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Optimal electric vehicle charging with dynamic pricing, 
customer preferences and power peak reduction

Miguel F. Anjosa , Luce Brotcorneb and Ga€el Guillotb 

aSchool of Mathematics and Maxwell Institute for Mathematical Sciences, University of Edinburgh, 
Edinburgh, UK; bINRIA Lille Nord-Europe, Lille, France 

ABSTRACT 
We consider a provider of electric vehicle charging stations that 
operates a network of charging stations and use time varying 
pricing to maximize profit and reduce the impact on the electric 
grid. We propose a bilevel model with a single leader and mul
tiple disjoint followers. The customers (followers) make decisions 
independently from each other. The provider (leader) sets the 
price of charging for each station at each time slot, and ensures 
there is enough energy to charge. The charging choice of each 
customer is represented by a combination of a preference list of 
(station, time) pairs and a reserve price. The proposed model thus 
accounts for the heterogeneity of customers with respect to price 
sensitivity and charging preferences. We define a single-level 
reformulation based on a reformulation approach from the litera
ture on product line optimization, and we report computational 
results that highlight the efficiency of the new reformulation and 
the potential impact of our approach for reducing peaks on the 
electricity grid.
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1. Introduction

Due to many political and environmental incentives, the number of electric vehicles 
(EVs) has increased dramatically in recent years, especially in urban areas. This rapid 
growth creates a large number of operational challenges for charging service pro
viders. Three issues arising from the rapid increase in the number of EVs are high
lighted in (Xu et al. 2020): a worsening in the peak-to-valley difference grid load 
leading to a cost increase and a deterioration in the service quality of the networks 
and installations, a difficulty in meeting the demand of customers, and an inequitable 
distribution of customers among the stations leading to congestion.

In this paper we propose a novel pricing model to address these issues. 
Specifically, we address the problem of an charging provider that operates a network 
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of charging stations and wishes to apply a dynamic pricing strategy to spread the cus
tomers in time and space in order to maximize the profit and reduce the negative 
grid impacts as well as queues at charging stations. We refer to this problem as 
Dynamic Pricing Electric Vehicles problem (DPEV).

The literature on charging station management may be classified according to 
three characteristics: design issues, pricing issues, and joint design & pricing issues. 
We refer to (Limmer 2019) for a survey. In particular, it is important to manage the 
location of charging stations (see e.g [Anjos et al. 2020; He et al. 2019; Lamontagne 
et al. 2023; Parent et al. 2023]), the size of the stations to avoid queues (see e.g. [Xiao 
et al. 2020]), as well as the impact of charging on the electricity grid (see e.g. 
[Manr�ıquez et al. 2020; Rahman et al. 2022]). For example, the paper (Huang and 
Kockelman 2020) is concerned with the location and sizing of charging stations to 
maximize profit, considering the costs of installation, operation, and maintenance. 
We note that while the focus in on the infrastructure aspects, the authors take into 
account the travel times of drivers, the queueing time for charging, and the charging 
price elasticity of customers. This is done using traffic congestion and demand elasti
city models. The authors also point out the importance of power grid and station 
upgrades to keep pace with increasing charging demand.

Our focus in on pricing. A significant body of research has been carried out on 
how pricing can better support the use of the charging infrastructure by adjusting the 
price of charging depending on location and time of day so as to improve the distri
bution of demand (e.g. [Flath et al. 2014; Hu et al. 2016; Moghaddam et al. 2019]). 
Indeed pricing is a key element in the distribution of customers: too attractive prices 
result in: (i) queues at charging stations; (ii) failure to meet the demand; and (iii) 
high peaks on the distribution grid; on the other hand, too high prices deter custom
ers from charging at this time and location and thus reduce the revenue and create 
potential future grid imbalances. The authors in (Limmer 2019) define different crite
ria to characterize dynamic pricing and describe multiple implementations.

Our modelling approach is based on the fact that when solving the DPEV, charg
ing providers must take into account the response from customers when setting the 
prices for charging. This motivates the use of bilevel optimization. Bilevel models are 
well suited to represent hierarchical decision-making processes involving two types of 
decision agents, and have already been used for addressing questions about charging 
stations. For example (Bao and Xie 2021), study the locating of stations for congested 
traffic networks where users must recharge to complete their trips. This leads to a 
bilevel setting where the upper-level agent, given a budget, seeks to locate stations to 
minimize the travel time, and the lower-level agent represents a user equilibrium 
based on the choice of routes by the users such that no user can achieve a shorter 
travel time by switching to a different route.

In this vein of research, the recent paper (Kınay et al. 2023) develops a bilevel 
model to locate stations so as to minimize total costs. This work ingeniously com
bines a variety of optimization tools. The model simulates vehicle route using a k- 
shortest path arc-based flow model. The user waiting times are modelled following a 
Poisson distribution, reflecting an M/M/c queuing system, and solved using a logit- 
based Benders decomposition. The approach considers optimistic and pessimistic user 
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responses, specifically addressing pessimism by bounding waiting times. Finally, the 
required service levels are enforced using chance constraints.

