Energy Strategy Reviews 41 (2022) 100857

FI. SEVIER

Contents lists available at ScienceDirect
Energy Strategy Reviews

journal homepage: www.elsevier.com/locate/esr

ENERGY

Check for

Demand response performance and uncertainty: A systematic e

literature review

C. Silva®", P. Faria®", Z. Vale®™", J.M. Corchado ©

2 GECAD, 4249-015, Porto, Portugal
b Polytechnic of Porto, 4249-015, Porto, Portugal

¢ BISITE Research Centre, University of Salamanca (US), Calle Espejo, 12, 37007, Salamanca, Spain

ARTICLE INFO ABSTRACT

Keywords:

Active consumer
Behavior
Demand response
Load flexibility
Performance
Uncertainty

The present review has been carried out, resorting to the PRISMA methodology, analyzing 218 published articles.
A comprehensive analysis has been conducted regarding the consumer’s role in the energy market. Moreover, the
methods used to address demand response uncertainty and the strategies used to enhance performance and
motivate participation have been reviewed. The authors find that participants will be willing to change their
consumption pattern and behavior given that they have a complete awareness of the market environment,
seeking the optimal decision. The authors also find that a contextual solution, giving the right signals according

to the different behaviors and to the different types of participants in the DR event, can improve the performance
of consumers’ participation, providing a reliable response. DR is a mean of demand-side management, so both
these concepts are addressed in the present paper. Finally, the pathways for future research are discussed.

1. Introduction

In the local electricity markets, bottom-up approaches have been
proposed to boost the involvement of local grid operators and encourage
the active participation of small consumers [1]. These tactics are crucial
to successfully penetrate Distributed Generation (DG) technologies in
the current network, avoiding the use of fossil fuels. So, by focusing on
the empowerment of the local resources, namely active consumers’
flexibility, the potential of renewable energy resources can be explored
without jeopardizing the system’s reliability and security.

Progressing towards a future where the demand side has greater
importance in the system, consumers should follow the signals from
network or utility companies. To achieve system balance, their response
is crucial [2]. Many advantages come from this approach, such as real
choices to end-users, new opportunities and challenges, more competi-
tive prices; effective investments; higher service standards; security of
supply, sustainability; and the decarbonization of the electrical system
[2,3]. The Demand Response (DR) concept and the respective programs
were then defined [4]. Nevertheless, it is important to enabling tech-
nologies such as the Internet of Things (IoT) to be used to raise the
consumers’ awareness and their contribution to market transactions [5].
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1.1. Contextualization and background

In the former paradigm, the system operator considered the load
from electricity consumers in power and energy systems as rigid.
However, each consumer has a set of appliances that do not have a fixed
schedule and can be used flexibly by introducing the DR definition [6].
This concept means that following the different signals, the consumer
uses them at different times or does not use them. In recent years,
numerous definitions of DR have been proposed. A commonly used
definition says [7]: “... tariff or program ... to motivate changes in electric
use by end-use customers ... changes in the price of electricity over time, ...
incentive payments ... high market prices ... grid reliability ...”. A more
recent one, published in European Directive 2019/944, says [8]: “...
change of electricity load by final customers market signals
time-variable electricity prices or incentive payments, ...final customer’s bid
to sell demand reduction or increase ... market ... alone or through
aggregation”.

Until introducing the smart grid concept and DR, the consumer had
no direct information regarding the market transactions. With the
growing concern regarding climate change, the role of this new player
must be empowered. Due to the volatile behavior of DG, it is crucial to
make the consumers the center of the business model and consider their
flexibility as fundamental to achieve the system balance. A consumer-
centric approach has countless advantages, for example, for flexibility
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Abbreviations

AMI Advanced Metering Infrastructure
ANN Artificial Neural Network

ARMA  Autoregressive Moving Average
ARIMA  Autoregressive integrated moving average
BRPs Balance Responsible Parties

CBL Consumer Baseline Load

cC Capacity Credit

CDR Correlated Demand Response
CvVaR Conditional Value at Risk

DG Distributed Generation

DLC Direct Load Control

DNN Deep Neural Network

DR Demand Response

DSM Demand Side Management

DSO Distribution System Operator

EMS Energy Management Scheme
EU European Union
FIS Fuzzy Inference System

HVAC  Heating, Ventilating, and Air Conditioning
IoT Internet of Things

ISO Independent System Operator

kNN K-Nearest Neighbor Method

LEC Local Energy Community

MCS Monte Carlo Simulation

MF Membership Function

MPC Model Predictive Control

PRISMA Preferred Reporting Items for Systematic Reviews and
Meta-Analyses

PV Photovoltaic Systems

RE Roth-Erev

RF Response Frequency

RI Response Intensity

RL Reinforcement Learning

RTO Regional Transmission Organization
TLP Typical Load Pattern

TOU Time of Use

TSO Transmission System Operator

VaR Value at Risk

markets, where the main players are [1]: Transmission System Opera-
tors (TSO), Distribution System Operators (DSO), Balance Responsible
Parties (BRPs), aggregators, and retailers. The TSO is responsible for the
service and stability of the transmission system, while the DSO is the
entity responsible for the distribution system’s operation. TSO/DSO
collaboration is crucial to unleashing the potential of flexibility [9,10].
The retailer is a commercial entity selling electricity to consumers. The

aggregator gathers flexibility through renewable-based and active con-
sumers [11].

In this way, the DR definition must also comply with time flexibility.
Thus, DR programs have different timescales, as presented in Fig. 1, and
range from several years (on the left) to real-time (on the right). Year-
long timescales are usually applied to improve long-term planning.
Shorter timescales are more devoted to incentive-based DR programs, e.

Organized Electricity Markets
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Price-based Demand Response
Time-Of-Use rates Day-ahead hourly Real-time hourly
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: s
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construction Scheduling commitment -
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Fig. 1. Electric Power System and Demand Response implementation timescales.
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g., applying Direct Load Control (DLC).

The performance from consumers’ participation and how they react
to a given signal are critical topics to successfully implement DR pro-
grams [6]. From the perspective of the entity requesting DR, gathering
this type of information to give the right signals to the right consumers
and the proper remuneration that will fit their needs is the right path to
reduce the response uncertainty and maintain the system reliable and
secure [6]. From the active consumers’ perspective, the type of con-
sumer participating in this type of event matters. The residential con-
sumer’s response is highly affected by the level of discomfort caused
during a DR event [12]. However, industrial consumers’ goal is to
maximize their profits when participating in these programs and while
managing any discomfort [13].

For this reason, different objectives require different approaches.
Thus, it is necessary to respond to the consumers by adopting different
approaches and contexts. Although approaches in the literature
encourage consumer participation, most of them are profit-driven
[14-16].

1.2. Motivation and contributions

The main motivation of the present literature review is to understand
the current state-of-art of approaches to the uncertainty, performance,
and reliability of consumer participation in DR programs. Some of the
questions are: Is it important to deliberate methods to reduce uncer-
tainty and enhance consumers’ participation in DR programs? Should
the distinct types of active consumers be treated differently? Should the
individual behavior be analyzed to find proper methods of incentivizing
each consumer’s response? The authors have found interest in these
questions after analyzing the related literature, as explained from now
on, and finding the need for it doing their research.

The authors want to understand the implications of adding such an
uncertain player into the current system. In the previous paradigm,
consumer contributions were indirect, having little or no knowledge
regarding this matter. Gathering different algorithms, solutions, and
conclusions into a single document summarizing the current state of the
art regarding this topic can be useful to create better-quality models. As
far as the authors’ knowledge, the DR concept has already been applied
in some real markets but is still fresh in others. These new players should
be further studied and understood to achieve a successfully imple-
mented solution throughout the system. Their response is uncertain and
could impact the performance of the remaining players in the market,
jeopardizing the security and reliability of the system. For instance, in
the review carried out by Ivana Dusparic et al. [17], whose focus was the
residential DR, several algorithm characteristics have been discussed,
concluding that performance concerning the algorithm for a particular
DR implementation has been discussed energy use should be considered.
The conclusion of this study emphasizes that a DR approach may use
more than one algorithm that can be combined to meet the imple-
mentation requirements. Each solution must be tailored to a particular
context.

Thus, context is also an important topic addressing DR programs that
need to be customized. For instance, the type of consumer, their energy
patterns be influenced by climate, and many more in the review pub-
lished by Miadreza Shafie-khah et al. [13] where the recent advances in
DR for industrial and commercial sectors were studied, as well as the
benefits and barriers associated with their role. The authors categorized
the different business models and objective functions. Consumer
behavior was mentioned referring to trust level among parties — high
trust levels should be sufficient to prevent any barriers to viewing DR as
a reliable source, and widespread adoption of DR programs — lack of
understanding of the benefits of DR can cause less investment by
different parties.

A broader review of the barriers and enablers of DR in the Smart Grid
was conducted by Nicholas Good, Keith Ellis, and Pierluigi Mancarella
[18]. The barriers were categorized into fundamental and secondary,
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producing a comprehensive and discrete classification. The first ones
include challenges related to intrinsic human nature, namely social/-
economic barriers and enabling essential technology. The second type of
barrier is related to anthropogenic institutions, such as regulations en-
tities or markets, or even the resulting behaviors from feedback in
response to DR participation, known as physical constraints. One of the
study’s important highlights is behavioral economics, which indicates
that individual factors play a critical role in shaping consumers’ de-
cisions. In the paper, these authors refer to those behavioral aspects
attracting more interest more recently. The focus is especially for resi-
dential and small commercial consumers, where the uncertainty has
been emphasized as a particularly inflexible barrier to the exploitation
of DR.

Furthermore, with an emphasis in terms of social welfare losses,
Marilena Minou, George D. Stamoulis, and Thanasis G. Papaioannou [15]
study considers that appropriate policies and demand reduction strate-
gies exploiting altruism can benefit consumers (mainly in
contracted-based Automated DR (ADR) programs and considering the
consumers’ preferences external contexts). Regarding the ADR provider
perspective, the benefits will come in terms of incentive costs. However,
the leveraging of altruists should be performed carefully. They are
saddle with high energy reductions. Moreover, although yielding in
small values of total incentives, they can yet prove inefficient for the
social welfare of the system.

Consequently, with introducing these new concepts, the policies
must be updated. Policymakers are making advances to create common
rules for the new paradigm. In Europe, the Directive (EU) 2019/944
[11] recasts Directive 2012/27/EU on common rules used in the internal
electricity market. It puts citizens at the center as they take ownership of
energy transition and take advantage of innovative technologies to
decrease costs by actively participating in the market, with the most
vulnerable consumers being protected. Also, it was mentioned that the
retail market should serve consumers better, notably by improving the
links between the wholesale and retail markets, allowing all consumers
to participate in the transition of energy and contribute to the overall
reduction of energy consumption by providing efficient solutions. This
results in more flexible markets and fully integrates all market players,
including renewable energy producers, new energy service providers,
energy storage, and flexible demand.

The present literature review discusses the uncertainty, perfor-
mance, and reliability of consumer participation in DR programs. An
innovative exploration is made into the behavior of active consumers
and the aspects that may impact their response — which is highly un-
certain and difficult to predict — and, consequently, impacts their per-
formance and energy management reliability. Thus, the authors
consider as a hypothesis, that the need for a more in-depth study of the
influence of the context on the response should be explored and the
different compensation techniques for the distinct types of active par-
ticipants. The Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) methodology is used.

The present paper is then organized into seven sections. An intro-
duction is provided in section 1. Then, in section 2, the methodology
followed to carry out this research review is described. Section 3 and
Section 4 show, respectively, mechanisms to control DR and techniques
and methods applied to DR. This is followed by Section 5, where con-
sumer response uncertainty, performance, and reliability for DR are
presented. Section 6 discusses the findings. Final remarks are presented
in section 7.

2. Methodology

A systematic literature review has been performed considering the
PRISMA methodology [19]. The present literature review started with
formulating the research questions in the first phase: Should the distinct
types of active consumers be treated differently? Should the authors
analyze individual behavior in-depth to find proper methods for
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incentivizing their response? How the consumers’ performance can be
improved in DR programs? The current study focuses on finding answers
to these questions in the reviewed literature.

The second phase of a systematic review involves the inclusion and
exclusion criteria. The research results were obtained considering the
following:

1. Include

a. Describe any Demand Response tactics and other related con-
sumer concepts (namely Demand Side Management or Consumer
Flexibility).

b. Consumer Behavior analysis considering their performance or
response uncertainties.

c. Document related to the Demand Response topic or similar,
referring to the keywords considered as important by the authors
(refer to Table 1).

2. Exclude
a. No access to the full paper.
b. Written in a language other than English or Portuguese.

The authors selected the online research tools and the multiple da-
tabases in the third phase. The five chosen databases were Web of Sci-
ence, Science Direct, SciELO, IEEEX, and ACM. Table 1 presents the
definition of the keywords and expressions that have been used.

Clarification of definition comparison for “performance” and
“behavior” should be done. When the authors refer to consumer
behavior, it means the players’ actions to respond to a DR event in a
certain context. Performance is related to the actual consumer response
quantification, i.e., how much KW or KWh of reduction was provided.

A research equation must be formulated according to the language of
each tool. For instance, Science Direct does not support the substitution
symbol, also known as wildcard, represented by a “?” or truncation
symbol represented by a “*.” Both symbols are useful for substituting
letters within a word or retrieving words with the same origin. However,
all the remaining research tools supported the utilization of Boolean
operators for the formulation of research equations, for instance (“De-
mand Response” AND Uncertainty* AND Real-time). The quotation
marks mean that the word must be contained within the resulting
document.

Several levels, resulting in different combinations of keywords or
expressions, have been applied and are presented in Fig. 2.

In this way, the keywords in the first three levels must exist within
the full paper searching these fields: title, abstract, keywords, or ’all
fields’ (search simultaneously in all record fields). The research finished
in May 2021, so the listed references are published until this date.
Therefore, the studies considered in this literature review have been
published no farther than five years before this research. This assures
that only the most recent studies have been considered.

Level 4 was considered for online research tools such as Science
Direct, which does not support wildcards, for instance, when there were
important related words within level 3, in plural form, or varying in
spelling (American English vs. the United Kingdom English) like
behavior and behavior.

Moving on to evaluating the obtained results, Fig. 3 represents a
systematic review of the information flow. In the Identification stage,
the agglomerated number of the identified records is too high
(3,148,838 records). Still, it must be highlighted that there were five
databases, several combinations of keywords, and the number also in-
cludes duplicate material and papers from different languages and areas.
However, after analyzing the results, the research equations where most
of the non-related documents were found included the keyword “flexi-
bility” — should be reformulated as “load flexibility” or “consumer
flexibility” to avoid an excessive number of references from other areas.

During the screening stage, the duplicates, non-related references,
and documents in languages other than Portuguese and English were
excluded reducing the total to 6,784 records. After that, to filter the

Energy Strategy Reviews 41 (2022) 100857

Table 1
Keywords and expressions (ordered by relevance).

Keyword Definition

Demand Response According to the Directive 2019/944 (EU), the

(Flexibility, definition of Demand Response is “the change of
Program, electricity load by final customers from their normal or
Participation, current consumption patterns in response to market
Performance, signals, including in response to time-variable electricity
Uncertainty, prices or incentive payments, or in response to the
Reliability) acceptance of the final customer’s bid to sell demand

reduction or increase at a price in an organized market
“[11]. Thanks to real-time information exchange,
active consumers can schedule their appliances
according to signals designed to induce lower
consumption, for instance, when system reliability is
jeopardized. Their performance in these events will
define the success of the DR implementation in real
markets. So, the response uncertainty must be
mitigated to increase reliability from the systems
perspective [15,20-25].

Demand Side Management Demand-side management is a portfolio of

(DSM) procedures to enhance energy systems’ utilization

on the demand-side to meet several goals. These
measures may include the management of
consumption patterns of smart appliances,
renewable energy systems, and home energy
management systems to improve energy utilization
efficiency [26-28].

Compensation Benefits are given to a person to reward
(Remuneration, participation in a DR event to motivate continuous
Incentive, participation. Several types can be used, such as

economic remuneration, for instance, discounts on
the energy bill or shopping vouchers to be used in
stores of the consumer’s choice, etc. This benefit
should be fair and consider the remaining
participants [29].

Punishment for not fulfilling the agreement on a DR
program, where penalty policies may also exist for
violating contract obligation [30,31].

A set of reactions in response to the stimulus
provided in a DR event. These can be signals sent to
the active consumer to change the consumption in
response to variations in the electricity price,
incentives applied in high market prices, or when
system reliability needs improvement [32].
According to the Directive 2019/944 (EU), in the DR
area and the context of smart metering: “a short time
period, usually down 2 s or up to the imbalance
settlement period in the national market” [11].

In a DR context, an active community is a group of
individuals working together for the same goal. In
this way, distributed generation and consumer
empowerment have made local energy communities
effective and cost-efficient to meet consumers’
needs and expectations regarding energy sources,
services, and local participation. In addition, these
communities offer inclusive options for all
consumers to directly produce, consume, or share
energy [8].

Unlike other markets, electricity markets involve
trading a service that cannot be easily stored and
produced using a large variety of generating
installations. Therefore, incorporating electricity
markets requires a high level of collaboration among
system operators, market participants, and
regulatory authorities, particularly where electricity
is traded via market coupling in the DR context [11].
Considering the electricity market definition, the
local electricity market can be defined for a
particular region. So, it can be thought of as a sub-
market for a commodity that serves a specific
purpose for that local community, including in DR
programs [33].

Payment, reward)

Penalty (Penalties)

Behavior (Behavior,
Behavior, Behaviours)

Real-time

Community (Communities,

Local Community, Local
Communities)

Electricity Market

Local Electricity Market
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Level 2

Level 3

Real-time Penalty Program Electricity Market Behavior Prosumer

Aggregator Community Participation Local Electricity Market

Level 4
Incentive Prosumers

Behaviors Penalties Programs Remuneration Behaviour(s)

Reward Local Communities Payment

Fig. 2. Keywords combinations.

Databases

23,967 10,075 3,086,695 27,875 226

Identification J
1 3,148,838

Dataset II - Records after removing duplicates, non-related and other languages

6,784

Dataset ITI - Records after Title adequacy

Screening —

515

Dataset IV - Records after Abstract adequacy

218

Fig. 3. A number of records in the dataset at each step.

articles that were not within the scope of this research, the title and
abstract adequacy were verified. Finally, the records were subjected to a
fluctuating reading guaranteeing their relationship with the study.
According to Fig. 4 and Dataset II in Fig. 3, “Demand Response” has
the highest influence in the dataset of level 1 keywords, with an influ-
ence of more than 55%.
For level 2 keywords, “uncertainty” has the highest level of influence
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Fig. 4. Keywords in Dataset II: a) related to level 1; b) related to level 2.

5

and exceeds “performance” by 4.5%. These two keywords have a higher
level of influence than “reliability.” Unfortunately, the trustworthiness
of the active consumer’s response to demand-side management methods
is not yet addressed in the literature.

The resulting dataset, Dataset IV, as defined in Fig. 3, was analyzed,
and nine factors were highlighted as important for the role of active
consumers in the electricity market. The keywords were grouped and are

B Performance
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listed in Table 2.

The following sections present the extraction, analysis, and inter-
pretation of the information found, the discussion, and conclusions from
this systematic review.

3. Mechanisms to control DR

The present section organizes the reviewed papers according to the
type of DR they addressed, indicating the ones that contributed to DR
Uncertainty, Performance, and Reliability research. The detailed
exploration of the works gathered in the dataset will be further discussed
in section 5. Although many other DR programs can be defined, the
authors selected those with higher mentions in the publications from the
resulting dataset. Price and Incentive-based are the types of DR with the
most references in the resulting dataset. Demand Response Exchange
(DRX) and Electric Vehicles (EV) were the least referenced types of DR in
the dataset. However, as mentioned by Zhiwei Xu et al. [119], the
flexible resources from the demand-side can play a critical role in
balancing the supply and the demand in the future smart grid, namely
providing various DR services. One of these resources is the EV. How-
ever, as Bhagya Nahali Silva, Murad Khan, and Kijun Han [223]
emphasize, EV owners’ security and privacy concerns is another chal-
lenge that limits the popularity of EV-based energy management
because, although it is a hot topic, there are w low number of publica-
tions in the resulting dataset regarding uncertainty ([1,20,47,69,164,
224-226]), performance ([59,104]) and reliability ([167]), as can be
seen. Some of these works only refer to these resources, and it is not the
focus of the study. Vehicle owners are hesitant to grant authority to
control EVs to an Aggregator.

