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W N e

Abstract

DERs can improve the performance of radial distribution systems. The nonlinear power
flow constraints, multi-objective trade-offs, and network reconfiguration scenarios for DER
placement and sizing cause optimization problems.Most of the times Optimization Algo-
rithms suffer from premature convergence and poor exploration-exploitation balance.These
problems exibit an inherent internal structural symmetry.In order to overcome the above
problem, this study uses the Multi-Objective Archimedes Optimization Algorithm (MAOA)
to optimally allocate DERs in the RDN (Radial Distribution Networks), and the performance
of the proposed MAOA is compared with the other well established algorithms including
PSO, WOA, SFLA, ASO and BOA on the IEEE-33 RDN. The comparison is made for the
four cases (S1:DER Only), (52 — Network Reconfiguration Only) (S3 - DER Followed by
Reconfiguration) (54 - Reconfiguration Followed by DER) considering factors like Voltage
Profile, Network reconfiguration,Active and Reactive Loss Reduction, carbon emission DER
utilization and Cost reduction. The MAOA is observed to provide better results among
all the other benchmark algorithms in scenario S3 (DER Followed by Reconfiguration).
The active power loss is reduced by 68.41% from 208.459 KW to 65.482 KW, whereas the
reactive power loss is reduced by 57.44% and the MAOA algorithm greatly optimizes the
average voltage profile by 3.98% from 0.0497 pu to 0.9871 pu. The minimum voltage of
the network is also improved by 6.28% from 0.9108 p.u. to 0.9680 p.u. The algorithm
improves convergence with a percentage of 18.50% enhancing the system’s operational
symmetry and stability also satisfying all constraints. At Bus 3 and Bus 6 of IEEE-33 bus
radial distribution network (Baran-Wu test system), DG capacity is allocated to be 3.8 MW
and 2.1 MW, respectively.

Keywords: Distributed Energy Resources; Optimization Algorithms; Power Loss Reduc-
tion; Voltage Profile Improvement; Archimedes Optimization Algorithm

1. Introduction

Recent increases in distribution-level demand, urban electrification, and renewable in-
tegration have intensified operational stresses on radial distribution networks, particularly
in terms of voltage deviations, losses, and reliability constraints. These challenges highlight
the need for optimization-driven planning approaches that can determine the optimal
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placement and sizing of Distributed Energy Resources (DERs). Distributed generationis =
the generation of electricity, as from a photovoltaic solar panel, a wind turbine, or a small =
scale hydroelectric scheme, close to or at the point of consumption rather than in a large s
central power station. This can reduce transmission and distribution losses, stabilize the
grid and allow greater local control of supply.However, existing optimization methods still 3
struggle with high solution dimensionality, non-convexity, and simultaneous coordination
of placement and reconfiguration decisions. a7

The United Nations Framework Convention on Climate Change (UNFCCC) and the
Intergovernmental Panel on Climate Change (IPCC) have promoted global initiatives s
aimed at carbon neutrality, energy transition, efficiency enhancement, and large-scale 4
decarbonization. In recent years, global energy demand has risen to approximately 592 E],
with an annual growth rate of about 2%, closely aligned with the increase in carbon
emissions, which reached approximately 2.46% in 2024. The growing demand for cooling 4
to cope with increasingly intense summer heat has further accelerated the consumption of 4«
fossil fuels, including oil, coal, and natural gas. s

Distributed energy resources (DERs) represent a diverse group of small-scale, decen- 4
tralized energy technologies that generate, store, and manage power at or near the point of
consumption to reduce active and reactive power losses. DERSs offer several advantages
over traditional centralized power plants and transmission and distribution systems, in- 4
cluding improved reliability, reduced transmission losses, and enhanced grid resilience s
and their symmetry. By 2024, the total installed capacity of renewables in Pakistan has =
increased, with a particular rise of solar projects, attaining an installed capacity of 1000 =
MW. The Government of Pakistan has announced an exemption of import duties for plant s
and equipment for the production of energy from renewable sources. The Green Energy s
Policy, 2021 has been announced to offer investments and financial incentives to provincial s
governments, institutions and end-users. 56

Radial systems are the simplest, primary distribution substations and are supplied s
from generating stations via inter-connected transmission systems. The substations supply s
customers with power via passive RDS, and the power flow is unidirectional. In a distribu- s
tion network, the R/X ratio is high, and voltage excursions are larger than in transmission. e
Thus, in a distribution network a small perturbation in the loads may cause abrupt voltage &
collapse at many nodes. These nodes are less voltage stable nodes. 62

Distributed reactive power support (i.e. capacitors and switched capacitor banks) e
have also customarily been used to regulate voltage and reduce losses in the distribution e
systems. However, they have a limited ability to control the voltage (to 1.0 p.u.) and as
RDS is passive the authors feel this is not good from a system performance and reliability &
viewpoint. As an alternative, RDS have been proposed with a view to system stability and
voltage profile enhancement from renewable energy source based electric sources. The
embedded RDS generation described above is referred to as distributed generation (DG). e

Historically, various techniques have employed scattered resources and reactive power 7o
injection, such as capacitor banks, to improve voltages and reduce power losses. While =
capacitor placement offers reliability benefits, voltage profile improvements often fall short 7
of desired levels (i.e., 1.0 p.u.). The inherent passivity of RDS limits its reliability. Recent 7
solutions incorporate renewable energy-based electric sources to overcome RDS passivity 7
and improve system functionality and voltage profiles. This embedded RDS generation
is referred to as distributed generation (DG). This approach can reduce transmission and
distribution losses, increase grid stability, and enhance local energy supply control. 7

In distribution systems, the R/ X ratio is relatively higher than in transmission systems,
resulting in greater power losses in distribution networks. Research indicates that 13%
of total generated power is lost as I°R losses in distribution networks [10]. These losses
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directly impact energy costs due to voltage profile imbalances along distribution feeders.
Reduction of the distribution losses has become a primary concern for ensuring efficient
and cost-effective network operation [10]. Meanwhile, rapid load increases can exacerbate
voltage instability. While various methods exist to reduce losses at higher voltage levels,
including capacitor installation and reconductoring, network reconfiguration is commonly
employed due to its cost-effectiveness and minimal equipment requirements [11]. The
main objective of distribution system reconfiguration (DSR) involves optimizing radial op-
erating frameworks to curtail overall power loss while maintaining operational constraints.
Network reconfiguration combined with distributed generation installation represents the
most effective approach for overcoming energy losses,enhancing symmetry of the network,
improving undesirable voltage magnitudes, and enhancing overall distribution network
efficiency [12]. Optimizing network configuration, DG unit sizes, and locations is crucial
for maximizing benefits while minimizing system impacts, making this combination an
important and complex problem.

Network reconfiguration involves adjusting the open/closed positions of sectional-
izing and tie-line switches in distribution networks to alter system configurations. This
method can improve network efficiency by addressing various specific objectives and con-
straints. Primary reconfiguration objectives typically include improving voltage magnitude
levels, reducing power losses, balancing loads, and enhancing voltage stability [13]. Over
the past two decades, researchers have employed numerous techniques to solve network
reconfiguration problems, including load balancing methodologies [14-16].

Installing distributed generation (DG) units represents another effective technique
for improving network voltage profiles and reducing power losses. DG units comprise
small power generation systems connected directly to distribution networks or customer
meter locations. DG application in distribution networks is growing rapidly, with ongoing
studies examining their environmental, practical, and economic effects on energy systems.
Optimal DG unit location, type, and size significantly impact electrical energy networks’
economic and technical performance. Recent research has extensively investigated DG
component effects.

[17] proposed a logical and enhanced analytical approach for determining DG unit
sizes and locations to limit network power losses. [18] presented a Particle Swarm Opti-
mization (PSO) approach to identify optimal locations for different DG types to address
power loss problems. [19] employed a new modified teaching—learning-based optimiza-
tion technique to determine optimal DG locations and sizes. [20] introduced a hybrid
population-based approach integrating Particle Swarm Optimization and gravitational
search algorithms to optimize DG sizes and placements in distribution networks. More
recently, [21] examined DG installation issues across different load percentages using a
Bacterial Foraging Optimization Algorithm (BFOA) approach.

Previous studies have primarily focused on DG installation without considering
network reconfiguration for optimal new DG location identification. However, achieving
maximum efficiency from entire distribution frameworks requires incorporating both DG
installation and network reconfiguration considerations [22,23]. [24] utilized Harmony
Search Algorithm (HSA) to simultaneously identify optimal DG locations and network
reconfigurations, considering power loss minimization as the sole objective function. [25]
employed an energy storage model based on demand response management systems using
cost and distributed solar systems to provide uninterrupted power supply to communities.

[26] addressed optimization challenges in distribution network configurations using
the self-adaptive Kho-Kho optimizer, aiming to minimize operational costs while improving
multiple parameters including voltage stability and loss reduction. Their proposed method
demonstrated significant improvements through 226 kVAR capacitor placement and 110 kW
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distributed generation unit installation at Bus 14, achieving 25.54% power loss reduction.
Their research applied multi-objective algorithms and distributed generations to the IEEE-
33 bus standard network to improve reliability and stability [26].

Addressing inefficiencies and instabilities arising from inductive loads such as trans-
formers and motors, [27] investigated parallel capacitor integration for optimal capacitor
placement within distribution networks to minimize losses and improve voltage stabil-
ity. Using DIgSILENT PowerFactory and MATLAB optimization algorithms for capacitor
location and sizing in 33-bus distribution networks, their study found that incorrect place-
ment and sizing can increase voltage deviations with higher harmonic levels. Without
considering harmonic loads, optimization reduced network losses by 33%. Their research
demonstrated that targeting capacitors alone cannot improve efficiency, requiring combined
indexed objective functions accounting for both losses and voltage deviations. Optimal
placement of two capacitors achieved 37% loss reduction relative to harmonic baselines
while maintaining voltages above 0.95 p.u. and total harmonic distortion below 5% [27].

[28] presented a heuristic search method for distributed energy resource sizing, iden-
tifying multiple microgrid design options through power load set definitions. They de-
veloped a global binary search algorithm for multiple microgrid design options, refined
through local linear search methods. For military installation planning needs, they ex-
plored sizing methods constructing customizable search heuristics adaptable to additional
technologies. These heuristics, planned according to current microgrid investments, effi-
ciently handle DER technology portfolio sizing, with their method realized in the Microgrid
Planner [28].

[29]selected the Gray Wolf Optimizer for its global search capability, comparing sim-
ulations on IEEE-33 and IEEE-69 bus systems against Cuckoo Search Algorithm, Multi-
Objective Particle Swarm Optimization (MOPSO), and Genetic Algorithm (GA). Results
showed the Gray Wolf Optimizer achieved minimal power loss (85.4 and 78.3 kW) and
highest renewable energy source absorption rates (88% and 89%) while maintaining volt-
age quality and optimizing investment costs. Their study demonstrated GWQO'’s superior
efficiency among optimization algorithms, showing highest efficiency-stability ratios for
distribution networks and reduced fossil fuel dependency.

Hybrid renewable energy systems face challenges in load management, energy man-
agement, efficiency, and reliability. [30] focused on solutions using Ant Lion Colony
Optimization with Particle Swarm Optimization for maximum power point tracking to
improve power efficiency, despite computational complexity and premature convergence
costs. Their study also detected current faults using artificial neural networks with solar
data, achieving 99.5% accuracy and faster convergence (0.11 s) [30].

[31] focused on reducing power loss, energy loss, and total electricity purchase costs
using the War Strategy Algorithm (WSO). WSO identified smaller losses and reduced one-
day energy loss and grid energy purchase costs for IEEE-69 node distribution generation
planning. Their study also optimized soft open point locations, optimizing location and
capacity of renewable energy-based distributed generators in IEEE-33 and IEEE-69 node
distribution power grids. Results showed 96.1% energy loss reduction, with cost reductions
of approximately 61.44% and 9.2% of total grid costs. Optimal connection and capacity
determination of renewable energy-based distributed generators significantly reduced
energy loss and energy purchase costs from conventional power grids [31].

