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A B S T R A C T

The dynamic charging behavior of electric vehicles (EVs) is causing frequent line-overloading problems and
serious power security issues. Controlled and smart charging mechanisms for EVs incorporating demand
response (DR) may provide significant operational flexibility to the grid operators and reduce charging costs
for EV users. However, controlling EV charging may cause inconvenience to individual EV users. A market-
based mechanism is proposed in this research work that allows EV users and households to participate in the
network congestion alleviation DR program online while maintaining the power quality. Consumers submit
their charging requirements (e.g., charging power and charging deadlines) and load curtailment tolerances
to the aggregator. The aggregator is an entity assumed to have a long-term contract with the distribution
system operator (DSO) and regularly receives network congestion information on behalf of retail energy
users. Lyapunov optimization (LO) framework is used to reschedule the EVs, and household loads using
DC optimal power flow (DCOPF) to get the dynamic congestion cost signal (CCS). The developed strategy
is tested on a modified IEEE 33-bus radial active distribution network (ADN). Simulation results illustrate
that the designed algorithm is promising in mitigating network congestion by ensuring significantly fewer
violations of network constraints (i.e., line limits) both in terms of capacity and frequency. It also results in less
energy cost as compared to other benchmark algorithms, e.g., greedy algorithm, and provides a guarantee of
meeting EV charging, and flexible household loads’ (FHL) delay tolerance constraints. The average curtailment
ratio of FHL and the service delay for EV-charging requests are converged to the user-defined limits, i.e.,
0.25 for curtailment ratio tolerance and 10 times-lots for EV service delay. Unlike other counterparts, the
developed algorithm is especially suitable for real-time applications as the per-slot average computational cost
is negligible, i.e., 0.55 s.
1. Introduction

The need for the decarbonized society has triggered widespread
curiosity in the use of renewable energy resources (RES). The global
renewable share of the power generation mix is increasing faster than
the power demand itself [1]. In addition, rapid electrification of the
transport sector has already started affecting the normal grid operation.
High penetration of RES and other distributed energy resources (DER)
accompanying inherent spatio-temporal intermittency at both the sup-
ply and demand side. This may lead to severe grid reliability issues [2],
and the end-users are also reshaping their roles to attain prosumer
status. Prosumers are the end-users equipped with active DERs, such as
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small-sized renewable generators and energy storage systems (ESSs).
EVs can offer great flexibility in terms of supply and demand [3].
Contrarily, if the prosumer potential is not utilized wisely, it may lead
to severe grid reliability issues, such as network congestion [4].

Consequently, to make the exploitation of RES and other DERs sus-
tainable in the long term, it necessitates the development of strategies
that may hedge against network congestion and other grid operational
challenges. Increasing adoption of DERs, due to government promo-
tions in Europe, the US, China and other parts of the world [5] poses
a great risk of reverse power flows in the ADN. It results in operating
patterns not considered during planning, design, and protection studies
of traditional congestion management approaches [6]. One simple way
vailable online 5 December 2023
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Nomenclature

𝑡, 𝑎, 𝑒 Indices for time-slots, aggregators & EVs
𝑡𝑐𝑜𝑛, 𝑡𝑑𝑒𝑝 EV connection and departure time-slot
𝑡min, 𝑡𝑡𝑜𝑙 Min. & tolerated time-slot for EV charging
𝑝max
𝑒,𝑎 Maximum EV charging power
𝑃 𝑐ℎ𝑒,𝑎 Total Requested charging energy
𝑝𝑐ℎ𝑒,𝑎 Charging energy in a time-slot
𝑃𝑒,𝑎 Supplied charging energy in a time-slot
𝑇 𝑐ℎ, 𝑇𝑚𝑖𝑛 Set of complete & min. charging time-slots
𝜏 Index for intermediary time-slots
𝑃 𝑒𝑛𝑎 Energy supplied to all EVs in a time-slot
𝑃 𝑠ℎ𝑎 Shifted charging energy
𝑆𝑂𝐶𝑑𝑒𝑝𝑒,𝑎 SOC level at the departure time-slot
𝑆𝑂𝐶𝑐𝑜𝑛𝑒,𝑎 SOC level at the connection time-slot
𝑆𝑂𝐶𝑚𝑖𝑛𝑒,𝑎 Minimum SOC level of EV battery
𝑆𝑂𝐶𝑚𝑎𝑥𝑒,𝑎 Maximum SOC level of EV battery
𝑐𝑒𝑛𝑎 , 𝑐

𝑐𝑜𝑛𝑔
𝑎 Energy consumption and congestion cost

𝑐𝑠ℎ𝑎 , 𝑐
𝑐𝑢𝑟𝑡
𝑎 Energy shifted and curtailed cost

𝜇𝑒𝑛𝑒, 𝜇𝑐𝑜𝑛𝑔𝑏 Consumption and congestion per unit rate
𝜇𝐿𝑀𝑃
𝑏 LMP at bus b
𝜓,𝜔, 𝜆 Lagrangian function and multipliers
𝑘, 𝑏, 𝑑 Indices for branch, bus & delay-tolerance
𝜂𝑏 Energy dispatch cost at bus b
𝐺𝑆𝐹𝑘−𝑏 Generation shift factor related to k-b
𝜇𝑙𝑜𝑠𝑠𝑏 Loss component of LMP
𝛼𝑠ℎ, 𝛽𝑠ℎ Shifted charging penalty coefficients
𝛼𝑐𝑢𝑟𝑡, 𝛽𝑐𝑢𝑟𝑡 Curtailed FHL penalty coefficients
𝑐𝑑𝑠𝑜 Cost associated to DSO problem
𝐺𝑚𝑖𝑛 Generation capacity lower limit
𝐺𝑚𝑎𝑥 Generation capacity upper limit
𝜁, 𝛾, 𝜉 Virtual queues trade-off coefficients
𝑝𝑔𝑏 , 𝑝

𝑑
𝑏 , 𝑝

𝑐ℎ𝑙
𝑏 Nodal generation, demand & critical load

𝐿𝑐𝑢𝑟𝑡𝑎 , 𝐿𝑓𝑙𝑒𝑥𝑎 Curtailable and flexible load under ‘‘a’’
𝐿𝑎, 𝐿max

𝑎 , 𝐿𝑐𝑟𝑖𝑡𝑎 Supplied, Max. & critical load under ‘‘a’’
𝑅𝑑,𝑎, 𝑂𝑑,𝑎, 𝐼𝑑,𝑎 EV Charging request queues
𝑀𝑑,𝑎, 𝑍𝑑,𝑎 Delay aware virtual queues
𝑉 Lyapunov cost trade-off parameter
𝜖 Delay control finite +ve parameter
𝐷 Set of delay aware queues
𝛩,𝜙 Queue backlog & QoP coefficient
𝐵 Cost-procurement trade-off parameter

Abbreviations

V2G Vehicle to Grid
FHL Flexible household load
CCS Congestion cost signal
ADN Active distribution network
DSO Distribution system operator
RES Renewable energy source
DER Distributed energy resources
LMP Locational marginal price
RCM Real-time congestion management
TTC Transformer Tap Changer
QoP Quality of power
CHL Critical household load
DR Demand response
DCOPF DC optimal power flow
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LO Lyapunov optimization
ICT Information and communication technology
SOC State of charge
EV Electric Vehicle
ATC Available Transfer Capacity

of tackling congestion is to upgrade the physical capacity of the exist-
ing grid infrastructure. However, due to the inherent spatiotemporal
uncertainty of DER, such up-gradation may require a large initial
investment of capital and frequent network restructuring funds there-
after. Other congestion handling techniques [7] involve the use of
generation rescheduling [8], FACT devices [9] and available transfer
capacity (ATC) [10]. The use of power control devices can only relieve
network congestion, which is ultimately bounded by the maximum
physical capacity of the network. Results from work in [11] pro-
vide chronological information proving that DER and market-based
congestion methods are more efficient than those incorporating the
centralized use of FACT devices. For similar reasons, transformer tap
changers (TTC) and phase shifters to mitigate congestion may no
longer be viable. Therefore, there is still an inevitable need to develop
computationally efficient congestion-mitigating techniques, which are
better at handling uncertainties in real-time [12].

1.1. Motivation

The congestion alleviation strategies based on DR programs [13–16]
can provide load-supply flexibility to the local grid operators by con-
vincing retail users to modify their energy usage patterns. Prosumers’
active management of their DER, complying with operator instruc-
tions, can earn them rewards through discounted utility bills [17]. DR
methodologies to minimize local voltage-violation of power lines using
direct control of the appliances, as developed in [18], can influence
consumer convenience negatively. Additionally, due to regulatory poli-
cies, it might be unrealistic for the DSO to alter the user loads directly.
Instead of DSO altering the load directly, the proposed strategy in this
research work brings the aggregator in close coordination with end-
users and ensures user willingness through a market-based approach.
Aggregators guarantee that user comfort and convenience are not
violated while reshaping their consumption patterns and reschedul-
ing the demand to mitigate network congestion and minimize energy
consumption costs.

1.2. Literature review and research gaps

Many researchers have deployed market-based mechanisms to im-
plement DR-based methodologies to combat congestion problems. On a
shorter time scale, the local grid operators can exploit the market-based
DR potential to address the distribution level network congestion [19].
In [20], a probabilistic approach is utilized to reduce the frequency of
violating the allowed voltage levels, and the work in [21] described
the mechanism of how commercial aggregators can make use of the
aggregated load flexibility from individual consumers for congestion
mitigation. These works ignored the consideration of forecast errors.
A technique termed i-energy is proposed for congestion management
in [22]. It utilized potential games between participants to control the
loads and deploy other DERs. However, the calculation of incentives is
assumed to be based on the predefined loading levels of prosumers. A
virtual power plant with photovoltaic (PV) panels and dedicated ESS
to address the congestion problem is proposed in [23]. The designed
problem is planning rather than mitigating congestion in real-time.

The model in our work uses real-time FHL and EV user preferences
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Table 1
Summary of various characteristics relating to congestion researched in recent literature.

