
energies

Article

Comparison between Inflexible and Flexible
Charging of Electric Vehicles—A Study from the
Perspective of an Aggregator

Isaias Gomes 1,2 , Rui Melicio 1,2,3,* and Victor Mendes 3,4,5

1 ICT, Instituto Ciências da Terra, Universidade de Évora, 7002-554 Évora, Portugal; ilrgomes21@gmail.com
2 IDMEC, Instituto Superior Técnico, Universidade de Lisboa, 1049-001 Lisbon, Portugal
3 Departamento de Física, Escola de Ciências e Tecnologia, Universidade de Évora, 7002-554 Évora, Portugal;

vfmendes@deea.isel.pt
4 CISE, Electromechatronic Systems Research Centre, Universidade da Beira Interior,

6201-001 Covilhã, Portugal
5 Department of Electrical Engineering and Automation, Instituto Superior de Engenharia de Lisboa,

1959-007 Lisbon, Portugal
* Correspondence: ruimelicio@gmail.com; Tel.: +35-126-674-5372

Received: 22 July 2020; Accepted: 10 October 2020; Published: 19 October 2020
����������
�������

Abstract: This paper is about the problem of the management of an aggregator of electric vehicles
participating in an electricity market environment. The problem consists in the maximization of the
expected profit through a formulation given by a stochastic programming problem to consider the
uncertainty faced by the aggregator. This uncertainty is due to the day-ahead market prices and
the driving requirements of the owners of the vehicles. Depending on the consent of the owners,
inflexible charging to flexible charging is considered. Thus, the aggregator can propose different
profiles and charging periods to the owners of electric vehicles. Qualitatively, as expected, the more
flexible the vehicle owners, the higher the expected profit. The formulation, however, offers more
to the aggregator and provides the ability to quantify the influence of consent of favorable driving
requirements in the expected profit, allowing the aggregator to consider rewarding the owners of
vehicles with more flexibility. Case studies addressed are for comparison of the influence of owners
having inflexibility, partial flexibility, or flexibility in the expected profit of the aggregator.

Keywords: battery degradation; electric vehicles; electric vehicles aggregator; electricity markets;
stochastic programming

1. Introduction

Energy production has been essentially based on non-renewable sources, i.e., from fossil fuels,
resulting in increased anthropogenic gas emissions. Among the sectors of the economy, the transport
sector has a weight of about 15% in global emissions [1]. Likewise, the transport sector is responsible
for more than 28% of the energy consumed in most countries [2]. To reduce greenhouse gas emissions,
electric vehicle adoption has been discussed worldwide [3,4]. The market share of electric vehicles
remains low since the higher acquisition cost of electric vehicles compared to conventional vehicles
is one of the important barriers to adoption [3]. Policy incentives for the acquisition of electric
vehicles include financial incentives and non-financial incentives [3]. Financial incentives include
direct purchasing subsidies, and registration/emission/tax fee exemptions, which are the most widely
used incentives to lower the high initial purchasing cost [3]. Non-financial incentives are designed for
the convenience of electric vehicle owners, including free parking policies, and toll tax exemptions [3].
The power system perceives the integration of a large number of electric vehicles as a threat and
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the electricity market participants perceive this integration as an opportunity to consider electric
vehicles as a new source of energy in the electricity market [5]. Therefore, in the coming years, with the
increase in electric vehicles in the power system, aggregating agents tend to play an important role
as intermediaries among the owners of electric vehicles, the electricity market, distribution system
operators, and transmission system operators [6]. Ref. [7] presents one of the most important works
regarding the role of electric vehicle aggregators in electricity markets. The trading of energy in
electricity markets is a well-studied subject [8–14]. Ref. [8] proposes an aggregation platform for wind,
photovoltaic, and thermal power in electricity markets. Ref. [9,12] present the stochastic coordination
of joint wind and photovoltaic systems in the day-ahead market. Ref. [10] proposes the coordination of
wind power, photovoltaic power, and energy storage. Ref. [11] proposes the analysis of the impact
of dust on photovoltaic systems in aggregation with wind and thermal power. Ref. [13] presents the
self-scheduling and bidding strategies of thermal units with stochastic emission constraints. Ref. [14]
proposes the bidding strategy of wind–thermal energy producers.

