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Abstract: Due to the rapid growth in power consumption of domestic and industrial appliances,
distributed energy generation units face difficulties in supplying power efficiently. The integration
of distributed energy resources (DERs) and energy storage systems (ESSs) provides a solution to
these problems using appropriate management schemes to achieve optimal operation. Furthermore,
to lessen the uncertainties of distributed energy management systems, a decentralized energy
management system named virtual power plant (VPP) plays a significant role. This paper presents a
comprehensive review of 65 existing different VPP optimization models, techniques, and algorithms
based on their system configuration, parameters, and control schemes. Moreover, the paper categorizes
the discussed optimization techniques into seven different types, namely conventional technique,
offering model, intelligent technique, price-based unit commitment (PBUC) model, optimal bidding,
stochastic technique, and linear programming, to underline the commercial and technical efficacy
of VPP at day-ahead scheduling at the electricity market. The uncertainties of market prices,
load demand, and power distribution in the VPP system are mentioned and analyzed to maximize
the system profits with minimum cost. The outcome of the systematic categorization is believed to be
a base for future endeavors in the field of VPP development.
Keywords: virtual power plants; digital electricity; optimization strategies; distributed energy
resources; renewable energy resources; energy management; energy scheduling; distributed generation;
real-time energy markets; electricity market; demand response; optimization in virtual power plants;
price-based unit commitment model; intelligent technique in power management; day-ahead scheduling

1. Introduction
The increasing demand for power in the electricity market and adverse effects in the environment
introduce distributed energy resources (DERs) as the alternative to the conventional power generation
system. The traditional generation of power uses fossil fuels (oil, gas), which emit toxic gases and
affect the environment. Conventionally, generation units focus on only the ‘connection’ concept to
the transmission system to distribute power to the energy market. The conventional generation
Energies 2020, 13, 6251; doi:10.3390/en13236251
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term is replaced by the virtual power plant (VPP) concept, which integrates DERs rather than
making connections [1–3]. The idea of VPP was first proposed in 1997 by Shimon Awerbuch that
integrates DERs to ensure efficient power distribution with minimum cost [4]. Distributed generation
(DG) units are usually found near the distribution networks with some characteristics such as
decentralization, small generation units, etc. DERs include both the generation units as well as
energy storage units [5]. Two types of DG are available such as renewable energy resources (RERs)
and fuel-based energy resources. RERs present photovoltaic (PV), wind power plants, and so on,
whereas fuel-based energy represents micro-turbine, fuel cell, and internal combustion engine generator
as the generation units. Several distribution networks are implemented in recent times with DERs,
including long-term and short-term operations [6–12]. To cope with the massive electricity demand,
DERs operation seems to be quite tricky. Hence, a reliable solution should be implemented to overcome
these difficulties and uncertainties. VPP acts as a sustainable solution for the optimal operation
of DERs and smooth power distribution to the loads. VPP presents a platform to aggregate all
the DERs that promote system visibility and governance of the power management system and
ensure better interactions among the system’s different components. VPP proposes a decentralized
platform and energy-efficient management scheme for DERs [13]. VPP considers environmental effect,
commercial efficacy, and day-ahead scheduling for optimal operation of DERs and fulfills load demand.
VPP emphasizes more on eliminating uncertainties that arise due to market prices, load demand,
and power distribution networks.
VPPs are of two kinds: commercial VPP (CVPP) and technical VPP (TVPP). CVPP focuses on
the power system’s economic aspects to minimize system cost with the highest profits. It considers
present load demand in the electricity market and uses appropriate methods to determine the future
load demand. It also observes the probable risk conditions and imbalances in the system. On the other
hand, TVPP collects different information from CVPP, such as DERs maximum capacity, future load
demand, and so on, to take the proper steps for VPP. TVPP computes data of different parameters of
DERs to observe the system efficacy.
Active control between DERs and flexible loads in VPP, considering economic, technical,
and environmental aspects, is demonstrated in [14]. The paper intends to efficiently integrate
generation units to smart grids and maintain voltage, load management, and short-circuit protection.
Germany considers the VPP as an alternative energy system [15]. This paper analyzes different aspects
of VPP and explores the potential feasibility of using VPP with modern technology. The intelligent
control and the integrated computer system are utilized to reduce greenhouse gases [16]. Hence,
Fuzzy logic control (FLC) is adopted to achieve high-level feasibility. The optimal operation can be
attained by addressing the intelligent concept of VPP. Nikonowicz et al. [17] presents a comprehensive
analysis of different VPP concepts depending on several aspects such as infrastructure, control scheme,
and verification platform. It provides a correlative idea to characterize them in terms of economic and
technical efficacy. OpenADR 2.0b communication protocol contributes to developing a secure and
reliable VPP system [18]. An Internet-based communication system facilitates the transmission
system operator (TSO), and numeric simulation verifies different operating conditions of VPP.
Mahmud et al. [19] introduces the ‘Internet of Energy (IoE)’ concept that aggregates DERs and flexible
loads. This paper analyzes the IoE concepts and compares them with the conventional control
scheme to justify the reliability. The relative analysis includes the VPP structure, control system,
economic and technical feasibility. However, this concept cannot provide a solution to remove
uncertainties, economic dispatch, and communication delay.
Software integration with VPP is developed in [20] that provides information and communication
technology (ICT) based control for DERs to loads and facilitates electric vehicle (EV) charging purposes.
A comparative review of different VPP is provided in [21] based on optimization feasibility, technical and
economic aspects, security, data, and intelligent management platform. The European FENIX project
for VPP is presented in [22] that analyzes each CVPP depending on marginal cost, computed data,
and forecasting data. Integration between distribution system operator (DSO) and transmission system
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operator (TSO) is also established. Furthermore, a VPP system is proposed in [23] to satisfy the
emergency power demand in South Korea that integrates different generation units. The proposed
scheme considers only economic feasibility: to maximize the profits at a low cost. California test
method is employed to verify financial reliability. However, the scheme does not consider the technical
and environmental benefits. A comparative analysis of the business model (BM) for VPP in different
countries (American, German, Australian, Danish, and Finnish) are introduced in [24] that presents
several unique characteristics of each countries BM. The generated energy is distributed in the electricity
market, and distributors need to follow the rules and regulations to sustain the electricity market’s
economic benefits. For this purpose, different BM policies have been established. This paper also
reviews the business model of Poland based on economic and political aspects.
The potentiality of combined heat and power (CHP) can be utilized with VPP to generate more
power and fulfill the power demands [25]. It analyzes the amount of power and gas consumption and
presents a BM to optimally operate and distribute power in the energy market based on the technical
aspects. Generic VPP based on service-oriented architecture (SOA) is demonstrated in [26] where
software and communication-based technology is employed to attain the technical feasibility and
environmental benefits and distribute power to the consumers at a low cost. An analysis of VPP is
presented in [27] based on the technical aspects that provide an efficient power distribution among
the generation and grids. The study determines the real-time values of the different parameters in
the power distribution system. It formulates a notion about the number of DERs and ESS that can
be optimally connected to VPP based on the technical and economic aspects. A detailed analysis of
uncertainties in VPP is carried out in [28] that is mainly based on three factors: renewable power,
load demand, and market price. A comprehensive analysis of the three aspects of uncertainties is
presented, and the process of lessening the uncertainties is demonstrated. Etherden et al. [29] shows
the common information model (CIM) power utility standard and supervisory control and data
acquisition (SCADA) to fulfill the communication and functional requirements for VPP. A relative
analysis of different VPP based on flexible loads, generation units, distribution factors is presented
in [30]. Moreover, they also provided a detailed analysis of technical VPP and commercial VPP.
The possibility of optimal CHP integration with VPP and demand response in the electricity market is
also discussed. An intelligent identification and fault diagnosis in a large-scale power plant is proposed
in [31], based on a multi-agent system (MAS). The MAS concept can be adapted to the VPP system to
achieve efficient power distribution and intelligent identification. A µ-CHP unit acts as an alternative
source in VPP during the large power demand [32]. A comprehensive analysis of hierarchical system
with VPP regarding control, market policies, and storage capabilities are presented in [33]. Also,
they discuss different control strategies based on communication and intelligent governance for the
smart grid with storage capability. However, the authors in Ref [33] does not provide any BM idea to
develop economic competence in the electricity market. Pal et al. [34] presents a comparative analysis
of different optimization schemes and the best optimization scheme is chosen based on different aspects:
VPP sizing, costing, environmental feasibility, transmission loss, and uncertainties.
Based on the above-carried literature review, it is realized that each literature focuses on analyzing
the VPP operation in terms of technical and economic efficacy. However, this literature does not
provide any classification for VPP optimization techniques to perceive the comprehensive analysis of
VPP techniques. Some of them fail to present an appropriate BM to handle electricity market demand
response. There is a lack of proper forecasting approach in a case that flinches to compute the adequate
forecasted values for the demand responses. To compensate for the deficiencies mentioned above,
a brief analysis of 65 existing VPP optimization techniques is introduced in this paper. A classification
for these existing techniques based on system configuration, parameters, and control scheme is
established. Objective functions and uncertainties for each of the control schemes are also explored.
This paper is methodized into six sections. Section 1 includes the introductory talks that present
a literature review and comparative analysis of VPP and demonstrates the paper’s contribution.
The overall information flow of the paper and critical contributions are presented in Section 2.
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2. Framework and the Key Contributions

