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Abstract: The rapid depletion of fossil fuel motivates researchers and policymakers to switch from
the internal combustion engine (ICE) to plug-in electric vehicles (PEVs). However, the electric power
distribution networks are congested, which lowers the accommodation of PEVs and produces higher
power losses. Therefore, the study proposes an effective deterministic methodology to maximize the
accommodation of PEVs and percentage power loss reduction (%PLR) in radial distribution networks
(RDNis). In the first stage, the PEVs are allocated to the best bus, which is chosen based on the loading
capacity to power loss index (LCPLI), and the accommodation profile of PEVs is developed based on
varying states of charge (SoC) and battery capacities (BCs). In the second stage, the power losses are
minimized in PEV integrated networks with the allocation of DG units using a recently developed
parallel-operated arithmetic optimization algorithm salp swarm algorithm (AOASSA). In the third
stage, the charging and discharging ratios of PEVs are optimized analytically to minimize power
losses after planning PEVs and DGs. The outcomes reveal that bus-2 is the most optimal bus for
accommodation of PEVs, as it has the highest level of LCPLI, which is 9.81 in the 33-bus system
and 28.24 in the 69-bus system. The optimal bus can safely accommodate the largest number of
electric vehicles, with a capacity of 31,988 units in the 33-bus system and 92,519 units in the 69-bus
system. Additionally, the parallel-operated AOASSA mechanism leads to a reduction in power losses
of at least 0.09% and 0.25% compared with other algorithms that have been previously applied to
the 33-bus and 69-bus systems, respectively. Moreover, with an optimal charging and discharging
ratio of PEVs in the IEEE-33-bus radial distribution network (RDN), the %PLR further improved by
3.08%, 4.19%, and 2.29% in the presence of the optimal allocation of one, two and three DG units,
respectively. In the IEEE-69-bus RDN, the %PLR further improved by 0.09%, 0.09%, and 0.08% with
optimal charge and discharge ratios in the presence of one, two, and three DG units, respectively. The
proposed study intends to help the local power distribution companies to maximize accommodation
of PEV units and minimize power losses in RDNs.

Keywords: plug-in electric vehicle; power loss; AOASSA; loading capacity to power loss index (LCPLI)

1. Introduction

The rise in industrialization and community development predicts the consumption
of electrical energy to rise by 50% in 2050 compared with 2018 [1]. The demand for
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fossil fuels is also increasing due to the rise in power generation and road commutation.
However, fossil fuels are limited in resources, and, recently, global oil prices also hiked due
to the Russia—Ukraine invasion [2], requiring alternatives for power generation and road
transportation. In the generation sector, a variety of work has been published on the smooth
integration of solar and wind power generation with RDNs [3-6]. The market power pool
players commercialize these two mature technologies around the globe. Alternatively, road
transportation needs special attention since governments and policymakers encourage
the use of plug-in electric vehicles (PEVs) for cleaner road commutation [7]. A recent
survey indicates that 5 million PEVs were purchased in 2018, and the sales are predicted
to elevate by 250 million in 2030 [8]. In addition, the transportation sector consumes
a significant portion of total energy consumption among various sectors of electrical
loads. The transportation load is expected to increase by 3.4% between 2013 and 2040,
which is the highest compared with residential, commercial, and industrial loads [9]. The
comprehensive literature indicates a rapid rise in the adoption and sales of PEVs [10,11].
Although the rise in PEVs is a remarkable indication of sustainable development, the shift
from gasoline vehicles to energy-dependent PEVs poses severe challenges to the in-hand
radial distribution networks (RDNs). In addition, the PEVs are stochastic, and the energy
demand varies with the battery capacity (BC) and current state of charge (SoC). Since
the conventional grids were not originally designed to accommodate the charging load of
PEVs, only 10% integration of PEVs severely jeopardizes the performance of the distribution
networks [12]. In addition, an increase in electric transportation increases power losses,
resulting in higher financial losses to the local distribution companies [13]. The utility
engineers and researchers propose two possible ways to accommodate the rising load of
PEVs or minimize power losses in the PEV integrated networks. One of the promising
solutions to deal with the issues is installing new generation units at the local level (which
are termed distributed generators). Distributed generators (DGs) are small generating
units placed close to the load centers and provide a variety of benefits to the grids [14-17].
Secondly, the PEVs also act as a great source of generating power and support the grid
when required. It is estimated that PEVs are parked 95% of the day and the PEV batteries
significantly reduce the power losses for local distribution companies [18].

1.1. Related Works

The comprehensive review of the literature indicates a variety of solutions for the
smooth integration of PEVs. Zeng et.al [19] examined the effects of PEV charging on the
hosting capacities of PEVs. The outcomes of the study indicate that the hosting capacity
of selected nodes increases by 108% with the help of smart charging. However, the smart
charging of PEVs is still at the pilot stage, since most power networks are not equipped
with communication infrastructure [20]. Alternatively, installing DGs at the local level
remains a viable solution to improve system performance in PEV integrated networks.
Kongjeen et al. [21] optimized the size and locations of DGs at different levels of PEV
injection to improve voltage, energy demand, and power losses with the aid of a genetic
algorithm. The results indicate an improvement of 32.27%, 16.19%, and 44.70% in voltage,
power losses, and demand, respectively. Khalid Mousa Hazazi [22] developed an optimal
DG allocation-based methodology to minimize power losses and improve voltage profile
in PEV integrated distribution networks. The outcomes of the study show that a power loss
reduction of 76% and a voltage drop improvement of 4% were obtained. Fazelpour and
Rosen [23] developed a DG allocation framework to reduce power losses in PEV integrated
networks. The findings suggest that, by optimally sizing and placing distributed generation
units, the reduction of power losses is 1.36%. The authors in [24] proposed a methodology
to optimize the placement of photovoltaic charging stations to minimize voltage deviations,
cost, and power losses in the IEEE-33-bus radial distribution network. The mentioned
studies focused on minimizing power losses with optimal allocation of DG units; however,
the capability to accommodate maximum PEVs is not assumed within the scope of the
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mentioned studies. In actual practice, a system’s capability to accommodate maximum
PEVs is a prerequisite before the installation of DG units.

A variety of research studies address the problem of maximum accommodation of
PEVs within the framework of DG allocation. Deng et al. [25] developed a mathematical
model to maximize the accommodation of PEVs and minimize the cost. The participation
of flexible resources elevates the accommodation of PEVs by 10%. [26] optimized the
size and location of the energy storage system to maximize PEV penetration in the DC
network using Monte Carlo simulations. The outcome of the study shows that 40 PEVs
are safely accommodated considering the voltage constraint, while only 25 PEVs are
accommodated considering current constraint violations. The study addresses DC networks
only, while most in-hand distribution networks are AC in nature. Amini et al. [27] present
an advanced methodology to minimize network losses and analyze PEV penetration
against DG penetration. The research outcomes conclude that only a 5% increment in
DG penetration increases PEV penetration by 25%. Shaaban et al. [28] present a detailed
mathematical model for the energy consumption of PEV and later maximize PEVs with the
optimal sizing and placement of DG units using GA. The results reveal that the optimal
integration of distributed generation units increases the penetration of electric vehicles from
6 to 20%. Recently, a study [29] developed a methodology to maximize PEV accommodation
and minimize power losses within the framework of DG allocation using PSO. The study
suffers two methodological limitations. The study allocated the DG units first and then
accommodated the maximum number of PEVs. However, the integration of PEVs is part
of the planning stage and the PEVs should be allocated before the allocation of DG units.
Furthermore, the DG sizes and locations are optimized using PSO, which is prone to local
optima stagnation and results in higher power losses.

1.2. Research Contributions

From the comprehensive literature review, it is observed that the existing PEV and DG
integrated studies suffer from three major limitations.

Firstly, the existing power distribution networks are not designed to accommodate
PEVs because of their stochastic nature, which depends on numerous parameters (battery
capacity, state of charge, etc.). Introducing PEVs in RDNs may congest the power lines
and increase power losses. Thus, accommodating PEVs at the cost of increased losses or
the converse is undesired as it deteriorates the network performance. It necessitates the
adoption of a compromised strategy to attain an optimum solution. The existing studies
maximized the accommodation of PEVs [19,25,26,28,30-35] while others reduced network
power losses [21-23,27,29,36-41]. Thus, the combined handling of both objectives within
a single framework has been ignored, which is not a practical approach. The detailed
analysis reveals that only one recent study [29] focuses on PEV maximization and power
loss minimization. However, the study suffers from limitations in methodology. The
methodology suffers from limitations in the way the PEVs and DGs are allocated, and the
optimization technique used for the allocation of DG units suffers from inherent limitations
in the search mechanism. The study allocated the DG units first, then allocated PEVs,
which is not a practical approach. Practically, PEV units are allocated first, then DG units
are allocated based on maximum loading of PEVs.

