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ABSTRACT Under China’s vigorous development of integrated energy services, the Integrated Energy
Service Agency (IESA) is responsible for purchasing energy from external markets and selling energy
to multi-energy users (MEUs). Currently, an increase in the various forms of energy in industrial parks
has caused great uncertainty for MEUs participating in an integrated demand response (IDR) but has also
provided an opportunity for industrial parks to optimize energy conservation. Therefore, determining how
to build an elastic energy cloud model with IDR uncertainty and add the uncertainty and randomness of the
cloud model to the optimal scheduling of an industrial park integrated energy system is a key problem.
In this paper, an optimal economic dispatch model of an industrial park is proposed and considers the
uncertain elastic energy of IDR. In this model, the IESA is responsible for the reasonable scheduling of
equipment for optimal operation, the establishment of integrated energy retail prices for MEUs, and the
goal of maximizing the net income of the IESA. First, the functional relationship among the self-elastic
coefficient, retail energy prices, and IDR variation is considered. A cloud model of the self-elastic coefficient
is constructed to indirectly represent the multiple uncertainties of the elastic energy in the industrial park.
Second, this paper compares and analyzes the economic benefits and IDR potential of the industrial park by
considering only single power users in different intervals and the selection of cloud drop elements of MEUs
in all intervals. Finally, a new scene random sampling method based on interval contributions (SRS-IC) is
employed to solve the optimization model, and a typical example is used to demonstrate that the model and
method can guarantee the overall economy of the industrial park, improve the computational efficiency, and
explore the IDR potential of MEUs.

INDEX TERMS IDR uncertainty, elastic energy cloud model, IESA, MEUs, SRS-IC method.

NOMENCLATURE
A. ABBREVIATIONS AND SYMBOLS
MT/WT/PV Microturbine/Fan/Photovoltaic
REC/GB Heat recovery unit/Gas boiler
EC/EH Electrical chiller/Electrical heater
HX/AC Heat exchanger/Absorption chiller
ES_BT/ES_NG Battery/Natural gas storage tank

The associate editor coordinating the review of this manuscript and

approving it for publication was Mauro Gaggero .

ES_CD/ES_HC Cold storage tank/Heat storage tank
P2G/GSHP Power-to-gas/Ground-source heat

pump
BDL/BGL/BCL/BHL Basic (Rigid) electrical/gas/cold/

heat load
EDL/EGL/ECL/EHL Elastic electrical/gas/cold/heat

load
DN/NG Distribution network/Natural gas

distribution network
CWP/HWP Cold/Hot water supply network
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B. PARAMETERS
fNet Optimization objective function (U)
T Length of the dispatch period (h)
RTotal Net revenue from IESA sales (U)
COm Total operating cost of integrated

energy system (U)
CBuy Total transmission power cost

purchased by the industrial park
from external power distribution,
gas, cold and heat networks (U)

RRev,sal,total Total revenue from IESA sales (U)
RRev,cot,total Total cost and benefit of P2G and

GSHP (U)
RE_DL/GL/HL/CL Total retail electricity/gas/heat/cold

energy revenues of the IESA (U)
RE_P2G Cost and benefit generated by

power-to-natural gas equipment
(U)

RE_GSHP Cost and benefit of refrigeration
and heat generation of GSHP (U)

CPV/WT/MT/GB/ES_Om Operating cost of PV/WT/MT/
GB/ES (U)

PtPV/WT Photovoltaic/wind power
output (kWh)

ctdl/gl/cl/hl,prc,aft Retail electricity/gas/cold/heat
cost price at time t of the
IESA (U/kWh)

Ptdl/hl/cl/gl,elc,aft Electricity/gas/cold/hot power that
the IESA retails to MEUs at
time t (kW)

VMT/COPMT Thermoelectric ratio/gas-to-electric
efficiency of MT

COPP2G/GB/REC Conversion efficiency of a P2G/
GB/REC device

COPEC/EH/HX/HP Conversion efficiency of an EC/
EH/HX/GSHP device

ω Waste heat distribution coefficient
W t

BT/NG/CD/HC Stored energy in the battery/
natural gas/cold/heat storage
tank at time t (kWh)

W t+1
ES_BT/NG/CD/HC Stored energy in the battery/natural

gas/cold/heat storage tank at
time t + 1 (kWh)

Captbt/ng/cd/hc Rated capacity of the integrated
energy storage device (kWh)

λbt/ng/cd/hc,c Energy charging efficiency
coefficient of the integrated energy
storage device

λbt/ng/cd/hc,d Energy discharging efficiency
coefficient of the integrated
energy storage device

σbt/ng/cd/hc Self-discharge efficiency
coefficient of the integrated
energy storage device

γbt/ng/cd/hc,c Maximum charging rate of the
integrated energy storage device

γbt/ng/cd/hc,d Maximum discharging rate of the
integrated energy storage device

1Pt,increasedl,elc,aft /1P
t,decrease
dl,elc,aft Users of shiftable electrical

energy participating in the
output power increase/decrease
of the IDR program (kW)

1Qt,increasehl/cl/gl,elc,aft /

1Qt,decreasehl/cl/gl,elc,aft Users of shiftable gas/cold
energy participating in the
output power increase/decrease
of the IDR program (kW)

I. INTRODUCTION
Under the background of China’s energy market reform and
the gradual development of integrated energy services on the
demand side, the Integrated Energy Service Agency (IESA)
can develop more energy sales packages for multi-energy
users (MEUs) [1], [2]. With the increase in multi-type energy
varieties containingMEUs, when an industrial park meets the
requirements of MEUs participating in an integrated demand
response (IDR), the optimized energy-saving effect of the
demand-side integrated energy system (IES) is not signifi-
cant, especially for multi-type energy varieties in industrial
parks that have multiple uncertainty characteristics [3], [4].
Currently, the forms of energy use of integrated energy ter-
minal MEUs are divided into rigid energy and elastic energy.
Rigid energy is not subject to changes in some incentives,
while elastic energy is the part of energy or time that can be
adjusted by the stimulation of some factors [5], [6]. There-
fore, this paper establishes an elastic energy cloud model that
comprehensively considers the uncertainty of MEU partici-
pation in IDR and then designs a set of economic scheduling
strategies that consider the uncertainty and randomness of the
elastic energy cloud model. This strategy not only guarantees
overall economic benefits for the industrial park but also
maximizes the IDR potential of MEUs.

Many studies have focused on uncertainty models, strate-
gies, solutions and demand response (DR) mechanisms.
Zhao et al. [7] proposed a multistage robust optimization
(RO) model for unit commitment that considered the wind
power output and DR uncertainties, and the DR was modeled
as an uncertain price-elastic demand curve. Wei et al. [8] pre-
sented a two-stage two-level decision model for a smart grid
retailer that considered the DR and market price uncertainty.
Yi et al. [9] established a robust interval model that consid-
ered the uncertainties of renewable energy power generation
output and DR. Then, a robust counterpart transformation
method combined with a multi-objective genetic algorithm
was applied to solve the model. Yang et al. [10] proposed
a two-layer nested model for a hydro-wind complemen-
tary system that accurately considered the characteristics of
intermittency, the fluctuation characteristics of wind power,
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and forecasts. Li and Jayaweera [11] proposed a series of lin-
ear prediction models for load management that considered
different assumptions on the stationarity of customer load
data and then further designed a DR scheduling scheme based
on utility cost minimization with different customer cluster-
ing sizes. Ju et al. [12] proposed amulti-objective flexible risk
aversion model for power-to-gas (P2G)-based virtual power
plant (VPP) operation that considered the uncertainty risk
described by a conditional value-at-risk method and robust
theory. Pan et al. [13] proposed a synchronously decentral-
ized adaptive robust programming model for an IES that
considered the uncertainties of photovoltaic (PV) energy and
flexible IDR loads. The above studies have contributed sig-
nificantly to the uncertainty modeling of demand-side IESs
based on their respective approaches.

Some uncertain factors have also been considered in the
operation of demand-side IESs, such as economic dispatch
strategies and solution methods. For example, Majidi and
Zare [14] proposed a model for both the price and power
demand uncertainty of renewable units, and a stochastic pro-
gramming method combined with an interval optimization
method was employed to solve the model. Chen et al. [15]
presented a two-stage distributed robust hydrothermal-wind
economic dispatch strategy, which had the advantages of
traditional stochastic optimization (SO) and adjustable RO
methods, and a delayed constraint generation algorithm was
applied to solve the strategy. Zheng et al. [16] proposed a
comprehensive system model for a coupled natural gas and
electricity network that considered the impact of the power
output uncertainty of wind farms. Then, an interval algorithm
was employed to solve an uncertainty analysis of the coupled
system and compared with a Monte Carlo (MC) method.
Bai et al. [17] proposed an interval optimization-based coor-
dinated operation strategy for a gas-electric IES that consid-
ered DR and wind power uncertainty. Bai et al. [18] adopted
a SO model to deal with the uncertainty generated by a
large number of wind power forecast scenarios. Then, a sce-
nario reduction algorithm was applied to solve the model.
Furthermore, Zhang et al. [9] proposed a multi-objective
robust schedulingmethod that considers the uncertainty of the
predicted values of input variables, such as the load demand
and renewable energy power output. Then, a simultaneous
backward reduction (SBR) method was applied to reduce the
scenario that meets the requirements. Liu et al. [19] proposed
a stochastic RO framework to solve the distributionally robust
unit commitment (UC) problem, and the wind power moment
information of uncertainty parameters could be obtained from
the statistics of historical data.

Moreover, some researchers have studied the factors influ-
encing the DR uncertainty in the operation of demand-side
IESs, such as the DRmechanism. For example, Niu et al. [20]
established an optimization model comprising a VPP model
with an uncertain DR. Sun et al. [21] described the response
mechanisms of different types of demand-side resources in
detail. Then, they proposed a day-ahead scheduling model
based on fuzzy chance constrained programming, and the

user response behavior under time-of-use (TOU) was mod-
eled with uncertainty. Wu et al. [22] proposed a multi-time
period flexible uncertain DR optimization model that consid-
ered the uncertainty impacts of the DR on the optimal oper-
ation. Ju et al. [10] proposed a bi-level stochastic scheduling
model for a VPP that considered the uncertainties of the wind
power plant and PV output, price-based demand response
and incentive-based demand response. Then, a robust SO
theory was introduced to solve the model. Wang et al. [23]
proposed an incentive-based DR unit commitment model that
considered different types of users according to their DR
characteristics. Wang et al. [24] established a fuzzy load
response model under the TOU electricity price that con-
sidered the uncertainty of the price DR, wind power output
and system load. Gu et al. [25] proposed a bi-level optimal
low-carbon economic dispatch model for an industrial park
that considered multi-energy price incentives and the IDR of
MEUs. In [26], the cloud model theory was applied to the
feature mining of wind power prediction training samples.
In [27], a cloud model was applied to address large group
decision-making problems based on the cloud model in a
linguistic environment, and the model was proven a power-
ful tool for expressing the fuzziness and randomness of the
linguistic information.

