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A B S T R A C T

Excessive penetration of renewable energy resources into the distribution grid without additional preventive
measures has led to several operational problems. However, most strategies developed to accommodate more
renewable energy units suffered from other operational problems. Therefore, further efforts are needed to
address the other key vulnerabilities of the grid in addition to maximizing the hosting capacity. In this regard,
this study is devoted to a new multi-objective formulation to maximize the hosting capacity and minimize
the total energy losses while satisfying the operational constraints and maximizing the energy transferred to
off-peak hours. The Multi-Objective Advanced Gray Wolf Optimization (MOAGWO) algorithm is used as a
solution tool. The proposed formulation and solution algorithm are tested on IEEE-33-bus and 69-bus medium
voltage test systems. The impacts of energy storage systems, voltage regulators, and static var compensators on
the hosting capacity and the objective functions are identified using several scenarios. The results showed that
the optimal device type and locations depend on the level of DG penetration. Finally, a comparison according
to two popular multi-objective performance indices showed that the quality of the Pareto front distribution
obtained by MOAGWO was better than the ones obtained with the two other popular heuristic methods.
1. Introduction

The growth in the penetration of distributed generation (DG) units
into electricity distribution networks (EDNs) has been driven by their
economic benefits, low environmental impacts, and reduced reliance on
fossil fuels. However, excessive integration of these units without ad-
ditional preventive measures can lead to various operational problems,
such as overvoltages, power quality issues, low reliability, low customer
satisfaction [1], excessive line losses, overloading of transformers and
feeders, protection failures, and high harmonic distortion levels that
exceed the limits of international standards. Therefore, the network
operator should look to enhance existing power generation plants and
distribution capabilities [2] besides the relevant planning and opera-
tional strategies to maximize the integration of DG units through the
proper use of these technologies. Under this premise, the concept of
analyzing the hosting capacity of EDNs was born. A distribution grid’s
DG hosting capacity (DGHC) is defined as the maximum amount of
DG that can be integrated into the grid without creating any voltage
magnitude, protection, and power quality problems [3].

Emerging technologies and techniques to improve DGHC include the
use of smart inverters [4,5], energy storage systems (ESSs) [6,7], static
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var compensators (SVC) [8], power curtailment of DGs [9,10], passive
harmonic filters [11], on-load tap-changers (OLTCs) [12], capacitor
banks [13], and demand response adaptation [14,15]. Much has been
written in the literature on how to incorporate the above devices into
power grids to increase the hosting capacity.

DGHC analysis for single or multiple types of DG units has been ad-
dressed using a variety of approaches. Liu et al. developed a stochastic
framework for single and hybrid DGHC and applied it in IEEE 33-bus
medium voltage (MV) system [16]. Liu et all. proposed a sensitivity
region-based optimization method to maximize the renewable genera-
tion hosting capacity of an islanded microgrid [17]. In [18], the impact
of high electric vehicle (EV) penetration on the DGHC of EDNs was
evaluated. Optimal planning of storage devices to increase the DGHC
was presented in [19]. In [20], a new formulation for maximizing the
hosting capacity of PV systems considering dynamic reactive control of
smart inverters was proposed. The improvement of the hosting capacity
of multi-wind turbine systems (WT) with the proper operation of OLTC
and voltage regulators (VR) was presented in [21]. Moreover, the
charging management of EVs was included in the process to regulate
the WT generation.
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Until now, most research has focused on estimating the maximum
capacity of DG penetration in the system or utilizing the other devices
that increase DGHC. However, more efforts are needed to address the
other major weaknesses of EDNs in addition to DGHC maximization.
Therefore, this paper focuses on a multi-objective formulation based
on the concept of optimal Pareto front [22] to maximize the DGHC
while minimizing the total energy losses and maximizing the energy
transferred to off-peak hours.

We have attempted to identify the effects of various devices on
DGHC in EDNs. At this point, ESSs, voltage regulators (VR), and SVCs
are considered to increase the HC while coordinating voltage profiles
and reducing energy losses. In addition, the energy transferred to off-
peak hours is maximized by the optimal control strategy of the ESS
units. It was not held as an objective function because some of the sce-
narios did not comprise the ESS units. The number, size, and location
of the two popular types of DG units, PV and WT, are optimized within
a multi-objective optimization cycle. Different scenarios are proposed
to determine the impacts of the ESS, VR, and SVC units on the two
objectives, namely, maximization of DGHC and minimization of energy
losses.

Heuristic optimization algorithms are designed in all forms, from
simple ‘‘trial and error’’ to complex ones based on mimicking natural
environmental conditions. The strategies of the algorithms are easy
to understand and simple to implement. In [23–26], several heuristic
algorithms were used to improve the hosting capacity of EDNs. Based
on the results found in the literature, the objective function of the
optimization process was formulated to maximize the DG capacity
integrated into a system without any voltage violation. The weakest
point of that single-objective formulation was the need to consider
other prospective concerns of the system.

In this study, the Multi-Objective Advanced Grey Wolf Optimization
(MOAGWO) Algorithm [27] is used to determine the Pareto-optimal
front solutions for several scenarios of maximizing the DGHC using
the ESS, SVCs, and VR while minimizing the active energy losses of
the networks. MOAGWO is a multi-objective optimization algorithm
developed to improve the Grey Wolf optimization (GWO) algorithm’s
base search capability and convergence performance. The main mod-
ifications over the base GWO method consist of applying a dynamic
method to evaluate the wolf positions, either in the exploration or
the exploitation phase of the optimization process. Additionally, the
mirroring distance concept is used to update the search agents’ po-
sitions, ensuring that the positions always remain within the feasible
range. The new formulations for updating the positions of the wolves in
MOAGWO improved the simulation time and increased the robustness
of the method in finding near-optimal solutions and not falling into
the local minimas in the search space. The proposed formulation and
solution algorithm are tested on IEEE-33-bus and 69-bus test systems.
The quality of the results is validated by comparing the Pareto solutions
and the computational burden of MOAGWO with the other known
methods.

The main contributions of the paper are as follows:

• A new multi-objective formulation is proposed to maximize the
hosting capacity and minimize the total energy losses,

• The energy transferred to the off-peak hours, formulated as a
constraint, is also maximized through the optimal control strategy
of ESS units,

• The Multi-Objective Advanced Grey Wolf Optimization
(MOAGWO) algorithm is adapted to determine the Pareto front
solutions.

• The singular and collaborative impacts of the reinforcement units
on the objectives are identified and several solutions are proposed
for different DG penetration levels.

• The quality of the results are validated by comparing the Pareto
solutions and the computational efficiency of MOAGWO with
2

other known methods. e
The structure of the paper is as follows. The statement of the
problem, including the objective functions and constraints, is described
in Section 2. Section 3 is devoted to the MOAGWO method and its
implementation for the multi-objective optimization problem. Section 4
shows the simulation results for test system applications. Conclusions
are summarized in Section 5.

2. Multi-objective formulation of the problem

The proposed two-dimensional objective function of the study in-
cludes the DGHC and total energy loss expressions. They are considered
separate objectives and optimized by the Pareto optimum concept in
the multi-objective optimization procedure.

2.1. Objective functions

A detailed formulation of the objective functions is elaborated in
the following sections.

