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Abstract

Distributed generation (DG) has a key role in enlarging the implementation of renew-
able energy resources (RES). However, the intermittent and uncontrollable nature of RES
can lead to several severe power quality-related issues. Therefore, many efforts have been
made to overcome these issues by optimizing DG sizes and locations. Hence, optimal DG
allocation (ODGA) is significant for DG performance and provides advantages to the
power system, such as improved power quality, voltage stability, reliability, and profitability.
This study reviews recent ODGA studies eliminating the main DG integration problems.
Often used ODGA methods have been categorized, and the main differences have been
discussed, giving the details of features of optimization methods such as convergence per-
formance and computational burden. A deep analysis for categorizing the objectives of
ODGA has been done. In addition, optimization methods applied in ODGA studies have
been presented by comparing the superiorities of algorithms and validated test network
models. The objectives and significant findings of the ODGA applications are summa-
rized with the advantages and disadvantages. It can be concluded that ODGA has a critical
role in RES integration on the DG side and in reducing carbon emissions. This paper leads
and provides a perspective for researchers working on recent ODGA methods.

1 INTRODUCTION

The rapid increase in energy demands by the development of
technology makes achieving sustainable energy and environ-
mental targets difficult. The problems of conventional large and
central power plants, such as distance to consumption areas, low
efficiency, the sensitivity of unit energy cost against raw material
price, and high CO2 emission, increase the tendency towards
alternative energy sources. Unlike traditional centralized gen-
eration, distributed generation (DG) means that consumers’
power demands are met by their generation or nearby small
generation units [1]. DG covers various local power genera-
tion units, which can be both renewable and conventional, as
seen in Figure 1. DGs’ optimum selection, sizing, and place-
ment can benefit the economic, technical, and environmental
power systems [2]. These benefits have led to a rapid trend
towards alternative energy sources such as wind, solar, biomass
[3], hydrogen, and wave [4]. Energy storage systems (ESSs) can
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also improve DGs supporting power quality, such as capacity
firming and load following. Therefore, optimal DG allocation
(ODGA) studies cover various energy sources and commu-
nication technologies to elevate the overall power quality and
flexibility and reduce emissions, as seen in Figure 2. It is pre-
dicted that the prevalence of DG will increase even more with
the instantly developing smart grid concept in recent years [5–7].
Thus, it is evident that this topic remains an interesting area of
research. This paper contributes a new comparison perspective
for DG studies and compares each proposed method in the ref-
erence studies. Also, the related ODGA studies’ main points
have allowed readers and researchers to quickly and broadly
perceive optimum DG implementations such as integration,
allocation, and grid effects. Besides, multi objectives, includ-
ing DG’s environmental, technical, and economic benefits, have
enhanced the solutions of ODGA in terms of emissions, power
losses, and total energy generation costs simultaneously. Mod-
ified or hybrid metaheuristic methods have been presented to
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FIGURE 1 Distributed generation sources

FIGURE 2 DG integration overview

eliminate the main challenges like weak convergence perfor-
mance, falling into local maxima, and computational burden.
This paper also collects several real DN networks and widely
used test feeders’ data.

1.1 The purpose of DG integration and
allocation

Due to renewable energy’s intermittent and uncontrollable
nature, installation points and the size of RES power plants must
be carefully determined to integrate into DN in ODGA studies.

ODGA incorporates DG and RES to increase power system
(PS) dependability, sustainability, and efficiency [8]. ODGA may
improve voltage stability [9], reliability [10], and DN loading
ability [11] and reduce power losses and harmonic distortion
[12]. Besides, ODGA can reduce unit energy cost and peak
loading [13] and defer the distribution expansion [14] and infras-
tructure upgrade investment [15]. However, improper allocation
of DG may cause protection equipment to malfunction and
reverse the benefits due to the increase of short circuit current
[16, 17].

Also, DG may effectively increase the stability and energy
quality and provide the opportunity for generation by many
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TABLE 1 Different DG capacities

DG

size Customer profile Capacity

Micro Residential, commercial 1–5000 W

Small Residential, commercial,
industrial

5–5000 kW

Medium 5–50 MW

Large 50–300 MW

environmentally friendly energy sources [11]. DG sizes vary
from a few kW to hundreds of MW. Also, DG can respond
to the power demands of various consumer types, such as resi-
dential, commercial, and industrial, allowing bidirectional power
flow between the grid and DG. Therefore, several ODGA
studies have determined the optimum DG location, size, and
unit quantity, considering the power loss, voltage profile, and
short circuit level for residential, commercial, and industrial load
models (LMs) given in Table 1 [18, 19].

Examples of the main application scenarios of ODGA can be
given through the main topics in the fields that are popular stud-
ies today. One is a microgrid, a compact electrical network that
may run apart from or in combination with the primary power
grid. Microgrids may optimize the distribution of DG resources
like solar panels, wind turbines, and energy storage devices
by applying ODGA approaches. ODGA enables microgrids
to boost resilience, decrease reliance on the primary grid, and
increase the incorporation of RES. RES integration is another
use of ODGA. ODGA is necessary for effective integration
as the power system’s proportion of RES rises. The ODGA
can choose the best sites for DGs by considering generation
capacity, variability of RES, and grid infrastructure. ODGA
makes it possible to use renewable energy more effectively
and reduces the demand for long-distance transmission, lead-
ing to a more robust and sustainable power grid. Additionally,
by allowing the integration of dispersed generation resources
into urban settings, ODGA can aid in the growth of smart
cities. The ODGA can optimize the location and scale of DGs,
such as rooftop solar panels, within metropolitan regions by
examining energy consumption trends, load profiles, and geo-
graphical data, encouraging local energy production, lowering
transmission losses, and improving overall city energy efficiency.
Moreover, ODGA may be used to find the best location for
DG resources for rural electrification initiatives in regions with
restricted access to the main power grid. The ODGA can assist
in determining the most effective and economical design of
DGs by examining energy demand, resource availability (solar
potential), and infrastructural restrictions for supplying rural
areas with dependable and sustainable electricity. ODGA tech-
niques can be employed in emergency power planning scenarios.
For example, in the aftermath of a natural disaster or a grid fail-
ure, ODGA can assist in identifying critical facilities or areas
that require an immediate power supply. By strategically allo-
cating DG resources, emergency response teams can restore
electricity timely and efficiently, ensuring essential services are
operational. Overall, ODGA offers different options and solu-

tions to maximize the distribution of DG resources in various
situations, from smart cities and the integration of renewable
energy to microgrids and rural electrification. Decision-makers
may improve system performance, boost resilience, and encour-
age the adoption of sustainable energy solutions by utilizing
ODGA methodologies.

1.2 Basic optimal power flow calculation for
ODGA

Things to consider for DG integration are purpose, location,
rating, power delivery area, technology, environmental impact,
mode of operation, ownership, and penetration rate [20]. Many
studies are carried out to make this correct and feasible inte-
gration decision specified as to be made with the calculations
before integration of DG to DN. DG integration studies deter-
mine the most suitable location and size in coordination with
the distribution system operator (DSO), considering access to
energy sources and climatic conditions [21]. ODGA examina-
tions use multi-purpose functions that may include different
goals and constraints [22]. ODGA is calculated by considering
the load and power factor variations and the voltage, espe-
cially radial DN (RDN) [23]. The optimally sized DG increases
the power quality while reducing the energy cost of the pro-
sumer. The effects of different load types are investigated with
multi-purpose ODGA approaches [24, 25].