Ref. Characteristic

Rebound effect User comfort Network constraints Forecast errors Power imbalance Main objective Solution

[29] ✓ x ✓ ✓ ✓ ✓ Offline
[30] ✓ ✓ x x x EC and Cong. Offline
[31] ✓ ✓ ✓ ✓ ✓ EC Offline
[32] ✓ ✓ x x x EC Offline
[33] ✓ ✓ x ✓ ✓ DP Offline
[34] x ✓ x ✓ ✓ FLX RT
[35] ✓ ✓ x x x FLX RT
[36] x ✓ x x x DP Offline
[37] x ✓ x x x LMP Offline
[38] x ✓ ✓ x ✓ DP Offline
[39] x ✓ ✓ x ✓ DP Offline
[40] x ✓ ✓ x x DP Offline
[41] x ✓ ✓ ✓ ✓ LMP Offline
[42] x x ✓ x ✓ NP Offline
[43] x x ✓ ✓ ✓ DP Offline
[44] x x x x ✓ DP Offline
[45] x ✓ ✓ ✓ ✓ EP RT
[46] x ✓ ✓ ✓ ✓ EC RT
[47] x x ✓ ✓ ✓ EC RT
[48] ✓ x x ✓ ✓ PC RT
[49] x x ✓ ✓ ✓ RI RT
[50] x x ✓ ✓ ✓ EC and FLX RT
[51] ✓ x ✓ ✓ ✓ OC and RC Offline
pro ✓ ✓ ✓ ✓ ✓ EC and Cong. Online

✓: considered x: not considered EP: Expected Profit EC: Energy Cost PC: Planning Cost DP: Dynamic Pricing RC: Reliability Cost LMC: Locational Marginal Pricing NP: Nodal
Prices RI: Resilience Indices FLX: Flexibility OC: Operational Cost pro: Proposed RT: real-time.
data which lets the aggregators make much more efficient reschedul-
ing decisions than the day-ahead predictions, which always lead to
considerable deviation errors.

Congestion management involves different cost-minimization as-
pects, as shown in Table 1 from various entities involved. The pro-
posed DR methodology in [24] addressed the congestion problem by
considering transformer overloading monetary cost, is limited to the
transformer overloading penalty cost only, and lacks a smarter schedul-
ing mechanism to enable aggregators to exploit available resource
flexibility better. The Stackelberg game distributes incentives among
participating entities under a multi-agent scenario in [25]. The model
aims at minimizing RES and load curtailment by smartly scheduling
the flexible resources through estimated operational points in the day-
ahead energy market. In [26], a virtual storage system is modeled to
represent the aggregated FHL. Distributed locational marginal prices
(LMPs) are calculated iteratively to exploit the prosumer side flexibil-
ity. A robust optimization-based approach is used in [27] to model
ADN’s DR-based congestion management strategy. The authors propose
a ledger-based automated congestion management technique in [28],
which uses an agent-based hierarchical method. The Majority of these
approaches are based on the so-called iteratively optimized pricing
algorithms, which ignore end-user convenience constraints. Pricing
decisions obtained through such mechanism, mostly day-ahead, appar-
ently seem to relieve the congestion and bring line loadings within
acceptable values. However, such models do not define constraints
related to individual user tolerances and comfort levels related to load-
shifting and curtailment, rendering the obtained solutions impractical.
The strategy proposed in this paper, implement the DR program in
real-time. Aggregator facilitates DSO in altering the demand profile
of participating users subject to the network conditions satisfying EV
users’ charging preferences.

The proposed method uses a market-based approach. Aggregators
do not need any information about the network conditions in ad-
vance as it is integrated into the real-time price communicated by the
DSO. Most recently, authors in Refs. [45–47] devised frameworks to
optimize the market clearing price, system economics improvement,
and flexibility pricing strategy, respectively. These works used the
unscented transformation method to model uncertainties of load and
3

RES while considering operational constraints such as renewable gen-
erators and different ESSs. While this strategy relies only on meeting
certain individual constraints to lower the operational costs but does
not deploy any framework for congestion alleviation of the network.
Unlike these works, we have specifically formulated a detailed EV
charging station model under an aggregator to alleviate the network
congestion. Robust optimization based on information-gap decision
theory was used in [48] to optimize a planning problem to minimize
the construction, maintenance, and storage degradation cost. Dissimilar
to this work, which is based on a planning problem for the future power
infrastructure, our work is focused on leveraging the existing resources
to alleviate the congestion problem. Authors in [49] have focused on
minimizing the total cost of the smart distribution system operation,
which comprises flexible virtual power plants, in case of a natural
disaster to enhance the resiliency of the system. The objective of the
problems addressed in Refs. [50,51] is to minimize the energy cost and
maximize system flexibility. Incentive-based DR is deployed to reward
the participating entities and the developed problem is solved using
scenario-based stochastic programming. It is well known that scenario-
based solutions rely on probabilistic forecasts based on historical data
and may not accurately predict future events [5]. Whereas, in this work,
we have designed a LO-based strategy to solve the RCM problem in an
online fashion that does not rely on unrealistic future predictions.

The procedure described in [52] shows how effectively a data
transmission traffic operator can coordinate with the market operator
to alleviate feeder-level congestion in ADN. Authors in [53] proposed
a combined nodal and uniform pricing algorithm to maintain voltages
under allowed levels. It maximizes aggregated social welfare function
of participants who use ESS for backup. They use ESS to store energy
during the off-peak periods and withdraw in the On-peak hours when
the probability of congestion is higher. However, installing ESS exclu-
sively for such purpose may not be economical due to battery fast aging
phenomenon [54].

Given current progress in the control, monitoring, information, and
communication technology (ICT), EV charging can be treated as an
elastic load and may be altered through the electricity price signals in
real-time. In view of this, existing congestion management techniques
have realized the coordination among the EV users and aggregators in
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Fig. 1. Schematic diagram for the proposed RCM algorithm.
ways that are supposed to assist grid operation and minimize the charg-
ing cost. However, the current approaches have overlooked one aspect
of paramount importance, i.e., EV user behavior. Most EV charging
control models rely on unrealistic EV availability assumptions [55]; for
example, in [56], repercussions of uncoordinated charging of EVs and
air pollution are estimated using the DR program and considering RES
output variability. RES output is estimated by scenario generation and
reduction method. Consequently, such models may compromise user
comfort while implementing DR schedules.

1.3. Main contributions

A real-time scheduling algorithm incorporating a DR strategy in-
volving EV and FHL is designed to address the aforementioned issues in
the existing congestion alleviation algorithms. Aggregators at different
nodes of the ADN collect EV charging preferences data and FHL demand
via a data submission mechanism and estimate the load in the next time
slot. DSO receives the overall demand from different aggregators and
runs DCOPF to estimate the congestion cost in the network. Considering
the congestion signal, the real-time electric price, and user preference
data, aggregators reschedule the EV and FHL demand using LO to
minimize the overall operational cost. The benefits of the proposed real-
time congestion management (RCM) scheme are summarized as (1) The
developed algorithm is computationally efficient and suitable for real-
time practical operations. (2) It does not need information about the
probability distribution of EV charging load, FHL, and energy prices. (3)
Aggregators only need the information for the current time slot to make
the scheduling decisions in real-time. This minimizes forecast errors
and makes it suitable for handling uncertainty. The major contributions
of this research work are described below:

1. An RCM mechanism based on the LO algorithm is designed.
It addresses three main challenges of real-time applications in ADN,
i.e., uncertain user behavior, large computational cost, and forecast
errors.

2. Unlike the existing approaches, this research considers the differ-
ent aspects of user convenience in DR and in-depth modeling of EV and
FHL scheduling constraints.

3. The performance is compared with other benchmark algorithms,
e.g., the greedy algorithm, to prove the efficiency of the proposed
strategy.

The rest of the paper is organized as follows. A detailed overview of
the proposed RCM scheme, comprising various models, e.g., aggregator
and DSO problems, is presented in Section 2. Section 3 describes
transformation of the offline model into an online one and then solving
4

it using the LO technique. The performance of the proposed strategy is
discussed in Section 4. Finally, Sections 5 and 6 analyze the simulation
results and conclude the paper.

2. Distribution-level power network congestion management sys-
tem overview

An overview of the participating entities and the underlying re-
lations for congestion management is presented in this section. The
power for charging EVs and supplying the non-EV loads is drawn
from the transmission grid or distributed generators (DGs) inside the
ADN. It is inconvenient for small independent consumers to participate
directly in the wholesale electric market as it requires a considerable
response time and communication infrastructure. Thus, the role of
an aggregator as an intermediary entity between DSO and individual
small-scale DR participants becomes inevitable. With emerging power
electronics and modern ICT, aggregators can develop the necessary
infrastructure to aggregate tiny consumers. It can optimize the use
of the DER, which may maximize social welfare for the individual
participants and contribute towards minimizing grid operational costs
and enhancing reliability. The model presented for RCM in this work
jointly optimizes EVs and FHL to participate in the DR program. It
is assumed that there are long-term DSO-aggregator and aggregator–
prosumer bilateral contracts. It is possible that some users might get a
congestion price higher than others solely due to being connected to a
different position on the network. Consequently, consumers are only
liable to pay the energy consumption cost, not the congestion cost.
The congestion signal is only meant to help the aggregator to make
better rescheduling decisions. However, it is worth emphasizing that
EV users should be compensated for participating in the DR and helping
DSO relieve the congestion in the ADN. In the proposed aggregator
framework, on the one hand, the DR guarantees monetary welfare for
the aggregators and rewards for end-users in the form of discounted
utility bills. There are several other well-established mechanisms [57]
through which this compensation can be allocated, documented, and
agreed upon by both the end-users and aggregators in the bilateral
contracts. However, developing a detailed model for such a mechanism
is not the prime focus of this research work.

A set of aggregators is denoted by 𝑎 ∈ 𝐴 = {1, 2, ..} geo-distributed
inside the test ADN. Under each aggregator, in a given time slot,
we denote the set of EVs as 𝑒 ∈ 𝐸𝑎 (𝑡) = {1, 2, ..}. The aggregator’s
scheduling algorithm controls the charging profile of each EV e.

The schematic diagram for the proposed RCM scheme is shown
in Fig. 1. The EV user communicates the charging preferences to the
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aggregator through an information collection interface as shown on
the left side of the schematic diagram. Aggregators receive real-time
information on energy prices from the electricity market, depicted
on the bottom of the right side of the diagram, and the congestion
prices from the DSO interface, as shown in the lower middle part of
the diagram. Aggregator plays a vital role in processing the charging
information received from EV users and households, as drawn at the
center of the diagram. The point of common coupling (PCC) of the ADN
to the utility grid is shown at the top right side of the diagram.

The day-ahead clearing of certain resources at specific times in
the day-ahead market requires each participant to commit to that
resource in real time. However, the real-time dispatch capability of
such resources is subject to maintaining network security and ensuring
fair play in the energy market, which may not necessarily rely on the
exact values of parameters cleared in the day ahead. Therefore, in the
proposed work, we do not emphasize the exact business model to cal-
culate compensation/penalty for the participant’s load deviation from
the committed schedule. Therefore, it is assumed that the aggregators
participating in the DR program can declare a self-schedule in real time
based on the current market and network status. Interested readers are
referred to the work in [58] for further understanding of such business
models.

In the forthcoming part of this section, the model constraints as-
sociated with the aggregator and DSO optimization problem will be
described. An offline problem is formulated to minimize the long-term
expected time-average cost. The congestion alleviation mechanism is
developed to operate in a time-slotted manner, and each time slot
consists of a fixed time duration.

