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Abstract

A transition to electric vehicles (EVs) is widely assumed to be an important step along

the road to environmental sustainability. However, large scale adoption of EVs may put

electricity grids under critical strain, since peaks in electricity demand are likely to increase

radically. Efforts to manage demand peaks through pricing schemes may create new peaks

at low-price periods, if large numbers of EV owners use smart charging to benefit from low

prices. This effect is expected to be amplified when EV owners adopt smart decision support
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to assist them with optimal charging decisions. Therefore, energy policymakers are interested

in advanced pricing schemes that can smooth demand or induce demand that comes as close

as possible to a desired profile. We show, through simulations calibrated with real-world

data, that current approaches to electricity pricing are limited in their ability to induce

desired demand profiles. To address this challenge, we present adaptive pricing, a method

to learn from EV owner reactions to prices and adjust announced prices accordingly. Our

method draws on the Green Information Systems principles and can assist grid operators in

ensuring the reliable operation of the grid. We evaluate our results in simulations, where we

find that adaptive pricing outperforms current electricity pricing schemes, yielding results

close to the theoretically optimal ones. We test our method in inducing both flat and

extremely volatile demand profiles, and we see that in both cases it manages to induce EV

charging close to the ideal scenario under perfect information.

Keywords — adaptive pricing; electric vehicles; electricity markets; smart grid; sustain-

ability
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1 Introduction

Electric vehicles (EVs) are expected to play a significant role in creating a sustainable future.

EV adoption is heavily incentivized by many governments and policymakers, since EVs

lower carbon footprint, reduce noise pollution, and have much higher engine efficiency than

internal-combustion (ICE) vehicles.1 At an individual level, many commuters tend to adopt

EVs as part of their effort to become more environmentally aware and sustainable (Sovacool

and Hirsh 2009). At a business level, green mobility is expected to bring positive returns

in related investments, while stock markets react very positively to green-vehicle innovation

announcements (Ba et al. 2013).

Unfortunately, widespread EV adoption threatens the stable operation of the existing

power grid due to the energy needed to charge EV batteries (Knezović et al. 2017, Qi and

Shen 2019). For example, a US household might consume on average 28.4 kWh a day2,

while an EV owner needs on average 10 kWh a day to cover her driving needs3, assuming

an average EV has an efficiency of 6 km/kWh4. This means that a battery charge to cover

daily driving needs increases daily demand by more than 35% in a US household. Therefore,

EV demand accounts for a significant portion of the daily demand of a household and needs

to be considered carefully by grid operators when planning grid capacity and operations. In
1http://energy.gov/articles/history-electric-car [Accessed 19 January 2020]
2https://www.eia.gov/tools/faqs/faq.php?id=97&t=3 [Accessed 19 January 2020]
3https://www.fhwa.dot.gov/ohim/onh00/bar8.htm [Accessed 19 January 2020]
4https://pushevs.com/2016/11/23/electric-cars-range-efficiency-comparison/ [Accessed 19 January 2020]
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the absence of some scheme for managing this additional load, widespread EV adoption can

destabilize segments of distribution grids as well as the higher-voltage transmission grids.

This could occur if, for example, many residents of a neighborhood own EVs, and they decide

to start charging them around the same time in the evening, which is already a time of peak

consumption in many areas of the world. Because the grid needs to support peak demand,

it is the primary determinant of grid capacity planning (Kirschen 2003, Dong et al. 2017),

despite the fact that it occurs infrequently and the average demand is typically much lower.

Consequently, anticipated changes in peak demand will be an important issue as increasing

numbers of EVs are introduced in the grid.

The traditional solution to this challenge is to expand the electricity grid infrastructure

to support the higher peak loads (Peças Lopes et al. 2010, Schroeder and Traber 2012).

However, this solution would be costly as well as highly unsustainable (Kleindorfer et al.

2005, Strbac 2008, Watson et al. 2010), since additional generating capacity must be in-

stalled. The EU projections of e150 bn investments for grid infrastructure expansion in 10

years (European Network of Transmission System Operators for Electricity 2018) to cover

the extra demand created in the grid show how costly and unsustainable these solutions can

be.

Grid managers are designing price-based demand response (DR) schemes (Palensky and

Dietrich 2011) to encourage EV owners to shift consumption to low-demand periods of the

day. However, since all owners are receiving the same signals, they tend to react in the same

way, potentially creating new peaks during periods with lower prices (Sioshansi 2012). This

tendency may increase when smart charging technologies are in place, since they generally

attempt to satisfy individual preferences and minimize cost. This phenomenon is known in

the literature as herding (Kim and Shcherbakova 2011, Gottwalt et al. 2011, Valogianni and

Ketter 2016). Consequently, a poorly designed DR scheme might not induce the desired EV

charging, but may instead create higher demand peaks. Hence, grid managers are interested

in price-based DR schemes that incentivize consumers to shift consumption toward a desired

profile, without creating new peaks. These desired profiles are decided by grid managing

entities, such as grid operators, so that they serve a certain objective in the grid. For

example, if the supply curve is flat, a grid operator would desire an equally flat demand

profile, so that supply and demand are matched in real-time, without disruptions in the

grid. Other examples of desired EV charging profiles can be more volatile, matching the

generation pattern of renewable sources, such as wind turbines. Adoption of renewable

energy sources (RES) is expected to reach up to 75% of supply by 2040 (European Network

of Transmission System Operators for Electricity 2018). This will challenge grid operators

to induce electricity demand that matches RES generation profiles (Golari et al. 2017) and
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to maintain grid stability (Goodarzi et al. 2019).

EVs differ from many other loads in the grid, first, because of their significant consump-

tion: more than 35% in a US household, as mentioned earlier. In 2017 alone, the global EV

demand was 54 TWh, “an amount which is equivalent to slightly more than the electricity

demand of Greece” (International Energy Agency 2018), while IEA’s projections for 2030

envision EV charging demand surpassing 400 TWh in the most conservative scenario and

900 TWh in the most optimistic one (International Energy Agency 2018). Furthermore,

EVs are movable and flexible (International Energy Agency 2017), giving grid operators

the opportunity to use EV charging to shape demand to outweigh pre-existing peaks in the

grid, for example, the peaks resulting from the household consumption (Luo et al. 2018,

Huang et al. 2015). Their flexibility provides grid operators with the opportunity to charge

EVs directly from RES (Golari et al. 2017), maximizing renewable utilization and increasing

societal sustainability (Mwasilu et al. 2014). All these reasons have given rise to a stream of

literature identifying major grid benefits from pricing EV charging differently than the rest

of the household demand (Luo et al. 2018, Hu et al. 2016b, Huang et al. 2015, Soltani et al.

2015, Wang et al. 2015, Biviji et al. 2014, Hu et al. 2014, Fridgen et al. 2014). Furthermore,

the International Energy Agency in its 2018 report (International Energy Agency 2018)

emphasizes the benefits of pricing EV charging differently from other loads to maximize ca-

pacity utilization, redistribute demand and couple EV charging with renewable generation.

Examples of such pricing are tariffs offered by Pacific Gas and Electric Company specifically

implemented for EVs 5 and different tariffs for EV charging offered in the UK. 6

We build on recent literature (Luo et al. 2018, Hu et al. 2016b, Huang et al. 2015,

Soltani et al. 2015, Wang et al. 2015, Biviji et al. 2014, Hu et al. 2014, Fridgen et al. 2014),

using principles from the Green IS framework (Watson et al. 2010, Loock et al. 2013) which

suggests that appropriate use of available information can lead to more efficient energy

utilization and reduced need for grid capacity investment. In this context, we address the

following research question:

How can price schemes be designed so that they induce a desired demand profile without

creating herding in an EV population with smart charging decision support in place and

without having prior knowledge about the way EV owners make charging decisions?

To address this question, we show how to design price-based DR schemes that target

EV owners with smart charging equipment. Our work contributes to the Green IS (Wat-

son et al. 2010, Melville 2010, Loock et al. 2013) and sustainability (Malhotra et al. 2013)

discussion. We describe and demonstrate our design for adaptive pricing that adapts to
5https://www.pge.com/en_US/residential/rate-plans/rate-plan-options/electric-vehicle-base-plan/

electric-vehicle-base-plan.page [Accessed 19 January 2020]
6https://www.zap-map.com/charge-points/ev-energy-tariffs/ [Accessed 19 January 2020]
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idiosyncratic preferences of EV owners over prices and charging parameters. We use mathe-

matical modeling calibrated with real-world data to derive our pricing scheme. We validate

its performance in simulation experiments, and we show that adaptive pricing:

a) mitigates peak demand, reducing the need for grid capacity expansion;

b) induces EV charging demand that follows volatile generation patterns coming from RES,

maximizing renewable consumption and reducing the need for conventional carbon-intensive

electricity production;

c) yields robust results in populations where EV owners have individual preferences over

prices which are unknown to grid operators, outperforming currently used benchmarks.

Furthermore, this paper provides insights related to sustainable operations (Kleindorfer

et al. 2005, Aflaki et al. 2013, Besiou and Van Wassenhove 2015, Qi and Shen 2019) of

energy stakeholders, such as grid operators and energy providers, who can use adaptive

pricing to influence the EV charging demand in their portfolios toward a desired outcome.

Grid operators aim to deliver a sustainable and reliable grid to electricity customers, hence,

reduced peak demand and an effective way of embedding RES in the grid are of high interest

to them (European Network of Transmission System Operators for Electricity 2018). Energy

providers are striving to have renewable generation as part of their energy portfolio so that

they comply with the emissions regulations (Drake et al. 2016). Therefore, both of these

stakeholder groups can benefit significantly from using adaptive pricing to induce desired

demand profiles.

The rest of the paper is structured as follows. First, we present the literature which sets

the foundation of our analysis. Second, we explain the model we used for our simulations.

Furthermore, we present the data sets used to calibrate our simulations and demonstrate

results benchmarked with current and future electricity pricing schemes. Finally, we sum-

marize our results and outline paths for future work.

