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This study focuses on the use of consumption flexibility provided by a parking lot (PL) equipped with
charging stations for electric vehicles to improve the voltage control in distribution networks. A methodology
is presented in which PL offers both upward and downward flexibility of power consumption, provided that
energy recovery is guaranteed in subsequent time intervals. To define the flexibility offered by the PL, the
proposed approach uses a stochastic optimization model that computes the day-ahead absorption profiles and
the maximum allowable flexibility for each 15-minute interval, expressed in terms of the power adjustment
capability of the PL in response to the distribution system operator (DSO) request. The DSO then optimizes the
voltage profile of the distribution network using the power flexibility offered by the PLs, as well as by other
distributed energy resources (DERs). A multiperiod horizon is used in the voltage optimization problem to
account for the effects of energy recovery in subsequent intervals. The results are presented for simulations of
24-hour operation of the IEEE 123-node test feeder with four flexible PLs and 15 DERs, whose reactive powers
can be varied. The results for two days show an improvement of approximately 70% in terms of voltage profiles
in comparison with the case without any voltage optimization, with 30% of the specific contribution of PLs
compared to only DERs optimization. The full recovery in terms of the energy provided by each PL is verified,
and a cost analysis from the DSO perspective is presented.

1. Introduction

The concept of distribution system services (DSSs) is essential for in-
novative management schemes of distribution system operators (DSOs)
in future flexible power systems [1]. The DSSs are necessary to cope
with the uncertainties related to generation from renewable energy
sources (RESs), such as photovoltaic (PV) systems, as well as to load
consumption and network contingencies. The DSSs are provided by
distributed energy resources (DERs), which include individual suppliers
such as passive end-users participating in demand response programs,
active end-users with local generators and/or storage units, and energy
communities [2]. In this new paradigm, DERs are viewed as a flexible
resource that supports network operation [3].

Another trend driven by environmental concerns is the transition
from internal combustion vehicles to electric vehicles (EVs) [4]. The
integration of EVs into conventional electric power systems presents

several challenges that require the development of novel optimal plan-
ning approaches [5]. In addition, the random charging behavior of
EVs can negatively affect the operation of the distribution system.
On the other hand, if properly managed, EVs can become DERs that
provide DSSs to the DSO [6]. A detailed review of the literature on
this topic is available in [7]. EVs behave differently from conventional
electrical loads because they store energy in their batteries and may
exchange energy between them [8]. Then, appropriate management
systems installed in parking lots (PLs) allow a control of the aggregated
power required by the EVs, providing the flexibility service [9]. Also,
the framework of energy communities can integrate the function of EV
charging stations aggregation [10].

Among DSSs, this paper focuses on voltage profile optimization
which concerns DSOs when a large number of charging EVs are con-
nected to the distribution grid. Some other DSSs, such as frequency
regulation, are wide area services that refer to wholesale markets
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PL flexibility model

flex up’ flex down

Single time period duration of 15 min
Predefined number of subsequent inter-
vals to recover the power change after a
flexibility interval

Scenario index

Probability of scenario @

Set of entering EVs for each scenario w and
time period t

Set of leaving EVs for each scenario w and
time period t

Total energy stored in the EVs arriving in
the parking lot at time t

Total energy leaving the parking lot due to
EV departures at time t

Net energy stored by the EV batteries at the
end of period ¢

Summation of the rated size of the EV bat-
teries present in the parking lot in scenario
 at time t

Initial energy of the EVs arriving in period j
and leaving in period 7 (j = 0 indicates that
the relevant EVs are already parked when
the optimization horizon begins)

Total charge needed for EVs arriving in
period j and leaving in period ¢ (i.e., differ-
ence between the final charge and the initial
charge)

Minimum energy profile that guarantee the
adequate charging of the vehicles arriving
in period j before leaving the parking lot
Power absorbed from the grid (limited by
Pmax)

Sum of the maximum power of the EV
charging stations in use at time ¢t
Reference consumption profile

Flexibility margins at time ¢t

Cost of using of the initial energy stored in
the vehicles

Revenue associated with the provision of
the maximum flexibility at time ¢t

Time of use tariff for the purchase of energy
from the grid, at time ¢t

Tariff for the use of the initial energy in the
entering EVs

Tariff for the provision of the flexibility
service

Fraction of the initial energy used to en-
sure that a minimum energy margin e, is
maintained in the EV batteries at time t
Efficiency of the EV batteries charging from
the grid

Battery self-discharge rate
Vehicle-to-vehicle charge transfer losses at
time t

Iflex Flexibility time period
nHex Additional consecutive period of flexibility

DSO voltage optimization model

PN Pilot node

VCzZ Voltage control zone

Pl éer Variations of active and reactive power of
DERs

Pévpl Active power absorbed by the EV PL at time
t

Pllex wp® Plex down ~ Upward and downward flexibility used at
time t

b;)so Allocated budget of the DSO at time ¢t for
voltage regulation service

cl’) » C(Tier Linear cost functions of PL and DER,

respectively, at time ¢

Matrices of voltage sensitivity coefficients
of DERs, EVPLs and loads, respectively
Active power recovered, at time t, for the up
and down flexibilities used in the previous
n,... periods

V! PN Voltage of VCZ i at time t

pn,i
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operated by the transmission system operator, and the coordination
between local and wholesale markets for ancillary services requires
special attention [11]. This kind of DSSs are beyond the scope of
this paper. Then, the aim of this paper is to present an optimization
procedure of the voltage profile in distribution grids which exploits the
flexibility offered by PL operators, aggregating and shifting the active
powers absorbed by their EV charging stations.

1.1. Previous literature

Many investigations have explored voltage optimization in distri-
bution systems exploiting the flexibility of DERs, including EVs, as
reviewed in [12] and references therein. Recent studies can be cat-
egorized based on the methodologies employed, such as stochastic
approach (e.g. Monte Carlo simulations), optimization schemes, and
multi-objective strategies.

Among the stochastic approaches, in [13], a Monte Carlo simulation
method is used to evaluate the impact of uncontrolled EV charging
behavior on the voltage profiles. This study uses dynamic game theory
to schedule EV charging to improve the network voltage profile. Several
studies focus on the financial benefits and market participation of EV
aggregators using economic and market-based models [14]. In [15], a
bi-level model for PL participation to the energy, reserve, and regula-
tion markets is proposed to ensure that technical constraints are met
while costs are minimized. Similarly, [16] presents a framework for
scheduling distribution companies with EV PLs and renewable energy
sources, maximizing company profits by minimizing power purchase
costs and optimizing PL owner profits. In [17] an operational model
for distribution companies is presented to reduce costs by exploiting the
flexibility of EV aggregators using linear decision rules and distribution-
ally robust optimization to deal with uncertainties. In [18] a framework
is outlined for optimal scheduling of EV charging and discharging based
on transactive principles. In this system, the EV aggregators submit
their day-ahead bids to the DSO, that resolves the day-ahead market by
considering the bids of all prosumers and the load demand necessary to
clear the market. Then the DSO determines the local marginal price for
the distribution area, which are used as inputs to the charge-discharge
scheduling optimization problem. Finally, other studies, such as [19],
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propose a day-ahead scheduling model that offers tariff discounts to PL
operators. The adopted bi-level program aims to reduce the peak-off-
peak power differences and the peak-to-average ratio and to improve
flexibility, benefiting both DSOs and PL operators.

