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Abstract: The topic of power loss reduction in distribution systems has gained significant attention
over recent years. Despite the efforts of the European Union towards the minimization of power
losses, the decarbonization of the transport sector has raised several concerns, since charging overlaps
of Electric Vehicles (EVs) can cause extensive power losses and power quality issues. Considering
these, the present paper proposes a two-stage EV charging planning and Network Reconfiguration
(NR) methodology, addressing the problem of power loss minimization in both Low-Voltage (LV)
and Medium-Voltage (MV) Distribution Networks (DNs), respectively. In the first stage, considering
the key role of the aggregator, the EV charging planning is applied to LV DN. In the second stage, the
NR technique is applied to the MV DN, by taking into account the hourly power demand of LV DNs
as obtained by the aggregators. The proposed methodology has been applied on a benchmarked
MYV network for which each node is represented by a real LV network. The results indicate that
the proposed methodology could yield up to a 63.64% power loss reduction, in respect to the base
scenario, i.e., no charging planning and no NR are applied.

Keywords: distribution system; network reconfiguration; unified particle swarm optimization

1. Introduction

The issue of power losses has gained significant attention over recent years. The Eu-
ropean Union (EU) has recently proposed the recast COM/2021/558 [1] of the Energy
Efficiency Directive 2012/27/EU [2], in which Article 25 provides the guidelines for mem-
ber states” energy authorities to include the assessment of power losses as a separate section
in their annual progress achieved in energy efficiency improvements. The recast highlights
the necessity of power loss reduction, since they constitute a significant amount of the
annual produced energy at distribution level, as presented by the Council of European
Energy Regulators (CEER) [3]. Specifically, according to the report [3], the annual distri-
bution power losses of the member states are presented separately, and the conclusions
insist on the need for a power loss decrement in order to improve the efficiency of the sys-
tems. The issue of power losses from the perspective of the Distribution Network’s (DNs)
efficiency is also addressed in a technical report [4], which indicates that the Distribution
System Operators (DSOs) should be encouraged to reduce the distribution losses, since
they are the key actors to ensure the efficient operation of the system.

Apart from the efficiency of the distribution systems, the power losses directly affect
the energy price. The EU Agency for the Cooperation of Energy Regulators (ACER)
published a report referring to the methodologies of distribution tariff methodologies [5].
According to the report, the cost of the power losses is either transferred directly onto the
final consumers as distribution tariffs or is included in the bid price in the energy markets.
Either way, the consumers are charged for the systems’ losses.
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Despite the effort of the EU to minimize the losses of the systems, the power grids are
facing new challenges. The environmental crisis has triggered several changes towards the
reduction of greenhouse gas emissions (CO;). At the end of 2019, the European Commission
announced the European Green Deal, which is a set of policies aiming to transform the EU
into the first climate neutral continent [6]. The main aim of the European Green Deal is the
55% reduction of greenhouse gas emissions by 2030 and the 100% reduction by 2050. In
order to meet these objectives, in July 2021, the European Commission presented a set of
proposals, including the decarbonization of the transport sector. Based on this, the member
states should provide appealing incentives and recommendations to the consumers in
order to replace their conventional cars with hydrogen Fuel Cell Vehicles (FCVs) [7] or
Electric Vehicles (EVs), i.e., Plugged-in Hybrid EVs (PHEVs) [8] or Battery EVs (BEVs) [9].
Apart from FCVs, the uncertainties of EVs, i.e., time of arrival and State-of-Charge (SoC),
in combination with their uncontrolled charging can increase the peak demand of energy
consumption and consequently can lead to extensive power losses [10]. Thus, it is essential
to employ methods in order to alleviate the negative impacts of EVs’ integration into
DNs [11].

Considering the aforementioned issues, two well-established techniques towards the
minimization of power losses are Network Reconfiguration (NR) [12] and the optimal
charging of EVs [13]. These two techniques refer to different voltage levels and in many
studies are mainly employed separately. On the one hand, NR is applied to Medium-
Voltage (MV) systems in order to determine the optimal topology of DN in terms of power
loss minimization [14]. Even though in studies [15-18] the integration of EVs was also
considered, their charging plan was not studied. Instead, the EVs were utilized to examine
the hosting capacity of the system [15] or only to formulate the daily load curve [16-18].
Despite previous studies, a different approach was presented in [19]. Specifically, in [19],
the authors focused on the optimal size and location of EV charging stations under NR,
considering the impact of charging stations into the DN [20]. On the other hand, the smart
charging of EVs is used for Low-Voltage (LV) DNs and deals with power losses, voltage
violation and transformer overloading issues, due to the high penetration and uncontrolled
charging of EVs [21]. The problem of optimal EV charging has been addressed from
different perspectives, such as power loss minimization and improvement of voltage
profile [13], peak demand reduction [22] and decrement of greenhouse gas emission [23].

