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ABSTRACT

This paper presents the allocation and planning of renewable distributed generations such as wind turbines and photovoltaic
systems, and non-renewable generators such as fuel cells in the microgrids that incorporate electric vehicle parking lots while
considering financial, operational and voltage stability goals. The proposal is modelled in the form of a bi-objective optimisation
problem. One of the objective functions minimises the distributed generators’ planning cost and the microgrid’s operational cost,
while the other function maximises the microgrid’s voltage stability index. The optimisation problem is solved, satisfying technical
constraints of power flow, network operational, and voltage stability limits while incorporating the models of the electric vehicles
parking lots and distributed resources. The e-constraint-based Pareto optimisation solution is used to determine a single-objective

formulation in the next step. Then, a fuzzy decision-making tool derives a compromise solution. Finally, the Crow Search algorithm
finds a trustable optimal solution to the problem. The performance of the proposal is validated on a standard microgrid network
using numerical analyses and shows that the proposal can effectively determine the optimal economic conditions.

1 | Introduction

In addition to environmental benefits, compared to traditional
natural fossil resources, distributed generation units (DGs) have
various benefits from the perspective of customer’s, electricity
distribution network operators, and commercial power plants [1-
3]. Due to their high capital costs, their number is still low in
power systems but gradually increasing thanks to governmental
subsidies. Microgrids are suitable platforms to proliferate the
presence of different types of small-scale DGs in the form of
various technologies such as photovoltaics systems (PVs), wind
turbines (WTs), and fuel cells (FCs). To maximise the capabilities

of these resources for improving the network indices, their proper
and optimal placement in the microgrid is a critical challenge to
be addressed [4]. In addition, not only should the placement of
DGs not adversely affect the microgrid’s operational conditions,
but it should also result in a reduced cost of energy for customers
and more desirable technical indices [5].

Planning of DGs has been widely addressed in the literature.
Reference [6] introduces a multi-objective method to obtain
the optimal location and capacity of multiple DGs consider-
ing various load models. Specifying the penetration level of
DGs while considering voltage constraints is investigated in
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[7, 8]. Recently, evolutionary and non-gradient based optimi-
sation techniques such as genetic algorithm, ant colony and
particle swarm optimisation have been adopted to solve such
problems [9-11]. Some studies have focused on demonstrating
that DG placement can improve various operational conditions,
e.g., [12] shows that DGs improve the problem of voltage drop,
while [13] shows the improvement of the harmonics. Reference
[14] presents a review of the methods used in designing multi-
objective approaches for the placement of DGs and discusses
the issues, future perspectives, and recent progress. In [15], DGs’
optimal sizing and placement are formulated as a constraint,
and a non-separable and multi-objective optimisation is proposed
using the conventional dual method. In this method, harmonic
distortion is also included in the objective functions. On the
other hand, [16, 17] reduce the cost of DGs along with voltage
drop and network line losses. To enhance the reliability and
operating indicators of distribution networks, [18] suggests a
hybrid planning approach that combines DG planning with
distribution automation that incorporates automated voltage-
var control in addition to automatically dealing with the faults.
In [19], a complete-information dynamic game-based bi-level
synchronised planning of DGs and soft open points is suggested
to balance the needs of DG investors, network operators, and end-
users while allowing for dynamic power adjustments between
feeders. Reference [20] introduces an integrated and centralised
objective function for DG planning in a regulated electricity
system to determine the best mix of the power plant and
DG growth for reducing decision-period costs associated with
generating expansion, maintenance, fuel, emissions, distribution
losses, and predicted energy not provided. DG placement, along
with optimal placement, sizing, and management of battery
energy storage systems is presented in [21] in the form of a mixed-
integer non-linear programming model. Reference [22] takes on
a crucial task- exploring the optimal placement of renewable
distributed generators such as solar photovoltaics, wind turbines
and electric vehicles (EVs) into the radial distribution system.
This is a strategic move aimed at minimising power loss and
improving the voltage profile and stability index. In [23], a
combined approach based on voltage stability index and the
Marine predators algorithm is proposed to solve the problem
of DGs, shunt capacitors and EVs allocation in the distribution
system. Reference [24] proposes an effective approach to solve
renewable distributed generators and EV parking lots (EVPL)
allocation problems in the distribution system to reduce power
loss and enhance voltage profile.

