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Abstract—Lately, the integration of renewable energy sources 

(e.g. photovoltaic and wind generation systems) has been raised 

into microgrids interconnected with plug-in electric vehicles 

(PEV). Such intermittent generation and charging/discharging 

PEV profiles are challenging to ensure the secure and optimal 

operation of microgrids. In this paper, an optimization approach 

is proposed to determine the optimal locations and sizes of 

photovoltaic and wind generation systems in microgrids with 

PEV-parking lots. The developed approach addresses 1) the 

uncertainty of generation profiles of photovoltaic and wind 

generation systems and loads, 2) the DSTATCOM feature of 

photovoltaic and wind generation systems, and 3) microgrid 

constraints. The feasible PEV conditions are also considered, i.e. 

initial and preset conditions of their state of charge (SOC), 

arriving and departing times, and various controlled/uncontrolled 

charging schemes. To solve the planning model, we have developed 

a bi-level metaheuristic-based approach. The upper-level and 

lower-level optimization tasks are to optimize the decision 

variables of renewable energy sources and PEV, respectively. Both 

energy losses through the lines and energy from the main grid are 

considered as sub-objectives to be minimized. Various simulations 

and study cases are performed to assess the effectiveness of the 

proposed approach. The outcomes show the efficacy of the 

proposed approach to simultaneously plan renewable energy 

sources and manage PEV to form an autonomous microgrid. 

 
Index Terms—Microgrid, photovoltaic, wind generation, 

electric vehicles, energy losses. 

I. INTRODUCTION 

 HE penetration of renewable energy sources (RESs) is 

increasing year by year globally. This trend is driven by 

global strategies to reduce greenhouse gas emissions, whereas 

breakthroughs are needed with respect to the future 

arrangements of electrical power productions. It is a fact that 

photovoltaic (PV) and wind turbine (WT) are the most notable 

alternatives of RESs due to their flexibility and cost-

 
 

effectiveness [1]–[3]. Interestingly, RESs could lead to distinct 

constructive influences on the performance of distribution 

systems. In particular, with their smart functions, PV and WT 

units can raise the reliability of the supply, solve voltage 

violation issues, enhance power quality, minimize energy 

losses, and mitigate the burden on the conventional regulating 

components [4]–[6]. Though, the highly intermittent generation 

of PV and WT units can lead to extensive practical and 

operational issues, and so restraining their permitted 

accommodating capacities in distribution systems. 

In concurrence with the increasing pattern of PV and WT, 

the interest in plug-in electric vehicles (PEVs) has extensively 

been expanding internationally [7]–[9], where their number has 

reached 20 million in 2020 [10]. Gathering several PEVs in 

PEV-parking lots can provide the distribution system operator 

with the opportunity of the batteries of PEVs, which can be 

employed as potential storage. From the grid perspective, the 

batteries of existing PEVs in parking lots can be charged or 

discharged while considering their preset charging goal 

according to the departing time [11]–[13]. Aggregators can 

control the energy storage ability of PEVs during parking time, 

where their average parking duration is more than 90% of the 

day [14], [15]. However, the stochastic nature of PEVs with 

their various charging schemes can cause several operational 

problems in the distribution systems. The most common 

problems are voltage violations, high losses, and line 

congestions, especially in the case of employing uncontrolled 

charging schemes of PEV batteries [16].  

There is a growing literature aimed at optimizing the 

locations and the sizes of RESs to improve distinct performance 

indexes in distribution systems. The authors of [17] have 

introduced a probabilistic model for planning various RES 

types in distribution systems to maximizing energy loss 

reduction and satisfying system limits. Different analytical 

based methods are formulated in [18]–[20], which can calculate 

the optimal locations and sites of PV and WT units by 

considering the nominal load/generation conditions, and so 

missing the sufficient representation of the intermittent profiles. 

The authors of [21] have proposed a cost-based optimization 

model utilizing stochastic programming for obtaining the 

optimal capacity of distributed energy resources. In [22], two 

iterative search-based methods have been introduced for 

determining the optimal capacities of WT, PV, and the battery 
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energy storage system in a microgrid. An optimization 

framework has been proposed in [23] for managing and sizing 

battery, PEV, and PV in smart homes. The authors of [24] have 

introduced a multi-objective framework that aims to optimally 

plan PV and WT units considering their probabilistic models in 

distribution systems while optimizing costs as well as carbon 

emissions. The hosting capacity of PV and WT has been 

improved by utilizing coordinated control scheme and reactive 

power support in [25], [26]. Due to the current revolutions in 

creating and developing efficient metaheuristic optimization 

solvers, diverse types have been employed for RES planning in 

distribution systems, especially for multi-objective 

frameworks. Common examples are:  crow search algorithm 

auto-drive particle swarm optimization solver [27], tabu search 

optimization solver [28], genetic-based optimization solver 

[29], artificial ecosystem-based optimization [30],  simulated 

annealing optimization solver [31], and ant colony optimization 

solver [32]. Regarding energy storage systems and PEVs, their 

vital contribution to growing the RES hosting capacity has been 

explored in [33]. The authors of [34] have developed control 

schemes of PEV batteries to raise the RES capacity in 

distribution systems.  
Based on the aforementioned literature review, diverse 

approaches have been introduced for the optimal planning of 

PV and/or WT units in distribution systems. Yet, to lessen the 

computational burden of the optimization paradigm, some 

present methods adopt one RES unit planning with considering 

only active power generation and formulate deterministic rather 

than probabilistic planning models. Another vital demerit of 

many other approaches is missing the full representation of 

PEV batteries with their intermittent and uncertain charging and 

discharging profiles. It is a fact that the influence of such 

flexible PEVs is significant in distribution systems, which also 

can have considerable impacts on the RES planning problem. 

Hence, inclusive modeling of PEVs is compulsory while 

incorporating their charging schemes and stochastic variables 

and settings in the planning stage of RESs. To cover this 

research gap, this present study is focused on such important 

research issues, whereas more studies and advances are 

essential, considering PV units, WT units, and PEVs.  

In this work, we have proposed a new bi-level optimization-

based approach for optimally locating and sizing both PV and 

WT units in microgrids considering PEV-parking lots. The 

main advantages of the proposed approach include considering 

the following: 1) the intermittent profiles of PV and WT 

generation, and loads, 2) the DSTATCOM functionalities of PV 

and WT inverters, and 3) various constraints of the microgrid. 

Another vital contribution is incorporating the practical PEV 

variables and parameters in the planning model, including 

arriving and departing times, initial and preset conditions of 

their state of charge (SOC), and different controlled 

/uncontrolled charging schemes. The proposed bi-level 

metaheuristic-based approach is used to accurately solve this 

comprehensive planning model. Specifically, its upper-level 

and lower-level optimization duties are to optimally compute 

the decision variables of RESs and PEVs, respectively. 

Regarding the objective function, we have assigned the energy 

losses through the lines as well as the energy from the main grid 

to be minimized. To demonstrate the effectiveness of the 

proposed approach, various simulations and study cases are 

performed on the IEEE 69-bus distribution system. The efficacy 

of the proposed approach is proved to simultaneously plan 

renewable energy sources and manage PEV batteries while 

contributing to the transformation towards autonomous 

microgrids.  