Figure 1 illustrates each section’s step-by-step information flow that facilitates readers to
Figure 1 illustrates each section’s step-by-step information flow that facilitates readers to
comprehend the paper’s overview. This paper presents a comprehensive analysis of different VPP
comprehend the paper’s overview. This paper presents a comprehensive analysis of different VPP
based optimization strategies, techniques, and models. These strategies are classified according to
based optimization strategies, techniques, and models. These strategies are classified according to
their control method, system modeling, and the capability to eliminate the system’s uncertainties.
their control method, system modeling, and the capability to eliminate the system’s uncertainties.
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considered in the search include IEEE, Energy, Web of Science (WOS), Scopus, and Google Scholar.
Scholar. While collecting the data for the presented review work, it is ensured that the considered
While collecting the data for the presented review work, it is ensured that the considered articles are
articles are peer-reviewed and the renowned Scopus, WOS, and Google Scholar database. In the
peer-reviewed and the renowned Scopus, WOS, and Google Scholar database. In the keyword-based
keyword-based screening process, about 13,021 articles are eliminated, and 179 articles are
screening process, about 13,021 articles are eliminated, and 179 articles are considered. Analyzing this
considered. Analyzing this literature with the research object in terms of relevance, acceptance, and
literature with the research object in terms of relevance, acceptance, and pertinence, the team members
pertinence, the team members ultimately selected 117 works of literature (96 journals and 21
ultimately selected 117 works of literature (96 journals and 21 conference proceedings) and eliminated
conference proceedings) and eliminated others. Among the 96 journal articles, 91 are research articles,
others. Among the 96 journal articles, 91 are research articles, and only 5 are review articles.
and only 5 are review articles.
Furthermore, among the considered 21 conference proceedings, only 3 of them are only reviewed
Furthermore, among the considered 21 conference proceedings, only 3 of them are only
articles, which indicate that very few articles are published to review the optimization strategies of
reviewed articles, which indicate that very few articles are published to review the optimization
the VPP. It plays a crucial role in motivating the presented research work. The finalized 117 works of
strategies of the VPP. It plays a crucial role in motivating the presented research work. The finalized
literature were utilized and explored to conduct the proposed review analysis.
117 works of literature were utilized and explored to conduct the proposed review analysis.
4. Virtual Power Plants
4. Virtual Power Plants
VPP proves itself as the alternative to the conventional transmission-based power generation plant.
VPP proves itself as the alternative to the conventional transmission-based power generation
Conventional generation plants (CGPs) have some aspects that are needed to be followed, such as the
plant. Conventional generation plants (CGPs) have some aspects that are needed to be followed, such
schedule of generation, limits of the number of generations, power losses, the relationship between
as the schedule of generation, limits of the number of generations, power losses, the relationship
demand and availability of power, and so on. CGP generally integrates different DERs that follow a
between demand and availability of power, and so on. CGP generally integrates different DERs that
specific power management system. Lack of proper management in CGP results in inefficient power
follow a specific power management system. Lack of proper management in CGP results in inefficient
management with less technical and economic feasibility. VPP is the representation of integrating
power management with less technical and economic feasibility. VPP is the representation of
different DERs that overcomes the barrier of CGP by creating a single operating platform with the
integrating different DERs that overcomes the barrier of CGP by creating a single operating platform
available generation and distribution units, as shown in Figure 3.
with the available generation and distribution units, as shown in Figure 3.
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can be controlled and operated by the wireless technology sitting in a remote position [35]. A
generalized framework of VPP is illustrated in Figure 4, which indicates that VPP focuses on different
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4.2. Technical Virtual Power Plant
4.2. Technical Virtual Power Plant
TVPP observes system management of a VPP that engages several DERs and ESSs. It facilitates
TVPP observes system management of a VPP that engages several DERs and ESSs. It facilitates
the optimal operation of DERs and considers the marginal cost of the system. It mainly focuses on
the optimal operation of DERs and considers the marginal cost of the system. It mainly focuses on
monitoring the activities of DERs that are connected with local networks to fulfill the load demand in
monitoring the activities of DERs that are connected with local networks to fulfill the load demand
the electricity market. TVPP determines the values of different technical parameters and real-time
in the electricity market. TVPP determines the values of different technical parameters and real-time
data to ensure the optimal operation and management of the VPP. It provides a secure and safe
data to ensure the optimal operation and management of the VPP. It provides a secure and safe way
way of process and maintains a better connection with CVPP. TVPP collects different information
of process and maintains a better connection with CVPP. TVPP collects different information from
from CVPP, such as the maximum capacity of each DERs and ESSs, forecasted values of future
CVPP, such as the maximum capacity of each DERs and ESSs, forecasted values of future
requirements, the geographical locations of each DERs and ESSs, available control strategies of the
requirements, the geographical locations of each DERs and ESSs, available control strategies of the
system, and so on [38]. According to this information, TVPP takes some necessary steps to run the
optimal operation of VPP.
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VPP in the energy market. The demand and supply balance constraints consider supply and
objective function. Figure 5 also illustrates some other objective functions, such as load shedding
cost [48], risk cost [36,40,44,53,54], abandoned energy cost [62], and system net load cost [33].
Figure 6 demonstrates the different constraints for VPP that concern the optimal operation of VPP
in the energy market. The demand and supply balance constraints consider supply and distribution
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5.1. Conventional VPP Optimization Strategy
Several conventional VPP optimization strategies are available in the literature. A combined
interval and deterministic optimization approach are proposed in [67], where small-scaled DERs
are included to resolve the dispatch problem. This approach mainly focuses on maximizing the
market profits as well as eliminating the uncertainties. Interval optimization handles uncertainties and
deterministic optimization concerns about maximizing system profits. Compared with other methods,
such as stochastic optimization, robust optimization, and deterministic optimization, this approach is a
fast, reliable, and better-performing tool than different approaches. Considering P as profit intervals
and Pd as deterministic profits that maximizes profits, the maximum profit can be determined by the
Equations (1) and (2).
Max β × Pd + (1 − β) × P
h(x, y) = 0
(1)
g(x, y) ≥ 0
h(x, y0 ) = 0
g(x, y0 ) ≥ 0
Max β × Pd + (1 − β)[m(P) + (ξ − 1) × w(P)]
H = h(x, y)
G = g(x, y)
m(H) + (ξ − 1) × w(H) = 0
m(G) + (ξ − 1) × w(G) ≥ 0
h(x, y0 ) = 0
g(x, y0 ) ≥ 0

(2)

where β is the deterministic factor, and ξ is the degree of the distribution market’s pessimism. y0 ,
presents the random forecasted values.
An optimization algorithm based on non-linear minimization techniques is proposed in [68] that
focuses on minimizing the overall system cost with maximum thermal and electrical production by
integrating all the DERs. The algorithm is verified at different conditions such as VPP with CHP and
VPP without CHP. The variable cost related to the supply of thermal and electric energy is considered
as an objective function. The objective function for optimization can be expressed as
f =

X
nH

C(H ) +

X
nP

C(P) +

X

C(HC) + CGrid

(3)

nHc

where f represents the total fuel cost for all the energy resources, CGrid presents the cost of electric
energy in terms of the grid. Three terms (nH , nP and nHc ) demonstrate the cost for heat generator,
power generator, and CHP plants, respectively.
In ref. [69], an approach that emphasizes designing an optimal VPP structure is discussed.
This approach presents an optimal operation of VPP that controls the power flow from different sources
to minimize the system cost. It reduces the loss of power from power generators and also reduces
greenhouse gas (GHG) emissions. The following expression is utilized to evaluate the overall cost.
Ttot_cost = AVel Ttot_el + LWC Wprod + LHC Hprod + Epr Eb + Voll Ed

(4)

where Ttot_cost is the total cost, AVel is the weighted average of the electricity generation cost, Ttot_el is
the total generated electricity, LWC is the levelized freshwater cost, Wprod is the annual freshwater
production, LHC is the levelized hydrogen production, Hprod is the annual hydrogen production, Epr is
the electricity price of the grid, Eb is the annual electricity brought from the grid, Voll is the value of
lost load, and Ed is the annual electricity demand.
A novel demand response model is proposed in [60] to maximize system efficiency and benefits.
The scheme introduces a fair billing system that considers consumers’ load profiles at a preference
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level and does not depends on the predicted future demand responses. The minimum cost can be
calculated as follows:
24
X
−
(LVPP
λW
(5)
Costmin =
t
t +U )
t=1

where LVPP
represents the total hourly load of VPP, λw
t
t represents the hourly DA wholesale market
prices and U− represents the total system disutility.
An algorithm for CVPP is presented in [70], consisting of a wind power generator and solves a
self-scheduling problem employing non-linear programming. Raab et al. [71] introduces three control
strategies: direct, hierarchical, and distributed control approach that concerns the power supply to
electric vehicles (EVs). The direct control approach directly controls all the power resources of the VPP,
where the hierarchical system introduces an EV management module (EVMM) that minimizes the
cost and maximizes the efficiency. The distributed control approach affects VPP through the energy
market price. A market-based VPP model is demonstrated in [72], which comprises two scenarios: the
general bidding scenario and price signal scenario and ensures the optimal use of DERs. Peikherfeh
et al. [73] proposes a VPP control algorithm that maximizes the expected profit. Salmani et al. [74]
presents an optimal operation of a VPP that emphasizes economic optimization that ensures the
maximum output with the lowest minimum cost. It also points out other aspects, such as power
quality, power distribution, consumes satisfaction, and optimal operation.
A probabilistic method is proposed in ref. [47] that consists of electrical and thermal energy
resources to create optimal day-ahead scheduling, as shown in Figure 8a. The energy and reverse
scheduling method and point estimate method (PEM) are employed to deal with the market price
uncertainties. The objective of the proposed method is to minimize the total cost with maximum profit.
The DA net profile acts as the objective function, and the maximum profit can be represented as:
Pro f itmax =



U,s
s
D.s
+ ECboiler,zt + ECest,zt + ECtst,zt
24 
 f
P
P z  ECdep,zt+ RCdrp,zt + RCdrp,zt + ECchp,zt
Nz ,s

+ ρSR,t ∗ PSR,t + N
ρEM,t ∗ Pline,t

P
N
dg
U,s
D,s
z=1 
s


EC
+ RC
+ RC
+ ρens,t ∗ Ps
+ Ps ∗ ρret ,t
t=1
dg=1

dg,zt

dg,zt

N
24
Pω P

dg,zt

ens,zt

sel,zt

vpp







+
πω,t

 ω=1 t=1

 

P z  ω
PNdg
f
Nz ,ω
ω
ω
s
s
z ,s
+ N
− ρEM,t ∗ PN
ECdrp,zt + dg=1 ECω
+ ρens,t ∗ Pω
∗ ρEM,t ∗ Pline,t
ens,zt − Pens,zt + Psel,zt − Psel,zt ∗ ρretvpp ,t
z=1
line,t
dg,zt

f

(6)

where ρEM,t and ρω
represents the forecasted and scenario-dependent prices in the electricity
EM,t
market, respectively. Pω
is the scenario-based electricity demand and Pssel,zt is the scheduled served
sel,zt
electricity demand in period t and zone z. πω,t is the probability of occurrence of scenario ω in period t.
ρSR,t , ρretvpp ,t and ρens,t are the spinning reserve market price, VPP’s retail energy rate, and considered
penalty of non-reserved in period t, respectively.
An adaptive load dispatching and forecasting strategy for VPP is proposed in [75], which comprises
solar, wind, hydrogen, and thermal power system. A forecasting algorithm is introduced to analyze the
data values for future profit from the system, and a load dispatching algorithm is applied to maintain
the optimal operation. A generation driver control strategy is proposed in [76] that introduces the
mesh network concept to control the power distribution between generation units and load elements,
as shown in Figure 8b.
The strategy focuses on reducing the transmission losses and emphasizes the optimal operation in
the smart microgrid. MATLAB is introduced as a simulation platform, and IEEE RTS96 73 bus system
using Simulink is utilized for the testing. The strategy focuses on only load management, but several
studies should be included, such as dynamic and priority-based load management, vertical integration
of VPP with the EV charging system. The primary optimization objective to minimize transmission
loss can be expressed as:
24
X
Pmin_loss =
Ploss
(7)
h=1
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that introduces the mesh network concept to control the power distribution between generation units
and load elements, as shown in Figure 8b.