2.1. Overview of aggregator model

The aggregator is assumed to have information about the individ-
ual EV users’ long-term preferences (EV battery permanent charging
characteristics). Aggregators collect real-time charging requests from
individual EV users upon their connection via an automated pro-
cess. The collected charging preference data can be decomposed into
the charging start time (connection time-slot), total charging energy
required, and the charging deadline. Total charging energy is the differ-
ence between the EV state-of-charge (SOC) at the time of the connection
and the departure. It can be assumed that the users participating
in the DR program have an interface that enables them to submit
the charging preferences data in real-time. After collecting charging
preferences data, the aggregators schedule the EVs so that the expected
time average of charging cost is minimized without violating the EV
user’s allowed tolerances (e.g., charging deadlines).

2.2. Constraints for EV charging scheduling

It is assumed that the arriving EV users connect EVs for charging
according to a stochastic process which follows an unknown probability
distribution

{

𝑃 𝑐ℎ𝑒,𝑎 (𝑡)
}∞

𝑡=1
. Users connect their EV for charging at the

beginning of a time-slot 𝑡𝑐𝑜𝑛 (i.e., connection time slot). The EV should
be charged by a desired total energy 𝑃 𝑐ℎ𝑒,𝑎 before the disconnection
(i.e., departure time-slot) time 𝑡𝑑𝑒𝑝. The users input the desired charging
nergy in terms of SOC levels. So, the requested total charging energy
an be computed as,
𝑐ℎ
𝑒,𝑎 = 𝑆𝑂𝐶𝑑𝑒𝑝𝑒,𝑎 − 𝑆𝑂𝐶𝑐𝑜𝑛𝑒,𝑎 (1)

At the time of EV connection for charging, to ensure the long battery
life, assume that the SOC level is confined within the desired bounds
due to the manual control of the EV user, i.e.,

𝑆𝑂𝐶min
𝑒,𝑎 ⩽ 𝑆𝑂𝐶𝑐𝑜𝑛𝑒,𝑎 ⩽ 𝑆𝑂𝐶max

𝑒,𝑎 (2)

The above assumption is justifiable as the aggregator has no control
over the battery operational limits when EV is out for a trip. It is also
5

obvious that the desired charging energy requested by the user cannot
exceed the remaining capacity at the time of connection. Therefore,
the amount of desired energy is modified by imposing the following
constraint,

𝑃 𝑐ℎ𝑒,𝑎 = min
(

𝑃 𝑐ℎ𝑒,𝑎 , 𝑆𝑂𝐶
max
𝑒,𝑎 − 𝑆𝑂𝐶𝑐𝑜𝑛𝑒,𝑎

)

(3)

he above constraint ensures that the accepted energy requests always
espect the EV’s charging capacity limits to avoid fast degradation of
attery life. Conversely, from Eqs. (2), (3), it is ensured that after the EV
s charged to the requested energy, its SOC cannot exceed the allowed
aximum capacity, i.e., 𝑆𝑂𝐶𝑑𝑒𝑝𝑒,𝑎 ⩽ 𝑆𝑂𝐶max

𝑒,𝑎 . Now, let the amount of
nergy that can be charged in a single time slot be upper bounded as,

≤ 𝑝𝑒,𝑎 (𝑡) ≤ 𝑝max
𝑒,𝑎 (4)

e do not consider vehicle-to-grid (V2G) functionality in the proposed
odel, i.e., 𝑝𝑒,𝑎 (𝑡) ≥ 0, since it requires sophisticated infrastructure

o support the integration of EVs in V2G mode, and it is still not
lear whether EV users can benefit by providing such service while
vercoming the battery degradation cost [59]. Now assume that the
V starts charging immediately as soon as it is connected for charging
ith a maximum per-slot energy 𝑝max

𝑒,𝑎 continuously in every time-slot,
hen, the minimum time-slots 𝑡min needed to charge the EV by the total
esired energy 𝑃 𝑐ℎ𝑒,𝑎 can be computed as 𝑡min = 𝑃 𝑐ℎ𝑒,𝑎

/

𝑝max
𝑒,𝑎

. If the EV were
ot part of the DR program, it would start charging immediately as soon
s it has established a connection with the grid and should complete the
harging by spending the minimum number of time slots, i.e.,
𝑐ℎ
𝑒,𝑎 (𝑡) =

∑

𝜏∈𝑇min

𝑝𝑐ℎ𝑒,𝑎 (𝜏) (5)

lternatively, if the EV is scheduled by the aggregator to be charged
y an amount of energy 𝑝𝑒,𝑎 (𝑡) considering the congestion and the spot
nergy price to minimize the charging cost, and also ensure that the EV
s charged to the requested energy 𝑃 𝑐ℎ𝑎𝑒,𝑎 level before the deadline 𝑡𝑑𝑒𝑝,
hen the charging delay of an EV 𝑒, 𝑡𝑡𝑜𝑙 (in several time-slots), the EV
ser is ready to tolerate can be computed as 𝑡𝑡𝑜𝑙𝑒 = 𝑡𝑑𝑒𝑝 − 𝑡𝑐𝑜𝑛 − 𝑡min.
onversely, the set of the maximum number of time slots an EV is
vailable for charging can be defined as,
𝑐ℎ =

{

𝑡𝑐𝑜𝑛, 𝑡𝑐𝑜𝑛 + 1,… , 𝑡𝑐𝑜𝑛 + 𝑡min,… , 𝑡𝑑𝑒𝑝
}

(6)

t is now clear from Eqs. (4), (6) that the aggregator shall charge the
V to the requested energy level before the user-defined deadline, i.e.,
𝑐ℎ
𝑒,𝑎 =

∑

𝜏∈𝑇 𝑐ℎ
𝑝𝑒,𝑎 (𝜏), ∀𝑒, 𝑎 (7)

The energy supplied to charge an EV in a time-slot 𝑝𝑒,𝑎 (𝑡) incurs a
ost 𝑝𝑒,𝑎 (𝑡) 𝑢𝑒𝑛 (𝑡). For all the EVs e under an aggregator a, this cost can
e computed as,
𝑒𝑛
𝑎
(

𝑝𝑒𝑛𝑎 (𝑡) , 𝑡
)

= 𝜇𝑒𝑛 (𝑡) 𝑝𝑒𝑛𝑎 (𝑡) (8)

here 𝑝𝑒𝑛𝑎 (𝑡) denotes the energy in a single time-slot supplied to all the
Vs under an aggregator a, i.e., 𝑒 ∈ 𝐸𝑎 (𝑡), can be computed as,
𝑒𝑛
𝑎 (𝑡) =

∑

𝑒∈𝐸𝑎(𝑡)
𝑝𝑒,𝑎 (𝑡) (9)

imilar to the energy cost as computed in Eq. (8), congestion price can
e calculated as given below,
𝑐𝑜𝑛𝑔
𝑎 (𝑡) = 𝜇𝑐𝑜𝑛𝑔𝑏 𝑝𝑒𝑛𝑎 (𝑡) (10)

here 𝜇𝑐𝑜𝑛𝑔𝑎 is the monetary price due to congestion. This congestion
rice is calculated by solving the DCOPF problem by the DSO and com-
unicated to the aggregator as a signal for knowing network conditions

o alleviate the congestion inside the ADN. Congestion prices are maybe
ifferent for different nodal locations in the ADN. Now let us recall
hat the per-slot charging requests submitted by the users as defined in
q. (5) may not be completely fulfilled in a single time slot. Aggregators
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may optimize the charging process through a scheduling strategy to
minimize charging costs. It may shift a portion of requested charging
energy to be supplied in the upcoming time slots, anticipating lower
energy and congestion prices. To enhance the user charging experience,
the delayed charging requests are penalized in the following constraint,

𝑐𝑠ℎ𝑎
(

𝑝𝑠ℎ𝑎 (𝑡) , 𝑡
)

= 𝛼𝑠ℎ
(

𝑝𝑠ℎ𝑎 (𝑡)
)2 + 𝛽𝑠ℎ𝑝𝑠ℎ𝑎 (𝑡) , ∀𝑎 (11)

where 𝛼𝑠ℎ and 𝛽𝑠ℎ are the coefficients of the shifted charging energy
penalty function and 𝑝𝑠ℎ𝑎 (𝑡) is the portion of requested charging energy
shifted and can be computed using Eqs. (5), (7) as given below,

𝑝𝑠ℎ𝑎 (𝑡) =
∑

𝑒∈𝐸𝑎(𝑡)

(

𝑝𝑐ℎ𝑒,𝑎 (𝑡) − 𝑝𝑒,𝑎 (𝑡)
)

, ∀𝑒, 𝑎 (12)

The quadratic function for penalty discourages the shifting of a too
large a portion of energy requests while seeking a trade-off between
charging and user-comfort violation cost.

2.3. Household loads model

Consider FHL registered to participate in DR program under an
aggregator a inside ADN. Assuming that the participating households
have smart loads, such as heating and cooling appliances. Assume
that maximum 𝐿max

𝑎 (𝑡) and critical household loads (CHL) 𝐿𝑐𝑟𝑖𝑡𝑎 (𝑡) are
generated by the user itself through some intelligent algorithm. The
real-time FHL demands are supposed to be non-negative i.i.d stochas-
tic processes. Aggregator’s DR policy must satisfy the CHL such that
𝐿max
𝑎 (𝑡) − 𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) ⩾ 𝐿𝑐𝑟𝑖𝑡𝑎 (𝑡). Thereafter the amount of dispatched

household demand after curtailment 𝐿𝑎 (𝑡) shall meet the following
constraint,

𝐿𝑐𝑟𝑖𝑡𝑎 (𝑡) ⩽ 𝐿𝑎 (𝑡) ⩽ 𝐿𝑚𝑎𝑥𝑎 (𝑡) (13)

where 𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) = 𝐿max
𝑎 (𝑡) − 𝐿𝑎 (𝑡) determine the curtailed household de-

mand. To respect the user-comfort, FHL demand curtailment is confined
within the allowed limits by introducing the following constraint,

lim
𝑡→∞

1
𝑇

𝑇
∑

𝑡=1
E

[

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)

]

⩽ 𝜙𝑎 (14)

where 𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡) = 𝐿max
𝑎 (𝑡) − 𝐿𝑐𝑟𝑖𝑡𝑎 (𝑡) and the curtailment ratio

𝐿𝑐𝑢𝑟𝑡𝑙,𝑎 (𝑡)
/

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡) represents the percentage of unfulfilled FHL. This
constraint makes sure that the curtailed portion of the FHL always
remains below a user-specified threshold 𝜙𝑎 ∈

[

0 1
]

, complying with
his/her tolerance. A smaller curtailment coefficient value reflects less
tolerance towards load shedding and guarantees better power service
quality. To avoid very high load supplying costs (alternatively to lower
the congestion), a penalty function is introduced to impose a monetary
cost of user discomfort as a result of these dropped demands,

𝑐𝑐𝑢𝑟𝑡𝑎
(

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) , 𝑡
)

= 𝛼𝑐𝑢𝑟𝑡
(

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)
)2 + 𝛽𝑐𝑢𝑟𝑡𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) , ∀𝑎 (15)

2.4. DSO problem model

A great amount of work reveals that the results obtained through
DCOPF are in close agreement with that of the ACOPF. The fast
convergence time of DCOPF formulation makes it more suitable for
the system operators to prefer it for real-time applications. Recently,
DCOPF has been widely adapted to solve various congestion problems,
e.g., dynamic tariff-based approach for ADN [29], distributed LMPs
for optimal EV charging [60], congestion management with DR con-
sidering uncertainties [61], congestion management in ADN through
DR [40] and with high penetration of RES in [62]. Therefore, in this
work, DCOPF is used to devise distributed LMPs to calculate the prices
at different locations for active power consumption. In this model,
DSO does not use LMPs data from the day-ahead market or rely on
assumptions regarding the probability distribution of controllable and
6

uncontrollable loads. The prices are calculated from the real-time load
conditions and only consider the current state of the network. DSO
can use the proposed algorithm for RCM without requiring any data
from the day-ahead cleared to market and without considering any load
forecast. It can avoid the errors in the calculation of congestion pricing
stemming from the deviation in LMPs and anticipated load in actual
real-time operation. None of the existing literature has incorporated
this deviation error in the proposed models for the RCM. Existing
literature mostly relies on the information obtained from the day-ahead
auction markets and predicted spot prices.