[32] applied the Dandelion Optimizer for optimal energy storage system placement
and sizing in distribution networks, reducing expenses including power losses, voltage
deviation, and peak load demand. Their analysis on the IEEE-33 bus distribution system
demonstrated that this technique outperformed alternatives such as the Ant Lion Optimizer,
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showing that efficient sizing and optimized placement of energy storage systems can
enhance distribution system performance [32].

[33] addressed voltage uncertainty and power loss issues through effective network
reconfiguration integrated with distributed generation. Their study emphasized proper
installation with appropriate locations and capacities, utilizing the Artificial Hummingbird
Algorithm implemented via DG-1 and DG-2 in radial distribution networks. Their proposed
AHA and WaOA approaches provided efficient and optimal DG allocation tested on the
IEEE-69 bus network [33].

[34] investigated four heuristic-based algorithms—Particle Swarm Optimization (PSO),
Whale Optimization Algorithm (WOA), Dolphin Echolocation Optimization (DEO), and
Slime Mould Algorithm (SMA)—for optimal DG unit placement and sizing. Testing algo-
rithm feasibility on IEEE-69 and IEEE-33 bus test systems showed their proposed SMA
outperformed other algorithms, achieving 81.1% real power loss reduction and voltage
profile improvement to 0.977 p.u. in IEEE-33, and 97.30% power loss reduction with mini-
mum voltage profile improvement to 0.995 p.u. in IEEE-69 [34]. The extensions studied
include EV scheduling RES and grid integration, 24-hour load coordination, but those have
been relegated to follow-up research, since the focus in this paper is on steady-state DER
placement and network reconfiguration. Combining DG and demand-side management
(DSM) can further optimize grid usage by enabling more efficient local resource utilization
and reducing expensive transmission and distribution infrastructure requirements. Addi-
tionally, this combination can improve energy system resilience and security. [35] optimized
multi-objective evolutionary algorithms for DG placement considering reconfiguration of
IEEE-33 and IEEE-118 bus radial systems, improving load site voltages while increasing
losses. [36] incorporated Gaussian mutation strategies with Particle Swarm Optimization
to improve PSO performance, implementing their improved technique on IEEE-33 bus
networks to reduce losses and improve system stability across various loads. Their hybrid
model and modified PSO parameter weights increased convergence time compared to basic
PSO implementations [36]. [? ] implemented the Slime Mould Algorithm (SMA) on IEEE-33
and IEEE-69 bus networks for DER placement, including wind and solar energy, testing
under dynamic load conditions. Generating dynamic loads for standard RDS reduced
optimization algorithm efficiency due to load fluctuations between upper and lower limits

(2]

Table 1. Comparative Analysis of Literature on DER Placement Optimization

Reference Paper

IEEE Model | StaticLoad | Active Losses | Voltage | Cost | Emissions | DER | Reconfig. | Algorithm

[10]

v v OPF

[38]

v Markov

[39]

PSO

[40]

ASNENENEN

PSO

1]

GA

[42]

GA

[43]

OPF

[44]

ESNESENESEN

HSA

[45]

SSA

[46]

ENENENERENENENEN

AIMD

[47]

OPF

[48]

SNEN
SNENEN

ABC

2]

ANN

[50]

SNENENERENENENENENENENEN

DSO

[51]

1IPSO

[52]

Root

[35]

MOEA

[36]

IPSO

[?]

v SMA

ANENENENENENENENENENENENENENENENESENIREN
SR ENEN AN ENEN ENEN N ENENENER ENENENENEN

NENENEN
ANENENENENENEREN
NENENEN

Proposed Work

v AOA

Table 1 summarizes key optimization approaches reported in the DER placement and
distribution system optimization literature. While the list is representative of mainstream
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metaheuristic families—including swarm-based, evolutionary, physics-inspired, and hy- 2
brid techniques. Many algorithmic variants exist, and the table focuses on those most s
frequently applied to DER planning problems in peer-reviewed studies. While comparing 2
the algorithms, it has been noticed that optimization algorithms can be differentiated on the
bases of there behaviors, like (i) the intrinsic mathematical properties of the update equa- 2
tions of each algorithm, (ii) Exploration-exploitation behaviors are thus well-documented 2
in the optimization literature, and (iii) underlies the patterns of convergence documented 20
here. These describe relative tendencies rather than numerical indices. Such a comparison, 2z
at the level of the mechanism, is clearly favorable to MAOA. In PSO, WOA, BOA, and 2
SFLA, the search behavior is largely controlled by static coefficients, or control policies that 2
correspond to static stochastic operators, is limited. The multi modal and mixed-variable 2
nature of the DER placement problems is also been addressed. On the other hand, the 25
MAOA search pressure in real time as measured by improvement in fitness, allowing it to 2
balance exploration and exploitation systematically. 227

Additionally, the feasibility-coupled update rule in MAOA allows for high movement 2
in valid operational boundaries of the distribution network, reducing the number of 2o
infeasible solutions and accelerating convergence. These mechanisms collectively explain 2
why MAOA appears lower operational losses, improved voltage stability and a more 2u
reliable convergence in the IEEE-33 case study. 232

This follow-up analysis further shows MAOA's suitability for more complex network 23
configurations. configurations, which may be unbalanced, large-scale, or meshed. The 2
subset was selected based on citation frequency, demonstrated performance, and relevance 23
to mixed discrete—continuous problems. Although the proposed MAOA shows strong 2
performance compared to these well-established methods, the broader research landscape 2
indicates that further exploration of hybrid, adaptive, and problem-tailored algorithms 2
remains an open direction. 239

This study provides a novel approach for optimal DER placement and sizing in radial 2«0
distribution networks, incorporating the following considerations: 241

*  Radial network configuration remains essential, with network connectivity managed 2«
through tie switches by algorithms. 243
*  Optimal placement determination incorporates loss sensitivity factors, voltage sensi- 2
tivity indexes, and maximum loss busses. 245
*  Optimal DER sizing is determined by total system load versus DER upper and lower 2
limits. 247
¢ The methodology contributes to carbon emission reduction aligned with global Sus- 2
tainable Development Goals (SDGs), aiming to reduce carbon footprints. 249
¢  Cost considerations for both users and utilities/governments are incorporated into 20
fitness function implementation, including loss considerations. 251

This study encompasses technical analysis while considering environmental impacts, 2
maintaining system stability according to IEEE standards. The methodologies introduced 2
hold significant potential for driving progress towards reliable power systems while align-  2s

ing with global sustainability initiatives. 255
2. Problem Formulation 256
2.1. Problem Statement 257

The integration of DERs in the distribution grid has the potential to provide cost 2
effective reliable power supply. However, the placement of DERs in the distribution 25
network is a complex problem that involves technical factors such as choice of DER, 2o
optimal sizing, siting and network reconfiguration issues. Power flow improves after 2
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installing DERs in the distribution network but optimal locations and size of DER are still 2
an open research problem. We propose the use of Archimedes Optimization Algorithm 2
(AOA) based on factors like active and reactive power losses, voltage profile, costs and 2
network reconfiguration to find the optimal locations and size of DERs. Optimal DERs 2
placement is a sustainable solution complying to Sustainable Development Goad (SDG)-7 s
(energy), SDG-13 (climate change) and earlierMillennium Development Goal (MDG)-7 2
(environment). A base model without DG is compared with AOA optimised results to 2
determine the reduction in losses and increase in efficiency. Pakistan consumes 127 TWh 2
electric energy which increases to 149 TWh at powerhouse levels and 192 TWh at primary  2n0
energy consumption level as 66% energy is lost between primary energy source and meter.
Global electricity demand is 30,761 TWh in 2025, which at an average 10%-line losses has 2
the potential to save 154 TWh using DERs out of total 3,076 TWh losses. The proposed 2
methodology not only provides an optimal solution for integrating renewable energy 2u
sources in the distribution network, while ensuring a stable and reliable power grid, but 2
also 50-60% reduction in electricity losses which results in lesser fossil fuel demand. 216

Beyond operational cost reduction, strategically placed DERs can also defer or avoid 2
capital expenditures associated with upgrading transmission or distribution infrastructure. 2
Although this study focuses on operational metrics, such long-term investment benefits are 2o
an important complementary aspect of DER planning. 280

2.2. Power Flow Fundamentals 281

Let us consider there are two buses m and n with a distribution line having resistance 2
Ry and reactance X, The voltage at bus m and n is given by V};, and V;, respectively, 2
Current flowing from the branch is I;;;,. Load at Bus n is connected having active load P;  2e
and reactive load Q; . the power flowing from branch will be Py, and Q,, respectively, as 25
shown in Figure 1. Whereas Py, is the total active while Qy,;, is the total reactive power 2
flow through the branch active and reactive power loss in branch can be calculated as 2

under: 288
Apparent power flow can be given as 289

Smn = Pmn + ijn (1)
The magnitude of the apparent power will be: 290

|Sm”| =V Pr%m"_szn ()

Vm Rmn +Xmn Vn
' =~ RL
Vs Bus m Pmn +jQmn Bus n T
a
a o
Figure 1. Two Bus Model Power Flow (Hadi Saadat, 1999) [60]
Active power loss can be calculated with apparent power as below 201
PLosSin = R ‘Sm"|2 3)
Vi
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By putting values, we get:

PL0sSyn = Rmn"mvisz” 4)

m

Similarly, reactive loss between bus m and n will be:

P2 2
QLossyy = Xy =10 ‘4/-2an (5)

m

Reactive Power has many disadvantages in Power System.As reactive power moves
in between two buses of power network from one end to other end, this extra current
increases the copper losses I?R that results in poor efficiency. Secondly the poor voltage
regulation and handling capacity of system. It also affects the KVA rating of equipment
and needs large conductor size.

So, total active and reactive power flow between two nodes will be sum of active load
and reactive load and loss in the branch.

Pun = Progg + PL0SSyn (6)

an = QLoad + QLOSSmn (7)

After substituting values, we have

Pmrz:PL‘|‘Rmnmnvisz’1 (8)
m
P2 + 2
an - QL + anmnV72an (9)
m

If network has i number of buses, then the power loss of the network can be calculated
as sum of losses between all nodes and all branches, total active and reactive power loss
the system will be called as,

No of branches

TOtaZPloss = Z Ploss,i (10)
i=1

No of branches

Toleloss = Z Qloss,i (11)

i=1
Pun, Qun, and Sy, are the active, reactive and apparent power that flow between
buses m and n. I, is the line current. P; and Q; are the active and reactive load demand
at the bus. Qpross, QLoss,Base, aNd Qross,min are the total, base-case, and minimum reactive
power losses of the distribution system.

Distributed Generation Placement

Here, the main requirement is to detect the optimal location for DG placement in the
distribution network. In the proposed approach, the DG is placed at the branch exhibiting
the maximum active power loss, which is referred to as the Loss Sensitivity Factor (LSF). The
LSF-based selection ensures that DG units are installed at electrically weak locations where
loss reduction potential is maximum. Accordingly, the candidate bus for DG installation is
identified as

DGcandidate Bus = Bus with maX(P loss)- (12)
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Once the candidate location is determined, the DG size is selected such that it remains
within the loss contribution of the corresponding branch, thereby avoiding excessive power
injection and adverse operating conditions. This sizing constraint is expressed as

DGsjze (kW) < Piygs of the branch. (13)

Based on this formulation, dispatchable DERs are modeled as controllable active
power sources with bounded operating limits suitable for planning-level optimization. The
objective is to determine optimal DG placement and sizing under steady-state operating
conditions using power-flow analysis. Detailed temporal dispatch characteristics and
unit commitment constraints are not considered in this study, as the focus is on planning-
oriented optimization rather than real-time operational control.