Previous studies have mainly focused on the uncertainty
analysis of the wind power output and electric load DR and
have less comprehensively involved the analysis of the IESA’s
IDR uncertainty optimization scheduling strategy for electric-
ity, heat, cold and gas MEUs. First, there are three methods
to deal with the objective function: RO, distributed RO and
random programming. Second, almost all fuzzy day-ahead
optimal scheduling models with DR uncertainty are solved
by transforming the expectation of the uncertainty model
and the fuzzy opportunity constraint into a clear equivalence
model according to uncertain programming theory. In addi-
tion, some previous scholars have affected the operation of
industrial parks by adjusting the flexible load in the IDR
scheme corresponding to the multi-energy pricing strategy.
It can be found that with an increase in the various types
of energy in an industrial park, it is difficult to quantify
an existing mathematical model of uncertainty, the existing
uncertainty model has difficulty measuring randomness and
fuzziness at the same time, and it is difficult to describe the
uncertainty characteristics of elastic energy. Therefore, it is
necessary to use a cloud model to represent the multiple
uncertainty characteristics of elastic energy in an industrial
park, to tap the potential energy use of MEUs, to improve the
economic and energy conservation benefits of the industrial
park, and to optimize an economic scheduling scheme of
uncertainty and randomness for MEUs to participate in IDR.

Motivated by the abovementioned research gap, this paper
proposes an uncertainty optimal economic dispatch strat-
egy for an industrial park with consideration of the elastic
energy cloud model. This optimization model includes the
IESA setting retail energy prices based on external market
prices, taking into account the IESA’s retail energy prices
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and net/total revenue constraints, with the optimal net income
of the IESA as the overall goal. In an actual IDR process,
the elastic coefficient matrix can represent the functional rela-
tionship between the rate of change in the retail energy price
and the rate of change in IDR. Considering the uncertainty
characteristics of MEUs, such as diversification, the cloud
model can be used to represent the multiple uncertainties of
elastic energy in the industrial park, and then an improved
random sampling method is used to cut the scene to obtain
the overall optimal operation results of the industrial park.
The contributions of this paper are as follows:

1) An uncertain optimal economic dispatch strategy for
an industrial park considering an elastic energy cloud
model is introduced, and this strategy considers the
elastic energy varieties for MEUs, including electricity,
heat, cold, and gas, and has multiple uncertainty char-
acteristics, such as the time transfer and spatial distri-
bution. The strategy can also help the IESA develop a
reasonable integrated energy retail price optimization
strategy and improve the IDR potential of MEUs.

2) An elastic energy cloud model with three eigenvalue
parameters (expection, entropy, and hyper entropy) is
established, and this model can represent the uncer-
tainty of the self-elasticity coefficient, the IESA’s inte-
grated energy retail price, and MEU participation in
IDR.

3) A new concept of interval contribution in the elas-
tic energy cloud model is proposed, which can help
analyze the contribution of the selection of different
interval elements in the model and the contribution to
the overall economic benefits and IDR potential of the
industrial park.

4) A new scene random sampling method based on inter-
val contribution (SRS-IC) is employed, which adopts
the SBR method to improve an MC random sampling
method. This method can effectively improve the sys-
tem operation efficiency and reduce the error of uncer-
tain optimization results.

The rest of this paper is organized as follows. Part 2 intro-
duces cloud model theory and the elastic energy cloud model.
Part 3 introduces the structure and optimization model of the
demand-side IES. Part 4 presents the optimization solution
strategy for the proposed model in detail. In part 5, case stud-
ies and simulation results are presented. Part 6 presents the
summary and conclusions. In part 7, future work is presented.

II. ESTABLISHMENT OF THE ELASTIC ENERGY CLOUD
MODEL
A. CLOUD MODEL THEORY
Cloud model theory can realize the uncertainty conversion
between qualitative concepts and their numerical represen-
tations [26]. The cloud model adopted in this paper is a
normal cloud with the most general adaptability. As shown
in figure 1, the abscissa and ordinate represent expection
(Ex) and its determinacy (µ) respectively. The cloud model

can adopt three eigenvalue parameters Ex, entropy (En), and
hyper entropy (He), to reflect the distribution characteristics
of the concept as a whole [26]. Among these parameters, Ex
is the expectation of cloud droplets belonging to a qualitative
concept in the universe; En is the degree of uncertainty of a
qualitative concept and is measured by both the fuzziness and
randomness of the qualitative concept; and He is the degree
of uncertainty of the entropy En (refer to definitions 1 and
2 in Appendix).

FIGURE 1. A schematic diagram of a normal cloud model.

The cloud model can use a membership function to
describe the fuzziness of the uncertainty concept, the ran-
domness of the membership function and cloud droplets.
The cloud model perfectly combines fuzziness and random-
ness. At present, the core algorithm of the cloud model is
divided into a forward Gaussian cloud generator (FGCG) and
a backwardGaussian cloud generator (BGCG) [29], [31]. The
specific algorithm flow is described in (a) and (b) as follows:

1) FGCG ALGORITHM GENERATE CLOUD DROPLETS
Input: Three eigenvalue parameters, Ex, En, and He, and the
number of cloud droplets N .
Output: The quantitative value of N cloud droplets (xϕ ,

µϕ).
(1) Generate a Gaussian random number:

Enϕ = NORE
(
En,He2

)
(1)

(2) Generate a Gaussian random number:

xϕ = NORE
(
Ex,

(
Enϕ

)2) (2)

(3) Calculate the determinacy:

µϕ = e
−

[
(xϕ−Ex)

2
/2(Enϕ)

2
]

(3)

(4) Form a cloud droplet (xϕ , µϕ) in the number domain.
(5) Repeat steps 1 to 5 until N cloud droplets are formed.
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2) BGCG ALGORITHM GENERATES EIGENVALUE
PARAMETERS
Input: Sample points xϕ (ϕ = 1, 2, . . . , n).
Output: Three eigenvalue parameters, Ex, En, and He.
(1) Calculate the average value of xϕ :

Ex =
1
n

n∑
ϕ=1

xϕ (4)

(2) Calculate the first-order absolute center moment of the
sample:

1
n

∑n

ϕ=1

∣∣xϕ − Ex∣∣ (5)

(3) Calculate the second-order center moment of the sam-
ple:

S =
1
n

∑n

ϕ=1

(
xϕ − Ex

)2 (6)

(4) Calculate the entropy:

En =

√
π

2
·
1
n

∑n

ϕ=1

∣∣xϕ − Ex∣∣, 0 < He <
En
3

(7)

(5) Solve the hyper entropy:

He =
√
S − En2 (8)

Inspired by the above cloud model idea, this paper first
considers the difficulty of obtaining historical data samples of
the actual energy demand of MEUs and the integrated energy
retail price of the IESA, and then three historical eigenvalue
parameters of the cloud model are considered to describe
the uncertain distribution law of the self-elastic coefficient.
Among these parameters, Ex of the self-elastic coefficient is
the most representative point of the qualitative concept. En
is a random measure of qualitative concepts. On one hand,
it reflects the degree of dispersion of qualitative concepts, and
on the other hand, it determines the cloud droplet determina-
tion acceptable to concepts in the domain space. He reflects
the acceptance of the qualitative concept. The smaller is the
value of He, the more concentrated are the cloud droplets,
while the larger the value ofHe is, the more discrete the cloud
droplets are. At present, the FGCG and BGCG algorithms in
the cloud model can effectively convert between the quali-
tative concepts of fuzzy variables and clouds. Additionally,
a large number of cloud titration values in the cloud model
will also cause difficulties in data processing in the uncertain
optimal scheduling process of industrial parks.

B. ELASTIC ENERGY CLOUD MODEL
In the actual optimal dispatching process of an industrial park,
the actual energy demand of MEUs is often uncertain, and
the integrated energy retail price of the IESA is bound to be
uncertain. Therefore, the three historical numerical eigenval-
ues of the cloud model can represent the uncertainty distri-
bution of the self-elastic coefficient. These values can also
represent the multiple uncertainty characteristics of changes

in elastic energy and changes in the retail energy price of the
IESA in the industrial park, which are described as follows:

˜1Ptdl,elc,aft/
(
λdlPtdl,ld,ref

)
= ˜εtdl

(
˜1ctdl,prc/c

t
dl,prc,,ref

)
˜1Qthl,elc,aft/

(
λhlQthl,ld,ref

)
= ˜εthl

(
˜1cthl,prc/c

t
hl,prc,,ref

)
˜1Qtcl,elc,aft/

(
λclQtcl,ld,ref

)
= ε̃tcl

(
˜1ctcl,prc/c

t
cl,prc,,ref

)
˜1Qtgl,elc,aft/

(
λglQtgl,ld,ref

)
= ˜εtgl

(
˜1ctgl,prc/c

t
gl,prc,,ref

)
(9)

where ˜εtdl/
˜εthl/ε̃

t
cl/
˜εtgl represent the self-elastic coefficients

of electricity/heat/cold/gasMEUs at time t represented by the
cloudmodel, respectively; ˜1ctdl,prc/

˜1cthl,prc/
˜1ctcl,prc/

˜1ctgl,prc
represent the changes in the retail prices of electric-
ity/heat/cold/gas of the IESA after the implementation of
IDR at time t by using the cloud model, respectively;
and ˜1Ptdl,elc,aft/

˜1Qthl,elc,aft/
˜1Qtcl,elc,aft/

˜1Qtgl,elc,aft repre-
sent the actual changes in elastic electrical/heat/cold/gas
loads after the implementation of IDR at time t by the cloud
model, respectively.