The above literature review demonstrates that the majority of
research works have focused on the economic aspects. Yet, a
wide variety of technical measures need to be addressed in
microgrids. In addition, there are different types of DG, but
most studies have considered one or two of them when planning
DGs. Therefore, in this study, the optimal allocation of FCs,
PVs and WTs is focused on considering not only the economic
goals but also voltage stability and operational conditions. The
proposal consists of two objective functions of: (1) minimising
the overall costs of planning DGs and the operating cost of MG;
(2) maximising voltage stability index subject to constraints of
optimal power flow, the planning-operation model of distributed
generation, and EVPL the model. The e-constraint-based Pareto
optimisation method is used to formulate a single-objective,
integrated problem. Then, a fuzzy decision-making approach

is adopted to extract a compromise solution. Finally, the Crow
search algorithm (CSA) is used to determine a reliable optimal
solution.

In summary, the main innovations and contributions of this work
to the research field can be summarised as:

* Developing a comprehensive multi-objective optimisation
framework for simultaneously planning various types of DGs
(FCs, PVs, and WTs) within a microgrid incorporating EVPL.

* Formulating a novel integrated model that concurrently
accounts for economic, operational, and voltage stability
measures, providing a holistic approach to DG and microgrid
planning,

* Deploying a CSA to extract a reliable optimal solution for the
above problem.

The remainder of the paper is organised as follows: The proposal
is introduced in Section 2 and its simplification and solution are
discussed in detail. Then, Section 4 evaluates the performance
of the proposal and reports the findings of various study cases.
Section 4 discusses the superiority of the proposal using a
numerical case study against three other approaches. Finally, the
key findings of the research are summarised and highlighted in
the last Section.

2 | The Proposal

This section introduces the formulated problem in the form of a
multi-objective problem and then elaborates on how this multi-
objective problem is transformed into a single-objective problem
and how it is solved later.

2.1 | Formulated Problem

The proposal is to define the optimal placement of FCs, PVs
and WTs with an aim to realise the minimum planning cost
and maximum voltage stability index while satisfying the micro-
grid’s optimal power flow, voltage stability and DGs’ planning-
operational constraints. Therefore, this model is formulated as:

min f; = Cost = Z CYVw, + Z ctV pv,

neQ, neQ,
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Equation (1) introduces two objective functions: one attempting
to minimise the annual capital cost of DGs along with the annual
cost of the microgrid’s energy fed from the upstream grid, while
the other attempts to minimise the microgrid’s voltage stability
margin index. The voltage stability index varies between zero
(denoting voltage collapse) and one (denoting voltage stability),
considering the worst stability index (WSI) [25].

Equation (2)-(6) show, respectively, the balance of active and
reactive power, line active power, line reactive power and the
voltage angle of the reference bus, which are repeated for each
scenario [26, 27]. It is to be noted that P and QU are the
distribution substation powers located in the reference bus (ref).
Therefore, the mentioned terms in the rest of the buses will
be 0 because other buses are free of distribution substations.
Also, according to the IEEE1547 standard, the main task of DG
is assumed as energy generation [18], and thus, its ancillary
services, such as reactive power injection, are not considered in
the proposal.

The constraints of the microgrid’s indices, such as line power
limits, bus voltage, and distribution substation capacity, are
given by Equations (7) to (9), respectively [28-31]. Specifically,
Equations (7) and (9) represent the thermal limits of lines and
substations, while Equation (8) relates to the allowable voltage
limits, addressing both overloading and underloading conditions
(i.e., injecting more power than is permitted) [32-35]. Addition-
ally, the WSI is given by Equation (10) and must satisfy the
constraint defined in Equation (11). Furthermore, Equations (12)
to (14) represent the constraints on power generation for wind
turbines (WT) [36-38], photovoltaic systems (PV) [39-41], and
fuel cells (FC). The binary decision variable “w” in these con-
straints indicates whether the construction of DG units (PV or
FC) is cost-effective and beneficial for improving voltage stability
and microgrid indices. If “w” equals one, the DG is installed and
operational, whereas if “w” equals zero, it is not included in the
solution.

