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ABSTRACT
The electrification of transport can significantly reduce CO2 emis-
sions and their negative impact on the environment. In this paper,
we study the problem of allocating Electric Vehicles (EVs) to charg-
ing stations and scheduling their charging. We develop an offline
solution that treats EV users as self-interested agents that aim to
maximise their profit and minimise the impact on their schedule.
We formulate the problem of the optimal EV to charging station
allocation as a Mixed Integer Programming (MIP) one and we pro-
pose two pricing mechanisms: A fixed-price one, and another that is
based on the well known Vickrey-Clark-Groves (VCG) mechanism.
We observe that the VCGmechanism services on average 1.5% more
EVs than the fixed-price one. In addition, when the stations get
congested, VCG leads to higher prices for the EVs and higher profit
for the stations, but lower utility for the EVs. However, the VCG
mechanism guarantees truthful reporting of the EVs’ preferences.

CCS CONCEPTS
• Computing methodologies→ Planning and scheduling;Multi-
agent systems; Search methodologies.
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1 INTRODUCTION
The increasingly negative impact of climate change on society
has forced several countries to instigate national plans to reduce
carbon emissions [1]. The electrification of transport is one of the
main pathways to significantly reduce CO2 emissions. However,
the successful introduction of EVs into the market lies upon the
acceptance of the new type of vehicle by the customers. Currently,
three main problems prevent the spread of EVs: 1) the relatively
small range, 2) the long charging times and the unavailability of
charging stations, and 3) the higher cost of buying an EV compared
to a conventional car. Given that these limitations demand several
years before they can potentially be removed, ways of making
EVs attractive to customers given the current situation must be
developed. For example, the coordinated charging of many EVs
given the available stations and the power grid constraints, as well
as the fair pricing of the electricity can soften limitations 2 and 3.

In this paper we study a municipality-based urban EV charging
setting where EVs drive across a city converge to parking stations
in the center and need to charge. The EVs are modelled as self-
interested agents that want to charge their battery given a set of
preferences and constraints, while from the system’s perspective,
the maximization of EV satisfaction and the balanced distribution
of them across the charging stations and within each station are
the objectives. At the same time, the system needs to make a profit
and be economically sustainable, but maximizing the profit is not
the goal. Hence, it is crucial to leverage advances in decentralized
control and mechanism design to coordinate demand and supply
to mitigate the impact on the grid.

In order to allocate the EVs to charging points we propose op-
timal offline solutions that use market-based techniques. The EVs
report their preferences (e.g., energy demand, time of arrival) a day
ahead and the system selects to charge the EVs with the higher
valuations given the charging station and network constraints. The
valuation is a metric of how much the agents want the energy units
(i.e., the maximum price that the agent would be willing to pay for
an amount of energy). After the allocation has been decided, two
pricing mechanisms are used. In the first one, each agent pays a
fixed price for each unit of electricity, while in the second one, each
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agent pays a price calculated by the well-known Vickrey-Clark-
Groves (VCG) mechanism [15], [2], [6].

In recent years, market-based techniques to schedule the charg-
ing of EVs across stations have already been applied in a number
of occasions [10]. Initial work by Foster and Caramanis [3], investi-
gate market-based control techniques in collectives of EVs for load
balancing and to provide regulation services that allow renewable
energy sources to be integrated. They develop a bidding strategy
for an EV aggregator to operate in hour-ahead markets. Moreover,
Gerding et al. [4] study a setting where agents state time windows
within which they will be available to charge, and bid for units
of electricity in a periodic multi-unit auction. In order to ensure
truthfulness, the authors developed a mechanism that occasionally
leaves units of electricity unallocated, even if there is demand for
them. Ghosh and Aggarwal [5] present an online pricing mecha-
nism where each charging station decides on the prices that each
EV will charge based on the available energy and the time of the
day. Tackling the more general EV charging scheduling problem,
Liu et al [8] formulate the problem as a hierarchical mixed-variable
optimization problem, considering the dependency among the sta-
tion selection, the charging option at each station and the charging
amount settings. They propose a Mixed-Variable Differentiate Evo-
lution as the scheduling algorithm for the proposed scheduling
scheme. Finally, Seitaridis et al. [12] propose an agent-based nego-
tiation scheme for the distribution of EVs across a set of charging
stations aiming to maximise serviced EVs and renewable energy
utilisation.