In recent years, the participation of electric vehicle aggregators in electricity markets has
been gaining attention among researchers and market players. Electric vehicles management has
been proposed according to two different approaches: considering unidirectional charging [15],
i.e., grid-to-vehicle; and considering bidirectional charging [16], vehicle-to-grid (V2G). The development
of management systems for the management of electric vehicles in electricity markets is divided into
two main groups: group 1 studies electric vehicles as deterministic units [17–19], suggesting the absence
of uncertain characteristics; group 2 studies electric vehicles as stochastic units [17–25], suggesting the
consideration of uncertain characteristics. Ref. [17] presents a mechanism to determine the two-way
energy storage of a large pool of electric vehicles that can be contracted in the ancillary services market
on a long-term basis to provide the regulation up and regulation down to the grid. Ref. [18] proposes an
algorithm for an electric vehicle aggregator providing unidirectional V2G regulation. Ref. [20] proposes
a bidding strategy for an electric vehicle aggregator that participates in the day-ahead market.
The problem is formulated using stochastic robust optimization, considering uncertainty in day-ahead
market prices, and driving requirements of electric vehicles. Ref. [21] investigates the application of
stochastic dynamic programming to the optimization of charging and frequency regulation capacity
bids of an electric vehicle in a smart grid [26,27]. Ref. [22] presents an optimal bidding strategy
of an electric vehicle aggregator participating in day-ahead energy and regulation markets using
stochastic optimization. Ref. [23] proposes a stochastic optimization model for optimal bidding
strategies of electric vehicle aggregators in day-ahead and ancillary services markets with variable
wind energy. Ref. [24] proposes the optimal scheduling of plug-in electric vehicle aggregators in the
electricity market considering as uncertain parameters market prices, availability of electric vehicles,
and status of being called in the reserve market. Ref. [25] proposes a two-stage stochastic optimization
problem for optimally coordinated bidding of an electric vehicle in the day-ahead, intra-day and
real-time markets. The formulation also includes risk management with the hourly conditional value
at risk. Ref. [28] presents the bidding strategy for electric vehicle aggregators participating in the
day-ahead market. Ref. [29] proposes the problem of decision making on an electric vehicle aggregator
in a competitive market in the presence of different uncertain resources. The problem is formulated
using stochastic programming. Ref. [30] proposes a stochastic programming problem for the scheduling
of electric vehicle aggregators in the day-ahead market. The main contribution of this paper is the
consideration of the level of flexibility of the owners of vehicles. Flexibility is the consent regarding
electricity usage for charge/discharge to a practice stated by the aggregator, allowing the aggregator to
obtain a higher expected profit than the one in the case of the inflexibility of owners. This contribution
allows further improvement in the management of the aggregator and is an extension of the scope of
the work in [5] addressing only inflexible owners.



Energies 2020, 13, 5443 3 of 13

2. Assumptions

This paper considers a set of assumptions: (1) the aggregator is the intermediate entity between
the owners of electric vehicles and the electricity market; (2) the parties agree on the inflexibility or
flexibility for the electricity usage, so the aggregator is only empowered to carry out operation planning
with the owners’ authorization; (3) the aggregator is responsible for the degradation of vehicles when
in the process of charging or discharging, in which the cost is paid to the owners of electric vehicles;
(4) the owners of electric vehicles pay back to the aggregator the cost of the degradation due to the
demand for energy for driving; (5) the owners of electric vehicles are penalized with the respective
cost of the degradation of the vehicles, when a violation occurs on the schedule given by aggregator
for charge or discharge of energy; (6) the market gives aggregators a premium for the participation of
electric vehicles in the electricity market, through a special price in the purchase of energy, in order to
stimulate the purchase of electric vehicles and their participation in the electricity market and in a wider
energy matrix; (7) through an agreement between the parties, the profit obtained from participation in
the electricity market can be divided between the aggregator and the owners of electric vehicles.

