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Abstract

Distribution grids have received a lot of attention lately because of the increase in load demand. Promoting the widespread use of
distributed generation (DG) is a strategy to meet the growing demand for energy. To achieve the best technical, economic, commercial,
and regulatory objectives, DG planning must consider the optimal location and size of DGs. In this research, multi-objective particle
swarm optimization (MOPSO) is improved and proposed to find the optimal location and size of DGs subject to equality and inequality
constraints during power flow analysis using the Newton-Raphson method. It is a multi-objective optimization problem where properly
installing DGs should simultaneously reduce total active power loss, total annual economic loss, and voltage profile improvement. The
Pareto set represents the optimal solutions to multi-objective optimization problems. The clustering-based Pareto front reduction
process is applied to reduce the size of the Pareto set by grouping similar solutions together, which can provide a diverse and compact
subset of the Pareto set. Furthermore, fuzzy set theory is employed to select the best compromised solution from the Pareto optimal set
based on decision preferences. The proposed algorithm is validated on IEEE 33 and IEEE 69 bus radial distribution systems to ensure
its effectiveness and robustness by comparing its performance with other nature-inspired heuristic-based algorithms in terms of the
aforementioned objectives. Detailed comparisons show that the proposed technique can determine the locations and sizes of DG units
more effectively than other methods. The study is performed by MATLAB M-Files.
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1. Introduction

The electricity distribution companies have challenges because of the competitiveness of the electricity markets and the growth of
electrical load demand. However, increasing the distribution system's capacity might not be a cost-effective solution. To overcome
these challenges, distribution companies implement proper system planning and design. The feasible solution to the challenge of
increasing power demand is distributed generation (DG), which is also an attractive choice for rural areas. DG can be off-grid connected
locally to an isolated consumer or on-grid integrated into the main grid, benefiting both utilities and consumers. DGs are typically
located close to the load they serve, such as residential, commercial, or industrial facilities, in contrast to centralized power plants that
are located far away from the consumers. Additionally, DG investments may help create a competitive electricity market [1].

DGs are offering several advantages in terms of flexibility, efficiency, and reliability. The key features and benefits of DGs are:
DGs allow for decentralized power generation, reducing the reliance on large, centralized power plants. This decentralization helps to
improve the overall reliability and stability of the electrical grid by reducing transmission losses and enhancing voltage stability. DGs
can improve power quality by reducing voltage sags, voltage flicker, and other power disturbances. They can quickly respond to
changes in load demand and help maintain stable voltage levels within acceptable limits. DGs located near the load centers reduce
transmission and distribution losses associated with long-distance power transmission from centralized power plants. This localized
generation improves the overall energy efficiency of the electrical system. DGs often utilize renewable energy sources (RES) such as
solar photovoltaic (PV) panels, wind turbines (WT), fuel cells, or small-scale hydroelectric generators. Integrating DGs with RES helps
reduce greenhouse gas emissions and promote the use of clean and sustainable energy. DGs can serve as backup power sources during
grid outages or emergencies, ensuring continuous power supply to critical facilities like hospitals, data centers, or telecommunications
infrastructure. This backup capability enhances the resilience and reliability of the electrical grid. DGs can be integrated with demand
response programs, allowing them to adjust their output based on grid conditions or price signals. This enables better demand
management and load balancing, contributing to the stability of the electrical grid. Overall, DGs play a crucial role in creating a smart
grid and improving the efficiency, reliability, and sustainability of electrical power systems by providing localized generation and
integrating RES [2, 3]. The technology of DG introduces several services to electric distribution companies for environmental,
economic, and technical reasons. DG power systems based on RES may handle environmental concerns, energy emergencies, and
mitigate the shortcomings of a single RES by making the greatest use of each individual energy source. The primary drawbacks of
RES, such as WT and PV, are their discontinuity in energy generation. The traditional distribution system only allowed electricity to
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flow in one direction. However, when DG was introduced into the system in an uncontrolled manner, a reverse power flow was created,
which negatively affected the quality of the electrical system by increasing the voltage rating of important buses, causing power losses,
and even causing a blackout. Most current research has focused on these concerns, which need to be addressed [4].

Proper placement and size of DGs must be provided for the DG units to achieve the required performance in DG resources, reduce
power losses, increase reliability, improve the voltage profile, and the improve power quality characteristics of the power grid [5].
Distributed generators can be categorized according to the type of power delivered to the power grid as DGs supplying only active
power, such as PVDG systems; only reactive power, such as synchronous compensators and capacitors; reactive and active power,
such as DGs based on synchronous machines; and active power that absorbs reactive power, like DG systems of wind turbines [6].

