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Abstract. Nowadays, photovoltaic-assisted charging stations are becoming popular 

worldwide because its capacity to accommodate more clean energy, reduce carbon 

emissions, alleviate peak charging loads and provide wider charging infrastructures 

worldwide. When these infrastructures are operated locally, energy management becomes 

a challenge due to the large number and heterogeneity of uncertainties involved. This 

aspect is especially noticeable in the case of charging demand, which is difficult to 

predict. To address this issue, this paper develops a novel stochastic-interval model for 

optimal scheduling of multi-mode photovoltaic-assisted charging stations. The developed 

model uses interval formulation to model uncertainties from photovoltaic generation and 

energy price, while a comprehensive stochastic model is proposed for charging demand. 

The developed optimal scheduling model is solved using a developed iterative model, 

which avoids using interval arithmetic explicitly. This methodology encompasses two 

Mixed-integer linear programming problems and one Quadratic-programming problem, 

that can be efficiently addressed by conventional solvers, and allows adopting optimistic 

or pessimistic strategies. A case study is presented on a benchmark mid-size charging 

station to validate the developed model. As a sake of example, the system profit grows 

by 9% and decreases by 3% adopting optimistic and pessimistic point of view, 

respectively. Likewise, total PV generation increases by 150 kWh/day and reduces by 50 

kWh/day. Similar conclusions are extracted for other parameters like monetary balances, 

PV peak power or satisfied EV demand. 
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optimization; robust optimization.  
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Nomenclature 

Indexes (Sets) 

𝑡(𝕋)   Time 

𝑠(𝕊)   Scenario 

𝑟(ℝ)   Representative scenario 

𝑗(𝕁)   Charging event 

Ω𝑟   Cluster of the rth representative scenario 

Ψ   Interval-based set of uncertainties 

Superscripts 

𝐺𝑟𝑖𝑑, 𝑏𝑢𝑦/𝑠𝑒𝑙𝑙 Utility grid (buying/selling processes) 

𝑃𝑉   Photovoltaic array 

𝐵𝐸𝑆, 𝑐ℎ/𝑑𝑐ℎ  Battery energy storage (charging/discharging processes) 

𝐸𝑉, 𝐹/𝑆𝐹  Fast/semi-fast charging event 

(⋅)/(⋅)   Maximum/minimum value 

(⋅)̂   Uncertainty 

Subscripts 

𝑑𝑒𝑡   Deterministic 

𝑜𝑝𝑡/𝑝𝑒𝑠  Optimistic/pessimistic 

Functions 

[⋅]   Interval number 

𝐸(⋅)   Expected value of uncertainties 

round(⋅)  Rounds to the nearest integer 

rand(⋅)  Yields a random number based on a probability function 

size(⋅)   Yields the number of elements in a set or cluster 

ℱ   Vehicle trip distribution 

𝒩(𝜇, 𝜎)  Normal distribution with mean 𝜇 and standard deviation 𝜎 

Parameters 

𝑅   Ramp limit (kW) 

Δ𝜏   Time step (h) 



𝜂   Efficiency (p.u) 

𝐷𝑂𝐷   Depth-of-discharge (p.u) 

𝜋   Probability (p.u) 

𝜆   Energy cost ($/kWh) 

𝜅   Operation & maintenance costs ($/kWh) 

Variables 

𝑝   Power (kW) 

𝑢   Commitment status (Binary) 

𝜀   Energy (kWh)  



1 - Introduction 

1.1 - Context & motivation 

Decarbonization of the electricity sector is one of the main concerns for governmental 

entities. As a salient example, European Union members target of a 40% reduction of 

greenhouse gas emissions by 2030 and 80-95% reduction in 2050 [1, 2]. These ambitious 

goals suppose a challenge for current energy sectors, especially due to the prospective 

increase of electricity demand for the following decade [3]. These circumstances 

compromise the Paris agreement’s goal of keeping global warming to well below 2 ºC 

[4]. In this context, photovoltaic (PV) generation will play a vital role, being one of the 

main renewable sources along wind and hydro energy. Actually, the total worldwide PV 

capacity exceeded 625 GW in 2019 with a yearly addition of 115 GW, thus observing an 

exponential grow in the last 10 years [5]. If this trend continues over the next 20 years, 

PV will provide 7208 TWh by 2040 [6]. 

PV finds its primary application in domestic installations, by means of rooftop arrays 

[7]. However, the installation of solar panels in electric vehicle (EV) charging stations 

has risen considerably in the last years [8]. PV-assisted charging stations (PVaCSs) bring 

multiple benefits for the operator or entity that manages it, e.g. it allows accommodating 

more clean energy, reducing carbon emissions, and alleviating peak charging loads [9]. 

Moreover, if battery energy storage (BES) systems are deployed in combination with PV 

modules, active participation in energy markets is enabled, thus allowing to buying and 

selling energy on pursuing improving the economy of the system [10]. Nevertheless, 

optimal coordination of on-site generation and storage assets with EV demand (which has 

a high stochastic behaviour) in PVaCSs supposes a formidable challenge, for which 

energy management tools and strategies are essential [8]. This paper tackles this issue. 

1.2 - Literature review 



In [11], an intelligent tool is developed for optimally charging electric vehicles in 

domestic installations, based on predicted profiles of PV generation and appliances 

consumption. Guo et al [12] developed a two-stage scheduling tool for PVaCSs, in which 

mixed-integer linear programming (MILP), stochastic modelling and model-predictive 

control (MPC) are combined to handle the uncertainty of renewable generation and EV 

demand. The reference [13] proposes an optimal planning model for storage sizing in fast 

charging stations. This framework uses a charging profile model based on the probability 

of daily mileage by which the expected EV demand is determined. Different day-ahead 

control strategies for distributed PV systems are presented in [14]. In this model, the 

vehicles in the fleet can be charged on different PVaCSs, while the power-sharing strategy 

among different agents is centrally decided. In [15], a home energy management system 

considering vehicle-to-home capability and PV generation is developed. The considered 

formulation incorporates sophisticated thermal models, which entails nonlinearities that 

are circumvented using a bio-inspired solver. 