II. PROBLEM FORMULATION 

In this section, we describe the planning model for 

optimizing PV and wind generation systems in grid-connected 

microgrid interconnected with PEV-parking lots. Since the tie-

line power between the utility power grid and microgrid may 

have high fluctuations due to the integration of PV and wind 

turbines in the microgrid, these fluctuations can lead to 

numerous technical problems such as voltage fluctuations and 

excessive power losses. Therefore, the tie-line power and 

energy losses are utilized as sub-objectives to be minimized in 

the planning problem. Moreover, minimizing the tie-line power 

makes the microgrid near to be autonomous. The objective 

function and constraints of the optimization model can be 

expressed as follows. 

A. Objective Function  

Minimize {Objective 1, Objective 2 }                                 (1) 

where Objective 1 and Objective 2 are the active power losses 

and the tie-line power, respectively, and can be described as 

follows, 

1) Active Power Losses  

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 1 = ∑∑𝑃𝐿𝑜𝑠𝑠,𝑠
𝑡

𝑛𝑠

𝑠=1

𝑛𝑡

𝑡=1

× 𝐶𝑃 (2) 

in which 

𝑃𝐿𝑜𝑠𝑠 =∑𝐺𝑖𝑗(𝑉𝑖
2(𝑡𝑎𝑝𝑖𝑗,𝑠)

2
+ 𝑉𝑗

2

𝑁L

i=1

− 2𝑉𝑖𝑉𝑗𝑡𝑎𝑝𝑖𝑗,𝑠𝑐𝑜𝑠𝛿𝑖𝑗) (3) 

where 𝑃𝐿𝑜𝑠𝑠,𝑠
𝑡 is the active power losses in the microgrid at time 

instant t for state s; nt and ns are the number of time instants and 

number of states; CP represents the combined probability of 

solar irradiance, wind speed, and load demand; NL is the number 

of the lines; 𝐺𝑖𝑗 represents the conductance of the line between 

buses i and j. 𝑡𝑎𝑝𝑖𝑗,𝑠 represents the tap position of the OLTC of 

the line between buses i and j. 

2) Tie-line Power 

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 2 = ∑∑𝑃𝑇𝑖𝑒−𝑙𝑖𝑛𝑒,𝑠
𝑡

𝑛𝑠

𝑠=1

𝑛𝑡

𝑡=1

× 𝐶𝑃 (4) 

where 𝑃𝑇𝑖𝑒−𝑙𝑖𝑛𝑒,𝑠
𝑡  represents the tie-line power between the 

utility grid and microgrid. 

B. Constraints  

𝑛𝑖𝑃𝑊𝑇,𝑖,𝑠
𝑡 +𝑃𝑃𝑉,𝑖,𝑠

𝑡 − 𝑃𝑑,𝑖,𝑠
𝑡 ± 𝑃𝑃𝐿,𝑖,𝑠

𝑡

− 𝑉𝑖,𝑠
𝑡 ∑

𝑉𝑗,𝑠
𝑡 𝑡𝑎𝑝𝑖𝑗,𝑠[𝐺𝑖𝑗𝑐𝑜𝑠𝛿𝑖𝑗,𝑠

𝑡

+𝐵𝑖𝑗𝑠𝑖𝑛𝛿𝑖𝑗,𝑠
𝑡 ] 

= 0

𝑛𝑏

𝑗=1

 
(5) 
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𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠
𝑡 + 𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠

𝑡 − 𝑄𝑑,𝑖,𝑠
𝑡 −

     𝑉𝑖,𝑠
𝑡 ∑ 𝑉𝑗,𝑠

𝑡 𝑡𝑎𝑝𝑖𝑗,𝑠
𝑛𝑏
𝑗=1 [

𝐺𝑖𝑗  sin 𝛿𝑖𝑗,𝑠
𝑡

+𝐵𝑖𝑗cos 𝛿𝑖𝑗,𝑠
𝑡 ] = 0,  ∀𝑖 ∉ 𝜙𝑏 , 𝑠, 𝑡 

(6) 

𝑉𝑚𝑖𝑛 ≤ 𝑉𝑖,𝑠
𝑡 ≤ 𝑉𝑚𝑎𝑥 ,   ∀𝑖 ∈ 𝜙𝑏 , 𝑠, 𝑡 (7) 

𝑃𝑃𝐿,𝑖,𝑠
𝑚𝑖𝑛,𝑡 ≤ 𝑃𝑃𝐿,𝑖,𝑠

𝑡 ≤ 𝑃𝑃𝐿,𝑖,𝑠
𝑚𝑎𝑥,𝑡 ,            ∀𝑖 ∈ 𝜙𝑏 , 𝑠, 𝑡                           (8) 

𝑛𝑖
𝑚𝑖𝑛 ≤ 𝑛𝑖 ≤ 𝑛𝑖

𝑚𝑎𝑥 , ∀𝑖 ∈ 𝜙𝑏 (9) 
 

𝐶𝑃𝑉,𝑖
𝑚𝑖𝑛 ≤ 𝐶𝑃𝑉,𝑖 ≤ 𝐶𝑃𝑉,𝑖

𝑚𝑎𝑥 ,     ∀𝑖 ∈ 𝜙𝑏 

𝐶𝑊𝑇,𝑖
𝑚𝑖𝑛 ≤ 𝐶𝑊𝑇,𝑖 ≤ 𝐶𝑊𝑇,𝑖

𝑚𝑎𝑥 ,     ∀𝑖 ∈ 𝜙𝑏 

∑𝑃𝑃𝑉,𝑖 ≤ 𝑅𝑃𝑉
𝑚𝑎𝑥

𝑁𝑃𝑉

𝑖=1

 

∑ 𝑃𝑊𝑇,𝑖 ≤ 𝑅𝑊𝑇
𝑚𝑎𝑥

𝑁𝑊𝑇

𝑖=1

 

(10) 

(11) 

 

(12) 

 

 

(13) 

𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠
𝑚𝑖𝑛,𝑡 ≤ 𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠

𝑡 ≤ 𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠
𝑚𝑎𝑥,𝑡 , ∀𝑖 ∈ 𝜙𝑏 , 𝑠, 𝑡 (14) 

𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠
𝑚𝑖𝑛,𝑡 ≤ 𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠

𝑡 ≤ 𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠
𝑚𝑎𝑥,𝑡 , ∀𝑖 ∈ 𝜙𝑏 , 𝑠, 𝑡 (15) 

{
 

 𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠
𝑚𝑎𝑥,𝑡 = √𝑆𝑖𝑛𝑣,𝑃𝑉,𝑖

2 − (𝑃𝑃𝑉,𝑖,𝑠
𝑡 )

2

𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠
𝑚𝑖𝑛,𝑡 = −√𝑆𝑖𝑛𝑣,𝑃𝑉,𝑖

2 − (𝑃𝑃𝑉,𝑖,𝑠
𝑡 )

2
 (16) 

{
 

 𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠
𝑚𝑎𝑥,𝑡 = √𝑆𝑖𝑛𝑣,𝑊𝑇,𝑖

2 − (𝑃𝑊𝑇,𝑖,𝑠
𝑡 )

2

𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠
𝑚𝑖𝑛,𝑡 = −√𝑆𝑖𝑛𝑣,𝑊𝑇,𝑖

2 − (𝑃𝑊𝑇,𝑖,𝑠
𝑡 )

2
 (17) 

𝑡𝑎𝑝𝑚𝑖𝑛 ≤ 𝑡𝑎𝑝𝑖𝑗
𝑡 ≤ 𝑡𝑎𝑝𝑚𝑎𝑥     ∀(𝑖, 𝑗) ∈ 𝜑𝑟  (18) 