2 Literature Review

Our work builds on research related to smart grid and electric mobility, which are inte-

gral parts of smart-city management and operations (Kumar et al. 2018, Guha and Kumar

2018, Qi and Shen 2019, Atasu et al. 2020), as well as energy informatics and Green IS

literature (Melville 2010, Watson et al. 2010, vom Brocke et al. 2013, Ketter et al. 2016a,

Khuntia et al. 2018). Energy informatics and Green IS, in particular, is a nascent area

of information systems, having as its main goal to increase efficiency of energy usage and

reduce societal carbon footprint by using the information available in a society. Therefore,

we build on these principles to assist grid operators manage EV charging load and minimize
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unsustainable grid capacity investments. In Table 1, we show how our work contributes to

Green IS and sustainability discussion (Dao et al. 2011, Malhotra et al. 2013) using the In-

tegrated Sustainability Framework proposed by Dao et al. (2011). This framework captures

the value of sustainable strategies of firms using the triple bottom line “natural environment,

society, and economic performance” (Dao et al. 2011), but there are direct analogies with

our approach to facilitate a smooth EV transition in a sustainable grid. In the row labeled

“Today”, we show what our approach can currently contribute to a sustainable grid, whereas

in the row labeled “Tomorrow”, we show that our approach can support a sustainable EV

transition coupled with high RES penetration. In the Evaluation section, we present rele-

vant scenarios to reflect the contribution of our method to “Today” and “Tomorrow”.

Table 1: Integrated Sustainability Framework adapted from Dao et al. (2011)

Internal (EV owner) External (grid)

Today - Strategy - Strategy

- Maximize individual utility of EV charging - Induce desirable EV charging profile

- Pay-off - Pay-off

- Lower charging costs - Stable and reliable grid operation

- Preference satisfaction - Peak and volatility reduction

Tomorrow - Strategy - Strategy

- Optimized (smart) EV charging becomes - Induce EV charging matching RES

broadly available generation profiles

- Pay-off - Pay-off

- Public becomes more open to EV adoption - Stable and reliable grid operation

- Sustainable e-mobility - Sustainable EV charging

- Charging cost savings - Smooth EV transition coupled with high RES penetration

2.1 Smart Grid and the Transition to Electric Mobility

The smart electricity grid is the evolution of the traditional electricity delivery infrastruc-

ture, with technological advancements playing increasingly crucial roles in generation, trans-

mission, distribution, and consumption (Parker et al. 2019). It is becoming a smart mar-

ket (Bichler et al. 2010) for electricity; decisions can be facilitated by intelligent decision

support systems (DSS) that can act on behalf of people or organizations. Blumsack and

Fernandez (2012) identify three aspects that make the smart grid powerful in serving cus-

tomer electricity needs: real-time monitoring at the transmission level, automation of various

aspects of distribution systems, and smart-metering for electricity customers. The transmis-

sion level consists of high capacity lines bringing electric power from large-scale generation

facilities to local distribution networks. Power in the transmission grid is currently pro-

duced by a few large generation companies that own single generation plants or a portfolio

of power generation sources (Kirschen and Strbac 2005). Local distribution networks are at
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the second level of the smart grid, through which electricity is delivered (at lower voltage

than the transmission level) to end customers located around a power substation. These two

levels comprise the physical infrastructure that reliably delivers electricity to end customers.

Large-scale EV integration on the electricity grid is expected to bring demand increase that

can threaten the grid’s stability (Su et al. 2012, Knezović et al. 2017, Qi and Shen 2019).

This demand was in the conventional cars covered by oil, but in the era of electric mobility

it must be accommodated by the smart grid’s installed capacity (Peças Lopes et al. 2010).

Therefore, grid stakeholders are interested in examining how this demand will change once

large numbers of EVs are introduced and smart charging DSS become broadly adopted.

Above the physical infrastructure, lie the economic mechanisms that allow for financial

exchanges between energy customers and energy providers, known in the literature as aggre-

gators or energy utility companies. Energy utility companies offer energy tariffs (contracts)

to consumers and aim to make profits through transactions with them. In many electricity

markets (regulated monopolies mostly), the grid operator and energy utility are one unified

entity, whereas in other market structures they might be separate entities.

EV owners rely on electricity to cover their mobility needs, charging their EVs so that

their batteries contain sufficient energy for their driving needs. EV owners pay for their

mobility services based on energy volume charged and on electricity prices rather than oil

prices. Therefore, pricing mechanisms can be powerful tools toward shaping EV charging

demand to follow a desired profile. Designing successful electricity pricing structures that

have a positive demand response impact is one of the open questions that OM literature

is seeking to address (Choi et al. 2019, Derinkuyu et al. 2019, Parker et al. 2019). Our

proposed mechanism addresses this question by demonstrating how grid stakeholders can

learn from reactions to prices they broadcast to EV owners and design a pricing scheme able

to induce a desired profile.

Common methods proposed in the energy and OM literature to shape charging demand

include aggregation of EV owner profiles (Vandael et al. 2013, Hu et al. 2016a, Tang et al.

2016, Broneske and Wozabal 2017, He et al. 2017, Kahlen et al. 2018). EV aggregators, such

as car-sharing or EV fleet operators, tend to make collective decisions about strategically

positioning EV charging in time and place so that they maximize benefits for their fleet.

Furthermore, mechanisms that reject charging requests depending on grid capacity installed

(distribution transformer’s side) have been proven effective in reducing peak demand (Muñoz

et al. 2016). These mechanisms might involve direct control by the grid operator, potentially

overriding the customer’s preference. Therefore, both categories tend to not guarantee

customer preference satisfaction, since they have to reject individual requests to meet a

global objective.
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In addition, auction mechanisms have been proposed as ways to coordinate EV charg-

ing (Valogianni et al. 2019). Gerding et al. (2013) propose a two-sided market approach

to allocate charging timeslots among EV owners and to avoid charging congestion. Robu

et al. (2013) present an online auction mechanism where EV owners state their availability

for charging in the form of slots, and bid for power in the available slots. At an EV fleet

level, Almuhtady et al. (2014) introduce a new battery-swapping policy model so that fleet

owners can optimize their decisions about maintenance costs and make significant savings,

while at the same time maintaining the green character of their fleet. From an infrastructure

standpoint, Avci et al. (2015) and Mak et al. (2013), describe optimal placement plans for

battery charging stations so that the EV charging is facilitated properly to serve EV own-

ers. However, pricing mechanisms are easier to be implemented, as they do not require any

specific implementation on the EV charging station and have higher customer acceptance,

since customers are used to receiving price signals in exchange for a service. Current pricing

schemes tend to create herding, especially when smart charging DSS become broadly avail-

able. Our proposed solution mitigates herding without requiring specific knowledge about

the customer portfolio, being easily adjustable to evolving customer needs. Furthermore,

our work responds to the OM research call for addressing smart-city management chal-

lenges (Kumar et al. 2018, Guha and Kumar 2018, Qi and Shen 2019, Atasu et al. 2020),

such as the sustainable integration of EVs, using data-driven methods.

2.2 Demand Response and Electricity Pricing

Using price signals as a means of shaping electricity demand is known as price-based de-

mand response (DR) (Palensky and Dietrich 2011, Chrysopoulos et al. 2014). DR can be

very beneficial for the electricity grid, since it is capable of shifting parts of the peak demand

to low demand periods, achieving higher stability on the grid without extra capacity expan-

sions (Parker et al. 2019). Price-based DR has been studied both for residential (Albadi and

Elsaadany 2008, Gottwalt et al. 2011, Palensky and Dietrich 2011, Chrysopoulos et al. 2014,

Valogianni and Ketter 2016, Choi et al. 2019) and commercial and industrial (C&I) cus-

tomers (Jessoe and Rapson 2015, Papier 2016). However, designing successful DR schemes

can be challenging, if the way that customers respond to it (price responsiveness) is not

examined thoroughly (Spees and Lave 2008, International Energy Agency 2008, Borenstein

2005).

Price responsiveness can be measured as price elasticity (Bernstein and Griffin 2006) of

residential consumers (without accounting for EV consumption) at a macroscopic level across

different countries, for instance: Norway (Aasness and Holtsmark 1993, Nesbakken 1999),

USA (Bohi and Zimmerman 1984, Reiss and White 2005, Parti and Parti 1980, Branch
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1993), UK (Baker et al. 1989, King and Shatrawka 1994), Germany (Dennerlein 1987),

Canada (Bernard et al. 1996), Israel (Beenstock et al. 1999), Australia (Fan and Hyndman

2011). These elasticities refer to electricity consumption and not to EV charging, therefore,

it is not straightforward that electricity consumption elasticities will hold for EV charging as

well. Literature has found that EV charging price elasticities are different from the electricity

consumption ones (Biviji et al. 2014, Soltani et al. 2015), however, there is limited data about

their values (California and Portland (Biviji et al. 2014), 13 EV owner data and synthetic

California data (Soltani et al. 2015)). Given the limited evidence about EV charging price

elasticity, simulation modeling can fill this void by learning consumer responsiveness from

their reactions to broadcast prices, without requiring macroscopic assumptions. We build

on the literature supporting the need for pricing EV charging differently than the rest of the

household (Luo et al. 2018, Hu et al. 2016b, Huang et al. 2015, Soltani et al. 2015, Wang et al.

2015, Biviji et al. 2014, Hu et al. 2014, Fridgen et al. 2014), as explained in section 1. Unlike

previous work, our proposed method learns dynamically from EV owner charging decisions,

so that it can induce a desired charging demand and can adapt to any EV population it

is facing. Extending our previous work (Valogianni et al. 2018), we go beyond previously

proposed pricing approaches by examining individual consumption behavior and eliciting

the valuation function of any EV population. This valuation function can help tailor pricing

schemes toward desired profiles and can be learned from EV owners’ reaction to broadcast

prices. Thus, we add an adaptive layer that accounts for EV owners’ responsiveness, without

requiring specific elasticity values. Consequently, adaptive pricing can be applied to any EV

population, without requiring specific knowledge about its response to prices.

