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Abstract: An integrated energy system interconnects multiple energies and presents a potential
for economics improvement and energy sustainability, which has attracted extensive attention.
However, due to the obvious volatility of energy demands, most existing integrated energy systems
cannot operate in a totally self-sufficient way but interact with the upper grid frequently. With the
increasingly urgent demand for energy saving and emissions reduction, renewable resources have
occupied a larger and larger proportion in energy system, and at last they may be dominant in
the future. Unlike conventional fossil fuel generation, the renewable resources are less controllable
and flexible. To ease the pressure and guarantee the upper grid security, a more independent
integrated energy system is required. Driven by that, this paper firstly reviews the optimal strategies
considering both independence and benefit from perspectives of individual efforts and union efforts.
Firstly, the general optimization process is summarized in terms of energy flows modelling and
optimization methods to coordinate supply–demand side and realize benefit maximization. Based
on that, handling with uncertainty of high-ratio renewable energy is reviewed from uncertainty
modeling methods and multi-stage operation strategy perspectives to make the strategy accurate and
reduce the adverse effects on the upper grid. Then, the hybrid timescale characteristics of different
energy flows are explored to enhance operation flexibility of integrated energy systems. At last, the
coordination among different participants is reviewed to reduce the whole adverse effect as a union.
Remarks are conducted in the end of each part and further concluded in the final part. Overall, this
study summarizes the research directions in operation optimization of integrated energy systems to
cater for a renewable energy dominated scene to inspire the latter research.

Keywords: integrated energy system (IES); operation optimization; renewable energy; multiple
energy flows; multiple participants

1. Introduction

At present, the energy structure worldwide is dominated by primary energy, which
raises a dilemma between the increasing demand and sustainable supply of limited energy
resources [1]. To face that, vigorous renewable energies (RE) have been explored as
alternative resources of fossil fuels [2], for instance, wind and solar generation. Since 2010,
the installed capacity of renewable energy has increased at an average annual rate of 8%.
In 2015, the United Nations adopted two historically significant agreements including
the Paris Agreement [3] and the 2030 Agenda for Sustainable Development [4] to reduce
global pollutant emissions. In the meantime, a novel energy structure named integrated
energy system (IES) is proposed to integrate and coordinate electricity, gas, heat and other
energies in a comprehensive manner to enhance energy utilization efficiency [5]. In an
IES, multiple energies are interconnected and converted by various coupling components
to satisfy terminal demands. With reasonable operation strategy, the correlation and
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complementarity among different energy flows provide potential to carry out energy
storage and transformation in multiple temporal and spatial scales. To this end, the optimal
operation strategy is especially critical.

Since the IESs are always near to the end users, the multiple energy demands are
obviously volatile, and most existing IESs cannot operate in a totally self-sufficient way,
but generally need to obtain extra assist from the upper grid. For the conventional upper
power system with large capacity controllable power supply, the demands from lower
IESs are relatively easy to satisfy and will not cause significant pressure. However, the
installed capacity of renewable energy has increased rapidly to face energy crisis and
environment protection. Under this context, some researchers proposed to establish an
RE-dominated energy system and even a 100% RE energy system for the future [6–8].
Unlike conventional fossil fuel generation, renewable resources are less controllable and
flexible. Hence, for an RE-dominated energy system in future, the frequent interactions
with multi-IESs will largely increase the adjustment pressure and may even cause some
security issues during the peak time. In this context, the consideration of the independence
of an IES is particularly significant when making an operation strategy.

To date, some review work has been conducted on the IES operation optimization.
Combined heat and power (CHP)/combined cooling, heating, and power (CCHP) systems
are regarded as typical IESs, which supply cooling, heat, and power simultaneously by
using cogeneration/trigeneration equipment [9,10]. Ref. [11] presented the working scheme
of CCHP and gave an introduction to related facilities. The research process on CCHP
configuration, operation optimization, and sizing technologies was reviewed, and the
development as well as barriers in the practical application of representative countries
were summarized. In Ref. [12], the CCHP modeling methods were summed up in terms
of prime movers, storage systems, loads, and RE. Planning and operation optimization
work was also reviewed in brief. With regard to operation optimization, Ref. [13] gave a
summary of common economic and economic-emission dispatch models for CHP operation,
Ref. [14] focused on the optimization techniques, Ref. [15] concluded all aspects of CCHP
optimization from problem formulation to algorithms selection systematically, and Ref. [16]
discussed the operation characteristics and application flexibility of CHP in IES. However,
CHP/CCHP systems are relatively basic and simple in terms of energy forms, system
composition, and energy interconnection.

With the development of IES, more devices, energies, and flexible resources are
involved to comprehensively utilize energy and improve the system performance in eco-
nomics, energy savings, and environmental protection. As for IES under a more compli-
cated structure, Ref. [17] introduced the concepts and evaluation indicators of IES and
Ref. [18] discussed essential aspects in modelling of grid-based IES and presented three
source modelling frameworks. A few works also reviewed the IES operation optimization
but were not sufficiently comprehensive. Ref. [19] introduced the basic concept and charac-
teristics of IES and moreover reviewed the IES operation methods under deterministic as
well as uncertain environment. However, the review was devoted to general optimization
problem formulation and analogous to that in a conventional power system. Ref. [20]
reviewed the optimal control and operation behavior of IES and gave more details in
modelling and constraints. Likewise, it only focused on the general optimization problem
and did not address the IES operation independence. Overall, though the study on IES
operation optimization is in its fast growth stage, there are only a few reviews in this field,
and more efforts are necessitated to summarize the research progress from different angles
and inspire the future directions.

To our best knowledge, there is no review work that concentrates on the IES particu-
larity and discusses the effort directions to cater for a renewable energy dominated future
scene in system operation optimization. To fill this gap, this paper aims to discuss the
optimal strategy of IES with consideration to both independence and benefit.

The reasons for IES dependence on the upper grid are concluded as follows:
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(1) The uncertainty brought by increasing high ratio RE in IES. It can be deduced that
the RE will account for an increasing proportion in IES over time, especially for an
RE dominated future scene. These intermittent weather-dependent energies bring
about uncertainties in IES operation optimization and inevitably cause deviation
from the original operation plan [21,22]. To maintain security and stability of the
system, the interactions with the upper grid are necessitated and hence the operation
independence is reduced.

(2) The flexibility limitation brought by strong coupling among multiple energy flows.
Due to the physical characteristics of energy generation and conversion devices, the
different energy flows are tightly interconnected and coupled, which means the sys-
tem cannot operate flexibly enough to face various multi-energy demands and have
strong RE accommodation ability under the security and stability constraints [23,24].

(3) The obvious volatility of multi-energy demands. The IESs are always established close
to the end users to satisfy their real-time demands in electricity, heat, and cooling.
Due to the human activities, the load profiles are volatile, and there may exist big
load peak and off-peak difference [25,26]. On some occasions, the system has to ask
for help for the sake of energy supply reliability and operation security.

The analysis for the causes of IES dependence provides insights for the effort directions
to increase independence and satisfy the future requirements. Aiming at each cause, the
corresponding measures are discussed. Firstly, since the high-ratio intermittent RE bring
great accommodation pressure and uncertainties for IES, efficient handling methods with
RE uncertainty will promote the accuracy of the optimized operation strategy and increase
the system independence. Secondly, breaking the strong coupling among multiple energy
flows will improve the system operation flexibility to face different requirements and then
reduce the external assistance from the upper grid. IES couples and coordinates multiple
energies, which have distinguishing dynamic process and topologies [27]. Aiming at its
particularity, some efforts can be made. Electricity travels at light speed with little time
delay and energy loss through power networks, while gas and heat transport in slow
speeds through pipelines [28,29]. The time-scale characteristics of these three main energy
products are distinctly different. For example, the time delay of temperature change from
the heat source to users can be minutes to even hours due to the long-distance pipes. That
means the supply and demand of energy flows with large inertia is not balanced in real
time, but with a time delay. If the dynamic characteristics of different energy flows are
considered, the unit will not adjust operation mode to follow the load variation rapidly for
the sake of satisfying the real-time balance, and it provides a buffer for system operation.
These transmission pipelines can store a certain amount of gas/heat and hence have virtual
storage ability. If the potential buffer is fully exploited, it will be beneficial to enlarge
the system operation flexibility and reduce support from the upper grid [30–32]. Thirdly,
reducing the adverse impact of volatile demands is another effort direction. The IES, upper
grid, and end users can be regarded as different participants who affect the final operation
strategy through energy transactions and interest coordination [33]. Hence, except for the
efforts from one single IES, the interest coordination among these parties can affect the
supply and demand relationship and then influence the IES operation strategy. For example,
during the peak load when the energy demand exceeds the generation, if increasing the
consumption payment in this period, the peak load shaving will be achieved in IES by
shifting the utilization time of the energy without varying the overall energy consumption,
and then the support from the upper grid can be reduced in the meantime [34–36]. With
the rational price signals, the load profile can be smoothed, and the benefits of these
participants can be increased. The cooperation of multiple participants provides a potential
win–win way to improve independence, especially for a future scene, where multiple
sub-IESs are conceived to interconnect an “energy internet” [37,38]. In this case, these
neighboring IESs share resources and exchange energies mutually. Since each IES has
its unique load characteristics, the interconnection among multi-IESs will contribute to
energy complementary at the IES level. The interaction among these IESs can reduce the
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independence of a single IES and relieve the upper energy system burden. On the basis of
the above discussion on effort directions, this paper aims to summarize the existing work of
each aspect in IES operation optimization and give our insights to inspire future researches.
To have a better illustration, the efforts directions in IES independence promotion are
displayed in Figure 1.

Figure 1. The illustration of efforts directions in IES independence promotion.

IES is a promising energy utilization form to realize energy saving and economic
improvement. To cater for an RE dominated energy structure in future, the independence
improvement for IES has great significance. To our best knowledge, there is no related
review work conducted from this new perspective aiming at IES particularity and facing
the future scene. To fill this gap, this paper firstly discusses the effort directions in making
optimal strategy with consideration to both independence and benefit, and then reviews
the latest work of each aspect separately. The contributions of this paper are as follows:

(1) This paper firstly analyzes the causes for dependence and discusses the effort direc-
tions to improve the IES operation independence from the perspectives of individual
efforts and union cooperation. On this basis, this paper aims to summarize the ex-
isting work of each aspect in IES operation optimization and give our insights. To
our best knowledge, this is the first time the IES operation optimization considering
independence improvement to cater for an RE dominated energy structure in future
has been focused on.

(2) To reduce the adverse impact from the RE on independence, the uncertainty handlings
are reviewed from the perspectives of uncertainty modelling methods and multi-stage
optimization strategy to improve the accuracy of optimization results and reduce
interactions with the upper grid.

(3) To reduce the adverse impact from the strong couplings among multiple energy flows
in IES, this paper reviews the exploration of the potential buffer in heat and gas
pipelines. To our best knowledge, this is the first time the considerations of hybrid
timescale characteristics of multiple energy flows in IES operation optimization have
been comprehensively reviewed.

(4) To reduce the adverse impact from the volatile multi-energy demands, this paper re-
views the coordination among different participants to smooth load profile with price
signals. The concept, mechanisms, and applications of game theory are introduced
under the scenes of single IES and multiple IESs in a future energy network. To our
best knowledge, this is the first time a review on the corporation of different interest
participants in these two scenes has been conducted.
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The rest of this paper is structured as follows: Section 2 reviews the unified IES op-
timal operation process to realize individual benefit maximization. Based on that, more
considerations can be added. Sections 3 and 4 introduce the directions of individual efforts
in independence promotion. Section 3 concludes the handling methods facing RE uncer-
tainties from two perspectives (i.e., uncertainty modelling and multi-stage dispatching)
to reduce the adverse impact of RE on operation optimization results. Section 4 intro-
duces the multiple time-scale characteristics of hybrid energy flows and separately reviews
their depiction approaches in operation optimization to explore the potential buffer and
increase system operational flexibility. Section 5 introduces the directions of union efforts
and reviews the coordination among different participants in resources and interest to
adjust the relation between supply and demand. The remarks and future directions are
respectively discussed at the end of each section, and the study is moreover concluded
with final remarks in Section 6.

2. General Formulation of IES Optimal Operation

The IES operation optimization problem is formulated based on mathematical model-
ing and optimization formulation. Firstly, the models of energy carriers and energy flows
are built to represent device physics characteristics, energy transformation, and coupling
relationship. Then, the objectives are developed as a baseline estimation in accord with
requirements and realized with some optimization techniques. To make the results feasible
and practical, constraints such as operation limits need to be considered. This part aims
to give an intuitive show of the basic process of IES operation optimization considering
individual benefit. Based on that, more considerations can be incorporated to promote
independence. The device modelling methods have already been summarized in Ref. [12],
and the other parts are summarized as follows.

2.1. Hybrid Energy Flows Modelling of IES

An accurate mathematical model is essential to depict and analyze the hybrid power
flows among different devices. In present, there are two mainstream methods in IES energy
flows modelling, i.e., bus based model and energy hub (EH) based model. In the operation
optimization of most basic IES, such as a local IES, the different characteristics of energy
flows are neglected, and the supply–demand relation is regarded as real-time balanced.

2.1.1. Bus Based Model

Bus based model [39–41] is the most commonly utilized hybrid energy flow modelling
method. It can explicitly reflect the entire process of energy flows and energy coupling
relationships. Its basic idea is to classify the bus according to energy transfer mediums (for
instance, electricity bus, heat bus, cooling bus, gas bus) and then list energy flow balance
equation in each bus node. Specifically, the main steps are the following:

Step 1: analyze the energy flow relationship of IES in detail.
Step 2: define variables and list energy flow expressions of each component.
Step 3: write energy flow balance equation in each bus node in accord with the principle
that the sum energy flows should be zero.

Figure 2 shows a typical IES framework based on bus structure. In this system,
electricity demand is satisfied by gas turbine unit and wind turbine jointly, while power
grid is as a supplement. The waste heat from gas turbine is recovered and supply for heat
load as well as absorption chiller driven. The output of absorption chiller is used to satisfy
users’ cool demand. Gas turbine, waste heat boiler, and absorption chiller realize energy
cascade utilization in IES and improve primary energy efficiency. Additionally, gas boiler
and electric cooler are set as auxiliary devices in case the heat or cooling load is greater
than the supply of trigeneration unit. Three kinds of storage devices including electricity
storage, cooler storage, and heat storage are used for peak load shifting and reducing
excess energy.
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Figure 2. Energy flow in a typical IES.

In the above IES, PWT, Pin represent wind turbine output and input power from
the power grid. GGT, GGB denote input natural gas of gas turbine and gas boiler, re-
spectively. ηe and ηh represent electrical and thermal efficiency accordingly, while ηGB

represents gas boiler efficiency. COPec, COPab are the performance coefficient of electric
cooler and absorption chiller. Hab represents the consumed heat power by absorption
chiller. PES, PTS, PCS, respectively, denote power exchange with energy bus of these three
kinds of storage devices, where the subscripts c and d indicate energy absorption mode
and energy release mode, respectively. Le, Lh, Lc denote power demand of different load.
As aforementioned, there are three buses including electricity bus, heat bus, and cooling
bus. The energy balance equation in each bus is listed in Equation (1).

electricity : PWT + Pin + ηeGGT + PES,c = Le + Pec + PES,d
heat : ηhGGT + ηGBGGB + PTS,c = Lh + Hab + PTS,d

cooling : COPecPec + COPabHab + PCS,c = Lc + PCS,d

(1)

2.1.2. Energy Hub Based Model

The concept of energy hub (EH) was put forward by Geidl et al. in 2007, and it was
defined as a unit that provided the features of input, output, conversion, and storage of
multiple energy carriers [42]. An EH consumes at the input ports and provides certain
energy to users at the output ports through internal various energy carriers. The proposal
of EH provides a new means of IES modeling and analysis [43]. The EH modeling method
emphasizes the output and input characteristics from the perspective of efficiency analysis,
while the internal complex structure is regarded as a black box. As shown in Figure 3 is a
universal model of EH, wherein the Li(i = 1, 2 . . . m) and Pj(j = 1, 2 . . . n) denote the i-th
output energy power flow path and the j-th input energy power flow path, respectively.
A coupling matrix C is defined to reveal the conversion relation among output and input
ports wherein cij is the relation coefficient. Specifically, the energy flow modelling can be
described as Equation (2).

L1
L2
...

Lm

 =


c11 c12 · · · c1n
c21 c22 · · · c2n

...
...

. . .
...

cm1 cm2 · · · cmn




P1
P2
...

Pn

 (2)
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Figure 3. Description of EH based model.

The EH based modelling method is from the angle of entirety to depict external
characteristics of IES, and the core point is to obtain the coupling matrix C. In general, there
are four steps for it:

Step 1: define input and output power variables, namely L vector and P vector.
Step 2: define dispatch factors ν at input connection point of energy conversion device.
Step 3: denote the output of energy conversion device with its respective function.
Step 4: list the power balance equation at the output connection point and then arrange it
in standard matrix form.

An example is given in Figure 4, wherein νGT represents dispatch factor of gas turbine
and other variables are as the same as Figure 2. The corresponding energy flow model is
established in Equation (3).[

Le
Lh

]
=

[
1 ηeνGT
0 ηGB(1 − νGT

) ][ Pin
Gin

]
(3)

Figure 4. An IES structure based on EH model.