𝑆𝑂𝐶𝑛,𝑑,𝑠 ≥ 𝑆𝑂𝐶𝑛,𝑚𝑖𝑛,𝑠 (19) 

where Bij is the susceptance of the line between buses i and j; 

𝑉𝑖,𝑠
𝑡  the voltage magnitude at ith node;  𝛿𝑖𝑗,𝑠

𝑡 is  the voltage angle 

variance at ith and jth buses; 𝑃𝑑,𝑖
𝑡  and 𝑃𝑃𝐿,𝑗,𝑠

𝑡 are, respectively, the 

load demand and parking lot power; 𝑃𝑊𝑇,𝑖,𝑠
𝑡  is the generated 

power of the wind turbine at bus i; 𝑃𝑃𝑉,𝑖,𝑠
𝑡  is the generated power 

of the PV unit at bus i; nb is the number of nodes; 𝑄𝑑,𝑖
𝑡 is the 

reactive power demand; ni is the allowed number of wind 

turbines at bus i; 𝐶𝑃𝑉,𝑖  and 𝐶𝑊𝑇,𝑖 are the capacities of PV and 

WT units, respectively; 𝑅𝑃𝑉
𝑚𝑎𝑥  and 𝑅𝑊𝑇

𝑚𝑎𝑥are the maximum total 

PV size and maximum total WT size, respectively; 𝑆𝑖𝑛𝑣,𝑃𝑉,𝑖 is 

the rating of the interfacing inverter of PV; 𝑄𝑖𝑛𝑣,𝑃𝑉,𝑖,𝑠
𝑡 represents 

the reactive power of the interfacing inverter of PV at ith node; 

𝑆𝑖𝑛𝑣,𝑊𝑇,𝑖 is the rating of the interfacing inverter of 

WT; 𝑄𝑖𝑛𝑣,𝑊𝑇,𝑖,𝑠
𝑡 represents the reactive power of the interfacing 

inverter of wind turbines at ith node. Note that the main focus of 

this paper is the planning phase of PV and WT units, not their 

operational phase. For this reason, we treat the reactive power 

in the steady state condition, which is a widely procedure in the 

literature. 𝜙𝑏 represents a set of the system buses; 𝜑𝑟 represents 

a set of the system branches; SOCn,d,s  represents the state of 

charge (SOC) of nth battery at parting time; SOCn,min,s is the 

minimum SOC determined by the vehicle owner; the 

superscripts 𝑚𝑖𝑛 and 𝑚𝑎𝑥 represent the minimum and 

maximum limits of the control and the dependent variables, 

respectively. In this work, we have not considered the 

specifications of DSTATCOM feature of PV and inverter 

topology. However, we have considered the effect of the 

reactive power which can be injected/absorbed by the 

interfacing inverters at the PV terminal on the microgrid. 

C. Modeling of PEV Battery 

The state of charge (SOC) is the main characteristic of the 

PEV battery. The SOC of the PEV battery can be increased or 

decreased based on the charging/discharging power. Hence, the 

SOC can be updated at each time instant as follows: 

𝑆𝑂𝐶𝑛,𝑠
𝑡 = 𝑆𝑂𝐶𝑛,𝑠

𝑡−1 + 𝜂𝑐ℎ,𝑛𝑃𝑐ℎ,𝑛,𝑠
𝑡 𝛥𝑡𝛿 −

𝛥𝑡𝛾𝑃𝑑𝑐,𝑛,𝑠
𝑡

𝜂𝑑𝑐,𝑛
 (20) 

where 𝑃𝑐ℎ,𝑛,𝑠
𝑡 is the charging power of nth PEV battery at time 

segment t for state s; 𝑃𝑑𝑐,𝑛,𝑠
𝑡  is the discharging power of nth PEV 

battery at time segment t for state s; δ and γ belong to {0,1}; it 

is worth mentioning that the PEV cannot charge and discharge 

at the same time, therefore,  δ. γ = 0;  ηch,n  represents the 

charging efficiency while ηdc,n represents the efficiency of the 

discharging of the nth PEV. 

Each PEV has a part of the total charging/discharging power 

of the parking lot. The charging/discharging power of each PEV 

depends on many factors such as 1) battery capacity of the 

PEV(Cbatt,n), 2) the current SOC of the PEV(𝑆𝑂𝐶𝑛,𝑠
𝑡 ), 3) the 

arriving time of the PEV(Tarr), and 4) the time of the 

parting(Td,n). Therefore, the charging/discharging power of a 

PEV can be computed as follows:  

𝑃𝑐ℎ,𝑛,𝑠
𝑡 =

(𝐶𝑏𝑎𝑡𝑡,𝑛 − 𝑆𝑂𝐶𝑛,𝑠
𝑡 × 𝐶𝑏𝑎𝑡𝑡,𝑛) × 𝑃𝑃𝐿,𝑠

𝑡

𝑇𝑟𝑒𝑚,𝑛 × ∑
1

𝑇𝑟𝑒𝑚,𝑗
(𝐶𝑏𝑎𝑡𝑡,𝑗 − 𝑆𝑂𝐶𝑗,𝑠

𝑡 × 𝐶𝑏𝑎𝑡𝑡,𝑗)
𝑚
𝑗=1

 
(21) 

𝑃𝑑𝑐,𝑛,𝑠
𝑡 =

𝑇𝑟𝑒𝑚,𝑛(𝑆𝑂𝐶𝑛,𝑠
𝑡 × 𝐶𝑏𝑎𝑡𝑡,𝑛) × 𝑃𝑃𝐿,𝑠

𝑡

∑ 𝑇𝑟𝑒𝑚,𝑗(𝑆𝑂𝐶𝑗,𝑠
𝑡 × 𝐶𝑏𝑎𝑡𝑡,𝑗)

𝑚
𝑗=1

 (22) 

𝑇𝑟𝑒𝑚,𝑛 = 𝑇𝑑,𝑛 − 𝑇𝑎𝑟𝑟,𝑛 (23) 

D. Stochastic Behavior of PEV 

There are many stochastic variables in the PEVs profiles, 

such as 1) daily traveling milage, 2) the arrival time to the 

parking lot, 3) paring time, 4) driving habits, 5) the capacity of 

the connected PEV, and 6) the charging and discharging 

efficiencies of the PEV. These stochastic variables are the key 

characteristics that can describe PEV owners’ performance and 

preferences. Therefore, we have to consider these variables in 

the planning problem. For each PEV, the arrival time is a 

random variable described by a normal probability density 

function (pdf) [35]. Hence, the daily arrival time of a PEV can 

be given by, 

𝑓𝑛
𝑡(𝑇𝑎𝑟𝑟) = exp [

−(𝑇𝑎𝑟𝑟 − 𝜇𝑇𝑎𝑟𝑟
𝑡 )2

2(𝜎𝑇𝑎𝑟𝑟
𝑡 )2

] (𝜎𝑇𝑎𝑟𝑟
𝑡 √2𝜋)⁄  (24) 

where 𝜇𝑇𝑎𝑟𝑟
𝑡 and 𝜎𝑇𝑎𝑟𝑟

𝑡  represent, respectively, the mean of daily 

arrival time, and it is 18 hours and a standard deviation of daily 

arrival time, and it is 5 hours. 

The initial SOC of each PEV varies based on 1) daily 

traveling mileage (dmn), 2) SOC at the last departure time 

(assumed to be 100%), and 3) all-electric range (AERn). The 
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depth of discharge (DOD) should not be more than 80% for 

protecting the PEV against degradation. Therefore, the initial 

SOC of a PEV can be determined by the following formula. 