Microgrid planning by optimization techniques can enhance
the overall performance of PS [26], such as reliability [27] and
optimal power flow (OPF) [28]. The suggested optimization
algorithm indicated that the reliability was increased by 23.92%
after system typology adjustment [29]. ODGA may be consid-
ered an OPF problem with non-linear operation variables and
constraints. The OPF may determine the economic operation
conditions of PS considering generation costs, system models,
and load profiles without hampering system safety [30]. It also
determines distributed renewable generation (DRG) allocation
by optimizing the energy losses. It may also minimize the total
active power loss through reactive power control [31].

Moreover, the economic applicability between energy losses
and generation capacity can also be determined. For instance,
a new OPF method for determining DG size was suggested
by including voltage constraints in the load flow solution to
determine the effect of voltage level and network connectiv-
ity capacity [32]. Solutions are presented to minimize power
and energy losses using OPF and embedded smart grid-based
approaches [33]. Extra advantages may be obtained by includ-
ing the technologies such as power factor, voltage control, and
online loss follow-up and management in OPF equations of
DG control schemes which are expected to be a part of the
smart grid [7]. Three-phase AC power flow equations are given
in Equations 1–6, including an energy storage system (ESS).

PGi,t
− PDi,t

− Pch
ESSb,t

=

N∑
j=1

Vi,t .Vj ,t .Yi j

. cos
(
𝜃i j + 𝛿 j ,t − 𝛿i,t

)
∀i, j , t , b (1)
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3136 TERCAN ET AL.

PGi,t
− PDi,t

+ Pdis
ESSb,t

=

N∑
j=1

Vi,t .Vj ,t .Yi j

. cos
(
𝜃i j + 𝛿 j ,t − 𝛿i,t

)
∀i, j , t , b

(2)

QGi,t
− QDi,t

= −

N∑
j = 1

Vi,t .Vj ,t .Yi j . sin
(
𝜃i j + 𝛿 j ,t − 𝛿i,t

)
∀i, j , t (3)

Ii j ,t =
|||Yi j

||| .
[
V 2

i,t +V 2
j ,t − 2.Vi,t .Vj ,t . cos(𝛿 j ,t − 𝛿i,t )

]1∕2

∀i, j , t (4)

Ploss =

N∑
j=1

I 2
i j
.ri j (5)

Vmin ≤ Vi,t ≤ Vmax, ∀ i, t (6)

Equation (1) determines active power flow while ESS is
charging where PGi,t

and PDi,t
are generated and demand active

power at bus i, at time t, respectively. Equation (2) also deter-
mines active power flow while ESS is discharging. Equation (3)
defines the reactive power balance where QGi,t

and QDi,t
are

generated and desired reactive power generated at bus i, at time
t. Equation (4) defines the line current from bus i to bus j
through lines where Vi,t and 𝛿i,t are magnitude and angle of the
voltage of bus i at time t. Yi j and 𝜃i j are magnitude and angle of
the admittance of bus between i and j. Equation (5) calculates
the total active power losses in all lines. Equation (6) is the volt-
age constraint widely used in DN stability. Slack bus voltage and
angle are equal to Vi,t = 1, 𝛿i,t = 0◦. If there is no battery,
Pch

ESSb,t
and Pdis

ESSb,t
are equal to “0” where b denotes the set of ESS

units.

1.3 Main challenges associated with
integrating RES into DG

The installation of DG on conventional networks has many
effects on system parameters. For example, contrary to conven-
tional power plants, some changes occur in energy generation
in terms of continuity, stability, and voltage profiles by inte-
grating DGs into the system [34]. In addition, power quality
problems can occur due to changes in network topology as the
number of DGs increases. The main challenges were examined:
reverse power flow, harmonic formation, changing short circuit
currents, flicker, and losses [35]. The effects of DG on active-
reactive power flow and voltage regulation in DN are given in
Figure 3.

DG can decrease loadings on distribution and transmis-
sion systems depending on location and interruptions due to
overloading, equipment aging, and power losses. However, the
unidirectional power flow in conventional energy systems has
been turned into a bidirectional power flow after integrat-
ing DRGs. Bidirectional power flow can cause varying power

generation, high short circuit current, and undesired voltage
increase [36]. The increased DG number and size on the net-
work increases the reverse power flow that negatively affects
the coordination of protection relays adjusted and designed
according to unidirectional power flow. For instance, relays’
fault current and tripping time settings affected by bidirectional
power flow may cause incorrect protection or longer interrup-
tions [37]. Providing proper and sufficient protection requires
optimizing the settings of relays according to variable fault cur-
rent levels to prevent unwanted interruptions and operate the
relays without delay [38]. Short circuits are the leading prob-
lem causing the most significant effect on electrical networks. A
short circuit on the transmission network may cause the discon-
nection of numerous DG units resulting in damaging incidents
such as voltage sag [39]. Hence, properly performing the short
circuit analyses for every integrated DG is required to exam-
ine the negative effects of failure. Before DG integration, the
protection equipment should be selected by checking the short
circuit resistance capacity and power transmission distances of
lines and busbars through short circuit analyses [40]. Besides,
islanding as the result of short circuits should be managed by
controlling the safety of life and the system against the haz-
ards in cases of controlled islanding [41, 42]. DG causes flickers
and harmonics during power generation and distribution using
renewable energy sources. The harmonics disrupt the quality
of energy due to the use of high-powered nonlinear converters
during energy dispatch. In addition, DG engagements or dis-
engagements change the equivalent impedance of DN and may
form new harmonics due to the resonance frequency change
[43]. Compensation reduces reactive power flow from DN to
the loads generating required reactive power for loads at its
location. Therefore, it increases economic and technical bene-
fits by increasing lines’ current carrying capacity and minimizing
power losses. However, integrating DGs requires re-planning
or dynamically controlling the current compensation system for
the changing reactive power demand [44, 45]. DN voltages both
at the points of generation and connection of DG decrease or
increase due to improper selections of DG size and site, tie lines
cross-section, and the number of parallel units. However, DG
integration with a high penetration rate was performed without
disrupting the voltage stability [46]. It was suggested to increase
the voltage stability by integrating PV into the network along
with ESS. In addition, it was intended to improve the load fac-
tor by reserve energy offers in cases of supply and demand-side
management [47, 48]. Voltage stability should be examined in
detail while integrating DG, micro source, ESS, and inverter
controls into the current microgrid structure [49]. It is possi-
ble to eliminate DG-oriented voltage instabilities by planning
the total electrical load demand within DN [50] and improving
the resiliency against natural events [51].

ODGA considers various factors such as load demand, avail-
able renewable resources, network constraints, and economic
considerations to identify the best locations and capacities
for RES integration. In this way, ODGA can ensure efficient
utilization of RES and minimize the impact on the existing
grid infrastructure. The intermittent nature of renewable
energy sources like solar and wind leads to fluctuations and

 17521424, 2023, 12, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/rpg2.12815 by C

anakkale O
nsekiz M

art U
ni, W

iley O
nline L

ibrary on [09/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



TERCAN ET AL. 3137

FIGURE 3 The impacts of bidirectional power flow of
DG on DN

uncertainties [52]. ODGA balances the generation and demand
to mitigate grid instability issues for smooth integration and
maintaining power quality and reliability. ODGA identifies
RES’s optimal locations and capacities to maintain voltage
levels within acceptable limits and manage power flows effec-
tively. Additionally, ODGA offers opportunities for energy cost
savings, such as reducing transmission and distribution losses
and avoiding peak demand charges. Therefore, ODGA helps
minimize the required upgrade costs for infrastructure and
transmission capacity enhancements. Thus, ODGA promotes
the economic viability of integrating RES into DG systems.
Furthermore, it enables decision-makers to evaluate the optimal
scale-up of DG by optimizing resource allocation, ensuring grid
stability, managing voltage regulation and power flows, pro-
moting cost-effectiveness, and facilitating scalability and future
planning.

