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Power networks at the distribution level are becoming more complex in their behavior and more heavily stressed
due to the growth of decentralized energy sources. Demand response (DR) programs can increase the level of
flexibility on the demand side by discriminating the consumption patterns of end-users from their typical profiles in
response to market signals. The exploitation of artificial intelligence (Al) methods in demand response applications
has attracted increasing interest. Particle swarm optimization (PSO) is a computational intelligence (Cl) method
that belongs to the field of Al and is widely used for resources scheduling, mainly due to its relatively low

complexity and computational requirements and its ability to identify near-optimal solutions in a reasonable

timeframe.
artificial intelligence computational intelligence particle swarm optimization
demand-side management demand response distributed energy resources smart grid
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| 1. Introduction

The rapidly increasing integration of decentralized energy resources, such as solar photovoltaic (PV) systems,
energy storage, and electric vehicles (EVs), along with the use of power-electronic-interfaced loads, such as heat
pumps, have increased the complexity of low-voltage (LV) grids. This new set of appliances and domestic loads
can distort consumer habits and thus impact typical consumption patterns. Therefore, the balance between
intermittent generation in almost real time and unpredictable demand, voltage control, frequency regulation, and
power quality monitoring have become more and more crucial for maintaining power system stability and reliability.
Traditionally, this burden would fall under the responsibility of power system operators, who in turn should reinforce
the grid to tackle these challenges. However, in the smart grid era, power flows are bidirectional, and consumers
can actively contribute towards a more reliable, efficient, and flexible power grid. One of the most promising
solutions at the distribution level is demand-side management (DSM). Reducing peak electricity demand, shifting
the load from peak to off-peak hours, and decreasing/increasing hourly electricity consumption are some of the
benefits that DSM can provide &,

DSM actions can be implemented through demand response (DR) programs. Currently, DR programs can be

classified into either price-based or incentive-based [ZEI4 |n the former, customers can modify their electricity
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consumption based on the electricity tariff applied. A time-of-use (ToU) tariff is the most common price-based DR
program, where a fixed set of electricity prices can vary within the hours of the day (e.g., day vs. night tariff) and
the days of the week (e.g., weekdays vs. weekend). Other programs include critical peak pricing (higher tariffs
applied during peak demand hours) and real-time pricing (tariffs change dynamically within the day, usually on an
hourly basis). Incentive-based programs can be further split into voluntary, mandatory, and market-clearing
programs . The most popular voluntary scheme in residential and commercial applications is direct load control
(DLC), where special incentives (bill credits, discounts, or rewards) are offered to end-users so that they shift their
demand during the day. In that case, consumers voluntarily participate either directly, by turning on/off their loads,
or indirectly, by collaborating with a third-party (e.g., aggregator) who is responsible for automatically and remotely
controlling consumer assets to provide the requested services. Mandatory DR schemes are more applicable to
large industrial consumers. During critical hours, when the power network is under stress, industrial consumers
might be instructed by system operators to reduce their consumption (load curtailment). Market-clearing programs
offer the opportunity to large consumers (industrial or aggregated) to bid and participate in the wholesale electricity

market when flexibility products, such as demand reduction, are needed.

This work is focused on residential demand response applications that have attracted increasing interest in the
literature in recent years. Using data gathered from smart meters installed at each customer’s point of connection,
consumers can keep track of their appliances’ consumption and subsequently change their behavior directly or
while collaborating with a third-party service provider. The main benefits of residential demand response

applications are [2I8!:
Economic benefits:

» DR can lead to dispatching fewer hours of uneconomical generation units when the power system becomes
tight, i.e., when generation cannot meet demand or when the security of supply margins decreases;

» End-users profit by either consuming in low-tariff hours, selling power back to the grid with the use of local
storage, or other incentives (e.g., bill discount);

» DR can decrease distribution network stress and therefore reduce the need for network investments.

« Power system operation:

» System reliability increases when providing frequency response, contingency reserves, and flexibility services;

 Renewable energy source (RES) curtailment is reduced by modifying demand to match green power
generation.