Some authors have also developed methodologies in order to combine both NR
and optimal EV charging scheduling. Several studies have been conducted considering
two optimization stages, meaning that NR and optimal EV charging are subjected to
different objective functions. For instance, the authors in [24] deployed NR in order to
minimize power loss, voltage deviation and load balancing indexes, while the smart
charging scheduling was applied to improve peak-valley filling. A similar approach was
also presented in [25], in which instead of load balancing, the voltage stability index
was included. A two-stage optimization methodology was also presented in [26], where
the objective to be minimized in MV DN was the cost of power, losses and switching,
while in LV DN it was the charging cost. The combination of NR alongside with EV’s
coordinated charging under the same objective function has also been examined. Despite
the aforementioned studies, the combination of NR alongside with EV’s coordinated
charging under the same objective function has also been examined. The researchers in [27]
proposed a methodology considering the minimization of power losses and the power cost.
A similar approach was presented in [28], in which the authors developed a methodology
in order to minimize the total power cost of the system.

In the aforementioned studies, the smart charging of EVs is assumed to be imple-
mented in charging stations. A different perspective was presented in [29], where the
proposed methodology was implemented considering residential chargers. The main
objective of the charging plan was cost minimization along with the peak-valley filling.
The authors in [30] also considered that EVs will be charged in residential infrastructure.
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Still, the minimization of power losses referred only to MV DN. In both studies, the authors
did not take into account the topology of LV DN.

A brief description of the implemented methodologies so far is presented in Table 1.
From the literature, it has been identified that the majority of the proposed methodologies
examine the impact of EV charging scheduling at the MV level. Yet, the existing studies
are based on the assumption that EVs will be plugged in charging stations or charging lots.
The residential charging infrastructure is omitted, even if in some countries the installation
of charging slots in blocks of flats is obligatory [31]. Although in studies [29,30] the authors
included residential chargers, the charging scheduling is implemented by assuming that
EVs are connected to charging stations or charging lots. Consequently, the topology of LV
DNss is not of concern, since all EVs are plugged in at a single charging point. Considering
the aforementioned, the novelty of the present paper lies in the fact that it considers the
topology of LV DN and examines the impacts of smart charging scheduling at the LV level.

Table 1. Literature review of the methodologies NR and optimal charging scheduling.

A . Objective Function at Multi-Hour Optimization Residential Consideration of
Reference Objective Function at MV DN LV DN Analysis Stages Chargers VL DN Topology

. Power Loss index -

Ref [24] . Load balancing index ° Peak-Valley filling v Two stages X X
. Voltage deviation index
. Power loss index )

Ref [25] . Voltage deviation index . Peak-valley price v/ Two stages X x
. Voltage stability margin index
. Cost of power )

Ref [26] . Cost of network losses o Charging cost v Two stages X X
. Cost of switching

Ref [27] . Cost of power losses v One stage X X
. Cost of power 8
. Cost of buying active and reactive power
. Switching cost

Ref [25] . Cost of power losses v One stage x X
. Cost of selling active and reactive power

Ref [29] . Power losses N Valley-Filling v Two stages v X

. Charging cost
Ref [30] . Power losses . Power losses v Two stages v X
Present study . Power losses . Power losses v Two stages v 4

Based on this and taking into account the efforts of the EU towards power loss
minimization, in this study a two-stage optimization scheme is proposed, including NR
and EV smart scheduling. In the first stage, a day-ahead smart charging plan is proposed
at LV DN, considering the technical constraints of DNs [2] as well as the key role of
aggregators in DNs’ operation [32]. More specifically, the aggregator, which is responsible
for the LV DN, applies the smart EV charging schedule to a real LV DN of 109 nodes
in order to minimize the power losses of the network. The proposed methodology is a
distributed one. Considering that at each node of the MV DN a LV DN is connected, the EV
charging scheduling is applied at each LV DN individually. A similar approach, in terms of
distributed control algorithms, is presented in papers [33-35], where the authors employed
distributed algorithms in order to minimize the total energy cost of the EVs’ fleet. In the
second stage, the DSO applies the NR to determine the next day’s optimal topology of
the MV DN, considering the load curve formulated after the deployment of the charging
plan at the LV DNs. This can lead to further reduction of power losses at the MV DN. In
both stages, the Unified Particle Swarm Optimization (UPSO) metaheuristic algorithm is
employed, considering the complexity of the problem.