2 OPTIMIZATION METHODS FOR DG
INTEGRATION

Several key factors influence the optimal size and location of
DG units in a power system. These factors are considered
during the ODGA process to determine the most effective con-
figuration. The load profile and electricity demand patterns are
crucial in determining the optimal size and location of DG units.
ODGA typically places DG units near buses with high distri-
bution system losses to reduce losses, improve voltage profiles
and increase overall system efficiency. According to the area
width to accommodate the DG, the availability of RES, such
as solar, wind, or hydropower, affects ODGA regarding opti-
mal size and location. Also, line and transformer loadings and
network topology are considered in determining the optimal
size and location of DG units. ODGA should consider voltage
limits, thermal limits, and power flow constraints to maintain
system stability during both normal and abnormal operating
conditions. Besides, cost-benefit analysis is often performed in
ODGA to achieve the best economic feasibility, considering
investment, operation, and maintenance costs. Since ODGA
generally aims to minimize environmental impacts and promote
sustainability, environmental impacts are evaluated in terms of
emissions reduction and carbon footprint.

Several reviews have reported many methods to solve
ODGA problems, categorizing analytical techniques, meta-
heuristic algorithms (MAs), and hybrid optimization methods,
as seen in Figure 4. The main purposes of optimization algo-
rithms in power systems are the minimization of generation
costs [53], power losses [54], and greenhouse gas emissions

FIGURE 4 The map of ODGA methods

[55]. ODGA for DN is a nonlinear optimization problem. The
solution to these problems with traditional methods converges
slowly due to many iterations. Easily applicable analytic meth-
ods are often unable to find the optimum solution because
they are based on simplified assumptions. According to ana-
lytic methods, heuristic and metaheuristic approaches provide
more suitable and simple solutions, especially in complex prob-
lems [56]. Numerical methods are transformed into a simplified
optimization problem using objective functions and heuristic
algorithms’ constraints. Evolutionary algorithms try to prop-
erly solve large, complex, and multi-purpose problems [35].
However, heuristic algorithms in solving optimization problems
cannot guarantee the global optimum solution due to many
iterations and algorithm parameters [57, 58].

The optimization practices on power systems were examined
in the following sections under different headings as analytic
techniques and heuristic optimization algorithms. Optimal allo-
cation essentially consists of objective functions and constraints.
These objectives are formed considering technical and eco-
nomic criteria such as loss or cost minimization and voltage
improvement. An example of an objective function used in
ODGA is given in Equation (7). ODGA minimizes or max-
imizes single or multiple objective function f(x) subject to M
numbers of inequality and N numbers of equality constraints
in Equations (8) and (9). Constraints include active and reac-
tive power balance, DG generation capacity, bus voltage and line
thermal limits, and environmental limitations.

f (x ) =

⎧⎪⎪⎨⎪⎪⎩

total power loss

voltage stability

total cost

…

(7)
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g (x ) ≤

⎧⎪⎪⎨⎪⎪⎩

g1 (x )

g2 (x )

…

gm (x )

, ∀x ∈ M (8)

h (x ) =

⎧⎪⎪⎨⎪⎪⎩

h1 (x )

h2 (x )

…

hn (x )

, ∀x ∈ N (9)

2.1 Analytical techniques for optimal
distributed generation allocations

An examined problem in analytic approaches is modelled
generally by a numerical equation. The accuracy of the optimiza-
tion method depends on the developed model. The analytical
solutions may be obtained using other models, theoretical calcu-
lations, and mathematical analyses [59]. These methods provide
the solution’s convergence and ease of calculation time and
application. The suitability of DRG planning is analyzed by
comparing the analytic techniques regarding optimization cri-
teria [60]. The capacity and location of possible DGs connected
to DN are examined to find the most suitable voltage increase
or power loss solution. Thus, the most suitable DG capacity is
obtained by technical constraints. Comprehensive studies eval-
uate the improved analytic techniques regarding optimal DRG
planning [61]. An analytic analysis uses linear and nonlinear
programming methods per the problem’s type. Linear program-
ming (LP) is an optimization method seeking a solution using
the linearized power flow form [62]. In this analysis, nonlin-
ear functions or incidents are modelled like linear functions.
For instance, the operation strategy for DG that intends min-
imum energy consumption during the year was solved using
GAMS (general algebraic modelling system) as being optimized
with MILP (mixed-integer linear programming). The optimized
strategy provided 11.8% energy saving [58]. In addition, some
optimization problems may be challenging to solve using MILP
as the computational load increases due to increased complex-
ity and variables in the system [63]. If objective functions and
constraints are not linear, and the variables in the mathematical
model required to be solved are continuous and discrete, mostly
used programming is called MINP (mixed-integer nonlinear
programming) (e.g. power balance and cost). It was determined
that the most suitable methods for solving the placement and
sizing problem in DRG integration are LP and MINP [55]. In
another study, it was specified that the most frequently used
and most efficient techniques and algorithms for the ODGA
problem are NLP (nonlinear programming), SQP (sequential
quadratic programming), and OO (ordinal optimization) [21].

2.2 Metaheuristic algorithms in ODGA

Meta means beyond or higher level; heuristic means discover-
ing through testing or empirical observation. The metaheuristic
method is an iterative process directing the information to a
heuristic search converging to an optimal solution by combin-
ing different concepts. Complex and dissociated technical and
non-technical problems are modelled and involved in the PS
optimization process [62]. Heuristic methods find the most suit-
able solution by the least number of calculations. Metaheuristic
methods can combine more than one heuristic method. For
instance, bio-inspired metaheuristic classifications frequently
use evolutionary and swarm algorithms [29]. Contrary to math-
ematical programming, the accuracy of the suggested global
optimum by MAs should be checked because the results are
approximate and probabilistic [63, 64].

The superiority of a particular optimization algorithm
depends on various factors, including problem characteris-
tics, algorithm design, parameter tuning, and computational
resources. Most MAs may have strengths and weaknesses based
on specific problem requirements. The most suitable algo-
rithm should be selected based on carefully comparing the
characteristics of the algorithm and the problem.

GA and PSO have been mentioned earlier since they are
the mostly used meta-heuristic methods. The stochastic nature
of GA introduces randomness that encourages search space
exploration. Some MAs may give a single solution, which can
limit their exploration capability. Since GA and PSO can bal-
ance exploration and exploitation, effectively exploring and
converging for global optima while avoiding premature con-
vergence to local optima. GA and PSO can be applied to
various problems, including engineering, finance, and artifi-
cial intelligence. A few parameters and easier configuration
allow PSO simple and easy implementation. MAs may be more
sensitive to noisy environments and require additional modifi-
cations or adaptations. Parallelization of GA and PSO allows
faster convergence and reduced computational time. Unlike
gradient-based optimization methods that require the compu-
tation of derivatives, GA does not rely on derivatives, which
makes GA suitable for problems where derivatives are dif-
ficult to compute or unavailable. Genetic operators, such as
crossover and mutation, help GA explore multiple good solu-
tions in a wide range. The iterative evolution process allows GA
to handle dynamic optimization problems more effectively than
other MAs. Metaheuristic Algorithms have been categorized in
Table 2.