Secondly, from the available literature, it is observed that the optimization problems
in PEV integrated networks are solved with analytical algorithms [19,26,30,32,34,35,38],
metaheuristic algorithms [21,23,25,27,28,31,33,36,37,39-41] and hybrid metaheuristic al-
gorithms [22]. It is also observed that the optimal power flow method or Monte Carlo
simulations are among the analytical methods used in the literature. Among the meta-
heuristic algorithms, the genetic algorithm (GA), particle swarm optimization (PSO), and
differential evolution (DE) are widely used. Among the hybrid algorithms, simulated an-
nealing particle swarm optimization (SAPSO) is used. Contrarily, the literature also states
that the analytical algorithms are less complex and have a fast execution time. However,
while solving the DG allocation problem, neither simplicity nor convergence speed is of
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utmost importance. Since DG allocation is a planning problem, convergence speed is not a
significant factor. The simulation time can take hours to find the optimal solution as long
as good accuracy is obtained. The planning studies focus on the accuracy of algorithms to
choose optimal decision variables, whereas the analytical methods are observed to lack ac-
curacy in complex combinatorial optimization problem. Although metaheuristic algorithms
are more intelligent than analytical methods, they have some limitations. For instance, GA
is an intelligent algorithm to search for global solutions but suffers from parameter tuning
issues, complicated mutations, and cross-over operators. PSO is a competent algorithm but
suffer from local optima stagnation. Generally, the metaheuristic algorithms are inferior to
hybrid algorithms, since the former algorithms suffer from inherent deficiencies. Among
different types of algorithms, hybrid techniques are considered more accurate and efficient
than individual algorithms since they combine the searching capabilities of two different
methods. In contemporary literature, the hybridization of different techniques has been
dealt with using a sequential approach, where optimal solutions produced by one algorithm
are fed as an input to another. Thus, the former algorithm guides the search direction of the
latter. It is known that all optimization algorithms suffer from some inherent deficiencies.
Therefore, if the first algorithm’s solutions are stuck in the local optimum, the latter’s
solutions are also drawn to approach this local optimum; hence, population diversity is
lost. For this reason, it is imperative to propose an effective method that overcomes the
highlighted deficiency of the sequential hybridization approach. In addition, there are
no set guidelines for choosing two techniques for hybridization; however, the main goal
behind combining two approaches is that they must aid each other in overcoming their
weaknesses. The need to combine one technique with another usually arises to enhance
their exploration and exploitation abilities or maintain population diversity. The arith-
metic optimization algorithm (AOA) and salp swarm algorithm (SSA) are two recently
introduced effective metaheuristic techniques in the literature. However, the followers in
the salp swarm algorithm produce a relatively higher diversity of particles in the exploita-
tion phase, and, consequently, the algorithm is not capable of converging to an optimal
solution. As a result, the SSA suffers from inherent exploitation capabilities. On the other
hand, the AOA’s updation mechanism illustrates that the obtained solutions concentrate
primarily on searching for the best solution. It minimizes the population diversity during
the exploration phase and increases the likelihood of premature convergence and local
optima stagnation. These inherent limitations of SSA and AOA can lead to suboptimal DG
unit allocation and increased power losses in RDNs. Therefore, it is essential to propose a
suitable hybridization mechanism for AOA and SSA that enables them to overcome their
limitations and attain an improved optimal solution.

Thirdly, once the PEVs and DGs are allocated, it is not convenient or feasible to reallo-
cate them. Under such circumstances, V2G plays a significant role in minimizing active
power losses, Although a variety of studies have focused on power loss minimization with
V2G [22,23,37]. The coordination of charging and discharging minimizes the detrimental
impact of PEVs on the grid and helps to increase the system’s efficiency in various ways.
However, neither discharging 100% PEVs (i.e., V2G) nor charging 0% PEVs (i.e., G2V)
results in minimum power losses. By managing the optimal share of charging and dis-
charging PEVs, it is possible to prevent the overload of distribution lines, and improvement
in the efficiency of distribution networks can be gained. Although the presented studies
in the literature have minimized power losses with V2G, the selection of optimal PEVs’
charging—discharging ratios has been ignored.

In the light of highlighted limitations, the proposed study has four contributions,
which are highlighted as:

e  Development of a deterministic methodology for maximizing the accommodation of PEVs
and minimizing power losses in IEEE-33-bus and IEEE-69-bus radial distribution networks;
e  Development of a methodology for optimal sizing and location of distributed gener-
ation (DG) units with the parallel-operated arithmetic optimization algorithm salp
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swam algorithm (AOASSA) for minimizing active power losses in PEV integrated
IEEE-33-bus and IEEE-69-bus radial distribution networks;

e  Development of charging and discharging profiles of PEVs and analysis of optimal
charge and discharge ratios of PEVs for achieving the least power losses with different
numbers of allocated DG units;

o Comparative analysis of the parallel-operated hybrid arithmetic optimization algo-
rithm salp swam algorithm (AOASSA) against the standard arithmetic optimization
algorithm (AOA), the salp swarm optimization algorithm (SSA), the particle swarm
optimization algorithm (PSO), and hybrid salp swarm optimization algorithm particle
swarm optimization (SSAPSO) on IEEE-33 bus and IEEE-69 bus radial distribution
networks (RDNs).

The rest of the paper is arranged as follows. Section 2 comprises research methodology.
Section 3 comprises results and discussions. Lastly, Section 4 comprises conclusions and
future works.

2. Research Methodology

The research design and procedure presented in this section aims to enhance the inte-
gration of electric vehicles while minimizing power losses. The proposed methodological
framework is classified into three main stages, which include the maximization of PEVs on
the best bus location based on LCPLI, minimization of power losses in the PEV integrated
network using the proposed AOASSA algorithm, and optimization of PEV charge and
discharge ratios for power loss minimization. The proposed methodological framework is
presented in Figure 1. The methodology is individually elaborated in Sections 2.1-2.3.

2.1. Stage 1 Maximization of PEV Accommodation on the Best Bus

This section presents the methodology to maximize the accommodation of PEVs and
evaluate the maximum number of PEVs accommodated on the best bus at different SoC and
BCs. The proposed study presents an analytical technique to accommodate the maximum
number of PEVs in RDNss. Initially, all the buses are kept at standard loadings. The base
case power flow is executed, and the power losses are observed. Let i be the current bus
location and K be the maximum number of buses. Initially, the bus index (i) is set to 2 (since
the first bus is a slack bus) and is compared against K. The load on the ith bus is increased
from the standard loading point to the point where the power system constraints violate
(symbolized as l;;qy) and is expressed by Equation (1).

lmux = lstnd + dlc.o (1)

where I, is the standard loading on ith bus and dl,., is the increase in original loading at
which the network constraints violate.

The maximum loading point (I;;4x) is observed, and the power flow is executed. The
power losses (P,¢s) are calculated using Equation (2).

Ppss = I°R @)

(Imax) and Pj,gs are stored in the memory of the variable. The process of evaluating [,y and
Pj,ss continues for all buses in RDNs. After computing /.y and Py in RDNS, the loading
capability to power loss index (LCPLI) is computed for all buses to accommodate PEVs.
The LCPLI is expressed in Equation (3).

LCPLI = Lnax 3)
Ploss

where /;,,¢ represents maximum loading and P),s; represents power losses on the ith bus
location at the maximum loading point. The LCPLI is computed for the K buses.



Sustainability 2023, 15, 7078

6 of 37

Load 33 bus network data and
hourly load consumption

v

Run the base case load flow
and observe power losses

.

Set bus index i=1 |

Yes

No

| Increase load on bus i

Constraints
violation

Store current

| LCPLI

v
Obtain LCPLI for
all buses

Y

Select bus with
maximum LCPLI

v

Obtain maximum

bus

Y

develop
accomodation
profile based
on BC and
SoC

|
|
|
|
|
|
: hosting capacity on best
|
|
|
|
|
|

A ———_—— e ———————
| ! Observe Power losses with maximum |
I ! PEV loading without DG allocation |

| |
| v
I U i iv
Ipdate iterative parameters |
: I ; AOA/SSA |
I
¥ - |
| ) — |
I | Apply Apply | |
| I AOA SSA ||
| | L T | |
I
| | Run load flow and calculate updated value of P, :
I | v |
Select sizes and location based on algorithm
| | Sel dl based on algorith
| | superiority |
| I
|
K :
| | |
g
ote the power losses, best size, location of DGs in
| | Note the p 1 best size, location of DGs i I
| presence of maximum PEV loading obtained using |
I I ADASSA |
I 4 Y v Y |
| | Validate Validate Validate Validate |
I | characteristics |characteristics] characteristics| characteristics |
| | against AOA | against SSA | against PSO |against SSAPSO
| L [ [ I ] _!
| | e e i e e e e e e e e e e
Select and Fix Optimal size and location o s
| Sel d Fix Optimal dl f PEV |
| and DGs |
| v |
: I Note maximum loading on best bus location |
| |
I : = = = — . |
| Vary charging and discharging with the step size
| of 10% |
I
I No |
' |
I Yes I
: Observe power loss for each segment |
| Y '
Note minimum power loss and charge discharge |
I ratio |
| |
I End |
Lisvmm e s o000 i -

Figure 1. Proposed methodological framework.



Sustainability 2023, 15, 7078

7 of 37

The bus with the highest LCPLI is the best bus to accommodate PEVs in the network.
After deciding the best bus to accommodate PEVs, the amount of energy available for
PEVs is calculated. The additional energy available for PEVs ( E,ygiia01¢ ) is calculated using
Equation (4) and is expressed as follows

Egvaitable = AP pesT X t 4)

where dP; gpst is the power consumed by the load dl., in time t hours at the best bus
location. The number of PEVs accommodated at any time ¢ depends on the energy available

at that time ( Egygiapre¢) and the energy consumed by PEVs. The number of PEVs (Npev,t)

accommodated in the " hour is expressed in Equation (5)

Eavuiluble,t (5)

N =
pev,t
EPE th

where Epgy ; is the energy consumption of the Pth PEV. The energy consumption of the Pth
PEV is highly dependent on the state of charge (SoC) and battery capacity (BC). The Epgy ¢
is the energy consumed by the Pth PEV and is calculated with the help of Equation (6),
which is expressed as follows.