According to formulas (A-3) ∼ (A-6) in Appendix, for-
mula (9) can be simplified into the following form (10):

˜1Ptdl,elc,aft =
˜εtdl

(
˜κ tdl,prc,ref λdlP

t
dl,ld,ref

)
˜1Qthl,elc,aft =

˜εthl

(
˜κ thl,prc,ref λhlP

t
hl,ld,ref

)
˜1Qtcl,elc,aft = ε̃

t
cl

(
˜κ tcl,prc,ref λclP

t
cl,ld,ref

)
˜1Qtgl,elc,aft =

˜εtgl

(
˜κ tgl,prc,ref λglP

t
gl,ld,ref

)
(10)

Finally, the same formulas (A-7)∼ (A-17) in Appendix are
derived to obtain a piecewise linear function of the total return
of the IESA and the corresponding constraint conditions
under uncertain optimal scheduling.
In figure 2, the abscissa represents the expected value of

cloud droplets, and the ordinate represents the degree of cer-
tainty. For example, figure 2 (a) contains four cloud models
with 3 specific numerical eigenvalues. Cloud models 1, 2, 3,
and 4 adopt (Ex1,En1,He1), (Ex2,En2,He2), (Ex3,En3,He3),
and (Ex4, En4, He4), respectively, to represent the overall
characteristics of their concepts. When the point in a cloud
model that best represents its qualitative concept is closer
to Ex, the cloud droplet density is higher. In the opposite
case, the droplets become sparser. In addition, when the Ex
value is different, the cloud image of the cloud model will
be shifted to the left and right along the abscissa. When the
En value is different, the larger is the value of En, the wider
is the value range of a cloud droplet. In contrast, the smaller
is the value of En, the smaller is the value range of a cloud
droplet. When the He value is different, the larger the value
of He, the more discrete are the cloud droplets. For example,
compared with the other cloud models, cloud model 3 more
easily demonstrates this trend.
When there is only a single form of energy use in an

industrial, the physical meaning of the traditional uncertain
optimization (such as RO, distributed RO and random pro-
gramming) model can also be expressed. However, when

VOLUME 9, 2021 52489



H. Gu et al.: Optimal Economic Dispatch for an Industrial Park With Consideration of an Elastic Energy Cloud Model

FIGURE 2. A schematic diagram of multiple cloud model.

there are the four energy forms of electricity, heat, cold
and gas in an industrial park, it is necessary to construct
a four-dimensional elastic energy cloud model to charac-
terize the multiple uncertainty characteristics of multi-type
energy varieties containing MEU members. Therefore, from
the perspective of model construction, the construction of
uncertainty multidimensional cloud model is essentially dif-
ferent from the traditional uncertainty optimizationmodeling.
In addition, according to the basic theory of multidimensional
cloud models [26], an n-dimensional normal cloud model
can be combined mathematically with n one-dimensional
normal clouds. This approach can not only can guarantee
the mutual independence of cloud droplet arrays in the cloud
model but can also describe the complex qualitative concept
of an industrial park containing n types of random energy
combinations.

The specific implementation algorithm is as follows:
Input: Four-dimensional eigenvalue parameters, the num-

ber of cloud droplets N , (Ex1, Ex2, Ex3, Ex4), (En1, En2, En3,
En4), and (He1, He2, He3, He4).
Output: The quantitative value of N cloud drops (x1, x2, x3,

x4, µ).
(1) Generate random numbers (En′1, En

′

2, En
′

3, En
′

4) with
(En1, En2, En3, En4) as the expected values and (He1, He2,
He3, He4) as the mean square deviations, respectively.

(2) Generate random numbers (x1, x2, x3, x4) with (Ex1,
Ex2, Ex3, Ex4) as the expected values and (En′1, En

′

2, En
′

3,
En′4) as the mean square deviations, respectively.
(3) Calculate the determinacy:

µ = e
−
(x1−Ex1)

2

2(En′1)
2 −

(x2−Ex2)
2

2(En′2)
2 −

(x3−Ex3)
2

2(En′3)
2 −

(x4−Ex4)
2

2(En′4)
2

(11)

(4) (x1, x2, x3, x4, µ) is a cloud droplet in the domain.
(5) Repeat steps 1 to 4 until N cloud droplets are formed.
According to the above solution steps, the calculation of

the four-dimensional normal cloudmodel is complex, and it is
impossible to effectively describe the uncertainty characteris-
tics of energy user types in the four dimensions of electricity,
heat, cold and gas in a spatial coordinate system. Therefore,
the dimensionality reduction of the multi-dimensional cloud
model can effectively simplify the uncertainty model in this
paper. For example, figure 2 (b) shows one cloud model of
a spatial distribution. Combined with analysis of the results
of the calculation examples, the time (T ), expection (Ex),
and determinacy (µ) are used to form four three-dimensional
coordinate systems.

III. STRUCTURE AND OPTIMIZATION MODEL OF AN
INDUSTRIAL PARK WITH MEUS
Figure 3 shows an optimal scheduling structure with informa-
tion exchange between the IESA and MEUs of an industrial
park. Figure 4 shows a busbar terminal structure [25]. The
overall structure of the IES includes the IESA and MEUs.
The IESA buys energy from external energy markets and
sets different retail energy prices for MEUs. The IESA is
responsible for the unified and optimized management of
the operation of comprehensive energy supply, energy stor-
age and energy conversion equipment in the industrial park.
The integrated energy supply equipment includes distributed
energy such as WTs, PVs, MTs, RECs and GBs. The energy
storage equipment includes ES_BT, ES_HC, ES_CD, and
ES_NG; the integrated energy supply and energy conversion
devices include P2G; and the integrated energy hub conver-
sion devices comprise an EC, EH, HX, AC and GSHP. The
form of energy use of integrated energy terminal MEUs are
divided into rigid energy (basic energy) and elastic energy.
Rigid energy is not subject to some excitation changes and
mainly includes basic (rigid) electrical/gas/cold/heat loads
(BDL/BGL/BCL/BHL). Elastic energy is the part that can be
used to adjust the energy or timewith some factors andmainly
includes elastic electrical/gas/cold/heat loads (EDL/EGL/
ECL/EHL). In figures 3 and 4, the symbols used for each
equipment type in the industrial park are defined according
to the parameter nomenclature.

A. OPTIMIZATION MODEL
1) OBJECTIVE FUNCTION
The optimization in this paper aims to maximize the net
income of the IESA, that is, to maximize the difference
between the total income of the IESA and the total operating
cost of the system. The total retail energy revenue of the
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FIGURE 3. Optimal scheduling structure with information exchange between the IESA and MEUs for an industrial park.

FIGURE 4. Bus-based structure map of a general industrial park with an IDR.

IESA, fNet, mainly includes the sales of electricity, heat, cold,
and natural gas and mainly comes from the IDR benefits of
rigid energy and elastic energy users in the industrial park.
In addition, the production costs and benefits mainly come
from P2G and GSHP energy conversion. The total operating
cost of the system mainly includes the operating cost of the
integrated power supply equipment (WTs, PVs, MTs, GBs,
and ES) and the cost of power transmission purchased by the
industrial park from the distribution/heat/cold/gas pipeline

network. Therefore, the optimization objective function fNet
is shown as follows:

fNet = max
[
RTotal −

(
COm + CBuy

)]
(12)

where RTotal represents the total revenue of the IESA; COm
represents the total operating cost of each price of energy sup-
ply equipment and energy storage equipment in the industrial
park; and CBuy represents the total power transmission cost
of each industrial park purchased from external distribution,
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heat, cold, and natural gas networks.

RTotal = RRev,sal,total + RRev,cot,total (13)

Here, the first term in (13) indicates the total retail sales
revenue of the IESA, and the second term in (13) indicates
the costs and benefits of the power-to-gas and ground-source
heat pump units in the industrial park.

RRev,sal,total = RE_DL + RE_HL + RE_CL + RE_GL (14)

Here, the first through fourth terms in (14) indicate the total
revenue of the IESA from retail electricity, heat, cold, and gas
energy, respectively.

RRev,cot,total = RE_P2G + RE_GSHP (15)

Here, the first term in (15) represents the production costs
and benefits of using the P2G device to convert power to gas
energy. The second term in (15) represents the production
costs and benefits of using the GSHP for heating and cooling
generation.

RE_DL =
T∑
t=1

(
ctdl,prc,aftP

t
dl,ld,aft

)
,

RE_HL =
T∑
t=1

(
cthl,prc,aftQ

t
hl,ld,aft

)
RE_CL =

T∑
t=1

(
ctcl,prc,aftQ

t
cl,ld,aft

)
,

RE_GL =
T∑
t=1

(
ctgl,prc,aftQ

t
gl,ld,aft

)
(16)

Here, ctdl,prc,aft/c
t
hl,prc,aft/c

t
cl,prc,aft/c

t
gl,prc,aft indicate the

real-time retail cost prices of electricity/heat/cold/natural gas
after the IESA implements IDR at time t (U/kWh), respec-
tively.Ptdl,ld,aft/Q

t
hl,ld,aft/Q

t
cl,ld,aft/Q

t
gl,ld,aft in (16) represent

the real-time electricity/heat/cold/gas load after the IESA
implements IDR at time t (kW), respectively.

RE_P2G =
T∑
t=1

(
ctp2g,cos tQ

t
P2G_EX

)
RE_GSHP =

T∑
t=1

(
ctco,cos tQ

t
HP_C + c

t
he,cos tQ

t
HP_H

) (17)

Here, ctp2g,cos t indicates the benefit-cost coefficient of the
P2G device converting electric power to natural gas at
time t (U/kWh). QtP2G_EX in (17) means the power from
gas converted through P2G equipment at time t (kW).
ctco,cos t/c

t
he,cos t in (17) indicate the revenue and cost coef-

ficients of the GSHP unit generated by refrigeration and
thermal energy at time t (U/kWh). QtHP_C/Q

t
HP_H in (17)

mean the cooling and heating power of the GSHP unit at time
t (kW).

