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Abstract. The rise of plug-in electric vehicles (EVs) 

impacts the energy demand of power systems. This study 

employed a multi-period power flow analysis on the IEEE 

123 node test system, which was optimized for the 

installation of 6-position EV charging stations. Temporal 

load shifting was utilized to control the charging intervals 

of electric vehicles. Non-dominated Sorting Genetic 

Algorithm (NSGA-II) was applied to determine the optimal 

locations for installing EV charging stations, considering 

target functions, such as total energy loss, voltage 

unbalance factor (VUF), and center load distance. The 

results showed that the center load distance resulted in the 

optimal charging station location in the central area of the 

system, different from conventional considerations. The 

results showed that installing the charging station in the 

center of the load group (case 4) increased the total energy 

loss and VUF compared to installing it at the root of the 

load group (case 3) by about 2.1134 and 1.2287%, 

respectively. However, EVs reduced impacts during 

periods of system weakness. By controlling charging 

intervals during off-peak times (case 6), total energy loss 

and VUF were decreased by 4.7070 and 5.6896%, 

respectively, which effectively reduced energy demand 

during peak periods. 

Keywords: 
center load distance, energy demand, EV charging station, 
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1. Introduction 

A. Significance and Problem 

Nowadays, there are notable variations in the load 

required by power users, which has led to a sharp rise in 

energy demand. The energy-consuming sectors include 

transportation, industrial, and household sectors. Enhanced 

and contemporary technical advancements are significant 

departures from the past, which mainly relied on fossil fuels 

including coal, oil, and natural gas. However, these fossil 

fuels adversely affect the environment. Therefore, energy 

management and the utilization of renewable energy in 

various forms to support load expansion in order to 

appropriately accommodate load changes are crucial and 

essential [1]. This is particularly true for the expansion of 

the load of electric consumers in the distribution system, 

particularly the load of electric vehicles as a contemporary 

load [2]. Electric vehicle loads are contemporary loads for 

which energy consumption prediction is challenging. Thus, 

complex user behavior and charging patterns, appropriate 

charging station placement in electrical systems, and 

appropriate administration are essential [3, 4]. 

B. Overview of EVs in the power system 

Electric vehicles (EVs) have gained significant attention 

in recent years due to their potential to revolutionize the 

transportation sector and contribute to a more sustainable 

and environmentally friendly future. As EV adoption 

continues to grow, it is essential to understand their impact 
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on power systems. This literature review provides an 

overview of research conducted on the integration of EVs 

into power systems, focusing on their benefits, challenges, 

and the various strategies proposed to manage their 

integration effectively. The increasing adoption of EVs is 

crucial in transitioning towards a greener economy, 

effectively bridging the transportation and energy sectors. 

Understanding the impact of EVs on power systems is 

essential, especially in the context of an evolving electrical 

grid [5] as shown in Fig. 1. 

Fig. 1 Integration of electric vehicle into the grids. 

A review on the integration of EVs into power systems 

delves into the multifaceted role of EVs within power 

systems, emphasizing their potential as dynamic 

components of the broader electrical grid [6]. Significant 

contributions include investigations into the role of EV 

parking lots (EVPLs) in supporting the electrical grid. This 

study demonstrates how EVPLs can actively modify their 

charging schedules in response to grid demands, thereby 

offering a flexible demand-side solution [7]. These 

developments underscore the potential of EVs in 

enhancing grid stability and efficiency, showcasing their 

proactive role in energy management. The benefits of EVs 

in power systems are manifold. They support the grid, 

integrate with renewable energy sources, and significantly 

impact emission reduction [8]. However, integrating EVs 

into the electrical power system faces challenges, including 

changing infrastructure, grid integration issues, and 

concerns about battery degradation. Addressing these 

challenges is crucial for seamless integration [9]. Ongoing 

research and innovations are vital for developing strategies 

for effective integration, such as smart charging, vehicle-

to-grid (V2G) technologies, and implementing relevant 

policy and incentives [10, 11]. Structured into three main 

sections, this overview probes the multifaceted role of EVs 

in power systems as shown in Fig. 2. It provides a detailed 

analysis of the current state of EV integration, explaining 

the innovative solutions and strategies proposed to 

harmonize the relationship between EVs and the electrical 

grid, ultimately contributing to a more sustainable and 

efficient future. 

Fig. 2 Overview of EVs in the power system. 

C. Literature Review

In recent years, market penetration of EVs has increased

substantially due to the accelerated development of EV-

related technologies; this has caused charging stations to 

experience a greater demand for charging capacity. The 

electric vehicle chargers are equipped to consume energy 

from the grid enabling the electric vehicle to operate. 