Like (Bao and Xie 2021) and (Kınay et al. 2023), most papers in the literature 
related to charging pricing problems are based on the utility maximization paradigm. 
More precisely, they determine the choice of the path of the customers in the net
work according to travel time, price of charging, and potential queuing time at sta
tions (see [Anshelevich et al. 2017; Gharesifard et al. 2013; Ghosh and Aggarwal 
2018; Salah and Flath 2016] for example). One limitation of this modelling approach 
is that it assumes that the customer typically makes a decision by measuring some 
attributes of the product. However, customers may be partially rational or may fail to 
evaluate all attributes related to an alternative. Another limitation, from the computa
tional perspective, is that the evaluation of the attributes related to the path choices 
frequently require the use of tailor-made solution methods to solve large instances 
due to the large number of potential paths.

In this paper, we consider a non-parametric ranking-based consumer choice 
model, assuming that each customer possesses its own ranking of the candidate 
charging opportunities (products), yielding an incomplete list of preferences for each 
customer. This alternative approach was recently proposed in (Anjos et al. 2024) 
where the behaviour of customers is represented using a preference list and a reserve 
price (maximum price threshold). The approach in (Anjos et al. 2024) uses a bilevel 
optimization formulation in which the upper-level models the charging service pro
vider that seeks to locate, size and price charging stations to maximize its profit, 
while the lower-level models customers who individually select the first available 
charging station from their preference list that meets the customer’s reserve price.

In this paper, we define a bilevel optimization model for the DPEV representing the 
heterogeneous customer decision process as the choice of a location and time to charge 
in a predefined preference list related to a reserve price (Farias et al. 2013). We consider 
a single charging station manager and do not take into account the reaction of the com
petition. Unlike in (Anjos et al. 2024) and (Farias et al. 2013), we fix the locations and 
sizes of the charging stations are fixed in advance, and the focus of our work is on deter
mining the optimal prices and quantities of energy (recharges) to maximize profit, where 
the profit is the difference between the revenue from providing recharges to customers 
and the cost of the required energy. We provide an efficient solution approach based on 
the structure of the problem and the work of (D�avila et al. 2022) for product line opti
mization. We note that while the structure of the bilevel model in (D�avila et al. 2022) 
shares some similarities with our proposed model, there are some important differences, 
including our use of preference lists and the time dependence of the decisions. The 
resulting single-level reformulation leads to the solution of a mixed-integer linear opti
mization problem. We report computational results highlighting the ability of our 
approach to solve instances with up to 5000 customers to global optimality in less than 
4 min. We also discuss sensitivity analysis results related to the tradeoff between revenue 
and electrical grid peak reductions.

The remainder of the paper is organized as follows. Section “Bilevel model for 
DPEV” introduces our proposed formulation for optimal charging. Section “Single- 
level reformulations of DPEV” presents the single-level reformulations for the bilevel 
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model, as well as two illustrative examples of the structure of the solutions to our 
model. Section “Computational experiments” reports the results of our computational 
experiments to assess the performance of the model and the various solution 
approaches. Finally, Section “Conclusion and future research” concludes the paper.

2. Bilevel model for DPEV

Problem DPEV involves two decision-makers interacting sequentially and hierarchic
ally. An electricity provider (the leader) needs to define time-varying prices associated 
with charging stations as well as the quantity of energy allocated to each station, tak
ing into account the preferences of the customers (the followers) with respect to the 
place and time period to charge.

More precisely, the provider is in charge of a set S of charging stations; each one 
has a capacity ds representing the number of charging spots at the station. The elec
tricity cost for the service provider is denoted by ct, 8t 2 T; where t 2 T is a time 
period. The service provider needs to select the price to charge customers for each 
pair (station, time). The possible prices belong to a discrete set P common to all 
pairs (station, time). We define a charging unit as the complete charge of a vehicle, 
and the charging time is not taken into account.

The set of customers is denoted by U. Each customer needs to charge exactly one 
unit of energy during his trip. We introduce a fictitious station sA that represents the 
competition to avoid upward pricing due to this constraint. Competition is only 
introduced to prevent users from being forced to recharge on the network (and there
fore accept unreasonable prices), which is why we are not considering capacity con
straints for these stations for feasibility reasons. Each customer has a budget bu; and 
we consider that a customer charges in a competing station if the leader’s prices 
exceed his budget. This budget can be seen as a reserve price for the customer.

For fixed price schedules determined by the leader, the customers will select the 
place and time to charge according to a predefined preference list. The preference list 
corresponds to an ordered set of station/time pairs where a customer agrees to charge 
if the leader’s price does not exceed his budget. In practice, these preferences may be 
determined via surveys, or alternatively, for a charging provider that has been in 
business for some time, the past behaviour of customers may inform how to set up 
the preference lists (Figure 1).

