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Online Menu-Based Scheduling of Electric Vehicle
Charging

Angeliki Mathioudaki, Georgios Tsaousoglou, member, IEEE, Emmanouel Varvarigos, Dimitris Fotakis

Abstract—This paper addresses the problem of efficiently
scheduling of EV charging requests in a single Charging Station
(CS), also taking into consideration the inability of EV users
to express their preferences in closed-form utility functions.
We consider a paradigm where a menu of possible charging
intervals, each associated with an urgency price, is generated
online. By letting the EV users pick their most preferable
menu option, the proposed algorithm commits on each EV’s
charging completion time upon its arrival, achieves a near
optimal total weighted charging completion time, and prevents
the users from strategically misreporting their preferences, while
offering a practical and implementable solution to the problem of
EVs - charging station interaction. Our experimental evaluation
demonstrates that our algorithmic approach performs nearly
optimal in a variety of practically relevant scenarios.

Index Terms—Electric Vehicles, Charging Scheduling, Prompt
Scheduling, Online Algorithms, Incentive Compatibility

I. INTRODUCTION

THE electrification of urban transportation poses new chal-
lenges towards accommodating the charging requirements

of Electric Vehicles (EVs). This has motivated the development
of Charging Stations (CSs), which are envisaged as facilities
that offer charging services to EVs. Unlike traditional vehicles,
EVs offer users flexibility in the schedule and the price at
which they charge. Users may opt for cheaper rates during
off-peak hours or slower charging for cost savings. Although
this flexibility opens up the opportunity of optimizing CS
operations and profits, it also adds complexity; CSs must
balance factors like the limited capacity of their transformers
and the need to stay within electricity consumption limits, often
set by distribution system operators [1], [2].

Research has demonstrated that EVs can significantly
affect the power grid, particularly when many EVs charge
simultaneously, increasing electricity demand and potential
grid instability. To address this issue, a promising approach
is to carefully plan the charging and discharging schedules
of EVs. This involves coordinating groups of EVs to charge
or discharge at varying times and durations to prevent grid
overload. Effective aggregation for grid management must
consider both when and where EVs are available in order to
optimize grid performance and to avoid congestion. Balancing
the grid’s capacity while ensuring EV owners’ satisfaction with
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their charging needs presents a complex challenge, necessitating
sophisticated scheduling solutions [3]–[6].

The problem of scheduling EV charging under resource
constraints (Transformer’s/Grid Capacity) bears a resemblance
to the classical job scheduling problem, where EV charging
requests represent jobs and charging slots correspond
to machines (e.g., [7]). In the traditional multiprocessor
environment, scheduling efficiency is commonly assessed using
the total (potentially weighted) completion time, a metric
indicative of overall service quality. EV charging completion
time corresponds to an aggregated metric that quantifies quality
of service, and therefore users’ satisfaction, since it directly
measures how quickly and reliably EV owners can have
their vehicles charged. Charging schedules optimized for total
(possibly weighted) completion time ensure that most, if not
all, EV owners do not experience unnecessary waiting times
and can depend on their vehicles being ready when needed,
which is crucial for their daily routines and travel plans.
Therefore, minimizing total weighted completion time is key
to maintaining high levels of user satisfaction.

To achieve an efficient and sophisticated EV charging
schedule, with the aim of minimizing the total charging
completion time or other relevant objectives, CSs must adhere
to two crucial requirements: (1) Acquire essential characteristics
of EV users, such as energy requirements, power consumption,
and deadlines; and (2) Process information gradually as it
becomes available, i.e. in an online fashion, without breaking
the service commitments of past decisions. Since the charging
schedule crucially depends on declared EV user characteristics,
users may be tempted to act strategically and lie about their
characteristics in order to gain priority, quicker access to
charging, faster service or better price, which would ultimately
lead to an inefficient schedule. Truthful disclosure of EV
charging characteristics is crucial for two reasons: (1) If users
provide incorrect or incomplete information, the schedules
might be inefficient, leading to longer waiting times and
potential grid overload; and (2) It helps in avoiding situations
where some EVs are over-prioritized while others face
unnecessary delays. Thus, incentivizing truthful information
disclosure from EV users enhances the overall efficiency of
CSs, making sure that the grid is used optimally and that EVs
are charged in an efficient and prompt manner.

In mechanism design settings, a mechanism is called
incentive-compatible (IC) or truthful, if the participating agents
are bound to achieve their best outcomes by honestly reporting
their preferences, with no advantage gained through dishonesty
( [8], Definition 9.15). This is crucial in social optimization
problems, particularly when we need to design mechanisms
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that remain effective despite having to deal with strategic
agents. Two primary approaches to achieve truthfulness are
direct revelation mechanisms and menu-based mechanisms.
In direct revelation mechanisms, agents report their private
information directly to the mechanism, requiring them to
know and accurately quantify their preferences. In contrast,
menu-based mechanisms simplify the process by offering a
predefined set of options for the agents to choose from, thereby
reducing the need for precise calculation and reporting. By
carefully constructing these menus, the mechanism ensures that
agents can select options that truly reflect their preferences,
ensuring both their best interests and maintaining truthfulness
in a straightforward way. While agents still need to understand
their utility for each option in the menu, selecting an option
from a predefined menu is arguably simpler than calculating
and reporting exact valuations. It provides a simple and intuitive
interface, similar to the everyday appointment interface, making
it easier for agents to identify their best option and it is
obviously truthful (see e.g. [9]) in the sense that users are
let to take care of their incentives. Notably, all direct revelation
mechanisms can be transformed into menu-based mechanisms,
as the taxation principle indicates that a truthful mechanism can
be expressed as a (possibly large and not necessarily simple)
menu of options along with corresponding payments [8], [10].

Most prior studies aiming to achieve truthfulness in EV
charging scheduling assume that the users accurately report
their charging preferences, which can be modeled using
closed-form utility functions [2], [11], [12]. These preferences
might include inherent factors such as how much users are
willing to pay for the service or how urgently they need their
vehicles charged. A closed-form utility function is a simplified
mathematical expression that precisely quantifies how much
utility an EV user receives from a given schedule, given their
innate preferences. While these functions facilitate scheduling
optimization and formal definition of incentive compatibility,
they often fail to capture the complexity and variability of
real-world preferences.

From an algorithmic perspective, total completion time
minimization is known to be NP-hard in multiprocessor
environments [13], with the weighted version presenting
NP-hardness even for single machines [14]. The complexity
escalates when selfish tasks are introduced [15]. Addressing the
challenge of obtaining truthfully the charging preferences of
EV users, a natural and effective approach emerges in the form
of a menu-based, prompt online algorithm that offers charging
options to the users, thus facilitating efficient EV charging
scheduling with the objective of minimizing total weighted
completion time [16], [17].

Contributions and Organization
In this study, we contribute to the literature in three key

aspects. Firstly, we focus on optimizing the quality of service
offered by the CS by minimizing the sum of weighted
EV charging completion times, a well-studied objective
in scheduling literature (e.g., [7]). Secondly, we achieve
truthfulness, without direct revelation of any quantitative
input from EV users and without assuming any particular
closed-form utility function for their preferences. Following

the paradigm of [17], our algorithm presents to each EV user,
upon arrival, a menu of carefully chosen charging intervals that
can accommodate virtually all charging requirements. EV users
select their preferred option, and their charging appointment
is irrevocably set with fully determined starting and finishing
times. The menu is anonymous, meaning it does not depend on
the specific EV user. The menu options are limited in number,
effectively capturing a broad range of user preferences without
becoming exponentially large or requiring any input from users.
Our algorithm provides a simple and intuitive user interface
to the EV owners, and is obviously truthful, making it easier
for EV owners to identify their best option based on their
incentives.

Compared to [17], the novelty of our approach lies in the
partitioning of the time horizon that we apply and in the
analysis of the algorithm’s performance guarantee. Departing
from [17], we assume an upper bound Pmax on the maximum
EV charging time, which is reasonable in our application, and
apply a non-adaptive periodic static partitioning of the time
horizon with intervals of maximum length Pmax. Exploiting the
periodic structure of our partitioning, we apply, in the proof of
Theorem 1, a theoretical analysis, significantly simpler than that
in [17], and show that the competitive ratio of our algorithm
is O(logPmax) for the objective of total completion time.