2.2.1 Genetic algorithm (GA)

John Holland presented GA in 1960, then extended by his
student David E. Goldberg in 1989 [65]. GA is an algo-
rithm technique formed considering the evolution mechanism
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TERCAN ET AL. 3139

TABLE 2 Metaheuristic algorithms

Bio-inspired Physics-based Swarm-based Evolution-based

Firefly algorithm (FA) Gravitational search algorithm (GSA) Particle Swarm Optimization (PSO) Genetic algorithm (GA)

Cuckoo search algorithm (CSA) Simulated annealing (SA) Artificial bee colony optimization (ABCO) Differential evolution (DE)

Bat algorithm (BA) Charged system search (CSS) Spotted hyena optimizer (SHO) Biogeography-based optimization
(BBO)

Bacteria foraging algorithm (BFA) Tabu search (TS) Artificial bee colony optimization (ABCO) Evolutionary strategy (ES)

Sunflower optimization algorithm (SOA) Teaching-learning based ABCO
(TLABCO)

Coyote optimization algorithm (COA)

Antlion optimization algorithm (AOA) Grey wolf optimization (GWO)

Shuffled frog-leaping algorithm (SFLA) Whale optimization algorithm (WOA)

Grasshopper optimization algorithm
(GOA)

Elephant herding optimization (EHO)

Chimp optimization algorithm (ChOA) Harris hawk optimization (HHO)

Cat swarm optimization (CSO)

Salp swarm algorithm (SSA)

in nature. GA seeks optimal solutions to a complex problem
by natural selection methods starting with more than one indi-
vidual. GA works with a group of individuals in which each
individual reflects a different solution [57]. A random candi-
date solution set, namely population, is formed considering the
number of variables in the fitness function. It is directed to
a better solution by applying genetic operators such as muta-
tion and crossing. The purpose is to find the best solution by
eliminating the poor solutions. The suitability of new solutions
generated and genetically improved using the objective function
is evaluated. The optimization process is terminated when the
appropriate solution or the maximum number of iterations is
reached. New populations are generated if a suitable solution
is found [17]. Powerful search algorithm features make GA the
most preferable among traditional algorithms [66]. Therefore,
it is seen that the methods proposed in many ODGA studies
that sought a solution using GA yield more appropriate results
than the others [65]. For instance, ODGA was performed using
GA to minimize power losses and improve the voltage pro-
file in RDN [67]. The effect of load patterns on ODGA was
investigated by GA using 16 and 37-bus RDN models [25]. DG
location and contract pricing were examined using a GA-based
approach using IEEE–34 and IEEE–85 DN test systems [68].
In addition, optimum TMS and PCS values were investigated to
solve the relay coordination problem considering the increase
in the number of DGs with GA [17] and FA (Firefly Algo-
rithm) [69]. ODGA studies performed as per different objective
functions are available in Table 3.

2.2.2 Particle swarm optimization (PSO)

PSO is a population-based optimization algorithm developed by
Kennedy and Eberhart in 1995 as inspired by fish training and
social behaviours of wisps to optimize multi-dimensional prob-
lems [70, 71]. It is a field search algorithm in which randomly

generated individuals called particles change their positions
[72]. In PSO, while moving in a multi-dimensional search area,
the particles proceed toward the best location per their own
experiences and the neighbouring particles’ experiences [2].
Each particle moves in a D-dimensional search universe with
a random speed. While calculating the updated location of the
particles according to the new velocity value, the operation con-
tinues until reaching the minimum error [16]. The PSO is easy
to implement, as the velocities and positions of the particles are
updated in equations, and there are only a few parameters to
set. [72, 73]. Particles are moved in the search area along with
restrictions by assigning velocity to each particle. Each parti-
cle is assessed in conformity with the local solution obtained
from the objective function [74]. PSO is widely used as a hybrid
with heuristic methods such as artificial neural networks (ANN),
GA, and evolutionary programming (EP). Because the local
and global optimum calculated at each iteration gives a poten-
tial to find the optimum solution to PSO [75]. Solutions in
EP begin searching for the most optimum with random pop-
ulations. PSO generally requires fewer parameters than GA
[71]. For example, it does not require evolutionary parameters
such as mutation or crossing. Global optimum solutions may
be obtained rapidly using particles (potential solutions) [31].
The solution time of PSO is shorter than GA, and it can be
implemented easily for related problems [49]. It is evident that
evolutionary PSO (EPSO) offers a faster and superior solution
for RDN compared to traditional PSO. Moreover, the versa-
tility and simple applicability of using the PSO algorithm to
calculate DG units OPF with Newton–Raphson (NR) seems
to converge well in the performed studies [76]. The objective
function, which minimizes the total cost of the power produced
by the DG units with the DN active management, provides the
optimal energy distribution among the DGs [31]. The single and
multiple ODGA objective functions and algorithms were com-
pared to decrease the total system losses, operating costs, and
voltage fluctuations of RDN. It was observed that while PSO
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3140 TERCAN ET AL.

TABLE 3 Categories of the recent ODGA studies

# Category HOM Objectives Findings Ref.

1 ODGA Single
PSO

Minimizing the active power loss Losses were decreased, and optimal sizing was realized [74]

2 ODGA Single
WOA

Balancing the voltage profile and
minimizing the power loss

Power losses were decreased, and the voltage profile was
improved

[22]

3 ODGA Hybrid
PSO, ANN

Finding the optimum cost of loss
and power generation

The suggested method is helpful in DG sizing and load
dispatch to minimize the loss in the planned and
real-time operation of DN

[71]

4 ODGA Single
CSO, PCSO

Decreasing the total production
cost, power losses, and
emissions, and improving the
voltage stability

Optimum size and location were found through superior
performance of the CSO algorithm compared to
parallel CSO

[54]

5 ODGA Single
GWO, PSO

Restructuring the system by DG Active and reactive power loss was decreased, and the
voltage profile was improved

[110]

6 ODGA Single
EHO

considering the short circuit level Overloading, unbalancing voltage, active and reactive
Power losses, and energy production costs were
decreased.

[56]

7 ODGA Hybrid
GWO, DE

Minimizing the power loss Power loss decreased with better performance than other
metaheuristic methods, and the voltage profile was
improved.

[64]

8 ODGA Single
EHO

Minimizing the active power losses
by safety constraints and
improving the voltage stability

Active power loss was decreased, and voltage stability was
increased

[65]

9 ODGA Single
PSO

Reducing the loss and improving
the voltage profile

Better results and performance of PSO were indicated [113]

10 Multi ODGA Single
PSO

Improving the voltage and
minimizing power loss

Losses were decreased, and the voltage profile was
improved

[114]

11 Multi ODGA Single
PSO

Increasing the voltage stability and
minimizing the power losses

The voltage stability was improved, and losses were
decreased effectively.