Let Ru be the ordered list of pairs (station, time) for customer u, and R‘u correspond 
to the ‘st pair (station,time) in the ordered list Ru (8‘ 2 1, :::, jRuj). Customer u prefers 

Figure 1. Representation of a customer’s route using (station, time) pairs.
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to load at pair R‘u rather than R‘
0

u if ‘ < ‘0 (ordered in decreasing order of preferences). 
For a given pair ðs, tÞ 2 S� T; the set Ls, t is defined by all pairs ðu, ‘Þ such that

ðu, ‘Þ 2 Ls, t if and only if R‘u ¼ ðs, tÞ:

The set Ls, t corresponds to all pairs (u, ‘) such that the ‘th choice in the preference 
list for u is ðs, tÞ: For each customer u 2 U; au defines the monetary inconvenience 
of each pair in his preference list. More precisely, a customer of u undergoes a pen
alty ‘au if he charges at the ‘th choice of his preference list.

The parameters of the model are summarized in Table 1.
We next introduce three sets of decision variables:

� Variables xt
s are the number of energy charging units available (at cost ct) for sta

tion s at time t.
� Variables y‘, p

u , 8u 2 U, ‘ 2 f0, :::, jRuj − 1g, p 2 f1, :::, jPjg are binary and y‘, p
u ¼ 1 

if customer u charges at station and time corresponding to his ‘th choice at the pth 

price.
� Finally, variables hs, t

p , 8p 2 f1, :::, jPjg, s 2 S, t 2 T are binary and hs, t
p ¼ 1 if the 

price of station s at time t is fixed to Pp:

The problem DPEV can be formulated as:

DPEV : max
x, y, h

X

u2U

XjRuj−1

‘¼0

XjPj

p¼1
Ppy‘, p

u −
X

t2T

X

s2S
xt

sct (2a) 

s:t:
XjPj

p¼1
hs, t

p ¼ 1 8ðs, tÞ 2 S� T (2b) 

X

ðu, ‘Þ2Ls, t

XjPj

p¼1
y‘, p

u � xt
s 8ðs, tÞ 2 S� T (2c) 

X

ðu, ‘Þ2Ls, t

XjPj

p¼1
y‘, p

u � dt
s 8ðs, tÞ 2 S� T (2d) 

xt
s 2 N, 8ðs, tÞ 2 S� T (2e) 

Table 1. Model parameters.
S set of charging stations
T time periods
U set of customers
ds number of charging spots for station s 2 S
sA fictitious station
P discrete ordered set of prices
ct cost of one unit of energy available at time period t 2 T for the leader
Ru preference list of customer u 2 U
bu budget of customer u 2 U
au monetary inconvenience for customer u 2 U
Ls, t set of pairs (customer, choice) corresponding to ðs, tÞ; s 2 S; t 2 T
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hs, t
p 2 f0, 1g, 8ðs, tÞ 2 S� T, p 2 f1, :::, jPjg (2f) 

For each ~u 2 U :

min
y~u

XjPj

p¼1

XjR~u j−1

‘¼0
y‘, p

~u ðPp þ ‘� a~uÞ þ ysA

~u b~u
(2g) 

s:t:
XjR~u j−1

‘¼0

XjPj

p¼1
y‘, p

~u þ ysA

~u ¼ 1 (2h) 

y‘, p
~u � hsð‘Þ, tð‘Þ

p , 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (2i) 

y‘, p
~u ðPp þ ‘� a~uÞ � b~u , 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (2j) 

y‘, p
~u 2 f0, 1g, 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg: (2k) 

At the upper level, the leader maximizes its profit by determining the prices hs, t
p 

and the quantities of energy xt
s for each time t 2 T and each station s 2 S: The Profit 

is the difference between revenue from energy sales to customers and the cost of 
energy purchases.

Constraints (2b) define a single price for each pair (station, time). The last con
straints are capacity constraints, with respect to the demand (2c) and the number of 
available spots (2d) in the charging stations. At the lower-level, each customer selects 
the pair in his preference list, minimizing the total cost of charging, including the 
penalty for the inconvenience due to the order of the choices in the list.

Constraint (2h) defines a customer’s choice for charging at a station from the 
leader or to the competition. Constraints (2i) ensure that customers’ choices are con
sistent with the prices set by the leader. Note that the budget constraints (2j) are 
redundant with respect to the objective function. Nevertheless, they will be useful for 
the next reformulations.

DPEV is a linear bilevel optimization problem. One of the particularities DPEV is 
the definition of constraints (2c) and (2d) at the upper level. The leader sets prices, 
ensuring that the followers’ capacity is satisfied. Note that in the case of the non 
unicity of the solution of the followers for fixed leader’s decisions, we assume that 
the followers select the solution leading to the highest objective function value of the 
leader. Thus, we consider the optimistic version of a bilevel optimization problem.