Reduction in greenhouse gas emissions:

« Ultilization of distributed resources (EVs, PVs, and local storage) is higher;

» Energy efficiency is higher, and thus, energy consumption decreases.

Recent research has shown that computational intelligence (Cl) and machine learning (ML) methods can be
computationally faster and more accurate than physical models (white-box methods) and statistical methods in

numerous residential demand response applications B, For instance, when predicting energy consumption in
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buildings with white-box methods, the physical properties of the energy systems need to be modeled using a
detailed set of input parameters 4. These parameters are often hard to retrieve, the mathematical formulation
behind the optimization can be quite complex, and the model outputs are highly case-dependent. In black-box
models, there is little need for understanding the physical mechanisms of the energy systems. However, there is a
requirement for a large set of historical data to train the models. Gray-box methods constitute a combination of the
above, where a rather small historical dataset is used to train statistical models that are based on a high-level
knowledge of the physical energy systems. Advantages over black-box methods are the need for less data for
training the statistical models and the better explainability of the modeling process and results since they are
interpreted in physical terms. However, these models are customized to specific applications, such as modeling
individual components in residential HVAC systems 2, and cannot easily generalize over a diverse group of energy
systems. Additionally, there is still a need to retrieve the physical parameters of the energy systems, and this can

increase the complexity in specific applications.

For the above reasons, several Al algorithms, such as reinforcement learning (RL), evolutionary algorithms, swarm
Al, and artificial neural networks (ANN), have been suggested for the control, optimization, and scheduling of
distributed energy systems. Furthermore, methods that are model-free and highly adaptable, such as particle
swarm optimization (PSO), have been recommended when addressing the need for the maximization of end-user
comfort along with the minimization of energy consumption and costs 9. Combining these criteria in residential
demand response management systems could make DR more appealing to consumers and, thus, increase its

applicability in households and commercial buildings.

To date, there have been a few review papers in the area of Al for residential demand response applications. The
review in 11 examines the use of reinforcement learning (RL) for demand response applications in buildings
covering a wide range of energy systems, such as distributed generation, storage, and HVAC. The applicability of
RL to scheduling and control of residential loads was studied, taking into consideration user comfort and
satisfaction. However, other methods, such as ANN, swarm Al, and evolutionary algorithms, have also been used
in research to solve load scheduling and control from the consumer side, as shown in 29, On the other hand, 12
provides a more holistic view of the use of deep reinforcement learning in power systems without specifically
focusing on demand response applications. The review in [ focuses on air-conditioning system control strategies,
optimization techniques, and thermal modeling (white-, black-, and gray-box methods). Similarly, & provides the
first survey of ML methods for electric water heater (EWH) optimization and scheduling. Another review that
focuses on a specific energy system is [22], which reviews techniques for HVAC system control and optimization. An
interesting review is 14, where the Al methods analyzed consider both thermal comfort and energy savings.
However, the limitation of 4 is that it investigates only thermal energy systems for residential demand response.
In 231 the classification of Al methods was based on the optimization objective (energy, comfort, safety, design,
and maintenance). The aforementioned analysis revealed that Al methods in demand response applications are a

growing research area with room for further investigation since every author categorizes them differently.
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2. Models for Residential Load Scheduling and Control Using
PSO

Scheduling and control of decentralized energy resources, in practice, is a stochastic mathematical problem, given
the intermittency of renewable generation, the uncertainty of users’ consumption patterns, and continuously
changing electricity prices, which, in most of the reviewed works, is a key driver. Additionally, the large number and
diversity of household appliances and the consideration of user thermal comfort and convenience increase the
complexity of optimization, where classical computational techniques such as linear programming (LP), integer
linear programming (ILP), and mixed-integer linear programming (MILP) cannot provide feasible solutions within a
reasonable timeframe 8. On the contrary, heuristic optimization techniques, such as PSO, genetic algorithms
(GA), ant colony optimization (ACO), and wind-driven optimization (WDO), can support more complex optimization

problems with the identification of near-optimal solutions.

