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Abstract. With the increasing number of electric vehicles on road, the deployment of sufficient 

public charging infrastructures has become critical. To encourage the installation of new public 

charging points, such infrastructures need to be economically viable and profitable. In this regard, 

exploring economic activities within charging infrastructures has become a key topic to ensure 

the long-term financial sustainability of charging installations. In line with this objective, this 

paper develops a new robust methodology to setting dynamic charging prices in charging stations. 

Unlike to conventional charging prices based on flat tariffs, dynamic pricing strategies can follow 

wholesale electricity prices, potentially setting low prices and therefore displacing the fleet from 

domestic to public charging. The new proposal renders as a game-theoretical max-min bi-level 

optimization problem. To address the initial complexity of the formulation, a tailored solution 

algorithm is developed, which allows accessing to robust solutions efficiently. An adaptive robust 

modelling of uncertainties is proposed, based on intervals, which allows representing 

uncertainties as box-constrained variables. Moreover, this paper contributes with a new data-

driven approach to determine limits on uncertainties based on bootstrapping. The new solution 

strategy is validated on a benchmark large-scale charging station installing a photovoltaic facility. 

Additionally, the effect of the risk level and photovoltaic size on final results is evaluated. In 

addition, the effectiveness of the charging pricing strategy is assessed, along with the influence 

of uncertainties on the final results. 
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1 – Introduction 

1.1 – Context and motivation 

Electric vehicle (EV) sales were a 35% higher in 2023 compared to 2022, thus bringing up to 

40 million of electric cars on the road (18% of the total) worldwide [1]. The extraordinary increase 

in EV sales during the last decade has been accompanied by a significant deployment of charging 

infrastructures, reaching near 40 million of private/public charging points in 2023 [1]. However, 

only a small portion (about 3% of the total) are public infrastructures equipped with fast chargers. 

The clear lack of public fast chargers may suppose a barrier for the widely adoption of electric 

mobility options. Indeed, most of the existing domestic charging points require many hours to 

fully charge an average commercial EV, thus limiting the capacity of EVs to complete long-travel 

distances due to lack of fast charging infrastructures on the road [2]. 

In order to increase the number of EVs on the road and definitely displace pollutant mobility 

technologies, it is essential to significantly expand the number of public fast charging 

infrastructures within the next few years. To promote the installation of new charging stations, 

such infrastructures must be economically attractive and profitable. Consequently, public 

authorities have launched different initiatives, primarily focused on subsidizing the cost of 

installing public and private charging points [3, 4]. However, solely subsidizing its installation 

appears insufficient to guarantee long-term viability of public charging points. Therefore, new 

economic activities should be explored to ensure that fast public chargers remain financially 

sustainable, with short payback periods [5]. 

1.2 – Dynamic charging price, why? 

Currently, public charging stations implement fixed prices for charging, thus providing fair 

and stable pricing signals to EV users. However, these charging prices remain high in comparison 

to retail electricity rates. As a result, EV users are still hesitant to widely use public charging 

infrastructures, preferring the use of domestic charging points [6]. Changing to dynamic pricing 

strategy, aligned with dynamic wholesale electricity signals, could reduce charging prices but still 

ensuring the profitability of public infrastructures while attracting a growing number of EV users. 

However, developing such a dynamic pricing strategy is a complex task that requires the use of 

advanced computational tools to identify the optimal pricing and assess the implications of its 

implementation. This paper addresses this issue. 

1.3 – Dynamic charging price, a literature review 

Lu et al [7] propose a real-time-price (RTP) strategy for domestic chargers with the aim of 

maximizing the utility of users while minimizing the cost of the whole generation mix, but 

neglecting further demand response from charging demand. In [8], the EV fleet is modelled using 

graph theory and Monte Carlo simulation, with the objective of determining its charging demand. 

This information then serves as input for a two-stage optimization model, in whose first stage the 

cost of charging is minimized thus determining the optimal pricing strategy, while in the second 

stage the operation of the distribution network is considered to ensure its voltage stability. Zhou 

et al [9] develop a dynamic charging price model taking into account the traffic network. The 

resulting pricing seeks for minimizing the travelling time of EVs by determining the zonal 

charging price using algorithmics an logic decision chain rather than optimization. 

An optimal charging price strategy is proposed in [10] with a bi-objective. On the one hand, 

the peak-to-average ratio of the distribution network is minimized. On the other hand, the 

determined pricing strategy seeks for utilizing on-board batteries more profusely, encouraging 

users to charge when the state-of-charge (SoC) is beyond a threshold. This arrangement casts as 

a complex optimization model that is solved using metaheuristics. Feng and Czarkowski [11] 

propose a locational charging price to allow EV users to choose among different charging stations 

(CSs), which are considered strategic agents. The model is then optimized seeking for Nash 



equilibrium. However, its reachability is not ensured as metaheuristics are used for solving the 

model. In [12], a non-cooperative game framework is developed, for optimal management of 

distribution networks in the presence of EVs. The objective is alleviating network congestion by 

dynamically adjusting charging prices. Thereby, EVs can choose where to charge based on 

locational pricing. Sheng et al [13] develop a Stackelberg game framework for coordinated 

pricing of coupled traffic and power networks, with special focus on the value of information 

sharing between systems. 

Vuelvas et al [14] develop a bi-level optimization model, in which the CS acts as the leader 

at the upper-level, whereas the parking lot (PL) plays as the follower in the lower one. This way, 

the optimization model results in a Stackelberg game approach, by which charging prices are 

determined in the Nash sense, allowing EVs to adjust their charging schedule according to prices. 

A multi-strategic firm competitive charging pricing is developed in [15]. Specifically, this 

proposal casts as a multi-leader single-follower optimization model, where different CSs compete 

in prices for getting clients. This way, EV users can choose the station where they will charge. It 

results in a complex optimization model which is eventually solved using deep reinforcement 

learning, which questions the optimality of the final pricing policy. Similarly, charging prices are 

determined in [16] by solving a non-cooperative game approach. However, this work considers a 

strategic alliance among CSs which is equivalent to consider a unique charging provider. In this 

case, the complexity of the mathematical model is circumvented employing metaheuristics, which 

do not ensure the global optimum solution and, in consequence, the reachability of the Nash 

equilibrium point. Liu et al [17] concern about the strong synergies between power and traffic 

networks. Specifically, a collaborative routing and charging scheduling model is proposed, 

resulting a bi-layer methodology where the power and traffic-related problems are solved 

separately. 

In [18], a pricing strategy is developed by which EV users can select the most adequate 

charging point and price menu. In this sense, this proposal aims at extracting privacy features of 

users in order to best determine the pricing strategy to follow. To this end, a Stackelberg game 

approach is proposed, in which the CS acts as leader and EVs as followers. Li et al [19] propose 

a learning-based algorithm for charging price determination in integrated systems. The main 

novelty of this work lies in the inclusion of three different agents, namely the traffic network, the 

power system and the microgrid sub-network encompassing hydrogen refilling stations, local 

storage systems and photovoltaics (PVs). In this regard, each agent aims at minimizing its own 

cost while seeking for equilibrium in a learning environment. In [20], two types of game 

frameworks are compared for charging price determination. On the one hand, the conventional 

non-cooperative games based on Stackelberg theory, which are considered as a benchmark. In 

contrast, cooperative bargaining games are also considered, giving some tricks to linearize their 

objectives and constraints. 

Gao et al [21] investigate how to incorporate distribution locational marginal prices into 

charging pricing policy. To this end, a collaborative approach is proposed, by which CSs in a 

distribution network forms a strategic alliance. The pricing model is then formed by the marginal 

price and a free term accounting for the profit of the station. Sharing rules based on Shapley value 

are envisioned to share the profit in a fair manner. An optimal pricing strategy is proposed for 

parking clusters in [22]. This approach allows further demand response from EV users, calculating 

optimal charging/discharging prices enabling vehicle-to-grid technologies. Interval-guided 

uncertainties are considered, assuming that energy margins available in the parking can be 

impacted by unpredictable behaviour of drivers. In [23], a two-stage game theoretical model is 

proposed for price setting in coupled traffic, information and power environments. More 

specifically, the power network is divided into electrical and urban areas in the first stage, while 

the optimal pricing strategy is decided in the second stage following non-cooperative game 

assumptions. Unsupervised learning has been applied for coordinating charging loads and traffic 

flows in coupled traffic-power networks in [24]. The developed technique transforms the 



optimization model into an unconstrained nonlinear optimization framework, whose features are 

learned using an unsupervised surrogate model. For the sake of simplicity, Table 1 summarizes 

the main features of the studied literature. 

Table 1 - Summary of the relevant literature 

Ref. 
EV response 

Uncert. Renew. 
Where When How much Disch. 

[10]       

[19]      ✓ 

[11, 23] ✓      

[9] ✓     ✓ 

[14] ✓ ✓     

[7]  ✓ ✓    

[22]  ✓  ✓ ✓  

This ✓ ✓ ✓ ✓ ✓ ✓ 

1.4 – Research gaps 

In the light of the literature survey above, which is summarized in Table 1, it is clear that most 

of the existing works raise game theoretical frameworks to derive dynamic charging prices. This 

approach effectively captures users’ interests and, in consequence, prices are established through 

equilibrium instead of seeking for individual profit of the charging infrastructures. Nevertheless, 

in most of the reviewed works, the response capacity of EVs is often limited. In most of references 

[11, 12, 15, 16, 20, 21, 23], EVs can choose where to charge solely, while other capabilities are 

neglected. In other references, EVs a more widely flexibility is enabled, allowing to choose when 

[14], and how much energy [7] is charged. However, only reference [22] considers vehicle-to-

grid capability, enabling on-board batteries to be discharged. Considering a wide response of 

vehicles allows assessing better the impact of dynamic charging prices in their response. In 

consequence, further research is required to assess the impact of dynamic charging prices not only 

in charging schedules, but also in discharging routines. 

On the other hand, the majority of the reviewed references assume deterministic conditions, 

which is a strong assumption in EV-related problems due to the random behaviour of drivers. 

Certainly, some references consider probabilistic models to derive the drivers’ behaviour. 

Nevertheless, these approaches are only employed to estimate the charging demand, typically. 

This data serves as input of the optimization problem, which does not pay attention to the risk 

associated to uncertainties. Reference [22] appears to be, to the best of our knowledge, the sole 

exception. Nonetheless, the model proposed in this reference does not explicitly raises risk-averse 

or risk-seeker optimization strategies. Instead, two different strategies are proposed on the basis 

evolution of uncertainties. In other words, the model in [22] necessitates prior knowledge on the 

impact of uncertainties on final results, thus rendering as a case-dependent approach. In this sense, 

there is a clear lack of uncertainty modelling in dynamic charging price models, especially related 

to modelling the driving behaviour of users. 