𝜇𝐿𝑀𝑃
𝑏 (𝑡) = 𝜇𝑒𝑛𝑒 (𝑡) + 𝜇𝑐𝑜𝑛𝑔𝑏 (𝑡) + 𝜇𝑙𝑜𝑠𝑠𝑏 (𝑡) (16)

ince the DSO considers a lossless DCOPF problem, the energy loss
omponent of the LMP can be neglected, i.e., 𝜇𝑙𝑜𝑠𝑠𝑏 (𝑡) = 0. The cost
ncurred to DSO for delivering quality power inside the ADN can be
omputed as,
𝑑𝑠𝑜 =

∑

𝑏∈𝐵
𝜂𝑏 (𝑡) 𝑝

𝑔
𝑏 (𝑡) (17)

here, 𝜂𝑏 (𝑡) is the per-unit energy dispatching price at bus b in time slot
. This price is calculated such that the total demand (without imple-
enting the DR) can be fulfilled through the real-time wholesale spot
arket. In the events of congestion, the calculated price is based on the

ssumption that there are distributed generators that can be procured in
eal-time near congested locations (possibly more expensive than base
enerators at far locations). Next, the energy balance constraint is given
elow,
∑

∈𝐵
𝑝𝑔𝑏 (𝑡) =

∑

𝑏∈𝐵
𝑝𝑑𝑏 (𝑡) (18)

here 𝑝𝑑𝑏 (𝑡) is the nodal demand estimated by the DSO at the beginning
f every time slot. It can be computed as follows,
𝑑
𝑏 (𝑡) = 𝑝𝑐ℎ𝑏 (𝑡) + 𝐿𝑚𝑎𝑥𝑏 (𝑡) + 𝑝𝑐ℎ𝑙𝑏 (𝑡) (19)

here 𝑝𝑐ℎ𝑙𝑏 (𝑡) is the total CHL at bus b. Whereas 𝑝𝑐ℎ𝑏 (𝑡) are the total per-
lot charging requests accepted at the start of the time-slot t at bus b.
he total nodal demand 𝑝𝑑𝑏 (𝑡) is a state variable in the DSO problem
nd is updated and fed back at the beginning of every time slot to
ecalculate the LMPs. This feedback procedure makes this RCM algo-
ithm dynamic and leaves negligible or no margin for errors compared
o the day-ahead static scheduling. The constraint reflecting the limited
hysical capacity of the transmission facility is described below,
∑

∈𝐵
𝐺𝑆𝐹𝑘−𝑏 (𝑡)

(

𝑝𝑔𝑏 (𝑡) − 𝑝
𝑑
𝑏 (𝑡)

)

(20)

here 𝐿𝑖𝑚𝑖𝑡𝑘 is the power capacity of branch k and 𝐺𝑆𝐹𝑘−𝑏 (𝑡) is the
eneration shift factor (GSF) of transmission facility b due to a unit
hift in generation at bus b. The calculation of GSF is affected by the
election of the slack bus. This study considers the bus connected to the
ransmission line as the slack bus. The generation capacity limits at a
pecific location can be represented as,
min
𝑏 ≤ 𝑝𝑔𝑏 (𝑡) ≤ 𝐺max

𝑏 (21)

Mathematically, the LMP of a bus is the dual-variable corresponding
o the power balance constraint of that bus. The Lagrangian function
f the DSO model is formulated as

(𝑡) =

(

∑

𝑏∈𝐵
𝜂𝑏 (𝑡) 𝑝

𝑔
𝑏 (𝑡)

)

− 𝜔 (𝑡) ⋅

(

∑

𝑏∈𝐵
𝑝𝑔𝑏 (𝑡) − 𝑝

𝑑
𝑏 (𝑡)

)

−
∑

𝑘∈𝐾
𝜆𝑘 (𝑡) ⋅

(

∑

𝑏∈𝐵
𝐺𝑆𝐹𝑘−𝑏 (𝑡)

(

𝑝𝑔𝑏 (𝑡) − 𝑝
𝑑
𝑏 (𝑡)

)

)

(22)

− 𝐿𝑖𝑚𝑖𝑡𝑘

here, 𝜔 (𝑡) and 𝜆𝑘 (𝑡) are the ‘‘Lagrangian Multipliers’’ of power bal-
nce and line power capacity limit constraints. Differentiating the
bove Lagrangian function gives the LMP as follows.

𝐿𝑀𝑃
𝑏 (𝑡) =

𝜕𝜓 (𝑡)
𝑑 (23)
𝜕𝑝𝑏 (𝑡)
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𝜇𝐿𝑀𝑃
𝑏 (𝑡) = 𝜔 (𝑡) +

∑

𝑘∈𝐾
𝜆𝑘 (𝑡) ⋅ 𝐺𝑆𝐹𝑘−𝑏 (24)

here 𝜔 (𝑡) denotes the base energy price. Whereas, ∑𝑘∈𝐾 𝜆𝑘 (𝑡)⋅𝐺𝑆𝐹𝑘−𝑏
epresent the marginal cost due to the congestion. The congestion
omponent of the total energy consumption costs at a bus 𝑏 at time
can be calculated as given below
𝑐𝑜𝑛𝑔
𝑏 (𝑡) =

∑

𝑘∈𝐾
𝜆𝑘 (𝑡) ⋅ 𝐺𝑆𝐹𝑘−𝑏 (25)

he terms congestion cost and congestion signal are used alternatively
n the manuscript. Congestion cost calculated in Eq. (25) can be used as
he dynamic signal, carrying real-time network state information to the
ggregators. It is not a binary variable meant for YES or No decisions
ut reflects the severity of congestion on a transmission facility. It plays
critical role in deciding the amount of energy supplied in a time slot

long with other costs incorporated in the objective function of the
ggregator problem.

.5. Offline problem for congestion management in ADNs

The overall cost function of the aggregator problem comprises
nergy consumption cost, the congestion cost, the penalty incurred due
o FHL curtailment, and the delay in fulfilling the EV charging requests,

𝑎 (𝑡) = 𝑐𝑒𝑛𝑎
(

𝑝𝑒𝑛𝑎 (𝑡) , 𝑡
)

+ 𝑐𝑐𝑜𝑛𝑔𝑏
(

𝑝𝑒𝑛𝑎 (𝑡) , 𝑡
)

𝑐𝑠ℎ𝑎
(

𝑝𝑠ℎ𝑎 (𝑡) , 𝑡
)

+ 𝑐𝑐𝑢𝑟𝑡𝑎
(

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) , 𝑡
)

(26)

where 𝑐𝑒𝑛𝑎 (⋅), 𝑐𝑠ℎ𝑎 (⋅), 𝑐𝑐𝑢𝑟𝑡𝑎 (⋅) are the cost of energy charged to the EVs
and FHL, the penalty for shifting EVs charging demands and the penalty
cost for the curtailed FHL, respectively. The cost of purchasing energy
from the real-time spot market is calculated is given below

𝑐𝑒𝑛𝑎
(

𝑝𝑒𝑛𝑎 (𝑡) , 𝑡
)

= 𝜇𝑒𝑛 (𝑡) 𝑝𝑒𝑛𝑎 (𝑡) (27)

where 𝑝𝑒𝑛𝑎 (𝑡) is the total energy supplied to EVs and FHL during a time
slot and can be determined as given below,

𝑝𝑒𝑛𝑎 (𝑡) =
∑

𝑒∈𝐸𝑎(𝑡)
𝑝𝑒,𝑎 (𝑡) +

∑

𝑙∈𝐿𝑎

𝐿𝑎 (𝑡), ∀𝑒, 𝑎 (28)

At the start of every time slot, DSO calculates the congestion price by
solving the given below DCOPF problem,

min 𝑐𝑑𝑠𝑜 =
∑

𝑏∈𝐵
𝜂𝑏 (𝑡) 𝑝

𝑔
𝑏 (𝑡)

𝑠𝑢𝑏 𝑡𝑜 ∶ (17)–(25), ∀𝑡
(29)

The network condition is estimated by solving the DSO problem de-
scribed in Eq. (29). It is sent to the aggregators as an additional price
signal on top of the energy price information received from the energy
spot market. This congestion price 𝜇𝑐𝑜𝑛𝑔𝑏 (𝑡) is defined by Eq. (25) in
Section 2.4. Based on these price signals and user-defined preferences
and deadlines described in Sections 2.2 and 2.3, aggregators optimize
scheduling decisions. Now, the various state variables for the aggrega-
tor’s cost minimization problem can be represented as a concatenated
vector

𝑠 (𝑡) =
{

𝑝𝑎 (𝑡) , 𝜇𝑎 (𝑡) , 𝑡𝑒,𝑎 (𝑡)
}

(30)

where 𝑝𝑎 (𝑡) =
{

𝑝𝑐ℎ𝑒,𝑎 (𝑡) , 𝐿
max
𝑎 (𝑡) , 𝐿𝑐𝑟𝑖𝑡𝑎 (𝑡)

}

is the upper bound and CHL,

and per-slot EVs charging requests submitted to the aggregators at
the start of each time-slot, 𝜇𝑎 (𝑡) =

{

𝜇𝑐𝑜𝑛𝑔𝑎 (𝑡) , 𝜇𝑒𝑛𝑒 (𝑡)
}

is the vector
of energy and congestion prices at different nodes of the ADN and
𝑡𝑒,𝑎 (𝑡) =