The reference [16] proposes a home energy management system that optimizes the 

reactive power flow at point of connection with the grid. To this end, the developed tool 

optimizes the charging pattern of a plug-in EV in presence of PV generation. Eldeeb et al 

[17] developed a multi-objective optimal scheduling tool for a grid-connected PVaCS, by 

which the BES state-of-health and economy are jointly maximized. A chance-constrained 

optimal scheduling model for a battery swapping station with on-site PV generation is 

presented in [18]. Likewise, an energy management strategy is presented in [19] for a 

business district with various charging stations. However, uncertainties from PV 

generation and EV demand are ignored in this model. In [20], a distributed energy 

management strategy for multiple PVaCSs is developed. This tool uses intensive data and 



deep-reinforced learning to manage with run-time and time-varying uncertain behaviour 

of consumers and generation.  

Gupta et al [21] developed a collaborative framework for multiple aggregators in the 

presence of PVaCSs. Although the PV generation is considered deterministic, possible 

forecast errors and their effects on the final scheduling result are analysed. A 

comprehensive multi-energy model with charging stations is presented in [22]. The MILP 

formulation is suitable for energy management tools and encompasses electrical, gas and 

hydrogen sub-networks. In [23], an optimal design method is developed for fast charging 

stations. Optimal EV charging scheduling strategy is obtained as by-product. This way, 

the problem is formulated as a multi-objective optimization model and solved using a bio-

inspired algorithm. The Ref. [24] presents a two-stage scheduling model for a grid-

connected charging station with integrated hydrogen storage. In this formulation, 

uncertainties of demand, PV generation and energy price are incorporated via scenarios. 

A combined planning-operation MILP model for PVaCSs is presented in [25] in which 

uncertainties are not considered. 

A MILP optimal electrification model for isolated dwellings is developed in [26]. In 

the proposed model, flexibility from smart appliances and vehicle-to-home features are 

considered to improve the accuracy of results and achieve better economy proficiency. 

The Ref. [27] presents an Information Gap Decision Theory (IGDT) based energy 

management tool for multi-energy microgrids integrated with various conversion 

technologies and intelligent parking lots. Osório et al [28] developed an optimal day-

ahead scheduling model for EV aggregators supported by PV plants enabling the 

participation in energy markets. In [29], a Monte Carlo-based energy management tool 

for energy hubs integrated with PVaCSs is presented. In this model, reverse power flow 

from/to EV fleet is considered for supporting the operation of the multi-carrier system. 



The article [30] develops a stochastic-based scheduling tool for DC nanogrids with 

integrated fast charging infrastructures. 

1.3 - Paper contributions 

Table 1 presents the taxonomy of the most relevant literature presented above. In the 

light of this study, various gaps have been detected related to energy management of 

PVaCSs: 

Table 1 - Taxonomy of the related literature 

Ref. Model Uncertainties EV demand Charging mode 

[11, 16, 28] MILP Deterministic Deterministic Slow 

[12] MILP Stochastic MPC Fast 

[13] MILP -- Model-based Fast 

[14] Heuristic Deterministic Deterministic Slow 

[15] Metaheuristic Deterministic Deterministic Slow 

[17] Nonlinear Deterministic Deterministic Semi-Fast 

[18] Metaheuristic 
Chance-

constrained 

Chance-

constrained 

Battery 

swapping 

[19, 22] MILP Deterministic Deterministic 
Semi-fast 

Fast 

[20] Deep-learning Deterministic Deterministic Fast 

[21] MILP + heuristic Deterministic Deterministic Fast 

[23] Metaheuristic Deterministic Deterministic Fast 

[24, 30] MILP Stochastic Stochastic Fast 

[25] MILP Deterministic Deterministic Fast 

[26] MILP Stochastic Stochastic Slow 

[27] MILP IGDT Deterministic -- 

[29] MILP Stochastic Stochastic -- 

Present MILP-QP Interval 
Model-based 

Stochastic 

Semi-fast 

Fast 

 Some studied references present complex nonlinear formulations that require the 

use of metaheuristic techniques or specific solvers. This kind of tools are 

frequently computationally demanding, non-modular and do not endure the 

reachability of the global optimum [31], which limit their applicability. 

 Most of the related previous studies use simple stochastic models for representing 

uncertainties (or even ignore them). However, this approach may be time-

consuming [32]. Moreover, uncertainties modelling via scenarios require a priori 



knowledge of distribution functions of uncertainties, which is not always available 

[33]. 

 In the majority of the studied models and formulations, only one charging mode 

is accounted, while multi-mode charging stations are rarely considered. 

The present paper attempts to overcome the issues above. As seen in Table 1, this work 

presents the most completed model and many outstanding features that make it relevant 

and novel. In particular, the main contributions of this paper are listed below: 

 Developing a multi-stage energy management tool for PVaCSs that combines 

MILP and quadratic programming (QP) formulations. This type of model is 

versatile being thus adaptable to different layouts. Moreover, they can be 

efficiently addressed using on-the-shelf solvers such as Matlab's embedding tools. 

 Proposing a comprehensive stochastic model for EV charging demand 

considering semi-fast and fast charging modes, which allows to generate a large 

number of EV charging scenarios and thus treating this demand using stochastic 

programming. 

 Developing a novel stochastic-interval formulation for PVaCSs scheduling. This 

methodology considers stochastic programming to model EV demand while other 

uncertainties are considered using interval formulation.  In contrast to other 

interval-based energy management tools, the developed model uses the 

formulation proposed in [34], which avoids the use of interval arithmetic that may 

result computationally costly. 