Figure
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permission
from
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2016,
Elsevier);
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Generation
driver
control
strategy.
(Redrawn with permission from [47], 2016, Elsevier); (b) Generation driver control strategy. (Note:
(Note:
PV-photovoltaics;
AC-alternating current;
current; ESS-energy
ESS-energy storage
storage system).
system).
PV-photovoltaics; AC-alternating

The strategy
focusespower
on reducing
transmission
total generated
can be the
represented
as: losses and emphasizes the optimal operation
in the smart microgrid. MATLAB is introduced as a simulation platform, and IEEE RTS96 73 bus
PLoad +
PBattery
+ Pfocuses
(8)
system using Simulink is utilized forPthe
testing.
The
strategy
on only load management, but
vpp =
loss
several studies should be included, such as dynamic and priority-based load management, vertical
The deficiency
of power
at time
t can be
expressed
as:
integration
of VPP with
the EV
charging
system.
The primary
optimization objective to minimize
transmission loss can be expressedDas:
Pvpp = (PPV + PW ) − (PLoad + Ploss )
(9)
24

𝑃min _𝑙𝑜𝑠𝑠 as:
= ∑ 𝑃𝑙𝑜𝑠𝑠
The power loss at any time can be expressed

(7)

ℎ=1

i
i
i
The total generatedPpower
bePrepresented
as:− nc ∗ Pc,load − nn ∗ Pn,load
PV +
W − n0 ∗ P0,load
loss = Pcan

(10)

𝑃𝐿𝑜𝑎𝑑
+ 𝑃𝐵𝑎𝑡𝑡𝑒𝑟𝑦
+ 𝑃𝑙𝑜𝑠𝑠operating under curtailed power (8)
𝑣𝑝𝑝is=the
where n0 is the number of device off,𝑃n
number
of devices
and
c
nn is The
the number
of devices
deficiency
of poweroperating
at time t under
can bestandard
expressedrated
as: power.
An energy management model
for
VPPs
is
presented
in [40] that explores the cost and emission
𝐷
𝑃𝑣𝑝𝑝
= (𝑃𝑃𝑉 + 𝑃𝑊 ) − (𝑃𝐿𝑜𝑎𝑑 + 𝑃𝑙𝑜𝑠𝑠 )
(9)
(CO2 , NOx ) effects for VPP in a PHEV-penetrated electricity network. The scheme illustrates linear
modeling
for VPP
and
of cost
The power
loss
at analyzes
any timethe
cansensitivity
be expressed
as: and capabilities of DERs, batteries, and gasoline.
The study focuses on minimizing cost and is 𝑖tested in the 𝑖 state of California
with real-time data.
𝑖
𝑃𝑙𝑜𝑠𝑠 = 𝑃𝑃𝑉 + 𝑃𝑊 − 𝑛0 ∗ 𝑃0,𝑙𝑜𝑎𝑑 − 𝑛𝑐 ∗ 𝑃𝑐,𝑙𝑜𝑎𝑑 − 𝑛𝑛 ∗ 𝑃𝑛,𝑙𝑜𝑎𝑑
(10)
The minimization of cost can be illustrated as follows:
where 𝑛0 is the number
of device off, 𝑛𝑐 is the number of devices operating under curtailed power

XX
X
X

gas
+ 
andCost
𝑛𝑛 is the
number
of
devices
operating
under standard
EP

 (11)

Cu,t × eEP
CSU
(Ct ×rated
CSv ×power.
dCS
min =
u × Su,t +
u,t +
v,t + [ f (δv,t ) − f (δv, t−1 ) )


An energy
model
in [40] that explores the cost and emission
tTmanagement
uU
uU for VPPs is presented
vV
(𝐶𝑂2 , 𝑁𝑂𝑥 ) effects for VPP in a PHEV-penetrated electricity network. The scheme illustrates linear
gas
where CEP
is the
price
earned energy
during period
t, C
the price ofofgasoline
during time
modeling
VPP
andofanalyzes
the sensitivity
of cost
and
capabilities
DERs, batteries,
andt,
u,t for
t is
EP
eu,t is the The
energy
supply
by EP
during period
CSv is tested
the average
usage of PHEV,
δv,t is the
gasoline.
study
focuses
onu minimizing
costt, and
in thegasoline
state of California
with real-time
depthThe
of discharge
(DOD)
PHEV
during period
t, f (δ) is the probable battery replacement cost
data.
minimization
of for
costthe
can
be illustrated
as follows:
as a function of DOD, dCS
v,t is the charge-sustaining (CS) mode during period t by the PHEV.
VPP system proposed in [77] analyzes the uncertainties and irregularities of the energy market in
terms of prices and distribution management. The method involves demand-side management (DSM)
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and enables the effective integration of DERs. The system presents a platform for centralized and
decentralized operations and connects VPP with the national grid system. Iacobucci et al. [78] presents
the cooperation of shared autonomous electric vehicles (SAEV) and VPP with renewable energy
resources (RES) that focuses on optimal operation between themselves. The proposed algorithm deals
with charging and discharging EVs and emphasizes minimizing cost and saving power. The proposed
scheme is tested in Tokyo, considering weather conditions and transportation systems. The objective
function that expresses the cost minimization is:
Costmin =

X
t

(C grid (t) + CDG (t) +

γcycles ∗ c(t) ∗ Cbat
Lbat

)

(12)

where c(t) is the charge energy, Cbat is the cost of the battery, Lbat is the life of the battery in equivalent
full cycle, CDG (t) is the cost function of DG and C grid is the cost function of the grid. γcycles is the battery
cost during the opposite aging.
A trip-prediction algorithm is proposed in [79] for EV to grid integrating the VPP platform that
mainly focuses on the optimal EV charging, shown in Figure 9a. A standard communication protocol
is connected between EV to the grid that monitors the real-time data at the transmission period
via instant messaging (IM) and voice-over-IP (VoIP). The proposed system serves several aspects:
data storage, trip forecasting, optimization, customer relations, billing updates, and communication.
A multi-objective robust scheduling model is presented in [80] that deals with power to gas-based
VPP (GVPP) based on energy conversion technique and demand response, as shown in Figure 9b.
A flexible risk aversion model is included in the GVPP, focusing on maximizing profits and minimizing
risks. Robust optimization and conditional value at risk methods are introduced to eliminate the
uncertainties. For the solution of multi-objective models, a three-stage algorithm is introduced: payoff
table, fuzzy linearization process, and rough weight calculation. The proposed model proves an
optimal platform to convert the energy from power to gas with maximum efficacy and minimum risks.
Energies 2020, 13, x
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Figure
10. The
strategy
intends to
maximize the profits for the fleet owners and predicts future demand responses for day-ahead market
scheduling. A frequency regulation strategy for VPP is proposed in [82] that consists of distributed
energy resources (DERs), flexible loads, and ESSs. This strategy passes frequency regulated signals
to each element and evaluates the VPP power management system’s efficacy and competence. A
significant power management system is established among generation units and loads in this
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the profits for the fleet owners and predicts future demand responses for day-ahead market scheduling.
A frequency regulation strategy for VPP is proposed in [82] that consists of distributed energy resources
(DERs), flexible loads, and ESSs. This strategy passes frequency regulated signals to each element
and evaluates the VPP power management system’s efficacy and competence. A significant power
management system is established among generation units and loads in this system. A two-stage
optimal scheduling model for VPP is presented in [83] that deals with day-ahead (DA) and real-time
(RT) market schedule. The first stage introduces an hourly scheduling strategy that maximizes system
profits in the DA market.
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consumption due to heat and formulates an optimization problem. Robu et al. [85] presents a scoring
rules-based optimization scheme that provides a significant formation for integrating DERs of a
cooperative VPP (CVPP). The scoring method predicts future demands accurately and is verified in
16 real-world wind firms in the UK.
The afore-mentioned twenty-two different conventional approaches for the optimization of VPP
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due to heat and formulates an optimization problem. Robu et al. [85] presents a scoring rules-based
optimization scheme that provides a significant formation for integrating DERs of a cooperative VPP
(CVPP). The scoring method predicts future demands accurately and is verified in 16 real-world wind
firms in the UK.
The afore-mentioned twenty-two different conventional approaches for the optimization of VPP
are compared in terms of system configuration and critical features and presented in Table 1.
Table 1. A comparative analysis among different conventional approaches for virtual power plants.
Ref

[40]

[47]

Optimization
Approach

System
Configuration

Key Features

Energy
management
model

DER and ESS

•
•
•
•
•

Analyzes cost and emission impacts
Introduces PHEV-penetration network
The sensitivity of cost and emissions of DER and gasoline
Presents linear modeling of VPP
Minimizes system cost

A probabilistic
method

Electrical and
thermal energy
resources

•
•

Considers ESS and demand response programs
Point Estimate Model (PEM) and Energy and Reverse
Scheduling method to deal with uncertainties
Minimize cost and maximize profits

•
•

[60]

A novel
demand
response model

•

Demand response acts as a primary factor to the
proposed system
Mainly focuses on modeling a fair billing system not
depending on forecast values of future demand
The proposed billing system depends on customers
behavior and demand response
Ensures maximum profits with minimum cost

•
•
•
•

Interval optimization handles uncertainties
Deterministic optimization concerns about system profits
Less computation time
Better risk management than an individual approach

•
•
•

Considers cost function in the power distribution system
Minimizes production cost with feasible power
distribution to consumers
Performs the test with CHP and again without CHP

•
DER

•

Combined
interval and
deterministic
optimization
approach

Small scaled
DER

Non-linear
minimization
techniques

CHP plant,
electrical and
thermal energy
storage system,
energy
exchanger

[69]

Optimization
algorithm

CHP,
Renewable
energy sources
(PV, wind)

•
•
•
•

Optimal power flow among sources
Power distribution management with minimum cost
Reduction of GHG emission
Concerns about loss of energy

[70]

Non-linear
programming
based
optimization
algorithm

Wind power
generation unit

•
•

Maintains system operation with demand responses
The problem is solved via non-linear programming

[67]

[68]
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Table 1. Cont.
Ref

Optimization
Approach

System
Configuration

[71]

A direct,
hierarchical,
and distributed
control
approach

DER

[72]

A market-based
VPP model

DER

[74]

Optimal
operation of
VPP

DER

[75]

An adaptive
load
dispatching
and forecasting
strategy

Solar, wind,
hydrogen, and
thermal power
system

Key Features
•
•
•
•

Solar, wind,
and energy
storage system

Introduces three control strategies: direct, hierarchical,
and distributed control strategy
Direct control directly controls power flow
Hierarchical control applies an EV management module
(EVMM) that minimizes cost
Distributed control observes the market price

•
•

Optimal power distribution in the electricity market
Considers the general bidding scenario and price signal
scenario for system operation

•
•

Deals with multi-objective optimization problems
Focuses on economic stability and maximizes profits

•
•

A forecasting algorithm to predict future values
Load dispatching algorithm to sustain the
optimal operation

•
•

Introduces mesh network infrastructure
Optimal power distribution from generation units
to loads
Lessens transmission loss
Emphasizes load management

[76]

Generation
driver control
strategy

[77]

VPP
optimization
scheme

DER and ESS

•
•

Solar, wind,
and dispatch
generation
units

•

[78]

An
optimization
model for
SAEV and VPP

•
•

Optimal operation between SAEV and VPP
with microgrids
Saves power and minimizes cost
Considers weather conditions and transportation system

[79]

Trip-prediction
algorithm

Renewable
energy
resources
(RERs) and ESS

•
•
•

EV to VPP integration
Communication protocol with IM and VoIP
Optimal operation of EV charging

[80]

The
multi-objective
robust
scheduling
model

WPP, PV, gas
storage tank

•
•
•
•

Power to the gas energy conversion process
Considers demand response and uncertainties
Three-stage algorithm for optimal solution: payoff table,
fuzzy linearization, and rough weight calculation
Maximizes profits and minimizes risks

Mixed
rental-trading
strategy

DER, Battery,
and EV

•
•
•

Predicts future demand responses
Maximizes profits and minimizes system cost
Optimal charging and discharging platform

•
•
•

[81]

Analyzes irregularity and uncertainties in the
energy market
Both centralized and decentralized operation
Introduces demand-side management
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Table 1. Cont.
Ref

Optimization
Approach

System
Configuration

Key Features

[82]

Frequency
regulation
strategy

DER, flexible
loads, and ESS

•
•

Decomposes regulated frequencies in each unit
Optimal power management among sources and loads

•

The two-stage
optimal
scheduling
model

Energy storage
system
(Battery),
Gas-fired
microturbine,
wind power
generators

Two-stage scheduling: the first stage maximizes profits
of the DA market, and the second stage minimizes
system costing in the RT market
CVaR lessens uncertainties and risk of VPP
Considers as a risk-hedging tool
Introduces PSO and commercial solver

[83]

•
•
•

Note: DER-distributed energy resources; ESS-energy storage systems; PHEV-plug-in hybrid electric vehicle;
VPP-virtual power plant; CHP-combined heat and power; PV-photovoltaics; GHG-greenhouse gas; SAEE-standard
autonomous electric vehicle; WPP-wind power plant; EV-electric vehicle; IM-instant messaging; VoIP-voice over
internet protocol; DA-day ahead; RT-realtime; CVaR-conditional value at risk; PSO-particle swarm optimization).