Regarding the optimization schemes, the research outlined in [20]
introduces a technique to maximize the efficiency of short-term EV
charging and discharging operations, taking into account the possible
reduction of active power due to volt-var control, while giving priority
to reactive power output. First, the aggregator provides the DSO with
an optimized schedule to evaluate the expected active power curtail-
ment through power flow analysis. Then, the aggregator modifies the
active power output constraint to avoid the expected curtailment and
performs a second optimization process for EV charging and discharg-
ing operations. The method proposed in [21] aims to satisfy EV owners
by effectively controlling the EV charging for voltage management in a
low-voltage distribution network. This is achieved through a dynamic
curtailment approach that provides incentives to prioritize the prefer-
ences of EV owners. Through their home energy management systems,
EV owners participate in the local energy market by submitting bids to
the retail sector and making decisions regarding energy transactions.
This voltage regulation method uses voltage sensitivity coefficients to
influence EV energy transactions through a price-based market system.
Similarly, in [22] the charge/discharge flexibility of EVs is exploited
to address congestion and voltage issues within distribution networks.
The concept of transactive energy allows participants to exchange
energy within a local market through a bidding mechanism, taking
into account their individual preferences and the limitations of the
network infrastructure. Coordinating a large number of EVs proves to
be an effective means of managing distribution systems, improving both
control capabilities and computational efficiency. In [23], a convex
optimization problem is presented to control the EV charging process,
aiming at minimizing individual charging costs. The flexibility of this
system is demonstrated by its ability to determine the optimal charging
and discharging times based on both the vehicle battery state of charge
and the distribution network operating condition. In [24] a two-stage
control scheme is adopted with voltage support functions for PV genera-
tion and EVs. The day-ahead and intraday control stages aim to mitigate
voltage deviations, with the intraday stage employing real-time rolling
optimization. Adopting a centralized control approach, a method to
integrate EV charging with on-load tap changer (OLTC) settings is
presented in [25]. This method involves two steps: setting the voltage
profile using the OLTC and calculating the consumption of the EVs
to follow the predicted PV generation fluctuations. The computational
effort is significant because the proposed approach requires solving two
quadratic optimal power flows and a large-scale linear optimization
problem.

Many studies have proposed multi-objective optimization strategies,
such as minimizing voltage deviations, power losses, and total operat-
ing costs. In [5], a mixed-integer multi-objective optimization scheme
is proposed to integrate and utilize EVs to improve the reliability of
the distribution system. The objectives are to minimize the unsupplied
energy and power losses while improving the voltage profile. In this
study, a heuristic particle swarm optimization algorithm is used to
determine the optimal PL locations and charging patterns over 24 h.
Similarly, [26] presents a multi-objective reactive power optimiza-
tion model using a dual-population-based evolutionary algorithm for
high penetration scenarios of wind and PV generation and EVs. The
proposed algorithm minimizes voltage deviations and power losses,
although the paper is primarily focused on the algorithm performance
rather than realistic modeling of EV behavior. In [27], the complex
optimization challenge of harmonizing EV charging requirements with
networks constraints is tackled through the application of the Meerkat
optimization algorithm. The methodology simultaneously addresses the
multi-objective optimization of various factors, including energy losses,
power purchases, load reduction, costs associated with distributed gen-
eration, battery systems, and EV-related expenditures. In [28] a model
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for reconfiguring distribution networks is presented to accommodate
new energy sources and EVs. The model is designed to determine the
optimal configuration of tie switches and to develop a reactive power
regulation strategy, using a new multi-objective optimization algorithm
that focuses on minimizing line loss and voltage deviation as its primary
objectives. The model considers the reactive power outputs of new
energy sources and EVs as variables that can be controlled. In [29], a
two-layer strategy is adopted for an energy management system at the
low-voltage level. The first layer regulates EV scheduling and energy
consumption, while the second layer minimizes voltage deviations and
energy losses using heuristic multi-objective optimization. Finally, [30]
formulates a collaborative EV charging scheduling and voltage control
strategy based on deep reinforcement learning (DRL) to schedule EV
charging and distribution network voltage control.

Table 1 summarizes the main features of the models and algo-
rithms reported above with reference to the contribution that can
be provided to distribution system management by controlling EV
charging/discharging, together with other DERs.

1.2. Specific contribution

In the frame outlined in the previous subsection, this paper focuses
on two main aspects. The first one concerns the evaluation of the
maximum flexibility that PLs can offer to the DSO while guaranteeing
the EV charging service. The second aspect is exploiting this flexibility,
along with the one of other DERs, to optimize the network voltage
profile in real time. Accordingly, two procedures are proposed. The first
one focuses on the pre-calculation by each PL operator of the flexibility
margins, i.e., how much the power consumption can be reduced or
increased with respect to the forecasted reference profile, following a
DSO request, while still guaranteeing the appropriate charging level of
the parked EVs. Since the characteristics and the number of cars con-
nected to the charging stations during the day are uncertain [31], the
procedure applies a multi-stage stochastic optimization approach. The
second procedure deals with the centralized optimization for voltage
control in the distribution network, exploiting the flexibility margins
offered by the PLs. The procedure is based on the solution of an on-line
voltage optimization problem, in which the network is decomposed into
voltage control zones (VCZs), each characterized by a pilot node (PN)
(i.e., the node most representative of the operating conditions of the
VCZ) [32,33].

The proposed methodology, which is an extension and general-
ization of the method first described in [34], introduces a stochastic
procedure that implements a linear optimization model to compute
the reference absorption profiles of the PLs and the maximum allowed
increase or decrease in active power flexibility for every 15 min of each
6-h stage considered during the day. With respect to [34], this paper
includes a more accurate representation and description of the parking
lot flexibility service, including the ability to offer maximum power
reduction and increase margins in consecutive 15-min periods. The
profiles of the reference consumption and the up and down flexibility
margins are provided to the DSO, which in turn performs a voltage
optimization and determines the actual power variation request to be
sent to the PL operators, as shown in Fig. 1. A multiperiod voltage
optimization procedure is proposed, which is significantly improved
with respect to [34], both on the logic of choosing the right interval
to use PL flexibility and on the management of the energy recovery
strategy. The implementation is now streamlined and faster than its
first release [34], improving its voltage regulation performance and
allowing its use in real-time applications.

As stated in [35], the challenge in providing flexibility through
EVs is the need to schedule energy recovery under a strict deadline.
To guarantee adequate charging service, the proposed procedure as-
sumes a mutual understanding between the PL operators and the DSO,
allowing the PL operator to adjust power within a predetermined re-
covery interval after the flexibility provision. Each flexibility margin is
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Table 1
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Comparison of previous contributions in the literature on the effects of EV charging on distribution networks classified according to the presence of the EV aggregator, i.e., Agg.:
(yes if present, no if absent); the model, i.e., MS: multi-objective strategy (CMOP: constrained multi-objective optimization, MAS: multi-agent systems, MDP: Markov decision
process, OED: optimal energy dispatch, ORPF: optimal reactive power flow, QP: quadratic programming); O: optimization scheme (CCP: chance-constrained programming, CP:
convex programming, LP: linear programming, MILP: mixed integer linear programming, OPF: optimal power flow, ROPF: rolling optimization power flow); ST: stochastic approach
(DG: dynamic game, LDR: linear decision rule, MC-RO: Monte Carlo robust optimization); the type of algorithm, i.e. D: deterministic (ADMM: alternating direction method
of multipliers, CPLEX: commercially available optimization software package, FA: Floyd algorithm, PSD-CR: positive semidefinite convex relaxation, RO: robust optimization,
SDA: scheduling dispatch algorithm, «: algorithm not specified); MH: metaheuristics (ARSBX: adaptive rotation-based simulated binary crossover, c-DPEA: dual-population-based
evolutionary algorithm, DDPG: deep deterministic, JA: Jaya algorithm, MOA: meerkat optimization algorithm, MOGA: multiobjective genetic algorithm).