Finally, only some few works consider CSs equipped with renewable onsite generators. Note 

that the inclusion of local renewable generation may have a significant impact on charging prices, 

enabling self-sufficiency. Indeed, the availability of renewable generation might allow reducing 

charging prices, thus displacing charging demand to central hours. Thereby, the CS might inhibit 

itself from wholesale prices from the main grid, thus leading to a decoupling effect between the 

grid and station prices. Furthermore, discharging scheduling might be significantly impacted by 

renewable penetration. It is worth noting that renewable generation introduces further 

uncertainties that need to be modelled and assessed properly. 

1.5 – Contributions and paper organization 

The contributions of this paper are twofold: 



• Developing a Stackelberg game approach for setting charging prices in PV-assisted CSs. 

The key innovation lies in the integration of adaptive robust programming within the bi-

level Stackelberg framework. To achieve this, a customized algorithm is designed, 

capable of effectively determining the worst-case scenarios of uncertainties and 

generating robust solutions. Additionally, several uncertainties are modelled and 

assessed, including SoC limits, PV potential, wholesale prices, and maximum charging 

power. 

• Unlike [22], the proposed approach inherently seeks robust solutions, meaning that prior 

knowledge of the impact of uncertainties is not required. In this regard, an interval-guided 

modeling of uncertainties is employed, in line with [22]. However, while the existing 

reference does not provide details on how to determine the limits of uncertainties, this 

paper introduces a novel data-driven methodology based on bootstrapping [25], which 

allows for determining the bounds of uncertainties when modelled as box-constrained 

variables. 

As shown in Table 1, this paper contributes to the body of knowledge with a novel 

methodology that offers improvements over others, primarily in the robust solution algorithm, 

EVs response and uncertainty modelling. It is important to highlight that the proposed 

methodology focuses mainly on setting prices in middle and long-term horizons. This assumption 

aligns with real cases, where decision-makers and clients typically seek stable prices. In this sense, 

long-term variation of uncertainties can be more effectively captured using robust techniques, as 

opposed to others such as stochastic programming [26]. 

Accordingly, the uncertainty modelling approach adopted in this study is consistent with other 

robust optimization frameworks presented in the literature, which do not require prior 

specification of the impact of uncertainties. It is important to note that robust optimization has 

previously been applied to traffic-related problems [27]. However, the study in [27] focuses on 

the robust formulation for optimal network expansion planning and does not address the issue of 

charging price determination. Specifically, this work adopts the perspective of the distribution 

system operator, whereas the present work centres on the role of the charging service provider, 

particularly at the level of individual charging stations. Furthermore, the model in [27] is solved 

using a bi-level formulation tailored to expansion planning, which is not directly applicable to 

Stackelberg game-based approaches as employed in this paper. As a result, the methodology used 

in [27] does not permit the direct computation of charging prices within the robust framework. 

In the rest of this paper, Section 2 provides the necessary background and states the problem. 

Section 3 describes the price-setting formulation as a bi-level Stackelberg game framework. 

Section 4 explains the main contributions of the paper, including the developed robust 

optimization algorithm as well as the bootstrapping methodology to calculate the limits of the 

uncertainty set. Section 5 presents a case study with results to validate the model. Finally, the 

paper is concluded with Section 6. 

2 – Preliminaries 

2.1 – Notation 

The notation employed throughout this paper is detailed below, where ‘pu’ refers to per-unit. 

Indices (sets) 

𝑡 (𝒯)   Time 𝑡 ∈ {0,1,2, … , 𝑇} 

𝑣 (𝒱𝑡)   Vehicles plugged at time 𝑡 

𝒱𝑡
→   Vehicles leaving the parking at time 𝑡 

𝜔 (Ω)   Uncertain parameters 

Superscripts 



𝐶𝑆   Charging station 

𝑃𝐿   Parking lot 

𝑐/𝑑   Charging/discharging 

𝑖𝑚/𝑒𝑥   Importing/exporting 

𝐵   Batteries 

𝐺   Grid 

𝑃𝑉   Photovoltaic 

(⋅)/(⋅)   Minimum/maximum value of a variable or parameter 

(⋅̃)   Given value 

Parameters 

Δ𝜔
↓ /Δ𝜔

↑  Lower/upper bandwidth for representing the uncertain parameter via 

intervals (€/MWh or MWh or MW) 

𝔼[⋅]   Expected value of an uncertain parameter 

𝛼   Risk level (pu) 

𝜂   Efficiency (pu) 

𝑑   Depth-of-discharge (pu) 

𝐶   Replacement cost (€/MWh) 

𝐿   Lifecycle (cycles) 

𝜌   Degradation cost (€/MWh) 

W   Wholesale electricity price (€/MWh) 

𝜎𝑒𝑥   Discount in exporting price (pu) 

Bootstrapping 

𝜃   Vector of input data formed by Θ elements 

𝜃𝑘
𝑤𝑛 kth element of the sub-sample of the input data vector determined by the 

indexes collected in the vector 𝑤𝑛 

𝑛 (𝑁)   Bootstrap sample (total number of bootstrap samples) 

𝐾   Size of bootstrap samples 

randi(𝑎, 𝑏)  Generates 𝑏 integer random numbers between 1 and 𝑎 

𝜃/𝜃   Estimated lower/upper bounds for the input data 

ℚ𝑞[⋅]   Yields the qth percentile of a sample 

Decision variables (primal) 

𝑝   Power (MW) 

𝑆𝑜𝐶   State-of-charge (MWh) 

𝜆   Charging price (€/MWh) 

Decision variables (dual)  

𝜙   Dual variables linked to equality constraints (€/MWh) 

𝜇/𝜇   Dual variables linked to inequality constraints (€/MWh) 

2.2 – Description of the system under study 

For the sake of simplicity, Fig. 1 sketches the charging system under study and summarizes 

some of the mathematical notation employed in this paper. We consider the case in which a 

number of EVs intends to charge their on-board batteries before unplugging. Rather than being 

managed individually, we assume that the charging/discharging schedules of all the vehicles are 

coordinated by a central agent called PL. This arrangement is consistent with others proposed in 

the literature [14, 22], and is therefore assumed to be implementable in real-life cases. 



Furthermore, The CS (eventually managed by the station operator) sets charging prices in advance 

to meet local charging demand, facing the challenge of establishing competitive prices in order to 

attract clients in the PL. 

The station is equipped with a PV system, which is managed by the station operator and can 

supply the local charging demand in the event of sufficient renewable potential. Additionally, the 

station is directly connected to an upscale grid (transmission system), allowing it to exchange 

energy at wholesale electricity prices. On the other hand, the PL can choose whether charging or 

discharging in the station or looking for other options in the grid. Such decision will be mainly 

motivated on pricing signals received from the charging infrastructure or directly from the grid. 

Thus, the station operator will compete in prices in order to maximize the number of vehicles that 

charge in the station. Moreover, EVs can discharge on-board batteries and be paid under dynamic 

charging prices. 

 
Fig. 1 – Sketch of the considered charging system 

2.3 – Assumptions 

The Stackelberg model outlined in Fig. 1 and further developed in the subsequent 

mathematical formulation assumes the following: 

• EV owners act as passive players, only interested on charging their EVs before 

unplugging. In this regard, it is assumed that EV owners delegate their 

charging/discharging schedules to the PL, which oversees the control of all the vehicles 

that are plugged-in. 

• The PL can charge/discharge EVs either in the CS under dynamic charging prices or 

directly from the grid at wholesale rates. Hence, it is assumed that alternative charging 

options, such as domestic chargers, are integrated within the grid agent, which serves as 

an external power supplier. 

• The PL role is limited to coordinating the action of all the EVs in order to simplify their 

coordination and protect privacy. In this sense, the PL is not focused on maximizing its 

profit but instead acts as a budget-balanced player, similar to the community manager in 

[28]. 

2.4 – Problem statement 

The charging price-setting problem described above aligns with the principles of Stackelberg 

game models. Indeed, Stackelberg games involve the coexistence of a leader and one or more 



followers [29]. In the game, the leader decides first and wait for the followers’ reaction. To 

address the charging price-setting problem, we adopt a Stackelberg game framework in which the 

CS acts as the leader, deciding on charging prices, while the users in the lot play the role of 

followers, adjusting their charging/discharging schedules and preferences in response. 

Furthermore, we will incorporate the effect of uncertainties. Specifically, we will develop a robust 

programming approach that facilitates decision-making under worst-case realization of 

uncertainties. This problem can be mathematically stated, as follows: 

max
Ω

min
𝜆𝑡,𝑥

𝐶𝑆
𝐹𝐶𝑆 (1a) 

Subject to: 

𝑔𝜔(Ω) ≤ 0 (1b) 

Subject to: 

ℎ𝐶𝑆(𝑥𝐶𝑆, 𝑥𝑃𝐿 , Ω𝐶𝑆) = 0 (1c) 

𝑔𝐶𝑆(𝑥𝐶𝑆 , Ω𝐶𝑆) ≤ 0 (1d) 

𝑥𝑃𝐿 ∈ argmin
𝑥𝑃𝐿

{𝐹𝑃𝐿: ℎ𝑃𝐿(𝑥𝑃𝐿 , Ω𝑃𝐿) = 0, 𝑔𝑃𝐿(𝑥𝑃𝐿 , Ω𝑃𝐿) ≤ 0} (1e) 

Problem (1) states as a nested max-min optimization model. In the outer problem, the station 

cost function (𝐹𝐶𝑆) is maximized thus leading to the worst-case realization of uncertainties (Ω =

Ω𝐶𝑆 ∪ Ω𝑃𝐿). In the inner problem, the station operator decides on charging prices (𝜆𝑡) and own 

variables (𝑥𝐶𝑆 = [𝑝𝑡
𝐶𝑆,𝑖𝑚, 𝑝𝑡

𝐶𝑆,𝑒𝑥 , 𝑝𝑡
𝑃𝑉]) to minimize the station cost. The inner problem is 

constrained by the equality and inequality constraints of the station (1c) and (1d), which 

corresponds with equations (18b) and (18c)-(18f), respectively. The outer problem is also 

constrained by the inner problem (1e), in which the PL reacts to charging prices decided on the 

upper-level by adjusting their own decision variables (𝑥𝑃𝐿 =

[𝑝𝑡
𝑃𝐿,𝑖𝑚, 𝑝𝑡

𝑃𝐿,𝑒𝑥 , 𝑝𝑡
𝑃𝐿,𝑐 , 𝑝𝑡

𝑃𝐿,𝑑 , 𝑆𝑜𝐶𝑡
𝑃𝐿]) in order to minimize the charging cost (𝐹𝑃𝐿) under own 

constraints. Moreover, different sources of uncertainties are related to outer and inner problems, 

denoted by the sets Ω𝐶𝑆 and Ω𝑃𝐿, respectively. Such uncertainties can appear in equality and 

inequality constraints and are modelled in (1b), which is further described in (5). 