Third, the primary strength of our approach lies in its simple
and innovative design.The simple periodic structure of our
charging schedule, which is fixed and non-adaptive, makes
the scheduling choices of our algorithm straightforward to
explain and justify to EV users and/or to the power grid
regulators. Due to its simple and straightforward nature, our
approach can be easily modified to address various goals
beyond minimizing the total charging completion time. A
crucial aspect of our design is how we partition the time horizon.
By adjusting this partitioning and incorporating users’ deadlines,
our approach can seamlessly accommodate other objectives,
such as revenue or profit maximization, combine EV charging
with other services, or incorporate fairness constraints. This
inherent flexibility also enables efficient optimization through
data-driven methods, further enhancing its efficiency, versatility
and applicability. Nonetheless, our algorithm’s simplicity and
adaptability make it ideal for smart grid frameworks, operating
intuitively like an app to optimize charging schedules, enhance
grid stability, and support sustainable energy management and
grid resilience.

Our contributions can be outlined as follows:

• Formal Model for Incentive-Compatible and Online EV
Charging Scheduling: Our model optimizes CS operation
by minimizing EV charging completion times, enhancing
overall service quality and aligning with established
scheduling goals.

• User Friendly and Efficient Algorithmic Design: Our
algorithm dynamically generates a concise service-price
menu upon each EV’s arrival, ensuring incentive
compatibility and operational efficiency without any user
input.

• Flexibility in Varying CS Electricity Consumption: Our
versatile algorithmic approach adapts to cases involving
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charging urgency weights and variations in the CS’s
electricity consumption over time.

• Improved Theoretical Guarantees: Our online algorithm
achieves near-optimal competitive ratio by minimizing
total charging completion time under adversarial EV
arrivals, simplifying and improving the analysis [17].

• Competitive and Robust Performance in Practical Sce-
narios: Through simulations, our algorithm demonstrates
near-optimal performance in realistic scenarios, handling
adversarial EV arrivals and adapting to dynamic changes
in CS electricity consumption.

Organization. We discuss related previous work in Section II.
Our scheduling model is introduced in Section III. Section IV
presents the basic algorithm and its analysis. Section V extends
our algorithm to handle charging urgency weights. Section VI
discusses our algorithm’s adaptability to variations in the CS’s
electricity consumption. In Section VII, we provide a thorough
experimental evaluation. Lastly, Section VIII summarizes our
results and outlines future directions.

II. RELATED WORK

A significant volume of previous work on EV charging
has focused on maximizing either the total number of EVs
charged or the total amount of energy allocated, given the
energy available per timeslot and the EVs’ deadlines (see
e.g., [11] and the references therein). In [18], the authors
consider a scheduling algorithm that helps the CS to minimize
its infrastructure cost while guaranteeing a certain quality of
service. In [19], the authors propose a max-min fair allocation
of charging services under a resource constraint.

Fewer recent studies consider the online charging scheduling
problem of the CS, aiming to optimize various goals other than
the minimization of charging completion time. [20] propose
an online charging scheduling method to minimize energy
costs. [21] introduce a data-driven algorithm for real-time
management of EV charging to ensure a smooth load profile and
minimize fluctuations, while [22] focuses on online admission
control and scheduling to optimize the charging process. [23]
addresses the challenge of optimizing both overall waiting time
and fairness in online scheduling. [24] develop a real-time
scheduling strategy for EV charging and discharging, based on
current grid load conditions and EV connectivity to balance
grid load and reduce user costs. Additionally, [25] propose a
deep reinforcement learning scheme for real-time scheduling
considering real-time electricity prices to reduce user costs and
stabilize grid load.

Towards acquiring the charging characteristics and prefer-
ences of EV users, the majority of relevant studies typically
make two fundamental assumptions: (1) the EV user is assumed
to truthfully interpret and report their preferences, which
facilitates scheduling optimization, and (2) the EV user is
assumed to be able to express their preferences in a closed-form
utility function.

Under these two assumptions, decomposition algorithms can
optimally solve the scheduling problem, if utility functions are
convex. The first assumption can be relaxed by considering
strategic users aiming to manipulate the charging schedule

for their benefit, seeking more energy at a lower price or
earlier completion, e.g. [11], [12]). When strategic EV users
are involved, the charging schedule should incentivize them
to report their true charging characteristics. Motivated by such
considerations, [26] proposes a scheduling algorithm where
the user is incentivized to behave truthfully by leveraging
techniques from algorithmic mechanism design. The algorithm
in [26] can also accommodate non-convex utility functions.
[12] proposed a scheduling algorithm and a pricing scheme,
which offers discounted electricity prices to users willing to
delay their consumption. Similarly, [11] presents an online
scheduling algorithm which commits, upon arrival of each
EV, on the amount of energy that the EV will receive up to
its deadline considering a direct revelation mechanism, where
each EV user reports their charging characteristics to the CS.

Unlike prior work, we aim to optimize overall quality of
service by minimizing the total weighted completion time
Scheduling jobs to minimize their weighted completion time
has been extensively studied algorithmically. Under the classical
multiprocessor environment, completion time minimization is
NP-hard [13], while weighted completion time minimization is
NP-hard, even on a single machine [14]. For a single machine
and unit weights, the Shortest Remaining Processing Time
(SRPT) rule results in a preemptive schedule of minimum
completion time [27]. [28] show that allowing preemption
enables the multi-machine generalization of SRPT to achieve
a performance guarantee of 2. On multiple identical machines,
SRPT results in a 2-approximate preemptive schedule for
weighted completion time minimization [13]. Algorithms based
on LP relaxations (e.g., time-indexed linear programming
formulations) have been studied to improve approximation
factors [29]. Without preemption, minimizing completion time
becomes even more complex. Already the single-machine
problem is strongly NP-hard. [30] show that if preemption
is not allowed, then there exists an on-line algorithm with a
performance guarantee of 4. [7] provides an excellent survey of
scheduling algorithms with the objective to minimize (weighted)
completion time.

Completion time minimization becomes even harder,
if selfish tasks are involved. [31] proposed a truthful
3
2 -approximate algorithm, when the tasks arrive simultaneously
and only their duration is private. In an orthogonal setting, [15]
proposed a truthful 4.83-approximation algorithm for weighted
completion time minimization, when only the task weights are
private.

Most of the previous work on online scheduling to minimize
(weighted) completion time may keep postponing the execution
of a task, if shorter tasks arrive, or may migrate it to a different
machine, in case of preemptive algorithms (see e.g., [32] and
the references therein). Eden et al. [17] were the first to propose
a prompt and online truthful scheduling algorithm, based on a
menu of possible scheduling intervals. The algorithm commits
on the exact processing interval of each task upon arrival and
achieves a logarithmic competitive ratio.

The idea of menu-based scheduling can be naturally applied
to the EV charging setting, since EV users can neither express
their preferences in closed-form utility functions, nor report
their charging preferences to facilitate a truthful scheduling. In

This article has been accepted for publication in IEEE Transactions on Smart Grid. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TSG.2025.3539962

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Technical University of Denmark DTU Library. Downloaded on February 21,2025 at 10:02:41 UTC from IEEE Xplore.  Restrictions apply. 



4

contrast, they can make an intuitive choice when provided with
a menu of available options. A relevant approach is taken in
[33], although in a different setting, where the EV users have
a hard energy and deadline constraint and are asked to pick
their preferred CS from a set of nearby ones, trading-off CS
distance with CS requested payment. An online menu-based
pricing scheme is also proposed in [16], [34], where the users
select a charging contract to maximize the station’s profit. [34]
propose a pricing model for EV charging stations, offering
contracts with specific energy amounts and deadlines. Users
choose based on the difference between their utility from
the energy and the contract price, balancing renewable and
conventional energy to optimize social welfare and profit.
[16] address bidirectional power flow in EV charging stations,
proposing lower prices for contracts with higher V2G services
to incentivize energy discharge and enhancing V2G adoption
and ensures financial viability. While their contract-based
mechanisms balance resource usage through pricing, they do
not consider prompt scheduling or service quality in terms of
minimizing the charging completion times of the EV users.