Planning and designing the DG injection into the distribution grid is not a simple plug-and-play step. However, a robust model is
needed to support the power grid operator and decision-maker in determining the optimal location, type, and size of the DG units.
Several studies have shown that one of two strategies can be used to allocate and size a DG in the main distribution grid. The first was
a typical approach based mainly on optimal power flow, sensitivity index, and repetitive load flows. While the second solution used
artificial intelligence (Al) methods to choose the best location and size for the DG, interest in using optimization techniques to balance
competing goals by minimizing obstacles and maximizing benefits has grown [7].

An improved sunflower optimization algorithm was presented in [8] to create the optimal position and size of DG in the grid to
minimize power losses. For optimal placement and sizing of different types of DG units, a genetic algorithm (GA) technique was
proposed to reduce active power losses while improving voltage profiles [9]. Additionally, GA is proposed for the power management
of a grid integrated hybrid DG system [10]. The authors [11] studied several optimization algorithms to determine the optimal size of
DG units in a power distribution system. These algorithms have been tested on standard test systems. In a different study, GA was
combined with an analytical approach to locate DGs for reducing losses in the grid [12]. To solve the problem of optimal placement of
DG while dealing with a time-varying load, a novel approach based on dynamic programming was proposed. The clonal differential
evolution algorithm was proposed for the best size and placement of DG, considering cost reduction elements and uncertainties [13].
The comprehensive teaching and learning-based optimization techniques were created to decrease annual energy waste and investment
costs in the networks [14]. The best DG placements using various approaches were compared in the analysis [15]. The optimal
distribution generation placement (ODGP) problem was addressed in [16] using the invasive weed optimization method. The issues of
the best size, location, and type of DGs in power grids were addressed in [17] using a novel mixed-integer linear programming (MILP)
approach. The authors employed the particle swarm optimization (PSO) approach to finding the best design for a PV system on the
grid, considering reducing power losses and improving the voltage profile [18]. The binary PSO technique was utilized to find the best
location and capacity for various DG types. This technique was primarily used to reconfigure the test networks in the best possible
way, considering several objectives [19]. In [20], a method based on probabilistic load flow and GA was introduced to find the optimum
DG location while considering photovoltaic output power, wind power production, fuel costs, and future load growth. The discrete
PSO was proposed in [21] to determine the best capacity and position of DGs.

A hybrid technique based on a fuzzy and one-rank cuckoo search algorithm was introduced as a novel method to find the best
placements and capacities of DG units in power systems to minimize total active power losses and improve voltage profiles [22]. The
best trade-off solution among Pareto's set of outcomes of the Pareto optimality technique has been chosen in [23] to address the problem
of DG unit allocation and sizing in the radial distribution systems. Hybrid techniques combining two evolutionary algorithms, such as
GA with PSO [24], GA with graph theory [25], and GA with tabu search [26], have been proposed to determine the best placement of
DGs. A hybrid optimization strategy based on the gray wolf optimizer (GWO) algorithm with a loss sensitivity factor was suggested,
in order to increase voltage stability and reduce overall power loss in the IEEE 33-bus radial distribution system [27]. Elephant herding
optimization (EHO) with PSO was utilized to address the multi-objective DG placement problems of three distribution networks. The
formulation of a multi-objective DG allocation issue enhances the performance of distribution systems, the objective functions
considered include minimization of power loss, decrease of voltage variation, and improvement of voltage stability [28].