Therefore, the main contributions of the present study can be summarized as follows:

o  Real-time hourly EV smart charging scheduling update in LV DNs that deals with
uncertainties in EVs’ time of arrival due to forecasting errors.
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e  Consideration of residential EV charging by taking into account the layout of a real LV
DN and using real data about the loading of the network and its electrical characteris-
tics, i.e., lines” length and impedance.

e  Power loss minimization in LV DNs due to the proper time allocation of EVs’ charging
that in turn results in smoother loading for the nodes of the MV DN and in lower
power losses at the MV network.

e  Further power loss reduction by planning the NR application on the MV DN for the
next day. The optimal reconfigured topology for the MV DN is constant for the whole
day in order to avoid frequent switching operations, e.g., hourly NR, that could result
in frequent disturbances and could impose the need for the frequent replacement of
the switches.

e  Simple and straightforward cooperation between the DSO and potential aggregators in
order to minimize the power losses and improve the power quality and the efficiency
in both MV DN and LV DNs.

The rest of the paper is organized as follows. Section 2 presents the mathematical
formulation of the objective function as well as the description of the proposed smart
charging algorithm and the NR. In Section 3, the analysis of UPSO for both charging
scheduling algorithm and NR is presented. Section 4 includes the description of the
examined LV DN and MV DN. Additionally, in Section 4, the results of the study are
presented and discussed. Finally, Section 5 concludes the paper.

2. Problem Formulation
2.1. Objective Function

The proposed methodology addresses the problem of power loss minimization in
both MV and LV DNs. The optimization is executed at two stages. In the first stage, the
aggregator which is responsible for each LV DN defines the day-ahead charging of EVs
at a residential charging infrastructure, by applying the proposed charging scheduling
technique. Considering the resistance of the LV distribution lines, the main aim is to
minimize the power losses of LV DN by preventing the extensive power demand overlaps.
In this way, lines’ overloading due to uncoordinated charging can be prevented, and
the current of the lines can be alleviated. In the second stage, the DSO determines the
day-ahead optimal topology of the system, by applying the NR. For the execution of NR,
the hourly day-ahead load demand at each MV node is obtained from the total hourly load
demand of the LV network that is coupled to each MV node. In both stages, the objective
to be minimized is the power loss, referring to either LV or MV DN, and is expressed
as follows: .

n
OF=min}_ Y g (Vl? — V2 2V;V;cos(6; - ej)) )
=gi=1
i#]
where:

t indicates the hour when the objective function is applied; T denotes the total number
of hours for which the analysis is conducted; i, j are indexes referring to the buses of the
system; g; ; is the conductance between nodes i and j; V; and V; are the voltage magnitudes
of nodes i and j; 6; and 6; express the voltage angles of nodes i and j.

The objective function is subject to several operational constraints (i.e., inequality
constraints) as expressed in (2) and (3). Power flow equality constraints are presented in
(4) and (5).

ijm S V] S ijax (2)
I < I 3)
Gp = (V,0,P5) = Ppys + Pp — CPg 4)

GQ = (Vr 6, QG) = Qpus + Qb — CQq (5)
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where:
V].min and Ve are the minimum and maximum voltage magnitudes of node j, respectively.

[["** indicates the maximum thermal threshold of branch 1.

Pp,s and Qy,,s are vectors of load flow calculated active and reactive power.

Pp and Qp indicate the loads” demand of active and reactive power, respectively.

Cis abinary n x k vector. The element (1, k) is equal to 1 in case generator k is located at
bus n; otherwise, it is equal to 0.

Pg and Qg are vectors referring to active and reactive power generation.

Gp and G are vectors referring to the difference between the demanded and generated
active and reactive power.