3.1. Incentive-based

Under incentive-type programs, consumers agree to participate ac-
cording to rules by signing contracts. These usually determine that
penalties are applied to the consumer in case of lack of response in the
contractual terms. J. Meng et al. [213] consider an incentive-based DR
in their study and used a multi-dimensional DR evaluation method
considering the several affecting factors such as response speed and
response duration that can comprehensively evaluate the response
performance of users on the power demand side and effectively quantify
the contribution of its response to grid load regulation. In work done by
Ioannis Konstantakopoulos et al. [178], they created an adaptive model
that learns active consumers’ preferences and how they change over
time to generate the appropriate incentives to ensure active participa-
tion. The uncertainty topic, regarding the incentive-based programs,
were mentioned on [1,20,69,77,86,140,164,177,226]. The performance
was an important topic in Refs. [14,21,84,115,125,140,144,146,147,
195,213,215,227-229]. Lastly, fewer works mentioned reliability,
namely [14,84,87,213,228].

Table 2

Main topics in the dataset IV.
Keywords References
Aggregator [13,34-67]
Behavior [21-23,30,32,68-97]
Prosumer [20,25,55],[98-138]
Community [139-151]
Compensation/Penalty [22,85-88,152]

Electricity Market/Local
Electricity Market

[41-44,46,153]

Participation [16,24,29,31,33,38,154-183]
Program [14,16,26,43,48,184-215]
Real-time [26,185,186,193,194,196,198-200,202-205,

207,209,210,214,216-222]
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3.2. Price-based

Moving to Price-based, these programs are based on the energy price
change, looking for the consumers’ response to those changes. This
could lead to more randomness in consumer behavior when compared to
incentive-based programs, for which the contractual rules determine
predefined response behaviors. Still, there is always the freedom of
choice from the perspective of the active consumer who has the power to
disconnect the appliance.

Active consumers can receive discounts by reducing energy demand
during critical peak periods, as in the work done by Gerardo Osorio et al.
[135]. Namely, Real-time Pricing programs are deeply intertwined with
the wholesale market price, varying in real-time throughout the day. In
the straightforward approach used by Byung-Gook Kim et al. [20], with
dynamic consider the decision from the active players in their envi-
ronment and learn the dynamics of the entire system and find its optimal
energy consumption scheduling based on the observations. Reliability
was the keyword least mentioned for this type of DR program: [22,106,
135,171,213,228,230]. The performance was started in 13 works: [40,
117,158,186,192,195,202,205,213,228,231-233]. Finally, uncertainty
was a mentioned in the following works: [ [20,29,36,40,43,46,47,65,98,
100,106,112,116,118,119,121,133,156,161,185,186,214,231,232].

3.3. Both incentive and price based

By analyzing the combination of these two types of DR programs in
the resulting dataset can be concluded that performance and Reliability
were mentioned in less than five works when combining these two types
of DR programs: [195,213,228]. Two of them refer to these topics in
their studies. The uncertainty was highlighted in Refs. [14,23,30,54,55,
77,84,86,88,111,115,132,192].

3.4. Demand Side Management (DSM)

DSM can be defined as the modification of consumers’ demand. As
Julian Valbuena et al. [190] refer, DSM modeling at the building sector
is challenging since the existing models are not flexible enough to
incorporate a wide set of modeling features and guiding principles,
while including all important aspects of end-use. The performance was
the keyword with more mentions in the dataset gathered: [27,59,61,
113,123,127,155,158,164,187,192,196,205,234-236].  Uncertainty
was reported in Refs. [20,109,116,137,158,164,168,187,235] and the
Reliability concept in Refs. [28,190,201,206].

3.5. Demand Response Exchange (DRX)

DRX refers to a new DR scheduling program. Derived from the
market clearing mechanism, the motivation for change in load is
dependent on a bidding entity and not price or incentive. Therefore, load
profile attributes should be assessed carefully before submitting any bid
to avoid losing load satisfaction, higher electricity bills, system stress,
etc. [195]. With this, only a few works refer to this DR program and only
consider uncertainty and performance topics: [31,149,195].

3.6. Load shifting

In this DR program, the Aggregator has permission to use consumers’
loads for DR within pre-specified limits for internal balancing. So, it is
defined as shifting electricity consumption to another period. Pedro
Faria et al. [32] proposed scheduling load-shifting opportunities per-
formed by a VPP. The main advantage is modeling the consumption
shifting constraints (limits for each period/set of periods) from the VPP
and the consumer standpoints.

Mellouk et al. [187] scheduled energy consumption profiles for each
active consumer. They are treated independently to determine the
optimal distribution of devices’ operating time among different periods
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to avoid peak hours generally characterized by the highest values for the
cost coefficient. Load shifting is one of the types of DR with more studies
regarding the performance topic: [32]. The reliability was not
mentioned, and uncertainty has a total of 6 publications in the resulting
database: [58,120,122,136,163,207].

3.7. Others

Other less known DR types were found in the gathered publications.
The keyword with more mentions was the uncertainty: [13,14,18,23,29,
31,32,34,36,37,44,47,55,58,69,84,85,87,103,110,112,113,117-120,
126,129,134,137,144-146,149,159,164,171,172,176,180,186,190,
193,195,198,201,206,210,211,214,225,228,231,232,235,237-244].
For instance, Chen et al. [29] proposed a framework to encourage the
new active players and their resources, such as parking lots with high
penetration of electric vehicles, to participate directly in the real-time
retail electricity market based on an integrated eVoucher program. As
the authors mentioned, this program can work for various scenarios
involving economic or physical extreme events.

To study and select the right participants for a DR event, Yingying Li,
Qinran Hu, and Na Li [77] formulate the DR problem as a combinatorial
multi-armed bandit (CMAB) problem with a reliability goal. These au-
thors believe that the multi-armed bandit (MAB) method emerges as a
natural framework to handle intrinsic and heterogeneous uncertainties
associated with small consumers such as residential.

Reliability was the second one with more mentions: [13,14,22,30,38,
77,83,84,87,100,106,109,111,112,121,167,171,173,197,201,213,228,
230,241,243,245]. As can be seen, some of the references were
mentioned in both keywords search. Shuai Fan et al. [144] focused on
large-scale DR. These authors mention that current incentive-based DR
schemes are unsuitable for large-scale DR due to their centralized
formulation, jeopardizing the system reliability. With this, propose a
consumer directrix load (CDL), which is a desired load profile, to replace
the customer baseline load (CBL). The authors refer that the uniqueness
of this solution makes it more suitable for distributed schemes, while
numerous CBLs must be calculated in a centralized manner to ensure
fairness.

The performance was the least mentioned keyword in the others
point: [21,27,31,37,84,85,115,140,145,170,192,193,213,215,228,
229]. One concern that has become major in the DR program design
topic is resource privacy and preserving the managing entity. Amir
Ghasemkhani et al. [246] affirm that active consumers’ privacy pro-
tection is being ignored when designing DR programs since their
behavior patterns can be easily recognized when interacting with the
managing entity. The proposed and commonly used solution in-
corporates perturbations in users’ load measurements. However,
although it can protect the active consumers’ privacy, this modification
would reduce the managing tools’ performance in achieving an optimal
incentive strategy. Therefore, further studies should be developed to
include privacy-preserving solutions.

4. Technics and methods applied to DR

Discussing the methods found in the resulting database, Artificial
Intelligence (AI) methods were reviewed first and then non-Al methods.
Although some methods can be converted into Al approaches, the pre-
sented studies used the method in their original form.

4.1. Artificial Neural Networks

Artificial Neural Networks (ANN) methods are the foundation of Al
methods and are designed to simulate how the human brain analyzes
and processes information. In the DR Uncertainty topic, as mentioned in
Refs. [104,185] and for DR performance [77,180,196,209,215,247].
None of these works mentioned reliability. Renzhi Lu et al. [202] resort
to both ANN and Reinforcement Learning (RL) to design an hour-ahead
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energy management scheme for different appliances within a HEMS,
where ANN was used for price forecasting.

4.2. Reinforcement Learning

RL is characterized by Machine learning models trained to make a
sequence of decisions to achieve a goal in an uncertain, potentially
complex environment. All the keywords from level 2 were included in
the RL works in the gathered dataset: uncertainty ([20,40,87,108,112,
180,202]), performance ([20,77,87,180]) and reliability ([20,771). For
instance, Amir Ghasemkhani and Lei Yang [112] leverage RL to learn
the users’ response functions. In theory, Al models can be subjected to
gamified interactions between participants.

4.3. Game theory

Game Theory is considered the most vital mathematical branch was
exploring the conflicts, collaborations, and strategic interactions be-
tween rational players within a single system by several authors such as
Haytham A. Mostafa, Ramadan El Shatshat, and M. M. A. Salama [175].
Their study considered a participant system to achieve rational and in-
dependent interaction with several players, improving the distribution
system. The works using this algorithm mentioned uncertainty ([47,54,
59,85,113,125,144]), performance ([20,158,164,178]) but not
reliability.

4.4. Autoregressive Moving Average

The autoregressive integrated moving average (ARIMA) is one of the
easiest and most effective Machine Learning algorithms for performing
time series forecasting. It is a generalization of the Autoregressive
Moving Average (ARMA) model. The study of Hamed Mortaji et al. [48]
indicated that load shedding using the ARIMA time series prediction
model and smart, direct load control could remarkably reduce con-
sumers’ power outage. In the resulting database from the present paper,
the uncertainty keyword ([21,36,44,58,65,115,173,202,214]), the per-
formance keyword ([21,58,87,115,124,202]) and the reliability
keyword ([21,58,87,115,124,202]) were mentioned when using these
algorithms.

4.5. Clustering methods

Researchers use Clustering Methods extensively in the power system,
mainly to find patterns in electrical loads, as in the study conducted by
Mansour Charwand et al. [91]. The cluster analysis was mentioned
works where the uncertainty keyword ([115,143,150]), performance
keyword ([73,215]) and the reliability ([26,126,137,139,146-148,151,
214]) were referred. The last one has a higher number of publications.

4.6. Fuzzy theory

Fuzzy theory can also be applied, and the research approach can deal
with ambiguous, subjective, and imprecise judgments. In the resulting
dataset, when looking for fuzzy theory algorithms, uncertainty ([91,107,
149,163,195]), performance ([83,91,124,149,163,186,195,248]), and
reliability ([13,83,117,121,248]) keywords were found. For example,
Fuzzy Inference System (FIS) was used and compared with other non-
fuzzy approaches by Skrikanth Reddy K et al. [149], where the superior
performance of FIS concludes the efficacy of this type of model for
processing load profiles and behavior (willingness) in designing the DR
bids for market participation.

4.7. Model-based predictive control

Model-based predictive control (MPC) has attracted the researchers’
attention to this area due to its prediction abilities, quick processing
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capacity, and suitability for multivariable control operations. However,
few works mentioned this algorithm, including only uncertainty ([86,
122,123]) and performance ([86]). For instance, Farzad Arasteh and
Gholam H. Riahy [123] developed a real-time algorithm to systemati-
cally coordinate the DR programs and ESS operation in market-based
wind integrated power systems.

4.8. Conditional Value at risk

In the DR perspective, Conditional Value at Risk (CVaR) can be used
for the stochastic program for decision making of DR aggregator
considering various sources of uncertainty, as done by Homa
Rashidizadeh-Kermani et al. [55]. Since CVaR as a risk measure was
embedded in the problem to control different levels of risk associated
with profit volatility. Works using this algorithm also mentioned DR
uncertainty ([36,55,121,211]), DR performance ([86,119,121,131])
and DR reliability ([119,228]).

4.9. Monte Carlo Simulation

Probabilistic models incorporate random variables and probability
distributions into the model. Confronting this stochastic solution with a
deterministic model with only a single possible, a probabilistic model
gives a probability distribution as a solution. Many works mentioned
probabilistic models also including uncertainty ([65,98,110,120,133,
136,1911]), performance ([77,140]) and reliability ([47,154]). One of
the best-known probabilistic methods is the Monte Carlo Simulation
(MCS). Zvi Baum et al. [14] resort to MCS the of design a convenient
framework to estimate Dynamic-Active DR’s performance in which the
stochastic characteristics of supply and demand can be reflected and the
behavior of the system over time, in response to both external and in-
ternal influences, can be modeled. This algorithm was also mentioned in
publications with uncertainty ([14,25,106,109,159,214]), performance
([38,41,56,98,119,180,190]) and reliability ([59,98,137,154,180])
were highlighted.

4.10. Markov Chain

Also, the Markov Chain (MC) follows probabilistic rules and is a
common, relatively simple means of modeling statistically random
processes. Yue Yang generates an MC model at an appliance level to
capture temporal and inter-device correlations in power consumption.
Further works with MC refer to uncertainty ([24,111,137]), perfor-
mance ([86,137]) and reliability ([13,86,101,123]).

4.11. Others

Other algorithms were also found in the resulting database, however,
they only refer to uncertainty keyword ([21,23,29,30,34,43,46,58,60,
69,77,83,84,88,105,116-118,126,132,134,140,152,156,157,161,186,
192,207,231,232]).

5. Uncertainty, performance, and reliability of the DR
participants

The role of the consumer is changing. These new players are
becoming more active participants with a great influence on system
reliability, so their performance must be enhanced, and the response
uncertainty dealt with. The focus of the present section is the main
keywords found in the studies from the dataset obtained: uncertainty,
performance, and reliability.

5.1. DR uncertainty

DR resources’ load reduction process is stochastic, statistical, and
stationary [169]. Many approaches are used in the literature, but many
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consider probabilistic distribution regarding the participation uncer-
tainty dilemma and how it was dealt with. According to Bo Zeng and
Xuan Wei [107] study, where the Capacity Credit (CC) from DR is
assessed, which accommodates probabilistic and possibilistic un-
certainties. The definition of CC was developed to quantify DG re-
sources’ capability to offer the capacity to power systems. However, the
DR participants’ flexibility could play a similar role in the Smart Grids
concept, so the definition was extended. These authors resort to the
fuzzy theory to express the uncertainty introduced by incomplete in-
formation and probabilistic propagation technique to describe the
human-related uncertainties, standardizing them under the same
framework. Consequently, the value of participation level changes with
the decision-making during operation, making the formulation a
time-dependent model. In the case of Smriti Singh and Ashwani Kumar
[100], the MCS was used to model the uncertainty in consumers’
participation, extracting samples that correspond to the most probable
event. Since the active consumer often fails to reduce their load due to
some external factors, the authors developed a probabilistic load model
based on a normal distribution function according to the available his-
torical load data. The uncertainties related to the stochastic variations of
the variables involved in residential DR include load demand, user
preferences, environmental conditions, house thermal behavior, and
wholesale market trends. As Pierluigi Siano and Debora Sarno [214]
believed, they can be modeled using the MCS method.

As mentioned earlier, besides MCS, MC is a stochastic process in
which the present status is quite independent of past or future ones being
suitable for modeling the uncertainty introduced by DR participants
[123]. Abbas Tabandeh, Amir Abdollahi, and Masoud Rashidinejad
[111] share this opinion and mention the importance of Advanced
Metering Infrastructure (AMI) for this process. A failure from these
technologies can influence the consumers’ participation. In their study,
the MC model is used for a DR resource to determine the consumers’
participation by splitting the participation percentage into finite states —
from 0 to 100% with a step of 25%. However, by distinguishing appli-
ances and resorting to individual smart plugs, Zhai et al. [24] applied the
same state logic with MC. These authors divided into two main types to
define the corresponding flexibilities: appliances working in cycles and
appliances working at fixed state. By understanding the habits and
routines of this new player, starting with the appliances, the models can
be more robust and capable of reducing the response uncertainty. In this
way, Chia-Shing Tai, Jheng-Huang Hong, and Li-Chen Fu [108] develop
a real-time multi-agent deep RL-based approach to solve the DSM
problem and consider user behavior. Again, focusing on the state
extraction part of the appliances, three different groups were created to
understand the degree of influence of the state of the appliance on the
user and the tolerance of frequent switching. First, the Heavy Conflict
group includes appliances whose stat switching would lead to a less
severe but still strong impact on the user experience. Finally, Less
Conflict group, the operation time is less conflicting for the consumer
and can be scheduled later - washing machine, dish dryer. The ability to
adapt to and learn about user preferences and update the system
repeatedly can improve one of the crucial characteristics of imple-
menting DR in the real world: consumer comfort.

As mentioned earlier, for the residential type, comfort is crucial for
their participation. This type of the participant is less willing to give up
on certain equipment in a specific context just to participate in the
market transactions. Nevertheless, the problem can be even more
complex. In the study done by Liang et al. [211], the relationship be-
tween two pieces of equipment is a particular example of correlated DR
(CDR). Gaming PCs and Heating, Ventilating, and Air Conditioning
(HVAC) systems were presented. The authors believe these two appli-
ances created a new factor in the management problem: CDR relation-
ships considering heating and cooling demand. So, with the expected
increase of power consumption from Gaming PCs, this appliance gen-
erates wasted heat along the DR process, requiring the Air Conditioner
(AC) system to consume more power to maintain the indoor temperature
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in summer, which makes the original DR effect worse. However, in
winter, the AC system consumes less power to maintain the indoor
temperature when the gaming PC performs DR and generates waste
heat, which improves the DR effect. In the presented model, the CDR
unit consists of two parts: an uncertain and uncontrollable internal heat
source — Gaming PC, and an HVAC system that provides DR indepen-
dently. Considered a whole, the internal heating source brings uncer-
tainty into the entity. Thus, the CDR decisions were operated properly
by a risk management scheme considering a CVaR incorporated with a
stochastic approach between many other uncertainties. The results
confirm that the stochastic approach is more capable of handling un-
certainties than the deterministic approach, reinforcing the approach of
previous methods.

Still, the active consumers are responsible for the appliances.
Participation is voluntary, and although penalties can be applied, they
have total control to change their minds. In this way, the authors must
focus on the active consumers’ behavior. The assumption of DR partic-
ipants as rational is widely accepted in many studies from the literature.
The optimizations from many works look at active consumers as eco-
nomic agents who always make the “right” decisions and understand the
market transactions [109]. However, should the consumer be consid-
ered a rational agent who makes an optimal decision?

Bearing in mind, one of the main approaches to encourage others is
Game Theory. Defined as the formal study of interdependence between
adaptive agents and the dynamics of cooperation and competition that
emerge from this [249]. In this case, the term agents refer to an entity
with the capacity to make informed choices and act upon those choices
autonomously to affect the state of the environment [237]. The inter-
dependence between these adaptive agents means that the values
associated with some property of one element become correlated with
those of another. In other words, and for this context, the achievement of
a goal of one agent becomes correlated with others. For instance, in this
topic, game theory approaches can be categorized into two kinds, one is
played between consumers, and the second is played between the utility
and consumers. Also, two different levels can be defined for the inter-
dependence between agents: the micro and the macro level.

5.1.1. Macro-level perspective

From a macro-level perspective, all the agents must work coopera-
tively to achieve an overall successful outcome at the macro level.
Pondering the work from Akash Talwariya, Pushpendra Singh, and
Mohan Kolhe [54], where these authors use the Monte Carlo Simulation
(MCS) to consider uncertainty in both consumption and generation but
also build a Stepwise Power Tariff model with Bayesian Game Theory to
consider the active consumer’s decisions. In this situation, it is expected
that agents do not want to share their best strategy with other players, as
happens in non-cooperative games. However, it can be drawn from the
results that the best response is when consumers share full information
about energy consumption with energy retailers and consumers.

Active consumers are selfish, so their behavior should be further
studied in this situation [172]. Maximizing the individual consumer
welfare DR programs by building an approach that considered the utility
function and studying the consumer risk aversion behavior was the goal
of Amir Niromandfam, Ahmad Sadeghi Yasdankhah, and Rasool
Kazemzadeh [110] work. The utility function measures consumers’
preferences. This is an important concept in microeconomics since it can
understand how rational consumers make consumption decisions.
Again, a central assumption in classical game theory is that players are
always rational and strive to maximize their hyper-rationality payoffs
[144]. However, the rules and dynamics may not be aligned with this
assumption because what is rational for the whole is irrational for the
individual. These agents, assumed to be rational, consistently act to
improve their payoff without the possibility of making mistakes. They
also fully know other players’ interactions and have an infinite capacity
to calculate all possibilities beforehand [250]. So, agents have accurate
information, and any uncertainty is reduced to a probability
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distribution. However, this prediction may not be applied in certain
situations as humans’ behavior differs dramatically.

With this, numerous reasons may impact the active consumer ac-
tions: cultural, financial, natural, or social capital (that is, the relation-
ships with other people and their roles within a social group) [251].
From this perspective, it is not the concept that players are trying to
optimize. Their payoff needs to be adjusted for the different market
options. Instead, the narrow definition of rationality as optimization
according to a single metric needs to be expanded within several con-
texts involving social interaction.