To validate the developed model, a case study is performed on a benchmark charging 

station involving fast and semi-fast chargers, as usually in public stations. In this regard, 

various results are provided and discussed to illustrate the usefulness of the developed 

approach. 



In the rest of this paper. Section 2 overviews the system layout under study and 

explains the scheduling methodology. Section 3 presents the mathematical modelling. 

Section 4 develops a stochastic model for EV demand. Section 5 presents a solution 

methodology for the proposed model considering uncertainties. Section 6 presents a case 

study with the obtained results and their analysis. The paper is concluded with Section 7. 

2 - Preliminaries 

A conventional scheme of a PVaCS is pictorially represented in Fig. 1 which is similar 

to other layouts collected in the literature [12, 17]. The considered system is suited to 

serve both fast and semi-fast chargers, which are currently mature charging modes for a 

wide range of EVs [22]. The former focuses on the short-time park periods with the 

charging times of approximately 15 to 45 min. On the other hand, semi-fast charging may 

take various hours to be completed and it is normally devoted to long-time parking 

periods, typical of headquarters or commercial buildings. The charging station produces 

monetary revenues for the system, derived from charging costs that may be different for 

fast and semi-fast charging events. 

It is considered that the station under study is connected to a utility grid. The PVaCS 

under study can freely purchase and sell energy to the utility grid, this way, the installation 

can exploit eventual surplus energy from PV to obtain a monetary revenue. The energy 

cost is assumed to be equal to the local marginal price at the point of connection to the 

grid, which is cleared in real-time energy markets. To enable a more efficient 

management and profitable participation in energy markets, a BES is deployed. The 

battery bank may be formed for any mature technology such as Li-ion or Lead-acid, but 

other storage devices could be considered without introducing major modifications in the 

model (e.g. hydrogen tanks). 



 

Fig. 1 - Scheme of the PVaCS under study 

The operation of the different assets is day-ahead determined by an energy 

management tool, which is devoted on improving the economy of the system. In this 

paper, this role is assumed by the system operator, however, other agents may play this 

role or even being performed by multiple agents or in a decentralized way [35]. Sometime 

throughout the day d-1, the necessary forecasts are available with sufficient accuracy, 

which is a plausible assumption nowadays [36]. Along the expected value of the 

uncertainties, confidence intervals can be also forecasted, allowing to a more robust 

scheduling program (see Section 5). This information is then used by the scheduler to 

perform the optimal plan for the different on-site assets, which will be realized on day d. 

 

Fig. 2 - Timeline of the scheduling process 

This paper assumes that the scheduling plan is day-ahead performed, as customary in 

energy management applications (e.g. see [16-18]). Nevertheless, the same principle 
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could be extended to larger horizons if necessary. For example, an operator may be keen 

to plan the different assets for two, three or even more days. Nevertheless, this plan is 

usually updated with day-ahead horizon, when forecasts are available with more 

accurateness and, consequently, the results are more reliable. In this regard, the day-ahead 

scheduling could be even more refined in real-time, using proper fast algorithms [37]. 

However, this tool could be programmed as an independent module in combination with 

the proposed energy management scheme and therefore this topic is out of scope of this 

paper. 

3 - Mathematical models 

Throughout this section, the mathematical modelling of the different system 

components is presented. This formulation is incorporated into the optimal scheduling 

problem in the form of constraints or objective functions. 

3.1 - Interval numbers 

The interval arithmetic was firstly presented by Moore [38], and has been widely used 

in robust energy management tools [39]. This paradigm uses forecast information of 

uncertainties and their corresponding confidence intervals, which represent the range 

within the uncertain parameter may lie assuming possible forecast errors. This way, the 

uncertainties are represented by interval numbers, which are fully defined by their 

expected values and the predicted lower and upper margins. In this paper, the interval 

notation developed in [34], which is simple and avoids the use of interval arithmetic, has 

been used to model the energy price and PV generation. Given an arbitrary parameter 𝑎, 

its interval notation is defined by (1) and (2), while their upper and lower intervals can be 

calculated using (3) and (4), respectively. 

[𝑎] = [𝑎, 𝑎̅] (1) 

[𝑎] = 〈𝑎|𝑎 ≤ 𝑎 ≤ 𝑎̅〉 (2) 



Δ𝑎̅ = 𝑎̅ − 𝐸(𝑎) (3) 

Δ𝑎 = 𝐸(𝑎) − 𝑎 (4) 

3.2 - Utility grid modelling 

As commented, the PVaCS under study is connected to a local utility grid, from which 

can freely purchase and sell energy. The constraint (5) limits the instantaneous power that 

can be exchanged with the grid, while (6) makes the purchasing and selling processes 

complementary. Conventional thermal generators, which have a limited slow-response 

[40, 41], are assumed to be the principal generation technology at the upscale system. 

This circumstance is modelled by including ramp restrictions in (7). 

𝑝𝑟|𝑡
𝐺𝑟𝑖𝑑,𝑖 ≤ 𝑢𝑡

𝐺𝑟𝑖𝑑,𝑖 ⋅ 𝑝
𝐺𝑟𝑖𝑑

;  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋 ∧ 𝑖 ∈ {𝑏𝑢𝑦, 𝑠𝑒𝑙𝑙} (5) 

𝑢𝑡
𝐺𝑟𝑖𝑑,𝑏𝑢𝑦

+ 𝑢𝑡
𝐺𝑟𝑖𝑑,𝑠𝑒𝑙𝑙 ≤ 1; ∀𝑡 ∈ 𝕋 (6) 

𝑝𝑟|𝑡−1
𝐺𝑟𝑖𝑑,𝑏𝑢𝑦

− 𝑅𝐺𝑟𝑖𝑑 ≤ 𝑝𝑟|𝑡
𝐺𝑟𝑖𝑑,𝑏𝑢𝑦

≤ 𝑝𝑟|𝑡−1
𝐺𝑟𝑖𝑑,𝑏𝑢𝑦

+ 𝑅𝐺𝑟𝑖𝑑;  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋\𝑡 > 1 (7) 

3.3 - PV modelling 

Potential PV generation is unpredictable due to it is mainly influenced by weather 

parameters. Nevertheless, the expected PV day-ahead potential can be forecasted with 

acceptable accuracy using conventional methods [36]. This feature motivates to use the 

interval notation to represent the potential PV generation with considerable confidence 

using (8). 