2.2. EVs’ Smart Charging Planning

In this study, the proposed charging planning algorithm provides a day-ahead EV
charging schedule. The charging plan is formulated considering the forecasted values of
time of EVs’ arrival and SoC as well as the technical characteristics of EVs, i.e., charging
rate and battery capacity. In the literature, several surveys have been conducted in order to
predict the travel behavior of EVs, in terms of departure time, time of arrival and length
of the trip [36]. However, since this work is dedicated to presenting the potential of the
proposed methodology, the development of the forecasting model is omitted. Instead, it is
assumed that the data utilized for the day-ahead planning are predicted values.

Although we are dealing with day-ahead planning, the EVs’ smart charging schedule
is applied on an hourly basis. Specifically, the proposed algorithm is executed every hour
(t;) of the examined time horizon (T) for as long as we have new predicted arrivals. At
each execution, the algorithm provides an updated charging plan for the remaining hours
(tis1 — T) by including the EVs that have not yet been fully charged. This implementation
improves the flexibility of the proposed algorithm since it can be employed in real-time, in
order to deal with the forecasting errors.

The day-ahead charging scheduling is derived by the charging plan of the first hour
of each execution, if new arrivals were forecasted, and by the charging plan of the last
execution of the algorithm, if no new arrivals were predicted for the remaining hours,
as presented in an illustrative example, not necessarily covering the whole time period
under study, in Figure 1. For example, in Figure 1, the grey boxes illustrate the time of the
algorithm’s execution. Specifically, the algorithm is executed for the first time at 00:00 and
provides a charging plan that will be applied from 01:00 until 07:00. Since new arrivals
are predicted at 01:00, the algorithm is executed again and provides an updated charging
plan that will be applied from 02:00 to 07:00. However, the charging plan from 01:00 to
02:00, as derived by the previous execution, remains unmodified. This process is executed
iteratively until 03:00. At 03:00, the charging scheduling algorithm is applied for the last
time, since all EVs have been arrived. The last execution the algorithm provides a charging
plan that remains unmodified from 04:00 to 07:00. The final day-ahead charging plan’s
implementation is presented by the green boxes.

O

$ N

> ‘0“5'@‘6‘(9 ‘6’5'@ ‘Q"PQ 6’590 Kl

>

. Charging plan update

Charging plan
implementation

Figure 1. Illustration of an example of the algorithm’s execution.

Each time the algorithm is executed it provides an updated charging plan. The main
constraint of the charging scheduling refers to the SoC of the EVs’ at the end of the analysis
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time period. Thus, we must ensure that by the end of the examined period all EVs should
be fully charged (SoC; = 100%). This is expressed as follows:

T(amfwﬂ

SOC,’ = Z CCIPZ'

) -100% (6)
t=1

where ChR; indicates the charging rate of EV i; ChP;; is a binary variable which is equal to
1if the EV i is scheduled to charge at hour f, and otherwise it is 0.; Cap; denotes the battery
capacity of EV i.

Since in some cases the hours required for EVs to be fully charged exceed the hours of
the examined time period, these EVs are not included in the smart changing scheduling.
Instead, considering the satisfaction of EV owners, these EVs are plugged in and charged
until their departure.

2.3. Network Reconfiguration

The NR is the process of alternating the topology of a system by changing the status
of tie-switches and sectionalizers, i.e., open/closed. At an initially radial DN, the switching
of an open tie-switch results to the formulation of a loop. Consequently, one sectionalizer
along the loop should open in order to restore the radiality of the system. In this way, the
method ensures the radial topology of the DN and prevents the occurrence of unsupplied
busses [12]. The formulation of this constraint is expressed as follows:

L
Y s =Ny—1 (7)
=1

where L is the total number of lines; s; indicates the status of the lines, i.e., is equal to 1 in
case the line [ is in service; Nj is the number of the system’s buses.

In this paper, a day-ahead NR methodology is implemented. Specifically, the load
composition of the system is determined based on the hourly day-ahead load demand of
each node, as formulated by the day-ahead charging scheduling, and remains the same
for the whole time period of the analysis. The flowchart of the proposed methodology,
including both schemes of EV charging planning and NR, is presented in Figure 2.
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Figure 2. Flowchart of the proposed methodology.
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3. Proposed Algorithm