Determining the appropriate position of the charger for 

electric vehicles  in relation to the driver's usage behavior 

must be considered in order to minimize the energy use of 

the electrical system. Past research has presented principles 

for determining the appropriate location, many of which 

focus on reducing and mitigating problems with the 

electrical system [12-14]. The best location for fast 

charging stations (FCSs) is determined by using a mixed-

integer linear programming (MILP) model, examining how 

plug-in electric vehicle (PEV) owners react to changes in 

electricity prices, and an improved flow-capturing location 

model in an urban network. The distribution company

(DISCO) is obligated to offer electricity to individuals at 

exorbitant rates, resulting in customer attrition. Thus, 

investing in stations that supply consumers with electricity 

at a reasonable cost will encourage PEV owners to utilize 

their vehicles more frequently, resulting in increased 

revenue and a short payback period. Meanwhile, 

integrating the wind energy into the grid can cause 

uncertainty and make it difficult to maintain optimal 

conditions [15]. The high penetration level of EVs is 

causing new issues in future power systems due to the high 

charging load. Therefore, charging demand estimates, 

drivers’ preferences and the cost of charging stations were 

adapted and formulated to minimize the non-convex 

problem of peak charging demand using integer nonlinear 

programming. The optimal charging control was limited to 

peak demand control and did not consider the impact of 

grid losses [16]. The optimal allocation of plug-in EV 

charging stations (PEVCSs) was integrated with the radial 

distribution systems. The impact of the PEVCSs could be 

moderated by photovoltaic (PV) systems. However, PV 
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systems were defined by using static state power injection 

and were not related to solar irradiance in a realistic way 

[17]. An operational strategy to reduce the computational 

burden of high-percentage electric vehicle charging was 

proposed by using clustering techniques to group EVs with 

similar attributes and behaviors into different clusters. This 

method could reduce the complexity of charging control, 

the investment and operation costs.  The focus was on the 

energy consumption, operating costs, and state of charge 

(SOC) of EVs, rather than grid stability factors like voltage 

level and total power loss [18]. The modified Archimedes 

optimization algorithm (MAOA) was used to determine the 

optimal placement of EV charging stations in distribution 

networks under conditions of power loss, voltage 

deviation, and voltage stability index (VSI). The MAOA 

was presented as the best solution for the objective 

function. The optimal location of EV charging stations was 

defined by clustering the group that presented the best 

location based on the nearest root node of the electric 

vehicle charging stations [19]. The critical load restoration 

was presented by incorporating the spatio-temporal 

scheduling of EVs. This approach, which used an 

optimization model, examined a variety of scenarios with 

different recovery strategies, confidence levels in chance 

constraints, and penalty factors. The effectiveness of this 

strategy is convincingly demonstrated and validated within 

the study [20]. The reviewed literature employs various 

methodologies, such as centralized control strategies, PV 

generation forecasting, and coordinated control of devices 

like distribution static synchronous compensator 

(DSTATCOM) and on-load tap changers (OLTC). Their 

contributions include improved voltage regulation, 

reduced power losses, and enhanced coordination in power 

distribution systems with increased renewable energy 

integration. The discussion underscores challenges in local 

control methods, the trade-off between accuracy and 

computational efficiency, and the necessity of accounting 

for uncertainties in renewable energy penetration. These 

findings advance the development of effective control 

strategies for contemporary power distribution networks 

[21]. A novel optimization scheme of the electrical power 

system was proposed for active distribution systems. It 

achieved a 75% reduction in computational time compared 

to conventional methods. The scheme integrated voltage 

and var optimization (VVO), demand response (DR), and 

network reconfiguration (NR) strategies, addressing the 

limitations of independent handling. Tested on the IEEE 

123-node test feeder with EV and PV penetrations, it

significantly reduced peak demand and energy loss,

improving overall EDN efficiency and reliability. The

modular approach lowered the computational burden and

yielded high-quality solutions, while the optimal topology

demonstrated substantially reduced loss and unbalance

factors, showcasing its practical potential [22]. A smart 

grid management approach employed a vital algorithm for 

EV charging in unbalanced low-voltage distribution 

systems, showing effective real-time performance. This 

algorithm significantly reduced unbalanced distribution 

total power consumption (UDTPC) in various scenarios 

involving EVs. The most impactful results were achieved 

with complete EV integration, thereby improving power 

efficiency. However, it should be noted that phase 

balancing in the EV charging process   could not effectively 

reduce grid voltage unbalance, indicating an area for 

potential improvement in the system's design or operation 

[23]. A data-driven distributional robust optimization 

framework to address uncertainties in distribution network 

operation was presented by focusing on EV fleets and PV 

generation. The key contribution was the introduction of 

this innovative framework, which was applied to IEEE 34-

bus and IEEE 123-bus networks. This uniquely offered a 

practical solution to handle uncertainties and improve 

network performance. The discussion emphasized the 

advantages of this approach over traditional methods like 

stochastic programming and robust optimization, 

particularly in terms of enhancing EV availability and 

access to charging stations, ultimately contributing to more 

efficient and resilient network operation [24]. 