𝑝𝑟|𝑡
𝑃𝑉 ≤ 𝑝

𝑃𝑉
⋅ [𝑝̂𝑡

𝑃𝑉];  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋 (8) 

In fact, the constraint (8) limits the instantaneous PV generation to its forecasted value. 

Nonetheless, the predicted intervals are accounted as well when modelling the potential 

solar generation as an interval number. 

3.4 - BES modelling 

In this paper, conventional battery bank model based on power exchanging with the 

grid is used [42, 43]. The constraint (9) upper bounds the instantaneous exchanged power 



to rated values while the charging and discharging processes are forced to be 

complementary by (10). The expression (11) models the instantaneous state-of-charge 

(SOC) of the BES, which lies within the nominal capacity and depth-of-discharge settings 

by imposing (12). Lastly, the initial and final SOC are fixed equal to the nominal capacity 

by (13) in order to complement the model (11) at 𝕋(1). 

𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑖 ≤ 𝑢𝑡

𝐵𝐸𝑆,𝑖 ⋅ 𝑝
𝐵𝐸𝑆

;  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋 ∧ 𝑖 ∈ {𝑐ℎ, 𝑑𝑐ℎ} (9) 

𝑢𝑡
𝐵𝐸𝑆,𝑐ℎ + 𝑢𝑡

𝐵𝐸𝑆,𝑑𝑐ℎ ≤ 1; ∀𝑡 ∈ 𝕋 (10) 

𝜀𝑟|𝑡
𝐵𝐸𝑆 = 𝜀𝑟|𝑡−1

𝐵𝐸𝑆 + Δ𝜏 ⋅ (𝜂𝐵𝐸𝑆 ⋅ 𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑐ℎ −

𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑑𝑐ℎ

𝜂𝐵𝐸𝑆 ) ; ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋\𝑡 > 𝕋(1) (11) 

(1 − 𝐷𝑂𝐷) ⋅ 𝜀
𝐵𝐸𝑆

≤ 𝜀𝑟|𝑡
𝐵𝐸𝑆 ≤ 𝜀

𝐵𝐸𝑆
;  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋 (12) 

𝜀𝑟|𝕋(1)
𝐵𝐸𝑆 = 𝜀𝑟|𝕋(end)

𝐵𝐸𝑆 = 𝜀
𝐵𝐸𝑆

;  ∀𝑟 ∈ ℝ (13) 

3.5 - Charging station modelling 

The expected EV demand (which is represented via scenarios as detailed in Section 4) 

may be fully covered or not. This is due to a charging event may result no profitable for 

the system operation because, for example, eventual high energy cost or low PV 

generation. In this case, the operator may decide to totally or partially unsatisfied this 

expected demand, as said (14). 

𝑝𝑟|𝑡
𝐸𝑉,𝑖 ≤ 𝑝̂𝑟|𝑡

𝐸𝑉,𝑖;  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈ 𝕋 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹} (14) 

3.6 - System balance 

The expression (15) represents the instantaneous power balance in the grid under 

study, which must be complied anytime. 

𝑝𝑟|𝑡
𝐺𝑟𝑖𝑑,𝑏𝑢𝑦

+ 𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑑𝑐ℎ + 𝑝𝑟|𝑡

𝑃𝑉 = ∑ {𝑝𝑟|𝑡
𝐸𝑉,𝑖}𝑖∈{𝑆𝐹,𝐹} + 𝑝𝑟|𝑡

𝐺𝑟𝑖𝑑,𝑠𝑒𝑙𝑙 + 𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑐ℎ;  ∀𝑟 ∈ ℝ ∧ 𝑡 ∈

𝕋 (15) 

3.7 - System profit 



It is assumed that the system operator aims at maximizing his own benefit. In this 

regard, the operator may obtain revenues from EV charging and energy selling, while the 

expenditures would be destined for operation and maintenance and energy purchasing. 

Thereby, the system profit is calculated by (16). 

𝑓 = 𝑓𝐸𝑉 − 𝑓𝐺𝑟𝑖𝑑 − 𝑓𝑂&𝑀 (16) 

In the expression above, the first term is the monetary incomes obtained from EV 

charging. The second term is the monetary balance for purchasing-selling from the utility 

grid, in which the energy pricing is modelled using interval numbers. Whereas the last 

term in (16) accounts for the operation and maintenance costs. These terms are 

respectively defined in (17)-(19). 

𝑓𝐸𝑉 = ∑ {𝜋𝑟 ⋅ ∑ {Δ𝜏 ⋅ (𝜆𝐸𝑉,𝑆𝐹 ⋅ 𝑝𝑟|𝑡
𝐸𝑉,𝑆𝐹 + 𝜆𝐸𝑉,𝐹 ⋅ 𝑝𝑟|𝑡

𝐸𝑉,𝐹)}𝑡∈𝕋 }𝑟∈ℝ  (17) 

𝑓𝐺𝑟𝑖𝑑 = ∑ {𝜋𝑟 ⋅ ∑ {Δ𝜏 ⋅ ([𝜆̂𝑡
𝑏𝑢𝑦

] ⋅ 𝑝𝑟|𝑡
𝐺𝑟𝑖𝑑,𝑏𝑢𝑦

− [𝜆̂𝑡
𝑠𝑒𝑙𝑙] ⋅ 𝑝𝑟|𝑡

𝐺𝑟𝑖𝑑,𝑠𝑒𝑙𝑙)}𝑡∈𝕋 }𝑟∈ℝ  (18) 