The high integrity and compactness of EH-based modeling attract much attention,
and the coupling matrix has been expanded to combine more components, including de-
mand response [44], storage devices [45,46], plug-in electrical vehicles [47], and renewable
resources [48].

2.1.3. Remarks on These Two Modelling Methods

The bus based modelling method is conducted from the angle of locality to separately
model each device and energy system. It is a quasi-steady state model and is easy to
describe the system topology. The advantage is that it can explicitly reflect the entire
process of energy flows and energy coupling relationships. However, the modelling process
is based on the detailed analysis of energy flows to build balance equations in each bus. For
a simple system, it is easy to carry out and express clearly. As for a complicated IES with
more devices, energy types, and more intricate coupling relationships, the conventional bus
base modelling method will have low efficiency and may complex equation formulation,
reduce intuitiveness, and aggravate solving difficulty. In addition, some critical information
(for instance, the transmission characteristics and network losses) is simplified or ignored,
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and the results accuracy is influenced. Hence, it is more applicable for an IES with simple
structure.

As for EH based energy flow modelling method, it is conducted from the angle of
entirety and concentrates more on the relation between input and output instead of the
specified internal interconnections. It has better scalability and extensibility, which facilitate
the calculation process and are effective in system operation optimization. Due to these
advantages, it is especially applicable for the modelling of increasing complicated IESs. The
EH base modelling method has attracted many researchers’ attention and has grown rapidly
in recent years. However, the coupling matrix is not easy to obtain, especially with more
elements such as storage devices and demand response. Additionally, the standardized
modeling method contains dispatch factors and products of decision variables in coupling
matrix, and the operation problem becomes nonlinear with a high computation burden.
Hence, it proposes higher requirement for optimization techniques.

2.2. Operation Optimization of IES

As denoted in Equation (4), the IES optimal operation problem is essentially an
optimization problem with variables, objectives, operation constraints, and optimiza-
tion techniques. fi(x) denotes i-th objective function, x denotes n-dimensional decision
variables, m denotes the number of objective functions, and gj(x)(j = 1, 2, . . . , p) and
hk(x)(k = 1, 2, . . . , q) represent the j-th equality and k-th inequality constraint function,
respectively. The decision variables include a number of operating devices, on–off signals,
output of each generation device, storage state at different time slots, etc. More detailed
description about optimization objectives, major constraints, and solving methods are
concluded separately as follows.

min F = [f1(x), f2(x), f3(x). . . fm(x)]Ts.t. gj(x) = 0, j = 1, 2, · · · , phk(x) ≤ 0, k = 1, 2, · · · , q (4)

2.2.1. Objectives

From the whole system perspective, multiple objectives are presented in the optimiza-
tion model with different purposes. Aiming at different objectives, the optimization results
provide theoretical guidance for the system scheduling and transactions. The optimization
results change dramatically when the optimization objectives are different. Normally, the
operation economy is the most concerning issue to have a better market competitiveness
and benefit. The economy evaluation can be subdivided into cost reduction and benefit
improvement, and they are represented with corresponding functions. For the former,
it aims to minimize the total cost in the operation. In general, the main cost includes
operation cost (such as the fuel cost, start/off cost and maintenance cost) and purchasing
cost from external energy markets. To relieve the pollution, it is noted that the concern for
the environmental impact is growing. The excess carbon cost and penalty cost of wind
curtailment are also included for some scenes [49]. From the benefit perspective, it aims to
increase the potential income through energy transactions. The cost–benefit evaluation can
also be considered with the concept of net profit, which indicates the difference between
the total benefit and the total cost. With the pursuit of these economic objectives, the
cost and benefit balance can be achieved, and the optimal economic operation strategy is
obtained. The common economic indicators include the total operation cost, profit, social
welfare [50,51], and so on.

On the basis of the economy pursuit, the concern of energy savings is also intro-
duced, sometimes faced with the energy crisis. The energy saving is evaluated from the
perspectives of energy generation [52,53], energy consumption [54], and energy utiliza-
tion efficiency [55,56]. Some typical energy saving indicators, including primary energy
consumption (PEC), primary energy ratio (PER), and primary energy efficiency (PEE),
are utilized to increase energy savings. Additionally, the environmental protection also
raises attention to reduce adverse impact on the environment during operation, such as to
minimize the NOx emissions [57], the carbon emissions [58,59], and the total emissions [60].
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With all these considerations from different perspectives, the objective may be multiple.
Common indicators are concluded as follows:

Faced with different demands and preferences, the optimization objectives are various,
and the optimal operation strategy varies greatly. The objectives may be multiple and
sometimes mutually exclusive. For instance, the improvement of environmental impact will
bring reduction of economic benefit. Thus, it necessitates an efficient coordination approach
to promote the development of multi-objective optimization. Additionally, the existing
indicators take the different grade energies equally, which is not reasonable from an energy
utilization perspective. Some exergy analysis methods can express the difference from
the second law of thermodynamics, yet are normally adopted in system thermodynamic
analysis [61,62] and seldom utilized in the IES operation optimization process. In summary,
a comprehensive and systematic evaluation system to better guide optimization directions
is lacking.

2.2.2. Constraints

Each component in IES has its operation characteristics and technical constraints,
which must be considered in dispatching to guarantee practicality and authenticity. When
associated with other parts in IES, additional constraints are imposed to satisfy device
physical conditions, and operators’ or users’ specific demand at a system level. The main
constraints in a single IES are concluded and listed as below.

• Device physical operation constraints: power balance constraints, units power outputs
constraints, unit ramp/down speed constraints, unit startup/stop time constraints,
etc. [63].

• Security constraints: transmission power flow limits, frequency deviation constraints,
etc. [64].

• RE penetration constraints: least accommodation ratio of RE constraints, etc. [65,66].
• Demand response constraints: quantity and time constraints of interruptible loads [67],

users’ satisfaction constraints [68], etc.

2.2.3. Optimization Techniques

The optimal IES operation has been studied extensively. Among them, the major
solution methods can be divided into mathematical optimization methods and heuris-
tic methods.

The conventional mathematical methods are designed with appropriate iteration
formulas and get the approximate solution finally after multiple iterations. They usually
start with a given initial point and calculate the next iteration point according to the
descending information such as gradient. Thus, they have fast convergence speed and
high searching efficiency. Many typical mathematical methods have been used in IES
operation optimization problems, such as the Lagrangian Relaxation (LR) method [69],
Generalized Reduced Gradient (GRG) method [70], Interior Point (IP) method [71] and
Benders Decomposition (BD) method [72]. The GRG is easy to implement but has poor
convergence, and hence it is not applicable for a complicated problem. The IP method
performs well in many aspects, but is not applicable for all problems. Likewise, the LR
method is also faced with the problem of computational complexity. Compared with
others, the BD method can reduce the computational complexity and is more effective
for a large-scale and complicated problem. However, it has slow convergence rate and
low efficiency. In general, the mathematical optimization methods have a long history of
developments and are relatively mature in theoretical research. Hence, they are easier to
conduct and implement, even though the computing cost of these methods are expensive,
especially when solving a complex problem. Additionally, they require more information,
which is not always known beforehand. Hence, they are more applicable to a small-scale
IES operation optimization problem with fewer devices and interconnection relationships.

Intelligent methods are a kind of experience-based approach, which have been rapidly
developed and implemented on various optimization problems. They are inspired by
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behaviors, reactions, and communication mechanisms in nature and imitate the process
to seek the optimal solution in a more effective group search way. The most extensively
utilized intelligent methods include Genetic Algorithm (GA) [73], Particle Swarm Optimiza-
tion (PSO) [74], Bacteria Foraging Algorithm (BFA) [75], Dance Bee Colony Algorithm [76],
etc. The GA method has good diversity of solutions. Since it is easy to implement, it is
extensively utilized. However, it is probable to lose the optimal solutions and needs long
time for convergence. To solve more complex problems and improve calculation efficiency,
many algorithms derive into many improved forms, for instance, Non-dominated Sorting
Genetic Algorithm (NSGA) and NSGA-II [77]. Compared with GA, the PSO method is
easier to find the global optimal solutions, yet it is not sure to be strictly convergent and is
probable to be immersed in local optima in multi-modal problems. Some improved vari-
ants also appeared like multi-objective PSO(MOPSO) [78], and Adaptive Multi-Objective
Particle Swarm Optimization (AMOPSO) [79]. The SA method is more probably to find
the global optimal solution, but it is time consuming and may be constrained by initial
conditions. Compared with classical mathematical methods, intelligent methods need
neither extra initial points nor gradient information of objective functions, and additionally
have dominant superiority in universality, parallel computing ability, and possibilities of
global optimization solution obtained. Thus, they are more suitable and efficient for an opti-
mization problem with little information/large-scale/high-dimension/multiple objectives.
However, the conventional intelligent methods are easy to fall into local optimum and the
convergence speed is expected to be improved. Detailed mechanism description can be
found in Ref. [80], and the comparison of different optimization methods are concluded in
Table 1.

Table 1. Comparisons of common optimization algorithms.

Category Algorithms Advantages Disadvantages

Mathematical methods

GRG Applicable to nonlinear problems, simple to
implement, and need little preparation work. Poor convergence

IP Fast speed, high accuracy, good performance in
robustness and convergence

Not applicable for a problem with many
local minima.

BD Reduce complexity of problems to be solved Slow convergence rate and low
calculation efficiency.

LR More flexible and aiming at searching for a
coordination to reduce duality gap error.

May appear oscillation or singularity in the
iteration process and be suboptimal.

Intelligent methods

GA Little information needed, simple scheme of fitness
arrangement, easy to realize parallel computing

Objective function design and adaptable
individual selection are difficult, high

computation stress.

SA More possible to find global optimal solution Performance is relevant to initial conditions
set, slow convergence speed

PSO Easy to obtain global optimal solution, fast
computation speed, feasible adjustment.

Probable to get local optima, weak in local
searching ability

BFA Simple, high efficiency, easy to jump out from local
optimal solution

Poor adaptability to complex problems,
sensitive to external environment change

From the comparison of different methods, it is found that there is no one that per-
forms the best in all aspects. Although there are already many studies and continuous
developments, there still exist difficulties to be solved or performance to be improved. With
the fast development of IES, it tends to combine more energies and devices, which will com-
plex the operation optimization problem in both calculation burden and difficulty. Hence,
the computation complexity remains to be reduced, and computation time shortened, and
computation efficiency needs to be improved. Decomposing the original complicated
problem into some small sub-problems or using some dimensionality reduction techniques
is a promising direction, yet the implementation in mathematics is the most difficult part.
Additionally, from the comparison in Table 1, it can be seen that each method is unique with
distinct features. The calculation performance relies on the characteristics of optimization
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problems, i.e., objectives, variables types (continuous, discrete, or integer), and constraints
forms (linear or nonlinear), as well as convexity of problem. At present, the selection of
the optimization algorithm for a concrete operation optimization problem often relies on
expert knowledge or production experiences and existing previous research. To assess the
performance of application optimization results, a standard or benchmark is necessitated.
Even though some indexes such as convergence, computation time, and uniformity are
normally adopted, a comprehensive and systematic evaluation method is still lacking.

3. Handling Uncertainty of High Accommodation Renewable Energy in IES

To reduce pollutant emission and faced with the fossil energy crisis, the installed
capacity of renewable energy is rapidly growing worldwide, and an RE-dominated system
is proposed for the future. In this context, renewable resources will also account for an
increasingly high ratio in IES. However, the power generation of renewable resources such
as wind and solar is weather-dependent and with strong uncertainties. Normally, the
output of RE is estimated based on prediction means and then incorporated into the IES
operation optimization problem. Inevitably, errors exist between predicted and real value,
which reduces the accuracy of results and causes adverse impact on the interaction with
the upper grid. Compared with uncertainties from other issues, such as loads and device
technical performance deviation, the RE has the greatest uncertainty, especially for a high
RE proportion IES. Different from single power system, the uncertainty is easy to expand
through strong coupling and interconnections among different energy flows and various
energy conversion devices in IES. The uncertainty cascade will influence the energy supply
stability and cause serious safety problems, especially for an IES with less controllable units.
In addition, the IES will require more support from the upper grid to maintain normal
operation. Therefore, the consideration of RE uncertainty is particularly vital in making
IES operation strategy, and the effective handling method will be a direction of individual
efforts to promote IES independence and benefit. Some measures have been taken to
tackle with that, and it is categorized in this paper into three terms including (1) increasing
prediction accuracy, (2) modelling RE uncertainty, and (3) step-wise eliminating the adverse
influence by multi-stages optimization. As the first category is restricted to technical level,
the last two are respectively reviewed in this paper.

3.1. Uncertainty Modelling Methods

To obtain enough information, many uncertainty modelling methods have been
applied to depict RE output with considerations of uncertainty in the operation problem.
The most common approaches are probabilistic approaches, wherein uncertain parameters
(for example, output of wind unit and photovoltaic) are modeled by probability density
functions (PDFs) and dealt with probabilistic strategies such as Monte Carlo simulation
(MCS) [81,82], scenario-based analysis (SBA) [83], and point estimate method (PEM) [84].
The core ideas of these three common methods are described as follows.

• MCS utilizes PDFs of input uncertain variables (i.e., wind speed) to calculate objective
functions on the basis of input–output relationship and select the best individual at
different iterations as optimal solution. The more the number of trials is, the more
accurate result is achieved, but computational time increases. Overall, MCS is simple
to implement but computationally expensive.

• SBA method subdivides the PDF curve of uncertain input variables into several
regions. The probability of falling each region can be calculated and expressed based
on PDF and then the expected value of output is represented with the total sum of
the product of probability and corresponding value in each region. Likewise, higher
number of scenarios increases the accuracy of the achieved results. Hence, SBA
method is also a technique with high computational burden.

• PEM works based on the statistical information provided by the first few central
moments of an input random variable on K points for each variable. With these points
and the function, which reveals the relation between input and output variables, the
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information about the uncertainty associated with problem output random variables
can be obtained [85]. Similar to MCS, PEM method uses deterministic routines for
solving optimization problems with uncertainty. As it provides an approximate
description of the statistical properties of random variables, it can significantly reduce
the calculation times. However, the PEM methods cannot describe the correlation
between different uncertain inputs.

These conventional probabilistic approaches are conducted based on the assumption
that the random variables accord with the given PDFs (for example, wind speed prediction
obeys the Weibull distribution [86], solar irradiation obeys beta distribution [87]).

With the increasing penetration of renewable resources in IES, more renewable energy
generation units with different power generation characteristics in time and space scale
may be integrated in the system, and these existing PDFs are not fairly applicable and
sufficiently accurate. To solve that, some data-driven improved probabilistic approaches
are imposed. In this paper, they are subdivided into three categories as follows.

(1) Non-parametric probability distribution models

Non-parametric probability distribution models are with no restricting assumption on
the distribution of random parameters but abstract statistics information from samples, and
hence they can obtain more accurate probability distribution of random variables. Ref. [88]
adopted non-parametric optimization method to operate and plan energy storage units in
power distribution grids. The results were compared with conventional deterministic and
parametric stochastic approaches based on Gaussian approximation, and it was proved to
significantly release computation burden. Kernel density method was proposed in Ref. [89]
for wind speed distribution model, and it was demonstrated to be more accurate and more
superior in adaptability using three years’ actual wind speed data at ten wind farm sites.
Based on that, Ref. [90] presented an improved diffusion-based kernel density method
(DKDM) to estimate wind speed probability distributions with consideration on both band
width selection and boundary correction. The statistics of goodness of fit tests of DKDM
were smaller than the conventional methods in most stations, and its practicality was
demonstrated.

(2) Stochastic process model

Stochastic process model is normally adopted in prediction of renewable resources out-
put, and recently it is extended to model uncertain parameters in dispatch optimization by
some researchers. Ref. [91] quantified the uncertainty of uncertain wind power in stochastic
economic dispatch with the proposed method, which was on the basis of Karhunen–Loeve
expansions and historical data at each wind farm. The experiments showed that the pro-
posed method was one to two orders more efficient than Monte Carlo-based estimates.
However, it faced a curse-of-dimensionality challenge.

(3) Scenario generation methods based on artificial intelligence technologies

Scenario generation methods based on artificial intelligence (AI) technologies take the
advantage of strong data mining ability to directly generate uncertain scenarios with actual
data instead of fitted probability distribution density functions. Hence, they are more
accordant with the real characteristics of random variables. Ref. [92] utilized generative
adversarial networks to capture renewable energy production patterns in both temporal
and spatial dimensions for a large number of correlated resources. In Ref. [93], artificial
neural networks (ANNs) were proposed to generate scenarios to account for various
stochastic variables including electric load, PV, and wind production, and it applied this
method to an optimal participation problem of a PV agent in day-ahead market. The
percentage difference of ANN-based model with respect to perfect forecast could be up
to −0.78%, −1.64%, and −4.47% in three scenarios, and it showed its accuracy compared
with other methods.

Compared with conventional probability distribution density functions, these data-
driven methods depict the variation characteristics of renewable resources more accurately
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and hence improve system operation strategy. Nonetheless, the performance of these
methods strongly relies on the external manifestation of samples, which may influence
the results of dispatch. Additionally, these methods are investigated in the conceptual
stage and most are applied in simple power system to validate their effectiveness. As for
an IES with plenty of different variable types and complex coupling relations, the size
of optimization problem is much larger, and their shortness in computation efficiency
problem will aggravate.