COm = CWT_Om+CPV_Om+CMT_Om+CGB_Om+CES_Om

(18)

Here, the first through fifth terms in (18) indicate the operat-
ing costs of the WTs, PVs, MTs, GBs, and ES, respectively.
The details are as follows:

CWT_Om =

T∑
t=1

(
cwtPtWT

)
, CPV_Om =

T∑
t=1

(
cpvPtPV

)
CMT_Om =

T∑
t=1

(
cmtPtMT

)
, CGB_Om =

T∑
t=1

(
cgbQtGB

)

CES_Om =

T∑
t=1


cbt
(
PtBT_D +

∣∣∣PtBT_C∣∣∣)
+ ccd

(
QtCD_D +

∣∣QtCD_C∣∣)
+ chc

(
QtHC-D +

∣∣∣QtHC_C∣∣∣)
+ cng

(
QtNG_D +

∣∣∣QtNG_C∣∣∣)


(19)

Here, cwt , cpv, cmt , and cgb are the operating cost coefficients
of the WTs, PVs, MTs, and GBs (U/kWh), respectively.
cbt , chc, ccd , and cng in (19) are the operating cost coef-
ficients of the integrated energy storage devices (batteries,
heat, cold, and natural gas tanks) (U/kWh), respectively.PtWT,
PtPV, P

i,t
MT, and Q

j,t
GB in (19) mean the output power of the

WTs, PVs, MTs, and GBs (kW), respectively. PtBT_C/P
t
BT_D,

QtCD_C/Q
t
CD_D, Q

t
HC_C/Q

t
HC_D, and Q

t
NG_C/Q

t
NG_D in (19)

mean the charging or discharging power of the batteries, heat,
cold, and natural gas storage tanks in the industrial park (kW),
respectively.

The IESA considered in this paper is not only used for
retail energy but is also used for the electricity, heat, cold,
and natural gas energy purchased from external markets. The
details are as follows:

CBuy =

T∑
t=1

[
ctdl,buyP

t
G,Buy + c

t
hl,buyQ

t
H,Buy

+ ctcl,buyQ
t
C,Buy + c

t
gl,buyQ

t
NG,Buy

]
(20)

Here, ctdl,buy, c
t
hl,buy, c

t
cl,buy, and c

t
gl,buy represent the power

cost coefficients of purchases by the industrial park from
power distribution, heat, cold, and natural gas networks
(U/kWh), respectively. PtG,Buy, Q

t
H,Buy, Q

t
C,Buy, and Q

t
NG,Buy

in (20) represent the power purchased by the industrial park
from power distribution, heat, cold, and natural gas networks
(kW), respectively.

2) ESTABLISHMENT OF THE INTEGRATED ENERGY RETAIL
PRICE AND IDR MODEL
The balanced constraints of this section comprise the follow-
ing four parts: (21) ∼ (24).

In the industrial park, the IESA is responsible for setting
the real-time retail energy prices of electricity, heat, cold and
gas, while the MEUs change their energy demand in real time
according to the price signal. Considering the price-type IDR
model, the elastic coefficient can describe the functional rela-
tionship between the change rate of a retail energy price and
the change rate of the IDR [24]. To facilitate data processing,
only the self-elastic coefficient is considered in this model,
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which is described as follows:

1Ptdl,elc,aft/
(
λdlPtdl,ld,ref

)
= ˜εtdl1c

t
dl,prc/c

t
dl,prc,ref

1Qthl,elc,aft/
(
λhlQthl,ld,ref

)
= ˜εthl1c

t
hl,prc/c

t
hl,prc,ref

1Qtcl,elc,aft/
(
λclQtcl,ld,ref

)
= ε̃tcl1c

t
cl,prc/c

t
cl,prc,ref

1Qtgl,elc,aft/
(
λglQtgl,ld,ref

)
= ˜εtgl1c

t
gl,prc/c

t
gl,prc,ref

(21)

where λdl/λhl/λcl/λgl are the proportions of initial elas-
tic energy in the electricity/heat/cold/gas load predicted
before IDR, respectively. Ptdl,ld,ref /Q

t
hl,ld,ref /Q

t
cl,ld,ref /

Qtgl,ld,ref in (21) are the predicted electricity/heat/cold/gas
load before IDR at time t (kW), respectively. ctdl,prc,ref /
cthl,prc,ref /c

t
cl,prc,ref /c

t
gl,prc,ref in (21) are the retail electric-

ity/heat/cold/gas price reference values before IDR imple-
mentation at time t (U/kWh), respectively. 1Ptdl,elc,aft/
1Qthl,elc,aft/1Q

t
cl,elc,aft/1Q

t
gl,elc,aft in (21) are the actual

changes in the elastic electric/heat/cold/gas load after IDR at
time t (kW), respectively.1ctdl,prc/1c

t
hl,prc/1c

t
cl,prc/1c

t
gl,prc

in (21) are the changes in the retail prices of electric-
ity/heat/cold/gas after IDR at time t (U/kWh), respectively.
In combination with formula (21), in (16), the real-time

retail energy cost prices after IDR and the above retail energy
price changes should satisfy the following constraints:

1ctdl,prc = ctdl,prc,aft − c
t
dl,prc,ref

1cthl,prc = cthl,prc,aft − c
t
hl,prc,ref

1ctcl,prc = ctcl,prc,aft − c
t
cl,prc,ref

1ctgl,prc = ctgl,prc,aft − c
t
gl,prc,ref

(22)

In addition, the real-time electricity, heat, cold, and natural
gas elastic load variation and the reference values of the initial
elastic load variation after the implementation of IDR should
satisfy the following constraint conditions:

1Ptdl,elc,aft = Ptdl,elc,aft − λdlP
t
dl,ld,ref

1Qthl,elc,aft = Qthl,elc,aft − λhlQ
t
hl,ld,ref

1Qtcl,elc,aft = Qtcl,elc,aft − λclQ
t
cl,ld,ref

1Qtgl,elc,aft = Qtgl,elc,aft − λglQ
t
gl,ld,ref

Ptdl,elastic,ref = λdlP
t
dl,ld,ref ; Qthl,elastic,ref = λhlQ

t
hl,ld,ref

Qtcl,elastic,ref = λclQ
t
cl,ld,ref ; Qtgl,elastic,ref = λglQ

t
gl,ld,ref

(23)

where Ptdl,elc,aft/Q
t
hl,elc,aft/Q

t
cl,elc,aft/Q

t
gl,elc,aft indicate the

total electricity/heat/cold/gas elastic load after IDR at time
t (kW), respectively. Ptdl,elastic,ref /Q

t
hl,elastic,ref /Q

t
cl,elastic,ref /

Qtgl,elastic,ref in (23) mean the actual initial elastic load pre-
dictions before IDR at time t (kW).
Combined with formulas (21) and (23), in (16), the total

loads of electricity, heat, cold, and gas in the industrial park
in real time after the implementation of DR should meet the
following power balance constraints:



Ptdl,ld,aft = 1P
t
dl,elc,aft + P

t
dl,ld,ref

Qthl,ld,aft = 1Q
t
hl,elc,aft + Q

t
hl,ld,ref

Qtcl,ld,aft = 1Q
t
cl,elc,aft + Q

t
cl,ld,ref

Qtgl,ld,aft = 1Q
t
gl,elc,aft + Q

t
gl,ld,ref

(24)

By combining (22) and (24), formula (16) can be converted
into the following form:



RE_DL =
T∑
t=1

[(
1ctdl,prc + c

t
dl,prc,,ref

)
×

(
1Ptdl,elc,aft + P

t
dl,ld,ref

)]
RE_HL =

T∑
t=1

[(
1cthl,prc + c

t
hl,prc,,ref

)
×

(
1Pthl,elc,aft + P

t
hl,ld,ref

)]
RE_CL =

T∑
t=1

[(
1ctcl,prc + c

t
cl,prc,,ref

)
×

(
1Ptcl,elc,aft + P

t
cl,ld,ref

)]
RE_GL =

T∑
t=1

[(
1ctgl,prc + c

t
gl,prc,,ref

)
×

(
1Ptgl,elc,aft + P

t
gl,ld,ref

)]

(25)

where formula (25) contains the product of continuous vari-
ables. To facilitate the programming calculation, the above
formula can introduce the auxiliary variables, κ tdl,prc,,ref ,
κ thl,prc,,ref , κ

t
cl,prc,,ref , and κ tgl,prc,,ref , which represent the

rates of change of the energy prices of retail electricity,
heat, cold and gas, namely, the ratios between the change
amounts of the retail energy prices and the price reference
values (refer to Appendixes (A-2) and (A-3) for details).
Then, based on the further derivation of (A-1) ∼ (A-7) in
Appendix, the quadratic function expression of the total rev-
enue of MEUs after the implementation of IDR can be finally

VOLUME 9, 2021 52493



H. Gu et al.: Optimal Economic Dispatch for an Industrial Park With Consideration of an Elastic Energy Cloud Model

obtained as follows:



RE_DL =
T∑
t=1

[(
κ tdl,prc,,ref

)2
εtdlλdl

+ κ tdl,prc,,ref
(
1+εtdlλdl

)
+1
] (

ctdl,prc,,ref P
t
dl,ld,ref

)
RE_HL =

T∑
t=1

[(
κ thl,prc,,ref

)2
εthlλhl

+κ thl,prc,,ref
(
1+εthlλhl

)
+1
] (

cthl,prc,,ref P
t
hl,ld,ref

)
RE_CL =

T∑
t=1

[(
κ tcl,prc,,ref

)2
εtclλcl

+ κ tcl,prc,,ref

(
1+εtclλcl

)
+1
] (

ctcl,prc,,ref P
t
cl,ld,ref

)
RE_GL =

T∑
t=1

[(
κ tgl,prc,,ref

)2
εtglλgl

+ κ tgl,prc,,ref

(
1+εtglλgl

)
+1
] (

ctgl,prc,,ref P
t
gl,ld,ref

)

(26)

where the MEUs have the product constraint of continuous
variables in the quadratic function expression of the total
return after IDR implementation. Therefore, a piecewise lin-
ear function processing method [28] can be adopted, and the
Big M method [25] can be used to transform the nonlinear
model into a linearized model for solving. Please refer to (A-
8) ∼ (A-17) in Appendix for the detailed formula derivation.

3) BALANCED OPTIMIZATION CONSTRAINTS
The balanced constraints in this part comprise the following
five formulas: (27) ∼ (31).
(1) The energy flow balances of electricity, heat, cold,

natural gas, and auxiliary flue gas buses are as follows:



PtWT + P
t
PV + P

t
MT + P

t
G,Buy = PtBT_C − P

t
BT_D + P

t
P2G

+PtHP + P
t
EC + P

t
EH +1P

t
dl,elc,aft + P

t
dl,ld,ref

QtEH_EX+Q
t
HX_EX+Q

t
HP_D + Q

t
H,Buy = QtHC_C − Q

t
HC_D

+1Qthl,elc,aft + Q
t
hl,ld,ref

QtEC_EX+Q
t
HP_C+Q

t
AC_EX + Q

t
NG,Buy = QtCD_C + Q

t
CD_D

+1Qtcl,elc,aft + Q
t
cl,ld,ref

QtP2G_EX + Q
t
NG,Buy = QtNG_C−Q

t
NG_D+Q

t
G2MT+Q

t
G2GB

+1Qtgl,elc,aft + Q
t
gl,ld,ref

(1− ω) · QtREC_EX + Q
t
GB_EX = QtHX

(27)

where the first constraint in (27) is the electrical power bal-
ance, the second is the heat power balance, the third is the cold
power balance, the fourth is the natural gas power balance,
and the fifth is the auxiliary flue gas power balance. Please
refer to figure 4 for specific symbol details.