Many examples can support this view of “perfect” agents in many
other methods. Homa Rashidizadeh-Kermani et al. [55] created an
interface between the market and the active consumers in a competitive
environment. These authors designed a decision-making model for the
DR aggregator. In day-ahead energy and balancing markets, the aggre-
gators offer selling prices to the active consumers to maximize their
expected profit, considering consumers’ reactions to the rivals’ prices.
From the utility perspective, the risk aversion was modeled using CVaR.
As in game theory, the players also have their agendas in this work, and
two different levels are considered. First, the competition between the
aggregator and the rivals offers a better price at the upper level. After,
the active consumers act out of self-interest in the lower level and choose
the most competitive aggregator to minimize their payments. At this
level, it is considered that decisions are made with perfectly accurate
information regarding the price offered by the aggregators.

Participants were deemed to react optimally to the utility prices for
the profit maximization problem. This assumption will impact the util-
ity’s profit since, instead of providing to their active consumers, in a
competitive environment, the players are expected to move to lower
prices, which consider only a single metric (the pursuit of profit) without
context awareness from each participant. For instance, in the study
conducted by Billing Zhang et al. [172], a contract-based incentive
scheme was proposed to encourage consumers and small-scale suppliers
to participate in direct energy trading. Based on their achievements,
consumers’, and suppliers’ behaviors, affect each other, and their stra-
tegies are highly coupled. Therefore, there is a need for a model where
the utilities are defined, the interactions are analyzed, and the Nash
Equilibrium is found. However, under asymmetric information, the
problem becomes more complex. Jianwei Gao, Zeyang Ma, and Fengjia
Guo [109] wanted to define risk-behavior awareness to focus on the risk
from the demand side when participating in DR programs. Both orga-
nizations and individuals have different attitudes toward risk-taking. A
utility function can be considered feasible to illustrate consumer risk
attitudes toward gain or loss, focusing mainly on power, exponential,
and logarithmic models. However, the authors pointed out that classical
utility functions do not consider consumers’ psychological factors.

5.1.2. Micro-level perspective

At the micro-level, individual agents pursue their agendas according
to their cost-benefit analysis. Again, it should be highlighted that the
standard economic theory assumes that all individuals act solely out of
self-interest. As an illustration of this point of view, the study presented
by Shuai Fan et al. [144] designed a model for DR consumers to choose
an ideal rebate ratio to maximize their welfare. The process is designed
as a non-cooperative game in which the Nash Equilibrium exists. The
so-called Gossip algorithm used in this study was improved for a socially
connected network. In this way, consumers can exchange information
with familiar DR participants to estimate global information. In the end,
it impacts as individuals and as a group but always finds the best option.
For instance, to deal with energy retail market price and develop a
win-win situation between consumers from several sectors and the
utility, Akash Talwariya et al. [54] designed a stepwise power tariff
using a game theory model for DR. The results showed that when con-
sumers shared full information on energy consumption with energy re-
tailers and other consumers, the best response was found. Perhaps, some
information can be useful to share instead of a non-cooperative
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approach.

Still, besides the energy price, many other factors can also influence
the participation decision, and, again, the context is crucial to under-
standing their actions. Ozge Okur et al. [122] introduce a comprehen-
sive MPC to update and reduce individual imbalances based on input
data. From the utility perspective, the results found considerable season
discrepancies — the influence of the context in which the event is trig-
gered. June and December were the months with a higher and lower
total amount of imbalances, respectively. These authors intend to
explain this difference resorting to the absolute solar generation forecast
errors: smaller due to lower solar generation. Besides this conclusion,
Ozge Okur et al. [122] found that the type of consumers can impact the
imbalance. So, while demand profiles from residential consumers peak
in the early morning and evening hours, the commercial sector peak
occurs during daytime hours, coinciding with the highest fundamental
imbalances. Nevertheless, the authors also prove that, although this is
beneficial for the power system, reducing those imbalances may not
benefit financially from the aggregator’s point of view. However, these
conclusions can help understand and build a model to reduce the
response uncertainty.

The complexity of defining and understanding the active consumers
is not just related to the amount of load they reduce — which is quite
difficult to predict, mainly due to sparse data and each consumer’s
characteristics. Since it is still in development, their empowerment also
includes the prosumer concept — where a consumer can also produce
their energy and sell to the market. In work developed in Ref. [115], the
authors proposed a data-driven methodology considering the k-nearest
neighbor method (kNN) and a weighted ensemble model to deal with the
load prediction problem. First, KNN requires small amounts of data, and
considering that each consumer may receive a request for load curtail-
ment only a few times a year, the method is adequate. Regarding the
disparity between consumers, a single prediction method may not cover
all the consumers — it provides a remarkable prediction operation for one
consumer but is poor for the remainder. The authors used a weighted
ensemble model to apply distinct models for different consumers.
Following the same line of thought, Wang et al. [143] focused on the
uncertainty related now to the prosumers, the increasing installation of
photovoltaic systems (PV), how load patterns become more random, and
the consumer baseline load (CBL) difficult to estimate. Especially hard to
distinguish between increased PV output power and decreased actual
load power. However, in this case, the k-means algorithm was used to
divide the consumers into control groups, after calculating a curve
similarity index where each DR participant was matched with the most
similar cluster based on the similarity between its load curve and cluster
centroids during periods when the distributed photovoltaic output
power was equal to zero.

Several issues were addressed throughout the uncertainty topic, and
the models were used to provide suitable solutions in each authors’
opinion. The topic is highly complex. The active consumers’ participa-
tion is very hard to predict since it depends on several factors. Some
authors tried to predict their contribution and deal with uncertainty
using probabilistic models [100,107,123,214] since the process is sto-
chastic, statistical, and stationary. However, both AMI failures and ap-
pliances participation context impact the response [24,108,111,211]. A
focus on ways to incentive their participation and anticipate their
schedule to avoid discomfort or losses must be included in the final
solution to implement DR. Still, the active consumers have control over
these appliances, and some consider that they act as rational and eco-
nomic agents, always to achieve their individual goal [110,172,250].
However, some studies found that sharing the information may benefit
individual and group perspectives [54,144]. Nevertheless, including the
prosumer definition may also be valuable since the definition of active
consumer is changing [143].
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5.2. DR performance

The performance definition throughout the present paper refers to
the level of success of the consumers regarding their participation in DR
events. In other words, when the managing entity sends a signal to
change its load consumption, it is expected to comply and participate in
the event, considering this active consumer as a trustworthy player.
Even though the participation is voluntary, some DR programs require
participation in a certain context, agreed by both parties. And although
in the previous section, the active consumer is considered a rational and
economic agent, always striving to achieve their goals in a “perfect”
way, the reality may be different. As new players, they have low infor-
mation regarding the market transactions and often do not have the
availability to decide the proper approach. Aid, understanding, and
enhancing their performance in DR events are goals.

5.2.1. Impact of the consumer behavior

The following works consider the complex non-deterministic nature
of consumer behavior regarding performance in DR events. For instance,
Konda et al. [195] proposed an adaptive fuzzy inference system (FIS)
strategy to improve the performance of DR schedules. The fuzzy method
is not new for analyzing consumer behavior in responsive loads —
regarding load type, sectoral and seasonal variation. However, in the
actual scheduling implementations, the inappropriate strategies may
lead to consumer dissatisfaction and the consequent decrease of their
participation in DR events. These authors bet on FIS for DR scheduling
considering this key aspect: rule-based development and membership
function (MF) parameter setting/adjustment. However, the idea that MF
parameters must be tuned using expert knowledge or intelligent
computational approaches should be reinforced. Thus, the results
demonstrated improved convergence and performance compared to the
traditional random willingness assignment methodology regarding
consumer availability for market participation.

Still focusing on the importance of FIS in the investigation of the
impact of consumer behavior, impact of load profile, and temporal
characteristics of load profile by load sector and load type, the same
author published another research [149] contemplating the utilization
factor and availability factors for modeling consumer behavior using
linear, non-linear, and exponential functions. Firstly, in the Linear
Response Behavior, the relation of the utilization factor and cost factor is
linearly proportionate. The Non-linear Response Behavior approach is
represented as the product between the utilization and availability
factors. The results revealed the non-linearity/non-smooth nature of
load profile attributes combined with consumers’ willingness.

Hence, due to the unclear response characteristics, it would be
beneficial for the profit-oriented managing entity to employ non-linear
tools instead of a linear method. Dehghanpour et al. [185] presented
an Artificial Neural Network (ANN) approach to capture the loads’
behavior using a non-linear ANN-based model to capture the
non-linearities from loads’ aggregate behavior. Based on the study re-
sults, these authors believe that as the penetration level of
price-sensitive appliances increases in the system, the higher the
improbability. Their methodology was based on a multiagent frame-
work with machine learning that allows these authors to address inter-
operability and decision-making under incomplete information in a
system that maintains data privacy, which can be crucial for active
consumers to participate in DR programs.

5.2.2. Consumer behavior learning and prediction

ANN and ARMA prediction techniques to identify unclear load pro-
files. In work done by Mahmud et al. [104] and according to the results,
day-ahead energy management mitigates indecision by implementing
preventive measures. So, by considering a “learning” approach, the DR
could be defined as automated as in the Aras Sheikhi, Mohammad
Rayati, and Ali Mohammad Ranjbar [180] study. These authors consider
the participant a price taker consumer with a fully automated energy



C. Silva et al.

management scheme (EMS) based on Reinforcement Learning (RL) to
minimize their energy bills simultaneously. The EMS learns behaviors
over time, the insecurity of energy prices, and appliance efficiency into
making optimal decisions in a stochastic environment. The extracted
information from AMI technologies can be used in a panoply of situa-
tions, namely, DR programs, load profiling, consumer consumption
prediction, or even theft detection. Thus, the effects of the imprecise and
incomplete information from failures in AMI technologies may condi-
tion outcomes from an approach, namely clustering algorithms.

However, many DR implementation solutions include consumer
clustering to process consumer input data for possible flexibility such as
occupancy, temperature, humidity, bidding strategy design, etc.
Focusing on the AMI from the perspective of the residential consumer,
Table 3 organizes studies that used clustering methods to analyze in-
formation from smart metering data. The table contains the number of
participants, the data source, the location of the study, the clustering
method, and the data size.

Some of the studies have a big dataset. However, as already
mentioned, clustering is sensible to the input information, and errors
from smart equipment may result in erroneous outputs. Thus, the a
priori processing of the dataset with adequate data mining tools is
crucial. This enables the aggregator to access meaningful information
that helps deal with active consumers properly and enhance their per-
formance. The incorporation of fuzzy variables to mitigate impact was
suitable in the study conducted by Mansour Charwadn et al. [91]. This
study aimed to represent the consumer load pattern, modeling the
indecision and non-determinacy (hesitation) using the intuitionistic
fuzzy divergence technique, which contains the membership,
non-membership, and hesitancy function. Hence, this thresholding
method considers each consumer’s load pattern as an image, and each
load value is assigned as a pixel. A minimization procedure is required to
guarantee high separation accuracy for indecision in the consumer’s
pattern. Each consumer’s Typical Load Pattern (TLP) is extracted using
neighbor information (2-dimensional daily load values). The results
evidenced that, with fewer thresholds, the simulation time is reduced
and TLP accuracy.

5.2.3. Economic influence in the DR events

Employing a Deep Neural Network (DNN) to predict the unknown
prices and energy demands can be useful to overcome future un-
certainties and enhance performance, according to the Renzhi LU and
Seung Ho Hong [87] work. In cooperation with DNN, RL is adopted to
obtain the optimal incentives for different consumers considering both
service providers and consumers’ profits. RL is model-free, adaptive, and
concise. Contrarily to the previous methods, the service provider does
not need prior knowledge. Instead, it discovers the optimal incentive
rates by “learning” from direct interaction with each active consumer.

Table 3
Clustering methods applied to residential consumers’ smart metering data.
Ref. # Location Method Data size
[53] 197 UK, Bayesian non-parametric 9 months
Bulgaria
[50] 1.057 Us Dynamic Time wrapping 1 month
[219] 1.200 China FCM clustering 1 Month
[252] 3.622 Ireland Finite mixture model 1 year
[221] 300 - Hierarchical clustering 104 days
[222] 265 Portugal Hierarchical clustering 2 months
[51] 656 Switzerland k-means 1 year
[52] 197 UK, k-means 1 year
Bulgaria
[218] 4.181 China k-means and spectral 1 Month
clustering
[217] 218.090 - K-Means, Hierarchical 3 years
Clustering
[220] 4,232 Portugal k-means, Logistic 1 year and 6
Regression, Decision trees months
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Moreover, the incentive rates are acquired and adapted autono-
mously, considering the uncertainties and flexibilities of the system.
Finally, it is based on a look-up table, its implementation in the real
world becomes much easier. As mentioned earlier, consumers are
finitely rational as agents. However, due to psychological factors, such
as cognitive or experimental judgment biases, consumers’ positive
outlook on participating in a DR program (viewing it as either loss or
gain) depends on the reference point. So, their risk attitudes — risk-
seeking, risk-averse, or risk-neutral, will shift. Remani T., E. A. Jas-
min, and T. P. Imthias Ahamed [40] also consider RL an efficient tool for
solving the decision-making problem under doubt. Their study intends
to solve a load commitment problem considering consumer comfort,
stochastic renewable power, and tariff. The problem was modeled as a
Markov decision process. To use RL, state, state space, transition func-
tion, action, and reward function were identified.

Furthermore, other algorithms were also used to overcome this
problem. Nsilulu Mbungu et al. [131] used an adaptive Time of Use
(TOU) Model Predictive Control (MPC) approach to create a managing
system for a real-time electricity pricing environment, integrating both
solar energy generation and an energy storage system in an isolated
power grid. The authors achieved good results in managing energy
consumption by prioritizing some loads while centralizing the power
supply as a demand function. In this approach, the consumer had the
opportunity to keep track of their fee and decide on the use of the
energy.

The Nash bargaining theory can be used to achieve the overall sys-
tem’s maximum social welfare when studying the economic interaction
between the DSO and microgrids. In work performed by Hung Khanh
Nguyen et al. [125], the authors concluded that when the system’s social
welfare is positive — the saving cost from the peak ramp reduction of the
DSO is greater than the total cost of microgrids — the bargaining problem
is feasible. Mosaddek Hossain Kamal Tushar et al. [59] created an en-
ergy planning noncooperative game for residential consumers with at
least a Nash Equilibrium in the prediction phase. It was considered that,
according to the Nash theorem, every noncooperation game with a finite
number of players and action profile has at least one mixed strategy with
a Nash equilibrium. So, the game ends when the equilibrium state is
achieved, and no consumers are willing to change their strategy,
reducing their payoff.

A fuzzy stochastic CVaR can be used to manage the risk associated
with doubt, mainly focusing on price-based DR. The study done by Jiafu
Yin and Dongmei Zhao [121] established that the price elastic response
curve is inaccurate, the fuzzy characteristics of consumer behaviors are
visible. Hence, to mathematically characterize the indecision of DR, the
authors introduced the concept of self-elastic to formulate the response
behavior-changing percentage of demand reduction concerning the
changing percentage in incentive price during the same time interval. To
assess the probabilistic risk, the authors pointed to the popularity of the
stochastic CVaR criterion and the necessity to design a coherent risk
measure in this fuzzy environment. Furthermore, the evidence that
compared with the Value at Risk (VaR) method, the unit commitment
model based on the CVaR expands the required reserves to minimize the
complexity of indecision, protect against the operational risk and meet
the system trustworthiness requirement.

Although several methods are used to improve the performance of
DR schedules, namely fuzzy methods [149,195], it is important to
deliberate those inappropriate strategies that may lead to consumer
dissatisfaction and the consequent decrease of their participation in DR
events. So, the managing entity of these new players must “learn” and
capture their behavior to be able to provide the correct assistance in all
situations [104,180,185]. Another approach considered in the former
works was the clustering method, that although it has input problems, is
widely used in the literature, as can be seen in Table 3. It was also
noticed that the economic incentives could be useful for enhancing DR
performances [40,59,125]. So, learning and understanding consumer
behavior is a step forward to improving the contribution of these new
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players in the power and energy market.
5.3. DR reliability

In the literature, reliability is defined by the system being in a certain
operating state and measured through indicators such as discontinuity
duration, interruptions frequency, or not supplied energy [190]. The
present paper is described from the system operator perspective
regarding the DR events and all the intervenient. The previous two
keywords mainly focus on active consumers, empowerment, and ways to
enhance their role in the energy market. But the introduction of these
new players will impact the system operation. In this way, the authors
intend to understand the influence of DR on system security and reli-
ability. Reliability will refer to the quality of being trustworthy or per-
forming consistently well in such events, avoiding further problems.

Focusing on the perspective service provider, the randomness of DR
responses caused by the consumers’ volatile behavior when achieving a
DR target can impact the system’s reliability. Amir Ghasemkhani and Lei
Yang [112] approach involve incurring a penalty on the participants.
The authors mentioned that current research on pricing-based DR as-
sumes that consumers’ response functions are available to this player or
maybe predicted by it. The RL-based algorithm was then used to aid the
serving entity in learning the customers’ aggregated behaviors to
determine an optimal pricing strategy instead of using pre-defined
response functions.

The non-necessity of gathering a priori information to allow each
service provider and consumer to understand their position in the grid is
supported by Byoung-Gook Kim et al. [20] when developing an RL to
overcome the challenges of implementing dynamic pricing and energy
consumption schedule. The authors compared two distinct scenarios in
their study: the consumers with learning capability and the second in-
volves myopic consumers. Not all consumers in the microgrid are not
necessarily strategic. For them, it is more important to learn the dy-
namics of the entire system and find its optimal energy consumption
scheduling based on the observations. However, Byoung-Gook Kim et al.
[20] did not discard studying the strategic behaviors of the rational
agents and their impact on system operation. Xiaodong Yang et al. [103]
designed an adaptive MPC scheduling strategy to dynamically deal with
predicted errors and update decision strategies according to the system’s
latest status and short-term predicted values. Three objectives were set:
finding an optimal trajectory for power trade between the cooperating
microgrids system and the main grid, addressing supply and demand
uncertainties, and operating with outage events during emergency
conditions. After several attempts, it was proven that supply-demand
balance could be enhanced by implementing shift loads in each micro-
grid and can be adjusted by exchanging power with the adjacent
microgrids.

Online MPC can be suitable for high indecision regarding the
renewable generation and consumer responses. In the study performed
by Farzad Arasteh and Gholam Riahy [123], this method was used for
optimal real-time operation of wind integrated power systems, including
coordinating energy storage systems and DR programs. In addition,
these authors believed that the possibility of shifting load to off-peak
hours makes the controller more flexible, resulting in a lower amount
of load shedding and improvement of supply management. In the
Prajwal Khadgi and Lihui Bai [86] case, MPC was interested in consumer
response to DR events when applied to control the new active players. In
this case, the consumers determined their optimal consumption by
maximizing a multi-attribute utility function based on changing elec-
tricity prices, temperature, and thermal comfort. The results obtained by
the authors indicate that among various static variable pricing schemes,
the TOU rate is the most robust in achieving a higher Coincident Load
Factor — the ratio of average load over a household’s contribution to the
system peak load in a daily cycle and reducing the costs from the
perspective of the consumer.

Regarding the distinct dynamic variable pricing schemes, the former

12

Energy Strategy Reviews 41 (2022) 100857

improves when comparing Demand Charge with Flat Rate. At the same
time, Sudip Misra et al. [47] used a robust game theory to account for
energy management constraints associated with indecision since it
generally impacts the algorithms in this area. In this way, imperfect
information was considered regarding all the indecision issues to opti-
mize energy trading in the smart grid. Although, as a result, the con-
sumers and the network act as players and the payoff values are
optimized, the results showed an improvement compared to the existing
energy management models.

However, although some appliances may belong to the same cate-
gory, they can belong to different consumers, so flexibility is quite
different because of power consumption and the owners’ habits.
Therefore, the authors determined that analyzing the DR potential by
only considering appliance type and power consumption is irrational
because consumer behavior strongly affects consumption, leading to big
variations in the energy consumed by the same type of appliance.
Therefore, the human factor cannot be discarded. To prove this view, a
more specific study was presented by Maomao Hu and Fu Xiao [137]
using the Markov Chain Monte Carlo model to quantify indecision in the
aggregate energy flexibility considering stochastic occupancy and
occupant behavior which characterizes the randomness of people
entering or leaving a specified space at a particular time — influencing
the appliances. As affirmed by these authors, the Markov-chain tech-
nique is widely used to simulate this process and generate stochastic
occupancy patterns.

A negative impact of the active consumers in the network can lead to
loss of security and jeopardize the system’s reliability. So, many authors
opt for economic strategies to test the trustworthiness of the participants
in DR events using penalties [112] or distinct DR programs [20,86,103],
some in real-time [123]. The game theory approach was still mentioned
but explored imperfect information [47]. Again, the human factor
cannot be discarded, and the different factors that may impact their
decisions must be widely studied.