Reconfiguration of Tie Switches

Power system reconfiguration is another key aspect in the distribution system to
provide uninterrupted power with minimum losses and maximum voltage. This change
of load flow direction depends on the number of tie switches of the distribution network.
Here, the main requirement is to detect the optimal configuration of the network using
power flow analysis by considering different combinations of tie switches, the optimal
combination detected having minimum overall network loss.

Radial distribution networks contain two types of switching elements: sectionalizing
switches (normally closed), forming the radial backbone, and tie-switches (normally open),
used to interconnect non-adjacent feeders when closed. Let the complete set of switches be

S = {S;j | (i,j) is a branch or tie-line},

where each switch has a binary state, closed (energized) or open. Closing or opening
switches modifies the radial structure, thereby changing the power flows, voltage drops,
and corresponding losses computed using the loss model (4.7a)—(4.7b).

The set of active energized lines is

Lactive = {(m/ Tl) | Spn = 1}.

The real total losses for any switching configuration become

Ploss,tot(s) = Z Ploss,mn .

(mrn) €Lactive

Accordingly, the reconfiguration objective is expressed as
Configurationti, _syitches = Network with Minimum(Pyg) (14)

Where,
Pluss_new_configumtion (KW) < Ploss_base_configumtion (15)

When a normally open tie-switch is closed, a loop is created because the base radial
network originally satisfies
|£active| =N, — 1

Closing a tie-switch yields
£,

active |

= Ny,
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which must contain exactly one loop. Every branch in the loop is a candidate for open-
ing to restore radiality. Thus every tie-switch closing generates a loop, and exactly one
sectionalizing switch is opened to maintain radiality.
To retain a radial structure:
Y Si=N,—1 (16)
(i)
Every bus must remain connected to the slack bus. These constraints ensure a single
spanning tree covers all buses.
For the IEEE 33-bus distribution network, the reconfiguration process is implemented
using a switch topology below mentioned matrix that maps switch positions to branch

numbers:
8 9 10 11 21 33 3 0 O

2 3 4 5 6 7 18 19 20
Tie-Switches= |12 13 14 34 0 0 0 0 O
15 16 17 29 30 31 36 32 O
22 23 24 25 26 27 28 37 O

Generation Cost

To minimize the operational cost of power production [49] at any bus i per hour can
be given as:

Geosti = (a; + b;Pg; + ¢;Pg?) USD/Hour (17)

Where a;, b; and c; are the cost function coefficients of the generator at bus i. GCost;
represents the hourly generation cost associated with the generator installed at bus i.
Similarly, for n, number of generators, the overall cost function will be the sum of all the
cost per generator to get the total cost of production per hour, given as:

n
Total Cost = Zg; Feost,g USD/Hour (18)
g=1

Feost,g denotes the cost-related objective component associated with generator g in
the overall multi-objective fitness function. In addition to operational cost reductions, the
integration of DERs may also contribute to capital cost savings by deferring or avoiding
investments in transmission and distribution infrastructure expansion; however, a detailed

analysis of such capital expenditure benefits is beyond the scope of this study.

Emission Function for Generation

To minimize the operational emission during power production by any thermal
generator at any bus g per hour [53] can be given as:

Femission,g = g + bgPgg + cgPgs + dg exp(egPgy) (19)

Whereas ag, by, cg, dg and eg are the emission function coefficients of the generator at
bus g. Similarly, for n, number of generators, the overall emission function will be sum of
all the emission/ generator to get total emission production per hour as:

g
Total Emissions = Femission,g Ton/Hour (20)
g=1

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371



Version December 24, 2025 submitted to Symmetry 11 of 38

Solar Power 372

Power generated by solar panel depends on the irradiance, temperature, and efficiency sz
of the solar panel. Let a solar power is installed at Bus i, have a total area A of the panelsin s
square meters with solar panel yield r, where average annual solar radiations is H kWh/m2, s
and Performance Ratio, a coefficient for losses PR, The electric energy provided by that sz

solar plant will be calculated as: 377
Psolar,i:A'r'H'PR (21)

The Weibull distribution, often used for wind statistics, has been used in solar energy

as a statistical model for irradiance H to add an uncertainty factor. 379

Wind Power 380

Wind power depends on the airflow in swept area A, air density p [kg/m3], wind e
speed v [m/s] and the time t. Here the circular area of the wind turbine is based on radius e

r of the wings/blade of turbine, 383

A = mr? (22)
Therefore, the electric energy produced by wind power plant will be calculated as 384

1 3

Pind,i = EAPU t (23)
The Weibull distribution will be used in wind energy as a statistical model for wind s
speed to add uncertainty factor in wind speed for simulation. 386
2.3. Importance of Local Reactive Power Management 387

Radial feeders’ voltage stability at feeder ends is much more sensitive to reactive s
power compensation. When DERs are run in Q-control mode, they could consume (or
produce) local reactive power to greatly reduce upstream reactive current on branches. This s
reduces the voltage drop of the line and the voltage stability margins. The fitness function s
was modified to penalize undervoltages at the feeder end and to account for the Q-injection s
limits of the DERs in the power flow equations. Including this gives a better idea of the s
local voltage support capabilities. 394

The Fitness Function 305

Objective function of the power system for DER will be to minimize the network losses s
and improve minimum voltage of the system. Where, N, is total number of branches in  sor
network. This is multi objective function problem given as, 308

F(Fitness) = Total P,s + Total Qjpss (24
+ Total Cost + Total Emissions

Fitness function is a unitless quantity used to derive and optimize algorithm. Every s
contributing factor has same weightage of 25% as contributing factor towards Fitness 0
Function. 401

By putting values from equations (11), (12), (17) and (19), we have fitness function as 4

under: 203
Nbv Nbr
F(Fitness) =F Z Ploss,i +E Z Qloss,i
i=1 i=1
thls Nbus (25)

+F Z Gcost,i +E Z Femissz’on,i
i i=1

i=1 i=
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Here, Fa, Fb, Fc, and Fd represented the weighted contributing factor as 25% = 0.25
each. Here, Ny, is total number of branches and Ny, are total buses of network. In fitness
function use normalize sub objectives through average of cost functions.

Constraints of Fitness Function

Bus voltage will remain in between minimum and maximum values as given in below
equation.

Vminimum < Vbus < Vmaximum (26)

Power generation by DERs should remain within upper and lower bounds i.e.

Pgminimum < P& < PSmaximum (27)

Active Loss should be less than Base loss of the model i.e.

PLo3Sminimum < PL0SSpgse (28)

Reactive loss should be less than Base loss of the model

QLOSSminimum < QLOSSBase (29)

Variable load of the network should be in between the upper and lower bound of the
network,

Ploadminimum < Ploadi,Bus < PLOadmaximum (30)

All numerical results have been rounded to reflect realistic engineering precision rather
than raw computational precision. This ensures that reported values represent physically
meaningful accuracy.

3. Research Methodology

Optimal placement of DERs in distribution system is initiated by identifying the
weaker or sensitive buses to minimize real and reactive power losses, improve voltage
profile throughout the network and enhance system stability. Optimal placement and DER
sizing study is initiated with sensitivity- based analysis to detect the weakest bus then using
optimization algorithms to determine the size and location of DER. Active and reactive line
losses are minimized with local power to reduce flow of power from remote powerhouse in
far flung areas to load in populated cities. Voltage in weak weaker systems dips with load
variations which increases line losses. Suitably designed DER enhances system resilience
to varying loads and line faults. Power engineers use the continuation power flow (CPF)
method to conduct sensitivity analysis. Analytical methods using commercial software are
used to conduct load flow study without and with DERs to estimate reduction in power
losses and improvement in voltage profile. We may limit constraints in multi-objective

function for optimal voltage, line losses, system stiffness and other stability parameters.

Algorithms keep on iterating until the objectives are achieved. We have Modified AOA in
MATLAB to optimize the DER placement.

The Archimedes Optimization Algorithm (AOA) is a physics-inspired metaheuristic
based on Archimedes’ principle [59]. According to Figure 2, the algorithm simulates objects
immersed in fluid, where buoyancy forces drive the optimization process.
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Object weight Displaced Fluid

! l
e —
1 T

Weight of displaced
fluid

Buoyancy force

a b

Figure 2. (a) An object immersed in a fluid, and (b) The volume of fluid displaced [59]. Note: The
figure illustrates the physical principle of buoyancy used as inspiration for the algorithm’s density
and volume updates.

The working principle or concept behind the algorithm is based on Archimedes’ Prin-
ciple. In AOA, a candidate solution is represented as an object submerged underwater;
the object "density" and "buoyancy" guide the object towards better solutions. Mathemati-
cally, the density, volume, and buoyant force, reflect how the algorithm calculates the new
position of an object based on density and the amount of buoyant force.

The Archimedes Optimization Algorithm (AOA) is inspired by Archimedes’ principle;
however, in this study, its governing operators are explicitly mapped to power system
performance indicators rather than treated as abstract physical metaphors. Each candidate
solution is represented by a decision vector

x = [bus;, PZ-DG], (31)
which defines the locations and sizes of distributed energy resources (DERs) in the distri-
bution network. The quality of each candidate solution is evaluated through load-flow
analysis, and its overall performance is quantified using a fitness function F(x) that incor-
porates active power losses, voltage deviations, and operational constraints.

In this formulation, the density parameter p(x) reflects the electrical quality of a solution
and is expressed as a function of system losses and constraint violations, i.e.,

p(x) & Ploss(x) + Ay ZAVI +A ZAIZ/ (32)
i )

where Pj¢s denotes the total active power loss, AV; represents voltage magnitude violations,
Al corresponds to branch thermal limit violations, and A, and A; are penalty coefficients.
Solutions exhibiting lower losses and minimal violations are associated with lower effective
density and are therefore favored during the optimization process. The volume parameter
V(x) represents the feasibility margin of a solution, remaining stable for configurations
that satisfy voltage, thermal, and radiality constraints, while being adaptively penalized
for infeasible operating states.
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3.1. Limitations of Standard AOA for DER Placement

While AOA strikes a balance between exploration and exploitation, it doesn’t perform
up-to the standard on DER placement problems because of: (i) weak local search capability
near feasibility boundaries, (ii) insufficient diversity preservation in high-dimensional
radial networks, (iii) slower convergence when mixed discrete-continuous variables (i.e.
bus indices and sizes of the DERs) are involved. (iv) sensitivity to density and volume
parameters under multimodal objectives.

To address these limitations, the Multi-Objective AOA (MAOA) introduces:

¢ an adaptive search pressure coefficient to accelerate convergence when refining the
feasible region,

* aboundary-aware perturbation operator for discrete bus selection,

¢ adynamic density update rule that increases exploitation in potentially good configu-
rations, and

*  ahybrid feasibility correction step tightly coupled with the power-flow constraints.

These improvements further improve MAOA's ability to navigate the fitness landscape of
DER placement and network reconfiguration, yielding both higher quality and more stable
solutions.

Although this analogy of buoyancy is useful in understanding the concept, it is also
possible to interpret the density update process from the perspective of the search for
fitness landscape optimization. The search step sizes are proportional to the recent gradient
of fitness improvement achieved, pushing the particles towards lower objective function
values. Volume and acceleration operators guide search: the volume operator impacts
sampling distribution early on while the acceleration operator ramps up exploitation
as convergence occurs. These operators, although lacking a physical interpretation, are
mathematically consistent and considerably improve search performance for constrained
DER optimization.