To take into account the impact of the grid peak consumption on the pricing decisions, 
we introduce a new term in the leader’s model. We first define ~T as the set of critical peri
ods that correspond to the periods of time during which we wish to limit demand because 
of exogenous constraints (for example, more limited production at night). For each time 
period t 2 ~T ; the consumption at that period must be no more than Xt:

The new leader’s constraints are then given by:

X

s2S

X

ðu, ‘Þ2Ls, t

XjPj

p¼1
y‘, p

u � Xt 8t 2 ~T :
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The leader therefore has several constraints on peak consumption over certain 
periods of time, which may be given by an external player, for example, or to match 
the energy demand on the rest of the network. The proposed prices must take these 
constraints into account in order to dispatch users according to these peaks. We call 
this model DPEV − P:

DPEV − P : max
x, y, h, X

X

u2u

XjRuj−1

‘¼0

XjPj

p¼1
Ppy‘, p

u −
X

t2T

X

s2S
xt

sct (3a) 

s:t:
X

s2S

X

ðu, ‘Þ2Ls, t

XjPj

p¼1
y‘, p

u � Xt 8t 2 ~T (3b) 

ð2bÞ − ð2kÞ
Xt 2 R 8t 2 ~T :

(3c) 

3. Single-level reformulations of DPEV

In this section, we first present in Section “Linear single-level reformulation” a single- 
level mixed-integer reformulation of DPEV based on the work of (D�avila et al. 2022) 
for the product line optimization problem. In Section “Classical single-level reformu
lation based on KKT optimality conditions”, we recall the standard KKT-based sin
gle-level reformulations that can also be used to reformulate DPEV; and in Section 
“Illustrative examples” we use illustrative examples to provide some insights into the 
structure of the solutions of our model.

3.1. Linear single-level reformulation

We define for each customer u 2 U an order relation �u which for two pairs 
ð‘, pÞ, ð‘0, p0Þ, ‘, ‘0 2 f0, :::, jRuj − 1g and p, p0 2 f1, :::, jPjg defines the most beneficial 
for the customer. The order relation is given by

ð‘, pÞ�uð‘
0, p0Þ if Pp þ ‘au � Pp0 þ ‘

0au:

The set of pairs ð‘0, p0Þ preferred to ð‘, pÞ for a customer u is defined by:

Bu, ‘, p ¼ fð‘
0, p0Þ, ‘0 2 Rujð‘, pÞ�uð‘

0, p0Þg: (4) 

Finally, we define an indicator of whether the competition is more beneficial than 
the pair (‘;p) or not.

8u 2 U, ‘ 2 Ru, p 2 f1, :::, jPjg, Cu, l, p ¼
1, ifð‘� auÞ þPp � bu
0, otherwise:

�

(5) 

Proposition 1. For each customer u, a feasible vector yu is optimal for the lower-level 
problem if the following constraints are satisfied:
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X

ð‘0, p0Þ2Bu, ‘, p

y‘
0 , p0

u þ Cu, ‘, pysA

u � hsð‘Þ, tð‘Þ
p , 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg:

Proof. Let yu be a feasible vector satisfying the constraints. Since yu is a feasible solu
tion for customer u, we know that there exists a unique pair ð‘, pÞ such as y‘, p

u ¼ 1 
(constraint 2h). To obtain a contradiction, suppose that yu is not optimal for cus
tomer u, then there exists a pair ð‘�, p�Þ such as ðPp� þ ‘

� � auÞ < ðPp þ ‘� auÞ

(given by the objective function) and h
sð‘�Þ, tð‘�Þ
p� ¼ 1 (given by (2i)). By (4), ð‘, pÞ 62

Bu, ‘�, p� : As a consequence, the constraint corresponding to ð‘�, p�Þ is not respected:
X

ð‘0, p0Þ2Bu, ‘�, p�

y‘
0 , p0

u þ Cu, ‘�, p�ysA

u ¼ 0 and h
sð‘�Þ, tð‘�Þ
p� ¼ 1:

w

Using Proposition 1, the single-level reformulation is:

DPEVSL : max
x, y, h

X

u2u

XjRuj−1

‘¼0

XjPj

p¼1
Ppy‘, p

u −
X

t2T

X

s2S
xt

sct (6a) 

s:t: ð2bÞ, ð2cÞ, ð2dÞ, ð2hÞ, ð2jÞ
X

ðu, ‘Þ2Ls, t

y‘, p
u � hs, t

p jUj 8ðs, tÞ 2 S� T, p 2 f1, ::::, jPjg (6b) 

X

ð‘0, p0Þ2Bu, ‘, p

y‘
0 , p0

u þ Cu, l, pysA

u � hsð‘Þ, tð‘Þ
p , 8u 2 U, ‘ 2 Ru, p 2 f1, :::, jPjg (6c) 

xt
s 2 N (6d) 

hs, t
p 2 f0, 1g, 8ðs, tÞ 2 S� T, p 2 f1, :::, jPjg (6e) 

y‘, p
u 2 f0, 1g 8u 2 U , ‘ 2 f0, :::, jRuj − 1g, p 2 f1, :::, jPjg: (6f) 

Optimality conditions for the lower-level are given by (6c). Constraint (6b) ensures 
consistency between the prices set by the leader and the prices chosen by the custom
ers. Constraint (6b) corresponds to the aggregation of constraints 2i.

Problem DPEVSL can be solved with a mixed-integer linear solvers. As we have 
not added a constraint in the follower problem, we can use the same reformulation 
for the problem (DPEV − P).