Numerous optimization techniques have been proposed in the literature to solve optimization problems with multiple objectives,
such as the multi-objective wind driven optimization (MOWDO) algorithm [5], the improved decomposition based evolutionary
algorithm (I-DBEA) [29], the multi-objective-opposition-based chaotic differential evolution (MOCDE) algorithm [30], the improved
multi-objective harris hawks optimization (MOIHHO) algorithm [31], and the multi-objective artificial electric field algorithm
(MOAEFA) [32] to find the optimal position and size of DGs with different objectives and constraints. The multi-objective Whale
optimization (MOWOA) algorithm was proposed to determine the optimal placement and size of DGs to reduce active power loss as
well as economic loss [33, 34]. In [35], the authors suggested multi-objective Ant-Lion optimization (MALO) to find the best location
and capacity for Distributed Energy Resources (DERs). Ant lion optimization (ALO) and multiverse optimization (MVVO) were
introduced in [36] for implementing DG and resolving the distribution system planning problem to enhance techno-economic and
environmental characteristics while meeting the limitations of the system. The improved coyote optimization algorithm (ECOA) was
suggested in [37] to find the optimal position and capacity of DGs in radial distribution networks. It is a multi-objective optimization
issue where correctly installed DGs should simultaneously decrease power loss and operational expenses as well as increase voltage
stability. To solve the multi-objective DG allocation problem, a novel metaheuristic algorithm, namely, multi-objective chaotic
symbiotic organism search (MOCSOS), was proposed in [38]. MOCSOS was used to decide the optimal locations and sizes of DGs in
a radial distribution system. This task was associated with the minimization of total voltage deviation and power loss and the
maximization of the voltage stability index of the radial distribution system (RDS). A multi-objective PV planning model based on the
multi-attribution decision-making theory (MADMT) approach and game theory was developed. In the operation of a distribution
network, active power losses, voltage deviation, voltage harmonic distortion, and the static voltage steady index were taken into
consideration and analyzed [39]. Single- and multi-objective optimization for PVDG implementation in the probabilistic power flow
(PPF) algorithm was proposed in [40].

Other soft computing methods, such as the stud krill herd algorithm [41], the artificial gorilla troops optimizer (GTO) [42], the
teaching-learning based optimization (TLBO) [43], the salp swarm optimization algorithm (SSA) [44], the ant colony algorithm (ACA)
[45], the modified elephant herding optimization (EHO) [28], and other methods, have been successfully used by researchers to specify
the optimal location of DG units.
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In the last decade, Researchers have applied different nature-inspired heuristic-based methods to optimally allocate DGs in RDS.
In the literature, nearly all studies have considered power loss as an objective to minimize. Some other objective functions that have
been introduced are cost minimization, voltage deviation minimization, elimination of greenhouse gas emissions, profit maximization,
system reliability, etc. At the same time, these objective functions are contradictory. Consequently, the problem of DG allocation in
RDS becomes a complex multi-objective optimization (MOO) problem since it is quite difficult to optimize several contradictory
objectives simultaneously. Thus, most studies typically transform the weighted sum of the objectives in the MOO formulation to a
single objective; the challenge is to determine a precise weight for each objective function. Finding this weight might be difficult,
particularly if you don't know much about the subject. However, there is another method for resolving MOO problems that optimizes
all of the objective functions at once. This method produces a Pareto set of the non-dominated solutions. The Pareto approach is better
suited for the DG allocation problem under consideration than the traditional weighted sum approach because, with the Pareto approach,
the trade-off non-dominated solutions can be found in a single run rather than multiple runs by varying the weights (typically in steps)
[38].

It may be observed from the literature survey that only some works are available that have utilized the Pareto-based multi-objective
optimization methods as compared with the conventional weighted sum method. Furthermore, the best compromised solution of the
Pareto set has been selected in a few of these studies.

This study proposes an enhanced MOPSO algorithm with a Pareto set and clustering technique-based framework to identify the
best locations and capacities of PVDG units in terms of reducing total active power loss, total annual economic loss, and improving
the voltage profile simultaneously. Additionally, fuzzy set theory is used to select the best compromised solution of the Pareto optimal
set. In the proposed technique, the local and global best particles are considered sets rather than individuals, as in standard MOPSO.
The size of these two sets plays a critical role in the effectiveness of the approach. The optimum size of these sets can be identified by
trial and error. The proposed technique is validated on standard IEEE 33 bus and IEEE 69 bus radial distribution systems. The key
contributions of this research are as follows:

1. Formulate a true multi-objective DG allocation problem that can maintain conflicting objectives simultaneously,

2. Enhance MOPSO algorithm to solve the formulated MOO problem simultaneously and effectively,

3. Show the efficacy of the proposed MOPSO over other MOO techniques in solving the problems considered in several scenarios.

4. Indicate the importance of integrating DGs in the power distribution networks: The obtained results of this study show that

properly installing the DGs can mitigate power losses, economic losses, and improve the voltage profile while satisfying all
considered constraints of the network’s structure as well as DGs.

The remaining sections of the paper present the following: the formulation of the problem and the statement of the objective
functions of this work are presented in Section 2. The proposed computation procedure using the enhanced MOPSO technique to
determine the optimum capacities and locations of DG units in several distribution power systems is introduced in Section 3. Whereas,
after analysis and discussion, the simulation results for all the considered systems are reported in Section 4. Finally, Section 5 includes
the concluding remarks for the study.