Our contributions go beyond traditional capacity allocation and dynamic pricing prob-

lems. In other capacity allocation problems, such as telecommunications, aggregating capac-

ity across different locations is easier, compared to electricity grids (Singh and Dutta 2015).

Therefore, in smart grids, any congestion problems need to be solved locally (e.g., locational

marginal pricing (Li et al. 2014)), requiring for more real-time adaptability. Furthermore,

in telecommunications, brief “outages” are acceptable, for example when streaming pauses,

without having the severe effects of a grid black-out. In addition, producing electricity with

RES creates considerable volatility of generation compared to traditional production units in

other supply chains, such as gasoline production. In the gasoline supply chain, gasoline can

be stored in large quantities (Thompson et al. 2009), therefore, there is no need for real-time

demand shaping. Furthermore, if the demand for gas is not managed properly, there will be

no black- or brown-out in the grid. The major effect of such a mismanagement will be unease

on the customer side. In contrast, if EV charging is not managed properly, the operation of

the whole smart grid or segments of it will be put at high risk. Adding to that point, the
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recovery costs of such a black-out are tremendous (Mili and Dooley 2010), suggesting that

their prevention should be of high priority. Moreover, EVs because of their substantial load

in the grid (54TWh to 400-900 TWh in 2030 (International Energy Agency 2018)) offer a

great opportunity to grid operators to use EV charging for outweighing pre-existing peaks

in the grid, for example, the peaks resulting from the household consumption (Luo et al.

2018, Huang et al. 2015). Finally, EV charging entails a lot of stochasticity and behavioral

characteristics, such as arrival and departure preferences or the need to have electricity for

unexpected driving, that cannot be neglected during grid planning.

2.3 Parallels to Revenue Management

Our work shows a lot of parallels to the growing revenue management literature stream

about learning an unknown demand function through interactions with buyers (Araman

and Caldentey 2009, Farias and Van Roy 2010, Chen and Chen 2015, den Boer 2015, Ban

and Keskin 2017). Araman and Caldentey (2009) present an algorithm for a retailer of non-

perishable goods to adjust demand dynamically so that the longterm profit is maximized,

without having any prior belief of how the market will react. Farias and Van Roy (2010) as-

sume a similar set-up, but they make some assumptions about the distributions of customer

arrivals, which serve as priors in the dynamic price adjustment. More recently, Ban and

Keskin (2017) introduce personalized pricing based on learning different customer features.

This personalized learning is done at an individual level, leading to individually personalized

prices, also known as price discrimination. For a comprehensive historical summary of the

revenue management dynamic pricing literature we point to the work of den Boer (2015).

This paper draws from this growing dynamic pricing literature (Chen and Chen 2015),

mostly in aspects related to observing EV owner features and adjusting the prices accord-

ingly. Specifically, our solution approach shows a lot of parallels, as we first examine the

perfect information scenario, where we assume all EV owner features to be known, and then

we relax this prior knowledge assumption and get to effective approximate solutions that

can perform well without this prior belief. More importantly, our work is different from

this literature stream in the following aspects. First, we do not aim at estimating a demand

function, which is the main objective in revenue management dynamic pricing (Araman

and Caldentey 2009, Farias and Van Roy 2010, Chen and Chen 2015, den Boer 2015, Ban

and Keskin 2017). Instead, we are learning a valuation function of EV charging demand.

Our problem set-up resides in the smart grid, therefore, our objective is not to maximize

longterm profits or minimize revenue regret, but, instead, it is to achieve a desired EV

charging demand profile stemming from the grid operator’s desire to match demand and

supply at all times. Another important difference is that in the smart grid, it is not al-
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lowed to discriminate customers in terms of pricing - as electricity is considered a public

good in most of the countries. Specifically, the term locational marginal pricing (also used

for congestion reduction) refers to the price to be paid at any distribution network, and

customers under the same distribution network need to be facing this price (Li et al. 2014).

The only price discrimination that one can impose in the smart grids is if the quality of

service offered is different (Oren et al. 1982), for example renewable electricity, tiered con-

sumption, residential vs. commercial consumers who are connected to different levels of

voltage in the grid (Jardini et al. 2000), because they receive a different quality of service.

Therefore, our work contributes to this growing revenue management literature by present-

ing how these pricing methods can be adjusted to be applicable in the smart grid domain,

where stakeholder objectives and regulations are different.

3 Model Description

Our model takes the standpoint of a grid operator or an energy provider. Grid operators are

responsible for the reliable operation of the grid so that demand and supply are matched.

Therefore, grid operators must incentivize a desired demand pattern so that the supply

pattern is always matched and black-outs are prevented 7. Energy providers, also known as

utility companies, are responsible for providing the customers with the required electricity.

In regulated markets, energy providers are also responsible for the generation of electricity,

besides its distribution. Therefore, they must incentivize their customers to consume match-

ing the generation patterns they have in their portfolios to avoid high imbalance charges.

We use the grid operator as an example for the rest of this analysis. The presented results

can be applied to energy providers, as well.

The grid operator is facing the problem of shaping electricity demand toward a desired

profile, such as a less volatile demand profile. It is important for the grid operator to be

in control of shaping the electricity demand, since this allows for a more stable and reliable

operation of the grid (Goodarzi et al. 2019). For instance, achieving a demand profile

with low volatility reduces the unpredictability of electricity demand as well as demand

peaks. In order to achieve a desired demand profile, the grid operator must “communicate”

with EV owners to induce a certain charging behavior. One effective way of establishing

communication between grid operators and EV owners is price-based DR. Grid operators,

typically, lack a priori information about how EV owners evaluate prices and make charging

decisions. They are only able to observe aggregate EV charging demand in response to

prices they broadcast.
7https://www.smartgrid.gov/the_smart_grid/operation_centers.html [Accessed 19 January 2020]
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EV owners receive the broadcast prices, and evaluate them based on their preferences,

which we model as valuation functions. For example, an EV owner who is concerned about

costs might avoid charging when prices are high, instead she might wait until electricity

prices drop, in the case of variable pricing, or choose to drive less to reduce costs. These

preferences are encompassed in each EV owner’s valuation function and drive their charging

decisions. EV owners are represented by intelligent DSS, which are responsible for satisfying

the individual objectives of each EV owner, given private constraints and preferences. In

this way, EV owners can benefit the most from price variations without inconveniences (e.g.,

when low prices are broadcast during the night), as the DSS will be optimizing the charging,

without them having to be involved in the actual charging schedule adjustment process.

The communication between grid and EV owners is intended to induce desired charging

demand. Therefore, grid operators need to set their price signals in such a way that when

customers evaluate them based on their preferences, they will charge their EVs in a desired

manner. This is a complex problem which requires the grid operator to observe EV owner

actions and preferences and adjust prices accordingly. An erroneously-set pricing scheme

might create large demand peaks and increase demand volatility due to herding, destabilizing

the operation of the grid.

3.1 Model Assumptions

Below we list our model’s assumptions and Appendix I summarizes the notation used

throughout our model.

Electric mobility: We are interested in examining the effect of massive EV adoption in

the market, therefore, we assume only purely electric cars in our population (hybrid EVs

are out of the scope of this paper).

Charging location: Each EV owner can charge either at home or at her workplace,

assuming that modern businesses allow for EV charging at their premises. Irrespective of

charging location, we assume the EV owner is billed for the electricity charged in her battery.

Planning horizon and time granularity: EV owners have planning horizons T . This time

horizon is divided in time intervals t of duration ∆t > 0. The size of each interval ∆t can

be selected based on the modeling needs.

Pricing: EV owners receive prices from the grid. These prices are the same for all EV

owners in the population and can serve as a signal for consuming or not. They are broadcast

to EV owners for the whole planning horizon T and are known to them before the planning

begins.

Electricity valuation: EV owners have different EV charging valuation functions which

express the value they put on certain amounts of EV charge.
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DSS representing EV owners: EV owners are represented by intelligent DSS that are

responsible for optimizing EV charging on their behalf, ensuring satisfaction of their in-

dividual preferences. This DSS is a bottom-up design aimed at satisfying the EV owner’s

objectives and needs to be calibrated to each EV owner’s preferences. It is not uncommon to

use DSS to represent rational EV owners, as any convenience barriers that might be posed

by the need to charge the car during inconvenient times (e.g., at night) will be overcome.

Driving region: All EVs drive within a region that has consistent energy prices.

EV types: The EV population examined in this paper owns different types of EVs such

as Nissan Leaf8 and Tesla S9 with different battery capacities and driving ranges.

3.2 EV owner’s Problem

EV owners receive prices from the grid operator over a future time horizon T and decide

when and how much to charge. In order to make well-informed decisions with respect to

charging their vehicles, EV owners are assisted by smart systems that learn from their

behavior and propose beneficial charging plans. Being supported by a DSS, EV owners can

overcome potential cognitive overload and process all available information (volatile prices,

driving preferences, renewable availability, etc.) more effectively in order to arrive at better

decisions. Next, we demonstrate how such a DSS might function using Eq. (1) - Eq. (12).

We assume EV owners have as their main objective to maximize expected utility U(·)

from EV charging ct over time horizon T . The DSS representing each EV owner solves the

utility maximization problem described below (Eq. (1)) and derives an optimal EV charging

demand vector c′ = [c′1, ..., c
′
T ] (in kWh) over the planning horizon T .

max
[c1,...,cT ]

E{
T∑

t=1

U(ct) · λt} (1)

subject to constraints (2), (3), (4), (5).

