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Abstract. We present a novel information systems (IS)-enabled pricing artifact for variable-
rate electric vehicle (EV) charging that can facilitate a sustainable EV introduction. EVs can
significantly reduce carbon intensity in modern cities and address important sustainability
challenges. However, large-scale EV introduction is expected to increase electricity demand
peaks, threatening grid stability and reliability. Most proposed methods to coordinate EV
charging have shortcomings, such as the inability to guarantee incentive alignment between
grid and EV owner objectives, or avalanche effects, which might create new demand peaks
as EV owners receive the same price signals and make similar charging decisions. To
address this issue, we present a capacity-based pricing artifact that includes a dynamic,
charging-rate-based price component and a set of price-setting methods based on analytical
or computational heuristics. The proposed approach benefits from a variety of available
information in the environment and allows rational EV agents to optimize their own costs
through planning and scheduling in the presence of their individual charging needs and
constraints, while at the same time rebalancing the total charging demand to mitigate ava-
lanche effects in EV charging. The proposed artifact is highly effective in reducing demand
volatility or, alternatively, in achieving a desired match between the output of renewable
energy sources and overall charging demand. We demonstrate the benefits of the proposed
approach empirically, by comparing it to traditional, currently used pricing benchmarks in
several realistic scenarios. Our artifact supports grid operators in their effort to rebalance
the overall EV charging demand across time. Furthermore, the proposed approach enables
energy providers to maintain the overall revenues (i.e., to achieve rebalancing without
changing the total charging cost for the same energy needs), while respecting market-
imposed price constraints. Finally, energy market stakeholders can use our pricing scheme
to induce demand profiles that follow renewable generation patterns, maximizing renew-
able usage and reducing inefficiencies in renewable energy utilization by the grid.
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1. Introduction

reduce carbon intensity in transportation systems (Inter-

Modern cities are being transformed into smart environ-
ments where large volumes of data are being produced
and transmitted (Ismagilova et al. 2019). One of the
necessities in smart cities is to reduce carbon intensity
and increase availability of transport to citizens (Brandt
et al. 2018b). Electric vehicles (EVs) are becoming popular
in smart cities because they have potential to significantly
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national Energy Agency 2017, Wu et al. 2019). The Paris
Declaration on Electro-Mobility and Climate Change
has set a target of 100 million EVs by 2030 (United
Nations Framework Convention on Climate Change
2015), whereas the global number of EVs grew by 108%
in 2021, surpassing 11 million worldwide (International
Energy Agency 2021). However, large-scale introduction
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of EVs into current electricity grids will pose important
stability challenges that information systems (IS) research
can address (Ketter et al. 2023).

Current electricity grids are not designed to support
the load of large numbers of EVs charging their batteries
during the early evening hours (Verzijlbergh et al. 2012),
when electricity demand typically peaks because of
energy-intensive household activities like cooking and
cleaning (Ipakchi and Albuyeh 2009). EV chargers are
the highest-power electrical load in most households,
and they normally run for extended periods. Traditional
approaches to address this challenge are either investing
in additional grid infrastructure (copper cables, etc.) to
accommodate the extra peak demand coming from EVs
(International Energy Agency 2017) or offering lower
energy prices in exchange for allowing the grid operator
to disable chargers during high-demand periods. Solv-
ing this problem through grid upgrades is very costly”
and unsustainable (Watson et al. 2010), as the additional
peak demand would almost certainly require installa-
tion of large numbers of new peak load generation
units, such as low-efficiency fast-response gas turbines.

Current solutions to address the EV charging coordi-
nation challenge have shortcomings, mostly rooted in
their inability to achieve incentive alignment between
grid operators and electricity customers, often resulting
in avalanche effects. An avalanche effect is the phenome-
non of having similar customer responses to variable
pricing schemes, creating congestion and new peaks in
electricity demand during the low-price periods. This
avalanche effect has been observed in the electricity
pricing and EV charging literature (Gottwalt et al. 2011,
Dallinger and Wietschel 2012, Krause et al. 2015, Akasia-
dis and Chalkiadakis 2016, Ensslen et al. 2018, Valo-
gianni et al. 2020) as well as real-world pricing pilots
(Schey et al. 2012), and can exacerbate demand peaks
instead of alleviating them.

The advancement of technological solutions in elec-
tricity markets is converting electricity markets into
smart markets where computational intelligence can
support humans in making more informed decisions
(Bichler et al. 2010). Leveraging this “smartness,” we
respond to the calls in the IS literature for designing
smart market decision support (Bichler et al. 2010, Isma-
gilova et al. 2019, Ketter et al. 2020) by introducing an
IS-enabled pricing solution that can coordinate EV
charging in a way that minimizes stress on the electrical
grid and makes the best use of available renewable
energy. The proposed pricing scheme leverages cus-
tomer self-interest to induce desired demand profiles
with low computational complexity, while meeting rev-
enue targets and requiring only one-way communica-
tion of price parameters from energy supplier to
participating EV chargers. The proposed approach does
not put specific restrictions on the desired demand pro-
files; for example, they can be flat, matching a predicted

energy generation pattern, etc.’ In particular, we pro-
pose a pricing mechanism in which energy (kWh) prices
have a component that is a function of charging rate or
power (kW). This pricing mechanism lies at the core of
the proposed solution. In the rest of this paper, we use
the term capacity-based pricing (CBP) to refer to this
charging-rate-based approach, because the rate at which
an EV charger consumes electricity determines the grid
capacity that will be utilized for this charging (Nicholas
and Hall 2018). In other words, the EV charging rate is
directly associated with the grid capacity, which is an
important determinant in the grid stakeholders’ and
policy makers’ efforts to prevent grid disruptions, such
as blackouts (Leemput et al. 2015). Importantly, we use
capacity-based pricing in combination with information
available in smart electricity markets to propose a set of
price-setting methods (based on analytical and compu-
tational heuristics) that satisfy stakeholder objectives,
outperforming well-established benchmarks and induc-
ing near-optimal outcomes with low computational
complexity. From the design science research perspec-
tive, our study can be considered as an example of the
“Improvement” category, defined by Gregor and Hev-
ner (2013) as contributions that develop new solutions
for known problems. Our solution aims to overcome
existing limitations, such as grid-balancing challenges
due to avalanche effects exhibited by a number of
benchmark approaches, advancing the solution matu-
rity via novel designs and efficient computational,
data-driven capabilities. We also provide an extensive
evaluation of our artifact in a simulation environment
calibrated with real-world data, measuring its impact
based on predefined, domain-relevant metrics (Peffers
etal. 2007, Venable et al. 2016).

The proposed approach offers several advantages to
stakeholders. In particular, grid operators can benefit by
reducing demand peaks and maintaining uninterrupted
functionality of the grid. Most importantly, depending
on the information available and the level of temporal
granularity required, the proposed solution offers suit-
able options to satisfy grid operators” objectives. At the
same time, policy makers interested in sustainability
may use our solution to shape demand to better match
the output of renewable sources, so that their renewable
capacity investment becomes more cost-effective (Hu
et al. 2015). Consequently, our work can help increase
societal sustainability in two ways. First, it can help
facilitate large-scale adoption of EVs (Fridgen et al.
2014a), which is essential for reducing our collective car-
bon footprint as called for in the UN Paris Agreement
(United Nations Framework Convention on Climate
Change 2015). Second, it can reduce the need for addi-
tional grid capacity which is costly and unsustainable
(Watson et al. 2010).

As a result, the contribution of this work, in addition
to smart markets and smart cities literature (Bichler et al.
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2010; Ketter et al. 2016a, 2020; Ismagilova et al. 2019),
lies in Green IS, a growing area of IS that aims for sus-
tainable environmental impact through the use of infor-
mation systems (Melville 2010, Watson et al. 2010,
Loock et al. 2013, Malhotra et al. 2013, Seidel et al. 2013,
Ketter et al. 2016b, Loeser et al. 2017, Brendel et al. 2018).
According to the main principles of Green IS, the use of
information systems can lead to more efficient energy
consumption, and IS researchers can be leaders in this
effort (Watson et al. 2010). Aligning with this key Green
IS objective, we design an artifact (a pricing scheme
and price-setting heuristics) that benefits from informa-
tion available to the stakeholders, and with minimal
intervention and low computational complexity can
induce EV charging behavior that is more favorable
for the grid. Supporting the grid and facilitating renew-
able source integration lead to more efficient energy
consumption and achieve a positive impact on the
environment.

To illustrate this, we follow and adapt the Green IS
framework proposed by Watson et al. (2010) to our spe-
cific problem setting, as shown in Figure 1. The figure
summarizes how, in addition to the central piece—a
novel capacity-based pricing scheme that is capable of
providing the advantageous coordination between
energy providers and consumers—the proposed solu-
tion is supported by two additional key IS-based ele-
ments. On the energy provision side, the proposed
solution provides analytical as well as computational,
data-driven price-setting heuristics, which strive to sat-
isfy the eco-objectives of the grid stakeholders and are
able to achieve near-optimal results with very low com-
putational complexity. On the energy consumption
side, the proposed solution relies on the presence and
abilities of intelligent software agents that can facilitate
the charging behavior that ensures the satisfaction of the
consumer objectives and preferences.

2. Background

2.1. Green IS and Smart Sustainable Mobility
Green IS (Melville 2010, Watson et al. 2010, Loock et al.
2013, Malhotra et al. 2013, Seidel et al. 2013, Ketter et al.
2016b, Loeser et al. 2017) is a subfield of IS that deals
with the role of IS in improving environmental sustain-
ability. The Green IS research umbrella spans both theo-
retical and empirical studies, having as a common
objective the use of information technology (IT) to
improve societal sustainability or to establish sustain-
ability as a core principle for firms and business pro-
cesses (Dao et al. 2011). Our work responds to the call
for designing smart sustainable mobility artifacts
leveraging the unique position of the IS discipline at the
intersection of the physical and digital layers of smart
grids (Ketter et al. 2023). Following Ketter et al. (2023),
the proposed approach addresses the research opportu-
nity “Design of Mobility Demand Response Incentives
and Nudging Strategies,” and our contribution falls into
their specific research question “How should effective
mobility demand response interventions be designed
to steer user behavior in a system-beneficial manner (e.g.,
via time-shifting)?” Methodologically, we employ design
science approaches to create incentives that are able to
“elicit certain charging behaviors” in the context of EV
charging. Following the research directions advocated by
Melville (2010), the main affordances (Seidel et al. 2013)
of our artifact relate to mitigating peak demand resulting
from EV charging and, consequently, supporting grid
stability and increasing sustainability levels, by reducing
the need for additional infrastructure or increasing the
use of renewable energy (Dedrick 2010). Similar IS arti-
facts have been proposed in other contexts such as micro-
grids (Brandt et al. 2014), smart homes (Brandt et al. 2013,
Valogianni et al. 2014), carbon management systems
(Corbett 2013), or energy demand side management
(Gottwalt et al. 2011, Fridgen et al. 2014b).

Figure 1. Green IS Framework of This Study (Following Watson et al. 2010)

Energy Provision Energy Consumption
Stakeholders Stakeholders
T — — — — — — — —
j 1
A : IS-enabled solution 1 Consumers (EV
sustainability policy I . 1 drivers)
makers I Analy(filcal : Intelligent |1
L ant " Capacng- sacai (.
Goals: I comlpu.'a 1= = based pricing 1 jepresenting |! Goals: .
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In the context of EVs, Green IS research has examined
different aspects of increasing sustainability levels, simi-
larly to our work. For example, Brandt et al. (2018a) pre-
sent an IS framework to discover synergies between
EVs and renewable sources so that the grid benefits and
sustainability levels increase. Another example is the
work by Klor et al. (2018) that presents a decision sup-
port system (DSS) which facilitates repurposing of EV
batteries, contributing to the conservation of raw
materials—a crucial determinant of sustainability. A
number of related issues have been explored in the
Green IS literature with the goal of increasing sustain-
ability (Benitez-Amado and Walczuch 2012; Seidel et al.
2013; Ketter et al. 2016b, 2018; Rieger et al. 2016; Loeser
et al. 2017). Taking a more general perspective, vom
Brocke et al. (2013) propose new directives for the IS dis-
cipline in establishing sustainability as the main princi-
ple in the way businesses operate. We respond to this
call, demonstrating how the design of artifacts can con-
tribute to solving sustainability problems (e.g., increas-
ing the use of renewable sources and mitigating the
need for additional grid infrastructure), outperforming
current solutions and opening new paths for Green IS.