3. Problem Formulation

The current wholesale markets do not allow small agents to participate in the market, due to
minimal power requirements, for example, in Nord Pool, the minimum bid size in the day-ahead market
is 1 MW. So, a single electric vehicle is not allowed to participate in the market, but a fleet of electric
vehicles satisfying minimal power requirements can be in a market through an aggregator. The electric
vehicles are considered in this paper as non-stationary energy storage devices. The aggregator’s
functions are: (1) the management of charges and discharges in periods where the vehicles are available,
by agreement with the owners of the vehicles; (2) to be an intermediary agent between the owners of
electric vehicles and the electricity market; (3) present profitable offers for the purchase and sale of
energy in the day-ahead market; (4) to manage the charges and discharges to reduce the degradation
of the batteries of electric vehicles. The aggregator’s main objective in participating in the market is the
maximization of profit, subjected to constraints as follows:
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In (1), the objective function is the aggregator’s expected profit, with the following terms:
(1) revenue from sales offers in the day-ahead market, as a result of electric vehicle discharges,
where λDA

st is the day-ahead market price and PD
st is the sale offer/discharge power; (2) cost of purchase

offers in the day-ahead market, as a result of charging electric vehicles, where λDA∗
st is a V2G tariff to

encourage the electric vehicle owners to operate in V2G mode and PC
st is the purchase offer/charge power;

(3) revenue from the energy consumed by the owners of electric vehicles, where ζ is the price for driving
requirements and ER

st is the energy consumed for driving requirements; and (4), the cost of battery

degradation of electric vehicles given by CDeg
st . In (2), the technical limits of operation are presented

for the sale offer/discharge power, where PD and PD are the minimum and maximum discharge
power, respectively. In (3), the technical limits of operating limits are presented for the purchase
offer/charge power, where PC and PC are the minimum and maximum charge power, respectively.

In (2) and (3), σD
st and σC

st are the binary variables that model the discharge and charge cycles of
electric vehicles, respectively. In (4) and (5), maximum and minimum values of the binary variables
are presented, where σA

st is the availability parameter of electric vehicles (0/1 parameter). In (6), it is
imposed that electric vehicle batteries cannot charge and discharge at the same time. According to
the fleet being available, there are two events imposed to be feasible and one event imposed to be
feasible for the fleet being unavailable: (σA

st = 1; σD
st = 1, σC

st = 0) is event_1, available for discharge;
(σA

st = 1; σD
st = 0, σC

st = 1) is event_2, available for charge; (σA
st = 0; σD

st = 0, σC
st = 0) is event_3,

in which discharge or charge is unavailable. In (7), the equation of state of charge of the electric
vehicle battery equation is presented, where SoCst is the state of charge, ηC/ηD is the charge/discharge
efficiency and E is the maximum capacity of the battery of electric vehicles. In (8), SoC and SoC are
the minimum and maximum values of the state of charge variable, respectively. In (9), it is imposed
that the offering curves for the sale offer increase monotonically, where PD

s′t is the power discharge
of a specific scenario and s , s′. In (10), it is imposed that the offering curves for the purchase offer
decrease monotonically, where PC

s′t is the power charge of a specific scenario and s , s′. Regarding (9)
and (10), once the market participants submit their offering curves for sales offers and offering curves
for purchase offers, the market operator clears the day-ahead market and publishes the market-clearing
price of the day-ahead market and the accepted offers. In (11) and (12), non-anticaptivity constraints
are imposed. With these constraints, only one offering curve can be submitted to the day-ahead market
for each hour irrespective of the driving requirement realizations. The expression to compute the
battery degradation is as follows [31]:

CDeg
st =

∣∣∣∣ m
100

∣∣∣∣PC
st + PD

st − ER
st

E

CB (13)

In (13), m is the parameter for the relationship of the cost incurred with the reduction in useful life
due to charge or discharge of the battery [31] and CB is the cost of batteries for electric vehicles. The extra
cost of degradation incurred by charge or discharge processes due to the aggregator management
decisions is paid to the electric vehicle owners. This cost is given by the total cost of degradation minus
the cost of degradation incurred by the owner driving requirement since the energy used in driving is
the one stored by charging.