In this paper, we build on the works by Rigas et al. [11] and Stein
et al. [14]. In particular, [11] applies congestion pricing across nodes
in a network of charging stations to incentivise EV-agents to charge
in stations with low congestion. At the same time, [14] propose
a mechanism for allocating electric power units to self-interested
agents, aiming to maximise social welfare of the agents. In this
paper, we propose amarket-based EV to charging station scheduling
scheme. This scheme maximizes social welfare from the side of the
EVs and guarantees truthful reporting of their preferences, while it
minimises charging imbalance both across the charging stations,
as well as within each station. Our contributions to the state of the
art are: 1) We propose an optimal centralized offline solution using
Mixed Integer Programming (MIP) to solve the problem of allocating
EVs to charging stations. In doing so, we take into consideration the
cost of the electricity, but also an imbalance cost which represents
the difference of the actual demand compared to the expected one. 2)
We propose two different pricingmechanisms. 3)We experimentally
evaluate our algorithms in a setting using real locations of charging
stations in Athens, Greece and we show that they achieve high
EV satisfaction and have good scalability (i.e., tenths of charging
stations and hundreds of EVs).

The rest of the paper is structured as follows: Section 2 formally
defines the problem, Section 3 presents the optimal EV to charging
station allocation scheme, Section 4 presents the two pricing mech-
anisms, Section 5 presents the empirical evaluation and Section 6
concludes and presents ideas for future work.

2 PROBLEM DEFINITION
We define a set of locations l ∈ L, L = Lp

⋃
Lp̄ that can either be

charging stations (i.e., Lp ) or not (i.e., Lp̄ ). Based on this, we define
a transport network as a graphG = (E,L)with nodes L and edges E,
where e ∈ E represents the roads and l ∈ L represents the junctions
of the road network. We define discrete time points t ∈ T , T ⊆ N,
while we denote the set of EVs as a ∈ A.

Now, ∀l ∈ Lp there are a number of charging slots sl ∈ N. Each
charging station l has a charging rate, cl ∈ R+0 and all charging
stations have a fixed cost costelecl ∈ N to pay to the electricity
provider for each unit of electricity. Thus, we define an allocation
matrix charдea,l,t ∈ {0, 1} to represent EVa is charging at charging
station l at time point t . Moreover, each charging station has an
expected demand deml,t ∈ N for each time point, which is assumed
to be agreed with the electricity provider in advance. A monetary
penalty cost imbl

l,t

cost imbl
l,t =

�����∑a charдea,l,t − deml,t

����� × cost imbl (1)

is applied to the stations whenever the actual demand varies from
the expected one. The term imbalance is a measure of how much
the actual demand deviates from the expected one. This imbalance
cost is calculated as the sum of the absolute value of the differ-
ence between the sum of EVs charging at each time point and the
expected demand dema,l over all charging points multiplied by a
fixed cost (see Equation 1). In other words, the closer the actual
demand is to the expected one, the lower this cost is and therefore
the price penalty that each station will have to pay. The difference
in the absolute value is the imbalance in terms of energy being used
and the cost imbl is a fixed price the station pays to the electricity
provider when the actual demand is different from the expected
one. Henceforth, index a refers to the EVs, l to the charging stations,
and t to the time points.

Each EV a is considered as an autonomous agent and has a type
θa =

〈
da ,b

max
a ,ba,t , l

star t
a , tstar ta , lenda ,τ

prk
a , tarra,l , t

dep
a,l ,b

chrд
a ,veleca

〉
.

Each a has a discharge rate da ∈ R+0 , a maximum battery capacity
bmax
a ∈ R+0 , and a current battery level at time t , ba,t ∈ R+0 both
measured in kWh. Moreover, each EV a departs from its source
location lstar ta at time tstar ta ∈ T and wants to travel to destination
lenda where it needs to park for time τprka ∈ N. Given a pair of
locations (lstar ta , lenda ) and the transport network G, the shortest
route, rl star ta ,lenda

∈ Rl star ta ,lenda
from the source to the destina-

tion is calculated using Dijkstra’s algorithm. Similarly, the shortest
routes rl ′,l ∈ Rl ′,l from the sources to all charging points l ∈ Lp are
calculated as well. Every route rl ′,l has a distance δl ′,l : Rl ′,l → N
measured in kilometers, a time to travel τdr ivel ′,l : Rl ′,l → N, and an
amount of energy needed, ϵneedl ′,l (τdr ivel ′,l ,da ). Based on slot availabil-
ity and on the ability of an EV to reach a charging point with its ini-
tial battery level, a set of valid charging points Γa,t ⊆ Lp is defined.
Every EV is available to charge between tarra,l = tstar ta + τdr ivea,l

and tdepa,l = tarra,l + τ
prk
a . Note that τdr ivea,l is measured based on the

distance to location l divided by an average speed. Each vehicle
also needs to charge a specific amount of energy b

chrд
a ≤ bmax

a

11



Mechanism design for efficient allocation of electric vehicles to charging stations SETN 2020, September 2–4, 2020, Athens, Greece

at charging point l and it also has a personal valuation va,l for
charging the desired amount of energy at each charging point.