5.2. Offering Model
An offering model based on two-stage stochastic programming is presented in [86], consisting of
DERs such as wind and cascade hydro-power systems. The model concerns the day ahead, offering to
eliminate the uncertainties of the VPP. An offering model for VPP based on a two-stage stochastic
mixed-integer linear programming scheme is demonstrated in [87] that comprises DERs, a storage
facility, and a power plant. This model concerns about fulfilling the day-ahead market power demand
with the maximum profit. The model is validated as a reliable control scheme to design an economically
feasible VPP with high computational efficiency.
The objective function of the proposed scheme is expressed as follows:
Pro f itmax =

T n
P
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np
P
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rP
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(13)

up

where πdown
and πr are the probability of the rth down-regulation and up-regulation price scenario
r
up
respectively, ψdown
and ψr are the down-regulation and up-regulation price ratio in time t respectively,
r
up
c
bmdown
wp and bmwp are the power sell and purchase in balancing market, respectively. SUC is the CPP
c
start-up cost. Cwp (t) is the total cost of the CPP electricity production. λp (t) is the DA market price in
time t and scenario p.
Mohammadi et al. [88] presents an offering optimization model for VPP that consists of a wind
power plant (WPP) and flexible loads, as shown in Figure 11. The model analyzes the operation of VPP
at different uncertainties and results in a feasible outcome. A risk aversion model is presented in [89]
for analyzing different offering strategies that consist of a wind power plant (WPP) and focus on the
optimal operation of the VPP. The mentioned four model optimizations are compared and presented
in Table 2.
Table 2. A comparative analysis among different offering models for virtual power plants.
Ref

Optimization Approach

System Configuration

Key Features

[86]

Offering a model based
on two-stages stochastic
programming

DERs (wind and cascade
hydro-power system)

•
•
•

Considers day-ahead market prices
Eliminates uncertainties
Cope with electricity market responses

5.2. Offering Model
An offering model based on two-stage stochastic programming is presented in [86], consisting
of DERs such as wind and cascade hydro-power systems. The model concerns the day ahead, offering
to eliminate the uncertainties of the VPP. An offering model for VPP based on a two-stage stochastic
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mixed-integer linear programming scheme is demonstrated in [87] that comprises DERs, a storage
facility, and a power plant. This model concerns about fulfilling the day-ahead market power demand
2. Cont.as a reliable control scheme to design an
with the maximum profit. The model isTable
validated
economically feasible VPP with high computational efficiency.
Ref
Optimization Approach System Configuration
Key Features
The objective function of the proposed scheme is expressed as follows:

[87]

•

Maximizes profit considering
day-ahead market prices
Offering a model based
𝑢𝑝
𝑑𝑜𝑤𝑛 (𝑡)
𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑥 = ∑ ∑ 𝜋𝑤 ∑
𝜋𝑝 storage
∑ facility,
𝜋𝑟𝑑𝑜𝑤𝑛 ∑ 𝜋𝑟 [𝜆and
(𝐺𝑤𝑝 (𝑡) + 𝑏𝑚𝑤𝑝
DERs,
𝑝 (𝑡)
responses
on a two-stage stochastic
(13)
and a power
plant (wind
𝑡=1 𝑤=1
𝑝=1
𝑟 𝑢𝑝 =1 •
𝑟 𝑑𝑜𝑤𝑛=1
Uncertainties: market prices and
mixed-integer linear
𝑢𝑝
𝑢𝑝
plant)
𝑐 power of generation
𝑐
𝑐
units
(𝑡) − 𝑏𝑚
∗ 𝜓𝑟𝑑𝑜𝑤𝑛power
programming scheme
𝑤𝑝 (𝑡) ∗ 𝜓𝑟 (𝑡)) − 𝐶𝑤𝑝 (𝑡) − 𝑆𝑈𝐶 ∗ 𝑣𝑤𝑝 (𝑡)]
•
Less computation time
𝑇

𝑛𝑤

𝑛𝑝

𝑛𝑟𝑑𝑜𝑤𝑛

𝑢𝑝

𝑛𝑟

𝑢𝑝

where 𝜋𝑟𝑑𝑜𝑤𝑛 and 𝜋𝑟 are the probability of the rth down-regulation and up-regulation price scenario
𝑢𝑝
respectively, 𝜓𝑟𝑑𝑜𝑤𝑛 and 𝜓𝑟 are the down-regulation and
price ratio
inand
time t
• up-regulation
A combined operation
of WPP
𝑢𝑝
𝑑𝑜𝑤𝑛
respectively, 𝑏𝑚𝑤𝑝 and 𝑏𝑚𝑤𝑝 are the power sell and purchasedemand
in balancing
responsemarket, respectively.
Offering optimization
𝑐
𝑐 WPP and storage unit
Aims
to increase
system profits
𝑆𝑈𝐶
is the
CPP start-up cost. 𝐶𝑤𝑝
(𝑡) is the total cost of the• CPP
electricity
production.
𝜆𝑝 (𝑡) is the
[88]
model
(flexible loads)
•
Flexible
loads
act
as a storage unit as
DA market price in time t and scenario p.
well as a generation unit
Mohammadi et al. [88] presents an offering optimization model for VPP that consists of a wind
power plant (WPP) and flexible loads, as shown in Figure 11. The model analyzes the operation of
•
Analyzes risks for different optimal
VPP
uncertainties
results in a feasible outcome. A risk aversion model is presented
[89]at different
Risk aversion
model and WPP
offering strategies
in [89] for analyzing different offering strategies that consist of a wind power plant (WPP) and focus
on the optimal operation
the VPP. Theenergy
mentioned
four
modelpower
optimizations
are compared and
Note:ofDERs-distributed
resources;
WPP-wind
plant.
presented in Table 2.

Figure 11. Offering optimization model for virtual power plants. (Note: PV-photovoltaics; CHPcombined heat and power; VPP-virtual power plant).
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Less computation time
A combined operation of WPP and demand
response
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as a generation unit
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Note:
DERs-distributed
energy
resources; WPP-wind power plant.
5.3. Optimization Algorithm
Based
on Intelligent
Techniques

Fuzzy
multiple objective
algorithms
5.3. Optimization
Algorithm optimization
Based on Intelligent
Techniquesare introduced in [90] that focuses on optimal
power management
of
VPP,
as
shown
in
Figure
12a,b.
The proposed
algorithm
operates
Fuzzy multiple objective optimization algorithms
are introduced
in [90] that
focuses on
optimal on the
prioritypower
requirement
concept,
and
it considers
the12a,b.
system
optimaloperates
poweron
distribution,
management
of VPP,
as shown
in Figure
The efficiency,
proposed algorithm
the
requirement
concept,
it considers
the system efficiency,
optimal power
distribution,
system priority
cost, and
consumer’s
andand
supplier’s
contentment.
The algorithm
addresses
the two-step
system
cost, and consumer’s
and principle
supplier’s to
contentment.
algorithm
addresses theIt two-step
interactive
satisfactory
optimization
obtain theThe
priority
requirements.
is verified as a
interactive satisfactory optimization principle to obtain the priority requirements. It is verified as a
feasible and reliable VPP algorithm by implementing a test in renewable energy sources.
feasible and reliable VPP algorithm by implementing a test in renewable energy sources.

Figure
12. (a).
Fuzzy
basedmultiple
multiple objective
optimization
algorithms
for virtual
plant;
(b). plant;
Figure 12.
(a).
Fuzzy
based
objective
optimization
algorithms
forpower
virtual
power
co-ordination
model
for
the
distributed
energy
resources-based
virtual
power
plant.
(Redrawn
with
(b). co-ordination model for the distributed energy resources-based virtual power plant. (Redrawn
permission from [90], 2011, MDPI). (Note: AC-alternating current; PV-photovoltaics; ESS-energy
with permission from [90], 2011, MDPI). (Note: AC-alternating current; PV-photovoltaics; ESS-energy
storage system).
storage system).

An agent-based control for VPP is proposed in [91] that includes MAS (multi-agent system)

Antechnique
agent-based
controlthe
for VPP
VPPoperation
is proposed
[91] that
includes
MAS (multi-agent
to facilitate
and in
maximize
economic
benefits.
The schematicsystem)
technique
to
facilitate
the
VPP
operation
and
maximize
economic
benefits.
The
schematic
representation
representation of agent-based control is shown in Figure 13. The concept concerns micro-grid
and
of agent-based control is shown in Figure 13. The concept concerns micro-grid and distribution units’
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optimal operation and hence utilizes local intelligence and communication technology via the MAS
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control
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Figure 13. A multi-agent
system-based
co-ordination
between
the virtual
power
plant and electricity
Figure 13. A multi-agent
system-based
co-ordination between
the virtual
power plant
and electricity
markets (Note: PV-photovoltaics;
VPP-virtual
power plants;
plants; MAS-multi
agent system).
markets (Note: PV-photovoltaics;
VPP-virtual
power
MAS-multi
agent system).
A MAS for the smart grid is demonstrated in [46] that focuses on integrating different small and
intelligent elements to optimize VPPs. The proposed MAS introduces a demand forecasting
algorithm based on the artificial neural network (ANN) that predicts future demands and consumer
behaviors in energy markets. The scheme is capable of ensuring optimal modeling of VPPs with
different elements and opens an easy platform. The intelligent auto-control system (IAS) for VPP is
presented in [92], focusing on optimal power distribution from generation units to loads. The system
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A MAS for the smart grid is demonstrated in [46] that focuses on integrating different small and
intelligent elements to optimize VPPs. The proposed MAS introduces a demand forecasting algorithm
based on the artificial neural network (ANN) that predicts future demands and consumer behaviors in
energy markets. The scheme is capable of ensuring optimal modeling of VPPs with different elements
and opens an easy platform. The intelligent auto-control system (IAS) for VPP is presented in [92],
focusing on optimal power distribution from generation units to loads. The system comprises a control
coordination center (CCC) that controls optimal power distribution among the sources. The proposed
IAS lessens transmission losses, maximizes system profits, and sustains system stability.
The IAS follows two methods:
(i)
(ii)

Load distribution by generation units with priority level and
Load distribution by generation units equally. Another, MAS for VPP is presented in [93] to
control the generation units’ carbon emissions.