𝑓𝑂&𝑀 = ∑ {𝜋𝑟 ⋅ ∑ {Δ𝜏 ⋅ (𝜅𝐵𝐸𝑆 ⋅ ∑ {𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑖}𝑖∈{𝑐ℎ,𝑑𝑐ℎ} )}𝑡∈𝕋 }𝑟∈ℝ  (19) 

It is worth to note that the operation and maintenance costs have been considered as a 

linear function of the energy exchanged between the system and BES, which is a widely 

adopted assumption in the literature [42]. On the other hand, the maintenance costs of PV 

panels are not accounted, where these expenditures can be considered marginal compared 

with the purchasing energy costs, as explained in [44]. 

4 - Stochastic modelling of EV demand 

While PV generation and energy price are treated as interval numbers, the EV demand 

is modelled via scenarios. This approach is considered more suitable for the EV charging 

profiles due to this aspect strongly depends on the high stochastic behaviour of drivers. 

To this end, a comprehensive stochastic modelling for fast and semi-fast charging profiles 

is developed in this section. The developed approach is summarized in the flowchart of 

Fig. 3 and is developed and explained below. 



 

Fig. 3 - Flowchart of the developed stochastic approach for EV demand 

The first aspect to consider is the expected number of charging events throughout the 

day. In this paper, it is assumed that this parameter can be modelled using a Gaussian 

distribution as follows 

𝑁𝑉𝑠
𝑖 = round (rand (𝒩(𝜇𝐸𝑉,𝑖 , 𝜎𝐸𝑉,𝑖))) ; ∀𝑠 ∈ 𝕊 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹}, > 0 (20) 

The model above is considered plausible and practical since the probability 

distribution can be tuned on the basis of historical data or market studies. The developed 

approach considers the driver behaviour depicted in Fig. 4. By this model, it is assumed 

that the jth vehicle that will charge at the station arrives at 𝑞𝑠|𝑗, and will be charged during 

𝑇𝑠|𝑗 time intervals. These both parameters are actually uncertain. The arrival time is 

considered to be a function of the vehicle trip distribution. It means that the probability 

of a vehicle arrives at the station at time t will be proportional to the probability of a 

vehicle is driven at this time. This distribution is available for some countries like U.S. 

[45] (see Fig. 5), therefore, it can be used to determine the arrival time of the jth according 
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to (21), while the expected charging time will be calculated using a Gaussian distribution 

as in (22). 

𝑞𝑠|𝑗
𝑖 = round(rand(ℱ)); 𝑸𝑠

𝑖 = [𝑞𝑠|1
𝑖 , 𝑞𝑠|2

𝑖 , … , 𝑞
𝑠|𝑁𝑉𝑠

𝑖
𝑖 ] , ∀𝑠 ∈ 𝕊 ∧ 𝑗 ∈ 𝕁𝑖 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹} (21) 

𝑇𝑠|𝑗 = round (rand (𝒩(𝜇𝑇,𝑖 , 𝜎𝑇,𝑖))) ; ∀𝑠 ∈ 𝕊 ∧ 𝑗 ∈ 𝕁𝑖 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹}, > 0 (22) 

 

Fig. 4 - EV charging event modelling used in this paper 

 

Fig. 5 - U.S. vehicle trip distribution [45] 

The present approach also accounts for the total number of chargers available. This 

way, if the number of concurrent charging events at a determined time interval surpasses 

the number of chargers, it is assumed that the vehicle would leave the station without 

charging and therefore this event is lost. The charging profile is usually not constant 

during the whole charging event. This is due to some chargers limit the supplied power 

beyond a predefined SOC to avoid damaging the battery. Fig. 6 plots a typical charging 

profile and the piecewise representation used in this paper (Θ𝐸𝑉). For each charging event, 

Algorithm 1 determines if the vehicle will be fully charged or not. This algorithm 

considers that the probability of a driver desires to get his vehicle fully charged at the 

departure time is fixed by the parameter 𝑝𝑟𝑜𝑏 ≤ 1. Using this information, the algorithm 

determines for each j charging event in each s scenario, if the vehicle will be fully charged 

Arrival Departure

s j
q

s j
T

charging eventthj



or not. After that, the expected EV demand of the jth charging event is calculated by (23a) 

in case of fully charging or (23b) otherwise. Lastly, the aggregated demand is calculated 

using (24). As a sake of example, Fig. 7 shows a daily EV demand profile generated by 

the developed approach. 

𝑝̂𝑠|𝑗|𝑸𝑠(𝑗):𝑸𝑠(𝑗)+𝑇𝑠|𝑗

𝐸𝑉,𝑖 = 𝑝
𝐸𝑉,𝑖

⋅ Θ𝑇𝑠|𝑗:end
𝐸𝑉,𝑖 ;  ∀𝑠 ∈ 𝕊 ∧ 𝑡 ∈ 𝕋 ∧ 𝑗 ∈ 𝕁𝑖 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹} (23a) 

𝑝̂𝑠|𝑗|𝑸𝑠(𝑗):𝑸𝑠(𝑗)+𝑇𝑠|𝑗

𝐸𝑉,𝑖 = 𝑝
𝐸𝑉,𝑖

⋅ 𝒆(𝑇𝑠|𝑗); ∀𝑠 ∈ 𝕊 ∧ 𝑡 ∈ 𝕋 ∧ 𝑗 ∈ 𝕁𝑖 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹} (23b) 

𝑝̂𝑠|𝑡
𝐸𝑉,𝑖 = ∑ {𝑝̂𝑠|𝑗|𝑡

𝐸𝑉,𝑖 }𝑗∈𝕁𝑖 ; ∀𝑠 ∈ 𝕊 ∧ 𝑡 ∈ 𝕋 ∧ 𝑖 ∈ {𝑆𝐹, 𝐹} (24) 

 

Fig. 6 - Typical EV charging profile (grey solid line) and the piecewise representation 

used in this paper (blue discontinuous line) 

Algorithm 1: determination of fully or partially charging 

1: Let 𝑁𝑉𝑠 and 𝑝𝑟𝑜𝑏 (probability of fully charging) 

2: for 𝑗 = 1: 𝑁𝑉𝑠 do 

3:  𝛼𝑙 = rand(𝒩(1,0)) 

4:  if 𝛼𝑗 < 𝑝𝑟𝑜𝑏 then 

5:   𝑓𝑙𝑎𝑔𝑗 == 1; # Total charge 

6:  else 

7:   𝑓𝑙𝑎𝑔𝑗 == 0; # Partial charge 

8:  end if 

9: return 𝑓𝑙𝑎𝑔𝑗;  ∀𝑗 

 

Fig. 7 - Example of daily EV demand generated by the developed approach 
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As pointed out in some references, the total number of scenarios to generate in 

stochastic models must be large (~1000 [46]). It normally entails a high computational 

burden that should be alleviated. To this end, multiple references use clustering 

techniques [47, 48]. In particular, the k-medoids method is used in this work because its 

good features [49]. To determine the optimal number of clusters, the algorithm presented 

in [26] has been used. This methodology uses some helpful indexes (the total sum of 

distances and the Davies Bouldin index) to iteratively set the most suitable number of 

clusters. This way, the scenario-space (𝕊) can be reduced to the representative scenario-

space (ℝ), whose size is notably reduced. Finally, the probability of each representative 

scenario can be simply calculated by (25). 

𝜋𝑟 =
size(Ω𝑟)

size(𝕊)
; ∀𝑟 ∈ ℝ (25) 

5 - The developed solution algorithm 

This paper combines the interval formulation and stochastic modelling to represent the 

different uncertainties involved in the operation of the PVaCS described in Section 2. To 

solve the optimal scheduling problem associated with this model, an iterative algorithm 

has been developed, which is summarized by the flowchart in Fig. 8. This algorithm is 

inspired by [34] and avoids the use of interval arithmetic, which may result in large 

formulations and therefore high computational cost. The developed algorithm allows to 

consider optimistic and pessimistic point of views. In the former, it is assumed that 

uncertainties will impact positively on the economic profit, while the opposite trend will 

be observed if a pessimistic perspective is taken. For example, under an optimistic point 

of view, the PV generation will presumably take values at its upper predicted interval, 

thus the profit will increase. These both strategies can be assimilated to the risk-seeker 

and risk-averse perspectives described in [50]. This way, the obtained scheduling plan 



will be immune against possible deviations of the expected uncertain parameters. The 

iterative solution approach checks the convergence each iteration as follows 

|𝑓𝑘
(2)

−𝑓𝑘
(3)

|

𝑓𝑘
(3) ≤ 𝑡𝑜𝑙 (26) 

where 𝑡𝑜𝑙 is the predefined convergence tolerance (0.1 in this paper), the superscripts 

indicate the stage and the subscript denotes the iteration counter. As seen in Fig. 8, the 

developed algorithm encompasses various stages which are described below. 

 

Fig. 8 - Flowchart of the developed solution procedure 

5.1 - Stage 1: deterministic problem 

The first stage corresponds to the conventional deterministic problem in which the 

profit is maximized assuming the expected value of the uncertainties. As a result of this 

problem, the commitment status of assets and satisfied EV demand are obtained. 
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Therefore, the Stage 1 of the developed methodology can be formally established as 

follows 

𝒖𝑑𝑒𝑡 , 𝑷𝑑𝑒𝑡
𝐸𝑉,𝑖 → argmax

𝒙,𝒖
𝑓(𝐸(𝚿)) ; 𝑖 ∈ {𝑆𝐹, 𝐹} (27) 

Subject to: (4)-(14) 

where  

𝑷𝑑𝑒𝑡
𝐸𝑉,𝑖 = [

𝑝ℝ(1)|𝕋(1)
𝐸𝑉,𝑖 ⋯ 𝑝ℝ(1)|𝕋(end)

𝐸𝑉,𝑖

⋮ ⋱ ⋮

𝑝ℝ(end)|𝕋(1)
𝐸𝑉,𝑖 ⋯ 𝑝ℝ(end)|𝕋(end)

𝐸𝑉,𝑖
] ; 𝑖 ∈ {𝑆𝐹, 𝐹} (28) 

5.2 - Stage 2: uncertain-related problem 

This stage focuses on determining the extreme value of the interval-based 

uncertainties, for which the results obtained at Stage 1 are feasible yet. In this regard, the 

PV generation and energy pricing are considered variables of the problem, and allowed 

to vary within the corresponding predicted intervals, as said (29). 

𝐸(𝑎̂𝑡) − 𝜉 ⋅ Δ𝑎𝑡 ≤ [𝑎̂𝑡] ≤ 𝐸(𝑎̂𝑡) + 𝜉 ⋅ Δ𝑎𝑡;  ∀𝑡 ∈ 𝕋 ∧ 𝑎̂ ∈ 𝚿 (29) 

where 𝜉 ∈ [0,1] is the so-called uncertain level that allows to set the degree of robustness 

of the problem. Indeed, if 𝜉 = 1, the uncertainties can take any value within their 

predicted intervals. This way, the problem is more uncertain-oriented. In contrast, if 𝜉 =

0, the uncertainties will take their expected values and therefore the problem becomes 

deterministic. 