Another normal uncertainty modelling method is robust optimization method (RO).
The conventional RO considers the worst-case condition and yields a conservative schedul-
ing in which the uncertain variables allow change within a given range around their
forecasted values. The dispatch problem based on RO can be expressed as Equation (5),
where f (x) is the objective functions, x is the robust feasible solutions of the decision vari-
ables, A and b represent the constraint vector in robust model, and D is the uncertainty set.

min f (x)s.t. Ax ≤ b, ∀A ∈ D (5)

It should be noted that the set of range D significantly influences the optimization
results. At present, the most commonly utilized uncertainty set is polyhedral uncertainty
sets, as shown in Equation (6). The subscript of ω denotes uncertain variable d, which
constitute a set Ω, dω represents the value of d, and Dl

ω and Du
ω are the upper and lower

limit of dω.
D =

{
d : Dl

ω ≤ dω ≤ Du
ω, ∀ω ∈ Ω

}
(6)

It is easy to understand and implement, yet the simple consideration on upper and
lower limits cannot truly reflect the variation range of uncertain variables and furthermore
leads to a conservative solution from mechanism. To face that, some other uncertainty sets
are introduced, represented by ellipsoidal uncertainty sets [94,95] and extreme scenarios
based uncertainty sets [96–98]. Though these methods reduce the conservativeness and
guarantee the robustness of optimal decision scheme, they are still on the basis of worst
scenarios, and the over-conservative problem exists. Probability distribution of random
variables is combined into the RO method to make up for the deficiency. The core idea of
data driven robust optimization (DRO) methods is to establish an ambiguity set based on
probability distribution with data and make the optimal decision under worst scenario in
ambiguity set. By fully utilizing the statistical information of uncertain parameters, the
conservativeness can be reduced. It should be noted that the key point of this method is
to establish the ambiguity set. The two most commonly utilized methods are statistical
moment based [99,100] and distance based [101] ambiguity sets. Ref. [99] demonstrated
that the conventional RO method was too conservative, while the DRO method could
greatly reduce the redundant cost by over-conservativeness. Ref. [101] designed a distance-
based ambiguity set to capture uncertainty of wind power distribution in a two-stage UC
problem. The results showed that the cost decreased from $4.9131 × 104 with data size
50 to $4.6850 × 104 with data size 5000, and that the conservativeness of the problem
could be controlled by adjusting the data size and confidence level. However, the average
calculation time was over 5700 s for a practical system. Overall, the statistical moment
based DRO methods reflect the statistical information of random variables through data
analysis, which is easy to implement and achieve. On the other hand, it cannot fully
mine the statistical information and leads to a respectively conservative result, while the
distance-based method builds empirical probability distribution based on data and defines
the distance between the actual and established empirical one. It needs fewer data and
thoroughly excavates information. Nevertheless, the optimization problem may have
difficulties in solving, and even cannot be solved with the expansion of the scale. To have
an intuitive comparison, the advantages and disadvantages of these above uncertainty
modelling methods are summarized in Table 2.
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Table 2. Comparisons of uncertainty modeling approaches.

Category Method Advantages Disadvantages

Conventional probabilistic methods

MCS
Simple to implement, use deterministic

routines to solve the problem in
each simulation.

A great number of scenarios are
generated, high computational burden.

SBA Simple to implement High computational burden.

PEM
Lower calculation pressure, applicable to
problem with little perfect knowledge of

probability functions

The computational burden and
probability of obtaining infeasible

solutions raise with increment of points

Conventional RO method Useful in the case lacking in
full information

Conservative and hard to obtain
optimal strategy

Data driven probabilistic methods

Non-parametric probability
distribution models More accurate probabilistic distribution

The solution scale is large and needs
sufficient data

Stochastic process model Less data demand

Scenario generation methods
based on AI

No probability distribution
density function

Data driven RO methods

Statistical moment based
ambiguity sets

Easy to implement and can reduce
conservativeness to some degree

The statistical information of data
cannot be fully mined, and the results

are relatively conservative.

Distance-based ambiguity sets Mine the statistical information better and
can reduce conservativeness Difficult to solve for a complex problem

Additionally, some other stochastic methods including possibilistic methods, hy-
brid probabilistic–possibilistic methods, interval optimization (IO), and information gap
decision theory (IGDT) are also extensively employed in handling uncertainties of RE
generation output in IES operation optimization. The specific description of these methods
can be found in Refs. [102,103], and they are not deeply reviewed in this paper. In general,
all these methods are trying to seek an expression form to quantify the effect of uncertain
inputs on the optimization results. Their main difference reflects on the uncertainty depic-
tion techniques. Based on these methods, the uncertain variables are represented with a
stochastic form in objective equations and constraints equations, and the non-deterministic
dispatching problem is usually converted to a deterministic one so that the adverse effects
brought by uncertainties can be reduced.

3.2. Multi-Stage Optimization Strategy

In uncertainty modelling methods, the information of RE output forecast values are
estimated by probability distribution or other forms before the operation horizon begins
and the uncertainty level is contained to be used in later system operation optimization.
These methods are efficient on the condition that the RE penetration is relatively low, and
hence the negative impact of deviation between predicted and real values is not great on
the IES as well as upstream main grid. For a large-scale RE incorporated IES, the error
between expected and actual values become larger and then may affect the results accuracy.
Moreover, the impact of IES on the upstream main grid is expected to be minimized to
reduce penetration and release power grid pressure. Thus, more efforts are required,
especially for a renewable-rich IES.

It is obvious that the prediction error is getting smaller as time goes on. Multi-stage
operation optimization is therefore proposed to successively mitigate uncertainty of RE
at different time scales and then reduce adverse influence on the IES optimal operation.
Generally, the process can be divided into three stages including day-ahead dispatch
(DA), intra-day scheduling (ID), and real-time control (RT) corresponding to timescale as
illustrated in Figure 5. DA is the first stage to determine the operation strategy of each
device in IES with 24 h forecasting data of loads and REs output obtained at time t− ∆t,
wherein t presents the DA dispatch start time and usually sets as 0:00, and ∆t denotes
the time delay due to communication or calculation. The dispatch horizon of DA stage is
24 h (∆Tda) and corresponding resolution is 1 h (∆T0). Model predictive control (MPC)
based rolling optimization has been extensively applied in intra-day scheduling [104,105].
In MPC-based ID stage, the time horizon is ∆Tid, the start time is t0, the corresponding
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resolution is ∆T1, and the rolling window is ∆Tr. In the rolling process, only the first
interval scheduling plan is implemented, and the optimization process will be repeated at
time t0 − δt + ∆T1. The time-scale of ID is always 15 min level, while RT is always in the
time scale of second/millisecond. The control resolution is denoted as ∆T2, and dt is the
time delay of measurement devices.

Figure 5. Framework of multi-stage optimization strategy [106].

Each optimization stage has different functions and objectives, as illustrated in
Figure 6. In the DA stage, based on day-ahead input information and devices’ physi-
cal models as well as the energy flows model, the optimal decision is made. Since it is
a relatively long-term scheduling, it always pursues economic or environmental perfor-
mance maximization. The DA stage provides a base operation decision of variables for
the following ID stage, and the uncertainty of RE can be considered, utilizing uncertainty
modelling method. After that, ID strategy is optimized with the almost same process as DA
but based on short-term prediction information. It should be noted that the ID stage aims
to adjust the optimization strategy to eliminate the adverse impact from RE generation
output prediction error between long-term DA stage and short-term ID stage. Hence, the
optimization objective is always to maintain the IES, a controllable individual from the
perspective of upper power grid. With the time approaching, the main characteristics
of RE generation output are captured, and the operation strategy obtained can mostly
satisfy the actual condition. However, deviation between predicted and real values still
exists. As the electricity power is real-time matching, some fast fluctuations may sometimes
cause safety problems. Hence, the RT stage optimization is usually integrated from the
perspective of reactive power adjustment to mitigate the voltage fluctuation caused by RE
variability utilizing real-time data to guarantee the network security. Through coordinating
optimization objectives in multiple operation optimization stages, the renewable resources
fluctuation and uncertainty can be eliminated step by step.

The multi-stage optimization strategy is originated from the power system and was
applied to IES operation optimization recently. Ref. [107] proposed a two-stage operation
optimization scheme, wherein the first stage was based on probability analysis before the
renewable output is not realized, and the second stage was set after the uncertainty has
been observed in a high-penetrated distribution system. The results demonstrated that the
energy loss could be reduced from 110.3 to 54.9 kWh, and the voltage violation could be
eliminated. Based on that, a three-stage operation optimization scheme consisting of DA,
ID, and RT was presented for a renewable-rich system to promote RE consumption and
mitigate the system uncertainty in Ref. [106], wherein the dispatch horizons for multiple
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stage were 24 h, 2 h, and real time, with corresponding resolution of 1 h, 15 min, and
15 s. The above researches are faced with a distributed power system, and only electricity
is considered.

Figure 6. Flowchart of multi-stage IES optimization process.

Faced with system integrated multiple heterogeneous energy resources, Ref. [108]
conducted a two-stage operation to smooth out the RE fluctuations and follow the load
variations in an electricity–cooling coupled IES system. In the day-ahead stage, hourly
generation schedules of each MG component based on the forecasted electricity and cooling
demands of the next day were determined with expectation of minimizing operation cost.
The uncertainty of RE was characterized to provide reference for the following rolling
process. In the real-time stage, necessary generation was adjusted on the basis of wind and
solar short-term power predictive values to reduce the discrepancy of exchanged power
with the main grid and minimize possible penalty to IES. Ref. [109] formulated a day-ahead
and real-time coupled energy optimization model for a heat–electricity IES and proposed an
event-triggered-based distributed algorithm to solve the distributed optimization problem.
The real-time dispatch was divided into hourly timescale dispatching (1 h) and minute
timescale dispatching (15 min) according to real-time dynamic variations of heat and
electricity power features. The former was to make the intra-day dispatching results
track the DA results and to accommodate variations of heat load along with solar water
heater, while the latter was aiming at accommodation fluctuations of RE and electricity
loads. In Ref. [110], a multi-time scale framework of coordinated optimization strategy was
presented including multi-objective DA dispatch, two-layer ID dispatch, and emergency
control aiming at a typical IES. To consider dynamic characteristics of heterogeneous
energy resources under different time scales, the ID dispatch was divided into intra-day
cooling-heat dispatch and intra-day electricity dispatch with time span of 2 h and 1 h, time
interval of 1 h and 5 min, respectively, in the rolling process. The case results showed that
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the multi-stage operation optimization could effectively stabilize fluctuations of wind and
solar generation and had the least cost compared with conventional strategies.

From the existing work review, it can be concluded that the application of multi-stage
operation optimization in IES is still in the relative initial stage. Most literatures adopt the
same research routine as power system and subdivide the stage into two or three stages,
as aforementioned.

3.3. Challenges and Prospects

In IES, renewable resources are a significant part, and the ratio is increasing. The
uncertainty and fluctuation characteristics of RE may cause a cascade effect through strong
couplings among energy flows, and devices bring challenges to IES operation strategy
making and increase the interactions with the upper grid to maintain normal operation. To
relieve the upper grid burden and promote IES independence, effective handling methods
with RE uncertainty are significant. The latest work is reviewed from the uncertainty
modelling methods and multi-stage optimization strategy perspectives. Based on that, the
existing challenges and prospects are given as follows:

(1) Deep study in the novel uncertainty modelling methods. To solve the limitations in
conventional methods, some novel data-driven approaches are proposed and are demon-
strated to be effective. However, these methods are mostly applied in a simple case and
seldom extended to the IES scenario. Accounting for the complex coupling relations and
various variable types in IES, some work needs to be further conducted.

• Novel uncertainty modelling methods with consideration of temporal–spatial correla-
tion of different RE generation output.

• Novel uncertainty modelling methods with consideration of coupling of various types
of variables, such as continuous and discrete types.

• Deep sensitivity analysis of the impact of some crucial parameters on the dispatch
results and how to select them or optimize them when facing different demands.
For instance, the uncertainty set D is an important parameter that influences the
conservativeness of DRO method directly. Most work sets it according to experiences
and there is a lack of theoretical study.

(2) Stage subdivision accounting for multiple energies flows characteristics in IES. The
majority of literatures adopt the same dispatching interval as the power system. More
concretely, 1 h resolution for the day-ahead, 15 min interval for the intra-day, and 15 s
resolution for the real-time stage. However, different energy systems have great difference
in dynamic characteristic, equipment control, network response process to the dispatching
command, and load pattern. For instance, power generation units need to carry on intraday
schedule on a 5 to 15 min interval to accommodate intermittent resources, while heat load
is respectively stable in the short time-scale, and consequently it is unnecessary for heat
units to regulate as frequently as power generation units. Frequent movements of devices
have adverse impact on both unit life and operation economy. Therefore, further studies
are essential on the optimum dispatch period selection for IES optimal operation with
considerations of distinguishing dynamic characteristics of energy flows.

4. Utilizing the Hybrid Time-Scale Characteristics of Multiple Energy Flows as a Buffer
4.1. The Time-Scale Characteristics of Different Energy Flows

Electricity, heat, natural gas, and other energies are integrated and comprehensively
utilized in IES to enhance efficiency on the whole. They are tightly coupled as they share
the same transport paths and are transferred to others from production to utilization
process. Remarkably, the dynamic characteristics and topologies of multiple energies are
significantly different from each other. Electricity travels at light speed with little time delay
and energy loss, and hence it is possible to be transported over long distances, while gas
and heat transport at a slow speed through pipelines and are applicable for short-distance
transportation to reduce friction loss. Additionally, though the dynamic characteristics
of gas and heat are similar to some degree, there remain some unneglected differences in



Energies 2021, 14, 1103 18 of 36

practical process. Different energy flow characteristics are summarized in Figure 7, and
they can be attributed to response timescale differences in essence.

Figure 7. Time-scale characteristics of different energy flows.

The different dynamic characteristics of hybrid energy flows are non-negligible. The
transmission delay, losses, and virtual storage characteristics under complex topology
of heat/gas networks change heat/gas balance between supply and demand, and con-
sequently affect the electricity balance even further to the whole IES operation through
coupling devices. Compared with a single power system, the multi-timescale character-
istics of hybrid energy flows make them nontraditional and challenging in IES operation
optimization. On the other side, the different dynamic characteristics of these energy flows
can be regarded as a potential energy storage option to coordinate the real-time supply and
demand relation and guarantee the feasibility of optimized solutions. These characteristics
can be utilized to exploit potential in decoupling restriction among multiple energies.
Compared with introducing additional storage devices, the potential storage capacity in
existing pipelines is almost costless. Hence, the adjustment of fluctuating wind power, as
well as volatile load, can be improved by concerning flexibility, and then the independence
on the upper grid and benefit can be promoted.

4.2. Thermal Dynamic Characteristics Considerations

Heat and electricity are usually provided simultaneously by cogeneration or trigener-
ation units to improve energy utilization efficiency, and their coupling presents a typical
IES. For the strong coordination between power generation and heating supply, many
researchers investigate the combined operation optimization of integrated electricity and
district heating systems (IEHS). District heating networks (DHNs) are the major component
of a DHS, which deliver heat from generation sources to users through thermal mediums
(usually flowing water).

The general formulation for the joint of power system and district heating system
is similar to the process in Section 1, but with additional heating system constraints and
modelling of IEHS. The additional constraints include heating network constraints, node
balance constraints, heat loss constraint of the pipe section, pipe input and output con-
straints, heating power output constraints, etc. The modelling of IEHS is categorized based
on whether dynamic characteristics of the heat transfer process in DHSs are considered
and how to depict it.

In general, researchers have developed data-driven methods and model-driven meth-
ods. For the first category, the temperature quasi-dynamics of pipelines are described
with a black box, which is estimated and validated by massive data. Ref. [111] proposed
a black-box compact physical model to calculate IES power flow, and Ref. [112] estab-
lished an individual model to depict the dynamic heat process. Data-driven methods are
easy to implement, yet need numerous data in training and are not general in different
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networks structures or operating conditions. Model-driven methods are based on charac-
teristics of heating system and physical knowledge, which are readily adaptive to changes
in system and possess more accuracy. They can be further subdivided into three main
classifications according to model complexity. That is, the steady-state method [113–115],
node-method [31,116–118], and delicate dynamic network modelling methods [99–101],
ranked from low complexity to high.

The heat transfer process in DHN steady-state model is described holistically as
Equation (7) shown. Tin and Tout signify the inlet and outlet temperature of a pipe; Ta
represents the ambient temperature; m is the mass flowing into the pipe; L is the pipe
length; cp denotes the specific heat of water at constant pressure; λ denotes heat transfer
coefficient of a pipe per unit length; m is the water mass flow rate in pipeline. In the
steady-state model, the temperature drop along pipelines is described, but the temperature
distribution in DHN and time delay effect are neglected. Ref. [113] exploited the flexibility
of DHSs with a steady-state model in IES operation stage. Aiming at profit maximization
in heat–power spot market, Ref. [114] established both the hydraulic and thermal model
of DHN and proposed a two-step decomposition algorithm to solve the nonlinear and
nonconvex optimal problem. Ref. [115] detailed the supply and return networks, and
additionally considered the variation of mass flow rates as well as flow directions in a
heat–electricity IES economic dispatch problem. The comparison showed that the cost was
reduced, but the network limits were violated in several periods if the heat transfer process
was ignored.