Direct solution of (1) in present form supposes a challenge due to the coexistence of 

maximization and minimization problems, as well as the lower-level problem (1e) appearing as a 

constraint. While robust programming and bi-level problems can be effectively solved by deriving 

the 1st-order optimality conditions of the inner or lower-level problems [27, 30, 31], 

simultaneously addressing both approaches supposes a challenge. In Section 4, we will develop 

a tailored algorithm to address this issue. 

2.5 – Sources of uncertainty 

The mathematical formulation explained in Section 3 assumes that all the input parameters 

take deterministic values, and therefore, uncertainties are not further modelled. Nonetheless, this 

is a strong assumption, as the actual realization of many parameters remains unknown, even over 

short-time periods. In particular, we consider the following sources of uncertainties: 

• The number of vehicles plugged any time instant is inherently uncertain, as users 

generally exhibit random driving behaviours [32]. Thus, the uncertain number of 

plugged-in vehicles impacts on the SoC and charging/discharging limits, as these 

parameters are directly dependent on the number of vehicles parked. 

• Although PV generation can be estimated day-ahead with acceptable accuracy, its long-

term (panels degradation) and seasonal features (summer, winter) need to be considered 

in price-setting problems. 



• Similarly, next-day wholesale electricity prices can be estimated with acceptable 

accuracy, but they are strongly affected by long-term uncontrollable features and seasonal 

trends. 

In conclusion, although some uncertain parameters might be forecasted over short-time 

horizons (e.g. 24 h in advance), their long-term variation needs to be implicitly modelled in the 

price-setting problem. Note that station operators are keen to set stable prices in the middle and 

long-term horizon typically (e.g. 1 year), and as such, these long-term uncertainty features need 

to be considered. Nevertheless, the proposed methodology could still be applied in day-ahead 

tools without major modifications. 

Particularly, the considered uncertainties can be classified into those that directly impact to 

the station operation, and the others that are directly related with the PL. In this sense, we split 

the set Ω into two subsets, each collecting uncertainties in the CS and PL, as follows: 

Ω𝐶𝑆 ≜ [W𝑡
𝑖𝑚, 𝑝

𝑡

𝑃𝑉
] (2) 

Ω𝑃𝐿 ≜ [𝑆𝑜𝐶𝑡
𝑃𝐿 , 𝑆𝑜𝐶𝑡

𝑃𝐿
, 𝑝
𝑡

𝑃𝐿
] (3) 

It is noteworthy that the wholesale electricity price affects both, the CS and PL. However, 

this parameter has been included solely in the CS subset. This is because the CS first observes 

wholesale prices and adjusts charging prices in response. Afterwards, the PL reacts choosing 

when, how much and where to charge or discharge. This hierarchical sequence reveals that the 

CS has the ability to react to electricity prices, whereas the PL reacts to the charging prices instead.  

Thus, the PL is necessarily subordinated to the actions of the station, in line with the game 

theoretical model described in previous subsections. 

2.6 – Uncertainty modelling 

A variety of uncertainty representations have been studied in the literature, encompassing 

approaches such as stochastic or robust programming. Stochastic optimization requires perfect 

knowledge on the probability distribution of uncertainties. However, when such distribution is 

unknown or simply desire to ensure that the solution attained is safe across a range of possible 

realizations, robust optimization is preferred [33]. In the problem concerned in this paper, it is 

assumed that an agent, namely the station operator, is intended to set dynamic prices to ensure 

economic performance even for worst-case realization of uncertainties. Moreover, while 

probability distributions have been widely studied for PV potential or electricity prices, other 

sources of uncertainty are difficultly representable using scenarios such as SoC bounds in the PL.  

By the reasons above, robust optimization has been employed in this paper instead of other 

approaches. A proper uncertainty modelling is key on robust optimization models. In this paper, 

we adopt an interval modelling of uncertainties, which has been successfully applied in other 

related problems [32]. Let us consider the uncertain parameter 𝜔, which is modelled as a box-

constrained variable, allowing them to vary on a range delimited by established bounds, as said 

(4).  

𝜔 ∈ [𝜔, 𝜔]; ∀𝜔 ∈ Ω (4) 

The domain of 𝜔 is then described by its expected value and upper/lower bandwidths, as 

depicted in Fig. 2. Therefore, the box constraint (4) can be rewritten in the function of bandwidths, 

as follows: 

𝔼[𝜔] − 𝛼Δ𝜔
↓ ≤ 𝜔 ≤ 𝔼[𝜔] + 𝛼Δ𝜔

↑ ; ∀𝜔 ∈ Ω (5) 



 
Fig. 2 – Interval modelling of the uncertain parameter 𝜔 

Eq. (5) is parameterized by the risk level 0 ≤ 𝛼 ≤ 1, which limits the effective domain of 𝜔. 

Indeed, if 𝛼 = 1, all the range described by (4) is considered and therefore 𝜔 could take any value 

on its original domain. In contrast, the problem becomes deterministic for 𝛼 = 0 as 𝜔 is enforced 

to take its expected value according to (5). In this way, the risk level allows to tune the level of 

risk assumed by the decision-maker. Actually, more conservative solutions will be calculated for 

higher values of 𝛼, while reducing it will observe the opposite effect. This adoption makes the 

developed robust solution adaptive and therefore more easily implementable in industrial tools. 

3 – Mathematical models 

3.1 – PL modelling 

3.1.1 – Vehicle modelling 

Each vehicle in the PL can charge/discharge on-board batteries controlling its SoC, which is 

given by: 

𝑆𝑜𝐶𝑣,𝑡 = 𝑆𝑜𝐶𝑣,𝑡−1 + (𝑝𝑣,𝑡
𝑐 + 𝑝𝑣,𝑡

𝑖𝑚)𝜂𝑣
𝐵,𝑐 − (𝑝𝑣,𝑡

𝑑 + 𝑝𝑣,𝑡
𝑒𝑥)/𝜂𝑣

𝐵,𝑑;  ∀𝑣 ∈ 𝒱𝑡 ∧ 𝑡 ∈ 𝒯\{1} (6) 

As seen, (6) considers that vehicles can charge in the station or directly with other stations or 

infrastructures. The power that each vehicle can exchange is limited by the rated power of the 

charger or the own vehicle, as said (7). Moreover, the SoC of the vehicle is limited by the capacity 

of on-board batteries and its depth-of-discharge by (8). 

0 ≤ 𝑝𝑣,𝑡
𝑐 , 𝑝𝑣,𝑡

𝑑 , 𝑝𝑣,𝑡
𝑖𝑚, 𝑝𝑣,𝑡

𝑒𝑥 ≤ 𝑝
𝑣
;  ∀𝑣 ∈ 𝒱𝑡 ∧ 𝑡 ∈ 𝒯 (7) 

(1 − 𝑑𝑣
𝐵)𝑆𝑜𝐶𝑣 ≤ 𝑆𝑜𝐶𝑣,𝑡 ≤ 𝑆𝑜𝐶𝑣;  ∀𝑣 ∈ 𝒱𝑡 ∧ 𝑡 ∈ 𝒯 (8) 

3.1.2 – Aggregated modelling 

The PL collectivizes the charging/discharging scheduling of all the vehicles plugged. This 

approach enables modelling the problem using an aggregated model rather than specifically 

modelling individual features. Moreover, this aggregated modelling offers the advantage of 

maintaining the model computationally tractable while safeguarding the privacy of owners, who 

share confidential information with the PL (which acts a budget-balanced agent) instead with the 

CS [34]. Indeed, modelling aggregated profiles increments the level of uncertainty, for which the 

robust approach described in Section 4 results of practical interest. 

In this model, the maximum energy that can be stored in the parking is limited by the capacity 

of all the vehicles plugged, as follows: 

𝑆𝑜𝐶𝑡
𝑃𝐿
= ∑ 𝑆𝑜𝐶𝑣𝑣∈𝒱𝑡 ;  ∀𝑡 ∈ 𝒯 (9) 

Any time instant, there must be sufficient energy stored in the parking to satisfy charging 

requirements of those vehicles that are leaving the parking, as said (10).  

𝑆𝑜𝐶𝑡
𝑃𝐿 = ∑ 𝑆𝑜𝐶𝑣𝑣∈𝒱𝑡

→ ;  ∀𝑡 ∈ 𝒯 (10) 

Total power exchanged by vehicles can be aggregated by simply summing up the power of 

all the vehicles, as said (11) and (12). These aggregated powers allow calculating the aggregated 

SoC in the lot according to (13). 



𝑝𝑡
𝑃𝐿,𝑐 = ∑ 𝑝𝑣,𝑡

𝑐
𝑣∈𝒱𝑡 , 𝑝𝑡

𝑃𝐿,𝑑 = ∑ 𝑝𝑣,𝑡
𝑑

𝑣∈𝒱𝑡 ;  ∀𝑡 ∈ 𝒯 (11) 

𝑝𝑡
𝑃𝐿,𝑖𝑚 = ∑ 𝑝𝑣,𝑡

𝑖𝑚
𝑣∈𝒱𝑡 , 𝑝𝑡

𝑃𝐿,𝑒𝑥 = ∑ 𝑝𝑣,𝑡
𝑒𝑥

𝑣∈𝒱𝑡 ;  ∀𝑡 ∈ 𝒯 (12) 

𝑆𝑜𝐶𝑡
𝑃𝐿 = 𝑆𝑜𝐶𝑡−1

𝑃𝐿 + (𝑝𝑡
𝑃𝐿,𝑐 + 𝑝𝑡

𝑃𝐿,𝑖𝑚)𝜂̃𝐵,𝑐 − (𝑝𝑡
𝑃𝐿,𝑑 + 𝑝𝑡

𝑃𝐿,𝑒𝑥)/𝜂̃𝐵,𝑑;  ∀𝑡 ∈ 𝒯\{1} (13) 

Equation (13) assumes the same efficiency for all the vehicles in the lot. Note that this is a 

reasonable assumption as commercial EVs typically install Li-ion batteries, whose efficiency is 

in the range 90-95 %, usually [35]. Thereby, the model adopts an average efficiency without 

incurring in significant errors. Power limits can be aggregated similarly, as follows: 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑐 , 𝑝𝑡

𝑃𝐿,𝑑 , 𝑝𝑡
𝑃𝐿,𝑖𝑚, 𝑝𝑡

𝑃𝐿,𝑒𝑥 ≤ ∑ 𝑝
𝑣𝑣∈𝒱𝑡 = 𝑝

𝑡

𝑃𝐿
;  ∀𝑡 ∈ 𝒯 (14) 

3.1.3 – Battery degradation 

Excessive charging-discharging cycles may degrade batteries due to cyclic aging [35]. This 

degradation should be considered in the developed operational model to account for the cost of 

battery deterioration and prevent over-using on-board batteries. Although it has been 

demonstrated that cyclic aging is a quadratic function of the depth-of-discharge [36], several 

studies have proposed well-behaved linear approximations for economic purposes [37, 38]. In 

particular, we adopt the model presented in [37], which estimates the degradation cost as a 

function of different battery parameters and the total power exchanged, as follows: 