0 ≤ ct ≤ pmax,t ·∆t · λt ∀t ∈ T (2)

SoC0 +

td∑
t=1

ct −
td∑
t=1

Dt · (1− λt) ≥ Ed ∀td ∈ d (3)

SoC0 = SoCinitial (4)

SoC0 +

T∑
t=1

ct =

|d|∑
d=1

Ed +

T∑
t=1

Dt · (1− λt) (5)

The parameter λt is a binary variable and denotes the charging availability of the EV during
8http://www.nissanusa.com/electric-cars/leaf/ [Accessed 19 January 2020]
9https://www.tesla.com/models [Accessed 19 January 2020]
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time t ∈ T. We assume that λt = 1 any time t when the EV is available for charging, i.e.,

not driving and close to a plug or a charging pole. Constraint (2) binds EV charging

within the power range allowed by the grid and the charger (pmax,t). EV charging, ct,

∀t ∈ T, is measured in electricity units (kWh), while the charging power constraint, pmax,t,

is indicated in power units (kW).10 Therefore, these boundaries need to be multiplied by

the time granularity ∆t to comply with the units of EV charging. This constraint applies

to each charging pole (depending on infrastructure capabilities) and can vary depending on

location. For example, fast charging stations have higher maximum allowable charging rates,

pmax,t, compared to household charging installations.11 The right side of Eq. (2) restricts

the charging during time periods when the EV is available for charging (when λt = 1).

Each EV owner has her own driving deadlines td ∈ d. By each deadline td, the EV needs

to have enough energy Ed in the battery to last until the next td+1 opportunity the EV

owner expects to be able to charge (assuming td < td+1, ∀td ∈ d). Furthermore, the EV

owner needs to be able to acquire enough energy to ensure a positive state-of-charge over all

intervals. Therefore, the energy added to the battery when the EV is not driving,
∑td

t=1 ct,

together with the amount stored in the battery for t = 0, SoC0, reduced by the electricity

spent for driving Dt till the deadline td,
∑td

t=1 Dt · (1− λt), is at least equal to the amount

required Ed till the next deadline td+1 (Constraint (3)). This amount Ed is set by the EV

owner as the desired state of charge she wants her EV battery to have by the deadline td.

This value varies across deadlines. The number |d| and the timing of deadlines td as well as

the charging requirements Ed and the electricity spent for driving Dt by each deadline vary

across EV owners and are not known to the grid operator. The parameter SoC0 denotes

the state of charge at time t = 0.

Constraint (4) models the initial charge level of the battery at the beginning of planning

horizon T . Constraint (5) models the total energy that the DSS needs to have charged at

the end of a time horizon T . The amount
∑|d|

d=1 Ed can be 0, which means that the EV has

charged just enough to cover driving:
∑T

t=1 Dt ·(1−λt), or it can be
∑|d|

d=1 Ed > 0 depending

on how risky an EV owner is toward charging enough to drive or having a sufficient surplus

of electricity in her battery for unexpected driving needs.

3.2.1 Individual Utility

Each EV owner’s objective function (Eq. (1)) maximizes individual utility U(ct) of EV

charging. We follow the mathematical modeling definition of utility function (Russell and
10EV charging is constrained by the power rate (in kW) allowed by the charger (charging speed), and depending on that

rate, charging might take longer or shorter to obtain a desired amount of electricity (in kWh).
11We assume the EV is not feeding electricity back to the grid (vehicle-to-grid, V2G), since this functionality is not

currently available to most EV owners. A future extension would relax this assumption by incorporating V2G.
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Norvig 1995): “The agent’s preferences are captured by a utility function, U(·), which assigns

a single number to express the desirability of a state.” In our formulation, the DSS assigns

a value to each state (state is an expected EV charge level) depending on the consumer’s

desire for this state.12

This utility function U(ct) consists of the value that this amount of electricity has for

an EV owner, V (ct), reduced by the cost of this amount, ct · Pt, ∀t ∈ T (Robu et al. 2013,

Bhattacharya et al. 2014). The valuation function V (ct) varies across EV owners and is a

result of individual preferences. The DSS estimates this valuation function from previous

actions (training period). During this training period, the DSS is presenting the EV owner

with a set of combinations of charging amounts and corresponding total costs to reach a

certain state of charge. From the EV owner choices, the DSS can infer an approximation of

her valuation function. We describe this process in detail in section 3.2.2. By Pt we denote

the price per electricity unit (e/kWh), which is broadcast by the grid operator in advance

of the planning horizon T . This price Pt might have different values across different time

intervals t. For each EV owner’s utility function we assume the formulation in Eq. (6).13

U(ct) = V (ct)− ct · Pt (6)

Therefore, substituting Eq. (6), objective function (1) becomes:

max
[c1,...,cT ]

E{
T∑

t=1

(V (ct)− ct · Pt) · λt} (7)

subject to (2) - (5). Since the prices Pt, ∀t ∈ T, as well as the charging availability λt, ∀t ∈ T

are known to the DSS representing the EV owner in advance of the planning horizon, the

expectation applies only to the valuation faction V (ct) which is different across EV owners

and results from their individual preferences. Therefore, Eq. (7) becomes:

max
[c1,...,cT ]

T∑
t=1

(E{V (ct)} − ct · Pt) · λt (8)

subject to constraints (9), (10), (11), (12).

0 ≤ ct ≤ pmax,t ·∆t · λt ∀t ∈ T (9)
12In behavioral economics literature the term utility is tied to the notion of uncertainty and risk (Kahneman and Tversky

1979, Wakker and Deneffe 1996) and mainly refers to human decision makers. In our context, the DSS is the decision maker
(and not a human) and the utility function represents its decision function as described by Russell and Norvig (1995).

13In the literature the inverse conversion can be found, as well: V (ct) = U(ct) − ct · Pt. We adopt the notation in Eq.
(6) similar to Robu et al. (2013), Bhattacharya et al. (2014).
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SoC0 +

td∑
t=1

ct −
td∑
t=1

Dt · (1− λt) ≥ Ed ∀td ∈ d (10)

SoC0 = SoCinitial (11)

SoC0 +

T∑
t=1

ct =

|d|∑
d=1

Ed +

T∑
t=1

Dt · (1− λt) (12)

3.2.2 Estimating Valuation Functions

The valuation function V (ct) expresses the value that an EV owner puts on a certain EV

charge ct. Therefore, it results from EV owner preferences and varies across individuals. It

encompasses all idiosyncratic attributes that lead to a person’s preference for an electricity

amount c1t over an electricity amount c2t (c1t ≻ c2t ) for a price Pt. Besides idiosyncratic

attributes, this preference is influenced by the state of charge (SoCt) an EV has at the time

t of the choice. For example, an EV owner with a state of charge of 90% might be less willing

to pay a high price for obtaining a certain amount of electricity, whereas an EV owner with

state of charge of 20% might be more willing to accept a high price. However, all these

choices differ across individuals. Since we cannot measure all psychological attributes which

lead to a preference c1t ≻ c2t , we observe the outcome of these idiosyncratic attributes, as

it is reflected on the way people make choices. By observing this outcome, grid operators

can make more informed pricing decisions, as they are learning about the EV population’s

reactions to prices.

We collected user preferences through a real-world data collection (section 3.2.3) during

which we presented the customers with different charging amount options c1t , c
2
t , ... tied to a

certain monetary value. For example, assume a scenario where an EV owner has to charge

a certain amount of electricity within a day, so that she has enough electricity to drive the

next day. In this scenario the EV owner can choose between charging 3kWh at a total

cost e3 (denoted as B1 = (3kWh,e3)) or wait till prices drop and charge 4kWh at the

same total cost of e3, B2 = (4kWh,e3). This is feasible in our set up because the grid

operator announces the prices well in advance for the whole time horizon T , therefore, the

EV owners can plan their charging based on their preferences. EV owners can choose from

a continuous space of consumption values, starting from 0 to to the maximum capacity of

their EV batteries. Choosing B2 (B2 ≻ B1) would mean that an EV owner is willing to pay

less per kWh and, consequently, has lower valuation of each electricity unit than a person

who would choose B1 = (3kWh,e3), (B1 ≻ B2). Repeating this process, we collected user

preferences and from the data points matching electricity amounts to monetary values we

could approximate their function V (ct) over EV charging ct. To interact with the population

of our data collection and track their preferences, we extended the mobile app presented
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by Koroleva et al. (2014). This mobile app extension demonstrates how the EV owner DSS

elicits individual preferences. This process is presented in detail in sections 3.2.3-3.2.5.

Assuming a customer has the following preferences B1 = (1kWh,e1), B2 = (2kWh,e3.2),

B3 = (3kWh,e4), B4 = (5kWh,e5.3) and B5 = (6kWh,e6)14, they belong to an im-

plicit trajectory of continuous preferences representing her valuation function of EV charg-

ing (Chen and Pu 2004, Mitchell 1997). Plotting these preferences on a graph (Figure 1) we

can get the best fit function which connects these preferences and derive an expectation for

function V (ct) of this particular customer, E{V (ct)}. This function provides an estimation

of how this EV owner values the amounts of electricity charged in her battery, and we use

the price the EV owner is willing to pay as a proxy for this valuation. An EV owner who

is willing to pay a high price for a certain amount of electricity has a high valuation of this

amount, compared to one who is paying less.15 Literature has assumed that this valua-

tion function yields non-increasing marginal valuation for each extra electricity unit (Robu

et al. 2013, Bhattacharya et al. 2014, Zheng and Shroff 2014, Limmer 2019). We derive the

structural form of this valuation function V (ct) from real-world data (section 3.2.3).

Figure 1: Preference trajectory of an exemplary customer

3.2.3 Mobile App for Preference Collection

The mobile app TamagoCar, presented by Koroleva et al. (2014), provides users with the

experience of driving and charging an EV. Specifically, the app has a virtual EV battery

that gets depleted while the user commutes. It identifies automatically when a user com-

mutes using the phone’s accelerometer and tracks the difference between GPS coordinates.

Therefore, it is not possible for a user to fake a commute. In our setting, we crosschecked
14These numbers serve as an illustrative example and they do not represent real data.
15EV charging valuation encompasses many idiosyncratic attributes that lead to a choice of a certain mount of EV

charging. Since we cannot measure them, we use the price as a proxy of this valuation, assuming that it expresses people’s
degree of desire for a certain amount of EV charging.

17



the speed of all commutes to ensure that there was no gaming of the system (such as fake

commutes). During each commute, the app gets activated automatically and depletes the

virtual EV battery, based on the distance commuted. Furthermore, the app does not allow

charging when commuting.