2.1.1. Total energy losses
Real power losses in 𝑗th branch of a distribution network at hour-

𝑖 can be calculated as 𝑃 𝑙𝑖𝑗 = (𝐼 𝑖𝑗 )
2.𝑅𝑗 , where 𝑅𝑗 is the resistance of

the 𝑗th branch. Energy losses are the sum of hourly power losses for
an intended period (𝑁𝑇 ). Total energy losses of the system with 𝑁𝑏𝑟
branches, 𝑓TEL, can be expressed as the sum of hourly losses over an
optimization period of 𝑁𝑇 hours as follows:

TEL =
𝑁𝑇
∑

𝑖=1

𝑁𝑏𝑟
∑

𝑗=1
𝑃 𝑙𝑖𝑗 (1)

Note that 𝑓TEL shows the annual energy losses if the optimization
period is a year.

2.1.2. Distributed generation hosting capacity
The hosting capacity for a grid comprising DG units is defined as

the maximum amount of DG capacity (size) that can be integrated into
the grid without creating any voltage magnitude. Here the goal for the
objective function is to increase the hosting capacity of the DG units,
so the objective function variables are defined as the size of individual
units in the grid beside the number of voltage violations in the system.
In the minimization objective function modeling, one way is to have a
term in the formulation for the size of the DG units and another term for
the violations as the penalty function. In this study, a new formulation
was proposed for the DGHC of the network:

𝑓DGHC =
1 +

∑𝑁𝑇
𝑖=1(

∑𝑁𝐵𝑈𝑆
𝑗=1 𝐾 𝑖

𝑗 )
∑𝑁𝑃𝑉

𝑛=1 𝑆𝑃𝑉𝑛 +
∑𝑁𝑊 𝑇

𝑚=1 𝑆𝑊 𝑇𝑚

(2)

with

𝐾 𝑖
𝑗 =

{

0, if 0.95𝑉𝑟𝑒𝑓 < 𝑉 𝑖
𝑗 < 1.05𝑉𝑟𝑒𝑓

𝑏 × (2 − 𝑡
𝑀𝑎𝑥𝑡

), otherwise
(3)

where 𝑁BUS is the number of busses in the feeder, and 𝑉 𝑖
𝑗 is the

th bus voltage magnitude at hour-𝑖, calculated by forward/backward
weep (FBS) power flow [28] method. The reference voltage (𝑉𝑟𝑒𝑓 ) is
ssumed as 1 p.u. 𝑁𝑃𝑉 and 𝑁𝑊 𝑇 represent the number of PV and WT
nits found in the optimization process with the unit size of 𝑆𝑃𝑉 and

𝑆𝑊 𝑇 . The maximum number of iterations in the optimization process
and the current iteration are shown with Max𝑡 and 𝑡, respectively. A
constant quantity 𝑏 is used in a penalty term for the voltage magnitude
violations.

Note that the objective function aims to increase the capacity of
the DG units without voltage violations. Therefore the 𝐾 at the end is
xpected to be zero.
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2.2. Constraints

The equality and inequality constraints comprising the power bal-
ance equations and the physical constraints on the electrical parameters
are described below.

1 Power balance: Generated power should be equal to the sum
of the consumed power and the losses at each hour of the
simulation period.

𝑃 𝑖
MG + 𝑃 𝑖

DG + 𝑃 𝑖
ESSD = 𝑃 𝑖

load + 𝑃 𝑖
ESSC + 𝑃 𝑖

losses,∀𝑖 ∈ 𝑁t (4)

𝑄𝑖
MG = 𝑄𝑖

load +𝑄𝑖
losses,∀𝑖 ∈ 𝑁t (5)

where 𝑃MG and 𝑄MG are the active and reactive power supplied
from the main grid at the slack bus. 𝑁𝑡 is a set of {1, 2, 3,… , 𝑁𝑇 }
representing time periods. 𝑃DG shows the total active power
generated by DGs. 𝑃ESSD and 𝑃ESSC denote discharge and charge
powers of ESS units, respectively. Active and reactive loads
and losses are represented by 𝑃load, 𝑄losses, 𝑄load and 𝑄losses,
respectively.

2 Bus voltage magnitude limits: In order to maintain power qual-
ity, the node voltages should be within operation limits as shown
below.

𝑉 𝑖,min
𝑗 ≤ 𝑉 𝑖

𝑗 ≤ 𝑉 𝑖,max
𝑗 ∀𝑖 ∈ 𝑁T, 𝑗 ∈ 𝑁Bus (6)

where the values of 𝑉 𝑖,max
𝑗 and 𝑉 𝑖,min

𝑗 are assigned as 1.05 and
0.95 p.u. in this study, respectively

3 Generation constraints: The upper limit of DG active power
outputs are assumed to be 1 MW due to the governmental
incentives provided for small-scale DG units in Turkey. On the
other hand, the main grid supply is limited due to generation
and load profiles at each hour.

𝑃 𝑖
MG ≤ 𝑃MG𝑚𝑎𝑥

,∀𝑖 ∈ 𝑁T (7)

𝑄𝑖
MG ≤ 𝑄MG𝑚𝑎𝑥

,∀𝑖 ∈ 𝑁T (8)

𝑃DG ≤ 𝑃DG𝑚𝑎𝑥
(9)

4 Storage constraints: The upper limit for ESS energy sizes are
set as 1 MWh, while their charging/discharging amounts are
restricted at each time step to limit the state of charge (SoC) of
the units. The constraints of ESS units are formulated as follows.

EESS ≤ EESS𝑚𝑎𝑥 (10)

(𝑃 𝑖
𝐸𝑆𝑆𝐶 , 𝑃

𝑖
𝐸𝑆𝑆𝐷) ≤ 1𝑀𝑊 ,∀𝑖 ∈ 𝑁T (11)

0.2 ∗ 𝐸𝐸𝑆𝑆 ≤ 𝑆𝑂𝐶 𝑖
𝐸𝑆𝑆 ≤ 0.8 ∗ 𝐸𝐸𝑆𝑆 ,∀𝑖 ∈ 𝑁T (12)

Maximizing the energy transferred to off-peak hours through the
optimal control strategy of the ESS units is added as a constraint
for the problem. The constraint function to improve the energy
transfer (of the ESS output) between peak and off-peak hours is
expressed as,

𝑃𝐹 =
𝑁𝐸𝑆𝑆
∑

𝑛=1

𝑁𝑇
∑

𝑖=1
(

𝜌𝐷
𝑃 𝑛
𝐸𝑆𝑆𝐷𝑖

+
𝜌𝐶

𝑃 𝑛
𝐸𝑆𝑆𝐶𝑖

) (13)

where 𝑃𝐸𝑆𝑆𝐷 and 𝑃𝐸𝑆𝑆𝐶 represent ESS discharge and charge
powers, respectively. The control strategy for charging and
discharging powers of ESS units are identified by binary decision
variables 𝜌𝐶 and 𝜌𝐷 as follows:

∀𝑃 𝑖
load < 𝑃 ,∃{𝜌𝐶 = 1, 𝜌𝐷 = 0} (14)

∀𝑃 𝑖
load > 𝑃 ,∃{𝜌𝐶 = 0, 𝜌𝐷 = 1} (15)

≤ 𝑃 𝑖 ≤ 𝑃 ,∃{𝜌 = 0, 𝜌 = 0} (16)
3

∀𝑃 load 𝐶 𝐷 a
where 𝑃 𝑖
load is the net active load at 𝑖th hour, and 𝑃 and 𝑃 are

defined as:

𝑃 = (𝑃mean
load + 𝑃 std.

load) (17)

𝑃 = (𝑃mean
load − 𝑃 std.

load) (18)

where 𝑃mean
load and 𝑃 std.

load are the daily average and the standard
deviation of the hourly loads, respectively.