(2) The constraints of the integrated energy storage devices
are as follows:

W t+1
ES_BT = W t

BT (1−σbt)+

[
λbt,cPtBT_C−

PtBT_D
λbt,d

]
1t

W t+1
ES_HC = W t

HC (1−σhc)+

[
λhc,cQtHC_C−

QtHC_D
λhc,d

]
1t

W t+1
ES_CD = W t

CD (1−σcd )+

[
λcd,cQtCD_C−

QtCD_D
λcd,d

]
1t

W t+1
ES_NG = W t

NG
(
1−σng

)
+

[
λng,cQtNG_C−

QtNG_D
λng,d

]
1t

(28)

where the first to fourth constraints in (28) are the relation-
ships between changes in the storage energy of batteries,
heat, cold, and natural gas tanks and changes in the energy
storage charge or discharge power efficiency, power, and self-
discharge efficiency and duration, respectively.

(3) The energy balance constraints of the power supply
devices are as follows:

PtMT = VMT · QtREC
COPMT · QtG2MT = PtMT + Q

t
REC

QtP2G_EX = COPP2G · PtP2G
QtGB_EX = COPGB · QtG2GB
QtREC_EX = COPREC · QtREC

(29)

where the first constraint in (29) is the thermoelectric energy
balance of MTs and the thermoelectric ratio of MTs. The sec-
ond constraint in (29) is the gas-to-electric energy balance
of MTs. The third through fifth constraints in (29) are the
electric-to-gas balance of P2G, gas-to-thermal energy bal-
ance of GBs, and heat-to-thermal energy balance of RECs,
respectively.

(4) The energy conversion constraints of the devices are as
follows:

QtEC_EX = COPECPtEC
QtEH_EX = COPEHPtEH
QtAC_EX = COPACQtAC, QtAC = ω · Q

t
REC_EX

QtHX_EX = COPHXQtHX
QtHP_C = COPHPPtHP, QtHP_D = COPHPPtHP

(30)

where the first to fifth constraints in (30) are the energy
conversions of the EC, EH, AC, REC, HX, andGSHP, respec-
tively.
(5) The equality constraints of shiftable electrical, heat,

cold, and gas load variation are as follows:
Formula (24) describes the load power balance constraint

ofMEUs considering that the elastic load curve should follow
its energy continuity, timing and overall properties after IDR
implementation. Therefore, the specific constraints are as
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follows:

T∑
t=1

1Pt,increasedl,elc,aft =

T∑
t=1

1Pt,decreasedl,elc,aft ,

T∑
t=1

1Pt,increasehl,elc,aft =

T∑
t=1

1Pt,decreasehl,elc,aft

T∑
t=1

1Pt,increasecl,elc,aft =

T∑
t=1

1Pt,decreasecl,elc,aft ,

T∑
t=1

1Pt,increasegl,elc,aft =

T∑
t=1

1Pt,decreasegl,elc,aft

(31)

where the first and second constraints in the first row and the
first and second constraints in the second row represent the
increases or decreases in the total shiftable electrical, heat,
cold, and gas loads and should be equal to the sum of the
load changes during period T .

4) UNBALANCED OPTIMIZATION CONSTRAINTS
The unbalanced constraints of this part comprise the follow-
ing five formulas: (32) ∼ (39).
(1) The constraints of each type of power supply device are

as follows:

Pi,tMT,min ≤ P
i,t
MT ≤ P

i,t
MT,max

PtWT,min ≤ P
t
WT ≤ P

t
WT,max

PtPV,min ≤ P
t
PV ≤ P

t
PV,max

QtREC,min ≤ Q
t
REC ≤ Q

t
REC,max

QtGB,min ≤ Q
t
GB ≤ Q

t
GB,max

−RiMT,dn1t ≤ P
i,t
MT − P

i,t−1
MT ≤ R

i
MT,up1t

(32)

where the first to fifth constraints in (32) are the output power
limitations of the MTs, WTs, PVs, RECs, and GBs, respec-
tively. Pi,tMT,max/P

i,t
MT,min, P

t
WT,max/P

t
WT,min, P

t
PV,max/P

t
PV,min,

QtREC,max/Q
t
REC,min, and Q

t
GB,max/Q

t
GB,min are the allowable

maximum and minimum output power of MTs, WTs, PVs,
RECs, and GBs at time t (kW), respectively. RiMT,up/R

i
MT,dn

are the limitations of the climbing force constraint coefficient
of MTs (kW/min), respectively.

(2) The constraints of the integrated energy conversion
devices are as follows:

QtGSHP,min ≤ Q
t
GSHP ≤ Q

t
GSHP,max

QtP2G,min ≤ Q
t
P2G ≤ Q

t
P2G,max

QtEC_EX,min ≤ Q
t
EC_EX ≤ Q

t
EC_EX,max

QtEH_EX,min ≤ Q
t
EH_EX ≤ Q

t
EH_EX,max

QtAC_EX,min ≤ Q
t
AC_EX ≤ Q

t
AC_EX,max

QtHX_EX,min ≤ Q
t
HX_EX ≤ Q

t
HX_EX,max

(33)

whereQtGSHP,max/Q
t
GSHP,min,Q

t
P2G,max/Q

t
P2G,min,Q

t
EC_EX,max/

QtEC_EX,min,Q
t
EH_EX,max/Q

t
EH_EX,max,Q

t
EH_EX,max/Q

t
EH_EX,max

and QtHX_EX,max/Q
t
HX_EX,min are the allowable maxi-

mum/minimum output power limitations of the GSHP, P2G,
EC, EH, AC, and HX at time t (kW), respectively.

(3) The power transmission constraints of the electrical,
heat, cold, and gas networks are as follows:{
0 ≤ PtG,Buy ≤ P

t
G,Buy,max, 0 ≤ QtH,Buy ≤ Q

t
H,Buy,max

0 ≤ QtC,Buy ≤ Q
t
C,Buy,max, 0 ≤ QtNG,Buy ≤ Q

t
NG,Buy,max

(34)

where PtG,Buy,max/Q
t
H,Buy,max/Q

t
C,Buy,max/Q

t
NG,Buy,max are

the maximum electrical/heat/cold/natural gas power that the
IESA buys from the external distribution/heat/cold/gas net-
works at time t (kW), respectively.

(4) The capacity constraints of the integrated energy stor-
age devices are as follows:

0 ≤ PtBT_C ≤ ξ
t
bt,cγbt,cCap

t
bt

0 ≤ PtBT_D ≤ ξ
t
bt,dγbt,dCap

t
bt

W t
ES_BT,min ≤ W

t
ES_BT ≤ W

t
ES_BT,max

0 ≤ QtHC/CD_C ≤ ξ
t
hc/cd,cγhc/cd,cCap

t
hc/cd

0 ≤ QtHC/CD_D ≤ ξ
t
hc/cd,dγhc/cd,dCap

t
hc/cd

W t
ES_HC/CD,min ≤ W

t
ES_HC/CD ≤ W

t
ES_HC/CD,max

0 ≤ QtNG_C ≤ ξ
t
ng,cγng,cCap

t
ng

0 ≤ QtNG_D ≤ ξ
t
ng,dγng,dCap

t
ng

W t
ES_NG,min ≤ W

t
ES_NG ≤ W

t
ES_NG,max

(35)

where the first and second constraints in (35) represent the
charging and discharging power of the battery storage device,
respectively. The third constraint in (35) represents the min-
imum and maximum capacity constraints of the device. The
fourth and fifth constraints in (35) represent the charge and
discharge power of the heat/cold tank storage device, respec-
tively. The sixth constraint in (35) indicates the minimum and
maximum capacity constraints of the device. The seventh and
eighth constraints in (35) represent the charging/discharging
power of the air storage tank device, respectively. The ninth
constraint in (35) means that the minimum and maximum
capacity constraints of the device. ξ tbt/ng/cd/hc,c/ξ

t
bt/ng/cd/hc,d

are binary 0-1 variables.
(5) The inequality constraints of shiftable electrical, heat,

cold, and gas load variation are as follows:

0 ≤ 1Pt,increasedl,elc,aft ≤ ξ
t,in
dl

(
1Pt,increasedl,elc,aft,max

)
0 ≤ 1Pt,decreasedl,elc,aft ≤ ξ

t,de
dl

(
1Pt,decreasedl,elc,aft,max

)
0≤1Qt,increasehl/cl/gl,elc,aft≤ξ

t,in
hl/cl/gl

(
1Pt,increasehl/cl/gl,elc,aft,max

)
0≤1Qt,decreasehl/cl/gl,elc,aft≤ξ

t,de
hl/cl/gl

(
1Pt,decreasehl/cl/gl,elc,aft,max

)
0 ≤

(
ξ
t,increase
dl/hl/cl/gl + ξ

t,decrease
dl/hl/cl/gl

)
≤ 1

ξ
t,increase
dl/hl/cl/gl, ξ

t,decrease
dl/hl/cl/gl ∈ {0, 1}

(36)

where 1Pt,increasedl,elc,aft,max/1P
t,increase
hl/cl/gl,elc,aft,max/

1Pt,increasehl/cl/gl,elc,aft,max/1P
t,decrease
hl/cl/gl,elc,aft,max indicate the allow-

able maximum changes in power of the shiftable electrical,
heat, cold, and natural gas loads at time t (kW), respectively.
ξ
t,increase
dl/hl/cl/gl/ξ

t,decrease
dl/hl/cl/gl are binary 0-1 variables.
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(6) The constraints of the changes in the energy retail price
and elastic load are as follows:

1ctdl,prc,min ≤ 1c
t
dl,prc ≤ 1c

t
dl,prc,max

1cthl,prc,min ≤ 1c
t
hl,prc ≤ 1c

t
hl,prc,max

1ctcl,prc,min ≤ 1c
t
cl,prc ≤ 1c

t
cl,prc,max

1ctgl,prc,min ≤ 1c
t
gl,prc ≤ 1c

t
gl,prc,max

Ptdl,elc,aft,min ≤ P
t
dl,elc,aft ≤ P

t
dl,elc,aft,max

Qthl,elc,aft,min ≤ Q
t
hl,elc,aft ≤ Q

t
hl,elc,aft,max

Qtcl,elc,aft,min ≤ Q
t
cl,elc,aft ≤ Q

t
cl,elc,aft,max

Qtgl,elc,aft,min ≤ Q
t
gl,elc,aft ≤ Q

t
gl,elc,aft,max

(37)

where the first through fourth constraints in (37) are the
upper and lower limits of the variation in the retail prices of
electricity, heat, cold and gas, respectively. The fifth through
eighth constraints in (37) are the upper and lower limits of the
total elastic load after the electricity, heat, cold, and gas loads
participate in IDR, respectively.
(7) The constraints of the rates of change in retail energy

prices are as follows:
To guarantee the rationality of the retail energy price of

the IESA, the constraint relationship between the rate of
change in the retail energy price and the rate of change in the
IDR should be comprehensively considered in combination
with the actual IDR income model proposed in this paper.
Therefore, the rates of change in the IESA’s retail energy
prices should obey the following constraints:

κ tdl,prc,,ref ,min ≤ κ
t
dl,prc,,ref ≤ κ

t
dl,prc,,ref ,max

κ thl,prc,,ref ,min ≤ κ
t
hl,prc,,ref ≤ κ

t
hl,prc,,ref ,max

κ tcl,prc,,ref ,min ≤ κ
t
cl,prc,,ref ≤ κ

t
cl,prc,,ref ,max

κ tgl,prc,,ref ,min ≤ κ
t
gl,prc,,ref ≤ κ

t
gl,prc,,ref ,max

(38)

where the first through fourth constraints in (38) are the upper
and lower limits of the real-time rates of change in the retail
energy prices set by the IESA, respectively.
(8) The constraints of the IESA’s net/total energy sales

income are as follows:
Considering the multiple uncertainty characteristics of

elastic energy represented by the cloudmodel in the industrial
park, it is easy for the cloud droplet distribution in the cloud
model to have a high or low degree of dispersion. As a result,
the IESA’s energy sales revenue under the uncertain optimal
scheduling scenario is unreasonable. Therefore, in the uncer-
tain optimization scenario, the IESA needs to set a reasonable
constraint range of net energy sales/total income based on the
deterministic optimization results as follows:

RE_DL,min ≤ RE_DL ≤ RE_DL,max

RE_HL,min ≤ RE_HL ≤ RE_HL,max

RE_CL,min ≤ RE_CL ≤ RE_CL,max

RE_GL,min ≤ RE_GL ≤ RE_GL,max

RRev,sal,total,min ≤ RRev,sal,total ≤ RRev,sal,total,max

(39)

where the first through fourth constraints in (39) are the upper
and lower limits of the IESA’s net income from the sales of

electricity, heat, cold, and gas under uncertain optimal dis-
patching, respectively. The fifth constraint in (39) is the upper
and lower limits of the IESA’s total energy sales revenue
under uncertain optimal scheduling and is proposed on the
basis of the IESA’s net income from energy sales.

IV. OPTIMIZATION SOLUTION STRATEGY
A. SIMULTANEOUS BACKWARD REDUCTION (SBR)
METHOD
To simplify the random sampling and combination scenario
of cloud droplet data samples in the elastic energy cloud
model of the industrial park, the computational efficiency
of the industrial park in the uncertain optimal dispatching
process is improved. Based on the interval contribution of the
electric load cloud model, this paper proposes a new SRS-
IC method and adopts the SBR method [9] to improve a
Monte Carlo random sampling (MC-RS) method, and this
approach not only avoids infeasibility of the optimization
results but also reflects the economics. This method first
needs to reduce the sample random combination scene size
of the self-elastic coefficient in the cloud model and only
keeps a few representative sample scene sets to replace the
original scene sets with a large amount of data to ensure
the minimum probability distance between the two scene
sets.
The specific steps of the SBR method are as follows:
Step 1: Suppose that the set of initial scenes is D and that

the number of initial scenes is Ns, £s(s = 1, 2, . . . ,Ns). The
probability of each initial scenario is Pr (s). The initial scene
set isω, and the set of cut scenes is β. In the actual calculation,
ω and Pr (s) are initially set to empty collections.
Step 2: During the lth iteration, calculate the Euclidean

distance (ED: min Dl,s′ (£l , £s′ )) between the probability of
£l of each scene and the nearest scene of £s′ , and then select
the probability Pr (s′) of scenario £s′ occurring, with l ∈ R,
s′ ∈ R and l 6= s′. Then, according to (39), the scene £s′ with
the shortest distance from scene £l is calculated as follows:

Dl,min = Pr (s′) · [minDl,s′ (£l, £s′ )] = Pr (s′) · ||£l − £s′ ||2
(40)

Step 3: According to formula (40), determine the minimum
probability distance Dmin between the scene 9 to be deleted
and the reserved scene as follows:

Dmin = Pr (s) · Dl,min (41)

Step 4: After each scene is cut, the number of remain-
ing scenes needs to be modified, and the probability of the
scene being cut is added to the nearest scene, R = R −
{9}, J = J + {9}, and Pr (s′) = Pr (s′) + Pr (9), to ensure
that the sum of the probabilities of the newly generated
scene is 1.
Step 5: Repeat (Step 2) ∼ (Step 4) until the num-

ber of remaining scenes reaches the desired number of
scenes.
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B. FLOW CHART OF THE UNCERTAINTY OPTIMIZATION
ECONOMIC DISPATCHING STRATEGY
The uncertainty optimal economic dispatching strategy for an
industrial park proposed in this paper considering the elastic
energy cloud model is shown in figure 5.

V. CASE STUDIES
A. CASE DESCRIPTION
This section establishes an optimal economic dispatch strat-
egy for an industrial park considering the IDR uncertainty
elastic energy cloud model. The model and algorithm in this
paper are written in MATLAB 2018a and run on a computer
with an Intel (R) Core (TM) i7-9700 CPU with 3.00 GHz
main frequency and 32 GB memory. The correctness and
validity of the proposed method are verified by the following
case scenarios.

FIGURE 5. The external and initial energy reference prices of electricity,
natural gas, cold and heat determined by the IESA.

In this paper, a typical case is used for analysis and
verification—a discrete manufacturing industrial park. It is
assumed that the industrial park has four types of MEUs—
electricity, heat, cold and gas energy—and that the total
power of electricity, heat, cold and gas energy in the example
is approximately equal to 4095, 4470, 4335 and 3024 kW,
respectively [25]. Figure 6 shows the external and initial
energy reference prices of the retail electricity, heat, cold and
natural gas unit costs for MEUs established by the IESA. It
is assumed that the initial retail electricity, heat, cold and gas
prices are 0.55, 0.5, 0.5 and 0.75 U/kWh, respectively. The
typical load prediction curve of MEUs on a certain day is
shown in figure 7. Please refer to Section 2 for descriptions
of the main equipment types in the industrial park and refer
to figures 3 and 4 for equipment symbols and names. In this
case, the daily electric load curve of the discrete manufac-
turing industrial park shows a ‘‘double peak, one low peak
and two concaves’’ pattern, the daily heat load curve shows
a ‘‘single peak’’ pattern, the daily cold load curve shows a

‘‘single peak, two low peaks’’ pattern, and the daily gas load
curve shows a ‘‘double peak, two concaves’’ pattern. The
relevant equipment parameters of each industrial park are
shown in Table 1. The unit of active power in Table 1 is kW,
and the unit of the cost coefficient is U/kWh.

FIGURE 7. Forecasted electricity, heat, cold and natural gas loads of
MEUs, along with PV and WT power.

TABLE 1. Example parameters of an industrial park.

B. ANALYSIS OF THE EXAMPLE RESULTS
1) SCENARIO DESCRIPTION
In this paper, the following 7 different scenarios are set for
analysis of the uncertainty optimal economic dispatch strat-
egy of the discrete manufacturing industrial park. Scenario
1 is a certain optimal scheduling strategy, while scenarios
2∼7 are uncertain optimal scheduling strategies, and the
selection of all self-elastic coefficient cloud drop elements in
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FIGURE 6. Flow chart of the uncertainty optimization economic dispatching strategy for an industrial park considering the elastic
energy cloud model.

the cloud model is considered. Scenario 2 considers only the
elastic load cloud model, while scenarios 3∼7 comprehen-
sively consider the elastic energy cloud model of electricity,
heat, cold and gas users.

In scenarios 3∼5, the traditionalMC-RSmethod is used for
the random sampling of cloud droplets with the self-elastic
coefficient of MEUs. Scenarios 6 and 7 based on scenario
5 adopt the improved SBR method to improve the MC-
RS method and set the desired scenario reduction numbers.
The corresponding scenario settings are shown in Table 2,
and the detailed descriptions of scenario construction are as
follows:

Description (a): The self-elastic coefficients of electricity,
heat, cold and gas energy users adopt constant values, and
εtdl/ε

t
hl/ε

t
cl/ε

t
gl = −0.2.

Description (b): The self-elastic coefficient ˜εtdl of elec-
tricity energy users adopts three eigenvalue parameters of
the cloud, (Ex, En, He)dl = (−0.2015, 0.9468, 0.1735), and
εthl/ε

t
cl/ε

t
gl = −0.2.

Description (c): The self-elastic coefficients ˜εtdl/
˜εthl/ε̃

t
cl/
˜εtgl

of electricity energy users adopt three eigenvalue parameters
of the cloud, (Ex, En, He)dl = (−0.2015, 0.9468, 0.1735),
(Ex, En, He)hl = (−0.1972, 0.9364, 0.0684), (Ex, En,

52498 VOLUME 9, 2021



H. Gu et al.: Optimal Economic Dispatch for an Industrial Park With Consideration of an Elastic Energy Cloud Model

He)cl = (−0.2001, 1.0046, 0.2442), and (Ex, En, He)gl =
(−0.1984, 0.9533, 0.2275), respectively. The traditional
MC-RS method is used to conduct random combination
sampling of cloud droplets 2000 times.

Description (d): Change the random combination sampling
of 2000 times in description (c) to 1000 times.

Description (e): Change the random combination sampling
of 2000 times in description (c) to 500 times.