6. Discussion of the identified challenges and future Research

The active consumers that emerge in power systems are complex,
and their actions rarely follow the traditional theory of decision-making,
which makes their behavior hard to predict from this standpoint.
Instead, psychology and behavioral economics must be employed for
greater prediction accuracy. Contrasting both theories, traditional eco-
nomic models expect consumers to make optimal decisions that result in
optimal outcomes. On the other hand, behavioral economics considers
that consumer choices can be improved by providing more information
and other options to influence the consumers’ behavioral patterns.

A growing number of scientific research intends to demystify tradi-
tional economic theory and point to the importance of understanding
the context in which the consumer operates so that solutions can be
found to influence their behavior, to make the desired decision easier,
quicker, and more convenient from their perspective, minimizing the
physical and psychological effort and reducing the perceived doubt. This
can be achieved by, for instance, providing the consumer with com-
parisons between themselves and the other players’ performances,
possessions, and wellbeing. By demonstrating that consumers with a
profile like theirs (the same power contract, the same consumer type,
etc.) are using less energy and taking energy-saving actions that are
beneficial, the consumer will be more encouraged to follow these posi-
tive energy-saving norms and reduce their consumption accordingly.

Moreover, implementing fair rewards and monetary incentives can
motivate the DR event participation regarding intrinsic and extrinsic
compensation. Finally, the trust factor is important to give the right
message for the demand side to make the right decisions - if they seem
skeptical can either disengage or react defensively to the information.
Using simple and easy-to-understand messages to communicate with
consumers who have limited knowledge of the energy market can help
increase confidence in the solution. If there is doubt around the
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electricity supply, market prices, government policies, and long-term
financial payoffs, investment in this approach may seem risky for
many consumers.

Furthermore, there is a need to upgrade to smart equipment to
enable communication between the active consumer and the energy
market. The active consumers must improve and integrate technologies
capable of, for instance, being controlled by the local community
manager or equipment to simply receive the proper signals to participate
in the market transactions. Focusing on each appliance instead of
considering the whole building may reduce doubt in DR events. Thanks
to advances in AMI technologies and the extracted information, the
managing entity can delineate and understand its strategy to succeed in
the energy market by persuading active consumers to opt for coopera-
tion instead of rivalry.

The above discussion evidence that context-awareness approaches
are necessary to handle consumer participation more accurately [1].
Activating consumers according to the context and providing adequate
performance evaluation, for example, through key performance in-
dicators [253], makes the consumer better integrated into the process,
increasing their motivation and understanding of the rewards process.
Moreover, contracts between consumers and entities requesting DR
should be drawn up according to the preferences and interests of each
player [254]. Aggregators will play a key role in collecting the available
DR from small consumers and establishing contracts using the potential
of DR to the fullest [122]. Moreover, Artificial Intelligence methods help
support decisions on DR management, namely load forecasting [255,
256]. This method helps understand future consumption, which is
crucial when estimating potential flexibility in managing a DR event.

Moreover, learning approaches can be used to learn about consumer
behaviors. These approaches learn from events and apply them to
similar future events. This enables them to make more accurate de-
cisions in the future [257].

In summary, with all the information studied through the present
paper, the authors believe that future lines of research should focus on
the consumer side, emphasizing comfort and behavioral aspects,
privacy-awareness in the DR programs definition, and the contextual
management of the resources to implement DR solution in the future
smart grid successfully.

7. Final remarks

The role of the end-user is changing together with the gradual
implementation of the Smart Grid concept. This concept urges for
greater consumer flexibility: consumers who can control and change
their consumption according to signals given by the energy market.
However, this new paradigm also enables on-site production for small
entities. The new active consumer will have more power over the
transactions on the market, and thus, understanding and dealing with
their decisions will be crucial to a successful implementation. Consumer
empowerment will have an impact on the operation of the grid. If the
right solution were designed to include all the necessary features to deal
with the uncertainty introduced by new players, a huge step would be
taken towards developing a smarter grid. However, when empowering
the consumers’ many factors should be considered:

e Consumers should not be considered agents that have access to
perfectly accurate information — the behavior of real people tends to
differ dramatically. Although, after the discussion, the authors
believe that participants will always be active and willing to change
their strategy and consider them as “perfect” economic and rational
agents with complete awareness of the market environment, seeking
the optimal decision may be a faulty assumption. To solve this
problem and reduce the response uncertainty, the authors suggest a
contextual solution: giving the right signals according to the different
behaviors and the different types of participants in the DR event.
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e The DR participants’ actions in the energy market will be complex
and rarely follow the traditional economic decision-making theory.
So, they are considered hard to predict from this standpoint but are
rather predictable from psychology and behavioral economics. In the
authors’ opinion, implementing DR in the market should discover
what influences the participants: the social influence, intrinsic and
extrinsic rewards, and trust may play a key role.

e Sharing the full information between players, retailers, and other
consumers leads to better results. However, privacy concerns can be
raised. The authors believe that trust should be crucial and instigated
from both sides. Therefore, define limits and boundaries regarding
which information should or not be shared.

e Approaches must consider non-linear tools regarding load profiles’
uncertain nature combined with consumers’ willingness to partici-
pate. Several study results prove that a stochastic approach can
handle more uncertainties than a deterministic approach. In this
case, the authors believe that each type of active consumer has its
characteristics and should be treated accordingly.

e Focus on the appliances for DR, through Advanced Metering In-
frastructures, instead of solutions where all the consumers’ flexibility
is considered. By understanding the functioning of the appliance and
the impact of the consumer comfort, since it has freedom of choice to
disconnect any time, the uncertainty of the response can be reduced.
However, another problem derived from this perspective is the
correlated DR relationships. For instance, in a load shifting approach,
an appliance that generates heat may require other cooling equip-
ment to maintain the consumers’ comfort. For this case, the authors
believe that all the appliances should be listed in the DR contract and
further define their relationship and consequences.
Despite several existing approaches in DR and DSM field, it has been
found that the consumers deserve more knowledge to support their
decisions in DR participation instead of reacting to incentives and
prices. Given that the knowledge is self-reported, there may be a
considerable divergence between attitudes and observable behav-
iors, for example, the consumers who still depend on non-renewable
resources, do not rely on public transport, and make heavy use of
their vehicles, neglect recycling, and any other actions that harm the
environment. The authors believe that more information should be
shared on social media, new policies including and giving more
awareness on the impacts of this concept.

Thus, influencing the behaviors of active consumers and their de-
cisions to reduce uncertainty and enhance their performance on DR
events can bring several advantages for all the players involved in
market transactions and facilitate the penetration of renewable re-
sources in the system. Therefore, more projects should focus on under-
standing how to influence and reduce uncertainty on the consumer side.

Funding

This article is a result of the project RETINA (NORTE-01-0145-
FEDER-000062), supported by Norte Portugal Regional Operational
Programme (NORTE 2020), under the PORTUGAL 2020 Partnership
Agreement, through the European Regional Development Fund (ERDF).
We also acknowledge the work facilities and equipment provided by
GECAD research center (UIDB/00760/2020) to the project team, and
grants CEECIND,/02887/2017 and SFRH/BD/144200/2019.

Declaration of competing interest
The authors declare that they have no known competing financial

interests or personal relationships that could have appeared to influence
the work reported in this paper.



C. Silva et al.

References

[1]

[2]

[3]

[4]

[5]

[6]

[71

[8

[}

[9

—

[10]
[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

C. Silva, P. Faria, Z. Vale, Rating the participation in demand response programs
for a more accurate aggregated schedule of consumers after enrolment period,
Electronics 9 (2) (Feb. 2020) 349, https://doi.org/10.3390/electronics9020349.
P. Bertoldi, P. Zancanella, B. Boza-Kiss, Demand Response Status in EU Member
States, 2016, https://doi.org/10.2790/962868.

Energy Union | Energy, Mar. 08, 2017. https://ec.europa.eu/energy/topics/ene
rgy-strategy/energy-union_en#five-dimensions-of-the-energy-union. (Accessed 4
December 2020). accessed.

M. Kiihnbach, J. Stute, A.-L. Klingler, Impacts of avalanche effects of price-
optimized electric vehicle charging - does demand response make it worse?
Energy Strategy Rev. 34 (Mar. 2021) 100608, https://doi.org/10.1016/j.
esr.2020.100608.

K. Wohlfarth, A.-L. Klingler, W. Eichhammer, The flexibility deployment of the
service sector - a demand response modelling approach coupled with evidence
from a market research survey, Energy Strategy Rev. 28 (Mar. 2020) 100460,
https://doi.org/10.1016/j.esr.2020.100460.

M. Kiihnbach, J. Stute, T. Gnann, M. Wietschel, S. Marwitz, M. Klobasa, Impact of
electric vehicles: will German households pay less for electricity? Energy Strategy
Rev. 32 (Nov. 2020) 100568, https://doi.org/10.1016/j.esr.2020.100568.

S. Zheng, Y. Sun, B. Li, B. Qi, X. Zhang, F. Li, Incentive-based integrated demand
response for multiple energy carriers under complex uncertainties and double
coupling effects, Appl. Energy 283 (June 2020) (2021) 116254, https://doi.org/
10.1016/j.apenergy.2020.116254.

European Parliament and Council of the Eu, Directive (EU) 2019/944 on common
rules for the internal market for electricity and amending directive 2012/27/EU,
Off. J. Eur. Union (158) (2019) 18. http://eur-lex.europa.eu/pri/en/oj/dat/2003
/1.285/1.28520031101en00330037.pdf.

Delta H2020 Homepage | DELTA Project.” https://www.delta-h2020.eu/
(accessed Dec. 04, 2020).

EUR-Lex - 32019R0943 - EN - EUR-Lex.” https://eur-lex.europa.eu/legal-conten
t/EN/TXT/?uri=CELEX%3A32019R0943 (accessed Dec. 04, 2020).

European Parliament, Directive (EU) 2019/944 on common rules for the internal
market for electricity, Off. J. Eur. Union (L 158) (2019) 18.

M. Kubli, M. Loock, R. Wiistenhagen, The flexible prosumer: measuring the
willingness to co-create distributed flexibility, Energy Pol. 114 (2018), https://
doi.org/10.1016/j.enpol.2017.12.044.

M. Shafie-khah, P. Siano, J. Aghaei, M.A.S. Masoum, F. Li, J.P.S. Catalao,
Comprehensive review of the recent advances in industrial and commercial DR,
IEEE Trans. Ind. Inf. 15 (7) (Jul. 2019) 3757-3771, https://doi.org/10.1109/
TI1.2019.2909276.

Z. Baum, R.R. Palatnik, O. Ayalon, D. Elmakis, S. Frant, Harnessing households to
mitigate renewables intermittency in the smart grid, Renew. Energy 132 (Mar.
2019) 1216-1229, https://doi.org/10.1016/j.renene.2018.08.073.

M. Minou, G.D. Stamoulis, T.G. Papaioannou, The effect of altruism in automated
demand response for residential users, in: 2017 IEEE PES Innovative Smart Grid
Technologies Conference Europe (ISGT-Europe), 2018-Janua, Sep. 2017, pp. 1-6,
https://doi.org/10.1109/ISGTEurope.2017.8260336.

A.G. Thomas, L. Tesfatsion, Braided cobwebs: cautionary tales for dynamic
pricing in retail electric power markets, IEEE Trans. Power Syst. 33 (6) (Nov.
2018) 6870-6882, https://doi.org/10.1109/TPWRS.2018.2832471.

I. Dusparic, A. Taylor, A. Marinescu, F. Golpayegani, S. Clarke, Residential
demand response: experimental evaluation and comparison of self-organizing
techniques, Renew. Sustain. Energy Rev. 80 (December 2016) (Dec. 2017)
1528-1536, https://doi.org/10.1016/j.rser.2017.07.033.

N. Good, K.A. Ellis, P. Mancarella, Review and classification of barriers and
enablers of demand response in the smart grid, Renew. Sustain. Energy Rev. 72
(May 2017) 57-72, https://doi.org/10.1016/j.rser.2017.01.043.

A. Liberati, et al., The PRISMA statement for reporting systematic reviews and
meta-analyses of studies that evaluate health care interventions: explanation and
elaboration, PLoS Med. 6 (7) (Jul. 2009) e1000100, https://doi.org/10.1371/
journal.pmed.1000100.

B.-G. Kim, Y. Zhang, M. van der Schaar, J.-W. Lee, Dynamic pricing and energy
consumption scheduling with reinforcement learning, IEEE Trans. Smart Grid 7
(5) (Sep. 2016) 2187-2198, https://doi.org/10.1109/TSG.2015.2495145.

D. Liu, Y. Sun, Y. Qu, B. Li, Y. Xu, Analysis and accurate prediction of user’s
response behavior in incentive-based demand response, IEEE Access 7 (2019)
3170-3180, https://doi.org/10.1109/ACCESS.2018.2889500.

Y. Li, W. Gao, Y. Ruan, Y. Ushifusa, Demand response of customers in Kitakyushu
smart community project to critical peak pricing of electricity, Energy Build. 168
(Jun. 2018) 251-260, https://doi.org/10.1016/j.enbuild.2018.03.029.

A. Wang, R. Li, S. You, Development of a data driven approach to explore the
energy flexibility potential of building clusters, Appl. Energy 232 (September)
(Dec. 2018) 89-100, https://doi.org/10.1016/j.apenergy.2018.09.187.

S. Zhai, Z. Wang, X. Yan, G. He, Appliance flexibility analysis considering user
behavior in home energy management system using smart plugs, IEEE Trans. Ind.
Electron. 66 (2) (Feb. 2019) 1391-1401, https://doi.org/10.1109/
TIE.2018.2815949.

W. Zeng, M. Sun, B. Chen, W. He, Y. Huang, K. Yu, Load cluster management
considering response uncertainty, in: 2018 China International Conference on
Electricity Distribution (CICED), Sep. 2018, pp. 2865-2869, https://doi.org/
10.1109/CICED.2018.8592587, 201805270000002.

Z.A. Khan, D. Jayaweera, H. Gunduz, Smart meter data taxonomy for demand
side management in smart grids, in: 2016 International Conference on

14

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

Energy Strategy Reviews 41 (2022) 100857

Probabilistic Methods Applied to Power Systems (PMAPS), Oct. 2016, pp. 1-8,
https://doi.org/10.1109/PMAPS.2016.7764143.

P. Warren, Demand-side policy: global evidence base and implementation
patterns, Energy Environ. 29 (5) (Aug. 2018) 706731, https://doi.org/10.1177/
0958305X18758486.

J.S. Nutma, G. Hoogsteen, A. Molderink, W.E. Wijbrandi, J.L. Hurink, G.J.

M. Smit, On integrating device level schedules into market based control, in: 2017
IEEE Manchester PowerTech, Jun. 2017, pp. 1-6, https://doi.org/10.1109/
PTC.2017.7980984.

T. Chen, H. Pourbabak, Z. Liang, W. Su, An integrated eVoucher mechanism for
flexible loads in real-time retail electricity market, IEEE Access 5 (2017)
2101-2110, https://doi.org/10.1109/ACCESS.2017.2659704.

B. Zeng, D. Zhao, C. Singh, J. Wang, C. Chen, Holistic modeling framework of
demand response considering multi-timescale uncertainties for capacity value
estimation, Appl. Energy 247 (February) (Aug. 2019) 692-702, https://doi.org/
10.1016/j.apenergy.2019.03.121.

D.P. Zhou, M. Balandat, M.A. Dahleh, C.J. Tomlin, Eliciting private user
information for residential demand response, in: 2017 IEEE 56th Annual
Conference on Decision and Control, CDC 2017 2018-Janua, Dec. 2018,

pp- 189-195, https://doi.org/10.1109/CDC.2017.8263664.

P. Faria, Z. Vale, A demand response approach to scheduling constrained load
shifting, Energies 12 (9) (May 2019) 1752, https://doi.org/10.3390/
en12091752.

S.S. Torbaghan, et al., A market-based framework for demand side flexibility
scheduling and dispatching, Sustain. Energy Grids Networks 14 (Jun. 2018)
47-61, https://doi.org/10.1016/j.segan.2018.03.003.

N. Mahmoudi, E. Heydarian-Forushani, M. Shafie-khah, T.K. Saha, M.E.

H. Golshan, P. Siano, A bottom-up approach for demand response aggregators’
participation in electricity markets, Elec. Power Syst. Res. 143 (Feb. 2017)
121-129, https://doi.org/10.1016/j.epsr.2016.08.038.

S. Chen, R.S. Cheng, Operating reserves provision from residential users through
load aggregators in smart grid: a game theoretic approach, IEEE Trans. Smart
Grid 10 (2) (Mar. 2019) 1588-1598, https://doi.org/10.1109/
TSG.2017.2773145.

N. Mahmoudi, T.K. Saha, M. Eghbal, Demand response application by strategic
wind power producers, IEEE Trans. Power Syst. 31 (2) (Mar. 2016) 1227-1237,
https://doi.org/10.1109/TPWRS.2015.2424409.

O. Abrishambaf, P. Faria, Z. Vale, Ramping of demand response event with
deploying distinct programs by an aggregator, Energies 13 (6) (Mar. 2020) 1389,
https://doi.org/10.3390/en13061389.

E. Mahboubi-Moghaddam, M. Nayeripour, J. Aghaei, Reliability constrained
decision model for energy service provider incorporating demand response
programs, Appl. Energy 183 (Dec. 2016) 552-565, https://doi.org/10.1016/j.
apenergy.2016.09.014.

B. Wang, J.A. Camacho, G.M. Pulliam, A.H. Etemadi, P. Dehghanian, New reward
and penalty scheme for electric distribution utilities employing load-based
reliability indices, IET Gener., Transm. Distrib. 12 (15) (Aug. 2018) 3647-3654,
https://doi.org/10.1049/iet-gtd.2017.1809.

T. Remani, E.A. Jasmin, T.P.I. Ahamed, Residential load scheduling with
renewable generation in the smart grid: a reinforcement learning approach, IEEE
Syst. J. 13 (3) (Sep. 2019) 3283-3294, https://doi.org/10.1109/
JSYST.2018.2855689.

S. Wang, C. Shao, Y. Ding, J. Yan, Operational reliability of multi-energy
customers considering service-based self-scheduling, Appl. Energy 254 (June)
(Nov. 2019) 113531, https://doi.org/10.1016/j.apenergy.2019.113531.

H.-S. Lee, C. Tekin, M. van der Schaar, J.-W. Lee, Contextual learning for unit
commitment with renewable energy sources, in: 2016 IEEE Global Conference on
Signal and Information Processing (GlobalSIP), Dec. 2016, pp. 866870, https://
doi.org/10.1109/GlobalSIP.2016.7905966.

H.J. Monfared, A. Ghasemi, A. Loni, M. Marzband, A hybrid price-based demand
response program for the residential micro-grid, Energy 185 (Oct. 2019)
274-285, https://doi.org/10.1016/j.energy.2019.07.045.

1. Marneris, P. Biskas, A. Bakirtzis, Stochastic and deterministic unit commitment
considering uncertainty and variability reserves for high renewable integration,
Energies 10 (1) (Jan. 2017) 140, https://doi.org/10.3390/en10010140.

M. Najafi, S. Ahmadi, M. Dashtdar, Simultaneous Energy and Reserve Market
Clearing with Consideration of Interruptible Loads as One of Demand Response
Resources and Different Reliability Requirements of Consumers, 2019, https://
doi.org/10.1515/ijeeps-2019-0018.

D.M. Minhas, R.R. Khalid, G. Frey, Activation of electrical loads under electricity
price uncertainty, in: 2017 IEEE International Conference on Smart Energy Grid
Engineering (SEGE), Aug. 2017, pp. 373-378, https://doi.org/10.1109/
SEGE.2017.8052828.

S. Misra, S. Bera, T. Ojha, H.T. Mouftah, A. Anpalagan, ENTRUST: energy trading
under uncertainty in smart grid systems, Comput. Network. 110 (Dec. 2016)
232-242, https://doi.org/10.1016/j.comnet.2016.09.021.

H. Mortaji, S.H. Ow, M. Moghavvemi, H.A.F. Almurib, Load shedding and smart-
direct load control using internet of things in smart grid demand response
management, IEEE Trans. Ind. Appl. 53 (6) (Nov. 2017) 5155-5163, https://doi.
org/10.1109/TIA.2017.2740832.