2.2. EV Charging Coordination

Our objective is a more flexible EV charging coordina-
tion mechanism that overcomes current shortcomings.
EV charging coordination mechanisms can be catego-
rized as centralized (top-down) or decentralized (bottom-
up). Top-down coordination mechanisms typically have
a global objective, such as reducing overall demand
peaks in the grid (Papadopoulos et al. 2013, Vandael et al.
2013, Hu et al. 2014). They might vary with respect to the
type of the grid operator’s objective function and the
means by which they exert control over individual
charging units. One category of centralized mechanisms
focuses on preventing grid congestion,* potentially com-
pensating users for inconveniences caused (Papadopou-
los et al. 2013, Vandael et al. 2013, Hu et al. 2014,
Hajforoosh et al. 2015, Masoum et al. 2015, Jiang and
Powell 2016). In general, preventing congestion is equiv-
alent to managing peak demand within the capacity
constraints of the grid or its segments. Another category
of congestion prevention or reduction approaches is
focused on providing incentives so that the overall
demand peaks are reduced (Mocci et al. 2014, Zhang et al.
2015, Hafez and Bhattacharya 2016, Yao et al. 2017). Pric-
ing mechanisms can be used as signals to electricity cus-
tomers (Li 2007, Flath et al. 2013, Hu et al. 2016b, Kim
and Giannakis 2016) to shape electricity demand. Auc-
tion mechanisms for EV charging (Gerding et al. 2011,
De Craemer et al. 2014, Stein et al. 2017, Kahlen et al.
2018) are another type of centralized coordination. See
Section 2.3 for a more detailed literature review on pric-
ing mechanisms for EV charging.

Furthermore, centralized EV charging coordination
has been proposed to regulate important grid stability
and reliability parameters, such as the grid frequency
and voltage (Wen et al. 2012, Gan et al. 2013, Zhong et al.
2014, Liu et al. 2016a, Tan and Wang 2016). A major ben-
efit of top-down coordination mechanisms is that they
can easily satisfy the constraints imposed by the grid
manager, leading to a balanced system. However, there
are significant shortcomings. The most important chal-
lenge is that many of these approaches require the coor-
dinator to exogenously control EV chargers (Hu et al.
2016a),” potentially violating the EV driver’s preferences
and leading to inconvenience and loss of autonomy. In
general, there is no reason to expect a global objective to
align with the preferences of individual EV drivers. Fur-
thermore, the majority of these mechanisms require
direct control of EV chargers, which could also mean
significant investment in communication and control
infrastructure (Hu et al. 2016a).

Bottom-up mechanisms focus on individual custo-
mers, aiming to satisfy local objectives, such as minimiz-
ing electricity cost, and, if widely adopted, can affect the
overall demand profile on the grid (Li 2007, Flath et al.
2013). These mechanisms typically do not violate indi-
vidual preferences, but there is no guarantee that the
individual objectives are aligned with the grid’s global
objective. One category of decentralized mechanisms is
cooperative mechanisms, which assume that the EV
customers are cooperating, trying to satisfy their own
objectives but also to achieve an overall community
objective (Akasiadis and Chalkiadakis 2016, Rieger et al.
2016, Robu et al. 2016). Other coordination mechanisms
attempt to reduce peak load or offer regulation services
(Beaude et al. 2013, Zhang et al. 2014, D'hulst et al. 2015).
Grid operators may also attempt to use prices to influence
EV charging decisions (Fridgen et al. 2014b), but because
the same price signals are provided to all customers, their
EV charging schedules are likely to be correlated. Specifi-
cally, if EV agents are cost-minimizers, they will shift their
demand to the cheapest time periods, creating new
peaks—that is, resulting in avalanche effects.

Such avalanche effects have been identified in the lit-
erature (Gottwalt et al. 2011, Dallinger and Wietschel
2012, Schey et al. 2012, Krause et al. 2015, Akasiadis and
Chalkiadakis 2016, Ensslen et al. 2018, Wu et al. 2019,
Valogianni et al. 2020), and there have been some
attempts to mitigate them via blockchain architectures
(Akasiadis and Chalkiadakis 2016) or via an intermedi-
ary between the grid and EV drivers that controls the
charging (Ensslen et al. 2018). In addition, Wu et al.
(2022) present an iterative smart charging method that
aims at scheduling EV charging to meet an exogenous
demand, while respecting private delay sensitivity con-
straints. Valogianni et al. (2020) present an adaptive
pricing method that observes the EV driver reactions to
broadcast prices and adjusts the prices accordingly.
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However, these solutions are computationally more
complex or require access to more information, com-
pared with the approach we describe in this work. The
proposed approach combines the decentralized deci-
sion making on the rational, self-interested EV owner
side with a central coordination party that aims to
induce a desired aggregate charging profile, mitigating
the shortcomings that arise in purely centralized or
purely decentralized mechanisms; for example, our arti-
fact does not violate consumer preferences or con-
straints (neither attempts to change them) and at the
same time is able to mitigate the avalanche effects. In
addition, our approach—with its ability to perform well
without many iterations—can adapt faster to rapidly
changing, real-world environments.

2.3. Pricing Mechanisms for EV Charging

Pricing is one of the most popular methods used to coor-
dinate EV charging toward certain objectives, such as
grid balancing. Here, we provide an overview of differ-
ent pricing mechanisms that are used for EV charging.
We examine the advanced pricing mechanisms that aim
to alleviate peaks in the demand, omitting the static
time-of-use or flat pricing approaches. For an extensive
review on pricing for EV charging, refer to the work by
Limmer (2019).

First, we discuss the related work that assumes a
form of iterative learning in order to adjust the EV prices
advantageously for the grid and EV drivers. For exam-
ple, Alizadeh et al. (2016) propose the use of conven-
tional electricity prices (specified in monetary units/
kWh) adjusted with a “congestion factor” to coordinate
EV charging. Their approach, while being effective,
appears to be quite computationally intensive, requiring
multiple iterations to achieve its full potential. In this
stream of work, a popular approach is the use of tradi-
tional energy prices (monetary units/kWh) to coordi-
nate EV charging, in combination with reinforcement
learning methods or genetic algorithms (GAs) to better
adapt these prices to the population they are targeting
(Limmer and Rodemann 2019, Fang et al. 2020, Gong
et al. 2020, Moghaddam et al. 2020, Rasheed et al. 2020,
Li et al. 2023). Although such approaches can be effec-
tive, they, again, require a number of iterations for GAs
to converge to the optimal policy. In a similar vein, sev-
eral studies propose the adjustment of time-of-use prices
using either GAs or other greedy heuristics (Tucker and
Alizadeh 2018, Xu et al. 2020, Liang et al. 2023). Such
heuristics might need between 20 and 100 days (itera-
tions) to converge to the desired prices, making them
more practically challenging. Lee and Choi (2021), Liu
et al. (2021), and Wang et al. (2022) propose different
deep reinforcement learning methods to learn and adjust
real-time prices for EV charging scheduling. As before,
such an approach requires substantial computational
resources to be trained and converge to the desired

outcome. Mrkos et al. (2018) and Huang et al. (2023)
devise Markov Decision Processes (MDP)-based strate-
gies to iteratively shape electricity prices so that grid and
EV owner objectives are matched. Along the lines of the
work discussed in this paragraph, these iterative pro-
cesses increase computational complexity and do not
allow for instantaneous decision making. For a more
complete view of the use of different machine learning
techniques to adjust EV charging prices, we direct the
reader to the work by Fescioglu-Unver and Aktas (2023).
Second, we discuss academic literature that makes
assumptions about the EV owners’ price responsiveness
in order to optimally set EV charging prices. For
example, Soltani et al. (2015) assume the adjustment of
electricity prices for EV charging based on the respon-
siveness of EV owners to the prices. As a result, such a
pricing mechanism proposes an iterative learning com-
ponent that can be computationally intensive. Lin et al.
(2021) propose the use of a sigmoid function with
adjustable parameters, as a proxy for price elasticity,
combined with electricity prices to coordinate EV charg-
ing. However, similarly to previous approaches, it
requires Particle Swarm Optimization methods to deter-
mine the optimal parameterization, leading once more
to higher computational complexity. Yoon et al. (2015)
and Dai et al. (2021) make some assumptions about the
utility function of EV owners and, using iterative games,
try to get to optimal electricity prices that satisfy grid
and EV objectives at the same time. Zhang et al. (2020)
propose a dynamic version of time-of-use pricing that
gets adjusted based on an assumed degree of EV dri-
ver’s satisfaction. Santoyo et al. (2023) assume an impa-
tience factor and other characteristics of user behavior
in order to set prices for different levels of EV charging.
However, in all cases, such prices are static and depend
on the user behavior assumptions. In summary, we
observe that this stream of literature requires some sub-
stantial specific assumptions about the way consumers
respond, in addition to cost-minimization objectives.
Third, we examine the related work that deals with
different types of pricing structures to coordinate EV
charging. For instance, Yan et al. (2014) present a multi-
tiered real-time pricing mechanism to coordinate EV
charging. This method adjusts the prices during differ-
ent times of the day based on the existing grid conges-
tion. While being effective in mitigating peak demand,
such a pricing method is not flexible enough to induce
demand profiles of an arbitrary shape. In a similar way,
Xiong et al. (2016) propose a congestion component
added onto the existing electricity prices and, using
game theory, they iteratively get to the optimal prices.
Such an approach computes the prices faster, yet it still
requires iterative processes to converge to the optimal
outcome. Along similar lines, Zanvettor et al. (2022) pre-
sent a pricing algorithm that adjusts the selling price of
electricity for EV charging using an iterative algorithm.
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This algorithm requires approximately 20 iterations to
yield the optimal policy. Hu et al. (2016b) present a pric-
ing mechanism to fill “valleys” in the electricity demand
faced by the grid. This mechanism operates in an iterative
fashion, but it is only suitable for flat demand profiles.

A special subcategory of pricing structures for EV
charging is locational marginal pricing approaches.
Such approaches are powerful in balancing the grid by
setting prices depending on the grid congestion in each
location. Different variations of locational marginal pric-
ing have been proposed in the literature (Flath et al.
2013, Li et al. 2014, Liu et al. 2016b, Canizes et al. 2019),
but their main objective is to induce flat demand pro-
files, without having the flexibility to induce profiles of
an arbitrary shape with low computational complexity.

