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To tackle the potential grid overloading issue induced by excessive Electric Vehicles (EV) charging demand,
a Low Voltage (LV) grid congestion management algorithm with three centralised EV charging management
schemes is proposed in this study. The developed algorithm integrates grid information and aims at tackling the
foreseen congestion issues by operating on the EV charging processes. This is done through linear programming
(LP) or iterative calculations. While the first charging scheme aims at managing the congestion by only affecting
the elements with the greatest influence on the congestion, the other two aim at ensuring impartiality towards
all users and the overall energy transfer to the EVs, respectively. The simulated results are compared in terms of

performance criteria such as grid impact, user satisfaction and fulfilment of charging energy demand. Overall,
this study shows that the first scheme brings the best results from a grid perspective. On the other hand, the
last scheme leads to competitive results from a grid point of view and the best overall results from a user

perspective.

1. Introduction

The global constant growth in the number of Electric Vehicles (EV)
has led to the necessity of finding solutions to the technical issues that
are expected to arise. One of these issues is the formation of overloads
in the electrical grid due to the simultaneous charge of many EVs [1,2].
To study this phenomenon and to alleviate grid congestion problems,
a centralised EV charging control algorithm is proposed in this study.
Within this algorithm, one of three different Charging Management
Schemes (CMS) can be integrated. These schemes define the logic for
selecting charging stations where the charging power is adjusted and
have been developed focusing on three different objectives. The first
one aims at relieving the congestion by reducing the least total amount
of power, the second one aims at distributing the power fairly among
all charging stations, while the third option aims at optimising the
success of the EV charging processes. These three CMSs are carried out
via Linear Programming (LP) or iterative calculations. The algorithm
is tested on two sub-urban Low Voltage (LV) distribution grid models
with real grid data. In each grid, four different scenarios are simulated.
In the first scenario, no CMS is applied. This is a reference case to assess
the effects of uncontrolled EV charging. In the remaining scenarios,
the algorithm is implemented by integrating one of the CMSs for each
scenario. The results of these simulations are studied and compared in
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terms of performance criteria, such as grid impact, user satisfaction and
fulfilment of charging energy demand.

The methods to tackle grid congestion are generally categorised in
literature into two major groups: Distribution Network Reconfiguration
(DNR) [3,4] and Demand Response (DR) programs. Among DR, Direct
Load Control (DLC) [5,6], economic mechanisms [7], or the combina-
tion of both [8] are commonly applied. The economic mechanism-based
DR has a time scale from monthly, day-ahead to intra-day, while DLC
aims at a very short term in the unit of minutes [9]. Moreover, DLC is
more direct and accurate than the economic mechanism [10], making
DLC a better candidate for the last-minute congestion management. To
achieve the ideal congestion mitigation outcome, grid features often
need to be incorporated in both the economic and the DLC approaches.
For this reason, Distribution System Operators (DSO) usually play a key
role in the process of grid congestion alleviation.

To avoid overburdening the aggregator’s computational power,
economic-based DR mechanisms increasingly incorporate new solu-
tions. These solutions often integrate grid congestion information di-
rectly into the electricity market mechanism. Among these are Dynamic
Tariff (DT), Dynamic Power Tariff (DPT) and Distribution Locational
Marginal Price (DLMP). DLMP can be determined at each node by
solving a DC optimal power flow (DCOPF) problem. This process often
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employs the Power Transfer Distribution Factor (PTDF) concept to
establish the relationship between node injection power and line power
flow [11,12]. The DCOPF solution can also be used to calculate the DT.
In [8] the DT is calculated by the DSO for market-based congestion
management. Through DT the energy tariff is synchronised with the
load demand magnitude. Finally, DPT is the power tariff with which
the peak demand power of the customer is charged. In [7] DPT is
used as a congestion signal and an OPF is executed at the DSO side
to check the network limitations in which the PTDF is calculated.
Nevertheless, the results obtained in[7,8,12,13] suggest that none of
the congestion-adapted market methods solely can guarantee a stable
congestion alleviation outcome. This is due to the stochasticity from the
spot market price, the load demand and the behaviour of aggregators.

In order to efficiently access the local market or to calculate the
congestion-coupled electricity tariff, the DSO needs to predict the spot
market price as well as possess the whole knowledge of the load
demand of the coming period [8,12,13]. On the other hand, for the
transactive congestion mitigation algorithm, the more functionalities it
incorporates (e.g., accounting for transformer overloading and voltage
drop), the greater the number of iterations required for convergence.
This will result in longer computational times to achieve price equilib-
rium [14]. To stabilise and improve the performance, the market mech-
anism method is usually combined with another market method [8],
a grid reconfiguration [11,13] or another load response method to re-
quest extra flexibility through the DSO intervention [13,15]. However,
cross-mechanism interactions, if not thoroughly examined in terms of
financial charging schemes, grid flexibility assets, and weighing the
temporal and locational factors of each mechanism, may pose risks
to economic efficiency. They may also hinder the grid congestion
alleviation. For instance, overlapping in grid congestion consideration
across both mechanisms might lead to double charging or reward-
ing. Meanwhile, misalignment in temporal design could obstruct the
effective simultaneous operation of both mechanisms. [16].