Literature review

Reference Agg. Model Algorithm Objective
MS o ST MH
[4] Yes MAS - - - Network limit fulfillment
[8] No - LP - - Peak-shaving & valley-filling control
[10] No - CCP - ADMM - energy community day-ahead reserve
[12] No - MILP - - Minimizing energy net operating cost
[13] No - — DG - Costs & revenues
[15] Yes - - LP CPLEX - Overall cost minimization
[16] Yes - - MILP CPLEX - Overall profit optimization
[17] Yes - - LDR - Cost optimization
[18] Yes - - MC-RO - Minimize costs & satisfy EV owner scheduling
[19] No - — MILP CPLEX - Overall profit optimization
[20] Yes - MILP - CPLEX - Maximize revenues & satisfy voltage constraints
[21] No - QP - - Maximize social welfare & satisfy voltage constraints
[22] Yes - QP - - Maximize social welfare & satisfy network constraints
[23] No - CP - - Minimize charging costs
[24] No - ROPF - JA Voltage regulation
[25] No - OPF - PSD-CR - Improving network voltage profile
[26] No ORPF - - - c-DPEA Line losses, voltage deviation & stability
[27] No QP - - MOA Minimize losses & overall costs
[28] No CMOP - - ARSBX Minimize voltage deviations & losses
[29] Yes OED - - MOGA Load flattening, voltage regulation & charging costs
[30] No MDP - - DDPG EV scheduling & voltage control
Pilexup , Pflex down, Rup, Rdown the effects of the energy recovery on the voltage profile in the
L in real time subsequent periods.
EV parking lot ) The overall methodology, comprehensive task organization, and
[ ] | Sk DsO associated execution times are shown in Fig. 2. Th i
] Flexibility margins APflex up g. 4. 1he maximum power
PZEEN | LI

and APflex down

Fig. 1. Procedure scheme: At the beginning of each 6-h stage, the PL operator provides
the DSO with reference power absorption profiles and the corresponding up and down
flexibility margins. The DSO performs real-time voltage profile optimization and returns
power change requests and energy recovery (either up or down) to the PL every 15 min.

lialla

each period of next stage

therefore associated with an energy restoration of opposite sign within
the recovery interval. Consequently, the voltage optimization problem
accounts for the effects of the use of PL flexibility on the subsequent
time intervals, through a multiperiod model.

Compared to the previous literature, the novelty of this study is
threefold:

+ An aggregator model is proposed in which each PL, through
stochastic optimization of both costs and revenues, provides the
DSO with the scheduled consumption profiles and the flexibility
margins, assuming that the overall energy absorption is constant
and the EV charging service is guaranteed by timely energy
recovery.

The consumption profiles and flexibility are used by the DSO,
together with the flexibility provided by other DERs, to per-
form a deterministic optimization of the network voltage profile,
based on a recently validated linear model [32] extended to the
presence of PLs equipped with EV charging stations.

The optimization is performed by the DSO with a multiperiod
model, so that the PL flexibility is exploited while accounting for

reduction and increase margins of the parking lot were calculated in
advance for the following day. The parking lot aggregator considers
decisions based on shorter time horizons infeasible because they do not
sufficiently consider future arrivals and departures. The uncertainty in
forecasting EV arrivals and departures justifies the stochastic approach.
A multi-stage linear programming procedure was implemented to adapt
the flexibility margin decision during the day to the actual number of
EVs present in the parking lot. The DSO optimizes the voltage by using
the pre-calculated flexibility margins from the EV parking lot. This was
repeated every 15 min, with a short optimization horizon for which the
uncertainties associated with load consumption and DER production
were considered negligible in this study.

The structure of the paper is the following. Section 2 describes the
multi-stage stochastic optimization model of the PL to compute the
reference consumption profile and the flexibility margins. Section 3
is devoted to the formulation of the multiperiod voltage optimization
problem considering the PL flexibility. Section 4 describes the case
studies based on the IEEE-123 node test feeder and presents the results.
Section 5 concludes the paper.

2. EV parking lot model and flexibility optimization

The EV parking lot model described in this section focuses on
representing the flexibility margins that can be offered to the DSO. It
is assumed that power injection from the parking lot to the grid is not
allowed. The consideration of vehicle-to-grid (V2G) exchanges deserves
further research, as it requires a specific study of the pricing of the
energy provided by the parking lot.

To better circumvent the limitations of booking service approaches,
such as sudden or unexpected departures (i.e., departures before the
booked period), the proposed model is based on scenario-based stochas-
tic optimization. The scenarios and the corresponding probabilities are
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Time of
Operator execution
- Section 2 PL flexibility optimization i e
Eq. (7)-(11) scenarios @ (PT“;';,AP;‘Z’;’W, AP;‘Zé;'down) ’
_______________________________________________________ N O O S
I I
I I
Choice of the ) : . : . Intraday
PL best scenario s Stage i — 1 : Stage i : Stage i + 1 (hours)
pw 5w pw ! ! po, po, Ho,
______________________________ | R ) N (G o o
l ! R
: | '__!___L__:
Section 3 : : : : i i ! Quarter
Multi-period T ! ! T of
I I ’
DSO VOP - ! . ! ) hour
Eq. (30)-(34) L] | . : N
_________________________ _‘f,ffﬂl Pe;pl 1 evpl Pe;pl lP :PeVpl Pe;pl 1Pei{;?_l_____________________‘
PL real-time EV charging control Real time
control

Fig. 2. The overall methodology: task organization and related time horizon for both EV PL and DSO.

obtained by forecasting the number of vehicles entering and leaving the
parking lot in each period of the following day. These forecasts and the
criterion to build the set of scenarios are obtained from the relevant
information of the previous days or analogous days of the previous
weeks and months.

The procedure has been implemented as a day-ahead evaluation
considering a 4-stage stochastic approach (one day-ahead stage and
three intraday stages at the end of each 6-h interval, when the day-
ahead evaluation is updated to take advantage of information on the
actual number of the EVs in the PL). The adopted time discretization is
At = 15 min.

The reference value of the profile is obtained for each stage by
grouping similar scenarios in a scenario tree. The scenario generation
procedure assumes that forecasts of the number of EVs entering and
exiting the PL in each period of the next day are available. The
procedure begins by creating scenarios for the next day by multiplying
the forecast profile by 1 + k,, where k, is randomly generated using
a normal distribution with a mean of zero and a standard deviation of
v/1 —y,2, where y, is a decreasing function of 7 to represent increasing
forecast uncertainty throughout the day. Each value is rounded to the
nearest positive integer, and the order of departing EVs is adjusted
to ensure that the number of parked EVs never becomes negative.
The initial energy of vehicles entering the PL follows a truncated
normal distribution. In the tests, the corresponding mean and standard
deviation are assumed to be equal to 30% of the battery size.

At each stage, the k-medoid clustering procedure from [36,37] is
used to create the scenario tree. Starting with a single cluster in the
day-ahead stage, each cluster can produce up to three different clusters
in the next stage. For each cluster and each stage, this procedure
provides the medoid (i.e., one of the original scenarios that minimizes
the dissimilarity measure with respect to the other scenarios in the
cluster) and the corresponding probability value z®, ensuring an in-
teger number of entering, exiting, and parked cars, thus preserving the
feasibility of the scenarios.

As a result of the scenario tree construction, sets Si“r"” and Sg’l’l't of
entering and leaving EVs are defined, for each scenario w and period 1.
The aggregated storage size Eé" ni o Of the PL and the maximum charging
power Pos are derived by summing the corresponding data of the
individual arriving and departing vehicles.

For each time period ¢, scenario w is characterized by E;”J: and E;"_”,
which represent the total energy stored in the EVs arriving and depart-
ing the PL, respectively. Departing vehicles are either fully charged or

charged to the maximum level compatible with the charging station’s
rated power and parking time.

In addition, EVs entering and exiting in the same periods are
grouped using two matrices: Ei“r’l‘i’_j, which sums the initial charge of

EVs entering in period j and exiting in period ¢, and E;”;.,

the energy gain (i.e., the difference between the final charge and the
initial charge) of EVs entering in period j and leaving in period t.
Using the scenario tree, the procedure implements an optimization
model (described in Section 2.1) to compute the reference profile
P®! and performs repeated optimizations (Section 2.2) to determine

ref
maximum allowed increase AP®'  or decrease AP&’; down i1t the PL

flex up

which sums

power consumption for each period.