In this work, PSO-based resource scheduling models are reviewed given the research “gap” identified in Section 1

but also due to the fact that it presents the following advantages over similar nature-inspired optimization
techniques LYIL6I[17][18][19].

It requires fewer parameters for tuning and adjustment;

» Easier implementation and less computational effort are usually needed to reach a near-optimal solution
compared to other heuristic algorithms;

» The histories of all particles contribute to the search, while in other methods (e.g., GA), the algorithm’s memory

capability is lower due to the replacement of the old population with a new, more efficient one.

In the reviewed research works [L61[191[201[21][22][23][24][25][26][27][28][29][30][31][32][33][34][35][36][37][38][39][40][41][42][43][44][45][46]
[47][48][49][50][51][52][53][541[55][56][57][58][59][60][61][62][63][64] [65][66][67][68][691[70][71][72][73][74][75][Z6][77][78][79][80][81] different

models were designed. They can be classified based on the optimization objectives, the system constraints
applied, or the energy system applications. In the latter, the type of energy resources (EVs, distributed generation,
energy storage, or appliance type), the number of users (single or multiple), and the type of control (local,

decentralized, or centralized) are included.

2.1. Optimization Objectives

One of the main considerations of scheduling and control for demand-side management is the formulation of the
objective function that needs to be optimized. Additionally, it is very important to define the system constraints and
operational limits of key variables that will collectively shape the boundaries of the optimization search space.
Optimization objectives can be categorized into the following three groups based on the number of objectives that

are investigated.

Single objective: In the majority of the reviewed works, the main objective was to optimally schedule different
energy resources in order to minimize electricity costs, with or without taking into consideration user comfort,

convenience, and peak-to-average (PAR) ratio. Depending on the complexity of the problem, the cost minimization
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function consists of components such as electricity imports (consumption) and exports back to the main grid 21271

[301[32][39[40I[S6I[63](69[78] | the case of a microgrid (MG), total cost minimization, investment, operation, and
maintenance costs are considered. For instance, in #9631 the optimization goal was to optimally size microgrid
components (DG and ES) by shifting the load to the hours of maximum renewable penetration and therefore
minimize total system costs. Some of the reviewed works also present different electricity tariffs based on the

customer type (residential, commercial, or industrial).

Single objective with aggregated variables, weights, or penalties: In this case, more than one objective is
combined and aggregated as a single function. In some works, weights are assigned to each optimization
parameter, leading to a weighted single-objective optimization problem. In most cases, minimization of electricity
costs, maximization of user convenience (appliance operational delay), and/or thermal comfort are considered, as
in [191231(38][41][42][43][48][58][64](65] | g few research publications, such as in (4316580 three different objectives are
weighted to form a single objective function. In other research works, the authors do not specify a weight factor, as
in BSIBABLIE273] hyt assign penalties to non-economic constraints in order to combine them into an aggregated

single-objective function.

Multiple objectives: In [24l26154I7I60TS] where objectives are conflicting, such as cost minimization and user
convenience maximization, the Pareto front, meaning a set of non-dominated solutions, is calculated through the
evaluation of different fithess functions that correspond to each objective. The Pareto front consists of compromise
solutions. Therefore, a second step, in that case, would be the selection of the best solution from the Pareto set.
Additionally, in this research, bi-level optimization problems are characterized as multi-objective ones. In 451[46150]
(681 there is a single “upper level” objective and a single “inner level” objective that need to be optimized
hierarchically. The single upper-level objective is initially optimized, and then the output of the upper level is used

as an input in the inner-level optimization.