DLC methods could be a potential solution to the congestion issues.
In [17] a decentralised Additive Increase and Multiplicative Decrease
(AIMD) based EV charging method is proposed. In this the EV charg-
ing currents are controlled locally by referring to the local voltage
fluctuations. The results showed that the AIMD-based method main-
tained the grid operation within the allowed constraints. A similar
observation was made in [18], where the adaptive AIMD (A-AIMD)
algorithm developed has excellent performance regarding transformer
loading, charging fairness and user satisfaction. The centralised convex
optimisation — whose objective is to maximise the EV charging power
within the grid limits — outperforms the A-AIMD algorithm slightly.
However, it is computationally heavy due to the grid power flow in
its optimisation procedure. Therefore, a centralised grid congestion
mitigation approach is more favourable regarding effectiveness and
computational power saving. In this a central entity (e.g. DSO) oversees
the grid operational condition and another entity like EV aggregator
executes the DLC command. In the multi-objective congestion manage-
ment algorithm developed in [19], the DSO is in charge of relieving any
grid congestion through an interactive approach with the aggregators.
During the interactive operation, the DSO uses PTDF to update the grid
congestion level dependent Pareto weight, then the aggregator uses this
weight to solve the multi-objective function. The PTDF can also be used
as a very efficient way to identify the most congested branches, as well
as to recognise through which buses the power injection has the highest
impact on the congestion [20,21].

However, DLC could disturb the EV charging process substantially
if grid congestion mitigation is the primary goal. Hence, EV user
satisfaction is another key objective to consider while alleviating grid
congestion through charging management. The expected EV connecting
time and the requested departure State of Charge (SOC) are usually
used to determine the charging urgency and hence the management
of the charging processes [22,23]. How different priority criteria vary
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the fairness in EV smart charging are extensively discussed in [24-
26]. Paper [26] compares the power and time-coordinated charging
methods in combination with three priority factors: SOC, slack time,
and allotted time/energy. The results indicate that the combination of
multiple priority criteria would achieve higher flexibility as well as
fairness with different EV types. The fairness of EV smart charging
is extended to the vehicle to grid (V2G) in research [24]. In this
study, three EV management criteria are considered: the SOC level, the
contribution to the V2G and the local load level. It is concluded that
the contribution-based charging priority method can flatten the peak
load while also shortening the EV charging time.

Following the above review and discussion, DLC appears to be a
good candidate for accurate real-time grid congestion management,
while PTDF is a great tool for identifying overloaded branches and
their level of congestion. Rather than using PTDF to calculate the
Available Transfer Capacity (ATC) or select suitable branches for DR,
as most studies do, this paper uses PTDF differently. It leverages PTDF
to determine how to adjust excessive EV charging demand to bring
overloaded elements back to their normal operational range, while
allowing for part of the load not to be met to ensure the grid is
not congested. Besides, the above-reviewed EV-charging management
research often concentrates on one main objective, which is to minimise
EV user dissatisfaction or to improve the use of the grid. Conversely,
this paper developed a PTDF-involved DLC congestion management
algorithm combining with three EV CMSs focusing on efficacy, fairness
and priority, respectively. Therefore, the main contributions of this
paper can be summarised as follows:

 Developed a high-efficacy, centralised grid congestion recognition
and mitigation algorithm with DLC mechanism involving PTDF.
This algorithm allows to efficiently select the most appropriate
EV charging processes to adjust, while also considering the degree
to which they contribute to the congestion issues. The algorithm
is combined with different EV Charging Management Schemes to
demonstrate its efficacy. The proposed control method facilitates
EV charging management but also allows for curtailment of EV
load (if necessary) to ensure grid congestion is prevented.

Three Charging Management Schemes have been developed, each
with a distinct primary objective: congestion alleviation efficiency
(aimed at reducing the least total amount of power), EV user
fairness, and optimising the success of EV charging processes.
Their performances have been compared, also in relation to an
uncontrolled scenario where no congestion management scheme
is included.

Compared to earlier works, case studies were accomplished thro-
ugh grid simulation with two real grid models, as well as real
measurement-based EV charging data. Simulation results were
analysed from both DSO and user perspectives, including: branch
overloading, voltage dip, EV charging demand satisfaction.

The overcompensation phenomenon, which appears as an impli-
cation of the algorithm itself, is also extensively discussed.

The paper is organised as follows: methodology in Section 2; grid
modelling and input data explanation, as well as scenario description
are in Section 3; simulation results and analyses are presented in
Section 4; while conclusion and recommendations are in Section 5.

2. Methodology

The proposed centralised algorithm shown in Fig. 1 adjusts the
charging power at Electric Vehicle Supply Equipment (EVSE) to mit-
igate the grid congestion considering three possible schemes. These
schemes are described in subsequent subsections: (i) PTDF-based Charg-
ing management Scheme (PCS) (ii) Egalitarian Charging management
Scheme (ECS) (iii) Priority-based Charging management Scheme (PrCS).
In the proposed algorithm architecture, the DSO detects whether grid
congestions are bound to happen as a result of EV charging requests and
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Fig. 1. Flowchart of the deployed algorithm.

sends the signal to the aggregators. This signal, in practice, represents
a request for reduction or shift in charging power at specific points
in time. This does not necessarily mean that EV charging processes
are prematurely ended but are often only delayed within the EVs’
parking duration. The aggregators and, in turn, the EV users would be
compensated for their charging adjustments through agreements such
as flexibility contracts.

The PTDF matrix is built by activating all EVSEs one at a time
and registering the effects on all the other elements of the grid to
indicate the variation in real power that occurs on all lines [27].
This is necessary to determine all EVSEs whose charging processes
have an influence on the overloaded grid elements. It should be noted
that only the nodes where an EVSE is connected have been included
in the construction of the PTDF matrix. A fixed PTDF is considered
consistent throughout the simulation, based on the assumption that the
grid condition is stable and the node voltages can be maintained within
expected boundaries [28]. Once the grid-specific PTDF matrix is built,
the charging control algorithm is ready to be launched.