𝐷𝑣,𝑡(𝑝𝑣,𝑡
𝑐 , 𝑝𝑣,𝑡

𝑑 , 𝑝𝑣,𝑡
𝑖𝑚, 𝑝𝑣,𝑡

𝑒𝑥) =
𝐶𝑣
𝐵𝑝𝑣,𝑡

𝐵

2𝐿𝑣
𝐵𝑆𝑜𝐶𝑣𝑑𝑣

𝐵𝜂𝑣
𝐵,𝑐𝜂𝑣

𝐵,𝑑 ; ∀𝑣 ∈ 𝒱𝑡 ∧ 𝑡 ∈ 𝒯 (15) 

where 𝑝𝑣,𝑡
𝐵 = 𝑝𝑣,𝑡

𝑐 + 𝑝𝑣,𝑡
𝑑 + 𝑝𝑣,𝑡

𝑖𝑚 + 𝑝𝑣,𝑡
𝑒𝑥 . The depth-of-discharge in (15) is defined as the relative 

difference between the maximum and minimum capacity of batteries [36]. In commercial EVs, 

the depth-of-discharge is typically set below 80 % to avoid fast degradation of on-board batteries 

[39]. Following the aggregated model proposed in Section 3.1.2, we consider the total degradation 

cost in the lot, as follows: 

𝐷𝑡
𝑃𝐿 = ∑ 𝜌𝑣

𝐵𝑝𝑣,𝑡
𝐵

𝑣∈𝒱𝑡 ; ∀𝑡 ∈ 𝒯 (16) 

Note that determining the degradation cost of each vehicle is a challenge, especially when the 

characteristics of vehicles are unknown. In this sense, we propose deriving 𝜌𝑣
𝐵 through statistical 

analysis. By considering different features of commercial EVs, a sufficiently large sample can be 

generated. Subsequently, the value of 𝜌𝑣
𝐵 can be calculated as the mean value of the distribution 

obtained or, if robust solutions are looked for, a reasonably high percentile in the density function 

(e.g. 97.5%) may be selected. 

3.1.4 – Operational model of the PL 

The PL can choose when, how much (within SoC limits) and where to charge/discharge in 

order to minimize its cost. As previously discussed, an aggregated model of the plugged-in EVs 

is considered, meaning that individual features are not explicitly included but aggregated profiles 

are used, thus simplifying the coordination and management of the vehicles in the lot. Following 

these premises, the operational PL model can be written as: 

min
𝑥𝑃𝐿

𝐹𝑃𝐿 = ∑ {(𝑝𝑡
𝑃𝐿,𝑐 − 𝑝𝑡

𝑃𝐿,𝑑)𝜆𝑡 +W𝑡
𝑖𝑚(𝑝𝑡

𝑃𝐿,𝑖𝑚 − 𝜎𝑒𝑥𝑝𝑡
𝑃𝐿,𝑒𝑥) + 𝐷𝑡

𝑃𝐿}𝑡∈𝒯  (17a) 

Subject to: 

𝑆𝑜𝐶𝑡
𝑃𝐿 = 𝑆𝑜𝐶𝑡−1

𝑃𝐿 + (𝑝𝑡
𝑃𝐿,𝑐 + 𝑝𝑡

𝑃𝐿,𝑖𝑚)𝜂̃𝐵,𝑐 − (𝑝𝑡
𝑃𝐿,𝑑 + 𝑝𝑡

𝑃𝐿,𝑒𝑥)/𝜂̃𝐵,𝑑: 〈𝜙𝑡
𝑆𝑜𝐶〉; ∀𝑡 ∈ 𝒯\{1} (17b) 

𝑆𝑜𝐶(𝑡=1)
𝑃𝐿 = (𝑝(𝑡=1)

𝑃𝐿,𝑐 + 𝑝(𝑡=1)
𝑃𝐿,𝑖𝑚)𝜂̃𝐵,𝑐 − (𝑝(𝑡=1)

𝑃𝐿,𝑑 + 𝑝(𝑡=1)
𝑃𝐿,𝑒𝑥)/𝜂̃𝐵,𝑑: 〈𝜙(𝑡=1)

𝑆𝑜𝐶 〉 (17c) 

𝑆𝑜𝐶𝑡
𝑃𝐿 ≤ 𝑆𝑜𝐶𝑡

𝑃𝐿 ≤ 𝑆𝑜𝐶𝑡
𝑃𝐿
: 〈𝜇𝑡

𝑆𝑜𝐶 , 𝜇𝑡
𝑆𝑜𝐶〉 (17d) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑐 ≤ 𝑝

𝑡

𝑃𝐿
: 〈𝜇𝑡

𝑃𝐿,𝑐 , 𝜇𝑡
𝑃𝐿,𝑐〉 ; ∀𝑡 ∈ 𝒯 (17e) 



0 ≤ 𝑝𝑡
𝑃𝐿,𝑑 ≤ 𝑝

𝑡

𝑃𝐿
: 〈𝜇𝑡

𝑃𝐿,𝑑 , 𝜇𝑡
𝑃𝐿,𝑑〉 ; ∀𝑡 ∈ 𝒯 (17f) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑖𝑚 ≤ 𝑝

𝑡

𝑃𝐿
: 〈𝜇𝑡

𝑃𝐿,𝑖𝑚, 𝜇𝑡
𝑃𝐿,𝑖𝑚〉 ; ∀𝑡 ∈ 𝒯 (17g) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑒𝑥 ≤ 𝑝

𝑡

𝑃𝐿
: 〈𝜇𝑡

𝑃𝐿,𝑒𝑥 , 𝜇𝑡
𝑃𝐿,𝑒𝑥〉 ; ∀𝑡 ∈ 𝒯 (17h) 

where dual variables are given between brackets 〈⋅〉. 

Above, the PL cost (17a) is minimized, encompassing three terms. The first term accounts for 

the cost of charging/discharging in the CS under dynamic charging prices. As seen, EVs pay for 

charging and are paid for discharging, effectively operating as fully functional storage systems, 

thus enabling energy arbitrage. In this way, the EVs in our model have wide capability to respond 

to charging prices set by the station operator. Likewise, the second term considers that EVs 

charge/discharge in different stations through the grid under wholesale electricity prices. As 

customary, the exporting price is taken 𝜎𝑒𝑥 times of the importing one [40]. Typically, 𝜎𝑒𝑥 ≤ 1 

representing power systems with sufficient generation capacity. Finally, the degradation cost is 

included for coherently taking into account the degradation of batteries due to multiple charging-

discharging. On the other hand, (17b) calculates the instantaneous SoC in the PL, (17c) sets the 

energy stored at the beginning of the time horizon, and (17d)-(17h) bind variables. Note that (17) 

is linear and continuous as binary commitment variables are not required [41]. 

3.2 – CS modelling 

In contrast, the CS decides on charging prices while exchanging energy with the grid and 

provides local PV generation, with the objective of reducing its operational cost. Thus, the CS 

operational model reads as: 

min
𝜆𝑡,𝑥

𝐶𝑆
𝐹𝐶𝑆 = ∑ {W𝑡

𝑖𝑚(𝑝𝑡
𝐶𝑆,𝑖𝑚 − 𝜎𝑒𝑥𝑝𝑡

𝐶𝑆,𝑒𝑥) + 𝜆𝑡(𝑝𝑡
𝑃𝐿,𝑑 − 𝑝𝑡

𝑃𝐿,𝑐)}𝑡∈𝒯  (18a) 

Subject to: 

𝑝𝑡
𝐶𝑆,𝑖𝑚 − 𝑝𝑡

𝐶𝑆,𝑒𝑥 + 𝑝𝑡
𝑃𝑉 = 𝑝𝑡

𝑃𝐿,𝑐 − 𝑝𝑡
𝑃𝐿,𝑑; ∀𝑡 ∈ 𝒯 (18b) 

𝜆𝑡 ≥ 0; ∀𝑡 ∈ 𝒯 (18c) 

0 ≤ 𝑝𝑡
𝐶𝑆,𝑖𝑚 ≤ 𝑝

𝐺
; ∀𝑡 ∈ 𝒯 (18d) 

0 ≤ 𝑝𝑡
𝐶𝑆,𝑒𝑥 ≤ 𝑝

𝐺
; ∀𝑡 ∈ 𝒯 (18e) 

0 ≤ 𝑝𝑡
𝑃𝑉 ≤ 𝑝

𝑡

𝑃𝑉
; ∀𝑡 ∈ 𝒯 (18f) 

The cost function (18a) considers the cost of exchanging energy with the grid under wholesale 

prices, as well as the cost (minus profit) of providing charging services under dynamic charging 

prices. On the other hand, (18b) enforces power balance in the system accounting for the power 

exchanges with the grid, local PV generation and charging/discharging schedules in the lot. (18c) 

avoids setting negative charging prices, while (18d)-(18f) bind variables. Note that, although 

charging/discharging actions of the PL are included in (18b), EV power is not considered a 

decision variable in the CS problem. Therefore, the station does not determine whether the EVs 

charge at the station or using other infrastructures. This assumption empowers the PL to decide 

when and where to charge in order to minimize the total charging cost. The model (18) is also 

linear and continuous since binary commitment variables are not required [41]. 