DPEV − PSL : max
x, y, h, X

X

u2u

XjRuj−1

‘¼0

XjPj

p¼1
Ppy‘, p

u −
X

t2T

X

s2S
xt

sct (7a) 

s:t:
X

s2S

X

ðu, ‘Þ2Ls, t

XjPj

p¼1
y‘, p

u � Xt 8t 2 ~T (7b) 
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ð2bÞ, ð2cÞ, ð2dÞ, ð2hÞ, ð2jÞ, ð6bÞ, ð6cÞ, ð6dÞ, ð6eÞ, ð6f Þ

Xt 2 R 8t 2 ~T :
(7c) 

3.2. Classical single-level reformulation based on KKT optimality conditions

In this section, we present a classical reformulation of a bilevel optimization problem 
as a single-level one based on the Karush-Kuhn-Tucker optimality conditions. We 
first prove that the linear relaxation of the lower-level problem is equivalent to the 
initial one. 

Proposition 2. For each follower problem SPu, the linear relaxation is equivalent to 
the initial problem.

Proof. Each sub-problem can be formulated as a min-cost flow problem in a graph. 
The upper-level variables h‘, p represent the arc capacity. The cost of an arc is given 
by its contribution to the objective function. A final arc, of capacity 1, represents the 
competition. Because the constraint matrix of this type of problem is totally uni
modular, the optimal solution of the linear relaxation is always integer (Figure 2).

The KKT optimal conditions can replace each follower sub-problem. In this 
approach, the lower-level’s optimality conditions (stationarity, primal feasibility, dual 
feasibility, complementary slackness) are added to the upper level to yield an equiva
lent single-level formulation. Linearization techniques need to be applied to obtain a 
mixed-integer linear program.

The second-level variable integrality constraints are next reintroduced into the 
leader problem. Because the lower-level problem is totally unimodular, there are 
always optimal lower-level solutions that meet the integrality requirements, and these, 
according to the ‘optimistic’ assumption, can be selected by the leader. In the follow
ing, we describe the conditions obtained for one customer. Recall that the sub- 
problem for customer ~u is given by:

min
y~u

XjPj

p¼1

XjR~u j−1

‘¼0
y‘, p

~u ðPp þ ‘ � a~uÞ þ ysA

~u b~u (8a) 

XjR~u j−1

‘¼0

XjPj

p¼1
y‘, p

~u þ ysA

~u ¼ 1 (8b) 

y‘, p
~u � hsð‘Þ, tð‘Þ

p , 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (8c) 

y‘, p
~u ðPp þ ‘� a~uÞ � b~u , 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (8d) 

y‘, p
~u � 0, 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (8e) 

ysA

~u � 0: (8f) 
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Remark 1. Integrality constraints are replaced by (8e). The condition y‘, p
~u � 1 is 

induced by (8b) and (8e).
The dual feasibility, complementary slackness, and stationarity are given by: 

Complementary slackness:

ðy‘, p
~u − hsð‘Þ, tð‘Þ

p Þl
‘, p
~u ¼ 0 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (9a) 

ðy‘, p
~u ðPp þ ‘� a~uÞ − b~uÞ/

‘, p
~u ¼ 0 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (9b) 

y‘, p
~u D

‘, p
~u ¼ 0 8‘ 2 f0, :::, jR~u j − 1g, p 2 f1, :::, jPjg (9c) 

ysA

~u DsA

~u ¼ 0: (9d) 

Stationarity:

Ppþ ‘�a~uþk~uþl
‘,p
~u þ/

‘,p
~u ðPpþ ‘�a~uÞ−D

‘,p
~u ¼ 08‘2f0, :::, jR~u j− 1g,p2f1, :::, jPjg

(10a) 

k~u −DsA

~u þb~u ¼ 0 (10b) 

k~u 2R (10c) 

l
‘,p
~u ,/‘,p

~u ,d‘,p~u � 0 8‘,p (10d) 

DsA

~u � 0: (10e) 

The resulting problem is not linear because of the complementarity slackness. 
These constraints can be linearized using the big-M approach or solved directly using 
SOS1 constraints (Beale and Tomlin 1970).

Figure 2. Representation of the follower problem as a min-cost flow problem.
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3.3. Illustrative examples

To give insight into the solution structure, we illustrate the impact of the model on 
small instances. Let us consider a first example involving three customers where only 
one customer will be able to charge during each time slot (Figure 3).

To capture customer u2 (with a low budget), the price needs to be lower than 80, 
which corresponds to the pair ðS0, t0Þ: This pair is also the preferred choice of the other 
two customers. As the number of chargers d ¼ 1; it is impossible to set a price equal to 
80 otherwise all customers will charge at ðS0, t0Þ: Customer u2 needs thus to go to the 
competing station in order to allow higher prices and higher revenue for the other cus
tomers. Customers u0 and u1 have the same first choice in their preference list but a dif
ferent second choice. The prices need to be defined in such a way that at least one of 
them charges at his second choice. The optimal solution is given by:

� h0, 0
2 ¼ h0, 1

0 ¼ h1, 0
2 ¼ h1, 1

0 ¼ 1
� y1, 0

0 ¼ y1, 2
1 ¼ ysA

2 ¼ 1

And depicted in Figure 4. Note that this solution corresponds to an optimistic 
solution: the customer U0 can charge at a competing station for the same price, but 
that solution is less advantageous for the leader.