5 SVC units constraints: The amount of absorption or injection of
reactive power for each time step is the control each parameter
of SVCs, and the absolute amount of absorption or injection
limits the SVC size as shown below.

𝑆𝑆𝑉 𝐶 ≤ 𝑆𝑆𝑉 𝐶𝑚𝑎𝑥
(19)

−𝑆𝑆𝑉 𝐶 ≤ 𝑄𝑖
𝑆𝑉 𝐶 ≤ 𝑆𝑆𝑉 𝐶 ,∀𝑖 ∈ 𝑁T (20)

where maximum SVC size is set to 0.2 MVAr, and at each time
step SVC controller can absorb or inject the reactive power
within −0.2 to 0.2 MVAr.

6 Voltage regulator constraints: In the simulations, we assume that
the VR is located between bus 1 and 2. The allowable range for
the tap position of the VRs is assumed to be −16 ≤ 𝑇 𝑎𝑝 ≤ 16,
with the minimum and maximum tap positions corresponding
to −5% and +5% of the rated voltage, respectively. The other
constraints of the VR units can be found in [29].

.3. Problem formulation

Based on the objectives and constraints discussed in the previous
ubsection, the formulation of the multi-objective optimization model
s framed in Eq. (21).

Minimize
𝑤.𝑟.𝑡. ⃖⃗𝑋

𝐹 ( ⃖⃖⃗𝑋) = {𝑓TEL, 𝑓DGHC} (21)

⃖⃖⃗ = {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, ⃖⃖⃗𝑃 , ⃖⃖⃗𝑂, ⃖⃖⃖⃖⃖⃖⃗Tap}

ubject to
{

𝑔𝑛 ≥ 0, 𝑛 = 1, 2,… , 𝑝
ℎ𝑛 = 0, 𝑛 = 1, 2,… , 𝑞

here ⃖⃖⃗𝐿 is a common location vector for all devices, ⃖⃖⃗𝑆 is a size vector
or DG and SVCs, and ⃖⃖⃗𝑂 denotes the operation strategy vector for
SSs and SVCs. The remaining vectors ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, and ⃖⃖⃗𝑃 denote the
ype of the DG (PV or WT), energy (size) of ESS units, and maximum
harging/discharging power of ESS units, respectively. Finally, ⃖⃖⃖⃖⃖⃖⃗Tap
hows the tap position of the VR. Note that the upper and lower
imits of the control variables for each test system are defined in
he following sections. The terms ℎ𝑛 and 𝑔𝑛 denote the equality and
nequality constraints, respectively.

. Solution methodology

.1. Multi-objective optimization problems

The mathematical formulation of an n-dimensional multi-objective
ptimization problem can be given as follows:

Minimize
𝑤.𝑟.𝑡. ⃖⃗𝑋

𝐹 ( ⃖⃖⃗𝑋) = {𝑓1( ⃖⃖⃗𝑋), 𝑓2( ⃖⃖⃗𝑋),… , 𝑓𝑛( ⃖⃖⃗𝑋)} (22)

⃖⃖⃗ = {𝑥1, 𝑥2,… , 𝑥𝑑}

ubject to
⎧

⎪

⎨

⎪

⎩

𝑔𝑡( ⃖⃖⃗𝑋) ≥ 0, 𝑡 = 1, 2,… , 𝑝
ℎ𝑡( ⃖⃖⃗𝑋) = 0, 𝑡 = 1, 2,… , 𝑞
( ⃖⃖⃗𝑋)𝑙𝑏 ≤ ⃖⃖⃗𝑋 ≤ ( ⃖⃖⃗𝑋)𝑢𝑏

here a set of solutions can be found for 𝑛 individual objective func-
ions and 𝑑 control variables as an acceptable trade-off instead of an
ptimal solution. Note that ( ⃖⃗𝑥)𝑙𝑏 and ( ⃖⃗𝑥)𝑢𝑏 denote the lower and the
pper bound of the control variable ⃖⃗𝑥, respectively. The optimal solu-
ions can be characterized by dominance relations, Pareto efficiency,

nd optimality definitions [30].
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3.2. Multi-objective Advanced Grey Wolf Algorithm (MOAGWO)

The AGWO algorithm [27] was proposed to improve the simulation
speed and convergence performance of the basic GWO [31]. An impor-
tant modification is the application of a dynamic method to evaluate
the wolves’ positions during the exploration and exploitation phases
of the process. Moreover, mirroring distances are used to update the
positions of the search agents, ensuring that they are always within fea-
sible ranges [27]. MOAGWO is the multi-objective version of the AGWO
algorithm modified for finding the Pareto optimal solutions in a multi-
objective optimization problem. Based on the Pareto dominance, Pareto
optimality, and Pareto optimal set definitions [32], the development of
the multi-objective version of AGWO is explained below.

In order to mathematically formulate the hunting process by a group
of 𝑁 wolves, each wolf location can be estimated by 𝑑 variables.

he position variables (location of the wolf) change considering the
ositions of the hunting leaders (𝛼, 𝛽, and 𝛿 wolves) using the three
hases of encircling, hunting, and attacking prey. At first, a random
ocation for the wolves is generated, and the closest wolves (non-
ominated solutions) to the prey(s) are stored in a repository called an
rchive. Each hunter will update its location based on the location of
andomly chosen leaders from the archive repository. At each iteration,
he location of the leaders to be followed is presented by ⃖⃖⃗𝑋𝛼 , ⃖⃖⃗𝑋𝛽 , and
⃖⃖⃗𝑋𝛿 . The algorithm updates the location of the wolves considering the
boundaries of the search space around the leader(s) location using the
following formulation. More information about updating the positions
are given in [27].

⃖⃖⃗𝑋1 = ⃖⃖⃗𝑋𝛼 − ⃖⃖⃗𝐴1.|⃖⃖⃗𝐵1. ⃖⃖⃗𝑋𝛼 − ⃖⃖⃗𝑋| (23)

⃖⃖⃗𝑋2 = ⃖⃖⃗𝑋𝛽 − ⃖⃖⃗𝐴2.|⃖⃖⃗𝐵2. ⃖⃖⃗𝑋𝛽 − ⃖⃖⃗𝑋| (24)

⃖⃖⃗𝑋3 = ⃖⃖⃗𝑋𝛿 − ⃖⃖⃗𝐴3.|⃖⃖⃗𝐵3. ⃖⃖⃗𝑋𝛿 − ⃖⃖⃗𝑋| (25)

⃖⃖⃗ 4 = ⃖⃖⃗𝑋 + (2.𝑎.𝑟⃗1 − 𝑎) × 𝑠𝑖𝑛(2𝜋𝑟⃗2).|⃖⃖⃗𝐵4. ⃖⃖⃗𝑋𝛼 − ⃖⃖⃗𝑋| (26)

⃖⃖⃗𝑋5 = ⃖⃖⃗𝑋 + (2.𝑎.𝑟⃗3 − 𝑎) × 𝑐𝑜𝑠(2𝜋𝑟⃗4).|⃖⃖⃗𝐵5. ⃖⃖⃗𝑋𝛼 − ⃖⃖⃗𝑋| (27)