=Et

t
pev,soc Epev,initialsoc (©)

E peo,t

where E;ev,initialsoc
charging) and E;ev,soc is the energy consumed by the Pth PEV at any time ¢, which is
expressed with the aid of Equation (7).

is the energy stored in the PEV battery at initial conditions (before

Zaxtreq
E;JEU,SOC =0.8 x Emax (1 — @ ‘tmax > —+ EO (7)

The time required (t) to charge the Pth electric vehicle battery from its initial state of
charge (Ey) to its final state of charge (80%) by using a level 2 charger for a maximum time
of five hours is presented in Equation (8). The charging time is calculated by multiplying by
a factor of 0.8, which represents the recommended 80% maximum energy from the battery
by the manufacturers, and the time constant is represented by «.

0;if Ey = Enax
treq = tmax;if Eg =0 ®)
%ln%;ifo < Eg < Epax

where E;;4y is the battery capacity (kWh) and its value is specified by the manufacturer, «
is a charging constant and its value is 8.4428, t,,,y is the time required to charge a battery
from 0 to 100% SoC, which is 5 h for a considered level 2 charger (7.2 kW), and Ej is the
initial energy stored in the PEV battery (at the initial state of charge). The flow chart of
the proposed mechanism to maximize PEV on the best bus and obtain the accommodation
profile at different BCs and SoC of PEVs is depicted in Figure 2.

2.2. Power Loss Minimization with Optimal Allocation of Distributed Generation

In this section, a methodology for minimizing power losses in networks integrated
with a maximum loading of electric vehicles is proposed, which is based on the optimal
allocation of distributed generation units. Initially, problem formulation and network
constraints are discussed in Sections 2.2.1 and 2.2.2, respectively. Then the methodology for
a hybrid AOASSA is presented in Section 2.2.3.
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Figure 2. Mechanism to maximize PEV on best bus and obtain the accommodation profile.

2.2.1. Problem Formulation

Active power losses are more prevalent than reactive power losses in distribution
networks. In distribution networks, the distances are relatively shorter, which results in
more active power losses compared with the transmission networks. Additionally, the
distribution network typically has more branches and connections than the transmission
network, which also contributes to the higher active power losses. The objective function
of the proposed study is to minimize active power losses when the system is integrated
with maximum PEV loading. The objective function is generally stated in Equation (9).
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N
ObjectiveFunction = Minimize(Plyss) = Minimizey | I?R; )
i=1
where [; indicates the current flow through the ith branch, R; indicates the resistance of the
ith branch, and N is the total number of branches. The power loss function indicates that
the power losses depend on the current flow in the branches, which depend on the sizes
and locations of the DG units in the network.
Therefore, optimizing the DG capacity and placement for power loss minimization is
crucial. The percentage power loss reduction (%PLR) is mathematically expressed with the
aid of Equation (10).

Ploss(without DG) — Ploss(with DG)

% PLR =
Ploss(without DG)

x 100 (10)

Equation (10) compares the power losses in the network without and with the al-
location of distributed generation units, where Pj,s(witnoutDG) refers to the power losses
without DG and P, (wimpc) refers to the power losses with DG allocation.

2.2.2. Network Constraints

This section presents the set of constraints considered for power loss minimization.
Constraints are the conditions that must not be exceeded while attempting to achieve the
goal of the optimization problem, whether it is to minimize or maximize the objective
function. In power distribution networks, the power losses are desired to be minimum
while the voltages active and reactive power supply are within set limits. The considered
network constraints are presented with the aid of Equations (11) to (14).

Nbus N branches Z DGs

V4
Z Pl]oad + Z Plloss > Z PDG (11)
j=1 i=1 i=1
Nbus j N branches Z DGs e
Y Qoart X Qs> Y Qe (12)
i=1 i=1 i=1
0.90 pu < V; > 1.05p.u (13)
Iphase < 300A (14)

where the Pl] »aq INdicates the active load, Q{ oad Indicates the reactive load on the jth bus,

P4 represents the active power delivered by zth DG, Q; oad TEPTESENtS the reactive load by
zth DG, V} indicates the voltages on jth bus, and I pase represents the phase current.

2.2.3. Parallel Operated Hybrid Arithmetic Optimization Algorithm Salp Swarm Algorithm

The parallel-operated hybrid AOASSA algorithm is an efficient algorithm that im-
proves the search capability for the optimal placement and size of distributed genera-
tion units in networks integrated with electric vehicles. The hybrid AOASSA algorithm
mitigates the inherent deficiencies in standard AOA and SSA. Furthermore, the parallel-
operated mechanism indicates that each algorithm runs independently, and no algorithm
feeds other algorithms. This section presents the step-by-step methodology for power loss
minimization using a parallel-operated hybrid AOASSA algorithm. The methodology for
the parallel-operated hybrid AOASSA algorithm to optimize size and location of DG units
is presented in Figure 3 and the step-by-step methodology is presented underneath.
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integrated networks.
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Step 1: Define the load and line data of 33-bus RDN [42].

Step 2: Run the load flow and evaluate power losses (Ploss_old) without allocation of
DG units.

Step 3: Specify the parameters for optimal sizing, sitting of DGs, and optimization
algorithms, i.e., AOA and SSA [43].

Step 4: Initialize the placements and capacities of the DG units randomly. The set of
potential solutions for Z DGs be x and the set of decision variables (sizes and locations)
represented by y are presented in Equation (15).

Ppcia Ppcie...... Ppciy||NpGi1 Npcio..... Npciy
Ppc21 Ppcaa... Ppcay||NpG21  Npacao......... Npeay
zZ= ) ) ) ) ) ) (15)
| |PDGx Ppgxp PpGry||NpGxa  NpGro........... NpGay| |

Step 5: Use Equations (16) and (17) to update MOA and MOP, respectively, and run
load flow using AOA [44].

Max — Min
A iter) = Mi fter—— 7 1
MOA (C_iter) = Min + C_iter M iter (16)
C_iters
MOP(C_iter) =1— —— " (17)
M_iterw

where MOA(C_iter) denotes the math operator accelerated for tth iteration, and C_iter
represents the current iteration, which is in between 1 and the maximum number of
iterations. Max and Min represent the maximum and minimum values of an accelerated
function, MOP(C_iter) represents the math operator probability for the current iteration,
o represents the sensitivity parameter, and M_ITER stands for the maximum number of
iterations that the algorithm will perform.

Step 6: Check the value of the randomly initiated parameter r;. If the value of rq is
greater than MOA for current iteration, then compare the value of r; with r,. If the randomly
initiated parameter r; is greater than 0.5, then use the division equation (Equation (18), first
part) to update the capacity and placement of DG units. In either case, if ; is less than
0.5, use the multiplication equation (Equation (18), 2nd part) to update the placement and
capacity of DG units. The function MOA increases after number of iterations and MOA
exceeds the randomly initiated parameter 1, then compare r; with r3. If r3 is greater than
0.5, use the subtraction equation (Equation (19), first part) to update DG size and location.
In either case, if 73 is less than 0.5, use the addition equation (Equation (19), 2nd part) to
update DG size and location.

Where X; j(Citer + 1) indicates the solution in the upcoming iteration, Bestx; indicates
the best obtained position in the jth place, Ub; and Lb; indicate the upper and lower bounds,
respectively, rp represents a randomly generated integer that balances exploration and
exploitation, € is an integer value (very small), and p is the control parameter.

Bestx; + ((MOP+ €) x (Ubj — Lbj) x uLb;) r, < 0.5
e - j j j j
Xij(Citer +1) { Bestxj x ((MOP+ €) x (Ubj — Lbj) x uLb;) otherwise (18
Bestxj — ((MOP+ €) x (Ubj — Lb;) x uLb;) r3 > 0.5
. (Cs — ] ] ] 1
Xij(Citer +1) = { Bestxj 4 ((MOP+ €) x (Ubj — Lbj) x uLb;) otherwise (19

Step 7: Evaluate the updated active power loss value (Pj,) using Equation (2).
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Step 8: Obtain the power loss value updated (abbreviated as Ploss_new_AOA) and
respective size/sizes/location/locations of DG units by AOA.

Step 9: Apply SSA, and initially update the value of ¢; with the aid of Equation (20),
which is presented as

2
¢ = 2e~(1) (20)

where the notation I indicates the number of current iterations, and the notation L indicates
the number of maximum iterations. The parameter c; is helpful to maintain the exploration
and exploitation.

Step 10: Check the population count (NoP); if the NoP is 1, then update the leader
position with the aid of Equation (21), and in the either case use Equation (22) to update
the follower position [44].

ol = yi+c1 ((Ub; — Lb;) X ¢a + Lb;) ¢3 > 0.5 @1)
! y;i—C1 ((Ub, - Lbl) X €y + Lbl) c3 <05
RIS}
MG R ) (22)

! 2
where x! indicates the position of the first salp in the ith dimension, y; indicates the food
position in the ith dimension, and the parameters Lb; and Ub; indicate the lower and upper
bounds, respectively. The coefficients c; and c3 are randomly initiated numbers lying
between 0 and 1.

Step 11: Obtain the power losses from individual salps and run the load flow analysis.