In some cases, bilevel feasibility is not guaranteed when pricing strategies do not 
lead to a distribution of customers in accordance with the charging stations’ capacity 
constraints. More precisely, as the capacity limits are leader constraints, customers 
are not concerned with available spots at charging stations when they select their 
time and location charging pair. We illustrate how to remedy this drawback in the 
following example involving identical preference lists for all customers (Figure 5).

Figure 3. Illustration of an example with 3 customers with a preference list of 2 choices.
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One way to guarantee bilevel feasibility is to include a very high price in P that 
makes a station/time pair unattractive to all customers. All the customers will then 
charge at the competition leading to a feasible solution. Such a price can be inter
preted as the closure of a charging station. 

Proposition 3. If there exists p 2 f0, :::, jPjg such that Pp > maxu2Ubu, then problem 
DPEV is bilevel feasible.

Proof. If all prices are set at maxu2Ubu; all customers will charge at the competition, 
and capacity constraints will be satisfied. This solution is always bilevel feasible.      w

4. Computational experiments

In this section, we compare the performance of four solution approaches for DPEV 
on randomly generated instances and provide an extensive sensitivity analysis with 

Figure 4. Optimal solution of each customer with optimal prices.

Figure 5. Bilevel infeasible example with two customers.

450 M. F. ANJOS ET AL.



respect to the parameter ~d associated with the maximum consumption peak in the 
leader’s objective function.

4.1. Instances and methods definition

We first describe the instance generation process. The number of stations and times 
are defined in such a way that the number of available units of energy is greater than 
the number of customers, i.e. S� T � d > jUj: Even if it is realistic to assume that 
the provider can satisfy all the demand, this condition is not necessary because feasi
bility is guaranteed in the worst case by Proposition 3.

We have generated instances ranging from 10 to over 5000 customers.
The customer parameters are chosen randomly such that each customer possesses 

at least one charging option, satisfying the budget constraint (each customer’s budget 
is greater than the lowest price from the set of possible prices).

We define probabilities to the (station, time) pairs selection process to avoid 
homogeneous distribution. In other words, some (station, time) pairs are more 
attractive for several customers and have a greater chance of being selected.

We next compare the performance of four solution approaches for DPEV (without 
the penalty on the grid peaks). The first one consists in applying the generic bilevel 
solver (GBS) proposed by (Fischetti et al. 2016) on the bilevel optimization formula
tion. The second and third methods consist in solving the MIP reformulation based 
on the KKT presented in Section “Computational experiments” using two types of 
linearization techniques: the linearization based on big M (KKT BIGM), and the lin
earization using SOS1 constraints (KKT SOS). Finally the last one consists in solving 
the single-level reformulation defined in Section “Single-level reformulations of 
DPEV.” Tests were performed on Intel Core i5-8350U 1.70 GHz 8GB for results on 
Table 2 and on a Mac Book Pro M1 with 16 Gb and CPLEX 20.1 as a MIP solver for 
the other.

4.2. Efficiency ofsolution methods on model DPEV

This section is focused on the study of the solution methods to solve model DPEV:
For simplicity we do not consider the term related to the peak in the leader’s object
ive function. We first compare in Table 2 the results obtained by solving the single- 
level formulation DPEVSL defined in Section “Single-level reformulations of DPEV” 
by the MIP with the results obtained with a generic bilevel solver GBS.

Table 2. Comparison of the results obtained with our reformulation DPEVSL and a generic bilevel 
solver GBS.

Instances
DPEVSL GBS

#customers #OPT (1h) Mean Time (solved) #OPT (1h) Mean Time (solved)

10 5 / 5 0.04 5 / 5 6.22
20 5 / 5 0.03 4 / 5 628.91
30 5 / 5 0.03 2 / 5 1989.58

The number of instances solved to the optimum in 1 h and the average solving time for 5 instances solved to the 
optimum are given for instances with each of 10, 20, and 30 customers.
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The bi-level solver is only able to solve instances with up to 30 customers in less 
than 1 h. These experiments do not question the quality of the GBS but show the 
complexity to solve DPEV: Solving the reformulation DPEVSL leads to better per
formance and underlines the importance of taking the structure of the problem into 
account when designing solution methods. Note that both methods determine opti
mal solutions.

Table 3 shows the results obtained with the reformulation based on KKT 
conditions.

The computation time of solution of DPEV with KKT reformulations using SOS1 
constraint are drastically more significant than those of KKT reformulation with 
BigM. However, they ensure the accuracy of the method. Indeed, the results obtained 
using BigM may be unfeasible if the value of BigM is too large (or non-optimal if it 
is too small). Bounds on BigM are difficult to compute due to their link with the 
dual variables. In all cases, the reformulation defined in Section “Single-level reformu
lations of DPEV” leads to better results than the KKT reformulations. Table 4 reports 
the results of tests carried out on the largest instances and supports this observation.