3.3 – MPEC 

In the proposed Stackelberg game framework described in Section 2.2, the PL plays as the 

follower and thus (17) constitutes the lower-level problem, while (18) represents the upper-level 

as the CS plays the role of the leader. Due to the lower-level problem (17) is continuous and 

linear, it can be replaced by its equivalent 1st-order optimality conditions, which constitute 

equivalent conditions for optimality of convex optimization models [42]. In this manner, the 



original bi-level problem (1) can be transformed into a single-level mathematical problem with 

equilibrium constraints (MPEC), as follows: 

min
𝜆𝑡,𝑥

𝐶𝑆,𝑥𝑃𝐿,𝜙𝑡
𝑆𝑜𝐶,𝝁

𝐹𝐶𝑆 (19a) 

Subject to: 

(17b), (17c) (19b) 

(18b)-(18f) (19c) 
𝜕𝔏

𝜕𝑆𝑜𝐶𝑡
𝑃𝐿 = 𝜙𝑡

𝑆𝑜𝐶 − 𝜙𝑡+1
𝑆𝑜𝐶 − 𝜇𝑡

𝑆𝑜𝐶 + 𝜇𝑡
𝑆𝑜𝐶

= 0; ∀𝑡 ∈ 𝒯\{𝑇} (19d) 

𝜕𝔏

𝜕𝑆𝑜𝐶(𝑡=𝑇)
𝑃𝐿 = 𝜙(𝑡=𝑇)

𝑆𝑜𝐶 − 𝜇(𝑡=𝑇)
𝑆𝑜𝐶 + 𝜇(𝑡=𝑇)

𝑆𝑜𝐶
= 0 (19e) 

𝜕𝔏

𝜕𝑝𝑡
𝑃𝐿,𝑐 = 𝜆𝑡 + ∑ 𝜌𝑣

𝐵
𝑣∈𝒱𝑡 − 𝜙𝑡

𝑆𝑜𝐶𝜂̃𝐵,𝑐 − 𝜇𝑡
𝑃𝐿,𝑐 + 𝜇𝑡

𝑃𝐿,𝑐
= 0;∀𝑡 ∈ 𝒯 (19f) 

𝜕𝔏

𝜕𝑝𝑡
𝑃𝐿,𝑑 = −𝜆𝑡 + ∑ 𝜌𝑣

𝐵
𝑣∈𝒱(𝑡=𝑇)

+ 𝜙𝑡
𝑆𝑜𝐶/𝜂̃𝐵,𝑑 − 𝜇𝑡

𝑃𝐿,𝑑 + 𝜇𝑡
𝑃𝐿,𝑑

= 0; ∀𝑡 ∈ 𝒯 (19g) 

𝜕𝔏

𝜕𝑝𝑡
𝑃𝐿,𝑖𝑚 = W𝑡

𝑖𝑚 + ∑ 𝜌𝑣
𝐵

𝑣∈𝒱𝑡 − 𝜙𝑡
𝑆𝑜𝐶 𝜂̃𝐵,𝑐 − 𝜇𝑡

𝑃𝐿,𝑖𝑚 + 𝜇𝑡
𝑃𝐿,𝑖𝑚

= 0; ∀𝑡 ∈ 𝒯 (19h) 

𝜕𝔏

𝜕𝑝𝑡
𝑃𝐿,𝑒𝑥 = −𝜎

𝑒𝑥W𝑡
𝑖𝑚 + ∑ 𝜌𝑣

𝐵
𝑣∈𝒱𝑡 + 𝜙𝑡

𝑆𝑜𝐶/𝜂̃𝐵,𝑑 − 𝜇𝑡
𝑃𝐿,𝑒𝑥 + 𝜇𝑡

𝑃𝐿,𝑒𝑥
= 0; ∀𝑡 ∈ 𝒯 (19i) 

0 ≤ 𝑆𝑜𝐶𝑡
𝑃𝐿 + 𝑆𝑜𝐶𝑡

𝑃𝐿 ⊥ 𝜇𝑡
𝑆𝑜𝐶 ≥ 0; ∀𝑡 ∈ 𝒯 (19j) 

0 ≤ 𝑆𝑜𝐶𝑡
𝑃𝐿
− 𝑆𝑜𝐶𝑡

𝑃𝐿 ⊥ 𝜇𝑡
𝑆𝑜𝐶

≥ 0; ∀𝑡 ∈ 𝒯 (19k) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑐 ⊥ 𝜇𝑡

𝑃𝐿,𝑐 ≥ 0; ∀𝑡 ∈ 𝒯 (19l) 

0 ≤ 𝑝
𝑡

𝑃𝐿
− 𝑝𝑡

𝑃𝐿,𝑐 ⊥ 𝜇𝑡
𝑃𝐿,𝑐

≥ 0; ∀𝑡 ∈ 𝒯 (19m) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑑 ⊥ 𝜇𝑡

𝑃𝐿,𝑑 ≥ 0; ∀𝑡 ∈ 𝒯 (19n) 

0 ≤ 𝑝
𝑡

𝑃𝐿
− 𝑝𝑡

𝑃𝐿,𝑑 ⊥ 𝜇𝑡
𝑃𝐿,𝑑

≥ 0; ∀𝑡 ∈ 𝒯 (19o) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑖𝑚 ⊥ 𝜇𝑡

𝑃𝐿,𝑖𝑚 ≥ 0; ∀𝑡 ∈ 𝒯 (19p) 

0 ≤ 𝑝
𝑡

𝑃𝐿
− 𝑝𝑡

𝑃𝐿,𝑖𝑚 ⊥ 𝜇𝑡
𝑃𝐿,𝑖𝑚

≥ 0; ∀𝑡 ∈ 𝒯 (19q) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑒𝑥 ⊥ 𝜇𝑡

𝑃𝐿,𝑒𝑥 ≥ 0; ∀𝑡 ∈ 𝒯 (19r) 

0 ≤ 𝑝
𝑡

𝑃𝐿
− 𝑝𝑡

𝑃𝐿,𝑒𝑥 ⊥ 𝜇𝑡
𝑃𝐿,𝑒𝑥

≥ 0; ∀𝑡 ∈ 𝒯 (19s) 

𝜙𝑡
𝑆𝑜𝐶: free; ∀𝑡 ∈ 𝒯 (19t) 

𝝁 ≥ 0 (19u) 

where 𝝁 collects all the 𝜇’s and ⊥ stands for complementarity. 

The MPEC (19) shares objective function with the upper-level (18), but the decision-space 

expands to include the primal and dual variables of the PL. (19b) are the primal feasibility 

constraints of the lower-level problem (i.e. the equality constraints), while (19c) collects the 

primal constraints of the upper-level problem thus ensuring their feasibility. On the other hand, 

(19d)-(19i) are the stationary conditions, which are derived by equalling to zero the Lagrangian 

function (𝔏) of (18a); (19j)-(19s) are the complementarity conditions, which are related to the 

inequality constraints in (17); whereas (19t) and (19u) are the dual feasibility constraints. For a 

further explanation on how to derive the 1st-order optimality conditions of linear continuous 

optimization models, the reader is referred to [23]. 

3.4 – MILP 

MPEC (19) is nonlinear due to bilinear terms in (19a) and complementarity conditions (19j)-

(19s). To linearize the complementarity conditions, we employ the exact approximation based on 

the big-M method [43], following the strategies in [44] to tune the value of the big-M’s. On the 

other hand, to linearize the bilinear terms in (19a), we exploit the strong duality theorem [31], 



which establishes that the value of the primal and dual objective functions is the same at the 

optimum. Firstly, (19a) is rewritten as follows: 

𝐹𝐶𝑆 = ∑ {W𝑡
𝑖𝑚(𝑝𝑡

𝐶𝑆,𝑖𝑚 + 𝑝𝑡
𝑃𝐿,𝑖𝑚) −W𝑡

𝑒𝑥(𝑝𝑡
𝐶𝑆,𝑒𝑥 + 𝑝𝑡

𝑃𝐿,𝑒𝑥) + 𝐷𝑡
𝑃𝐿}𝑡∈𝒯 − 𝐹𝑃𝐿 (20) 

While the dual counterpart of (17a) can be derived, as follows: 

𝐹𝑃𝐿 = ∑ {
𝜇𝑡
𝑆𝑜𝐶𝑆𝑜𝐶𝑡

𝑃𝐿 − 𝜇𝑡
𝑆𝑜𝐶
𝑆𝑜𝐶𝑡

𝑃𝐿
− 𝜇𝑡

𝑃𝐿,𝑐
𝑝
𝑡

𝑃𝐿
−

𝜇𝑡
𝑃𝐿,𝑑

𝑝
𝑡

𝑃𝐿
− 𝜇𝑡

𝑃𝐿,𝑖𝑚
𝑝
𝑡

𝑃𝐿
− 𝜇𝑡

𝑃𝐿,𝑒𝑥
𝑝
𝑡

𝑃𝐿
}𝑡∈𝒯  (21) 

And replacing (21) in (20) gives rise: 

𝐹𝐶𝑆 = ∑

{
 
 

 
 W𝑡

𝑖𝑚(𝑝𝑡
𝐶𝑆,𝑖𝑚 + 𝑝𝑡

𝑃𝐿,𝑖𝑚) −W𝑡
𝑒𝑥(𝑝𝑡

𝐶𝑆,𝑒𝑥 + 𝑝𝑡
𝑃𝐿,𝑒𝑥) −

𝜇𝑡
𝑆𝑜𝐶𝑆𝑜𝐶𝑡

𝑃𝐿 + 𝜇𝑡
𝑆𝑜𝐶
𝑆𝑜𝐶𝑡

𝑃𝐿
+ 𝜇𝑡

𝑃𝐿,𝑐
𝑝
𝑡

𝑃𝐿
−

𝜇𝑡
𝑃𝐿,𝑑

𝑝
𝑡

𝑃𝐿
+ 𝜇𝑡

𝑃𝐿,𝑖𝑚
𝑝
𝑡

𝑃𝐿
+ 𝜇𝑡

𝑃𝐿,𝑒𝑥
𝑝
𝑡

𝑃𝐿
+ 𝐷𝑡

𝑃𝐿
}
 
 

 
 

𝑡∈𝒯  (22) 

According to the strong duality theorem, the value of the linear function (22) and (19a) is the 

same at the optimum and therefore both can be considered indistinguishably. After replacing (19a) 

by (22) and the complementarity conditions by the big-M constraints, (19) transforms into a 

mixed-integer-linear programming (MILP), which is solvable using off-the-shelf solvers. The 

final MILP problem constitutes a Stackelberg game model between the CS and PL whose solution 

is a Nash equilibrium point, as illustrated in Appendix A. 

4 – The proposed robust solution strategy 

4.1 – Determining uncertainty bounds via bootstrapping 

In the interval uncertainty modelling described in Section 2.3, it is crucial to properly 

determine the bounds of uncertain parameters. In many references, these bounds are simply 

estimated using imposed confidence intervals [32]. While this approach may be acceptable in 

short-time windows, it overlooks specific features of uncertainties specially in long-term 

horizons. In this paper, we propose a methodology based on bootstrapping, similar to the one 

suggested in [25]. 

Bootstrapping is a statistical technique that allows inferring reliable statistical indicators when 

available observations do not meet normality criteria, or the number of observations is inadequate 

(either too small to be reliable or too large to be tractable). Bootstrapping is grounded in the 

central limit theorem, which states that the observations from any experiment tend to follow a 

normal distribution if the number of samples is sufficiently large [45]. 

Fig. 3 illustrates the bootstrapping working cycle, taking a set of observations represented as 

coloured circles. Firstly, a number of bootstrap subsamples are by randomly selecting samples 

from the original dataset. It is noteworthy that observations in subsamples can be repeated, which 

is known as sampling with replacement [45]. Secondly, the mean value of each subsample is 

calculated and aggregated to form a final distribution. If the number of subsamples and their sizes 

are adequate, the final distribution of means should follow a normal distribution. Consequently, 

reliable indicators (e.g. percentiles) can be derived from this distribution. 