Step 12: Obtain the best DG size and location (termed as Ploss_new_SSA).

Step 13: Compare power losses obtained with AOA and SSA (step 8 and step 12); if
the power loss obtained with AOA is less than the value of power loss obtained with SSA,
then compare the value of power loss obtained with AOA with the initial power loss value,
then update the value of power loss with power loss value obtained with AOA. In either
case, the initial value of power loss holds the same value (updated). Alternatively, if the
power loss value obtained with SSA is smaller than that obtained with AOA, update the
value of power loss with the power loss value obtained with SSA. Furthermore, check if the
value of power loss obtained with SSA is smaller than initial power loss value, and update
the value of power loss obtained with SSA.

Step 14: Update the value of DG size and location with the superior solution. The
superiority of the solution is based on the value of power losses.

Step 15: Repeat the program up to the maximum preset value of iterations (200 iterations).

2.3. Stage 3 Optimal Charge and Discharge Ratios for Power Loss Minimization

This section presents the methodology for optimal charge and discharge ratios to
minimize power loss. The DGs and PEVs are allocated at the planning stage and the
utility lacks the authority to change the position or sizes of DGs, once allocated. The DGs
can neither be re-sized nor re-located immediately from one location to another in the
operational phase. The PEVs are also fixed at the best bus location. The optimal charge and
discharge ratios are a promising option to minimize the power losses in pre-allocated PEVs
and DGs. Therefore, the methodology is presented to optimize the charge and discharge
ratios of PEVs and minimize the power losses in the RDN.

Proposed Methodology for Optimal Charging and Discharging of PEVs

This section presents the methodology to optimize the charge and discharge ratios
of the PEVs for power loss minimization in pre-allocated PEVs and DG networks. The
charging of PEVs is considered as the load and discharging of PEVs is considered the source
of power generation. The load is opposite to the generation; therefore, the proposed study
considers load as negative of generation and vice versa. The standard loading of the bus is
kept constant.
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The charging and discharging of PEVs on the best bus location vary the power in-
jections into the distribution system. The variation in power injections varies the power
losses in the network. The proposed study presents a methodology to find the optimal
power injections by varying charge and discharge ratios for power loss minimization. The
maximum loading capacity of the best bus is allocated to PEVs and is segmented into ten
equal ratios, as shown in Figure 4. Let [;;,4x be the maximum loading at which the power
system constraints violate, then the maximum loading capability available for PEV loading
is expressed with the help of Equation (23).

dlc.o = lmax - lstnd (23)

where dl., represents the maximum loading capability available for PEVs loading and the
vector of dl, is segmented into ten equal segments (in other word; cases). The segmentation
of vector (dl.,) is expressed with the help of Equation (24) and is presented as.

Qe = (Ao, Alegn - oveeeananeeneenen. dleg10] (24)

where dl. , 1 represents the first segment of the dedicated PEV loading and dI. , 19 represents
the tenth segment of the total loading (equal to the maximum allowable loading for PEVs).
In the proposed methodology, segment dl,. , 1 represents 10% of the dl. , 19 and it reflects that
10% PEVs are discharging while the remaining 90% PEVs are charging from the selected
bus location. The power injections (Pin]-ection) are determined for all the segments and
the power losses are determined by using load flow analysis. Therefore, the total power
injection from the best bus location is expressed with the help of Equation (25).

Pinjection = Yinjection,PEV _discharging — Yinjection, PEVarging — lstnd (25)
PEV Charging = PEV Discharging

100% ‘
90%
80% |
70% | |

60%

50%

40%

30%

PEV Charging Dischaiging Ratio

20% |

10%

1]
i Case | Case | Case | Case | Case | Case | Case | Case | Case | Case
1 2 3 4 5 6 7 8 9 10
PEV Discharging| 10 20 30 40 50 60 70 80 90 100

PEV Charging 20 80 70 60 50 40 30 20 10 0

Case Number

Figure 4. Scenarios of charge and discharge ratios of PEVs.

The power injection on the best bus depends on PEV charging and discharging ratios.
Therefore, varying the charging and discharging of PEVs varies the power injection at
the best bus and ultimately changes power losses. The methodology is repeated for the
remaining segments on the best bus by varying ratios of charging and discharging of PEVs.
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The methodology for the optimal charge and discharge ratios is presented in Figure 5.
Initially, the best bus is selected based on LCPLI (obtained at the end of the first stage).
The maximum loading available for PEVs is noted and is divided into segments. Each
segment represents a 10% variation in charging and discharging ratios. The segments are
increased and are compared with total allowable loadings. If the increased load does not
exceed the total allowable loading, the program increases the load segments and stores the
value of power loss. However, if the incremental load exceeds the total allowable loading
capacity dedicated for PEVs, the program terminates and the power losses and respective
charge—discharge ratios are stored. The charge and discharge ratios with minimum power
loss are the optimal charge and discharge ratios.

Select the best
bus based on
highest
LCPLI

v

Note maximum loading
capacity available for g
PEVs

v

Increase the loading in
SEngﬂlS

Violate Loading
Capacity

Observe the power losses
obtained in segments

y

Note minimum power loss
and optimal charge and
discharge ratio

;

End

Figure 5. Methodology for optimal charge and discharge ratios.
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3. Results and Discussions

The research procedure of the proposed study is divided into three main stages. The
outcomes of the first stage are utilized as input to the second stage, and the outcomes of
the second stage are used as input to the third stage. The detailed methodology of the three
stages is presented in Section 2. In this section, the outcome of each stage is presented.
The proposed research methodology is implemented on IEEE-33-bus radial distribution
networks (RDNs) to investigate and validate the effectiveness of the proposed methodology.
The backward /forward load flow is run to retrieve the values of bus voltages, line currents,
and power flows. The backward/forward theorem provides an efficient, robust, and
effective mechanism for analyzing RDNs. In the first stage, the optimal location and
capacity are determined using the analytical method to maximize the accommodation of
PEVs in the RDN. The optimal location and capacity to maximize PEVs in the RDN is based
on the LCPLIL The bus with the highest LCPLI is chosen as best bus to accommodate PEVs.
The accommodation profile is shown at different battery capacities and state of charge
(SoC). In the second stage, the sizes and locations of the DG units are optimized to minimize
active power losses in PEV integrated networks. The study proposes an AOASSA-based
methodology to optimize the sizes and locations of DG units in PEV integrated networks.
The power losses, convergence characteristics, and robustness (statistical analysis) obtained
by AOASSA are compared with the standard AOA, SSA, PSO, and hybrid SSAPSO. It is
assumed that the DGs supply active power and only active power losses are minimized
in test network. In the third stage, an additional feature of V2G is introduced in cases of
pre-allocated PEVs and DGs. The allocation of PEVs and DGs on best bus are fixed; neither
the sizes nor location of PEVs can be changed, and neither the sizes nor locations of DGs
can be changed. In such a case, the V2G mechanism is introduced to minimize the active
power losses in the operation phase. The charging and discharging ratios are optimized
to minimize active power losses. The discharging of 100% PEVs and charging of 0%
PEVs neither guarantee minimum power losses nor are a practical case in real-time RDNs.
Therefore, charging and discharging ratios of PEVs are optimized to minimize active power
losses in RDNs. The methodology is implemented on a 33-bus radial distribution network
(RDN). The standard active and reactive loadings of IEEE 33-bus RDN are 3.715 MW and
2.3 MVARs, respectively. Node 1 receives 12.66 kV through a step-down transformer. The
standard power loss (without loading of PEVs or DGs) is 211 kW. The topology of a 33-bus
RDN is presented in Figure 6a. The typical 69-bus RDN, on the other hand, has a balanced
load arrangement with an active load of 3.80 MW and a reactive load of 2.69 MVAr. The
voltage is reduced to 12.66 kV before node 1 by a step-down transformer. A 69-bus has real
power losses of 225 kW. A typical topological structure of both the buses is presented in
Figure 6a,b.

3.1. Selection of Best Bus for Accommodating PEVs

Initially, the proper allocation of PEVs is planned. The PEVs are allocated based on
the LCPLI. The buses in the 33-bus RDN are subjected to the variations in loading and the
LCPLI for individual buses is calculated. The load on an individual bus varies with the step
size of 0.01 MW, and the distribution network constraints are checked. The bus with the
highest loading capability to power losses indicates that the bus can handle higher loading
with the least power losses. The bus holding the highest value of LCPLI is the best bus to
accommodate PEVs. The simulations indicate that the bus-2, bus-19 and bus-20 hold the
highest value of the LCPLL. Among, the top three buses, bus-2 holds the highest value of
the LCPLI (which is 9.81 units) and is considered the best bus to accommodate PEVs. The
LCPLI for the 33-bus RDN is presented in Table 1.
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Figure 6. (a) Typical topology of a IEEE-33bus RDN [45], (b) Typical topology of a IEEE-69-bus

RDN [45].
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Table 1. LCPLI for IEEE-33-BUS RDN.