H. Mortaji, Ow Siew Hock, M. Moghavvemi, H.A.F. Almurib, Smart grid demand
response management using internet of things for load shedding and smart-direct
load control, in: 2016 IEEE Industry Applications Society Annual Meeting, Oct.
2016, pp. 1-7, https://doi.org/10.1109/1AS.2016.7731836.


https://doi.org/10.3390/electronics9020349
https://doi.org/10.2790/962868
https://ec.europa.eu/energy/topics/energy-strategy/energy-union_en#five-dimensions-of-the-energy-union
https://ec.europa.eu/energy/topics/energy-strategy/energy-union_en#five-dimensions-of-the-energy-union
https://doi.org/10.1016/j.esr.2020.100608
https://doi.org/10.1016/j.esr.2020.100608
https://doi.org/10.1016/j.esr.2020.100460
https://doi.org/10.1016/j.esr.2020.100568
https://doi.org/10.1016/j.apenergy.2020.116254
https://doi.org/10.1016/j.apenergy.2020.116254
http://eur-lex.europa.eu/pri/en/oj/dat/2003/l_285/l_28520031101en00330037.pdf
http://eur-lex.europa.eu/pri/en/oj/dat/2003/l_285/l_28520031101en00330037.pdf
https://www.delta-h2020.eu/
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A32019R0943
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A32019R0943
http://refhub.elsevier.com/S2211-467X(22)00056-6/sref11
http://refhub.elsevier.com/S2211-467X(22)00056-6/sref11
https://doi.org/10.1016/j.enpol.2017.12.044
https://doi.org/10.1016/j.enpol.2017.12.044
https://doi.org/10.1109/TII.2019.2909276
https://doi.org/10.1109/TII.2019.2909276
https://doi.org/10.1016/j.renene.2018.08.073
https://doi.org/10.1109/ISGTEurope.2017.8260336
https://doi.org/10.1109/TPWRS.2018.2832471
https://doi.org/10.1016/j.rser.2017.07.033
https://doi.org/10.1016/j.rser.2017.01.043
https://doi.org/10.1371/journal.pmed.1000100
https://doi.org/10.1371/journal.pmed.1000100
https://doi.org/10.1109/TSG.2015.2495145
https://doi.org/10.1109/ACCESS.2018.2889500
https://doi.org/10.1016/j.enbuild.2018.03.029
https://doi.org/10.1016/j.apenergy.2018.09.187
https://doi.org/10.1109/TIE.2018.2815949
https://doi.org/10.1109/TIE.2018.2815949
https://doi.org/10.1109/CICED.2018.8592587
https://doi.org/10.1109/CICED.2018.8592587
https://doi.org/10.1109/PMAPS.2016.7764143
https://doi.org/10.1177/0958305X18758486
https://doi.org/10.1177/0958305X18758486
https://doi.org/10.1109/PTC.2017.7980984
https://doi.org/10.1109/PTC.2017.7980984
https://doi.org/10.1109/ACCESS.2017.2659704
https://doi.org/10.1016/j.apenergy.2019.03.121
https://doi.org/10.1016/j.apenergy.2019.03.121
https://doi.org/10.1109/CDC.2017.8263664
https://doi.org/10.3390/en12091752
https://doi.org/10.3390/en12091752
https://doi.org/10.1016/j.segan.2018.03.003
https://doi.org/10.1016/j.epsr.2016.08.038
https://doi.org/10.1109/TSG.2017.2773145
https://doi.org/10.1109/TSG.2017.2773145
https://doi.org/10.1109/TPWRS.2015.2424409
https://doi.org/10.3390/en13061389
https://doi.org/10.1016/j.apenergy.2016.09.014
https://doi.org/10.1016/j.apenergy.2016.09.014
https://doi.org/10.1049/iet-gtd.2017.1809
https://doi.org/10.1109/JSYST.2018.2855689
https://doi.org/10.1109/JSYST.2018.2855689
https://doi.org/10.1016/j.apenergy.2019.113531
https://doi.org/10.1109/GlobalSIP.2016.7905966
https://doi.org/10.1109/GlobalSIP.2016.7905966
https://doi.org/10.1016/j.energy.2019.07.045
https://doi.org/10.3390/en10010140
https://doi.org/10.1515/ijeeps-2019-0018
https://doi.org/10.1515/ijeeps-2019-0018
https://doi.org/10.1109/SEGE.2017.8052828
https://doi.org/10.1109/SEGE.2017.8052828
https://doi.org/10.1016/j.comnet.2016.09.021
https://doi.org/10.1109/TIA.2017.2740832
https://doi.org/10.1109/TIA.2017.2740832
https://doi.org/10.1109/IAS.2016.7731836

C. Silva et al.

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

T. Teeraratkul, D. O’Neill, S. Lall, Shape-based approach to household electric
load curve clustering and prediction, IEEE Trans. Smart Grid 9 (5) (Sep. 2018)
5196-5206, https://doi.org/10.1109/TSG.2017.2683461.

S. Yilmaz, J. Chambers, S. Cozza, M.K. Patel, Exploratory study on clustering
methods to identify electricity use patterns in building sector, J. Phys. Conf. 1343
(Nov. 2019) 12044, https://doi.org/10.1088/1742-6596/1343/1/012044.

R. Granell, C.J. Axon, D.C.H. Wallom, Impacts of raw data temporal resolution
using selected clustering methods on residential electricity load profiles, IEEE
Trans. Power Syst. 30 (6) (Nov. 2015) 3217-3224, https://doi.org/10.1109/
TPWRS.2014.2377213.

R. Granell, C.J. Axon, D.C.H. Wallom, Clustering disaggregated load profiles
using a Dirichlet process mixture model, Energy Convers. Manag. 92 (Mar. 2015)
507-516, https://doi.org/10.1016/j.enconman.2014.12.080.

A. Talwariya, P. Singh, M. Kolhe, A stepwise power tariff model with game theory
based on Monte-Carlo simulation and its applications for household, agricultural,
commercial and industrial consumers, Int. J. Electr. Power Energy Syst. 111 (July
2018) (Oct. 2019) 14-24, https://doi.org/10.1016/j.ijepes.2019.03.058.

H. Rashidizadeh-Kermani, M. Vahedipour-Dahraie, M. Shafie-khah, J.P.

S. Catalao, Stochastic programming model for scheduling demand response
aggregators considering uncertain market prices and demands, Int. J. Electr.
Power Energy Syst. 113 (June) (Dec. 2019) 528-538, https://doi.org/10.1016/j.
ijepes.2019.05.072.

S. Talari, M. Shafie-khah, F. Wang, J. Aghaei, J.P.S. Catalao, Optimal scheduling
of demand response in pre-emptive markets based on stochastic bilevel
programming method, IEEE Trans. Ind. Electron. 66 (2) (Feb. 2019) 1453-1464,
https://doi.org/10.1109/TIE.2017.2786288.

S. Wang, F. Luo, Z.Y. Dong, Z. Xu, Coordinated residential energy resource
scheduling with human thermal comfort modelling and renewable uncertainties,
IET Gener., Transm. Distrib. 13 (10) (2019) 1768-1776, https://doi.org/
10.1049/1iet-gtd.2018.5355.

D. Wu, B. Wang, D. Precup, B. Boulet, Multiple Kernel learning-based transfer
regression for electric load forecasting, IEEE Trans. Smart Grid 11 (2) (Mar. 2020)
1183-1192, https://doi.org/10.1109/TSG.2019.2933413.

M.H.K. Tushar, A.W. Zeineddine, C. Assi, Demand-side management by
regulating charging and discharging of the EV, ESS, and utilizing renewable
energy, IEEE Trans. Ind. Inf. 14 (1) (Jan. 2018) 117-126, https://doi.org/
10.1109/TI1.2017.2755465.

C. Wu, W. Tang, K. Poolla, R. Rajagopal, Predictability, constancy and
contingency in electric load profiles, in: 2016 IEEE International Conference on
Smart Grid Communications (SmartGridComm), Nov. 2016, pp. 662-667,
https://doi.org/10.1109/SmartGridComm.2016.7778837.

S. Welikala, C. Dinesh, M.P.B. Ekanayake, R.I. Godaliyadda, J. Ekanayake,
Incorporating appliance usage patterns for non-intrusive load monitoring and
load forecasting, IEEE Trans. Smart Grid 10 (1) (Jan. 2019) 448-461, https://doi.
org/10.1109/TSG.2017.2743760.

D. Li, S.K. Jayaweera, Uncertainty modeling and price-based demand response
scheme design in smart grid, IEEE Syst. J. 11 (3) (2017) 1743-1754, https://doi.
org/10.1109/JSYST.2014.2369451.

S.J. Kim, G.B. Giannakis, An online convex optimization approach to real-time
energy pricing for demand response, IEEE Trans. Smart Grid 8 (6) (2017)
2784-2793, https://doi.org/10.1109/TSG.2016.2539948.

P. Theile, et al., Day-ahead electricity consumption prediction of a population of
households: analyzing different machine learning techniques based on real data
from RTE in France, in: 2018 IEEE International Conference on Communications,
Control, and Computing Technologies for Smart Grids (SmartGridComm), Oct.
2018, pp. 1-6, https://doi.org/10.1109/SmartGridComm.2018.8587591.

S. Lokhande, V.P. Menon, Y.K. Bichpuriya, Modelling of demand response for
utility’s loac forecasting, in: International Conference on the European Energy
Market, EEM, Jun. 2017, pp. 1-6, https://doi.org/10.1109/EEM.2017.7981985.
J. Jose, V. Margaret, K.U. Rao, Impact of demand response contracts on short-
term load forecasting in smart grid using SVR optimized by GA, in: 2017
Innovations in Power and Advanced Computing Technologies, I-PACT 2017,
2017-Janua, Apr. 2017, pp. 1-9, https://doi.org/10.1109/IPACT.2017.8244928.
C. Ziras, C. Heinrich, H.W. Bindner, Why baselines are not suited for local
flexibility markets, Renew. Sustain. Energy Rev. 135 (Jan. 2021) 110357, https://
doi.org/10.1016/j.rser.2020.110357.

K. Li, J. Che, B. Wang, J. Zhang, F. Wang, Z. Mi, A meta-heuristic optimization
based residential load pattern clustering approach using improved Gravitational
Search Algorithm, in: 2018 IEEE Power & Energy Society Innovative Smart Grid
Technologies Conference (ISGT), Feb. 2018, pp. 1-5, https://doi.org/10.1109/
ISGT.2018.8403401.

Y. Xiong, B. Wang, C. Chu, R. Gadh, Vehicle grid integration for demand response
with mixture user model and decentralized optimization, Appl. Energy 231
(September) (Dec. 2018) 481-493, https://doi.org/10.1016/j.
apenergy.2018.09.139.

G.M.U. Din, A.U. Mauthe, A.K. Marnerides, Appliance-level short-term load
forecasting using deep neural networks, in: 2018 International Conference on
Computing, Networking and Communications, ICNC 2018, 2018, pp. 53-57,
https://doi.org/10.1109/ICCNC.2018.8390366.

N. Ahmed, S. Member, M. Levorato, G.P. Li, Residential Consumer-Centric
Demand Side Management 9, 2018, pp. 4513-4524, 5.

G. Le Ray, P. Pinson, E.M. Larsen, Data-driven Demand Response
Characterization and Quantification, 2017, https://doi.org/10.1109/
PTC.2017.7981009.

A.C. Varghese, P V, G. Kumar, S.A. Khaparde, Smart grid consumer behavioral
model using machine learning, in: 2018 IEEE Innovative Smart Grid Technologies

15

[74]

[75]

[76]

[771

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]
[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

Energy Strategy Reviews 41 (2022) 100857

- Asia (ISGT Asia), May 2018, pp. 734-739, https://doi.org/10.1109/ISGT-
Asia.2018.8467824.

C. Eksin, H. Delic, A. Ribeiro, Demand response with communicating rational
consumers, IEEE Trans. Smart Grid 9 (1) (2016) 469-482, https://doi.org/
10.1109/tsg.2016.2613993.

D. Leiva, C. Araya, G. Valverde, J. Quiros-Tortos, Statistical representation of
demand for GIS-based load profile allocation in distribution networks, in: 2017
IEEE Manchester PowerTech, Jun. 2017, pp. 1-6, https://doi.org/10.1109/
PTC.2017.7981065.

P. Herath, G. Venayagamoorthy, A Study on Demand Response Potential of a
Residential Area Using Census Data, 2019, https://doi.org/10.1109/
PSC.2018.8664048.

Y. Li, Q. Hu, N. Li, Learning and selecting the right customers for reliability: a
multi-armed bandit approach, in: 2018 IEEE Conference on Decision and Control
(CDCQ), 2018-Decem, Dec. 2018, pp. 4869-4874, https://doi.org/10.1109/
CDC.2018.8619481. Cdc.

S. Chen, C.C. Liu, From demand response to transactive energy: state of the art,
J. Modern Power Syst. Clean Energy 5 (1) (2017) 10-19, https://doi.org/
10.1007/540565-016-0256-x.

S. Haben, C. Singleton, P. Grindrod, Analysis and clustering of residential
customers energy behavioral demand using smart meter data, IEEE Trans. Smart
Grid 7 (1) (Jan. 2016) 136-144, https://doi.org/10.1109/TSG.2015.2409786.
M. Linden, J. Helbrink, M. Nilsson, D. Pogosjan, J. Ridenour, A. Badano,
Categorisation of electricity customers based upon their demand patterns, CIRED
- Open Access Proc. J. 2017 (1) (Oct. 2017) 2628-2631, https://doi.org/
10.1049/0ap-cired.2017.0878.

O.A. Paramo Rojas, J.C. Rivera, G.A. Lopez Alvarez, Effects on electricity markets
of a demand response model based on day ahead real time prices: application to
the Colombian case, in: IEEE Latin America Transactions, 16, 2018,

pp.- 1416-1423, https://doi.org/10.1109/TLA.2018.8408436, 5.

X. Xu, C. Chen, A. Washizu, H. Ishii, H. Yashiro, Willingness to pay for home
energy management system: a cross-country comparison, in: 2018 IEEE Power &
Energy Society General Meeting (PESGM) 2018-Augus, Aug. 2018, pp. 1-5,
https://doi.org/10.1109/PESGM.2018.8586275.

B. Zeng, X. Wei, B. Sun, F. Qiu, J. Zhang, X. Quan, Assessing capacity credit of
demand response in smart distribution grids with behavior-driven modeling
framework, Int. J. Electr. Power Energy Syst. 118 (July 2019) (Jun. 2020)
105745, https://doi.org/10.1016/j.ijepes.2019.105745.

B. Zeng, G. Wu, J. Wang, J. Zhang, M. Zeng, Impact of behavior-driven demand
response on supply adequacy in smart distribution systems, Appl. Energy 202
(Sep. 2017) 125-137, https://doi.org/10.1016/j.apenergy.2017.05.098.

D. Ellman, Y. Xiao, Customer incentives for gaming demand response baselines,
in: 2019 IEEE 58th Conference on Decision and Control (CDC), 2019-Decem, Dec.
2019, pp. 5174-5179, https://doi.org/10.1109/CDC40024.2019.9029860. Cdc.
P. Khadgi, L. Bai, A simulation study for residential electricity user behavior
under dynamic variable pricing with demand charge, IISE Transactions 50 (8)
(Aug. 2018) 699-710, https://doi.org/10.1080/24725854.2018.1440671.

R. Lu, S.H. Hong, Incentive-based demand response for smart grid with
reinforcement learning and deep neural network, Appl. Energy 236 (August
2018) (Feb. 2019) 937-949, https://doi.org/10.1016/j.apenergy.2018.12.061.
Y. Weng, J. Yu, R. Rajagopal, Probabilistic baseline estimation based on load
patterns for better residential customer rewards, Int. J. Electr. Power Energy Syst.
100 (August 2017) (Sep. 2018) 508-516, https://doi.org/10.1016/].
ijepes.2018.02.049.

Learning-Based Demand Response for Privacy-Preserving Users.”.

Z. Jiang, R. Lin, F. Yang, Incremental electricity consumer behavior learning
using smart meter data, in: Proceedings of the 2019 4th International Conference
on Big Data and Computing - ICBDC 2019, 2019, pp. 54-59, https://doi.org/
10.1145/3335484.3335517.

M. Charwand, M. Gitizadeh, P. Siano, G. Chicco, Z. Moshavash, Clustering of
electrical load patterns and time periods using uncertainty-based multi-level
amplitude thresholding, Int. J. Electr. Power Energy Syst. 117 (August 2019)
(May 2020) 105624, https://doi.org/10.1016/j.ijepes.2019.105624.

L. Cheng, et al., Behavioral decision-making in power demand-side response
management: a multi-population evolutionary game dynamics perspective, Int. J.
Electr. Power Energy Syst. 129 (Jul. 2021) 106743, https://doi.org/10.1016/j.
ijepes.2020.106743.

S.V. Oprea, A. Béra, B.G. Tudorica, M.1. Calinoiu, M.A. Botezatu, Insights into
demand-side management with big data analytics in electricity consumers’
behaviour, Comput. Electr. Eng. 89 (Jan. 2021) 106902, https://doi.org/
10.1016/j.compeleceng.2020.106902.

N. Guo, Y. Wang, G. Yan, A double-sided non-cooperative game in electricity
market with demand response and parameterization of supply functions, Int. J.
Electr. Power Energy Syst. 126 (Mar. 2021) 106565, https://doi.org/10.1016/j.
ijepes.2020.106565.

C. Stagnaro, S. Benedettini, Who are the customers with flexible demand, and
how to find them?, in: Variable Generation, Flexible Demand Elsevier, 2021,
pp. 125-145, https://doi.org/10.1016,/b978-0-12-823810-3.00016-9.

W. Zhong, K. Xie, Y. Liu, C. Yang, S. Xie, Y. Zhang, Distributed demand response
for multienergy residential communities with incomplete information, IEEE
Trans. Ind. Inf. 17 (1) (Jan. 2021) 547-557, https://doi.org/10.1109/
TI1.2020.2973008.

K. Gamma, R. Mai, C. Cometta, M. Loock, Engaging customers in demand
response programs: the role of reward and punishment in customer adoption in
Switzerland, Energy Res. Social Sci. 74 (Apr. 2021) 101927, https://doi.org/
10.1016/j.erss.2021.101927.


https://doi.org/10.1109/TSG.2017.2683461
https://doi.org/10.1088/1742-6596/1343/1/012044
https://doi.org/10.1109/TPWRS.2014.2377213
https://doi.org/10.1109/TPWRS.2014.2377213
https://doi.org/10.1016/j.enconman.2014.12.080
https://doi.org/10.1016/j.ijepes.2019.03.058
https://doi.org/10.1016/j.ijepes.2019.05.072
https://doi.org/10.1016/j.ijepes.2019.05.072
https://doi.org/10.1109/TIE.2017.2786288
https://doi.org/10.1049/iet-gtd.2018.5355
https://doi.org/10.1049/iet-gtd.2018.5355
https://doi.org/10.1109/TSG.2019.2933413
https://doi.org/10.1109/TII.2017.2755465
https://doi.org/10.1109/TII.2017.2755465
https://doi.org/10.1109/SmartGridComm.2016.7778837
https://doi.org/10.1109/TSG.2017.2743760
https://doi.org/10.1109/TSG.2017.2743760
https://doi.org/10.1109/JSYST.2014.2369451
https://doi.org/10.1109/JSYST.2014.2369451
https://doi.org/10.1109/TSG.2016.2539948
https://doi.org/10.1109/SmartGridComm.2018.8587591
https://doi.org/10.1109/EEM.2017.7981985
https://doi.org/10.1109/IPACT.2017.8244928
https://doi.org/10.1016/j.rser.2020.110357
https://doi.org/10.1016/j.rser.2020.110357
https://doi.org/10.1109/ISGT.2018.8403401
https://doi.org/10.1109/ISGT.2018.8403401
https://doi.org/10.1016/j.apenergy.2018.09.139
https://doi.org/10.1016/j.apenergy.2018.09.139
https://doi.org/10.1109/ICCNC.2018.8390366
http://refhub.elsevier.com/S2211-467X(22)00056-6/sref71
http://refhub.elsevier.com/S2211-467X(22)00056-6/sref71
https://doi.org/10.1109/PTC.2017.7981009
https://doi.org/10.1109/PTC.2017.7981009
https://doi.org/10.1109/ISGT-Asia.2018.8467824
https://doi.org/10.1109/ISGT-Asia.2018.8467824
https://doi.org/10.1109/tsg.2016.2613993
https://doi.org/10.1109/tsg.2016.2613993
https://doi.org/10.1109/PTC.2017.7981065
https://doi.org/10.1109/PTC.2017.7981065
https://doi.org/10.1109/PSC.2018.8664048
https://doi.org/10.1109/PSC.2018.8664048
https://doi.org/10.1109/CDC.2018.8619481
https://doi.org/10.1109/CDC.2018.8619481
https://doi.org/10.1007/s40565-016-0256-x
https://doi.org/10.1007/s40565-016-0256-x
https://doi.org/10.1109/TSG.2015.2409786
https://doi.org/10.1049/oap-cired.2017.0878
https://doi.org/10.1049/oap-cired.2017.0878
https://doi.org/10.1109/TLA.2018.8408436
https://doi.org/10.1109/PESGM.2018.8586275
https://doi.org/10.1016/j.ijepes.2019.105745
https://doi.org/10.1016/j.apenergy.2017.05.098
https://doi.org/10.1109/CDC40024.2019.9029860
https://doi.org/10.1080/24725854.2018.1440671
https://doi.org/10.1016/j.apenergy.2018.12.061
https://doi.org/10.1016/j.ijepes.2018.02.049
https://doi.org/10.1016/j.ijepes.2018.02.049
https://doi.org/10.1145/3335484.3335517
https://doi.org/10.1145/3335484.3335517
https://doi.org/10.1016/j.ijepes.2019.105624
https://doi.org/10.1016/j.ijepes.2020.106743
https://doi.org/10.1016/j.ijepes.2020.106743
https://doi.org/10.1016/j.compeleceng.2020.106902
https://doi.org/10.1016/j.compeleceng.2020.106902
https://doi.org/10.1016/j.ijepes.2020.106565
https://doi.org/10.1016/j.ijepes.2020.106565
https://doi.org/10.1016/b978-0-12-823810-3.00016-9
https://doi.org/10.1109/TII.2020.2973008
https://doi.org/10.1109/TII.2020.2973008
https://doi.org/10.1016/j.erss.2021.101927
https://doi.org/10.1016/j.erss.2021.101927

C. Silva et al.

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

S. Poorvaezi Roukerd, A. Abdollahi, M. Rashidinejad, Uncertainty-based unit
commitment and construction in the presence of fast ramp units and energy
storages as flexible resources considering enigmatic demand elasticity, J. Energy
Storage 29 (February) (Jun. 2020) 101290, https://doi.org/10.1016/j.
est.2020.101290.