The proposed scheme mainly focuses on establishing environment VPP (EVPP) by considering
the hierarchical control. Multi-agents can be classified as EVPP integration agents, micro-generator,
and micro-grid. The proposed scheme provides high accuracy in the energy distribution system.
The discussed intelligent technique for the optimization of the VPP is summarized and compared in
Table 3.
Table 3. An analysis of a virtual power plant optimization algorithm based on the intelligent technique.
Ref

[46]

[90]

[91]

[92]

[93]

Optimization
Approach

System
Configuration

Key Features

A multi-agent
system (MAS)

PV, wind,
biomass plant,
EV, and ESS

•
•
•
•

The forecasting algorithm is based on ANN
Predicts future demands and customer behavior
Optimal modeling of VPP
Different level of MAS for optimal operation

•

Optimal power management considering
priority requirement
Two-step interactive satisfactory optimization method is
employed to maintain the priority level as well as an
acceptable level
Emphasizes system stability, maximum profits, and
minimum cost

Fuzzy multiple
objective
optimization
algorithms

Renewable
generation
sources

Agent-based
control

PV generator,
wind turbine,
battery, diesel
generator, and
CHP plant

•

•

•
•
•
•

Introduces a multi-agent system (MAS)
Three-level MAS: field level, management level,
and enterprise-level
Facilitates VPP control and operation
Focuses on economic efficacy

Intelligent
Auto-control
System (IAS)

Distributed
energy
resources (DER)
and flexible
loads

•
•
•
•
•

Optimal power distribution between sources and loads
CCC controls power distribution
Reduces transmission loss
Sustains system stability and reliability
Maximizes system profits

A multi-agent
system (MAS)

PV, battery, fuel
cell, diesel
generator, and
micro CHP
plant

•
•
•
•

Controls carbon emission
Considers environmental efficacy
Hierarchical control structure
Higher accuracy

Note: PV-photovoltaics; ESS-energy storage systems; ANN-artificial neural network; CHP-combined heat and
power; VPP-virtual power plant; CCC-control coordination center.
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5.4. Priced-Based Unit Commitment (PBUC) Model
A PBUC model is introduced in [41] for VPP with security constraints to earn the maximum
profit from the energy market and satisfy the consumers. Peik-herfeh et al. [94] presents another
PBUC system that concerns the economic benefits, and thus the point estimate method (PEM) is
introduced. The outcomes of the design represent a feasible scheme with high profit. A probabilistic
PBUC approach is proposed in [2] that focuses on maximizing the expected profit considering the
day-ahead electricity market. The PEM is employed to design a model for eliminating uncertainties of
VPP, and the mixed-integer linear programming is introduced to solve a system problem. The objective
function of PBUC can be expressed as:
X

(revenuek − costk )

(14)

X

PkDemand + PkLoss ∗ ρkDSO +
PkVPP,GSP ∗ λkDM,GSP

(15)

Pro f itmax =

k

revenuek =

X
k

costk =

k

 X
X
CDG ∗ PkDG ∗ αkDG + SUCDG ∗ βkdg + SDCDG ∗ γkDG +
CSG ∗ PkSG ∗ αkDG + CkDL ∗ PkDL (16)
SG

DG

PkDL

where
is the curtailment value of dispatchable load in an hour, CkDL is the cost of an interruptible
consumer to curtail its load in an hour, αkDG , βkDG and γkDG presents the binary decision (on = 1, off = 0)
for DG unit status, start-up, and shunt down in hours, respectively. CDG , and CSG represent the
generation costs of dispatchable and stochastic DG units, respectively. SUCDG and SDCDG represent
the start-up and shut down the cost of the DG unit, respectively.
The existing three PBUC model for the optimization of VPP are compared in Table 4 in terms
of system configuration and critical features. It is seen that the PBUC model maximizes the profit
of the system by the DA management system, flexible loads, and ESS and utilizes PEM to tackle the
uncertainties of the system.
Table 4. A comparative analysis among different priced-based unit commitment models for virtual
power plant.
Ref

[2]

[41]

[94]

Optimization
Approach

System
Configuration

A probabilistic
PBUC approach for
optimal bidding of
VPP

DER, ESS sand
loads

PBUC model

Energy Storage,
flexible loads,
and CPP

PBUC model

PV, wind power
plant, flexible
loads, energy
storage, and
CPP

Key Features
•
•
•
•

Considers wind speed, temperature
Utilize PEM for uncertainties
Uncertainties due to the power of generation unit
and market prices
Maximum profit for day-ahead market
electricity management

•
•

Considers network topology and security constraints
Maximizes profits with minimum system cost

•

Point estimate method (PEM) to compute the
market condition
Maximizes profit using flexible loads and ESS.

•

Note: PBUC-priced-based unit commitment; VPP-virtual power plant; DER-distributed energy resources; ESS-energy
storage systems; PEM-point estimate method; CPP-conventional power plant; PV-photovoltaics.
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5.5. Optimal Bidding Strategy
An optimal bidding strategy for commercial VPP is proposed in [95], consisting of DERs and
introduces a three-stage bi-level optimization model. The bi-level model’s upper level illustrates the
maximum profit, where the low level deals with ISO day-ahead market clearing problem. A demand
response aspect is also introduced, and the bi-level model is converted into mixed-integer linear
programming for solving a complex issue. Zdrilić et al. [96] presents an optimal bidding strategy
that incorporates a mixed-integer linear programming algorithm to solve an involved cost and profit
problem. The system consists of solar, wind, and gas power plant. A bidding strategy is proposed
in [63], a nonlinear mixed-integer programming model based on a deterministic PBUC technique.
The strategy has solved the problem by introducing a genetic algorithm (GA) and manages DERs by
establishing a single operating profile.
The objective function of the proposed scheme to maximize benefits can be expressed as:
Bene f itmax =

P
P
ρE,t × Et +
ρR,t × Rt +
ρL,t × Loadt
t=1:24
t=1:24

t=1:24

P
−
Cdg,i,t Pdg,i,t + Rdg,i,t ∗ Ii,t + SCdg,i,t ∗ +SHCdg,i,t ∗ Ki,t
iSdg
t = 1 : 24
P
P
Cstr,i,t (Pstr,i,t )
−
Cint,i,t (Pcurt,i,t + Rcurt,i,t ) −
iSstr
iSint
tShour,t
−

P

Loadt = LOADt −

X

(Pcurt,i,t + Rcurt,i,t )

(17)

(18)

iSint
tShour,i
where LOADt is the total forecasted load of VPP, SCdg,i,t and SHCdg,i,t are the shut up and shut down
the cost of DG, ρE,t is the price of the energy market, ρR,t is the price of spinning reserve market, ρL,t is
the retail energy rate of VPP, Pcurt,i,t is the unserved load for trading in the energy market, and Pdg,i,t is
the generation of DG in the energy market.
An optimal bidding strategy consists of CHP-DH and DERs is proposed in [97] that focuses on
eliminating the uncertainties of energy market price and power generation. The system addresses
two-stage stochastic programming. This paper presents a comparative study for three different methods
based on the optimal bidding strategy: static, flexible DA, and flexible RT. Chaves-Ávila et al. [98]
presents a bidding strategy that consists of WPP and lessens market price and power generation
uncertainties. A two-stage robust optimization scheme is proposed in [99] that consists of WPP and
other electrical resources and analyzes price-demand responses. In the first stage, a bidding strategy is
introduced to analyze day-ahead market prices and then transferred to the second stage for real-time
solutions. Market price uncertainties are eliminated via robust optimization. A mathematical approach
for optimal bidding of VPP is presented in [100] based on the Benders decomposition technique.
The system provides security for the DERs and VPP. A bi-level multi-objective approach for strategic
bidding equilibrium of VPP is presented in [101], where the upper level emphasizes maximum profits,
and the lower-level deals with maximizing social welfare. The bi-level approach mainly concerns with
the behavior of producers and consumers. The optimization problem is solved by mixed-integer linear
programming (MILP) which involves duality theory and Karush–Kuhn–Tucker (KKT) optimization
conditions. IEEE-24 bus system is applied as a testing platform of the proposed scheme.
As mentioned above, a total of eight existing optimal bidding strategies for VPP are compared
in Table 5, which illustrates that most of the strategy utilizes a bi-level optimization model to curb
the uncertainty issues, a MILF model or GA to solve the complex problem, maximize the profit of
the system with optimal cost and heat and power distribution and also considers the security and
stability constraints.
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Table 5. A comparative analysis among different optimal bidding strategies for virtual power plant.
Ref

Optimization Approach

System Configuration

Key Features
•

[95]

Optimal bidding strategy
for commercial virtual
power plant (VPP)

Distributed energy
resources (DER), battery
storage systems (BSS)

[96]

Optimal bidding strategy
based on mixed-integer
linear programming
algorithm

Solar, wind, and gas
power plant

•
•
•

•
•
•
•

[63]

Bidding strategy for the
non-linear mixed-integer
programming model

DER

•
•
•
•

[97]

Optimal bidding strategy

Combined heat and
power (CHP) and
renewable energy
resources (RES)

•

•
•

[98]

Bidding strategy

[100]

A mathematical model
based on Benders
decomposition technique

Bi-level multi-objective
approach

A non-linear MILP model
Introduces the deterministic
PBUC technique
A genetic algorithm
for problem-solving
Optimal integration among DERs
Uncertainties due to output power of
generation unit and market prices
CHP-district heating (CHP-DH) deals
with uncertainties
Relative analysis among three bidding
strategies: static, flexible day-ahead,
and flexible Realtime
Maximizes profits with optimal heat
and power distribution
Introduces MILP
Analyzes bidding in the
electricity market

•

Considers system and
security constraints
Concerns about system stability and
system efficacy

•

•

[101]

Considers long-term
bilateral contracts
MILP to face complex problems

•
Wind power plant (WPP)

DER and VPP
security constraints

Three-stage stochastic bi-level
optimization model to
handle uncertainties
Maximizes profits with minimum cost
Considers demand response
MILP is introduced to solve
complex problems

•
DER
•

Bi-level approach: upper level for
profit optimization and lower level to
maximize social welfare
Duality theory and karush kuhn
tucker optimization conditions
for MILP
Utilize IEEE-24 bus system as a
validation platform

Note: MILP-mixed-integer linear programming; PBUC-priced-based unit commitment; IEEE-institute of electrical
and electronics engineering.
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5.6. Optimization Algorithm Based on Linear Programming
A mixed-integer linear programming (MILP) method is proposed in [102] that comprises different
energy sources and deals with self-scheduling problems. An agent-based control scheme for VPP
presented in [59] includes wind generators and concerns about improving system profit through
linear programming. An optimization model for VPP is proposed in [103] that addresses two-stage
stochastic mixed-integer linear programming to design a VPP for both day-ahead and balancing
market. The model consists of DERs such as PV, wind farms, and battery banks. It introduces risk
factors and the conditional value at risk (CVaR) to remove uncertainties and earn the expected profit.
The objective function of the proposed scheme can be represented in terms of maximum profit.
Pro f itmax =





 P
ns
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T  n


P
P
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 + β Risk
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)
(
)
(
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π(w) ∗
t
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j
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t=1 w=1

s=1

j=1

up

(19)

where GP (t) is the day-ahead market, Pwsp is the electricity sell and Pdown
wsp is the electricity purchase.
B represents the importance of risk minimization.
An interactive cooperation model based on two risk management approaches, such as the
CVaR and second-order stochastic dominance constraints (SSD), is proposed in [104] that deals with
medium level energy resources and takes steps against uncertainties in market prices. The model
addresses mixed-integer linear programming to deal with complex problems and introduces an
off-the-shelf-software package to evaluate the solution. The model focuses on the economic aspects
of the VPP that intends to maximize the profit with minimum cost. A coordinated control strategy
for VPP is proposed in [105] that comprises of PV and controllable loads and intends to design an
optimal platform for the power distribution. The strategy aims to adjust the VPP output power in a
wide range. It finds out the solution via linear integer programming, and experimental simulation is
implemented using DIgSILENT software. A risk hedging strategy is presented in [106] for commercial
VPP that deals with cross bilateral contracting and medium-term self-scheduling problem to pertain
optimal solutions. The strategy faces price uncertainty by introducing first-order stochastic dominance
constraints (FSD). It addresses mixed-integer linear programming (MILP) problem that is evaluated
through an off-the-shelf software package. A multi-criteria operation strategy for VPP is presented
in [107] applied for the power-to-heat system. It consists of wind, solar, CHP, EV and other electric
storage system. The strategy addresses a stochastic optimization algorithm with MILP to eliminate
uncertainties and bottom-up modeling to provide optimal scheduling. A novel optimal scheduling
model is presented in [108] that considers the battery degradation cost and consists of DERs and
ESSs. The method introduces two-stage stochastic mixed-integer linear programming to maximize
the expected profit. An optimization algorithm is presented in [37] that focuses on designing an
optimal large-scale VPP consisting of several small scale elements in a large area and storage capacity.
The proposed algorithm concerns the optimal thermal and electrical energy distribution in the electricity
markets and observes each distributed energy resource’s exact position (DER). The algorithm deals
with the complex problem and addresses mixed integer linear programming to solve the problem in a
short computational time and to ensure the maximum profit from the VPP.
A direct load control model for VPP optimization based on linear programming is represented
in [109] that is applicable for both distribution and transmission networks. The model involves several
DERs for the optimal design of VPP. The model ensures optimal load reduction over a defined control
period by computing the optimal control schedule. The proposed control model is practically applied
to the Spanish deviation management market to justify its acceptance. The demand-side management
(DSM) program for VPP architecture in the urban energy system is presented in [110]. In Figure 14,
a DSM representation for a virtual power plant is shown.