Each EV has a personal valuation for charging the desired amount
of electricity at a specific location.

va,l =


(veleca − κt ime

a,l ) × b
chrд
a , if b

a,tdepa,l
≥ b

chrд
a

0, otherwise
(2)

According to Equation 2, a time cost κt ime
a,l related to driving to

the station and walking from the station to the final destination
is subtracted from the valuation veleca for charging one unit of
electricity. veleca and κt ime

a,l are within the 0 − 1 range. Note that
κt ime
a,l is computed similarly for all agents as it is based on the
graph that is being used to represent the road network. Also note
that, the agent has zero valuation for charging less than bchrдa , and
valuation va,l for charging equal to or more than bchrдa . Moreover,
each agent a receives utility ua ,

ua = va,l − pa (3)
where pa ∈ R is a monetary transfer from the EV to the system
(i.e., the utility is a measure of satisfaction for charging the desired
amount of electricity). pa is usually positive, as the EVs pay the
charging station for the electricity. However, in case the charging
of an EV leads to lower imbalance cost for the charging station,
the transfer for this EV may be negative (i.e., the EV gets paid- see
Section 4.2).

For an EV to be assigned to a station and charge, it has to reveal
its type θa to the system. Then, the system applies an EV to charging
station allocation algorithm to schedule EV charging and uses one
of two proposed pricing mechanisms to calculate the prices.

3 OFFLINE SCHEDULING OF EVS TO
CHARGING POINTS

Here, we present a formulation for optimally allocating EVs to
charging points. Thus, we formulate the problem as a Mixed Inte-
ger Programming (MIP) one and we solve it optimally using IBM
ILOG CPLEX 12.10. In our formulation we define two decision
variables: 1) ϕa,l ∈ {0, 1} which indicates whether an agent a is
serviced at charging station l and 2) charдea,l,t ∈ {0, 1} which
indicates whether agent a is charging at charging station l , at time
point t (at charging rate ca ). The objective of this formulation is
to maximize Equation 4, which means to maximize the sum of the
agents’ valuations (i.e., charge as many agents as possible at the
stations with the lower time cost) minus the cost for the electricity
and minus the imbalance cost for an optimal allocation X ∗ of EVs
to charging points. Note that the absolute value in the objective
function is linearized at run time by CPLEX. The linear program is
given by:

Objective function:

F (X ∗) =
∑
a

∑
l

va,l × ϕa,l −
∑
a

∑
l

∑
t
charдea,l,t×

costelectrl −
∑
l

∑
t
cost imbl

l,t (4)

Subject to:

∑
l

ϕa,l ≤ 1,∀a (5)

barra ≥ ϵneeda,l (ra,l ,da ) × ϕa,l ,∀a,∀l (6)

∑
t ≥tarra,l ∩t<tdepa,l

charдea,l,t ≥

[
b
chrд
a,l /cl

]
× ϕa,l ,∀a,∀l (7)

∑
t<tarri, j ∩t ≥tdepi, j

charдei, j,t = 0,∀i,∀j (8)

∑
t ≥tarra,l ∩t<tdepa,l

charдea,l,t + b
arr
a ≤ bmax

a (9)

∑
a

charдea,l,t ≤ sl ,∀l∀t (10)

We detail the key elements of this mathematical program as
follows. EV a will charge at most at one charging station l (Eq. 5),
and the initial battery level of each EV must be enough to reach the
charging station selected to charge (Eq. 6). In addition, the number
of time points that an EV will be charging must be greater or equal
to the energy demand divided by the charging rate cl at station l

(τ chrдa,l =
[
b
chrд
a,l /cl

]
) (Eq. 7). Moreover, for all time points before

the arrival and after the departure of EV a at charging station l , no
charging must take place (Eq. 8), and after the completion of the
charging, the maximum capacity of the EV’s battery must not be
exceeded (Eq. 9). Finally, the maximum capacity of each charging
station, in terms of available chargers, must not be violated at any
time (Eq. 10).