In order for the user to be able to commute, the EV battery on the mobile app needs

to be charged. Charging can happen in two ways: a) the user selects to charge immedi-

ately based on the current prices or b) the user selects to schedule the charging at time

intervals when the prices appear to be more beneficial (in case of price variation during

the day). In order to ensure a fair comparison among users we used an efficiency score

(e = Total Cost
Total Electricity Consumption ). This score represents the main logic behind an EV owner

who strives to minimize cost while covering her driving needs: charge most of electricity

when prices are low and refrain from charging when prices increase. Therefore, a consumer

with a high efficiency score is a consumer who tried to benefit the most from the price varia-

tion, while satisfying her driving needs and constraints. If a user commutes without having

the battery charged enough or runs out of battery while commuting, she receives a penalty

in her efficiency score. Therefore, through the tradeoff of charging enough to drive but not

overpaying, we can derive the consumer valuation of this amount of electricity, which can

serve as a good approximation for the valuation function. The main screens of the mobile

app are presented in Figure 2.

Figure 2: Mobile app main screen, charge screen and commute screen

3.2.4 Preference Collection Process

In order to elicit user preferences with respect to electricity consumption, we conducted

a one-week data collection with the mobile app described before. The source of the data
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collection was a group of business school graduate students in the Netherlands. This popu-

lation choice is suitable for this context since the subjects of the data collection are young,

tech-savvy, and keen on adopting new technologies such as electric cars. This population

segment is aware of the benefits of electric mobility (such as sustainability) and uses mobile

apps for many daily activities. Therefore, it is natural for them to have a mobile app for

scheduling EV charging. In addition, they live and work/study in the Netherlands, there-

fore, they match the commuting patterns and habits of the Dutch data sets we are using to

calibrate our simulation (sections 4 and 5). University students have been used as subjects in

numerous data collection processes and experiments (Bhattacherjee and Premkumar 2004,

Kim and Benbasat 2009, Wang and Benbasat 2009). Especially in our case, the task they

have to perform is commute and charge their EV, as they would normally do, without being

influenced by their student identity.16

The preference data collection took place between September 28th, 2015 and October

4th, 2015. The participants were asked to commute at least once per day or on average at

least 6 times per week in order to get the sign-up bonus. Furthermore, they were asked to

charge enough during each day, so that they have electricity to drive the next day (planning

horizon of 24 hours). We excluded from our sample persons that did not commute once per

day or on average at least 6 times per week. In this way, we ensured that at least their daily

commuting to work (or university) was captured.

The electricity prices during the data collection were the Dutch wholesale electricity

prices adjusted to account for taxation and network fees in the Netherlands. These prices

were announced before each day in the form of a price vector, so that the participants could

plan their charging accordingly. Since they had the requirement to charge enough electricity

within 24 hours to cover for their commute in the next day, they had no intermediate

deadlines within the day to influence their decision (except the times they were unavailable

for charging). Therefore, their decision about how much to charge was based on their

valuation for certain amounts of electricity. We set this charging within 24 hours requirement

to disentangle the charging decisions from deadlines that might appear within this 24-hour

horizon. Deciding to charge when prices are high indicates a high valuation for this particular

amount of electricity (e.g., for charging from a state of charge of 10% to a state of charge of

50%). In contrast, once a person decides to postpone charging for a lower price period, it

means that this person does not have a high valuation of this particular amount of electricity,

probably because the state of charge is high enough to allow for her daily commute. The

battery size calibration for this data collection is presented in Appendix II.
16Their motivation was tied to their course grades: they were given a sign-up bonus grade for participating in the process

and an extra bonus for being in the top 30 list of the leaderboard. In this way, they were incentivized both to participate
and to make the best use of the price variations and have cost savings.
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3.2.5 Data Collection Sample and Valuation Results

The total number of participants in the data collection were 154 (56 female, 92 male and

6 with gender not reported) in the age range of [20, 27] with a mean of 23 years old. In

order to elicit their preferences, we asked them to decide when to charge their EV based

on the prices and their driving needs. Therefore, persons who were willing to pay a higher

price for a certain amount of electricity, had a higher valuation for this particular amount.

For example, in Figure 3 we show the different charging events for the customer with ID 23

during the data collection. On the horizontal axis there is the EV charging amount in kWh

and on the vertical axis the total cost paid to obtain each amount. Over a week time period,

customer 23 charged her battery 6 times (some of the charges coincide on the same line, for

example there are two charges from 0 to 4 kWh). Each charge has a different cost depending

on the electricity prices at this time of the day. We normalized all charging events so that

they are in the same system of coordinates (start from 0) and reflect the starting state of

charge of each event. In this way the events are directly comparable.

Figure 3: Individual charging preferences and associated costs for customer with ID 23

We observe that customer 23 charges small amounts of electricity when the costs are

high and larger amounts when the prices are lower. From these charging choices, we derive

an approximation of the V (ct) function, as illustrated in Figure 1. In our context, the

customers had to choose between charging a specific amount at a certain electricity price,

or wait till another point in time during the day that the prices will be different. They had

the option choose through all possible choices, since they knew the prices in advance. For

example, a person might have to choose between charging 3kWh at a total cost e3 (choice

B1 = (3kWh,e3)) and some other options like waiting till prices drop and charge 4kWh at

the total cost of e3, B2 = (4kWh,e3). All these choices indicate each person’s preferences

and will help the DSS maximize the utility function U(ct), given the derived approximation

of the V (ct) function for this EV owner.

Deriving the best fit polynomial concave function of the charging options in Figure 3, we

get a quadratic valuation function of EV charging (adjusted R2 = 97.17%). In this quadratic

form, we consider only the upward part of the parabola (growing until the maximum point
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at a decreasing rate). In the example of customer 23, we observe that the valuation for

electricity differs depending on the battery’s state of charge. From 0kWh to 3kWh we see

a steeper increase in the valuation than from 3kWh to 4kWh, which indicates the change

in the preferences once the EV owner has some electricity stored in the battery (3kWh)

compared to the situation when the battery is empty (0kWh). This means that when an

EV owner has an empty battery, she is more prone to charging at higher prices, hence, she

puts higher valuation to EV charging.

We repeat the process followed for customer 23 for all 154 subjects in our sample and

we calculate the valuation function over the whole population. In Figure 4, we show the

individual charging events of all subjects as data points starting from 0 state of charge and

the average valuation function of this population. In this population, the best-fit valuation

function approximation is the quadratic curve V (ct) = −0.13 · c2t + 1.56 · ct (adjusted R2 =

93.18%). This result verifies the non-increasing marginal valuation modeling assumptions

made in the literature (Galus and Andersson 2008, Robu et al. 2013, Bhattacharya et al.

2014, Zheng and Shroff 2014, Limmer 2019). Furthermore, this result’s structural form is

consistent with the prior literature, as quadratic valuation functions for EV charging have

been commonly proposed by previous work (Fahrioglu and Alvarado 1999, Samadi et al.

2010, Li et al. 2011, Han et al. 2012, Tushar et al. 2012, Weckx et al. 2014, Shuai et al. 2016,

Ghosh and Aggarwal 2017, Lu et al. 2017, Xiang and Wei 2017, Luo et al. 2018, Shakerighadi

et al. 2018). Limmer (2019), in his review of EV charging utility functions, finds that the

quadratic is the most commonly assumed structural form of this function. This assumption

regarding the structural form of the valuation function is based on the fact that having low

state of charge in an EV’s battery has more severe impact on people’s driving, as compared

to just not having a full state of charge. Therefore, the higher the state of charge, the lower

the marginal satisfaction the EV owners enjoy, or, as Limmer (2019) states “a user gains

more satisfaction from increasing the state of charge (SoC) of the battery from 50% to 60%

than from 90% to 100%”.

Figure 4: Individual charging preferences and associated costs for all participants and valuation
function of the population

The expectation of V (ct) for each EV owner is estimated by the DSS representing her
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in the market and it is private information, not available to the grid operator or other EV

owners. In the rest of the paper, in accordance with the literature (Galus and Andersson

2008, Robu et al. 2013, Bhattacharya et al. 2014, Zheng and Shroff 2014) and our findings, we

assume a valuation function with non-increasing marginal valuation for each extra electricity

unit charged. In Appendix IV, we relax this quadratic valuation function, V (ct) = −0.13 ·

c2t + 1.56 · ct, assumption, and we show that our results are robust even if this assumption

does not hold on the EV owner side.

3.3 Smart Grid Operator’s Problem - Adaptive Pricing

To induce a desired electricity demand profile, grid operators broadcast prices to the EV

population. These prices influence the overall EV charging demand and can be used as

signals to shape it. In order to set electricity prices in a way that will induce a desired

EV charging demand, grid operators need to know the individual valuation functions of the

EV owners in the population, their charging availability vectors and their specific deadlines.

However, these parameters are private and not communicated to the grid operators. Thus,

it is not possible for grid operators to analytically calculate the optimal prices for inducing

a desired charging profile, with the EV owner information they have at their disposal. To

address this challenge, we propose a price setting method, called adaptive pricing, which is

based on learning the average valuation function of an EV population from its reaction to a

priori non-optimized prices. First, we show the price setting of optimal prices in a scenario

where the EV population’s valuation function V (ct) is known (perfect information scenario).

3.3.1 Optimal Prices: Perfect Information

Ideally, the grid operator would like to have access to the exact decision function U(ct) =

V (ct)− ct ·Pt of each EV owner, or of the whole population on average. If the grid operator

had this information, she would be able to solve the EV population utility maximization

problem and calculate the optimal prices that can induce a certain demand profile.

In each EV owner’s utility function U(ct), the valuation function V (ct) is the only un-

known component, since the prices Pt are determined by the grid operator and broadcast to

all EV owners. First, we show how given a certain valuation function of an EV population,

V (ct) = α · c2t + β · ct, with parameters α and β known to the grid operator, the optimal

prices can be set so that a desired demand profile is achieved in horizon T . And later, we

relax the assumption of knowing the valuation function of the population, and introduce

adaptive pricing to learn an estimation of these valuation function parameters. The former

scenario represents the theoretically optimal case, when grid operators have all information

about the EV owner decision making process and serves as a benchmark for our approach.
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The latter scenario represents a more realistic scenario, since grid operators cannot have

access to all private valuation and preference information of the EV owner population they

are facing.