4. Uncertainty Modeling

4.1. Scenario Generation

The management of electric vehicles in a market environment involves an increased level of
uncertainty due to not only market prices that have some characteristics of volatility, but also
to the uncertainty on the behavior of owners of the electric vehicles in what regards the usage
of electricity. Thus, the uncertain parameters considered in this paper are the day-ahead market prices,
the energy demand for electric vehicles for driving requirements, and the availability of electric vehicles.
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To incorporate the uncertainty into the stochastic model proposed in this paper, the uncertain parameters
are modeled through a set of plausible realizations known to be the scenarios. Energy demand for
electric vehicles and the availability of vehicles are modeled at coincident periods and scenarios.
The following steps are applied to generate the scenarios: (1) the consideration of the kernel density
estimation (KDE), which is a non-parametric method to estimate the probability density function (pdf)
of a random variable; (2) from the estimation revealed by KDE, a total of 1000 scenarios are generated.
The kernel density estimator is as follows [32]:

f̂h(x) =
1

nh

n∑
i=1

K
(x− xi

h

)
(14)

In (14) n is the sample size, h is the bandwidth, and K(.) is the kernel smoothing function.

4.2. Scenario Reduction

The 1000 scenarios generated for each parameter in the previous section are reduced to 10 by
applying the K-means scenario reduction technique. The K-means technique identifies clusters of
scenarios that show considerable similarity; determining a scenario represents clusters of scenarios
while maintaining relevant information for optimal decision-making. The K-means technique is
relatively easy to implement, having broad convergence, and can be adapted to larger data sets.
The objective function of the K-means technique is as follows [33]:

min
K∑

k=1

∑
xi∈Sk

dist(xi, ck)
2 (15)

In (15), K is the number of clusters, dist is a chosen distance measure, and xi and ck are data points
and centroids belonging to cluster Sk.

5. Case Studies

The case studies are tested using data of day-ahead market prices from the Iberian Electricity
Market (MIBEL) [34] and the behavior profiles of drivers in Europe [35]. The time horizon considered
is 24 h. The electric vehicle aggregator manages 1000 similar electric vehicles, having a battery
capacity of 25 kWh [5]—a common value for Nissan Leaf models. The rated power of the super
battery/superload is 25 MWh [5]. This paper assumes that the driving patterns of all electric vehicles
are similar. The battery cost in an electric vehicle is 250 €/kWh and the battery modeled for battery
degradation has the cost given by Equation (13) with a linear approximated slope of m −0.0013 given
in [31]. The ratio distance/consumption is assumed to be the same, having a value of 6 km/kWh.
The V2G tariff λDA∗

st is assumed to be λDA∗
st = 0.65λDA

st . This V2G tariff should be sufficiently low to
encourage the electric vehicle aggregator to participate in electricity markets, covering the operating costs
of the electric vehicles and the battery degradation costs. Similar approaches regarding incentives for
aggregators are applied in other research works, such as the case of [36] where a price markup is considered.
Three case studies are considered: (1) Case 1—Inflexible charging; (2) Case 2—Partially-flexible charging;
(3) Case 3—Flexible Charging.

The analysis of the results obtained from the formulation proposed in this paper is on the basis
of the offering curves, whether regarding the offering curves for the purchase or sale of energy,
typically presented in electricity markets, as is the case in the Iberian Electricity Market. The purpose
of the analysis is to confirm that the flexibility of vehicle owners can influence the management of the
electric vehicle fleet and to determine how flexibility can improve the aggregator’s profit through the
use of the offering curves. The importance of this analysis is its further support for the aggregator
to access the market with better levels of rationality when submitting the offers. The scenarios of
day-ahead market prices given by the K-means scenario reduction technique are in Figure 1.
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Figure 1. Scenarios of day-ahead market prices.

Figure 1 shows the typical tendency for the behavior of market prices.