The problem of power loss minimization that is faced in this work is a non-linear
non-convex optimization problem. A summary of the variables and the constraints are
presented in Table 2. More precisely, the problem’s objective to be minimized is non-linear
and is subjected to equality and inequality constraints. Additionally, both NR and EV smart
scheduling methodologies include continue and integer variables. Thus, in the present
study, the UPSO, which is a metaheuristic algorithm, is utilized for both EVs’ charging
planning and NR. The UPSO comprises two widely used PSO variants, i.e., Local PSO
(LPSO) and Global PSO (GPSO). On the one hand, LPSO enables the better exploitation
of the problem’s domain. However, its main disadvantage is the longer convergence. On
the other hand, the GPSO can lead to fast convergence and therefore better exploration
of the problem’s solution space. Yet, the algorithm’s exploration feature is prone to local
minima. Thus, the UPSO combines the merits of the two variants, i.e., the exploration and
exploitation capabilities of GPSO and LPSO. Although UPSO cannot ensure the optimal
solution, it has the ability to efficiently deal with non-linear non-convex problems and
provide a near optimal solution under a simple and straightforward formulation.

Table 2. Summary of number and types of variables and constraints.

Variables
Type Number of Variables
Integer 1
Binary
Continues 6
Constraints
Type Number of Constraints

Equality linear constraints
Equality non-linear constraints
Bounded constraints

[ S N

Inequality constraints

The selection of UPSO is based on the results presented in research [37]. Specifically, the
authors compared the efficiency of several metaheuristic algorithms including LPSO, GPSO
and UPSO. Even if they addressed the problem of optimal siting and sizing of distributed
generation, the main points of the addressed problem are similar to the problem of the
present study. More precisely, the objective function of both studies is the minimization of
the system’s power losses. Additionally, both problems are subjected to the same equality
and inequality constraints. Moreover, both studies deal with mixed integer problems. The
results of study [37] indicate that the computational burden of UPSO is comparable to
LPSO and UPSO.

The UPSO is a population-based algorithm that is executed iteratively. The population
of the algorithm, i.e., swarm, is defined as:

Swarm = {Py,Py,...PN} 8)
where N indicates the number of swarm particles (P). Each particle is a vector of a candidate
solution and denotes a position at the solution space. The particles” dimensions depend on

the number of problem’s variables. After each iteration (i), the velocity vector (551) of each
particle n is calculated [38] and the positions are updated as:

P =P "+3 )
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3.1. UPSO Formulation for EV Smart Charging

The UPSOs’ particle formulation for the EV charging scheduling is based on the
examined time period and the number of EVs that are plugged in and are not fully charged.
Specifically, the particles are a k X h matrix expressed as follows:

my1 Mmip - Myp
m m ... m

—EV 2,1 2,2 2,h

P, = ; } (10)
M1 Mgp - Mgy

where ﬁﬁv is the n'" particle for the EV charging planning; 1y j, is a binary variable equal
to 1in case EV k charges at time h. Otherwise, it is equal to zero. The dimensions of the
particles alternate dynamically at each execution, since the algorithm is executed each time
new arrivals are predicted. Therefore, at each execution the algorithm deals with different
number of EVs and different number of remaining hours.

3.2. UPSO Formulation for NR

The formulation of UPSO'’s particles for the NR application depends on the number of
loops. In order to define the particles” dimensions and the domain of the particles’ elements,
we have to define first the number of loops and the branches included in each loop. This is
achieved by iteratively closing one tie switch at a time and getting the lines that formulate
the loop. The iterative process is presented in Table 3.

Table 3. Pseudocode for extraction of the loops and the lines included in each loop.

Extraction of the Loops and the Lines Included in Each Loop

N = number of tie switches
loop =1
For jin range N
Close tie switch j
sj = sectionalizers and tie switch including in the loop j
num_S; = number of sectionalizers and tie switch including in the loop j
loop = loop + 1
Open tie switch n

The NR'’s particles are one-dimensional arrays and are expressed as follows:
SNR
Pi = [1’}11,7}12,...1’}1]‘] (11)
where ENR is the i particle for the NR; m;j is an integer variable denoting the index of
the sectionalizer or tie switch that will open at loop j. Each loop of the system consists of
different number of sectionalizers, thus the domain of each element is defined as:

0< Wl] < S] (12)

where S; indicates the total number of sectionalizers and tie switch included in loop j. In
case the element m; is equal to zero, no changes are applied to loop j.