The model calculates flexibility margins assuming the DSO request
is limited to a single 15-min period #g,. It then repeats the calculation
for additional consecutive 15-min periods n} following #4e,, ensuring
that the flexibility margin remains constant throughout.

The agreement between the PL operator and the DSO allows the PL
to recover the power change during a specified period n,. after the
flexibility interval. The recovery is proportional to the change in the
reference profile requested by the DSO and follows a uniform pattern,
with no further changes requested during n..

Pr“e’f’ y AP&‘;;, and associated recovery profiles are provided to the DSO
voltage optimization procedure as flexibility margins at the beginning
of each stage for each 15 min period.

The stochastic optimal solution generates multiple potential deci-
sions beyond the first stage. At the beginning of each intraday stage, a
procedure selects the scenario @ that minimizes the deviation from the
actual number of vehicles in the PL.

As an aggregated model, the individual charging station is not
treated as an independent unit in the stochastic optimization. This
approach guarantees computational feasibility even in the case of
a significant number of charging stations. Aggregation includes the
possibility that energy can be shared among the vehicles connected
to the charging stations. However, vehicle-to-vehicle (V2V) exchanges
involve losses in the converters that must be accounted for. In addition,
V2V exchanges may cause some stress on the battery that should be
compensated or limited. Therefore, the objective function of the model
includes a cost term that represents the reward that the parking lot
operator should provide to the vehicle owners for the temporary use
of the initial energy in the battery and the strain on the battery due to
V2V exchanges. In addition, these V2V exchanges can be prohibited.
This is achieved by representing the global V2V energy exchanges for
each time period in the optimization model.



M. De Santis et al.

2.1. Reference consumption profiles

The objective function for the day-ahead calculation of the con-
sumption profile P®' of the PL is to minimize the procurement costs,
taking into account the probability z® of each scenario w:
min 3 7% Y (o P41+ C3) )

[ 1
where pi. . is the time-of-use electricity tariff, P*'Ar is the power
consumed by the PL from the grid, and C;”” is the cost associated with
compensating vehicle owners for the strain on the battery due to V2V
exchanges and the temporary use of the initial energy stored in the EVs
at entry.

V2V exchanges are allowed by bidirectional charging stations and
help to ensure that EVs depart with the maximum charge allowed by
the parking duration, E;ﬁ”, by using the energy stored in EVs that are
expected to have longer parking times.

Scenarios in which the PL is unable to meet the charge request
of some EVs, which therefore leave with lower energy levels, can
be enabled by introducing a penalty into the objective function. This
possibility is not addressed in the case studies of this paper. In real-
time control, simple countermeasures against sudden departures are the
discharge limits, which are set with respect to the initial charge and a
predefined charge level reached previously (e.g., a few minutes before).

The energy balance equation for the PL is:

wt _ w,(t—1) w,t _ pot
ES net a 6)ES net T Ech,grid ES- +
d (2)
w,t ot _ ,l _ (U,j @,
HPEgl =gy + Z(l HODE
Jj=1

E;’; o is the total energy stored in the parked EVs in scenario w
at the end of period ¢. It takes into account the self-discharge rate of

EV batteries §, the energy supplied by the grid Egﬁfgri 4 = flen P4

and the possible use of part of the initial energy E;”Jr’ for V2V purposes
(specifically ;4“’~’E§’;r’ ). Variable x®', which is non-negative and subject
to an upper bound %7, represents the fraction of the initial energy
used to ensure that a minimum energy margin e,;, is maintained in
the EV batteries.

The cost of using the initial energy of the EVs and V2V exchanges

is C;”"’ =y, ( ;4""’E;’: + E{‘/"z’v), where p,, is the predefined tariff, which

can be interpreted as the remuneration for the vehicles providing the
service.

The energy losses !
represented by

Loy = (1= nyay) (E{l/)'ztv +u™Eg} ) &)

where #y4y is the efficiency of the V2V energy exchanges, taking into
account losses in power converters and batteries. Both 5y, and #yqy
are constant (i.e., the dependence of the efficiencies on the power
exchanged, the state of charge, and the state of health of the batteries
involved is neglected). This assumption is useful to preserve the linear-
ity of the model and is considered reasonable due to the lack of detailed
data for the public parking operator on the different types of batteries
in the vehicles connected to the charging stations. Long-term efficiency
degradation due to aging is not considered.

The evaluation of non-negative E{’/”z'v is based on the observation

that in the presence of V2V energy exchanges, some EVs receive more
energy from the grid than needed for their final charge gain during
parking. Therefore,
-1
w,t _ ot ,t
EVZV - Ech,grid - Zl Ech Jj C))
j=

w, 1

vay associated to V2V energy exchanges are

which represents the excess grid energy used for V2V exchanges. Non-
negative variables Eé‘;’j are the minimum load profiles necessary to
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ensure adequate charging for vehicles arriving in period j before they
leave the parking lot. The constraints that represent E;"};'j are

i i
.t TONS .
ZE _ZlEg,jZO foralli<rt

ch, j
t=j+1 t=j+
: %)
J T T
ol CX ot _
Z Ech,j =0 Ech.j Z Eg,j =0
t=1 t=j+1 t=j+1

where 7 is the departure period of the last EV among those entered in
period j.

If the charging stations are not bidirectional, both y and E{jz’v are
constrained to be zero.

Non-negative variable E;"l’1 o 18 constrained as

t
.t wt — @ IE®!
ES net = ESmax Z d=u )Eini,j ©
Jj=1
Moreover,
P < min (Pmax,grid’ PI(;I):{:X) @

where Py grig 1S the power limit of the PL connection to the external
grid.

The solution of problem (1)—(7) gives the reference profile Prz’f’ =
P®! for all scenarios w.

2.2. Maximum power flexibility

The maximum power reduction and increase margins are calculated
for each period, considering both the single period #g,., and additional
consecutive periods n}_, up to a maximum limit of n} .

X X ex’ max,flex

The objective function is

min Z z° Z (”ITOU PO At + C;”’t - Wfi‘;xt) 8
[0 t

where non-negative Wf;‘;:( is the revenue associated with the provision
of the maximum flexibility:

! @, t +
wel = { Plex APﬂex 4

if tex <1< they + Moy ©

flex 0 otherwise

Predefined tariff p;]ex is the compensation rate that the DSO pays
to the flexibility provider for achieving power changes AP&‘;; up and
o o relative to the reference power level P*/. The up and down
ex down X ref
changes are defined as

@, 1 — Lt @,
APﬂex up po— Pref
(10)

APm,t — Pm,t _ pot

flex down ref
The model allows the PL to recover the power change over a
predefined number of periods np. after fgey + nf, (With ne. = 3 in
the tests). AP&‘;; is constrained to be uniform in the recovery interval
by:
Tﬂex+’laex AP(u,j
@,1 flex
APﬂex z- Z n
J=flex rec an
+ +
for tgey +nf,, <1t < tfex + My + rec

+

AP =0 for t <tgey and 1> fgex + 1

+ Nrec

The inequality in (11) becomes an equality in the flex-up scenario
to prevent the use of incremental losses (such as unnecessary V2V
exchanges) to enhance the flexibility margin.

In the case of multiple consecutive flexibility periods, the maximum
margin is constrained to remain constant:

AP = AP 1 for tno, <1< fgey +1j 12)

All models are supplemented with non-anticipativity constraints,
which are common in stochastic optimization, to ensure that deci-
sions made at various stages are based solely on currently available
information, regardless of future outcomes or information.
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3. Multi-period voltage optimization

During daily operation, the DSO aims at optimizing the voltage
profile of the distribution grid by using the flexibility provided by
PLs and other DERs. As shown in Fig. 2, the voltage optimization is
a dispatching activity performed on a short time horizon, f.i. every
quarter of hour, but considering also the subsequent time intervals
to account for the energy recovery by PLs after flexibility has been
used. This represents a significant improvement with respect to the
approach presented in [34]. Due to the short time horizon, the uncer-
tainties associated with variations of uncontrolled loads and to DERs
exploiting RESs can be neglected. However, since the proposed VOP
results to be highly efficient from the computational point of view, the
frequency of its solution could be increased to reduce the effect of these
uncertainties.