D. Summary of Major Contributions

This study proposed the use of the concept of center

node of group for finding the optimal electric vehicle 

charging station in a distribution network. Research gap of 

this paper is presented by the existing methods from the 

previous literature reviews as shown in Table 1. The 

optimization problem was formulated as a multi-objective 

minimization problem and solutions performed from case 

studies. The key contributions of this article are presented 

as follows: 

1) A novel framework based on the center node of a group

for electric vehicle charging stations under center load

distance techniques was proposed.

2) This framework was different from previous

frameworks presented in literature, which focused on

root node of group for installing electric vehicles

charging station.

3) The novel framework of centroid node of EVs charging

zone was used to control bus voltages, address voltage

unbalance, energy loss and energy control demand. This

approach represents the first attempt to the best of our

knowledge.

4) Multi-period was adapted to solve the optimal problem

and investigate the impact of EVs charging stations on

the distribution network.
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Table 1 Comparison with existing methods 

Ref. PM OB CM MP SP UF EL VI TL VS PS FG RG CG 

[15] BP SO -  - - - -  - - -  - 

[16] - SO DC  - - - -  -  - - 

[17] BP MO - -  - - -   - -  - 

[18] - MO DC  - - - - - - - -  - 

[19] BP MO - -  - -    -  - - 
[20] BP SO CC  - - - -  - -  - - 

[21] UP SO CC  -   - - - -  - - 

[22] UP MO CC  -    - - - -  - 
[23] UP SO CC  -   - - -   - - 

[24] UP SO CC  - - - - - -   - - 

Proposed UP MO CC     - - -  - - 

Remark:  

PM = Power flow method, BP = Balanced power flow, UP = Unbalanced power flow, OB = Objective function type, SO = Single objective 

function, MO = Multi-objective function, CT = Control method, DC = Distributed control, CC = Centralized control, MP = Multi-period power flow, 

SP = Single period power flow, UF = Unbalanced voltage factor, VI =Voltage deviation index, EL = Energy loss, TL = Total power loss, VS = Voltage 

stability Index, PS = Peak shaving, FG = Fix point charging of group, RG = Randomize  charging of group, CG = Centroid node charging of group 

2. Problem Formulation

A. Conceptual Framework of Power Flow

Analysis

An analysis of power flow was presented using 

nonlinear equation analysis method. This complex analysis 

can be applied using Open Distribution System Simulator 

(OpenDSS) [ 2 5 , 2 6 ] , a sophisticated computer tool 

developed for simulating and analyzing electrical systems. 

It is adept at simulating the operations of electrical energy 

management systems across a spectrum of power systems, 

from small-scale to large-scale. The OpenDSS is 

particularly effective in simulating the flow of electrical 

energy. Key features of this tool include the ability to 

perform voltage calculations, identify problems through 

detailed analysis, and test multiple scenarios in power 

systems by considering node current metrics. The 

application of Amitan and the voltage provided by the Node 

are demonstrated in Fig. 3 and explained in [27]. 

Fig. 3 Iteration of the OpenDSS solution for power flow problems 
based on matrices. 

B. Probability of plug-in electrical vehicles load

The behavior of electric vehicles is crucial in

determining the magnitude of the load they impose when 

plugged into the power grid. Factors such as daily start time, 

frequency of travel, driving distance (in kilometers), and 

driving duration (in minutes) influence the load of PEVs. 

The driving distance relates to the capacity of battery 

energy and is the main factor influencing the quantity of 

power used from the grid. The charging power per PEV is 

calculated based on the battery charging capacity (kW) and 

a power factor (pf) of 0.85, taking into account the SOC of 

the battery. The probability of charging can be calculated 

as shown in (1) [3]. 

( ) ( ) 2/21
, , ; 0

2

t
AF t e t N 

 
 

− −
= =   (1) 

where:
AF is the probability of charging at a given arrival 

time, t  is the time period,   is the mean value,   is the 

standard deviation of the normal distribution and N  is 

number of periods. 

C. Total energy loss of the electrical power

system

The total power loss of a system can be determined 

under constant conditions for a specified period. Typically, 

this loss is estimated during peak times of electrical power 

demand. When conducting power flow analysis across 

multiple periods, the total power loss for each period is 

identified as the total system losses for that specific period 

[28]. This concept is mathematically expressed in (2)  and 

(3). 