 
Fig. 3 – Example of application of bootstrapping 

Firstly, let 𝑁 be the number of subsamples and 𝐾 the number of observations within each 

subsample. The proposed methodology considers the dataset 𝜃 including Θ observations. Note 

that this dataset could contain historical measurements or synthetic data. The proposed 

methodology starts calculating the vector 𝑤𝑛, as follows: 

𝑤𝑛 = randi(Θ, 𝐾) (23) 

Indeed, 𝑤𝑛 contains the indexes of those observations in 𝜃 that will be included in the nth 

subsample. Let 𝜃𝑘
𝑤𝑛 be the kth observation of the nth subsample. Then, the mean of the nth 

subsample can be calculated easily as: 

𝜃𝑛 =
1

𝐾
∑ 𝜃𝑘

𝑤𝑛𝑘=𝐾
𝑘=1  (24) 

The process (23) and (24) is repeated 𝑁 times. If 𝑁 and 𝐾 are sufficiently large, the 

distribution of 𝜃𝑛 should follow a normal distribution. In particular, we determine the bounds of 

an uncertainty using percentiles on the resulting distribution of means. Let us consider that the 

selected low and high percentiles are 𝑞 and 𝑞, respectively. Then, the bounds on the original 

dataset can be determined as: 

𝜃 = ℚ𝑞[𝜃], 𝜃 = ℚ𝑞[𝜃] (25) 

Note that 𝑞 and 𝑞 are input parameters that can be tuned according to decision-maker own 

preferences, allowing to expand or reduce the uncertain domain accordingly. Moreover, more 

conservative strategies could be adopted deriving the maximum and minimum values on 

subsamples instead of means. Likewise, the expected value can be derived as the mean of the 

means distribution, as follows: 

𝔼[𝜃] =
1

𝑁
∑ 𝜃𝑛
𝑛=𝑁
𝑛=1  (26) 

To show the effectiveness of the proposed methodology, it has been applied to wholesale 

electricity prices in Spain in 2023, which are available in [46]. Fig. 4 (top) shows the distribution 

for hourly wholesale prices in the original dataset. As observed, the original data do not follow a 

normal distribution. Furthermore, we applied the proposed bootstrapping strategy considering 

𝑁 = 50,000 and 𝐾 = 60, and the final distribution of means is plotted in Fig. 4 (bottom). As 

seen, final distributions clearly meet normality criteria and therefore valid statistical indicators 

(such as the mean or percentiles) can be derived. 



 
Fig. 4 – Distribution of wholesale electricity prices in Spain in 2023 before (top) and after applying 

bootstrapping (bottom) 

4.2 – Foundations of the proposed solution strategy 

In Section 3 we explained how to reduce the bi-level strategic pricing problem into a solvable 

single-level one. However, the problem described in (1) remains difficult to solve due to the 

presence of a nested max-min optimization. Typically, these types of frameworks are addressed 

by replacing the inner minimization problem with its 1st-order optimality conditions [30]. 

However, our inner problem is a non-continuous and non-convex MILP and, in consequence, its 

1st-order optimality conditions are not sufficient conditions for optimality. 

To circumvent this issue, we develop a tailored algorithm that retains the hierarchical 

structure of the Stackelberg game proposed in Section 3. The main idea is to decompose the 

original max-min problem into two components: the inner problem, which focuses on deriving 

charging prices, and the maximization problem, which aims to identify the worst-case realization 

of uncertainties. The sequential logic underlying the developed algorithm is summarized in the 

following: 

• Firstly, the charging prices are revealed assuming deterministic conditions and solving 

the original MPEC as presented in Section 3. 

• Under fixed charging prices, the station determines the worst-case realization of its own 

uncertainties (i.e. Ω𝐶𝑆), while the PL waits and sees. 

• The PL reacts to the worst-case realization of uncertainties by seeking for the best-case 

realization of its own uncertainties (i.e. Ω𝑃𝐿). 

• For a given charging price and worst-case uncertainties, the station finally adjusts its 

scheduling plan minimizing costs. 

 As seen, the methodology described above aligns with the proposed Stackelberg game 

framework. Specifically, the station moves first to determine charging prices and the worst-case 

realization of uncertainties, while the PL reacts to the CS decisions. It is noteworthy that we 

assume that the best-case realization of Ω𝑃𝐿 corresponds to the worst-case scenario for the station. 

This assumption is consistent, as reducing the parking costs leads to maximizing the CS cost (see 

(20)). For simplicity, Fig. 5 shows a flowchart of the proposed solution strategy. The developed 

algorithm is validated in Appendix B through an illustrative example. 



 
Fig. 5 – Flowchart of the proposed solution methodology 

4.3 – Formulation of the proposed solution strategy 

Subsequent sections detail the mathematical formulation of the stages involved in the 

developed solution algorithm described in Fig. 5. 

4.3.1 – Stage 1 

Stage 1 determines dynamic charging prices assuming deterministic conditions by solving the 

strategic pricing MPEC problem, as follows: 

𝜆̃𝑡 , 𝑥̃
𝐶𝑆 , 𝑥̃𝑃𝐿 ∈ arg min

𝜆𝑡,𝑥
𝐶𝑆,𝑥𝑃𝐿,

𝜙𝑡
𝑆𝑜𝐶,𝝁

𝐹𝐶𝑆(𝔼[Ω]) (27a) 

Subject to: 

(19b), (19c) (27b) 

(19d)-(19i) (27c) 

(19j)-(19s) (27d) 

(19t), (19u) (27e) 

Problem (27) comprises the original station cost function (27a), the primal feasibility 

constraints (27b), the stationary and complementarity conditions (27c) and (27d), and the dual 

feasibility conditions (27e). After solving (27), one obtains the charging prices (i.e. 𝜆̃𝑡), and primal 

solutions for the CS and PL (i.e. 𝑥̃𝐶𝑆 and 𝑥̃𝑃𝐿, respectively). 

4.3.2 – Stage 2 

Stage 2 solves the CS problem solely, under given charging prices and 𝑥𝑃𝐿, looking for the 

worst-case realization of Ω𝐶𝑆, as follows: 

Ω̃𝐶𝑆 ∈ arg max
𝑥𝐶𝑆,Ω𝐶𝑆

𝐹𝐶𝑆(𝜆̃𝑡 , 𝑥̃
𝑃𝐿) (28a) 

Subject to: 

(19c) (28b) 

𝜔 ∈ [𝜔, 𝜔]; ∀𝜔 ∈ Ω𝐶𝑆 (28c) 

𝔼[𝜔] − 𝛼Δ𝜔
↓ ≤ 𝜔 ≤ 𝔼[𝜔] + 𝛼Δ𝜔

↑ ; ∀𝜔 ∈ Ω𝐶𝑆 (28d) 



Problem (28) maximizes the cost function of the CS and comprises its primal constraints 

(28b) and interval uncertainty modelling (28c) and (28d). Note that (28) naturally derives worst-

case realization of Ω𝐶𝑆 as the cost function is maximized. Note that solution of (28) is feasible for 

the PL as the value of 𝑥𝑃𝐿 is fixed. (28) is nonlinear due to the bilinear product of wholesale prices 

and powers in (28a). Due to both powers and prices are box-constrained, their bilinear product 

can be linearized using McCormick envelopes [47]. Let 𝑦 and 𝑧 be continuous variables, their 

product can be replaced by the dummy variable 𝑢 and the following constraints: 

𝑢 ≥ 𝑦𝑧 + 𝑦𝑧 − 𝑦𝑧 (29a) 

𝑢 ≥ 𝑦𝑧 + 𝑦𝑧 − 𝑦𝑧 (29b) 

𝑢 ≤ 𝑦𝑧 + 𝑦𝑧 − 𝑦𝑧 (29c) 

𝑢 ≤ 𝑦𝑧 + 𝑦𝑧 − 𝑦𝑧 (29d) 

𝑦 ≤ 𝑦 ≤ 𝑦, 𝑧 ≤ 𝑧 ≤ 𝑧 (29e) 

4.3.3 – Stage 3 

Similar to Stage 2, Stage 3 solves the PL problem solely assuming given values of 𝜆𝑡, 𝑥
𝐶𝑆 

and Ω𝐶𝑆, to determine the best-case realization of Ω𝑃𝐿, as follows: 

Ω̃𝑃𝐿 ∈ arg min
𝑥𝑃𝐿,Ω𝑃𝐿

𝐹𝑃𝐿(𝜆̃𝑡 , 𝑥̃
𝐶𝑆 , Ω̃𝐶𝑆) (30a) 

Subject to: 

(15b)-(15h) (30b) 

𝜔 ∈ [𝜔, 𝜔]; ∀𝜔 ∈ Ω𝑃𝐿 (30c) 

𝔼[𝜔] − 𝛼Δ𝜔
↓ ≤ 𝜔 ≤ 𝔼[𝜔] + 𝛼Δ𝜔

↑ ; ∀𝜔 ∈ Ω𝑃𝐿 (30d) 

Problem (30) minimizes the cost function of the PL and comprises its primal constraints (30b) 

and interval uncertainty modelling (30c) and (30d). Note that (30) naturally derives worst-case 

realization of Ω𝑃𝐿 as the cost function is minimized. Note that solution of (30) is feasible for the 

CS as the value of 𝑥𝐶𝑆 is fixed. 

4.3.4 – Stage 4 

For given charging prices and worst-case uncertainties, Stage 4 adjusts the scheduling plan 

for the CS, as follows: 

min
𝑥𝐶𝑆,𝑥𝑃𝐿

𝐹𝐶𝑆(𝜆̃𝑡 , Ω̃
𝐶𝑆 , Ω̃𝑃𝐿) (31a) 

Subject to: 

(17b)-(17h) (31b) 

(19c) (31c) 

Problem (31) minimizes the station cost constrained by primal models of the PL (31b) and 

CS (31c). 

4.4 – Practical considerations 

In the following, several practical considerations to take into account when implementing the 

developed solution strategy are discussed. 

• The developed model devotes to determine dynamic charging prices, which will remain 

fixed for a significant period of time (e.g. one year). Therefore, the focus of the model is 

not on controlling charging demand, but rather on implementing a dynamic pricing 

strategy. In this sense, the implementation of the developed strategy does not require 

establishing complex communication channels with the charging points. 



• Political or social barriers may arise, particularly when enabling vehicle-to-grid 

technologies. Despite that the developed model accounts for battery degradation avoiding 

their over-utilization, EV owners may be hesitant to accept partial discharge of on-board 

batteries. Furthermore, vehicle-to-grid is not yet legally permitted in some countries [48]. 

Nonetheless, the developed model can still be implemented with only charging mode 

enabled without any problem. 

• The implementation of the developed model requires knowledge of the uncertain 

parameters involved. In the absence of historical databases, fitted probability distributions 

or synthetic data should be used. Nevertheless, different non-data approaches exist to 

model typical uncertainties such as PV generation [49] or EV behavior [50], which can 

be used and allow employing even if historical data is not available. 

5 – Case study 

This section presents a case study with results. The optimization models developed in this 

paper were coded under Matlab R2021b and solved using Gurobi [51]. 