Finally, we present in Table 5 the results obtained on very large instances with up 
to 5000 customers. These results show that instances involving thousands of custom
ers can be solved using the reformulation presented in Section “Single-level 

Table 3. Comparison of the results obtained with our reformulation DPEVSL; KKT reformulation 
using BigM, and KKT reformulation using SOS1 constraints.

DPEVSL KKT BigM KKT SOS1

Mean Time (sec) SD Mean Time (sec) SD Mean Time (sec) SD

10 0.02 0.01 0.05 0.02 0.18 0.18
20 0.03 0.02 0.09 0.02 0.96 1.92
30 0.04 0.02 0.22 0.11 2.29 1.90
50 0.06 0.02 0.39 0.15 1285.55 927.57

All instances are solved to the optimum in 1 h. The average solving time and the standard deviation are given for 
instances with 10, 20, and 30 customers (10 instances for each category) and 50 customers (30 instances).

Table 4. Comparison of the results obtained with our reformulation DPEVSL and KKT reformula
tion (using BigM).

DPEVSL KKT BigM

#OPT Mean Time (sec) #OPT Mean Time (sec)

100 20/20 0.16 20/20 4.79
200 20/20 0.44 20/20 11.70
500 20/20 2.28 20/20 242.04

The number of instances solved to the optimum in 30 min and the average solving time for instances solved to the 
optimum is given for instances with 100, 200, and 500 customers (20 instances for each category).

Table 5. Number of instances solved to the optimum with a time limit of 1 h, average time for 
instances solved to the optimum, and average number of clients served in the optimal solution 
for instances with 2000, 3000, 4000, and 5000 customers using our reformulation DPEVSL:

# customers # Optimal Mean Time (sec) # customers served

2000 15/15 33.16 796.33
3000 15/15 71.65 1242.13
4000 10/10 141.09 2116.3
5000 10/10 216.08 2624.1
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reformulations of DPEV.” This highlights the strong potential for this approach, 
going beyond the performances obtained using classic reformulation approaches from 
the literature.

4.3. Impact of peak reduction

We next study the impact of including constraints on the energy consumption during 
critical periods. We compare the solutions obtained with DPEVSL and DPEV − PSL for 
different parameter values. The instances being randomly generated, we first identify crit
ical periods in the optimal solution of the problem without constraints on the consump
tion. More precisely, we choose ~t as the desired number of critical periods and we set ~d 
as the target percentage reduction in consumption during the critical periods. We define 
~T as the set of ~t periods with the highest consumption levels in the optimal solution of 
DPEVSL; and we set the values Xt ¼ Xt � ~d, t 2 ~T ; with Xt , t 2 ~T the corresponding 
consumption level at those periods in the optimal solution.

We first present in Table 6 the average profit reduction and standard deviations of 
the profit obtained for instances with 500 and 1000 users. The results are based on 
10 instances for each type, with each type corresponding to a different set of parame
ters: number of charging stations, budget, number of choices in the preference list, 
penalization, and weighting of pairs (station, time). (Details on how the instances 
were generated are defined in the Appendix.)

We observe an average profit reduction of 0.8% for ~d ¼ 80% and 3.5% for ~d ¼
50%: We observe a more significant decrease for T_4 type instances, along with a 

Table 6. Average reduction and standard deviation of the profit for 8 types of instances with 10 
instances of each type.

Average profit reduction (%) Standard deviation (%)

#Users Type ~d ¼ 80% ~d ¼ 50% DPEVSL ~d ¼ 80% ~d ¼ 50%

T_1 −0.8 −3.3 8.2 8.3 8.5
T_2 −0.6 −2.7 5.6 5.6 5.8
T_3 −0.8 −3.3 8.0 8.1 8.3

500 T_4 −0.9 −4.5 12.4 12.4 12.8
T_1 −0.6 −2.8 4.9 4.9 5.2
T_2 −0.5 −2.4 5.2 5.3 5.4
T_3 −0.6 −2.5 9.2 9.3 9.4

1000 T_4 −1.7 −6.3 18.7 19.0 19.3

Table 7. Average number of users served and average number of users charging at the first 
choice of their preference list, with 10 instances of each type.

Average # users served Average # first choice

#Users Type DPEVSL ~d ¼ 80% ~d ¼ 50% DPEVSL ~d ¼ 80% ~d ¼ 50%

T_1 454 452.4 446.1 285.2 286.2 277.1
T_2 468.3 467.7 465.1 251.1 255.4 249.5
T_3 419.9 418.3 413 209.3 210.1 204.8

500 T_4 325 321.6 311.2 152.1 148.6 141.7
T_1 919.4 918.8 908.1 550.6 561.4 543.8
T_2 926.6 922.6 914.7 440.3 452.4 444
T_3 862.4 837.8 818.4 509.6 488.8 457.2

1000 T_4 302.1 295.5 282.4 97.8 95.8 89.6
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larger standard deviation. This occurs because this type of instance is designed so 
that users tend to have more similar preference lists. Consequently, it becomes more 
challenging to distribute users effectively. To better understand user distribution, 
Table 7 reports the average number of users served and the average number of users 
charging at the first choice of their preference list.