In the next Section, we present two pricing mechanisms for the
electricity that each EV charges.

4 PRICING MECHANISMS
In this section, we present two mechanisms for calculating the
price that the agents will pay for the electricity they will charge
according to the scheduling as presented in the previous section. In
the first mechanism, the agents are assumed to be truthful, while
in the second one they may misreport their types.

4.1 Cooperative Agents
Initially, we assume that all agents are cooperative (i.e., they report
their types θa truthfully) and we design a fixed price mechanism
where the payments of the agents to the charging company are
calculated based on:

p
coop
a = (b

chrд
a × costelecl ) × (1 + incr ) (11)

Each agent pays its energy demand multiplied by the cost of elec-
tricity for each energy unit increased by a percentage incr ∈ R+.
This value determines the profit that the charging station will make
for each unit of electricity that sells to each EV. This is actually the
usual price setting mechanism in many markets, where the seller
prices a product based on its cost increased by a fixed percentage. In
order to calculate the incr we find the point where the mechanism
becomes sustainable, i.e., stops making losses and starts making a
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small profit (see detailed description in Section 5). We will refer to
this mechanism as Coop.

The allocation of the agents to charging points takes place based
on the objective function (Equation 4). However, the price to pay is
calculated afterwords and the valuation of the agents is not taken
into consideration. Thus, the price to pay can be higher than an
agent’s valuation. In this case, the agent decides not to charge and
receives zero utility. Thus, the agents’ utilities are always equal or
larger than zero and the mechanism is individually rational.

Under the assumption that all agents are truthful, they will report
their true valuations and for this reason the mechanism would be
incentive compatible. However, as long as an agent will not get
negative utility it has an incentive to misreport its valuation. For
example, assuming that the imbalance cost is equal to zero, and
incr = 0.05, if an agent has valuation va,l = 5 but reports v ′

a,l = 6,
and bi ∗ costelectrl = 4, the optimizer will schedule this agent to
charge and the price to pay will be pcoopa = 4 + 4 ∗ 0.05 = 4.2.
Thus, the agent will charge with the same price, but it will increase
the chances of being selected instead of another agent that would
report its valuation truthfully. For this reason, the mechanism is
not incentive compatible.

Now, in order the mechanism to be efficient, Equation 4 must be
maximized. Under the assumption that all agents are truthful, the
optimization procedure leads to an allocation of EVs to charging
points which maximizes this function. However, in case for some
agents the price to pay is higher than their valuation, these agents
will decide not to charge. Thus, some resources will remain unal-
located. Also, the assumption that the agents will be truthful does
not always hold. For these reasons, the mechanism is not efficient.

Finally, in the case where the actual demand is equal to the
expected one, then the mechanism will make a profit as totalCost =
b[i] ∗ costelec + 0 and totalRevenue = bi ∗ (cost

elec + costelec ×
incr ) > totalCost . If the demand is different than the expected one,
then the budget can be either positive or negative. Only in the case
where

∑
l
∑
t (cost

imbl
l,t ) =

∑
i (bi × costelec × incr ) the mechanism

is budget balanced. Thus, in the general case, the mechanism is
not budget balanced. In the next section we present an alternative
pricing mechanism which makes truthful reporting of preferences
the dominant strategy for all agents.

4.2 Strategic Agents
In the general case, agents would try to misreport their types if
they had an incentive to do so (i.e., achieve higher utility). The
mechanism presented in the previous section, can easily be ma-
nipulated if some agents misreport their type (e.g., report higher
valuation). Here, we present an optimal EV to charging station allo-
cation scheme which uses the well known Vickrey-Clarke-Groves
(VCG) mechanism [15] [2], [6]. The VCG mechanism is a general-
ization of the Vickrey auction where, in the general case, multiple
agents bid for multiple goods of the same type (i.e., combinatorial
auction) and the price to pay for each agent is calculated based on
the harm they cause to the other agents [16]. The main characteris-
tic of this mechanism is that it is incentive compatible, which means
that no agent can benefit by declaring anything other than its true
type. Therefore, this mechanism, assuming that all agents play their
dominant strategies, finds the optimal allocation of the resources

(i.e., electricity units) in terms of social welfare maximization and
then calculates the price that each agent will pay to the mechanism.