{

𝑡𝑐𝑜𝑛 (𝑡) , 𝑡𝑑𝑒𝑝 (𝑡)
}

is the vector of EVs connection (arrival)
and disconnection (departure) time. The concatenated vector of the
aggregator problem’s decision variables is formulated as given below,

𝑑 (𝑡) =
{

𝑝 (𝑡) , 𝐿 (𝑡) , 𝑝𝑠ℎ (𝑡) , 𝐿𝑐𝑢𝑟𝑡 (𝑡)
}

(31)
7

𝑎 𝑒,𝑎 𝑎 𝑒,𝑎 𝑎 t
Finally, the infinite time horizon expected time average cost minimiza-
tion problem is designed as given below,

𝑃 1 ∶ min
{𝐶̄𝑎(𝑡)}

lim
𝑇→∞

1
𝑇

𝑇−1
∑

𝑡=0
E
{

𝐶𝑎 (𝑡)
}

𝑢𝑏 𝑡𝑜 ∶ (1)–(12), (13)–(14), (29), ∀𝑡

(32)

roblem P1 is stochastic, mainly because of the random EV arrival
rocess, time-varying FHL, volatile spot, and congestion prices. Finding
he optimal solution to such problems is very challenging. Moreover,
ecision variables of P1, such as FHL curtailment ratio and heteroge-
eous EV charging completion deadlines, are coupled across time. In
ection 3, instead of optimizing the aggregator’s static cost over the
nfinite time horizon, the time average of the aggregator’s overall cost
an be minimized slot-by-slot greedily. It can be accomplished via an
nline strategy incorporating the LO technique.

. RCM algorithm using Lyapunov optimization

It can be noticed from the problem P1 developed in Section 2.5
hat it minimizes the long-term cost of the aggregator. The problem
1 can be solved using any offline algorithm. However, the challenge
ere is solving it in real-time, which may only use the information
bout the system states available for the current time slot. The inspi-
ation is designing an algorithm that can operate online and decide
he EV charging energy in real-time without requiring any historical
nformation or probability distributions of the uncertainties involved.
ptimization techniques based on the Lyapunov framework can be
pplied after transforming the long-term offline problem into per-slot
ndependent sub-problems. These sub-problems can be solved greedily
y incorporating virtual queues and the drift-plus-penalty function.
he EV charging scheduling and dispatch of the FHL decisions in the
ggregator’s problem are based on the novel queuing theory. More
pecifically, the aggregator creates a queue for EVs with similar charg-
ng preferences (e.g., a group with the same delay tolerances regarding
he number of time slots) to store the per-slot charging requests.
he requests are cleared from the queues, so EVs are charged to the
equested SOC level before the user-specified deadline. The EV arrival
rocess and FHL demand requests are assumed to be independent, and
he aggregator has no information about its probability distribution.
or such a practical scenario, the LO framework, which utilizes queuing
heory, can fulfill EV charging demands and dispatch FHL at a minimal
ost. It decides the amount of charging energy in each time slot by
ooking at the energy spot price and dynamic congestion price signal
ent by DSO constrained by charging deadlines. Before applying the
O to solve problem P1 in real-time, it must be transformed into a
ompatible form. The complete procedure for offline-to-online problem
ransformation is illustrated in Fig. 2.

.1. Congestion management in real-time

Recently, the LO framework has been used to solve energy man-
gement problems in diverse areas, such as energy trading in micro-
rids [63], real-time ESS sharing [64], online energy sharing among
ano-grids [65], data centers cost minimization with storage [66], real-
ime energy management strategy for a smart-community [67], and
nline energy flow control of regional integrated energy systems [68].
his work is perhaps the first to develop an application of the LO frame-
ork for solving a RCM problem. The solution of the developed offline
roblem P1 in an online fashion is challenging compared to other
xisting applications of LO. The complexity of the overall optimization
roblem is significant due to various constraints relating to arbitrary
harging requests. The charging accomplishment and FHL fulfillment
ecisions while maintaining user comfort simultaneously are inevitably
oupled across the time horizon.

A flow diagram in Fig. 3 illustrates the step-by-step mechanism of
he designed RCM algorithm. The DSO utilizes network information,
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Fig. 2. Offline-to-online problem transformation illustrative diagram.
including the topology of the ADN, line-loading limits, and internal
DG limits, as shown on the left side of the diagram. Additionally, the
DSO has access to other parameters such as aggregated uncontrollable
and flexible nodal demands. By solving an optimization problem based
on this information using DCOPF the DSO determines congestion sig-
nal. Whereas, the aggregator optimizes the energy scheduling problem
by using information stored in the queue backlogs. This information
includes EV charging energy requests, household loads, and delay-
aware virtual queues. The Aggregators schedule the charging of EVs
and manage household loads based on the information stored in vir-
tual queues, congestion signals communicated by DSO, and energy
spot prices. Finally, aggregators communicate the energy consumption
decisions to the individual EV and household users.

3.2. Virtual queues design

In this subsection, we design virtual queues to handle real-time per-
slot EV charging requests as defined in Eq. (5), delay-aware virtual
queues to supply EV charging requests before the user-defined dead-
lines as described in Eqs. (6), (7) and virtual queues to maintain power
quality for FHL as described in Eq. (14).

3.2.1. EV charging request queues
The EV charging requests corresponding to different delays are

stored in separate queues. The per-slot EV charging requests, as defined
in Eq. (5), belonging to similar delays, are stored in a single queue and
processed as given below,

𝑅𝑑,𝑎 (𝑡 + 1) = max
[

𝑅𝑑,𝑎 (𝑡) − 𝑂𝑑,𝑎 (𝑡) , 0
]

+ 𝐼𝑑,𝑎 (𝑡) (33)

where 𝐼𝑑,𝑎 (𝑡) and 𝑂𝑑,𝑎 (𝑡) represent the incoming charging requests of
EVs belonging to a queue associated with a delay (in several time-slots)
𝑑 ∈ 𝐷𝑎 = {1, 2, ..} at the beginning of a time-slot, whereas, 𝑂𝑑,𝑎 (𝑡)
are the served to charge requests an outgoing portion of the requested
charging energy 𝐼𝑑,𝑎 (𝑡) which is served in time-slot ‘‘t ’’. It is obvious
from the queue described in Eq. (33) that rather than fulfilling the
incoming EV charging requests immediately once received, the service
8

decisions are based on various factors such as the tolerable delay
to which the queue is associated with, energy and congestion price
signals, etc. What fraction of the requested demand can be fulfilled
in the time slot ‘‘t ’’ depends on the real-time energy and congestion
prices. Generally, if the combined energy and dynamic prices are high,
the charging portion the algorithm decides is small; if they are low,
the charging portion is relatively large. One more factor contributes
while making charging decisions, i.e., how far is the deadline (queue
backlog).

From the queues structure described in Eq. (33), the queue backlog
may drop below empty, which has no physical meaning. To avoid this
situation, the given below constraint is imposed,

0 ⩽ 𝑂𝑑,𝑎 (𝑡) ⩽ min
[

𝑂max
𝑑,𝑎 (𝑡) , 𝑅𝑑,𝑎 (𝑡)

]

(34)

where 𝑂max
𝑑,𝑎 (𝑡) is the upper bound of the stored charging requests of

EVs which still not-served, i.e., 𝑂max
𝑑,𝑎 (𝑡) ⩽

∑

𝑒∈𝐸𝑑,𝑎(𝑡) 𝑝
max
𝑒,𝑎 (𝑡) Now let us

recall that the service requests for EV charging energy demands 𝑂𝑑,𝑎 (𝑡)
from Eq. (33), is the to-be fulfilled sum of the per-slot disaggregated
charging energy demands. However, it is impractical for EV users to
request charging energy at the beginning of every time slot. Alterna-
tively, aggregators receive EV charging requests for total energy and
use an automated approach to allocate it across multiple slots based
on the EV charger characteristics and user-defined preferences. The
disaggregation process of the requested charging energy by each EV
upon its connection to the ADN was described in Section 2.2.

3.2.2. Delay aware virtual queues for EV charging request fulfillment
A delay-responsive virtual queue is introduced to meet the con-

straint described in Eq. (7). The Delay responsive virtual queue is
designed such that the submitted charging requests are fulfilled before
the user-predefined deadline,

𝑍𝑑,𝑎 (𝑡 + 1) = max
[(

𝑍𝑑,𝑎 (𝑡) − 𝑂𝑑,𝑎 (𝑡) + 𝜀𝑑,𝑎
)

, 0
]

𝜀𝑑,𝑎 =
{

+𝑣𝑒,
0,

𝑅𝑑,𝑎 (𝑡) > 0
𝑅𝑑,𝑎 (𝑡) ≤ 0

(35)

where 𝜀𝑑,𝑎 is a fixed parameter assigned a finite positive value if there
are some unfulfilled charging demands. The parameter 𝜀 is designed
𝑑,𝑎
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Fig. 3. Flow diagram demonstrating complete step-by-step mechanism of the designed RCM algorithm.
such that when it is tuned to a value, it will push the queues to be sta-
bilized at a rate that will ensure the fulfillment of EV charging request
binding to the deadlines associated with the queues. The maximum
queuing delay is upper bounded by

(

𝑍max
𝑑,𝑎 + 𝑅max

𝑑,𝑎

)

∕𝜀𝑑,𝑎, as shown in
the following lemma

Lemma 1. Maximum Queuing Delay: Assume that the system can be
controlled such that 𝑍𝑑,𝑎 ⩽ 𝑍max

𝑑,𝑎 and 𝑅𝑑,𝑎 ⩽ 𝑅max
𝑑,𝑎 for all queues associated

with a delay. Then all EV charging requests stored in queues 𝑅𝑑,𝑎 (𝑡) can be
fulfilled with a maximum delay of

(

𝑍max
𝑑,𝑎 + 𝑅max

𝑑,𝑎

)

∕𝜀𝑑,𝑎

Proof. see Appendix A

3.2.3. Virtual queue to ensure quality of power for FHL
A virtual queue is introduced to meet the constraint described in

Eq. (14), accomplishing the quality of power (QoP) for FHL demand.
The virtual queue starts such that 𝑀𝑎 (0) = 0 and evolves as given
below,

𝑀𝑎 (𝑡 + 1) = max
[

𝑀𝑎 (𝑡) − 𝜙𝑎, 0
]

+
𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)
(36)

From queue defined in Eq. (36), it can be noticed that 𝜙𝑙,𝑎 is the FHL
fulfillment rate and 𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)∕𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) 𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡) is the actual serving
rate. FHL having identical QoP coefficient values are grouped into a
single queue. To ensure the mean-rate-stability of the queue 𝑀𝑎 (𝑡), the
request and service rates must be equal, i,e., lim𝑡→∞

1
𝑡 E

[

𝑀𝑎 (𝑡)
]

= 0.
This can be proved using the mean-rate-stability theorem [69]; however,
we omit the proof here for brevity.