2.1. Phase 1: Grid congestion detection

The algorithm evaluates whether the current grid status, in conjunc-
tion with the EV charging requests, leads to congestion issues at a fixed
time step in the scale of minutes. In a real operational environment, this
could be done by checking the smart meter readings, communicating
with the EV aggregators in combination with the background system
simulation or distribution system estimation run by the DSO [29].

All the EVs’ default charging requests at any given moment is set as
uncontrolled, which is to charge at rated power, immediately after the
EV is plugged in. In this study, congestion detection is realised through
load flow analyses.

2.2. Phase 2: Congestion diagnosis and target EVSE detection

The main characteristics of the overloading issue are identified.
These correspond to the problematic grid components such as the
charging stations involved, along with their location and the magnitude
of the issue. This phase consists of two main mechanisms that are
discussed in the following subsections.

2.2.1. Calculation of excess power through congested elements

For M overloaded grid elements — eq, e, ..., ey, ..., ey — the excess
power P, of each overloaded element is estimated. The calculations
shown here refer to the case of a congested line e, but the same logic
applies in case the element is a transformer. The line loading percentage
A is given by (1).
A= M - 100 (€D)]

Ir

where, Iy, is the current registered at the line, while I, is the rated
current of the line. In case of a transformer, the same equation is

used at the low voltage and at the high voltage side, and the highest
value is considered. The apparent phase power S, — at any phase p
— corresponding to the active (Pp) and reactive (Qp) powers is given
by (2).

Sp=Up-Ip x =P +JQp 2

Where, the phase voltage U, and the current I, are written in terms of
their complex representation in (3) and (4), respectively.

Up = Ubase(”p,real + j“p,imm) 3

I, % = Iyaee(ip real — Jipimm) = Ip(cosd; — jsing;) (€))

Here Upye (in V) and I, (in A) are the base voltage and current,
respectively, while the term I, (in A) refers to the magnitude of the
current. The term ¢, refers to the current angle. The terms u, and i, are
expressed in p.u.. Combining Eq. (3) and (4) with (2) and considering
only the real part, P, can be written as shown in (5).

Pp = Ubase(up,realcos¢i + upjmmsjnqﬁi)lp = Kload Ip (5)
P, can be rewritten in terms of A in (6).

A
Pp = mKlaadIr ()

For the maximum permitted power P};, the difference AP = P, - P’
should be reduced to resolve the overloading issue in phase p. Consid-
ering balanced operation, the three-phase excess power is calculated as
P, =3 AP for each overloaded element ey,.

2.2.2. Detection of downstream charging stations

The second part of the process consists in collecting data regarding
N EVSEs potentially available to have their charging power managed
(labelled as sy, 55, ..., Sy, ..., sy) and their influence on the congested
elements of the network. This influence is described by matrix Ay y
of size M x N. The indices a,, of matrix Ay y are directly derived
from the PTDF matrix, and they indicate the percentage of power asked
by charger s, that flows through element e,,. The index q,,, in the
matrix Ay, 5 corresponds to the absolute value of the element at the
intersection between charger s, and the element e, in the PTDF matrix.
This case applies only if all the following conditions apply.

1. The flow of power caused by the EV is in the same power
direction as the overloads.

2. Charging processes with an impact greater than a threshold of
5% on the congested element will be requested to have their
charging power adjusted. Further details regarding the thresh-
old selection and the influence of this number are provided in
Section 4.4.

3. There is an EV connected currently asking for power at charging
station s,,.

If any of the three options do not apply, the index g, , will be set
to zero.
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2.3. Phase 3: EV charging scheme execution

The EV charging management scheme is activated, and from an
uncontrolled charging start point, it determines which charging process
to adjust at which EVSE to relieve the overloaded elements. Only one
out of the three CMSs (PCS, ECS, PrCS) is used in this phase. It is
important to note that this study does not account for variations in
charging efficiency that may arise when the charging process deviates
from the rated power.

2.3.1. PTDF-based charging management scheme (PCS)

The PCS optimally distributes the power to be reduced from relevant
charging processes considering a grid point of view only. In fact, the
only parameter included in the analysis to discern among the charging
points is their influence on the overloaded elements. This information is
contained in matrix A, y. Therefore, this scheme aims at reducing the
minimum total amount of power possible, by operating on the chargers
that contribute the most to the overload. This is made by means of a
LP algorithm with an objective to maximise the power provided to the
charging stations, as in Eq. (7).

N

maximise Z prew 7
n=0 !

The variables of the optimisation analysis are P"”” P"""’ P""'”

that are the charging power at EVSES s, 5,,.... 5y, respectlvely, after
the optimisation algorithm is applied. For these variables the following
conditions apply:

Psnlew’ P;’;w, o P;l;w >0 (8)

P;lew < PSori (9)

Where P"” represents the original power request at EVSE s, before the
chargmg scheme is executed.

The constraints are built so that all congestion issues are solved
once the optimisation analysis is carried out. These constraints can be
expressed in matrix notation as in Eq. (10). In this, the vector 5 (11)
contains the difference — at all EVSEs — between the original charging
value and the new value after the optimisation (i.e. the optimisation
variables). This is in practice the power to be reduced at each EV.
On the other side of the inequality, p,(11) is a vector indicating the
power that has to be reduced from the total power flowing through
each congested element.