The optimal prices under perfect information are presented in Proposition 1 and this

result serves as an intermediate step for calculating the adaptive prices (Proposition 2). In

order to derive Proposition 1 the following assumptions are made:

• We assume an average customer in the EV population. This average customer is

deciding on charging based on Eq. (8): max[c1,...,cT ]

∑T
t=1(E{V (ct)} − ct · Pt) · λt.

• Since the grid operator has no information about the population’s charging availability,

it assumes that the average customer in the population is available to charge during

time horizon T . Furthermore, the grid operator does not have information about

individual deadlines and preferences, hence, these deadlines are not accounted for in

the price calculation.

• From past observations, the grid operator can observe how much electricity the EV

owners charge on average over time horizon T .

These assumptions allow grid operators to derive approximate solutions, close to the theo-

retically optimal ones. Despite making these assumptions, the resulting prices are capable

of inducing EV charging quite close to the desired one, as we show in section 5. In section 5,

we evaluate these approximate solutions in a simulation where the EV owner population

has diverse intermediate charging deadlines and availabilities. There, we observe that our

approximate solutions yield very good results, close to the theoretically optimal ones, while

they outperform all benchmarks.

Proposition 1. When the grid operator has access to the EV population’s valuation function

V (ct) = α · c2t +β · ct, the optimal prices to induce an average desired profile c∗ = [c∗1, ..., c
∗
T ]

are:

P1 − 2 · α · c∗1 = ... = PT − 2 · α · c∗T (13)

The proof of Proposition 1 is found in Appendix III. Proposition 1 shows that all prices

over time horizon T are related through P1 − 2 ·α · c∗1 = ... = PT − 2 ·α · c∗T . Furthermore, it

shows that there is a set of optimal price vectors, all of which need to satisfy the relationship

in Proposition 1. To select one of these optimal price vectors, the grid operators need to

select one of the prices, e.g., P1 and express the rest Pt, ∀t ∈ {2, ..., T} as: Pt = P1 + 2 · α ·

(c∗t − c∗1) ∀t ∈ {2, ..., T}.

The optimal prices do not take into account individual deadlines and preferences of the

population, since these attributes are private to the EV owners and the DSS representing

them. Therefore, the optimal prices achieve a result very close to the desired profile but not
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exactly the same. Despite this limitation, the optimal prices provide a very good benchmark

of how the mechanism would perform, given that these private deadlines are not accessible

by grid operators and energy providers.

3.3.2 Imperfect Information: Adaptive pricing

In reality, the valuation function V (ct) is not available to the grid operator, since it en-

compasses all idiosyncratic characteristics of each EV population the grid is facing. One

assumption that the grid operator can make is that this valuation function V (ct) yields non-

increasing marginal valuation for each extra electricity unit (V (ct) = α · c2t + β · ct), which

is a common assumption made by EV charging literature (Limmer 2019) and validated by

our real-world data in section 3.2.3. Based on this assumption, grid operators know that

the optimal prices should be satisfying P1 − 2 · α · c∗1 = ... = PT − 2 · α · c∗T (Proposition

1), but the parameters α and β of this population are unknown. The parameter β is not

influencing the optimal prices, hence, it is not required to be learned by the grid operators.

The parameter α is the one influencing the optimal prices and needs to be learned from the

EV owners’ reaction to prices. To learn this parameter, grid operators interact with the EV

population and estimate it from the EV charging responses they receive. We call this price

setting method adaptive pricing, because of its ability to adapt to customers’ responses and

market conditions.

Adaptive pricing is flexible in terms of offline calibration, and potential additions of cus-

tomers with different valuation functions or drop-outs of existing customers can be observed

online and the grid operator can adapt the broadcast prices. Specifically, there are two

parameter groups that ideally should be calibrated offline: a) the parameters of the valua-

tion function (α and β) and b) the average amount of electricity consumed in EV charging

during time horizon T . However, both parameter groups can be learned online, contribut-

ing to the flexibility of our proposed method. Regarding the first one - valuation function

parameters α and β - adaptive pricing can work without having any prior knowledge of

these parameters, as shown in Proposition 2. It can progressively estimate them from the

population’s sub-optimal reactions to prices. Therefore, even in an online setting, adaptive

pricing will adapt to the reactions of the population, after a time horizon T . The same holds

for the second parameter - average amount of electricity consumed in EV charging during

time horizon T . This parameter is estimated by grid operators based on the population

they are facing. In case there are changes in the populations, such as potential additions

of EVs, EV drop-outs, etc., these can be observed at the end of time horizon T , and the

pricing scheme will be adjusted. Therefore, the presented mechanism will work similarly

in an online setting, it will just need a time horizon T to adapt to any potential changes.
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We show, next, how adaptive pricing works and in section 5 we evaluate its performance in

simulations, comparing it with commonly used benchmarks.

Assume the grid operator broadcasts a priori non-optimized prices P ′
t , ∀t ∈ T, since

she has no information about the parameters α and β in the valuation function V (ct) =

α · c2t + β · ct. After broadcasting prices P ′
t , ∀t ∈ T, the grid operator observes an average

charging profile c′ = [c′1, ..., c
′
T ] in the EV owner population, which is not the desired profile

c∗ ̸= c′. In order to derive Proposition 2, the same assumptions as Proposition 1 (described

in section 3.3.1) hold.

Proposition 2. When the grid operator has no information about the parameters α and β of

the EV population’s valuation function V (ct) = α · c2t +β · ct, and only observes the average

charging demand c′ = [c′1, ..., c
′
T ] resulting from a priori non-optimized prices P ′

t , ∀t ∈ T,

the adaptive prices to induce an average desired profile c∗ are:

P1 − 2 · α̂ · c∗1 = ... = PT − 2 · α̂ · c∗T , (14)

where α̂ =

∑N
t=2

P ′
1−P ′

t
2·(c′1−c′t)

N−1 and N is the subset of T (N ⊆ T) that includes only the time

intervals t for which c′t ̸= 0: N = {t|c′t ̸=0}.

Appendix III shows the derivation of the adaptive prices based on learning from reactions

to a priori non-optimized prices. Adaptive prices are not optimal, however, they provide a

good approximation for setting the prices so that a desired profile is achieved. We compare

their performance against benchmarks and the optimal prices assuming perfect information

on the grid operator’s side.

4 Data Calibration

In order to assess the impact of our method in the grid, we calibrate it with real-word data.

We use the Netherlands as a setting for our tests; all calibration data sets originate from

this country. The data sets used include driving profiles of EV owners, different battery

and range specifications depending on the EV type a driver owns, as well as commonly used

pricing benchmarks.

4.1 Driving Profiles

Each EV owner’s driving profile includes the number of deadlines |d| throughout the day,

the timing of each deadline td ∈ d, the charging availability vector λ = [λ1, ..., λT ] over time

horizon T , the driving needs vector D = [D1, ..., DT ], as well as the expected electricity

Ed required to be charged by each deadline td. For the driving profile calibration, we use
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real-world data distributions from the Dutch Bureau of Statistics. 17 From these data

distributions we derive times of arrival and departure, different trips during the day per

customer and average distance per trip. An aggregation of 1000 driving profiles averaged

over a day is presented in Figure 5. We observe a morning peak until 10:00 and an afternoon

Figure 5: Driving demand (source: Central Bureau of Statistics, Netherlands)

peak starting from 13:00 and decreasing until 20:00, when most commuters have returned

home. This dataset contains urban driving data within the city, hence, we do not observe

long distance commutes. Finally, it includes both weekday and weekend commutes.

4.2 EV types

Different EVs have different battery sizes and require different time to be charged fully. In

our simulations, we assume different EV types as displayed in Table 218. Since the shares

of population that own each car are unknown, we draw from a distribution where Nissan

Leaf has a 40% probability of appearance and each Tesla model has a 20% probability of

appearance. These probabilities are chosen due to the fact that Nissan Leaf is a more

affordable car.

Table 2: EV types and battery specifications

Tesla S Nissan Leaf
Battery capacity (kWh) 40 60 85 30
Distance with full battery (km) 257.6 370.1 563.3 172.2
Charging time for full battery at low-speed charging (h) 12 17.5 23 7

4.3 Pricing Schemes - Benchmarks

Since the aim of this paper is to examine the effect of adaptive pricing in creating certain

desired demand profiles, we use currently used pricing schemes as benchmarks. These pricing

schemes are the most commonly used in electricity markets, and aim to induce different

demand patterns. First, we present EV charging results under the current pricing (flat

pricing) without the use of a smart charging DSS on the EV owner’s side. We obtained
17www.cbs.nl [Accessed 19 January 2020]
18The distance with full battery comes from the company’s specifications.
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charging demand data from the Netherlands during 2013, when the EV owners were paying

a flat tariff (per kWh) for charging their EVs. Second, we use two more advanced pricing

schemes, namely, time-of-use (TOU) and variable pricing.

In all our simulation experiments we assume that these prices are known to the EV

owners ahead of time19, as this is the current situation in the Netherlands, where our data

comes from. In other countries, such as USA, this assumption might not hold, as the EV

charging price might be the spot price, which is unknown ahead of time (Jiang and Powell

2016). However, to ensure coherence of our data and results we will assume the prices known

ahead of time T .

4.3.1 Flat pricing - NL data

This benchmark consists of data from the Netherlands during 2013. This data set includes

EV charging transactions starting from January 11th, 2013 to December 31st, 2013 (source:

charging infrastructure company). In total, it represents 1500 EV owners and 231,995

charging transactions with the grid. All these charging transactions took place under flat

pricing schemes, providing no incentives for the EV owners to optimize or shift EV charging

based on cost savings. The mean and standard deviation of the daily charging demand are

shown in the boxplot diagram of Figure 6. We see that most of the customers charge their

cars from 9:00 to 15:00, which indicates charging at work. Another peak occurs between

19:00 and 20:00 when they have returned home. This benchmark serves as our baseline,

reflecting the current EV charging situation. It does not assume any smart charging DSS

on the EV owners’ side. Instead, it reflects EV charging purely driven by convenience.