To this end, the problem P1 described in Section 2.5 can be modified
to express it in terms of time average expected cost, provided the virtual
queues designed in the above section are stabilized, i.e.,

𝑃 2 ∶ min
{𝑑𝑎(𝑡)}

lim
𝑇→∞

1
𝑇

𝑇−1
∑

𝑡=0
E
{

𝐶𝑎 (𝑡)
}

(37)
9

𝑠𝑢𝑏 𝑡𝑜 ∶ (1)–(6), (8)–(12), (13), (29)–(36), ∀𝑡
Note that in P2, the constraints (7) and (14) from P1 has been replaced
with virtual queues in Eqs. (33)–(36). Assuming that the optimal solu-
tion to problem P2 is feasible for the offline problem in P1, it can be
proved that it is also an optimal solution to problem P1.

3.3. Min-drift-plus-penalty algorithm

The P2 problem in Eq. (37) is still difficult to solve in its current
form mainly because of the objective function involving infinite time-
average of the cost being minimized and queue stabilization constraints
described in Eq. (33)–(14). We utilize the LO framework involving a
min-drift-plus-penalty algorithm to address the above-mentioned chal-
lenges. Let 𝛩 (𝑡) =

{

𝑅𝑑,𝑎 (𝑡) , 𝑍𝑑,𝑎 (𝑡) ,𝑀𝑎 (𝑡)
}

denote the virtual queues
in the form of a concatenated vector. Then, in each time slot, to
quantify the backlog congestion within virtual queues, a Lyapunov
function is introduced as given below

𝐿 (𝛩 (𝑡)) = 1
2

⎡

⎢

⎢

⎢

⎣

𝜁
∑

𝑑∈𝐷𝑎

𝑅𝑑,𝑎(𝑡)2 + 𝛾
∑

𝑑∈𝐷𝑎

𝑍𝑑,𝑎(𝑡)2

+𝜉
∑

𝑀𝑎(𝑡)2

⎤

⎥

⎥

⎥

⎦

(38)

where 𝜁, 𝛾 𝑎𝑛𝑑 𝜉, are trade-off coefficients used to treat the virtual
queues independently.

Next, the conditional per-slot drift is described as

𝛥 (𝛩 (𝑡)) = E [𝐿 (𝛩 (𝑡 + 1)) − 𝐿 (𝛩 (𝑡))|𝛩 (𝑡)] (39)

The min-plus-drift formulation is a method to evaluate the virtual
queue expected length evolution given the present-slot state 𝛩 (𝑡).
Explicitly minimizing the drift only may yield stabilized queues at most;
nevertheless, it can still cause a huge penalty cost. On that account,
the trick is to simultaneously minimize the drift, and penalty term via
a function termed as min-drift-plus-penalty expression, i.e., 𝛥 (𝛩 (𝑡)) +
𝑉 [𝐶 (𝑡)|𝛩 (𝑡)]. Where V, always being a positive constant, provide
a trade-off scheme between the demand procurement cost and the
penalty cost due to a delay.
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Lemma 2. Lyapunov Min-drift-plus-penalty Algorithm: Subject to the all
candidate control policies 𝑑𝑎 (𝑡) along all time-slots, the Lyapunov Min-drift-
plus-penalty term is upper bounded as

𝛥 (𝛩 (𝑡)) + 𝑉 E [𝐶 (𝑡)|𝛩 (𝑡)] ⩽ 𝐵

+𝜁
∑

𝑑∈𝐷𝑎

𝑅𝑑,𝑎 (𝑡)E
[

𝐼𝑑,𝑎 (𝑡) − 𝑂𝑑,𝑎 (𝑡)||𝛩 (𝑡)
]

+𝛾
∑

𝑑∈𝐷𝑎

𝑍𝑑,𝑎 (𝑡)E
[

𝜀𝑑,𝑎 − 𝑂𝑑,𝑎 (𝑡)||𝛩 (𝑡)
]

+𝜉
∑

𝑀𝑎 (𝑡)E

[

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)
− 𝜙𝑎

|

|

|

|

|

𝛩 (𝑡)

]

+𝑉 E [𝐶(𝑡)|𝛩(𝑡)]

(40)

whereas B is a constant term, described as given below

𝐵 =
∑

𝑑∈𝐷𝑎

⎧

⎪

⎨

⎪

⎩

(

𝐼max
𝑑,𝑎

)2
+
(

𝑂max
𝑑,𝑎

)2

+max
[

(

𝜀𝑑,𝑎
)2,

(

𝑂max
𝑑,𝑎

)2
]

⎫

⎪

⎬

⎪

⎭

/

2

+
(

1 + 𝜙𝑎2
)/

2

(41)

Proof. see Appendix B

Instead of solving the min-drift-plus-penalty problem directly, the
right-hand-side (RHS) of the above-described expression can be eval-
uated slot-wise in a greedy fashion incorporating the minimization of
conditional expectation through an opportunistic mechanism.

3.4. Solving congestion alleviation problem in an online fashion

Considering state vector 𝑠 (𝑡) =
{

𝑝𝑎 (𝑡) 𝜇𝑎 (𝑡) 𝑡𝑒,𝑎 (𝑡)
}

of uncertain in-
puts parameters, there exist an arbitrary stationary optimization policy
influenced by their current values only. It dictate the decision vector
𝑑𝑎 (𝑡) =

{

𝑝𝑒,𝑎 (𝑡) , 𝐿𝑎 (𝑡) , 𝑝𝑠ℎ𝑒,𝑎 (𝑡) , 𝐿
𝑐𝑢𝑟𝑡
𝑎 (𝑡)

}

and result in a cost that is (B/V)
far from the optimal. The such developed algorithm is summarized as
follows; At the beginning of each time-slot t, the system state vector,
as described in Eq. (30), is observed. The per-slot EV charging and FHL
demand are communicated to DSO by the aggregator. The congestion
price signal is determined by solving the DCOPF problem as described
in problem (29). The network state information integrated into the
congestion price is sent to the aggregator. The virtual queues backlog
𝛩 (𝑡) are estimated afterward. Finally, the control decision vector, as
defined in Eq. (31) is determined by solving the following online
problem P3,

𝑃 3 ∶ min
{𝑑(𝑡)}

𝑉 𝐶 (𝑡) + 𝜁
∑

𝑑∈𝐷𝑎

𝑅𝑑,𝑎 (𝑡)𝑂𝑑,𝑎 (𝑡)

−𝛾
∑

𝑑∈𝐷𝑎

𝑍𝑑,𝑎 (𝑡)𝑂𝑑,𝑎 (𝑡) − 𝜉𝑀𝑎(𝑡)
𝐿𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)

𝑠𝑢𝑏 𝑡𝑜 ∶ 𝑣𝑖𝑟𝑡𝑢𝑎𝑙 𝑞𝑢𝑒𝑢𝑒𝑠 𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛, ∀𝑡, 𝑎

(42)

It is evident that problem P3 does not contain terms that depend
on any presumed future or historical distributions. The queue backlogs
𝛩 (𝑡) are sufficient to consider for control decisions in the next time slot.
This property of the Lyapunov formulation makes it a good choice for
solving real-time problems of great complexity with notable accuracy
and negligibly time compared to other online approaches.

4. Performance analysis

Let the optimal long-term average cost and the cost incurred from
the LO be denoted as 𝐶∗𝑒 and 𝐶 ∙, respectively. The optimal cost 𝐶∗ can
be achieved by optimally solving the problem P3 through any possible
random control policy, i.e., 𝑑∗𝑎 (𝑡) =

{

𝑝∗𝑒,𝑎 (𝑡) , 𝑝
∗
𝑙,𝑎 (𝑡) , 𝑝

𝑠ℎ∗
𝑒,𝑎 (𝑡) , 𝑝𝑐𝑢𝑟𝑡∗𝑙,𝑎 (𝑡)

}

.
Conversely, the same problem P3 can be solved in real-time through
the application of min-drift-plus-penalty algorithm as described in
10
Fig. 4. Real-time wholesale market electric price.

Lemma 2, by greedily minimizing the cost in every time-slot, indepen-
dently, through a control policy, let us call it 𝑑∙𝑎 (𝑡) =

{

𝑝∙𝑒,𝑎 (𝑡) , 𝑝
∙
𝑙,𝑎 (𝑡) ,

𝑝𝑠ℎ∙𝑒,𝑎 (𝑡) , 𝑝
𝑐𝑢𝑟𝑡∙
𝑙,𝑎 (𝑡)

}

. Now, the optimality gap between the solution ob-
tained using any other optimal control algorithm, and the LO frame-
work can be characterized through the LO theory as stated in the
following theorem;

Theorem 1. The time-average of the total cost C incurred to an aggregator
via solving the online problem P3 by participating in DR program is upper
bounded by,

lim
𝑡→∞

1
𝑇

𝑇
∑

𝑡=1
E [𝐶 (𝑡)] ⩽ 𝐶∗ + 𝐵∕𝑉

where 𝐶∗ denotes the optimal cost.

Proof. see Appendix C

Theorem 1 proves that the Lyapunov algorithm guarantees the
performance bound 𝐶∗ ⩽ 𝐶 ⩽ 𝐶 ∙ + 𝐵∕𝑉 . Whereas the control
parameters 𝑉 and 𝐵 are discussed in Section 3. The real-time solution
obtained through the control policy implemented using LO, i.e., 𝑑∙𝑎 (𝑡) =
{

𝑝∙𝑒,𝑎 (𝑡) , 𝑝
∙
𝑙,𝑎 (𝑡) , 𝑝

𝑠ℎ∙
𝑒,𝑎 (𝑡) , 𝑝

𝑐𝑢𝑟𝑡∙
𝑙,𝑎 (𝑡)

}

, may not be feasible to the problem
P2. Because the choice of parameter 𝑉 that is greater than the actual
may lead to a smaller optimality gap but at the expense of an increase in
the average virtual queue backlogs. Large average queue backlogs may
alternatively disregard the corresponding constraints, rendering the
obtained solution infeasible. Concisely, the value of 𝑉 provides a trade-
off between the cost and queue backlogs’ average size. Nonetheless,
the careful configuration of constant 𝐵 and suitable parameter 𝑉 can
guarantee feasible results.

