power DGs proves more effective in reducing power losses and
enhancing voltage profiles compared to other configurations. Furthermore, expanding the quantity of DG
units significantly improves MMG efficiency, with the deployment of DGs yielding results in a reduction in
overall losses and a notable improvement in the magnitude of the voltage. The proposed approach effectively
reduces the TPW from $434.25 to $404.52 million, considering uncertainties in demand, power generation,
and dynamic energy pricing. Finally, a comparative analysis of the SWO algorithm against GWO, CCPSO,
and PSO reveals that SWO achieves lower TPW and LCOE, demonstrating superior and faster convergence.
Future studies will aim to facilitate the energy exchange between a single microgrid and the main grid, as
well as a comparison of the performance of the SWO algorithm with HSO, TLBO, and GA.
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