Description (f ): Based on description (e), the MC-RS
method is improved by the SBR method, and the random
combination scenarios of 500 self-elastic coefficient cloud
droplets of MEUs are reduced to the expected 300 groups.

Description (g): Reduce the number of scenarios in
description (f ) to the expected value, and change to
200 groups.

TABLE 2. Scenario settings.

2) UNCERTAINTY OPTIMIZATION RESULTS ANALYSIS
(1) Uncertainty optimization strategy analysis with the elec-
tric load cloud model

(a) Schematic diagram of the electric load cloud model
based on interval contributions

According to the ‘‘3En rule’’, the self-elastic coefficient
cloud droplet elements (hereinafter referred to as ‘‘ele-
ments’’) in the cloud model mainly fall within the interval
[Ex-3En, Ex + 3En], and the contribution of those elements
outside that interval to the qualitative concept can be ignored
[29]. In Scenario 2, only the self-elastic coefficient of power
users is represented by the digital feature of the cloud. Based
on the above ‘‘3En rule’’, in view of the randomness and
fuzziness of the selection of elements in different intervals in
the electric load cloudmodel, the contribution of the selection
of elements in 10 different intervals to the overall economic
benefit of the industrial park and the potential of MEUs to
participate in IDR were analyzed. The specific schematic
diagram is shown in figure 8.

In figure 8, all elements in Interval 1 are referred to as
‘‘backbone elements’’, which contribute 50% to the qual-
itative concept as defined in Appendix [29]. All elements
in Interval 2 are called ‘‘skeleton elements less than 0’’,
and all elements in Interval 3 are called ‘‘skeleton elements
greater than 0.’’ The elements in Interval 4 are called ‘‘all
basic elements’’, which contribute 68.26% to the qualitative
concept [29]. All elements in Interval 5 are called ‘‘base

FIGURE 8. Schematic diagram of the electric load cloud model based on
the interval contribution.

elements less than 0’’, and all elements in Interval 6 are called
base elements greater than 0. All elements in Interval 7 are
called ‘‘peripheral elements less than 0’’, and all elements in
Interval 8 are called ‘‘peripheral elements greater than 0’’.
All elements in the above two parts contribute 27.18% to the
qualitative concept [29]. All elements in Interval 9 are called
‘‘weak peripheral elements less than 0’’, and all elements in
Interval 10 are called ‘‘weak peripheral elements greater than
0’’. All elements in the above two parts contribute 4.3% to the
qualitative concept.

(b) Uncertainty analysis of revenues, costs, and system
running times

Table 3 shows the IESA total/net revenues, system operat-
ing costs, MEUs’ energy costs and system running times in
scenario 2.

In Table 3, the corresponding IESA net income of each
interval is consistent with the fluctuation trend of the total
income. Combined with figure 13, when the element values
are in Intervals 2 and 3, the IESA net income corresponding
to ‘‘all the backbone elements are less than 0’’ is higher than
that corresponding to ‘‘all the backbone elements are greater
than 0’’. When the element values are in Intervals 5 and 6,
the net gain of the IESA for ‘‘all basic elements are less
than 0’’ is higher than that for ‘‘all basic elements are greater
than 0’’. When the element values are in Intervals 7 and 8,
the net income of the IESA corresponding to ‘‘all peripheral
elements are less than 0’’ is higher than that corresponding
to ‘‘all peripheral elements are greater than 0’’. When the
element values are in Intervals 9 and 10, the IESA net income
corresponding to ‘‘all the weak peripheral elements are less
than 0’’ is higher than that corresponding to ‘‘all the weak
peripheral elements are greater than 0’’. Therefore, when the
values of the interval elements are all less than 0, this pro-
vides a positive contribution to the net income growth of the
IESA; otherwise, this provides a negative contribution to the
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FIGURE 9. Uncertain optimal prices of electrical, heat, cold and natural gas energy determined by the IESA in
scenario 2.

net income growth of the IESA. The comprehensive energy
cost of MEUs showed no significant fluctuation. In addition,
there is a large difference between the total return of Interval
6 and the total return of the other intervals, which may be
because only the electric load cloud model is considered
here or because the positive and negative elements of these
two intervals have a certain randomness and fuzziness in the
random sampling process.

(c) Retail energy pricing uncertainty analysis
Figure 9 shows the uncertainty optimization strategy of the

retail energy prices developed by the IESA for MEUs when
only the elastic electric load cloud model is considered in
scenario 2.

In figure. 9, When only the cloud model is considered
to represent the uncertain characteristics of electricity users,
the electricity sales strategy formulated by the IESA also
has uncertain characteristics, which will indirectly lead to
changes in the heat, cold and gas energy prices of the IESA
in the overall optimization process. Under the condition of
uncertain optimization operation, the IESA’s energy sales
price will change greatly with the selection of elements in
different intervals. Obviously, the price curve of electricity
sold in Interval 1 is between those in Intervals 2 and 3.
When all values of elements are greater than or less than 0,
the price of electricity sold in the IESA is too low or too
high, while the prices of heat, cold and gas sold are consistent
with the price of electricity sold. Similarly, Intervals 4, 5,

and 6 have the same pricing pattern as Intervals 1, 2, and 3.
By comparing the sales price curves of Intervals 7 and 8 and
Intervals 9 and 10, it can also be found that when the element
values extracted from each interval are both less than 0 or
greater than 0, the sales price strategy formulated by the IESA
is more reasonable.

(d) IDR uncertainty analysis
Figure 10 shows MEUs participating in the uncertainty

optimization strategy of the IDR when considering the elastic
electric load cloud model of the industrial park in scenario 2.

In figure 10, Under the condition of certain optimization
operation,MEUs use less energy during the peak period of the
IESA energy sales price and try to use more energy during the
trough of the energy purchasing price or normal period. The
load of thermal energy users increases during the peak period,
and the effect of the thermal load DR does not reach the
desired effect of peak load clipping. This may be due to the
actual energy demand decision at 11:00-16:00, or it may be
due to the consideration of only the elastic load cloud model.
In the case of uncertainty optimization, the IDR potential of
MEUs will also be different when the values of the cloud
droplets of the self-elasticity coefficient are located in dif-
ferent ranges. In Intervals 1, 2, and 3, the element values are
the IDR potential > Interval 1 > Interval 3 within Interval 2.
The distribution of the IDR potential in Intervals 4, 5, and
6 is basically consistent with the above scenario. Further-
more, through the analysis of the IDR potential uncertainty
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TABLE 3. Comparison of the revenues, costs and system running times from intervals one to ten in scenario 2.

FIGURE 10. Power output curves of the discrete manufacturing industrial park uncertain optimal dispatch results in
scenario 2.

optimization results of Intervals 4, 5, 6, 7, 8, 9 and 10,
when the values of all elements in the cloud model are less
than or greater than 0, there is an uncertainty optimization
interval for the IDR potential ofMEUs. However, if the values
of the cloud droplet elements in the interval are all less than
0, the influence on the IDR potential of MEUs is positive, and
vice versa.

(2) Uncertainty optimization strategy analysis with the
elastic energy cloud model

(a) Uncertainty analysis of revenues, costs, and system
running times

Table 4 shows the IESA total/net revenues, system operat-
ing costs, MEUs’ energy costs and system running times for
scenarios 1 to 7 in the park.
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FIGURE 11. Uncertain optimal prices of electrical, heat, cold and natural gas energy determined by the IESA for
scenarios 1 to 7.

In Table 4, scenario 1 shows the certain optimal operation
results, in which the total/net benefit of the IESA is the
minimum, and the integrated energy cost of MEUs is the
highest. Scenario 2 considers only the elastic electric load
cloud model. In this scenario, the total IESA/net income
is higher than that in scenario 1, and the integrated energy
cost of MEUs is lower than that in scenario 1. Scenarios
3∼7 comprehensively consider the elastic energy cloud mod-
els of electricity, heat, cold and gas. From the perspective of
the total/net income of the IESA, it is found that the total/net
income of the IESA is higher than that of scenario 2 under
scenarios 3∼7, while the integrated energy cost of MEUs
is approximately equal to or lower than that of scenario 2.
The optimization result of scenario 3 is the closest to the
real solution, in which the total/net income of the IESA is
11338.3/5987.5 (U), and the integrated energy cost of MEUs
is 5350.8 (U). After each scenario is further reduced to the
expected value, the total/net income of the IESA and the
comprehensive energy cost of MEUs under scenario 7 are the
closest to those under scenario 3, and the error rate is only
approximately 0.9%, saving time about 1634.85s.

(b) Retail energy pricing uncertainty analysis
Figure 11 shows MEUs participating in the uncertainty

optimization strategy of the IDR when considering the elastic
energy load cloud model of the industrial park for scenarios
1 to 7.

Under the conditions of scenario 1, the IESA’s retail
energy price fluctuates significantly. Under the circumstance
of uncertainty optimization operation, the IESA’s electricity,
heat and gas revenue periods in scenario 2 are basically
the same as those in scenario 1, in which the electricity
sales price tends to be stable, the heat and gas sales prices
continue to increase at the peak hour, and the cold sales
prices transfer from the original prices from 05:00-08:00,
15:00 and 19:00-23:00 to those from 05:00-08:00, and the
retail price changesmost obviously.When the electrical, heat,
cold and gas elastic energy cloudmodels are comprehensively
considered in scenarios 3∼7, the traditional MC-RS method
is adopted in scenarios 3, 4, and 5 to conduct the random
sampling of cloud droplets with a self-elastic coefficient in
the cloud model. Scenarios 6 and 7 are scenario reductions
for the sample combination of scenario 5. When the expected
scenario reduction is 200, the IESA’s sales price fluctuation
is almost consistent with that of Scenario 3, and the system
operation time is the shortest.

(c) IDR uncertainty analysis
Figure 12 shows MEUs participating in the uncertainty

optimization strategy of IDR when considering the elastic
energy cloud model of the industrial park in scenarios 1 to 7.

Figure 12 combined with figure. 10 and Table 4 shows
that the IDR potential obtained through the optimization
of scenarios 3∼7 is significantly better than that through
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TABLE 4. Comparison of the revenues, costs and system running times for scenarios 1 to 7.