2.2. Constraints

2.2.1. System Constraints

Part of the problem formulation in every work reviewed was to define the system constraints that should be
considered in the optimization. The number of constraints differs depending on the system complexity and the type
of energy resources considered. The main equality constraint, which can be identified in all works reviewed, is to
maintain the energy balance between power supply and demand. The time period and the system boundaries
(household, microgrid, or utility level) of such constraints depend on the problem formulation. The constraints that

are identified in the reviewed works are the following:

» Power grid thresholds (Egig): The minimum and/or maximum contracted power of end-users with utility at the
connection point. This increases the complexity of the optimization and potentially decreases the amount of
energy savings that can be achieved since there is less flexibility to shift more loads to off-peak hours due to

constraint violation.
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« Storage-related constraints (Egiorage): Charging and discharging rates as well as the capacity of storage units
are introduced as inequality constraints in works with energy storage, either in the form of batteries or in electric
vehicles.

* RES generation capacity (Eres): The maximum generation capacity of renewable sources is constrained,
usually as a share of total household demand (e.g., 30% of net demand is met by RES).

» User convenience: Another important consideration is user convenience in the sense of minimizing the
operational delay (waiting time) of different household appliances or prioritizing the operation of appliances over
others based on consumer preferences. In some works, such as 83, user convenience is introduced as the
minimum amount of appliance switching needed during a DR event.

» Thermal comfort: In many works, not only appliance waiting time but also indoor temperature and water heater
temperature is considered when using thermostatically controlled loads. To operate appliances within the
preferred temperature range, smart sockets and temperature sensors can be installed, as in 29,

« Voltage level: In B3E76SI78] phys or node voltage constraints are introduced when optimizing the operation of

microgrids connected to the main power network.

2.2.2. Electricity Costs and User Convenience/Comfort

From the taxonomy of research work, based on optimization objectives and system constraints, it is clear that user
convenience and thermal comfort are key considerations when trying to schedule and control residential resources.
Operating according to user preferences will inevitably lead to higher electricity costs and vice versa. However,
significant energy savings can still be obtained. In 2%, using binary PSO (BPSO), 20-25% energy savings were
achieved without jeopardizing user convenience. DR services were provided only in a specific timeframe (4-11
p.m.) in a geographical location with a lack of seasonality, so it would be worth testing the system under more
challenging conditions. In [12[231[38][41][42][43][48][58][64][65] \;ser convenience and energy savings were combined in
the objective function, leading to a weighted single-objective optimization problem. User convenience was modeled
with the use of allowed time periods when appliance operation should be completed. More specifically, in [22123],
GA and BPSO were compared, among others, where GA outperformed BPSO in terms of both electricity costs and
energy consumption. In (2229 the tradeoff between user convenience (appliance waiting time) and energy cost
was investigated. PSO has the tendency to heavily shift loads from peak to off-peak hours with lower electricity
tariffs in order to decrease electricity costs. However, a greater degree of user convenience is sacrificed in that
case. Therefore, it can be concluded that the higher the electricity cost, the less the user discomfort, and vice versa
in DR residential applications. While in [22], the single objective was to decrease consumer electricity costs, in 29, a
single-objective function was formulated with the aim of minimizing energy costs and average-to-peak ratio. The
feasible region of solutions was found, and boundaries were set for the objective function. In [2ZBAELI52[56][76](77]
[’8] reducing electricity bills while considering user convenience and thermal comfort was analyzed. The authors
concluded that overall costs can be decreased without sacrificing user comfort by setting the indoor temperature at
a higher level during low-tariff hours.

2.3. Applications
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Each DSM model is characterized by the energy resources that can contribute to demand-side management, the
number of users (single or multiple), and the control level (local, microgrid, or utility/aggregator). This research

focuses on residential users. The taxonomy of research works based on the application is illustrated in Figure 1.

Taxonomy parameters
based on the application

Different Users ontro

. | i ' ‘

Local Decentralized ' Centralized
(Household) (Microgrid) | (Utility/Aggregator)

’ Single ‘ Multiple ’

Energy Resources

I 4 L 4 \ 4 v 1

’ Distributed
Generation

Household devices Heating/cooling | Energy Electric ‘ Power |
(exc. heating/cooling) | | devices | Storage Vehicles Transformers

Figure 1. Taxonomy parameters based on the application.