2. Problem statement

The primary goal of optimal multi-objective DG unit locations and capacities is to maximize annual profit while minimizing active
power losses and improving the voltage profile, thereby improving system performance and reliability. The cost of the DG units after
penetration and losses in the network are the two most important determinants of the total system cost. The annual economic loss
without DG represents the energy lost during power distribution, while the annual economic loss with DG represents the annual
economic loss due to losses during power distribution during DG's presence as well as the annual additional load from DG integration.
The difference between the annual economic loss with and without DG provides an indication of the total annual cost savings achieved
through the appropriate penetration of DG. Another important objective, voltage deviation (VD), is intended to provide information
about bus voltage requirements when DG is present. The following subsections provide descriptions of each of these objectives:

2.1 Problem objectives
2.1.1 Active power loss

Power losses result from inefficient power delivery and are a waste of resources. These power losses are mainly caused by the
radial structure of the distribution networks and the considerable value of the resistance of the conductors. Appropriate location of DG
in the grid reduces these power losses, but non-optimum locations can increase power losses in the grid.

Corresponding to the line connecting the two buses i and j in Figure 1, the following equations can be used to calculate the total
active power losses in the distribution systems:

V; V;
' Yij T i
—> :
lio lio
Yio Yio

Figure 1 Line model for calculating line flows.
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The power loss in line ij can be calculated using the following equations:
Spossij = Vilyi™ + Vil 1)
SLoss,ij = PLoss,ij + jQLoss,ij 2
where Vi and Vj represent the voltage at buses i and j, respectively. lij and lji represent the measured currents at buses i and j,
respectively. PLossjj represents the active power losses, and Quossij represents the reactive power losses in line ij.
One of the objective functions is the minimization of the total active power losses (TAPL) of the system, which can be calculated
by summing the active power losses of all the branches in the grid, it is expressed as given in the following equation:

TAPL = Zg=1 PLoss,ijk (3)

where N represents the line number in the grid.
It is important to note that in this work, the DG is simply described as a constant active power supply, making it a negative power
load model. The load on the bus m should therefore be changed as follows when the DG unit is used:

Pn = PLoad,m - PDG,m (4)
2.1.2 Voltage profile improvement

The voltage quality in the distribution system is now more variable due to the installation of several DG types. The system voltages
swell and sag as a result of improper sizing and positioning of the DG units. Therefore, the nominal range of voltage at each bus in the
system must be carefully investigated and maintained as per IEEE 1547.

For the performance and reliability of the system, VD is another significant objective. Therefore, even under high-loading
conditions, the system with the least VD is the one that performs better. The total VD can be calculated using the following equation:
TVD =¥, 1 - Vi ®)

Where n represents the number of buses in the grid and Vi is the voltage magnitude of the i bus. The system is operating at its
best conditions when the TVD is at its smallest value.

2.1.3 Cost associated with investment

When one or more DG units are installed in the power grid, the TAPL is lower than in a network without DGs. Consequently, the
annual economic loss (AEL) is provided without DG can be calculated using the following formula:

AELyyopc = PY°PS x C, + 8760 (6)

Where Ce presents the energy loss cost per kWh in $, P/°P¢ is an utter loss of active power without DG. The AEL with DG
(AELwbc) cost will be

NpG
Cpg X;;" Ppei

DG

AEL,pc = PYPS « C, + 8760 + )

Where Nog is the number of DG units inserted into the systems, P}*P¢ presents total active power loss when DG is installed,
whereas Coc represents the DG cost per KW generated, including capital expenditures for DG and deployment, operating costs, and
costs of maintenance, and Log is years of the life span of DG, so
Annual savings= AEL,,,pc — AEL\,pc 8)

Efficient DG integration can reduce upgrade, operational, and management costs. Thus, the objective function is to minimize the
costs associated with investments in the optimal locations and sizes of DG units.

2.2 System constraints
For the suggested problem, the constraints can be summarized as follows.
2.2.1 Power balance
The concept of power balance can be expressed mathematically as:
Pss + XPpe = XPioss + XPioaa )
Qss + X0Qpc = XQioss + XCQi0aa (10)

where Pssand Qss are the active and reactive power injected into the system. Y.Pp; and Y.Qpcare the total active and reactive power
of DG units injected into the system. Y P, and Y.Q;,ssare the total active and reactive power losses in the system. Y'P;,,4 and
¥ Q;0qqare the total active and reactive power of the system load.
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2.2.2 Location of DG units
Since bus 1 is a slack bus, the DG location should not be used there.