In order to calculate the allocation of EVs to charging points,
we use the MIP formulation as described in Section 3. In the end
of the optimization procedure, an optimal allocation X ∗ of EVs to
charging points is achieved. We calculate the transfer pvcдa (i.e., the
price) that EV a will pay to the mechanism for the energy charged,
as follows:

p
vcд
a = (

∑
e ∈A

(ve,l (X
∗
−a ) − costelece (X ∗

−a ) − cost imbl
e (X ∗

−a )))−

(
∑
e ∈A

(ve,l (X
∗) − costelece (X ∗) − cost imbl

e (X ∗)) −va,l (X
∗)) =∑

e ∈A
(ve,l (X

∗
−a ) − costelece (X ∗

−a ) − cost imbl
e (X ∗

−a ))−∑
e ∈A

(ve,l (X
∗) − costelece (X ∗) − cost imbl

e (X ∗)) +va,l (X
∗) (12)

Based on this equation, each agentawill pay its impact on the others
(i.e., its social cost) added to the cost of electricity it charged and the
imbalance cost (i.e., X ∗

−a denotes the optimal allocation without the
existence of agent a, ve (X ∗) the valuation of agent e based on an
optimal allocation X ∗, costelece (X ∗) the electricity cost for agent e
based on an allocation X ∗ and cost imbl

e (X ∗) the imbalance cost for
e based on X ∗). The first sum contains the total values and costs for
all agents, but in an allocation where a does not exist. Whereas, the
second sum contains the total value of all agents apart from a and
the costs for all agents including a in an allocation where all agents
participate. In all cases, the cost of electricity is fixed (per unit of
energy) for all agents and acts as a reserve value for the charging
station, while the imbalance cost depends on the demand profile. In
contrast to the previous mechanism, this mechanism is individually
rational, incentive compatible and efficient. The detailed proofs can
be found in [9]. We will refer to this algorithm as VCG.

5 EVALUATION
In this section we evaluate our algorithms using real data regarding
locations of charging stations and numbers of available plugs in
Athens, Greece.1 The EV demand across the stations (and the valu-
ations) is based on observations of traffic flow from Google maps,
and discussions in related work [13]. In more detail, we evaluate the
execution time and scalability (EXP1), the EV satisfaction (EXP2)
and the cost for the EVs and profit for the charging stations (EXP3).
We use 50 time points, where each one is assumed to be equal to
15 minutes, 10 - 130 EVs and 8 charging stations. The arrival and
departure times of the EVs, the energy demand, the valuation for
each energy unit and the expected demand are drawn from uniform
distributions (i.e., tarra : mean = 15,σ = 15, tdepa : mean = T − tarra ,
b
chrд
a : mean = t

dep
a − (t

dep
a − tarra )/2,σ = t

dep
a − tarra )/2, v ′

a,l :
mean = 0.5,σ = 0.5 which is then multiplied by the number of
energy units the agent wants to charge va,l = v ′

a,l × b
chrд
a and

deml,t : mean = 2,σ = 1). Note that the charging rate is fixed
to one unit of energy per time point in all stations and that the
desired energy is always able to be charged in the EV within the
available time window and incr = 2.5%. To calculate the value for
1https://user.fortizo.gr/#/portal/locations.
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Figure 1: Execution times of all algorithms

Figure 2: Average number of serviced EVs

incr multiple runs of the coop mechanism were performed where
the value was gradually increasing. incr = 2.5% was decided, as
from this value onward the mechanism started being profitable.
The results of all experiments that follow are average numbers of
100 runs.

5.1 EXP1: Execution time and scalability
Highly combinatorial problems such as the one we solve here are
known to suffer from high execution times. Thus, it is crucial to
evaluate the execution time of both algorithms and for a number
of scenarios (see Figure 1). In terms of the VCG mechanism, the
execution time increases quadratically (R2 = 0.898,R2 is a statistical
measure of how close the data are to the fitted regression line). For
up to 60 EVs, the algorithm has execution times which are well
under 30 seconds, but later the execution time increases rapidly
and for 130 EVs it reaches 778 seconds. Overall, the second part
of the objective function which contains the absolute value (i.e.,
the calculatio of cost imbl

l,t ), although it is linearized at run time, it
affects the execution time a lot. As long as the Coop mechanism is
concerned, the execution time also grows quadratically (R2 = 0.85).
However, the rate of growth is considerably smaller compared to
the equivalent times of the VCG mechanism. For example, for 130
EVs, the execution time is approximately 38 seconds. The error bars
in all graphs show the standard deviation of each sample.