A direct load control model for VPP optimization based on linear programming is represented
in [109] that is applicable for both distribution and transmission networks. The model involves
several DERs for the optimal design of VPP. The model ensures optimal load reduction over a defined
control period by computing the optimal control schedule. The proposed control model is practically
applied to the Spanish deviation management market to justify its acceptance. The demand-side
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In Figure 14, a DSM representation for a virtual power plant is shown.

Figure 14. A schematic representation of virtual power plants considering the demand side

Figure 14. A schematic representation of virtual power plants considering the demand side management
management or operational scheduling of loads. (Note: PV-photovoltaics; DER-distributed energy
or operational scheduling of loads. (Note: PV-photovoltaics; DER-distributed energy resources;
resources; CHP-combined heat and power).
CHP-combined heat and power).

It introduces a service-oriented approach to ensure optimal and flexible power distribution among
DERs based on-demand responses (DR) such as price-based DR, reduction bias DR, incentive-based DR,
and event-based DR. The EMS includes two units: profile generation unit (PGU) and optimal scheduling
unit (OSU). It introduces MILP to deal with system complexity and focuses on maximizing profits.
An optimal dispatch scheduling is presented in [111] that focuses on optimal operation VPPs,
consisting of RES and CPP. The scheme introduces MILP to solve the optimization problem and ensure
maximum profits.
The objective function to minimize operation cost can be illustrated as:
Costmin =

T
X

(Cconv (t) + yconv (t) ∗ Sconv )

(20)

t=1

where Cconv (t) is the function of the cost of electricity production from CPP, yconv (t) is 1 when CPP is
started from the beginning period t and is 0 in other cases, Sconv is the startup cost of CHP.
An optimization algorithm for VPP is presented in ref. [57], consisting of three different approaches:
reference scenario, forced strategy, and economic strategy. The reference scenario only deals with
the imbalance error in the electricity market, whereas forced strategy eliminates imbalance error
expect considering prices. Financial strategy concerns about maximizing profits with minimum
costing. The algorithm includes MILP to solve the DA optimization problem. A VPP control system is
demonstrated in [112], consisting of wind, solar, fuel cell, and battery storage. It aims to continue the
generation and distribution of energy with maximum profit and minimum cost. MILP with genetic
algebraic modeling systems (GAMS) is introduced to implement the system, and Budapest Tech acts as
a testing platform. The total minimal marginal cost can be expressed as follows:

CostMin






24 

X

=


t=1 





Pwind (t) × Cwind (t) + PPV × CPV (t)
+PFC (t) × CFC (t)
−PStorage Battery Charge (t) × CStorage Battery Charge(t)
+PStorage Battery Discharge (t) × CStorage Battery Discharge(t)
+Undelivered Energy (t) × CUndelivered Energy (t)
−Excess Generated Energy (t) × CExcess Generated Energy (t)















(21)
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Wille-Haussmann et al. [44] proposes a VPP control algorithm based on the MILP technique and
tests the acceptability by introducing combined heat and power (CHP) with the DERs. The maximum
profits from the proposed scheme can be represented as:
Pro f itmax =

T h
X
i
Gth [t] + GEEX [t] − Cchp [t] − Cboiler [t]

(22)

t=1

where Gth and GEEX represent the earnings from selling thermal energy and electrical energy, respectively.
Cchp , and Cboiler represents the fuel and operational cost of CHP and boiler, respectively.
Among the existing several optimization strategies of VPP, the fifteen optimization techniques are
considered in linear algorithm-based optimization techniques, and they are compared in Table 6. It is
seen that most of the linear algorithm-based optimization uses MILP (like optimal bidding strategy)
and off-self software to curb the complex problem, able to handle the risk as a risk management tool.
It can deal with uncertainties by using stochastic optimization.
Table 6. A comparative analysis among different linear programming-based strategies for the virtual
power plants.
Ref

Optimization Approach

System Configuration

Key Features
•

[37]

[44]

Mixed-integer linear
programming (MILP)
based optimization
algorithm

DER, ESS, and CHP
plant

An optimization
algorithm

CHP system

•
•

[57]

Combined optimization
algorithm

Micro CHP system and
PV power plant

[59]

An agent-based
approach for VPP based
on linear programming

Wind power generator
and electric storage
system (battery)

[102]

Mixed-integer linear
programming (MILP)
optimization method

RER, ESS, and CPP

[103]

Two-stage stochastic
mixed-integer linear
programming based
optimization algorithm

DER (PV, wind firms,
micro-turbine, diesel
generator, and battery
banks)

Provides a reliable platform for the
thermal and electric power
distribution to the electricity market
Focuses on minimizing the production
and distribution cost
Introduces MILP to solve problems
with less computational time

•
•

Optimization in power distribution
Introduces MILP to maintain
optimal operation

•

Three optimization approaches:
reference scenario, forced strategy, and
economic strategy
MILP for problem-solving
Ensures low cost with high profits

•
•
•
•
•
•

•
•
•

Presents an optimal power
distribution system
Maximizes system profits
Considers long-term bilateral with
market responses and uncertainties
Provides an optimal power
management system with
maximum profits
Considers risk factors
The Conditioning Value at Risk acts as
a risk measurement tool
Maximizes profits and optimizes
risk level
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Table 6. Cont.
Ref

Optimization Approach

System Configuration

Key Features
•
•

[104]

Two risk management
approach based
interactive cooperation
model

DER
•
•
•

[105]

Coordinated control
strategy

PV and controllable
loads

•

•
•
•
[106]

A risk hedging strategy
for commercial VPP

DER

•
•

•
•
[107]

Multi-criteria operation
strategy

Wind, solar, CHP, EV,
and other electric storage
systems

•
•

[108]

A novel optimal
scheduling model based
on two-stage stochastic
mixed-integer linear
programming

•
DER and ESS

•

•
•
[109]

Direct load control
model based on linear
programming

DER
•
•

Considers inter-regional contracts to
design an optimal model
Two risk management approaches: the
conditional value at risk (CVaR) and
second-order stochastic
dominance constraints
Introduces MILP to solve
complex problems
Maximizes system efficiency
An optimal power
distribution platform
Introduces mixed integer
programming (MIP) to solve
coordinated problems
DIgSILENT as simulation software
Considers cross-regional contracts,
bilateral contracts, and energy market
Introduces first-order stochastic
dominance constraints to deal
with uncertainties
MILP and off-the-shelf software
are used.
A medium-term energy market and
risk management scheme
Ensures optimal power-sharing
platform from sources
Considers technical and economic
aspects and uncertainties
Bottom-up modeling for
optimal scheduling
Stochastic optimization and MILP to
eliminate uncertainties
Maximizing expected profit through
two-stage stochastic MLIP technique
Considers battery degradation cost
and risk level
Intends to control the loads in the
electricity market optimally
Controls the thermal behavior of the
space-heating system and
air-conditioning system
EnergyPlus software acts as a
simulation tool
Tested and verified in northern Spain
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Table 6. Cont.
Ref

Optimization Approach

System Configuration

Key Features
•
•
•

[110]

Demand-side
management (DSM)
program

DER, ESS

•
•
•

[111]

[112]

Optimal dispatch
scheduling

A VPP model

RES and CPP

Wind, solar, fuel cell, and
battery storage

Introduces the
service-oriented approach
Emphasizes on-demand responses
(DR)
Demand responses (DR): price-based
DR, reduction bias-based,
incentive-based and event-based
Focuses on optimal operation
among DES
Addresses MILP for system
optimization modeling
Three classifications: physical agents,
communication agents, and
logical agents

•
•

Maximizes profits
Introduces MILP to solve
optimization problems

•
•
•
•

Optimal operation
Minimization of cost
Maximum profits
MILF with Genetic Algebraic
Modeling Systems

Note: DER-distributed energy resources; ESS-energy storage system; CHP-combined heat and power;
PV-photovoltaics; VPP-virtual power plant; RER-renewable energy resources; EV-electric vehicle).

5.7. Optimization Algorithm Based on Stochastic Technique
The ref. [113] introduces an optimization scheme based on two-stage stochastic programming.
This scheme considers two uncertainty parameters: wind power generation and day-ahead market
prices and addresses hydro-power storage as an alternative to wind energy. A novel stochastic
programming approach is introduced in [114] that uses the Nucleolus and Shapley value methods,
a cooperative game theory, to optimize system efficiency with maximum profit. This approach analyzes
the day-ahead market (DAM) and the balancing market (BM) for optimal operation. The conditional
value at risk (CVaR) is computed to examine the risk factor.
The objective function that maximizes the profit can be expressed as:
Pro f itmax = (1 − β)

XX
ω

t

πω Πtω + β(η −

1 X
πω ζω )
1−α ω

(23)

where α is the setting confident level, β is the weighting factor, ζω is the auxiliary variable to compute
CaVR, πω is the probability of occurrence of scenario ω, and Πtω is the profit realized in time t and
scenario ω.
In Figure 15, the classification of various best demand response load (DRL) strategies for the
stochastic profit-based scheduling approach is presented. A bi-level stochastic scheduling optimization
model is proposed in [115] (as shown in Figure 16), which consists of PV, wind, conventional gas turbine
(CGT), and energy storage system and introduces robust optimization to eliminate uncertainties. It is a
bi-level optimization model where a joint scheduling optimization model is applied to maximize profit
at the upper level. Another model is applied at a lower level to minimize system costs. A stochastic
adaptive robust optimization scheme for offering strategy is presented in [39]. The strategy deals with
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DA and RT energy market prices to maximize expected profits and eliminates uncertainties from the
energy market and wind power generation. The approach considers the level of robustness to ensure
Energies 2020, 13, x
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the optimal operation DERs with minimum cost.
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PV, wind, CPP, and EV and considers uncertainties and demand responses of the electricity market,
as shown in Figure 17. Stochastic chance constraints planning (SCCP) is introduced to eliminate
the uncertainties, and a stochastic scheduling model is proposed to lessen the operational costs and
Energies
2020, 13,
x
maximize
profits.
A three-stage hybrid intelligent solution algorithm is addressed that includes: the PSO,30 of 44
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s. Psel,zts is the served electric load power at time t, zone z, and scenario s. PIdrp,zts
drp,zts
𝑒
−860 ∗ 𝜌𝑁𝐺,𝑡 𝑃𝑐ℎ𝑝,𝑧𝑡
𝑃𝑏𝑜𝑖𝑙,𝑧𝑡
∗
(
+
𝐻𝑉𝑁𝐺
𝜂𝑐ℎ𝑝,𝑧
𝜂𝑏𝑜𝑖𝑙,𝑧
24 𝑁𝑧

𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑥 = ∑ ∑ 𝜋𝑠 ∗

t=1 z=1

−(𝑆𝐶𝑐ℎ𝑝,𝑧 ∗ 𝐼𝑐ℎ𝑝,𝑧 + 𝑆𝐻𝐶𝑐ℎ𝑝,𝑧 ∗ 𝐽𝑐ℎ𝑝,𝑧𝑡

+ ∑∑

𝑒
𝑒
𝑒
𝑡
𝑡
𝑡
−(𝑎𝑠𝑡,𝑧
|𝑃𝑠𝑡,𝑧𝑡
| + 𝑏𝑠𝑡,𝑧
+ 𝑎𝑠𝑡,𝑧
|𝑃𝑠𝑡,𝑧𝑡
| + 𝑏𝑠𝑡,𝑧
)