The EVPL model is employed in Equation (2) and the charge rate
limit [42-45] of EVs in EVPL is given by Equation (15), while the
energy consumption model of EVPL is presented in Equation (16).
The number of EVs per operation hour varies. Therefore, the
charging rate is assumed to be time dependent. CR at each time
is equal to the charge rate of all EVs that are connected to the
network and EC is equal to the energy consumption of all EVs in
the operation horizon [46-49].

2.2 | Integrated Problem Model

The transformation from the multi-objective problem of Equa-
tion (1) to a single-objective model can be realised using the Pareto
optimisation. The e-constraint-based Pareto optimisation [50] has
been utilised in this paper, in which the objective function of
the single-objective problem equals one of the objective functions
of the multi-objective problem, while the rest of the functions
appear as constraints of the single-objective problem. These
objective functions as a constraint enter the single objective
problem, and its maximum value is €. In this case, the proposed
problem can be transformed into an integrated problem in the
form of:

min f,; = Cost a7
subject to constraints (2)-(16) and:
fo=SI<¢ (18)

Based on the above problem, the investment cost (Cost) and the
voltage stability index (SI) are considered the objective function
and constraint, respectively. Based on Equations (17) to (18), f,
is limited by ¢ and changes from f,”" to f,™*. Therefore, by
changing ¢, the modified single-objective optimisation problem
can be solved to obtain an optimal point. In solving the optimisa-
tion problem, inequality constraints must be respected to ensure
feasible solutions. To handle these constraints, a penalty function
is introduced. The penalty function penalises any violation of
the inequality constraints, ensuring that the optimisation process
focuses on feasible solutions. This function is integrated into the
objective function and is expressed by u x max (0, a—b); where a
< bis the constraint, and u > 0 is the Lagrangian multiplier.
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Finally, the set of all solutions found for ¢ values (from f,™"
to f,”*) is called the Pareto front, from which the best solu-
tion should be obtained. To this end, a fuzzy decision-making
approach has been adopted that determines the interaction point
among various functions, i.e., it extracts a point from Pareto front
points, defined as the compromise point. A fuzzy membership
function in the range of [0, 1] is dedicated to individual solutions
in the Pareto front. Different methods can be used to present the
membership function, but the most convenient and conventional
method is incorporating linear fuzzy membership function in the
form of

1 fsfmin

f=q L™ pein g p g g 19)
fmln_fmax
0 fzfm

Then, a min-max method can be used to determine the best
compromise solution as follows [50]:

1. Calculating membership functions for various objective func-
tions from Equation (19)

2. Calculating the minimum membership values amongst the
objective functions. To put it simpler, in this section,
min(f,, f,) for two objective functions f, and f, in the
proposed problem are calculated.

3. The maximum value from the membership values calculated
in step 2 is determined. It should be noted that the solution
corresponding to this step will be equal to the compromise
point between the objective functions.

2.3 | Solving the Problem

Because the presented problem is a mixed-integer non-linear
problem, this work uses CSA to solve it. This novel algorithm,
developed in 2016 [51], has a short computation time and pro-
duces reliable results with a low standard deviation. Algorithm
1 shows the steps of the CSA.

As the penalty function [52], where it equals y.max (0, a—b) for
restrictions a < b. u > 0 is the Lagrangian multiplier, and the
inequality constraints are integrated into the objective function
to address the stated issues. The CSA then calculates the best
possible values for the decision variables wt, pv, fc, PV, P?V, PEV
and P given the set of {0, 1}, {0, 1}, {0, 1}, and the constraints
(12)-(15) and u. The following phase involves solving the power
flow model using the forward-backwards approach [53], with the
remaining variables being calculated using equality constraints.
In the end, the objective function and the penalty function are
merged to establish a fitness function, which depends on the
values of the individual variables.

3 | Performance Evaluation

In general, the proposed scheme has no limitations for imple-
mentation on different data of networks, resources, and EVs.

ALGORITHM 1 | Crow search algorithm (CSA).

1) Establishing the parameters that may be altered,
including the total number of birds in the flock (N), the
maximum number of iterations (iter,,,,), the awareness
probability (AP), and the duration of the flight (f1).

2) Get the initial location via random and the crows’
memory.

3) Assessing the objective function depending on the date of
step 2.