Figure 6: Mean EV charging demand and variability under flat pricing (steady state curve over
the period January 11th, 2013 - December 31st, 2013)

4.3.2 Time-of-use Pricing

Time-of-use (TOU) pricing is a form of tiered electricity pricing used by energy providers

to counter-incentivize consumption during part-peak or peak hours (Palensky and Dietrich

2011, Dong et al. 2017). This form of pricing is quite common for household consumption
19http://www.idolaad.com/shared-content/blog/rick-wolbertus/2016/charge-tarrifs.html [Accessed 19 January 2020]
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subscriptions but not as common for EV charging pricing. At the moment Pacific Gas and

Electric Company has implemented a TOU pricing scheme for EVs in the form of a three-

part tariff (Figure 7)20. We use this pricing scheme to run simulations, where EV owners

Figure 7: Time-of-use prices converted to EU currency (source: Pacific Gas and Electric Com-
pany)

are equipped with the presented smart charging DSS. We have converted the currency to

reflect European prices since all our data originate from the Netherlands. The converted

prices are: e0.38 for Peak [14:00-21:00], e0.20 for Part Peak [7:00-14:00] and [21:00-23:00],

and e0.10 for Off peak [23:00-7:00] (Figure 7).

4.3.3 Variable Pricing

One of the most advanced electricity pricing schemes are the variable pricing schemes,

also known as real-time pricing schemes (Palensky and Dietrich 2011, Märkle-Huß et al.

2018), which are effective in incentivizing electricity consumption when demand is low and

providing counter-incentives when demand is high. These pricing schemes reflect the ac-

tual matching between demand and supply and can have price rates which change every 1

hour (Märkle-Huß et al. 2018) or even 15 minutes.

Since there is no variable pricing scheme for EV charging in the current electricity market,

we construct a variable pricing scheme that reflects the matching of demand and supply in

the wholesale market. Through this pricing scheme, we aim to capture the availability of

supply in the electricity market. For this purpose, we use the European Power Exchange

(EPEX) SPOT clearing prices21 (Figure 8), in which the price variation indicates the energy

availability. Figure 8 depicts a typical daily price curve. In order to compare the outcome of

these schemes, they must bring the same revenue to the energy provider over a time period

T (revenue equivalent), therefore, we normalized the variable pricing scheme to give the

same daily average price per kWh as the TOU scheme. These prices serve as an example of

variable schemes, without loss of generality any other variable scheme could be used.
20https://www.pge.com/en_US/residential/rate-plans/rate-plan-options/electric-vehicle-base-plan/

electric-vehicle-base-plan.page [Accessed 19 January 2020]
21http://www.epexspot.com/en/ [Accessed 19 January 2020]
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Figure 8: Variable daily price curve (constructed using EPEX SPOT clearing prices)

5 Evaluation: Scenario Analysis

5.1 Simulation Environment

We build a simulation environment that approximates the conditions of an energy market

where EV owners have to purchase electricity to charge their EVs. Our simulation is based

on Power Trading Agent Competition (Power TAC) (Ketter et al. 2016a,b) software platform

which allows to implement large-scale smart grid simulations. In this simulation, we model

a grid operator broadcasting electricity prices and a population of EV owners, each of whom

is represented by a DSS. This DSS is responsible for deciding on the optimal EV charging

profile based on the utility maximization objective (Eq. (8)). In this simulation environment,

we use all aforementioned benchmarks and the theoretically optimal result in comparison

with adaptive pricing to evaluate its performance.

5.1.1 Simulation Parameter Calibration

We calibrate the parameters of our simulation as described below.

Charging infrastructure constraints: We assume that EV owners can charge at different

charging rates depending on the charging infrastructure: Level 1 (3.3-3.6 kW), which is the

lowest charging rate available by the infrastructure, Level 2 (7.2 kW), Level 3 (25 kW). Level

3 charging is often found as “fast charging” and it is typically available in public charging

poles. There are higher levels of charging not modeled in this paper as they are not available

in all locations.

Time discretization: We assume time granularity of ∆t = 1h. Any ∆t > 0 could be chosen

depending on the modeling assumptions.

Planning horizon: We assume pricing and planning horizons of T = 168h (weekly horizons).

Any other value can be chosen for T without loss of generality.

Simulation duration: For each reported result, we run the simulation for time 3 · T and we

report the results during time t ∈ {T, ..., 2 · T} so that we remove any starting or ending

effects of the simulation that might influence the results (Law and Kelton 2000).

DSS inputs: The DSS receives as input from the EV owner the following parameters: the
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number of deadlines |d| throughout the planning horizon T , the timing of each deadline

td ∈ d, the charging availability vector λ = [λ1, ..., λT ], the driving needs vector D =

[D1, ..., DT ], as well as the expected electricity Ed required to be charged by each deadline

td. Furthermore, the DSS receives Pt as broadcast by the grid operator over time horizon

T . These prices can be flat, TOU, variable or adaptive. Finally, the DSS infers each EV

owner’s valuation function V (ct) using the method presented in section 3.2.3.

DSS objective function: The DSS has as its objective to find the optimal charging vector

c′ = [c′1, ..., c
′
T ] that maximizes its expected utility U(ct) over T , subject to individual

constraints.

DSS output: The DSS returns to the grid the EV owner’s vector c′ = [c′1, ..., c
′
T ]. The grid

observes the aggregate EV charging demand coming from all EV owners in the population.

5.1.2 Evaluation Metrics

To quantify the effect of adaptive pricing, compared to flat, time-of-use and variable prices,

as well as the theoretically optimal result we use different metrics depending on the desired

outcome.

When a flat demand profile with low volatility is desirable, we use the peak-to-average

ratio (PAR) metric (PAR =
maxt∈T c′t

c′
rms

=
maxt∈T c′t√
1
T

∑T
t=1 c

′2
t

) and the absolute peak of the charging

demand maxt∈T c′t. PAR is also known as “crest factor” and indicates how extreme the

peaks in a waveform are. PAR reduction is important because much of the cost of energy

supply is driven by peak demand (Mohsenian-Rad et al. 2010, Liu et al. 2014). A PAR

value closer to 1 indicates low volatility. The absolute peak, maxt∈T c′t, is an indicator of

the extra infrastructure needed to accommodate peak demand. Therefore, we are interested

in methods that reduce the absolute peaks.

When a very volatile demand profile is desirable, matching for example the generation

pattern of a RES, the PAR and absolute peak metrics are not suitable, since they evaluate

the smoothness of a curve. Instead, we use the mean absolute percentage error as metric

to evaluate how close the induced profile is to the desired one: MAPE = 100
T

∑T
t=1 |

c∗t−c′t
c∗t

|,

where c′t is the observed charging.

5.2 Adaptive Pricing: Performance

To evaluate the performance of adaptive pricing, we examine its ability to induce certain

demand patterns. We compare this ability with the pricing benchmarks presented in section

4.3.

Typically, grid operators are interested in a flat demand profile, assuming that the supply

profile is also flat. In this way, there is high match between demand and supply and low risk
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of black or brown-outs in the grid. Therefore, we show, first, a scenario where the desired

charging profile is entirely flat c∗t = 1kWh ∀t ∈ T (Figure 9). This scenario represents

the current situation, i.e., what our mechanism can contribute currently to a sustainable

grid (row “Today” in Table 1). Figure 9 shows that adaptive pricing performed very well

in inducing a profile close to the ideal flat one. We compare this result (Table 3) with the

baseline scenario of EV charging under flat pricing shown in 4.3. However, the most reflective

comparison is the one with the perfect information scenario. We should mention that even

in the perfect information scenario, in which the grid operator has perfect knowledge about

the EV population’s valuation function, the resulting charging profile is not entirely flat,

due to individual deadlines and preferences that are unknown to the grid.

Figure 9: EV charging convergence to the desired charging profile c∗t = 1kWh ∀t ∈ T -
Benchmarking with the optimal charging under perfect information

Table 3 shows the evaluation metrics PAR and absolute peak for adaptive pricing, as

well as the theoretically optimal result under perfect information. PAR needs to be as close

as possible to 1, indicating a demand curve with low volatility and the absolute peak needs

to be as low as possible. We see that adaptive pricing induces a charging demand very close

to the desired profile and has much lower PAR and absolute peak than the current situation

in NL (flat pricing).

Table 3: PAR and absolute peak comparison

PAR Absolute peak (kWh)
Flat pricing - NL data 1.51 2.04
Adaptive pricing (desired profile c∗t = 1kWh ∀t ∈ T) 1.13 1.16
Average optimal charging (perfect information) 1.12 1.15

Besides entirely flat profiles, grid operators currently use TOU and variable pricing

schemes to induce profiles that complement pre-existing demand, such as household demand.

Therefore, the TOU and variable pricing schemes aim to create volatile demand profiles. We

show, next, how adaptive pricing performs, if it aims to create the same profile as the TOU

pricing scheme shown in section 4.3. These two scenarios still represent the current situation

(row “Today” in Table 1). The desired profiles, c∗, in the TOU and variable pricing cases

are not flat, instead they are aiming to complement some existing demand. Therefore, in
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the next comparisons, the MAPE metric will serve as an indicator for goodness of fit.

In Figure 10, we show a scenario where adaptive pricing has to induce demand as shown

in the desired demand profile c∗. This desired profile is in accordance to what a TOU pricing

would induce. We see, in Figure 10, that adaptive pricing is inducing a profile which is closer

to what TOU pricing would induce, and very close to what the optimal pricing under perfect

information would induce. To quantify this effect, we show the respective MAPE values

in Table 4. We see that adaptive pricing has a lower MAPE (MAPE 16.21%) compared

to TOU pricing (MAPE 20.21%) and a MAPE quite close to the optimal scenario under

perfect information (MAPE 13.79%). This result shows that even when adaptive pricing

has to induce non-flat demand, it can outperform currently used benchmarks, approaching

the theoretically optimal scenario.