2< DGlocation = Npuses (ll)

2.2.3 Voltage profile

The bus voltage magnitude must meet the following constraints to maintain power quality:
Vinin < Vi < Vinax (12)
2.2.4 Distributed generation boundary condition

The active power of DG units is restricted, thus satisfying the following constraint:
Ppin < p . < pmax (13)
2.2.5 Line capacity limit

The loading on each conductor must not be greater than the designated rating.
Stine < Srated 14)
2.3 Formulation of multi-objective optimization problem

The multi-objective optimization problem can be formulated mathematically as a non-linear limited problem as follows:

Minimize [TAPL, TVD, AEL,,p] (15)
Subject to g(x,u) = 0 and h(x,u) <0 (16)
where:

X: represents the dependent variables vector, including real power generated on the slack bus, load bus voltages (VL), generator
reactive power outputs (Qc), and loading on transmission line Si. thus, x can be expressed as a xT =
[PG1’VL1 VLNL' QG1 QGNG’Sll Sle]

u: represents the control variables vector, including locations (Loc) and sizes (Soc) of installed DGs in the system. So, u can be
expressed as uT = [Lpg ... Lpg, Spg - Spg |

g: represents the equality constraints.

h: represents the inequality constraint.

In a minimization problem, such as the problem under discussion, a solution x* dominates a solution x? if and only if:
LVi €{1,2,.., Nopj}: f; (&) < fi(x?) 17)
2.3j €{1,2, ..., Nopj }: i (61) < £ (x2) (18)

The non-dominated solution is the one that satisfies the above criteria. Furthermore, the Pareto optimum set, or front, or simply
Pareto set, is the collection of all non-dominated solutions.

3. The upgraded approach
3.1 Overview

The MOPSO technique is enhanced and used to identify the optimum sizes and locations of DG units, treating the total active
power losses, total voltage deviation, and annual economic loss as objective functions. The MOPSO algorithm is applied to construct
a Pareto set. In some cases, the size of Pareto sets can be so large that managing the set is extremely difficult. Therefore, a clustering
technique is used to control the size of the optimal Pareto set [46]. On the other hand, the minimal objective values for all objective
functions cannot be chosen simultaneously for a given solution in multi-objective optimization problems. Therefore, the best solution
is the compromised solution. Fuzzy set theory is used to find the best compromised solution since one is only interested in one solution
for decision making and practical reasons [47, 48].

3.2 MOPSO technique
PSO is a subset of artificial intelligence. This algorithm's idea is based on observations of fish, ants, bees, and birds in their natural

habitats. It's a population-based algorithm that takes inspiration from the way birds fly and flocks of fish. The algorithm was developed
by Kennedy et al. 1995 [49].
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The following steps summarize the operating principle of the MOPSO algorithm, whereas the detailed steps were described in [50-

gfgp 1: Set the time counter t=0 and randomly generate n particles,

Step 2: Update the time counter to t = t+1.

Step 3: Update the inertia weight, w(?) = a w(t-1). Where « is a decrement constant less than but close to 1.

Step 4: Using the global best (x; ) and individual best (x; ) of each particle, the j™ particle velocity in the ki dimension is updated
according to

U (6) = WOt = D) + ey (3756 = 1) = x50t = 1) + o7y (756 = 1) = 27, (6 = 1) (19)

Step 5: Based on the updated velocities, each particle changes its position according to

X () = vj () + x (£ — 1) (20)

If a particle violates its position limits in any dimension, set its position to the correct limit.

Step 6: The updated position of the j™ particle is added to the nondominated local set Sj*(t). The dominated solutions in Sj*(t) are
truncated, and the set is updated accordingly. When the size of Sj*(t) exceeds a given value, the clustering algorithm is invoked

to reduce the size to its maximum limit.

Step 7: The union of all nondominated local sets is formed, and the nondominated solutions extracted from this union are members of
the nondominated global set S**(t). The size of this set is reduced by the clustering algorithm if it exceeds a given value.

Step 8: The external Pareto-optimal set is updated as follows.
Copy the members of S**(t) into the external Pareto set.
1. Search the external Pareto set for nondominated individuals and remove all dominated solutions from the set.
2. If the number of individuals stored externally in the Pareto set exceeds the maximum size, reduce the set by clustering.

Step 9: The individual distances between members in Sj*(t), and members in S**(t) are measured in objective space. If Xj*(t) and
Xi**(t) are the members of Sj*(t) and S**(t) that give the minimum distance, they are considered to be the locally best and the
globally best of the j particle selected.