In this work, following recent advances in menu-based
charging schemes, we present an online, truthful and prompt
algorithm that offers EV users a service-price menu upon
arrival. Our goal is to efficiently and promptly schedule the
charging of adversarial EV arrivals to minimize their total
charging completion time. Adopting the approach of [17],
our algorithm is based on a static partitioning of the time
horizon into charging intervals with different lengths. Given
that, the algorithm is straightforward: we let each EV select
the first charging interval available that best fits its charging
characteristics.

To highlight the difference of our approach, we note that
Eden et al. [17] considered two different ways of partitioning
the time horizon. One is static, but not periodic, while the other
is dynamic and depends on the largest EV charging time having
requested so far. The construction and the analysis of the latter
are quite complicated and lack the nice explainability properties
of our simpler periodic static partitioning. As for the former,
Eden et al. proved a competitive ratio of O(log(nPmax)) for
the objective of total completion time, where n is the number
of EV charging requests and Pmax is the maximum charging
completion time, and a lower bound of Ω(

√
Pmax) on the

competitive ratio of any prompt online algorithm, under the
restrictions that the competitive ratio should not depend on n
and that the algorithm is not aware of Pmax beforehand. In our
work, we carefully exploit prior knowledge of an upper bound
on Pmax and achieve a competitive ratio of O(logPmax), which
is exponentially better than the lower bound of Ω(

√
Pmax).

Our algorithm is based on a natural and explainable periodic
static partitioning of the time horizon, outlined in Fig. 3, and
is accompanied by a simple and intuitive analysis (the intuition
behind the proof of Theorem 1 is outlined in Section IV).

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a CS responsible for serving a set of EVs
N = {1, 2, . . . , |N |} in a time horizon T = {1, 2, . . . , |T |},
where each EV n ∈ N is characterized by lower/upper

bounds xn, xn on its power consumption, an arrival time
an, an energy requirement En and an urgency parameter
wn ∈ N. The CS needs to make a decision towards the charging
schedule of each EV. Let binary variable yn,t denote whether
n charges at timeslot t, and continuous variable xn,t denote
the corresponding charging power. It is

yn,t · xn ≤ xn,t ≤ yn,t · xn, ∀t ∈ T, n ∈ N. (1)

The CS draws electricity from the grid through a local
transformer, whose capacity imposes an upper bound L on the
aggregated electricity consumption at each timeslot:∑

n∈N

xn,t ≤ L, ∀t ∈ T. (2)

In our framework, a time-varying upper bound L(t) on
aggregated consumption is also accommodated to account
for dynamic energy demands, grid constraints, and market
fluctuations, ensuring efficient and sustainable electric vehicle
charging operations (see Section VI). Each EV n cannot charge
before its arrival time an:

yn,t = 0, t < an. (3)

The EV departs upon reaching its required energy En. Let
un,t be the binary variable indicating if EV n departs at timeslot
t. This variable remains 0 until the EV accumulates the required
energy.

t∑
t′=an

xn,t′ ≥ un,tEn, ∀n ∈ N, t ∈ T (4)

Also, the EV can only depart from the station once, i.e.∑
t∈T

un,t = 1, ∀n ∈ N. (5)

With complete prior information, the optimal charging schedule
involves minimizing total weighted completion times within
the transformer’s limits, as shown in:

min
xn,t,un,t

∑
n∈N

∑
t∈T

wn · un,t · t

s.t. (1) − (5).
(6)

Problem (6) generalizes task scheduling on multiple
machines to minimize total weighted completion time and
is NP-hard to solve it exactly. In the preemptive setting, the
Shortest Remaining Processing Time (SRPT) rule yields a
2-approximate schedule (Section II). Furthermore, since EVs
arrive over time, we consider an online version of problem
(6), which in turn, involves evaluating an online algorithm’s
performance against the optimal offline solution via competitive
abalysis and the competitive ratio.

An online algorithm is c-competitive, if its objective value
is at most c times that of the optimal hindsight algorithm.
Mathematically, if A is the online algorithm and OPT is the
optimal offline algorithm, the competitive ratio can be expressed
as:

c = max
I

(
A(I)

OPT (I)

)
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where I represents any input instance. The competitive ratio
essentially quantifies how close an online algorithm is to the
best known offline algorithm for the same problem in the worst
case. For completion time minimization, the competitive ratio
is greater than or equal to 1, meaning that the objective value
of the online algorithm is at most c times the performance
of the optimal offline algorithm. We measure our algorithm’s
performance against SRPT, by losing a factor of 2 in the
competitive ratio.

Apart from the lack of future information, an additional
challenge in addressing problem (6) is that the parameters En

and wn are intrinsic to the EV users and unknown to the CS. In
practice, users can’t quantify their impatience with a number or
engage in iterative queries, as some decomposition approaches
assume. Rather, the users are able to intuitively interpret their
preferences by choosing from a finite set of options. Even in
cases where the energy requirement is given beforehand via
an app, the wn parameter, representing user impatience or the
urgency of charging completion, remains intrinsic and private
to the user.

Let pn = En/xn denote the time an EV n spends charging
at its maximum rate, justified by our objective of minimizing
the total weighted completion time. The completion time of EV
n, denoted by cn, satisfies cn ≥ an + pn. Upon arrival, EV n
is presented with a menu of charging options, each in the form
([b, e], π) with b ≥ an, indicating the available time interval
[b, e] for n’s charging at an urgency payment π. The urgency
payment π quantifies the extrenality caused by n to other EVs,
if n charges in [b, e], and is additional to the electricity cost of
λ ·En, assuming a flat price λ per unit of electricity1. The cost
of an EV n with urgency weight wn and charging time pn for
choosing option ([b, e], π) increases with the completion time
cn = b+ pn, wn, and π. For simplicity, we assume a specific
form of individual cost for EV users:

κn([b, e], π) = (b+ pn) · wn + π + λ · En , (7)

assuming that e ≥ b+ pn, and κn([b, e], π) = ∞ otherwise.
Alternative functions for κn(b) are possible (e.g., those

involving user-set deadlines), but (7) represents a natural
quantification of the cost experienced by EV users for each
option ((b, e), π), facilitating effective minimization of the
total weighted completion time, a key Quality of Service (QoS)
metric. Additionally, the electricity cost λ·En under flat pricing
does not impact user scheduling. Therefore, we set λ = 0. (7)
describes user preferences over different menu options. The
mechanism does not require users to disclose precise private
information for menu construction to ensure truthfulness. Users
do not need to explicitly know or report wn; instead, they
interpret it by selecting the option ([b, e), π) that minimizes
its cost κn([b, e), π) under the constraint e ≥ b + pn, once
the menu is provided. This approach allows users to choose
options that genuinely reflect their preferences, ensuring both
their best interests and truthfulness. When users lack urgency
weights wn, variables wn and π are not utilized, so they select
the first available option that meets their needs.

1The case where the electricity price varies with time is not considered in
this paper to simplify the analysis.

IV. OUTLINE OF THE APPROACH: ONLINE PROMPT
CHARGING SCHEDULING WITH UNIT WEIGHTS

We first present a solution for the simpler case of unit
urgency weights. If each EV user has unit weight, there is no
requirement to price individual menu entries. Consequently, The
option menu for an EV n consists of charging intervals [b, e),
with b ≥ an and Equation 7 becomes κn([b, e]) = b + pn,
assuming that e ≥ b + pn, and κn([b, e]) = ∞, otherwise.
For facilitating the analysis and wlog, we consider charging
intervals [b, e) whose length l = e−b is a power of 2. Moreover,
since EVs want to complete their charging as soon as possible,
we let EVs charge at their maximum consumption xn, while
respecting the transformer’s limit (2).