,

(1 ) 100, 0 0.8
(%)

20%, 0.8

n n n n

initial n

n n

dm AER dm AER
SOC

dm AER

−   
= 



 (25) 

𝐴𝐸𝑅 = 𝐶𝑏𝑎𝑡𝑡,𝑛 𝐸𝑐𝑜𝑛𝑠/𝑚𝑖𝑙𝑒,𝑛⁄  (26) 

where Econs/mile,n represents the consumption energy per mile. 

The unpredictability of the daily traveling mileage for a PEV 

can be characterized by a lognormal pdf [35]. The pdf can be 

described as follow: 

2

,

22
,,

(ln )1
( ) exp , 0

2( )2 ( )

t

n dm nt

n ntt
dm nn dm n

dm
f dm dm

dm



 

 − −
=   

  

 
(27) 

where 𝜇𝑑𝑚
𝑡  is the mean of daily mileage, and it is 22.3; 𝜎𝑑𝑚

𝑡  is 

the standard deviation, and it is 12.3 miles. 

III. MODELING OF THE UNCERTAINTY 

Here, the hourly uncertainty modeling of the wind generation 

system, PV generation system, and load demand are explained. 

Weibull pdf, Beta pdf, and normal pdf are employed, 

respectively, to model hourly uncertainty of wind speed, solar 

irradiance, and load demand [36], [37]. The probabilistic 

models can be described as follows. 

A) Probabilistic Model of Wind Generation System 

The generated power of the WT depends on the wind speed and 

the characteristics of the turbines themselves. Weibull pdf with 

shape parameter equal 2 is regularly utilized to model the wind 

speed [17], and it is called Rayleigh pdf [38]. Therefore, in this 

work, the data of hourly wind speed are used to generate the 

Rayleigh pdfs (𝑓𝑟
𝑡(𝑣)) for each time segment (t), which can be 

described as follows, 

𝑓𝑟
𝑡(𝑣) = (

2𝑣

𝑐2
) 𝑒𝑥𝑝 [− (

𝑣

𝑐
)
2

] (28) 

where v is the wind speed; c represents the Rayleigh scale 

parameter, and it can be computed by utilizing the historical 

data for each time segment. The continuous pdfs are divided 

into numerous portions in which each portion generates a mean 

value and a probability of occurrence. Therefore, the 

probability of each portion during any time segment (t) can be 

described as follow: 

𝑝𝑟𝑜𝑏𝑣,𝑖
𝑡 = ∫ 𝑓𝑟

𝑡(𝑣). 𝑑𝑣𝑖

𝑣𝑤2

𝑣𝑤1

 (29) 

where 𝑣𝑤1 and 𝑣𝑤2 are the wind speed limits of the portion 

(state) i; 𝑝𝑟𝑜𝑏𝑣,𝑖
𝑡 is the probability occurrence of state i for time 

segment t. Based on the characteristics of the WT unit, the wind 

speed of each state (w) is converted into the output power of the 

wind generation system (𝑃𝑊𝑇𝑤
𝑡 ) as follows: 

𝑃𝑊𝑇𝑤
𝑡

=

{
 
 

 
 
0,                                     0 ≤ 𝑣𝑎𝑣,𝑤,𝑡 < 𝑣𝑐𝑖

𝑃𝑟𝑎𝑡𝑒𝑑 ×
(𝑣𝑎𝑣,𝑤,𝑡 − 𝑣𝑐𝑖)

(𝑣𝑟 − 𝑣𝑐𝑖
), 𝑣𝑐𝑖 ≤ 𝑣𝑎𝑣,𝑤,𝑡 < 𝑣𝑟

𝑃𝑟𝑎𝑡𝑒𝑑 ,                            𝑣𝑟 ≤ 𝑣𝑎𝑣,𝑤,𝑡 < 𝑣𝑐𝑜
0,                                     𝑣𝑎𝑣,𝑤,𝑡 ≥ 𝑣𝑐𝑜

 
(30) 

where the cut-in speed, cut-off speed, and rated speed are 

denoted by vci, vco, and vr, respectively; the average wind speed 

is indicated by vav,w,t; the rated power of the WT is represented 

by Prated. 

B) Probabilistic Model of PV Generation System 

The data of the solar irradiance each hour are employed to 

determine the Beta pdfs (𝑓𝑏
𝑡(𝑔𝑠)) of the time segments and can 

be characterized as follows [36], [39]: 

𝑓𝑏
𝑡(𝑔𝑠)

=

{
 
 

 
 
Γ(𝛼 + 𝛽)

Γ(𝛼). Γ(𝛽)
𝑔𝑠
(𝛼−1)

. (1 − 𝑔𝑠)
(𝛽−1),                                      

                                                         0 ≤ 𝑔𝑠 ≤ 1;  𝛼, 𝛽 ≥ 0

0,                                                       𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                   

 
(31) 

in which: 

𝛽 = (1 − 𝜇) × (
𝜇 × (1 + 𝜇)

(𝜎)2
− 1) 

𝛼 =
𝜇 × 𝛽

1 − 𝜇
 

 

Here, α and β are the Beta parameters for each time segment. 

These parameters can be computed by utilizing the mean (μ) 

and slandered deviation (σ) which are determined from the 

historical data [40], [41]. The continuous Beta pdfs are sliced 

into many portions where each portion generates a mean value 

and a probability of occurrence. The occurrence probability of 

a portion during a specific time segment (𝑝𝑟𝑜𝑏𝑔𝑠,𝑖
𝑡 ) can be 

computed by: 

𝑝𝑟𝑜𝑏𝑔𝑠,𝑖
𝑡 = ∫ 𝑓𝑏(𝑔𝑠)𝑑𝑔𝑠,𝑖

𝑔𝑠2

𝑔𝑠1

 (32) 

where 𝑔𝑠1 and 𝑔𝑠2 are the limits of the solar irradiance of the 

portion i. The output power PV for each state (s) of time 

segment (t) (𝑃𝑃𝑉,𝑠
𝑡 ) can be calculated as follows: 

𝑃𝑃𝑉,𝑠
𝑡 = 𝑁 ×

𝑉𝑀𝑃𝑃 × 𝐼𝑀𝑃𝑃
𝑉𝑂𝐶 × 𝐼𝑆𝐶

× 𝑉𝑐𝑒𝑙𝑙,𝑠
𝑡 × 𝐼𝑐𝑒𝑙𝑙,𝑠

𝑡  
(33) 

𝐼𝑐𝑒𝑙𝑙,𝑠
𝑡 = 𝑔𝑠,𝑡 (𝐼𝑆𝐶 + 𝐾𝑖(𝑇𝑐𝑒𝑙𝑙,𝑠

𝑡 − 25)) (34) 

𝑇𝑐𝑒𝑙𝑙,𝑠
𝑡 = 𝑇𝐴 + 𝑔𝑠,𝑡 (

𝑁𝑂𝑇 − 20

0.8
) 

(35) 

𝑉𝑐𝑒𝑙𝑙,𝑠
𝑡 = 𝑉𝑂𝐶 − 𝐾𝑣𝑇𝑐𝑒𝑙𝑙,𝑠

𝑡  (36) 

where 𝑇𝑐𝑒𝑙𝑙,𝑠
𝑡  represents the cell temperature; 𝑇𝐴 represents the 

ambient temperature; NOT is the nominal operating 

temperature of the cell; N represents the number of PV 

modules; VMPP and IMPP represent, respectively,  voltage and 

current at maximum power point;  𝑉𝑐𝑒𝑙𝑙,𝑠
𝑡  and 𝐼𝑐𝑒𝑙𝑙,𝑠

𝑡  represent, 

respectively, cell voltage and cell current;  Kv and Ki denote, 

respectively, the voltage and current temperature coefficients; 