Tout = (Tin − Ta)e
− λL

cp ·m +Ta (7)

The second category, node-method, is a commonly utilized dynamic approach to
describe temperature distribution in pipelines. Its principle is to estimate the outlet tem-
perature preliminarily from the inlet temperature with regard to flow time from one node
to another and then evaluate the heat loss of the pipe as well as outlet temperature. The
schematic diagram is illustrated in Figure 8, and the pipeline outlet temperature of mass
flow is calculated by Equation (8). The DHNs are finally embedded as a set of mixed-
integer constraints into the combined dispatch model. In Ref. [116], a general dispatch
method considering heat dynamics of DHNs under quality regulation mode was built up,
wherein the transfer process constraints were emphasized and an iteration method was
proposed to handle nonlinear constraints. A comparison with the case ignoring the DHN
storage capacity, considering both storage capacity and detailed heat transfer process, and
only considering storage capacity was conducted, and the coal use values were 3383.4,
3372.4, and 3348.7 ect. The results demonstrated that the slow characteristics of heating
could reduce cost and provide additional flexibility for IES dispatch, whereas the flexibility
might be overestimated, and the optimization results were not practical the heat transfer
process was not fully considered. Ref. [117] established a fully nonlinear model of DHN
under quantity regulation mode to exploit storage potential and solved by a deterministic
method. Based on that, a linear model of DHN was proposed under quality regulation in
Ref. [118] to relieve the calculation burden brought by various constraints and variables in
heat transfer. Ref. [31] utilized the thermal inertia of DHN to improve system flexibility for
wind power integration, and quantitatively evaluated the thermal state of DHN to present
its dispatch potential.

Tout,t =
1

mst·∆t

 (X−W)·Tin,t−n +
t−n−1

∑
k=t−m+1

(mst·∆t·Tin,k)

+(ms t·∆t− Y + W)·Tin,t−m

 (8)

These blocks represent a sequence of water masses that flow into the pipeline at
consecutive periods. mst represents the water mass flow rate, ∆t is the time step, and
mst·∆t denotes the mass of water flowing into the pipe at period t. t − n and t −m,
respectively, denote the index of the last period whose mass outflows the pipeline before
period t and period t − 1, wherein n and m are corresponding time delay. W represents
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the total water mass contained in the pipeline, while X represents total mass flowing into
the pipeline from period t− n to t, and Y represents that from t−m to t. With the above
equation, the outlet temperature Tout,t at current time step t can be estimated by the average
temperature of the dark red part weighted by water mass.

Figure 8. Illustration of the node method.

For the third category, delicate dynamic network modelling methods, they fully
consider heat dynamics in DHN with multiple differential equations. These dynamic
methods have been widely studied; nevertheless, the detailed information of DHNs, such
as topology data and pipeline parameters, greatly aggravates computational complexity in
operation optimization. Hence, most studies are conducted with many simplifications or
assumptions and meanwhile devoted to exploiting a feasible solving method. Driven by
this, some equivalent methods are derived to represent the complicated physical model
and release computational stress in recent years. Ref. [119] proposed a water mass method
for pipeline thermal inertias by removing the integer variables and differential equations to
make the combined dispatch model tractable. In Ref. [120], the thermal inertias of DHNs
were represented by an outer approximation from likewise the state-of-charge formulation
of thermal storage devices or batteries. The additional savings of several thousand Euros
per day were achieved using the thermal inertia of a heating grid as storage. Ref. [121]
presented an equivalent representation of DHNs from electrical-analogue perspective,
wherein the input information from DHS was regarded as a black-box. Comparison
experiments were conducted in the cases of no consideration of heat transfer dynamics
and with consideration of heat transfer dynamics (the pipeline transfer delays were 24
and 48 min). The wind curtailment was reduced considering slow dynamic characteristics
of heating, and the slower the storage, the greater was the potential. These equivalent
methods are efficient in the research case, but generality is not sufficiently strong.

Moreover, the thermal inertias in the end-user side are also studied to explore the
potential of heat inertia in overall efficiency improvement. Ref. [122] proposed a virtual
energy storage system model based on the characteristics of buildings for the heat load. In
Ref. [123], a building indoor temperature calculation model was established, and the re-
sponse ability of buildings in dispatch was relevant to the set indoor temperature boundary.
With simultaneous consideration on transmission delay in DHN and the storage capacity
of buildings, the cost could be reduced by 9.3% and the wind power consumption was
improved by 44.6%. Ref. [124] detailed the buildings’ heat load model with additional
consideration of building characteristics’ diversity as well as outdoor ambient tempera-
ture variation. To release calculation burden and protect privacy, Ref. [116] introduced
an equivalent building model based on entransy dissipation-based thermal resistance
theory, and Ref. [125] proposed synchronous response model of buildings on the basis
of the first-order equivalent thermal parameter (ETP) model. Considering the influence
among adjacent buildings under different regulation modes, Ref. [126] studied the different
thermal capacity of buildings and their impact on IES operation optimization separately.
Similar to DHNs, physical models with some simplifications of buildings’ heat load are
adopted. Generally, the concrete heat transfer between pipelines and indoor air is ignored,
and only the indoor temperature variation is concerned to indicate actual heat load and
potential for heat storage. Additionally, it is noted that most existing work assumes the
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buildings are with the same structure and response behavior. That is, the comfortable
indoor temperature range is fixed among all buildings and all time periods, and different
buildings as virtual energy storage show identical charge/discharge state. It may be a
future research direction for higher practicability.

4.3. Gas Dynamic Characteristics Considerations

The natural gas is environmentally friendly and effective with no production of SO2
and substantially less NOx compared with other fossil fuels. Hence, it promotes the
utilization of some gas-related furnaces such as gas-fired generators and gas boiler, as
well as the development of some new technologies like power-to-gas (P2G). Systems
containing these devices and technologies impose a linkage between gas and electric power
transmission system and hence can be regarded as an IES.

Conventionally, power systems and gas systems are separately considered, and it is
assumed that the supply from the gas network is always well sufficient. On this condition,
the IES operation optimization is conducted, neglecting gas flow characteristics as well as
their impact on the whole system. It simplifies the optimization process; nevertheless, it is
not practical with the increasingly tighter interconnection between two systems. Specifi-
cally, the power system flexibility is limited to gas networks’ ability to meet requirements
of gas-fired units and fast change of gas load. Facing that, many scholars focused on two
systems’ interdependence assessment. They researched the intrinsic characteristics of gas
networks evaluation, and determined possible limits in terms of constraints on operation
flexibility and security of power system during a period of time in the operation optimiza-
tion process. Ref. [127] proposed an integrated model to assess the impact of natural gas
networks on power system operation, and incorporated these security constraints into
the unit commitment optimal problem with the objective of minimizing cost. The natural
gas networks model was represented by various bound constraints on pipelines, plants,
contracts, and so on. Ref. [128] characterized natural gas transmission and then studied the
system operational flexibility under these security constraints. On this basis, Ref. [129] and
Ref. [32] extended it to the economic dispatch of a system with more energy forms. The
former targeted a CHP-based system and proposed a general model to schedule all energy
sources with considerations of gas losses. As more factors were involved, which complexed
the problem, an advanced PSO technique was adopted to solve it more efficiently. The
latter studied a system with both gas-fired generation and heating sectors. For the strong
coupling between these furnaces and gas networks, detailed discussion was conducted on
system operation flexibility under different heating scenarios.

The above studies emphasized the limits brought by the interconnection between
two systems and incorporated them into the optimization model to find the optimal
solution that can meet security constraints. However, the slow response characteristic of
the gas system is neglected. Figure 9 shows the framework of a natural gas system and
transmission system. Gas is transported from the source to the load side through long
pipelines with a slow speed. The large inertia decides that gas cannot realize real-time
balance like electricity. With increasing RE incorporation, gas-fired units are utilized to fast
adjust load conditions to accommodate more RE, and it in turn leads to a fluctuation of
the gas load. If the slow dynamic characteristics of the gas system are disregarded, the
dispatch results are not accurate and practical. Hence, some scholars tried to depict the gas
network model and schedule two systems jointly from a holistic angle.

Attributed to the Weymouth function, the general steady-state equation for gas flow
models can be illustrated as Equations (9) and (10), which is widely utilized in most
researches. fmn represents the gas flow value from node m to node n.ωm andωn are the gas
pressure at these two nodes; sgn(ωm −ωn) represents the gas flow direction; “1” means
from node m to node n, while “−1” means from node n to node m; Cmn is a constant,
which is determined by the pipeline characteristics and natural gas compositions. Ref. [130]
represented the natural gas reservoir storage capacity in a given bound and modelled the
gas flow in a steady-state way in a co-optimized problem. Likewise, based on the steady-
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state relation of gas pressure and flow, Ref. [131] estimated the upward and downward
line pack utilizing nodal pressure limits, and optimized the system operation with more
energy forms (combined cooling, heat, and power) and more objectives (economic benefits,
safety, and efficiency). Steady-state gas flow models are easier to implement and bring less
challenge in calculation, but they cannot depict the dynamic process and are demonstrated
to be less accurate in weighing the flexibility of the gas system to provide for gas-fired
generation units in case of a contingency [132].

fmn= sgn(ωm −ωn)·Cmn

√
|ωm

2 −ωn2| (9)

sgn(ωm −ωn) =

{
1,ωm ≥ ωn
−1,ωm ≤ ωn

(10)

Figure 9. Framework of a typical natural gas transmission system.

Driven by this, some dynamic network models are developed. Ref. [133] established a
detailed dynamic gas flow model with multiple partial differential equations (PDEs) by
applying the laws of conservation of mass and energy, and the laws of momentum, to
characterize the important parameters tendency with time and position. It also compared
the results with the steady gas flow model, and found that the results with the steady-
state and transient-state gas models yielded two distinct results. Hence, it is necessary to
consider gas dynamics to obtain practical results and suboptimal schedules. To handle
the challenging computational tractability of numerous PDEs, Ref. [134] approximated
the complex PDE constraints with the reduced network flow (RNF) and studied joint
optimization problem for different coordination scenarios. Comparison experiments were
conducted, and the results showed that the steady-state gas transmission model would
cause pressure violations, while the consideration of gas slow dynamic characteristics
could remove pressure violations, but the generation dispatch cost was increased.

Additionally, the gas slow dynamic characteristics make it possible to store gas in
large quantities within pipelines, and the potential storage capacity can be explored in
short term or some contingencies (i.e., insufficient production, congested networks, or
price fluctuations) to guarantee the adequacy and improve system flexibility. The gas
stored in pipelines in a period is known as line pack. Except for economics improvement,
coordinated operation optimization is also explored with considerations of RE variability
to fully utilize the line pack as a buffer and guarantee system reliability. In general,
increasingly high penetration of intermittent RE inevitably leads to frequent fast condition
change of gas-fired units and then affects gas demand from networks, which may cause
security problems in both systems. Based on the steady-state gas flow model, Ref. [135]
and Ref. [136] took the uncertainties of RE generation into the co-scheduling model to
ensure the optimization results were within the security boundary, wherein the interval
optimization and stochastic approach were adopted to depict the wind uncertainties. In
Ref. [137], a two-stage coordinated dispatch problem was proposed based on distributional
robust optimization model, and the line pack was utilized to improve system operation
flexibility. Despite the capability of line pack in gas networks, Ref. [138] also took the P2G
technology into account to alleviate the effects of RE in the operation of gas and electricity
systems. The gas line pack was as a buffer, and the PtGs transformed the surplus energy of
wind generations to gas network during peak times.
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The steady-state gas flow model is still the most extensively adopted at present for
its better operability. Dynamic models are proven to be more accurate. However, these
precise modelling methods based on multiple PDEs involve numerous variables and more
dimensions. They are mainly solved by various finite element numerical methods with a
huge calculation burden. Additionally, the analyses of gas and electricity networks are not
unified and impose a barrier on the integrated operation optimization problem.

4.4. Challenges and Prospects

An IES incorporates many forms of energy flows with distinguishing characteristics
via multiple energy carriers, which provide a potential buffer. It can be regarded as an
effort direction to increase IES operation flexibility and promote individual independence
as well as benefit for a future RE dominated energy system. The considerations of distin-
guishing characteristics of multiple energy flows bring new challenges and difficulties to
the original IES operation optimization problem. From the literature review, it is noted
that the majority focus on coordinated optimization of either heat–electricity IES or gas-
electricity IES with considerations of time-scale characteristics of different flows. They
are devoted to modelling the transmission in networks and incorporating them into the
dispatching model.

Studies considering both heat and gas inertia have emerged, yet are still in their
infancy. Ref. [139] optimized operation of an islanded electricity–heating–gas IES with
the objective of minimizing operation cost, and the storage capability of gas pipelines
was demonstrated to be effective in increasing system scheduling flexibility against RE
uncertainties. It also verified that the results might not be optimal if neglecting the built-in
storage capabilities of pipelines and the slow travelling of gas flows. However, the heat
inertia was ignored. Ref. [140] established both the thermal and natural gas network model
to consider practical constraints and their impact on results. The electricity–thermal–natural
gas networks were steady-state based and the energy flow characteristics of heat and gas
were disregarded. Ref. [141] considered both heat and gas dynamic characteristics with
different inertia time constants in the optimal operation model establishment, and adopted
a linearization method to make the problem tractable with the objective of minimizing the
total operation costs.

On the whole, the most challenging issues in existing work are formulating hybrid
energy flows and solving the nonlinear nonconvex optimization problem in a tractable
and efficient way. A detailed dynamic model to depict gas or heat inertia is conducive
to improving the rationality of optimization results and providing potential to increase
system operational flexibility. However, the networks bring plenty of limits and multi-type
variants into the optimization model, which increase computational stress and difficulty
greatly. To handle that, the existing work concentrates on assuming simplifications like the
steady-state model, or developing a linearization approximation, or seeking an equivalent
model. Nonetheless, they are merely applicable to an identified problem and lack of
sufficient generality and extendibility.

In future, a more detailed and unified dynamic network model for both gas and
heat is necessary. Additionally, a more efficient solving method needs to be exploited
simultaneously. An equivalent representation may be an alternative and feasible way to
ease contradictions between model accuracy and computation stress, wherein its reliability
and generality must be considered. Additionally, the existing work cannot realize unified
analysis of different energy flows and leads to barriers in IES operation optimization.
Intuitive and unified modelling method and theory analysis framework of hybrid energy
networks can be further explored in future. In terms of joint optimization, it is critical to
exploit a reasonable time resolution for each energy system in the dispatch modeling to
properly coordinate the difference in dynamic characteristics.
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5. Coordinating among Multiple Participants from a Union Perspective
5.1. Interest Coordination among Multiple Participants

One of the main reasons for IES’ strong dependence on the upper grid is the volatile
multi-energy loads. When the energy demand exceeds the supply capability of IES, the
system has to ask for help from the upper grid to keep operation reliability. Since the IES
is always close to users and the multiple energy is volatile, the interaction between the
upper grid is frequent and increases its adjustment pressure. In a smart grid scenario, IES
can manage the load demand effectively based on the formula of high consumption–high
payment during peak hours and low payment for the valley periods. Since the load pattern
is smoothed, the single IES can better satisfy the demand side without or with less external
help. The energy price from the upper grid can also be formulated according to actual
supply–demand state. In that case, IES can act as both a price-taker and a price-maker. From
a union effort prospective, the coordination among these participants provides potential to
enhance IES independence without reducing individual benefit.

With the development of information and communication technologies, a large-scale
IES is conceived to consist of many lower-level sub-IESs under the interconnected energy
internet framework in the future vision. As shown in Figure 10, an IES is equipped with
energy generation and conversion devices to satisfy diverse end demand, and it can also
obtain energy supply from the upper public network such as power grid and natural gas
network. Beyond a certain IES, there are many parallel autonomous IESs with diverse size
and configurations. Though these sub-IESs can act as a self-regarding entity in terms of
operation strategy decision and price responsiveness, the decision of an individual IES is
usually tightly coupled with others’ choices. The reasons are as follows. The local market
retail energy prices depend on both the time of energy consumption and the total demand
of all IESs to provide better incentives for energy users to adjust their usage pattern and
alleviate network pressure. Hence, the decisions of each IES can affect the market prices,
and the purchase cost will affect other IES’s operation strategy decisions. Additionally,
the limited transmission capacities of networks lead to limits on the supply of upper
gas/electricity energy systems to these sub-IESs. That is, the total dispatchable energy of all
sub-IESs is constrained globally. For the aforementioned interconnections in the IES cluster,
it is crucial to consider the impacts from other neighboring IESs when determining its own
operation strategy. Since each pursues a better interest, it poses the emerging problem of
how to coordinate all the participants who have effects on the final decision.

Game theory is introduced to provide resolution for interest conflicts among these
interacting parties and seek an optimal result. Game theory is a formal analytical as well
as conceptual framework with a set of mathematical tools enabling the study of complex
interactions among independent rational players [142]. The main components involved
in a game model include the set of players, the action sets, and the utility functions. Each
player adjusts their own strategy to maximize their objectives in accord with others’ choices.
The equilibrium is achieved when no player can benefit more by unilaterally changing
their strategy.