Setting up a Sequence of Charging Intervals. Following
[17], we generate different charging options by considering a
static partitioning of the time horizon into charging intervals
whose lengths are determined by a structured integer sequence
S. We define the following family of sequences:

S0 = ⟨1⟩
S1 = S0||S0||⟨21⟩ = ⟨1, 1, 2⟩

...

Sk = Sk−1||Sk−1||⟨2k⟩

where || denotes concatenation and k is any positive integer.
By construction, each Sk consists of 2k+1 − 1 integers, all

powers of 2. Specifically, for each nonnegative integer d ≤ k,
2d (and the corresponding subsequence Sd) appears 2k−d times
in Sk (i.e., 1 appears 2k times, 2 appears 2k−1 times, . . ., and
2k appears once, so the length of Sk is 2k+1−1). We sometimes
let Sk[i] denote the i-th element of Sk. Moreover, we note that
all appearances of 2d in Sk sum up to 2k and that the sum of
all integers in (i.e., the length of) Sk is (k + 1)2k. (see also
[17, Section 3] about the properties of S).

We let pmax = maxn∈N En/xn be the maximum charging
time of an EV, assuming that EVs charge at their maximum
rate. For simplicity, we assume that pmax is a power of 2 and
let emax = log2 pmax. Our basic sequence S is simply Semax

:

S = Semax
= ⟨1, 1, 2, 1, 1, 2, 4, 1, 1, 2, 1, 1, 2, 4, 8, . . . , pmax⟩ .

Based on S, we create a sequence S∗, which covers the entire
time horizon |T |, by concatenating S with itself an appropriate
number of times. We sometimes index the different copies of S
as S0, S1, S2, . . ., according to their appearance in S∗. Then,
S∗ = S0||S1||S2|| · · · ||Sq|| · · · .
S∗ partitions the time horizon into a sequence of charging

intervals. For each subsequence Sq of S∗, b(Sq) = q(emax +
1)2emax denotes the starting time and e(Sq) = (q + 1)(emax +
1)2emax denotes the finishing time of the corresponding interval.
We further partition each time interval [b(Sq), e(Sq)) into a
sequence of intervals [bq1, e

q
1), . . . , [b

q
i , e

q
i ), . . ., where the length

of the i-th interval is equal to Sq[i].
Intuitively, the sequence S∗ splits the time horizon into

possible charging intervals i.e. pairs of starting times b and
finishing times e, from which the algorithm will draw the
final menu options to be presented to the user. With prior
knowledge about the input to avoid the delay of many short
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S S S S

S∗

0 |T |

Fig. 1. S∗ is the concatenation of multiple copies of S.

EVs, an optimal offline solution would be to sort them in
ascending order (Shortest Remaining Processing Time rule).
However, since this is not possible in the online version of the
problem, the basic idea behind the design of each sequence S
is to keep some short intervals vacant earlier in time in case
those shorter EVs may appear in future instances.

Building the Menu. Upon the arrival of EV n at an, its
charging option menu is generated by sequentially considering
the available charging intervals in S∗, starting from the first
interval [b, e) with b ≥ an. An interval is called feasible, if
less than C = ⌊L/x⌋ EVs are already scheduled to charge in
it, where x = maxn∈N{xn} is the maximum charging rate of
an EV. The earliest feasible interval [b, e) of each length is
included in n’s menu and n selects that with earliest b, under
the constraint that e ≥ b+pn (see also Fig. 2 and Algorithm 1).
For each generated option, the feasibility check and selection
process are performed in O(logPmax) time.

Algorithm 1 Prompt Online Scheduling (Unweighted)
INPUT: Sequence S∗ and its corresponding intervals. EV n
arriving at the CS at time an
OUTPUT: Feasible charging interval [b, e), pn ≤ e− b.

repeat
Let [b, e) be the earliest feasible interval in S∗ with
b ≥ an and e− b ≥ 2ℓ

Include interval [b, e) in n’s menu
ℓ = 1 + log2(e− b)

until EV chooses interval (i.e., until pn ≤ e− b)

Competitive Ratio. Next, we analyze the performance of
Algorithm 1, by comparing its total completion time to the
completion time of the preemptive schedule produced by SRPT,
which computes a 2-approximate schedule. For the analysis,
we assume that all EVs have the same maximum charging
rate, i.e. that xi = x, for all i ∈ N . We can remove this
assumption by increasing the competitive ratio by a factor
of maxn∈N{xn}/minn∈N{xn}. This simplification aids in
analysis but may not reflect real-world scenarios accurately.
To simulate the SRPT behavior for our online problem, we

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

S S

Fig. 2. At an = 2, EV n with pn = 2 arrives. Grey cells are infeasible
intervals, and yellow cells are EV n’s menu. n selects the earliest feasible
interval with length at least pn, marked in red.

0 1 2 3 4 5 6 7time

23 = 8

22 = 4

21 = 2

20 = 1

1 1 2 1 1 2

4 1 1 2

1 1 2 4

8

· · ·

· · ·

· · ·

· · ·

· · ·

· · ·

1 2 4 5 8 9 11 12

3 6 10 13

7 14

15

1 2 3 4 5 6

7 8 9 10

11 12 13 14

15

(a)

(b)

Fig. 3. (a) Four charging slots, each serving EVs with charging times 2k where
k = 0, . . . , 3. (b) Sequence S3 (depicted in 5 lines) is formed by projecting
charging intervals from (a) into a single charging slot in (b). Lengths are
displayed above intervals in (b).

partition the time horizon into charging intervals, prioritizing
smaller ones first. Ultimately, by allocating the maxn∈N{xn}
to each charging slot may lead to fewer slots available and
suboptimal outcomes. However, adjusting the competitive ratio
by considering EVs’ maximum charging rates can improve
overall outcomes. Assuming uniform maximum charging rates
ensures the competitive ratio is at its worst level.

Theorem 1. Algorithm 1 is O(log pmax)-competitive for the
objective of total completion time.

A formal proof of Theorem 1 is deferred to Appendix B.
To provide the intuition behind Theorem 1, we assume that

all requested charging times are powers of 2, that there are
C = 1 + emax charging slots, and that each charging slot k
only serves EVs with charging time 2k in order of arrival.
Moreover, the slot schedules align with a static partitioning of
the time horizon into intervals of length 2k (see Fig. 3.a).

The competitive ratio of this simple algorithm is O(emax).
EVs with charging time 2k are nearly optimally scheduled
in their slots. In a worst-case scenario with N EVs of unit
charging time arriving at t = 0, our simple algorithm schedules
all of them on the first slot and achieves a total completion
time of roughly N2/2. The optimal solution uses all emax + 1
slots and achieves a total completion time of roughly

(emax + 1)
N2

2(emax + 1)2
=

N2

2(emax + 1)
,

for a competitive ratio of O(emax) = O(logPmax).
Now, if C = 1, the sequence S∗ (and the corresponding

schedule of Algorithm 1) result from projecting the charging
intervals used by the simplistic algorithm above into the single
available slot (see Fig.3.b). “Projecting” C = emax+1 slots into
a single one, while maintaining EVs’ charging order, increases
the total completion time by roughly a factor of C (for both the
optimal schedule and the simplistic schedule above), keeping
the competitive ratio unchanged.

V. PROMPT SCHEDULING WITH URGENCY WEIGHTS

Generalizing Algorithm 1, we present an online algorithm for
EVs with urgency weights in the range 1, . . . ,wmax. Towards
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this end, we let wmax = maxn∈N wn, vmax be the smallest
power of 2 such that vmax ≥ wmax, and τmax = log2 vmax.
For simplicity and by losing a factor of 2 in the competitive
ratio, we round up all urgency weights to the nearest power of
2 and only consider urgency weights that are powers of 2. As
in Section IV, the process of generating the menu is based on
the sequence S∗. To account for different urgency weights, we
replicate each interval in the sequence S (and in S∗) τmax + 1
times, once for each different urgency weight that is a power
or 2. So, we define, the following family of sequences, which
now include urgency weights:

V0 = ⟨(1, 2τmax), (1, 2τmax−1), . . . , (1, 1)⟩
V1 = V0||V0||⟨(2, 2τmax), (2, 2τmax−1), . . . , (2, 1)⟩

...