S. Tiwari, R. Sabzehgar, M. Rasouli, Load balancing in a microgrid with uncertain
renewable resources and loads, in: 2017 IEEE 8th International Symposium on
Power Electronics for Distributed Generation Systems (PEDG), Apr. 2017,

pp. 1-8, https://doi.org/10.1109/PEDG.2017.7972505.

S. Singh, A. Kumar, Demand response program solution to manage congestion in
transmission network considering uncertainty of load, in: 8th International
Conference on Computing, Communications and Networking Technologies,
ICCCNT 2017, Jul. 2017, pp. 1-6, https://doi.org/10.1109/
ICCCNT.2017.8203983.

W. Zeng, M. Sun, Risk warning of important power user based on electricity load
characteristic, in: 2017 2nd International Conference on Power and Renewable
Energy (ICPRE), Sep. 2017, pp. 681-684, https://doi.org/10.1109/
ICPRE.2017.8390621.

Evaluation of Reliability in Risk-Constrained Scheduling of Autonomous
Microgrids with Demand Response and Renewable Resources.”.

X. Yang, H. He, Y. Zhang, Y. Chen, G. Weng, Interactive energy management for
enhancing power balances in multi-microgrids, IEEE Trans. Smart Grid 10 (6)
(2019) 6055-6069, https://doi.org/10.1109/TSG.2019.2896182.

K. Mahmud, A.K. Sahoo, J. Ravishankar, Z.Y. Dong, Coordinated multilayer
control for energy management of grid-connected AC microgrids, IEEE Trans. Ind.
Appl. 55 (6) (Nov. 2019) 7071-7081, https://doi.org/10.1109/
TIA.2019.2931490.

M. Shafie-Khah, P. Siano, A stochastic home energy management system
considering satisfaction cost and response fatigue, IEEE Trans. Ind. Inf. 14 (2)
(Feb. 2018) 629-638, https://doi.org/10.1109/T11.2017.2728803.

M.J. Salehpour, S.M. Moghaddas Tafreshi, The effect of price responsive loads
uncertainty on the risk-constrained optimal operation of a smart micro-grid, Int.
J. Electr. Power Energy Syst. 106 (November 2018) (Mar. 2019) 546-560,
https://doi.org/10.1016/j.ijepes.2018.10.027.

B. Zeng, X. Wei, Capacity credit assessment of demand response based on a
rigorous uncertainty modeling framework, in: 2018 IEEE Industry Applications
Society Annual Meeting (IAS), Sep. 2018, pp. 1-8, https://doi.org/10.1109/
1AS.2018.8544715.

C. Tai, J. Hong, L. Fu, A real-time demand-side management system considering
user behavior using deep Q-learning in home area network, in: 2019 IEEE
International Conference on Systems, Man and Cybernetics (SMC), Oct. 2019,
Pp. 4050-4055, https://doi.org/10.1109/SMC.2019.8914266.

J. Gao, Z. Ma, F. Guo, The influence of demand response on wind-integrated
power system considering participation of the demand side, Energy 178 (Jul.
2019) 723-738, https://doi.org/10.1016/j.energy.2019.04.104.

A. Niromandfam, A.S. Yazdankhah, R. Kazemzadeh, Modeling demand response
based on utility function considering wind profit maximization in the day-ahead
market, J. Clean. Prod. 251 (Apr. 2020) 119317, https://doi.org/10.1016/].

jclepro.2019.119317.

A. Tabandeh, A. Abdollahi, M. Rashidinejad, Reliability constrained congestion
management with uncertain negawatt demand response firms considering
repairable advanced metering infrastructures, Energy 104 (Jun. 2016) 213-228,
https://doi.org/10.1016/j.energy.2016.03.118.

A. Ghasemkhani, L. Yang, Reinforcement learning based pricing for demand
response, in: 2018 IEEE International Conference on Communications Workshops
(ICC Workshops), May 2018, pp. 1-6, https://doi.org/10.1109/
ICCW.2018.8403783. February.

A. Jamil, et al., An innovative home energy management model with coordination
among appliances using game theory, Sustainability 11 (22) (Nov. 2019) 6287,
https://doi.org/10.3390/su11226287.

J. Kang, J.H. Lee, Data-driven optimization of incentive-based demand response
system with uncertain responses of customers, Energies 10 (10) (2017), https://
doi.org/10.3390/en10101537.

J. Kang, S. Lee, Data-driven prediction of load curtailment in incentive-based
demand response system, Energies 11 (11) (Oct. 2018) 2905, https://doi.org/
10.3390/en11112905.

H.J. Monfared, A. Ghasemi, Retail electricity pricing based on the value of
electricity for consumers, Sustain. Energy Grids Networks 18 (Jun. 2019) 100205,
https://doi.org/10.1016/j.segan.2019.100205.

S. Yu, F. Fang, Y. Liu, J. Liu, Uncertainties of virtual power plant: problems and
countermeasures, Appl. Energy 239 (August 2018) (Apr. 2019) 454-470, https://
doi.org/10.1016/j.apenergy.2019.01.224.

J. Zazo, S. Zazo, S. Valcarcel Macua, Robust worst-case analysis of demand-side
management in smart grids, IEEE Trans. Smart Grid 8 (2) (2016), https://doi.org/
10.1109/TSG.2016.2559583, 1-1.

Z.Xu, Z. Hu, Y. Song, J. Wang, Risk-averse optimal bidding strategy for demand-
side resource aggregators in day-ahead electricity markets under uncertainty,
IEEE Trans. Smart Grid 8 (1) (Jan. 2017) 96-105, https://doi.org/10.1109/
TSG.2015.2477101.

L. Xu, S. Wang, F. Xiao, An adaptive optimal monthly peak building demand
limiting strategy considering load uncertainty, Appl. Energy 253 (July) (Nov.
2019) 113582, https://doi.org/10.1016/j.apenergy.2019.113582.

J. Yin, D. Zhao, Fuzzy stochastic unit commitment model with wind power and
demand response under conditional value-at-risk assessment, Energies 11 (2)
(Feb. 2018) 341, https://doi.org/10.3390/en11020341.

16

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

Energy Strategy Reviews 41 (2022) 100857

O. Okur, N. Voulis, P. Heijnen, Z. Lukszo, Aggregator-mediated demand response:
minimizing imbalances caused by uncertainty of solar generation, Appl. Energy
247 (October 2018) (Aug. 2019) 426-437, https://doi.org/10.1016/].
apenergy.2019.04.035.

F. Arasteh, G.H. Riahy, MPC-based approach for online demand side and storage
system management in market based wind integrated power systems, Int. J.
Electr. Power Energy Syst. 106 (September 2018) (Mar. 2019) 124-137, https://
doi.org/10.1016/j.ijepes.2018.09.041.

A. Jozi, T. Pinto, I. Praca, Z. Vale, Decision support application for energy
consumption forecasting, Appl. Sci. 9 (4) (Feb. 2019) 699, https://doi.org/
10.3390/app9040699.

H.K. Nguyen, A. Khodaei, Z. Han, Incentive mechanism design for integrated
microgrids in peak ramp minimization problem, IEEE Trans. Smart Grid 9 (6)
(Nov. 2018) 5774-5785, https://doi.org/10.1109/TSG.2017.2696903.

A.M. Carreiro, C.H. Antunes, H. Jorge, Assessing the robustness of solutions to a
multi-objective model of an energy management system aggregator, in: 2016
IEEE Symposium Series on Computational Intelligence (SSCI), Dec. 2016, pp. 1-6,
https://doi.org/10.1109/SSCI.2016.7849845.

G. Ifrim, S.V. Oprea, A. Bara, Shifting optimization algorithm for flattening the
electricity consumption peak of residential communities, in: 2019 23rd
International Conference on System Theory, Control and Computing (ICSTCC),
Oct. 2019, pp. 703-708, https://doi.org/10.1109/ICSTCC.2019.8885831.

S. Zalzar, E.F. Bompard, An incentive-based settlement mechanism for
participation of flexible demands in day-ahead markets, in: 2019 International
Conference on Smart Energy Systems and Technologies (SEST), Sep. 2019,

pp. 1-6, https://doi.org/10.1109/SEST.2019.8849038.

G. Wen, X. Yu, Z.-W. Liu, W. Yu, Adaptive consensus-based robust strategy for
economic dispatch of smart grids subject to communication uncertainties, IEEE
Trans. Ind. Inf. 14 (6) (Jun. 2018) 2484-2496, https://doi.org/10.1109/
TI1.2017.2772088.

B. Liang, W. Liu, L. Sun, Z. He, B. Hou, An aggregated model for energy
management considering crowdsourcing behaviors of distributed energy
resources, IEEE Access 7 (2019) 145757-145766, https://doi.org/10.1109/
ACCESS.2019.2945288.

N.T. Mbungu, R.C. Bansal, R. Naidoo, V. Miranda, M. Bipath, An optimal energy
management system for a commercial building with renewable energy generation
under real-time electricity prices, Sustain. Cities Soc. 41 (November 2017) (Aug.
2018) 392-404, https://doi.org/10.1016/j.5cs.2018.05.049.

B. Neupane, T.B. Pedersen, B. Thiesson, Utilizing device-level demand forecasting
for flexibility markets, in: Proceedings of the Ninth International Conference on
Future Energy Systems, Jun. 2018, pp. 108-118, https://doi.org/10.1145/
3208903.3208922.

L. Zhang, N. Chapman, N. Good, P. Mancarella, Exploiting electric heat pump
flexibility for renewable generation matching, in: 2017 IEEE Manchester
PowerTech, Jun. 2017, pp. 1-6, https://doi.org/10.1109/PTC.2017.7981266.
A. Majzoobi, A. Khodaei, Application of microgrids in supporting distribution grid
flexibility, IEEE Trans. Power Syst. 32 (5) (Sep. 2017) 3660-3669, https://doi.
org/10.1109/TPWRS.2016.2635024.

G.J. Osério, M. Shafie-khah, M. Lotfi, B.J.M. Ferreira-Silva, J.P.S. Catalao,
Demand-side management of smart distribution grids incorporating renewable
energy sources, Energies 12 (1) (Jan. 2019) 143, https://doi.org/10.3390/
en12010143.

H. Shao, C. Gao, S. Chen, H. Yan, D. Li, Decision-making method for demand side
resources to participate in demand response scenarios considering uncertainty of
renewable energy generation, in: 8th Annual IEEE International Conference on
Cyber Technology in Automation, Control and Intelligent Systems, CYBER 2018,
Jul. 2019, pp. 1317-1321, https://doi.org/10.1109/CYBER.2018.8688285.

M. Hu, F. Xiao, Quantifying uncertainty in the aggregate energy flexibility of
high-rise residential building clusters considering stochastic occupancy and
occupant behavior, Energy 194 (Mar. 2020) 116838, https://doi.org/10.1016/j.
energy.2019.116838.

A. Mashlakov, E. Pournaras, P.H.J. Nardelli, S. Honkapuro, Decentralized
cooperative scheduling of prosumer flexibility under forecast uncertainties, Appl.
Energy 290 (May 2021) 116706, https://doi.org/10.1016/j.
apenergy.2021.116706.

E. Lee, K. Lee, H. Lee, E. Kim, W. Rhee, Defining virtual control group to improve
customer baseline load calculation of residential demand response, Appl. Energy
250 (January) (Sep. 2019) 946-958, https://doi.org/10.1016/j.
apenergy.2019.05.019.

X. Jian, L. Zhang, X. Miao, Y. Zhang, X. Han, Designing interruptible load
management scheme based on customer performance using mechanism design
theory, Int. J. Electr. Power Energy Syst. 95 (Feb. 2018) 476-489, https://doi.
org/10.1016/j.ijepes.2017.09.006.

J. Jazaeri, T. Alpcan, R. Gordon, M. Brandao, T. Hoban, C. Seeling, Baseline
methodologies for small scale residential demand response, in: IEEE PES
Innovative Smart Grid Technologies Conference Europe, 2016, pp. 747-752,
https://doi.org/10.1109/1SGT-Asia.2016.7796478.

H. Liang, J. Ma, R. Sun, Y. Du, A data-driven approach for targeting residential
customers for energy efficiency programs, IEEE Trans. Smart Grid 11 (2) (Mar.
2020) 1229-1238, https://doi.org/10.1109/TSG.2019.2933704.

F. Wang, X. Gao, K. Li, X. Ge, Y. Hou, PV- load decoupling based demand response
baseline load estimation approach for residential customer with distributed PV
system, in: 2019 IEEE Industry Applications Society Annual Meeting, Sep. 2019,
pp. 1-8, https://doi.org/10.1109/1AS.2019.8911969.


https://doi.org/10.1016/j.est.2020.101290
https://doi.org/10.1016/j.est.2020.101290
https://doi.org/10.1109/PEDG.2017.7972505
https://doi.org/10.1109/ICCCNT.2017.8203983
https://doi.org/10.1109/ICCCNT.2017.8203983
https://doi.org/10.1109/ICPRE.2017.8390621
https://doi.org/10.1109/ICPRE.2017.8390621
https://doi.org/10.1109/TSG.2019.2896182
https://doi.org/10.1109/TIA.2019.2931490
https://doi.org/10.1109/TIA.2019.2931490
https://doi.org/10.1109/TII.2017.2728803
https://doi.org/10.1016/j.ijepes.2018.10.027
https://doi.org/10.1109/IAS.2018.8544715
https://doi.org/10.1109/IAS.2018.8544715
https://doi.org/10.1109/SMC.2019.8914266
https://doi.org/10.1016/j.energy.2019.04.104
https://doi.org/10.1016/j.jclepro.2019.119317
https://doi.org/10.1016/j.jclepro.2019.119317
https://doi.org/10.1016/j.energy.2016.03.118
https://doi.org/10.1109/ICCW.2018.8403783
https://doi.org/10.1109/ICCW.2018.8403783
https://doi.org/10.3390/su11226287
https://doi.org/10.3390/en10101537
https://doi.org/10.3390/en10101537
https://doi.org/10.3390/en11112905
https://doi.org/10.3390/en11112905
https://doi.org/10.1016/j.segan.2019.100205
https://doi.org/10.1016/j.apenergy.2019.01.224
https://doi.org/10.1016/j.apenergy.2019.01.224
https://doi.org/10.1109/TSG.2016.2559583
https://doi.org/10.1109/TSG.2016.2559583
https://doi.org/10.1109/TSG.2015.2477101
https://doi.org/10.1109/TSG.2015.2477101
https://doi.org/10.1016/j.apenergy.2019.113582
https://doi.org/10.3390/en11020341
https://doi.org/10.1016/j.apenergy.2019.04.035
https://doi.org/10.1016/j.apenergy.2019.04.035
https://doi.org/10.1016/j.ijepes.2018.09.041
https://doi.org/10.1016/j.ijepes.2018.09.041
https://doi.org/10.3390/app9040699
https://doi.org/10.3390/app9040699
https://doi.org/10.1109/TSG.2017.2696903
https://doi.org/10.1109/SSCI.2016.7849845
https://doi.org/10.1109/ICSTCC.2019.8885831
https://doi.org/10.1109/SEST.2019.8849038
https://doi.org/10.1109/TII.2017.2772088
https://doi.org/10.1109/TII.2017.2772088
https://doi.org/10.1109/ACCESS.2019.2945288
https://doi.org/10.1109/ACCESS.2019.2945288
https://doi.org/10.1016/j.scs.2018.05.049
https://doi.org/10.1145/3208903.3208922
https://doi.org/10.1145/3208903.3208922
https://doi.org/10.1109/PTC.2017.7981266
https://doi.org/10.1109/TPWRS.2016.2635024
https://doi.org/10.1109/TPWRS.2016.2635024
https://doi.org/10.3390/en12010143
https://doi.org/10.3390/en12010143
https://doi.org/10.1109/CYBER.2018.8688285
https://doi.org/10.1016/j.energy.2019.116838
https://doi.org/10.1016/j.energy.2019.116838
https://doi.org/10.1016/j.apenergy.2021.116706
https://doi.org/10.1016/j.apenergy.2021.116706
https://doi.org/10.1016/j.apenergy.2019.05.019
https://doi.org/10.1016/j.apenergy.2019.05.019
https://doi.org/10.1016/j.ijepes.2017.09.006
https://doi.org/10.1016/j.ijepes.2017.09.006
https://doi.org/10.1109/ISGT-Asia.2016.7796478
https://doi.org/10.1109/TSG.2019.2933704
https://doi.org/10.1109/IAS.2019.8911969

C. Silva et al.

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

S. Fan, G. He, K. Jia, Z. Wang, A novel distributed large-scale demand response
scheme in high proportion renewable energy sources integration power systems,
Appl. Sci. 8 (3) (Mar. 2018) 452, https://doi.org/10.3390/app8030452.

S. Fan, Z. Li, L. Yang, G. He, Customer directrix load-based large-scale demand
response for integrating renewable energy sources, Elec. Power Syst. Res. 181
(December 2019) (Apr. 2020) 106175, https://doi.org/10.1016/j.
epsr.2019.106175.

F. Wang, K. Li, C. Liu, Z. Mi, M. Shafie-Khah, J.P.S. Catalao, Synchronous pattern
matching principle-based residential demand response baseline estimation:
mechanism analysis and approach description, IEEE Trans. Smart Grid 9 (6) (Nov.
2018) 6972-6985, https://doi.org/10.1109/TSG.2018.2824842.

X. Wang, K. Li, X. Gao, F. Wang, Z. Mi, Customer baseline load bias estimation
method of incentive-based demand response based on CONTROL group matching,
in: 2nd IEEE Conference on Energy Internet and Energy System Integration, EI2
2018 - Proceedings, Oct. 2018, pp. 1-6, https://doi.org/10.1109/
EI2.2018.8582122.

S. Mohajeryami, M. Doostan, A. Asadinejad, P. Schwarz, Error analysis of
customer baseline load (CBL) calculation methods for residential customers, IEEE
Trans. Ind. Appl. 53 (1) (Jan. 2017) 5-14, https://doi.org/10.1109/
TIA.2016.2613985.

S. Reddy K, L.K. Panwar, B.K. Panigrahi, R. Kumar, Computational intelligence for
demand response exchange considering temporal characteristics of load profile
via adaptive fuzzy inference system, IEEE Transact. Emerging Topics Comput.
Intel. 2 (3) (Jun. 2018) 235-245, https://doi.org/10.1109/TETCL.2017.2739128.
S. Mohajeryami, M. Doostan, A. Asadinejad, An investigation of the relationship
between accuracy of customer baseline calculation and efficiency of Peak Time
Rebate program, in: 2016 IEEE Power and Energy Conference at Illinois (PECI),
Feb. 2016, pp. 1-8, https://doi.org/10.1109/PECI.2016.7459237.

S. Mohajeryami, R. Karandeh, V. Cecchi, Correlation between predictability index
and error performance in Customer Baseline Load (CBL) calculation, in: 2017
North American Power Symposium, NAPS 2017, Sep. 2017, pp. 1-6, https://doi.
org/10.1109/NAPS.2017.8107200.