In summary, the existing literature has made progress
on using conventional energy prices for grid-balancing
objectives by restricting the problem/solution settings
in the following ways: (a) relying on the presence of a
substantial iterative/learning component that helps the
prices converge to an optimum that satisfies grid objec-
tives; (b) assuming certain behavioral characteristics of
EV owners besides their rational, cost-minimization
objectives; (c) assuming the desired demand profiles are
flat or of certain (highly restricted) type. Our work
addresses these challenges by offering a different pric-
ing artifact that does not require numerous, time-
consuming learning iterations or extra knowledge about
the reaction of EV owners to prices. As such, one of the
key benefits of our approach is that it is able to adapt
quickly to rapidly changing real-world environments.
In addition, our artifact is able to induce any form of
demand profile and balance the revenues associated
with the broadcast prices. One core component of the
proposed mechanism is the capacity-based pricing. We
design our capacity-based pricing approach by building
on general nonlinear pricing ideas introduced in the lit-
erature (Schweppe et al. 1988, Gottwalt 2015), and pro-
vide further contributions by systematically examining
the theoretical properties and price-setting mechanisms
of such an approach. In particular, we derive the condi-
tions for inducing a desired profile and meeting revenue
targets using the proposed pricing. As such, our work
proposes a comprehensive IS-based artifact that (i) uses
analytical price-setting heuristics derived by under-
standing certain theoretical properties of the proposed
pricing mechanism; (ii) uses computational price-setting
heuristics to leverage the observed charging behavior to
further improve grid-balancing outcomes; and (iii) pro-
vides built-in revenue balancing capabilities, an impor-
tant component that makes the proposed pricing scheme
adaptable to various real-world economic environments.
We extensively evaluate our mechanism in diverse sce-
narios using a simulation calibrated with real-world
data. We demonstrate that our approach substantially
outperforms a set of representative benchmarks from

prior literature. The benefits of our mechanism rely on
the highly advantageous price parameterization offered
by our analytical and computational heuristics, which
represent a key differentiating factor. We also show that
our method retains its significant advantages even in sce-
narios with less “rational” (i.e., less planning-oriented)
populations.

3. Proposed Approach: Capacity-Based
Pricing

We adopt the viewpoint of a smart grid operator or
energy provider who would like to reshape existing elec-
tricity demand over time toward a desired profile (e.g.,
to ensure grid reliability), such as a flat demand profile
or a production pattern of a renewable source. This is
known as load balancing (or grid balancing) and is a key
goal of grid operators (Freitas and Brito 2019, Al-
Ghussain et al. 2021). One common approach toward
achieving this goal is for the grid operators to use price
signals to communicate with EV owners and incentivize
desired consumption behavior. We follow the pricing-
based idea, and our problem setting involves two types
of participants:

1. A smart grid operator who wants to manage
capacity investment by redistributing peak demand or
who wants to reshape existing demand over a specific
time horizon (e.g., a day or a week) to follow the gener-
ation profile of renewable sources, while meeting a rev-
enue target, and

2. EV owners who receive price signals and modify
their EV charging to satisfy their preferences, including
minimizing cost and the risk of running out of battery
charge.

One of the key components of the proposed
IS-enabled pricing solution is the presence of the intelli-
gent agents (Wooldridge and Jennings 1995), which are
software agents representing EV owners and to which
EV charging-related tasks can be effectively and reliably
delegated. Such agents can be installed on the user’s
mobile device (similar to the ones presented by NewMo-
tion,® Enel,” or Enecos) or even be part of the EV’s inter-
nal charging controller. Moreover, intelligent agents can
help optimize EV charging based on EV owners’ prefer-
ences (Faruqui et al. 2011, Guo et al. 2014, Zhou et al.
2020, Das et al. 2021, Lagomarsino et al. 2022, Liu and
Zhou 2022), such as expected driving needs/distances
during the day as well as available times for charging.
This input can be provided directly by the owner via
some user interface or potentially learned by the agent
directly from prior EV driving and charging activities.

3.1. Smart Grid Manager’s Objective

A grid operator or smart grid manager’ desires to
achieve a match between demand and supply and pre-
vent blackouts. It acts by broadcasting price signals to
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EV agents for a future horizon T € Z* (e.g., 24 h or 7
days), with T={1,..., T}, to achieve a desired demand
profile D = [D;,...,Dr]. The time horizon T is discre-
tized to time intervals t € T that can have any size 6 # 0
(e.g., one hour) to meet the problem modeling needs (as
small or large as required by the problem context)."’
Prices are broadcast to EV owners in the beginning of
time horizon T and cover the whole planning horizon of
the EV agent. At the end of the time horizon T, the prices
can be adjusted by the grid operator and broadcast for
the next horizon T.

The grid operator is represented by a control agent.
Figure 2 provides an overview of the decision environ-
ment of the control agent (grid operator). The lightly
shaded area indicates that the grid operator has no
access to individual EV owner preferences or individual
charging profiles. In other words, the grid operator is
able to observe the EV agents’ aggregate demand D° =
[Dg,...,D%] as well as the overall EV charging need ® =

ST, D¢ over time horizon T. The goal of the grid opera-
tor is to reshape this charging need @ into the desired
profile D = [Dy, ..., Dr]. Desired profile D can have any
shape that satisfies the grid operator objectives, as long

as it also satisfies ® = .1, D;. The latter formulation
means that the same amount of electricity required by the
EV agents is redistributed in a different way.

Figure 3 provides an overview of the decision envi-
ronment of each individual EV agent, which receives
price signals and decides about EV charging based on
satisfying individual preferences and objectives. The
lightly shaded areas in this figure indicate parts that EV
owners do not have access to, such as the aggregate EV
charging demand, which is only observed by the grid
operator, or the individual charging demand profiles of
other EV agents in the population. Online Appendix A
presents a summary of the notation used throughout
the paper. An exemplary outcome using this coordina-
tion mechanism is depicted in Online Appendix B.

3.2. Smart Grid Manager’s Price-Setting
Approach

The grid manager’s agent (control agent) broadcasts

prices for each time period t over some time horizon T

Figure 2. Grid Operator’s Decision Environment

(1) Broadcast pricing schemes

(2) Observe aggregate EV
charging demand profile

Smart Grid Operator

to all EV agents, aiming at a desired demand profile. In
other words, the broadcast prices are the same to the
entire EV population (i.e., there is no price discrimina-
tion), although they can vary across time and, most
importantly, they may also depend on the charging rate
chosen by the consumer (e.g., EV agent). The charging-
rate-based price component represents one of the key
innovations of this study, as it allows mitigation of the
avalanche effects (i.e., rational self-interested agents
always charging the most when the traditional, static
prices are lowest), as will be shown in Section 4. We pro-
pose the following formulation for electricity prices (in
monetary units per kWh), which we call capacity-based
pricing:11

Py(r)=Po;+ a1, 1)

where Py(r) is the rate-dependent electricity price in
monetary units per electricity unit (e.g., $/kWh) for
time period ¢, and r is the EV agent’s chosen charging
rate (power consumption). Parameter Py ; represents a
price component that is independent of the charging
rate. We assume Py ; to be specified exogenously. One
possible value for Py ; is the wholesale electricity value
at t. Another possible value for Py ; is a constant value
Py over time which ensures that the supply-side costs
are always covered.

Term a; - r is the variable component in our proposed
pricing scheme and depends on the charging rate r that
an EV agent selects based on her needs and preferences.
The rate at which an EV agent is charging determines
the grid capacity required to cover this load. Thus, we
include a capacity charge in the pricing scheme (i.e., pre-
mium for charging rate used), transferring the cost of
capacity to the EV customer who is using it. Grid man-
agers are concerned about grid capacity, and this
approach allows them to incentivize customers not to
overload existing grid infrastructure. With our formula-
tion, an EV agent that uses more grid capacity (i.e.,
charges at a higher rate) pays a higher price per electric-
ity unit.

The parameter «; is the slope of the price curve with
respect to charging rate. It is defined by the grid

Figure 3. EV Agent’s Decision Environment
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operator for each time interval t and serves as a steering
parameter (decision variable), which allows the grid
manager to induce a certain demand profile. The control
agent’s goal is to determine the value of a; for each interval
t, that is, to determine the vector a« = [a1,...,ar] that
will induce the desired aggregate demand profile.
Naturally, the ability to calculate the optimal value of «
depends not only on the desired profile D = [D;, ..., Dr]
but also requires some understanding of the EV popula-
tion as well as how this population would respond to
capacity-based pricing. Thus, for completeness, in the
next subsection we briefly overview the key considera-
tions of individual EV charging agents.

3.3. EV Agents’ Decision Environment
Let I={1,...,I} represent a set of self-interested EV
agents (representing their owners’ preferences) that
wish to minimize energy cost over time horizon T € Z*;
that is, I denotes EV agents in the grid operator’s portfo-
lio. Each EV owner i €1 has a set of individual prefer-
ences O = {Ai,fl)i, B,E'}.'* This set includes tuple
A’ =(di,...,d}) of driving deadlines, which correspond
to points in time (d,_, < d;) over horizon T. Each
deadline d’, coincides with the end of a time interval of
duration 6. Before each deadline d, the EV owner
requires a minimum amount of energy ¢’ from tuple
= (@%,...,¢}). These deadlines represent times that
the EV owner needs to depart or certain times during
the day that she requires at least this amount of charge.
This energy ¢’ is expected to be consumed on all (i.e.,
planned and spontaneous) driving until the next dead-
line d’ . Thus, the amount of energy ¢!, has to be equal
to or greater than the amount spent on actual driving till
the next deadline. The number of deadlines (i.e., |A’|) as
well as the timing of each deadline can vary across EV
owners.

Furthermore, each EV owner has certain charging
availability during time horizon T. This availability
means that either she is close to a home plug or close to
a charging pole (e.g., on work premises) and available
for charging. We model this charging availability at any
time interval t € T as a binary variable g € {0, 1}. Thus,
each EV owner i € I has her own EV charging availabil-
ity vector B’ =[], ..., p;]. Finally, each EV uses some
energy whlle being driven. This expected driving might
include spontaneous driving as well, which was not
foreseen by the EV driver in advance. We denote as E!
the amount of energy actually spent during driving.
The vector E'=[E!,...,E}] contains nonzero values
only when the EV owner is driving and, consequently,
is not available for charging (i.e., Ei #0 only when
i =0). When the EV is available for charging (8! = 1),
the energy value E; for this time  is zero.

A graphical illustration of the EV agent’s decision
space over time is presented in Figure 4. Figure 4 shows
that an EV agent i with charging requirements ¢’ _; by

deadline d’,_; and ¢! by deadline d’, spends electricity
E| during t =1 and E} during ¢ = 3 for driving. During
these times, the agent is not available for charging
(B, = 0 and B} = 0). Therefore, the agent needs to charge
as much electricity as is needed to compensate for the
amounts of energy spent for driving E}, Eg, so that by
deadline d!, ,, the battery contains energy ¢! ,, and by
d:,, it contains ¢ .

For each EV agent i, the energy cost over T (denoted
as C') is the sum of individual costs for each t:

T T
=Y c=> e-Pi), 2
t=1 t=1

where ¢! is the cost of energy consumed during time ¢, e}
is the amount of energy consumed by each EV agent i
during the interval ¢, and Pi(-) is the (possibly rate-
dependent) price of energy during this time. If we
assume time intervals of equal duration 6 #0 and
charging at a constant power rate r, in kW within time
interval ¢, then el = 71 - . The objective of each EV agent
i € Lis, then, to find the charging profile r* = [r}, ..., 1
that minimizes cost over T:

r —argmert 0 Py(-) 3)

=
subject to two constraints. The first constraint is
0<7, <Pl -ty VtET, 4)

where 7y, is the highest allowable rate, which can vary
depending on charging infrastructure. The rightmost
inequality of (4) ensures that the EV can be charging
only whenever it is available for charging (when g = 1).
Furthermore, the EV agent needs to ensure a minimum
energy content @', before the EV owner unplugs the car
for driving (before each deadline d',). We define as SoC;,
the battery’s state of charge before each deadline d’,.
This state of charge should be equal to or greater than
the minimum energy content ¢’ : SoC’, > ¢!, Vd!, € A",
The state of charge before each deadhne di is defmed
as SoC, = SoCi_y + 3" ri -5 — 3% Ei, where SoCiq is
the battery’s state of charge before the time horizon
starts (when f =0). This can be assumed zero (empty
battery) or not. The term Zt”l E! denotes the amount of
energy spent while the EV is drlvmg till the deadline d’ .
The amount ¢!, is expected to be consumed on plarmed

Figure 4. EV Agent’s Decision Space
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or spontaneous driving till the deadline ', ;. Thus, the
second constraint is the minimum energy content con-
straint before each deadline:

d, d, ,
SoCig+> ri-6—> Eiz¢,  Vd,eA. (5)
t=1 t=1

A consequence of Equation (5) is that, at the end of the
entire horizon T, the EV agent needs to charge

T
SoCig+y ri-0=¢, (6)

t=1
with ¢’ being the summation of all required energy con-

|A|
n=1

tents by each deadline: ¢’ =Y 7,' ' . It must satisfy

@' > Zthl E! so that it covers all driving needs within
horizon T. Also, we assume EV agents acquire the
desired energy ¢’ sooner rather than later, all else being
equal.