The elements of the particles denote the index of sectionalizer or tie switch that will
open at loop j. Therefore, in order to ensure the radial topology of the system, before we
open the tie switch or sectionalizer, we close the tie switch of the loop. In this case, it is
possible to open again the tie switch. Additionally, there might be sectionalizers belonging
to several loops. If there is more than one element of a particle that indicates to open
the same sectionalizer, the sectionalizer of the first loop opens and the rest of the loops
remain unchanged.
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4. Results
4.1. LV DN under Study

In this study, a real LV DN consisting of 109 nodes, i.e., 108 residences, is utilized.
The system’s topology is presented in Figure 3 and the technical characteristics of the
system, i.e., length and impedance of the lines, are known. Additionally, we have available
data of the hourly load demand of each household, covering a time period of one year.
Moreover, it is assumed that each residence may have only one EV, while the EVs penetra-
tion has been set to 50%, i.e., only half residences are supposed to own an EV. In order to
assess the performance of the proposed charging planning algorithm, two scenarios have
been considered:

e  Sc#l: This is the base scenario at which the EVs start charging by the time of their
arrival and until they are fully charged. Thus, no charging planning is applied in
this case.

e  Sc#2: In this scenario, the proposed EVs’ charging planning methodology is applied.

_Hode
[Noge2]*™ ) |ND§E;D [N‘uuna\ "~ ™fNode 69
Node3 Node4 Node 31 |Node 32 Node 33| Node 37, Node 38| Node 70| Node 72/ Node 76)
Node5| [Node7] [Nodes Node 34  [Node 35 Nnd'aao Node 41 Node71] [Mode 73 Noda"" Node 79
|
Node 11 Node 42 Node 49 Node &3
& L] & Y v h | LN A | Wy —X LN
Node 12 Node 14] Node 15] Node 43 Node 44 Node 50 Node §1 Node 52| Node 75| Node 81 Node 84 Node 85 NodeEG‘
Noﬂ‘a13 Noﬂefé Nnd'217 N\odaﬂv‘ Noﬂe‘:s Nnd’e#E V\Eﬂeﬂ Nnda;’) Nod‘a55 |\‘1\06955 \Nnde’ﬂ?‘ Nn‘dESE
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[Node 19|  [Node20|  [Node21] [Node 48] [Nodes4 [Node57]  [Node 58] [Node 8| [Node9o| [Node ot
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y Y EN
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[Nnda:i?l |No‘ﬂe1iﬂ|
Node 109|

Figure 3. Low-voltage distribution network.

Since we aim to examine how the EVs’ charging scheduling affects the power losses at
the MV level, we assume that the same LV DN is connected to each node of the MV DN.
The proposed methodology is applied to each one LV DN and requires as inputs the time
of arrival, the SoC and the technical characteristics of EVs. Considering that the examined
network is a residential one, the proposed charging scheduling covers a time period from
15:00 to 06:00. This is because the EVs are expected to arrive at home sometime between
15:00 and 00:00. Therefore, the examined time period (15:00-06:00) is sufficient to ensure the
fully charging of EVs. The selected interval of EVs’ time of arrival is verified by study [39]
in which the driving behavior of the EV owners is presented, and also verified by the data
analysis conducted by Adaptive Charging Network Portal [40]. In this study, 32 LV DNs
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have been considered. Thus, for sake of illustration, the distributions of time of arrival for
two LV DN, i.e., LV#6 and LV#10, are presented in Figure 4. Additionally, the technical
characteristics of the EVs are obtained from real EV models., i.e., battery capacity of 19 real
EV models alongside with their chargers’ power, as presented in research [38]. The EVs’
have been randomly assigned to the residences. Finally, the SoC of EVs’ has been randomly
set within the range of 20% to 40%. It should be clarified that the simulations and the
results refer to BEV models. However, the type of EV, i.e., BEV or PHEV, does not affect the
implementation of the proposed methodology.

H LV#6
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Figure 4. Probability distribution of EVs’ time of arrival.

The charging planning algorithm is executed-updated per hour, in case new arrivals
are predicted. The impact of EV’s new arrivals to the charging planning of the already
plugged-in EVs is presented in Figure 5. In Figure 5, each row illustrates the charging plan
of one EV at each execution. Specifically, the green boxes indicate charging while the gray
boxes denote idling. After each execution, the algorithm provides an updated charging
plan based on the new information, i.e., new EVs arrival, SoC and car charger. Finally,
the boxes with the blue frame indicate the final day ahead charging plan. As observed in
Figure 5, this illustrated EV requires in total three hours to be charged. The initial charging
planning (i.e., first row) allocates these hours sometime after midnight. The arrival of new
EVs though at the next hour (i.e., second row) requires an update for the charging plan
since the optimization problem needs to be solve again. This is performed at each hour
with new arrivals, and this is why the charging plan at each hour is highly possible not be
the one by the end of the examined time period.
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Figure 5. EVs’ updated charging plan due to new arrival forecasts.