5.1. Case_1—Inflexible

In this case study, the electric vehicle aggregator has no power over the behavior of the vehicle,
i.e., owners of vehicles are inflexible. The aggregator has power only when electric vehicles are
not moving. Thus, through the communication system between the aggregator and the owners,
the latter sends the predictable data on their behavior. The owner of the vehicle has the possibility
to send 10 scenarios of driving requirements, according to the data in Appendix A, Table A1. The
data show that vehicles between hour 1 and hour 7 are parked. In addition, the data show that the
vehicles are, not with certainty, parked in periods of likely high day-ahead market prices, namely,
hours 10, 13, and 22, and are explicitly driving in hour 21. Consequently, the vehicles are, not with
certainty, able to charge or discharge the batteries in those periods. Based on these data, at the time of
decision making, the aggregator defines the optimal values and the times for charging and discharging
the electric vehicles, respectively, for purchase offers and sales offers, to present optimal offers in the
electricity market. So, the aggregator has no opportunity to present offers in periods that have the
potential for economic advantage. Purchase offering and sale curves are in Figures 2 and 3, respectively.
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Figure 2 shows the offering curves for purchase offers for hour 6 and hour 11. The offering curves
for purchase offers decrease monotonically, as imposed by (10). At hour 6, as the day-ahead market
price is one of the lowest, the aggregator takes the opportunity to charge the battery of electric vehicles.
However, the aggregator is only willing to buy energy at a price below 45 €/MWh. So, when the price
is higher than this value, the offer has a value of 0 MWh. The aggregator is willing to charge the
battery of electric vehicles if the purchase price is around 30 €/MWh. At hour 11, as the day-ahead
market price is already higher, the aggregator chooses to buy less energy. Thus, the aggregator only
buys around 3.5 MWh of energy. To buy this amount of energy, the aggregator is willing to pay a
maximum of 65 €/MWh. Above that value, the best option for the aggregator is not to buy energy
in the day-ahead market. Figure 3 shows the offering curves for sale offers for hour 12 and hour 24.
The offering curve for sale offers increases monotonically, as imposed by (9). At hour 12, one of the
periods of the day with the best day-ahead market price, the aggregator is only available to sell energy
at a price above 69 €/MWh. Below this value, the offer has a value of 0 MWh. At hour 24, the day-ahead
market price is higher than some periods of the time horizon. Then, the aggregator is willing to receive
anything between 44 €/MWh and 68 €/MWh for 5.5 MWh of energy. This behavior is the behavior of a
perfectly inelastic supply curve. The approach proposed in this paper makes it possible to acquire the
offering curves, which allow the aggregator to present bids for offer blocks at the lowest possible price
when purchasing energy, and bids for offer blocks at the highest possible price when selling energy.
In addition, this approach allows studying strategies to allocate part of the augmented profit among
the owners of vehicles, thus allowing for flexibility.

5.2. Case_2—Partially-Flexible

In this case study, the aggregator has power over the behavior of electric vehicle owners in a
more extended period. By agreement, the behavior of vehicle owners is less uncertain, and part of the
energy is consumed in fewer hours. With the extended period of control over the behavior of vehicles,
the aggregator can make better decisions, since periods of better market prices are available to inject
energy into the grid and thus improve profit. In this case study, the scenarios of driving requirements
and the availabilities of electric vehicles are in accordance with the data in Appendix A, Table A2.
The driving hours are just 5 hours per day, giving the aggregator the possibility to implement more
profitable decisions without significantly interfering in the routines of vehicle owners. It is worth noting
that hours 10, 13, 21, and 22 are flexible hours with high day-ahead market prices. Purchase offering
and sale curves are in Figures 4 and 5, respectively.
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Figure 4 shows that at hour 6, the aggregator is only available to buy energy below 43 €/MWh.
Above this value, the offer is 0 MWh. The aggregator is available to buy 4.5 MWh for values between
€34 and €43. To buy 10 MWh, the aggregator only accepts at a value of around €31. The offer values
for hour 6 of Case 2 are very similar to the values for hour 6 of Case 1. The difference is in the offer
of 4.5 MWh, which in Case 1 is 4.9 MWh. At hour 11, the aggregator is only available to buy energy
below 56 €/MWh. Above this value, the offer is 0 MWh. The aggregator is available to buy 3.6 MWh
for values between €51 and €56. To buy 7.7 MWh and 9.8 MWh, the aggregator only accepts at a
value of around €48 and €44, respectively. Compared to hour 11 in Case 1, the aggregator is more
demanding, since the aggregator only accepts to trade below €56, while in Case 1 the trade starts from
€64. Figure 5 shows that at hour 12, the aggregator is only available to sell energy above 61 €/MWh.
Below this value, the offer is 0 MWh. The aggregator is available to sell 5.5 MWh for values between
€61 and €66. To sell 8.8 MWh, the aggregator only accepts at a value of around €69. Compared to
hour 12 in Case 1, the aggregator starts to trade from €61, while, in Case 1, the aggregator starts to
trade from €69. However, for Case 2, starting at €69, the aggregator only negotiates an amount of
energy equal to 8.8 MWh. A convenient consent of the owners of vehicles allows the aggregator,
by implementing the strategy that yields a higher profit, to consider rewarding the owners in order to
encourage further flexibility.