The non-cooperative game model represented by Stackelberg game has been exten-
sively utilized in the interest coordination among multiple participants for designing
operation strategies, especially with the trading process between energy provider and
users. It stresses the autonomous decision of one individual behaving selfishly to seek
their own interest maximization. The basic Stackelberg game model Ψ is displayed in
Equations (11)–(13).

Ψ =
{
ℵ ∪k, {sn}n∈ℵ, {Sk}k∈k, Wleader,n, U f ollower,k

}
(11)

• ℵ ∪ k is the player set. ℵ is the set of leaders, while k denotes the followers. They
represent all the participants associated with the problem. For instance, IES operator
and lower energy users.
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• sn and Sk are, respectively, the strategies space of each leader and follower, which are
feasible sets of actions that the players can take. For example, the scheduling strategy
of generation units of IES and the user’s energy usage plan.

• Wleader,n and U f ollower,k denote payoff functions, which are the objectives each player
pursuing to evaluate the efficiency of selected strategy, such as profit.
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When no player can increase his utility by choosing a different strategy other than
s∗n/S∗k , the Nash equilibrium is obtained. s∗n and S∗k represent the optimal strategy of leader
n and follower k. s∗−n and S∗−k represent the optimal operation strategy of the leaders and
followers except for leader n and follower k.

s∗n = argmaxWleader,n(sn, s∗−n, S∗k ) (12)

S∗k = argmaxU f ollower,k
(
Sk, S∗−k, s∗n

)
(13)

Stackelberg game clearly differentiates all the participants into leaders and followers
according to the sequence of their actions [143]. The leaders have the priority to make
decisions and the followers adjust their strategies based on that. Several leader–follower
models have been developed for analyzing the interactions between the energy suppliers
and consumers, which can be categorized into single-leader multi-follower (SLMF) and
multi-leader multi-follower (MLMF) models. Ref. [144] introduced a multi-party operation
optimization framework based on SLMF Stackelberg game theory for an IES consisting of
CHP operator and PV prosumers. The results demonstrated that the model could effectively
determine the time-of-use (TOU) prices scheme and optimize the net load characteristics.
Ref. [145] adopted SLMF model in a bi-level IES programming model including upper
energy generation level and lower load level. The optimal dynamic pricing scheme was
obtained to motivate consumers to participate in load profile adjustment. SLMF model is
always adopted in single-energy provider with consumers. Compared to SLMF model, the
MLMF models could better simulate the real energy market transactions. In Ref. [146], the
MLMF model was utilized for analyzing the multiple energies trading problem in IESs.
A number of distributed IESs lead the game and decide the unit prices of energies they
generated, while multiple energy users perform as followers. The profits of all participants
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were optimized to realize maximization in a competitive energy market. The results showed
that even one participant was provided more resources, its profit was almost unchanged.
That is, the equilibrium strategies of all participants were obtained. Ref. [147] studied the
optimal operation of all market participants in a three-level IES, which was composed
of utility companies, IESs, and users. The optimal operation of each market participant
was obtained under a dynamic pricing electricity mechanism. The results showed that
the profit tends to decrease with the increment of energy hubs, and therefore IES should
devote to raise its market competition so as not to be crowded out. Additionally, with
the rational interest coordination among different participants, the load profile could be
flattened, which was a benefit for intermittent renewables generation accommodation. In
Refs. [148,149], a non-cooperative Stackelberg game was utilized to solve the duck curve to
increase solar penetration. Likewise, Ref. [150] identified the best interactions between a
grid and buildings with Stackelberg game. The results showed that the net profits increased
by 8% and the demand fluctuation was reduced by about 40%.

Considering the diversity of configurations and demands in different IESs, it is possible
in the future that adjacent IESs can exchange energy and jointly optimize their operation
strategy to increase operational flexibility, reduce waste of surplus energy, and improve
comprehensive utilization energy efficiency. The concept of energy network is therefore
imposed, which aims to reduce the independence of a single IES and relieve the upper
energy system burden [37,38]. With the communication technology advancement, it is
possible for an IES to collaborate with neighboring IESs and complement spatio-temporal
difference between supply and demand in a global win–win way. The upper retail energy
price as well as operation cost may also be decreased by the total demand reduction in the
region. Under this background, these IESs will have potential collaboration, and the above
autonomous non-cooperative game theory is not well applicable. In consideration of the
future energy network transaction mode, cooperative game theory has been introduced
in some work recently. The cooperative theory stresses the maximization of the collective
interest of coalition and that any individual in the coalition is increased or at least not
damaged compaired with in non-cooperative mechanism. To this end, the distribution
mechanism of reduced cost is particularly vital.

The Shapley value is a frequently used method for the profit allocation in the coopera-
tive games [151]. It is based on the participants’ marginal contribution to the alliance in the
cooperation and can allocate profit in a fair way. The marginal contribution of player ai
to the cooperative alliance S is the cost or benefit of the alliance increased by participants
i joining the cooperative alliance. It can be calculated with Equation (14). The alliance A
contains n players, and denoted as A = a1, · · · , an . w(Si) is the probability of forming
a cooperative alliance S containing the subject ai. v(Si) denotes the cooperative surplus
of the alliance S with the participant ai. Si − ai denotes the remaining game alliance in S
after removing ai, and the v(Si − ai) is the cooperative surplus of the alliance without the
participation of ai. The Shapley value ϕi(v) represents the benefit allocating to ai for the
alliance including n participants. With that, the surplus benefit can be distributed fairly
according to the contribution of a certain participant in a quantitative way.

ϕi(v) = ∑ w(Si)[v(Si)− v(Si − ai)] (14)

Ref. [152] adopted a cooperative game model and Shapley value to deal with multi-
ple IESs cooperation optimal operation. The results showed that the pollutants emission
and peak load were reduced by 45.59% and 27.06%, while all IESs had profit increment,
and the total profit was increased by 53.54%. Similarly, Ref. [153] studied the optimal
operation strategy of distributed PV systems with an externality-corrected mathematical
model based on Shapley value and gave a benefit analysis. However, the Shapley value
based allocation mechanism will be computationally complex and time-consuming when
there are a number of participants. Some simplified methods are therefore introduced in
view of that. Ref. [154] employed the bilateral Shapley value (BSV) model in the opera-
tion optimization of multiple prosumers integrated in a grid-connected IES. BSV solved
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combinatorial explosion via bilateral-marginalization of coalition, and the results showed
that BSV could reduce calculation numbers effectively compared with the Shapley value
model. Ref. [155] proposed a simplified profit allocation method based on the contribution
of each prosumer’s participation in additional profit compared with non-cooperative mode
from the upper management perspective. Compared to the non-cooperative mode, the pro-
sumers’ costs were reduced by 4%. These simplified methods are effective in the research
cases, yet their generality is not sufficient, and the mainstream is still the conventional
Shapley value methods.

Game theory is extensively implemented into the collaborative operation optimization
of multiple neighboring sub-IESs to handle the potential interconnections in both energy
and market price. It is verified that game theory-based methods are effective in the
coordination optimization problem and provide a promising way for sub-IES operators to
realize the individual maximized interest considering others’ effect.

It is noted that the market environment plays an essential role in the operational deci-
sions. Energy companies can determine different prices for different periods to motivate
consumers to adjust their consumption. Normally, the market-driven idea to coordinate
resources is mainly employed in the power system. By now, the pricing schemes for
electricity trading mainly focus on two aspects: dynamic (time-varying) pricing and static
(pre-determined) pricing. The conventional static pricing scheme can be subdivided into
the step wise pricing [156], time-of-use pricing [157], and critical peak pricing [158]. Today,
the dynamic pricing becomes a hotpot, since it can effectively enhance participation moti-
vation of consumers with market driven. It is proven that reasonable pricing mechanism
can help in easing the strain on the electricity networks during peak periods and reducing
the cost [159].

Currently, the electricity market, natural gas market, and heat energy market are
operating separately. For heat and natural gas, they are conventionally considered as a
natural monopoly product whose price is regulated by the government instead of load
variation. That is, they are commonly fixed. However, some studies show that the market-
driven pricing policy is also beneficial for the gas market and heat market in peak shaving
and cost reduction [160]. Moreover, due to the tight coupling of multiple energies in IES
through various energy conversion devices, the original separate markets are not beneficial
to realize optimal allocation of energy market sources and the greatest social benefits. For
instance, when the electricity price is high in the wholesale market while the gas price
is low, the IES operator can choose to generate power through the internal gas-driven
generation units to satisfy users’ electricity demand. In this case, the cost is reduced,
and the peak burden from upper power system is released as well. Driven by that, the
multi-energy trading market has recently drawn some researcher’s attention.

For the gas–electricity market, Ref. [161] proposed a TOU gas pricing strategy for an
IES. Gas storage, gas-fired absorption chiller, and gas-driven combustion driven engine in
IES play an important role in the operation strategy adjustment according to price signals.
The results showed that the production cost of the IES dropped by 20.54%, and meanwhile
the utility went up to 5407.02 Yuan with TOU gas pricing compared with the fixed gas
pricing. It indicated that the TOU gas pricing was more economical. In Ref. [162], an energy
management model for IES based on dynamic energy pricing for electricity and natural
gas was proposed.

Multiple trading of heat and electricity markets was also considered in some recent
work, and the benefits are proven. Ref. [163] proposed an electricity–heat coordinated
double auction retail energy market framework. By price signals guiding, the penetration
ratio of wind power was more than 80%, and the energy expenditure could be reduced by
18.76% without sacrificing users’ comfort. In Ref. [164], the conventional TOU electricity
pricing was expanded to a multiple energies TOU pricing scheme (i.e., TOU heating
pricing, TOU cooling pricing, and TOU electricity pricing) to explore the IES potential.
In comparison with fixed pricing, the load curves were smoothed. The loads of cooling,
heating, and power decreased by 0.719, 0.971, and 10.989 MW, respectively, during the
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peak period, and the difference between the peak and valley decreased by 0.121, 0.496, and
1.687 MW, respectively. Ref. [165] proposed a multi-energy market considering gas, heating,
and electricity trading simultaneously and compared the results under four different market
mechanisms (i.e., three independent energy markets, electricity–gas market, electricity–heat
market, and the proposed multi-energy market). It demonstrated that the multi-energy
market led to more profit, better end-user satisfaction, and flatter loads fluctuations.

In summary, the multiple-energy market has proven to be effective in mining potential
of peak shaving, energy saving, and profit increment by price signals from the above work.
As a medium that connects the upper energy systems and the lower end-users, IES plays a
critical role through adjusting its operation strategy. However, the multiple-energy market
concept is still in the preliminary stage of theoretical research. The various energy supply
paths, strong couplings, and varying price signals dramatically complex the problem.
There is a long way to go in transaction mechanism, pricing schemes for different energies,
privacy protection, etc.

5.2. Challenges and Prospects

The volatile multi-energy loads largely increase the dependence of IES on the upper
grid. The energy price signal is a promising method to motivate users to change their usage
pattern. From a union perspective, it provides a potential to enhance IES independence.
Since there are many participants who affect the strategy making and pursue a better
individual benefit, such as the upper grid, the multiple IESs, and end-users, the key point
lies in how to coordinate them and make an optimal strategy considering other’s effect.

Game theory is introduced to solve interest coordination among multiple IESs. Non-
cooperative game theoretic methods are employed with SLMF and MLMF model and have
been well developed. Recently, cooperative game is introduced to account for potential
cooperation among sub-IESs in a future energy network. Some challenges and prospects
are summed up as follows.

• Models based on cooperative theory are still in their preliminary stage and some
promotions are required. A rational and fair profit allocation mechanism is vital in
cooperative games. The existing work is mostly based on the Shapley value method.
However, it is not applicable to a complex problem. Some efficient and simplified
allocation mechanism should be researched.

• Market operation mechanism has a critical impact on the interconnection among
multiple IESs through price scheming and trading mode. In present, the trading rules
of energy trading among the internal sub-IESs are not formed. Trading mechanism
in both internal energy trading and upper transactions with networks needs further
study. The dynamic pricing scheme is a tendency to inspire more participation, and
hence novel approaches such as the real-time game model may be in need to better
satisfy the practical demand.

• Except for electricity, the markets for heat and gas, which are conventionally regulated
by the government instead of load variation, have been proven to be effective in
mining potential of peak shaving, energy saving, and profit increment by price signals.
However, they are still in the preliminary stage of theoretical research. More work
is needed, especially in the transaction mechanism, pricing schemes for different
energies, and privacy protection.

• The above studies concentrate on the mutual influence of IESs on energy retail prices
and assume the supply from upper energy networks are always sufficient. To obtain
more practical and accurate results, the supply limits from upper input energy systems
should be considered.

• The users’ characteristics can be comprehensively depicted. The existing work mostly
focuses on the interest coordination among a group of IESs with identical configura-
tions and load curves, while IESs group with various types is more in accord with
practice. Diversity of sub-IESs may be considered in future research. Additionally,
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the preference and uncertainty of users and their impact on the final optimal IESs
coordination strategy are always disregarded.

6. Conclusions

Integrated energy systems combine multiple energies to improve comprehensive
efficiency and present a potential to face the energy crisis. However, due to volatile energy
demands and restricted adjustment ability internal strong couplings, most of the existing
integrated energy systems are dependent on the upper grid and cause a large pressure.
The frequent interactions between integrated energy systems and the upper grid cause
greater burden, since the renewable resources have occupied a larger and larger proportion
in the energy system and at last may become dominant to reduce the fossil utilization.
These weather-dependent generations are less controllable and flexible, and the system
security and stability are hence more easily influenced by load fluctuations. To have better
adaptability and relieve the grid burden, it requires the integrated energy system to increase
independence and reconcile benefit.

This paper summarizes the existing work, which contributes to this aim from both
directions of individual efforts and union efforts. More concretely, this study has systemati-
cally reviewed three aspects including the general formulation of integrated energy system
optimal operation (individual benefit pursuit), individual efforts (i.e., handling methods
with high proportional renewable energies to reduce interactions and exploiting the stor-
age potential of multiple timescale characteristics of different energy flows to improve
flexibility), and union efforts (coordination among multiple participants to manage load
profile and exchange resources to realize energy complementary at the IES level).

(1) In terms of uncertainty handling, uncertainty modeling methods and multiple time-
scale dispatching strategy are utilized to jointly eliminate the adverse impact. At
present, the data-driven uncertainty methods are emerged and fast developed to
solve the problem of probability density distribution deficiency and the over con-
servativeness in conventional methods. Deep theoretical study is needed on the set
of some critical parameters. For time-scale strategy, this is the optimum dispatch
period selection for integrated energy system optimal operation with considerations
of distinguishing dynamic characteristics of energy flows.

(2) In terms of hybrid energy flows characteristics, gas–electricity integrated energy
systems and heat–electricity integrated energy systems, as well as heat–gas–electricity
integrated energy systems are reviewed. The main work focuses on the depiction
of networks to reflect slow response characteristic of heat and gas. For both, the
steady-state model is easy to implement and can be utilized when the accuracy is not
concerned. Dynamic models will also be encouraged, as if it can be formulated in
a tractable form. Some simplified or equivalent models seem to be efficient, which
strike a balance between the tractability and accuracy, while the general form and
verification need to be further explored.

(3) In terms of multiple participants’ efforts, game theory is adopted for the interest
coordination problem. Cooperative optimization operation of different integrated
energy systems is a trend for the urgent need under an energy network scenario
in future. A rational and fair allocation mechanism is critical, and more work is in
need. Additionally, the market operation mechanism plays an important role in the
process. The dynamic pricing scheme is promising to encourage more flexible sources
participants. More work can be done under this framework, especially with a multiple
energies trading market.

Overall, the integration and interconnection of multiple energies in an integrated
energy system greatly complicate the operation optimization problem, especially under a
diversified complex trading market environment. This paper firstly aims at the uniqueness
of integrated energy systems, concluding the effort directions considering independence
and benefit to cater for a renewable energy dominated energy structure. This paper makes
a thorough survey of each aspect to draw on our sights in possible solutions to existing
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barriers and future directions. Through this paper, researchers are able to master the process
of the most concerning issues in this field and be inspired for further research orientations.

Author Contributions: J.L. (Jiajia Li): conceptualization, investigation, writing—original draft prepa-
ration. J.L. (Jinfu Liu): writing—review and editing. P.Y.: resources, investigation. X.L.: investigation.
G.Z.: investigation. D.Y.: supervision. All authors have read and agreed to the published version of
the manuscript.

Funding: This work is supported by National Key R&D Program of China No. 2017YFB0902100,
National Science and Technology Major Project of China under Grant No. 2017V-0005-0055, National
Science and Technology Major Project of China under Grant No. 2017-I-0007-0008, and National
Natural Science Foundation of China under Grant No. 51,976,042.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data sharing not applicable.

Acknowledgments: The authors would like to thank the anonymous reviewers for their valuable
suggestions to refine this work.

Conflicts of Interest: The authors declare that they have no conflict of interests.

References
1. Lian, J.; Zhang, Y.; Ma, C.; Yang, Y.; Chaima, E. A review on recent sizing methodologies of hybrid renewable energy systems.