Vk = Vk−1||Vk−1||⟨(2k, 2τmax), (2k, 2τmax−1), . . . , (2k, 1)⟩

where k is any positive integer. As in Section IV, our basic
sequence V is simply Vemax

. Based on V , we create a sequence
V ∗, which covers the entire time horizon |T |, by concatenating
V with itself an appropriate number of times. As in Section IV,
V ∗ naturally induces a partitioning of the time horizon into a
sequence of charging intervals, each with length and urgency
weight determined by the corresponding element of V ∗. We
let V ∗[k] denote the subsequence of V ∗ consisting of intervals
with urgency weight 2k. We observe that each V ∗[k] essentially
corresponds to a “delayed version” of single S∗, aimed to be
used by EVs with urgency weight at least 2k. We note that
the start and end times of each interval in V ∗[k] are at most
τmax + 1 times the start and end times of the corresponding
interval in S∗.

· · ·

· · ·

· · ·

...

...

τmax

0

V0 V1 Vk

time 0 1 2 3 · · ·

...

Fig. 4. V Sequence generation.

Figure 4 provides the intuition behind the construction of
V from S. It starts with depicting multiple sequences S, one
for each urgency weight that is a power of 2. Then, V is
obtained by “projecting” the union of these sequences to a
single one, where the intervals are listed in increasing order of
their endtime, with priority given to higher urgency weights,
in case of ties. Then, V0 consists of the intervals in the first
column of Figure 4, listed from top (highest urgency weight
2τmax = vmax) to bottom (lowest urgency weight 20 = 1), V1

consists of the intervals of the first three columns of Figure 4,
listed from top to bottom and from left to right, etc.

Algorithm 1 with Urgency Weights. Upon an EV’s arrival
with charging time pn and urgency weight wn, our extended
Algorithm 1 assigns it to the earliest feasible interval in a
subsequence V ∗[τ ] with length at least pn and urgency weight
2τ ≤ wn. Despite lacking awareness of pn and wn, the
algorithm indirectly extracts this information from the EV

user through a menu of charging slots with varied starting
times, lengths and urgency prices. The user then selects the
utility-maximizing slot, as per (7). The urgency prices ensure
that the user’s choice coincides with the slot the algorithm
would choose, if it was aware of the EV’s charging time and
urgency weight (Theorem 2).

To construct the menu, we apply Algorithm 1 to V ∗ and
compute appropriate urgency prices by considering the time
difference of intervals with the same length and different
urgency weight. Upon the arrival of an EV n at an, the
following steps are performed for every ℓ = 0, . . . , emax:

• The algorithm locates the earliest (in terms of starting
time bℓ0) feasible intervals

(
[bℓ0, e

ℓ
0), 1

)
with bℓ0 ≥ an,

length eℓ0 − bℓ0 ≥ 2ℓ and urgency weight 20 = 1 in
the subsequence V ∗[0] (which includes all intervals with
urgency weight 20). All these intervals are included in
the menu with price πℓ

0 = 0.
• For each τ = 1, . . . , τmax, the algorithm locates the

earliest (in terms of starting time bℓτ ) feasible intervals(
[bℓτ , e

ℓ
τ ), 2

τ
)

with bℓτ ≥ an, length eℓτ − bℓτ ≥ 2ℓ and
urgency weight 2τ in V ∗[τ ]. If bℓτ−1 > bℓτ , the interval
[bℓτ , e

ℓ
τ ) is included in the menu with price

πℓ
τ = πℓ

τ−1 + (bℓτ−1 − bℓτ ) 2
τ (8)

In (8), any time advantage of the interval [bℓτ , e
ℓ
τ ) against

[bℓτ−1, e
ℓ
τ−1) is charged at an urgency rate of 2τ per time unit.

Truthfulness. The menu generation mechanism presented
above, ensures that users naturally select the option that best
suits their preferences, promoting truthfulness.

Theorem 2. Among the options presented to EV n by the
Algorithm 1 with urgency prices (8), n’s utility in (7) is
maximized by the option ([bℓτ , e

ℓ
τ ), π

ℓ
τ ) with earliest bℓτ , under

the constraints that pn ≤ 2ℓ and wn ≥ 2τ .

A formal proof of Theorem 2 is deferred to Appendix A.
Competitive Ratio. The following shows that the competitive
ratio of Algorithm 1 with urgency weights is O(τmax log pmax).

Theorem 3. The modified version of Algorithm 1 with
urgency weights is O((log wmax)(log pmax))-competitive for
the objective of total weighted charging completion time.

The proof of Theorem 3 can be found in Appendix B.
For the intuition behind the proof, we may consider the set

of EVs Nk scheduled by the algorithm on charging slots of the
subsequence V ∗[k]. If Nk consists of EVs with urgency weight
2k only, Algorithm 1’s schedule for Nk based on sequence S∗ is
O(log pmax)-competitive for the total charging completion time,
as per Theorem 1. Considering V ∗[k], where each interval’s end
time is at most τmax+1 times the end time of the corresponding
interval in S∗, the completion time of each EV in Nk increases
a factor of τmax + 1. Figure 5 provides the intuition behind
the fact that the competitive ratio of Algorithm 1 increases by
a factor of O(τmax) due to different urgency weights.

VI. ONLINE TRUTHFUL SCHEDULING WITH TIME-VARYING
UPPER BOUND ON ENERGY CONSUMPTION

In the context of the online truthful scheduling problem
described in Section IV, Algorithm 1 offers prompt EV charging
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Fig. 5. Selecting minimal-weight sequences leads to a diagonal interval
occupation, with earlier intervals becoming costlier.

scheduling, providing exact starting and finishing times for
charging intervals presented to the users. However, this prompt
scheduling relies on the assumption that the transformer’s
capacity limit L remains at its maximum level throughout
the charging process. To accommodate a time-varying bound
on electricity consumption L(t), we introduce the concept of
transformer activeness.

Definition VI.1. Let Lmax = maxt L(t) and α ∈ [0, 1]. The
transformer is α-active if for all t ≥ 0,

∑t
τ=0 L(τ) ≥ αtLmax.

Algorithm. As in Section IV, we use Algorithm 1 to efficiently
schedule arriving EVs within feasible charging intervals [b, e) ∈
S∗, given the upper bound Lmax. So, we obtain an ordering of
EVs within each charging interval of the sequence S∗. Then,
EVs can be scheduled in a First Come First Served (FCFS)
fashion, prioritizing those with the earliest finishing time, up
to the available L(t) at each time step t.

This approach allows for preemption when the available
charging capacity L(t) is insufficient to cover the entire
charging process. In such instances, the charging of an
EV may be temporarily interrupted and continue at a later
time step, when sufficient capacity becomes available. This
approach helps optimizing the utilization of the time-varying
capacity and ensures effective scheduling. Algorithm 2 outlines
the procedure for online EV scheduling with time-varying
transformer capacity. It maintains the relative order of charging,
while guaranteeing that all EVs complete their charging at most
1/α times their original finishing time, due to Definition VI.1.

Algorithm 2 Online scheduling with time-varying L

INPUT: EV n arrives at time an, Max Transformer’s Capacity
Lmax, Sequence S∗.
OUTPUT: Charging schedule for n.

For each time t
For each EV n

Calculate charging options using Algorithm 1 based
on S∗

Select the earliest feasible interval from the menu
and update interval counters

Schedule EVs with the earliest finishing time in a
FCFS manner

Figure 6 depicts Algorithm 2 in action, showcasing EV
arrival times and charging duration. The upper part displays
available charging slots based on the maximum transformer
capacity limit (Lmax). The middle part indicates the count of

EVs assigned to each charging interval, reflecting Algorithm
2’s scheduling based on the menu from Algorithm 1. The
bottom part showcases the scheduling order, following a FCFS
manner, prioritizing prompt and efficient service while adhering
to expected completion times.