[115]

12 Multi ODGA Single
GA

Improving power loss reduction,
voltage profile, and short circuit
level

The efficiency of the method was verified considering the
required objectives, including the decrease of power
losses and improvement of the voltage profile

[19]

13 Multi ODGA Single
AOA

Increasing the voltage stability and
renewable energy share,
minimizing the active power loss
and installation cost

The suggested method was found to be more compatible
with the current engineering practices that may
improve the operation status of DN and the stability of
the system.

[45]

14 Multi ODGA Single
FA, GA

Finding the optimum TMS and
PCS values as per variable fault
currents and line impedances

The new TMS (Time Multiplier Setting) and PCS (Pickup
Current Setting) values were found for all the
configurations.

[17]

15 Multi ODGA Hybrid
SFLA, DE

Decreasing the energy losses,
emissions, and energy cost

The superior performance and applicability of the
suggested method were indicated

[108]

16 Single and
multi
ODGA

Single
PSO

Improving voltage profile and
stability and reducing active and
reactive losses.

It was indicated that PSO was similar or more successful
than the analytic method for a single ODGA and more
successful for multiple ODGA.

[116]

17 Multi ODGA Hybrid
TLBO, ABC

Minimizing the active power loss
and cost

The suggested hybrid algorithm obtained superior
convergence and calculation efficiency.

[4]

18 ODGA with
LMs

Single
PSO

Improving the voltage stability,
decreasing the losses, and
increasing the loading ability

Voltage profile was improved, power loss was decreased,
and voltage stability and load ability were increased

[24]

19 ODGA with
LMs

Single
GA

Indicating the effect of LMs on
ODGA

Effects of LMs on ODGA performance indices were
determined.

[25]

20 ODGA with
capacitors

single
CSA

Minimizing the power loss in an
unbalanced RDN

The voltage profile and power loss reduction were
significantly improved.

[117]

21 Multi-period
OPF

Single
NLP

Minimizing the energy losses by
the power factor settings
required for peak loading
conditions

Significant benefits were obtained in multi-period OPF.
Moreover, OPF was formed to perform the power
factor control of DGs to decrease the losses more.

[33]

(Continues)
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TERCAN ET AL. 3141

TABLE 3 (Continued)

# Category HOM Objectives Findings Ref.

22 ODGA with
energy
tariff

Single
GA

The location of DG systems in
DN and their pricing

DN payments were minimized, and the location of DGs
and contract price were determined with the highest
profit

[68]

23 OPF with
DGs

Single
NR

Analyzing the OPF of DGs OPF decreased the losses and system costs with DG [76]

24 Single and
Multi
ODGA

Single
MSA, PSO

Decreasing the total power losses
and operating costs and
improving the voltage profile

Power losses, operating costs, and voltage fluctuations
were decreased

[70]

25 ODGA with
DSTAT-
COM

Single
PSO

Improving the voltage profile and
decreasing the total power loss

The voltage profile was improved, and power loss was
decreased

[72]

26 ODGA with
biomass

Single
PSO

Determining the most suitable
supply area and location for a
biomass energy production
plant

The biomass potential of the area, transportation costs,
access to DN, and plant location was determined using
the performance of the suggested binary PSO
algorithm.

[118]

27 Single and
multi
ODGA

Single
HHO

Minimizing the total active power
loss, reducing the voltage
deviation, and increasing the
voltage stability

Minimizing the total power loss and voltage fluctuation
with superior performance

[97]

28 ODGA with
ESS

Single
PSO

Enabling ESS integration with high
penetration PV and decreasing
the energy losses

ESS decreased energy loss and improved the voltage
profile

[119]

29 ODGA with
hybrid
generation

Single
GWO

Minimizing the total active losses
along with PV and WT

The superiority of the suggested algorithm in the
calculation of ODGA was indicated through
comparison with other optimization techniques

[88]

30 ODGA with
TEP

Single
BBO

Optimizing the presence of DGs
for TEP (transmission
expansion planning) on long
transmission lines

It was observed that BBO had more quality solutions,
good convergence, and robustness. It was indicated
that DG was providing more economic TEP.

[120]

31 Multi ODGA Single
PSO

Power loss reduction and voltage
profile improvement

Adding constriction factors to PSO has obtained superior
power loss reduction and voltage profile improvement.
Gravity ESS is considered.

[121]

32 Multi ODGA Single
EO

Minimize the cost of energy not
supplied, the investment and
operational costs, and the power
losses

A directly proportional relationship between power
losses-emissions and system load and an inversely
proportional relation between the minimum voltage
and the total demand changes have been determined.

[122]

effectively decreased the voltage fluctuation, the moth swarm
algorithm (MSA) effectively decreased the losses and operating
costs [70].

The cost optimization of the steel industry with highly vari-
able loads has been made by mathematical modelling with PSO.
Therefore, the self-consumption rate has been increased by
performing the DG-integrated ESS discharge control [77]. In
addition, the optimization of biomass fuel DG systems with
PSO was investigated. The power plant’s optimum location and
supply area was determined for the widely used gas engine, gas
turbine, and fuel cell-microturbine hybrid power system [78].
ODGA study for Solar, wind, and solar-wind RES have been
achieved to better hybrid sizing [79]. Additionally, PSO has been
improved for multi-objective ODGA, considering the corre-
lation, economic and safety, and environmental benefits [80].
Other related ODGA studies performed by PSO can be found
in Table 4.

2.2.3 Other metaheuristic algorithms

In many ODGA studies, it is observed that GA and PSO are
being used as MAs. However, different MAsemerged in recent
years due to their successful performances. The leading ones
are given in brief as follows. Tabu Search (TS) is a metaheuristic
approach by Fred Glover that solves optimization problems by
randomly searching the whole solution area. The search uses
adaptive memory effectively and economically until the opti-
mum solution is found. Simulated Annealing (SA) is inspired
by the similarity between metal transformation to its crystal
construct of minimum energy through cooling and freezing
(annealing process) and the search for minimum in a system.
It was initially presented in 1983 by Kirkpatrick et al. as an
optimization technique. SA is a probability-based algorithm that
intends to reach the best solution in a minimum time. It is gener-
ally used in combinatorial optimization problems that are costly
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3142 TERCAN ET AL.

TABLE 4 Summary of optimization methods for ODGA

Applied method Test systems Components Features Compared methods Ref.

NBA 23-bus PW/ESS Easily applicable and good convergence performance GA [46]

CBA 34 and 118 bus DG/C Chaotic maps improve BA escaping from local
minima and enhancing global convergence

BA, GA, PSO, ACO, etc. [128]

OPF with NLP 61-bus WT Widely and mainly used to solve the economic
dispatch problem, adaptable to different objectives
and constraints

N/A [33]

PSO and BFA American 69-bus PV/WT/MGT Combining a strong ability in local search and quick
converges of PSO and strong global search ability
of BFA

BFA, PSO-BFA,
GPSO-BFA

[35]

Binary PSO Generic power
system

BG/FC/MGT Initialize with random exploration and then changes
variables binarily to get result in a few iterations

N/A [118]

MINLP IEEE-16, -33 DG/SVC Contrary to the metaheuristics, obtaining a more
confident optimum solution independent of
random initials

GA, PSO, PPSO,
PSO-CFA, SBA

[107]

Hybrid MINLP and
MA

IEEE-24 PV/ESS Improving the accuracy of the results and reducing
computational burden by hybridization

Binary PSO and Binary
GA

[125]