𝑡=1 𝑧=1

(

)

(24)
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represents the first, second, and third-level electric load curtailment respectively of DR at hour t, zone
z, and scenarios s. Pens,zts is the amount of unserved energy in zone z, hour t, and scenario s. Pline,zt is
the cross power of upstream line at zone z and hour t. ρSR,ts and ρEM,ts is the spinning reserve market
price and energy market price at hour t and scenario s, respectively. HVNG is the heating value of
natural gas. aest,z , and best,z are the positive coefficient of the thermal storage cost function in zone z.
ηboil,z and ηchp,z are the boiler efficiency and CHP electrical efficiency in zone z, respectively.
The existing stochastic based strategies may be bi-level or two-stages based. However, both the
stochastic techniques can eliminate the uncertainties and maximizes the profit. The discussed eleven
different stochastic methods are compared in Table 7, which illustrates that most of the stochastic
methods are concerned with the techno-economic optimal scheduling, uses different approaches like
Nucleolus and Shapely value, DRL programs to maximizes the profit, and also handle the complex
problem and demand response like other approaches.
Table 7. A comparative analysis among different stochastic techniques for the virtual power plants.
Ref

Optimization Approach

[39]

Stochastic adaptive
robust optimization
scheme for
offering strategy

[48]

The stochastic
profit-based
scheduling approach

System
Configuration

Key Features
•

DER, ESS

•
•
•

•
•
DER
•
•

[66]

A multi-objective
stochastic scheduling
optimization model

PV power plant,
wind power
plant, CPP, and
EV

•
•
•

[113]

Two-stage stochastic
programming based
optimization algorithm

Wind energy
and
hydropower
storage

•
•
•

•
[114]

A novel stochastic
programming approach

DER

•
•

Concerns about DA and RT for energy
market prices
Maximizes profits and minimizes cost
Eliminates uncertainties
Stochastic robust optimization for
VPP modeling
Introduces DRL programs for optimal operation
IEEE-Reliability Test System as a
validation platform
MILP for optimization problem solving
Considers uncertainties and demand responses
(DR)
SCCP for eliminating uncertainties
A stochastic scheduling model for
optimal operation
Maximizes profits and minimizes cost
Uncertainties: Day-ahead market price and
wind power output
Eliminates uncertainties and maximizes profits
Uncertainties due to the price of electricity, load
consumption, loss of power, and power output
of generation units
The Nucleolus and the Shapley value methods
to maximize profits
The conditional value at risk (CVaR) for
risk measurement
Provides optimal power management with
maximum profits
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Table 7. Cont.
Ref

Optimization Approach

System
Configuration

[115]

A bi-level stochastic
scheduling optimization
model

PV, wind,
conventional
gas turbine
(CGT), and ESS

A stochastic and
deterministic model

RES

A probabilistic model

Thermal and
electrical
resources

[116]

[117]

Key Features
•
•
•

A bi-level optimization model
The upper level maximizes profit while the
lower level minimizes cost
Robust optimization eliminates uncertainties

•
•
•

Secure power distribution
Implemented in EPEX/EEX
Concerns about techno-economic conditions

•

A modified scenario-based decision-making
method for optimal operation and to
eliminate uncertainties
Energy and reverse scheduling method for
demand response

•

Note: DER-distributed energy resources; ESS-energy storage system; DA-day ahead; RT-realtime; VPP-virtual power
plant; DRL-demand response loads; IEEE-institute of electrical and electronics engineering; MILP-mixed-integer
linear programming; CPP-conventional power plant; EV-electric vehicle; SCCP- stochastic chance constraints
planning; RER-renewable energy resources; EPEX/EEX-European power exchange/European energy exchange).

An optimization scheme for VPP may subsume more than one technique. For example, an offering
strategy may employ either a stochastic method or linear programming. A summarization is illustrated
in Table 8, which indicates whether a technique is included in an optimization scheme or not.
The 37-optimization scheme has been included in Table 8, although 65 control strategies are considered
for presenting an extensive review of the existing control strategies for VPP.
Table 8. A summarization of the optimization scheme that includes different control techniques.
Ref.

Optimization
Scheme

Offering
Model

Intelligent
Technique

PBUC

Bidding
Strategy

Linear
Programming

Stochastic
Technique

[2]

Probabilistic
PBUC
approach

8

8

4

8

4

8

[37]

MILP based
optimization
algorithm

8

8

8

8

4

8

[39]

The
stochastic
adaptive
robust
optimization
scheme

4

8

8

8

8

4

[41]

PBUC model

8

8

4

8

8

8

[46]

A
multi-agent
system
(MAS)

8

4

8

8

8

8
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Table 8. Cont.
Offering
Model

Intelligent
Technique

PBUC

Bidding
Strategy

Linear
Programming

Stochastic
Technique

[48]

The
stochastic
profit-based
scheduling
approach

8

8

8

8

8

4

[57]

Combined
optimization
algorithm

8

8

8

8

4

8

[59]

Agent-based
approach

8

4

8

8

4

8

[63]

Optimal
bidding
strategy

8

8

4

4

8

8

[66]

Multi-objective
stochastic
scheduling

8

8

8

8

8

4

[86]

Offering
model based
on two-stage
stochastic
programming

4

4

8

8

8

4

[87]

Offering
model based
on two-stage
stochastic
MILP
scheme

4

8

8

8

4

4

[88]

Offering
optimization
model

4

8

8

8

8

8

[89]

Risk
aversion
model

4

8

8

8

8

8

[90]

Fuzzy
multiple
objective
optimization
algorithms

8

4

8

8

8

8

[91]

Agent-based
control

8

4

8

8

8

8

[92]

Intelligent
Auto-control
System

8

4

8

8

8

8

[93]

A
multi-agent
system
(MAS)

8

4

8

8

8

8

[95]

Optimal
bidding
strategy

8

8

8

4

4

8

Ref.

Optimization
Scheme
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Table 8. Cont.
Offering
Model

Intelligent
Technique

PBUC

Bidding
Strategy

Linear
Programming

Stochastic
Technique

Optimal
bidding
strategy

8

8

8

4

4

8

[97]

Optimal
bidding
strategy

8

8

8

4

4

8

[100]

Mathematical
modeling
with Benders
decomposition
technique

8

8

8

4

8

8

[101]

Bi-level
multi-objective
approach

8

8

8

4

4

8

[109]

Direct load
control

8

8

8

8

4

8

[102]

MILP
optimization
method

8

8

8

8

4

8

[103]

Two-stage
stochastic
MILP based
optimization
algorithm

8

8

8

8

4

4

[104]

Interactive
cooperation
model

8

8

8

8

4

4

[105]

Coordinated
control
strategy

8

8

8

8

4

8

[106]

Risk
hedging
strategy

8

8

8

8

4

4

[107]

Multi-criteria
operation
strategy

8

8

8

8

4

8

[108]

A novel
optimal
scheduling
model

8

8

8

8

4

4

[110]

Demand-side
management
(DSM)

8

8

8

8

4

8

[111]

Optimal
dispatch
scheduling

8

8

8

8

4

8

[113]

Two-stage
stochastic
programming

8

8

8

8

8

4

Ref.

Optimization
Scheme

[96]

optimization
algorithm
Interactive

[104]
cooperation model
Coordinated control

[105]
strategy
Energies 2020,
13, 6251
Risk hedging

[106]
strategy
Multi-criteria

[107]
operation strategy
AOptimization
novel optimal
Offering
[108]
Ref. scheduling model
Scheme
Model
Demand-side

[110]
Novel
management
(DSM)
stochastic
[114] Optimal dispatch
8 
[111]
programming
scheduling
approach
Two-stage stochastic

[113]
programming
Bi-level
stochastic
[115] Novel
stochastic
8

[114]
programming
scheduling
approach
The
Bi-level stochastic
stochastic

[115]
scheduling
8
[116] and
The stochastic and
deterministic

[116]
deterministic model
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model
 means the technique is included, and  implies the method is not included in the optimization
4 means the technique is included, and 8 implies the method is not included in the optimization scheme. Note:
scheme.
Note: PBUC-priced-based
unit commitment; MILP-mixed-integer
PBUC-priced-based
unit commitment; MILP-mixed-integer
linear programming. linear programming.

Figure 18 presents a graphical illustration that enumerates the number of published papers in
Figure 18 presents a graphical illustration that enumerates the number of published papers
recent years (2013–2019) based on specific techniques (conventional, offering model, intelligent
in recent years (2013–2019) based on specific techniques (conventional, offering model, intelligent
approach, PBUC, bidding strategy, linear programming, and stochastic optimization). Figure 18
approach, PBUC, bidding strategy, linear programming, and stochastic optimization). Figure 18
includes only 44 papers out of 65 present a smooth graphical representation from 2013 to 2019, and
includes only 44 papers out of 65 present a smooth graphical representation from 2013 to 2019, and the
the remaining 18 articles were published in different years, including 2007, 2008, 2010, 2011, and 2012.
remaining 18 articles were published in different years, including 2007, 2008, 2010, 2011, and 2012.
Conventional

Offering Model

Intelligent Technique

PBUC

Linear Programming

Bidding Strategy

Stochastic Technique

5

Publications

4
3
2
1
0
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2014

2015

2016
Year
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Figure 18. A graphical representation of VPP optimization strategies that are published in different years.

Figure 19 presents a year-based representation of the number of publications in recent years
(2013–2019). The highest number of papers was published in 2013, but there was a considerable
decrease in publications in the next two years. The number of papers was increased in 2016, and that
was 10. The lowest number of papers was published in 2019, and that was three.

years.

Figure 19 presents a year-based representation of the number of publications in recent years
(2013–2019). The highest number of papers was published in 2013, but there was a considerable
decrease in publications in the next two years. The number of papers was increased in 2016, and that
Energies
6251 number of papers was published in 2019, and that was three.
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ofof
thethe
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of publications
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scheme
in recent
Figure
representation
total
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of publications
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VPP optimization
scheme
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recent
years. years.