5.1 – Input data 

We consider a charging station equipped with 55-kW fast chargers as the most conventional 

option for public charging infrastructures. The capacity of the station was in the range of 500 

vehicles, expecting a number of charging events between 250 and 500 per day. This way, we 

consider a large-scale station with capacity to decide dynamic charging prices, scenario more 

difficulty implementable in small-scale infrastructures. SoC bounds have been generated using 

the methodology in [50] for an expected number of vehicles ranging from 250 to 500. For other 

uncertainties, we have used real databases. In particular, PV potential corresponds with real data 

in Madrid (Spain) in 2023 [52], with optimal azimuth and tilt angle. Furthermore, wholesale prices 

have been considered as in the example in Section 4.2, corresponding to wholesale electricity 

prices in Spain in 2023 from [46]. Using the same parameters reported in Section 4.2, the proposed 

bootstrapping methodology was applied to derive uncertainty bounds, which are shown in Fig. 6. 

For illustrative purposes, the bounds were derived as the 2.5th and 97.5th percentiles on minimum 

and maximum values of the original datasets. Thereby, only 2.5 % of possible uncertainty 

realizations will lie out of the considered uncertainty set. This is considered a reasonable setting 

for most of decision-making tools with risk consideration, stablishing sufficiently conservative 

assumptions without lying in over-robustness. 

For the unitary degradation cost (i.e. 𝜌𝑣
𝐵), we performed a statistical analysis considering 

typical EV commercial features from [53]. After sampling a large number of observations, the 

bootstrapping methodology in Section 4.2 was applied to the degradation cost, resulting in an 

expected value of 2.73 €/MWh, aligning with other degradation costs reported in the literature 

[54]. We assume an electricity market with generation surplus, as typical in many power systems. 

Under such conditions, additional taxes, fees and charges are imposed on purchasing rates when 

exporting energy to the grid. Keeping this in mind and in line with other references [40],  𝜎𝑒𝑥 =

0.7 was assumed in this paper. On the other hand, most of commercial EVs install Li-ion batteries 

[53]. According to [36], charging and discharging efficiency of batteries was set at 95 %. Finally, 

𝑝
𝐺
= 15 MW was considered. 



 
Fig. 6 – Uncertainty intervals considered in simulations 

5.2 – Economic analysis 

Fig. 7 plots the estimated station daily profit for different risk levels and PV sizes. As 

expected, increasing the risk level leads to a reduction in the estimated profit. Furthermore, the 

effect of increasing the risk level becomes more pronounced as more PV capacity is installed. 

These results are coherent with the idea of robust optimization and validate the proposed solution 

strategy. Indeed, increasing the risk level should negatively affect the station profit, as 

uncertainties can fluctuate across a wider range, and therefore, worse solutions are accessible. On 

the other hand, as the PV size increases, its volatility has a greater effect on final results. Fig. 7 

also confirms that PV has a positive impact on the economy of the station, showing a near-linear 

profit increment with the PV size. 

 
Fig. 7 – Estimated daily CS profit for different risk levels and PV sizes 

Fig. 8 is analogous to Fig. 7, but referred to the PL cost. As expected, results in this figure 

show the opposite behaviour compared to those in Fig. 7. This demonstrates that both the PL and 

CS pursue different objectives, and therefore, equilibrium analysis is relevant for the problem at 

hand, strengthening the use of game-theoretical approaches in the present context. It is noteworthy 

that the PL might access to high profits, emphasizing the importance of enabling dynamic 

charging prices to attract EVs to public CSs. Note that, for illustrative purposes, we intentionally 

do not include non-negativity limitation in the PL cost, but this kind of restrictions could be 

imposed in real scenarios to prevent EV strategic participation, potentially leading to station 

losses. On the other hand, it is important to note that PV size still has a positive impact on the PL 

economy, though this effect is less significant compared to the CS. 



 
Fig. 8 – Estimated daily PL cost for different risk levels and PV sizes 

Beyond the influence of the PV size and uncertainty budget, the impact of the wholesale 

electricity price has also been examined. For this purpose, the benchmark profiles from [46] were 

multiplied by a real parameter, 𝛿. The results of this analysis are presented in Fig. 9, comparing 

the CS profit and PL cost for different values of  𝛿. To inhibit the impact of other parameters the 

PV size and uncertainty budget were taken 5 MW and 1, respectively. Surprisingly, increasing 

the wholesale price has a positive effect on the CS profit. This is because low wholesale prices 

force to reduce the charging price to attract vehicles to the station, as further discussed later on. 

Conversely, increasing the wholesale price leads to a reduction of the PL cost up to approximately 

𝛿 = 0.9. Beyond this point, the PL cost remains stable, while the CS profit increments more 

notably with higher electricity prices. This is due to the fact that higher prices incentivize further 

discharging as vehicles generate higher income. However, the increase in the monetary profit is 

somewhat mitigated by substantial charging costs beyond 𝛿 = 0.9. These results highlight the 

importance of considering vehicle-to-grid as a potential alternative revenue stream for EV owners, 

which may encourage them to use public fast chargers instead of domestic ones. 

 
Fig. 9 – Total CS profit and PL cost for different wholesale electricity prices 

Furthermore, results in Fig. 9 demonstrates the ability of the proposed methodology to reach 

a Nash equilibrium solution between the CS and PL. Indeed, below 𝛿 = 0.9, the PL cost is 

reduced while the CS profit is maintained stable. Above 𝛿 = 0.9, the contrary occurs and the CS 

increments its profit while the PL cost is maintained stable. It reveals that any agent in the game 

seeks to increase its own profit by causing losses for other agents. Actually, it can be seen in Fig. 

9 that a profit is ensured for both agents under different wholesale prices. 

5.3 – Uncertainty analysis 

To further validate the developed robust solution approach, Fig. 10 plots the worst-case 

realization of uncertainties for different risk levels and PV sizes. Concerning the parking-related 



uncertainties, it is evident that they evolve toward their best-case realization, which represents the 

worst scenario for the station, as discussed in Section 4.3. Indeed, as the risk level increases, SoC 

limits are relaxed and more power becomes available in the parking, thus enabling a very flexible 

response of the PL. In these circumstances, the parking has greater capacity to respond to charging 

prices and get advantages of them. 

Regarding station-related uncertainties, both wholesale prices and PV generation increase 

with the risk level. Specifically, the cost of importing energy rises proportionally with the 

wholesale price. However, an increase in the wholesale pricing also implies a rise in the export 

price. Nevertheless, costs from imports are notably higher than incomes from export in charging 

activities. Thus, an increase in the wholesale price has a more negative impact on the station profit 

than a decrease in prices. On the other hand, increasing PV generation forces to reduce charging 

prices, as discussed later on. In the event of low charging prices, the CS receives reduced 

payments from charging, which negatively affects its economy. It is noteworthy that the impact 

of the PV size on uncertainties is marginal (with the obvious exception of the total PV generation), 

which indicates that 𝛼 affects uncertainties solely. This conclusion is particularly relevant as it 

demonstrates that the developed solution strategy is case-independent and capable of accessing 

worst-case scenarios, regardless the size of the PV facility. 

 
Fig. 10 – Worst-case realization of uncertainties for different risk levels and PV sizes 

5.4 – Pricing strategy 

Let us focus now on the resulting charging pricing strategy. Firstly, we examine the effect of 

the risk level solely. To this end, Fig. 11 plots resulting prices assuming a 5 MW PV facility and 

two extreme risk levels. In the deterministic case (i.e. 𝛼 = 0), charging prices are typically set 

lower than the wholesale prices, which encourages vehicles to charge in the station during the 

morning and afternoon. At night, charging prices nearly match the wholesale exporting prices 

(i.e. 𝜎𝑒𝑥W𝑡
𝑖𝑚). In the face of this situation, vehicles opt to discharge in the station, except at 20:00 

h, when the wholesale exporting price is higher that the charging price, causing vehicles to 

discharge directly to the grid. 



 
Fig. 11 – Pricing strategy and charging scheduling for different risk levels and 5 MW PV array. In this 

figure, negative powers imply discharging 

Remarkably, wholesale electricity prices are much higher at night and in the evening in the 

risk-averse case (i.e. 𝛼 = 1), which is reflected in the high average prices shown in Fig. 10. 

However, electricity prices drop during the morning and afternoon. In response to this situation, 

the station is compelled to reduce charging prices in order to attract vehicles and encourage them 

to charge in the station. However, low wholesale prices make it challenging to compete with other 

options on the grid, resulting in a significant portion of the total charging/discharging demand not 

being met by the station. Therefore, it is clear to conclude that reducing wholesale prices during 

morning and afternoon has a significant negative impact on the economy of the station. Indeed, 

EVs charge mostly and morning and afternoon and low wholesale prices force to reduce charging 

prices to almost zero to enable competition, thus limiting the accessible profit dramatically. 

In Fig. 12 we analyse the effect of increasing PV size on pricing strategy. To this end, results 

in Fig. 11 are presented for 𝛼 = 0 in order to nullify the effect of robust programming and focus 

on the PV size solely. As concluded from Fig. 10, PV affects to wholesale prices marginally, but 

to the charging price. Actually, charging prices could be eventually reduced at afternoon, when 

PV potential is high. This encourages EVs to charge mostly at these hours. This effect vanishes 

when PV is not available, displacing a portion of the charging demand to night, when both the 

wholesale and charging prices are still low. 

  



 
Fig. 12 – Pricing strategy and charging scheduling for different PV sizes and deterministic conditions. In 

this figure, negative powers imply discharging 

5.5 – Computational burden 

Finally, we assess the computational performance of the developed algorithm. To this end, a 

number of simulations were run on an Intel Core i7-10700K CPU 3.80GHz 3.79 GHz with 32 GB 

RAM, reporting the total computational time in Fig. 13. As seen, the total execution time remains 

highly competitive This is because the developed methodology involves linear programming 

problems in stages 2-4, whose computational load rises linearly with the number of decision 

variables. Therefore, we can hypothesize that the developed solution strategy scales well with the 

size of the system, showing more than acceptable simulation runtimes even for online 

applications. Remarkably, computational burden appears to be independent of the risk level and 

PV size, which facilitates the implementation of the new proposal. 

 
Fig. 13 – Total computational time for different risk levels and PV sizes 

To analyse the scalability of the developed methodology, different simulations were run over 

different time horizons, expanding from 24 hours in advance (day-ahead) until 8760 hours in 

advance (year-ahead). This way, the size of the problem (i.e. number of variables involved) is 

varied. Fig. 14 shows the computational time for different time horizons. As observed, the runtime 

increases exponentially with the problem size, which is coherent since MILP optimization models 

can be solved in an exponential time using efficient branch-and-bound algorithms [55]. 

Remarkably, the proposed model was solved within reasonable times even for very long-time 

horizons (~1000 seconds for one-year horizon), demonstrating that the developed tool is 

affordable and implementable even on average machines. 