2.3.1. Energy Systems

Scheduling and control of household appliances is the core focus in the majority of research works. Depending on
the flexibility that these appliances can offer for demand-side management, they can be categorized as fixed,
shiftable, elastic or interruptible, and power-adjustable. Fixed appliances are characterized by fixed power
consumption and a length of operation that cannot be modified. Examples include lights, fans, clothing irons,
microwave ovens, toasters, TVs, etc. The operation of shiftable appliances, such as washing machines,
dishwashers, and clothes dryers, can be shifted in time but cannot be interrupted while their power consumption is
fixed and inelastic. Elastic or interruptible household appliances, such as EVs, can not only be shifted in time but
also be interrupted while in operation. This group of appliances can offer flexibility services by shifting their
operation in periods of lower electricity tariffs. Last but not least, power-adjustable appliances are interruptible
appliances with adjustable power consumption. The majority of these are thermostatically controlled loads (e.qg.,
electric water heaters, ACs, or heat pumps). In research, the above categorization might differ based on the
authors’ problem formulation. For instance, EVs can be treated as a shiftable but non-interruptible load in some

works, while lights can be considered controllable when using a smart plug. In any case, when using interruptible

https://encyclopedia.pub/entry/31408 7/21



Particle Swarm Optimization in Residential Demand-Side Management | Encyclopedia.pub

and power-adjustable appliances for flexibility provision, it is important to ensure that user convenience and

thermal comfort are not sacrificed when trying to schedule and control them for demand-side management.

In addition to residential appliances, decentralized energy resources such as EVs, distributed generation (mostly
RES), and energy storage can contribute to domestic electricity bill reduction, load balance, and peak shaving.
Additionally, a better tradeoff between user comfort and electricity cost reduction can be achieved, given that each
household can utilize local or decentralized (microgrid) energy resources instead of consuming from the power
grid. For instance, in 23], interruptible loads, including those of an EV and an electric water heater, contributed to
achieving a better compromise between user convenience and energy costs. Although EVs are commonly treated
as a highly flexible load, their battery-related constraints, such as the charging and discharging rate and maximum
energy storage, can set limitations on its storage operation for demand-side management. It can also be observed
that renewable power generation is often coupled with local energy storage, which aims at complementing the

intermittency of renewable energy resources.

2.3.2. DR Programs - Electricity Tariffs

In addition to the objective function formulation and the constraints introduced for load scheduling, an important
parameter is the type of DR program/mechanism that consumers are enrolled in. Time-of-use (ToU) retail tariffs
have been extensively used in research, with prices usually ranging among high-, medium-, and low-price periods
during the day. In some of the works where ToU is selected, it is highlighted that load is heavily shifted to off-peak
hours. Therefore, the load tends to become unbalanced, with spikes occurring after these hours, and the peak-to-
average ratio (PAR) remains high. A similar phenomenon can also be spotted when using day-ahead, real-time
pricing (RTP) tariffs, which typically fluctuate on an hourly basis. For that reason, tariffs with inclined block rates
(IBRs) were used in [12[29[361[41][45148]81] | this pricing scheme, when the load surpasses a certain level, a
monetary penalty is added to the end-user’s electricity bill. In this way, load shifting from peak to off-peak hours is

rather limited, PAR decreases, and load spikes are avoided.

2.4. Taxonomies

In Table 1, the reviewed works are classified based on the optimization objectives for residential load scheduling
and control, together with modeling constraints. Table 2 presents the taxonomy of research work based on model

applications, including DR programs.

Table 1. Taxonomy of the reviewed works based on the optimization objectives.