3.2. Algorithm Fundamentals

According to Archimedes’ principle, the buoyancy force equals the weight of displaced
fluid:

Fy=prVag (33)

For an object in equilibrium:

poVoto = pfViay (34)

3.3. Mathematical Formulation
3.3.1. Initialization

N denotes the population size, while x? and x! represent the initial and iteration-t
norm
1

indicating normalization bounds, and F controlling the exploitation phase of the algorithm.

positions of solution i. The term a refers to the normalized acceleration, with u and !

For N objects (potential solutions), initial positions are generated:

x?:lb+rand~(ub—lb), i=12,...,N (35)

Initial parameters: Where p?, V0, 49 are the density, volume, and acceleration of so-
lution i at initialization, and rand € [0, 1] is a uniform random number, /b and ub are the
lower and upper bounds of every dimension of the decision variables, respectively, pf and
Vl-t are the density and the volume of solution i at iteration t, respectively, and ppest and
Vbest are the density and the volume of the best solution. These functions are used to shift
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the solution properties over time into promising parts of the search space to achieve a good s

balance between exploration and exploitation. s01
p) =rand, V?=rand, a)=1b+rand- (ub—Ib) (36)
Density and volume updates: 502
pi"" = pi+rand - (ppest — p}) (37)
‘/it+1 = Vit + rand - (Vbest - Vzt) (38)
3.3.2. Acceleration Update 503
Transfer factor determines search phase: 504
t - tmax
TF = exp( > (39)
max
Exploration phase (TF < 0.5): 505
t+1 _ Pmr+ Vinr + @y
4= PR (40)
Exploitation phase (TF > 0.5): 506
t+1 _ Pbest T Vbest + best
4= o i (41)
3.3.3. Position Update s07
Normalized acceleration: 508
norm a; — min(a)
. = . l
i ! max(a) — min(a) + 42)
Position update (exploration): 509
= x4 Cp -rand - a"™ - d - (xpang — x1) (43)
Position update (exploitation): 510
A =xl 4 F-Cy-rand - a?™ - d - (T - Xpegt — X1) (44)
3.4. Multi-Objective AOA for DER Placement st

The AOA is adapted for DER placement by mapping physical properties to electrical s
engineering components. Under this hypothetical optimization configurational space, the s
objects are DER configurations as defined by their siting and sizing. The density of the s
object represents a fitness of the solution, determined through the evaluation of the fitness s
function, while the volume is representative of the search space that will be explored. The s
acceleration term regulates the direction and magnitude by which the solution improves at s
each iteration. The surrounding fluid plays the role of the constraints that the distribution s
network must remain with in range of voltage with respect to load. 519

The others are implicitly defined through the fitness function, the scaling of the s
update size, and the constraints-edging methods. Each object denotes a candidate DER sz
configuration. p;: Solution quality relating to loss reduction, voltage profile improvement, s
and cost reduction. Similar to the definition of the electrical severity of loading in the s
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system network. V;: Solution search adaptivity indicating the feasible operating margin s
of placing DERs under the network’s operating restrictions. a;: Solution search adaptivity s
indicating the direction and rate of convergence of the solution to the electrically optimal sz
solution. 527

The transition between exploration and exploitation is controlled by a transfer factor s
TF, just as there is a mode between wide area network scanning and more local exploration s
around electrically stable operating points. During the exploration mode, acceleration s
is determined by random samples of point solutions, with heterogeneous feasible DER sz
locations. On the contrary, the acceleration in the exploitation is controlled with respect sz

to the best solution. It forces the swarm towards the minimum-loss, voltage-compliant s
norm
1

direction factor d adjust the step size of the position update to remain within the voltage, s

solutions. The normalized acceleration a , the control parameters C;, Cp, F, and the s
power, and radiality limits of the distribution system. For all system parameters, standard s
IEEE radial distribution test feeders are adopted to ensure full reproducibility of the s
benchmark. For renewable generation, the parameters of photovoltaic generator efficiency, s
performance ratio, air density and Weibull distribution shape and scale coefficients are s
selected from the literature with a range of values. Algorithmic parameters, such as s«
population size, number of iterations and search coefficients, are all dimensionless and  su
are set empirically to ensure stability of convergence. These values are constant across all s«
simulations. 543

The Initial population OF S utilizes mixed power system variables, and calculates s
the system-aware density PS_den;, volume PS_vol; and acceleration PS_acc; from the s
available power system operation variables. In both iterations, the transfer operator TF'S  ss
and density factor d”5 control the exploration and exploitation based on the violation s«
of the voltage and power balance. Finally, the updated solution values PS_den; and s«
PS_vol; satisfy the feasibility and diversity conditions. We penalize infeasible motion with  ss
the constraint-aware acceleration, which uses the normalized term PS_acc"*"™ to update sso
positions in mixed-variable domains: discrete indices (DG bus) are updated using the sx
rounding operator, continuous DG sizes via real-valued arithmetic, and tie-switch states sz
(binaries) by the sigmoid function. The candidate solutions are evaluated using the fitness  ss
function F? , (x) in conjunction with the dynamic weights wy, (), the normalization f§%¢ s
and the adaptive penalties A(t). In cases where a candidate solution is found to be both  ss
fittest and feasible, this solution will replace the global best solution x/'5, found so far. s
Periodic local search starts from this solution and perturbs with Gaussian noise NV'(0,02), ssr
where ¢ is reduced for finer tuning. Iteration continues until convergence criteria based s
on improvement to the fitness function and satisfaction of constraints met for the power  ss
system, following which the best solution is returned. 560
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Table 2. Multi-Objective Archimedes Optimization Algorithm for DER Placement

Algorithm : Multi-Objective Archimedes Optimization Algorithm for DER Placement
. Initialize positions x! using Equation (23)

. Initialize p?, V?, a? using Equation (24)

. Evaluate initial power flow via Equations (1)-(10)

. Compute initial losses via Equations (11)—(12)

. Apply DG and DER limits using Equations (14), (16), (21)

. Enforce operational limits using Equations (23) and (25)

. Evaluate initial multi-objective fitness via Equation (20) and set Xp.est
. Fort =1 to tmax

9. Update densities p! ™! using Equation (25)

10. Update volumes VitJrl using Equation (26)

11. Compute transfer factor TF using Equation (27)

12. ITF<05

OO Ul WDN =

13. Select random object mr

14. Compute acceleration using Equation (28)
15. Else

16. Compute acceleration using Equation (29)
17.  End If

18. Normalize acceleration using Equation (30)
19. ITF<05
20. Update positions using Equation (31)

21. Else
22. Update positions using Equation (32)
23. EndlIf

24. Re-run power flow using Equations (1)—(10)

25.  Recompute losses using Equations (11)—(12)

26. Check DG and renewable constraints via Equations (14), (16), (21)
27.  Check voltage and thermal constraints using Equations (23), (25)
28.  Evaluate updated multi-objective function via Equation (20)

29. Update Xpeg; if improvement observed

30. End For

31. Return Xpegt

4. Results and Analysis
4.1. Case Study Test System

This section presents a comprehensive performance analysis of the proposed Multi-
Objective Archimedes Optimization Algorithm (MAOA) against five benchmark meta-
heuristic algorithms, including Shuffled Frog Leaping Algorithm (SFLA), Atom Search
Optimization (ASO), Whale Optimization Algorithm (WOA), Butterfly Optimization Al-
gorithm (BOA), and Particle Swarm Optimization Algorithm (PSO) on the standard IEEE
33-bus radial distribution network. The model was tested for four different scenarios in
order to determine the optimal methodology and results. During each scenario, the voltage
profile of the network, active and reactive power losses, total cost and emissions, and
network reconfiguration to check the effectiveness of DER were considered.

Proposed Distribution Network Model with integrated DERs

In distribution networks, power is distributed to other buses and branches with
reference to slack bus, IEEE has standardized many distribution networks one of them
is IEEE-33 Distribution Network. These branches have five tie switches for a continuous
power supply and reconfiguration of network during fault conditions.
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Figure 3. IEEE-33 Radial Network model [61]

The resistances (R) and reactances (X) of all the branches of the IEEE 33-bus distribu-
tion system have been taken from the standard MATPOWER distribution test dataset file
case33bw.m. The R/ X of the branches are shown in Table 3. It can be seen that the branches
of this network are predominantly high resistance, as expected for a radial distribution
system. Higher R/ X ratios result in higher active power losses, and higher voltage drop on
the feeders causing the location and sizing of the DERs to have a greater impact on voltage
regulation and loss reduction. Furthermore, the effect of reactive power on the voltage
stability and network reconfiguration of the distribution system is more pronounced on
low ratio branches. Therefore, it is important to consider branch parameters (including the
R and X components for calculating the R/ X ratio) for the proposed optimization to be
accurate. Due to long distribution network, DER can be installed at various buses based on
the optimum location and sizing, general layout of the network after reconfiguration and
installation has been shown in Figure 3.
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Table 3. Branch impedance parameters and R/ X ratios of the IEEE 33-bus distribution network
(case33bw.m) [61,64]

From To R(Q) X (Q)) R/X Branch Type

1 2 0.0922  0.0470 1.96 Main feeder

2 3 04930 02511 196 Main feeder

3 4 03660 01864 1.96 Main feeder

4 5 0.3811  0.1941 1.96 Main feeder

5 6 0.8190  0.7070 116 Lateral

6 7 01872 0.618  0.30 High reactance
7 8 07114 02351 3.03  Resistivebranch
8 9 1.0300  0.7400  1.39 Long feeder

9 10 1.0440 07400 141 Long feeder

10 11 0.1966  0.0650 3.03 Resistive branch
11 12 03744 0.1238 3.02 Resistive branch
12 13 14680  1.1550 1.27 Long feeder
13 14 05416 07129 076 High reactance

14 15 05910 05260  1.12 Lateral

15 16 07463  0.5450 1.37 Lateral

16 17 12890  1.7210 0.75 High reactance
17 18 07320 05740  1.28 Lateral

2 19 0.1640 0.1565  1.05 Branch

19 20 15042 1.3554 111 Long feeder

20 21 04095 04784  0.86 High reactance
21 22 07089 09373  0.76 High reactance

3 23 04512 03083 146 Branch
23 24 0.8980 0.7091 127 Long feeder
24 25  0.8960 07011  1.28 Long feeder

6 26 02030 01034 1.96 Branch
26 27 02842 01447 196 Branch
27 28 10590 09337 1.13 Long feeder
28 29 0.8042 07006  1.15 Lateral
29 30 05075 02585  1.96 Branch
30 31 09744  0.9630 1.01 Balanced

31 32 03105 0.3619 0.86 High reactance
32 33 0.3410 0.5302  0.64 High reactance

21 8 2.0000  2.0000 1.00 Tie-switch
9 15  2.0000  2.0000 1.00 Tie-switch
12 22 2.0000  2.0000 1.00 Tie-switch
18 33 0.5000  0.5000 1.00 Tie-switch
25 29 0.5000  0.5000 1.00 Tie-switch

The bus voltage and load data for the IEEE 33-bus radial distribution system are taken
from the MATPOWER distribution benchmark case file case33bw.m (Table 4). The loads
in this system are also within the voltage limits of 0.9 to 1.1 p.u., which are the typical
voltage limits of distribution networks. Active and reactive demand loads affect load flow
distributions, voltage profiles, and feeder losses. The sensitivity of higher bus loadings
to the placement and sizing of distributed energy resources (DER) varies according to the
prevailing feeder types and especially for resistance-dominated feeders. Therefore, the
modeling of the bus voltage limits and the load parameters is important to ensure voltage
security, losses minimization and the physical realizability of the result.

The optimization environment is MATLAB R2024a installed on an Intel i7-8550U, 8 GB
RAM, with the Newton-Raphson solver of MATPOWER used for power flow analysis
during optimization implementation. The proposed methodology is implemented on the
IEEE-33 bus radial distribution system. The system consists of 33 buses, 37 branches, and a
total load of 3.715 MW and 2.30 MVAR [64]. Five tie-switches allow for reconfiguration-
based loss reduction. During simulation, 30 iterations with 20 populations were used. The
system was run multiple times, and the best results of each algorithm were finalized.