PSO IEEE-30 and
38-bus

PV Finding a global or near global optimum solution in a
very short time

GA [24]

EO IEEE-30, -69 PV/EES Fast convergence, high explorative and exploitative
search mechanisms

GA, GWO, DE, PSO [122]

TLBO and ABC IEEE-33 PV/WT Superior characteristics such as steady convergence,
computational efficiency, real power loss and
maximum cost saving

EVPSO, PSOPC, BSOA,
GA, Hybrid, EAM

[4]

GA IEEE-33 WT/ESS Superior performance compared to other
metaheuristic techniques in terms of the solution
error and the execution time

N/A [124]

CPSO IEEE-33 PV/WT/ESS Quality and effectiveness obtained in quick
convergence with CPSO

GA [121]

μGA IEEE-33 FC/EL/ESS Adequate for complex and nonlinear data problem N/A [129]

Improved NSGA-II IEEE-33 PV/WT/ESS Improving the deficiencies of NSGA in terms of
globality, uniformity and diversity

NSGA-II, MOPSO [130]

SSA IEEE-33 and -69 PV/WT Better performance in minimization of power loss
nd voltage deviation

GA, RGA, HSA, FWA,
UVDA

[105]

EO IEEE-33,
141-bus

BG The generation rate term is proven to stimulate
ability in exploration, exploitation, and local
minima avoidance.

GWO, DE, RAO [131]

Improved WHO IEEE-33, 69, and
119

DG Lofty performance in the exploration-exploitation
balance and convergence speed

WHO, GWO, TSA,
SGOA

[123]

Hybrid MOPSO and
MATPOWER

IEEE-33, 69, and
Tunisian network

PV/WT Robust results in power loss reduction and voltage
improvement, providing ODGA

PSO [126]

GA Iranian power
system

PV Obtaining the fastest and global answers capable of
adapting weighting factors

N/A [19]

NLP 404-bus Canada
RDN

PV, BG Performing OPF considering several operational
constraints

PSO, GA, TS, GSO,
AGSO

[30]

to solve with mathematical models. Fuel costs of generators are
minimized under optimum operating conditions. As a result, it
has been seen that SA gives more successful and reliable results
in economically distributing the load compared to traditional
methods [81].

Ant colony optimization (ACO) is an optimization method
inspired by the social behaviour of insects (ants) while foraging.
Like other metaheuristic methods, ants start randomly search-

ing for food in all directions. They return to their colonies
by secreting pheromones after finding the food. Ants follow
pheromone trails directly to find food [82]. Sunflower opti-
mization algorithm (SOA) is one of the newest metaheuristic
methods inspired by the movements of sunflowers for captur-
ing sunlight. It is recommended for OPF and ODGA problems
in power systems because of its speed of convergence, sim-
ple computation, and convenient design [83]. The coyote
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TERCAN ET AL. 3143

optimization algorithm (COA) is one of the recent metaheuris-
tic methods that offer a different algorithm compared to other
methods in the literature, considering the social organization
and adaptation to the environment of coyotes. Each coyote is a
possible solution for the optimization problem [84, 85].

Grey wolf optimization (GWO) was inspired by the social
leadership and hunting technique of grey wolves by Mirjalili
and Lewis in 2014 [86]. In the social hierarchy of wolves, the
correct solution is alpha (α) wolf, the second-best and the third-
best solutions are beta (β) and delta (δ) wolves, respectively, and
the rest are called omega (ω) wolves. The hunt, or optimiza-
tion, is driven by α, β, and δ wolves and continues to search for
the global optimum [87]. GWO-based optimizations are used
for multi-purpose ODGA, such as minimizing reactive power
loss and improving the voltage profile. Total active losses in
RDN are reduced for two different DG, PV, and WT (Wind
Turbine), using GWO in ODGA. The lowest decrease in PV-
type single DG was 47.38%, and the highest was 96.74% in
WT-type double DG [88]. Numerical results showed that GWO
has a better performance compared to gravitational search algo-
rithm (GSA) and bat algorithm (BA) over the voltage profile and
characteristic convergence curves [89].

The whale optimization algorithm (WOA) is a metaheuristic
optimization technique suggested by Mirjalili and Lewis in 2016.
It is a smart search method simulating the hunting behaviour of
whales [90]. It is effective for multi-purpose ODGA, such as
minimizing power loss and cost [91] and improving the voltage
profile [92]. WOA has been applied to technic and economic
analyses of multi ODGA on RDN of IEEE-33 and IEEE-69
[93]. The results suggested by WOA for installing DG on 30 bus
RDN were better than FA, and its superiority was emphasized
in minimizing total losses [94]. Elephant herding optimiza-
tion (EHO) is a metaheuristic algorithm based on the herd
behaviour of elephant groups. The elephants of different clans
live under the management of matriarchy. It is an algorithm
developed by modelling the male elephant’s feed and shelter
pursuit process by leaving its family group when it becomes a
grown-up [95]. It has been observed that the proposed EHO-
based approach for ODGA has been tested on different DN
and gives the best results [56].

Harris hawk optimization (HHO) is another innovative meta-
heuristic algorithm that arose in 2020 based on hawks’ hunting
behaviour. It can be applied to many different optimization
problems. It can rapidly and efficiently reach the solution com-
pared to many MAs [96]. The single and multi-purpose HHO
approaches proposed for ODGA have been applied on the
RDN, demonstrating voltage and power stability improvements
and loss reduction [97]. Cat swarm optimization (CSO) and
parallel CSO algorithms have also been proposed for single
and multi-purpose ODGA. It was stated that CSO and parallel
CSO suggested in IEEE-33 and IEEE-69 bus test systems were
efficient for ODGA [54]. Shunt capacitors and electric vehicle
charging stations were evaluated within the scope of ODGA
using the two-stage multi-purpose grasshopper optimization
algorithm (GOA). It has been observed that the two-stage
multi-objective optimization is more advantageous than the
single-objective function [98]. Although it has been stated so

far, some of the preferred MAs for ODGA are as follows: arti-
ficial bee colony optimization (ABCO) [99], teaching-learning
based ABCO (TLABCO) [4], cuckoo search algorithm (CSA)
[100], antlion optimization algorithm (AOA) [45, 101], shuf-
fled frog-leaping algorithm (SFLA) [102], GSA [103], and salp
swarm algorithm (SSA) [104, 105]. chimp optimization algo-
rithm (ChOA) has been used for ODGA in 119-bus RDN
regarding cost objectives [106].