Ay n - By 2 P (10
where
PSort: _ P:new Pel
By = e _.R‘";w pe = sz an
P — P P,,

2.3.2. Egalitarian charging management scheme (ECS)

The ECS guarantees a fair absolute division of the burden among the
chargers, disregarding any other aspect related with their influence on
the congested elements or their need of power. The goal of the man-
agement scheme is to maximise the fairness of the reserve activation
process, with a mechanism comparable to the one illustrated in [30]. As
proved in that study, this charging management scheme also maximises
social welfare and the Nash product of all EV users utilities.

In this case, the only variable is indicated as x (x > 0) and it can
be described as the maximum charging power allowed at all EVSEs
involved in the optimisation process. The objective is to maximise the
variable x. The constraints are the same indicated in (10), but the vector
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P, of the variables is described in (12):
P;Z)”' - min{P;;”',x}
OFi _ ori
5, = PS1 mlf’l{Psl ,x} 12)

ori i ori
PSN - mzn{PSN ,x}

It should be noted that this optimisation analysis could be executed
multiple times during the same time-step. This is done in order to
avoid unnecessary power adjustments. In fact, if at the first iteration
all the variables P”e'” were set to the value x, all the overloading
problems would 1r1deed be solved. However, more power could have
been reduced at the EVSEs than what was strictly necessary to solve
the congestion.

To better explain this, it is important to consider that each con-
straint of the optimisation analysis represents a problem registered in
the grid, namely an overloaded element. However, these problems are
strongly interconnected. The same EV charging process(es) could be
the common cause of multiple overloaded elements. Therefore, once
the cause of an overloaded element has been addressed (through the
reduction of power at one or multiple charging processes), other over-
loading issues could have been solved without the need of additional
charging power reduction.

In practice, this is done by means of the concept of Slack value
o [31,32]. This represents the difference between the right and the
left side of an inequality constraint, when the variable assumes a
determined value. In other words, it is the value that returns an equality
when added to the inequality constraint.

Once the optimisation analysis is solved, the introduction of the
Slack value o allows to rewrite (10) in the form of an equality, as
Ay N Py = P, + 6,. In combination with (12), these equalities can be
written as in (13). Each line of this set of equations is indicated as C,.
ap, ~(PS"]” - min{Rf]”,x}) + -

+ayy - (PY = min{ P, x}) = P, +o,,
E (Ps'fi - min{P;ri,x}) + -
+ayy ~(PS";,"—min{PS"]:,",x})=Pez +o,, 13)

L (P;l”' - min{Ps"l’i,x}) +

+ayn- (Pf]f/i - min{P;’;/i,x}) =P, +o,,

At each iteration, after the optimisation analysis is solved, the
binding constraint C, is taken. The binding constraint is in practice
the one with Slack value equal to zero. The charging power of all
EVSEs contained in this constraint is set to min{PS": i x}. This means that
the overloading associated with constraint C, is solved. Afterwards,
it is checked whether also the other overloads, namely the remaining
constraints, are solved. If so, the algorithm stops. Otherwise, it proceeds
with the next iteration, where the previously binding constraint C, is
not considered anymore. The Pseudocode of the ECS scheme is listed
in Algo. 1.

2.3.3. Priority-based charging management scheme (PrCS)

One of the key points of this method is the definition of a priority
parameter, so to translate the urgency of power request of a charging
session into a number. This number can be compared with the ones
of the other charging stations and, when necessary, charging power at
EVSEs will be adjusted accordingly. In particular, a priority factor can
be defined for the charging session of the currently connected EV at
charger s, as

_ Atmin,n
f n = Aln

14

where 4z, is calculated as the difference T,, — , with ¢ representing
the time of calculation and 7,, the expected departure time of the
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Algorithm 1 Egalitarian Charging management Scheme (ECS)

1: done = False
2: while not done:
3: run optimisation and get x
4: if all Slack values are different than zero:
5 done = True
6: else:
7 get constraint C, with Slack value equal to zero
8 set power at all chargers s present in C,
at min{ P, x}
9: remove constraint Cy
10: if power is set at all chargers in all constraints
11: done = True

vehicle connected. The term 4t,,, , refers instead to the minimum time
necessary to complete the charging process and it is calculated as
dch n

Atmin,n = P_ (15)

rn

Where d,, , is the remaining charging energy asked by the vehicle and
P, , is the rated charging power of the EV.

Similarly to one parameter in the work of Kumar et al. [26], the
priority of charging is translated into f, by comparing the minimum
time necessary to complete the charging process with the actual time
available. However, differently from [26], in this study no distinction
is introduced between equivalent and minimum number of time steps
required, and only the minimum time required at rated charging power
is used. This priority factor f, gives an indication of how urgent is
the need of power at the studied element: the closer it gets to 1,
the more urgent it needs power to charge its EV. In case f, > 1,
it will not be possible anymore to fully accomplish the original user
charging demand. This parameter is used to decide which EVSE should
be managed first to have their power reduced, in order to cause the
least dissatisfaction possible. To do so, the EVSEs with a low f, should
have their charging power reduced first and the ones with a f, close to
1 should not be reduced at all.

faic: 1s defined as the dictionary that associates all EVs involved in
the charging management process with their priority factors organised
in increasing order. This can be obtained once all the output data from
Phase 2 is collected. The description of this scheme can be found in
Algo. 2.