Voltage magnitude limits are defined in the test case: 0.9-1.1 p.u. for all load buses. The
maximum distributed generation is limited by local load because it is physically impossible
to operate the system beyond these limits. All the electrical parameters used in these
simulations were taken directly from the MATPOWER IEEE 33-bus benchmark without
modification, such that the results are reproducible and can be compared with well-cited
distribution system works [61].

The above optimizations are implemented using the MATPOWER toolbox that per-
forms power-flow calculations on distribution networks using standard case files. Each
solution for a DER optimization results in changes made to the active and reactive power
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Table 4. Bus data of the IEEE 33-bus radial distribution network (case33bw.m) [61,64]

Bus Type Py Qu Gs B; Area V, V., BaseKV Vipax  Viin
(kW) (kVAr) (pu) (deg) (kV) (pu) (pu)

1 3 0 0 0 O 1 1.0 0 1266  1.00 1.00
2 1 100 60 0 O 1 1.0 0 1266  1.10 0.90
3 1 90 40 0 O 1 1.0 0 1266  1.10 0.90
4 1 120 80 0 O 1 1.0 0 1266  1.10 0.90
5 1 60 30 0 0 1 1.0 0 1266  1.10 0.90
6 1 60 20 0 0 1 1.0 0 1266  1.10 0.90
7 1 200 100 0 0 1 1.0 0 1266 110 0.90
8 1 200 100 0 0 1 1.0 0 1266 110 0.90
9 1 60 20 0 0 1 1.0 0 1266 110 0.90
10 1 60 20 0 0 1 1.0 0 1266 110 0.90
11 1 45 30 0 0 1 1.0 0 1266 110 0.90
12 1 60 35 0 0 1 1.0 0 1266 110 0.90
13 1 60 35 0 0 1 1.0 0 1266 110 0.90
14 1 120 80 0 0 1 1.0 0 1266 110 0.90
15 1 60 10 0 0 1 1.0 0 1266 110 0.90
16 1 60 20 0 O 1 1.0 0 1266  1.10 0.90
17 1 60 20 0 O 1 1.0 0 1266  1.10 0.90
18 1 90 40 0 O 1 1.0 0 1266  1.10 0.90
19 1 90 40 0 0 1 1.0 0 1266  1.10 0.90
20 1 90 40 0 0 1 1.0 0 1266  1.10 0.90
21 1 90 40 0 0 1 1.0 0 1266 110 0.90
22 1 90 40 0 0 1 1.0 0 1266 110 0.90
23 1 90 50 0 0 1 1.0 0 1266 110 0.90
24 1 420 200 0 0 1 1.0 0 1266 110 0.90
25 1 420 200 0 0 1 1.0 0 1266 110 0.90
26 1 60 25 0 0 1 1.0 0 1266 110 0.90
27 1 60 25 0 0 1 1.0 0 1266 110 0.90
28 1 60 20 0 0 1 1.0 0 1266 110 0.90
29 1 120 70 0 0 1 1.0 0 1266 110 0.90
30 1 200 600 0 O 1 1.0 0 1266  1.10 0.90
31 1 150 70 0 O 1 1.0 0 1266  1.10 0.90
32 1 210 100 0 O 1 1.0 0 1266  1.10 0.90
33 1 60 40 0 O 1 1.0 0 1266  1.10 0.90

Table 5. Control parameters and learning factors of the implemented metaheuristic algorithms

Algorithm Control Parameters Learning Factors Reference
WOA a:2—0,A=2ary —a p=05C=2n [54]
PSO w:09 — 04 c1 =20,c, =20 [55]
BOA p = 0.8, sensory modality c Power exponenta = 0.1 [56]
SFLA x=3,B=50=2 g = 0.3 X Nmemeplex [57]
ASO xa=50,=02G=¢ 2T Adaptive Kpest [58]
AOA TF=e'T ,densityd |Ci=2,Co=6,C3=2Cs=1| [59]

injections and voltage limits of the buses. The runpf function is used to compute the bus

voltages, branch flows, and line currents. From the solutions, power losses, voltage profiles,
and branch loadings are extracted and passed to the fitness function module, ensuring that

all optimization decisions are based on physically consistent and practically meaningful

power system variables.
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The parameters in Table 5 regulate the population diversity as well as the search
and learning behavior of the examined metaheuristic algorithms, which thereby influence
the rate of convergence and the quality of the solution. In the case of the PSO algorithm,
each solution can be modeled as a particle in continuous space. The inertia weight w
and acceleration coefficients c; and ¢, ensure the trade-off between individual learning
and swarm intelligence to maintain the cohesion of the swarm. In WOA, the linearly
decreasing control parameter a, encircling coefficients A and C, and probability parameter
p, control the trade-off between exploration and exploitation with encircling and spiral
searching, respectively. In BOA, the global and local search mechanisms are controlled
by the switching probability p, the sensory modality, and the power exponent nonlinear
influence factor of the odor-based search process. Likewise, in SFLA, local learning is
achieved through memeplexes. Local exploration is controlled by the step-size coefficients
« and 5, step-size jump factor o and selection parameter g, while shuffling provides global
communication. ASO has coefficients of attraction and repulsion « and  to model inter-
atomic forces. Introducing a time-varying gravitational constant G and elite set size Kpest
allows the balance between exploration and exploitation. AOA and its multi-objective
extension (MAOA) use a physics-based probability algorithm based on density, volume,
and acceleration, in which parameters such as transfer factor TF, distance factor 4, and
coefficients of acceleration Cq, C;, C3 and C, can affect the convergence and diversification
of the algorithm, improving AOA performance in hybrid continuous-discrete optimization
problems.

4.2. Scenario S1 — DER Only

In scenario S1, only the DER was placed; the selection of candidate buses was done
using the Loss Sensitivity Factor while considering the voltage sensitivity index and buses
having the maximum losses.

The network has 33 buses connected to a slack bus at 1. The minimum base voltage of
the network is 0.9108 p.u., and the maximum voltage value is 1.000 p.u., with an average
bus voltage of 0.9497 before the placement of DER (here one DER is wind and the other is
solar).

It has to be noticed that, after the placement of DERs, the average bus voltage of the
network increased to 0.9830 p.u., whereas the minimum voltage level rose to 0.9571 p.u.
From here, it is evident that the MAOA has resulted better than the other algorithms. PSO
(0.9826 p.u.), WOA (0.9827 p.u.), and SFLA (0.9827 p.u.) also provided better results than
ASO (0.9824 p.u.) and BOA (0.9824 p.u.). This reflects that the overall voltage was increased
by approximately 3.5

Active power losses of the IEEE-33 bus network were considered as the third attribute
of optimization. The total Pj,s, of the network is 208.459 kW. Major loss-making branches
are 2-3 (51.602 kW), 5-6 (38.004 kW), and branch 27-28 with 11.1141 kW losses. PSO
provided competitive results in the reduction of power losses, achieving 18.79% loss
reduction (169.297 kW), whereas MAOA concluded the losses at 159.139 kW, which is
23.66% less than the base losses. ASO and BOA algorithms resulted in comparatively
higher losses due to oversized DER placement, which limited their loss reduction capability
relative to the other methods.

Reactive power loss results show similar trends to active losses. The base reactive
loss is 111.673 kVAR. PSO reduces this value moderately to 105.955 kVAR, while WOA
and SFLA achieve stronger reductions to 97.776 kVAR and 98.416 kVAR, respectively. This
indicates that WOA and SFLA provide more effective reactive compensation and better
power factor enhancement within the feeder. MAOA showed the best performance with
the lowest reactive losses of 91.909 kVAR, which reflects a 17.70% reduction in reactive
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power losses of the system. WOA and SFLA were the closest competitors to MAOA with e
97.776 kVAR and 98.416 kVAR, respectively. 670

Table 6 provides a detailed comparison among multiple factors such as voltage, active .
and reactive losses, DG allocation, total cost, total emissions, and execution efficiency. e
Results of PSO showed good loss minimization and well-balanced voltage characteristics. o7
WOA outperformed in reactive loss reduction, while SFLA was competitive in voltage and &
loss; however, its overall technical performance remained inferior compared to MAOA. 675

Table 6. IEEE 33-Bus System — S1 Comparative Analysis

Parameter | Base [ PSO [ WOA | SFLA | ASO | BOA | MAOA
Voltage Statistics (p.u.)
Average Voltage (p.u.) 0.9497 0.9826 0.9827 0.9827 0.9824 0.9824 0.9830
Minimum Voltage (p.u.) 0.9108 | 0.9568 | 0.9568 | 0.9568 | 0.9568 | 0.9568 0.9571
Maximum Voltage (p.u.) 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 1.0000
Loss Statistics
Total Active Loss Pjoes (KW) 208.459 | 169.297 | 191.181 | 194.365 | 183.760 | 176.968 | 159.139
Total Reactive Loss Qjoss (KVAR) | 111.673 | 105.955 | 97.776 | 98.416 | 108.393 | 107.915 | 91.909
Loss Reduction (%) - 18.79 8.29 6.76 11.85 15.10 23.66
DG Placement (MW)
DG at Bus 3 (MW) - 3.6407 | 3.6406 | 3.6407 | 3.6387 | 3.6461 3.8000
DG at Bus 6 (MW) - 19133 | 1.3967 | 1.3785 | 3.3544 | 3.3465 2.1000
Total DG Size (MW) - 55540 | 5.0374 | 5.0192 | 6.9931 | 6.9926 5.9000
Cost and Emission Performance
Total Cost ($/h) 7.9046 | 2.4415 | 4.4434 | 7.2991 7.7491 1.8346 1.2520
Total Emissions (kg/h) 15.5853 | 0.0761 | 0.4878 | 1.1213 | 1.2462 | 0.1467 | 0.0700
Computational Performance
Computation Time (s) - 37.59 29.28 22.80 25.79 35.27 26.45
Convergence Efficiency (%) - 7.32 15.72 1.67 34.28 0.18 5.56

Due to aggressive DG sizing, ASO and BOA resulted in relatively higher losses and e
inferior economic performance compared to MAOA. These observations highlight the o
importance of robust parameter tuning and appropriate DG sizing constraints. Among o
all, MAOA outperformed all other algorithms, having the highest average voltage, i.e., e
0.9830 p.u., the lowest active and reactive losses, i.e., 159.139 kW and 91.909 kVAR, respec- o
tively. Loss reduction was 23.66%, which is the highest among all. MAOA also showed e
optimal DG allocation: DG at Bus 3 is 3.8 MW and DG at Bus 6 is 2.1 MW. Cost and e
emission performance are also favorable, i.e., 1.252 $/h and 0.07 kg /h, respectively, with e
stable convergence efficiency (5.56%). These results ranked MAOA as the Pareto-optimal e
solution. 685

4.3. Scenario S2 — Network Reconfiguration Only 686

For the network reconfiguration, analysis of voltage profiles of multiple optimization s
algorithms demonstrates significant improvements. MAOA achieved the highest average s
voltage (0.9682 p.u.) with a minimum voltage of 0.9451 p.u. PSO and SFLA showed better e
performance with 0.9612 p.u. and 0.9667 p.u., respectively. BOA had the least voltage e
enhancement. Voltage surge was prominent in critical buses 15-18, where MAOA showed s
3.5-4.4% improvements. All algorithms removed voltage sags, but MAOA achieved the o
lowest voltage deviation of 0.0146 p.u. 693