2

lossP I R=  (2) 

( )
1

; 0
N

loss lossE P t dt t N=   (3) 

where:
lossP  is the real power loss of the system, I  is 

current in the transmission line, R  is resistance of 

transmission line, 
lossE  is the energy loss of the system, t

is the time  period and N  is the number of periods. 

D. Voltage unbalance factor

The voltage unbalance factor (VUF) is an index used to

assess the variance in voltage magnitude across different 

phases. Inadequate design and management of a 

distribution system can lead to voltage variations when 
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load power is consumed at various intervals, which may 

cause several issues in the electrical system. Therefore, 

monitoring and mitigating these voltage variations to 

acceptable limits is crucial for the reliable operation of the 

power distribution system. According to EN 61000 and 

IEC 61000-2-4 standards for medium voltage analysis, the 

Voltage Unbalance Factor should not exceed 2%. 

Similarly, the ANSI C84.1 standard dictates that this factor 

should be controlled to a maximum of 3%. The calculation 

of the voltage unbalance factor involves the ratio of 

symmetrical components in negative and positive phase 

sequences [29], as demonstrated in (4) and (5). 

100
V

vuf
V

+

−

=  (4) 

( )max vuf ; 0VUF t t N=    
(5) 

where: ,vuf VUF  is the percentage of voltage unbalance 

factor, V +
 is the magnitude of the negative sequence 

voltage, V −
 is the magnitude of the positive sequence 

voltage, t  is the time period and N  is the number of 

periods. 

E. Center Load Distance

In this research, a principle for determining the optimal

location for installing new electric vehicle charging station 

is presented. The fundamental principle is that installing a 

charging station near the source area of the system 

minimizes system losses. Additionally, selecting an 

installation point at the center of the system is another 

important factor. To address this, we propose the 'Average 

Shortest Distance' method. This method calculates the 

average distance a motor vehicle travels from a potential 

location to the system's center in each zone. This average 

distance is then compared with the maximum distance 

within the zone. The details of this method are illustrated 

in Fig. 4 and explained in (6) - (8). 

Fig. 4 An example of center load distance. 

n
i

i

l
Center

n
= (6) 

i id l Center=  (7) 

max

i
i

d
Dis

d
= (8) 

where: Center is the center point of the zone, l  is the 

length of node (i), d  is the distance between the root node 

and any node (i) and Dis is the normalized value of distance 

function. 

F. Non-Dominated Sorting Genetic Algorithm

The Non-dominated Sorting Genetic Algorithm

(NSGA-II) is a modified version of the traditional Genetic 

Algorithm (GA) designed to address multi- objective 

optimization problems with multiple. The NSGA-II is a 

popular tool used in many research because it can provide 

reliable results in multi-objective optimization problems 

with conflicting objectives. It has efficient structure and 

working methodology allowing for fast processing. 

Therefore, NSGA-II has been widely adapted to solve 

complex optimization problems by many researchers in the 

engineering field [30-35]. The key concepts in the NSGA-

II are as follows: 

Fast Non-dominated Sorting: population members 

are sorted using the fast non-dominated sorting algorithm. 

The population members are sorted by using concept of 

Pareto dominance. 

Elite preserving operator: the population members 

that are not dominated will be directly transferred to the 

next generation till some solutions dominate them. 

Crowding Distance: maintain diversity of the 

population in generations by using the crowding distance to 

transfer them to the next generation. 

Selection Operators:  the procedure for the next 

generation is delivered by the population members and 

chosen using a crowded tournament selection mechanism.

The NSGA-II processes are repeated until a maximum 

number of generations or satisfactory convergence is 

reached. 

G. Best Compromise Solution

The best compromise solution (BCS) is a concept that

involves solving multi-objective problems. The BCS tries 

to find the most satisfying answer possible by considering 

the challenges that arise from having to compromise 

between different objectives. The problem of multi-

objective solution is selected in the best value from the 

result space. The BCS method is based on the Euclidean 

distance technique, which is used to select the best of Pareto 

result in the Cartesian coordinate system, is presented in (9) 

and (10) [36]. 

2 2 2

1 2 3D f f f= + + (9) 

( )minbest D= (10) 

where: D  is the value of the available solution for all 

objectives, 
1 2,f f  and 

3f are the corresponding objective 

functions in the feasible region. 
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3. Proposed strategy and methodology

This study modified the IEEE 123 node test system,

which is an unbalanced load distribution system that is 

similar in complexity to the actual electrical system, to 

install six charging stations in each zone, as shown in Fig. 

5. 

Fig. 5  Modified IEEE 123 node with integration of 6 charging stations 

in each zone. 