Algorithm 2 Priority-based Charging management (PrCS)

1: overloads = list of all overloaded elements

2: for s, in fu;.:

3. sub_overloads = sub-list of elements from
overloads where corresponding value of s,
in PTDF matrix is > 5%

4:  if sub_overloads not empty:

5: PS':"W =0

6: create empty dictionary SOL;.,

7: for elem in sub_overloads:

8: SOL,;[elem] = True if elem not
overloaded anymore, checked via
Eq.in (10)

9: if all elem in SOL,,, are True:

10: maximise ng“’ such that all elem
in SOLy,,, are still True

11: for elem in sub_overload.s:

12: if SOL;. [elem] = True:

13: remove elem from overloads

14: if overloads empty:

15: break
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3. Modelling of elements and scenarios
3.1. Grid features

The congestion management algorithm has been coded in Python
and tested via simulations on PowerFactory. The simulations have been
run on two different LV grids. These are real Dutch sub-urban distribu-
tion grids provided by the DSO Enexis. Their main characteristics can
be found in Table 1.

All charging stations and regular loads included in the models are
linked to nodes with a 3-phase connection. This simplification has been
introduced in the model to increase the convergence ratio of the sim-
ulations, which otherwise resulted too complex to reach convergence
at many time-steps. This assumption is in line with the intention of the
authors not to include phase unbalance issues in the study, being it a
distinct and extensive topic.

3.2. PV and load profiles

The baseload profile used for this study has been modelled on
the base of the load characteristics included in the grid models, in
combination with the Dutch normalised profiles [33]. These normalised
profiles cover various connection types in different scales including
household, business, agriculture and industrial usages. The load type
as well as their yearly energy demand are provided in the original grid
models.

To model the PV profile a previous study has been used as a
base [34]. For both sub-urban grids used in this study a 15% PV
penetration has been implemented, with a peak rated power of 2.5 kW
assumed for each installation [35,36].

3.3. EV data

The EV data concerns two main aspects in particular: the charging
behaviour of the EV users and the composition of the EV fleet, i.e. the
electric vehicle models currently in circulation. Such a list of the most
common EV models currently in circulation has been implemented on
the base of the Dutch market data [37].

The EV charging behaviour includes all the key habits that can be
registered of a EV user, such as EV arrival and departure time, charging
energy request, and the frequency of the charging processes. This data
is derived from a previous study that analyses the data of a significant
number of charging sessions [38,39]. Based on the study, EV charg-
ing profiles are identified as home, semi-public and public charging
featured sessions. In the case of a sub-urban grid, the percentage of
home profile types represents 50% of the total sessions. The remaining
half is equally divided between public and semi-public profiles. This
is further described in [1]. The EV charging stations are modelled in
PowerFactory as LV loads with a three-phase AC connections and a
maximum of 32 A per phase.

The EV penetration is defined for each grid as the percentage of
electric vehicles with respect to the total amount of vehicles registered.
Different EV penetrations can be simulated by increasing the amount
of EV charging sessions and, in turn, increasing the number of charging
stations.

The detailed description of the grid models, and how the simulation
data were generated can be found in previous works [1,2].

3.4. Simulation setups and scenarios

The simulations have been run by means of load flow analyses
executed on intervals of 10 min. For each load flow the diagram in
Fig. 1 applies and provides an overview of the algorithm logic, as
explained more in details in Section 2.

All the simulations to test the different CMSs have been run on
the previously described models. In particular, eight different scenarios
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Table 1
Summary of grids’ characteristics.
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Grid No. households Energy demand PV installed Avg. line length Longest feeder length No. transformer
[MWh/y] [kwp] [m] [m]
1 475 1394.1 180 7.3 566.0 1 x 400 kVA
2 266 800.8 100 8.1 546.6 1 x 400 kVA
Table 2
Simulation scenarios and main results.
CMS Amax [0p] Amax [0p] Smax [%] R [%] Ry [%] EZ*8 [kWh] Fepr [%] NNP
Grid 1: 50% EV penetration
1 OFF 146.03 160.42 / 100 0 0 0 1
2 PCS 99.99 99.99 13.79 92.27 10.97 10.68 69.58 0.9230
3 ECS 100.04 99.93 8.38 94.34 12.65 6.76 44.04 0.9449
4 PrCS 100.15 99.94 18.84 99.79 4.00 0.44 2.87 0.9986
Grid 2: 100% EV penetration
5 OFF 118.08 102.06 / 100 0 0 0 1
6 PCS 99.99 99.88 1.77 99.86 0.34 6.19 40.06 0.9983
7 ECS 100.00 95.01 1.74 99.93 0.80 1.35 8.74 0.9993
8 PrCS 100.00 99.56 2.54 99.99 0.11 0.02 0.13 1.0000
have been simulated, as detailed in Table 2. All the scenarios simulate — Sc1:0FF —-— Sc.2: PCS Sc.3: ECS oo Sc.4: PrCs
an entire week in Winter, as the PV generation is lower and the EV
impact on the grid was expected to be more significant. 150 A A
The percentages of EV penetrations simulated in the two grids have g ’J‘h\
been selected with the objective to simulate a congested grid condition. LR k1
To this end, Grid 1 presented more severe loading conditions. In fact, 3,55 )
it has been sufficient to increase the EV percentage to 50% in order to S
c

observe overloading phenomena up to 160% in the uncontrolled charg-
ing scenarios. On the other hand, for Grid 2 it has been necessary to
increase the EV penetration up to 100% in order to register significant
activations of the charging schemes. In this case, though, the maximum
loading percentages observed always stayed below 120%.

4. Simulations results

In this section the simulation results are presented and analysed
from three points of view: the grid congestion mitigation, the user sat-
isfaction and the overcompensation of grid overloading. The overview
of the overall performance of the three methods are listed in Table 2.