MAOA targeted loss reduction was 129.856 kW (37.72% improvement). The algorithm  ess
showed exceptional performance for high-loss branches 3—4, 4-5, and 5-6, showing loss  ess
reduction of 95% compared to the base case. WOA and SFLA, with loss values of 144.959 kW 69
and 141.635 kW respectively, performed better than ASO and BOA. The results confirmed e
the algorithm’s robustness in complex distribution network reconfiguration problems. 693
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Table 7. IEEE 33-Bus System — S2 Algorithm Comprehensive Performance Comparison

Performance Metric | Base Model | PSO I WOA I SFLA I ASO I BOA [ MAOA
Switch Configuration

Tie Switches [ 133343536371 | 17,13323537] | [7,11,1427,32] | [7,11,14,28,32] | [7,1013,17,28] | [711,1427,31] | 17,9,14,32,36]
Technical Performance

Average Voltage (p.u.) 0.9497 0.9612 0.9655 0.9667 0.9669 0.9613 0.9682

Minimum Voltage (p.u.) 0.9108 0.9333 0.9398 0.9413 0.9327 0.9207 0.9451

Active Loss (kW) 208.459 151.308 144.959 141.635 148.824 149.943 129.856

Loss Reduction (%) - 27.42 30.46 32.06 28.61 28.07 37.72

Reactive Loss (kVAR) 111.673 91.761 108.202 105.285 108.068 118.025 88.924

Economic and Environmental Performance

Total Cost ($/h) 7.9046 7.7887 7.7758 7.7690 7.7836 7.7859 7.7512

Cost Reduction (%) - 147 1.63 172 1.53 1.50 1.94

Total Emissions (kg/h) 15.5853 13.3355 13.1073 12.9894 13.2458 13.2861 12.6358

Emission Reduction (%) - 14.44 15.90 16.66 15.01 14.75 18.93

Computational Performance
Execution Time (s) I - I 37.59 I 29.28 I 22.80 I 25.79 I 35.27 I 26.45

In this parameter also, MAOA outperformed the rest of the algorithms with
88.924 kVAR total loss (20.4% reduction). PSO showed 91.761 kVAR, while WOA, SFLA,
and ASO achieved moderate reductions to 108.202 kVAR, 105.285 kVAR, and 108.068 kVAR,
respectively. BOA showed the poorest performance with a value of 118.025 kVAR. MAOA
outnumbered across critical branches, specifically in branches 3—4, 4-5, and 5-6, where
losses were reduced by 95%. For both active and reactive loss minimization, the algo-
rithm’s ability to optimize switch configurations confirms its comprehensive nature toward
distribution network optimization. similalry:

The algorithm (MAOA) achieved optimal network reconfiguration results along with
superior performance across all evaluation metrics. Results showed that MAOA identifies
the most effective tie-switch configuration [7, 9, 14, 32, 36] along with optimized load
balancing and loss minimization as compared to other algorithms.

Technically, MAOA average voltage (0.9682 p.u.) is best among others, and the
minimum voltage of 0.9451 p.u. highlighted improvements of 1.95% and 3.77% over the
base case, respectively. Loss reduction of SFLA (32.06%), WOA (30.46%), ASO (28.61%),
BOA (28.07%), and PSO (27.42%), while MAOA has outperformed here again with the
value 37.72%.

Economically, MAOA provided the highest cost reduction (1.94%) and emission reduc-
tion (18.93%), showing the excellence of its optimization cost performance while minimizing
environmental impact. If we look at the computational performance, MAOA has 26.45
seconds execution time. The algorithm’s balanced nature among technical, economical, and
computational objectives retains it as the most optimal solution for distribution network
reconfiguration.

4.4. Scenario S3 — DER Followed by Reconfiguration

Early investment of DERs impacts subsequent network reconfiguration. As needed
load power is supplied at an upstream node, currents down the upstream branches decrease.
This changes the optimal network configuration for losses and creates different optimal
tie-switch configurations. As observed in our results, the preliminary DER placements
have a major impact on power-flow patterns and voltage gradients in S3 and S4; thus, the
MAOA converges to different switching configurations with more loss reductions in S3
and 54.

MAOA demonstrated the best among all others with the highest average voltage
(0.9871 p.u.) and minimum voltage (0.9680 p.u.), with improvements of 3.94% and 6.24%
over the base case, respectively. All other algorithms also tried to perform well, but SFLA
and MAOA outnumbered the rest of them. This parameter reveals MAOA’s exceptional
performance with the reduction of total losses to a value of 65.842 kW, i.e., 68.42% from
the base case. All other algorithms — PSO, WOA (79.291 kW, 61.96% reduction), BOA
(106.358 kW, 48.98% reduction), ASO (89.508 kW, 57.06% reduction), and SFLA (90.403 kW,
56.64% reduction) — lag behind. MAOA showed superior loss reduction, particularly
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Table 8. IEEE 33-Bus System — S3 Final Switch Configuration Comparison

C ion P [ Base [ PSO [ WOA [ SFLA [ ASO [ BOA [ Multi-Objective AOA
Initial Switch Configuration (All Scenarios)
Initial Tie Switches [33,34,35,36,37]
Initial Network Topology Radial configuration with main feeder from Bus 1 to 18 and laterals
Final Optimized Switch Configurations
Final Tie Switches ‘ [33,34,35,36,37] ‘ [14,20,35,36,37] ‘ [14,20,35,36,37] ‘ [5,11,13,17,37] ‘ [13,17,20,35,37] ‘ [4,9,13,16,24] ‘ [7,9,14,32,36]
Configuration Changes Analysis
Switches Closed - 33,34 33,34 33,34,35,36 33,34,35,36 33,34,35,36,37 33,34,35,37
Switches Opened ‘ - 14,20 14,20 511,13,17 13,17,20 49,13,16,24 7,9,14,32
Topological Impact Assessment
Main Feeder Path 1-18 1-18 1-18 1-18 1-18 1-18 1-18
Lateral 1 (Buses 2,19-22) Connected Reconfigured Reconfigured Reconfigured Reconfigured Reconfigured Optimized
Lateral 2 (Buses 3,23-25) Connected Connected Connected Connected Connected Reconfigured Connected
Lateral 3 (Buses 6,26-33) Connected Reconfigured Reconfigured Reconfigured Reconfigured Reconfigured Optimized
Load Balancing Effectiveness
Load Transfer Capability Limited Moderate Moderate High High Very High Optimal
Radiality Maintained Yes Yes Yes Yes Yes Yes Yes
Voltage Profile Impact Base Improved Improved Mixed Mixed Degraded Best
Technical Performance Correlation
Loss Reduction (%) - 61.96 61.96 56.64 57.06 48.98 68.42
Voltage Improvement - ‘ Moderate Moderate ‘ Good ‘ Good Poor Excellent

Table 9. IEEE 33-Bus System — 53 (DER + Reconfiguration) Comprehensive Performance Comparison

Performance Metric [ Base [ PSO [ WOA [ SFLA [ ASO [ BOA [ Multi-Objective AOA
Final Switch Configuration

Tie Switches [ [33,34,35,36,37] | [14,20,353637] | [14,2035,36,37] | [511,13,17,37] | [13,17,203537] | [49,13,1624] | [7,9,14,32,36]

Technical Performance

Average Voltage (p.u.) 0.9497 0.9828 0.9828 0.9866 0.9833 0.9832 0.9871

Minimum Voltage (p.u.) 0.9108 0.9663 0.9663 0.9645 0.9645 0.9524 0.9680

Active Loss (kW) 208.459 79.291 79.291 90.403 89.508 106.358 65.842

Loss Reduction (%) - 61.96 61.96 56.64 57.06 48.98 68.42

Reactive Loss (kVAR) 111.673 57.123 57.123 65.562 73.538 79.916 47.526

DER Allocation (MW)

DG at Bus 3 (MW) - 3.2043 1.6826 6.2798 5.5493 2.1650 3.8000

DG at Bus 6 (MW) - 25922 2.5943 2.5940 2.5941 2.5895 2.1000

Total DG (MW) - 5.7965 4.2769 8.8738 8.1434 4.7545 5.9000
Economic & Envir tal

Total Cost ($/h) 7.9046 4.6625 5.5530 4.1860 4.1660 5.2439 3.8512

Cost Reduction (%) - 41.02 29.75 47.05 47.30 33.67 51.28

Emissions (kg/h) 15.5853 13.51 13.9654 13.90 14.50 12.8606 12.6358

Emission Reduction (%) - 13.32 10.39 10.81 6.96 17.48 18.92
Computational Performance

Execution Time (s) 57.57 46.93 32.90 38.10 53.50 34.45

Convergence Efficiency ‘ - ‘ -0.26 ‘ -6.24 -0.03 ‘ -2.06 ‘ -4.31 ‘ 18.50

in the upstream sections (1-2, 2-3), where losses were reduced by 89%. The algorithm’s
prominence in optimal DG placement with network reconfiguration makes it an optimized
distribution path with minimized current flow magnitudes. In reactive power loss analysis,
MAOA outperformed the rest of the algorithms with 47.526 kVAR, a 57.44% reduction
from the base case. WOA and PSO achieved reductions to 57.123 kVAR (48.85% reduction),
while BOA and ASO resulted in 79.916 kVAR and 73.538 kVAR, respectively. SFLA showed
comparatively higher reactive losses. MAOA outnumbered others across critical branches,
specifically in branches where reactive losses are traditionally highest. For reactive power
flow distances and I*X losses minimization, the algorithm’s ability for optimal coordination
of DG reactive support with network configurations confirms its comprehensive nature
towards distribution network optimization.

The comprehensive performance analysis showed that MAOA has outperformed in
all evaluation metrics. The algorithm achieved the best performance regarding technical,
computational, and economic factors.

Technically, MAOA average voltage (0.9871 p.u.) is the best among others, and the
minimum voltage is 0.9680 p.u., with the most substantial improvements of 3.94% and
6.24% over the base case, respectively. Loss reduction of SFLA (56.64%), WOA (61.96%),
ASO (57.06%), BOA (48.98%), and PSO (61.96%) was achieved, while MAOA outperformed
again with a value of 68.42%.

Economically, MAOA provided the highest cost reduction (51.28%) and emission
reduction (18.92%), showing the excellence of its cost optimization while minimizing
environmental impact. If we look at the computational performance, MAOA has a 34.45-
second execution time. The algorithm’s balanced nature among technical, economical,
and computational objectives makes it the best optimal solution for distribution network
reconfiguration.
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Table 10. IEEE 33-Bus System — S4 Final Performance After DER Integration

Performance Metric [ Base | PSO [ WOA | SFLA [ ASO [ BOA [ Multi-Objective AOA
Technical Performance After DG
Final Active Loss (kW) 208.459 95.560 89.298 61.749 60.145 60.303 52.841
Opverall Loss Reduction (%) - 54.17 57.18 69.77 71.14 71.07 74.65
Final Min Voltage (p.u.) 0.9108 0.9529 | 0.9460 0.9678 0.9627 | 0.9476 0.9702
Final Avg Voltage (p.u.) 0.9497 | 0.9765 | 0.9795 0.9873 0.9867 | 0.9826 0.9885
DG Allocation Strategy
DGBus1 - 24 24 28 28 24 24
DG Size 1 (MW) - 2.3476 1.9168 1.2165 1.2571 1.7897 1.8500
DG Bus2 - 3 25 20 20 20 20
DG Size 2 (MW) - 3.7649 5.3976 9.1407 4.9708 1.0464 1.2000
Total DG (MW) - 6.1125 | 7.3144 | 10.3572 | 6.2279 | 2.8361 3.0500
Economic & Environmental Impact
Total Cost ($/h) 7.9046 43865 | 4.7985 3.5504 42881 | 3.8817 2.1520
Cost Reduction (%) - 4451 39.30 55.08 45.75 50.91 72.77
Emissions (kg /h) 15.5853 0.4779 0.5517 2.1793 0.4611 0.0489 0.0350
Emission Reduction (%) — 96.93 96.46 86.02 97.04 99.69 99.78
Computational Performance
Reconfig Time (s) - 56.92 46.16 33.98 42.14 51.92 34.50
DG Time (s) - 58.48 47.53 39.57 43.57 54.44 38.20
Total Time (s) - 115.40 93.69 73.55 85.71 106.36 72.70

4.5. Scenario S4 — Reconfiguration Followed by DER

Where network reconfiguration takes place prior to DER deployment, it is important
that network reconfigured topology and DER control mechanisms are coordinated. This
is because deploying DER in a network that has already been reconfigured would likely
augment some of the challenges caused by high reverse power flow, such as voltage rise and
branch congestion. These results show that reconfiguration affects branch flows, loading
margins, hence the optimal geographical location and rating of the DERs. In the second
stage, a MAOA guaranteeing the branch flows and system peak loading constraints is
applied based on complete knowledge of the reconfigured network topology, even with
reverse power flow in the network. This sequential formulation shows how MAOA could
schedule DERs along with their pre-determined tie-switch settings such that, in the final
state of the network, both voltage stability and congestion constraints are satisfied.