0 1 0 2 5 5 0

0 1 0 2 5 5 1

0 1 1 2 3 4 3

0 1 1

count: 4 4 4 3 3 3 3

Lmax

0

0

0

0

1

1

1

1 0

0

1

1

1

2

2

2

3

5 5 5

5

4

0

0

1

3

3

L(t)

0 1 2 3 54 6 7 8 9 10 11 12 13 14 15time:

Fig. 6. Example of Algorithm 2. Colors represent different charging times.
Numbers in upper and bottom part represent arrival times. Middle part displays
the interval counter.

Competitive Ratio. The competitive ratio of Algorithm 2 is
at most 1/α times larger than that of Algorithm 1, as per
Definition VI.1. EV completion time in Algorithm 2 depends
on its assigned charging slot, while the optimal time is affected
by the total EV volume scheduled by SRPT. In the worst
case, with minimal transformer capacity activity, each EV’s
completion time is at most cn/α, where cn is the completion
time determined by Algorithm 1.
Discussion. Algorithm 1 operates with Cmax = ⌊Lmax/x⌋
charging slots. Lowering the charging rate uniformly while
maintaining the same number of slots as in Algorithm 1, so
as to adapt to time-varying L(t), may significantly increase
the total completion time due to delaying the charging of all
EVs. E.g., with Cmax = 2, α = 0.5 and n = 2 EVs with unit
charging time, Algorithm 1 with charging rate x/2 would incur
a total completion time of 2 + 2 = 4. In contrast, Algorithm 2
operates with the maximum charging rate x and adapts the
number of active charging slots to time-varying L(t), leading
to an improved total completion time (e.g., the total completion
time becomes 1 + 2 = 3 for the example above).

Algorithm 2 is approximately prompt and ensures that each
EV completes charging within 1/α times the duration in the
schedule generated by Algorithm 1, without being aware of
future L(t) capacity. With prior knowledge of L(t), we can
simulate the schedule, potentially offering improved options
and achieving full promptness. The completion time is scaled by
at most 1/α, considering unused capacity in L and worst-case
considerations for α-activeness.

VII. EXPERIMENTAL EVALUATION

Our simulation process aims to illustrate the near optimal
performance of the scheduling algorithms examined in this
paper in practical scenarios. We focus on the most popular
EV models as summarized in Table I and assume that each
model has an equal likelihood of appearing. EVs are assumed
to charge at their maximum rate at all chargers. We divide the
minimum charging times into half-hour intervals and therefore
we assume that the requested charging times are in range
[1, 12].
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Our experiments evaluate the robustness of our algorithms
against various charging time and arrival rate distributions
and confirm that the results of our experimental evaluation
remain largely unaffected by assuming different distributions
within the population of EVs. Notably, we don’t reject
requests, but instead, we schedule all EVs, extending the time
horizon to infinity to simulate consecutive weeks, with arrival
rates considered daily and competitive ratio results reflecting
performance over weeks.

To empirically evaluate our approach, we concentrate on two
key cases: (a) We conduct simulations to assess the robustness
of Algorithm 1 under various arrival and charging demand
scenarios; and (b) we evaluate the practical performance of
Algorithm 2 and how its performance compares against the
performance of Algorithm 1.

A. Robustness against arrivals and charging demand

Simulation Sequences. Our goal is to assess the effectiveness
of Algorithm 1 using different versions of S∗ against the offline
schedule produced by SRPT. Our primary focus in building
the menu is the minimum charging time of the EV models
used in our simulations. Table I lists these EV models along
with their charging characteristics. The last column shows the
minimum charging time in hours. For our simulations, we
created charging intervals ranging from half an hour up to 12
half-hour intervals. Initially, we adjust the basic exponential
sequence (Sequence 1 in Table II), to align with the minimum
charging times of the popular EV models.

TABLE I
CHARACTERISTICS OF POPULAR EVS

EV Battery Max. Charging Charging
Model Capacity Capacity Time

Tesla Model S 75D 75 kWh 11 kW - 16 kW 5 h
Tesla Model X 75D 75 kWh 11 kW - 16 kW 5 h
Mitsubishi i-MiEV 16 kWh 3.7 kW 6 h

Kia Soul EV 27 kWh 6.6 kW 4.5 h
Ford Focus Electric 23 kWh 6.6 kW 4 h

NISSAN Leaf 24 kWh 6.6 kW 4 h
BMW i3 27.2 kWh 11 kW 3 h

Mercedes-Benz B-Klasse 28 kWh 11 kW 3 h
Chevy Spark 19 kWh 3.3 kW 6 h

Fiat 500e 24 kWh 6.6 kW 4 h

Next, we generate synthetic instances by letting the next
EV requesting charging for x time units representing half-hour
intervals ranging from [1, ..., 12], where x takes each of the
values in P = {1, 3, 4, 8, 10, 12} with the corresponding
probability in q⃗ = (0.2, 0.1, 0.3, 0.2, 0.1, 0.1). This process
establishes a representative set of requested charging times,
forming the basis for defining two more versions of S∗

(Sequences 2 and 3), which aim to exploit the characteristics
of the aforementioned distribution. For a detailed overview of
the sequences used in our simulations, please refer to Table II.

Then, Algorithm 1 utilizes the different sequences listed
in Table II to adapt to different EV charging behaviors. By
applying the same algorithm with different sequences, we can
evaluate how sequence variations impact performance. This
approach allows us to identify optimal sequences and further
enhance the efficiency of EV charging schedules.

We conduct simulations using sequences in Table II in two
different versions: non-work-conserving (nwc), where if an
EV charging time is shorter than its interval, the interval is
entirely occupied, leaving any remaining time vacant; and
work-conserving (wc), where if the EV charging time is shorter
than its interval, the remaining time becomes available for
other EVs. We expect that the work-conserving version of
Algorithm 1 should outperform its non-work-conserving version
in terms of total completion time, because of the former’s
version efficient handling of vacant charging timeslots.

TABLE II
SEQUENCES FOR EXPERIMENTAL EVALUATION

seq. 1 ⟨1, 1, 2, 1, 1, 2, 4, 1, 1, 2, 1, 1, 2, 4, 8, 10, 12⟩
seq. 2 ⟨1, 1, 4, 4, 12⟩
seq. 3 ⟨1, 1, 3, 4, 4, 4, 8, 8, 10, 12⟩

Charging Demand. In our simulations, we examine three
distinct charging demand scenarios, each distinguished by
variations in the selected charging times derived from:

• Standard Demand: The requested charging times follow
the distribution represented either by the probability vector
q⃗ = (0.2, 0.1, 0.3, 0.2, 0.1, 0.1) and the set of charging
times P = {1, 3, 4, 8, 10, 12} or by selecting each integral
charging time from [1, 12] uniformly at random.

• Variability in Standard Demand: There is a 50%
probability that the chosen charging time from the example
distribution is reduced to half.

• Noisy Demand: The requested charging times have a
1/3 probability of being in the range [1, x], another 1/3
probability in the range [1, x/2], and with the remaining
1/3 probability, the size is in the range [x/2, 3x/2], where
x denotes the charging time drawn from standard-size
distributions. Its important to note that sizes are integral
and uniform in these ranges.

While the charging demand models share similarities, each
represents different EV charging behaviors. Despite a common
basis in the standard demand distribution, they introduce
variations that impact algorithm performance. This is evident
in the figures, which show subtle but important differences in
ratios across all demand scenarios, especially with the nwc
sequence versions.
Simulation Scenarios and Evaluation. We conduct simula-
tions under three EV arrival and charging demand scenarios,
trying to experimentally evaluate the robustness of the
performance of Algorithm 1 wrt the following scenaria: (1)
Variability in charging times, (2) variability in arrival rates,
and (3) variability in both charging times and arrival rates. All
charging instances are comparable in terms of charging volume,
determined by Poisson arrivals. Emphasizing challenging
scenarios, we intentionally stress the charging system with high
volume and limited resources. The Poisson arrivals distribution
has an average arrival rate of approximately 5 EVs per time unit,
with each EV having an expected charging time of 4.5 time
units. This setup requires at least C = 22.5 charging slots to
keep the system at a steady state. So, it significantly pressures
the system, especially with the limited number of charging
slots used in our experiments (where C = 8), thus resulting in
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the virtually worst possible achievable ratios. Our experiments
were conducted with a range of charging slots, including 16
slots, where we observed that the performance of the algorithm
was nearly optimal indicating its robustness. Notably, in such
cases the differences in the algorithm’s competitive ratio when
considering different sequences were undistinguished.