4.1. Grid congestion mitigation

The improvements to the grid performance brought by the three
CMSs can be observed forthrightly with two main parameters: the
maximum transformer loading (/li‘r‘?x) and the maximum line loading
(AE‘”‘). For each time step, the loading of all transformers and lines
are determined using Eq. (1) and then (Ag‘fax), (/1{:‘1"‘") represent the
highest loading recorded across all transformers and all lines in the
grid, respectively. The maximum of these values registered during the
whole week of simulation are reported in Table 2 as AT and AP,
respectively.

It can be seen from Table 2 that all three CMSs managed to keep the
loading percentages of both transformer and lines within the desired
value of 100%. The maximum positive deviation observed is of 0.15%
in the fourth scenario.

An overview of the results can also be observed in Fig. 2, which
reports the effects on the maximum loading percentages registered at
lines and at the transformer in grid 1. In particular, Fig. 2.B highlights
the presence of a ‘valley filling’ effect. In fact, the high loading values
registered in Scenario 1 — with peaks higher than 150% - are spread
throughout the whole evening in the other 3 scenarios. In these the
loading percentages are constantly below 100%. This can be also
observed in Fig. 4.A, where the daily peak of EV power — greater than
200 kW - is moved to a later moment in the night.

150

Max load.
transf. (A7) [%]

m—‘_.__’
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Fig. 2. Scenarios 1-4: comparison of max loading percentage at (A) lines and (B)

transformer.
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0.98
0.96
3
&
o 0.94
<)
]
So092
¢
[3
N ¢ s
0.90 b {3 L4
Node B Node C Node D
Node

Fig. 3. Scenarios 1-4: comparison of voltage distribution at the three most distant
nodes from the transformer, with a connection to: (A) home charging station, (B) public
charging station, (C) semi-public charging station. Node (D) is the node with the lowest
average voltage registered during the simulation of the uncontrolled scenario (Scenario
1.
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The distribution of the node voltage of scenarios 1-4 are presented
in the form of box plot in Fig. 3. In this graph four representative nodes
are included.

From this graph it is possible to observe how the median value of
the voltage decreases with the implementation of all CMSs. All three
schemes kept the voltage less spread out, i.e. with lower inter-quartile
ranges. In particular, the average value of this range for the four points
considered is around 0.029 p.u. for the uncontrolled scenario, 0.026
p-u. for the ECS and around 0.022 p.u. for both PCS and PrCS. This can
be explained as the integration of the algorithm of Fig. 1 — with any of
the three CMSs — allows a better use of the available grid capacity. In
contrast, in the uncontrolled scenarios, very low voltages are registered
during peak hours — which lead to lower whiskers below 0.9 p.u. —
while at all other moments very stable voltage conditions are present
in the network. On the other hand, no significant effects are registered
on the upper whiskers.

As expected, from a voltage point of view, the PCS is the solution
that performed the best of all three charging management schemes.
In fact, it led to the lowest inter-quartile range (together with PrCS).
Besides, the PCS also resulted in the lowest drop in the median value,
with respect to the uncontrolled scenario. The average drop in the
median value registered at the four points considered is approximately
0.0011 p.u. for the PCS, against the drop of 0.0019 p.u. and 0.0014
p-u. for the ECS and the PrCS, respectively.

The scheme that registered the worst voltage results is the ECS. Next
to registering the highest drop of the median value, it also shows the
worst results in terms of lower whisker. The average lower whisker
improvement — of all four points with respect to Scenario 1 —is 0.0072
p.u. for ECS, against 0.0135 p.u. for PCS and 0.0123 p.u. for PrCS.

4.2. User satisfaction

All three CMSs share the same fundamental mechanism, which is
to reduce the excessive simultaneous charging request and delay the
charging process as much as possible. By doing so the grid overloading
is limited. However, the delayed charging process can also lead in
some cases to a lower departure SOC for some EVs, with respect to
the uncontrolled scenario. In fact, in the uncontrolled charging scenario
the EVs get the maximum requested amount of energy technically
obtainable during the parking time, disregarding all grid congestion
issues that might occur.

One important aspect to consider is that whenever a charging
process is adjusted to avoid grid congestion, the logic behind restricting
one request instead of another will affect the satisfaction of EV owners.
This section focuses on addressing the concept of fairness, using user
satisfaction as a proxy quantitative parameter to fairness. It specifically
examines one key question: to what extent has the charging of a limited
number of EVs been restricted to ensure that all other requests are
fulfilled? Or in other words, how evenly has the burden of resolving the
congestion issue been distributed across the various charging stations?

In this study, the number of ‘failed charging process’ (Jg,;) is defined
as the absolute number of charging sessions performed by one of the
three CMSs whose departure SOC is lower than the same session in
the uncontrolled charging scenario. The charging energy received with
uncontrolled charging strategy is considered as the ideal requested
energy and is taken as a reference. In the following text, the term
‘requested energy’ is used.

The percentage of failed charging process (Rg,;) is used to evaluate
the user satisfaction and is reported for each scenario in Table 2. This
percentage is calculated as the absolute number of failed charging
process (Jg,;) divided by the total number of EV charging processes
simulated (Jy,)

Jeoi
Reaj) = % (16)
tot
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Another criteria employed for user satisfaction assessment is the
total delivered charging energy ratio R.,. This is calculated as

Eobt
Repr = — 17
chr Ereq a7
where E,,, refers to the sum of the requested energy of all EV charging

processes simulated, while E_;, refers to the sum of the energy that was
successfully provided during all charging processes. Therefore, it can be
considered as a general indication of how the three CMSs performed in
the simulated scenarios.