2.3 Hybrid optimization methods (HOM)

Numerous studies show the efficiency of MAs. However, they
have several disadvantages: global optimum is not always guar-
anteed, the solution depends on random initials, and they can
provide different solutions for different runs [107]. Many hybrid
optimization methods (HOM) can combine analytic techniques
and metaheuristic algorithms within the scope of the ODGA
problem [108]. HOM aims to increase efficiency by complet-
ing insufficiencies in one method with another optimization
method [109]. HOM is frequently used in solving many ODGA
problems and gives successful results. Some examples of HOM
are as follows: TS-PSO, ACO-ABCO, PSO-ABCO, and GA-
JFPSO (Jumping Frogs PSO). For example, the accuracy in the
GA-JFPSO study is higher than GA and standard DPSO (dis-
crete PSO) for the same number of evaluations. The suggested
hybrid GA-JFPSO converges better than standard DPSO in
low-quality solutions [73]. ODGA was applied on different DG
units using an interactive method based on the hybrid modified
shuffled frog leaping algorithm (MSFLA) and differential evo-
lution (DE). The simulation results on 69 bus DN showed that
the suggested method was better and more applicable to the
techno-economic and sustainable environment [108]. Hybrid
GWO is one of the best among the global optimum solutions
in the literature [64]. Two MAs, GWO and PSO, were per-
formed for ODGA to reduce active and reactive power loss
and improve the voltage profile on the IEEE-33 test system
[110]. Hybrid SSA-PSO has been performed for multi-ODGA
considering time-varying loads in DN [111]. The hybridization
of the Jaya algorithm (JA) and Luus–Jaakola algorithm (LJA)
has been applied to three different objectives of minimization
of active power loss and voltage deviation and maximization
of voltage stability and resulting in better convergence char-
acteristics [112]. Several HOM studies are given in Table 3,
indicating specifically which algorithms are combined. Besides,
several ODGA studies have been empowered by more than one
algorithm separately.

3 COMPREHENSIVE COMPARISON OF
ODGA STUDIES AND METHODS

Objectives of ODGA studies are voltage profile improve-
ment, reduction of line losses, reliability robustness, peak
demand reduction, emission reduction, total production cost
decrease, operation costs, and line upgrade deferral, as seen in
Figure 5.
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3144 TERCAN ET AL.

FIGURE 5 Objectives of ODGA studies

3.1 Categorizing objectives of ODGA
studies

Since optimum location detection with ODGA will reduce dis-
tribution losses in the system, it will positively reduce direct
power losses. Power flow analyses based on ODGA, and opti-
mum voltage parameters calculations will also effectively reduce
losses. Since a stable integration will be achieved with the right
optimization, reductions in current-induced losses are expected.
Besides, implementing the optimal allocation strategy in the DG
system investment and maintenance costs can be more afford-
able. The goals of limiting power losses and costs can be verified
by monitoring the system’s performance, including power flows,
voltage levels, and losses.

ODGA can increase voltage stability and decrease voltage
fluctuations, maximizing renewable energy use. ODGA strate-
gically places DRGs, such as solar panels or wind turbines, to
control voltage levels, minimize voltage dips, and provide reac-
tive power assistance when necessary. It considers how DRGs
and voltage control devices can work together to provide effec-
tive voltage control. System resilience is increased by the ability
of DRGs to operate dynamically, enabling them to actively
engage in voltage control during load changes or grid disrup-
tions. In general, ODGA maximizes the distribution of DRGs
to increase voltage stability, reduce fluctuations, and build a
more dependable and effective DG system.

In other words, the power injection from DG units can
influence system frequency, especially in islanded operations or
under conditions where the DG units contribute a significant
portion of the overall power supply. ODGA can help maintain
frequency stability by balancing generation and load demand,
reducing frequency deviations to ensur system stability. Placing
DG units at strategic locations can help improve voltage reg-
ulation by reducing the voltage drop and minimizing voltage
deviations within acceptable limits. In summary, ODGA studies
should consider the dynamic voltage and frequency characteris-
tics to ensure voltage regulation, frequency stability, and overall
power quality.

FIGURE 6 Summary of the reviewed literature

To optimize these benefits, it is essential to determine the
optimal sizes and locations of DG units in DN. Prior ODGA
studies aim to maximize one objective to encourage proper
DG allocation. Thus, optimizing ODGA according to a single
objective may lead to improper results in other parameters like
economic and environmental. Therefore, objective functions
have been required to consider environmental and economic
objectives besides technical benefits. Recent ODGA problems
have been optimizing more than one objective simultane-
ously. Power system protection devices have been properly set
according to the solutions of multi ODGA; meanwhile, total
emissions could be reduced simultaneously. Thank to multi-
ODGA approaches, proposed methods prevent overloading
and voltage unbalance, reduce active and reactive power losses,
decreasing energy production costs. Summary of reviewed
ODGA studies regarding considered objectives and the find-
ings are analyzed. The details of the categorized ODGA studies
as single, multi, and other approaches to ODGA are given in
Table 3. The distribution of the related ODGA studies reviewed
in this study is depicted depending on the publication year in
Figure 6.

3.2 Effectiveness of optimization methods

The following drawbacks of existing ODGA methods limit
their effectiveness and efficiency: complexity and computational
burden, lack of scalability, sensitivity to model assumptions, lim-
ited consideration of network constraints, rigidity, inflexibility,
lack of integration with renewable energy sources, and incom-
plete cost consideration. The elimination of these drawbacks
necessitates the development of more sophisticated and thor-
ough optimization approaches that consider the dynamics and
complexity of modern power systems, incorporate a variety of
restrictions, and offer flexible, scalable, and adaptive solutions.

Due to the large number of variables and the nonlinear-
ity of ODGA problems, meta-heuristic techniques have been
widely used. However, these MAs have faced challenges such
as that weak convergence performance, obtaining local minima
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TERCAN ET AL. 3145

or maxima instead of global solutions, and computational bur-
den. Determining the controlling parameters generally improves
the optimal solution in a meta-heuristic. For example, supe-
rior performance in the exploration-exploitation balance and
convergence speed has been obtained by modifying a WHO
algorithm [123]. Moreover, the improvement in GA has been
aimed at reducing the solution error and obtaining the execution
time [124]. However, modifications generally provide a near-
optimal solution due to many variables and difficulty changing
the algorithm parameters. On the other hand, many researchers
have considered combining two or more optimization meth-
ods to obtain a better solution. Combining stronger local and
global PSO and BFA search abilities has given better solutions
[35]. Additionally, HOM can increase computational efficiency
and provide better convergence performance in solving ODGA
problems [4]. A summary of optimization methods for ODGA
is given with features in Table 4. Proposed algorithms solving
ODGA problem are generally tested on DN models such as
IEEE 14-bus [114], 16-bus [74], [107], 24-bus [125], 30-bus [24],
33-bus [121], 69-bus [105]. These widely used DN test models
are preferred because of their radiality nature and easy adapt-
ability. On the other hand, several studies have also been used to
validate their proposed ODGA methods using real distribution
networks like American [35], Tunisian [126], and Iranian [19].
In addition, DG integrations with ESS have been examined in
ODGA studies to eliminate the effects of the intermittency and
uncertainty of renewable generation [105] on voltage [115] and
power stability [127].

On the other hand, large-scale power systems require compu-
tationally efficient algorithms that can handle various complex
constraints, such as transmission capacity limits, voltage lim-
its, and environmental regulations. MAs explore an optimum
solution through a random search process for different DG
combinations in an ample solution space incorporating con-
straints as penalty functions. They can perform multi-objective
optimization, aiming to find a set of Pareto-optimal solutions
representing the trade-off between different objectives, such
as cost minimization, emission reduction, and system relia-
bility enhancement. Additionally, they can be parallelized and
distributed across multiple computational resources to acceler-
ate optimization by reducing the computational load associated
with large-scale systems. Therefore, MAs provide powerful
tools to explore the solution space, handle complex constraints,
perform multi-objective optimization, utilize parallel process-
ing, and adapt to dynamic conditions for efficient and effective
ODGA in large-scale power systems.