It is important to note that the above description
represents the decision environment of highly capable
EV agents. However, the proposed pricing approach is
highly flexible and can be used with more myopic and
less planning-oriented EV agents, for example, posses-
sing some subset of the capabilities described above, as
discussed in Online Appendix J.

3.4. Overview: Context and Scope of the Study
As mentioned earlier, our goal is to address the smart
grid manager’s decision problem (i.e., grid balancing)
via an innovative capacity-based pricing approach. Ide-
ally, knowledge of the individual-level preferences of
EV owners should help the grid manager make price-
setting decisions that achieve optimal outcomes (e.g.,
maximally balanced grid). However, the discussion of
the EV agents’ decision environment in Section 3.3
points to two critical obstacles to the grid manager’s
optimal decision making: (i) information availability
and (ii) computational tractability. Specifically, consid-
erations behind the charging decisions of individual EV
agents are extremely complex (driving needs, deadlines,
availability, etc.) and many of them are inherently pri-
vate, that is, not available to (or measurable by) grid
managers. In other words, grid managers are faced with
an “incomplete information” problem. This is further
compounded by the fact that, even if a substantial subset
of this information was available to grid operators, at
large scale (i.e., in settings with large EV populations)
the precise optimization problem would be computa-
tionally intractable, because of the complex interplay
between charging considerations, preferences, and
needs. Thus, in order to address the smart grid man-
ager’s decision problem in practical, realistic settings,
we inevitably turn to heuristics (i.e., certain simplifica-
tions and approximations).

In Sections 4 and 5, we propose intelligent and high-
performing price-setting heuristics designed using both
analytical and computational approaches. One baseline
assumption is that the grid managers can always realisti-
cally expect the following data/information to be avail-
able (observable) to them: number of self-interested,
rational EV agents I; EV agents’ aggregate demand
D° =[Dj,...D$]; and the total energy ®=3"1_ ¢' =
ZtT=1 DY consumed by all EV agents I across time horizon
T. Also, our heuristics explore expanding information
availability settings along an additional dimension: indi-
vidual EV charging needs. In our study, we also make
two additional assumptions about EV agent behavior,
which are standard in the literature: EV agents are ratio-
nal, that is, they are self-interested and they will choose
their charging times and rates in a way that minimizes
their cost, and, everything else being equal, they prefer to
charge earlier than later.

Finally, it is important to note that, even though we
propose heuristics to address the smart grid manager’s
decision problem, in order to properly establish validity
and measure performance of the proposed price-setting
methods, we evaluate them in the most realistic scenario
possible, that is, in a stochastic environment with highly
heterogeneous EV agents (in terms of their driving
behavior, charging needs, deadlines, etc.), and bench-
mark them against well-established pricing methods, as
discussed in Sections 6 and 7.

4. Price-Setting Methods: Analytical
Heuristics with No Charging
Availability Constraints

In this section, we demonstrate several theoretical prop-
erties of the proposed capacity-based pricing approach,
which provide key insights about its capabilities to miti-
gate potential avalanche effects. An important charac-
teristic of the proposed approach (and one of the
contributions of this study) is that the task of optimal
price setting becomes directly analytically tractable in the
situations where EV agents do not have charging avail-
ability constraints (i.e., EV agents are unconstrained). In
other words, theoretical characteristics of the proposed
approach directly lead to analytical heuristics for how
grid operators can set capacity-based prices that induce
the desired EV charging profile. Thus, these heuristics
are optimal in unconstrained EV charging situations
and also constitute a natural approach in situations
where individual charging availability constraints are
not observable by the grid operators.

Needless to say, this section does not constitute a
complete theoretical analysis of the proposed capacity-
based pricing. Given the challenges of information
availability and problem complexity in real-world
environments, the focus is on deriving tractable analyti-
cal, closed-form heuristic solutions that can still offer
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effective and scalable price-setting methods meeting
grid managers’ objectives. Also, it is important to reiter-
ate that the performance evaluation and benchmarking
for these heuristics are done in a full-fledged, stochastic,
realistic simulation environment that reflects full com-
plexity of individual EV agent behaviors.

To streamline the presentation of the theoretical
results throughout this entire section, we will focus on
the special case where Py =---= Py 1 =: Py. However,
the analogous theoretical results have been derived and
are available for the general case, where Py can have
different values at different time periods ¢. All theorems
for the general case and their respective proofs are pre-
sented in Online Appendix C, whereas the proofs of the
theorems for Py =--=Pyr=:Py are presented in
Online Appendix D.

4.1. Optimal EV Charging Under Capacity-
Based Pricing

In order for the grid manager to induce the desired EV
charging profile using capacity-based prices, it is impor-
tant to understand how EV agents react to such a pricing
mechanism. Thus, we first show how a rational (cost-
minimizing) and unconstrained agent i with any arbi-
trary overall charging need ¢’ over T will determine
its optimal EV charging behavior over time horizon T
(i.e., best charging rate for each time interval) under
capacity-based pricing.

Theorem 1. When electricity prices broadcast by grid
operators are in the form of Py(r) =Py +ay -1 (capacity-
based pricing), then the optimal (.., cost-minimizing)
charging rate for each rational, unconstrained EV agent i is
= m, Vt €T, for a given amount of energy ¢’
to be charged over time horizon T."

Theorem 1 is also trivially extensible to situations
when an EV driver has some periods of charging una-
vailability; that is, when charging availability vector
B =[B.,...,B5] includes zero elements. In this case, the
optimal charging can be calculated as described by The-
orem 1, but only including the available time periods as
part of the calculation.

Figure 5 shows that, within each time interval ¢, each
EV agent i can choose a charging rate that will result in
an electricity price on the y-axis. Figure 6 shows an
example of the optimal charging rates, given the price
functions presented in Figure 5.

We observe that the optimal charging rate ri*=

— % depends on parameters a;, which are the
0“'6'(ﬁ+'"+@

charging-rate multipliers of pricing schemes in Figure 5.
Consequently, by adjusting a;, grid operators can
change the shape of the demand displayed in Figure 6.
The optimal values a; for inducing a desired charging pro-
file will be discussed in Section 4.2. In Online Appendix E,

Figure 5. (Color online) Example Scenario for Capacity-
Based Pricing Py(r) = P+ -1, Vt €T

N
r o r 0 r 0 T "0 r_
max max max max max

rate (kW) rate (kW) rate (kW) rate (kW) rate (kW)
o T =

< > > <

t=1 t=2 t=3 t=4 t=5
Time

Price (Monetary units / kWh)

we illustrate how the presented approach mitigates ava-
lanche effects. The next subsection formalizes this expla-
nation by analytically deriving the optimal vector « for
the desired EV charging profile to be induced.

4.2. Optimality Conditions to Achieve a

Desired Profile
We show how the a; parameters should be optimally
set by the control agent representing a grid operator, so
that the desired charging demand D is induced.

Theorem 2. To induce the desired charging profile D =
[D1,...,Dr] in a heterogeneous population of I rational,
unconstrained agents using capacity-based prices of the
form P(r) = Py + o - 1, the values for parameters o, must
be set so that they satisfy the condition *-Pt = ... = 41D,

Theorem 2 offers an analytical heuristic (AH) that
provides three important insights about the pricing
scheme calibration for inducing a certain charging pro-
file. First, there are multiple (theoretically infinitely
many) optimal values for parameters «a; yielding the
same charging outcome, which is optimal for EV own-
ers (ensures minimum cost under a given pricing
scheme) and induces the profile desired by grid opera-
tors. We refer to this set of optimal « values as the
D-inducing family of alphas. Second, the optimality condi-
tion does not require any knowledge (precise, distribu-
tional, etc.) of individual charging needs ¢'. Thus, prices
set according to Theorem 2 guarantee the desired

Figure 6. (Color online) Optimal Charging Rate for Specific
Prices Shown in Figure 5

Charging rate (kW)

Time
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charging profile for the grid operator in the presence of
rational, unconstrained agents. Third, we can parameter-
ize this family of optimal solutions with a single parame-

ter (degree of freedom) F = ‘%Dl == “T'TDT. The optimal
vector « is a= [%,...,%] for any F>0, so that

a; >0, VteT. Then, the optimal price for an EV agent i
who chooses charging rate v is P(rl) = Py + a; - 7.

Please note that, even though the same pricing
scheme is broadcast to all EV agents, each EV agent may
pay a different price per kWh depending on their own
charging needs. To see this, let 7. be the selected charg-
ing rate of EV agent i and the corresponding energy r; - 6
a fraction of the overall demand D;. Also, we denote €’ €
[0,1] as the fraction of total demand @ corresponding to
each individual EV agent i, that is, €= % For each time
interval t, we have €' - Dy = - 5. As a result, the optimal
price is P(r}) = Py + a; - €2t = Py + €' - F. The last formu-
lation shows that, with the proposed pricing scheme
which is uniform across EV agents, each EV agent i will
pay a different price per kWh depending on their share
of contribution €' to the overall demand D;, which
requires a corresponding charging rate.

4.3. Generating Target Revenue While Inducing a
Desired Profile

As discussed in Section 4.2, the one degree of freedom
produces the D-inducing family of alphas, that is, a the-
oretically infinite number of optimal charging vectors «
that will induce the desired profile D. Each vector a
leads to a different pricing scheme which theoretically
would bring different revenue to grid operators/energy
providers. Naturally, not all pricing levels may make
sense in a specific real-world economic situation. Thus,
in addition to reshaping existing demand toward a
desired profile via price signals, it is important to pro-
vide the energy suppliers or grid operators the ability to
maintain the overall revenues established by the market
(i.e., to achieve rebalancing without changing the total
charging cost for the same energy needs) or, more gener-
ally, the ability to collect a certain revenue or achieve rev-
enue equivalence of the proposed capacity-based pricing
scheme with some desired or government-regulated pric-
ing scheme in the specific market environment (Reneses
and Ortega 2014).

We show how the optimal solution space of & vectors
can be constrained to reflect the solution that will gener-
ate specific target revenue V", while at the same time
inducing the desired demand profile D = [D;,...,Dr].
Also, recall that ® = Et 1 Dt In the next theorems, we
use index z € T to iterate over time slots for notational
clarity in some of the expressions.

Theorem 3. To induce the desired charging profile D =
[Ds, ..., Dr] and generate the target revenue W in a hetero-
geneous population of I rational, unconstrained agents using

capacity-based prices in the form of P.(r) = Py + a, - 1, para-
meters a, should be set as o, = %, VzeT.
Simply put, Theorem 3 shows how to choose a speci-
fic & value from the D-inducing family of alphas that is
also able to generate target revenue P". In particular,
because o, = % (as discussed in Section 4.2), the specific
degree-of-freedom parameter value corresponding to
this specific a is F = —~-L®_ And, the prices that the

ED'Z: 1(6)
rational, unconstrained agent i will pay when it chooses
the optimal charging rates r* are P.(rY)=Py+e¢"
v Po ©
a5 5 VzeT.