Energy Convers. Manag. 2019, 199, 112027. [CrossRef]
2. Elgamal, A.H.; Kocher-Oberlehner, G.; Robu, V.; Andoni, M. Optimization of a multiple-scale renewable energy-based virtual

power plant in the UK. Appl. Energy 2019, 256, 113973. [CrossRef]
3. United Nations Framework Covention on Climate Change. Conference of the Parties (COP) Paris Climate Change Conference-

November 2015 COP 21. Adoption of the Paris Agreement. Proposal by the President (2015), p. 32 21932(December). Available
online: https://doi.org/FCCC/CP/2015/L.9/Rev.1 (accessed on 12 December 2015).

4. United Nations Sustainable Development Goals New York. Available online: http://www.un.org/sustainabledevelopment/
sustainable-development-goals/ (accessed on 25 September 2015).

5. Qiao, X.; Zou, Y.; Li, Y.; Chen, Y.; Liu, F.; Jiang, L.; Cao, Y. Impact of uncertainty and correlation on operation of micro-integrated
energy system. Int. J. Electr. Power Energy Syst. 2019, 112, 262–271. [CrossRef]

6. Bogdanov, D.; Breyer, C. North-East Asian Super Grid for 100% renewable energy supply: Optimal mix of energy technologies
for electricity, gas and heat supply options. Energy Convers. Manag. 2016, 112, 176–190. [CrossRef]

7. Domínguez, R.; Carrión, M.; Oggioni, G. Planning and operating a renewable-dominated European power system under
uncertainty. Appl. Energy 2020, 258, 113989. [CrossRef]

8. Syranidou, C.; Linssen, J.; Stolten, D.; Robinius, M. Integration of Large-Scale Variable Renewable Energy Sources into the Future
European Power System: On the Curtailment Challenge. Energies 2020, 13, 5490. [CrossRef]

9. Abdolalipouradl, M.; Mohammadkhani, F.; Khalilarya, S.; Yari, M. Thermodynamic and exergoeconomic analysis of two novel
tri-generation cycles for power, hydrogen and freshwater production from geothermal energy. Energy Convers. Manag. 2020, 226,
113544. [CrossRef]

10. Mojica, J.L.; Petersen, D.; Hansen, B.; Powell, K.M.; Hedengren, J.D. Optimal combined long-term facility design and short-term
operational strategy for CHP capacity investments. Energy 2017, 118, 97–115. [CrossRef]

11. Liu, M.; Shi, Y.; Fang, F. Combined cooling, heating and power systems: A survey. Renew. Sustain. Energy Rev. 2014, 35, 1–22.
[CrossRef]

12. Gu, W.; Wu, Z.; Bo, R.; Liu, W.; Zhou, G.; Chen, W.; Wu, Z. Modeling, planning and optimal energy management of combined
cooling, heating and power microgrid: A review. Int. J. Electr. Power Energy Syst. 2014, 54, 26–37. [CrossRef]

13. Kazda, K.; Li, X. A Critical Review of the Modeling and Optimization of Combined Heat and Power Dispatch. Processes 2020, 8,
441. [CrossRef]

14. Ünal, A.N.; Ercan, S.; Kayakutlu, G. Optimisation studies on tri-generation: A review. Int. J. Energy Res. 2015, 39, 1311–1334.
[CrossRef]

15. Gao, L.; Hwang, Y.; Cao, T. An overview of optimization technologies applied in combined cooling, heating and power systems.
Renew. Sustain. Energy Rev. 2019, 114, 109344. [CrossRef]

16. Wang, J.; You, S.; Zong, Y.; Træholt, C.; Dong, Z.Y.; Zhou, Y. Flexibility of combined heat and power plants: A review of
technologies and operation strategies. Appl. Energy 2019, 252, 252. [CrossRef]

17. Mancarella, P. MES (multi-energy systems): An overview of concepts and evaluation models. Energy 2014, 65, 1–17. [CrossRef]
18. Kriechbaum, L.; Scheiber, G.; Kienberger, T. Grid-based multi-energy systems—modelling, assessment, open source modelling

frameworks and challenges. Energy Sustain. Soc. 2018, 8, 35. [CrossRef]

http://doi.org/10.1016/j.enconman.2019.112027
http://doi.org/10.1016/j.apenergy.2019.113973
https://doi.org/FCCC/CP/2015/L.9/Rev.1
http://www.un.org/sustainabledevelopment/sustainable-development-goals/
http://www.un.org/sustainabledevelopment/sustainable-development-goals/
http://doi.org/10.1016/j.ijepes.2019.03.066
http://doi.org/10.1016/j.enconman.2016.01.019
http://doi.org/10.1016/j.apenergy.2019.113989
http://doi.org/10.3390/en13205490
http://doi.org/10.1016/j.enconman.2020.113544
http://doi.org/10.1016/j.energy.2016.12.009
http://doi.org/10.1016/j.rser.2014.03.054
http://doi.org/10.1016/j.ijepes.2013.06.028
http://doi.org/10.3390/pr8040441
http://doi.org/10.1002/er.3342
http://doi.org/10.1016/j.rser.2019.109344
http://doi.org/10.1016/j.apenergy.2019.113445
http://doi.org/10.1016/j.energy.2013.10.041
http://doi.org/10.1186/s13705-018-0176-x


Energies 2021, 14, 1103 31 of 36

19. Cao, Y.; Li, Q.; Tan, Y.; Li, Y.; Chen, Y.; Shao, X.; Zou, Y. A comprehensive review of Energy Internet: Basic concept, operation and
planning methods, and research prospects. J. Mod. Power Syst. Clean Energy 2018, 6, 399–411. [CrossRef]

20. Wei, C.; Xu, X.; Zhang, Y.; Li, X. A Survey on Optimal Control and Operation of Integrated Energy Systems. Complexity 2019,
2019, 1–14. [CrossRef]

21. Li, Y.; Wang, K.; Gao, B.; Zhang, B.; Liu, X.; Chen, C. Interval optimization based operational strategy of integrated energy system
under renewable energy resources and loads uncertainties. Int. J. Energy Res. 2021, 45, 3142–3156. [CrossRef]

22. Liu, H.; Nie, S.; Liu, N. Low Carbon Scheduling Optimization of Flexible Integrated Energy System Considering CVaR and
Energy Efficiency. Sustainability 2019, 11, 5375. [CrossRef]

23. Li, Y.; Wang, C.; Li, G.; Wang, J.; Zhao, D.; Chen, C. Improving operational flexibility of integrated energy system with uncertain
renewable generations considering thermal inertia of buildings. Energy Convers. Manag. 2020, 207, 112526. [CrossRef]

24. Hemmati, M.; Abapour, M.; Mohammadi-Ivatloo, B.; Anvari-Moghaddam, A. Optimal Operation of Integrated Electrical and
Natural Gas Networks with a Focus on Distributed Energy Hub Systems. Sustainability 2020, 12, 8320. [CrossRef]

25. Wang, Y.; Ma, Y.; Song, F.; Ma, Y.; Qi, C.; Huang, F.; Xing, J.; Zhang, F. Economic and efficient multi-objective operation
optimization of integrated energy system considering electro-thermal demand response. Energy 2020, 205, 118022. [CrossRef]

26. Tan, Z.; Yang, S.; Lin, H.; De, G.; Ju, L.; Zhou, F. Multi-scenario operation optimization model for park integrated energy system
based on multi-energy demand response. Sustain. Cities Soc. 2019, 53, 101973. [CrossRef]

27. Qin, X.; Sun, H.; Shen, X.; Guo, Y.; Guo, Q.; Xia, T. A generalized quasi-dynamic model for electric-heat coupling integrated
energy system with distributed energy resources. Appl. Energy 2019, 251, 113270. [CrossRef]

28. Pan, Z.; Guo, Q.; Sun, H. Interactions of district electricity and heating systems considering time-scale characteristics based on
quasi-steady multi-energy flow. Appl. Energy 2016, 167, 230–243. [CrossRef]

29. Correa-Posada, C.M.; Sanchez-Martin, P. Integrated Power and Natural Gas Model for Energy Adequacy in Short-Term Operation.
IEEE Trans. Power Syst. 2015, 30, 3347–3355. [CrossRef]

30. Nebel, A.; Krüger, C.; Janßen, T.; Saurat, M.; Kiefer, S.; Arnold, K. Comparison of the Effects of Industrial Demand Side
Management and Other Flexibilities on the Performance of the Energy System. Energies 2020, 13, 4448. [CrossRef]

31. Zheng, J.; Zhou, Z.; Zhao, J.; Wang, J. Integrated heat and power dispatch truly utilizing thermal inertia of district heating
network for wind power integration. Appl. Energy 2018, 211, 865–874. [CrossRef]

32. Clegg, S.; Mancarella, P. Integrated Electrical and Gas Network Flexibility Assessment in Low-Carbon Multi-Energy Systems.
IEEE Trans. Sustain. Energy 2016, 7, 718–731. [CrossRef]

33. Wang, L.; Zheng, J.; Jing, Z.; Wu, Q. Individual-based distributed parallel optimization for operation of integrated energy systems
considering heterogeneous structure. Int. J. Electr. Power Energy Syst. 2020, 118, 105777. [CrossRef]

34. Shirazi, E.; Jadid, S. Cost reduction and peak shaving through domestic load shifting and DERs. Energy 2017, 124, 146–159.
[CrossRef]

35. Machalek, D.; Young, A.; Blackburn, L.; Rogers, P.; Powell, K.M. Mine operations as a smart grid resource: Leveraging excess
process storage capacity to better enable renewable energy sources. Miner. Eng. 2020, 145, 106103. [CrossRef]

36. Zhang, S.; Liu, H.; Wang, F.; Miao, Y.; Dong, J. Dual-stage operation strategy of BESS for frequency regulation considering
planned peak shaving. Energy Rep. 2020, 6, 502–508. [CrossRef]

37. Wang, Y.; Nguyen, T.; Syed, M.; Xu, Y.; Guillo-Sansano, E.; Nguyen, V.-H.; Burt, G.-M.; Tran, Q.-T.; Caire, R. A Distributed Control
Scheme of Microgrids in Energy Internet Paradigm and Its Multisite Implementation. IEEE Trans. Ind. Inform. 2021, 17, 1141–1153.
[CrossRef]

38. Gao, B.; Liu, X.; Chen, C.; Li, Y. Economic optimization for distributed energy network with cooperative game. J. Renew.
Sustain. Energy 2018, 10, 055101. [CrossRef]

39. Guo, L.; Liu, W.; Cai, J.; Hong, B.; Wang, C. A two-stage optimal planning and design method for combined cooling, heat and
power microgrid system. Energy Convers. Manag. 2013, 74, 433–445. [CrossRef]

40. Li, P.; Dong, B.; Yu, H.; Wang, C.; Huo, Y.; Li, S.; Wu, J. A Unified Energy Bus Based Multi-energy Flow Modeling Method of
Integrated Energy System. Energy Procedia 2019, 159, 418–423. [CrossRef]

41. Hong, B.; Chen, J.; Zhang, W.; Shi, Z.; Li, J.; Miao, W. Integrated energy system planning at modular regional-user level based on
a two-layer bus structure. CSEE J. Power Energy Syst. 2018, 4, 188–196. [CrossRef]

42. Geidl, M.; Andersson, G. A modeling and optimization approach for multiple energy carrier power flow. In Proceedings of the
2005 IEEE Russia Power Tech, St. Petersburg, Russia, 27–30 June 2005; pp. 1–7.

43. Sadeghi, H.; Rashidinejad, M.; Moeini-Aghtaie, M.; Abdollahi, A. The energy hub: An extensive survey on the state-of-the-art.
Appl. Therm. Eng. 2019, 161, 161. [CrossRef]

44. Wang, Y.; Zhang, N.; Kang, C.; Kirschen, D.S.; Yang, J.; Xia, Q. Standardized Matrix Modeling of Multiple Energy Systems.
IEEE Trans. Smart Grid 2017, 10, 257–270. [CrossRef]

45. Zhang, X.; Karady, G.G.; Ariaratnam, S.T. Optimal Allocation of CHP-Based Distributed Generation on Urban Energy Distribution
Networks. IEEE Trans. Sustain. Energy 2013, 5, 246–253. [CrossRef]

46. Wang, Y.; Cheng, J.; Zhang, N.; Kang, C. Automatic and linearized modeling of energy hub and its flexibility analysis. Appl. Energy
2018, 211, 705–714. [CrossRef]

47. Salehimaleh, M.; Akbarimajd, A.; Valipour, K.; Dejamkhooy, A. Generalized modeling and optimal management of energy hub
based electricity, heat and cooling demands. Energy 2018, 159, 669–685. [CrossRef]

http://doi.org/10.1007/s40565-017-0350-8
http://doi.org/10.1155/2019/9462158
http://doi.org/10.1002/er.6009
http://doi.org/10.3390/su11195375
http://doi.org/10.1016/j.enconman.2020.112526
http://doi.org/10.3390/su12208320
http://doi.org/10.1016/j.energy.2020.118022
http://doi.org/10.1016/j.scs.2019.101973
http://doi.org/10.1016/j.apenergy.2019.05.073
http://doi.org/10.1016/j.apenergy.2015.10.095
http://doi.org/10.1109/TPWRS.2014.2372013
http://doi.org/10.3390/en13174448
http://doi.org/10.1016/j.apenergy.2017.11.080
http://doi.org/10.1109/TSTE.2015.2497329
http://doi.org/10.1016/j.ijepes.2019.105777
http://doi.org/10.1016/j.energy.2017.01.148
http://doi.org/10.1016/j.mineng.2019.106103
http://doi.org/10.1016/j.egyr.2020.11.206
http://doi.org/10.1109/TII.2020.2976830
http://doi.org/10.1063/1.5034080
http://doi.org/10.1016/j.enconman.2013.06.051
http://doi.org/10.1016/j.egypro.2018.12.066
http://doi.org/10.17775/CSEEJPES.2018.00110
http://doi.org/10.1016/j.applthermaleng.2019.114071
http://doi.org/10.1109/TSG.2017.2737662
http://doi.org/10.1109/TSTE.2013.2278693
http://doi.org/10.1016/j.apenergy.2017.10.125
http://doi.org/10.1016/j.energy.2018.06.122


Energies 2021, 14, 1103 32 of 36

48. Schulze, M.; Friedrich, L.; Gautschi, M. Modeling and optimization of renewables: Applying the energy hub approach. In Pro-
ceedings of the 2008 IEEE International Conference on Sustainable Energy Technologies, Singapore, 24–27 November 2008;
pp. 83–88.

49. Zhang, X.; Zhang, Y. Environment-friendly and economical scheduling optimization for integrated energy system considering
power-to-gas technology and carbon capture power plant. J. Clean. Prod. 2020, 276, 123348. [CrossRef]

50. Ali, A.; Liu, N.; He, L. Multi-party energy management and economics of integrated energy microgrid with PV/T and combined
heat and power system. IET Renew. Power Gener. 2019, 13, 451–461. [CrossRef]

51. Lu, S.; Gu, W.; Meng, K.; Dong, Z. Economic Dispatch of Integrated Energy Systems with Robust Thermal Comfort Management.
IEEE Trans. Sustain. Energy 2020, 12, 222–233. [CrossRef]

52. Daadaa, M.; Séguin, S.; Demeester, K.; Anjos, M.F. An optimization model to maximize energy generation in short-term
hydropower unit commitment using efficiency points. Int. J. Electr. Power Energy Syst. 2021, 125, 106419. [CrossRef]

53. Blackburn, L.D.; Tuttle, J.F.; Powell, K.M. Real-time optimization of multi-cell industrial evaporative cooling towers using
machine learning and particle swarm optimization. J. Clean. Prod. 2020, 271, 122175. [CrossRef]

54. Blackburn, L.; Young, A.; Rogers, P.; Hedengren, J.; Powell, K. Dynamic optimization of a district energy system with storage
using a novel mixed-integer quadratic programming algorithm. Optim. Eng. 2019, 20, 575–603. [CrossRef]

55. Li, Y.; Liang, W.; Tan, R. Optimal design of installation capacity and operation strategy for distributed energy system.
Appl. Therm. Eng. 2017, 125, 756–766. [CrossRef]

56. Mago, P.; Chamra, L. Analysis and optimization of CCHP systems based on energy, economical, and environmental considerations.
Energy Build. 2009, 41, 1099–1106. [CrossRef]

57. Tuttle, J.F.; Vesel, R.; Alagarsamy, S.; Blackburn, L.D.; Powell, K. Sustainable NOx emission reduction at a coal-fired power
station through the use of online neural network modeling and particle swarm optimization. Control. Eng. Pr. 2019, 93, 104167.
[CrossRef]

58. Zeng, B.; Zhang, J.; Yang, X.; Wang, J.; Dong, J.; Zhang, Y. Integrated Planning for Transition to Low-Carbon Distribution System
With Renewable Energy Generation and Demand Response. IEEE Trans. Power Syst. 2014, 29, 1153–1165. [CrossRef]

59. Li, Y.; Zou, Y.; Tan, Y.; Cao, Y.; Liu, X.; Shahidehpour, M.; Tian, S.; Bu, F. Optimal Stochastic Operation of Integrated Low-Carbon
Electric Power, Natural Gas, and Heat Delivery System. IEEE Trans. Sustain. Energy 2018, 9, 273–283. [CrossRef]