A. Load profiles of the IEEE 123 node

The energy consumption of the connected loads on the

grid, which fluctuates based on the consumption patterns of 

various electricity consumers, has an impact on time-series 

analysis of electrical systems. Data was typically recorded 

every 15 minutes, resulting in 96 periods per day. This data 

was categorized based on the type of electricity consumer, 

including small, medium, and large enterprises, specialized 

enterprises, or residential houses. However, to analyze 

power systems, the modeling of the power demand profile 

should be tailored to the specific nature of the study. This 

involves identifying seasonal load types or segmenting 

them according to periods of high and low demand within 

a day [37, 38]. In this study, we presented a profile of the 

electrical power needs of residential users. The power 

consumption patterns of businesses and industries are 

illustrated in Fig. 6. 

Fig. 6 Load profiles of study cases. 

The complexity of the IEEE 123 node test system, which 

comprises nodes with both three-phase and one-phase load 

connections, significantly complicates the analysis of 

electrical system issues. To determine the VUF, denoting 

voltage imbalance in a three-phase system, it is necessary 

to select potential nodes by calculating the sequential value 

in the problem analysis, as illustrated in Table 2. 

Table 2 Data order of three-phase for solving VUF 

Order Node Order Node Order Node 

1 1 20 51 39 86 
2 7 21 52 40 78 

3 8 22 53 41 79 

4 13 23 54 42 80 
5 18 24 55 43 81 

6 21 25 57 44 82 

7 23 26 56 45 83 
8 25 27 60 46 87 

9 28 28 61 47 89 

10 29 29 62 48 91 
11 30 30 63 49 93 

12 35 31 64 50 95 

13 40 32 65 51 98 
14 42 33 66 52 99 

15 44 34 67 53 100 

16 47 35 72 54 101 
17 48 36 97 55 105 

18 49 37 76 56 108 

19 50 38 77 - - 

B. Objective functions

In this study, objective functions were selected by

comparing three target function values to identify the 

minimum and most appropriate values based on the energy 

loss, the voltage unbalance factor and shortest distance of 

charging stations. These values' parameters were refined 

using the per unit method for a uniform comparison of 

various system values. The NSGA-II approach of the best 

compromise solution was then used to find the minimal 

value represented in (11) - (14). 

( )  1 2 3min , ,f f f f= (11) 

1 ,/loss loss basef E E= (12) 

2 / basef VUF VUF= (13) 

3 1 2 3 nf Dis Dis Dis Dis= + + + (14) 

where: 
1 2,f f and 

3f  are the objective functions, ,loss baseE

is the energy loss (Base Case) of the system, baseVUF  is the 

percentage of voltage unbalance factor (Base Case) of the 

system and Dis is the normalized value of distance of EV 

station.  

C. Constraints

Equality constraints: The power requirements of the grid 

are related to the apparatus and power system 

networks: 
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Inequality constraints: This research focused on the node 

voltage constraints, power demand of EV charging 

stations, and state of charge (SOC) of the EVs for 

charging when arriving and departing, as follows: 

min max

,min ,max

,min ,max

i i i

EV EV EV
i i i

EV EV EV
i i i

V V V

P P P

SOC SOC SOC

  


 
  

(16) 

D. Energy demand control of EVs

This study primarily focused on the effective

management of energy demand at EVCSs. The chosen 

approach was simulating Type 2 charging stations, which 

are standardized models capable of accommodating both 

single-phase and three-phase charging. These simulated 

stations were characterized by a maximum capacity of 22 

kW, an input voltage of 400 V, and a maximum current of 

32 A, adhering to the standards set by IEC 62196-2 and IEC 

61851-22/23 [13]. To facilitate this investigation, six EV 

charging stations were designated for installation, each 

equipped with six charging slots. Within the scope of this 

research, careful consideration was given to the time 

intervals for charging electric vehicles. These intervals 

were determined based on driver behaviour, closely 

mirroring the energy consumption patterns during EV 

operation. They were subsequently categorized into four 

distinct charging periods: 

 08:00 AM for morning work hours. 

 01:00 PM for afternoon work hours. 

 05:00 PM for post-work hours. 

 10:00 PM for residential charging. 

Moreover, the study implemented temporal load shifting 

as the key strategy for managing energy demand in EVs 

charging [39]. Additionally, the implementation of 

centralized control for EVs to effectively mitigate peak 

electricity demand was explored. These control strategies 

were executed in two modes: firstly, by averaging the 

charging intervals throughout the day, and secondly, by 

focusing on specific off-peak hours from 10:00 PM to 09:00 

AM. Detailed information regarding these approaches can 

be found in (17). 