⃖⃖⃗𝐴 = (2.𝑎.𝑟⃗5 − 𝑎) × (𝑠𝑖𝑛(2𝜋𝑟⃗6)) (28)

⃖⃖⃗𝐵 = 2.𝑟⃗7 (29)

𝑎 = 2 − 2 × 𝑡
Max𝑡

(30)

⃖⃖⃗ (𝑡+1) =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

⃖⃗𝑋1+ ⃖⃗𝑋2+ ⃖⃗𝑋3
3 𝑟8 ≥ 1 − 𝑡

Max𝑡

{

⃖⃖⃗𝑋4 𝑟9 < 0.5
⃖⃖⃗𝑋5 𝑟9 ≥ 0.5

𝑟8 < 1 − 𝑡
Max𝑡

(31)

here ⃖⃖⃗𝑋 shows the location of each iteration in 𝑡th iteration, 𝑎 linearly
ecreases from 2 to 0 over the course of iterations, and simulates the
ehavior of chasing a prey by the wolves. The maximum number of the
terations for the hunting process is set to Max𝑡, the terms ⃖⃖⃗𝑟1 to ⃖⃖⃗𝑟7 are
andom vectors between zero to one and 𝑟8 and 𝑟9 are random numbers
ithin zero to one.

Depending on the value of ⃖⃖⃗𝐴, each wolf can either attack the prey or
earch for another prey in the search space. The dual behavior improves
he exploration phase of the algorithm since, in the first iteration, the
hance of searching for new prey is high. At the final iteration, the
alue of ⃖⃖⃗𝐴 will be close to zero, and it will simulate the behavior of
atching prey by the wolves.

After updating the locations of the wolves based on the selected
eaders from the archive repository, non-dominated solutions from the
ew locations of the wolves and the stored solutions in the archive
4

based on objective values of the locations) will be stored in the archive.
To find more accurate Pareto solutions, a dynamic termination crite-
ion is added to the algorithm based on the percentage of dominance.
he percentage of dominance when comparing the stored solution of
he archive in the current iteration of the process with a given iteration
umber is added as a second termination criterion. The optimization
rocess stops when the percentage is smaller than a pre-specified
alue. The mathematical formulation of the stopping criteria is given
n Eq. (32).

𝑠𝑡𝑜𝑝 =

{

stop 𝑖𝑓 |𝐶(𝑡, 𝑡 − 𝑎)| < 𝜖
next iteration otherwise

(32)

here 𝐵𝑠𝑡𝑜𝑝 is used for the stopping process, 𝜖 is a pre-specified small
umber denoting a tolerance, 𝑡 and 𝑎 are the current iteration number
nd a predefined integer number for the comparison of the solutions
ith DP index [33].

Beside the stopping criteria, a mirroring method used to check the
ocations of the wolves to be within the boundaries [27]. The algorithm
f the hunting process is shown in the Algorithm 1.

Algorithm 1: MOAGWO algorithm.
Set the basic parameters of the algorithm;
Set the input parameters of the problem and specify their
boundaries;

Initialize the random location of Grey Wolves ( ⃖⃖⃗𝑋);
Create an archive repository to store the non-dominated
Wolves;
while t ≤ 𝑀𝑎𝑥𝑡 do

Check the boundaries of the Wolf locations using the
mirroring method [27];

Generate a random value within zero to one (𝑟8).;
Based on 𝑟8 and 1 − 𝑡

𝑀𝑎𝑥𝑡
decide to update the position

using one or three leader(s);
Randomly chose leaders from the archive;
Update the locations ( ⃖⃖⃗𝑋(𝑡+1)) using Eq. (31);
Calculate the value of objective functions for each Wolf
(𝐹 ( ⃖⃖⃗𝑋));

Update the archive by the non-dominated solutions;
𝑡 = 𝑡 + 1;
Check the stopping criteria using Eq. (32);

end
Return the archive solutions as the set of Pareto solutions;

3.3. Implementation of MOAGWO into the problem

The proposed MOAGWO, to determine the Pareto front solutions
comprising the near-optimal parameters of DG, ESS, SVC, and VR units
for the different scenarios are shown in flowchart of Fig. 1.

4. Results and discussion

We tested the proposed formulation on IEEE 33-bus (Fig. 2) and
69-bus (Fig. 3) medium voltage test systems. The system data, load
characteristics, and average DG output powers can be found in [28,34–
36]. For each test system, the Pareto-optimal solutions were determined
for eight scenarios to identify the ESS, SVC, and VR impacts on the
objectives. Among them, the first scenario (cs-1) referred to the base-
case where we maximize the DG capacity without using any additional
devices. The following three scenarios were devoted to identifying the
marginal impacts of ESS, SVC, and VR on the DGHC and energy losses.
The last four scenarios were organized to search for the collective
impact of device groups on the objective functions. The scenarios are
listed in Table 1 together with available devices and corresponding
control parameters ( ⃖⃖⃗𝑋) (33). the control parameters for the different
control variables are defined in Eqs. (34)–(45). The control vector and
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Fig. 1. MOAGWO algorithm flowchart for proposed problem.
Fig. 2. EEE 33-bus test system single-line diagram.
its entries are defined below, where 𝑇 denotes the transpose. Note that
each scenario in the table can include different control vectors.

⃖⃖⃗𝑋 = {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, ⃖⃖⃗𝑃 , ⃖⃖⃗𝑂, ⃖⃖⃖⃖⃖⃖⃗𝑇 𝑎𝑝} (33)
5

The location of PV, WT, ESS, and SVC units is one of the control
variables for the problem defined as follows:

⃖⃖⃗𝐿 =
[

𝐿 𝐿 ... 𝐿
]𝑇

, (34)
1 2 (𝑁𝑃𝑉 +𝑁𝑊 𝑇 +𝑁𝐸𝑆𝑆+𝑁𝑆𝑉 𝐶 )
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Table 1
The list of scenarios together with available devices and corresponding control
parameters.

Scenario Devices ⃖⃖⃗𝑋

cs-1 DGs {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒}
cs-2 DGs and ESSs {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, ⃖⃖⃗𝑃 , ⃖⃖⃗𝑂}
cs-3 DGs and SVCs {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝑂}
cs-4 DGs and VR {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃖⃖⃖⃖⃗𝑇 𝑎𝑝}
cs-5 DGs, ESSs, and SVCs {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, ⃖⃖⃗𝑃 , ⃖⃖⃗𝑂}
cs-6 DGs, SVCs, and VR {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝑂, ⃖⃖⃖⃖⃖⃖⃗𝑇 𝑎𝑝}
cs-7 DGs, ESSs, and VR {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, ⃖⃖⃗𝑃 , ⃖⃖⃗𝑂, ⃖⃖⃖⃖⃖⃖⃗𝑇 𝑎𝑝}
cs-8 DGs, SVCs, ESSs, and, VR {⃖⃖⃗𝐿, ⃖⃖⃗𝑆, ⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑇 𝑦𝑝𝑒, ⃖⃖⃗𝐸, ⃖⃖⃗𝑃 , ⃖⃖⃗𝑂, ⃖⃖⃖⃖⃖⃖⃗𝑇 𝑎𝑝}

𝐿1,… , 𝐿(𝑁𝑃𝑉 +𝑁𝑊 𝑇 +𝑁𝐸𝑆𝑆+𝑁𝑆𝑉 𝐶 ) ∈ Z

The vector ⃖⃖⃗𝑆 shows size of the DG and SVC units. The dimension of
he vector is equal to the sum of DG and SVC units 𝑁𝑃𝑉 +𝑁𝑊 𝑇 +𝑁𝑆𝑉 𝐶 .