Bus Initial Loading (MW) Loading Capacity to Power Loss Index (LCPLI)
2 0.1 9.81
3 0.09 3.76
4 0.12 2.36
5 0.06 1.67
6 0.06 1.04
7 0.2 0.95
8 0.2 0.55
9 0.06 0.45
10 0.06 0.37
11 0.045 0.36
12 0.06 0.34
13 0.06 0.28
14 0.12 0.26
15 0.06 0.25
16 0.06 0.23
17 0.06 0.20
18 0.09 0.19
19 0.09 9.55
20 0.09 7.38
21 0.09 6.97
22 0.09 6.38
23 0.09 3.60
24 0.42 3.37
25 0.42 3.19
26 0.06 1.01
27 0.06 1.01
28 0.06 0.97
29 0.12 0.95
30 0.2 0.94
31 0.15 0.91
32 0.21 0.91
33 0.06 0.91

Accommodation Profile of PEVs at Different SoC and Battery Capacity

The PEV is a stochastic load and needs special attention. The energy consumption of
PEVs highly depends on the current SoC and battery capacity. Therefore, the presented
study develops the accommodation profile of PEVs based on four battery capacities and
seven SoC obtained [29,46]. The results indicate that 1297 units of PEVs can safely be
accommodated (without violating constraints presented in Equations (11) to (14) when the
battery capacity is highest (75 kWh) and SoC is 10% (least for assumed cases). However,
with the decrease in battery capacity for the same SoC (10%), 3810 units of PEVs can safely
be accommodated on the best bus location (bus-2).

Similarly, when the SoC and battery capacity are increased to maximum (70% for
assumed cases), bus-2 can accommodate 10,334 PEVs. Similarly, the accommodation
increases to 31,988 units for the same SoC when the battery capacity is lowest (24.2 kWh)
among the assumed cases. The analysis indicates that the PEVs can be accommodated
in the range of 1297 units to 31,988 units depending on battery capacity and SoC. The
accommodation of PEVs enhances with the increase in SoC and decline in battery capacity
since lower energy is required to charge the battery of PEVs. Similarly, the accommodation
of PEVs decreases with the decrease in SoC and increase in battery capacity since a higher
amount of energy is required to charge the battery. The accommodation profile of PEVs at
a different SoC and battery capacities is depicted in Figure 7.
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Figure 7. Penetration profile of PEVs.

3.2. Distributed Generation Allocation with Maximum PEV Load on Best Bus Location

After the PEVs are allocated on the best bus location, the DGs are properly allocated.
In the PEV integrated network, the optimal size and location of DG units play a vital
role to minimize active power losses in RDNs. The power losses depend on DG size and
location and are considered decision variables [47,48]. To reduce power losses, the sizes
and positions of the DG units are optimized using AOA, SSA, PSO, and hybrid SSAPSO
and AOASSA. The standard AOA results in the least power losses among the standard
algorithms compared with SSA and PSO.

Among the hybrid algorithms, SSAPSO and AOASSA result in the same power losses
with the allocation of one DG unit. The AOA results highlight a DG of 2425 kW at bus
number 26, SSA highlights a DG of 2528.3 kW at bus number 26, and PSO results highlight
a DG of 2551.2 kW at bus-26, all of which produce minimum active power losses. Among
the hybrid algorithms, SSAPSO and AOASSA results highlight that a DG of 2682.5 kW at
bus-6 produces minimum power losses in the PEV integrated network.

The optimal allocation of two DG units indicates that the AOA results in fewer power
losses than the standard SSA and PSO. The AOA suggests that an optimal size of 906.6 kW
at bus-14 and 1113.2 kW at bus-30 results in minimum power losses. Alternatively, SSA
and PSO results highlight that a DG number 1 of 697.6 kW and 1006.6 kW installed at
bus locations 14 and 11 and a DG number 2 of 1115.6 kW and 1113.2 kW installed at bus
number 30 and 31 produce minimum power losses. The hybrid SSAPSO and AOASSA
indicate that the power losses are minimal when DGs of 1190.1 kW at bus-30 and 867.03 kW
at bus-13 are installed.

Similarly, when three DG units are allocated, the standard AOA results in minimum
power losses compared with the standard SSA and PSO. The analysis indicates that the
highest power loss reduction (of 65.36%) is produced using the hybrid AOASSA with the
allocation of three DG units. The performance of the hybrid AOASSA is the same compared
with SSAPSO with allocating one or two DG units. However, the performance of the hybrid
AOASGSA is significantly higher compared with contending algorithms when three DG
units are allocated. The power losses and associated DG sizes and locations obtained with
different numbers of DG units allocated using various algorithms are presented in Table 2.
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Table 2. Performance of proposed AOASSA.

Number of DG Units = Optimization DG Size, kKW Power Loss

Allocated Technique (@Bus Location) (kW) PLR (%)
Without DG allocation
(integration of - - 22443
maximum PEV load)

AOA 2425(26) 118.05 47.40

SSA 2528.3(26) 119.5 46.75

1 DG unit allocation PSO 2551.2(26) 120.7 46.21
SSAPSO 2682.5(6) 117.13 47.81

AOASSA 2682.5(6) 117.13 47.81

AOA 906.6(14), 1113.2(30) 95.31 57.53

SSA 697.6(14), 1115.6(30) 96.54 56.98

2 DG unit allocation PSO 1006.6(11), 1113.2(31) 96.82 56.86
SSAPSO 1190.1(30), 867.03(13) 94.69 57.80

AOASSA 1190.1(30), 867.03(13) 94.69 57.80

723.54(14), 1228.2(30),
AOA 996.59(24) 78.73 64.92
800(13), 980(24),
SSA 900(30) 79.67 64.50
. . 810(13), 1300(30),
3 DG unit allocation PSO 810(24) 80.47 64.14
840.82(13), 1067(24),
SSAPSO 1091.5(30) 77.94 65.27
1184.6(24), 1077.2(30),
AOASSA 812.97(13) 77.74 65.36

3.3. Statistical Characteristics of Proposed AOASSA Algorithm

The metaheuristic algorithms are stochastic, and the output of algorithms change
after each run. The reliability or robustness of an algorithm is checked with the statistical
characteristics (which usually include mean, the best value, standard deviation, and vari-
ance) after multiple runs. The proposed AOASSA and other contending algorithms run
30 times to check the superiority of the algorithms. The proposed AOASSA and contending
algorithms run 30 times to allocate DG units and minimize power losses in PEV integrated
networks. The analysis indicates that the standard AOA results in minimum power losses,
mean value, standard deviations, and variance among the standard algorithms. However,
the power loss values, mean values, standard deviations, and variance are still higher than
hybrid combinations. Among the hybrid combinations, the hybrid AOASSA results in least
power loss value, mean value, standard deviation, and variance (after 30 individual runs).
The results and statistical analysis after 30 individual runs for the proposed AOASSA and
other contending algorithms in PEV integrated networks are presented in Table 3.

Table 3. Statistical superiority of proposed AOASSA.

Number of DG Techni l\/iean flfx)er Stal}d:rd Variance
Units Allocated echnique OSSE ev1(: ton o?

AOA 124.71 431 18.55
1DG uni SSA 126.01 5.18 26.85
1 ‘t‘,mt PSO 127.42 530 28.08
allocation SSAPSO 119.90 1.63 2.66
AOASSA 117.97 0.78 0.61
, AOA 100.41 4.39 19.29
2 DG unit SSA 101.24 5.5 27.59

allocation PSO 102.76 5.44 29.58
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Table 3. Cont.
Numberof DG gy o Deviation Variance
Units Allocated q - - o2

2 DG unit SSAPSO 96.59 2.39 5.69
allocation AOASSA 95.31 1.14 1.30
AOA 83.58 4.42 19.51
, SSA 86.54 5.35 28.64
31]13G 11_““ PSO 87.74 6.04 36.43
allocation SSAPSO 81.07 2.45 6.00
AOASSA 78.50 1.53 2.35

3.4. Convergence Characteristics of Proposed AOASSA Algorithm

The convergence behavior of an algorithm describes how it conducts its search during
the optimization process. The algorithms begin by selecting an appropriate area to search
within, with a large moment of particles (exploration phase), and then proceed with a
lower moment in that search area (exploitation phase). Furthermore, the algorithms either
suffer from exploration or exploitation capabilities. In the proposed study, the SSA works
well in the exploration phase but lacks in the exploitation phase. The AOA works well
in the exploitation phase but suffers from exploration capabilities. The results indicate
that the AOA converged at 118.05 kW (47.40%), the SSA converged at 119.5 kW (46.75%),
and the PSO converged at 120.7 kW (46.21%), with an optimal allocation of one DG unit
after 200 iterations. Among the hybrid combinations, the SSAPSO and AOASSA are strong
enough to search optimal size and locations of DG units. The results show that both the
SSAPSO and AOASSA algorithms found the same value of minimum power loss in the
network integrated with PEVs. Specifically, the two algorithms both reached a power loss
of 117.13 kW with the optimal placement of a single DG unit. The performance of the
proposed AOASSA algorithm is compared with other competing algorithms in terms of
their convergence characteristics, with the results presented in Figure 8 when only one DG
unit is used.
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Figure 8. Convergence characteristics with one DG unit allocation.
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The power loss results are also evaluated using the optimal placement of two DG
units. The results indicate that the AOA significantly reduces power losses compared
with contending standard algorithms. The proposed AOA converged to a power loss
value of 95.31 kW (PLR of 57.53%), the SSA converged at 96.54 kW (56.98%), and the PSO
converged at 96.82 kW (56.86%). In comparison with the SSA and PSO, the outcomes
shows that the AOA produces the highest power loss reduction. However, compared with
hybrid combinations, the standard AOA still results in higher power losses. The hybrid
SSAPSO and AOASSA converged to a 94.69 kW power loss value (PLR of 57.80%), which
is significantly lower than the standard AOA, SSA, and PSO. The study suggests that the
AOASSA and SSAPSO algorithms have similar results in terms of power loss reduction
when two DG units are allocated optimally. The convergence of the two algorithms with
the optimal allocation of two DG units is shown in Figure 9.
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Figure 9. Convergence characteristics with two DG unit allocation.