Refs Type of Constraints Objective Type Objectives
id + +
[16] Egrid Estorgge Single Electricity cost minimization
User Convenience
id + +
[19] Egrid Egslétgrage Single with Electricity cost minimization
weights + user convenience maximization

+ User Convenience
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Refs Type of Constraints

[20]

B

R

RER

B

[34]

[35]

Thermal Comfort
Estorage
Estorage + User

Convenience

User Convenience

ERES

ERES + User
Convenience

Egrid + Estorage +
ERES

Egrid + Estorage +
Thermal Comfort

+ User Convenience

Egrid + ERES

Egrid + Estorage +
User Convenience

Egrid + Estorage +
ERES
+ Thermal Comfort +
User Convenience

Egrid + Estorage
Egrid + ERES

Thermal Comfort +
User Convenience

Voltage levels + User
Convenience

Estorage + User
Convenience

Objective Type
Single

Single

Single

Single with
weights

Multiple (Pareto)

Single

Multiple (Pareto)

Single

Single
Single

(aggregated
objectives)

Single

Single

Single
Single

Single with
penalties

Single
(aggregated
objectives)

Objectives

Energy consumption minimization

Electricity cost minimization

Electricity cost minimization

Electricity cost minimization
+ user convenience maximization

Electricity cost minimization, distributing load across
two energy sources (wind + solar) with different
fitness functions

Electricity cost minimization

Electricity cost minimization +
Environmental cost (emissions) minimization

Electricity cost minimization

Electricity cost minimization
Electricity cost minimization

+ PAR minimization

Electricity cost minimization

Electricity cost minimization

Consumer profit maximization
Energy consumption minimization

Electricity cost minimization + power loss cost
minimization + constraints (penalties)

Electricity cost minimization
+ PAR minimization
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Refs Type of Constraints

[37]

[40]

[44]

[45]

[50]

[54]

Egrid + Estorage +
ERES + Voltage levels

User Convenience

Egrid + Estorage

Estorage

Egrid + User
Convenience

Egrid + Estorage +
Thermal Comfort
+ User Convenience

Estorage + Thermal
Comfort

User Convenience

Egrid + User
Convenience

Estorage + User
Convenience

Egrid + User
Convenience

Estorage

Egrid + User
Convenience

Egrid + Thermal
Comfort
+ User Convenience

Estorage + ERES

Objective Type

Single

Single with
weights

Single

Single

Single with
weights

Single with
weights

Single

Multiple (bi-level)

Multiple (bi-level)

Single

Single with
weights

Single

Multiple (bi-level)

Single
(aggregated
objectives)

Single

Multiple (Pareto)

Objectives

Distribution power loss minimization

Electricity cost minimization + discomfort index
minimization

Utility electricity cost minimization (DA, imbalance
costs, and battery cycling cost)

Total system cost minimization (incl. investments) to
optimize minigrid components

Electricity cost minimization
+ user convenience maximization

Electricity cost minimization
+ user convenience maximization + grid load variance
minimization (peak caused by DR actions)

Consumer profit maximization

Consumer profit maximization, after scheduling
manually operated appliances with the worst impact
on electricity payments

Retailer profit maximization, after consumer electricity
cost minimization

Electricity cost minimization

Electricity cost minimization
+ user convenience maximization

Electricity cost minimization

System cost minimization (NPC) + power shortage
minimization

Electricity cost minimization + PAR minimization +
user convenience maximization

Electricity cost minimization

Electricity cost minimization + environmental
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Refs

58]

[60]

[63]

[69]

Type of Constraints
Estorage + Thermal
Comfort
Estorage + Thermal

Comfort
+ User Convenience

User Convenience

Estorage + Thermal
Comfort
+ User Convenience

Egrid + Estorage

Egrid + User
Convenience

Estorage + Thermal
Comfort

User Convenience

Egrid + Voltage levels +
Estorage
+ User Convenience

Estorage + User
Convenience

Egrid

User Convenience

Thermal Comfort

Estorage + Thermal
Comfort
+ User Convenience

Egrid + Estorage +
ERES
+ Thermal Comfort +
User Convenience

Objective Type

Single

Single

Multiple (Pareto)

Single with
weights

Single with
penalties

Multiple (Pareto)