⃖⃖⃗ =
[

𝑆1 𝑆2 ... 𝑆(𝑁𝑃𝑉 +𝑁𝑊 𝑇 +𝑁𝑆𝑉 𝐶 )
]𝑇

, (35)
𝑆1,… , 𝑆(𝑁𝑃𝑉 +𝑁𝑊 𝑇 +𝑁𝑆𝑉 𝐶 ) ∈ R+

The types of the DG units are identified by the type vector.

⃖⃖⃖⃖⃖⃖⃖⃖⃗𝑦𝑝𝑒 =
[

𝑇 𝑦𝑝𝑒1 𝑇 𝑦𝑝𝑒2 ... 𝑇 𝑦𝑝𝑒(𝑁𝑃𝑉 +𝑁𝑊 𝑇 )
]𝑇

, (36)
𝑇 𝑦𝑝𝑒1,… , 𝑇 𝑦𝑝𝑒(𝑁𝑃𝑉 +𝑁𝑊 𝑇 ) ∈ Z2

The scenarios comprising ESS units have additional energy capacity
nd maximum power control parameters besides their locations. These
dditional control parameters are represented by the ⃖⃖⃗𝐸 and ⃖⃖⃗𝑃 vectors
iven below:

⃖⃖⃗ =
[

𝐸1 𝐸2 ... 𝐸𝑁𝐸𝑆𝑆

]𝑇
, (37)

𝐸1,… , 𝐸𝑁𝐸𝑆𝑆
∈ R+

⃖⃖⃗ =
[

𝑃1 𝑃2 ... 𝑃𝑁𝐸𝑆𝑆

]𝑇
, (38)

𝑃1,… , 𝑃𝑁𝐸𝑆𝑆
∈ R+
6

The operation strategy of the ESS and SVC units and the tap po-
itions of VRs are the last control parameters. They are defined as
ollows:

⃖⃖⃗ =
⎡

⎢

⎢

⎣

𝑂11 𝑂12 …
⋮ ⋱

𝑂(𝑁𝐸𝑆𝑆+𝑁𝑆𝑉 𝐶 )1 𝑂(𝑁𝐸𝑆𝑆+𝑁𝑆𝑉 𝐶 )𝑁𝑇

⎤

⎥

⎥

⎦

, (39)

𝑂11,… , 𝑂(𝑁𝐸𝑆𝑆+𝑁𝑆𝑉 𝐶 )𝑁𝑇
∈ R

⃖⃖⃖⃖⃖⃖⃗𝑇 𝑎𝑝 =
[

𝑇 𝑎𝑝1 𝑇 𝑎𝑝2 𝑇 𝑎𝑝𝑁𝑇

]𝑇 , (40)
𝑇 𝑎𝑝11,… , 𝑇 𝑎𝑝𝑁𝑇

∈ Z

where the boundaries for the 𝑖th control variable are given as:

2 ≤ 𝐿𝑖 ≤ 𝑁𝐵𝑈𝑆 , (41)

0 ≤ 𝑆𝑖 ≤ (1 MW, 0.2 MVAr) (42)

0 ≤ 𝐸𝑖 ≤ 1 MWh, (43)

0 ≤ 𝑃𝑖 ≤ 1 MW, (44)

− 16 ≤ 𝑇 𝑎𝑝𝑖 ≤ 16, (45)

4.1. IEEE 33-bus system

We applied the proposed formulation to the IEEE 33-bus test system,
where the base case total energy losses was 833.2 MWh. The Pareto
front solutions found by the MOAGWO algorithm for different scenarios
are shown in Fig. 4.

The summary of the maximum and minimum benefits of the Pareto
solution for each case scenario is shown in Table 2. Note that TDS
represents the total DG size in the scenarios, TEL shows the total energy
losses, and TEC is the total ESS capacity all over the system. Besides, the
TSS represents the total SVC size and minimum and maximum voltage
magnitude in the system shown with VM. One can easily recognize
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Table 2
Summary of the result in the IEEE 33-bus test system for different scenarios.

TDS [kW] TEL [MWh] VM [p.u.] TEC [kWh] TSS [kVAr]

Min. Max. Min. Max. Max. Min. Min. Max. Min. Max.

cs-1 6850 10 980 306 484 1.02 0.95
cs-2 6540 10 720 296 592 1.04 0.95 1350 4330
cs-3 6680 11 120 267 567 1.04 0.95 150 458
cs-4 7040 9730 295 442 1.05 0.96
cs-5 6950 11 600 281 669 1.04 0.95 2210 4220 130 202
cs-6 7130 7810 293 371 1.05 0.95 44 101
cs-7 6850 7730 288 343 1.05 0.95 1660 2620
cs-8 5160 6620 288 321 1.05 0.95 2270 3570 53 112

TDS: Total DG size, TEL: total energy losses, VM: Voltage magnitude,
TEC: Total ESS capacity, TSS: Total SVC size.
Fig. 4. Pareto front solutions for the IEEE 33-bus MV test system.

Fig. 5. The non-dominated Pareto front solutions for IEEE 33-bus test system.

Fig. 6. SoC of ESS units and Energy transfer from/to the unit for a representative
Pareto solution cs-5 in IEEE 33-bus system.

from Table 2 that the SVCs are the most effective devices to maximize
the DGHC up to 11.12 MWh (cs-3), and ESSs come next. From the last
four scenarios, the use of ESSs and SVCs together provides the highest
DGHC, 11.6 MW (cs-5). It is also clear that VR does not improve the
7

DGHC. On the other hand, SVCs are again the most effective devices
to minimize energy losses. They can decrease annual energy losses up
to 267 MWh (70%) in cs-3. Additional use of ESSs and VR does not
provide any more decrease in energy losses. However, the ESSs are
indispensable assets in the case of renewable DG penetration, required
for the energy transfer between peak and off-peak hours. All the cases
improve the minimum voltage magnitude to 0.95 p.u., which was 0.91
p.u. for the base case operating conditions in bus 18. The minimum
voltage magnitudes for the non-dominated solutions shown in Fig. 4 are
illustrated in Fig. A.1. The solution is for the load and DG output given
in [28,34–36]. Note that the optimization processes eliminated all the
undervoltages because of the lack of DGs and overvoltages because of
heavy DG integration and brought them to a feasible range [0.95 - 1.05
p.u.] in all scenarios.

The non-dominated solutions for the Pareto space are re-plotted in
Fig. 5 to identify the most effective devices on the DGHC. We can
classify the DG penetration level into three regions without loss of
generality. For the low DG penetration level up to 8.4 MW, SVCs are the
most effective devices for loss minimization, which can be decreased
up to 13.5% considering cs-1 values. The VR becomes the best choice
for moderate DG penetration levels between 8.4 MW and 9.5 MW,
where the TEL is improved up to 18.1%. Beyond this point, ESS +
SVC configurations are the best alternatives for loss minimization at
high DG penetration levels up to 11.6 MW. For example, 11 MW of DG
penetration provides 13.4% of TEL improvements with respect to cs-1
conditions. Finally, the inclusion of VR disproves the benefits of ESS
and SVC configuration.