,

,

; _

; _

start stop

control
start stop

Normal Time Off peak
EVs

Shifting Time On peak





(17) 

E. Solution process

It is difficult to estimate EV loads regarding the number

and energy required for charging process.  This research 

attempted to manage optimal EV charging under the center 

load distance of the charging area. Optimal location for 

installing EV charging stations was demonstrated by 

defining the charging time center and presenting the 

optimal condition under center load distance. The solution 

process was divided into six steps as follows: 

Step 1: Modifying IEEE 123 node test system to facilitate 

multi-period power flow analysis by incorporating 

residential, commercial, and industrial load profiles. 

Step 2: Partitioning the load into six zones, considering 

potential installation locations for six electric vehicle 

charging stations. 

Step 3: Simulating the load behavior of plug-in electric 

vehicles in order to ascertain the electrical energy 

requirements of charging stations. 

Step 4: Conducting a nonlinear equation analysis of the 

power flow through the COM interface between 

OpenDSS and m-files. This analysis considered the 

target functions, which consisted of electrical power 

loss, average shortest distance, and VUF. 

Step 5: Considering the optimal charging station placement 

by using the NSGA-II and simulate the control of the 

energy demand associated with EVs.  

 Step 6: Implementing the temporal load shifting technique 

to regulate the charging schedule for electric 

vehicles, using the mean charge duration over the 

course of the day and only take into account the 

charging during periods of low demand. 

The case studies for testing the system were established 

by determining the location of the EVCS and installing six 

charging stations in six zones of the system. The NSGA-II 

was used for multi-period optimization of energy demand 

control for EVCS. The centralized control for EVs was used 

for managing energy demand in EVs charging. Therefore, 

the impact of electric vehicle charging stations on energy 

demand problem was illustrated through the utilization of 

the IEEE 123 node. Controlling the energy demand of 

electric vehicles within an unbalanced electrical power 

system was delineated by categorizing it into six distinct 

cases as follows: 

Case 1: Base case, the IEEE 123 node was used for power 

flow analysis with single-period power flow 

conditions based on peak load demand. 

Case 2: Multi-period power flow was used for power flow 

analysis by determining the load profile of 

residential, commercial, and industrial areas. 

Case 3: Determined the optimal installation point for an 

EVs charging station by using multiple objective 

functions, including energy loss of the system and 

the maximum voltage unbalance factor, to simulate 

charging behavior at the EV driver's station in four 

time periods. 

Case 4: Considered the optimum installation point for EV 

charging stations using the objectives of energy loss 

of the system, maximum voltage unbalance factor, 

and the normalized value of the distance from the 

EVs station. 

Case 5: Considered installing the EVs charging station in 

the center of the load group and controlled the EV 

charge intervals averaged throughout the day. 

Case 6: Considered installing the EVs charging station in 

the center of the load group and controlled the 

charging interval EV by charging only during the 

off-peak period. 
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4. RESULTS AND DISCUSSION

This study focused on mitigating the severity of

electrification usage changes in power system during EV 

charging. The objective was to establish a foundation using 

real case electrical system analysis. It should be noted that 

charging stations cannot always be installed directly at the 

power source entry. This research highlighted key 

differences and recommendations that could be used for 

future application to actual electrical systems. The results 

of each case study are presented as follows: 

A. Case 1

This case involved the power flow analysis of the IEEE

123 node test system using a single-period power flow 

method, based on peak load demand. The analysis 

identified the maximum actual power loss to be 

approximately 13,198 kW, which occurred in transmission 

line No. 3 (from node No. 1 to node No. 7). This line is in 

the root node area of the test system as illustrated in Fig. 7. 

Fig. 7 Actual power loss profile in power transmission lines for Case 1. 

Fig. 8 VUF profiles of Case 1. 

The VUF profiles of the three-phase load connections is 

illustrated in Fig. 8 .  The analysis revealed that order 2 7 

( Node No.6 0 ) , which represented the center of the test 

system, exhibited a maximum VUF of approximately 

1 .0 6 1 5 %.  In contrast, the order 1  ( Node No. 1 ) , which 

represented the root node area, displayed a minimum VUF 

of approximately 0.2563%. Nevertheless, the mean VUF 

of the system was estimated to be around 0.7577%. 

B. Case 2

The findings derived from the simulation of the multi-

period power flow analysis indicated that the maximum 

overall actual power loss of around 14.2399 kW 

consistently occurred at period 60 (03:00 PM).  Similarly, 

the maximal total real power loss occurred at period 24 

(06:00 AM), where it remained relatively constant at 

approximately 4.4569 kW. The system consistently 

experienced a total energy loss of approximately 1,041 

kWh, which provided significant insight into the actual 

power system loss profile as illustrated in Fig. 9.  