It is unportant to note that Theorem 3 guarantees the
precise induction of target revenue W* with uncon-
strained EV agents only if we have accurate information
about individual charging needs €'. If no precise informa-
tion on €’ is available (as is the case in many real-world
settings), the grid operator can still use Theorem 3 to
achieve approximate induction of target revenue (while
inducing the desired charging profile D) by using coarse-
grained estimations of €'. For example, as a minimal
amount of information, the population average (¢’ =1)
could be used as a rough estimate; this scenario is repre-
sented as Corollary A.5 of Theorem 3 (and is provided in
Online Appendix D because of space limitations). As
another example, if the distributional characteristics of €’
are known (say, as part of domain knowledge), for exam-
ple, €' ~ N'(,0?), then a more nuanced estimate could be
obtained; this scenario is represented as Corollary A.6
(also provided in Online Appendix D).

Furthermore, because of (private) individual prefer-
ences and constraints 6°(i € I) of EV agents, the desired
charging profile D might not be achievable. In other
words, charging profile D° that the grid operator
observes in reality can be different, leading to a different
revenue as well. Let W° be the observed revenue, as a
result of D°. An important benefit of the proposed pric-
ing approach is that, given the observed actual charging
profile D°, it can help generate target revenue V" even in
the presence of hard and unobservable individual preferences
0. The intuition behind this is as follows. Because
preferences 0' are imposing hard constraints (e.g.,
representing actual driving and charging needs of
individuals), no matter which « is selected from the
D-inducing family of alphas (given by Theorem 2) by
the grid operator, the observed profile will be D°. There-
fore, assuming that preferences 6 do not change, the
grid operator can adjust from « to &’ (also chosen from
the same D-inducing family) so that the observed reve-
nue comes closer to the desired (\V"), as described by the
following theorem.

Theorem 4. Let D° be the actual charging observed in
response to a (due to private EV agent constraints), then
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the grid operator needs to adjust the broadcast values from

a; toal, = %, Vz € T, to generate target rev-
% 2

enue W*. D) > €

Similarly to Theorem 3, Theorem 4 provides guaran-
tees only if we have accurate and granular information
about individual charging needs €. And, if no precise
information is available, coarse-grained approximations
can still be used. Two specific approximation scenarios—
using population average and population distribution—
are represented as Corollaries A.7 and A.8, respectively,
in Online Appendix D.

Next, we present price-setting methods that are based
on computational heuristics and can take advantage of
information that can be learned from smart electricity
market environments.

5. Price-Setting Methods: A
Computational Heuristic (CH) with
Charging Availability Constraints

So far, we have presented price-setting methods that
are based on analytical heuristics arising from funda-
mental information availability and problem tractability
assumptions, primarily based on understanding of
unconstrained EV agent behavior. In this section, we
introduce a price-setting approach for more complex
(and less analytically tractable) situations, where some
(aggregate) indicators of EV agent charging availability
constraints and preferences may be available. We
develop an intelligent computational heuristic that is
able to achieve near-optimal performance and outper-
form all other benchmarks, without requiring numerous
iterations and high computational capacity. The differ-
entiating factor between the analytical and computa-
tional heuristics is the ability of the latter to adjust
crucial pricing parameters in an advantageous fashion
after observing aggregate information readily available
in the smart grid (i.e., by learning from aggregate charg-
ing behavior data). The proposed computational price-
setting heuristic has two major steps: (1) initialization
step and (2) learning-from-data step in response to the
observed outcomes from initial prices. The second step
has several substeps, and below we describe all the key
steps of the proposed computational heuristic in more
detail.

STEP 1. Initialization of capacity-based prices
based on the analytical heuristic, that is, in the
absence of knowledge about private charging avail-
ability constraints.

This is a straightforward initialization step that sets
the initial capacity-based prices to an intelligent default
value based on the derived theoretical results discussed
in the previous section. To reiterate, Theorem 2 states
that, for unconstrained EV agents, desired charging
demand D can be induced by a family of alphas (param-
eterized by a single degree of freedom F), that is, the

D-inducing family of alphas. Choosing different para-
meterizations will always result in inducing the same
desired demand D (from the same EV drivers), but will
induce different revenue. We then use Theorem 3—
more specifically, its Corollary A.5 (when minimal infor-
mation is available about individual charging needs) or
A.6 (when distributional information is available about
individual charging needs)—to pick a specific vector
instance a° from the D-inducing family of alphas that
corresponds to desired charging revenue W*. (For con-
venience, we denote the specific degree-of-freedom F
value that corresponds to ® as Fj;.)

a® « choose a (Fiu;) from D-inducing alpha family based on
W* (using Theorem 3 corollaries)

STEP 2. Making data-driven adjustments by
observing aggregate EV charging behavior (affected
by private availability constraints of individual EV
drivers) in response to the initial prices.

First, we assume that we can implement the initial
capacity-based prices (based on ¢ in Step 1 and a stan-
dard component Py) and observe the resulting aggre-
gate charging demand D’ and revenue W°.

o Observation step:

(D°, W) « observe outcomes based on capacity-based pricing
(Po, @)

Typically, we will observe that D’ # D, because of the
private preferences and constraints of EV drivers. Thus,
our first goal is to improve the observed demand D’
toward the desired value D.

o Step 2a. Adjusting capacity-based prices to better
match the desired demand, based on the observed
demand discrepancies due to the private charging
availability constraints. As discussed in Section 4.1,
the proposed capacity-based pricing approach has a
desirable property that allows it to mitigate the poten-
tial avalanche effects; that is, at a given time period f,
rational consumers will choose the charging rate r; that
is (inversely) proportional to the charging-rate price
coefficient «;, thus, allowing the grid operator to
induce desired charging behavior. That is, increasing
or decreasing the a; value should correspondingly and
proportionately affect the charging rate (and, hence,
the charged energy amount) during time period ¢, sub-
ject to individual constraints and preferences. This
observation gives rise to the following intuition: if we
know some (even aggregate) charging availability
information across different time periods, this informa-
tion could be used to adjust the e values accordingly.
The following component of the computational heuris-
tic exploits this intuition. The key idea is that the dis-
crepancy between the observed and desired demand
can be intuitively captured as w=D’/D (or, more
granularly, w; = D¢/D;). Then, using the knowledge of
this discrepancy, we can adjust the capacity-based



Downloaded from informs.org by [165.85.220.35] on 13 May 2026, at 01:30 . For personal use only, all rights reserved.

Valogianni et al.: Capacity-Based Pricing for Electric Vehicle Charging

Information Systems Research, 2026, vol. 37, no. 1, pp. 315-340, © 2025 The Author(s) 327

prices accordingly: ! =a®-w (or, more granularly,

at = af - wy).

w «— D°/D // capture discrepancy between desired and observed
charging profiles

a' —a®-w //adjust capacity-based price component accordingly
As before, after implementing the adjusted capacity-
based prices (based on a' in Step 2a and a standard
component Py), we can observe their effect on the aggre-
gate charging demand D’ and revenue W'.
e Observation step:

(D', ') « observe outcomes based on capacity-based pricing
(Po, &)

It is important to highlight that the multiplicative
adjustment a; of our analytically optimal prices & (i.e.,
a' = a® - w) exhibits some desirable properties. In par-
ticular, formally this o! instance belongs to a different
family of analytically optimal alphas, that is, the one
that would induce desired demand D/w for unrest-
ricted EV drivers (the D /w-inducing family of alphas)."*
Thus, all the additional properties of the analytically
optimal prices hold for this alpha family as well, includ-
ing Theorems 3 and 4. Also, it is important to reiterate
that choosing different parameterizations of the same
alpha family will always induce the same observed
demand D’ (from the same EV drivers), but will induce
different revenues. Using the same Fj,;; parameter value
(as above) on this family would result in precisely the a!
instance and would be guaranteed to induce the desired
revenue W* for unrestricted EV drivers. In summary,
shifting from the D-inducing to the D /w-inducing fam-
ily of alphas allows us to improve toward the desired
demand (i.e., from D° to D’) when accounting for pri-
vate EV driver preferences and restrictions. Thus, for
the rest of the computational heuristic, we will operate
within the D/w-inducing family of alphas, but we will
attempt to find further adjustments toward desired rev-
enue V" in the presence of private EV preferences. This
is needed, because the initial value of W' that was
observed (in response to the default assumption of hav-
ing unrestricted EV drivers) often may not accurately
capture W*. Thus, our second goal is to improve the lat-
est observed revenue W' toward the desired value W*.

o Step 2b: Adjusting capacity-based prices to better
match the desired revenue due to private charging
availability constraints. As discussed above, the ability
to select specific alpha instances systematically from
the D/w-inducing family of alphas allows us to look
for a different instance o (essentially by finding
another degree-of-freedom parameter value F,) that is
able to guarantee the same charging demand D’ while
adjusting from observed W' toward W* in the presence
of observable aggregate charging behavior data, based
on Theorem 4 (more specifically, its Corollary A.7 or

A.8 in the Online Appendix in the settings with minimal
versus distributional information about individual
charging needs, respectively).

o? «— choose a (F) from D/w-inducing alpha family based
on W (using Theorem 4 corollaries)

After implementing this adjustment to capacity-
based prices (based on a?), we can observe their effect.
o Observation step:

(D', W?) « observe outcomes based on capacity-based pricing
(P, &)

Finally, if W is not a sufficiently good approximation
of W, we can rely on an additional learning step that
can provide further revenue matching improvements.

e Step 2c: Adjusting capacity-based prices to better
match the desired revenue due to private charging
availability constraints, using a learning function.
The last two observation steps provide two examples
of the relationship between the D /w-inducing capacity-
based price vectors a! and & (represented by the corre-
sponding degree-of-freedom values F;; and F) and
the resulting revenues W' and W?. Thus, we can use
points (W', Fiui) and (W2, Fa4) to learn the best-fit line
connecting them, that is, the line approximating the
relationship between the induced revenue (in the pres-
ence of private constraints) and the degree-of-freedom
parameter F for the D/w-inducing family of alphas. In
other words, the line describes the linear function
F =f(¥). Then, we compute F* = f(¥"), and use F* to
select a specific instance @’ from the D/w-inducing
family of alphas.

f « compute a linear function F =f(W) based on points (¥!,
Fint) and (W, Fay)

F'«—f(¥')  // compute the improved estimate of degree-of-

freedom parameter for W*

a; =06-F /(Dy/wy), Yt // select alpha from D/w-inducing family
based on F*

return o // return a* as the result of the computational heuristic

6. Multiagent Simulation Testbed

To evaluate the proposed IS-enabled solution, we
design a multiagent simulation which consists of ratio-
nal EV agents and a smart grid manager (control agent)
responsible for inducing a desired aggregate charging
profile D while meeting revenue targets. Agent-based
modeling has been used to explore the heterogeneous
behavior of electricity consumers and, more specifically,
EV drivers (Kang et al. 2013, Bustos-Turu et al. 2014,
Ketter et al. 2016a, Sheppard et al. 2017, Chaudhari et al.
2018, Muratori 2018). Our simulation environment is
built according to the “smart markets” paradigm (Bich-
ler et al. 2010) based on the specifications of Power TAC
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(Ketter et al. 2016a), which has been used as a simulation
testbed in numerous research studies (Peters et al. 2013,
Hernandez-Leal et al. 2015, Ketter et al. 2016b, Rabio
etal. 2016, Natividad et al. 2017). In this simulation envi-
ronment, we model realistic EV agents that have diverse
needs, preferences, and constraints using the compre-
hensive preference structure described in Section 3.3
(initialized using real-world data on EV driving behav-
ior). We use the analytical and computational heuristics
proposed in Sections 4 and 5 using information that is
realistically available to the grid operator, and we show
that the results not only substantially outperform
numerous commonly used benchmarks but also are
very close to optimality.

6.1. Simulation Description

The general structure of our simulation is presented
below. The parameters can be determined exogenously
by the simulation designer. Each simulation run is
described by Steps 1-6.

Parameters: Time horizon T, temporal granularity o,
static price components Py ;.

Step 1: The grid operator receives as inputs (e.g., from
past observations) the size of EV population I and the
overall energy consumption of the EV population @ =
S, @' across horizon T.