Similarly, three DG units are allocated, and the convergence characteristics are ana-
lyzed during the search process. The analysis indicates that the performance of the standard
AOA is superior compared with the standard SSA and PSO. The results demonstrate that
the AOA converged to a PLR of 64.92%, the SSA converged to a PLR of 64.50%, and the PSO
converged to PLR of 64.14%. Amid the standard algorithms, the highest PLR is produced
by using a standard AOA. However, unlike the convergence characteristics of one and
two DG allocation, the hybrid AOASSA performs better than the SSAPSO. The hybrid
SSAPSO produces a PLR of 65.27% while the hybrid AOASSA produces a power loss
of 65.36%. The performance of the proposed AOASSA is significantly higher than other
contending algorithms. The convergence characteristics of the proposed AOASSA and
other contending algorithms in PEV integrated networks is presented in Figure 10.
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Figure 10. Convergence characteristics with three DG unit allocation.

3.5. PEV Charge and Discharge Ratio Optimization for Power Loss Reduction

PEVs operate in two modes of operation (i.e., charging and discharging). In the
charging mode of PEVs (G2V), the PEVs consume energy from the grid, while in the
discharging mode (V2G), the PEVs supply energy to the grid. The proposed study develops
a methodology to optimize the charge and discharge ratios of PEVs that results in minimum
power losses. The charging and discharging of PEVs place a net load on the system. The
net load is the difference between the charging load of PEVs, the conventional, and the
supply from PEV (vehicle to grid—V2G). In other words, the net load is controlled by utility
operators to minimize the power losses in RDNs. Therefore, it is not necessary that 100%
discharging of PEVs results in minimum power loss, since the distribution networks are
nonlinear. The proposed study develops a mechanism to optimize the charge and discharge
ratios of PEVs, even if the DG sizes and locations are fixed.

3.5.1. Charge and Discharge Ratio Optimization with One DG Unit Allocation

Initially, the power losses are minimized with charge and discharge ratios of PEVs in
the presence of the maximum load of PEVs on best bus location and optimal allocation of
one DG unit. The PEV load of 2.2 MW is placed on bus-2 (since 2.2 MW is the maximum
load of PEVs and bus-2 is selected since bus-2 results in the highest LCPLI). The DG unit
of 2682.5 kW is placed on bus-6 (the optimum allocation of one DG unit). The maximum
loading of PEVs is divided into ten segments (as described in Section 2) and ten cases are
generated based on the charging and discharging of PEVs. The power losses are calculated
using load flow analysis in different charging and discharging scenarios. Initially, when
10% PEVs are discharged and 90% PEVs are charged, the power losses are reduced from
224.43 kW to 115.48 kW (48.54% reduction). The power losses vary between 115.48 kW
and 110.22 kW (50.88% reduction) based on the charging and discharging ratios of PEVs.
The minimum power losses are achieved when 20% PEVs are charged and 80% PEVs are
discharged. The net load on the best bus location (i.e., bus-2) produces the least power
losses of 110.22 kW in the presence of one DG unit allocation. The power losses for various
charge and discharge ratio profiles are depicted in Figure 11.
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Figure 11. Charge and discharge ratios of PEVs against power loss in presence of 1 DG unit.

The charge and discharge ratios are imperative to optimize since this allows local
distribution companies to minimize power losses even in the presence of fixed PEV and DG
allocation. The charging/discharging of PEVs and the nature of the distribution network
are nonlinear. Therefore, the optimal operation point is crucial for a distribution system
operator. In the presence of one DG unit (optimal size and location), the optimal charge and
discharge ratios are 20% and 80%, respectively, since power losses increase as the charging
and discharging ratios changes.

Furthermore, the power losses change exponentially with the change in charging and
discharging of PEVs. The reason is that the PEVs batteries are exponential and hence the
battery characteristics are observed.

3.5.2. Charge and Discharge Ratio Optimization with Two DG Unit Allocation

Similar to one DG unit allocation, the power losses vary with the change in charge and
discharge ratios of PEVs and the number of DG units allocated. The power losses against
the charge and discharge ratios of PEVs in the presence of two DG units (optimal allocation)
is depicted in Figure 12. The charge and discharge ratios are again segmented into ten
equal divisions in the presence of two optimal sizes and locations of DGs. The allocated
sizes and locations of DGs are assumed for the AOASSA only since it results in minimum
power losses. The DG size 1 of 1190.1 kW and DG size 2 of 867.03 kW are located.

On the best bus location, the charge and discharge ratios are changed to obtain
minimum power losses. The power losses vary from 92.75 kW (58.76%) to 85.29 kW (62%)
with the variation in charge and discharge ratios of PEVs. The minimum power losses are
achieved with 90% discharging of PEVs and 10% charging of PEVs. The optimal charge and
discharge ratios change with the number of DG units allocated since the power injection
changes from the best bus location (bus-2).
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Figure 12. Charge and discharge ratios of PEVs against power loss in presence of 2 DG units.

3.5.3. Charge and Discharge Ratio Optimization with Three DG Unit Allocation

The optimal charge and discharge ratios vary with the number of DG units allocated.
The PEV load is segmented into ten parts and the power losses are observed at different
charge and discharge ratios of PEVs. The power losses vary between 76.34 kW and 72.59 kW.
The least power losses are achieved when 70% PEVs are discharged and 30% PEVs are
charged in the presence of three DG units allocated. The power losses at different charge
and discharge ratios in the presence of three DG units are depicted in Figure 13.
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Figure 13. Charge and discharge ratios of PEVs against power loss in presence of 3 DG units.
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3.6. Selection of Best Bus for Accommodating PEV's Based on LCPLI in IEEE69-Bus RDN

The proposed study accommodates the PEVs lumped into a single bus. The selection
of the best bus is based on the LCPLI. The bus with maximum loading capacity (referring to
the violation of constraints) and minimum power losses at maximum loading is the best bus
to accommodate the PEVs. The maximum loading on the individual bus is checked with
the variation in loading capacity and the corresponding power losses are noted. Each bus
is varied with a step size of 0.1 MW and the distribution network constraints are checked
with the corresponding increase in loading. The ratio of maximum loading capacity to the
corresponding power losses (LCPLI) for the 69-bus network (bus-1 is not considered since
bus-1 is a slack bus) is presented in Table 4.

Table 4. LCPLI for 69-bus network.

Bus Initial Loading (MW) Loading Capacity to Power Loss Index (LCPLI)
2 0 28.24
3 0 28.20
4 0 28.06
5 0 26.40
6 0.0026 10.79
7 0.0404 5.69
8 0.075 5.08
9 0.03 4.84
10 0.028 4.40
11 0.145 431
12 0.145 4.03
13 0.008 3.74
14 0.008 3.48
15 0 3.25
16 0.0455 3.21
17 0.06 3.12
18 0.06 3.12
19 0 3.02
20 0.001 2.96
21 0.114 2.87
22 0.0053 2.87
23 0 2.83
24 0.028 2.75
25 0 2.60
26 0.014 2.54
27 0.014 2.51
28 0.026 28.02
29 0.026 25.73
30 0 17.94
31 0 17.03
32 0 13.56
33 0.014 9.07
34 0.0195 6.04
35 0.006 5.29
36 0.026 28.02
37 0.026 25.68
38 0 22.84
39 0.024 22.14
40 0.024 22.10
41 0.0012 13.05
42 0 11.18
43 0.006 10.97
44 0 10.93

45 0.0392 10.42
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Table 4. Cont.

Bus Initial Loading (MW) Loading Capacity to Power Loss Index (LCPLI)
46 0.0392 10.42
47 0 27.90
48 0.079 24.34
49 0.3847 17.32
50 0.3847 16.18
51 0.0405 5.07
52 0.0036 4.95
53 0.0044 413
54 0.0264 3.52
55 0.024 2.89
56 0.024 2.90
57 0 2.48
58 0 1.34
59 0 1.09
60 0.1 1.02
61 0 0.93
62 1.244 0.84
63 0.032 0.83
64 0 0.81
65 0.227 0.73
66 0.059 0.65
67 0.018 426
68 0.018 4.26
69 0.028 3.88

The LCPLI for the 69-bus network is determined using an analytical method. The
LCPLI is found to be highest for bus-2, -3 and -4. Among the top three buses, the bus with
the highest LCPLI is bus-2. The second number bus achieves a highest LCPLI of 28.24 units,
while bus-3 achieves a slightly reduced LCPLI of 28.19 units. Therefore, the best bus to
accommodate PEVs is bus-2.