Fig. 9 Actual power loss profile in power transmission lines for Case 2. 

Figure 10 illustrates the results of the VUF at the nodes 

connected to a transmission line in the model. The study 

found that the VUF value at each node varied according to 

the power consumption behavior of different load profiles. 

Notably, the maximum VUF value was observed at node 

number 60 during data order no. 27 (which corresponded to 

3:00 PM), with an approximate value of 0.9034%. This 

represented the coordinates and time of the weakness point 

in the test system. 

Fig. 10 VUF profiles for Case 2. 

C. Case 3

Figure 11 shows the Pareto front results of the NSGA-II

optimization method. The compromise solution method 

was used to show the optimal location for the installation of 

EV stations in zones 1 to 6 at nodes No. 1, 18, 35, 52, 80, 
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and 67, respectively. The selected solution showed that the 

energy loss of the system was about 1.6398 p.u. The voltage 

unbalance factor was about 1.1002 p.u.. 

Fig. 11 A pareto front to find the optimal location of EV stations  

for Case 3. 

The simulation results of installing the EV charging 

station at root node of the zone showed that the maximum 

total real power loss at period 55 (01:45 PM) was about 

21.1478 kW. The minimum total real power loss at period 

24 (06:00 AM) was about 4.4569 kW. The total energy loss 

of the system was about 1 ,186 kWh, which shown in Fig. 

12. 

Fig. 12 Actual power loss profile in power transmission lines for Case 3. 

Fig. 13 VUF contour for  Case 3 with installation on the root node of the 

grid. 

Figure 13 illustrates the results of the (VUF when an 

electric vehicle charging station was installed at the source 

of the power transmission system. The maximum VUF, 

observed at Node No. 61 during period 55 (01:45 PM), was 

0.9437%. This highlights a position and period of grid 

weakness that differed from Case 2. 

D. Case 4

Figure 14 presents the Pareto front obtained from the

equation used to identify the most suitable value via the 

NSGA-II algorithm. The algorithm identified the best 

compromise solution, which indicated the optimal locations 

for installing EV stations in zones 1 to 6 were at node 

numbers 7, 25, 47, 60, 82, and 99, respectively. The 

selected solution showed that the energy loss of the system 

was about 1.1604 per unit (p.u.). The voltage unbalance 

factor was approximately 1.0569 p.u., and the distance 

function value was around 0.6068 p.u. 

Fig. 14 A pareto front to find optimum location of EV stations for Case 

4. 

The simulation results of installing the EV charging 

station at center point of the zones showed that the 

maximum total real power loss at period 55 (01:45 PM) was 

about 21.2135 kW. The minimum total real power loss at 

period 24 (06:00 AM) was about 4.4569 kW. The total 

energy loss of the system was about 1,208 kWh. The total 

energy loss was higher than installing the EV charging 

station at root node of the zone (case 3) as shown in Fig. 15. 

Fig. 15 Actual power loss profile in power transmission lines for Case 4. 

Figure 16 displays the impact of the VUF for Case 4, 

where EV charging stations were installed at the center of 

the load group. The simulation of the clients' charging 
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behavior was divided into 4 time periods. The test results 

revealed that the maximum VUF at Node No. 61 during 

Period 55 (01:45 PM) was 0.9548%, indicating an increase 

from Case 2. This increase occurred in conditions without 

the electric vehicle load connection and exceeded the 

impact observed when EV charging stations were installed 

at the source of the load group (zone 3). 

Fig. 16 VUF contour for Case 4 with EVs charging installation at the 

centroid node of grid zone.  

E. Case 5

The simulation results obtained by installing the EV

charging station at the center point of the zone (case 5) 

showed that the maximum total real power loss at period 55 

(01:45 PM) was 15.7348 kW. The minimum total real 

power loss at period 24 (06:00 AM) was 5.4150 kW. The 

total energy loss of the system was about 1,167 kWh, which 

was less than that of Case 4. The charging time of the 

charging station was based on the average values of the 

daytime. The real power system loss profile is presented in 

Fig. 17. 

Fig. 17 Actual power loss profile in power transmission lines for Case 5. 

Figure 18 displays the impact of the VUF when EVCSs 

were installed at the center of the load group (zone). The 

simulation averages the clients' charging behavior 

throughout the day. The test results showed that the 

maximum VUF at Node No. 61 during Period 60 (03:00 

PM) was 0.9182%, which was lower compared to specific 

time periods for EV charging. 

Fig. 18 VUF contour for Case 5  with EVs charging  installation at the 

centroid node of  grid zone. 