In this section, it is assumed that Ng,, PLs, Nger DERs of other
types, and uncontrolled loads are connected to the distribution net-
work. Due to the high power typically absorbed by PLs, balanced
operation is assumed for the supplying MV distribution system. Con-
cerning the PLs, for the sake of simplicity but without loss of generality,
it is assumed nf =0 and that n is the same for all the PLs. Finally,
barred symbol notation is adopted in which a represents a specific value
assumed by the variable a.

In the following subsections, first the PL model for the VOP problem
is presented and the models of the other DERs are recalled; then, the
multi-period optimization problem is defined and finally expressed in
variation form with respect to a reference operating point.

3.1. PL model for VOP

For the kth PL, the intraday procedure selects, at the beginning of
each stage, the scenario @, that best matches the actual operation of
the PL in terms of number of vehicles. According to the methodology
described in Section 2, the PL aggregator determines and communi-

cates to the DSO the values of the three non-negative variables ow li,
(l)k ! (A)k '
APﬂex down,k and APﬂex up,k’

At time period ¢, the active power absorbed by the Neyp PLs is
modeled by

P =p% . pt - P!

evplk ref.k flex up.k flex down, k+

Nyecs! Nyecs! a3)
Rieer = Ry for k=1..... Ny
where P’ and P! are the upward and downward flexibil-
flex up,k flex down,k

ity to be used, respectively, and R"‘“k' and R"f‘jv; are the active power
to be recovered for the upstream and downstream flexibilities used in
the previous n,.. periods, respectively. They are given by

1 Mrec 1 Nrec
plrec! _ pt—i plirecs!  _ pt—i
Rup,k - n flex up,k > ““down,k n Pﬂex down, k a4
Tec ;= Tec ;=1
t—i t—i 3
being P upk and Pﬂex downk the values of, respectively, the upward

and downward flexibility obtained by the VOP solution in the previous
time period ¢ — i for the kth PL.
In addition to (13), the following inequalities must be satisfied for

non-negative Pftlex up,k and Pﬂex down,k
e Bhrecst

. . 0 if Ru;)e,ck >0 as)

flex up.k = max(O i Pf[l”" 4 Rlirect ) otherwise

ex up, kK~ down,k

t 0 if Rjee >0 16)
p < 16

flex down = maX(O Apf‘l"k * R"fEf") otherwise

ex downk  up.k

P P <0 an

flex up,k ~ flex down,k =
for k=1,..., Neyp
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Constraint (15) allows variable Pf’lex upk to be non-zero only if, in

the previous n,. time periods, upward flexibility has not been used,
and if recovering the used downward flexibility does not consumes all
the upward flexibility permitted by the value 4P} k set by the PL

x down,k
aggregator. Constraint (16) imposes a similar COl'ldlthl'l on the variable
!
Py down.k" Constraint (17) prevents both P, and Pﬂex down.k from

ﬂex up.k
being non-zero at the same time.

Finally, n,.. equality constraints must be added regarding the re-
covered energy. The need to recover the flexibility once it has been
used introduces another relationship between the VOPs solved at time
¢t and those to be solved in the following n.,. time periods. Then, a
multi-period approach must be adopted, in which the VOP at time ¢

accounts for the impact of the non-zero values of Py or P!
ex up,k flex down,k

on subsequent time periods through the values of R"rec “*J and R;ﬁ&:’k’

Using (13)—(14) the following additional . equahty constraints are
derived:

+j st 1 f _pt
ev plLk ~ " refk + Myec (Pﬂex down,k Pﬂex up,k)
phrec:t+/ _ phrec:t+
+Rd0wn k Rup,k (18)
for j=1,....n. fork=1,..., Ney
where
Nrec
et _ 1 Stj—i
up,k n flex up,k
rec j=l4j
19
Nrec
plrec ! tJ _ 1 pltj—i
down.k 5 flex down.k

rec =14

3.2. Other DER models for VOP

At time period ¢, the operational ranges of the N,, DERs are
modeled as variations in both active and reactive powers (P! er.n and

der ,) within specified minimum values (P, (P! and Q' der minn) and

maximum values (P! der max and O’ der max. h), that is:

der min,h

P! <p'  <p!

der min,h =~ der,h =~ der max,h

for h=1,..., Nger (20)
At t 3t
der min,h < Qder,h < Qder max,h

3.3. Multi-period objective function

In this paper, the objective of the DSO operation is to optimize the
voltage profiles along all feeders. Other objectives, such as network loss
minimization, can be addressed in a similar way.

Monitoring all node voltages in a large distribution system is not
feasible; to address this issue, the distribution network is partitioned
into N, virtual voltage control zones (VCZs). In each VCZ, a pilot node
(PN) is identified, whose voltage adequately represents the voltage
amplitudes of all nodes in that VCZ, as described in [38]. The objective
of the VOP is defined as

Nyez Mrec o 2
. 1+j 72
H;I,n Z Z <(Vpn,i) - Vpn ref,i) (21)
i=1 j=0
where th:{ and Vpn ref; are the voltage amplitude and the assigned
reference value for the PN of the ith VCZ at time ¢+ j, respectively. The
objective function in (21) is the sum of the squared voltage deviations
of the PNs in the current time period ¢ and in the subsequent .,
time periods. This formulation accounts for the impact of the variables

. . .
Pﬂex upk and Pﬂex downk O the subsequent time periods through (18).
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Defining
. ; T
wi = [ i, )] @

and a similar expression for the vector of reference values, the objective
function (21) is rewritten in vector form

Nrec ) T .
Il;irll Z <YE;1] - }_’pn ref) <y£;1] - }_’pn ref) (23
J=0

The vector of optimization variables x’ for the time period 7 under
consideration includes the active and reactive powers of the DERs, as
well as the up and down flexibility of the PLs according to

T

t_ |t T 0 T 1 T
x = [xder Xflex up “flex down] @29
in which

t t t T
xder [ der,1’ ** Pder Nyer’ Qder,l’ e QderA,Nde,]
T

t T _|pt t

Xflex up [Pflex up,1”"° Pﬂex up, Nevpl]
T

t T _|pt t

Xflex down = [Pﬂex down,1” ** Pﬂex down, Nevpl]

3.4. System constraints

The VOP should also include the system constraints, particularly the
power flow equations that relate the voltage amplitudes Vp’;’ 7 of the PNs

in (23) to the optimization variables x’. In large distribution networks,
the power flow equations represent a significant number of non linear
equations. In addition, since multiple time periods are considered
in (21), the power flow equations need to be repeated n,,.+1 times. This
repetition leads to a considerable increase in computational burden and
arisk of convergence problems in the VOP numerical solution. To avoid
such drawbacks, the constrained Jacobian method proposed in [32] is
used, which takes advantage of the radial configuration of the network.
According to this method, the power flow equations are replaced by
their linearization around a given operating point, which is obtained by
a single base-case power flow calculation. The model was implemented
with reference to the balanced systems and operating conditions. The
square amplitudes of the nodal voltages (22) are linearly related to the
variations of the active and reactive powers injected in each node with
respect to their values in the base case, represented by superscript 0,
as follows

+j _ s +j_

Ypn yPn + Lder ( Xder ~ der) evpl ( evpl xevpl) (25)
I+j =0
~ Toad (xload load) =0, e

where
xt+j _ Pt+j t+j T

evpl = | Tevpl,l” """ T evpl,Neypl
and the vector xl’” A includes the active and reactive powers absorbed

by uncontrolled loads. In (25) the matrices I'ger, I'eypl and I'gaq are
fixed sensitivity matrices which are off-line evaluated in some typical
operating conditions of the distribution system, f.i. high/medium/low
loading conditions according to [32]. On the contrary, for the VOP
formulation, the base-case values refer to the real-time actual operating
conditions of distribution system.