60. El Sehiemy, R.A.; Selim, F.; Bentouati, B.; Abido, M.A. A Novel Multi-Objective Hybrid Particle Swarm and Salp Optimization
Algorithm for Technical-Economical-Environmental Operation in Power Systems. Energy 2020, 193, 116817. [CrossRef]

61. Huang, Z.; Yu, H.; Chu, X.; Peng, Z. Energetic and exergetic analysis of integrated energy system based on parametric method.
Energy Convers. Manag. 2017, 150, 588–598. [CrossRef]

62. Souza, R.J.; Dos Santos, C.; Ochoa, A.; Marques, A.; Neto, J.L.M.; Michima, P. Proposal and 3E (energy, exergy, and exergoeconomic)
assessment of a cogeneration system using an organic Rankine cycle and an Absorption Refrigeration System in the Northeast
Brazil: Thermodynamic investigation of a facility case study. Energy Convers. Manag. 2020, 217, 113002. [CrossRef]

63. Zhong, Y.; Xie, D.; Zhai, S.; Sun, Y. Day-Ahead Hierarchical Steady State Optimal Operation for Integrated Energy System Based
on Energy Hub. Energies 2018, 11, 2765. [CrossRef]

64. Yang, W.; Liu, W.; Chung, C.Y.; Wen, F. Coordinated Planning Strategy for Integrated Energy Systems in a District Energy Sector.
IEEE Trans. Sustain. Energy 2020, 11, 1807–1819. [CrossRef]

65. Zhou, Y.; Zhao, P.; Xu, F.; Cui, D.; Ge, W.; Chen, X.; Gu, B. Optimal Dispatch Strategy for a Flexible Integrated Energy Storage
System for Wind Power Accommodation. Energies 2020, 13, 1073. [CrossRef]

66. Jiang, Y.; Guo, L. Research on Wind Power Accommodation for an Electricity-Heat-Gas Integrated Microgrid System with
Power-to-Gas. IEEE Access 2019, 7, 87118–87126. [CrossRef]

67. Chen, Z.; Zhang, Y.; Tang, W.; Lin, X.; Li, Q. Generic modelling and optimal day-ahead dispatch of micro-energy system
considering the price-based integrated demand response. Energy 2019, 176, 171–183. [CrossRef]

68. Chamandoust, H.; Derakhshan, G.; Bahramara, S. Multi-objective performance of smart hybrid energy system with Multi-optimal
participation of customers in day-ahead energy market. Energy Build. 2020, 216, 109964. [CrossRef]

69. Sashirekha, A.; Pasupuleti, J.; Moin, N.; Tan, C. Combined heat and power (CHP) economic dispatch solved using Lagrangian
relaxation with surrogate subgradient multiplier updates. Int. J. Electr. Power Energy Syst. 2013, 44, 421–430. [CrossRef]

70. Afzali, S.F.; Mahalec, V. Optimal design, operation and analytical criteria for determining optimal operating modes of a CCHP
with fired HRSG, boiler, electric chiller and absorption chiller. Energy 2017, 139, 1052–1065. [CrossRef]

71. Casacio, L.; Lyra, C.; Oliveira, A. Interior point methods for power flow optimization with security constraints. Int. Trans.
Oper. Res. 2016, 26, 364–378. [CrossRef]

72. Li, Y.; Li, Z.; Wen, F.; Shahidehpour, M. Privacy-Preserving Optimal Dispatch for an Integrated Power Distribution and Natural
Gas System in Networked Energy Hubs. IEEE Trans. Sustain. Energy 2019, 10, 2028–2038. [CrossRef]

73. Reddy, S.S.; Momoh, J.A. Realistic and Transparent Optimum Scheduling Strategy for Hybrid Power System. IEEE Trans.
Smart Grid 2015, 6, 3114–3125. [CrossRef]

74. Eladl, A.A.; Eldesouky, A.A. Optimal economic dispatch for multi heat-electric energy source power system. Int. J. Electr. Power
Energy Syst. 2019, 110, 21–35. [CrossRef]

75. Panda, A.; Tripathy, M. Optimal power flow solution of wind integrated power system using modified bacteria foraging algorithm.
Int. J. Electr. Power Energy Syst. 2014, 54, 306–314. [CrossRef]

http://doi.org/10.1016/j.jclepro.2020.123348
http://doi.org/10.1049/iet-rpg.2018.5071
http://doi.org/10.1109/TSTE.2020.2989793
http://doi.org/10.1016/j.ijepes.2020.106419
http://doi.org/10.1016/j.jclepro.2020.122175
http://doi.org/10.1007/s11081-018-09419-w
http://doi.org/10.1016/j.applthermaleng.2017.07.011
http://doi.org/10.1016/j.enbuild.2009.05.014
http://doi.org/10.1016/j.conengprac.2019.104167
http://doi.org/10.1109/TPWRS.2013.2291553
http://doi.org/10.1109/TSTE.2017.2728098
http://doi.org/10.1016/j.energy.2019.116817
http://doi.org/10.1016/j.enconman.2017.08.026
http://doi.org/10.1016/j.enconman.2020.113002
http://doi.org/10.3390/en11102765
http://doi.org/10.1109/TSTE.2019.2941418
http://doi.org/10.3390/en13051073
http://doi.org/10.1109/ACCESS.2019.2924577
http://doi.org/10.1016/j.energy.2019.04.004
http://doi.org/10.1016/j.enbuild.2020.109964
http://doi.org/10.1016/j.ijepes.2012.07.038
http://doi.org/10.1016/j.energy.2017.08.029
http://doi.org/10.1111/itor.12279
http://doi.org/10.1109/TSTE.2018.2877586
http://doi.org/10.1109/TSG.2015.2406879
http://doi.org/10.1016/j.ijepes.2019.02.040
http://doi.org/10.1016/j.ijepes.2013.07.018


Energies 2021, 14, 1103 33 of 36

76. Hadji, B.; Mahdad, B.; Srairi, K.; Mancer, N. Multi-objective economic emission dispatch solution using dance bee colony with
dynamic step size. Energy Procedia 2015, 74, 65–76. [CrossRef]

77. Ruiming, F. Multi-objective optimized operation of integrated energy system with hydrogen storage. Int. J. Hydrog. Energy 2019,
44, 29409–29417. [CrossRef]

78. Borhanazad, H.; Mekhilef, S.; Ganapathy, V.G.; Modiri-Delshad, M.; Mirtaheri, A. Optimization of micro-grid system using
MOPSO. Renew. Energy 2014, 71, 295–306. [CrossRef]

79. Geng, Z.; Wang, Z.; Zhu, Q.; Han, Y. Multi-objective operation optimization of ethylene cracking furnace based on AMOPSO
algorithm. Chem. Eng. Sci. 2016, 153, 21–33. [CrossRef]

80. Cui, Y.; Geng, Z.; Zhu, Q.; Han, Y. Review: Multi-objective optimization methods and application in energy saving. Energy 2017,
125, 681–704. [CrossRef]

81. Rakipour, D.; Barati, H. Probabilistic optimization in operation of energy hub with participation of renewable energy resources
and demand response. Energy 2019, 173, 384–399. [CrossRef]

82. Tran, T.T.D.; Smith, A.D. Stochastic Optimization for Integration of Renewable Energy Technologies in District Energy Systems
for Cost-Effective Use. Energies 2019, 12, 533. [CrossRef]

83. Mohammadi, S.; Soleymani, S.; Mozafari, B. Scenario-based stochastic operation management of MicroGrid including Wind,
Photovoltaic, Micro-Turbine, Fuel Cell and Energy Storage Devices. Int. J. Electr. Power Energy Syst. 2014, 54, 525–535. [CrossRef]

84. Alavi, S.A.; Ahmadian, A.; Aliakbar-Golkar, M. Optimal probabilistic energy management in a typical micro-grid based-on robust
optimization and point estimate method. Energy Convers. Manag. 2015, 95, 314–325. [CrossRef]

85. Morales, J.M.; Perez-Ruiz, J. Point Estimate Schemes to Solve the Probabilistic Power Flow. IEEE Trans. Power Syst. 2007, 22,
1594–1601. [CrossRef]

86. Tripathy, M.; Samal, R.K. A new perspective on wind integrated optimal power flow considering turbine characteristics, wind
correlation and generator reactive limits. Electr. Power Syst. Res. 2019, 170, 101–115. [CrossRef]

87. Sedighizadeh, M.; Esmaili, M.; Mohammadkhani, N. Stochastic multi-objective energy management in residential microgrids
with combined cooling, heating, and power units considering battery energy storage systems and plug-in hybrid electric vehicles.
J. Clean. Prod. 2018, 195, 301–317. [CrossRef]

88. Hejazi, H.; Mohsenian-Rad, H. Energy Storage Planning in Active Distribution Grids: A Chance-Constrained Optimization with
Non-Parametric Probability Functions. IEEE Trans. Smart Grid 2016, 9, 1. [CrossRef]

89. Qin, Z.; Li, W.; Xiong, X. Estimating wind speed probability distribution using kernel density method. Electr. Power Syst. Res.
2011, 81, 2139–2146. [CrossRef]

90. Xu, X.; Yan, Z.; Xu, S. Estimating wind speed probability distribution by diffusion-based kernel density method. Electr. Power
Syst. Res. 2015, 121, 28–37. [CrossRef]

91. Safta, C.; Chen, R.L.-Y.; Najm, H.N.; Pinar, A.; Watson, J.-P. Efficient Uncertainty Quantification in Stochastic Economic Dispatch.
IEEE Trans. Power Syst. 2017, 32, 2535–2546. [CrossRef]

92. Chen, Y.; Wang, Y.; Kirschen, D.S.; Zhang, B. Model-Free Renewable Scenario Generation Using Generative Adversarial Networks.
IEEE Trans. Power Syst. 2018, 33, 3265–3275. [CrossRef]

93. Vagropoulos, S.I.; Kardakos, E.G.; Simoglou, C.K.; Bakirtzis, A.G.; Catalão, J.P.S. ANN-based scenario generation methodology
for stochastic variables of electric power systems. Electr. Power Syst. Res. 2016, 134, 9–18. [CrossRef]

94. Li, P.; Guan, X.; Wu, J.; Zhou, X. Modeling Dynamic Spatial Correlations of Geographically Distributed Wind Farms and
Constructing Ellipsoidal Uncertainty Sets for Optimization-Based Generation Scheduling. IEEE Trans. Sustain. Energy 2015, 6,
1594–1605. [CrossRef]

95. Kumar, P.; Yildirim, E.A. Minimum-Volume Enclosing Ellipsoids and Core Sets. J. Optim. Theory Appl. 2005, 126, 1–21. [CrossRef]
96. Shen, F.; Zhao, L.; Du, W.; Zhong, W.; Qian, F. Large-scale industrial energy systems optimization under uncertainty: A data-driven

robust optimization approach. Appl. Energy 2020, 259, 114199. [CrossRef]
97. Mancilla-David, F.; Angulo, A.; Street, A. Power Management in Active Distribution Systems Penetrated by Photovoltaic Inverters:

A Data-Driven Robust Approach. IEEE Trans. Smart Grid 2020, 11, 2271–2280. [CrossRef]
98. Ning, C.; You, F. Data-Driven Adaptive Robust Unit Commitment Under Wind Power Uncertainty: A Bayesian Nonparametric

Approach. IEEE Trans. Power Syst. 2019, 34, 2409–2418. [CrossRef]
99. Lu, X.; Chan, K.W.; Xia, S.; Zhou, B.; Luo, X. Security-Constrained Multiperiod Economic Dispatch with Renewable Energy

Utilizing Distributionally Robust Optimization. IEEE Trans. Sustain. Energy 2018, 10, 768–779. [CrossRef]
100. Zare, A.; Chung, C.Y.; Zhan, J.; Faried, S.O. A Distributionally Robust Chance-Constrained MILP Model for Multistage Distribu-

tion System Planning with Uncertain Renewables and Loads. IEEE Trans. Power Syst. 2018, 33, 5248–5262. [CrossRef]
101. Shi, Z.; Liang, H.; Dinavahi, V. Data-Driven Distributionally Robust Chance-Constrained Unit Commitment with Uncertain Wind

Power. IEEE Access 2019, 7, 135087–135098. [CrossRef]
102. Jordehi, A.R. How to deal with uncertainties in electric power systems? A review. Renew. Sustain. Energy Rev. 2018, 96, 145–155.

[CrossRef]
103. Soroudi, A.; Amraee, T. Decision making under uncertainty in energy systems: State of the art. Renew. Sustain. Energy Rev. 2013,

28, 376–384. [CrossRef]
104. Sharma, I.; Dong, J.; Malikopoulos, A.A.; Street, M.; Ostrowski, J.; Kuruganti, T.; Jackson, R. A modeling framework for optimal

energy management of a residential building. Energy Build. 2016, 130, 55–63. [CrossRef]

http://doi.org/10.1016/j.egypro.2015.07.524
http://doi.org/10.1016/j.ijhydene.2019.02.168
http://doi.org/10.1016/j.renene.2014.05.006
http://doi.org/10.1016/j.ces.2016.07.009
http://doi.org/10.1016/j.energy.2017.02.174
http://doi.org/10.1016/j.energy.2019.02.021
http://doi.org/10.3390/en12030533
http://doi.org/10.1016/j.ijepes.2013.08.004
http://doi.org/10.1016/j.enconman.2015.02.042
http://doi.org/10.1109/TPWRS.2007.907515
http://doi.org/10.1016/j.epsr.2019.01.018
http://doi.org/10.1016/j.jclepro.2018.05.103
http://doi.org/10.1109/TSG.2016.2604286
http://doi.org/10.1016/j.epsr.2011.08.009
http://doi.org/10.1016/j.epsr.2014.11.029
http://doi.org/10.1109/TPWRS.2016.2615334
http://doi.org/10.1109/TPWRS.2018.2794541
http://doi.org/10.1016/j.epsr.2015.12.020
http://doi.org/10.1109/TSTE.2015.2457917
http://doi.org/10.1007/s10957-005-2653-6
http://doi.org/10.1016/j.apenergy.2019.114199
http://doi.org/10.1109/TSG.2019.2951086
http://doi.org/10.1109/TPWRS.2019.2891057
http://doi.org/10.1109/TSTE.2018.2847419
http://doi.org/10.1109/TPWRS.2018.2792938
http://doi.org/10.1109/ACCESS.2019.2942178
http://doi.org/10.1016/j.rser.2018.07.056
http://doi.org/10.1016/j.rser.2013.08.039
http://doi.org/10.1016/j.enbuild.2016.08.009


Energies 2021, 14, 1103 34 of 36

105. Guo, X.; Bao, Z.; Yan, W. Stochastic Model Predictive Control Based Scheduling Optimization of Multi-Energy System Considering
Hybrid CHPs and EVs. Appl. Sci. 2019, 9, 356. [CrossRef]

106. Zhu, J.; Yuan, Y.; Wang, W. Multi-stage active management of renewable-rich power distribution network to promote the
renewable energy consumption and mitigate the system uncertainty. Int. J. Electr. Power Energy Syst. 2019, 111, 436–446.
[CrossRef]

107. Xu, Y.; Dong, Z.Y.; Zhang, R.; Hill, D.J. Multi-Timescale Coordinated Voltage/Var Control of High Renewable-Penetrated
Distribution Systems. IEEE Trans. Power Syst. 2017, 32, 4398–4408. [CrossRef]

108. Bao, Z.; Zhou, Q.; Yang, Z.; Yang, Q.; Xu, L.; Wu, T. A Multi Time-Scale and Multi Energy-Type Coordinated Microgrid Scheduling
Solution—Part I: Model and Methodology. IEEE Trans. Power Syst. 2015, 30, 2257–2266. [CrossRef]

109. Li, Y.; Zhang, H.; Liang, X.; Huang, B. Event-Triggered-Based Distributed Cooperative Energy Management for Multienergy
Systems. IEEE Trans. Ind. Inform. 2019, 15, 2008–2022. [CrossRef]

110. Wang, Q.; Tao, S.; Du, X.; Zhong, C.; Tang, Y. Coordinated Control Strategy for Multi Micro Energy Systems within Distribution
Grid Considering Dynamic Characteristics and Contradictory Interests. IEEE Access 2019, 7, 139548–139559. [CrossRef]

111. Guelpa, E.; Verda, V. Compact physical model for simulation of thermal networks. Energy 2019, 175, 998–1008. [CrossRef]
112. Wang, L.; Zheng, J.; Li, M.; Lin, X.; Jing, Z.; Wu, P.; Wu, Q.; Zhou, X. Multi-time scale dynamic analysis of integrated energy

systems: An individual-based model. Appl. Energy 2019, 237, 848–861. [CrossRef]
113. Pan, Z.; Guo, Q.; Sun, H. Feasible region method based integrated heat and electricity dispatch considering building thermal

inertia. Appl. Energy 2017, 192, 395–407. [CrossRef]
114. Cao, Y.; Wei, W.; Wu, L.; Mei, S.; Shahidehpour, M.; Li, Z. Decentralized Operation of Interdependent Power Distribution Network

and District Heating Network: A Market-Driven Approach. IEEE Trans. Smart Grid 2019, 10, 5374–5385. [CrossRef]
115. Huang, S.; Tang, W.; Wu, Q.; Li, C. Network constrained economic dispatch of integrated heat and electricity systems through

mixed integer conic programming. Energy 2019, 179, 464–474. [CrossRef]
116. Dai, Y.; Chen, L.; Min, Y.; Chen, Q.; Hao, J.; Hu, K.; Xu, F. Dispatch Model for CHP with Pipeline and Building Thermal Energy