The probability distribution of the unit (DG, ESS, SVC) locations is
illustrated in Table A.1. Note that some of the nodes may accommodate
more than one unit. The correlation between the DG location probabili-
ties of cs-1 and cs-2 and cs-1 and cs-3 are 0.713 and 0.757, respectively.
This indicates that the DG locations of cs-1 are not significantly affected
when they are configured with ESSs and SVCs. On the other hand, the
correlation between the DG location probabilities of cs-1 and cs-4 is
0.392, which indicates that the existence of VR changes the location
of the installed DGs. One can infer from a similar correlation analysis
that the existence of VR changes the optimal ESS and SVC locations as
well. Optimal locations and sizes for a representative Pareto solution for
cs-5 are illustrated in Table 3, where the total DG power output is 10.6
MW, and total energy losses are 397 MWh. The operation strategies of
the ESS units to satisfy the constraint given in Eq. (13) for the load
characteristics and average DG output powers defined in [28,34–36]
are shown in Fig. 6.

4.2. 69-Bus system

The Pareto front solutions for the eight scenarios are shown in
Fig. 7 and the range of improvements achieved by the Pareto solutions
are illustrated in Table 4. ESSs are the most effective devices for this
test system to maximize the DGHC (cs-2), SVCs come next, and VR
is the last. When all the scenarios are thought together, ESSs itself

provides the highest DGHC up to 13.27 MW (cs-2). In fact, this may
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Table 3
Optimum unit locations and parameters for a representative Pareto solution of cs-5.

# DG ESS SVC

L S [kW] Type L E [kWh] P [kW] L S [kVAr]

1 4 880 WT 27 830 58 13 56
2 28 920 WT 22 1000 70 12 30
3 25 960 WT 19 510 36 29 47
4 26 970 WT 25 230 16 24 18
5 23 940 PV
6 22 860 PV
7 19 940 PV
8 27 740 WT
9 24 940 PV
10 29 900 PV
11 17 330 PV
12 13 730 WT
13 20 340 PV
14 14 170 WT

Fig. 7. Pareto front solutions for the 69-bus test system.

e misleading as the energy losses are relatively high for this extreme
ase. SVCs are again the most effective devices to minimize the energy
osses. They can decrease it up to 297 MWh (70%) in cs-3, which was
nitially 989.4 MWh for the base case operating conditions. The total
G and SVC sizes for this case are 9.3 MW and 375 kVAr, respectively.

The Pareto solutions of the cs-2, cs-3, and cs-5 in Fig. 7 dominated
he other scenario cases solutions. In contrast with the DG penetration
evels, cs-2 dominates for high DG penetration levels where the total
G capacity is greater than 11.7 MW, cs-3 dominates for the moderate
G penetration level between 9.3 MW to 11.7 MW, and cs-5 dominates

or the lower DG penetration levels.
The probability distribution of the unit locations for the Pareto so-

utions in each scenario case is illustrated in Table A.2. The correlation
nalysis did not give definite results to infer certain conclusions about
he impacts of ESS, SVC, and VR installation on the DG installation
robability of the system buses.

The impact of installing the different devices on the voltage profile
s shown in Fig. A.2. The voltage profile improvements provided by the
areto front solutions are illustrated in Fig. A.2 for the representative
olutions of each scenario case. Note that the representative solutions
re randomly selected among the ones whose TEL values are between
60 to 375 MWh. The critical voltage magnitudes, which were less than
.95 p.u. for the base case operating conditions, belonged to the buses
etween 57 and 65. All of them were increased over the minimum
ermissible level of 0.95 p.u. for all test scenarios, while the maximum
oltage magnitudes were kept at less than 1.05 p.u.

.3. Comparison of solution algorithms

The quality of the Pareto solutions found by MOAGWO is veri-
8

ied by comparing the solutions with the Pareto solutions obtained
Fig. 8. The box-plots of SM values of different optimization algorithms.

by Multi-objective Particle Swarm Optimization (MOPSO) [37] and
Multi-objective Grey Wolf Optimization Algorithm (MOGWO) [38]. For
this purpose, the performance metrics, namely spacing metric (SM),
domination percentage (DP) metric, and Hyper-volume (HV) metric,
are used. The details of the metrics can be found in [32,33,39]. In
addition, the computational cost of the algorithms are also compared.

As MOGWO and MOAGWO are parameter-free algorithms, the
MOPSO parameters are first optimized with respect to DP metric results
for different parameters before the performance comparisons. The best
parameters for the MOPSO method are found as follows. The grid
inflation rate is set to 0.1. The personal and global learning coefficients
are set to 1. The best value of 0.95 was found for the damping ratio.
Besides the mentioned parameters, the algorithm sets the number of
grids per dimension and leader selection parameters to 10 and 4. The
performance metrics comparison for the algorithm are as follows:

4.3.1. The spacing metric
This metric is a value estimating how evenly the non-dominated

solutions are distributed in the Pareto front space. The SM evaluates the
distribution of vectors throughout the set of non-dominated solutions
and computes with a relative distance measure between consecutive
solutions in the obtained non-dominated set. SM is defined as the
standard deviation of the minimum Euclidean distances between the
non-dominated solutions as given;

𝑆𝑀 =

√

√

√

√
1
𝑘

𝑘
∑

𝑖=1
(𝑑 − 𝑑𝑖)2 (46)

here 𝑑 is the average Euclidean distance,

𝑑 = 1
𝑘

𝑘
∑

𝑖=1
𝑑𝑖 (47)

Note that the small SM values show closely-distributed solutions
in the Pareto front space, indicating the higher performance of the
solution algorithm.

The box plots of the SM values of the different multi-objective
optimization algorithms are shown in Fig. 8. Note that each box plot
represents the distribution of SM values in ten independent runs for
each scenario of the study. Compared to the other two algorithms, the
proposed MOAGWO method has the minimum median and minimum
dispersion, which means that it shows better performance in finding
the evenly distributed solutions in the Pareto solution set.

4.3.2. The domination percentage metric
The DP provides information on better convergence and quality

of the solutions. For example, given two sets of the non-dominated
solutions, A and B, DP(A,B) refers to the percentage of solutions in A
that are dominated at least by one solution in B. DP(A,B) <DP(B,A)
shows a more acceptable convergence of the A set.
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Table 4
Summary of the result in 69-bus system for different cs.

TDS [kW] TEL [MWh] VM [p.u.] TEC [kWh] TSS [kVAr]

Min. Max. Min. Max. Min. Max. Min. Max. Min. Max.

cs-1 7780 11 980 364 465 1.01 0.95
cs-2 9910 13 270 369 997 1.04 0.95 2820 5280
cs-3 9300 12 490 297 831 1.04 0.95 255 462
cs-4 6460 8960 343 379 1.05 0.95
cs-5 6640 12 030 309 609 1.04 0.95 4270 6560 251 466
cs-6 6180 7530 338 462 1.04 0.95 120 165
cs-7 7420 7910 347 428 1.05 0.95 2320 3460
cs-8 5830 8390 313 385 1.05 0.95 3520 5460 81 161

TDS: Total DG size, TEL: total energy losses, VM: Voltage magnitude,
TEC: Total ESS capacity, TSS: Total SVC size.
Table 5
Comparisons of the algorithms Using DP index.