 
Fig. 14 – Total computational time for different problem sizes 

6 – Conclusion 

A novel adaptive robust charging price-setting methodology for CSs has been proposed in 

this paper. The new proposal renders as a game-theoretical max-min bi-level optimization 

problem, in which the CS plays as the leader, setting charging prices, whereas the PL responds 

by deciding when, where and how much energy to charge. The developed formulation considers 

wide response capability of vehicles, enabling charging and discharging through vehicle-to-grid 

technologies. Different uncertain parameters have been modelled employing interval formulation. 

A novel data-driven approach based on bootstrapping has been developed to determine the bounds 

on the uncertainty set. Finally, multi-stage robust solution strategy has been proposed, in order to 

address the complexity of the original formulation efficiently. 

The developed solution approach has been applied to a benchmark large-scale CS. Firstly, 

different uncertainties have been modelled via intervals, employing the proposed bootstrap-based 

approach, thus showing its utility. Secondly, an economic analysis has been conducted, validating 

the robust methodology and assessing the effect of PV size and risk level. Other analyses have 

been carried out regarding how the different uncertainties impact on outcomes, as well as 

analysing in-depth the pricing strategy. It has been shown that low wholesale prices negatively 

affect the CS pricing strategy, forcing it to reduce prices in order to attract vehicles. Finally, the 

computational burden of the developed model has been assessed, exhibiting a high degree of 

efficiency and scalability. 

This work may suppose a benchmark methodology for robust optimization in bi-level 

problems. It has been explained that applying robust programming to Stackelberg games may lead 

to complex formulations difficult to solve using off-the-shelf solvers. In this sense, the 

development of tailored algorithms and solution strategies should be further explored in the 

future. Furthermore, the developed algorithm might find applications in different energy problems 

like strategic participation in energy markets. 
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Appendix A. Stackelberg and Nash equilibria 

The bi-level model (1) describes a Stackelberg game between the CS and PL of the form: 

𝔊 = {

{CS ∪ PL}

{𝜆}; {𝑝𝑃𝐿,𝑐 , 𝑝𝑃𝐿,𝑑 , 𝑝𝑃𝐿,𝑖𝑚, 𝑝𝑃𝐿,𝑒𝑥}

{𝐹𝐶𝑆, 𝐹𝑃𝐿}

} (A1) 

where the dependence of time has been omitted for simplicity. As seen, 𝔊 describes a game with 

the CS and PL as players. The CS decides on charging prices, which constitute its strategy, while 

the strategy of the PL includes charging/discharging powers. 

To prove that the bi-level model (1) establishes a Stackelberg game, it is necessary that the 

objective functions of the leader (CS) and the follower (PL) are continuous non-empty functions 

of all game strategies [56]. This condition is easy to prove since both 𝐹𝐶𝑆 and 𝐹𝑃𝐿 are linear and 

therefore continuous and non-empty. The third condition is automatically checked since 𝐹𝑃𝐿 is 

linear and therefore convex of its own strategy. On the other hand, due to the objectives in (1) are 

linear, their second partial derivatives with respect to their own strategies are zero and therefore 

there is a unique solution for the game 𝔊 [56]. 

To illustrate how the equilibrium works, let us study a toy example based on the formulation 

of (19). We consider that the PL has a SoC of 2 MWh at time 𝑡 − 1, while the maximum/minimum 

SoC at time 𝑡 must be 3 MWh. The wholesale electricity price at time 𝑡 is 50 € MWh and the rest 

of the data is like the case study in Section 5. For interpreting the results easily, we neglect 

degradation and battery efficiency as well as enforce to charging in the CS. This toy example can 

be formulated as a MPEC, as follows: 

min
𝜆𝑡,𝑝𝑡

𝐶𝑆,𝑖𝑚,𝑝𝑡
𝑃𝐿,𝑐,𝑆𝑜𝐶𝑡

𝑃𝐿,

𝜙𝑡
𝑆𝑜𝐶,𝜇𝑡

𝑆𝑜𝐶,𝜇𝑡
𝑆𝑜𝐶

,𝜇𝑡
𝑃𝐿,𝑐,𝜇𝑡

𝑃𝐿,𝑐
,𝜇𝑡
𝑃𝐿,𝑑,𝜇𝑡

𝑃𝐿,𝑑

𝐹𝐶𝑆 = {
W𝑡
𝑖𝑚𝑝𝑡

𝐶𝑆,𝑖𝑚 + 𝜙𝑡
𝑆𝑜𝐶𝑆𝑜𝐶𝑡−1

𝑃𝐿 − 𝜇𝑡
𝑆𝑜𝐶𝑆𝑜𝐶

𝑡

𝑃𝐿 +

𝜇𝑡
𝑆𝑜𝐶
𝑆𝑜𝐶𝑡

𝑃𝐿
+ 𝜇𝑡

𝑃𝐿,𝑐
𝑝
𝑡

𝑃𝐿
+ 𝐷𝑡

𝑃𝐿
} (A2) 

Subject to: 

𝑝𝑡
𝐶𝑆,𝑖𝑚 = 𝑝𝑡

𝑃𝐿,𝑐
 (A3) 

𝑆𝑜𝐶𝑡
𝑃𝐿 = 𝑆𝑜𝐶𝑡−1

𝑃𝐿 + 𝑝𝑡
𝑃𝐿,𝑐: 〈𝜙𝑡

𝑆𝑜𝐶〉 (A4) 
𝜕𝔏

𝜕𝑆𝑜𝐶𝑡
𝑃𝐿 = 𝜙𝑡

𝑆𝑜𝐶 − 𝜇𝑡
𝑆𝑜𝐶 + 𝜇𝑡

𝑆𝑜𝐶
= 0 (A5) 

𝜕𝔏

𝜕𝑝𝑡
𝑃𝐿,𝑐 = 𝜆𝑡 +−𝜙𝑡

𝑆𝑜𝐶 − 𝜇𝑡
𝑃𝐿,𝑐 + 𝜇𝑡

𝑃𝐿,𝑐
= 0 (A6) 

𝜕𝔏

𝜕𝑝𝑡
𝑃𝐿,𝑑 = −𝜆𝑡 + 𝜙𝑡

𝑆𝑜𝐶 − 𝜇𝑡
𝑃𝐿,𝑑 + 𝜇𝑡

𝑃𝐿,𝑑
= 0 (A7) 

0 ≤ 𝑆𝑜𝐶𝑡
𝑃𝐿 + 𝑆𝑜𝐶𝑡

𝑃𝐿 ⊥ 𝜇𝑡
𝑆𝑜𝐶 ≥ 0 (A8) 

0 ≤ 𝑆𝑜𝐶𝑡
𝑃𝐿
− 𝑆𝑜𝐶𝑡

𝑃𝐿 ⊥ 𝜇𝑡
𝑆𝑜𝐶

≥ 0 (A9) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑐 ⊥ 𝜇𝑡

𝑃𝐿,𝑐 ≥ 0 (A10) 

0 ≤ 𝑝
𝑡

𝑃𝐿
− 𝑝𝑡

𝑃𝐿,𝑐 ⊥ 𝜇𝑡
𝑃𝐿,𝑐

≥ 0 (A11) 

0 ≤ 𝑝𝑡
𝑃𝐿,𝑑 ⊥ 𝜇𝑡

𝑃𝐿,𝑑 ≥ 0 (A12) 

0 ≤ 𝑝
𝑡

𝑃𝐿
− 𝑝𝑡

𝑃𝐿,𝑑 ⊥ 𝜇𝑡
𝑃𝐿,𝑑

≥ 0 (A13) 

𝜙𝑡
𝑆𝑜𝐶: free (A14) 

𝜇𝑡
𝑆𝑜𝐶 , 𝜇𝑡

𝑆𝑜𝐶
, 𝜇𝑡
𝑃𝐿,𝑐 , 𝜇𝑡

𝑃𝐿,𝑐
, 𝜇𝑡
𝑃𝐿,𝑑 , 𝜇𝑡

𝑃𝐿,𝑑
≥ 0 (A15) 

where (A2) is the corresponding linearized objective function, which can be derived following 

the premises in Section 3.4, while the rest of constraints are as in the MPEC model (19). Note that 

the primal solution of this model is trivial with 𝑝𝑡
𝑃𝐿,𝑐 = 1 MW to satisfy the limits on SoC and 



this is because exporting powers were neglected above. After running the model (A2)-(A15), the 

solution is 𝜆𝑡 = 50 €/MWh, with an objective value of 𝐹𝐶𝑆 = 0 €. This illustrates that the 

proposed MPEC model effectively achieves an equilibrium between the PL and the CS, as the CS 

fixes the charging price equal to the wholesale one in order to minimize the cost of the parking 

lot instead of maximizing its own profit unilaterally. 

Appendix B. Illustration of the developed solution algorithm 

This appendix presents an illustrative example to validate the developed solution algorithm. 

The developed iterative solution strategy performs effectively in optimization problems with 

objective functions that involve two conflicting objectives. These types of problems have the 

following form: 

max
𝑥,𝑦,𝑧

𝑓1(𝑥, 𝑦, 𝑧) − 𝑓2(𝑦) (B1) 

Subject to: 

𝑔(𝑥, 𝑦, 𝑧) ≤ 0 (B2) 

ℎ(𝑥, 𝑦, 𝑧) = 0 (B3) 

As seen, maximizing 𝑓2 results in the minimization of the objective (B1), whereas the opposite 

occurs when maximizing 𝑓1. The developed algorithm tailors this kind of problems, which align 

with the model studied in this paper, where maximizing the CS profit implies maximizing the PL 

cost, and vice versa. Below, a simple problem is illustrated just to show how the developed 

solution strategy works. 

max
𝑥,𝑦,𝑧

(5𝑧 − 𝑥 + 𝑦)⏟        
𝑓1

− (𝑦 − 3)⏟    
𝑓2

 (B4) 

Subject to: 

0 ≤ 𝑥 ≤ 5 (B5) 

1 ≤ 𝑦 ≤ 6 (B6) 

0 ≤ 𝑧 ≤ 1 (B7) 

The solution of (B4)-(B7) is trivial: 𝑥 = 0, 𝑦 = 6 and 𝑧 = 1 with 𝑓1 = 11 and 𝑓2 = −3. As 

observed, the problem above shares structure with (B1)-(B3), so the developed algorithm can be 

employed to solve it. To this end, 𝑥 and 𝑦 are considered variables, being 3 the expected value of 

𝑦. The first step maximizes (B4) taking the expected value of 𝑦, thus obtaining 𝑧 = 1 and 𝑥 = 0. 

In the second stage, (B4) is minimized taking the value of 𝑥 and 𝑧 obtained in the first stage. The 

solution in this case is 𝑦 = 6 with 𝑓1 = 11 and 𝑓2 = −3, and thus the correct solution has been 

attained. While the example above can be solved directly due to its simplicity, the developed 

algorithm proves to be valuable in more challenging problems as such addressed in this paper. 
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