Regarding the algorithm’s running time, we observe that
in all cases, each new vehicle finds its charging slot
instantaneously, in few µsecs. This scheduling process remains
highly efficient, even with up to 100,000 vehicles, as the
total running time of our algorithm consistently stays below 1
second.

Regarding the observed competitive ratio of our algorithm,
the differences among the sequences that exhibit higher
performance are relatively small across all tested scenarios.
While we emphasize the top performance in each scenario,
it is evident that the second or third best performances are
closely aligned. As expected, the wc versions achieve better
performance than their nwc counterparts, which is mainly due
to the inherent ability of the wc version to efficiently exploit
the vacant interval space. However, in real-life situations this
ability may be limited, because CSs lack knowledge of the
vacant interval space beforehand. Namely, EV users choose
their preferred charging intervals, and any available vacant
space is revealed only after their departure.

Interestingly, all sequences consistently demonstrate good
performance, especially in resource-scarce situations where
the number of available charging slots is low. As expected,
the optimized sequences (seq. 2 and seq. 3) demonstrate the
best overall performance. Meanwhile, the wc version using the
exponential sequence (seq. 1) displays improved performance,
particularly in scenarios with variable or noisy charging demand.
It is evident that even without any sequence optimization or
prior knowledge of demand distribution, Algorithm 1 even by
utilizing the basic exponential sequence can achieve a good
performance against diverse demand and arrival scenarios.

1) Robustness wrt Charging Times: In this scenario,
assuming EV arrivals follow a Poisson distribution with hourly
rates (as in [11]), we aim to compare the competitive ratio
of the scheduling produced by Algorithm 1 using the three
sequences from Table II against SRPT scheduling for the
three variations in charging demand: (1) Standard Demand,
2. Variability in Standard Demand, and 3. Noisy Demand.
The Standard Demand distribution here is represented by the
probability vector q⃗ = (0.2, 0.1, 0.3, 0.2, 0.1, 0.1) with the
support P = {1, 3, 4, 8, 10, 12}.

The wc versions outperform in noisy and variable demand.
In Standard Demand, sequence 3 is competitive in both wc and
nwc versions. wc sequence 2 consistently maintains a stable
competitive ratio across all scenarios. Notably, wc sequence
1 improves performance in noisy or variable demand. Due to
limited space, the presentation of results for noisy and variable
demand scenarios has been omitted.

2) Robustness wrt Arrival Rates: In this scenario, we aim to
evaluate the impact of varying arrival rates on the competitive
ratio of Algorithm 1 using the three sequences from Table
II. We consider two cases: (a) a Poisson Distribution with
intermittent spikes during random times where the total duration

of these spikes and normal periods is proportional to the length
of the day, with normal periods making up 1/10 of the day
and spike periods accounting for 1/30 of the day; and (b) an
initially high arrival rate account for 1/10 of the day followed
by a Poisson distribution with fixed hourly rates. During the
spike periods, the arrival rate is four times higher than the
normal Poisson arrival rate for that specific hour of the day.
These cases, provide insights into the algorithm’s performance
under varying arrival rate dynamics.

In both case (a) and (b), comparable results were observed.
Due to space limitations, we present the ratios of the three
sequences in case (a) for all three demand scenarios, illustrated
in Figure 7, considering 8 charging slots. In standard demand,
wc and nwc version with sequence 3 outperform, while
sequence 1 shows less favorable outcomes. In variable demand,
wc sequence 1 achieves the second-best ratio, and in noisy
demand, it outperforms wc versions with sequences 2 and 3.

3) Variability in Demand Distribution & Arrivals: In
this scenario, we investigate how Algorithm 1 responds
to changes in both demand distribution and arrival rate
over time, using the three sequences from Table II. We
explore two cases: (a) Uniform integral charging times in
[1, 12] with Poisson-distributed arrivals; and (b) high initial
arrival rate with uniform charging times in [5, 12], followed
by Poisson-distributed arrivals. Here, the standard demand
distribution for arriving EVs differs from scenarios VII-A1
and VII-A2, impacting the variable x in the Noisy Demand
setting, representing charging times drawn from [1, 12] or
[5, 12] respectively.

Due to space limitations and comparable results for
both cases (a) and (b), we present the ratios of the three
sequences specifically for case (a). Sequences 1 and 2 (nwc)
consistently underperform. nwc Sequence 3 excels in standard
demand but worsens in variable and noisy demand scenarios.
Simultaneously, in variable and noisy demand, wc versions,
particularly with sequence 2, perform best.

B. Time-Dependent Transformer’s Capacity

Next we compare the competitive ratio of algorithms 1 and 2
against the SRPT solution. We expect the completion time of
EV n using Algorithm 2 to be at most 1/α times the completion
time of the same EV in the schedule generated by Algorithm 1,
where α declares the activeness of the Transformer’s capacity
L formally defined by Definition VI.1.

The competitive ratio for Algorithm 1 assumes a constant L,
while for Algorithm 2, it considers a time-varying L. Notably,
we compare both algorithms 1 and 2 with their respective
SRPT algorithm versions - one assuming a stable L and the
other a time-varying L. In our analysis, charging slots range
from 5 to 30. To emulate the transformer’s activeness, the
value of L(t) is chosen independently for each t according
a binomial distribution with success probability parameter
α between 100% and 10%. Due to space limitations, we
present a specific case where α = 60%. Furthermore, in this
scenario we assume that the arrival rate of the EVs follows
a Poisson distribution with hourly rates (as in [11]), over
an extended time horizon. Additionally, we assume that the
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Fig. 7. Scenario VII-A2 case (a) in standard demand (left) variable demand (center) and noisy demand (right).
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Fig. 8. Scenario VII-A3 case (b) in standard demand (left) variable demand (center) and noisy demand (right).

requested charging times follow the distribution represented
by the probability vector q⃗ = (0.2, 0.1, 0.3, 0.2, 0.1, 0.1) and
the support P = {1, 3, 4, 8, 10, 12}. The menu of options
Algorithm 1 is generated based on the sequence ⟨1, 1, 4, 4, 12⟩.
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comparison - C = 20
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Figures 9 to 12 illustrate the competitive ratio of Algorithm
1 (blue line) and Algorithm 2 (orange line) under different
numbers of charging slots: 30 slots (Figure 9), 20 slots
(Figure 10), 10 slots (Figure 11), and 5 slots (Figure 12).
As expected, when the number of charging slots is large
and there is enough space to accommodate the arriving EVs,

Algorithm 1 consistently outperforms Algorithm 2. In these
situations, Algorithm 1 tends to incur a delay mainly due to the
sequence’s structure, whereas Algorithm 2 must maintain the
charging order specified by Algorithm 1 while accommodating
the same demand without leaving vacant intervals. However,
as the number of charging slots is limited, such as 10 or
below, we observe that Algorithm 2 outperforms Algorithm 1.
This arises from the inherent ability of Algorithm 2 to
adapt following the FCFS rule and dynamically allocating
charging slots based on EV charging time order, making it
highly effective in resource-constrained scenarios. In contrast,
Algorithm 1 follows a specific predetermined sequence, which
is less adaptable in such resource-scarce situations. As a
result, Algorithm 2 surpasses Algorithm 1 in these scenarios,
underlining its improved practical performance in more
challenging resource-scarce situations. Notably, the competitive
ratio of Algorithm 2 remains almost uninfluenced, showing
slightly worse results in resource-constrained situations, while
the competitive ratio of Algorithm 2 continuously worsens as
the number of charging slots decreases.