Figure 10: EV charging convergence to the desired charging profile c∗ - Benchmarking with the
optimal charging under perfect information and TOU pricing

Table 4: MAPE comparison - Benchmarking with the optimal charging under perfect informa-
tion and TOU pricing

MAPE (%)
TOU pricing 20.21
Adaptive pricing (desired profile c∗ - in accordance to what TOU pricing would induce) 16.21
Average optimal charging (perfect information) 13.79

Next, we test adaptive pricing’s performance in inducing a demand pattern that a vari-

able pricing scheme would desire to induce. This profile, c∗, is volatile, aiming to complement

existing demand. This desired profile is shown in Figure 11, together with the demand cre-

ated by variable and adaptive pricing, and the optimal charging that would ideally take

place under perfect information. The quantified comparison in terms of MAPE is presented

in Table 5, where it is shown that adaptive pricing is creating a demand profile closer to

the desired one (MAPE 21.37%), compared to the variable pricing (MAPE 28.12%) and a

demand close to the one that would be theoretically optimal, if the grid operator had per-

fect information (MAPE 18.88%). In this result, the desired demand is more volatile than

before, being harder to be matched by the EV charging demand. Consistently with the

previous result, adaptive pricing is outperforming the currently used variable pricing, and

is approaching the theoretically optimal scenario, deviating by less than 2.5% of MAPE.
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Figure 11: EV charging convergence to the desired charging profile c∗ - Benchmarking with the
optimal charging under perfect information and variable pricing

Table 5: MAPE comparison - Benchmarking with the optimal charging under perfect informa-
tion and variable pricing

MAPE (%)
Variable pricing 28.12
Adaptive pricing (desired profile c∗ - in accordance to what variable pricing would induce) 21.37
Average optimal charging (perfect information) 18.88

However, when RES become broadly adopted as electricity supply sources, a demand

profile with higher volatility than the previous one would be required. The reason is that

many RES (such as wind turbines, photovoltaic panels, etc.) have volatile production pat-

terns - sometimes weather dependent, and therefore, they require a similarly volatile demand

pattern to ensure the reliable operation of the grid (Golari et al. 2017). Using adaptive pric-

ing, energy stakeholders can induce EV charging demand profiles of any shape, catering

to the needs of a grid with large RES adoption. This scenario is an example of the row

labeled “Tomorrow” in Table 1, and shows how our mechanism can facilitate a sustainable

EV transition coupled with high RES adoption.

To test adaptive pricing’s ability to induce any type of volatile demand profiles, we

run simulation scenarios in which the desired charging profile was drawn from a uniform

distribution c∗t ∼ U(0.1, 6), ∀t ∈ T. The number 0.1 is selected on the basis that a RES

has an output greater than 0, whereas the number 6 is randomly chosen. This approach

allows for benchmarking adaptive pricing against any randomly generated stochastic profile,

making our results generalizable to unpredictable generation profiles.

Due to the stochastic nature of the desired profile (c∗t ∼ U(0.1, 6), ∀t ∈ T), we run 100

simulation scenarios where c∗t ∼ U(0.1, 6), ∀t ∈ T. These simulation scenarios represent

rather volatile demand profiles and can serve as extreme evaluation cases, which are, typi-

cally, difficult to be matched with traditional TOU or variable pricing schemes. The daily

average of one of the 100 profiles (randomly selected) is depicted in Figure 12.

In Figure 12, the charging under adaptive pricing compared to the desired one has a

MAPE of 16.73%, whereas the charging under optimal prices assuming the grid operator

has perfect information about the population’s valuation function has a MAPE of 12.20%.
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Figure 12: EV charging convergence to a desired charging profile c∗t ∼ U(0.1, 6), ∀t ∈ T

This result shows that adaptive pricing can achieve results very close to the ones that a grid

operator would achieve, if she had perfect information, even when the desired demand is

extremely volatile.

We compute the average MAPE across all 100 simulation scenarios. Comparing the

average charging under adaptive pricing with the desired profile c∗, we get a MAPE in

the range [13.50%, 30.07%] with an average value of 20.84%, across 100 simulation runs.

Comparing the desired charging with the optimal charging under perfect information, we get

a MAPE in the range [9.69%, 24.67%] with an average value of 15.71% across 100 simulation

runs. The comparison of the two results is presented in the boxplot of Figure 13. The

difference between the two means is statistically significant, with a p-value of 2.96 · 10−19.

Figure 13: MAPE of the average charging under adaptive pricing compared to the average
desired profile c∗ and MAPE of the optimal charging compared to the average desired profile
c∗

Figure 13 shows that adaptive pricing is deviating on average by 20.84% from the desired

profile, compared to 15.71% that the charging would deviate from the desired, if the grid

operator had perfect information about the population’s decision function. This 15.71% is

attributed to all private deadlines td, charging requirements Ed, charging availability vectors

λλλ and all other private constraints that vary across individuals and cannot be captured by

the grid operator. This outcome indicates that adaptive pricing is performing very well in

inducing a profile not that far from the charging a grid operator would induce, if she had

perfect information about the exact valuation function of the EV population (theoretically

optimal scenario). The desired profiles, in these 100 simulation runs, are very volatile,

hence, quite difficult to be matched with any traditional TOU or variable pricing scheme.
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Therefore, adaptive pricing can be a useful tool for grid stakeholders toward creating volatile

EV charging demand.

In Appendix IV, we relax the previous quadratic valuation function assumption, and we

run all results without this assumption in place. We show that our results are robust even

if this assumption does not hold on the EV owner side.

6 Conclusions and Future Work

Electricity markets are complex and volatile environments, in which decisions must be made

fast in order for the grid to be stabilized. The addition of EVs in these fast-paced environ-

ments creates new challenges, since significant amounts of electricity demand need to be

managed to ensure grid stability. Energy policymakers are interested in ways to design

pricing schemes (price-based DR) that will re-distribute part of the peak demand in order

to alleviate the grid infrastructure and ensure its reliable operation. In this effort to set

the right pricing schemes, new peaks might be created at low-price periods. This effect is

expected to be amplified when EV owners adopt smart charging decision support, to assist

them with optimal charging decisions. Therefore, grid stakeholders such as grid operators

or energy providers can benefit from advanced pricing schemes that are able to smoothen

the demand or induce demand that approaches a desired profile.

We presented adaptive pricing, a method to learn from EV owners’ reactions to a priori

non-optimized prices and adjust the broadcast prices accordingly. We evaluated our results

in simulations, where we found that adaptive pricing outperforms the current electricity

pricing schemes, yielding results close to the theoretically optimal ones. We tested our

method in inducing both flat and extremely volatile demand profiles, and we saw that in

both cases it induces profiles close to the theoretical optimum under perfect information.

Specifically, our method achieved a PAR of 1.13, which indicates reduced volatility in the

EV charging demand. Furthermore, in very volatile demand scenarios, our method achieved

a demand profile deviating on average by 20.84% from the desirable one, while the best

achievable result given private constraints was deviating on average by 15.71%. Finally, we

showed that our method can yield robust results even when EV owners deviate from the

pre-assumed way of reacting to prices, making it preferable over currently used benchmarks.

Our method requires no prior knowledge about the EV population, as it can learn from

interactions with the EV owners. That makes it flexible and applicable to any EV popu-

lation. Furthermore, it supports grid stability and sustainability by inducing flat demand

profiles or profiles that follow RES generation patterns. Therefore, grid operators and energy

providers can benefit significantly in their effort to facilitate a sustainable EV transition.
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Specifically, grid operators can be assisted in planning grid capacity, so that demand and

supply are matched and the reliable operation of the grid is not threatened. In addition,

energy providers can integrate rather volatile RES in their generation portfolios without

risking high imbalance charges, being at the same time compliant with the emissions regu-

lations. Thus, adaptive pricing can be a useful incentive tool for grid stakeholders in their

effort to plan their operations more effectively under imperfect information scenarios.

In this work, we made some assumptions that if relaxed can open interesting pathways

for future research. First, we assumed that EV owners are represented by DSS assisting

them with their EV charging decisions. This assumption might not be the norm currently

in all EVs. In a scenario where such a DSS is not largely available, it might be that advanced

pricing schemes, such as adaptive pricing, do not reach their full potential as users do not

benefit the most from price variations, e.g., because of cognitive overload or lack of time.

However, even in such a scenario an improvement toward shaping the electricity demand

will take place. It would be interesting for future work to assess the level of maturity of

such technologies and draw a timeline from partial to full adoption. Such a timeline will

allow stakeholders to anticipate when advanced pricing schemes will be able to reach their

full potential, as well as evaluate the degree of improvement achieved on the way to full

adoption.

Moreover, we assumed quadratic EV charging valuation functions. Even though this

assumption has been made in the literature, and our results are shown to be robust to this

assumption (Appendix IV), there are other structural forms that could be considered. The

impact of this assumption is mainly reflected on the EV charging demand, as the valuation

function determines the EV driver response to prices (Limmer 2019). If this assumption

gets relaxed, adaptive pricing might not yield the best possible results, however, because

of its adaptive nature, some improvement will take place compared to the currently used

benchmarks. Future research can explore this assumption further by conducting a large-

scale data collection via interactions with EV owners and elicit the exact structural form of

this valuation function. In this way, future work could quantify precisely the responses of

EV owners and evaluate this assumption at a larger scale.

In addition, we assumed that our model receives the required inputs directly from the

EV owner. A future extension would be to learn these inputs progressively, using machine

learning. Finally, it would be valuable to electricity pricing literature and smart grid prac-

titioners to examine the effect of adaptive pricing within energy cooperatives which act

as groups of consumers with common objectives (Robu et al. 2012, Akasiadis and Chalki-

adakis 2017). In such cooperatives, matching EV charging with RES generation can create

significant energy and cost savings. Furthermore, relaxing the private valuation function
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assumption, EV owners can identify other owners with valuation functions matching their

coalition objectives and try to attract them in their coalition.
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