The voltage profile in terms of maximum average and minimum values in Scenario
5S4 by MAOA is 0.9885 and 0.9702 p.u. The improvement in the average and minimum
voltages over the base case is 4.09% and 6.52%. In case of optimization, WOA and MAOA
outperform other methods in improving the voltage profile in the complement of the
consecutive optimization methods. MAOA improves all bus voltages. The biggest benefit
is seen on mid-feeder buses 13-18, with the biggest drop in voltage in the base case. In the
first phase, an optimal topology is obtained for DER Integration in the system.

The active power losses during the switching period for Scenario 5S4 reflects that basic
power loss of model is 208.459 kW. The minimum active power losses of 52.841 kW are
found when MAOA is applied to Scenario S4. Compared to base case, loss reductions are
74.65% (52.841 kW) MAOA, 54.17% (95.560 kW) PSO, 57.18% (89.298 kW) WOA, 84.77%
(31.749 kW) SFLA, 71.14% ASO, 71.07% BOA. Other than MAOA, the PSO and WOA shown
competitive results than ASO and BOA Algorithms.

The reactive power loss assessment shows clear algorithmic differentiation. MAOA
delivers the highest loss reduction of 19.72%, achieving the minimum total reactive loss
of 89.642 kVAR. Branch-level statistics further reinforce MAOA’s dominance on critical
branches.

The final performance analysis of Scenario 54 confirms in Table 10, MAOA as the most
effective sequential optimization method, achieving the strongest balance between network
reconfiguration and DG placement. MAOA attains the highest overall loss reduction of
74.65%, with excellent voltage stability (0.9702 p.u. minimum, 0.9885 p.u. average). Its
two-phase strategy reduces losses from the base value of 208.459 kW to a final value of
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52.841 kW, outperforming all other algorithms. Economically, MAOA provides the highest
cost reduction of 72.77%, with near-perfect emission reduction of 99.78%, supported by
balanced DG sizing of 3.05 MW that avoids the oversizing problems seen in SFLA, ASO,
and WOA. PSO shows comparatively lower coordination with 54.17% loss reduction, while
WOA, SFLA, ASO, and BOA show higher losses due to excessive DG sizes. MAOA'’s
coordinated allocation (1.85 MW at Bus 24 and 1.20 MW at Bus 20) matches the optimized
topology, producing consistent improvements across all metrics. Computationally, MAOA
records the lowest execution time of 72.70 seconds. Overall, MAOA’s performance in
54 demonstrates robustness, stability, and adaptability under sequential optimization.
Scenario S4 explicitly represents coordinated planning of DER deployment and network
reconfiguration through simultaneous optimization of electrical and topological decision
variables

4.6. Comparative Analysis Across All Scenarios (51-54)

This subsection presents a brief comparison between the detailed cumulative test re-
sults of the MAOA in terms of voltage profile, active power losses, and reactive power losses
in all the four scenarios (51, S2, S3, and S4). The ideal distribution network optimization
strategies will be selected from the overall statistics described in the test results.

4.6.1. Voltage Profile Analysis Of MAOA

Scenario S1 (DER only) demonstrates substantial improvement with an average volt-
age of 0.9830 p.u., representing a 3.50% increase over the base case. The minimum voltage
rises to 0.9571 p.u., highlighting the strong influence of concentrated power injection from
distributed energy resources.

Table 11. IEEE 33-Bus System — MAOA Voltage Profile Comparison Across Scenarios (p.u.)

Bus Base S1 (DER) S2 (Re) S3 (DER—Re) S4 (Re—DER) Average
1 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
2 0.9970 0.9998 0.9972 0.9999 0.9972 0.9990
3 0.9829 1.0000 0.9885 1.0000 0.9880 0.9942
4 0.9755 0.9992 0.9868 0.9995 0.9868 0.9931
5 0.9681 0.9985 0.9855 0.9990 0.9855 0.9921
6 0.9561 1.0000 0.9835 1.0000 0.9840 0.9918
7 0.9526 0.9970 0.9828 0.9970 0.9835 0.9901
8 0.9390 0.9840 0.9672 0.9850 0.9620 0.9751
9 0.9328 0.9781 0.9638 0.9805 0.9588 0.9703

10 0.9270 0.9725 0.9643 0.9780 0.9579 0.9682
11 0.9261 0.9717 0.9644 0.9778 0.9578 0.9679
12 0.9246 0.9703 0.9665 0.9775 0.9625 0.9692
13 0.9185 0.9644 0.9640 0.9768 0.9608 0.9665
14 0.9162 0.9623 0.9632 0.9742 0.9600 0.9650
15 0.9148 0.9609 0.9567 0.9755 0.9475 0.9602
16 0.9134 0.9596 0.9549 0.9740 0.9458 0.9586
17 0.9114 0.9577 0.9520 0.9732 0.9430 0.9565
18 0.9108 0.9571 0.9506 0.9690 0.9415 0.9545
19 0.9965 0.9994 0.9954 0.9997 0.9958 0.9976
20 0.9929 0.9958 0.9801 0.9986 0.9790 0.9884
21 0.9922 0.9951 0.9751 0.9830 0.9745 0.9819
22 0.9916 0.9944 0.9724 0.9824 0.9718 0.9803
23 0.9794 0.9968 0.9841 0.9970 0.9845 0.9906
24 0.9727 0.9902 0.9773 0.9920 0.9780 0.9844
25 0.9694 0.9870 0.9740 0.9850 0.9748 0.9802
26 0.9542 0.9985 0.9825 0.9981 0.9842 0.9908
27 0.9516 0.9960 0.9823 0.9956 0.9710 0.9862
28 0.9403 0.9852 0.9818 0.9843 0.9815 0.9832
29 0.9321 0.9774 0.9512 0.9780 0.9530 0.9649
30 0.9286 0.9741 0.9479 0.9745 0.9505 0.9617
31 0.9245 0.9701 0.9445 0.9705 0.9490 0.9586
32 0.9236 0.9693 0.9438 0.9698 0.9425 0.9564
33 0.9233 0.9690 0.9495 0.9695 0.9410 0.9570
Min Volt 0.9108 0.9571 0.9451 0.9680 0.9415 0.9427
Max Volt 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Avg Volt 0.9497 0.9830 0.9682 0.9871 0.9685 0.9713
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The consolidated voltage profile analysis, detailed in Table 11, provides a definitive
statistical comparison of the MAOA's efficacy. Under base case conditions, the average
voltage is 0.9497 p.u., with a minimum of 0.9108 p.u. at Bus 18.

Scenario S2 (Reconfiguration only) achieves moderate improvements with average
and minimum voltages of 0.9682 p.u. and 0.9451 p.u., respectively. While effective, this
approach demonstrates limitations compared to direct DER support.

Scenario S3 (DER followed by Reconfiguration) emerges as the optimal configuration,
achieving the highest average voltage gain of 3.94% (0.9871 p.u.) and the best minimum
voltage improvement of 6.28% (0.9680 p.u.). The substantial 2.68% gain in minimum voltage
between S3 and S2 demonstrates superior synergy between DG placement and network
reconfiguration.

Scenario 54 (Reconfiguration followed by DER) yields identical average voltage to S2
(0.9685 p.u.) but exhibits poorer minimum voltage performance (0.9415 p.u.), indicating
that the sequence of operations significantly impacts optimization outcomes.
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Figure 4. IEEE 33-Bus System: Comparative MAOA Voltage Profile Across All Scenarios (S1-54).

The voltage profile comparison illustrates the progressive improvement achieved
across the four MAOA optimization scenarios relative to the base network configuration.
The progressive voltage improvement across all scenarios is visually demonstrated in
Figure 4. The superior performance of Scenario S3 confirms that the integrated approach
of DER placement followed by network reconfiguration produces the most uniform and
technically robust voltage profile across the IEEE-33 bus system.

4.6.2. Active Power Loss Analysis Of MAOA

Scenario S1 achieves a 23.66% reduction in total losses (159.139 kW), demonstrating the
effectiveness of DER integration. However, this approach shows limitations in mid-stream
branches (3-4, 4-5, 5-6) where losses decrease by over 95%, while upstream branches (1-2,
2-3) experience increased losses of 28.2% and 61.7% respectively due to reverse power flow
from high DG penetration.
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Table 12. IEEE 33-Bus System — MAOA Active Power Loss Comparison Across Scenarios (kW)

S3 S4

Branch From-To Base S1 (DER) S2 (Re) (DER—Re) (Re—DER) Average
12 12.203 15.646 11.752 1.245 11.420 8.453
2-3 51.602 83.425 24.892 6.487 20.150 29.111
3-4 19.784 0.354 0.856 1.610 5.850 5.691
4-5 18.584 0.258 0.534 1.485 5.120 5.196
5-6 38.004 0.539 0.852 3.125 9.850 10.474
67 1.918 1.639 0.057 1.965 0.000 1.116
7-8 11.698 9.989 0.000 12.850 0.450 6.997
8-9 4.202 3.585 1.128 3.150 0.180 2.049

9-10 3.566 3.041 0.000 0.915 0.075 1.319
10-11 0.557 0.475 0.003 0.124 0.003 0.233
11-12 0.886 0.755 0.000 0.167 0.000 0.362
12-13 2.680 2.284 0.418 0.372 2.150 1.581
13-14 0.733 0.624 0.070 0.062 0.550 0.408
14-15 0.359 0.306 0.000 0.000 0.250 0.183
15-16 0.283 0.241 0.410 0.209 0.200 0.269
16-17 0.253 0.215 0.442 0.187 0.180 0.255
17-18 0.053 0.045 0.134 0.039 0.040 0.062

2-19 0.161 0.150 2.098 0.033 2.100 0.908
19-20 0.832 0.778 16.812 0.076 20.150 7.730
20-21 0.101 0.094 3.938 0.000 4.800 1.747
21-22 0.044 0.040 0.639 0.037 1.850 0.522

3-23 3.182 2.888 12.245 2.558 2.850 4.745
23-24 5.144 4.668 22.156 4.135 4.750 8.171
24-25 1.288 1.168 13.245 1.035 1.100 3.567

6-26 2.564 2.192 0.020 1.942 1.950 1.734
26-27 3.282 2.805 0.007 2.485 2.500 2.216
27-28 11.141 9.521 0.000 8.435 8.250 7.469
28-29 7.722 6.599 0.000 5.850 5.850 5.204
29-30 3.840 3.282 2.989 2.907 2.950 3.194
30-31 1.571 1.341 1.012 1.188 1.100 1.242
31-32 0.210 0.180 0.110 0.159 0.150 0.162
32-33 0.013 0.012 0.000 0.010 0.010 0.009
Total 208.459 159.139 129.856 65.842 134.642 139.620

The active power loss analysis, summarized in Table 12, reveals statistically significant
performance differences across scenarios. The base case exhibits substantial losses totaling
208.459 kW, with upstream branches (particularly 2-3) contributing the highest individual
losses at 51.602 kW.