In order to assess the effectiveness of the proposed NR algorithm the IEEE 33-bus
distribution system is utilized that operates at 12.99 kV. The system consists of 33 busses,
32 lines or sectionalizers (s1-s32) and 5, initially open, tie switches (s33-s37). The topology
of the system is presented in Figure 6, where the dashed lines illustrate the tie switches.
Although the IEEE 33-bus system has a total load size of 3.715 MW and 2.3 MVar, in our
case this load is omitted. Instead, we assume that at busses 2-33 of the system a LV DN
exists, the one of Figure 3 as presented in the previous subsection. The hourly load demand
at each MV bus is the total hourly demand of the LV DN. This formulation is important
since it captures for the first time (at least to the best of the authors knowledge) a detailed
analysis of the load composition on the LV network and in turns it reflects these load

variations at the MV network.

————— o ————

Figure 6. IEEE 33-bus system.
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In order to estimate how the charging scheduling affects the power losses at the MV
level and assess the contribution of NR towards power loss minimization in MV DN,

four different scenarios have been implemented:
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e  Sc#A: This is the base scenario in which NR and charging scheduling are not applied
to the MV and LV DN, respectively.

e  Sc#B: In this scenario, NR is not applied to MV DN. However, the EV charging
scheduling is applied to LV DN. The aim here is to investigate how the load demand
smoothing in the LV side network could contribute to reducing power losses also in
the MV network.

Sc#C: In this scenario, the NR is applied at MV DN, while the EVs charging is not considered.
Sc#D: Both NR and charging scheduling are applied to MV and LV DN, respectively.

4.3. Results at LV DN

In this subsection, the results of the proposed EV charging scheduling methodology are
presented. The proposed methodology has been applied to 32 LV DN since, as mentioned
earlier, the LV network is considered to be connected to each MV node. Figure 7 presents
the power losses of the LV DN for Sc#1 and Sc#2, i.e., with and without the employment
of EVs’ charging planning for a time period of one day. The employment of the proposed
methodology can lead to a power loss reduction between 10.25% and 20.35%. Additionally,
Table 4 includes the average power losses for the 32 LV DNs, the average percentage
of power loss reduction and the standard deviation (SD) of the percentage reduction.
The results presented in Table 4 highlight the efficiency of the proposed methodology, since
scenario Sc#2 can yield up to a 15.48% power loss reduction on average.
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Energy losses (MWh)
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0.000 -
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BN Sc#2
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Figure 7. Power losses at each distribution system.

Table 4. Results of average power loss reduction for the 32 LV DNs.

Scenario Power Losses (MWh) Loss Reduction% (in Respect to Sc#1) SD
Sc#1l 0.1941 - -
Sc#2 0.1639 15.49 0.020

Furthermore, for both scenarios, the voltage profiles of the LV DNs have been assessed.
Specifically, Figure 8 presents the boxplots of the voltage values of each LV DN for the
total examined time period. In both scenarios, 75% of the observations are within the
acceptable voltage limits, i.e., 0.95-1 p.u., while 25% of the observations lie within the range
0.9-0.95 p.u. However, from Figure 8a, it is clear that the uncoordinated charging of EVs
can result in a prohibitive voltage drop, since many outliers with values less than 0.95%
are detected. To this point, the proposed methodology deals with extensive voltage drop
issues, since the outliers’ values are below 0.90 p.u. (Figure 8b).
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Finally, Figure 9 presents the hourly total power demand of the LV DNs for each
scenario, as well as the average demand. From Figure 9, we can conclude that the uncoordi-
nated charging of EVs leads to charging overlaps and therefore to power demand increase
at certain hours. In addition, the employment of the proposed charging planning of EVs
can result to a smoother load curve, by minimizing the peaks and filling the valleys. In
order to sufficiently compare the two load curves, the load factor (LF) indicator is utilized.
LF, as expressed in (7), is the ratio of the average power demand (Pyy¢) of the examined
period to the maximum power demand (Py;qx) occurred. The results point out that the
optimal charging plan can achieve an LF increment of 33.71%.