4) Update the crows’ positions
for iteration = 1: iter,,,,
fori=1: N
Choose one of the crows randomly (such as j)

Determine the random value (0,1) for j-th crow, i.e.

T
if r> AP
position (i, iteration + 1) = position(i, iteration)
+1; x fl X {memory(i, iteration)—position(i,
iteration)}
Evaluate the feasibility of all crows’ positions.
else
position (i, iteration + 1) = a random value for a
position between the minimum and maximum.
end
end

Calculate the value of the objective function using
the current position.

Update the crows’ memory.
if fitness (position(i, iteration + 1)) surpasses
fitness (position(i, iteration))
memory (i, iteration + 1) = position (i, iteration + 1)
else
memory (i, iteration + 1) = memory (i, iteration)
end

end

To evaluate the performance of the proposal, it is applied to
a test microgrid system with an IEEE standard 33-bus radial
distribution network, and a single-line diagram as shown in
Figure 1. This MG has 32 lines and 32 load points, with the
network lines and load values given in [53]. The base voltage and
power are assumed to be 12.66 kV and 1 MW, and the voltage
fluctuations are in the range of 0.95-1.05 pu [54-56]. The demand
in the rest of the period equals the multiplication of peak load and
load coefficient curve [57-61]. This curve is given in Figure 2 [3].
WT, PV and FC are the assumed three types of DGs used here,
with specifications as stated in Table 1. The produced power by
WT and PVs are assumed to be dependent on wind speed and
solar irradiation [62-66], and thus, their output power generation
curve is time dependent, with the daily curve given in Figure 2
[8]. Therefore, terms S*"* and SP*™* vary with time and are
obtained by the multiplication of these curves and the rated DGs’
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FIGURE 1 | Considered IEEE 33-bus distribution system [35] as the network for the testbed microgrid in this study.

100 T T

80+ 1

Power percentage (%)
(=

TABLE 2 | Optimal site and size of DGs for case study-1.

Size (MW) in
DG type Buses each location
FC 16, 28 0.5,0.5
WT 18,25 0.38, 0.5
PV 33 0.30

40 1
20+ —e—Network load|]
—=—Photovoltaic
Wind system
0 1 1 &
0 5 10 15 20 25

Time (h)

FIGURE 2 | Assumed daily curve of load factor and power genera-
tion rate of PV and WT [3, 67-69] in this study.

TABLE 1 | Assumed specifications of DGs in this study.

Capacity Investment cost
DG (MW) ($/MW/year)
WT 0.5 23,200
PV 0.5 29,000
FC 0.5 22,000

capacities. The output of the FC is assumed to be constant with
respect to time, therefore, $%%* is constant. According to [25], the
minimum allowed WSI is 0.8. Also, the number of population (N)
and replication (iter,,,,.) for CSA are assumed respectively as 80
and 3000, while the other parameters of CSA, such as awareness
probability (AP) and the duration of the flight (fl) are considered
respectively as 0.1 and 2, according to [51]. The reported parameter
values for CSA were obtained by trial and error such that the
best solution was obtained in a reasonable computational time.
For example, N was initially assumed to be 50, then its value
was increased by increments of 5. For values greater than 80,
the results were almost the same, but the computational time
increased. Therefore, N was set to 80. The energy transaction
prices in the intervals of [1:00-7:00], [8:00-16:00, 23:00-24:00] and
[17:00-22:00] are assumed respectively to be 16, 24 and $30/MWh
[3]. The data of EVs, including EVs number in each bus and time,
total number of EVs in each EVPL, charge rate, EV efficiency, EVs
type and energy consumption of EVs, are taken from [3, 25]. The
proposal is realised in MATLAB 2015b, and then different case
studies were developed to evaluate its performance, as discussed
below.