Storage Considering Heat Transfer Process. IEEE Trans. Sustain. Energy 2019, 10, 192–203. [CrossRef]
117. Li, Z.; Wu, W.; Shahidehpour, M.; Wang, J.; Zhang, B. Combined Heat and Power Dispatch Considering Pipeline Energy Storage

of District Heating Network. IEEE Trans. Sustain. Energy 2016, 7, 12–22. [CrossRef]
118. Li, Z.; Wu, W.; Wang, J.; Zhang, B.; Zheng, T. Transmission-Constrained Unit Commitment Considering Combined Electricity and

District Heating Networks. IEEE Trans. Sustain. Energy 2016, 7, 480–492. [CrossRef]
119. Chen, Y.; Guo, Q.; Sun, H.; Li, Z.; Pan, Z.; Wu, W. A water mass method and its application to integrated heat and electricity

dispatch considering thermal inertias. Energy 2019, 181, 840–852. [CrossRef]
120. Merkert, L.; Haime, A.A.; Hohmann, S. Optimal Scheduling of Combined Heat and Power Generation Units Using the Thermal

Inertia of the Connected District Heating Grid as Energy Storage. Energies 2019, 12, 266. [CrossRef]
121. Yang, J.; Zhang, N.; Botterud, A.; Kang, C. On an Equivalent Representation of the Dynamics in District Heating Networks for

Combined Electricity-Heat Operation. IEEE Trans. Power Syst. 2020, 35, 560–570. [CrossRef]
122. Jin, X.; Mu, Y.; Jia, H.; Wu, J.; Jiang, T.; Yu, X. Dynamic economic dispatch of a hybrid energy microgrid considering building

based virtual energy storage system. Appl. Energy 2017, 194, 386–398. [CrossRef]
123. Gu, W.; Wang, J.; Lu, S.; Luo, Z.; Wu, C. Optimal operation for integrated energy system considering thermal inertia of district

heating network and buildings. Appl. Energy 2017, 199, 234–246. [CrossRef]
124. Li, P.; Wang, H.; Lv, Q.; Li, W. Combined Heat and Power Dispatch Considering Heat Storage of Both Buildings and Pipelines in

District Heating System for Wind Power Integration. Energies 2017, 10, 893. [CrossRef]
125. Lu, S.; Gu, W.; Meng, K.; Yao, S.; Liu, B.; Dong, Z.Y. Thermal Inertial Aggregation Model for Integrated Energy Systems.

IEEE Trans. Power Syst. 2019, 35, 2374–2387. [CrossRef]
126. Wang, D.; Zhi, Y.-Q.; Jia, H.-J.; Hou, K.; Zhang, S.-X.; Du, W.; Wang, X.-D.; Fan, M.-H. Optimal scheduling strategy of district

integrated heat and power system with wind power and multiple energy stations considering thermal inertia of buildings under
different heating regulation modes. Appl. Energy 2019, 240, 341–358. [CrossRef]

127. Li, T.; Eremia, M.; Shahidehpour, M. Interdependency of Natural Gas Network and Power System Security. IEEE Trans. Power Syst.
2008, 23, 1817–1824. [CrossRef]

128. Badakhshan, S.; Kazemi, M.; Ehsan, M. Security constrained unit commitment with flexibility in natural gas transmission delivery.
J. Nat. Gas Sci. Eng. 2015, 27, 632–640. [CrossRef]

129. Beigvand, S.D.; Abdi, H.; La Scala, M. Economic dispatch of multiple energy carriers. Energy 2017, 138, 861–872. [CrossRef]
130. Unsihuay, C.; Marangon-Lima, J.W.; De Souza, A.Z. Short-term operation planning of integrated hydrothermal and natural gas

systems. In Proceedings of the 2007 IEEE Lausanne Power Tech, Lausanne, Switzerland, 1–5 July 2007; pp. 1410–1416.
131. Chen, Y.; Wang, Y.; Ma, J. Multi-Objective Optimal Energy Management for the Integrated Electrical and Natural Gas Network

with Combined Cooling, Heat and Power Plants. Energies 2018, 11, 734. [CrossRef]
132. Pambour, K.A.; Erdener, B.C.; Bolado-Lavin, R.; Dijkema, G.P. SAInt—A novel quasi-dynamic model for assessing security of

supply in coupled gas and electricity transmission networks. Appl. Energy 2017, 203, 829–857. [CrossRef]
133. Liu, C.; Shahidehpour, M.; Wang, J. Coordinated scheduling of electricity and natural gas infrastructures with a transient model

for natural gas flow. Chaos: Interdiscip. J. Nonlinear Sci. 2011, 21, 025102. [CrossRef]

http://doi.org/10.3390/app9020356
http://doi.org/10.1016/j.ijepes.2019.04.028
http://doi.org/10.1109/TPWRS.2017.2669343
http://doi.org/10.1109/TPWRS.2014.2367127
http://doi.org/10.1109/TII.2018.2862436
http://doi.org/10.1109/ACCESS.2019.2943926
http://doi.org/10.1016/j.energy.2019.03.064
http://doi.org/10.1016/j.apenergy.2019.01.045
http://doi.org/10.1016/j.apenergy.2016.09.016
http://doi.org/10.1109/TSG.2018.2880909
http://doi.org/10.1016/j.energy.2019.05.041
http://doi.org/10.1109/TSTE.2018.2829536
http://doi.org/10.1109/TSTE.2015.2467383
http://doi.org/10.1109/TSTE.2015.2500571
http://doi.org/10.1016/j.energy.2019.05.190
http://doi.org/10.3390/en12020266
http://doi.org/10.1109/TPWRS.2019.2935748
http://doi.org/10.1016/j.apenergy.2016.07.080
http://doi.org/10.1016/j.apenergy.2017.05.004
http://doi.org/10.3390/en10070893
http://doi.org/10.1109/TPWRS.2019.2951719
http://doi.org/10.1016/j.apenergy.2019.01.199
http://doi.org/10.1109/TPWRS.2008.2004739
http://doi.org/10.1016/j.jngse.2015.09.011
http://doi.org/10.1016/j.energy.2017.07.108
http://doi.org/10.3390/en11040734
http://doi.org/10.1016/j.apenergy.2017.05.142
http://doi.org/10.1063/1.3600761


Energies 2021, 14, 1103 35 of 36

134. Zlotnik, A.; Roald, L.; Backhaus, S.; Chertkov, M.; Andersson, G. Coordinated Scheduling for Interdependent Electric Power and
Natural Gas Infrastructures. IEEE Trans. Power Syst. 2017, 32, 600–610. [CrossRef]

135. Bai, L.; Li, F.; Cui, H.; Jiang, T.; Sun, H.; Zhu, J. Interval optimization based operating strategy for gas-electricity integrated energy
systems considering demand response and wind uncertainty. Appl. Energy 2016, 167, 270–279. [CrossRef]

136. AlAbdulwahab, A.; Abusorrah, A.; Zhang, X.; Shahidehpour, M. Coordination of Interdependent Natural Gas and Electricity
Infrastructures for Firming the Variability of Wind Energy in Stochastic Day-Ahead Scheduling. IEEE Trans. Sustain. Energy 2015,
6, 606–615. [CrossRef]

137. Zhang, Y.; Le, J.; Zheng, F.; Zhang, Y.; Liu, K. Two-stage distributionally robust coordinated scheduling for gas-electricity
integrated energy system considering wind power uncertainty and reserve capacity configuration. Renew. Energy 2019, 135,
122–135. [CrossRef]

138. Fallahi, F.; Maghouli, P. Integrated unit commitment and natural gas network operational planning under renewable generation
uncertainty. Int. J. Electr. Power Energy Syst. 2020, 117, 105647. [CrossRef]

139. Bao, Z.; Chen, D.; Wu, L.; Guo, X. Optimal inter- and intra-hour scheduling of islanded integrated-energy system considering
linepack of gas pipelines. Energy 2019, 171, 326–340. [CrossRef]

140. Wang, Y.; Wang, Y.; Huang, Y.; Yang, J.; Ma, Y.; Yu, H.; Zeng, M.; Zhang, F.; Zhang, Y. Operation Optimization of Regional
Integrated Energy System Based on the Modeling of Electricity-thermal-natural Gas Network. Appl. Energy 2019, 251, 113410.
[CrossRef]

141. Chen, X.; Wang, C.; Wu, Q.; Dong, X.; Yang, M.; He, S.; Liang, J. Optimal operation of integrated energy system considering
dynamic heat-gas characteristics and uncertain wind power. Energy 2020, 198, 117270. [CrossRef]

142. Saad, W.; Han, Z.; Poor, H.V.; Basar, T. Game-Theoretic Methods for the Smart Grid: An Overview of Microgrid Systems,
Demand-Side Management, and Smart Grid Communications. IEEE Signal Process. Mag. 2012, 29, 86–105. [CrossRef]

143. Hicks, J.R. Marktform und Gleichgewicht. Econ. J. 1935, 45, 334–336. [CrossRef]
144. Ma, L.; Liu, N.; Zhang, J.; Tushar, W.; Yuen, C. Energy Management for Joint Operation of CHP and PV Prosumers Inside a

Grid-Connected Microgrid: A Game Theoretic Approach. IEEE Trans. Ind. Inform. 2016, 12, 1930–1942. [CrossRef]
145. Yang, Z.; Ni, M.; Liu, H. Pricing Strategy of Multi-Energy Provider Considering Integrated Demand Response. IEEE Access 2020,

8, 149041–149051. [CrossRef]
146. Wei, F.; Jing, Z.; Wu, P.Z.; Wu, Q. A Stackelberg game approach for multiple energies trading in integrated energy systems.

Appl. Energy 2017, 200, 315–329. [CrossRef]
147. Luo, X.; Liu, Y.; Liu, J.; Liu, X. Energy scheduling for a three-level integrated energy system based on energy hub models:

A hierarchical Stackelberg game approach. Sustain. Cities Soc. 2020, 52, 101814. [CrossRef]
148. Sheha, M.; Mohammadi, K.; Powell, K. Techno-economic analysis of the impact of dynamic electricity prices on solar penetration

in a smart grid environment with distributed energy storage. Appl. Energy 2021, 282, 116168. [CrossRef]
149. Sheha, M.; Mohammadi, K.; Powell, K. Solving the duck curve in a smart grid environment using a non-cooperative game theory

and dynamic pricing profiles. Energy Convers. Manag. 2020, 220, 113102. [CrossRef]
150. Tang, R.; Wang, S.; Li, H. Game theory based interactive demand side management responding to dynamic pricing in price-based

demand response of smart grids. Appl. Energy 2019, 250, 118–130. [CrossRef]
151. Shapley, L.S. A value for n-person games. Contrib. Theory Games 1953, 2, 307–317.
152. Luo, Y.; Zhang, X.; Yang, D.; Sun, Q.; Zhang, H. Optimal operation and cost–benefit allocation for multi-participant cooperation

of integrated energy system. IET Gener. Transm. Distrib. 2019, 13, 5239–5247. [CrossRef]
153. Luo, X.; Liu, X.; Liu, Y.; Liu, J.; Wang, Y. Benefit-based cost allocation for residentially distributed photovoltaic systems in China:

A cooperative game theory approach. Front. Eng. Manag. 2020, 1–13. [CrossRef]
154. Liu, X.; Wang, S.; Sun, J. Energy Management for Community Energy Network with CHP Based on Cooperative Game. Energies

2018, 11, 1066. [CrossRef]
155. Ma, L.; Liu, N.; Zhang, J.; Wang, L. Real-Time Rolling Horizon Energy Management for the Energy-Hub-Coordinated Prosumer

Community from a Cooperative Perspective. IEEE Trans. Power Syst. 2019, 34, 1227–1242. [CrossRef]
156. Talwariya, A.; Singh, P.; Kolhe, M. A stepwise power tariff model with game theory based on Monte-Carlo simulation and its

applications for household, agricultural, commercial and industrial consumers. Int. J. Electr. Power Energy Syst. 2019, 111, 14–24.
[CrossRef]

157. Hung, Y.-C.; Michailidis, G. Modeling and Optimization of Time-of-Use Electricity Pricing Systems. IEEE Trans. Smart Grid 2019,
10, 4116–4127. [CrossRef]

158. Kiljander, J.; Gabrijelcic, D.; Werner-Kytola, O.; Krpic, A.; Savanovic, A.; Stepancic, Z.; Palacka, V.; Takalo-Mattila, J.; Taumberger,
M. Residential Flexibility Management: A Case Study in Distribution Networks. IEEE Access 2019, 7, 80902–80915. [CrossRef]

159. Kamyab, F.; Bahrami, S. Efficient operation of energy hubs in time-of-use and dynamic pricing electricity markets. Energy 2016,
106, 343–355. [CrossRef]

160. Li, L.; Gong, C.; Tian, S.; Jiao, J. The peak-shaving efficiency analysis of natural gas time-of-use pricing for residential consumers:
Evidence from multi-agent simulation. Energy 2016, 96, 48–58. [CrossRef]

161. Lin, K.; Wu, J.; Liu, D. Economic Efficiency Analysis of Micro Energy Grid Considering Time-of-Use Gas Pricing. IEEE Access
2019, 8, 3016–3028. [CrossRef]

http://doi.org/10.1109/TPWRS.2016.2545522
http://doi.org/10.1016/j.apenergy.2015.10.119
http://doi.org/10.1109/TSTE.2015.2399855
http://doi.org/10.1016/j.renene.2018.11.094
http://doi.org/10.1016/j.ijepes.2019.105647
http://doi.org/10.1016/j.energy.2019.01.016
http://doi.org/10.1016/j.apenergy.2019.113410
http://doi.org/10.1016/j.energy.2020.117270
http://doi.org/10.1109/MSP.2012.2186410
http://doi.org/10.2307/2224643
http://doi.org/10.1109/TII.2016.2578184
http://doi.org/10.1109/ACCESS.2020.3016005
http://doi.org/10.1016/j.apenergy.2017.05.001
http://doi.org/10.1016/j.scs.2019.101814
http://doi.org/10.1016/j.apenergy.2020.116168
http://doi.org/10.1016/j.enconman.2020.113102
http://doi.org/10.1016/j.apenergy.2019.04.177
http://doi.org/10.1049/iet-gtd.2019.0894
http://doi.org/10.1007/s42524-019-0083-7
http://doi.org/10.3390/en11051066
http://doi.org/10.1109/TPWRS.2018.2877236
http://doi.org/10.1016/j.ijepes.2019.03.058
http://doi.org/10.1109/TSG.2018.2850326
http://doi.org/10.1109/ACCESS.2019.2923069
http://doi.org/10.1016/j.energy.2016.03.074
http://doi.org/10.1016/j.energy.2015.12.042
http://doi.org/10.1109/ACCESS.2019.2961685


Energies 2021, 14, 1103 36 of 36

162. Ma, T.; Pei, W.; Xiao, H.; Kong, L.; Mu, Y.; Pu, T. The energy management strategies based on dynamic energy pricing for
community integrated energy system considering the interactions between suppliers and users. Energy 2020, 211, 118677.
[CrossRef]

163. Wang, D.; Hu, Q.; Jia, H.; Hou, K.; Du, W.; Chen, N.; Wang, X.; Fan, M. Integrated demand response in district electricity-heating
network considering double auction retail energy market based on demand-side energy stations. Appl. Energy 2019, 248, 656–678.
[CrossRef]

164. Yang, S.; Tan, Z.; Lin, H.; Li, P.; De, G.; Zhou, F.; Ju, L. A two-stage optimization model for Park Integrated Energy System
operation and benefit allocation considering the effect of Time-Of-Use energy price. Energy 2020, 195, 117013. [CrossRef]

165. Liu, P.; Ding, T.; Zou, Z.; Yang, Y. Integrated demand response for a load serving entity in multi-energy market considering
network constraints. Appl. Energy 2019, 250, 512–529. [CrossRef]

http://doi.org/10.1016/j.energy.2020.118677
http://doi.org/10.1016/j.apenergy.2019.04.050
http://doi.org/10.1016/j.energy.2020.117013
http://doi.org/10.1016/j.apenergy.2019.05.003

	Introduction 
	General Formulation of IES Optimal Operation 
	Hybrid Energy Flows Modelling of IES 
	Bus Based Model 
	Energy Hub Based Model 
	Remarks on These Two Modelling Methods 

	Operation Optimization of IES 
	Objectives 
	Constraints 
	Optimization Techniques 


	Handling Uncertainty of High Accommodation Renewable Energy in IES 
	Uncertainty Modelling Methods 
	Multi-Stage Optimization Strategy 
	Challenges and Prospects 

	Utilizing the Hybrid Time-Scale Characteristics of Multiple Energy Flows as a Buffer 
	The Time-Scale Characteristics of Different Energy Flows 
	Thermal Dynamic Characteristics Considerations 
	Gas Dynamic Characteristics Considerations 
	Challenges and Prospects 

	Coordinating among Multiple Participants from a Union Perspective 
	Interest Coordination among Multiple Participants 
	Challenges and Prospects 

	Conclusions 
	References