The delay-aware virtual queues ensure that the requested EV charg-
ing energy demands 𝐼𝑑,𝑎 (𝑡) are served before the maximum allowed
delay tolerances, i.e., 𝑑 ∈ 𝐷𝑎 = {1, 2, ..}

Lemma 3. Virtual Queues Characteristics: a. The queues 𝑅𝑑,𝑎 (𝑡) and
𝑍𝑑,𝑎 (𝑡) can be characterized as 𝑅max

𝑑,𝑎 = 𝑉 𝜇max
𝑎 +𝐼max

𝑑,𝑎 and 𝑍max
𝑑,𝑎 = 𝑉 𝜇max

𝑎 +

𝜀𝑑,𝑎, b. 𝜀𝑑,𝑎 =
(

2𝑉 𝜇max
𝑎 + 𝐼max

𝑑,𝑎

)

∕
(

𝐷max
𝑑,𝑎 − 1

)

Proof. See Appendix D
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Fig. 5. Line-loading (Line-13) in terms of percentage of line-limit and overloading frequency.
Fig. 6. Modified IEEE 33-bus test ADN layout.
5. Case studies

This section analyzes extensive case study results to demonstrate
the performance of the proposed RCM algorithm. First of all, vari-
ous parameters corresponding to the input data are described. Next,
line-loading levels are discussed, such as overloading frequency and
percentage of maximum loading limits. The shifted load, charging, FHL
request fulfillment delay, and computational cost are presented. At the
end of the section, EV charging cost due to the proposed RCM algorithm
is compared with the benchmark algorithms.

5.1. Simulation setup

To validate the potential of the proposed algorithm, a modified
version of the IEEE 33-bus distribution test network, as shown in Fig. 6,
is used. The test ADN comprises 32 load buses, 2 DG buses, and 32
branches. For clarity, in this paper, it is assumed that an aggregator is
serving all the loads in the test ADN. However, the results can be easily
extended to multiple aggregator cases without affecting performance.

The penetration of FHL demand and EVs are shown in Figs. 8 and
11, respectively. To simplify the analysis, all households and EVs at
a bus are aggregated into single but separate residential and EV loads.
The CHL demand follows the normal distribution from [60%, 90%] of the
total household demand. The aggregated household demand follows the
typical daily load curve, and individual household loads are obtained
from Ref. [70]. The demand curve peaks due to EVs charging mostly
coinciding with that of the residential demand [71]; hence, the EV
charging demand curve is assumed homogeneous to the residential load
curve. Different probability distributions of residential and EV loads
may not affect results as the developed real-time model does not rely on
any forecast a priori. The battery capacity, maximum SOC, minimum
SOC, minimum SOC of connecting EV, and max requested charging
energy are set to 100 kWh, 90% of capacity, 10% of capacity, same as
minimum SOC and [50%, 90%], respectively. The duration of the single
time slot is considered 5 min, and the maximum EV charging rate in
11
a time slot is assumed to be 3.33 kWh. Real-time wholesale electric
market price data is obtained from Ref. [72] and is shown in Fig. 4.

The proposed algorithm is programmed and solved using CVX,
a MATLAB-based software package for disciplined convex program-
ming [73]. The simulation results discussed in this paper are obtained
using Intel(R) Core(TM) i5-8265U CPU 1.60 GHz with 8 GB RAM. The
per-slot computational cost is shown in Fig. 9. On average, the proposed
LO-based algorithm takes 0.55 s to solve the developed online problem,
making it suitable for practical applications.

5.2. Simulation results

To analyze the superiority of the LO-based RCM approach, the
line-loading at Line-5 with and without the proposed RCM algorithm
is demonstrated in Fig. 10. Most of the approaches in the existing
literature [74] solely rely on the day-ahead predicted demand at each
node of the ADN to estimate the congestion. The performance of such
techniques may significantly deteriorate in practical applications as
they do not consider forecast errors. Algorithms proposed in this paper
do not rely on day-ahead forecasts and use nodal demands at the
start of every time slot and communicate to DSO, who calculate the
dynamic congestion price in real-time. The computed congestion price
is returned to the aggregator to reschedule the loads. To determine
the line loading levels shown in Fig. 10, the DSO’s DCOPF problem
in Eq. (29) is solved twice; (Case-1). Without rescheduled demand and
line limits (Case-2). With rescheduled demand and without line limits.

Loading at Line-5 is contributed by demands at nodes 6–18 and
26–33. It can be deduced from Fig. 10 that the loading at Line-5 has
reduced significantly due to the rescheduling of loads at nodes 6–18 and
26–33 after considering the dynamic congestion price signal, which is
shown in Fig. 7. It is also evident by looking at Figs. 7 and 10 that the
proposed algorithm can wisely reduce the line loading during the time
slots 210–230 when there is congestion in the network.

Furthermore, in Fig. 5, the efficacy of the proposed RCM algorithm
can be demonstrated from another perspective, i.e., it can significantly
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Fig. 7. Real-time congestion price during different time-slots for aggregator located at
node-13.

Fig. 8. Distribution of FHL at different nodes of the test network.

Fig. 9. Per-slot computational cost using RCM algorithm.
12
Fig. 10. Line-loadings (Line-27) with and without proposed RCM algorithm.

Fig. 11. EV load concentration at different nodes of the test network.

reduce the loading percentage leading to a longer transformer lifetime
in the distribution feeders.

From Fig. 13, it can be observed that the RCM algorithm is sensitive
in responding to the real-time wholesale electric price and dynamic
CCS. Sharp spikes in the shifted-load curve at the circled time slots
are due to either high electric prices or high congestion costs. It is
clearly able to shift the FHL and EV demand away from peak-hour time
slots to avoid congestion. Alternatively, the aggregator can intelligently
respond to network conditions communicated by DSO in the form of
CCS, which can reduce the line-loading in peak-demand hours.

The time-accumulated average cost incurred for supplying FHL and
EV charging demand is compared with the benchmark algorithms,
i.e., offline, T-slot look-ahead greedy and without any DR strategy, in
Fig. 14.

In the offline algorithm, the underlying uncertain input parame-
ters, such as EV arrival times and congestion price, are all known
beforehand. Results obtained by solving the problem using such a deter-
ministic offline approach can help estimate the lower bound of the cost
to the problem being solved in real-time. Nevertheless, the results from
such offline strategy are nowhere near feasible in practical scenarios
where stochasticity of the various input parameters is inherent [75].
Whereas a T-slot look-ahead greedy algorithm uses the values of the
input data that are known T-slots in advance, here in this paper, 𝑇 = 24.

From Fig. 14, it can be seen that there is no significant difference
until the 100th time-slot between the costs incurred by different strate-
gies other than offline because the variations in different costs related
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Fig. 12. EV-charging requests service delay and FHL fulfillment ratio.
Fig. 13. Shifted load at node-5 in response to varying energy cost and network
conditions.

Fig. 14. Time-accumulated cost comparison with benchmark algorithms.
13
to energy consumption are minimal during the off-peak hours. On the
other hand, the offline algorithm incurred more cost until before the
200th time-slot, and there onward, it outperformed other algorithms
because of high real-time electric price and high congestion cost during
that period. It can do so because it knows the future statistical distri-
butions of the uncertain variables. The highest cost is incurred by the
approach which uses no DR strategy. Overall, the performance of our
proposed algorithm is only next to that of the offline algorithm.

The delay in fulfilling the energy requests for EV charging and
FHL fulfillment ratio is shown in Fig. 12. It can be observed that
the worst-case and average delay in completion of the EV charging
request on all the buses is in accordance with the preset limits. The
time average of the FHL curtailment ratio is higher at the start of the
time horizon but quickly converges towards the set limit, i.e., 0.25.
The Lyapunov technique’s inherent property provides the mechanism to
design a resource scheduling strategy such that its convergence utilize
the time averages exponentially.

6. Conclusion

A congestion alleviation strategy based on the DR program is pro-
posed in this work. The traditional power networks may increasingly
face network overloading conditions due to the increasing share of RES
and brisk electrification of the transport sector. Current approaches
tackling congestion use direct control ignoring user behavior con-
straints. Others are largely deterministic and rely on unrealistic as-
sumptions about the probability distribution of the involved random
variables. The DR program implemented in this paper incorporates EV
charging and FHL, aggregator, and DSO in real-time under a smart
distribution scenario.

The developed algorithm incorporates the LO framework and uses
a market-based approach instead of direct control. It is designed such
that the aggregator does not explicitly rely on DSO for sharing the
network conditions. Instead, the dynamic congestion signal carries
complete network information required by the aggregator. First, a
virtual queue-based procedure is designed to transform the offline
congestion management problem into a form that can be solved online.
Second, the LO technique is applied to solve the online problem in a
slot-wise greedy fashion. It does not require any future probability dis-
tribution of the uncertain variables involved in the model. The efficacy
of the proposed algorithm is verified through extensive simulations
based on the modified IEEE-13 bus test network. The obtained results
reveal that the line loadings have notably dropped, and the occurrence
of the line over-loading frequency violations are far less than that
without the proposed algorithm. It proves that the developed strategy is
robust to uncertainties related to EV user behavior and volatile electric
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prices. The time average of the FHL curtailment ratio and EV-charging
requests service delay converges towards the assumed user-set limits,
i.e., 0.25 and 10 times-lots respectively. The comparative analysis of
cost minimization with other algorithms, such as the greedy algorithm,
shows that the proposed algorithm is able to outperform other bench-
mark algorithms. The limits of the proposed work are that the proposed
strategy may not be able to accommodate an EV user to amend its
charging preferences in case of an unusual or emergency situation. The
proposed algorithm does not consider any probability distributions of
user behavior or electricity prices. Therefore, it can be extended to
include realistic probability distributions which may further enhance
the efficiency of the proposed strategy in certain circumstances.
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Appendix A

Proof of Lemma 1. The implications of Lemma 1 can be proved
through contradiction. Let us first assume that the delay in supplying
the per-slot charging demand of EVs is larger than the worst-case delay,
i.e.,

(

𝑍max
𝑑,𝑎 + 𝑅max

𝑑,𝑎

)

∕𝜀𝑑,𝑎. Let us assume that the incoming EV charging
demand at the start of the time-horizon is positive, i.e., 𝐼𝑑,𝑎 (𝑡) > 0, then,
from charging demand backlog update queues as in Eq. (33), we have
𝑅𝑑,𝑎 (𝑡 + 1) > 0 and 𝑅𝑑,𝑎 (𝜏) > 0 until the time-slot of worst-case delay,
i.e., 𝑡+1 ⩽ 𝜏 ⩽ 𝑡+𝑑𝑎max. From the delay-aware virtual queue, as defined
n Eq. (35), we have

𝑑,𝑎 (𝜏 + 1) ⩾ 𝑍𝑑,𝑎 (𝜏) −
(

𝑂𝑑,𝑎
)

+ ∈𝑑,𝑎 (43)

ow, summing the above inequality from (𝑡 + 1) up to
(

𝑡 + 𝑑𝑎max), we
et

𝑑,𝑎
(

𝑡 + 𝑑max
𝑎 + 1

)