VIII. CONCLUSIONS

In conclusion, we present an online, prompt, and truthful
framework for optimizing single CS EV charging scheduling.
Our innovative and easily flexible solution accommodates
urgency weights and dynamic electricity consumption. Detailed
experimental evaluation further demonstrates the framework’s
robustness and near-optimal real-world performance. Applying
machine learning techniques to learn either the charging
demand distribution or the available transformer’s capacity
over time would further enhance the framework’s performance.
Overall, due to its simple hierarchical nature, our algorithmic
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framework can be efficiently optimized through a data-driven
approach to maximize its performance for the particular
charging station and specific time periods serving as
a promising direction for future work. Furthermore, the
assumption of a constant price λ in (7) acknowledged as a
simplification in our analysis, particularly when combined with
the time-varying nature of L(t). Exploring scenarios where λ(t)
varies over time, could offer valuable insights. This direction
would require an economic optimization approach rather than
focusing on minimizing completion time and might also need
to consider EVs deadlines, allowing to delay their charging for
better pricing options. Additionally, determining optimal prices
across the time horizon would also be an intriguing direction
for future work.
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APPENDIX A
THE PROOF OF THEOREM 2

By (7), the cost of EV n for choosing option ([bℓτ , e
ℓ
τ ), π

ℓ
τ ) is

κn(b
ℓ
τ ) = (bℓτ+pn)wn+πℓ

τ . Since n has to choose an interval at
least as large as pn, we can assume that ℓ is fixed to the smallest
integer so that pn ≤ 2ℓ. For a fixed ℓ, we observe that the
price of the sequence of intervals [bℓ0, e

ℓ
0), . . . , [b

ℓ
τmax

, eℓτmax
) is

nondecreasing, since for larger values, the algorithm only adds
to the menu intervals starting earlier in time. Then, applying
(7) and (8), we get that:

κn(b
ℓ
τ )− κn(b

ℓ
τ−1)

= (bℓτ + pn)wn + πℓ
τ −

(
(bℓτ−1 + pn)wn + πℓ

τ−1

)
= (bℓτ−1 − bℓτ )(2

τ − wn)

Hence, assuming bℓτ−1 > bℓτ , we have that κn(b
ℓ
τ ) > κn(b

ℓ
τ−1),

as long as 2τ > wn, and κn(b
ℓ
τ ) < κn(b

ℓ
τ−1), as long as 2τ <

wn. Hence, n’s cost is minimized by the option ([bℓτ , e
ℓ
τ ), π

ℓ
τ )

with the largest τ such that wn ≥ 2τ .

APPENDIX B
THE PROOFS OF THEOREM 1 AND THEOREM 3

Next, we give a formal proof of Theorem 3. Then, Theorem 1
follows as a special case where τmax = 0. To establish
Theorem 3, we compare the schedule of Algorithm 1 with
urgency weights against the schedule of WSRPT (Weighted
Shortest Remaining Processing Time first), which is known to
be 2-competitive [13]. For simplicity, we first state the proof for
C = 1 (i.e., at most one EV can charge at any point in time).
At the end, we explain how the analysis can be generalized to
any integer C. We start with the following technical lemma,
which follows from the structure of the sequence V and the
version of Algorithm 1 with urgency weights.

Lemma 1. Let ℓ ∈ {0, . . . , emax} and let Vℓ be any
subsequence of some V q in V ∗ (Vℓ coincides with V q, if

ℓ = emax). If there is an EV n with pn = 2d ≤ 2ℓ and
wn = 2τ , such that an ≤ b(Vℓ) and cn > e(Vℓ), then the total
charging time of EVs i with pi ≤ 2d and wi ≥ 2τ already
scheduled in Vℓ by Algorithm 1 with urgency weights is at
least 2ℓ.

Proof. The proof is by induction on ℓ. For the basis, if ℓ = 0,
then d = 0 and the interval of length 20 = 1 with urgency
weight 2τ in V0 must be occupied by an EV i with pi = 20

and wi ≥ 2τ . Hence, we get the required lower bound of 20

on the total charging volume of such EVs scheduled before n
by Algorithm 1.

For the inductive step, if ℓ ≥ 1, then

Vℓ = Vℓ−1||Vℓ−1||⟨(2ℓ, 2τmax), (2ℓ, 2τmax−1), . . . , (2ℓ, 1)⟩ .

If d ≤ ℓ− 1, the claim follows from the inductive hypothesis
applied to each Vℓ−1. Otherwise, d = ℓ and the interval (2ℓ, 2τ )
in Vℓ must have been allocated to another EV i with pi ≤ 2ℓ

and wi ≥ 2τ . If pi = 2ℓ, the claim follows by considering i’s
charging volume. If pi = 2ℓ

′
< 2ℓ, since ai ≤ an ≤ b(Se) and

i finishes after the end of the interval corresponding to the
second Vℓ−1, the claim follows from the inductive hypothesis
applied to each Vℓ−1 (for EV i).

To establish the competitive ratio, we consider an EV n
with pn = 2l ≤ 2emax and with wn = 2τ arriving at an.
We show that for any such EV n, cn/c∗n ≤ O(τmax · emax),
where cn (resp. c∗n) is n’s completion time in the schedule of
Algorithm 1 (resp. WSRPT). Consequently, the competitive
ratio of Algorithm 1 with urgency weights against WSRPT is
O(τmax · emax)

We start with the case where cn ≤ e(V 0), i.e. EV n finishes
charging no later than the end of V 0. Let j ≤ l such that
(τmax + 1)j2j−1 < cn ≤ (τmax + 1)(j + 1)2j . Namely, n
finishes its charging after the end of the first subsequence Vj−1

in V 0 and no later than the end of the first subsequence Vj in
V 0.

Then if j ∈ {l, l + 1}, we have that c∗n ≥ 2l, while cn ≤
(τmax + 1)(l + 2)2l+1. If j ≥ l + 2, we distinguish two cases
based on an. If an < (τmax +1)(j− 1)2j−2, i.e. EV n arrives
before the end of the subsequence Vj−2 in V0, then by Lemma 1,
the total charging time of EVs i with pi ≤ 2l and wi ≥ 2τ

scheduled before n by Algorithm 1 is at least 2j−2. These
EVs must be scheduled before EV n by WSRPT as well.
Therefore, the completion time of EV n in WSRPT is c∗n ≥
2j−2. Otherwise, if an ≥ (τmax + 1)(j − 1)2j−2, i.e. EV n
arrives after the end of the subsequence Vj−2 in V0, c∗n ≥ an.
In all the three cases above, cn/c∗n ≤ O(τmax · emax).

We next consider the case where cn > e(V 0). We let k, d ≥
0 with k + d ≥ 1, such that:

b(V k) < an + pn ≤ e(V k)

b(V k+d+1) < cn ≤ e(V k+d+1)

In Algorithm 1 with urgency weights, EV n completes
charging no later than (k+ d+1)(τmax +1)(emax +1)2emax .
We next show that:

c∗n > k(τmax + 1)(emax + 1)2emax and c∗n > d 2emax
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The first inequality follows from the hypothesis that an +
pn > b(V k). For the second inequality, we apply Lemma 1 to
each of the d subsequences V k+1, . . . , vk+d. EV n has arrived
before b(V k+1) and has not completed its charging in the
schedule of Algorithm 1 with urgency weights by e(V k+d).
Therefore, by Lemma 1, the total charging time of EVs i with
pi ≤ 2l and wi ≥ 2τ that have arrived and scheduled before
n by Algorithm 1 in V k+1, . . . , V k+d is at least d 2emax . All
these EVs must have completed their charging before n in
WSRPT’s schedule, which implies the second inequality.

Therefore 2c∗n ≥ (k(τmax + 1)(emax + 1) + d)2emax and

cn
c∗n

≤ (τmax + 1)(k + d+ 1)(emax + 1)

k(τmax + 1)(emax + 1) + d
≤ O(τmax · emax) .

For the generalization to any C ≥ 1, we observe that our
upper bounds on cn only depend on the interval in which EV
n is scheduled by Algorithm 1 with urgency weights, while
our lower bounds on c∗n follow from the total charging volume
scheduled before n by WSRPT (which is multiplied and divided
by C ≥ 1).

We also observe that the competitive ratio stated in
Theorem 3 is asymptotically tight (for any C ≥ 1). The worst
case happens when all charging requests have unit charging
time and unit urgency weight.
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