3.1 | Evaluating the Results of Different Objective
Functions

Several case studies were evaluated, three of which are introduced
and discussed below:

- Case study-1: Finding the least total investment and energy
costs

- Case study-2: Maximising the voltage stability index

- Case study-3: Finding the least total investment and energy
costs while maximising voltage stability index

3.1.1 | Case Study-1

Let us assume that the proposed problem has a single-objective
structure, which finds the minimum total investment and energy
costs. Therefore, Equations (1) to (14) model the problem, but f,
function is removed from Equation (1). Moreover, Equation (2) to
Equation (6) express power distribution equations, and since the
microgrid has a radial structure, the backwards-forward load flow
technique [13] is used to solve the power flow problem. Table 2
lists the planning results of this case and shows that the DGs are
generally placed in the buses at the end of the feeder because of
the larger voltage drop (i.e., less than 0.95 pu) at feeder end nodes
[7]. Therefore, DG is placed in these buses to enhance the voltage
of all buses above 0.95 pu

Figure 3 shows the microgrid’s operation indices before and after
DG placement in case study-1 and illustrates the voltage profile at
peak period (20:00, as shown in Figure 2), the daily curve of the
substation apparent power, and the daily curve of the microgrid
power loss. As seen from this figure, the microgrid operational
indices are improved largely with the optimal placement of DGs.
Based on Figure 3a, the least voltage is 0.97 pu but 0.91 pu
before the DG placement, denoting that it has been improved by
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FIGURE 3 | MG performance indices, a) MG voltage profile at 20:00,
daily curve of active MG losses, c) daily curve of distribution substation
apparent power.

6.6%. Also, as per Figure 3b, the microgrid line losses reduce by
the optimal placement of DGs. For example, the highest power
loss before DG placement is 0.18 pu, while it reduces to 0.13
pu after DG placement in case study-1, denoting a decrease of
27.8%. Based on Figure 3c, with optimal planning of DGs, the
power demand from the upstream network has decreased. The
maximum amount of apparent power before DG placement is 4.6
pu, which reduces to 2.5 pu after DG placement in case study-1,
denoting a decrease of 46.7%.

3.1.2 | Case Study-2

Here, function f, is the objective function, so in Equations (1)-
(14), and f; is removed from Equation (1). The results of optimal
placement and capacity of DGs are listed in Table 3. It can be
seen that this study has the same results as case study-1 and
the DGs are placed again in the buses at the end of the feeder.
But in this case study, a larger number of DGs are selected
than in case study-1 because the voltage stability should be
optimal. This index improves when the power demand from the

TABLE 3 | Optimal site and size of DGs for case study-2.
Size (MW) in
DG type Buses each location
FC 16, 28, 30 0.5,0.5,0.5
WT 15,18, 25 0.38,0.5,0.5
PV 17,33 0.30,0.35

—e—Load flow
Case 1

0.9 Il 1 Il 1 Il
0 5 10 15 20 25 30 35
Bus
(a)
0.2 T T T
30.15F N
1]
123
o
% 0.1 B
a o
[}
=
8 0.05 N
=e—Load flow|
Case 1
0 i I L L
0 5 10 15 20 25
Time (h)
(®)
5 T T
~4r 7
=1
£
Lsar 1
o
a
5}
a
<
1k i
Case 1
0 I I L L
0 5 10 15 20 25
Time (h)
(©)

FIGURE 4 | Operation indices in the second case, a) voltage profile
at 20:00, daily curve of active losses, c) daily curve of apparent power of
the distribution substation.

upstream network decreases, therefore, more DGs are installed.
The microgrid operation indices before and after case study-2
are depicted by Figure 4. The lowest voltage is 0.975 pu after
DG placement, so it improves by 7.2%. The power loss is also
0.12 pu at the peak load hour, so it decreases by 33.3% by DG
placement. Finally, the apparent power at 20:00 is 2.2 pu, so
it decreases by 51.2% by the DG placement. The reason for the
higher percentage improvement of the operation indices in case
study-2 compared to case study-1 is the larger number of DGs in
this case.
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TABLE 4 | Evaluation of different variables of the proposed problem
for rate of increase = 0.

Objective Case Case
function study-1 study-2
Planning cost 345,260 633,840
($/year)—f;

Voltage stability 23.7821 23.8493
index—f,

-23.79F b

-23.83 | 4

-23.84 B

-23.85 L L L I 1

fl x10°

FIGURE 5 | Pareto front of the proposed model for case study-3 for
rate of increase = 0.