Step 10: If the number of iterations exceeds the maximum preset limit, then stop; Otherwise, go to step 2.

3.3 Reduction of Pareto set by the clustering algorithm

The Pareto set size can grow significantly for some types of problems. By grouping neighboring points or penalizing the most
congested points, The Pareto optimal front can be sized down to an acceptable size. The process of removing the busiest places is

iterative. Therefore, the Pareto optimal collection is managed using the hierarchical clustering algorithm [53].

3.4 The best compromised solution selection

In this study, the best compromised solution is chosen using fuzzy set theory. This idea states that each Pareto front of the set is

first assessed using a linear membership function in the range [0, 1]. The following definition describes the linear membership function
for the nt" objective of the it Pareto front [54].

1 F<F™
M = m Fimin <F <F™
0 F >F™ 1)
The normalized membership function (.¥) is calculated as
Nopj
k= Lo (22)

=L
Z¥=1 Zi:;l ”gc
Where M is the Pareto set size. The best compromised solution is the k" member of the Pareto front that gets the highest value of
k
[ThS
The detailed process of optimizing the size and position of DG units using the proposed MOPSO algorithm in combination with
the clustering technique and fuzzy set theory is shown in the flow chart in Figure 2.
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Figure 2 Flowchart of the proposed MOPSO technique.
4. Simulation results and discussions
The standard IEEE 33 and IEEE 69 bus systems are used to test the effectiveness of the proposed technique. In order to achieve

greater economic and technical benefits, both test systems have been expanded to include one, two, or three DG units. The lowest and
highest DG ratings are assumed to be 10% and 80% of the system load, respectively. A 12.66 kV and 100 MV A are taken as the base
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values for the calculations. The minimum and maximum values of bus voltage are considered to be 0.95 pu and 1.05 pu, respectively
[55].

To illustrate the long-term effects of optimum size and placement of DG units, the planning time for this integrated system is also
considered to be 10 years since the overall DG life is expected to be 10 years. DG's fed-in power cost is estimated at $30 per kW as a
lump sum, and the cost of energy loss is estimated at $0.05 per kWh [55].

The complexity is increased by simultaneously evaluating two of the TAPL, AELwbc, and TVD objectives. As a result, this case
is broken into two scenarios to explore the effects of altering the relative importance of the two objectives, AELwpg, and TVD. While
the number of DGs is considered to be 3 for comparison with other methods. The clustering theory approach is employed to select only
subsets from the Pareto optimal set with less crowded and optimal trade-off solutions. Additionally, the use of the proposed technique
should make it possible to compare the results of the ongoing study with other results already published in the relevant literature. To
do that, the best compromise solution among the Pareto sets is selected using fuzzy set theory.

4.1 Study system-1: IEEE 33-bus

In this section, the standard IEEE 33 bus distribution system in Figure 3 is considered [18]. The total demand for active and reactive
power is 3.72MW and 2.31 Mvar, respectively. Prior to the DG installation, the total active and reactive power of the substation is 3.92
MW and 2.44 Mvar, respectively. The bus number 18 has a minimum voltage of 0.913 pu. While the TAPL is 202.5 kW, and the
AELwoDG equivalent is $88,772.6.

192021 22
26 27 28 29 30 31 32 33
| |
I-»I-»-»-»-»-»-»-»
,'CCS 1 23 4 5 6 |7 8 9 10 11 12 13 14 15 16 17 18
23] el I | | L1 11
= Il b bbbbbbbbbhbbbhbbbbbb

23 24 25

Figure 3 IEEE 33-bus system, source [18].
4.1.1 Minimization of TAPL and TVD simultaneously (Case-I)

In this case, the TAPL and TVD are considered to determine the optimal size and location of 3DG units simultaneously. The
obtained simulation results of the proposed method are compared to the existing optimal solutions in the literature and then presented
in Table 1. The Table 1 shows the best sites and sizes of DGs, minimum bus voltage magnitude, bus number that has the minimum
voltage value, total active power loss, annual economic loss, and total annual savings. The results of the proposed method provide most
compromising solution for multi-objective DG integration problem of distribution systems than existing literature methods such as
MOCDE, MOWOA, and MALO methods. According to these results, three DGs of 653 kW, 800 kW, and 800 kW can be placed in
buses 13, 25, and 30 respectively. The total annual savings for this scenario is $55863, and the lowest bus voltage value is 0.9816 pu
on bus 25. However, the proposed method significantly improved the performance of active distribution systems with respect to power
loss reduction, annual economic reduction, and bus voltage deviation reduction.