Isc and Voc are the short circuit current and open-circuit voltage, 

respectively; 𝑔𝑠,𝑡 is the solar irradiance; t and s represent the 

time instant and state, respectively. 
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C) Probabilistic Model of Load demand  

Due to the demand power uncertainty, a normal pdf is utilized 

for load modeling at each bus in the microgrid. The normal pdf 

of the load demand can be determined based on the following 

formula [41]:  

𝑓𝑁
𝑡(𝑙) =

1

𝜎𝑙√2𝜋
× 𝑒𝑥𝑝 [− (

𝑙 − 𝜇𝑙

2𝜎𝑙
2 )] (37) 

where 𝑓𝑁
𝑡(𝑙) is the normal pdf of the load demand; 𝜇𝑙 represents 

the mean of the load demand; 𝜎𝑙 represents the standard 

deviation of the load demand. The occurrence probability of a 

portion during a specific time instant 𝑝𝑟𝑜𝑏𝑙,𝑖
𝑡  can be described 

as follows: 

𝑝𝑟𝑜𝑏𝑙,𝑖
𝑡 = ∫ 𝑓𝑁(𝑙)𝑑𝑙

𝑙2

𝑙1

 (38) 

 (34) 

where 𝑙1 and 𝑙2 are the limits of the load demand in the interval 

i.   
D) Combined Probabilistic Model of PV, Wind, and Load 

The aforementioned probabilistic models of wind speed, solar 

irradiance, and load demand are employed to generate a 

combined probability model (CP) of wind-PV-load. The CP can 

be calculated by convolving the probabilities of the wind speed, 

solar irradiance, and load demand, as follows: 

𝐶𝑃𝑖
𝑡 = 𝑝𝑟𝑜𝑏𝑣,𝑖

𝑡 × 𝑝𝑟𝑜𝑏𝑔𝑠,𝑖
𝑡 × 𝑝𝑟𝑜𝑏𝑙,𝑖

𝑡  (39) 

IV. MULTI-OBJECTIVE ANT LION OPTIMIZER (MOALO) 

The MOALO is proposed in 2017 by Mirjalili et al. [42]. This 

algorithm mimics the hunting performance of antlions 

interacting with their favorite prey, ants, and them. The 

common actions of the Ant Lion Optimizer (ALO), which 

illustrate the interaction between antlions, the trapped ants are 

1) random walk of ants, 2) traps building, 3) entrapment of 

trapped ants, 4) preys catching, and 5) rebuilding the traps and 

elitism. The ant lion builds a hole like a cone, where its edge is 

appropriately sharp for falling an ant at the bottom of it.  Ant 

lion tries to catch the ant underneath the bottom of the cone. 

The MOALO can be mathematically modeled as follows:  

Ants walk randomly in the search space, and their random work 

can be described by,  

𝑋(𝑖𝑡𝑒𝑟) = [0, 𝑐𝑢𝑚𝑠(2𝑟(𝑖𝑡𝑒𝑟1)
− 1),⋯ , 𝑐𝑢𝑚𝑠(2𝑟(𝑖𝑡𝑒𝑟𝑚𝑎𝑥𝑖𝑡) − 1)] (40) 

where cums computes the cumulative sum, maxit represents the 

maximum iteration number, iter denotes the step of random 

walk (number of iteration), and r (iter) represents the random 

function and can be described as follows: 

𝑟(𝑖𝑡𝑒𝑟) = {
1 𝑖𝑓 𝑟𝑎𝑛𝑑 > 0.5
0 𝑖𝑓 𝑟𝑎𝑛𝑑 ≤ 0.5

 (41) 

where rand represents a random number generated in the range 

of [0,1]. 

To keep the random movements of the ants in the limits of 

the search space and prevent them from overshooting, the 

random movement of the ants should be normalized using the 

following expression: 

𝑋𝜒
𝑖𝑡𝑒𝑟 =

(𝑋𝜒
𝑖𝑡𝑒𝑟 − 𝑎𝜒) × (𝑑𝜒

𝑖𝑡𝑒𝑟 − 𝑐𝜒
𝑖𝑡𝑒𝑟)

(𝑏𝜒 − 𝑎𝜒)
+ 𝑐𝜒

𝑖𝑡𝑒𝑟  (42) 

where 𝑐𝜒
𝑖𝑡𝑒𝑟and  𝑑𝜒

𝑖𝑡𝑒𝑟  represent, respectively, the minimum and 

maximum of 𝜒𝑡ℎ variable at iterth iteration; 𝑎𝜒 and 𝑏𝜒 are the 

minimum and maximum of random walk of 𝜒𝑡ℎ variable at iterth 

iteration, respectively.  

The trapping mechanism model of ant lions on the ants can 

be expressed as follows: 

𝑐𝜒
𝑖𝑡𝑒𝑟 = 𝐴𝑛𝑡𝑙𝑖𝑜𝑛ℎ

𝑖𝑡𝑒𝑟 + 𝑐𝑖𝑡𝑒𝑟  

𝑑𝜒
𝑖𝑡𝑒𝑟 = 𝐴𝑛𝑡𝑙𝑖𝑜𝑛ℎ

𝑖𝑡𝑒𝑟 + 𝑑𝑖𝑡𝑒𝑟  

(43) 
(44) 

where 𝑐𝑖𝑡𝑒𝑟 and 𝑑𝑖𝑡𝑒𝑟  are, respectively, the minimum and 

maximum of all variables at iterth iteration; 𝐴𝑛𝑡𝑙𝑖𝑜𝑛ℎ
𝑖𝑡𝑒𝑟  

represents the position of the selected hth ant lion at 

iterth iteration. 

To simulate the sliding of the ants towards ant lions, the 

limits of random walks have to be decreased adaptively and can 

be described by  

𝑐𝑖𝑡𝑒𝑟 =
𝑐𝑖𝑡𝑒𝑟

𝐼
 (45) 

𝑑𝑖𝑡𝑒𝑟 =
𝑑𝑖𝑡𝑒𝑟

𝐼
 (46) 

in which  

𝐼 = 1 + 10𝜔
𝑖𝑡𝑒𝑟

𝑚𝑎𝑥𝑖𝑡
 

 

(47) 

where 𝜔 is a constant which is determined based on the current 

iteration, this parameter (𝜔) can regulate the accuracy level of 

exploitation.  

The step before the last step of ALO is catching the ant 

rebuilding the new pits (updating the position of the selected ant 

lion). This can be mimicked by the following formula: 

𝐴𝑛𝑡𝑙𝑖𝑜𝑛ℎ
𝑖𝑡𝑒𝑟 + 𝐴𝑛𝑡𝜒

𝑖𝑡𝑒𝑟  𝑖𝑓  𝑓(𝐴𝑛𝑡𝜒
𝑖𝑡𝑒𝑟)

< 𝑓(𝐴𝑛𝑡𝜒
𝑖𝑡𝑒𝑟𝐴𝑛𝑡𝑙𝑖𝑜𝑛ℎ

𝑖𝑡𝑒𝑟) 
(48) 

where 𝐴𝑛𝑡𝜒
𝑖𝑡𝑒𝑟represents the position of 𝜒𝑡ℎ ant at iterth iteration. 