−𝑍𝑑,𝑎 (𝑡 + 1) ⩾ 𝑑max
𝑎 ∈𝑑,𝑎 −

𝑡+𝑑max
𝑎

∑

𝜏=𝑡+1
𝑂𝑑,𝑎 (𝜏) (44)

Note that 𝑍𝑑,𝑎
(

𝑡 + 𝑑max
𝑎 + 1

)

⩽ 𝑍max
𝑑,𝑎 and 𝑍𝑑,𝑎 (𝑡 + 1) ⩾ 0, so we have

𝑡+𝑑max
𝑎

∑

𝜏=𝑡+1
𝑂𝑑,𝑎 (𝑡) ⩾ 𝑑max

𝑎 ∈𝑑,𝑎 −𝑍max
𝑑,𝑎 (45)

As described above, EV charging demands are fulfilled per user prefer-
ences data. It is obvious that, 𝑅𝑑,𝑎 (𝑡 + 1) < 𝑅max

𝑑,𝑎 and assume that the
EV charging demand submitted in time-slot t has not been fulfilled until
(

𝑡 + 𝑑max
𝑎

)

, Therefore, we have ∑𝑡+𝑑max
𝑎

𝜏=𝑡+1 𝑂𝑑,𝑎 (𝑡) < 𝑅max
𝑑,𝑎 . Hence, it is evi-

dent from InEq. (45) that 𝑅max
𝑑,𝑎 +𝑍max

𝑑,𝑎 > 𝑑max
𝑎 ∈𝑑,𝑎. Since, the worst-case

delay is 𝑑max
𝑎 =

(

𝑍max
𝑑,𝑎 + 𝑅max

𝑑,𝑎

)

∕𝜀𝑑,𝑎, then we arrive at the contradiction
𝑅max
𝑑,𝑎 +𝑍max

𝑑,𝑎 > 𝑍max
𝑑,𝑎 . Hence, the assumption we made at the start of the

max
14

proof that the worst-case delay is greater than 𝑑𝑎 is false. +
Appendix B

Proof of Theorem 1. Using the results from the fact
[

a − 𝑏, 0
]2 ⩽

(a − b)2, and squaring the EV charging demand backlog equation in
Eq. (33), delay-aware virtual queue update equation in Eq. (35) and
QoP queue in Eq. (36), and rearranging the terms, we get the following
bounds
1∕2

(

𝑀𝑎(𝑡 + 1)2 −𝑀𝑎(𝑡)2
)

⩽ 1∕2
(

12 + 𝜙𝑎2
)

+𝑀𝑎 (𝑡)

(

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)
− 𝜙𝑎

)

(46)

∕2
(

𝑍𝑑,𝑎(𝑡 + 1)2 −𝑍𝑑,𝑎(𝑡)2
)

⩽ (1∕2)
{

max
(

𝜀𝑑,𝑎2, 𝑂max
𝑑,𝑎 (𝑡)

2
)}

𝑍𝑑,𝑎 (𝑡)
{

𝜀𝑑,𝑎 − 𝑂max
𝑑,𝑎 (𝑡)

}
(47)

1∕2)
(

𝑅𝑑,𝑎(𝑡 + 1)2 − 𝑅𝑑,𝑎(𝑡)2
)

⩽ (1∕2)
{

(

𝑂max
𝑑,𝑎

)2
+
(

𝐼max
𝑑,𝑎

)2
}

𝑅𝑑,𝑎 (𝑡)
{

𝐼max
𝑑,𝑎 (𝑡) − 𝑂max

𝑑,𝑎 (𝑡)
}

(48)

Now, let us first take the expectation on both sides of the above
hree inequalities, and then adding the results together will lead to the
ollowing inequality.

(𝛩 (𝑡)) ⩽
∑

𝑑∈𝐷𝑎

{

(

𝐼max
𝑑,𝑎

)2
+
(

𝑂max
𝑑,𝑎

)2
}

/

2

∑

∈𝐷𝑎

max
[

(

𝜀𝑑,𝑎
)2,

(

𝑂max
𝑑,𝑎

)2
]

+
(

1 + 𝜙𝑎2
)/

2

𝜁
∑

𝑑∈𝐷𝑎

𝑅𝑑,𝑎 (𝑡)E
[

𝐼𝑑,𝑎 (𝑡) − 𝑂𝑑,𝑎 (𝑡)||𝛩 (𝑡)
]

𝛾
∑

𝑑∈𝐷𝑎

𝑍𝑑,𝑎 (𝑡)E
[

𝜀𝑑,𝑎 − 𝑂𝑑,𝑎 (𝑡)||𝛩 (𝑡)
]

𝜉
∑

𝑀𝑎 (𝑡)E

[

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)
− 𝜙𝑎

|

|

|

|

|

𝛩 (𝑡)

]

(49)

Adding 𝑉 E [𝐶(𝑡)|𝛩(𝑡)] on both sides of the above inequality will
ead to the implications of the Lemma 2 where

=
∑

𝑑∈𝐷𝑎

⎧

⎪

⎨

⎪

⎩

(

𝐼max
𝑑,𝑎

)2
+
(

𝑂max
𝑑,𝑎

)2
+

max
[

(

𝜀𝑑,𝑎
)2,

(

𝑂max
𝑑,𝑎

)2
]

⎫

⎪

⎬

⎪

⎭

/

2 +
(

1 + 𝜙𝑎2
)

/

2.

ppendix C

roof of Lemma 2. Let us consider the real-time control policy
mplemented for solving the problem P3 using Algorithm-1, and from
ean-rate-stability-theorem, as described in Section 3.2.1, recall that

ll the virtual queues are mean-rate stable. Then from the Lemma 2 it
ollows that
(𝛩 (𝑡)) + 𝑉 E [𝐶 (𝑡)|𝛩 (𝑡)] ⩽ 𝐵
𝜁

∑

𝑑∈𝐷𝑎

𝑅𝑑,𝑎 (𝑡)E
[

𝐼𝑑,𝑎 (𝑡) − 𝑂𝑑,𝑎 (𝑡)||𝛩 (𝑡)
]

𝛾
∑

𝑑∈𝐷𝑎

𝑍𝑑,𝑎 (𝑡)E
[

𝜀𝑑,𝑎 − 𝑂𝑑,𝑎 (𝑡)||𝛩 (𝑡)
]

𝜉
∑

𝑀𝑎 (𝑡)E

[

𝐿𝑐𝑢𝑟𝑡𝑎 (𝑡)

𝐿𝑓𝑙𝑒𝑥𝑎 (𝑡)
− 𝜙𝑎

|

|

|

|

|

𝛩 (𝑡)

]

𝑉 E [𝐶(𝑡)|𝛩(𝑡)] ⩽ 𝐵 + 𝑉 ⋅ 𝐶∗

(50)

hereafter, applying the Lyapunov per-slot conditional drift and the law
f total expectations, it implies that

[𝐿 (𝛩 (𝑡 + 1)) − 𝐿 (𝛩 (𝑡))]
∗ (51)
𝑉 E [𝐶(𝑡)|𝛩(𝑡)] ⩽ 𝐵 + 𝑉 ⋅ 𝐶
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+

𝑅

then, taking the long-term sum on both sides of the above inequality
and applying the expectation operator, we get

E [𝐿 (𝛩 (𝑇 )) − 𝐿 (𝛩 (0))]

𝑉
𝑇−1
∑

𝑡=0
E [𝐶 (𝑡)] ⩽ 𝐵𝑇 + 𝐶∗ ⋅ 𝑉 𝑇

(52)

It can be seen clearly that 𝐿 (𝛩 (0)) = 0 and 𝐿 (𝛩 (0)) = 0, i.e., the
conditional drift at the start and the end of the time-horizon are finitely
positive. Then the above inequality is divided by 𝑉 𝑇 , and taking the
limit of the results to infinity yields the implications of Theorem 1.

Appendix D

Proof of Lemma 3. a. Let us first see the case 𝑅𝑑,𝑎 (𝑡) ⩽ 𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎
+𝜇𝑒𝑛𝑒)} + 𝐼max

𝑑,𝑎 , ∀𝑡. It is obvious before the start of the time-horizon,
𝑑,𝑎 (0) = 0, 𝑓𝑜𝑟 𝑡 = 0. Suppose this is also true for the time slot t. Then

it can be shown that it is also true for the following time slot, i.e., 𝑡+1.
First evaluate the case when 𝑅𝑑,𝑎 (𝑡 + 1) ⩽ 𝑉

{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+𝐼max
𝑑,𝑎 ,

consequently, we have 𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

< 𝑅𝑑,𝑎 (𝑡)
⩽ 𝑉

{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+𝐼max
𝑑,𝑎 . Since the queues can only grow at most

by 𝐼max
𝑑,𝑎 during a time-slot t, as defined in the queue update equation

Eq. (33), therefore, the results also hold for this case. Conversely,
𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

< 𝑅𝑑,𝑎 (𝑡) ⩽ 𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+ 𝐼max
𝑑,𝑎 . For

this case, it can be observed that: 𝑅𝑑,𝑎 (𝑡) + 𝑍𝑑,𝑎 (𝑡) > 𝑅𝑑,𝑎 (𝑡) >
𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

> 𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

, so the algorithm shall
decide 𝑂𝑑,𝑎 (𝑡) = 𝑂max

𝑑,𝑎 . Now, if 𝑅𝑑,𝑎 (𝑡) − 𝑂max
𝑑,𝑎 > 0, then during

the time-slot t, the supplied EV charging demand is 𝑂max
𝑑,𝑎 . Since the

incoming EV charging requests 𝐼𝑑,𝑎 (𝑡) are upper bounded by 𝐼max
𝑑,𝑎

(alternatively 𝐼max
𝑑,𝑎 ⩽ 𝑂max

𝑑,𝑎 ), then in the next time-slot, queues cannot
grow further, i.e., 𝑅𝑑,𝑎 (𝑡 + 1) ⩽ 𝑅𝑑,𝑎 (𝑡) ⩽ 𝑉

{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+
𝐼max
𝑑,𝑎 . Eventually, if 𝑅𝑑,𝑎 (𝑡) − 𝑂max

𝑑,𝑎 ⩽ 0, next, from the EV charging
demand queue backlog evolution queue, it follows that 𝑅𝑑,𝑎 (𝑡 + 1) =
𝐼𝑑,𝑎 (𝑡) ⩽ 𝐼max

𝑑,𝑎 , which is again ⩽ 𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+ 𝐼max
𝑑,𝑎 . Hence,

𝑅𝑑,𝑎 (𝑡) ⩽ 𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+ 𝐼max
𝑑,𝑎 , ∀𝑡. b. The proof for 𝑍𝑑,𝑎 (𝑡) ⩽

𝑉
{

max
(

𝜇𝑐𝑜𝑛𝑔𝑎 + 𝜇𝑒𝑛𝑒
)}

+ 𝜀𝑑,𝑎, ∀𝑡, follows similar procedure and is left
out for brevity.
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