3.1.3 | Case Study-3

To reach the compromise solution, the minimum and maximum
values of f; and f, need to be acquired simultaneously. Table 4
lists the minimum and maximum functions derived from the first
and second cases and shows that the minimum and maximum
planning costs (f;) are identical to the overall cost of investment
and energy (i.e., 345,260 and 633,840$/year, respectively). These
values are equal to the voltage stability index (f;) 23.7821 and
23.8493, respectively. So, the ranges of f; and f, changes are 288580
and 0.0672$/year, respectively. Figure 5 depicts the Pareto front
of the proposal for this case study and shows that the changes
in the two programming cost functions and the voltage stability
index are not in the same direction. So, if f, decreases, the
planning cost increases. Comparing Tables 2 and 3 shows that
more resources are needed to boost the voltage stability index,
thus increasing the planning cost. Table 5 lists the results after
the fuzzy decision-making approach is used to determine the
compromise point and shows that the value of the mentioned
objective functions at the compromise point is close to its optimal
value, as such, the voltage stability index is 34.2% away from its
optimal (maximum) value. Also, the planning cost is 32.4% away
from its optimal (minimum) value. Table 5 reports the sensitivity
of the voltage security index and planning cost for different energy
prices, loads, construction costs and capacities of DGs. According
to this table, the increasing load and construction cost of DGs lead
to a high increase in planning cost, while the increase in the other
parameters results in a slight increase in the planning cost. The
increase in load, construction cost of DGs and capacity of DGs
decreases the voltage security index, each with different impact
levels. The increase in load highly reduces the voltage security
indexs while the increase in the construction cost of DGs has a
slighter impact. The energy price increase also has a very small
effect on the voltage security index. Table 6 shows the planning
results of DG at the compromise point. Similar to Table 2 and 3,

TABLE 5 | Sensitivity analysis and compromise point of the pro-
posed problem for different levels of load, energy price, DG capacity and

cost.
Voltage
Rate of stability Planning cost

Parameter increase (%) index ($/year)
Load 0 23.8470 438,730

10 23.2571 475,330

20 22.7061 511,410
Energy price 0 23.8470 438,730

10 23.8470 440,211

20 23.8470 442,022
DG capacity 0 23.8470 438,730

10 23.8720 441,030

20 23.8910 444,100
DG 0 23.8470 438,730
investment 10 23.8119 469,120
cost 20 23.7803 505,010

TABLE 6 | Optimalsite and size of DGs for the third case for rate of
increase = 0.

Size (MW)
in each
DG type Buses location
FC 16, 28, 30 0.5,0.5,0.5
WT 18, 25 0.5,0.5
PV 33 0.35

TABLE 7 | Evaluation of different variables of the proposed problem
in different cases for rate of increase = 0.

Case Case Case
Variable study-1 study-2 study-3
Planning cost 345260 633840 438730
($/year)
Voltage 23.7821 23.8493 23.8470
stability index
Energy loss 1116 1.023 1.062
(pw)
Maximum 0.0254 0.024 0.0245
voltage
deviation

DGs are installed in the buses at the end of the feeder, but in this
case, their number is between the numbers given by case study-
1 and 2. Table 7 also reports the values of different parameters
for different case studies, where the highest value of operating
indices is in case study-1, and the least value is in case study-2.
But the opposite is valid for the DGs’ planning cost. As such, case
study-3 is a compromise between the previous two cases.
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TABLE 8 | Comparative analysis results.

Grey Wolf Krill Herd Particle swarm
Algorithm CSA of the proposal optimisation optimisation optimisation
Computation time (s) 216 378 463
Mean value of planning 438,730 442,370 446,710 455,511
cost ($/year)
Mean value of voltage 23.8470 23.8390 23.8311 23.8208
stability index
Standard deviation of 0.94 1.74 2.98
planning cost (%)
Standard deviation of 0.97 1.78 3.04
voltage stability index
(%)

Based on Equations (2) and (12)-(14), while the nominal capacity
(maximum power) produced by the resources is fixed, their
produced active power can change over time. However, since
the operating cost of these resources is lower than the operating
cost of the network, they generally inject a power equal to their
maximum capacity into the network. Also, in this study, the
cost of energy exchange between the distribution network and
the upstream network is considered. In this paper, based on
Equation (1), it is assumed that the distribution network receives
energy from the upstream network at a certain price at each
operating hour.