The last step in the ALO is elitism, in which the best ant lion 

determined in every iteration is sored. This is the only ant lion 

that can affect the walks of all ants. Therefore, in the MOALO, 

all ants are considered to randomly move around the elite 

antlion, similar to moving around a selected antlion. This can 

be mathematically shown as follows: 

𝐴𝑛𝑡𝜒
𝑖𝑡𝑒𝑟 =

𝑅𝐸
𝑖𝑡𝑒𝑟 + 𝑅𝐴

𝑖𝑡𝑒𝑟

2
  (49) 

where 𝑅𝐸
𝑖𝑡𝑒𝑟  denotes the random walk around the elite; and 𝑅𝐴

𝑖𝑡𝑒𝑟  

denotes the random walk around the selected ant lion. Note that 

the obtained solutions are global optimal ones since the 

developed ALO optimizer can avoid trapping in the local 

minima [42]. 

• Pareto Optimal Solution 

There is an efficient method for the multi-objective 

optimization problem called Pareto optimal approach. This 

method contains a cluster of dominant solutions that make a 

compromise between objective functions. The Pareto optimal 

solutions can be depicted in a diagram called the Pareto 

diagram. For a multi-objective optimization problem, if X1 and 
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X2 are solutions for the problem. Then, X1 may be dominant or 

non-dominant the solution X2. In general, we can assume that 

X1 dominate X2 on if: 

∀𝑜 ∈ {1,2,⋯ , 𝑘}: 𝑓𝑜(𝑋1) ≤ 𝑓𝑜(𝑋2) (50) 

∃𝑜 ∈ {1,2,⋯ , 𝑘}: 𝑓𝑜(𝑋1) < 𝑓𝑜(𝑋2) (51) 

where k is the number of control variables; o is the index of the 

objective function.  

• Best Compromise Solution (BCS) 

The non-dominated solutions of MOALO in all iterations are 

saved in a repository. Hence, it is crucial to determine the best-

compromised solution amongst these solutions. For this 

purpose, the fuzzy logic theory is utilized as a decision-maker 

[43]. The solution with the furthest distance from the worst 

solution and has the smallest distance from the ideal one is the 

best solution to the optimization problem. The worst and the 

best values of the objective function in a minimization problem 

are defined by 𝑂𝐹𝑜
𝑚𝑖𝑛and 𝑂𝐹𝑜

𝑚𝑎𝑥, respectively. The highest 

satisfaction and the lowest satisfaction are determined 

according to  the membership (μ) value as follows: 

𝜇𝑜
𝑘 =

{
 
 

 
 1,                                                 𝑓𝑜 ≤ 𝑓𝑜

𝑚𝑖𝑛

𝑓𝑜
𝑚𝑎𝑥 − 𝑓𝑜

𝑓𝑜
𝑚𝑎𝑥 − 𝑓𝑜

𝑚𝑖𝑛  ,         𝑓𝑜
𝑚𝑖𝑛

≤ 𝑓𝑜 ≤ 𝑓𝑜
𝑚𝑎𝑥

0,                                                𝑓𝑜 ≥ 𝑓𝑜
𝑚𝑎𝑥

 (52) 

where 0 and 1 represent, respectively, the lowest and highest 

satisfactions; 𝑓𝑜
𝑚𝑖𝑛  and 𝑓𝑜

𝑚𝑎𝑥 are the minimum and maximum 

values of oth objective function; 𝜇𝑜
𝑘 represents the membership 

value of kth nondominant solution for oth objective function. The 

best nondominant solution can be determined as follows: 

𝜇𝑘 = ∑ 𝜇
𝑜
𝑘

𝑁𝑜𝑏𝑗

𝑜=1

∑ ∑ 𝜇
𝑜
𝑘

𝑁𝑜𝑏𝑗

𝑜=1

𝑁𝑛𝑑

𝑘=1

⁄  (53) 

where 𝑁𝑜𝑏𝑗 and Nnd represents, respectively, the number of 

objective functions and the number of non-dominant solutions. 

V. SOLUTION PROCESS 

Here, we describe the solution process of the proposed 

planning approach for calculating the locations and sites of PV 

and WT units in distribution systems. The developed bi-level 

heuristic-based solution process is more suitable for the 

complex planning model the PV and WT units. Specifically, it 

involves three key stages: read data, run the proposed bi-level 

MOALO solver, and finally print planning results. In the first 

stage, it is required to read the full data of the distribution 

system under study, besides the parameters as well as historical 

datasets of load PV units and WT units to perform their 

combined probability model. Also, the operational limits of the 

distribution system, PV, WT, PEV units are monitored. Then, 

in the next stage, the proposed bi-level MOALO solver is 

employed to solve the planning model of RES. In particular, the 

bi-level MOALO solver involves two levels (lower-level and 

upper-level). The duties of upper-level and lower-level 

optimization are to optimally compute the decision variables of 

RES and PEVs, respectively. Algorithm 1 shows the solution 

procedure of the bi-level MOALO model for optimization of 

PV and WT systems considering PEVs in the microgrid. 

Note that the lower-level must be wholly performed until 

reaching the stopping criteria for every iteration of the upper-

level. This iterative solution process between the two levels is 

repeated till the stopping criteria of the upper-level is 

accomplished. Finally, the detailed calculated results of the 

planning problem are printed and saved. It is worth mentioning 

that the main contribution of PEV incorporation is to provide 

further benefits in terms of improving the objective functions 

through flexible charging and discharging abilities. 

VI. RESULTS AND DISCUSSIONS 

A. Test System 

In this paper, the well-known 69-bus distribution system is 

used as a test system to evaluate the proposed approach. The 

system data (line and bus data) can be found in [44]. In our 

study, this system is divided into six different zones. 

Specifically, three zones (Zone 1_PV, Zone 2_PV, and Zone 

3_PV) are applicable for the PV allocation, and the other three 

zones (Zone 1_WT, Zone 2_WT, and Zone 3_WT) are 

appropriate for the WT allocation, as demonstrated in Fig. 1. 

Four parking lots for PEVs are assumed to be connected at 

buses 33, 36, 52, and 65, as shown in Fig. 1. Each parking lot 

can accommodate 60 PEVs. The distribution of the PEVs at 

each parking lot throughout is given in Fig. 2. 

In this work, Tesla Model S batteries are employed for PEVs 

in which each battery has a capacity of 85 kWh [45]. Usually, 

the PEVs leave the parking lot in the morning (around 7:00) 

while they back home after working hours (around 18:00). 

Hence, each vehicle is expected to be plugged into the 

distribution system for 12 hours. During the parking time of the 

PEVs, the option of vehicle-to-grid (V2G) technology can be 

employed, while enough SOC for each PEV at its parting time 

for daily mileages should be guaranteed. Here, the maximum 

charging and discharging rate of each PEV is 50% of the battery 

capacity (0.5Cbatt,n) [8]. Two different types of DGs (PV and 

wind) are optimally allocated in the microgrid to minimize the 

annual energy losses and the tie-line power between the utility 

power grid and microgrid. In this research, it is assumed that 
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DGs are utility-owned, and there are candidate zones for 

allocating PV units and other candidate zones for allocating WT 

units. The proposed approach is carried out without and with 

enabling the reactive power capability of the interfacing 

inverters of the RES. To demonstrate the effectiveness of the 

proposed approach, it is assessed for single and multiple 

combinations of PV and wind generation systems. The 

historical data of solar irradiance, wind speed, and load demand 

for three years are utilized to generate their probability. These 

data are gathered from [46], [47], and [48], respectively, where 

a day throughout these three years is used to represent them. 