Step 2: The grid operator decides on total desired
charging demand profile across all EV agents D =
[Dy,...,Dr] and target revenue W over time horizon T.

Step 3: Based on the inputs I, ®, D, and V" from Steps
1 and 2, the control agent calculates the values for the
capacity-based pricing vector @ = [y, ...,ar] based on
the configurations of analytical and computational
price-setting heuristics, described in Section 6.5.

Step 4: Each EV agent i € I has a set of stochastic prefer-
ences 0' and receives a from Step 3. It finds the charging
profile r* = [r}, ...., 7] that achieves minimum cost over
T based on r"=argmin, r,-TZthl 0 (Pot+ap-1h),
subject to Constraints (4)—(6).

Step 5: The grid operator observes demand profile
D°=[Dj,...,D%] and collects revenue from the EV
population: W° = 5> ST Py, +ay - 17) -1 6.

Step 6: The grid operator evaluates the observed out-
comes D° and W’ by comparing them with the desired
outcomes D and W using a set of evaluation metrics.
For the computational heuristic, which performs data-
driven adjustments based on the observed outcomes
over a small number of iterations, return to Step 3 for
the next iteration as needed (i.e., until the final step of
the heuristic).

6.2. Evaluation Metrics
We use several evaluation metrics to assess the quality
of the results induced by the proposed artifact.

First, we use root mean square error (RMSE) =

T ) 5

> (D;-Dy)
T

close the actual charging is to the desired profile. It is
measured in MWh, and a low RMSE indicates a good
result.

Second, we use two domain-specific metrics: the
absolute observed peak Dj,, and the observed peak-to-

as a general-purpose metric to assess how

average power ratio (PAPR) that are only calculated
when a flat electricity demand is desired. More specifi-
cally, we use these metrics when the desired EV charg-
ing profile is flat or when the combination of the
household electricity demand and EV charging has to
be flat. The absolute peak Dzmk :=maxeerD] is the

maximum value of demand profile D° = [D3, ..., D],
and should be as low as possible. The PAPR metric
Do )? 0\2
(PAPR= ((DZ—"“k)z = %) is also known as the square
rms T =1 t
of the peak-to-average ratio or crest factor and measures
the intensity of peaks in a curve; it is commonly used as
a proxy for volatility in smart grids (Liu et al. 2014), and
should be as close as possible to one.

6.3. Data Description
To calibrate the simulation, we use real-world data
obtained from the Netherlands, as described below.

6.3.1. Individual Preferences of EV Agents. Arrival
and departure preferences and their subsequent dead-
lines d!, together with the charging requirements ¢
represent the main source of stochasticity in our simula-
tion. They vary across EV drivers but also across times
and days. To calibrate these parameters, we used data
distributions obtained by the Central Bureau of Statis-
tics (CBS) in the Netherlands (Valogianni et al. 2020).
This data set'” includes mobility preferences from popu-
lation clusters (full- or part-time employees, students,
retired persons, etc.) with a variety of habits and driving
behaviors (business commuting, leisure time driving,
vacation, visits to relatives, shopping, etc.). For every
simulation run (Steps 1-6), EV agent instantiations
are created, and their associated deadlines A’ = di,...,
di) together with the charging requirements @' =
(¢4, ..., ¢}) are assigned to each agent. For each individ-
ual agent, we probabilistically draw a different driving
profile with certain driving motivations per day (work,
leisure, etc.) and driving demand for each activity, com-
bined with arrival and departure times.'® Therefore,
these data calibrate the charging availability vector §° =
[Bi,...,pr] as well as the driving demand vector
E'=[Ei,...,E.], Vi€ L. An example of such a randomly
drawn profile is shown in Figure 7. This profile belongs
to a full-time employee who drives to work in the morn-
ing, afterward drives to a business meeting, and then to
a professional training. In midday, the person drives to
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Figure 7. Driving Profile Example: Full-Time Employee
(Randomly Drawn) on a Random Day
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lunch, in the afternoon to another business meeting, and
in the evening s/he returns home. Using this profile, we
calibrate the charging availability vector B =[g.,..., B} ]
of this driver. Each of the driving motivations is associ-
ated with a driving distance in km. Following the EV
manufacturers’ specifications for energy consumed per
unit of distance driven, these driving distances are con-
verted to energy consumed during driving and calibrate
the driving demand vector E’ = [E}, ..., E%].

6.3.2. Energy Prices. We calibrate the price component
Py,; of the proposed capacity-based pricing scheme
using a retail price constructed from the wholesale
prices recorded by the European Power Exchange
(EPEX) and adjusted to account for network fees, taxes,
and value-added tax (VAT) for the Netherlands (44% of
the retail price). Figure 8 shows three weeks of such
retail prices.

6.3.3. Desired Profile. Desired demand profile D over
time T is decided by the grid operator given the total EV
agent needs and the grid capacity available. Here, we
show some possible calibrations of this profile based on
real-world scenarios. One possible calibration is for D to
be entirely flat. Another possible calibration is a profile
that will complement the existing household demand
in the grid, so that the overall profile produced by EV
charging and household demand is flat, as illustrated
in Online Appendix B. To calibrate the household

Figure 8. (Color online) Retail Prices Py ; (€/kWh) over
Three Weeks

Retail Prices (Euro/kWh)
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demand, we use real-world data collected from the
Netherlands. Figure 9 displays the steady-state house-
hold electricity demand of our population, where it is
shown that the household demand already has some
peaks and valleys. Thus, the proposed pricing can be
used to fill these valleys with EV charging demand and
create a less volatile overall demand, as we show later in
Figure 14. Finally, we also include a scenario where the
EV charging demand needs to be shaped to follow very
volatile energy generation profiles from renewable
sources, such as solar or wind power. We also explore
the sensitivity of our results when the desired demand
might include some forecasting error, for example, due
to the uncertainty of the renewable generation.

6.4. Benchmarks
To evaluate the proposed artifact, we compare its effi-
cacy against the following benchmarks.

6.4.1. Benchmark 1: Real-World Charging—Flat Pric-
ing. First, we compare the outcome of the proposed
artifact with real-world EV charging data obtained in
collaboration with an EV charging infrastructure com-
pany in the Netherlands (Valogianni et al. 2020). The
data set includes charging observations from 1,500
charging poles in the whole country (231,976 transac-
tions with the grid; 10,462 EV owners). These transac-
tions are completed under flat pricing; that is, EV
drivers paid the same price per electricity unit irrespec-
tive of the time of day (P = Py). The steady-state curve of
these EV charging transactions, combined with the
household demand, is presented in Figure 10, where we
observe substantial charging during working and eve-
ning hours.

6.4.2. Benchmark 2: Rate-Independent Scenario—
Variable Pricing. This benchmark assumes self-interested
agents, minimizing their costs based on a given variable
retail price signal, which does not depend on the charging
rate (a; = 0, Vt € T), similarly to Benchmark 1. However,
in this benchmark, the electricity prices vary across time;
that is, Py, ; is nonconstant over time. To optimally parame-
terize the prices Py ; for this benchmark, we use the

Figure 9. Steady-State Household Demand of the Population
over a Four-Month Period
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Figure 10. (Color online) Combination of EV Charging
Under Flat Pricing and Household Demand
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available grid capacity (also known as residual grid capac-
ity) as a determinant. Essentially, the desired demand D is
assumed to be the residual capacity, and we set the prices
Py,; so that they reflect this capacity availability. To prop-
erly set the prices and avoid any dependence on absolute
values, we first normalize the residual capacity (as shown
by Freier and von Loessl (2022)). Specifically, the normal-
ized residual capacity in this case is Dnom = D?WZE)ISHZM’
where D,,;;; and D, indicate the maximum and mini-
mum values of the desired demand profile D. Next, we set
the prices as Py =1 — Dporm. In this way, we achieve a
direct correspondence between desired demand and
prices: when the normalized demand D,y ¢ is low for
time £, then the prices P ; will be high (as the normalized
demand only gets values between zero and one). With this
implementation, commonly used in the literature (e.g.,
Freier and von Loessl 2022), we build a benchmark that
directly reflects the capacity availability on prices and can be
used for any volatile desired demand profile D. Figure 11
shows the household demand combined with the EV
charging as a result of this benchmark.

We observe that, not surprisingly, all charging is con-
centrated in early morning hours because of the low
prices, creating high peaks during that time and high
overall volatility. As EV agents are cost-minimizers and
solely driven by variations in prices, they consume a

Figure 11. (Color online) Combination of EV Charging
Under Variable Pricing and Household Demand
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significant portion of the daily charging during the
lowest-price periods (early morning), and do not charge
at all when prices are high (noon and evening hours).
We also observe avalanche effects. As discussed in
Online Appendix F, this is because all agents get the
same price signals and, aside from small differences in
preferences, their charging coincides, creating new
peaks during the low-price periods. This avalanche
effect is exactly what our proposed pricing artifact aims
to mitigate by adjusting the price signals using a
capacity-based price component.

6.4.3. Benchmark 3: Increasing-Block Pricing. Academic
literature has also used nonlinear prices to redistribute
and flatten the electricity demand (Borenstein 2012,
Puller and West 2013, Ito 2014). Specifically, these non-
linear prices follow an increasing-block pattern with
respect to certain baseline consumption over a billing
time period. This baseline consumption is defined as a
“minimal basic household electricity usage” (Borenstein
2012). In our case, because we are dealing with EV
charging, we define as baseline consumption a fraction
of EV charging that is essential for EV drivers to cover
their daily driving needs. Calibrating this parameter for
the population in the Netherlands—where all our data
stem from—we assume as baseline consumption 25% of
each EV driver’s charging."” Having set the baseline
consumption, we then follow the pricing scheme pro-
posed by Borenstein (2012, p. 66, table 2). This bench-
mark is expected to perform well in simulation
scenarios where flat demand profile is desired, as by
design it is meant to redistribute the demand toward a
more flat outcome.

When the desired demand is volatile, we calibrate
this benchmark to reflect this. Similarly to a situation
described earlier, the desired demand serves as our
residual capacity. Specifically, when the desired
demand is volatile, we set as baseline consumption the
minimum value of the desired demand D,,;,,, and we
also set an intermediate variable d = D,;, — D,i,. Then,
the price values are set as proposed by Borenstein (2012),
but the demand intervals are now dependent on the
desired demand, (D, Dy +0.25-d], (D +0.25-4d,
D,y +0.50 - d], (Dmin +0.50- d, Dyin +0.75 - d], (Dmin +
0.75-d,Dyyay], and greater than D,,,. In this way, we
adapt this increased-block pricing scheme to the volatility
of the desired demand profile and create counter-
incentives for consuming more than the desired demand.

6.5. Configurations of the Proposed Price-
Setting Approaches

As shown in Figure 1, the proposed IS-enabled CBP arti-

fact can be configured with different price-setting meth-

ods depending on the data/information availability

scenarios. In Table 1, we summarize the specific config-

urations used in our computational evaluation scenarios
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Table 1. Configurations of the Proposed Capacity-Based Pricing Heuristics

Knowledge about individual EV charging needs

Assumptions about charging availability

Minimal (population average)

Distributional (population distribution)

Unconstrained EV users (Analytical
Heuristic: capacity-based prices with
theoretically optimal grid-balancing
performance)

EV users with private constraints
(Computational Heuristic: data-driven
price adjustments based on aggregate
indicators of actual charging behavior)

CBP-AH

CBP-CH

CBP-AH-Distrib

CBP-CH-Distrib

based on the AH and the CH. As mentioned in Section
3.4, in addition to the typical grid usage information that
the grid managers can always realistically expect to be
observable, our heuristics also explored some expanded
information settings with individual EV charging needs.
Specifically, in terms of the assumptions that are made
about charging availability of EV users, we instantiate
the proposed price-setting approaches as

e AH, which sets prices based on understanding of
unconstrained EV agent behavior. This heuristic is
based on the analytical results discussed in Section 4. It
was also described as Step 1 of the overall approach
presented in Section 5.

e CH, which uses the AH as the starting point and
then makes data-driven adjustments based on (aggre-
gate) indicators of charging behavior that are readily
available in the smart grid. This heuristic was described
as the overall process (including both Step 1 and Step 2)
in Section 5.