4 | Comparative Analysis

To evaluate the superiority of the proposal, its performance is
compared against three solvers of Krill Herd Optimisation [70],
Particle Swarm Optimisation [52], Grey Wolf Optimisation [71]
and CSA. The size of the population and the maximum iteration
of convergence for these solvers are, respectively, 80 and 3000.
The remaining parameters of the algorithms are extracted from
[51, 52, 70, 71]. To compute statistical measures such as mean and
standard deviation of the optimal solution, each solver is re-run
30 times for the same numerical problem of case study-3. The
convergence results of these algorithms are reported in Table 8. As
seen from this table, the CSA solver used in the proposal finds the
most optimal point with a shorter period than the other solvers.
Additionally, the standard deviation of objective functions in the
CSA solver is lower than in other solvers; thus, the dispersion in
the ultimate solution is the least.

5 | Conclusion

A multi-objective is formulated to determine the optimal sitting
and sizing of FCs, PVs and WTs within microgrids to reduce
energy costs and increase system stability. The first objective
function minimises the planning cost (sum of investment and
energy costs), and the second function maximises the voltage
stability index while satisfying the technical and operational
constraints of the network, EVPL and DGs. An e-constraint-
based Pareto optimisation is developed to convert the formulated
problem into a single-objective problem, which is then solved

using the CSA solver. The interaction point between two objec-
tive functions was derived by fuzzy decision-making. Through
numerical analyses, the study demonstrated that the proposal
improves the voltage profile of the microgrid and reduces its max-
imum voltage deviation, power loss, and the energy transaction
with the upstream network by optimising the placement and
capacity of DGs and optimal operation of the EVPL. The study
verified that the increase in investment cost corresponds to the
improvement of the microgrid’s voltage stability index. The stud-
ies also showed that the used CSA solver can effectively obtain the
optimal solution at the least computation time compared to three
other evolutionary algorithms. Additionally, numerical analyses
over the considered sample test system demonstrated that the
proposal determines the best compromise point between the two
contradicting cost and technical objective functions.

The key limitation of the proposal is assuming an AC micro-
grid in the studies of this paper. However, considering global
transportation and electrification trends, DC or hybrid AC/DC
microgrids are also emerging, which need more detailed analysis.
In addition, since the proposed plan considers the presence of
renewable resources with uncertain generations, the need for
stochastic or robust modelling of the proposed plan can be
evaluated. Furthermore, the formulated objective problem for
DGs’ proper siting can be expanded to also enhance the network’s
reliability and resiliency. These can be future research topics in
line with this research.

Nomenclature

n Bus index

j Bus index

ref Reference bus

Q, Set of buses

Q; Set of time

wb-1 The bus to which the wb bus is connected
wb The bus with worse voltage stability

t Time index
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Variables

fi Objective function related to the total annual investment
and energy costs in $

f Objective function related to voltage stability

Cost Total annual investment and energy costs in $

SI Voltage stability

PEV Active power of EVs in per-unit (pu)

PC Active power of distribution substation in pu

P Distribution line active power (pu)

PV Active power of the WT unit (pu)

PPV Active power of the solar PV unit (pu)

PFC Active power of the FC (pu)

Q¢ Reactive power of distribution substation (pu)

QF Reactive power of distribution line (pu)

WSI Voltage stability margin index

w Binary variable of wind unit construction

Py Binary variable of PV unit construction

Fc FC binary variable

Vv Voltage range (pu)

6 Voltage angle in radians

Parameters

cv Annual cost of wind unit construction ($/year)

crv Cost of PV unit construction ($/year)

cre Cost of FC construction ($/year)

CR Charge rate of EVs (pu)

EC Energy consumption of EVs (pu)

A Auxiliary matrix (4, is one in the case buses n and j

are connected via a line, otherwise, it is zero)

g b. Conductivity and susceptance of the line (pu)

PP. Active load (pu)

QP Reactive load (pu)

Spmax Line capacity (pu)

SGmax Distribution substation capacity (pu)

pmax, Maximum voltage magnitude (pu)

ymin, Minimum voltage magnitude (pu)

R Line resistance (pu)

X. Line reactance (pu)

Swmax, Maximum active power of WT (pu)

Spymax, Maximum active power of PV (pu)

Sfomax, Maximum active power of FC (pu)

il Efficiency of EVs
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