Besides the ODGA simulation on standard IEEE power
systems, some real-world implementations of ODGA meth-
ods are as follows. The proposed ODGA method empowered
with PSO has been implemented successfully to the real distri-
bution system of Korea Electric Power Corporation in Korea
regarding power losses and voltage profile improvement. The
convergence performance of analytic hybrid PSO has improved
by 32%, 42.59%, 50.91%, and 55.56% for the IEEE 10-bus,
IEEE 33-bus, IEEE 69-bus, and KEPCO distribution sys-
tems, respectively. The standard PSO takes 18 iterations, while

the analytic hybrid PSO algorithm takes 8 iterations to con-
verge [132]. The proposed method is applied to the actual
power system of Zanjan Province in Iran. The implementa-
tion of ODGA using GA has successfully reduced the power
losses, improved the voltage profile, and prevented the excessive
increase in the short-circuit level. Also, after implementation,
none of substation transformers does not exceed the accept-
able loading limit [19]. The ODGA for DRG in Brookhaven
National Laboratory campus in USA demonstrates the capa-
bility of optimization analyses to increase the effectiveness of
renewable energy integration and economic benefits and to
help implement net-zero buildings, campuses, and communities
[133]. Through the ODGA using a hybrid gradient PSO-BFA
algorithm for the American PG&E 69-node system, the sys-
tem operation cost, risk, and the load loss of the important
nodes can be effectively reduced and implemented in a reliable
and cost-effective power grid [35]. The ODGA implemented
to the Western Danish energy-system using the EnergyPLAN
computer model has effectively integrated a high renewable
energy penetration, with around 55% of wind penetration [134].
Besides the successful implementations of ODGA methods
in the real world, their success often involves a combination
of supportive government policies, regulations, financial incen-
tives, and stakeholder collaboration toward a sustainable and
resilient grid.

3.3 Deployment of emerging technologies
into ODGA

Several emerging technologies show promise in improving the
efficiency and reliability of DRG. The combination of these
technologies with ODGA can be further enhanced their deploy-
ment. ESS can address the intermittent nature of RES by
storing excess energy during high generation and discharg-
ing during high demand or low generation. ODGA can be
used to determine the optimal sizing and placement of ESS
units, considering load patterns and renewable generation pro-
files, to maximize their effectiveness in balancing supply and
demand and improving grid stability. Also, power converters
and inverters can be optimized in ODGA to integrate DRG
into the grid efficiently. Furthermore, ODGA enables eas-
ier planning and management of demand response programs
that allow consumers to adjust their electricity usage based on
grid conditions and RES availability for efficient utilization and
enhancing the supply and demand balance in real-time. Peer-to-
peer energy trading platforms leverage blockchain technology
to enable direct transactions between prosumers. ODGA can
help identify optimal configurations and control strategies for
microgrids and peer-to-peer energy trading systems, consider-
ing generation capacity, load profiles, and network constraints.
Artificial intelligence can improve forecasting accuracy for RES
generation, load demand, and grid conditions. Therefore, inte-
grating ODGA with these emerging technologies can facilitate
data-driven decision-making, system optimization, and effective
deployment of DRG.
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4 CONCLUSION AND FUTURE
TRENDS

DG is a key of the power system for green energy and decar-
bonization aims. Many benefits can be achieved with ODGA,
such as better power quality, stable voltage profile, high reli-
ability, and reduced losses and emissions. However, improper
allocation of DGs can adversely affect power quality and reli-
ability. Therefore, ODGA has considered various goals that
increase DN performance, such as minimizing power losses
and costs, improving the voltage profile, and maximizing DG
penetration. In this paper, analytic techniques and MAs, and
hybrid methods for ODGA were evaluated critically. Most
optimization methods used in related studies have been cate-
gorized depending on their test system and compared features
of optimization methods such as convergence performance and
computational burden. Also, the methods for the ODGA were
criticized from different perspectives, such as distributed gen-
eration integration, allocation, effects on the grid, superiorities
of algorithms, and validated test network models. This review
shows that ODGAs made with metaheuristic methods require
less computation. Contrary, analytic methods are based on the-
oretical calculations and mathematical analyses. One of the
most preferred optimization methods is GA, which directs the
best solution by eliminating possible solutions through selec-
tion. Another preferred method is PSO which can find the
optimum solution iteratively, requiring fewer parameters that
can be easily implemented. According to the deep literature
research, we can say that GA and PSO have widely preferred
MAs for ODGA studies. Besides, hybrid optimization methods
with more robust solution performance are obtained by com-
pleting the deficiencies of the other methods. It is seen that
the proposed hybrid ODGA methods obtain effective results.
This review can help the researchers and readers to get a wide
perspective on ODGA applications and the main differences
in the optimization methods used in DG systems. In future
studies, investigations about ODGA may shift to the prosumer
level considering peer-to-peer energy trading for improving
prosumer community benefits as well as the connected power
grid relief. Furthermore, emerging technologies like blockchain
may enhance the peer-to-peer energy market among prosumers.

NOMENCLATURE

ABCO Artificial bee colony optimization
ACO Ant colony optimization
ANN Artificial neural networks
AOA Antlion optimization algorithm

BA Bat algorithm
BFA Bacteria foraging algorithm
BG Biomass generation

BSOA Backtracking search optimization algorithm
CBA Chaotic bat algorithm
COA Coyote optimization algorithm

CPSO Constriction coefficient PSO
CSA Cuckoo search algorithm
CSO Cat swarm optimization

DE Differential evolution
DG Distributed generation
DN Distribution network

DPSO Discrete PSO
DRG Distributed renewable generation
DSO Distribution system operator
EAM Efficient analytical method
EHO Elephant herding optimization

EO Equilibrium optimizer
EP Evolutionary programming

EPSO Evolutionary particle swarm optimization
ESS Energy storage system

EVPSO Escape velocity with PSO
FA Firefly algorithm
FC Fuel cell

FWA Fire work algorithm
GA Genetic algorithm

GAMS General algebraic modelling system
GOA Grasshopper optimization algorithm

GPSO Gradient PSO
GSA Gravitational search algorithm

GWO Grey wolf optimization
HAS Harmony search algorithm

HHO Harris hawk optimization
HOM Hybrid optimization methods

JFPSO Jumping frogs PSO
LP Linear programming

LSF Loss sensitivity factor
MA Metaheuristic algorithm

MGT Micro gas turbine
MILP Mixed-integer linear programming
MINP Mixed-integer nonlinear programming

MOPSO Multi objective PSO
MSA Moth swarm algorithm

MSFLA Modified shuffled frog leaping algorithm
NBA New best algorithm
NLP Nonlinear programming

NR Newton–Raphson
NSGA-II Non-dominated sorting genetic algorithm-II

ODGA Optimal DG allocation
OO Ordinal optimization

OPF Optimal power flow
PS Power system

PSO Particle swarm optimization
PSOPC PSO with passive congregation

PV Photovoltaic
RDN Radial distribution network
RGA Refined genetic algorithm

SA Simulated annealing
SBA Shuffled BA

SFLA Shuffled frog-leaping algorithm
SGOA Sea-gull optimization algorithm

SOA Sunflower optimization algorithm
SQP Sequential quadratic programming
SSA Salp swarm algorithm

TLABCO Teaching-learning based ABCO
TS Tabu search
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TSA Tunicate swarm algorithm
UPSO Unified PSO

UVDA Uniform voltage distribution algorithm
WHO Wild horse optimization
WOA Whale optimization algorithm

WT Wind turbine
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