The simulations are conducted on MATLAB. 

B. Performance Assessment of the Proposed Approach 

To demonstrate the efficacy of the proposed approach, it is 

employed to allocate different combinations of PV and wind 

units in the grid-connected microgrid. The proposed approach 

allocates a mix of one PV unit & one wind unit, two PV units 

& two wind units, and three PV units & three wind units. It is 

worth mentioning that the ratio of these two renewable energy 

sources is considered as an input data by the system planner. In 

the current study we have considered these specified 

combinations of PV and WT units; However, any other 

combination can be solved by the developed approach. 

Figs. 3, 4, and 5 show the set of dominant points (Objective 

1 and Objective 2) for one PV unit & one wind unit, two PV 

units & two wind units, and three PV units & three wind units, 

respectively. The optimal locations and sizes obtained by the 

proposed approach and the values of the corresponding annual 

energy losses and average tie-line power are given in Table I. 

Form Figs. 3-5 and Table I, it can be noted that by increasing 

the number of combined PV&WT, which are allocated in the 

microgrid, the annual energy losses and the tie-line power 

between the utility power grid and the microgrid are 

significantly decreased. Hence, the microgrid will be more 

autonomous by increase the number of DG units. For instance, 

the annual energy loss reductions compared to the base case are 

38%, 36.5%, and 77% in the case of allocation a combined of 

one PV unit & one wind unit, two PV units & two wind units, 

and three PV units & three wind units, respectively. On the 

other hand, the tie-line power values are reduced by 80%, 84%, 

and 90% compared to the base case for a combined of one PV 

unit & one wind unit, two PV units & two wind units, and three 

PV units & three wind units, respectively. 

The hourly active power losses and tie-line power between 

the utility power grid and the microgrid are shown in Fig. 6 and 

Fig. 7, respectively. Compared to the base case, the hourly 

active power losses and tie-line power are significantly reduced 

by optimally installing PV and WT units in the microgrid. 

However, installing a combination of three PV units & three 

wind units gives better results than installing a combination of 

one PV unit & one wind unit and two PV units & two wind 

units. The optimal reactive powers injected/absorbed by the 

interfacing inverters of PV unis and WT units are illustrated in 

Fig. 8. In this figure, the positive values mean that the inverters 

inject the reactive powers, while the negative values indicate 

that the interfacing inverters absorb the reactive powers. These 

optimized reactive powers of DG inverters greatly contribute to 

minimizing Objectives 1 and 2. 

43
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Active power flow
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Fig. 1.  Single line diagram of the 69-bus radial distribution system. 

 

Fig. 2.  Hourly distribution of 60 PEVs. 

 
Fig. 3.  Pareto-optimal solutions obtained for combined of one PV unit & 
one wind unit. 

 
Fig. 4.  Pareto-optimal solutions obtained for combined of two PV units 
& two wind units. 

 
Fig. 5.  Pareto-optimal solutions obtained for combined of three PV units 

& three wind units. 
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Regarding the charging/discharging power of the PEVs, Fig. 

9 shows the charging and discharging power of the four 

different parking lots in the microgrid. To avoid results 

reptation, only the charging/discharging powers of the parking 

lots in the case of installing a combined of three PV units & 

three wind units are shown here. It is worth mentioning that the 

PEVs that arrive at the end of the previous day have been 

considered, where they would continue charging at the 

beginning of the next day. The positive powers indicate that the 

PEVs are charging from the microgrid while the negative 

powers indicate that they are discharging to the microgrid. To 

ensure that the PEVs have enough energy at the parting time for 

daily mileages, the PEV cannot be employed for V2G if its SOC 

less than 75%.  Fig. 10 depicts the SOC of the PEVs at the 

parking lot connected to bus 36. It is noticed that the PEVs can 

charge and discharge to the system (i.e. the SOC are increasing 

and decreasing) while the SOC of all PEVs at parting time is 

high enough for daily driving. Regarding the SOC of the PEVs 

at the other parking lots, they follow the same trend of the 

displayed figure. 

To demonstrate effectiveness of the MOALO, it is compared 

with two other optimizers: 1) multi-objective particle swarm 

optimization (MOPSO) [49], and 2) multi-objective 

evolutionary algorithm based on decomposition (MOEAD) 

[50] in the case of three PV & three WT units. As noticed from 

Table II, MOALO can achieve relatively better loss reduction 

and tie-line power compared to MOPSO and MOEAD. This 

improvement can be justified by the efficient searching 

TABLE I 

OBTAINED SOLUTIONS FOR 69-BUS DISTRIBUTION SYSTEM 

Item 
Base 

Case 

1 PV& 

1WT 
2PV& 2WT 3PV & 3WT 

PV locations - 51 51 66 50 60 68 

WT locations - 12 18 28 11 31 41 

PV sizes (MW) - 2.87 1.23 1.69 0.95 1.37 0.14 

WT sizes (MW) - 2.92 0.69 2.73 1.09 1.91 1.41 

Annual energy loss 

(MWh) 
1856 1149 1179 426 

Annual energy loss 

reduction (%) 
- 38.00 36.50 77.00 

Average tie-line 

power (MVA) 
4.85 0.98 0.79 0.50 

Reduction of tie-

line power (%) 
- 80.00 84.00 90.00 

 
Fig. 6.  Hourly active power losses by installing a combined of one PV 

unit & one wind unit, two PV units & two wind units, and three PV units 
& three wind units. 

 
Fig. 7.  Hourly tie-line power between the utility power grid and the 

microgrid by installing a combined of one PV unit & one wind unit, two 
PV units & two wind units, and three PV units & three wind units. 

 

 
(a) 

 
(b) 

 
(c)  

Fig. 8.  Hourly reactive power of the interfacing inverters by installing a 

combined of, a) one PV unit & one wind unit, b) two PV units & two 

wind units, c) three PV units & three wind units. 

 
Fig. 9.  Hourly charging/discharging power of the PEVs in the case of 

installing a combined of three PV units & three wind units. 
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mechanism of MOALO, which can yield the global optimal 

solutions of PV and WT locations and sizes. 

C. Effect of the Inverter Reactive Power  

In this part, the effect of the reactive power injected/absorbed 

by the interfacing inverters on the energy loss and tie-line power 

in the microgrid is studied. For this purpose, the PV units and 

WT units are optimally allocated in the microgrid. At the same 

time, the reactive power capability of the interfacing inverters 

is disabled, i.e. the interfacing inverters work at unity power 

factor. Table III shows the results of allocating a combined of 

three PV units & three WT units without considering the 

reactive power capability of the interfacing inverters. By 

comparing Table III with Table I (the case of 3PV & 3WT 

allocation), the optimal locations and sizes of PV and WT units 

are changed. For instance, the total size of the PV units is 

decreased from 2.46 MW to 2.35 MW, and the total size of the 

WT units is reduced from 4.41 MW to 4.28 MW. On the other 

hand, the annual energy loss reduction is decreased from 77% 

to 61%, and the reduction in the tie-line power is reduced from 

90% to 48%. This implies that enabling the reactive power 

capability of the interfacing inverters of the RES has a positive 

effect on increasing the hosting capacity of RES in the 

microgrid. Furthermore, it has a significant impact on energy 

loss reduction and tie-line power reduction. 