Figure 4 shows the best compromised solution as determined by fuzzy set theory, and also shows the Pareto optimum fronts for
the proposed MOPSO approach for specifying the optimal placement and capacity of DGs to decrease power losses and voltage
deviations of the 33-bus radial system.
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Figure 4 Pareto optimal fronts for case-I
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4.1.2 Minimization of TAPL and AELwpc simultaneously (Case-11)

In this case, TAPL and AELwpc are considered objectives that must be minimized simultaneously, and three DGs are adopted to
be installed on three different nodes in the 33-bus system. The simulation results obtained by the proposed approach and different
optimization methods available in the literature such as MOCDE, MOWOA and MALO are shown in Table 1. The results show that
the optimal size of three DGs are 685.6 kW, 586 kW, and 621.4 kW, and their positions are bus 16, 29, and 30. The worst bus voltage
value for this scenario is 0.98 pu at bus 25, which is now slightly decreased as compared to 0.9816 pu in the previous scenario. While
TAPL has decreased from 59.96 kW to 43.19 kW, and the total annual savings have increased from $55863 to $64174.

The best compromised solution of the proposed method, which is chosen by applying fuzzy set theory, along with the selected non-
dominated solutions that provide the Pareto optimal fronts, are shown in Figure 5.
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Figure 5 Pareto optimal fronts for case-II

Table 1 Results of 33 bus for multi-objectives

Case Methods DG size/location Min bus voltage TAPL AEL Total Annual
[kW/Bus No.] [pu/Weakest bus] [kwW] [$] Savings [$]
Base case - - 0.913/18 2025 88,772.6 -
Case-| Pronosed 653.9/13
L 800/25 0.9816/25 50.96 32,909 55,863
800/30
1074.7/13
M%%?E 1024.4/24 0.9813/29 79.61 44,700 47,288
1177.7/33
856.7/13
M%’X]OA 772.5/25 0.9688/NR 73.75 38,312 50,460
1072.8/30
992,217
M['gé]o 983.3/16 0.9720/11 94.25 50,538 38,233
1110.3/31
Case-ll Proposed 685.6/16
Lo 586/29 0.9800/25 43.19 24598 64,174
621.4/30
758.4/14
M%%?E 986.5/24 0.9671/33 73.08 40,339 51,649
1032.3/30
707.6/125
MC[’;’;’]OA 748.9/14 0.9653/30 74.45 40,029 52,389
1015.9/30
864/14
M[';'.;]O 1183/24 0.9783/11 70.64 40,732 48,040
1217/30

The effect of the integration of DG on the bus voltages for the 33-bus system in various scenarios is presented in Figure 6. The
figure shows that the optimal deployment of DGs has improved the system node voltage profile significantly as compared to the base
case condition. Furthermore, the investigated cases have confirmed that the increasing number of DGs reduces DG penetration in the
system.
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Figure 6 Bus voltage profile with and without DGs for the IEEE 33-bus system.
4.2 Study system-2: IEEE 69-bus
The IEEE-69 bus radial distribution system is considered in this case study, as shown in Figure 7 [18]. For the initial case, the total

real and reactive load demands in the system are 3.8 MW and 2.7 Mvar, respectively. Whereas, the TAPL is 225 kW, the AELwopg is
$98,550, and the minimum bus voltage value is 0.909 pu on bus number 65.
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Figure 7 IEEE 69-bus system, source [18].
4.2.1 Minimization of TAPL and TVD simultaneously (Case-1)

In this case, the IEEE 69 bus system is considered to demonstrate the effectiveness of the designated method and compare it with
other well-established optimization algorithms in the literature. To minimize TAPL and TVD simultaneously, three DGs have been
considered to be installed in the system. Table 2 shows the best site and size of DGs, the minimum bus voltage magnitude, the bus
number that has the minimum voltage value, the total active power loss, the annual economic loss, and the total annual savings. From
Table 2, it can be seen that the proposed method provides the most cooperative results for the optimal size and location of multiple
objectives for the DG allocation problem to the possible injection of DG in contrast to the existing methods in the literature like the
MOCDE, MOWOA, and MALO. The proposed method offers higher line loss reduction and voltage deviation than these methods.
The results of the best compromise solution to this scenario demonstrate that three DGs of sizes 848.9 kW, 1550.2 kW, and 298 kW,
respectively, may be inserted at bus 10, 21, and 61 to simultaneously achieve minimal TAPL and TVD. For this case, the worst bus
voltage value in the system is 0.9943 pu at bus number 50, and the overall annual savings come to $84904. Figure 8 shows the Pareto
optimal fronts and the best compromised solution of the proposed approach.
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Figure 8 Pareto optimal fronts for minimization of TAPL and TVD
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4.2.2 Minimization of TAPL and AELwbc simultaneously (Case-11)