Mean STD Maximum Minimum

DP(MOAGWO,MOGWO) 21.5 28.3 85.7 0.0
DP(MOGWO,MOAGWO) 55.4 40.1 100 2.6
DP(MOAGWO,MOPSO) 9.7 18.9 76.9 0.0
DP(MOPSO,MOAGWO) 76.1 33.8 100 0.0

Fig. 9. The estimated HV for 2-D space.

The DP index, 𝐷𝑃 (𝐴,𝐵) refers to the mapping the percentage of the
domination to the interval [0, 100] percent and it can be calculated as:

𝐷𝑃 (𝐴,𝐵) ∶=
|{𝑏 ∈ 𝐵; ∃𝑎 ∈ 𝐴 ∶ 𝑎 ≤ 𝑏}|

|𝐵|
× 100 (48)

where 𝑎, 𝑏 are the non-dominated solutions in sets A and B. Since
𝐷𝑃 (𝐴,𝐵) may not be equivalent to (100−𝐷𝑃 (𝐵,𝐴)), both 𝐷𝑃 (𝐴,𝐵) and
𝐷𝑃 (𝐵,𝐴) have to be calculated for better understanding of dominance
of the solutions.

Table 5 shows the DP index results for both test systems. From the
table, it can be seen that more than 76.1% of MOPSO solutions and
55.4% of MOGWO solutions are dominated by MOAGWO solutions.
This shows that MOAGWO has found a better Pareto optimal front than
the other two methods, and the algorithm has acceptable convergence.

4.3.3. The hyper-volume metric
HV was originally proposed for comparing the performance of

multi-objective evolutionary algorithms (MOEAs) [32]. It computes the
volume dominated by a given set of non-dominated solutions bounded
by a reference point R. The HV value for a set of non-dominated
solutions gives us a clear idea of the convergence and diversity of the
9

Table 6
The mean and standard deviations of HV values for the algorithms.

MOAGWO MOGWO MOPSO

Mean 0.89 0.83 0.71
STD 0.04 0.04 0.09

Table 7
Average execution times and corresponding standard deviations.

Case study 33-bus

Method MOAGWO MOGWO MOPSO

Execution time [s] Mean 228 360 523
STD 61 (26.8%) 265 (73.6%) 194 (37.1%)

Case study 69-bus

Method MOAGWO MOGWO MOPSO

Execution time [s] Mean 344 358 362
STD 68 (19.8%) 89 (24.9%) 85 (23.5%)

set. The HV for a set of solutions called 𝐴 that normalizes the objective
values is defined as:

𝐻𝑉 (𝐴,𝑅) = 𝑣𝑜𝑙𝑢𝑚𝑒(
|𝐴|
⋃

𝑖=1
𝑣𝑖) (49)

where 𝑅 is the reference point and is chosen as the maximum value
for the normalized objective values. 𝑣 is the hypercube whose corners
are the 𝑅 and all solutions in 𝐴. For an illustration of HV for a two-
dimensional space, see Fig. 9. Higher values of HV mean that the
solution set is closer to an optimal Pareto set and may also indicate
a more uniform distribution of solutions in the objective space.

A comparison of the HV index for two sets of non-dominated
solutions shows that a set that dominates another set (completely or
partially) has a better (higher) HV value. The mean and standard
deviations of the HV index found for the different methods are shown in
Table 6. The HV results are obtained by normalizing the 𝑓AENS, 𝑓cost,
and 𝑓AEL values and setting 𝑅 to (1,1,1). The result of the HV index
shows that MOAGWO found a higher value and, therefore, a better
solution quality than the other solutions.

4.3.4. Computational cost
The computational efficiency of the proposed algorithm is affected

by the second termination criterion of the process. The computation
performance of the algorithms with respect to ten runs is illustrated in
Table 7. The results show that the MOAGWO algorithm is fast due to the
smaller number of iterations. Moreover, it shows the smallest standard
deviations, indicating that its solutions are more evenly distributed
than the others.

5. Conclusions

This paper has presented a multi-objective optimization framework
to maximize the DGHC while optimizing the energy losses and peak
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Fig. A.1. The minimum voltage magnitude for the Pareto solutions of IEEE 33-bus system.
eriod energy transfer. The number, size, and location of the two
opular DG units, PV and WTs, were optimized at first within the
ulti-objective optimization cycle. Then, ESSs, VRs, and SVCs were

onsidered for the reinforcement of the EDN to improve the objectives.
ifferent scenarios based on the single and collaborative use of rein-

orcement devices were organized to determine the impact of ESS, VR,
nd SVC units on the objectives.

Among several Heuristic optimization algorithms, the Multi-
bjective Advanced Grey Wolf Optimization (MOAGWO) was used to
10
determine the Pareto front solutions since it was the improved version
of traditional GWO in search capability and convergence performances.
The proposed multi-objective formulation and the solution algorithm
were tested on IEEE-33-bus and 69-bus test systems.

The results showed that the optimal device type and location de-
pend on the level of DG penetration. In this context, the impacts
of the singular and collaborative reinforcement devices on the host-
ing capacity and the other objectives were identified, and optimal
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Fig. A.2. The voltage profiles for the Pareto solutions of 69-bus system.
configurations were proposed for several DG penetration levels. More-
over, the probability distribution of the DGs and reinforcement units
and their inter-correlations were analyzed to guide prospective future
investments on the EDN.
11
Finally, the performance of the proposed MOAGWO algorithm was
validated by comparing its Pareto solution distributions and computa-
tional efficiency with the two other popular heuristic methods, MOPSO
and MOGWO. According to the two performance metrics, the Pareto
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Table A.1
The probability of installing the units in IEEE 33-bus system buses for different Pareto solutions.

Bus # 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33

cs-1 DG 59 47 12 6 12 35 12 12 6 6 29 29 24 24 18 18 29 82 65 53 59 76 100 94 35 71 35 41 24 53 53 24
cs-2 DG 36 29 21 21 14 14 29 21 29 29 14 7 21 43 14 21 43 64 50 71 50 57 71 93 79 43 64 29 29 29 57 29

ESS 7 21 14 21 14 0 29 21 50 7 14 14 43 29 36 14 36 21 21 21 43 21 43 50 43 36 29 43 14 29 14 0

cs-3 DG 15 25 20 25 25 10 25 20 30 35 15 15 25 30 25 10 40 70 60 55 50 70 80 90 55 35 50 35 30 40 30 15
SVC 0 0 0 0 0 0 5 5 10 5 10 30 25 30 20 15 30 5 15 15 5 15 10 20 10 20 15 25 35 50 30 15

cs-4 DG 0 86 14 0 0 0 100 3 95 1 1 0 0 89 11 0 3 95 70 15 18 31 99 98 70 6 0 95 6 5 91 4

cs-5 DG 9 5 18 23 50 18 9 5 23 23 18 41 23 23 9 14 18 86 68 59 50 77 91 100 64 55 77 32 27 23 64 14
ESS 5 5 9 18 18 0 5 5 0 5 18 18 14 41 32 36 23 45 45 23 36 64 23 41 50 27 55 55 27 23 18 18
SVC 0 0 5 0 5 0 0 9 5 18 9 50 36 32 23 9 14 9 0 9 14 9 32 5 27 9 5 9 9 23 9 9