5.3. Case_3—Flexible

In this case study, the aggregator has full power over the batteries of electric vehicles, and the
aggregator decides the charging and discharging periods throughout the day, i.e., by assumption,
the owners of the electric vehicle do not use the vehicle during the entire time horizon under study.
Purchase offering and sale curves are in Figures 6 and 7, respectively.
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Figure 6 shows that compared to Case 2, the optimum values suggest that the batteries of electric
vehicles be charged at hour 5, an hour with an average market price slightly lower than that of hour 6.
Thus, at hour 5, the aggregator is only available to buy energy below 48 €/MWh. Above this value,
the offer is 0 MWh. The aggregator is available to buy 10 MWh for values between €29 and €48.
Compared to hour 6 in Case 2, the aggregator can buy large quantities of energy at lower prices.
At hour 11, the aggregator is only available to buy energy below 56 €/MWh. Above this value, the offer
is 0 MWh. Compared to hour 11 in Case 2, the aggregator can buy larger quantities of energy for the
same prices. For example, for a price of €44, the aggregator in Case 3 buys 10 MWh, while, in Case 2,
the aggregator buys 9.8 MWh, and for a price of €48, the aggregator buys 9.7 MWh in Case 3 and buys
7.6 MWh in Case 2. Figure 7 shows that at hour 13, the aggregator is only available to sell energy above
69.6 €/MWh. Below this value, the offer is 0 MWh. Compared to hour 12 in Case 2, the aggregator
can sell larger quantities of energy at better market prices. For example, for a price of €69 at hour
12 of Case 2 and a price of €69.6 for hour 13 of Case 3, the aggregator sells 8.9 MWh and 10 MWh,
respectively. Similarly, for a price of €71.5, the aggregator sells 10 MWh, while for €70.9, the aggregator
sells only 8.9 MWh at hour 12 of Case 2. Likewise, at hour 23 of Case 3, compared to hour 22 of Case 2,
the aggregator can sell larger quantities of energy at better market prices. For example, for a price of
€68.6 at hour 12 of Case 2 and a price of €69.5 for hour 23 of Case 3, the aggregator sells 5.47 MWh and
10 MWh, respectively. Similarly, for a price of €71.9, the aggregator sells 10 MWh, while, for €70.3,
the aggregator buys only 5.47 MWh at hour 22 of Case 2. The possibility of total control over the
batteries allows the aggregator to make better decisions through the knowledge that the aggregator
has about the market. The comparison between the cases is in Table 1.
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Table 1. Comparison between Case 1, Case 2, and Case 3.

Expected Profit (€) Degradation Cost (€)

Case 1 504 254

Case 2 666 333

Case 3 1153 487

Table 1 shows that although the cost of degradation increases, the expected profit in Case 2 and
Case 3 is higher than the expected profit in Case 1. The expected profit for Case 2 is 32% higher than
the profit for Case 1, and the expected profit for Case 3 is more than 100% higher than the profit
for Case 1. Thus, the formulation developed offers aggregator support for the management of the
charge/discharge of electricity in the vehicles to improve the expected profit. With full control over
electric vehicles, owners of electric vehicles are expected to receive a higher reward for being compliant
with flexibility, allowing the aggregator to have a further economic advantage. Note that the V2G
tariff is important for an aggregator in electricity markets due to the high costs of battery degradation.
Hence, the aggregator can make a profit only with adequate values of V2G tariffs.

6. Conclusions

Although the conventional power system perceives the integration of electric vehicles as only a
further new load to be satisfied in due time, these vehicles are new sources of energy and opportunities
for business in the electricity market. Nevertheless, the owners of electric vehicles cannot participate
in electricity markets due to conditions of minimal power requirements imposed in these markets.
Thus, these owners can only through an aggregator achieve sufficient conditions to participate in
those markets. The aggregator is the intermediary entity between vehicle owners and electricity
markets submitting blocks of offers to buy and sell energy to the market and wanting the achieve
the most profitable operation, subject to operational and technical constraints. However, a set of
electric vehicles is a fleet of non-stationary energy storage devices not necessarily under the total
control of the aggregator. The aggregator is only able to manage charge/discharge of the energy storage
devices in periods of consent by the owners of the vehicles. This consent is upon agreement with
the owners and, in general, must take into consideration the cost due to the incurred degradation
of the energy storage devices due to extra usage. So, a support decision for the fleet of vehicles is a
crucial aid to the most favorable management regarding participation in the market, and this paper is
a contribution in this regard. The support decision for the fleet of vehicles proposed is a formulation
based in a mathematical programming problem written as a maximization of the expected profit in a
stochastic programming framework, considering the uncertainty in day-ahead market prices and the
driving requirements of electric vehicles.