6.
Conclusions and
6. Conclusions
and Future
Future Directions
Directions
To
schemes.
To improve
improve the
the VPP
VPP technology,
technology, researchers
researchers have
have proposed
proposed several
several optimization
optimization schemes.
Selecting
a
proper
optimization
scheme
from
existing
methods
to
apply
in
a
specific
VPP
field
Selecting a proper optimization scheme from existing methods to apply in a specific VPP field seems
seems
quite
tricky.
Therefore,
this
paper
profoundly
analyzes
65
control
strategies
in
terms
of
optimization
quite tricky. Therefore, this paper profoundly analyzes 65 control strategies in terms of optimization
techniques,
advantagesand
anddisadvantages,
disadvantages,
computational
time,
economic
technical
efficacy,
techniques, advantages
computational
time,
economic
andand
technical
efficacy,
and
and
accuracy.
Furthermore,
a
comparative
study
is
also
done
among
the
classified
seven
types
accuracy. Furthermore, a comparative study is also done among the classified seven types of
of
optimization
algorithms,
techniques,
and
methods
for
VPP
that
concern
the
technical
and
economic
optimization algorithms, techniques, and methods for VPP that concern the technical and economic
efficacy
efficacy of
of the
the system.
system.
The
significant
The significant findings
findings from
from the
the analysis
analysis are
are illustrated
illustratedas
asfollows:
follows:
•

•

•
•

•

•

The
strategy
that that
utilizes
wind power
demand
intermittence
The offering
offering
strategy
utilizes
wind and
power
and responses
demand overcomes
responses the
overcomes
the
problem
in
the
electricity
market.
The
system
also
balances
the
electricity
market
prices
with
an
intermittence problem in the electricity market. The system also balances the electricity market
improving
profit.
A
fast-computation
can
be
achieved
if
the
offering
model
is
combined
with
prices with an improving profit. A fast-computation can be achieved if the offering model is
stochastic
combined programming.
with stochastic programming.
Like
fuzzy
logic,
intelligent
control
can maintain
priority priority
management
among suppliers,
Like fuzzy logic,
intelligent
control
can maintain
management
among consumers,
suppliers,
and
demandand
responses.
a flexible smart
grid smart
can begrid
established
using MASusing
that
consumers,
demand Furthermore,
responses. Furthermore,
a flexible
can be established
includes
ANN,
level-based
approach,
and
EVPP.
MAS that includes ANN, level-based approach, and EVPP.
PBUC
methodutilizes
utilizesDERs
DERs
in DA
market
scheduling
to handle
uncertainties
in the
PBUC method
in DA
market
scheduling
to handle
uncertainties
in the electricity
electricity
market. market.
Bidding strategies
strategies (BSs)
(BSs) can
can maximize
maximize profits.
profits. The BSs
BSs with
with two-stage
two-stage robust
robust optimization
optimization can
can
Bidding
eliminate uncertainties
uncertainties along
along with
with maximizing
maximizing profits.
profits. The security can also be ensured by BDT
eliminate
based BS.
BS.
based
DLC, based on linear programming, successfully handles both the transmission and distribution
system. CCS can govern power in a broader range. Linear programming-based control maximizes
profits as well as lessens risk.
Bi-level or multi-level stochastic optimization can deal with uncertainty parameters such as wind
power generation, DA market scheduling, and ultimately provides maximum profits.
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The analysis presents the probability of combining different techniques in a single strategy to
attain optimal operation to distribute power in the electricity market. Moreover, the study analyzes
different optimization schemes that enable the researchers to verify optimization strategy considering
financial and technological reliability, computational time, and eliminating uncertainties. Analysis of
the business model provides a notion to handle the electricity market by considering consumers’
behavior and demand responses. Optimization strategies that include more than one technique are also
analyzed and demonstrated to perceive the feasibility. Overall, the authors believe that the systematic
categorization presented in the review work would guide future enthusiasts to choose the proper
optimization strategy for a specific application in this field.
VPP provides a flexible platform that can add or remove any of the power sources, but uncertainty
results in the system operation. Future research can be extended to analyze uncertainties of VPP.
An extensive exploration of day-ahead 24 h scheduling can be carried out to integrate VPP and power
to gas technology. Dynamic load management and priority-based load management in microgrids
should be analyzed. There should be comprehensive research to develop the efficacy of the combined
operation of VPP and electric vehicle charging. IVPP (information VPP) provides different levels
of information to the VPP operator. IVPP should be included in future research to represent the
acceptability of the VPP optimization technique. Further research can be considered in the field of
inductive charging and autonomous driving.
Author Contributions: Conceptualization, A.K.P. and N.M.K.; data curation, A.K.P., S.I., and N.M.K.; formal analysis,
A.K.P., S.I., and N.M.K.; funding acquisition (APC), A.A.C., K.A.P., and K.A.M.; methodology, A.K.P., and N.M.K.,
resources, N.M.K.; supervision, N.M.K.; visualization, A.K.P., S.I., N.M.K., and A.A.C.; writing—original draft,
A.K.P., S.I., and N.M.K.; writing—review & editing, N.M.K., A.A.C., P.N.R., K.A.P., T.L., and K.A.M. All authors
have read and agreed to the published version of the manuscript.
Funding: This research activity received no external funding.
Acknowledgments: This research project is funded by The University of the South Pacific (USP) under the
research office Strategic Research Theme (SRT grant-2017); Project Title “Future of Renewable Energy in Fiji”.
The authors also acknowledge the support from the School of Engineering and Physics at USP.
Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations
The following abbreviations are used in this manuscript:
ABC
ABP
ALDFS
ANN
BDT
BLMOA
BLSSOM
BM
CCC
CCS
CGT
CHP
CIDOA
CPP
COA
CVaR
DA
DER
DG
DHDCA

Agent-Based Control
Agent-Based Approach
Adaptive Load Dispatching and Forecasting Strategy
Artificial Neural Network
Bender Decomposition Technique
Bi-Level Multi-Objective Approach
Bi-Level Stochastic Scheduling Optimization Mode
Business Model
Control Coordination Center
Coordinated Control Strategy
Conventional Gas Turbine
Combined Heat and Power
Combined Interval and Deterministic Optimization
Conventional Power Plant
Combined Optimization Algorithm
Conditional Value at Risk
Day-Ahead
Distributed Energy Resources
Distributed Generation
Direct, Hierarchical and Distributed Control Approach
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DLCM
DSM
DSO
EEX
EMM
EMS
EPEX
ESS
EVMM
FC
FLC
FMOOA
FRS
FSD
GDCS
IAS
IM
IOE
IVPP
KKT
LWC
MAS
MBM
MCOS
MILP
MM
MORSM
MOSS
MRTS
NDRM
NLMT
NLMIPM
NOS
NSPA
OA
OBS
ODS
OOM
OS
PBUC
PEM
PM
PSO
PV
RAM
RES
RHS
RT
RTS
SAEV
SAROS
SCADA
SDM

Direct Load Control Model
Demand Side Management
Distribution System Operator
European Energy Exchange
Energy Management Model
Energy Management System
European Power Exchange
Energy Storage System
Electric Vehicle Management Module
Fuel Cell
Fuzzy Logic Control
Fuzzy Multiple Objective Optimization Algorithm
Frequency Regulation Strategy
First-Order Stochastic Dominance
Generation Driver Control Strategy
Intelligent Autocontrol System
Instant Messaging
Internet of Energy
Industrial Virtual Power Plant
Karush-Kuhn-Tucker
Levelized Fresh Water Cost
Multi-Agent System
Market-Based Model
Multi-Criteria Operation Strategy
Mixed Integer Linear Programming
Mathematical Model
Multi-Objective Robust Stochastic Model
Multi-Objective Stochastic Scheduling
Mixed Rental Treading Strategy
Novel Demand Response Model
Non-Linear Minimization Technique
Non-Linear Mixed Integer Programming Model
Novel Optimal Scheduling
Novel Stochastic Programming Approach
Optimization Algorithm
Optimal Bidding Strategy
Optimal Dispatch Scheduling
Offering Optimization Model
Offering Strategy
Price-Based Unit Commitment
Point Estimate Model
Probabilistic Method
Particle Swarm Optimization
Photovoltaic
Risk Aversion Model
Renewable Energy Resources
Risk Hedging Strategy
Real-Time
Reliability Test System
Standard Autonomous Electric Vehicle
Stochastic Adaptive Robust Optimization Scheme
Supervisory Control and Data Acquisition
Stochastic and Deterministic Model

38 of 46

Energies 2020, 13, 6251

SOA
SPBSA
TPA
TRM
TRM
TSO
TSOSM
TSSP
TVPP
VOIP
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Service-Oriented Architecture
Stochastic Profit-Based Scheduling Approach
Trip Prediction Algorithm
Two Risk Management
Two Risk Management
Transmission System Operator
Two-Stage Optimal Scheduling Model
Two-Stage Stochastic Programming
Technical Virtual Power Plant
Voice Over IP

Nomenclature
The following nomenclature is used in this manuscript:
f
The total fuel cost for all the energy resources
CGrid
The cost of electric energy in terms of grid
ηH
Heat generator
ηP
Power generator
ηHc
Combined heat and power plant
Ttot_cost
The total cost
AVel
The weighted average of the electricity cost
β
The deterministic factor
ξ
The degree of pessimism of the distribution market
y0
The random forecasted values
Pd
Deterministic profits
LVPP
The total hourly load of VPP
t
λw
The hourly DA wholesale market prices
t
U−
The total system disutility
f

ρEM,t , ρω
EM,t

Pω
sel,zt

The forecasted and scenario-dependent prices in the electricity market, respectively
The scenario-based electricity demand

Pssel,zt
πω,t

ρSR,t , ρretvpp ,t , ρens,t
n0
nc
nn
CEP
u,t
gas
Ct
EP
eu,t
CSv
δv,t
f (δ)
dCS
v,t
c(t)
Cbat
Lbat
CDG (t)
C grid
γcycles
up

πdown
, πr
r

up

ψdown
, ψr
r

The scheduled served electricity demand in period t and zone z
The probability of occurrence of scenario ω in period t
The spinning reserve market price, VPP’s retail energy rate, and considered penalty
of non-reserved in period t respectively.
The number of device off
The number of devices operating under curtailed power
The number of devices operating under normal rated power
The price of earned energy from EP u during period t
The price of gasoline during time t
The energy supply by EP u during period t
The average gasoline usage of PHEV
The depth of discharge (DOD) for PHEV v during period t
The probable battery replacement cost as a function of DOD
The charge-sustaining (CS) mode during period t by PHEV v
The charge energy
The cost of the battery
The life of the battery in equivalent full cycle
The cost function of DG
The cost function of the grid
The battery cost during opposite aging
The probability of the rth down-regulation and up-regulation price
scenario, respectively
The down-regulation and up-regulation price ratio in time t respectively
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up

bmdown
wp , bmwp
SUCc
Ccwp (t)
λp (t)
Ed
Voll
Hprod
Wprod
Eb
Ttot_el
Epr
PkDL
CkDL
αkDG , βkDG , γkDG
CDG , CSG
SUCDG , SDCDG
LOADt
SCdg,i,t , SHCdg,i,t
ρE,t
ρR,t
ρL,t
Pcurt,i,t
Pdg,i,t
GP ( t )
up
Pwsp
Pdown
wsp
B
Cconv (t)
yconv (t)
Sconv
Gth
GEEX
Cchp
Cboiler
α
ζω
πω
Πtω
PSR,ts
Psel,zts
PIdrp,zts , PII
, PIII
drp,zts drp,zts
Pens,zts
Pline,zt
HVNG
ηboil,z , ηchp,z
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The power sell and purchase in balancing market, respectively
The CPP start-up cost
The total cost of the CPP electricity production
The DA market price in time t and scenario p
Annual electricity that is not supplied or brought from the grid
The value of the lost load
The annual hydrogen production
The annual freshwater production
The annual electricity brought from the grid
The total generated electricity
The electricity price of the grid
The curtailment value of dispatchable load in an hour
The cost of an interruptible consumer to curtail its load in an hour
The binary decision (on = 1, off = 0) for DG unit status, start-up and shunt down in
hours, respectively
The generation costs of dispatchable and stochastic DG unit, respectively
The start-up and shut down the cost of DG unit, respectively
The total forecasted load of VPP
The shut up and shut down the cost of DG
The price of the energy market
The price of spinning reserve market
The retail energy rate of VPP
The unserved load for trading in the energy market
The generation of DG in the energy market
The day-ahead market
The electricity sells
The electricity purchase
The importance of risk minimization
The function of the cost of electricity production from CPP
1 when CPP is started from the beginning period t and is 0 at other cases
The startup cost of CHP
The earnings from selling thermal energy
The earnings from selling electrical energy
The fuel and operational cost of CHP
The fuel and operational cost of the boiler
The setting confident level
The auxiliary variable to compute CaVR
The probability of occurrence of scenario ω
The profit realized in time t and scenario ω
The exchange power between VPP and spinning reserve market at hour t and
scenario s
The served electric load power ai time t, zone z, and scenario s
The first, second, and third-level electric load curtailment respectively of DR at hour t,
zone z, and scenario s
The amount of unserved energy in zone z, hour t, and scenario s
The cross power of upstream line ai zone z and hour t
The heating value of natural gas
The boiler efficiency and CHP electrical efficiency in zone z, respectively
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