cs-6 DG 17 17 83 17 67 33 33 17 0 17 0 17 0 17 50 17 0 17 17 0 50 17 100 67 0 17 33 67 50 17 17 33
SVC 0 0 50 33 33 50 0 17 33 0 17 0 33 0 0 0 0 0 0 17 0 17 50 17 17 0 0 0 17 0 0 0

cs-7 DG 0 0 0 17 0 17 17 0 17 17 50 33 0 17 33 33 17 67 50 50 33 50 100 83 33 83 17 67 50 67 33 0
ESS 0 17 17 0 17 50 0 33 17 0 33 17 33 17 50 33 17 17 17 33 17 33 50 17 33 50 0 33 67 67 17 0

cs-8 DG 14 14 14 0 0 0 57 14 14 43 0 29 14 14 43 0 29 29 14 0 14 71 43 71 14 14 29 29 29 57 14 29
ESS 0 14 14 14 29 29 14 14 0 29 29 43 0 14 43 14 43 43 14 57 29 43 57 0 14 14 43 57 29 14 29 14
SVC 0 0 0 0 0 0 14 0 14 29 14 14 0 14 14 14 29 14 14 14 0 14 29 14 14 29 14 14 14 0 0 14
Table A.2
The probability of installing the units in 69-bus system buses for different Pareto solutions.

Bus # cs-1 cs-2 cs-3 cs-4 cs-5 cs-6 cs-7 cs-8 Bus # cs-1 cs-2 cs-3 cs-4 cs-5 cs-6 cs-7 cs-8

DG DG ESS DG SVC DG DG ESS SVC DG SVC DG ESS DG ESS SVC DG DG ESS DG SVC DG DG ESS SVC DG SVC DG ESS DG ESS SVC

2 0 0 0 0 0 0 0 0 0 20 0 0 0 0 0 0 36 67 40 20 27 13 33 33 7 0 0 0 60 0 0 9 0
3 0 7 0 0 0 0 7 0 0 0 0 0 0 0 9 0 37 50 53 33 13 0 17 20 13 0 0 0 20 20 9 55 18
4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 38 50 20 7 27 0 0 20 0 7 0 0 20 0 0 9 9
5 0 0 7 0 0 0 0 7 0 0 0 20 40 0 0 0 39 0 27 13 27 0 33 27 13 0 0 0 0 20 9 9 0
6 0 0 0 0 0 0 7 7 0 0 20 0 40 18 0 0 40 0 60 13 53 0 17 33 7 0 0 0 40 0 0 9 9
7 0 7 0 7 0 0 0 7 0 0 20 40 20 0 0 0 41 0 20 7 13 7 0 47 40 20 20 20 0 0 0 18 9
8 0 0 0 13 0 0 0 0 0 20 40 20 0 9 0 0 42 50 20 27 33 20 0 20 0 13 0 20 20 40 9 0 9
9 0 0 0 7 0 33 7 7 0 20 20 0 0 0 0 0 43 17 27 13 20 33 17 33 13 13 40 0 0 20 9 9 9

10 0 13 0 0 0 0 0 0 0 0 0 20 0 18 0 0 44 17 13 7 13 7 33 20 33 13 0 0 0 20 9 0 0
11 0 0 0 0 0 0 0 13 0 40 0 0 0 0 0 0 45 0 13 13 40 13 0 27 0 7 0 40 20 40 18 18 0
12 0 0 0 0 0 17 0 20 0 20 0 60 0 18 0 0 46 17 33 27 60 20 0 7 7 7 20 20 20 20 9 0 9
13 0 7 7 0 0 0 13 7 0 0 0 20 0 18 9 0 47 33 60 27 27 0 0 33 13 7 20 0 0 40 9 18 9
14 0 7 0 0 0 0 0 13 7 0 0 0 0 9 0 0 48 33 20 20 53 0 17 47 13 7 20 60 60 20 18 9 0
15 17 7 7 13 0 17 7 7 0 0 0 0 0 0 18 0 49 83 40 13 33 0 17 53 20 0 0 0 20 0 18 27 0
16 0 27 7 0 0 33 0 0 0 0 0 0 0 0 0 0 50 33 60 20 47 13 33 53 13 7 20 0 40 20 55 0 0
17 17 7 7 7 0 0 0 7 7 0 0 0 20 9 0 9 51 33 33 20 33 13 17 20 13 7 20 0 0 20 36 0 0
18 0 7 0 0 0 0 0 0 0 40 0 20 0 9 27 0 52 50 20 13 13 20 33 27 27 7 20 0 0 0 0 9 0
19 0 13 0 0 0 17 0 7 0 0 0 20 0 0 27 0 53 17 47 13 20 7 33 13 7 13 0 20 0 40 9 9 18
20 17 0 13 0 0 17 13 7 0 20 0 0 0 0 0 0 54 0 20 33 40 13 17 0 13 7 0 20 20 20 27 27 18
21 33 0 13 0 0 17 0 7 0 0 0 0 0 0 9 0 55 17 7 13 33 13 17 7 20 7 20 0 40 0 9 18 0
22 0 13 0 13 0 17 0 13 7 40 0 0 0 9 18 9 56 17 20 33 13 7 50 33 13 20 0 0 0 20 27 18 0
23 0 13 20 7 0 17 7 0 0 0 0 0 0 0 9 9 57 17 33 7 47 27 17 33 27 27 0 0 0 40 0 27 9
24 0 0 0 7 7 0 0 7 0 0 0 0 0 0 18 0 58 33 40 40 33 27 33 27 20 13 0 0 0 0 27 18 0
25 0 0 13 0 0 0 0 7 0 0 0 20 0 18 18 0 59 0 60 7 27 0 67 33 7 47 60 0 0 0 36 9 9
26 17 0 7 0 7 0 13 7 7 0 20 0 0 0 27 0 60 100 33 27 47 13 33 33 13 40 40 20 40 0 55 9 27
27 0 7 0 13 7 0 0 13 7 0 0 0 0 0 9 0 61 83 53 13 33 27 67 53 27 20 80 0 60 20 55 18 9
28 33 20 0 0 0 33 27 13 7 40 0 0 0 18 18 9 62 33 33 33 73 47 33 73 13 27 20 20 60 40 45 0 18
29 0 20 7 27 0 33 7 0 0 0 0 0 40 9 27 0 63 67 53 13 53 27 50 40 33 27 20 20 60 20 55 9 18
30 0 20 13 20 0 0 7 0 0 20 0 20 0 0 0 0 64 50 47 13 33 33 50 47 27 13 60 0 60 40 64 36 27
31 50 20 13 13 7 33 40 0 13 0 0 0 0 27 18 27 65 50 40 7 53 20 67 47 33 13 60 20 0 20 36 18 27
32 33 20 13 47 0 17 13 0 0 20 0 20 0 0 18 0 66 33 20 40 33 20 0 33 20 27 20 0 20 20 27 18 0
33 0 13 7 7 0 50 20 7 7 0 0 0 0 18 9 0 67 17 20 27 27 20 17 40 27 13 0 0 0 20 27 27 18
34 0 20 7 13 7 17 0 20 7 0 0 0 0 0 9 0 68 0 13 13 27 27 33 47 33 0 0 0 0 40 18 0 36
35 0 20 13 13 0 0 7 7 0 0 0 0 20 0 18 0 69 17 27 0 13 7 0 7 27 7 0 0 20 0 18 9 0
front distribution obtained by MOAGWO was found to be the best.
Moreover, MOAGWO was the fast computation algorithm, providing
more even in computation times.
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