Accommodation Profile of PEVs at Different SoC and Battery Capacity in 69-Bus

The PEV load is stochastic in nature and the accommodation profile of PEVs depends
upon the battery capacity and state of charge. In order to deal with the stochasticity of the
PEVs, the proposed study considers four battery capacities and seven states of charge. The
accommodation profile of PEVs is developed considering various SoC and BCs. Initially,
when the SoC is least (10%) and the battery capacity is highest (75 kWh), the best bus can
accommodate 3752 units of PEVs. Considering the same SoC and a decrease in battery
capacity to 24.2 kWh, the accommodation of PEVs increases to 11,019 units. Alternatively,
the current SoC significantly impacts the accommodation profile of PEVs. When the
SoC increases to 70% (highest among the assumed cases), the best bus can accommodate
29,890 units of PEVs for the 75 kWh battery pack. The best bus can accommodate a
highest of 92,519 units of PEVs when the SoC is highest (70%) and the battery pack is
lowest (24.2 kWh) among the assumed stochastic battery capacities and SoC. Therefore,
the analysis reveals that the best bus accommodates 3752 to 92,519 units of PEVs on
the best bus location. The accommodation of PEVs is found to be dependent on the
SoC and BC. The stochastic analysis of PEVs indicates that the battery capacity and SoC
significantly impact the accommodation of PEVs. The analysis of PEV accommodation
indicates that the accommodation of PEVs increases with the increase in the current SoC.
Alternatively, the accommodation of PEVs decreases with the increase in battery capacity.
The accommodation profile of PEVs at different SoC and battery capacities is presented in
Figure 14.



Sustainability 2023, 15, 7078

27 of 37

100,000.00

PEV PENETRATION (UNITS)

90,000.00

80,000.00

70,000.00

60,000.00

50,000.00

40,000.00

30,000.00

20,000.00

10,000.00

0.00

e e o0 0 Tesla Model S70D (75 kWh)
e= e Nissan Leaf (40 kWh)
Renault Kangoo (33 kWh) /

e VW e-Golf (24.2 kWh)

—

10

— c— -— = e X
- e s o - o= - .o.ocooo’....
20 30 40 50 60 70

BATTERY SOC (%)

Figure 14. Accommodation profile of PEVs in IEEE-69-bus RDN.

3.7. Distributed Generation Allocation with Maximum PEV Load on Best Bus Location in
IEEE-69-Bus RDN

After the optimal allocation of PEV units, the DG size and location are optimized to
minimize the power losses in radial distribution networks. The optimal allocation of DG
units is a combinatorial problem involving discrete and variables. Therefore, DG alloca-
tion is a complex combinatorial and nonlinear optimization problem. The complex DG
allocation optimization problem requires advanced optimization techniques to minimize
the power losses in the distribution network integrated with the maximum PEV load on
the best bus location. Initially, the standard AOA, SSA, PSO, SSAPSO, and AOASSA are
applied to determine optimal size and location of one DG unit that results in minimum
power losses. The results reveal that the optimal allocation of one DG unit produces power
loss reductions of 62.93%, 62.54%, and 61.96% when the standard AOA, SSA, and PSO are
applied, respectively. However, the standard AOA, SSA, and PSO suffer from inherent
deficiencies and produce higher power losses in comparison with the hybrid SSAPSO and
AOASSA. The hybrid SSPASO and AOASSA produce a higher power loss reduction of
62.96% with the optimal allocation of one DG unit.

Then, the optimal sizing and locations of two DG units are determined with the
integration of the maximum PEV load on the best bus location. The standard AOA, SSA,
PSO, and hybrid combinations of SSAPSO and AOASSA are implemented to determine
optimal size and location to achieve minimum power losses. The results reveal that the
power loss reduction produced by the standard AOA, SSA, and PSO are 68.02%, 67.47%,
and 66.92%, respectively. However, the hybrid SSAPSOA and AOASSA are capable of
producing a higher power loss reduction. The hybrid SSAPSO and AOASSA produce
the highest power loss reduction of 68.10% with the optimal sizes and locations of two
DG units.
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Finally, the optimal allocation of three DG units is considered for power loss mini-
mization in IEEE-69-bus radial distribution networks. The optimal allocation of three DG
units is a complex problem in comparison with the optimal allocation of two DG units.
The optimal allocation of three DG units involves three DG sizes and three DG locations
(six decision variables) to minimize power loss reduction. The standard AOA, SSA, PSO,
SSAPSO, and AOASSA are implemented to obtain optimal sizes and locations of three DG
units for minimization of power losses. The results reveal that the standard AOA produces
a power loss reduction of 68.53%, the SSA produces a power loss reduction of 67.96%, and
the PSO produces a power loss reduction of 67.30% with optimal allocation of three DG
units. However, the hybrid SSAPSO produces a power loss reduction of 68.85% and the
hybrid AOASSA produce the highest power loss reduction of 69.10% with the optimal
allocation of three DG units.

The results conclude that the power losses reduce with the increase in number of DG
units allocated. Furthermore, the standard AOA produces the highest power loss reduction
in comparison with the standard SSA and standard PSO. However, the power loss reduction
produced by the hybrid SSAPSO and AOASSA is the same with the optimal allocation
of one and two DG units. The power loss reduction produced by the hybrid AOASSA
is slightly higher than the SSAPSO when 3 DG units are allocated. The performance
superiority of the proposed AOASSA is evident when the number of decision variables
(sizes and locations of DG units in DG allocation problem) increases. The optimal size/sizes
and location/locations of one, two, and three DG units and the corresponding power losses
are presented in Table 5.

Table 5. Performance of proposed AOASSA on 69-bus RDN with multiple DGs.

Number of DG Units  Optimization DG Size, kW Power Loss PLR (%)
Allocated Technique (@Bus Location) (kW) ?
Without DG allocation
(integration of - 225.3
maximum PEV load)
AOA 1829.10@61 83.50 62.93
SSA 2039.70@61 84.39 62.54
1 DG unit allocation PSO 2130.0@61 85.69 61.96
SSAPSO 1873.20@61 83.43 62.96
AOASSA 1873.20@61 83.43 62.96
AOA 1778.2@61, 554.91 @15 72.03 68.02
SSA 1589@61, 576 @15 73.27 67.47
2 DG unit allocation PSO 1922.20@61, 755.50 @15 74.52 66.92
SSAPSO 1781.90@61, 531.90 @17 71.87 68.10
AOASSA 1781.90@61, 531.90 @17 71.87 68.10
1702.6@61, 524.63@67,
AOA 299 03@18 70.91 68.53
393.1@67, 629@18,
SSA 1577 8@61 7217 67.96
. . 401@67, 726.19@18,
3 DG unit allocation PSO 1640@61 73.67 67.30
452.77@17, 1689@61,
SSAPSO 678.06@18 70.17 68.85
528.32@11, 380.35@18,
AOASSA 1719.2@61 69.60 69.10

3.8. Statistical Characteristics of Proposed AOASSA Algorithm

The optimal allocation of DG units is a combinatorial optimization problem involving
discrete and continuous variables. The optimal allocation of DG units requires advance
algorithms to minimize power losses in radial distribution networks. The metaheuristic and
hybrid metaheuristic algorithms are stochastic in nature, and the power losses produced
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in an individual run are not same. The algorithms start with the random generation of
size/sizes and location/locations and update the solution with the inherent mechanism.
The robustness of an algorithm is checked with the statistical characteristics obtained after
multiple runs. The statistical characteristics involve mean value, standard deviations, and
variance of power losses. The standard AOA, SSA, PSO, and hybrid SSAPSO and AOASSA
run 30 times individually to check the robustness of the algorithms. The results reveal that
the standard AOA produces the least mean power losses, standard deviation, and variance
at the end of 30 individual runs. However, among the hybrid combinations, the AOASSA
produces the least mean value of power losses, standard deviations, and variance at the
end of 30 individual runs. The results of mean power loss value, standard deviations, and
variance with multiple DG unit allocations are presented in Table 6.

Table 6. Statistical superiority of proposed AOASSA in 69-bus RDN.

Number of DG Techni N{ear; fl?x;er ]:S)ti:;d;ri Variance
Units Allocated echnique osf € ; ° o2
AOA 87.94 444 19.79
DG un SSA 90.54 5.65 3201
1 unit PSO 91.95 5.81 33.81
allocation SSAPSO 85.45 2.49 6.24
AOASSA 84.27 0.98 0.96
AOA 76.59 459 21.07
, SSA 79.69 5.79 33.61
21]136 unit PSO 80.39 5.98 35.80
allocation SSAPSO 7491 2.70 7.33
AOASSA 74.08 136 185
AOA 75.94 461 2127
A SSA 78.34 597 35.74
31?G unit PSO 80.20 7.49 56.25
allocation SSAPSO 74.39 3.00 9.05
AOASSA 71.65 213 457

3.9. Convergence Characteristics of Proposed AOASSA Algorithm in IEEE-69 -Bus RDN

The convergence characteristics of an algorithm describe the searching pattern of an
individual algorithm in a search space. A good optimization algorithm generates more
diverse particles during the exploration phase of the search process and relatively less
diverse particles during the search process’s later stages (exploitation). The standard AOA,
SSA, PSO, and hybrid SSAPSO and AOASSA run 200 iterations in a single run and update
the power losses. Initially, the AOA, SSA, PSO, SSAPSO, and AOASSA run 200 iterations
to allocate one DG unit optimally for power loss minimization. The results reveal that
the standard AOA produces power loss reduction of 57.83%, the standard SSA produces
a power loss reduction of 58.63, and the PSO produces a power loss reduction of 57.16%
in the first iteration. The standard AOA, SSA, and PSO produce a power loss reduction
of 62.93%, 62.54%, and 61.96%, respectively. A power loss decrease of 62.96% is achieved
using the combination SSAPSO and AOASSA. The convergence characteristics of one DG
unit allocation achieved using AOA, SSA, PSO, SSAPSO, and AOASSA in the IEEE-69 bus
RDN are shown in Figure 15.