In the present case, the proposed approach is applied to obtain the best location and capacity of three DGs handling TAPL and
AELuwpc as objectives to be minimized simultaneously Table 2 summarizes the simulation results of the proposed MOPSO for the 69-
bus standard test system, in which 3 DGs operate simultaneously at different buses associated with present methods in the literature
such as the MOCDE, MOWOA, and MALO. The results show that three DGs with capacities of 264.5 kW, 829.7 kW, and 1647.5 kW
may be deployed at buses 50, 53, and 61, respectively. When comparing the results of the case-11 to those of the case-I, it can be seen
that the worst bus voltage value of the case-11 is 0.9782 pu at bus 27, which is now slightly lower than 0.9943 pu in the previous case;
the TAPL is increased from 12.35 kW to 15.2 kW; and the overall annual saving is reduced from $84904 to $83519.

Figure 9 shows Pareto optimal fronts for minimization of TAPL and AELwbc and the best compromised solution, which is chosen
by applying fuzzy set theory to the Pareto optimal fronts.
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Figure 9 Pareto optimal fronts for minimization of TAPL and AELwbc

Table 2 Results of IEEE 69-bus system for multi-objectives

Case Method DG size/location Min bus voltage TAPL AEL Total Annual
[kW/Bus No.] [pu/Weakest bus] [kw] [$] Saving [9]
Base Case - - 0.909/65 225 98,550 -
Case-l Probosed 848.9/10
LA 298/21 0.9943/50 12.4 13,500 84,904
1550.2/61
661.8/11
M%((Z);DE 439.8/19 0.9910/65 743 41,968 56,551
2038.9/61
489/11
M%‘)’;’]OA 476.5/18 0.9780/NR* 96.72 50,796 47,754
1680.3/61
Case-l1l Pronosed 264.5/50
LA 829.7/53 0.9782/27 152 14,885 83,519
1647.5/61
406.5/12
M%%?E 314.7/21 0.9775/65 69.8 37,847 60,672
1707.3/61
399.6/18
MC[’;’;’]OA 1726.4/61 0.9790/65 705 37,801 60,721
462.4/66
525/11
M([33A6;_o 42717 0.9781/27 68.7 38,721 50,051
1925/61

*NR: not reported

In Figure 10, the impact of PVDG integration on the voltage profile for several scenarios of the IEEE 69-bus system is shown for
comparison. This figure demonstrates that the voltage profile has improved since DGs were installed. While bus number 65 had the
lowest voltage level in the initial scenario without DG inserted, the location of bus number 65 is distant from the substation.
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Figure 10 Effect of DGs on bus voltage profile for the IEEE 69-bus system.
5. Conclusions

This study has presented an enhanced MOPSO technique for the optimal location and size of DG units in radial distribution systems,
considering real multi-objectives with different conflicting objectives, including the minimization of total active power loss, total
annual economic loss, and total voltage deviation. The clustering algorithm is applied to reduce the size of the Pareto set by clustering
similar solutions together and then identifying representative solutions from each cluster, which can provide a diverse and compact
subset of the Pareto set. Fuzzy set theory has indeed been employed to select the best-compromise solution of a Pareto optimal set,
considering the decision preferences of the distribution system operator.

The effectiveness and robustness of the proposed algorithm were successfully validated on IEEE-33 bus and IEEE-69 bus radial
distribution systems. By comparing its performance with other nature-inspired heuristic-based algorithms, the results showed that the
proposed method provides improved performance with optimal results in all the considered cases and under the constraints imposed.
Four specific simulation cases are investigated: case 1 without a DG, case 2 with only one DG, case 3 with two DGs, and case 4 with
three DGs. In each case, DGs are integrated into the system simultaneously. The total active power loss and the total annual economic
loss are shown to be greatly decreased with improvements in the voltage profile when DG units of optimal sizes are located in optimal
positions. Therefore, the installation of PVDG systems can improve the reliability of the distribution network’s operation.

In the future, the proposed method will be tried on larger and more complex networks with several types of DGs and many devices
already connected to the grid, such as capacitor banks, voltage regulators, switches, and filters. Distributed generators can also be
integrated into electronic power converters that control the flow of active and reactive power.
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