Single with
penalties

Single with
penalties

Single

Single with
weights

Multiple (bi-level)

Single

Single

Single

Single
(aggregated
objectives)

Objectives
cost/emission minimization

Flexibility potential estimation

Electricity cost minimization

Electricity cost minimization + load deviation
minimization + user convenience maximization

Electricity cost minimization (incl. battery degradation
costs) + user comfort (incl. thermal and convenience)

Electricity cost minimization + DR curtailment
minimization + Pmax violation (penalty)

Electricity cost minimization + PAR minimization +
CO2 minimization

Electricity cost minimization +
User comfort (penalties)

Utility electricity cost minimization for DR + consumer
load interruptions (penalties)

Total system cost minimization

Electricity cost minimization + user convenience
maximization + CO» minimization

DNO operational cost minimization after MG
operational cost minimization

Electricity cost minimization

Electricity cost minimization

User comfort maximization

Electricity cost minimization + PAR minimization +
user convenience maximization + CO» minimization
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Refs Type of Constraints Objective Type Objectives

(2] Egrid +'User Smg!e s Load deviation minimization + MG profit maximization

Convenience weights
73] Egrid + Voltage levels + Single with Total system cost minimization + network loss
Estorage penalties minimization + constraints (penalty)
Ref. UI::;'S Control Level Electricity Tariffs Energy Resources
[16][22] DG + energy storage +
132] Single Local—Household ToU household appliances (excl.

heating/cooling)

Heating/cooling + DG + energy storage +
[19] Multiple  Local—Household ToU + IBR Household appliances (excl.
heating/cooling)

[20] Single Local—Household DLC Heating/cooling + hpuseholq appliances
(excl. heating/cooling)
. Decentralized—
[21]
Multiple Microgrid RTP DG + energy storage
23] Multiple  Local—Household RTP Heating/cooling + hpusehol_d appliances
(excl. heating/cooling)
[24] Single Local—Household - Heat!ng/coollng DG + household
appliances (excl. heating/cooling)
Heating/cooling + EV + DG + energy
(25] Single Local—Household ToU storagfa N
Household appliances (excl.
heating/cooling)
26][54] . Decentralized— Price-offer packages
Multiple Microgrid (incentive-based) DG + energy storage

Heating/cooling + DG + energy storage +
(2769 gingle  Local—Household RTP household appliances (excl.
heating/cooling)

EV + DG + energy storage +
(28] Single Local—Household ToU household appliances (excl.
heating/cooling)

el el Heating/cooling + DG + energy storage +

+
[29] Multiple RTP + IBR household appliances (excl.

Decentralized— heating/cooling)
Microgrid ’ ’

(29] Single Local—Household ToU Heating/cooling + EV + DG +
Household appliances (excl.
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Ref.

[311(26]

[33]

[35]

[36][48]

[38](51]
(5768l

[38](51]
[52](57]
[z

[39]

[43]

No.
Users

Single

Multiple

Single

Multiple

Single

Multiple

Single

Single

Multiple

Multiple

Single

Multiple

Multiple

Control Level

Local—Household

Decentralized—
Microgrid

Local—Household

Centralized—
Utility or
Aggregator

Local—Household

Centralized—
Utility or
Aggregator

Local—Household

Local—Household

Decentralized—
Microgrid
Decentralized—

Standalone
Microgrid

Local—Household

Local—Household

Decentralized—
Microgrid

Electricity Tariffs

RTP

Dynamic pricing
based on RES
generation

Consumer bidding
prices

RTP + IBR

ToU

RTP

RTP + IBR

CPP, RTP

RTP

Energy Resources

Heating/cooling)

Heating/cooling + energy storage +
household appliances (excl.
heating/cooling)

DG

Heating/cooling + household appliances
(excl. heating/cooling)

Power transformers + EV + household
appliances (excl. heating/cooling)

Heating/cooling + DG + energy storage +
Household appliances (excl.
heating/cooling)