As commented, the Stage 2 aims at seeking the extreme value of the uncertainties for 

which the deterministic result is still feasible. Therefore, the formulation of this stage will 

change depending on the adopted perspective. In the optimistic case, the uncertainties are 

assumed to vary so that the profit is maximized, while under a pessimistic perspective the 

uncertainties negatively impact on the monetary revenues. Therefore, this stage can be 

formulated by (30). 



𝚿𝑜𝑝𝑡 → argmax
𝒙,𝚿

𝑓(𝒖𝑑𝑒𝑡 , 𝑷𝑑𝑒𝑡
𝐸𝑉,𝑖) ;  𝑖 ∈ {𝑆𝐹, 𝐹} (30a) 

𝚿𝑝𝑒𝑠 → argmin
𝒙,𝚿

𝑓(𝒖𝑑𝑒𝑡, 𝑷𝑑𝑒𝑡
𝐸𝑉,𝑖) ;  𝑖 ∈ {𝑆𝐹, 𝐹} (30b) 

Subject to: (4)-(14), (29) 

5.3 - Stage 3: adjustment problem 

Finally, the commitment status and satisfied EV demand are adjusted according the 

extreme values of uncertainties obtained at the previous stage. Therefore, this problem is 

posed as a deterministic model, but considering the optimistic or pessimistic uncertain 

profiles instead of the expected ones. Following this idea, the mathematical formulation 

of the Stage 3 is given by 

𝒖𝑑𝑒𝑡 , 𝑷𝑑𝑒𝑡
𝐸𝑉,𝑖 → argmax

𝒙,𝒖
𝑓(𝐸(𝚿𝑙)) ; 𝑖 ∈ {𝑆𝐹, 𝐹}, 𝑙 = 𝑜𝑝𝑡 ∨ 𝑝𝑒𝑠 (31) 

Subject to: (4)-(14) 

6 - Case study 

This section presents a case study based on the PVaCS layout described in Section 2. 

The developed solution procedure involves two MILP problems and one QP, which have 

been coded under Matlab R2019a and solved using Gurobi [51]. All simulations have 

been performed on an Intel® CoreTM i5-9400F, 2.90 GHz, 8.00 GB RAM, over a 24 hours 

horizon.  

Time resolution (denoted by ∆𝜏) is a critical aspect as it determines the computational 

burden and accuracy of the scheduling tool. Normally, this parameter should be fixed by 

the operator in order to obtain a trade-off between these two aspects. For the scope of this 

paper, the charging events are by far the fastest processes that must be captured by the 

time step. Hence, this parameter should be fixed short enough to accurately represent the 

charging events. Currently, fast chargers are able to charge an average vehicle in 15-30 

minutes [22]. In consequence, it seems reasonable to set the time step in 15 minutes in 



order to be able to capture fast charging events. Preliminary experiments carried out by 

the authors revealed good performance, taking 5-10 minutes to be completed, on average. 

Nevertheless, shorter time intervals may be used without any problem, using the same 

formulation and principles described in previous sections. 

6.1 - Input data 

For the different simulations performed, real data have been considered as expected 

profiles for PV generation and energy pricing, which are plotted in Fig. 9 along their 

predicted intervals. In particular, the expected PV generation has been built according to 

weather data observed at Madrid (Spain) on July 19, 2016 [52], assuming a PV array of 

150 kW rated power. On the other hand, purchasing and selling energy prices correspond 

to real-time pricing at the PJM FE Ohio system on July 1 and 9, 2019, respectively [53]. 

The EV demand has been constructed according the model described in Section 3. A 

medium-size multi-mode station has been considered. Table 2 collects the data of the 

charging infrastructures. With this data, 1000 scenarios were constructed, which were 

further reduced to 13 using the reduction technique described in [26] and summarized in 

Fig. 3. The other relevant data referred to different system components are collected in 

Table 3. 

 

Fig. 9 - Expected PV generation (left) and energy pricing (right) along their predicted 

intervals 

  



Table 2 - Data of the charging station and EV scenarios 

Charging mode Fast Semi-fast 

𝜆𝐸𝑉  0.5 $/kWh 0.2 $/kWh 

𝜇𝐸𝑉  30 15 

𝜎𝐸𝑉  5 2 

𝜇𝑇  30 min 3 hours 

𝜎𝑇  1 1 

Rated power 55 kW 22 kW 

No. of chargers 10 5 

Table 3 - Simulation parameters [42] 

Parameter Value 

𝑝
𝐺𝑟𝑖𝑑

/𝑅𝐺𝑟𝑖𝑑/𝑝
𝐵𝐸𝑆

 100/50/25 kW 

𝜀
𝐵𝐸𝑆

  100 kWh 

𝐷𝑂𝐷  0.7 pu 

𝜂𝐵𝐸𝑆  0.98 pu 

𝜅𝐵𝐸𝑆  2.35 $/MWh 

 

6.2 - Results and discussion 

In this subsection, various results are presented considering the data collected in the 

previous section. The simulations are presented for various uncertain levels (𝜉) in general, 

with illustrative purposes. To validate the scheduling tool, Fig. 10 plots the scheduling 

result under deterministic conditions. As observed, EV demand is completely satisfied 

during morning and evening, when low energy prices and high PV generation make 

attractive to purchase energy from the grid and sell it to vehicles. During these hours, 

batteries are also partially discharged in order to increase the energy available. During 

midday, high PV potential and low EV demand enable the possibility of selling energy to 

the grid. This process is however not attractive at 17:00 h despite selling prices achieve 

their maximum during this hour. This is because it is more profitable to use the energy to 

charge vehicles. In this regard, the high demand for EVs puts the limits of the station, so 

that it is unable to produce a surplus energy that may be delivered to the grid. Finally, the 

last hours of the day are devoted on charging the batteries and covering the low EV 

demand during night. It is also noteworthy that EV demand is only partially covered about 



17:00h. At this hour, the purchasing price reaches its maximum and, in addition, PV 

generation is falling down. These circumstances force to acquire energy from the grid at 

high price to satisfy the EV demand, which results few attractive economically. 