Rewriting the PL model Egs. (13) and (18) in vector form yields,
respectively,

t_ .t _ ot
xevpl = Xflex up Xflex down + xref rec (26)
+j _ L 1 ot 1)
xevpl - o0 (xﬂex down ~ Fflex up) + X ref rec @7
in which the terms x and "%/ include the assigned values of
ref rec X tef rec

the reference profile (Pw"t and Pw" il ) and of the power recovery for
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Nrecs! precs!  pltrec!
the flexibility used in the previous periods (R downk’ Rup’ "> R down.k and

plrec !t/
Rup k )
Substituting (26) and (27) into (25) yields

1+ +
Yon! = Fpn’ + ;%!

for j=0,..., M (28)
being the N, X 2(Ncler""lvevpl) matrices Fj defined as
Fj = [rder s _Fevp] s Fevp]] for j= 0

r;=

[0, Feyprs — | for j#0

evpl
Ryec

and yp+’ the vector that includes all the assigned terms (i.e., all the
barred quantities).

Admissible range of PN voltage amplitudes have to be added to
guarantee the power quality of the grid operation:

Ypn min < y;] < Ypn max for j=0,..., 1 (29)

Finally, an additional inequality constraint is introduced to ensure
that the costs associated with the use of DER powers and PL flexibility
are less than the assigned budget b},

' t ' !
Cde"(xder) T Cp (xﬂex up’ *flex down) bD SO (30)

in which ¢, and ¢, are typically linear cost functions.

3.5. VOP formulation

The VOP can finally be formulated using all the equations of the
previous subsections as

nrec

m1n Z(T x'+ ypn Ypn ref> (F x'+ yprl Vpn ref) (31
subject to
Fon min— o ST} %'< Fpn max— Fpn 0T j=0, ..., 1y (32)
Fyy <X S Ty 39
Xex up® Xlex down < 0 (34)
(X < by oo (35)

The objective function in (31) is quadratic and is obtained by
substituting (28) into (23). The linear inequality constraints (32) are
derived by substituting (28) in (29). The box constraint (33) is the
vector form of inequalities (15), (16) and (20). Constraint (34) is the
vector form of inequalities (17), in which the operator ® represents
the Schur product. Finally, constraint (35) is the compact form of
inequality (30), which is typically linear.

The VOP (31)—(35) is a quadratic programming (QP) problem with
linear constraints, except for (34), which ensures that at least one the
two variables Pf’1ex upk and Pﬂex down.k is null. Then, to solve the VOP,
a classical sequentlal QP algorithm can be used, solving a series of QP
problems obtained by assuming only one of the two variables, that is

i t
either Pﬂex up,k or Pﬂex down,k*

4. Case study

The methodology for calculating the flexibility margins was applied
to 3 PLs with different characteristics. The VOP procedure was applied
to a test distribution system based on the IEEE 123-nodes test feeder,
with additional 15 PV units and 4 EV PLs, over a 24 h horizon. As the
implemented model assumes balanced operating conditions, the IEEE
123-node test feeder data were balanced by averaging the per-phase
parameters of the lines and loads.
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Fig. 3. Day-ahead forecasted number of EVs parked in the three PLs: PL A in black,
PL B in blue, PL C in red.

Table 2
Characteristics of the EVs.
Type of EV Size of the battery Penetration
1 25 kWh 15%
2 45 kWh 45%
3 70 kWh 25%
4 100 kWh 15%

4.1. Parking lots

The three PLs considered in the tests are denoted as PL A, PL B, and
PL C, each with a maximum power consumption of 3 MW. PL A and
PL B each have 70 charging stations, while PL C has 45. In all scenarios,
the PLs are empty at the beginning of the day, and all EVs leave before
the day ends. The number of EVs parked in each of the three PLs at the
beginning of the 96 time intervals throughout the day is forecasted and
shown in Fig. 3.

These forecasts are used to generate a total of 60 different daily
scenarios. The y, function is assumed to decrease linearly from 0.9999
in the first period to 0.99 in the last period. Similar scenarios are
grouped together using the k-medoid method, resulting in a 4-stage tree
with nodes representing the obtained medoids. The profiles of scenarios
sharing common nodes in the tree are bounded at each stage according
to the tree structure.

In the tests, the types of cars are classified into 4 categories,
as shown in Table 2, based on data available from various Internet
sources. Although these categories seem appropriate for the current
situation in certain countries, it is essential to adapt them to specific
local conditions. A maximum charging power of 40 kW is assumed
for each charging station, representing typical ac charging stations
installed in PLs where EVs remain connected for extended periods.

For the EV batteries, § is assumed to be zero. The charging and
V2V energy transfer efficiencies, 7, and #y4y, are set to 0.96 and 0.92,
respectively.

Time of use price p’TOU is set at 72.39 €/MWh from 7 am to 11 pm
and to 51.62 €/MWh during other times. If u&y. is greater than 0, the
price for using the initial EV energy is p, = 50 €/MWh, which is lower
than the grid price. In each period, minimum initial energy e, is set
to 20% of the sum of the rated capacity of the batteries of the entering
EVs.

For the calculation of both the downward and upward power flex-
ibility provided by the PL, predefined tariff pf,_is set at 100 €/MWh,
significantly higher than the grid prices. In all cases, the recovery
interval is set to n,. = 3 periods for all the PLs.
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Table 3
Maximum and average flexibility in MW.
EVPL Flexibility W =0 e =1 o =2
max avg max avg max avg
PL A Down 2.8 0.7 1.0 0.4 0.5 0.3
Up 2.2 0.6 1.3 0.3 0.8 0.3
PL B Down 1.7 1.0 1.4 0.6 0.5 0.2
Up 1.4 1.0 0.7 0.4 0.5 0.4
L C Down 1.3 0.6 0.8 0.3 0.2 0.1
Up 1.3 0.7 0.7 0.4 0.7 0.4
Table 4

Maximum and average values of the percentage reduction of the objective function
with respect to the reference values.

EVPL Flex n;,(_x =0 n;lax = n;lu =
max avg max avg max avg
PL A Down 7.7 1.5 8.3 1.4 4.7 1.1
Up 6.3 1.0 8.6 1.4 8.6 1.6
PL B Down 7.5 1.3 12.1 1.4 2.2 0.6
Up 3.5 0.9 3.5 1.0 3.6 0.9
PL C Down 10.1 1.4 10.0 1.5 6.5 1.2
Up 10.2 0.9 17.1 1.6 18.7 2.0

To illustrate the results of the calculation of the flexibility limits,
Fig. 4 shows for the fist period of flexibility, limited to those exceeding
100 kW, for representative scenarios relevant to PL A, PL B, and PL C.
The results of Fig. 4 refer to the scenarios that are assumed to corre-
spond more closely to the actual number of parked EVs. These scenarios
are used by the VOP to obtain the results shown in Section 4.2. The
scenario for PL A includes 195 EVs with an average stay time of 10
periods, the scenario of PL B includes 327 EVs with an average stay
time of 9.4 periods, and the scenario for PL C includes 121 EVs with
average stay time of 7.4 periods. The figure shows the results obtained
for a single 15-min flexibility interval (”Hex = 0), two consecutive
intervals (”Eex = 1), and three consecutive intervals (”Hex = 2). The
flexibility value remains the same in each consecutive period, and for
all cases, the flexibility is recovered in the following n... = 3 periods, as
mentioned in Section 2.2. In period 46, PL A can provide both upward
and downward flexibility for ”Eex = 0. In several cases where single-
period flexibility cannot be provided, two- or three-period flexibility is
allowed due to the more favorable recovery interval. PL C shows less
flexibility because of the lower number of both EVs and average stay
time compared to the other two PLs.