5.2 EXP2: EV satisfaction
In terms of the average number of serviced EVs (Figure 2), for up
to 100 EVs on average 85% of all vehicles are charged. However, for
more than 80 EVs more of them remain uncharged, as for example
for 130 EVs 81.3% of them are charged by the VCG and 79.6% by the
Coop. The better performance of the VCG can be explained by the
fact that the Coop does not take into consideration the valuations
of the EVs in setting the prices. Thus, some EVs get higher price
than their valuation and they leave without charging.

Figure 3: Average total utility

Figure 4: Average price paid by the EVs

The utility of the serviced EVs (Figure 3) increases linearly with
the number of EVs for both mechanisms. The rate of increase for the
utility of the VCGmechanism, slows down for high numbers of EVs.
This is related to the fact that when the demand for the resources
increases a lot, this mechanism calculates high prices for the agents.
Regarding the Coop, the utility for large numbers of EVs becomes
higher compared to VCG. However, despite the fact that the Coop
mechanism provides higher utility, it is vulnerable to manipulation
in the case where EVs report their types non-truthfully. Whereas,
VCG cannot be affected from such behaviour, as the EVs would
have a loss if they report anything other than their true types.

5.3 EXP3: Price for the EVs and budget for the
system

Regarding the average price that each EV pays to the mechanism
(Figure 4), the VCG calculates similar prices for up to around 100
EVs, but later they increase rapidly as the competition for the re-
sources increases. In terms of the Coop and given that it is a fixed
price mechanism, the average price mainly depends on the number
of serviced EVs.

As long as the profit is concerned (Figure 5), when comparing the
VCG and the Coop mechanisms the profit is initially higher for the
Coop, but when the competition for the resources increases a lot (i.e.,
more than 100 EVs) the VCG achieves higher profit. However, part
of the higher profit of VCG is due to the fact that this mechanism
achieves higher reduction of the imbalance cost. This is so, as in
VCG all EVs that are selected to charge pay prices lower than their
valuations and for this reason none of them leaves the mechanism
without charging. However, in the case of Coop, some EVs leave as
the price to pay is higher than their valuation. For this reason the
Coop mechanism pays a higher imbalance cost especially for large
numbers of EVs. Thus, the profit for the Coop has only a slight
increase with the number of EVs.
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Figure 5: Total profit for the mechanism

Figure 6: Total profit - Variable number of stations

An interesting question is how the revenue changes with the
number of charging stations. As can be seen in Figure 6, in a setting
where the number of EVs is fixed to 80 and the charging stations
vary from 6 to 18, the revenue of the VCGmechanism decreaseswith
the number of stations. This can be explained by the fact that when
the number of stations is small, the competition for the resources
is high and for this reason the mechanism calculates high prices.
However, as the number of the stations increases, the competition
decreases and so do the prices. Interestingly, for more than 14
stations, the revenue becomes negative. This can be explained by the
existence of the imbalance cost: Given an equal expected demand for
each station, when up to 14 of them exist, the actual demand usually
overcomes the expected one. Thus, the majority of the EVs have
a positive transfer and for this reason the profit for the stations is
positive. However, for more than 14 stations, the expected demand
is higher than the actual one, and for this reason the transfers of
a number of EVs are negative (i.e., they receive a payment from
the mechanism) as these EVs reduce the imbalance cost and for
this reason their existence has a positive impact in the system. This
finding can be used to decide on the optimal number of charging
stations for an area or a city. At the same time, the Coop calculates
similar prices for all cases.

6 CONCLUSIONS AND FUTUREWORK
In this work, we presented market-based techniques to solve the
problem of scheduling EVs and allocating them to charging stations
and we considered two approaches. In the first approach we used a
fixed price mechanism, while in the second approach, we used the
well known VCG mechanism where truthtelling is the dominant
strategy. We evaluated our algorithms in a realistic setting and we
observed that both have good scalability. Moreover, we observed
that the VCG mechanism leads to higher revenue for the stations
and lower utility for the EVs in cases where the stations are highly
congested. However, it is proven to not be vulnerable to agents’
strategic behaviour.

As far as future work is concerned, we aim to apply online mech-
anism design techniques for the same problem, while we also want
to add V2G and V2V energy transfer so as to use the EVs’ batteries

as storage devices and increase energy utilization and customer
satisfaction [7]. Moreover, we aim to use queuing theory in order
to add the ability for the EVs to queue in the charging stations.
Finally, it is crucial to investigate machine learning techniques in
order to achieve good prediction in future demand and minimise
the imbalance cost.
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