 
Fig. 10 - Scheduling result under deterministic conditions (negative values mean to-

station (generation) flows) 

To discern the role of uncertainties and how the new proposal handle with, Fig. 11 

plots the expected system profit under different point of views. As seen, the obtained 

results follow a logic trend. Hence, the expected profit grows by 9% with the uncertain 

level when an optimistic strategy is taken, while the opposite behavior was observed 

under a pessimistic perspective, thus reducing the expected profit by 3% compared with 

the deterministic case. These results are logic since, under an optimistic point of view, 

the uncertainties took values that favor the increment of the monetary revenues. This is 

more clearly observed in Fig. 12, where the potential PV generation is plotted for various 

cases. As seen, the PV potential is assumed to be higher than the expected profile when 

an optimistic point of view is adopted. In contrast, the developed methodology adopts a 

risk-seeker strategy when a pessimistic point of view is considered, assuming that the PV 

potential will be lower than the forecasted value, which is negatively reflected in the 

system profit, as observed in Fig. 11. 



 
Fig. 11 - Expected profit for uncertain levels 

 
Fig. 12 - Assumed extreme values of potential PV generation under different point of 

views 

Logically, the lower PV potential, the lower PV generation, as observed in Fig. 13 

where the actual PV contribution is shown in different cases. From this figure, it can be 

observed that when a pessimistic perspective is assumed, the PV generation is reduced 

by ~50 kWh/day. In contrast, if an optimistic position is adopted, the expected PV 

contribution is assumed to increase by ~150 kWh/day. Similar behavior can be observed 

in the energy price, as depicted in Fig. 14, where the average energy pricing is plotted for 

different cases. As observed, under an optimistic strategy, the average selling price is 

incremented with the uncertain level while the purchasing price falls down. As in the case 

of the PV generation, the opposite trends were observed under a pessimistic perspective. 

Indeed, these extreme values of the uncertainties have a positive or negative effect on the 

economy of the system when optimistic or pessimistic perspectives are adopted, 

respectively. This result was expected since, under a pessimistic strategy, the scheduling 

tool becomes risk-averse and seeks a result immune against uncertainties, whereas the 

algorithm becomes risk-seeker under an optimistic point of view. 



 
Fig. 13 - Total PV generation for different cases 

 
Fig. 14 - Average purchasing and selling prices for different cases 

As expected, the energy price has a direct impact on the total energy exchanged with 

the grid. Fig. 15 shows the total expenditures/revenues obtained from energy exchanging 

with the utility grid for different cases. As seen in this figure, the total expenditures grow 

with the uncertain level when a pessimistic perspective is adopted. This circumstance is 

reflected in lower monetary revenues, as explained above. In contrast, the system obtains 

a notably profit from energy selling under an optimistic point of view. Actually, monetary 

incomes from energy selling could be increased by 70% adopting an optimistic strategy. 

Under both strategies, expenditures and revenues, followed different trends, as expected. 

The energy exporting character of the studied system is better observable in Fig. 16, 

where the hourly PV generation and energy sold are plotted when both pessimistic and 

optimistic strategies are adopted. As seen, the system is able to sell much more energy 

when the scheduling tool takes an optimistic character. This is undoubtedly propitiated 

by a larger PV generation that occasionally produces a surplus energy which can be sold 



to the grid to obtain a monetary revenue. In fact, PV peak power is expected to be about 

125 kW with an optimistic point of view, while the peak solar power did not reach 100 

kW with a pessimistic strategy. 

 

Fig. 15 - Total expenditures and revenues obtained from energy exchanging with the 

utility grid 

 

Fig. 16 - Hourly PV generation and energy sold under optimistic (top) and pessimistic 

(bottom) point of views with 𝝃 = 𝟏 

Lastly, it is interesting to analyze how the different strategies affect the satisfied EV 

demand. As commented, the developed model considers that EV demand may be partially 

unsatisfied if it results economically not attractive. In Fig. 17, the expected monetary 

revenues obtained from EV charging are plotted for different cases. As seen in this figure, 

charging incomes grow with the uncertain level under an optimistic point of view and 

decrease with a pessimistic strategy. It means that, under a pessimistic point of view, 



more charging events are only partially satisfied. This is due to low PV generation and 

high energy prices make the charging business not attractive during some particular hours 

of the day. On the face of this situation, the developed scheduling tool determined that it 

is more profitable rejecting the charging event than satisfying it. 

 

Fig. 17 - Monetary revenues from EV charging for different cases 

7 - Conclusions and future works 

In this paper, a novel stochastic-interval model for multi-mode PVaCSs has been 

developed. The new proposal uses an interval formulation to model the uncertainties 

brought by PV generation and energy price, while a comprehensive stochastic model was 

developed to represent the uncertain behaviour of EV demand. An iterative procedure has 

been proposed to solve the optimal scheduling problem under pessimistic or optimistic 

strategies. This methodology encompasses the various stages that imply two MILP 

problems and one QP problem, that can be efficiently solved using standard software. 

A case study was presented to show the effectiveness of the developed tool. To this 

end, the results have been analysed for various uncertain levels and strategies. The results 

obtained were totally logic, thus validating the developed scheduling tool. As a sake of 

example, the system profit grew by 9% and decreased by 3% adopting optimistic and 

pessimistic point of view, respectively. Likewise, total PV generation increased by 150 

kWh/day and reduced by 50 kWh/day. Similar conclusions were drawn for other 

parameters such as monetary balances, PV peak power or satisfied EV demand. 



Ongoing works are focused on applying similar formulations to other related problems 

like home energy management tools. Moreover, it is projected to analyse the interaction 

of PVaCSs with other system agents, for which the developed model may be useful. 
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