In addition, for both AH and CH, we instantiate two
versions of each heuristic based on what information
about individual charging needs is available to the grid
operator (e.g., as domain knowledge):

e Minimal: Only the most basic, default information
about individual EV charging needs (i.e., the popula-
tion average, no charging need distributions known) is
used/assumed by both heuristics. This version uses
Corollaries A.5 and A.7 in the Online Appendix (of
Theorems 3 and 4, respectively) for setting and adjust-
ing capacity-based prices according to the desired reve-
nue (for instance, in the CH configurations, these
corollaries are used to set a® and o?, respectively, as
discussed in Section 5).

e Distributional (denoted as -Distrib): This version
assumes some distributional information about the
individual EV charging needs of the population, and
uses Corollaries A.6 and A.8 in the Online Appendix
(of Theorems 3 and 4, respectively) for setting and
adjusting capacity-based prices according to the desired
revenue (again, in the CH configurations, these corollar-
ies are used for @ and &?, respectively).

The aforementioned 2 x 2 set of configurations gives
rise to four instantiations of capacity-based price-setting

heuristics that we evaluate in our main experiments—
CBP-AH, CBP-AH-Distrib, CBP-CH, and CBP-CH-
Distrib—as summarized in Table 1.

Note that incorporating distributional information of
individual EV charging needs affects only the revenue
generation performance. Thus, all “-Distrib” configura-
tions will have the same grid-balancing performance as
their non-distributional-information counterparts, and
reporting of their performance on the grid-balancing
metrics will be combined (i.e., as “CBP-AH [-Distrib]”
and “CBP-CH [-Distrib]”).

7. Evaluation of the Proposed Approach
In this section, we present comprehensive evaluation
results. We use the simulation testbed described in Sec-
tion 6 and compare the performance of the proposed
IS-enabled pricing solution to a number of benchmarks
in realistic settings that explicitly consider heteroge-
neous EV populations, with individual driving and
charging preferences taken into account. The time gran-
ularity and the time horizon of our evaluation results
are assumed to be 6 =1k and T = 168h; however, the
presented simulation testbed allows for configuration of
these parameters according to the needs of the specific
application setting. Such planning horizon (Kamankesh
etal. 2016, McPherson et al. 2018, Pham et al. 2019, Moh-
seni et al. 2020) and time granularity values are com-
monly used in the literature (Gottwalt et al. 2011, Wolak
2011, Yoon et al. 2014, Ansarin et al. 2020, Fang et al.
2020, Fabra et al. 2021, Blaschke 2022, Freier and von
Loessl 2022), and have also been used in practice in
some parts of the world.'®

We are interested in the impact of the proposed
approach on the overall electricity demand the grid is
facing as well as meeting revenue targets as a result of
the proposed capacity-based pricing scheme. The peak
demand of the aggregate electricity curve impacts the
required grid capacity to a very large extent (Interna-
tional Energy Agency 2017). Another important factor is
the demand volatility. Reduced demand volatility pro-
tects the grid from critical strains and unpredictability,
which affect the grid’s quality of service (e.g., unpredict-
able demand peaks can create blackouts). Although
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inducing desired demand is crucial for the stability of
the grid, the ability to meet revenue goals at the same
time is also important for grid stakeholders, such as
energy providers. Hence, the combination of demand
and revenue goals allows for a comprehensive empirical
evaluation of the proposed approach.

Next, we evaluate the performance of our approach
in a series of distinct evaluation scenarios where the
desired EV charging profiles are of different volatility
levels, representing different grid objectives.

7.1. Inducing a Flat Charging Profile and
Generating Target Revenue

First, we present a scenario in which the grid operator
desires to induce a totally flat charging profile across the
EV population. In this scenario, there are I = 1,000 EV
owners with different preferences 0'. The grid operator
knows from past observations that the EV agent popula-
tion desires to have overall ® =168 MWh charged in
their EV batteries during time horizon T. Furthermore,
we assume that Py; =Py =0.05 monetary units per
kWh. The main grid-balancing performance results are
summarized in Figure 12 and Table 2, which include the
performance of proposed capacity-based pricing config-
urations (discussed in Section 6.5) and a subset of bench-
mark approaches (discussed in Section 6.4) that were
designed for inducing flat profiles.

Figure 12 shows the average hourly charging across
all EV agents, and Table 2 summarizes key grid-
balancing performance metrics. Whereas all proposed
capacity-based configurations outperform all bench-
mark approaches in terms of every grid-balancing
metric, we observe near-optimal performance of the com-
putational heuristic (i.e., the proposed CBP-CH [-Dis-
trib] configurations) in terms of matching the desired
profile, that is, yielding near-optimal RMSE (0.02), peak
(1.03), and PAPR values (1.07). The difference between
the proposed approach and the desired profile,
although extremely small, results from the stochasticity
of driving behavior E} and charging availability p;
across time t € T and across agents i € I, as well as from
different sets of deadlines A’ and charging requirements
®' across agents i € I. The increasing-block pricing is

Figure 12. (Color online) Performance of Proposed Artifact
and Benchmarks: Inducing a Flat Charging Profile of 1 MWh

-#-Real-world charging - flat pricing
3 -==Desired profile
Increasing-block pricing benchmark
== CBP-AH [-Distrib]
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Table 2. Inducing a Flat Charging Profile of 1 MWh:
RMSE, Peak-to-Average Power Ratio, and Energy Peak

RMSE Peak

(MWh) PAPR (MWh)
Real-world charging—flat pricing 0.88 2.89 2.03
Increasing-block pricing benchmark 0.25 1.63 1.32
CBP-AH [-Distrib] 0.24 1.46 1.24
CBP-CH [-Distrib] 0.02 1.07 1.03
Desired profile 0 1 1

also performing reasonably well in inducing a flat pro-
file, as it is explicitly designed to serve this purpose.
However, its performance is still below our proposed
configurations according to all grid-balancing metrics
(Table 2).

In addition to the fact that the proposed approach
outperforms the benchmarks in terms of grid-balancing
objectives, another key advantage is that it can do it
while satisfying revenue equivalence objectives, which
the benchmarks are not designed to satisfy. As Theorem
3 shows, each vector « from the optimal solution space
outlined by Theorem 2 yields a different revenue while
inducing the same desired profile. To illustrate this rela-
tionship between a values and target revenues in this
specific setup, in Figure 13 we show values of «; that
generate different target revenues W, while inducing
the same desired profile D in the population in question.
Note that for a; = 0 the generated revenue results from
the price component P ;.

To see this in practice, assume that the target revenue
in this population is equivalent to that generated by the
flat pricing, that is, W* = 17,878.6 monetary units. Such
a revenue equivalence requirement (e.g., with flat pric-
ing) might get imposed by market regulators or other
stakeholders. Table 3 shows the performance of the pro-
posed price-setting configurations in meeting revenue
targets. In the most conservative information availabil-
ity scenario, configuration CBP-AH generates 18,361
monetary units (deviation of 2.70% from the desired). In
case the grid operator has some domain knowledge of
distributional characteristics of the EV population

Figure 13. Illustration of Theorem 3: Revenue W* for Differ-
ent Values of a; Inducing the Same Flat Profile
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Table 3. Generating Target Revenue W* While Inducing a
Flat Charging Profile of 1 MWh

RMSE % Diff. from

(MWh) Revenue the target W*
CBP-AH 0.24 18,361.0 2.70
CBP-AH-Distrib 0.24 17,903.0 0.14
CBP-CH 0.02 17,900.0 0.12
CBP-CH-Distrib 0.02 17,864.0 0.08
Target revenue W* 0 17,878.6 0

charging needs (CBP-AH-Distrib), the artifact generates
revenue of 17,903 which deviates only by 0.14% from
the target, while inducing the same charging behavior
as CBP-AH. For the computational heuristic, we observe
that the linear relationship derived in Theorem 3 and
shown in Figure 13 continues to exist in the constrained
agent population case, albeit with some noise resulting
from stochastic individual preferences and deadlines.
Therefore, our computational heuristic is still able to
leverage the structural form of Theorem 3 (by using the
results of the analytical heuristic as a starting point) to
reduce computational complexity, while maintaining
high accuracy. Running CBP-CH-Distrib yields reven-
ues of 17,864.0 (0.08% difference) for the configuration.
In summary, the proposed IS-enabled capacity-based
pricing solution outperforms all benchmarks in induc-
ing desired demand and, equally importantly, can gen-
erate revenues with minimal deviations from the target
without high computational complexity.

The performance of meeting revenue targets illus-
trates the additional advantages of the proposed
approach. The target-revenue-generation results remain
highly consistent for other evaluation scenarios (which
will be discussed below) as well, and are presented in
Online Appendix H because of space limitations.

7.2. Complementing Household Demand:
Volatility Reduction

We extend the previous setting to a case in which the
grid operator aims to distribute the EV charging on top
of the household demand so that their combination cre-
ates an overall flat demand curve. This is more challeng-
ing, as the pricing schemes have to induce a somewhat
volatile EV charging profile. As before, the grid operator
is facing a population of I = 1,000 EV owners with dif-
ferent stochastic private preferences 0, Viel. We
assume the grid operator is aware from past data that
the EV population charges an amount of 26 MWh in
total per day for covering their driving needs and that
Py,+ = Py = 0.05 monetary units per kWh.

Figures 14 and 15 compare the performance of the
proposed approach to the benchmarks. We again
observe that our proposed price-setting configurations
demonstrate performance that is closest (as compared

Figure 14. (Color online) Distributing EV Charging over
Household Demand Toward a Flat Profile
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to all benchmarks) to the desired profile. The regular
time-variable pricing without a capacity-pricing compo-
nent (rate-independent, a; = 0) yields the worst result,
because all EV agents charge during the low-price peri-
ods of the early morning, creating a high peak of
approximately 8.5 MWh. The outcome from the tradi-
tional flat pricing scheme is less severe for the grid,
because it is driven by customer convenience and not
pricing. Finally, the increasing-block pricing benchmark
still exhibits the best performance among all the bench-
marks, as it is more flexible and adaptable to the desired
demand. However, this benchmark is not as flexible for
inducing a desired demand profile of an arbitrary shape
as the capacity-based pricing, which allows for a much
finer control of the induced demand. As a result, the
proposed approach achieves the best distribution of EV
charging to complement the given household demand
in this realistic environment. We quantify these results
in Table 4. The proposed capacity-based pricing config-
urations achieve the lowest peak, the lowest (and closest
to one) PAPR, indicating reduced demand volatility,
and demonstrate the best fit to the desired profile (with
RMSE as low as 0.03 MWh).

Furthermore, Table A.4 in Online Appendix H illus-
trates excellent ability of the proposed capacity-based
pricing configurations to generate target revenue while
inducing a nonflat desired profile. This evaluation sce-
nario further confirms that the proposed approach,
leveraging analytical or computational heuristics,

Figure 15. (Color online) Distributing EV Charging over
Household Demand vs. Benchmarks
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Table 4. Distributing EV Charging over Household
Demand Toward a Flat Profile: RMSE, Peak-to-Average
Power Ratio, and Energy Peak

RMSE Peak

(MWh) PAPR (MWh)
Real-world—flat pricing 1.12 222 423
Rate-independent—variable pricing 2.17 6.22 8.42
Increasing-block pricing benchmark 0.48 1.74 3.39
CBP-AH [-Distrib] 0.29 1.37 3.07
CBP-CH [-Distrib] 0.03 1.06 2.69
Desired profile 0 1 2.61

outperforms all benchmarks and yields near-optimal
results with low computational complexity.