The consent of owners is the level of flexibility regarding electricity usage for charge/discharge
to a practice stated by the aggregator, allowing the aggregator to have some control, which is an
opportunity to achieve a higher expected profit than the one in the case of inflexibility. As expected,
the assumed level of flexibility accepted by the owners has repercussions in the aggregator management,
as shown by a comparison of the addressed case studies assuming that the owners are inflexible,
partially inflexible, or flexible.

The application proposed in this paper offers the aggregator support for the management of the
charge/discharge of electricity in the vehicles to improve the expected profit. Quantitively identifying
the augmented profit is a result of having the flexibility stated by the owners to allow the schedule of
charge/discharge of vehicles by the aggregator and allowing for simulating the studies of strategies of
persuasion for further consent.
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simulation results, and wrote the paper. All authors have read and agreed to the published version of the manuscript.
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List of Symbols

s index of scenarios
t index of periods
λDA

st day-ahead market price

λDA∗
st

V2G tariff to encourage the electric vehicle owners to
operate in the vehicle to grid mode

ζ price for driving requirements
σD

st binary variable modeling discharge cycles
σC

st binary variable modeling charge cycles
σA

st binary parameter for input status of electric vehicles
ηD discharge efficiency of batteries of electric vehicles
ηC charge efficiency of batteries of electric vehicles
ER

st driving requirements of electric vehicles
E capacity of battery of electric vehicles
PD

st discharge power of electric vehicles/sale offer
PC

st charge power of electric vehicles/purchase offer

PD/PD minimum/maximum discharge power

PC/PC minimum/maximum charge power

SoCst state of charge of electric vehicles
SoC/SoC minimum/maximum state of charge

CDeg
st cost of battery degradation

CB cost of batteries of electric vehicles

m
linear approximated slope of battery life as a function
of the number of cycles

Appendix A

The following tables only show the driving requirements at hours of the day that have a line of non-null values;
in hours not shown, the values are null for all scenarios.

Table A1. Scenarios of driving requirements (ER
st) of the fleet of electric vehicles for Case_1.

Hour\Scenario 1 2 3 4 5 6 7 8 9 10

8 2.083 1.185 1.909 1.340 1.468 1.994 2.165 1.694 1.587 1.808

9 1.339 2.492 1.863 2.221 1.982 1.594 2.373 1.732 2.101 1.472

10 0.000 1.998 1.399 0.000 1.036 1.646 0.000 0.000 1.839 1.922

13 2.661 0.000 1.033 1.859 2.540 0.000 2.139 0.000 2.369 1.486

14 2.482 0.000 0.000 1.715 2.827 2.186 0.000 1.271 0.000 2.708

19 0.000 2.497 1.298 2.330 2.027 0.000 1.723 0.000 0.000 0.000

20 2.723 1.109 1.863 2.263 3.130 2.065 2.927 1.626 1.397 2.495

21 2.321 1.558 1.800 2.221 1.707 2.103 1.628 1.906 1.997 1.490

22 2.992 0.000 2.562 0.000 2.073 1.664 0.000 1.324 2.838 0.000
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Table A2. Scenarios of driving requirements (ER
st) of the fleet of electric vehicles for Case_2.

Hour\Scenario 1 2 3 4 5 6 7 8 9 10

8 2.083 1.185 1.909 1.340 1.468 1.994 2.165 1.694 1.587 1.808

9 1.339 4.490 3.262 2.221 3.018 3.240 2.373 1.732 3.940 3.393

14 5.143 0.000 1.033 3.574 5.367 2.186 2.139 1.271 2.369 4.194

19 2.321 4.055 3.098 4.551 3.734 2.103 3.351 1.906 1.997 1.490

20 5.715 1.109 4.425 2.263 5.203 3.729 2.927 2.951 4.235 2.495
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