Considering all the scenarios, Table 3 shows the maximum and
average values of both downward and upward flexibility for the same
scenarios as those in Fig. 4. The PL C results are the lowest confirming
the low flexibility. The results of PL A and PL B are closer, with PL A
showing improved flexibility, due to the greater importance of stay time
duration with respect to the number of EVs.

The values of the objective function (21) for the stochastic opti-
mization case without flexibility are € 438 for PL A, € 568 for PL B,
€ 242 for PL C. Table 4 shows the maximum and average percentage
reductions (for the different periods) with respect to the above men-
tioned objective function values of the case without flexibility. For all
the considered PLs, the percentage reductions in the objective function
(when all the flexibility is used) are significant.

The PL model have been implemented as stochastic linear program-
ming problem in AIMMS and solved by using Gurobi.

4.2. Multi-period VOP
With respect to the network characteristics described in [39], 4

PLs and 15 PV systems have been added and connected to the IEEE
123-nodes test feeder as shown in Fig. 5. Applying the methodology
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Fig. 4. Initial period of the flexibility intervals with a margin larger than 100 kW for a scenario of: (a) PL A, (b) PL B, and (c) PL C. Downward flexibility is shown in green and
upward flexibility in red. The columns represent 15-min periods, and the rows indicate the maximum duration of flexibility intervals before recovery. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

Table 5

EV PL parameters given as input to the multi-period VOP.
# of PL Type Connection node # of VCZ
EVPL, C 4 vez,
EVPL, A 53 vez,
EVPL, B 114 vez,
EVPL, C 29 vcz,

presented in [40], the feeder has been partitioned in 4 virtual VCZs
and the related 4 PNs have been identified, see Fig. 5. Table 5 lists the
number of each EV PL and the type according to the PL scenarios used
in Fig. 4, the connection nodes to the electricity distribution network
and the VCZ to which they belong.

The PV systems all have the same rated power; two cases are
considered, referred to as Case A and Case B, according to the rated
power of each PV system, which is assumed equal to 200 or 300 kW,
respectively. The generated active powers track the maximum power
point according to the variations of the solar radiation during the day
and cannot be curtailed. The resulting daily curve of the total active
power generation is shown in Fig. 6 for Case A. In Case B, the same
solar radiation variation is considered, resulting in a daily curve of
total active power generation that is 50% larger than the one in Fig. 6.
The reactive power provided by the PV system can be varied only
when the generated active power is larger than 10% of the rated value;
the reactive power variation is limited to keep the power factor, both
leading and lagging, within 0.9 and 1.

Case A and Case B also differ in terms of system loading conditions.
In case A, the load rated powers from [39] are used and the total active
power load curve is shown in Fig. 6. In case B, the total daily load
curve was reduced to 30% of that in Case A. Overall, Case B represents

10

Fig. 5. Adapted IEEE 123 node test feeder.

an operating condition with lower load and higher PV generation than
Case A. Regarding the PLs, identical operating conditions are assumed
in both Case A and Case B.

The results are presented and compared with reference to three
different VOP options:

» no VOP: no VOP is performed;

» VOP DERs: VOP is performed every 15 min by varying only DER
reactive power outputs;

» VOP DERs and PLs: VOP is performed every 15 min by varying
both DER reactive power outputs and PL absorbed powers.
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Fig. 6. Production by the 15 PVs and load consumption for Case A, characterized by
200 kW nominal production by each PV system and rated consumption by loads.

The results of the three algorithms are compared in terms of:

» voltage deviation index (VDI), calculated as the 24-h sum of
the objective function values (21), through PF calculations every
15 min;

+ actual power absorbed by the PLs during the day with respect to
the scheduled power;

« total energy absorbed by the PLs over the 24 h.

Moreover, the sensitivity of the results with respect to the value as-
signed to the budget b}, ., in constraint (35) is also analyzed.

The VOP model was implemented and solved using a MATLAB
R2022a script with the function fmincon, which allows the implemen-
tation of linear and quadratic constraints of the type shown in (34). The
initial power flow calculation was performed using MatPower [41]. For
the case study and the operating conditions considered, the computa-
tional effort was low. For each execution, the VOP algorithm takes on
average 0.25 s with an AMD Ryzen 7 4800H, 2.9 GHz CPU and 16 GB
of RAM.

4.2.1. Case A

Fig. 7 shows the time evolution of the objective function for the
VOP that uses only DERs (red dashed line) and the VOP that uses
both DERs and PL flexibility (blue solid line). The case of no VOP is
not shown for readability reasons because the objective function has
significantly larger values. During periods when no flexibility is allowed
by the PL operators, the two lines are superimposed, and only the blue
solid line is visible. During periods when PL flexibility is available, it is
used by the VOP DERs and PLs algorithm to minimize the value of the
objective function. The performance improvement was quantified using
the values of VDI reported in Table 6. The introduction of VOP, which
uses only the reactive power compensation capability of PV systems,
allows a reduction in the VDI value by approximately 55% with respect
to the no VOP solution, and a further reduction of approximately 34%
is obtained by exploiting the PL flexibility with respect to the VOP DERs
algorithm. As an example, the time evolution of the voltage at PN; in
Case A for the three algorithms is shown in Fig. 8. PNj; is chosen as it
is the pilot node farthest from the supplying substation; therefore, its
voltage is the most sensitive to changes in system operating conditions.
The plot illustrates the mitigation of voltage variation achieved through
the implementation of the VOP algorithm, especially when PL flexibility
is used.

To analyze the performance of the proposed multi-period VOP in
detail, Figs. 9-12 show the time evolution of active powers absorbed
by EV PL,-EV PL,, respectively. In particular, the planned absorption
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Fig. 7. Time evolution of the objective function in Case A.

Table 6
VDI for the three VOP options.
Case no VOP VOP DERs VOP DERs and PLs
A 0.335 0.154 0.101
B 0.359 0.141 0.091
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Fig. 8. PN, voltage profiles during the 24 h in Case A.

is compared with the actual value obtained by the VOP DERs and PLs al-
gorithm. Fig. 13 shows the recovery of the EV PL, absorption between
11:00 and 12:45: after each period in which the proposed algorithm
changes the actual power from the reference value, in the following
three periods (n,, = 3) the energy variation is recovered through
opposite-sign adjustments relative to the scheduled absorption. In the
period between 11:30 and 11:45, the multi-period VOP uses the power
flexibility offered by the EV PL, (the actual absorption, indicated by
the blue curve, exceeds the scheduled one by approximately 0.27 MW);
in the following three periods (between 11:45 and 12:30), the actual
absorption falls below the scheduled level by approximately 0.09 MW.

Regarding the choice of flexibility, the multi-period VOP decides
within a given interval whether to use the available flexibility, while
also considering flexibility availability in the three subsequent inter-
vals. This decision is based on assessing the flexibility across four
periods of 15 min and selecting the interval that results in the best
voltage profile. In the example shown in Fig. 13, EV PL, is of PL A
type with nHex = 0. As shown in Fig. 4, upward flexibility is available
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Table 7
Total daily energy consumed, valid for both Case A and Case B (MWh).
EVPL, EVPL, EVPL, EVPL,
Scheduled 3.6501 6.2028 8.5602 3.6501
VOP DERs and PLs 3.6501 6.2028 8.5602 3.6501

during the three intervals between 11:15 and 12:00 (periods 45, 46,
and 47 in Fig. 4). The multi-period VOP chooses to use the flexibility
in period 46 as it ensures a better voltage profile compared to using it
in intervals 45 or 47. The multi-period VOP is aware that once upward
flexibility is used in interval 46, it cannot be used again in the following
three intervals, due to the downward recovery requirement.