Pavg

LF = (13)
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Figure 9. Load curves of the total hourly power demand.

4.4. Results at MV and LV DN

In Table 5, the results of the examined scenarios are presented, including the power
losses for both the LV and MV levels. Considering Sc#A, which is the base scenario,
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the uncoordinated charging of EVs combined with the absence of NR can lead to extensive
power losses and prohibited voltage values, i.e., the lowest voltage occurred is 0.387 p.u.
Moreover, when only the EVs charging planning is applied to LV DNs (Sc#B) the power
losses can be decreased by 30.88%. Yet, the lowest voltage is 0.61 p.u. Additionally, the
employment of NR without the charging scheduling (S5c#C) can reduce the power losses by
56.12% and considerably improve the voltage of the system. Finally, the employment of the
proposed methodology (Sc#D), that includes both NR and EV charging scheduling, can
significantly decrease the power losses by 63.64% and result to further voltage improvement.
It should be clarified that in scenarios Sc#C and Sc#D the optimal topology of the network
is the same, as presented at Table 6, although the hourly load of each node differs, as
illustrated in Figure 10.

Table 5. Results of the proposed methodology.

Power Losses at Power Losses at Total Power Total Power Loss Reduction% Minimum

MV DN (MWh) LV DN (MWh) Losses (MWh) (in Respect to Sc#A) Voltage (p.u.)
Sc#A 34.61 6.211 40.821 - 0.387
Sc#B 22.97 5.246 28.216 30.88 0.610
Sc#C 11.701 6.211 17.912 56.12 0.815
Sc#D 9.598 5.246 14.843 63.64 0.864

Table 6. Open sectionalizers/tie switches.

Open Sectionalizers/Tie Switches

Sc#A s30, s31, 32, s33, s34
Sc#B s30, s31, s32, s33, s34
Sc#C s9, s14, 517, 525, s31
Sc#D 89, s14, s17, s25, s31

(a) Load demand Sc#C

(b) Load demand Sc#D

o

w

o
Power [MW]

i
R —_
25
-
20
15 - 0.18
-
10 ‘
0.12
5
- 0.06

Q0 T T T T T T T T T T T T T
15:00 16:00 17:00 18:00 19:00 20:00 21:00 22:00 23:00 0:00 01:00 02:00 03:00 04:00 05:00

Time (h)
Figure 10. Load demand for: (a) Sc#C, (b) Sc#D.

The performance of the proposed methodology is additionally assessed in terms
of voltage profile improvement. In Figure 11, the voltage profile of each scenario for
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the examined time period is presented. From Figure 11a, it is clear that for Sc#A the
system experiences intense voltage drops at afternoon hours. Even if the employment
of EVs’ charging scheduling without considering NR (Sc#B) can improve the voltage
profile, intense voltage drops are still occurred as presented in Figure 11b. Considering
Figure 11c,d, the employment of NR method can significantly improve the voltage profile.
Finally, Figure 11d points out the efficiency of the proposed methodology, i.e., employment
of both EVs’ charging scheduling and NR.
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Figure 11. MV DN voltage profile for: (a) Sc#A, (b) Sc#B, (¢) Sc#C and (d) Sc#D.

5. Conclusions

In this paper, a two-stage EV charging scheduling and NR methodology is proposed,
addressing the issue of power loss reduction in LV and MV DN, respectively. In the
first stage, the charging planning is employed considering the key role of an aggregator.
Specifically, the aggregator, which is responsible for a LV DN, applies the EV charging
scheduling, in order to reduce the power losses of the network, and provides an optimal
day-ahead charging plan. The proposed charging planning is applied every hour of the
examined time horizon in case new arrivals are predicted and provides an updated charging
schedule for the remaining time period. In the second stage, the DSO applies the NR to
MYV DN, in order to determine the optimal day-ahead topology of the system. The NR is
executed considering the hourly day-ahead demand, as formulated by the aggregators.

The results of the proposed methodology are assessed at the LV level and MV level,
respectively. The results highlight that:

e  Atthe LV level, the coordinated charging of EVs can lead to a power loss reduction
between 10.25% and 20.35%.

e At the MV level, the employment of charging scheduling can decrease the power
losses of MV DN by 30.88%.

e  The employment of both charging scheduling and NR results in a significant power
loss reduction of 63.64%.
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