Looking at this last parameter from scenarios 2 to 4, the best results
are obtained, in order, by: the PrCS (99.79%), the ECS (94.34%) and
the PCS (92.27%). The same pattern is observed when considering
scenarios 6 to 8, with percentages of total energy delivered of 99.99%,
99.93% and 99.86% for the PrCS, ECS and PCS, respectively.

However, looking into the details of what happens in the individual
charging session, it is possible to make the following observations. The
ECS case (scenarios 3 and 7) shows a higher total EV energy delivered
(Rep,) than in the PCS case (scenarios 2 and 6). However, the former
has a Rg,; higher than the latter by 1.68% (comparing scenarios 2 and
3) and by 0.46% (comparing scenarios 6 and 7). In other words, the
ECS has led to a higher percentage of failed charging processes with
respect to the PCS.

This can be easily explained by looking at the last few columns
of the table. The average failed energy of each scenario (EfeV(f) is
calculated as
Ereq - Eobt

E&8 _

fail — 18

Jtail

In the table it can be observed that the average failed energy
is significantly higher in the PCS scenario with respect to the ECS
(e.g. 10.68 kWh against 6.76 kWh for scenarios 2 and 3, respectively).
The conclusion is that the ECS leads to a higher number of failed
EV processes — which translates into a higher number of dissatisfied
users — but with a lower dissatisfaction level for each user. This ob-
servation does not come unexpected, as the main purpose of the ECS
is to distribute the burden of the charging power reduction as fairly
as possible to the EVs. On the other hand, the PCS only looks at
which charging stations allow to solve the overloading issue reducing
the lowest amount of charging power possible. Therefore, the power
adjustment burden is not shared fairly among charging stations and
there is a higher chance that a smaller amount of EVs (with respect
to the ECS) will see their charging process adjusted. The PrCS instead
shows overall the best results, with a charging process failed percentage
of 4.00% and an average failed energy of only 0.44 kWh for scenario
4. Similar observations can be made for scenarios 6 to 8.

The second to last column of Table 2 offers a clearer perspective
on the average energy that has not been delivered during the failed
charging processes (r,.). This is calculated by dividing the average
failed energy (E; ‘;f) of each scenario by the average requested energy

. s avg :
of all charag‘,;ng processes that failed to be completed (Ereq’ fail), as in
fail
Fehr = —avg 19)
req, fail

The PCS scenarios show the most critical results, where this percent-
age reaches almost 70% in scenario 2 and slightly over 40% in scenario
6.

A final parameter to assess the fairness of the different CMSs is the
Normalised Nashed Product (NNP) [30,40]. This parameter reflects the
balance between competing interests and is independent of the scale of
the individual utilities. This is used to assess the fairness of the energy
distribution among all the EVs during the different charging processes,
and is defined as

‘ltot dObt, _l

j=1 dreq, j

NNP = "ot (20)
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where d.q ; represents the energy requested by the EV at each charging
process j, while d,.q j represents the total energy obtained by the EV
before its departure. The value for each scenario is reported in Table 2.
These findings align with the observations from previous parameters.
From a user satisfaction standpoint, PrCS consistently delivers the best
overall results. In terms of fairness, ECS does show improvements
compared to PCS. However, its fairness performance remains inferior
to that of PrCS. This leads to the conclusion that prioritising fairness in
the short term (i.e., on a single time-step basis) does not result in the
fairest distribution of energy over the long term.

4.3. Overcompensation of grid overloading

The main reason behind the outstanding performance of the PrCS
is the fact that the charging stations with a more urgent need of
energy are never requested to reduce their charging power if not strictly
necessary. The urgency of the request is translated into a higher value
of f,, as in Eq. (14). On the other hand, the charging stations with
lower f, value are kept waiting so to give priority to the more urgent
requests. Although following a different charging management scheme,
also in the case of PCS and ECS some EVs are kept waiting or have their
charging power adjusted when overload issues are registered.

A direct consequence of this approach is the formation of longer
‘waiting lines’, as it can be observed in Fig. 4.B. This can be observed
through the average daily peak of waiting EVs, which is defined as
the average of the daily maximum number of EVs simultaneously
requesting charging power, calculated over the simulated week. The
increase of this value with respect to Scenario 1 is 64.3%, 77.2% and
127.7% for Scenarios 2, 3 and 4, respectively. The same parameter
increases for Scenarios 6, 7 and 8 — with respect to Scenario 5 — by
2.3%, 4.5% and 20.2%, respectively.

When considering the area below the curve of the number of active
EVs, the increase of Scenarios 2, 3 and 4, with respect to Scenario 1
is 68.6%, 77.4% and 143.1%, respectively. A similar pattern, although
less pronounced, is registered for Scenarios 6, 7 and 8, with respect to
Scenario 5, with percentages of 1.7%, 1.9% and 7.5%, respectively.

The formation of these waiting lines can be viewed positively, as
it helps maintain control over loading conditions by adjusting certain
EV charging processes. On the other hand, this increase in the number
of waiting EVs directly affects the performance of the CMSs. It can be
observed in Fig. 2.B that the transformer loading value during peak
hours of scenarios 2, 3 and 4 does not follow exactly the 100% line, but
tends instead to create a valley shape. This is due to the fact that K,,,,
(in Eq. (6)) is voltage dependent. The charging power to be reduced is
calculated under voltage conditions that improve (increase) once the
congestion issue in the network is actually solved. This improves in
turn the loading condition of lines and transformer. This effect is more
relevant when a significant amount of charging power is adjusted. This
is visible in Table 2, where the value 6., is reported in Eq. (21).

Amax Amax } }week (21)

Omax = max{100 — max{A £, A7

This represents the maximum over-compensation phenomenon reg-
istered during the whole week of each simulation. Table 2 shows
that the over-compensation phenomena in the simulations of Grid 2
is significantly lower than in Grid 1.