Similar to the allocation of one DG unit, the algorithms are implemented for the
allocation of two DG units and the convergence characteristics of the best run are presented.
The results reveal that the standard SSA has good exploration capabilities and the AOA
has good exploitation capabilities. The standard AOA reduces the power loss to 61.60%
in the first iteration, the standard SSA reduces the power loss to 62.98%, and the standard
PSO reduces the power loss to 60.94% in the first iteration. However, the exploration
capabilities of the hybrid SSAPSO and AOASSA are superior compared with the standard
AOA. The hybrid SSAPSO and AOASSA reduce the power loss to 64.49% and 66.04%,
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respectively, in the first iteration. The power loss value in the first iteration reflects the
exploration capabilities of the algorithms. The algorithms retrieve values of power losses
for 200 iterations. At the end of the search process, the standard AOA performs superior
to the standard SSA and PSO. The AOA, SSA, and PSO converged to 68.02%, 67.47%,
and 66.92% power loss reduction, respectively. However, the exploitation capabilities of
the hybrid SSAPSO and AOASSA are superior compared with the standard AOA, SSA,
and PSO. The SSAPSO and AOASSA converged to a 68.10% value of power loss with the
allocation of two DG units at the end of 200 iterations. The convergence characteristics of
two DG unit allocation in the PEV integrated 69-bus network is presented in Figure 16.
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Figure 16. Convergence characteristics with two DG unit allocation.
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Similar to one and two DG unit allocations, the convergence characteristics of three
DG unit allocation is observed. The standard AOA, SSA, PSO, SSPAO, and AOASSA
are applied for the allocation of three DG units, and the convergence characteristics of
the best run are presented. The results reveal that the standard SSA exhibits superior
exploration capabilities among the standard algorithms. The power loss obtained by AOA,
SSA, and PSO in the first iteration are 63.73%, 64.40%, and 63.24%, respectively. However,
the hybrid combination of SSAPSO and AOASSA are superior to the standard AOA, SSA,
and PSO. The hybrid SSAPSO and AOASSA obtained a power loss of 65.69% and 66.75%,
respectively, in the first iteration. The results also reveal that the standard AOA converged
to a better power loss value than the standard SSA and PSO. The exploitation capabilities
of the standard AOA are superior to the standard SSA and PSO. The standard AOA, SSA,
and PSO converged to 68.53%, 67.96%, and 67.30% power loss values, respectively, at the
end of 200 iterations. However, the hybrid combination of SSAPSO and AOASSA are
superior to the standard AOA, SSA, and PSO algorithms. The hybrid SSAPSO converged
to 68.85% power loss and the hybrid AOASSA converged to a 69.10% power loss value.
The convergence characteristics of the hybrid AOASSA are superior to the contending
algorithms. The convergence characteristics of three DG unit allocations in PEV integrated
IEEE-69-bus networks are presented in Figure 17.
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Figure 17. Convergence characteristics with three DG unit allocation.

3.10. PEV Charge and Discharge Ratio Optimization for Power Loss Reduction in IEEE69-Bus RDN

The PEVs act as a battery charging load or a battery discharging source. The PEVs
consume energy from the grid when the PEVs act as a battery charging load. Alternatively,
the PEVs supply energy when the PEVs act as a battery discharging source. The proposed
study balances the charge and discharge ratios of PEVs, such that the net load on the system
produce minimum power losses in a 69-bus RDN. The net load is the difference between
the standard load of the bus, charging load of PEVs and the battery discharging power. The
net load is controllable and the utility can allocate a net load that results in minimum power
losses. The distribution network is nonlinear in nature and the charging and discharging of
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PEVs have a significant impact on power losses of the network. Therefore, the power losses
are highly dependent on the net load on the bus where the PEVs are allocated, and the net
load is dependent on charging and discharging ratios of PEVs. The optimal charge and
discharge ratios enable the utility operators to minimize the power losses when the sizes
and locations of DG units are fixed. The optimal charge and discharge ratios are highly
dependent on the number of DG units allocated. The optimal charge and discharge ratios
change with the change in number of DG units allocated. The study develops the charging
and discharging profiles of PEVs with one, two, and three DG units allocated at the optimal
size and location.

3.10.1. Charge and Discharge Ratio Optimization with One DG Unit Allocation

The charge and discharge ratios of PEVs are optimized with the allocation of one DG
unit and PEVs are placed at the optimal location. The best bus to accommodate PEVs
is found to be bus-2, since bus-2 has the highest LCPLI of 28.24 units. The best bus has
6.36 MW of additional power to accommodate PEVs. The maximum loading is based on
violation of RDN constraints. The DG unit of 1873.20 kW is also allocated at bus number 61.
The proposed methodology divides the maximum loading into ten different cases, which
are based on the charging and discharging of PEVs. The net load is placed on the best bus
location, which is based on charging and discharging of PEVs and standard loading of
the best bus location. The power losses are calculated using load flow analysis. Initially,
10% PEVs are discharged and 90% PEVs are charged. The power losses of the network
are found to be 83.36 kW. The minimum power losses are not achieved when 100% PEVs
are discharging. The minimum power losses of 83.20 kW are achieved when 70% PEVs
are discharging and 30% PEVs are charging at the best bus location. The charging and
discharging profile of PEVs against the IEEE-69-bus network power losses in the presence
of one DG unit is depicted in Figure 18. The charging and discharging of PEVs enable the
utility operators to minimize the power losses despite the DG unit being allocated at the
optimal bus location. The optimal charge and discharge profile of PEVs is nonlinear in
nature, since PEV load and RDN are also nonlinear in nature.
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Figure 18. Charge and discharge ratios of PEVs against power loss in presence of 1 DG unit.

3.10.2. Charge Discharge Ratio Optimization with Two DG Unit Allocation

The optimal charge and discharge ratios vary with the variation in number of DG
units allocated. The presence of two DG units at the optimal bus location change the net
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loading of the network; therefore, the optimal charge and discharge ratios are also changed.
The PEV loading is divided into ten different cases, which are based on charging and
discharging of PEVs. The power losses of the IEEE-69 bus RDN vary between 71.67 kW
and 71.86 kW, depending on the charging and discharging of PEVs. The minimum power
loss of 71.67 kW is achieved when 60% PEVs are discharging and 40% PEVs are charging.
The charging and discharging profile of PEVs against power losses of the 69-bus RDN in
the presence of two DG units is depicted in Figure 19.
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Figure 19. Charge and discharge ratios of PEVs against power loss in presence of 2 DG unit.

3.10.3. Charge and Discharge Ratio Optimization with Three DG Unit Allocation

The optimal charge and discharge ratios are highly dependent on the number of DG
units allocated. The change in the number of DG units produces a corresponding change
in the optimal charge and discharge ratios. The proposed methodology divides the PEV
loading into ten cases, which are based on charging and discharging ratios of PEVs. The
power losses of the 69-bus RDN vary between 69.42 kW and 69.60 kW depending on the
charge and discharge ratios of PEVs. The optimal charge and discharge ratios of PEVs are
40% and 60%, respectively. The optimal charge and discharge ratios in the presence of
two and three DG unit allocation are the same, since the net load on the best bus location
and presence of DG units produce minimum power losses. However, the power losses
are significantly reduced with the allocation of three DG units and optimal charging and
discharging of PEVs. The results of power losses with the optimal allocation of three DG
units and optimal coordinated charging are presented in Figure 20.
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Figure 20. Charge and discharge ratios of PEVs against power loss in presence of 3 DG unit.

4. Conclusions and Future Works

The proposed study develops a deterministic methodology to maximize the accom-
modation of PEVs and percentage power loss reduction (%PLR). Initially, the PEVs are
accommodated on an optimal bus location, which is selected based on the loading capa-
bility to power loss index (LCPLI). The accommodation profile is developed based on
the uncertainty parameters of PEVs, including battery capacity (BC) and current state
of charge (SoC). Then, the DG units are optimally allocated to improve %PLR using the
hybrid arithmetic optimization algorithm salp swarm algorithm (AOASSA). In the end,
the V2G mode of PEV is adopted to minimize power losses in the presence of fixed PEV
load and DG sizes on the best bus location. The results reveal that the best bus is bus-2,
since it has highest value of LCPLI in IEEE-33 bus and IEEE-69 bus RDNs. The best bus
can accommodate a maximum of 31,988 and 92,519 units of PEVs in IEEE-33 bus and
IEEE-69 bus RDNs, respectively. The proposed AOASSA produces at least 0.09% and 0.25%
fewer power losses compared with recent contending algorithms applied on IEEE-33 bus
and IEEE-69 bus RDNs, respectively. Moreover, the optimal charging and discharging
ratios of PEVs further improved the %PLR by 3.08%, 4.19%, and 2.29% in the presence
of optimal allocation of one, two and three DG units, respectively in a IEEE-33 bus RDN.
On the other hand, the %PLR further improved by 0.09%, 0.09%, and 0.08% with optimal
charge and discharge ratios in the presence of one, two and three DG units, respectively, in
IEEE-69 bus RDN. Although the proposed study develops a deterministic methodology to
maximize PEVs and minimize power losses, a great deal of work can still be extended for
future researchers. The researchers can simultaneously maximize PEV accommodation and
minimize power losses using multi-objective weighted summation models or Pareto front
optimization. Furthermore, an advanced taxonomy of the algorithm can be developed to
minimize power losses with optimal allocation of DG units. The proposed study can serve
as a benchmark for upcoming research in the subject area.
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