T.G. Papaioannou, G.D. Stamoulis, M. Minou, Personalized feedback-based
customer incentives in automated demand response, in: 2018 IEEE International
Conference on Communications, Control, and Computing Technologies for Smart
Grids (SmartGridComm), Oct. 2018, pp. 1-7, https://doi.org/10.1109/
SmartGridComm.2018.8587590.

M. Najafi, S. Ahmadi, M. Dashtdar, Simultaneous Energy and Reserve Market
Clearing with Consideration of Interruptible Loads as One of Demand Response
Resources and Different Reliability Requirements of Consumers, 2019, https://
doi.org/10.1515/ijeeps-2019-0018.

H. Jia, Y. Ding, C. Singh, Reliability assessment of power systems considering
flexible demand management, in: 2018 IEEE Power & Energy Society General
Meeting (PESGM), Aug. 2018, pp. 1-6, https://doi.org/10.1109/
PESGM.2018.8586295.

C. Ogwumike, M. Short, F. Abugchem, Heuristic scheduling of multiple smart
home appliances: utility planning perspective, in: 2016 International Conference
for Students on Applied Engineering, ICSAE 2016, Oct. 2017, pp. 237-241,
https://doi.org/10.1109/ICSAE.2016.7810195.

S. Sekizaki, I. Nishizaki, T. Hayashida, Decision making of electricity retailer with
multiple channels of purchase based on fractile criterion with rational responses
of consumers, Int. J. Electr. Power Energy Syst. 105 (September 2018) (Feb.
2019) 877-893, https://doi.org/10.1016/j.ijjepes.2018.09.011.

A. Shirsat, W. Tang, Identification of the potential of residential demand response
using artificial neural networks, in: 2019 North American Power Symposium
(NAPS), Oct. 2019, pp. 1-6, https://doi.org/10.1109/
NAPS46351.2019.9000246.

K. Steriotis, G. Tsaousoglou, N. Efthymiopoulos, P. Makris, E.( Manos, Varvarigos,
A novel behavioral real time pricing scheme for the active energy consumers’
participation in emerging flexibility markets, Sustain. Energy Grids Networks 16
(Dec. 2018) 14-27, https://doi.org/10.1016/j.segan.2018.05.002.

Q. Xu, Y. Ding, Q. Yan, A. Zheng, P. Du, Day-ahead load peak shedding/shifting
scheme based on potential load values utilization: theory and practice of policy-
driven demand response in China, IEEE Access 5 (2017) 22892-22901, https://
doi.org/10.1109/ACCESS.2017.2763678.

Z. Yahia, P. Kholopane, A binary integer programming model for optimal load
scheduling of household appliances with consumer’s preferences, in: 2018
International Conference on the Domestic Use of Energy, DUE 2018, 2018,

pp. 1-8, https://doi.org/10.23919/DUE.2018.8384381.

H. Yang, J. Zhang, J. Qiu, S. Zhang, M. Lai, Z.Y. Dong, A practical pricing
approach to smart grid demand response based on load classification, IEEE Trans.
Smart Grid 9 (1) (Jan. 2018) 179-190, https://doi.org/10.1109/
TSG.2016.2547883.

P. Yazdkhasti, S. Ray, C.P. Diduch, L. Chang, Using a cluster-based method for
controlling the aggregated power consumption of air conditioners in a demand-
side management program, in: 2018 International Conference on Smart Energy
Systems and Technologies, SEST 2018 - Proceedings, 2018, https://doi.org/
10.1109/SEST.2018.8495749.

D. Yu, H. Liu, C. Bresser, Peak load management based on hybrid power
generation and demand response, Energy 163 (Nov. 2018) 969-985, https://doi.
org/10.1016/j.energy.2018.08.177.

G. Yuan, C.-W. Hang, M.N. Huhns, M.P. Singh, A mechanism for cooperative
demand-side management, in: 2017 IEEE 37th International Conference on
Distributed Computing Systems (ICDCS), Jun. 2017, pp. 361-371, https://doi.
org/10.1109/ICDCS.2017.300.

17

[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

[173]

[174]

[175]

[176]

[177]

[178]

[179]

[180]

[181]

[182]

[183]

[184]

[185]

[186]

[187]

Energy Strategy Reviews 41 (2022) 100857

L. Zhang, S. Ren, C. Wu, Z. Li, A truthful incentive mechanism for emergency
demand response in geo-distributed colocation data centers, in: ACM Transactions
on Modeling and Performance Evaluation of Computing Systems, 1, 2016,
https://doi.org/10.1145/2950046, 4.

D. Zhy, C. Gao, T. Lu, F. Liu, Y. Han, J. Zhang, Assistant analyzer for the
characteristics of electricity behavior based on big data technology, in:
Proceedings of the 5th IEEE International Conference on Electric Utility
Deregulation, Restructuring and Power Technologies, DRPT 2015, Nov. 2016,
pp. 704-711, https://doi.org/10.1109/DRPT.2015.7432326.

C. Li, et al., Optimal spatio-temporal scheduling for Electric Vehicles and Load
Aggregators considering response reliability, Elec. Power Syst. Res. 162
(December 2017) (Sep. 2018) 183-193, https://doi.org/10.1016/j.
epsr.2018.05.007.

Q. Li, Y. Su, W. Nie, M. Tan, Robust unit commitment with high penetration of
renewable energy based on demand response and power consumption contract of
electrical vehicles, in: 2016 International Symposium on Electrical Engineering
(ISEE), Dec. 2016, pp. 1-6, https://doi.org/10.1109/EENG.2016.7845983.
Federal Energy Regulatory Commission, Assessment of Demand Response and
Advanced Metering, Aug. 2006.

S. Zalzar, E.F. Bompard, Assessing the impacts of demand-side flexibility on the
performance of the europe-wide integrated day-ahead electricity market, in: 2019
International Conference on Smart Energy Systems and Technologies (SEST), Sep.
2019, pp. 1-6, https://doi.org/10.1109/SEST.2019.8849137.

H. Jalili, M.K. Sheikh-El-Eslami, M.P. Moghaddam, P. Siano, Modeling of demand
response programs based on market elasticity concept, J. Ambient Intell. Hum.
Comput. 10 (6) (Jun. 2019) 2265-2276, https://doi.org/10.1007/s12652-018-
0821-4.

B. Zhang, C. Jiang, J.-L. Yu, Z. Han, A contract game for direct energy trading in
smart grid, IEEE Trans. Smart Grid 9 (4) (Jul. 2018) 2873-2884, https://doi.org/
10.1109/TSG.2016.2622743.

E. Mahboubi-Moghaddam, M. Nayeripour, J. Aghaei, A. Khodaei,

E. Waffenschmidt, Interactive robust model for energy service providers
integrating demand response programs in wholesale markets, IEEE Trans. Smart
Grid 9 (4) (Jul. 2018) 2681-2690, https://doi.org/10.1109/TSG.2016.2615639.
J.R. Schaperow, S.A. Gabriel, M. Siemann, J. Crawford, A simulation-based model
for optimal demand response load shifting: a case study for the Texas power
market, J. Energy Markets 12 (4) (2019) 53-80, https://doi.org/10.21314/
JEM.2019.199.

H.A. Mostafa, R. El Shatshat, M.M.A. Salama, A correlated equilibrium game-
theoretic approach for multiple participants electric distribution systems
operation, IEEE Trans. Smart Grid 7 (1) (Jan. 2016) 32-42, https://doi.org/
10.1109/TSG.2015.2440419.

K. Ma, S. Hu, J. Yang, C. Dou, J. Guerrero, Energy trading and pricing in
microgrids with uncertain energy supply: a three-stage hierarchical game
approach, Energies 10 (5) (May 2017) 670, https://doi.org/10.3390/
en10050670.

S. Chouikhi, L. Merghem-Boulahia, M. Esseghir, H. Snoussi, A game-theoretic
multi-level energy demand management for smart buildings, IEEE Trans. Smart
Grid 10 (6) (2019) 6768-6781, https://doi.org/10.1109/TSG.2019.2911129.
1.C. Konstantakopoulos, L.J. Ratliff, M. Jin, S.S. Sastry, C.J. Spanos, A robust
utility learning framework via inverse optimization, IEEE Trans. Control Syst.
Technol. 26 (3) (May 2018) 954-970, https://doi.org/10.1109/
TCST.2017.2699163.

M. Sheha, K. Powell, Using real-time electricity prices to leverage electrical
energy storage and flexible loads in a smart grid environment utilizing machine
learning techniques, Processes 7 (12) (Nov. 2019) 870, https://doi.org/10.3390/
pr7120870.

A. Sheikhi, M. Rayati, A.M. Ranjbar, Demand side management for a residential
customer in multi-energy systems, Sustain. Cities Soc. 22 (Apr. 2016) 63-77,
https://doi.org/10.1016/j.5¢5.2016.01.010.

P.D. Haghighi, S. Krishnaswamy, Role of Context-Awareness for Demand
Response Mechanisms, 6868, 2011, pp. 136-149, https://doi.org/10.1007/978-
3-642-23447-7_13.

H. Liang, J. Ma, Separation of residential space cooling usage from smart meter
data, IEEE Trans. Smart Grid 11 (4) (2020) 3107-3118, https://doi.org/10.1109/
TSG.2020.2965958.

N. Qi, et al., Smart meter data-driven evaluation of operational demand response
potential of residential air conditioning loads, Appl. Energy 279 (2020) 115708,
https://doi.org/10.1016/j.apenergy.2020.115708.

1. Mamounakis, N. Efthymiopoulos, D.J. Vergados, G. Tsaousoglou, P. Makris, E.
M. Varvarigos, A pricing scheme for electric utility’s participation in day-ahead
and real-time flexibility energy markets, J. Modern Power Syst. Clean Energy 7
(5) (2019) 1294-1306, https://doi.org/10.1007/s40565-019-0537-2.

K. Dehghanpour, M. Hashem Nebhrir, J.W. Sheppard, N.C. Kelly, Agent-based
modeling of retail electrical energy markets with demand response, IEEE Trans.
Smart Grid 9 (4) (Jul. 2018) 3465-3475, https://doi.org/10.1109/
TSG.2016.2631453.

A. Najafi-Ghalelou, K. Zare, S. Nojavan, Risk-based scheduling of smart apartment
building under market price uncertainty using robust optimization approach,
Sustain. Cities Soc. 48 (July 2018) (Jul. 2019) 101549, https://doi.org/10.1016/

j.5¢5.2019.101549.

L. Mellouk, M. Boulmalf, A. Aaroud, K. Zine-Dine, D. Benhaddou, Genetic
algorithm to solve demand side management and economic dispatch problem,
Procedia Comput. Sci. 130 (2018) 611-618, https://doi.org/10.1016/j.
procs.2018.04.111.


https://doi.org/10.3390/app8030452
https://doi.org/10.1016/j.epsr.2019.106175
https://doi.org/10.1016/j.epsr.2019.106175
https://doi.org/10.1109/TSG.2018.2824842
https://doi.org/10.1109/EI2.2018.8582122
https://doi.org/10.1109/EI2.2018.8582122
https://doi.org/10.1109/TIA.2016.2613985
https://doi.org/10.1109/TIA.2016.2613985
https://doi.org/10.1109/TETCI.2017.2739128
https://doi.org/10.1109/PECI.2016.7459237
https://doi.org/10.1109/NAPS.2017.8107200
https://doi.org/10.1109/NAPS.2017.8107200
https://doi.org/10.1109/SmartGridComm.2018.8587590
https://doi.org/10.1109/SmartGridComm.2018.8587590
https://doi.org/10.1515/ijeeps-2019-0018
https://doi.org/10.1515/ijeeps-2019-0018
https://doi.org/10.1109/PESGM.2018.8586295
https://doi.org/10.1109/PESGM.2018.8586295
https://doi.org/10.1109/ICSAE.2016.7810195
https://doi.org/10.1016/j.ijepes.2018.09.011
https://doi.org/10.1109/NAPS46351.2019.9000246
https://doi.org/10.1109/NAPS46351.2019.9000246
https://doi.org/10.1016/j.segan.2018.05.002
https://doi.org/10.1109/ACCESS.2017.2763678
https://doi.org/10.1109/ACCESS.2017.2763678
https://doi.org/10.23919/DUE.2018.8384381
https://doi.org/10.1109/TSG.2016.2547883
https://doi.org/10.1109/TSG.2016.2547883
https://doi.org/10.1109/SEST.2018.8495749
https://doi.org/10.1109/SEST.2018.8495749
https://doi.org/10.1016/j.energy.2018.08.177
https://doi.org/10.1016/j.energy.2018.08.177
https://doi.org/10.1109/ICDCS.2017.300
https://doi.org/10.1109/ICDCS.2017.300
https://doi.org/10.1145/2950046
https://doi.org/10.1109/DRPT.2015.7432326
https://doi.org/10.1016/j.epsr.2018.05.007
https://doi.org/10.1016/j.epsr.2018.05.007
https://doi.org/10.1109/EENG.2016.7845983
http://refhub.elsevier.com/S2211-467X(22)00056-6/sref169
http://refhub.elsevier.com/S2211-467X(22)00056-6/sref169
https://doi.org/10.1109/SEST.2019.8849137
https://doi.org/10.1007/s12652-018-0821-4
https://doi.org/10.1007/s12652-018-0821-4
https://doi.org/10.1109/TSG.2016.2622743
https://doi.org/10.1109/TSG.2016.2622743
https://doi.org/10.1109/TSG.2016.2615639
https://doi.org/10.21314/JEM.2019.199
https://doi.org/10.21314/JEM.2019.199
https://doi.org/10.1109/TSG.2015.2440419
https://doi.org/10.1109/TSG.2015.2440419
https://doi.org/10.3390/en10050670
https://doi.org/10.3390/en10050670
https://doi.org/10.1109/TSG.2019.2911129
https://doi.org/10.1109/TCST.2017.2699163
https://doi.org/10.1109/TCST.2017.2699163
https://doi.org/10.3390/pr7120870
https://doi.org/10.3390/pr7120870
https://doi.org/10.1016/j.scs.2016.01.010
https://doi.org/10.1007/978-3-642-23447-7_13
https://doi.org/10.1007/978-3-642-23447-7_13
https://doi.org/10.1109/TSG.2020.2965958
https://doi.org/10.1109/TSG.2020.2965958
https://doi.org/10.1016/j.apenergy.2020.115708
https://doi.org/10.1007/s40565-019-0537-2
https://doi.org/10.1109/TSG.2016.2631453
https://doi.org/10.1109/TSG.2016.2631453
https://doi.org/10.1016/j.scs.2019.101549
https://doi.org/10.1016/j.scs.2019.101549
https://doi.org/10.1016/j.procs.2018.04.111
https://doi.org/10.1016/j.procs.2018.04.111

C. Silva et al.

[188]

[189]

[190]

[191]

[192]

[193]

[194]

[195]

[196]

[197]

[198]

[199]

[200]

[201]

[202]

[203]

[204]

[205]

[206]

[207]

[208]

[209]

[210]

[211]

[212]

J.C. Galvis, A. Costa, Demand side management using time of use and elasticity
price, IEEE Latin America Transactions 14 (10) (Oct. 2016) 4267-4274, https://
doi.org/10.1109/TLA.2016.7786304.

H. Mortaji, Ow Siew Hock, M. Moghavvemi, H.A.F. Almurib, Smart grid demand
response management using internet of things for load shedding and smart-direct
load control, in: 2016 IEEE Industry Applications Society Annual Meeting, Oct.
2016, pp. 1-7, https://doi.org/10.1109/IAS.2016.7731836.

G. Julian Valbuena, R. Mateo Mancera, A. Pavas, Reliability improvement in an
isolated microgrid considering demand side management, in: 2017 3rd IEEE
Workshop on Power Electronics and Power Quality Applications, PEPQA 2017 -
Proceedings, May 2017, pp. 1-6, https://doi.org/10.1109/
PEPQA.2017.7981665.

A.C. Melhorn, A. Dimitrovski, A. Keane, Probabilistic load flow: a business park
analysis, utilizing real world meter data, in: 2016 International Conference on
Probabilistic Methods Applied to Power Systems (PMAPS), Oct. 2016, pp. 1-6,
https://doi.org/10.1109/PMAPS.2016.7763932.

K.O. Aduda, T. Labeodan, W. Zeiler, G. Boxem, Y. Zhao, Demand side flexibility:
potentials and building performance implications, Sustain. Cities Soc. 22 (Apr.
2016) 146-163, https://doi.org/10.1016/j.5c5.2016.02.011.

L. Shen, Z. Li, Y. Sun, Performance evaluation of conventional demand response
at building-group-level under different electricity pricings, Energy Build. 128
(Sep. 2016) 143-154, https://doi.org/10.1016/j.enbuild.2016.06.082.

S.N. Makhadmeh, A.T. Khader, M.A. Al-Betar, S. Naim, Multi-objective power
scheduling problem in smart homes using grey wolf optimiser, J. Ambient Intell.
Hum. Comput. 10 (9) (Sep. 2019) 3643-3667, https://doi.org/10.1007/512652-
018-1085-8.

S.R. Konda, A.S. Al-Sumaiti, L.K. Panwar, B.K. Panigrahi, R. Kumar, Impact of
load profile on dynamic interactions between energy markets: a case study of
power exchange and demand response exchange, IEEE Trans. Ind. Inf. 15 (11)
(Nov. 2019) 5855-5866, https://doi.org/10.1109/T11.2019.2910349.

L.-Y. Joo, D.-H. Choi, Distributed optimization framework for energy management
of multiple smart homes with distributed energy resources, IEEE Access 5 (2017)
15551-15560, https://doi.org/10.1109/ACCESS.2017.2734911.

C.N. Papadimitriou, A. Anastasiadis, C.S. Psomopoulos, G. Vokas, Demand
response schemes in energy hubs: a comparison study, Energy Proc. 157 (2018)
(Jan. 2019) 939-944, https://doi.org/10.1016/j.egypro.2018.11.260.

E. Leo, S. Engell, Integrated day-ahead energy procurement and production
scheduling, Automatisierungstechnik 66 (11) (Nov. 2018) 950-963, https://doi.
org/10.1515/auto-2018-0016.

G.S. Ledva, L. Balzano, J.L. Mathieu, Real-time energy disaggregation of a
distribution feeder’s demand using online learning, IEEE Trans. Power Syst. 33
(5) (Sep. 2018) 4730-4740, https://doi.org/10.1109/TPWRS.2018.2800535.

V. Kapsalis, L. Hadellis, Optimal operation scheduling of electric water heaters
under dynamic pricing, Sustain. Cities Soc. 31 (May 2017) 109-121, https://doi.
org/10.1016/j.scs.2017.02.013.

Y. Mou, A. Papavasiliou, P. Chevalier, Application of priority service pricing for
mobilizing residential demand response in Belgium, in: International Conference
on the European Energy Market, EEM, Jun. 2017, pp. 1-5, https://doi.org/
10.1109/EEM.2017.7981860.

R. Lu, S.H. Hong, M. Yu, Demand response for home energy management using
reinforcement learning and artificial neural network, IEEE Trans. Smart Grid 10
(6) (Nov. 2019) 6629-6639, https://doi.org/10.1109/TSG.2019.2909266.

F. Luo, G. Ranzi, G. Liang, Z.Y. Dong, Stochastic residential energy resource
scheduling by multi-objective natural aggregation algorithm, in: 2017 IEEE
Power & Energy Society General Meeting, 5, Jul. 2017, pp. 1-5, https://doi.org/
10.1109/PESGM.2017.8274308.

Y. Chen, et al., Quantification of electricity flexibility in demand response: office
building case study, Energy 188 (Dec. 2019) 116054, https://doi.org/10.1016/j.
energy.2019.116054.

J. Lizana, D. Friedrich, R. Renaldi, R. Chacartegui, Energy flexible building
through smart demand-side management and latent heat storage, Appl. Energy
230 (August) (Nov. 2018) 471-485, https://doi.org/10.1016/j.
apenergy.2018.08.065.

H. Jin, Z. Li, H. Sun, Q. Guo, B. Wang, Coordination on industrial load control and
climate control in manufacturing industry under TOU prices, IEEE Trans. Smart
Grid 10 (1) (Jan. 2019) 139-152, https://doi.org/10.1109/TSG.2017.2733578.
X. Ran, K. Liu, Robust scatter index method for the appliances scheduling of home
energy local network with user behavior uncertainty, IEEE Trans. Ind. Inf. 15 (7)
(Jul. 2019) 4129-4139, https://doi.org/10.1109/T11.2019.2897126.

T.G. Papaioannou, G.D. Stamoulis, M. Minou, Adequate feedback-based customer
incentives in automated demand response, in: E-Energy 2018 - Proceedings of the
9th ACM International Conference on Future Energy Systems, 2018, pp. 38-42,
https://doi.org/10.1145/3208903.3208933.