FIGURE 12. Power output curves of the discrete manufacturing industrial park uncertain optimal dispatch results
in scenarios 1 to 7.

scenarios 1 and 2. The traditional MC-RS method is adopted
in scenarios 3, 4 and 5 for random combination sampling
of elements in the cloud model. Scenario 3 has the largest
number of samples, and the optimization result for this sce-
nario can be considered to be the closest to the real solution.
In scenario 7, the SBR method is adopted to reduce the

random combination sampling scenario and greatly reduces
the system running time. In addition, the integrated energy
use of MEUs in scenario 7 is very similar to that in scenario
3. Therefore, this conclusion also verifies the effectiveness
of the uncertainty optimization strategy proposed in this
paper.
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In fact, the potential numerical value of MEUs partici-
pating in IDR can also be represented by the elastic energy
cloud model at multiple time scales. For example, the elastic
energy cloud model obtained for scenario 7 corresponding to
figure 12 is presented in figure 15. In addition, figure 15 also
shows the actual load IDR potential characteristics of MEUs.

VI. SUMMARY AND CONCLUSION
This paper proposes an optimal economic dispatch strategy
for an industrial park with consideration of an IDR uncer-
tainty elastic energy cloud model under the background of
China’s energy market reform. Based on the interval contri-
bution of the electric load cloudmodel, a new SRS-ICmethod
is proposed to solve this model. Moreover, a typical industrial
park is used to verify the effectiveness of the method. The
conclusions of this paper are summarized as follows:
a) An elastic energy cloudmodel with electricity, heat, cold

and gas MEUs is proposed to describe the randomness and
fuzziness of elastic energy in the industrial park.
b) A new concept of an elastic electrical load cloud model

based on interval contribution is proposed, and this model
can effectively analyze the overall economic benefit of an
industrial park and the contribution of MEUs to the IDR
potential.
c) Compared with the traditional MC-RS method, a new

SRS-IC method is proposed, which can not only save about
1634s of system running time but can also ensure that the
error rate of the sampling results is about 0.9%.
d) The multiple uncertainty characteristics of the elastic

energy, are fully considered and combined with the above
SRS-IC method to propose a new uncertainty optimal dis-
patch strategy for an industrial park.
e) The above uncertainty optimization strategy can

improve the cooperation environment for the IESA and
MUEs, and the economic benefits of the IESA, and can also
optimize the energy use structure of the industrial park and
further explore the IDR potential of MEUs.

VII. FUTURE WORK
Currently, an elastic energy cloud model that can represent
both randomness and fuzziness has been established, and a
correlation analysis of multiple energy cloudmodels has been
carried out. Therefore, determining how to comprehensively
evaluate the value of elastic energy in an industrial park from
the perspectives of technology, economy and benefit will
be considered. Moreover, based on the value evaluation of
elastic energy, determining how to further design the inte-
grated demand management mechanism and the operation
mechanism of a multi-energy market will be a focus in the
future.

APPENDIX
The quadratic function matching method is as follows:

f (x) = x2a+ xb+ c = a
(
x +

b
2a

)2

+
4ac− b2

4a

The vertex coordinates can be expressed as:
(
−

b
2a ,

4ac−b2
4a

)
In formula (14), the total revenue of electric power users

after participating in DR is taken as an example, and the
formula can be derived as follows:

RE_DL=
T∑
t=1

[(
1ctdl,prc+c

t
dl,prc,,ref

)(
1Ptdl,elc,aft+P

t
dl,ld,ref

)]
(A-1)

where, by combining (22), (23) and (14), the functional rela-
tionship between the retail electricity price change and the
initial reference price is obtained as follows:

1ctdl,prc = κ
t
dl,prc,ref c

t
dl,prc,,ref (A-2)

Through (A-2), the rate of change of the retail electricity price
can be further obtained as follows:

κ tdl,prc,ref = 1c
t
dl,prc/c

t
dl,prc,,ref (A-3)

where, by combining (22), (23) and (14), the functional
relationship between the actual elastic electrical load after
participating in the demand response, the predicted value of
the initial elastic electrical load, the change in the retail elec-
tricity price, the initial reference price, and the self-elasticity
coefficient can be obtained as follows:

Ptdl,elastic,ref = λdlP
t
dl,ld,ref (A-4)

1Ptdl,elc,aft = Ptdl,elastic,ref ε
t
dl

(
1ctdl,prc/c

t
dl,prc,,ref

)
(A-5)

Through (A-4) and (A-5), the actual DR rate of the electri-
cal load can be obtained as follows:

1Ptdl,elc,aft = ε
t
dlκ

t
dl,prc,ref λdlP

t
dl,ld,ref (A-6)

Substituting (A-3) and (A-6) into (A-1), we can further
obtain the quadratic function expression of the total return
after the participation of power users in DR. The details are
as follows:

RE_DL=
T∑
t=1

[(
κ tdl,prc,ref c

t
dl,prc,ref

+ ctdl,prc,ref

)

·

(
λdlκ

t
dl,prc,ref ε

t
dlP

t
dl,ld,ref

+Ptdl,ld,ref

)]

=

T∑
t=1

(κ tdl,prc,ref )2 εtdlλdl
+ κ tdl,prc,ref

(
1+ εtdlλdl

)
+ 1


×

(
ctdl,prc,ref P

t
dl,ld,ref

)
(A-7)

The total revenue of power users after the implementation of
DR can be expressed indirectly as follows:

RE_DL = f
(
κ tdl,prc,ref

)
·

(
ctdl,prc,ref P

t
dl,ld,ref

)
(A-8)

where
(
ctrep,ref P

t
pre,ref

)
is the product of reference vectors

and is a constant value. f
(
κ tdl,prc,,ref

)
can be expressed as
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TABLE 5. Equation models component and description.

follows:

f
(
κ tdl,prc,,ref

)
=

(
κ tdl,prc,,ref

)2
εtdlλdl

+ κ tdl,prc,,ref
(
1+ εtdlλdl

)
+ 1 (A-9)

where κ tdl,prc,ref is an auxiliary variable and its upper and
lower limits are as follows:

κ tdl,prc,ref ,min ≤ κ
t
dl,prc,ref ≤ κ

t
dl,prc,ref ,max (A-10)

Set x = κ tdl,prc,ref , a = ε
t
dlλdl , b = 1+εtdlλdl , c = 1, εtdl < 0,

and λdl = 0.65.
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FIGURE 13. The revenue and cost of the industrial park corresponding to
Table 3.

FIGURE 14. The revenue and cost of the industrial park corresponding to
Table 4.

By referring to the quadratic function substitution method,
the vertex coordinates can be expressed as follows:(
−
b
2a
,
4ac− b2

4a

)

=

(
−
1+ λdlεtdl
2λdlεtdl

,
4λdlεtdl −

(
1+ λdlεtdl

)2
4λdlεtdl

)
(A-11)

where:
A = −

b
2a
= −

1+ λdlεtdl
2 · λdlεtdl

B =
4ac− b2

4a
=

4 · λdlεtdl −
(
1+ λdlεtdl

)2
4 · λdlεtdl

(A-12)

According to the distribution state of cloud drops with the
self-elastic coefficient, it is necessary to reasonably analyze

the approximate range of the x-coordinate of the vertex. The
details are as follows:

−
1+ λdlεtdl,max

2 · λdlεtdl,max
≤ A ≤ −

1+ λdlεtdl,min

2 · λdlεtdl,min
(A-13)

Suppose the general expression of quadratic piecewise linear
function f (x) is:

f (x) =

ς1x + µ1 xmin ≤ x ≤ xmid

ς2x + µ2 xmid ≤ x ≤ xmax

xmin = κ
t
dl,prc,ref ,min, xmax = κ

t
dl,prc,ref ,max,

xmid = −
1+ λdlεtdl
2 · λdlεtdl

(A-14)

where ς1, ς2, µ1, and µ2 can be expressed as follows:

ς1 =
B

A− κ tdl,prc,ref ,min
;

µ1 =
B

−A+ κ tdl,prc,ref ,min
κ tdl,prc,ref ,min

ς2 =
−B

−A+ κ tdl,prc,ref ,max
;

µ2 =
B

−A+ κ tdl,prc,ref ,max
κ tdl,prc,ref ,max

(A-15)

By introducing the 0-1 variable β, the following formula
can be further obtained:

f
(
κ tdl,prc,ref

)
=

(
B

A− κ tdl,prc,ref ,min
+

B
−A+ κ tdl,prc,ref ,max

)
κ tdl,prc,ref β

+
−B

−A+ κ tdl,prc,ref ,max
κ tdl,prc,ref +

B · κ tdl,prc,ref ,max

−A+ κ tdl,prc,ref ,max

+

(
B · κ tdl,prc,ref ,min

−A+ κ tdl,prc,ref ,min
−

B · κ tdl,prc,ref ,max

−A+ κ tdl,prc,ref ,max

)
β

(A-16)

where ϕ = κ tdl,prc,ref β. Then, add the constraints of ϕ as
follows:{

−M · β ≤ ϕ ≤ M · β
k trep −M · (1− β) ≤ ϕ ≤ k

t
rep +M · (1− β)

(A-17)

where M is a relatively large constant.
Note 1: Similarly, for the convenience of description, this

paper adopts the subscripts dl, hl, cl, and gl to represent the
piecewise linear functions of electricity, heat, cold and gas,
respectively.
Note 2: Under the analysis of the uncertainty optimization

scenario, the fuzzy parameters in each parameter vector can
be expressed by the superscript ∼ in combination with for-
mula (38).
Definition 1 [26], [30]: Let U be the universe of discourse

and C be a qualitative concept related to U . If x ∈ U is a
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FIGURE 15. The elastic energy cloud model for scenario 7 corresponding to figure 12.

random instantiation of concept C and µ (x) ∈ [0, 1] is the
certainty degree of x belonging to C, which satisfies

µ (x) : U ∈ [0, 1] , ∀x ∈ U

then, a one-to-many mapping can be defined as a normal
cloud, and (x, µ (x)) can be called a cloud drop.
Definition 2 [26], [30]: Let U be the universe of discourse

and C be a qualitative concept related to U . C contains
three numerical characteristics: expectionEx, entropyEn, and
hyper entropy He. If x ∈ U is a random instantiation of
concept C and µ (x) ∈ [0, 1] is the certainty degree of x
belonging to C, which satisfies

µ (x) : U ∈ [0, 1] , ∀x ∈ U

then, ε = RN (Ex, |y|), y = RN (En,He), and the member-
ship function satisfies the following form:

µ (x) = exp

{
−
(x − Ex)2

2y2

}
(A-18)

Then, the distribution of the random variable X composed of
all cloud drops is called the normal cloud model.

See Figures 13–15.
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