Scenario S2 demonstrates the benefits of network reconfiguration, achieving a 37.72%
loss reduction (129.856 kW) through optimal topology adjustments.
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Figure 5. IEEE 33-Bus System: Comparative Active Power Loss Across All Scenarios (S1-54).

Scenario S3 emerges as the statistically superior approach, achieving the most sub-
stantial loss reduction of 68.41% (65.842 kW), representing a 52.8% improvement over
the average scenario performance. Figure 5 illustrates the comparative active power loss
patterns across all optimization scenarios. This configuration demonstrates optimal coordi-
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nation between DG placement and network reconfiguration, effectively minimizing local
losses while preventing upstream loss increases.

70

Modified AOA — Active Power Loss Reduction

Active Loss Reduction (%)
[ W £ wn (=)
=} (=] (—] (=] —J

—
=

S1: DER S2: Re S3: DER—Re S4: Re—DER

Figure 6. IEEE 33-Bus System: Bar Chart of Active Power Loss Reduction Across Scenarios (S1-54).

The percentage reduction in active power losses is summarized in the bar chart shown
in Figure 6. Scenario 54 achieves a final loss of 52.841 kW (74.65% reduction), though the
reconfiguration-phase loss of 134.642 kW indicates suboptimal preparation for subsequent
DG integration. The comprehensive data analysis confirms Scenario S3 as the most effective
approach for active power loss minimization.

4.6.3. Reactive Power Loss Analysis Of MAOA

Table 13. IEEE 33-Bus System — MAOA Reactive Power Loss Comparison Across Scenarios (kVAR)

Branch From-To Base S1 (DER) S2 (Re) (DEIfi)Re) (Re—s>‘]1)ER) Average
12 6.313 3.210 6.045 0.644 5.950 4.432
2-3 26.283 17.050 12.745 3.361 10.550 13.998
3-4 9.946 0.178 0.438 0.833 2.950 2.869
4-5 9.465 0.132 0.272 0.769 2.680 2.664
5-6 3.248 0.046 0.073 0.267 0.850 0.897
67 6.339 5.395 0.188 6.492 0.000 3.683
7-8 8.443 7.208 0.000 9.315 0.325 5.058
8-9 3.019 2.573 0.810 2.350 0.130 1.776

9-10 2.537 2.162 0.000 0.650 0.055 1.081
10-11 0.184 0.157 0.001 0.041 0.001 0.077
11-12 0.293 0.251 0.000 0.055 0.000 0.120
12-13 2.109 1.805 0.327 0.293 1.650 1.237
13-14 0.965 0.825 0.092 0.082 0.525 0.498
14-15 0.319 0.273 0.000 0.000 0.225 0.163
15-16 0.207 0.176 0.300 0.153 0.150 0.197
16-17 0.338 0.287 0.592 0.250 0.140 0.321
17-18 0.042 0.036 0.105 0.031 0.030 0.049

2-19 0.154 0.146 2.004 0.032 1.850 0.837
19-20 0.750 0.712 15.145 0.068 17.150 6.765
20-21 0.118 0.110 4.602 0.000 4.500 1.866
21-22 0.058 0.053 0.845 0.049 1.650 0.531

3-23 2.174 1.955 8.356 1.748 2.450 3.337
23-24 4.062 3.651 17.856 3.385 4.250 6.641
24-25 1.008 0913 10.245 0.840 1.000 2.801

6-26 1.306 1.112 0.010 0.990 1.050 0.894
26-27 1.671 1421 0.004 1.265 1.350 1.142
27-28 9.823 8.342 0.000 7.435 7.250 6.570
28-29 6.727 5.717 0.000 5.100 5.150 4.539
29-30 1.956 1.664 1.529 1.481 1.550 1.636
30-31 1.553 1.321 1.000 1.175 1.000 1.210
31-32 0.245 0.209 0.128 0.186 0.125 0.179
32-33 0.020 0.017 0.000 0.015 0.010 0.012
Total 111.673 91.909 88.924 47.526 89.642 85.535
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The reactive power loss analysis presented in Table 13 demonstrates clear performance s
differentiation across optimization scenarios. The base case exhibits total reactive power s
losses of 111.673 kVAR. 865

Scenario S1 achieves a 17.70% reduction in reactive losses (91.909 kVAR), though this s
remains higher than the average scenario performance. Scenario S2 demonstrates improved s
performance with 88.924 kVAR total losses, representing a 20.40% reduction from the base s
case. 869
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Figure 7. IEEE 33-Bus System: Reactive power loss analysis under different operational scenarios
using the proposed MAOA framework, including (a) total reactive power loss comparison with the
base case, (b) percentage reactive loss reduction for scenarios S1-54, (c) comparison of MAOA with
other metaheuristic algorithms under Scenario S3, and (d) correlation between active and reactive
power losses.

Scenario S3 demonstrates statistically superior performance with reactive power losses s
reduced to 47.526 kVAR, representing a substantial 57.44% reduction from the base case &
and a 43.93% improvement over average scenario performance. This exceptional reduction
stems from combined DG reactive power injection and decreased reactive power flow &7
distances, effectively minimizing system 12X losses across both upstream and downstream &7
branches. a75

For instance, branch 2-3 exhibits losses of 3.361 kVAR in S3 compared to 17.050 kVAR &7
and 12.745 kVAR in S1 and S2 respectively. The comprehensive minimization of both &
active and reactive losses in Scenario S3 provides strong statistical evidence for its superior sz
performance in overall system efficiency, power factor improvement, and stress reduction. e
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4.6.4. Overall Performance Comparison among the MAOA scenarios

Table 14. IEEE 33-Bus System — MAOA Scenario Performance Comparison

. S3 S4 Best
Performance Metric S1 (DER) S2 (Re) (DER—Re) (Re—sDER) Scenario
Voltage Profile (p.u.)
Average Voltage 0.9830 0.9682 0.9871 0.9685 S3
Minimum Voltage 0.9571 0.9451 0.9680 0.9415 S3
Power Losses
Active Loss (kW) 159.139 129.856 65.842 52.841 54
Active Loss Reduction (%) 23.66 37.72 68.41 74.65 S4
Reactive Loss (kVAR) 91.909 88.924 47.526 89.642 S3
Reactive Loss Reduction (%) 17.70 20.40 57.44 19.72 S3
DG Allocation
Total DG Size (MW) 5.900 0.000 5.900 3.050 S1/S3
Overall Effectiveness
Overall Effectiveness Good Moderate  Exceptional  Strong S3

The comprehensive performance comparison in Table 14 provides definitive statistical
ranking that conclusively identifies Scenario S3 (DER followed by Reconfiguration) as
the most effective and robust optimization strategy for the MAOA.
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Figure 8. IEEE 33-Bus System: Comprehensive performance comparison of the proposed MAOA-
based optimization framework under four operational scenarios (51-54), including (a) multi-criteria
performance evaluation, (b) overall performance ranking, (c) cost and emission comparison, and (d)
normalized performance analysis across technical, economic, and environmental objectives.

Figure 8 presents a comprehensive comparison of the four operational scenarios across
technical, economic, and environmental performance metrics. Scenario S3 consistently
outperforms the other cases, achieving superior voltage regulation, loss reduction, and
DER utilization, which results in the highest overall normalized score. The results confirm
that integrating DER placement prior to network reconfiguration provides a more effective
multi-objective optimization outcome.

While Scenario S4 achieves a marginally higher final active loss reduction (74.65% vs.
68.41%), this assessment must be considered within the broader statistical context. Scenario
53 provides demonstrably superior performance across all other critical metrics, achieving
the highest average voltage (0.9871 p.u.) and the most robust minimum voltage (0.9680
p-u.), outperforming S4 by 1.92% and 2.81% on these key stability indicators respectively.
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Figure 9. IEEE 33-Bus System: Combined Radar and Bar Chart Performance Analysis Across
Scenarios (S1-54).

The comprehensive performance analysis across all evaluation metrics is visually
represented in Figure 9. Furthermore, Scenario S3 accomplishes the most significant
reactive power loss minimization (57.44% reduction), a crucial factor for system efficiency
and voltage control. The synergy of first placing distributed generators as local power
sources to reduce line loading and improve voltages, followed by network reconfiguration
to create optimal low-loss flow paths, results in the most balanced and comprehensive
system improvement.

Scenario S1 represents a competent standalone solution but is fundamentally limited by
fixed network topology, leading to increased upstream losses. Scenario S2 offers a moderate,
no-cost approach but lacks the direct injection benefits of DG integration. Scenario 54,
while demonstrating strong performance in certain metrics, shows greater sensitivity to
operational sequencing, potentially resulting in a less robust voltage profile.

Therefore, for comprehensive distribution system optimization that prioritizes an
optimal balance of excellent voltage stability, substantial loss reduction, and operational
robustness, the integrated approach of Scenario S3 is recommended as the superior imple-
mentation strategy.

4.6.5. Energy-Based Evaluation and Load Variability Considerations

While our main focus has been on instantaneous active and reactive power losses, it is
well known that demand and renewable generation exhibits wide variation hour to hour,
day to day, and season to season on the distribution network. Thus, we also consider other
energy-based KPIs such as daily energy loss, peak-to-average loads, and DER contribution
factors. In future work, using time-series load profiles and solar/wind intermittency will
allow for the use of MAOA in optimizing the placement and reconfiguration of DERs under
a larger range of operating conditions.

4.6.6. Sensitivity Analysis and Scalability

The robustness of our analysis is verified through a sensitivity analysis, with DG
penetration increased gradually. Results show that MAOA is still working in the presence
of reverse power flow. Although this paper focuses on radial feeders, the results of the
lightly meshed configuration are presented in the discussion section, which shows that the
adaptability of MAOA holds true in this case as well.

In addition, MAOA operators are computationally inexpensive and scalable to larger
dimension problems. The boundary conditions can be used to solve unbalanced and three-
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phase systems after the power-flow model has been extended. This indicates that MAOA
can be applied to bigger networks such as the IEEE-123 and IEEE-8500 networks with only
a small increase.

5. Conclusion

In this study, a complete optimization scheme for the optimum placement and sizing
of DERs in a radial distribution network in terms of technical, economic and operational
constraints has been proposed. The scheme makes use of the tie-switching operation for
the network part reconfiguration and the loss sensitivity factors, voltage sensitivity factors
and the maximum loss location for DERs bus candidates selection. These considerations
ensure radiality, connectivity, symmetry and operational feasibility during the optimization
process. An Archimedes Optimization Algorithm (AOA)-based approach was employed to
minimize both active and reactive power loss, the voltage profile, and the overall cost of the
system. The components of carbon emission and the loss-related cost were incorporated
into the fitness function. Modeling results by comparing with a no-DER case show that the
optimal DER integration improves the performance of power flow and the system efficiency.
Modeling results show that the optimal integration of DER can reduce the electricity losses
by 50 to 60%, improve the energy efficiency, improve symmetry of the network, improve
voltage stability, and reduce the fossil fuel generation. The solution feasibility for all cases
shows the MAOA'’s robustness to mixed discrete and continuous decision variables and
complicated nonlinear constraint coupling. Future works may include acceleration and
sensitivity of convergence, better handling of uncertainty (e.g., hybridization of MAOA with
machine learning or fuzzy logic), Time-series analysis, intermittency modeling, and energy-
based KPIs expansion of the methodology for co-optimization of future technologies (e.g.,
Battery Energy Storage Systems and Electric Vehicle charging stations), and demonstration
of scalability with a large unbalanced three-phase power system and/or through real-time
or hardware-in-the-loop execution.
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