The average number of users served and the average number of users charging at 
their first choice remains stable despite the peak reduction (and even increases in 
some cases). We also observe that the optimal solutions for type T_4 instances have a 
lower average number of users served compared to other types, which is also due to 
the higher similarity of the preference lists.

We illustrate in Figure 6 the impact of the peak reduction on the energy consump
tion levels for all time periods for one instance of 1000 users. In this instance, there 
are three critical periods at time periods 5, 13 and 18. We can see in Figure 6 that 
the energy consumption at those three periods exactly reflects the enforced reduction. 
We also see that the charging levels change for most of the other time periods, and 
that the peak of some periods is increased, as is the case for period 14, for example. 
The overall quantity of energy consumed may increase or decrease, depending on the 
number of users served (reported in Table 7), as we assume that each user charges 
exactly one unit of energy.

Finally, we compare the solution obtained with DPEV − PSL to the case where pri
ces are uniform across all stations, and customers charge at the (station, time) pair 
ranked first in their preference list. Unsurprisingly, this case, called static in the fol
lowing, generates the maximum consumption peak. It is important to note that in 
the static case, the number of customers charging at a given (station,time) pair can 
exceed the station’s maximum capacity, as charging station constraints are not con
sidered in the greedy solution. Figure 7 depicts the maximum peaks over all periods 

Figure 6. Evolution of the peak for each hour on an instance of 1000 users, with ~t ¼ 3:
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of the optimal solutions of DPEVSL and DPEV − PSL with different ~d compared with 
the static case.

We observe that reducing the consumption during critical periods may lead to an 
increase in the maximum peak across all periods (for example in instance 23). This 
occurs because limiting the number of users charging in certain periods will lead to 
some or all of them charging in other periods, and this may raise the resulting energy 
peak over all periods. Of course this will not happen if all periods are considered as 
critical periods but this may be unduly restrictive. Nevertheless, we find that for all 
our instances, the use of dynamic pricing results in users being distributed over their 
various preferences and drastically reduces the energy peak of the (static) solution 
without dynamic pricing.

5. Conclusion and future research

In this paper, we presented a new bilevel optimization model for an electric vehicle 
charging station pricing problem that takes customer preferences into account. The 
model integrates dynamic pricing which makes it possible to distribute users across 
the various charging stations and have them charge at various times. The model can 
also integrate reduction in energy consumption for a given set of critical time periods, 
which generally results in lower peaks of energy consumption. We solved the bilevel 
model using an efficient single-level linear reformulation approach based on linear 
lower-level optimality conditions. Our computational results show that the perform
ance of our approach compares advantageously to standard reformulations based on 
the KKT optimality conditions, and that our approach is able to solve very large 
instances with up to 5000 users. We also demonstrate the flexibility of our model by 
extending it to integrate the ability to reduce consumption peaks over a set of critical 
periods. The results show that these peaks can be reduced significantly while only 
slightly degrading the profit of the provider.

Figure 7. Maximum peak obtained for 30 instances of 500 customers, with different values of par
ameter ~d and static case.
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In future work, we plan to integrate the uncertainty in the customer behaviour in 
the modelling of the preference lists. We also plan to add energy storage (such as bat
teries) to the charging stations together with renewable energy generation, either 
locally at the stations or at grid level. More generally, dynamic pricing of charging 
has the potential to mitigate the stochasticity of renewable generation and demand. 
As the reformulation is only based on the lower-level, we can add complexity to the 
upper-level without changing the validity of the reformulation.
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Appendix A. Instance generation

This section describes the parameters used for random instance generation. The number of 
time slot is fixed to 24, and the budget is randomly choose between 80 and 200. The Table A1

shows the possible sets of values for each parameter. The column ‘Weighting’ corresponds to 
the weight and the number of pairs (station, time) on which the weight is applied (a weight of 
20 means that an pair has 20 times more chance of being chosen when the preference lists are 
generated).

Table A1. Possible values for instance generation.
# users Type # stations d # choices a Weighting

500 T_1 [10,15] [5–10] [2,3] [2,30] 20 on 5 pairs
T_2 [10,20] [5,10] [2,4] [2,15] 20 on 5 pairs
T_3 [10,20] [5,10] [2,4] [2,30] 60 on 5 pairs
T_4 [10,20] [5,10] [2,4] [2,30] 40 on 15 pairs

1000 T_1 [20,40] [5,10] [2,4] [2,30] 20 on 10 pairs
T_2 [20,40] [5,10] [2,6] [2,15] 20 on 10 pairs
T_3 [10,20] [10,20] [2,6] [2,30] 20 on 10 pairs
T_4 [10,20] [10,20] [2,6] [2,30] 60 on 40 pairs
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