D. Effect of the OLTC      

In this subsection, the effect of transformer taps at the point 

of common coupling (PCC) between the utility power grid and 

microgrid is investigated. Table IV illustrates the results of 

installing a combined of three PV units & three WT units 

considering the OLTC at PCC as a control variable. Compared 

to Table I, the annual energy losses are reduced to only 303 MW 

compared to 426 in Table I, and the average tie-line power is 

reduced to only 0.43 MVA compared to 0.5 MVA. The 

optimal locations of PV units and WT units are different from 

those in Table I, while the total size of the PV units and WT 

units are almost the same in which they are 2.44 MW and 4.43 

MW, respectively. This means that employing the OLTC has 

an evident impact on the microgrid operation and increases the 

microgrid autonomy. The hourly injected/absorbed reactive 

power by the interfacing inverters and the optimal movements 

of the OLTC are shown in Fig. 11 and Fig. 12, respectively. It 

is manifest from Fig. 12 that the OLTC is moved 14 times 

during the day. It is worth mentioning that the positions of 

OLTC are decreased by the end of the day to keep the voltages 

within limits. This because the cumulative number of the PEVs 

which can be employed for V2G is increased by the end of the 

day. Therefore, the amount of active power that can be injected 

to the microgrid is high. 

E. Impact of the PEV Penetration 

Here, the impact of the PEV penetration on the allocation 

problem is investigated. To do so, the capacity of each parking 

lot is doubled, i.e. each parking lot can accommodate 120 PEVs 

instead of 60 PEVs. The optimal solutions obtained by applying 

the proposed approach are given in Table V. From this table, 

we can note that the increase of the capacity of the charging 

stations has an obvious positive impact on energy loss and tie-

line reductions. The results given in Table V are better than 

those given in Tables I and III in terms of annual energy loss 

reduction and reduction of tie-line power. This implies that by 

employing the V2G technology of the PEVs, the microgrid can 

accommodate a high penetration of PEVs with minimum 

annual energy losses and minimum tie-line power. The hourly 

reactive power injected/absorbed by the interfacing inverters is 

depicted in Fig. 13. 

F. Discussions  

This subsection compares the different strategies which are 

discussed in subsections B, C, D, and E in terms of the total 

TABLE III 

OBTAINED SOLUTIONS FOR ALLOCATION 3PV& 3WT UNITS 

WITHOUT CONSIDERING THE REACTIVE POWER CAPABILITY 

Item 3PV & 3WT 

PV locations 49 61 69 

WT locations 9 33 43 

PV sizes (MW) 1.57 0.27 0.51 

WT sizes (MW) 0.75 1.23 2.30 

Annual energy loss (MWh) 710 

Annual energy loss reduction (%) 61.00 

Average tie-line power (MVA) 2.50 

Reduction of tie-line power (%) 48.00 

TABLE IV 
OBTAINED SOLUTIONS FOR ALLOCATION 3PV& 3WT UNITS 

CONSIDERING THE OLTC 

Item 3PV & 3WT 

PV locations 50 61 67 

WT locations 6 32 40 

PV sizes (MW) 0.69 1.13 0.62 

WT sizes (MW) 0.69 2.44 1.30 

Annual energy loss (MWh) 303 

Annual energy loss reduction (%) 84.00 

Average tie-line power (MVA) 0.43 

Reduction of tie-line power (%) 91.00 

Number of tap movements 14.00 

 

 
Fig. 10.  SOC of the PEVs at bus 36. 
 

TABLE II 

OBTAINED SOLUTIONS BY MOPSO AND MOEAD 

Item 
MOPSO 

3PV & 3WT 
MOEAD 

3PV & 3WT 

PV locations 50 59 66 47 60 69 

WT locations 17 32 42 3 30 37 

PV sizes (MW) 0.14 1.67 0.10 0.74 0.82 0.44 

WT sizes (MW) 2.34 0.38 1.73 1.95 1.35 1.62 

Annual energy 
loss (MWh) 

467 661 

Annual energy 

loss reduction (%) 

74.80 64.40 

Average tie-line 

power (MVA) 

0.60 0.43 

Reduction of tie-

line power (%) 

87.60 91 
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capacity of PV units, the total capacity of WT units, annual 

energy loss reduction, and reduction of tie-line power (in the 

case of installing a combined of three PV units & three WT 

units). Therefore, the different strategies are denoted by 

Strategy B, Strategy C, Strategy D, and Strategy E. Fig. 14 

compares the total sizes of PV units and WT units for different 

strategies. From this figure, the minimum and maximum PV 

sizes are 2.35 MW and 2.56 MW by applying Strategy C and 

Strategy E, respectively. On the other hand, the minimum and 

maximum WT sizes are 3.94 MW and 4.43 MW by using 

Strategy E and Strategy D, respectively. Furthermore, the 

annual energy loss reduction and the reduction of tie-line power 

compared to the base case are shown and compared in Fig. 15. 

For this figure, the higher reduction in the annual energy loss is 

achieved by applying Strategy E (i.e. 86%). In comparison, the 

higher reduction in the tie-line power is achieved in Strategy D 

and Strategy E (i.e. 91%). Therefore, Strategy E is highly 

recommended to optimize PV and WT generation systems for 

autonomous microgrids with PEV-parking lots. 

 

VII. CONCLUSIONS 

In this paper, an approach has been proposed to calculate the 

optimal locations and sizes of PV and WT units in microgrids, 

considering PEV-parking lots. The merits of the proposed 

approach are the consideration of the uncertainty of generation 

profiles of PV units, WT units, loads, and the DSTATCOM 

feature of PV and WT inverters. Besides, the feasible conditions 

of PEVs are incorporated in the RES planning model, including 

1) initial and preset conditions of their state of charge (SOC), 

2) arriving and departing times and 3) various 

controlled/uncontrolled charging schemes. Another vital 

contribution is to propose a bi-level MOALO solver that 

accurately solves the planning model.  The bi-level MOALO 

solver involves upper-level and lower-level optimization, 

which optimize the decision variables of renewable energy 

sources and PEV, respectively. Both energy losses and energy 

from the main grid are considered as sub-objectives to be 

minimized by the bi-level MOALO solver. Comprehensive 

simulations and study cases have been performed to evaluate 

the effectiveness of the proposed planning approach of RES, 

considering PEVs. The efficacy of the proposed approach for 

simultaneously planning PV and WT units and managing PEV 

for autonomous microgrids. 

 
Fig. 13.  Hourly reactive power of the interfacing inverters by installing a 

combined of  three PV units & three wind units with doubling the capacity 
of the charging stations. 

 
Fig. 14.  Total sizes of PV units and WT units by different strategies. 

 
Fig. 15. The annual energy loss reduction and the reduction of tie-line 

power compared to the base case.  

 

 
Fig. 11.  Hourly reactive power of the interfacing inverters by installing 

a combined of three PV units & three wind units considering OLTC. 

 
Fig. 12.  Optimal tap movements of the OLTC. 

TABLE V 
OBTAINED SOLUTIONS FOR ALLOCATION 3PV& 3WT UNITS WITH 

DOUBLING THE CAPACITY OF THE CHARGING STATIONS  

Item 3PV & 3WT 

PV locations 50 61 69 

WT locations 7 34 44 

PV sizes (MW) 0.24 1.34 1.00 

WT sizes (MW) 1.97 0.63 1.34 

Annual energy loss (MWh) 254 

Annual energy loss reduction (%) 86.00 

Average tie-line power (MVA) 0.43 

Reduction of tie-line power (%) 91.00 
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