F. Luo, G. Ranzi, Z. Dong, Rolling horizon optimization for real-time operation of
thermostatically controlled load aggregator, J. Modern Power Syst. Clean Energy
5 (6) (Nov. 2017) 947-958, https://doi.org/10.1007/540565-017-0329-5.

K.O. Aduda, T. Labeodan, W. Zeiler, Towards critical performance considerations
for using office buildings as a power flexibility resource-a survey, Energy Build.
159 (Jan. 2018) 164-178, https://doi.org/10.1016/j.enbuild.2017.10.096.

Z. Liang, Q. Alsafasfeh, T. Jin, H. Pourbabak, W. Su, Risk-Constrained optimal
energy management for virtual power plants considering correlated demand
response, IEEE Trans. Smart Grid 10 (2) (Mar. 2019) 1577-1587, https://doi.org/
10.1109/TSG.2017.2773039.

U.K. Jha, N. Soren, A. Sharma, An Efficient HEMS for Demand Response
Considering TOU Pricing Scheme and Incentives, 2019, https://doi.org/10.1109/
EPETSG.2018.8659338.

18

[213]

[214]

[215]

[216]

[217]

[218]

[219]

[220]

[221]

[222]

[223]

[224]

[225]

[226]

[227]

[228]

[229]

[230]

[231]

[232]

[233]

[234]

[235]

[236]

[237]

Energy Strategy Reviews 41 (2022) 100857

J. Meng, X. Huang, Y. Feng, B. Xu, W. Zhao, M. Luo, A comprehensive evaluation
method and incentive mechanism for demand response, in: 2018 International
Conference on Power System Technology (POWERCON), Nov. 2018,

pp. 703-707, https://doi.org/10.1109/POWERCON.2018.8602333, 3.

P. Siano, D. Sarno, Assessing the benefits of residential demand response in a real-
time distribution energy market, Appl. Energy 161 (Jan. 2016) 533-551, https://
doi.org/10.1016/j.apenergy.2015.10.017.

F. Wang, et al., Smart households’ aggregated capacity forecasting for load
aggregators under incentive-based demand response programs, IEEE Trans. Ind.
Appl. 56 (2) (Mar. 2020) 1086-1097, https://doi.org/10.1109/
TIA.2020.2966426.

U.K. Jha, N. Soren, A. Sharma, An Efficient HEMS for Demand Response
Considering TOU Pricing Scheme and Incentives, 2019, https://doi.org/10.1109/
EPETSG.2018.8659338.

J. Kwac, J. Flora, R. Rajagopal, Lifestyle segmentation based on energy
consumption data, IEEE Trans. Smart Grid 9 (4) (Jul. 2018) 2409-2418, https://
doi.org/10.1109/TSG.2016.2611600.

L. Sun, K. Zhou, S. Yang, An ensemble clustering based framework for household
load profiling and driven factors identification, Sustain. Cities Soc. 53 (Feb. 2020)
101958, https://doi.org/10.1016/j.scs.2019.101958.

K. Zhou, S. Yang, Z. Shao, Household monthly electricity consumption pattern
mining: a fuzzy clustering-based model and a case study, J. Clean. Prod. 141 (Jan.
2017) 900-908, https://doi.org/10.1016/j.jclepro.2016.09.165.

J.L. Viegas, S.M. Vieira, R. Melicio, V.M.F. Mendes, J.M.C. Sousa, Classification of
new electricity customers based on surveys and smart metering data, Energy 107
(Jul. 2016) 804-817, https://doi.org/10.1016/j.energy.2016.04.065.

A. Rajabi, et al., A pattern recognition methodology for analyzing residential
customers load data and targeting demand response applications, Energy Build.
203 (Nov. 2019) 109455, https://doi.org/10.1016/j.enbuild.2019.109455.

J.P. Gouveia, J. Seixas, Unraveling electricity consumption profiles in households
through clusters: combining smart meters and door-to-door surveys, Energy
Build. 116 (Mar. 2016) 666-676, https://doi.org/10.1016/].
enbuild.2016.01.043.

B.N. Silva, M. Khan, K. Han, Futuristic sustainable energy management in smart
environments: a review of peak load shaving and demand response strategies,
challenges, and opportunities, Sustainability 12 (14) (Jul. 2020) 5561, https://
doi.org/10.3390/5u12145561.

J. Kang, J.H. Lee, Data-driven optimization of incentive-based demand response
system with uncertain responses of customers, Energies 10 (10) (2017), https://
doi.org/10.3390/en10101537.

X. Dai, Y. Li, K. Zhang, W. Feng, A robust offering strategy for wind producers
considering uncertainties of demand response and wind power, Appl. Energy 279
(February) (2020) 115742, https://doi.org/10.1016/j.apenergy.2020.115742.

Z. Song, J. Shi, S. Li, Z. Chen, W. Yang, Z. Zhang, Day ahead bidding of a load
aggregator considering residential consumers demand response uncertainty
modeling, Appl. Sci. 10 (20) (2020) 1-21, https://doi.org/10.3390/
app10207310.

J. Kang, J.-H. Lee, Data-driven optimization of incentive-based demand response
system with uncertain responses of customers, Energies 10 (10) (Oct. 2017) 1537,
https://doi.org/10.3390/en10101537.

S. Chen, C.-C. Liu, From demand response to transactive energy: state of the art,
J. Modern Power Syst. Clean Energy 5 (1) (Jan. 2017) 10-19, https://doi.org/
10.1007/540565-016-0256-x.

E. Lee, J. Kim, D. Jang, Load profile segmentation for effective residential demand
response program: method and evidence from Korean pilot study, Energies 13 (6)
(Mar. 2020) 1348, https://doi.org/10.3390/en13061348.

Long Zhao, Zhiyong Yang, Wei-Jen Lee, Effectiveness of zero pricing in TOU
demand reponses at the residential level, in: 2017 IEEE/IAS 53rd Industrial and
Commercial Power Systems Technical Conference (I&CPS), May 2017, pp. 1-8,
https://doi.org/10.1109/ICPS.2017.7945095.

B. Chai, Z. Yang, K. Gao, T. Zhao, Iterative learning for optimal residential load
scheduling in smart grid, Ad Hoc Netw. 41 (May 2016) 99-111, https://doi.org/
10.1016/j.adhoc.2016.01.005.

S.-J. Kim, G.B. Giannakis, An online convex optimization approach to real-time
energy pricing for demand response, IEEE Trans. Smart Grid 8 (6) (Nov. 2017)
2784-2793, https://doi.org/10.1109/TSG.2016.2539948.

J. Yao, P. Venkitasubramaniam, Stochastic games of end-user energy storage
sharing, in: 2016 IEEE 55th Conference on Decision and Control (CDC), Dec.
2016, pp. 4965-4972, https://doi.org/10.1109/CDC.2016.7799028. Cdc.
H.S.V.S. Kumar Nunna, N.A. Binte Aziz, D. Srinivasan, A smart energy
management framework for distribution systems with perceptive residential
consumers, in: 2018 IEEE PES Asia-Pacific Power and Energy Engineering
Conference (APPEEC) 2018-Octob, Oct. 2018, pp. 434-438, https://doi.org/
10.1109/APPEEC.2018.8566646.

1. Mamounakis, N. Efthymiopoulos, D.J. Vergados, G. Tsaousoglou, P. Makris, E.
M. Varvarigos, A pricing scheme for electric utility’s participation in day-ahead
and real-time flexibility energy markets, J. Modern Power Syst. Clean Energy 7
(5) (Sep. 2019) 1294-1306, https://doi.org/10.1007/540565-019-0537-2.

Y. Yang, Real-time disaggregation of user power consumption using the viterbi
algorithm, in: 2018 IEEE International Conference on Communications
Workshops (ICC Workshops), May 2018, pp. 1-6, https://doi.org/10.1109/
ICCW.2018.8403781.

S.J. Kim, G.B. Giannakis, An online convex optimization approach to real-time
energy pricing for demand response, IEEE Trans. Smart Grid 8 (6) (2017)
2784-2793, https://doi.org/10.1109/TSG.2016.2539948.


https://doi.org/10.1109/TLA.2016.7786304
https://doi.org/10.1109/TLA.2016.7786304
https://doi.org/10.1109/IAS.2016.7731836
https://doi.org/10.1109/PEPQA.2017.7981665
https://doi.org/10.1109/PEPQA.2017.7981665
https://doi.org/10.1109/PMAPS.2016.7763932
https://doi.org/10.1016/j.scs.2016.02.011
https://doi.org/10.1016/j.enbuild.2016.06.082
https://doi.org/10.1007/s12652-018-1085-8
https://doi.org/10.1007/s12652-018-1085-8
https://doi.org/10.1109/TII.2019.2910349
https://doi.org/10.1109/ACCESS.2017.2734911
https://doi.org/10.1016/j.egypro.2018.11.260
https://doi.org/10.1515/auto-2018-0016
https://doi.org/10.1515/auto-2018-0016
https://doi.org/10.1109/TPWRS.2018.2800535
https://doi.org/10.1016/j.scs.2017.02.013
https://doi.org/10.1016/j.scs.2017.02.013
https://doi.org/10.1109/EEM.2017.7981860
https://doi.org/10.1109/EEM.2017.7981860
https://doi.org/10.1109/TSG.2019.2909266
https://doi.org/10.1109/PESGM.2017.8274308
https://doi.org/10.1109/PESGM.2017.8274308
https://doi.org/10.1016/j.energy.2019.116054
https://doi.org/10.1016/j.energy.2019.116054
https://doi.org/10.1016/j.apenergy.2018.08.065
https://doi.org/10.1016/j.apenergy.2018.08.065
https://doi.org/10.1109/TSG.2017.2733578
https://doi.org/10.1109/TII.2019.2897126
https://doi.org/10.1145/3208903.3208933
https://doi.org/10.1007/s40565-017-0329-5
https://doi.org/10.1016/j.enbuild.2017.10.096
https://doi.org/10.1109/TSG.2017.2773039
https://doi.org/10.1109/TSG.2017.2773039
https://doi.org/10.1109/EPETSG.2018.8659338
https://doi.org/10.1109/EPETSG.2018.8659338
https://doi.org/10.1109/POWERCON.2018.8602333
https://doi.org/10.1016/j.apenergy.2015.10.017
https://doi.org/10.1016/j.apenergy.2015.10.017
https://doi.org/10.1109/TIA.2020.2966426
https://doi.org/10.1109/TIA.2020.2966426
https://doi.org/10.1109/EPETSG.2018.8659338
https://doi.org/10.1109/EPETSG.2018.8659338
https://doi.org/10.1109/TSG.2016.2611600
https://doi.org/10.1109/TSG.2016.2611600
https://doi.org/10.1016/j.scs.2019.101958
https://doi.org/10.1016/j.jclepro.2016.09.165
https://doi.org/10.1016/j.energy.2016.04.065
https://doi.org/10.1016/j.enbuild.2019.109455
https://doi.org/10.1016/j.enbuild.2016.01.043
https://doi.org/10.1016/j.enbuild.2016.01.043
https://doi.org/10.3390/su12145561
https://doi.org/10.3390/su12145561
https://doi.org/10.3390/en10101537
https://doi.org/10.3390/en10101537
https://doi.org/10.1016/j.apenergy.2020.115742
https://doi.org/10.3390/app10207310
https://doi.org/10.3390/app10207310
https://doi.org/10.3390/en10101537
https://doi.org/10.1007/s40565-016-0256-x
https://doi.org/10.1007/s40565-016-0256-x
https://doi.org/10.3390/en13061348
https://doi.org/10.1109/ICPS.2017.7945095
https://doi.org/10.1016/j.adhoc.2016.01.005
https://doi.org/10.1016/j.adhoc.2016.01.005
https://doi.org/10.1109/TSG.2016.2539948
https://doi.org/10.1109/CDC.2016.7799028
https://doi.org/10.1109/APPEEC.2018.8566646
https://doi.org/10.1109/APPEEC.2018.8566646
https://doi.org/10.1007/s40565-019-0537-2
https://doi.org/10.1109/ICCW.2018.8403781
https://doi.org/10.1109/ICCW.2018.8403781
https://doi.org/10.1109/TSG.2016.2539948

C. Silva et al.

[238]

[239]

[240]

[241]

[242]

[243]

[244]

[245]

[246]

[247]

M. MacDougall, H.S. Cameron, S.R.J. Maxwell, Medical graduate views on
statistical learning needs for clinical practice: a comprehensive survey, BMC Med.
Educ. 20 (1) (Dec. 2019), https://doi.org/10.1186/512909-019-1842-1.

1. Mamounakis, N. Efthymiopoulos, D.J. Vergados, G. Tsaousoglou, P. Makris, E.
M. Varvarigos, A pricing scheme for electric utility’s participation in day-ahead
and real-time flexibility energy markets, J. Modern Power Syst. Clean Energy 7
(5) (2019) 1294-1306, https://doi.org/10.1007/s40565-019-0537-2.

S. Chen, C.C. Liu, From demand response to transactive energy: state of the art,
J. Modern Power Syst. Clean Energy 5 (1) (2017) 10-19, https://doi.org/
10.1007/s40565-016-0256-x.

S.R. Kuppannagari, R. Kannan, V.K. Prasanna, An ILP based algorithm for optimal
customer selection for demand response in SmartGrids, in: 2015 International
Conference on Computational Science and Computational Intelligence (CSCI),
Dec. 2015, pp. 300-305, https://doi.org/10.1109/CSCI.2015.140.

X. Chen, Y. Nie, N. Li, Online residential demand response via contextual multi-
armed bandits, IEEE Control Syst. Lett. 5 (2) (2020), https://doi.org/10.1109/
lesys.2020.3003190, 1-1.

H.W. Qazi, D. Flynn, Analysing the impact of large-scale decentralised demand
side response on frequency stability, Int. J. Electr. Power Energy Syst. 80 (Sep.
2016) 1-9, https://doi.org/10.1016/j.ijepes.2015.11.115.

R. Yin, S. Kiliccote, M.A. Piette, Linking measurements and models in commercial
buildings: a case study for model calibration and demand response strategy
evaluation, Energy Build. 124 (Jul. 2016) 222-235, https://doi.org/10.1016/j.
enbuild.2015.10.042.

J. Chen, D. Ye, S. Ji, Q. He, Y. Xiang, Z. Liu, A truthful FPTAS mechanism for
emergency demand response in colocation data centers, in: [EEE INFOCOM 2019 -
IEEE Conference on Computer Communications, 2019-April, Apr. 2019,

Pp. 2557-2565, https://doi.org/10.1109/INFOCOM.2019.8737468, 4.

A. Ghasemkhani, L. Yang, J. Zhang, Learning-based demand response for privacy-
preserving users, IEEE Trans. Ind. Inf. 15 (9) (2019) 4988-4998, https://doi.org/
10.1109/TI1.2019.2898462.

Y.-H. Lin, S.-K. Hung, M.-S. Tsai, Study on the influence of voltage variations for
non-intrusive load identifications, in: 2018 International Power Electronics
Conference (IPEC-Niigata 2018 -ECCE Asia), May 2018, pp. 1575-1579, https://
doi.org/10.23919/IPEC.2018.8507762.

19

[248]

[249]

[250]

[251]

[252]

[253]

[254]

[255]

[256]

[257]

Energy Strategy Reviews 41 (2022) 100857

H. Mortaji, S.H. Ow, M. Moghavvemi, H.A.F. Almurib, Load shedding and smart-
direct load control using internet of things in smart grid demand response
management, [EEE Trans. Ind. Appl. 53 (6) (Nov. 2017) 5155-5163, https://doi.
org/10.1109/TIA.2017.2740832.

M. Ghorbanian, S.H. Dolatabadi, P. Siano, Game theory-based energy-
management method considering autonomous demand response and distributed
generation interactions in smart distribution systems, IEEE Syst. J. 15 (1) (Mar.
2021) 905-914, https://doi.org/10.1109/JSYST.2020.2984730.

T.G. Papaioannou, G.D. Stamoulis, M. Minou, Adequate feedback-based customer
incentives in automated demand response, in: E-Energy 2018 - Proceedings of the
9th ACM International Conference on Future Energy Systems, 2018, pp. 38-42,
https://doi.org/10.1145/3208903.3208933.

1. Ilieva, B. Bremdal, S. Puranik, Bringing business and societal impact together in
an evolving energy sector, Clean Energy Technol. 7 (3) (2019), https://doi.org/
10.18178/jocet.2019.7.3.508.

S. Haben, C. Singleton, P. Grindrod, Analysis and clustering of residential
customers energy behavioral demand using smart meter data, IEEE Trans. Smart
Grid 7 (1) (Jan. 2016) 136-144, https://doi.org/10.1109/TSG.2015.2409786.
P. Faria, F. Lezama, Z. Vale, M. Khorram, A methodology for energy key
performance indicators analysis, Energy Informatics 4 (1) (Apr. 2021) 1-15,
https://doi.org/10.1186,/542162-021-00140-0, 2021 4:1.

P. Faria, Z. Vale, Distributed energy resources scheduling with demand response
complex contract, J. Modern Power Syst. Clean Energy (2020) 1-13, https://doi.
org/10.35833/MPCE.2020.000317.

D. Ramos, M. Khorram, P. Faria, Z. Vale, Load forecasting in an office building
with different data structure and learning parameters, Forecasting 3 (1) (Mar.
2021) 242-255, https://doi.org/10.3390/FORECAST3010015, 2021, Vol. 3,
Pages 242-255.

D. Ramos, B. Teixeira, P. Faria, L. Gomes, O. Abrishambaf, Z. Vale, Use of sensors
and analyzers data for load forecasting: a two stage approach, Sensors 20 (12)
(Jun. 2020) 3524, https://doi.org/10.3390/520123524, 2020, Vol. 20, Page
3524.

L. Gomes, C. Almeida, Z. Vale, Recommendation of workplaces in a coworking
building: a cyber-physical approach supported by a context-aware multi-agent
system, Sensors 20 (12) (Jun. 2020) 3597, https://doi.org/10.3390/520123597,
2020, Vol. 20, Page 3597.


https://doi.org/10.1186/s12909-019-1842-1
https://doi.org/10.1007/s40565-019-0537-2
https://doi.org/10.1007/s40565-016-0256-x
https://doi.org/10.1007/s40565-016-0256-x
https://doi.org/10.1109/CSCI.2015.140
https://doi.org/10.1109/lcsys.2020.3003190
https://doi.org/10.1109/lcsys.2020.3003190
https://doi.org/10.1016/j.ijepes.2015.11.115
https://doi.org/10.1016/j.enbuild.2015.10.042
https://doi.org/10.1016/j.enbuild.2015.10.042
https://doi.org/10.1109/INFOCOM.2019.8737468
https://doi.org/10.1109/TII.2019.2898462
https://doi.org/10.1109/TII.2019.2898462
https://doi.org/10.23919/IPEC.2018.8507762
https://doi.org/10.23919/IPEC.2018.8507762
https://doi.org/10.1109/TIA.2017.2740832
https://doi.org/10.1109/TIA.2017.2740832
https://doi.org/10.1109/JSYST.2020.2984730
https://doi.org/10.1145/3208903.3208933
https://doi.org/10.18178/jocet.2019.7.3.508
https://doi.org/10.18178/jocet.2019.7.3.508
https://doi.org/10.1109/TSG.2015.2409786
https://doi.org/10.1186/S42162-021-00140-0
https://doi.org/10.35833/MPCE.2020.000317
https://doi.org/10.35833/MPCE.2020.000317
https://doi.org/10.3390/FORECAST3010015
https://doi.org/10.3390/S20123524
https://doi.org/10.3390/S20123597

	Demand response performance and uncertainty: A systematic literature review
	1 Introduction
	1.1 Contextualization and background
	1.2 Motivation and contributions

	2 Methodology
	3 Mechanisms to control DR
	3.1 Incentive-based
	3.2 Price-based
	3.3 Both incentive and price based
	3.4 Demand Side Management (DSM)
	3.5 Demand Response Exchange (DRX)
	3.6 Load shifting
	3.7 Others

	4 Technics and methods applied to DR
	4.1 Artificial Neural Networks
	4.2 Reinforcement Learning
	4.3 Game theory
	4.4 Autoregressive Moving Average
	4.5 Clustering methods
	4.6 Fuzzy theory
	4.7 Model-based predictive control
	4.8 Conditional Value at risk
	4.9 Monte Carlo Simulation
	4.10 Markov Chain
	4.11 Others

	5 Uncertainty, performance, and reliability of the DR participants
	5.1 DR uncertainty
	5.1.1 Macro-level perspective
	5.1.2 Micro-level perspective

	5.2 DR performance
	5.2.1 Impact of the consumer behavior
	5.2.2 Consumer behavior learning and prediction
	5.2.3 Economic influence in the DR events

	5.3 DR reliability

	6 Discussion of the identified challenges and future Research
	7 Final remarks
	Funding
	Declaration of competing interest
	References