7.3. Following the Production of Photovoltaic
(PV) Arrays: Increasing Sustainability

Increasing societal sustainability levels by facilitating a
smoother integration of renewable sources is another
important affordance that the proposed approach is
designed to satisfy. As part of our evaluation, we explic-
itly include a scenario where the EV charging demand
needs to be shaped to follow production curves of
renewable sources. When the energy generation profile
is very volatile as a result of renewable sources (such as
solar or wind power), the consumption of this renew-
able production can be maximized to reduce waste of
electricity.

In this setting, we assume that the grid operator
desires to cover the majority of EV charging through the
production of PV arrays, that is, solar panels, in the local
area. We compare the performance of the proposed
capacity-based pricing configurations only, as the tradi-
tional benchmarks are not designed to induce volatile
demand profiles and, therefore, perform significantly
worse in such situations. In this simulation experiment,
there are I = 1,000 EV owners with different stochastic
private preferences 6, and we calibrate the mechanism
so that it consumes all electricity produced by the PV
arrays @ =522.56 MWh over time horizon T. The PV
data used in this scenario are obtained from PV installa-
tions in Hudson, WI, USA, collected during April 25 to
June 23, 2015.

In Figure 16 and Table 5, we see that our approach
demonstrates excellent performance in inducing a pro-
file that is very close to the desired profile, with RMSE =
0.83 MWh for the analytical heuristic and RMSE = 0.21
MWh for the computational heuristic. As an illustration
of the inapplicability of other benchmarks for the vola-
tile demand profile scenarios, the increasing-block pric-
ing benchmark, which was the second-best approach in
the previous two experiments, had RMSE = 4.65 MWh
in this case.

As in previous experiments, the proposed pricing
scheme enables the grid operator to set prices in

Figure 16. (Color online) Incentivizing EV Charging to
Match the Production of PV Arrays
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accordance with a revenue target even with highly vola-
tile demand profiles (see Online Appendix H for
details).

As an important robustness check, Online Appendix I
explores the sensitivity of results when the desired
demand might include some forecasting error, mainly
resulting from the uncertainty of the renewable genera-
tion that is integrated in modern grids. The results show
that our approach maintains its superior grid-balancing
performance when the desired demand that is used to
calculate the prices deviates from the actually observed
available grid capacity.

Overall, the results show that the proposed approach
can successfully induce charging profiles of different
kinds (flat, volatile, etc.) while satisfying revenue goals.
One of the main challenges of renewable sources is their
volatile production patterns, which do not match the
stable household demand. The results underscore the
power of this approach in shaping the charging demand
to follow a specific production profile. This approach
can be generalized to follow production patterns of
wind turbines or any other renewable sources and con-
tribute significantly to societal sustainability.

7.4. Robustness Check: Sensitivity of Results to
EV Agent Capabilities

As an important sensitivity analysis, we extended the
evaluation of our proposed IS-enabled pricing solution
to settings that allow for more myopic and less
planning-oriented EV agent capabilities, as opposed to
more nuanced, forward-looking ones (i.e., with longer-
term planning horizons and more specific information
provided on charging availability and intermediate
charging deadlines) that were discussed in Section 3.3

Table 5. Incentivizing EV Charging to Match the
Production Pattern of PV Arrays

RMSE (MWh)
CBP-AH [-Distrib] 0.83
CBP-CH [-Distrib] 0.21
Desired profile 0
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and considered in the main results above. We evaluate
the performance of our approach in this new setting
using the same three evaluation scenarios where the
desired EV charging profiles are of different volatility
levels, discussed in the preceding three subsections.
Because of space limitations, we refer the reader to
Online Appendix ] for the results. Importantly, the
results show that our approach maintains its superior
performance against all benchmarks.

8. Discussion and Conclusions
EV charging coordination is an important challenge that
sustainable cities must address (Ismagilova et al. 2019).
Existing coordination solutions have shortcomings,
which mostly result from their inability to achieve incen-
tive alignment between grid operators and EV owners.
We describe a novel EV charging coordination artifact
that overcomes this challenge. It combines the decentra-
lized decision making on the rational, self-interested EV
owner side with a central coordination party that aims to
induce a desired aggregate charging demand profile. It
develops a capacity-based pricing scheme that is a function
of EV charging rates, and creates incentives for charging at
different rates over time depending on the desired
demand profile. Our study is particularly important for
Green IS, because the proposed artifact is able to induce
EV demand profiles able to match or complement the
generation profiles of any shape, including matching the
flat generation profile, complementing the preexisting
demand toward the flat overall profile, following the
more complex generation profiles of renewable sources,
etc. Because real-world scenarios can exhibit highly
varying energy generation profiles and/or preexisting
demand profiles from other (non-EV) sources, such
matching capabilities help utilize the existing grid infra-
structure more efficiently and, thus, reduce the need for
installing additional infrastructure (with all the corre-
sponding effects, for example, significant savings on
materials such as copper, etc.). Also, the ability to shape
the demand to follow the generation of renewable
sources is of high importance for Green IS, because it
allows, with the use of information and technology,
increasing the usage of renewable sources leading to
higher sustainability levels and savings on conventional
energy. And, increasing renewable energy source utiliza-
tion leads to carbon emission reduction, one of the major
Green IS objectives. Following the terminology of Watson
et al. (2010) and building on Figure 1, the proposed arti-
fact helps satisfy eco-equity objectives (grid balancing),
eco-effectiveness objectives (renewable integration), as
well as the needs of environmentally aware drivers who
desire to charge their EVs using renewable sources.

In addition to the aforementioned overarching contri-
butions toward Green IS, our specific research contribu-
tions are as follows. (1) We describe a novel IS-enabled

pricing artifact that prices energy based on capacity.
This artifact includes a dynamic component (charging-
rate-based price) that can be taken into account by the
EV owner when selecting charging rates. As a result, it
allows grid stakeholders to price different charging
rates based on their impact on the grid (e.g., higher grid
capacity required to complete fast charging). (2) As part
of the proposed solution, we develop analytical price-
setting heuristics derived by understanding theoretical
properties of the proposed pricing mechanism. (3)
Using the analytical heuristics as a starting point, we
develop smart computational, data-driven price-setting
heuristics with low computational complexity that
leverage the observed charging behavior to further
improve grid-balancing outcomes. (4) The proposed
approach provides built-in revenue balancing capabili-
ties, a key component that makes the proposed pricing
scheme adaptable to various real-world economic envir-
onments. (5) The proposed approach provides near-
optimal solutions to the problem of inducing any
desired electricity demand profile in a stochastic EV
charging environment. This is important in terms of
increasing societal sustainability and contributing to
Green IS (Watson et al. 2010), as such an approach can
be used to induce a charging demand following the pro-
duction profile of a photovoltaic panel, in which case
the EV charging demand can be covered with renew-
able energy. (6) The proposed approach also moves the
state-of-the-art beyond certain restrictions that are com-
mon in the EV charging pricing literature. For example,
our pricing scheme is able to achieve near-optimal
grid-balancing outcomes without requiring numerous
time-consuming learning iterations (common in meth-
ods with iterative/learning components), specialized
knowledge about the reaction of EV owners to prices
(aside from their rational, self-interested objectives), or
highly restrictive desired demand profiles. Thus, one
major advantage of our approach is its ability to adapt
quickly to changing real-world environments. (7) We
provide a very extensive evaluation of the proposed
approach in multiple realistic grid-balancing scenarios.
At the same time, this work has significant practical,
societal, and managerial implications for smart city sta-
keholders, such as for smart grid operators, energy pro-
viders, and urban mobility planners (Xu et al. 2018),
who can use our solutions to reshape existing EV charg-
ing demand. Grid operators strive to ensure a reliable
grid through reducing unsustainable demand peaks.
Energy providers can use these results to manage peak
demand in their customer portfolios and, thereby, man-
age their capacity costs as well as the high cost of elec-
tricity during peak demand periods. Moreover, urban
mobility planners can use our rapidly adaptable mecha-
nism as an incentive toward a sustainable EV adoption
in high-density urban environments, ensuring lower
carbon emissions and stability of the network. Also,
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utility companies can use our mechanism to maintain
demand and revenue targets while complying with
exogenous price constraints. Finally, EV drivers can ben-
efit from grid balancing, as they are exposed to lower
risks of blackouts, and from the ability to subscribe to
sustainable electricity tariffs that consume renewable
energy. The latter contributes to Green IS, as we offer a
method to directly integrate renewable sources in cur-
rent societies with the use of IT /IS-enabled solutions.

This work opens up a number of important avenues
for future research, going beyond the specific settings of
this study. For example, all presented results assume
that the chosen capacity-based prices do not alter pri-
vate driving needs and charging availability constraints
of the EV users. Future studies could investigate the
more extreme capacity-based pricing scenarios and their
impact on consumer preferences and on the overall EV
driving and charging behavior. In such a scenario,
dynamic game-theoretic frameworks with a leader and
followers could be examined. Also, in this work we
assume that all EV owners are subscribed to the pro-
posed pricing scheme. Future work could examine the
effect of the proposed scheme in the presence of other
tariffs available to the EV owners. Finally, an exciting
future direction would be to enhance the current study
with the inclusion of granular Internet-of-Things (IoT)-
related information reflecting more nuanced agent con-
straints and preferences, which could lead to even more
efficient outcomes.
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Endnotes
1 See http: //www.ev-volumes.com/.

2 The European Network of Transmission System Operators for
Electricity foresees the need for €150 billion of investments in grid
infrastructure over a period of 10 years (ENTSO-E 2016).

3 The focus of this paper is on reshaping the existing EV charging
demand toward a desired profile. Changing—reducing or
increasing—the overall magnitude of the EV charging demand, for
example, by trying to alter fundamentally the population’s trans-
portation needs and habits, is a very different research issue that is
beyond the scope of this study.

# Congestion can have many causes—for example, consumers’
desire to charge at a certain time because it is convenient or ava-
lanche effects, when the majority of consumers charge at low-price
time periods—and can result in undesirable grid overload.

5 For example, customers pay less for energy in exchange for having
their chargers remotely cut off at times of the grid operator’s
choosing.

6 Gee https: //newmotion.com/en/location-solutions /home-charging.

7 See https://www.company.enelxway.com/en/app-electric-vehicles-
charging.

8 See https://www.teslarati.com/tesla-apps-dutch-developer-leverages-
real-time-electricity-rates-charging /.

9 Both the terms grid operator and smart grid manager are used inter-
changeably to capture the variety in different entities managing the
grid or segments of the grid in different parts of the world.

° Time appears as a subscript in all variables or parameters of
interest.

1 A preliminary version of this formulation was presented by Valo-
gianni et al. (2015).

2 Time t appears as a subscript and agent index i appears as a
superscript in variables and parameters of interest.

'3 For expositional simplicity, this theorem assumes SoCi_ = 0.

' This is straightforward from Theorem 2, by using D/w (instead
of D) as a desired charging profile.

15 Available at https: // opendata.cbs.nl/statline/#/CBS/nl/dataset/
81124NED/ table?fromstatweb.

8 The exact arrival and departure times are not specified in the
data set; hence, we probabilistically draw arrival and departure
times depending on the driving motivation. For example, driving to
work for most of the drivers takes place in the morning; however,
in less frequent instances driving to work takes place at night. Such
arrival and departure probabilities are included for all activities and
all population clusters.

17 See https: // opendata.cbs.nl/statline/#/CBS/nl/dataset/81124NED/
table?fromstatweb.

8 The “Octopus Energy Agile tariff” (https://octopus.energy/
smart/agile/) uses wholesale electricity data and is adjusted every
hour or 30 minutes for the next 24 hours. The “Eneco Dynamisch”
tariff (https://news.eneco.com/eneco-introduces-a-dynamic-energy-
contract/) is available in the Netherlands and presents retail electric-
ity prices that vary per hour depending on the electricity market
movements.
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