Power transformers + DG + energy
storage

Heating/cooling +
household appliances (excl.
heating/cooling)

Heating/cooling +
household appliances (excl.
heating/cooling)

Heating/cooling + DG + energy storage

EV + DG + energy storage +
Household appliances (excl.
heating/cooling)

Heating/cooling + DG +
household appliances (excl.
heating/cooling)

Household appliances (excl.
heating/cooling)

Heating/cooling +
household appliances (excl.
heating/cooling)
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Ref. UI:; s Control Level Electricity Tariffs Energy Resources
(44] Single Local—Household ToU, CPP Heating/cooling + EV + DG
heating/cooling +
[45]

Single Local—Household RTP + IBR household appliances (excl.
heating/cooling)

Decentralized— Heating/cooling + EV +
(48] Multiple RTP household appliances (excl.

Microgrid heating/cooling)
[47][60] Multiple CeBttriﬁ‘tl;Z(e)(rj_ RTP Household appliances (excl.
791 Aggregator heating/cooling)

Heating/cooling + DG + energy storage +
[48] Single Local—Household  ToU, CPP, RTP + IBR household appliances (excl.
heating/cooling)

[49] Single Local—Household RTP Household_ appllan_ces Gl
heating/cooling)
Decentralized— heating/cooling + DG + energy storage +
= Multiple Standalone - household appliances (excl.
Microgrid heating/cooling)
Heating/cooling + EV + DG + energy
(53][58]
. storage +
[71] Single Local—Household RTP household appliances (excl.
heating/cooling)
(58] Single Local—Household - Heating/cooling + DG + energy storage
Centralized— Heating/cooling + DG + energy storage +
(9] Multiple Utility or ToU household appliances (excl.
Aggregator heating/cooling)
Centralized— Household appliances (excl
69 Multiple Utility or ToU, CPP, RTP - apphan :
heating/cooling)
Aggregator
(61] Multiple  Local—Household RTP Heating/cooling + EV + energy storage
[62] ) Centre_lllzed— Load curtailment Household appliances (excl.
Multiple Utility or . . . .
(incentive-based) heating/cooling)
Aggregator
Centralized— Trip-reducing and
(63] Multiple Utility or trip-shifting schemes Power transformers + EV + DG
Aggregator (incentive-based)
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Ref. UI:; s Control Level Electricity Tariffs Energy Resources
RTP, ToU, load Heating/cooling + EV +
[64] Single Local—Household curtailment household appliances (excl.
(incentive-based) heating/cooling)
Heating/cooling + EV + DG +
(63] Single Local—Household RTP household appliances (excl.
heating/cooling)
88 puiple  Decentralized— RTP DG
Microgrid
(67] Single Local—Household ToU e
heating/cooling)
[72] ! Decentralized— bG +
Multiple Microarid - Household appliances (excl.
9 heating/cooling)
. DG + energy storage +
(3] Multiple Dec,\j:r::trrghfizd - household appliances (excl.
9 heating/cooling)
Heating/cooling + EV +
(64]z4] Single Local—Household ToU household appliances (excl.
heating/cooling)
. Heating/cooling + DG + energy storage +
(28] Single Dec,\iirgrrghfiﬁd RTP household appliances (excl.
9 heating/cooling)
Heating/cooling + DG +
(7] Multiple  Local—Household RTP household appliances (excl.
heating/cooling)
. Heating/cooling + EV + DG + energy .
(8] Multiple Dec,\jir:rrs“fizd_ RTP storage + household appliances (excl. nart grid
9 heating/cooling) 35 2020,
Centralized— .
[79] Multiple Utility or RTP Household appliances (excl.
Aggregator heating/cooling) 4, 30,
Decentralized— DG + energy storage +
(89] Multiple Standalone - household appliances (excl. sation
Microgrid heating/coolin
: el ), 127,
81] . Decentralized— Household appliances (excl.
Multiple Microgrid RTP+IBR heating/cooling)
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