As a final observation, although the multiperiod VOP cannot apply
the same upward flexibility during the recovery intervals, if downward
flexibility is available during the recovery periods, it can be used in
addition to the ongoing downward recovery. An example is shown
in Fig. 14 for EVPL; (PL B type) between 13:45 and 14:45. The
actual absorbed power (blue line) between 14:30 and 14:45 (the third
recovery period) is much lower than the scheduled profile compared
to the reductions in the previous two intervals. Indeed, in this third
recovery period (period 58 in Fig. 4), the EV PL; has downward
flexibility available, which is added to the downward recovery. The
additional downward flexibility is recovered over the three subsequent
intervals between 14:45 and 15:30.

The effectiveness of the energy recovery imposed by the proposed
algorithm was verified using the results obtained in terms of the total
energy absorbed by the PLs throughout the day. Table 7 shows that the
energy values for the scheduled program, that is, the energy absorbed
by each PL without any flexibility, and for the multi-period VOP, that
is, the actual energy absorbed according to the results of the proposed
algorithm, are the same. This ensures the adequacy of the EV charging
service.

4.2.2. Case B

Fig. 15 compares the time evolution of the objective function for
the VOP with only DERs (red dashed line) and the VOP with both
DERs and PLs flexibility (blue solid line). In addition, the results show
that the VOP DERs and PLs algorithm uses PL flexibility to minimize
the objective function value whenever it is available. The performance
improvement was quantified using the VDI values reported in Table 6.
In Case B, the VOP that uses only the reactive power compensation
by the PV systems allows a reduction of the VDI value by about 61%
compared to the no VOP algorithm, with a further reduction of about
35% is obtained by also exploiting the flexibility of PLs with respect to
the VOP DERs algorithm.
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The time evolution of voltage at PN; is shown as an example in
Fig. 16. The plot demonstrates the voltage variation control achieved
by implementing the VOP algorithm, especially when the flexibility of
the PLs is exploited.
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Fig. 15. Objective function of Case B.

Figs. 17-20 show the time evolution of the active power absorbed
by EVPL,-EV PL, in Case B. In particular, the scheduled absorption
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Fig. 17. PL, scheduled (reference) vs. optimized consumption profiles in Case B.

is compared with the actual value obtained using the VOP DERs and
PLs algorithm. The curves show the recovery effect after each period
in which the proposed algorithm changes the actual PL power con-
sumption from the reference value. Compared to Case A, in Case B,
there are more periods when the flexibility of the PLs is exploited with
an absorption increase (and consequent decrease during the following
three recovery periods). In fact, there are more periods characterized
by significant voltage increase beyond the rated value, as shown by
the black profile in Fig. 16. Regarding the total daily energy absorbed
by the PLs, the results are the same as in Case A and are reported in
Table 7, as there is no difference in the models adopted for the four PLs
in both cases.

4.2.3. Cost analysis

This subsection focuses on the economic aspects of using the flex-
ibility provided by PLs. Constraint (35) limits the cost of the service
purchased by the DSO. The unitary price of the flexibility provided by
the PLs related to cost function ¢, in (30) was fixed at 25 €/MWh for
both upstream and downstream power variations, which is a portion of
the total price for the service provided by the PLs to the DSO, referred
to as the effective use of flexibility during the operation. The limit 4/,
of the budget available to the DSO is set to 50 €/h for all 7. Under these
assumptions, the Total Daily Cost (TDC) of the PL flexibility service
used by the DSO was 99.7 €/day in Case A and 105.5 €/day in Case B.
The difference between these values is due to the varying PV generation
and system loading conditions in Cases A and B. Generally, these values
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Fig. 19. PL, scheduled (reference) vs. optimized consumption profiles in Case B.
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Fig. 20. PL, scheduled (reference) vs. optimized consumption profiles in Case B.

can be considered as the cost of optimizing the voltage profiles using
PL flexibility.

Tables 8 and 9 show the variations of the VDI and of the TDC results
when the budget available to the DSO is reduced, for Case A and Case
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Table 8
VDI and TDC for various values of the DSO budget b} ¢, in Case A.
blso (€/h)
50 25 10 5 1
VDI (p.u.) 0.101 0.109 0.124 0.137 0.150
TDC (€/day) 99.7 88.5 57.9 30.6 6.5
Table 9
VDI and TDC for various values of the DSO budget b, in Case B.
Byso (€/h)
50 25 10 5 1
VDI (p.u.) 0.091 0.100 0.115 0.126 0.138
TDC (€/day) 105.5 85.2 50.7 29.2 5.8

B, respectively. As expected, VDI increased and TDC decreased as the
budget limit decreased. For b/, ., = 1 €/h, the VDI is close to the values
reported in Table 6 for the VOP DERs algorithm, which does not take

advantage of PL flexibility.
5. Conclusion

This paper presents a method to assess the maximum level of
consumption flexibility that an EV parking lot can offer to the DSO
while still ensuring proper EV charging services. This flexibility, along
with that of the other DERs, is used for real-time voltage profile
optimization.

Regarding the calculation approach for parking lot flexibility, the
reference consumption profiles and the maximum allowable active
power flexibility adjustments for each 15-min interval throughout the
day are determined using stochastic linear optimization.

The DSO voltage optimization procedure employs a multiperiod
model to adequately account for energy recovery effects over subse-
quent time intervals. By ensuring full recovery of the energy required
by the parking lots, the VOP uses flexibility without compromising the
quality of the EV charging services. The VOP model decomposes the
network into voltage control zones and uses a linearized power flow
model.

Numerical tests were conducted considering four parking lots and
15 DERs connected to the IEEE 123 node test feeder over a 24-h period.
Two cases were considered, referred to as Case A and Case B, based on
the rated power of each PV system, which is assumed to be equal to
200 kW for Case A and 300 kW for Case B. Cases A and B also differs
with respect to the system loading conditions: in Case B, the total daily
load curve was reduced to 30% of that of Case A.

For the considered cases, the voltage profiles are obtained using
three different approaches: power flow calculation without voltage
optimization (no VOP), voltage optimization performed by adjusting
only the DER reactive outputs (VOP DERs), and voltage optimization
performed by adjusting both the DER reactive power and active power
absorption of the parking lots (VOP DERs and PLs).

The results are compared in terms of the voltage deviation index,
actual power absorbed by the parking lots during the day with respect
to the reference consumption profile, and total daily energy consumed
by the parking lots. In addition, a sensitivity analysis was conducted on
the impact of the assumed cost of flexibility provided by the EV parking
lots.

The results shows that the use of parking lot flexibility allows
significant voltage deviation reductions compared to both cases without
voltage optimization and voltage optimization that varies only DER
reactive powers. In particular, the solution of the VOP DERs and PLs
algorithm improves the voltage deviation index by approximately 70%
and 75% for Cases A and B, respectively, compared with that of the no
VOP algorithm; the improvements are approximately 34% for Case A
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and 35% for Case B if compared with the solution of the VOP DERs
algorithm.

Furthermore, this procedure guarantees complete energy recovery
for the EV charging service during 24 h of the day, and the com-
putational effort required for the voltage optimization procedure is
compatible with online applications.

The study also quantified the total daily costs associated with the
use of parking lot flexibility for voltage profile optimization, focusing
on the impact of the reduced DSO budget on the voltage deviation from
the rated value.

The results indicate that the proposed algorithm is particularly
effective when the DER production levels are high and closely align
with parking lot consumption.

The aspects of the proposed method that deserve further improve-
ments are primarily related to the need of a more accurate representa-
tion of the distribution network in presence of unbalanced operating
conditions. The VOP model can be extended to account for the un-
certainties related to other sources of flexibility beyond parking lots.
Moreover, further services could be considered from the DSO point of
view in addition to voltage profile optimization, such as congestion
management. Finally, future work will also focus on the use of decom-
position approaches to allow a fast solution to the voltage optimization
problem, even for very large test cases.
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