Similarly, in both grids there is a higher over-compensation pres-
ence in the scenarios where higher waiting lines form. The consequence
is that, although all three strategies (PCS, ECS and PrCS) lead to the
occurrence of overcompensation phenomena, this phenomenon is more
present in the PrCS case. This means in practice that PCS and ECS allow
to use the grid to a slightly fuller extent than PrCS (by following the
100% line more closely), although their overall performance appears
to be lower than PrCS (as shown in Table 2).

The reduction of this overcompensation phenomenon by means of
a correction factor resulted in inconsistent results depending on the
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Fig. 4. Comparison of (A) registered EV power and (B) number of EVs requesting
power to charge for scenarios 1-4.

magnitude and the exact location of the overloading issues. Therefore,
no correction factor has been included in the algorithm. Another way
to tackle the phenomenon is to integrate in the algorithm a correction
mechanism that considers the effect on the voltage of the charging
power adjustments. However, this is expected to add great complexity
to the algorithm, which in turn, leads to a longer computational time.

4.4. Choice and effect of the threshold value for downstream charging
stations

For this work, a threshold value of 5% was used for the detection
of downstream charging stations. The decision of the threshold value
should be regarded as a balance between a ‘regulatory’ choice and grid-
specific considerations. For what concerns the regulatory aspect, the
choice of a threshold value determines the contribution after which
an EV is considered responsible to a congestion issue. On the basis
of this, an EV will be taken into account when adjusting charging
processes. For what concerns the grid specific considerations, the choice
of a threshold value is severely dependent on the grid itself. Generally
speaking, the values of the PTDF matrix tend to be more uniform and
less extreme in a highly meshed grid as the power flows redistribute
across multiple lines. Hence, a lower a threshold value can be selected
for a highly meshed the grid. The value of 5% was found to be a good
balance between the regulatory choice (after which an EV is considered
responsible for a congestion situation) and the grid-specific situation (a
value that fits with the topology of both grids studied).

Regarding the sensitivity of the threshold value:

+ In the case of PCS, no significant change in the results is observ-
able at the change of the threshold value. This is because the
algorithm selects only the chargers with the greatest influence
on the congested elements (i.e. with the highest PTDF values
associated).

In the case of ECS and PrCS, the higher the threshold value, the
closer the performance of the algorithms to the PCS. Setting a
higher threshold value forces the algorithm to operate only on the
charging processes with the greatest influence on the congestion
issues (which is the main objective of PCS).

In the case of ECS and PrCS, lowering the threshold distributes the
‘burden’ more equally to solve the congestion issue among more
EVs (even to those with very little influence on it). This makes the
congestion management less efficient (as more total power needs
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to be curtailed to solve the same congestion issue). However, the
user satisfaction is more equally distributed as well.

5. Conclusion and recommendations

Correctly managing the EV charging processes can be a key ele-
ment to prevent the occurrence of congestion issues in the grid, while
still delivering the required energy to the vehicles. In this study, a
PTDF-based congestion mitigation algorithm has been developed to
maintain the loading conditions of a congested grid within the desired
limits. This was used in combination with three charging management
schemes, which have all been tested and compared. The activation
of all three schemes was successful to solve overloading conditions
at both the transformer and the lines, with a negligible error. Their
integration also led to a better use of the available grid capacity, which
affected, in turn, the voltage distribution in the network. However,
the different objectives of the three management schemes resulted
in different outcomes for what concerns the user satisfaction. When
comparing the ECS with the PCS, the conclusion is that the former leads
to higher number of dissatisfied users with respect to the latter, but
with a lower dissatisfaction level for each user. This is in line with the
objective of the ECS algorithm to maximise fairness. On the other hand,
the PCS is the scheme that resulted in the highest average charging
energy that was failed to be delivered, both in absolute and relative
terms. Overall, the PrCS is the scheme that performed the best, with the
lowest percentages of failed charging processes and the greatest total
delivered charging energy ratio. From a fairness perspective, this leads
to the conclusion that PrCS also delivered the fairest distribution of
energy over the long term.

Finally, it was observed a significant growth in the volume of the EV
‘waiting lines’ with respect to the uncontrolled scenarios. This increase
was comparable for the PCS and ECS cases, while it was significantly
higher for the PrCS. The direct consequence of the longer waiting
lines is an increase in the overcompensation phenomena. Although this
aspect did not impede to reach the main objective of the algorithm
- i.e. to keep the loading percentages within the allowed limit —
their presence suggests that the available grid capacity has not been
exploited to the fullest. The reduction of this phenomenon will be the
starting base for the future work.

Another point of interest concerns the threshold value used to de-
termine which charging stations are considered during the congestion
management process. In this study, a value of 5% was used. This is
regarded as a good balance between the ‘regulatory’ choice, to select
which EVs are considered responsible for a congestion issue, and the
conditions of the specific grids selected in this study. In future studies
it would be interesting to run a sensitivity analysis to find the optimal
value and see how this varies by comparing different highly meshed
grids. Furthermore, this algorithm evaluates the charging requests of
the EVs at each time-step. In future work, a different mechanism could
be implemented where EVs follow the assigned optimal charging profile
until a new command is sent to further save computational power. This
new signal could be sent when there is a relevant system status change.
Finally, this algorithm aims at preventing the occurrence of congestion
issues before they happen, but the same schemes could also be applied
as a remedial action to solve congestion issues that have already been
registered in the grid. This aspect could also be evaluated in future
work.
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