F. Case 6

The simulation results of installing the EV charging

station at the central point of the zone (Case 6) indicated 

that the maximum total real power loss at Period 60 (03:00 

PM) was 14.2399 kW, while the minimum total real power 

loss at Period 32 (08:00 AM) was 5.2119 kW. The total 

energy loss of the system was 1,159 kWh, which was the 

lowest power loss among all case studies. The real power 

system loss profile is presented in Fig. 19. 

Fig. 19 Actual power loss profile in power transmission lines for Case  6. 

Fig. 20 VUF contour for Case 6  with EVs chargingat the centroid node 

of  the grid zone.  
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Figure 20 depicts the impact of the VUF when EVCSs 

were installed at the center of each load group in different 

zones. The simulation modelled the charging behavior of 

drivers, with charging being evenly distributed throughout 

the day during off-peak periods. The test results showed 

that the maximum VUF at Node No. 61 during Period 60 

(03:00 PM) was approximately 0.9034%. This value was 

lower compared to EV charging with an average daily 

distribution (Case 5). 

G. Summary of simulation results

Table 3 Summary of simulation results of the case studies 

Case 
Study  

Eloss 
(kWh) 

VUF,max 
(%) 

DIS 
(pu.) 

EVs position 
(Node No.) 

Case 1  - 1.0615 - - 

Case 2  1,041 0.9034 - - 

Case 3 1,186 0.9437 5.1310 1, 18, 35, 52, 80, 67 
Case 4 1,208 0.9548 0.6068 7, 25, 47, 60, 82, 99 

Case 5 1,167 0.9182 0.6068 7, 25, 47, 60, 82, 99 

Case 6 1,159 0.9034 0.6068 7, 25, 47, 60, 82, 99 

The test results from each case study are displayed in 

Table 3. It is observed that the actual electrical power loss 

increased in the cases where EV charging stations were 

installed (Cases 3, 4, 5, and 6) when compared to Case 2 

(No EV station). The increases for cases 3, 4, 5, and 6 were 

approximately 13.9289, 16.0423, 12.1037, and 11.3353%, 

respectively. The VUF for Cases 3, 4, and 5 also increased 

by approximately 4.4609, 5.6896, and 1.6383%, 

respectively, when compared to Case 2. However, there 

was no change in the VUF for Case 6, as the timing of EV 

charging was set to a period that the system was not 

vulnerable. The value of the Electric Vehicle Station 

Distance (DIS) significantly differed, especially for cases 

where the EV charging stations were installed at the root 

node and center point of the group. 

Fig. 21 Comparison of energy demand profiles for Cases 2 to 6 for EVs 

charging in each zone. 

Figure 21 illustrates the electric power demand profile 

corresponding to each case study. The disparity between the 

maximum and minimum electric power demands in cases 

2, 3, 4, 5, and 6 was 1,244.94, 1,897, 1,897.06, 1,223.48, 

and 1,109.28 kW, respectively, as indicated by the test 

results. In contrast, when the difference between the highest 

and lowest electrical energy demands in cases 3 and 4 was 

compared to case 2, the corresponding increases were 

52.3821 and 52.3768%, respectively. In contrast, cases 5 

and 6 exhibited decreases of 1.7240 and 10.8968%, 

respectively, when compared to case 2. The evaluation of 

the charging interval for electric vehicles revealed that 

regulating the electrical energy demand profile could result 

in an improvement in the aforementioned profiles. 

5. Conclusion

This study successfully presented a method for

determining the optimum installation point of an EV 

charging station from a central point based on the distance 

of the power transmission line.  This approach is different 

from the conventional consideration, which consider 

installations near the power supply. The center distance of 

the load group is used as an important target function for 

the installation of electric vehicle charging stations with 

complex charging patterns, which vary according to the 

driver's behaviour. The results showed that the installation 

of charging stations at the center of the load group (case 4) 

had a greater effect on loss of electricity and VUF than 

installing it at the source of the load group (case 3), with 

increases of 2.1134 and 1.2287%, respectively. The average 

distance an electric vehicle travels from a potential location 

to the center of the system is considered essential. However, 

centralized charging interval control for electric vehicles 

could reduce the impact during periods of system 

weaknesses. The results showed that the off-peak charge 

interval control (Case 6) had the lowest loss of electricity 

and VUF compared to Case 3, which was 4.7070 and 

5.6896%, respectively. In addition, centralized charging 

interval control for EVs could effectively reduce energy 

demand during peak power demand range.  

In summary, this study proposes installing EV charging 

station at the center of the load group under center load 

distance conditions. When applied in conjunction with 

controlling the timing of electric vehicle charging, it can be 

an important guideline for planning future improvements to 

the actual electrical system. 
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