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Abstract: With the gradual liberalization of the energy market, the future integrated energy system
will be composed of multiple agents. Therefore, this paper proposes an optimization dispatch
method considering energy hub technology and multi-agent interest balance in an integrated energy
system. Firstly, an integrated energy system, including equipment for cogeneration, renewable energy,
and electric vehicles, is established. Secondly, energy hub technologies, such as demand response,
electricity storage, and thermal storage, are comprehensively considered, and the integrated energy
system is divided into three agents: Integrated energy service providers, renewable energy owners,
and users, respectively. Then, with the goal of balancing the interests of each agent, the model is solved
by the non-dominated sorting genetic algorithm-III (NSGA-III) to obtain the Pareto frontier. Since the
Pareto frontier is a series of values, the optimal solution of each agent in the Pareto frontier is found
by the technical for order preference with a similar to ideal solution (TOPSIS). Ultimately, taking an
integrated energy demonstration park in China as a case study, the function of energy hub technology
is analyzed by simulation, and the proposed method is verified to be effective and practicable.
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1. Introduction

In a contemporary world, which is undergoing drastic development of the energy internet and
an increasing connection of energy sources, such as electricity, heat, and cooling, clean and efficient
use of energy has gradually become the focus of attention [1]. How to develop energy in ecofriendly
way and accelerate the energy transition and improve energy utilization is an urgent problem to
be solved. Comprehensive utilization of cooling, heat, electricity, and gas provide new ideas for
energy development, and the development of Internet of Things and wide-area communication
technology provide convenience for energy integration, coordination planning, and energy supply
optimization [2,3]. Based on the combined cooling heating and power (CCHP), the integrated energy
system (IES) can improve the utilization efficiency of integrated energy and reduce environmental
pollution through the cascade utilization of energy [4].

Research on integrated energy systems is actively carried out, with an emphasis on the optimization
dispatch and system planning of integrated energy systems [5–8]. The authors of [5] proposed an
integrated electrical and natural gas system, including wind turbines, cogeneration, and gas supply
equipment. With the goal of minimizing operation costs, an optimal dispatch strategy was established;
the authors of [6], aiming at solving the problem of the large-scale wind curtailment and poor dispatch
economy, established a day-ahead economic dispatch model for a regional power-heat integrated
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energy system. The proposed model and algorithm analyze the action of each unit in economic
dispatch and wind-power accommodation effectively, verifying its efficiency and applicability; in [7],
the two-stage optimization algorithm was used to optimize the park-level integrated energy system.
The upper layer is aimed at the minimum total annual cost, annual pollution emission, and annual
energy consumption, and the lower layer is aimed at the lowest operation and maintenance cost,
which can effectively increase the overall benefit of the system. The authors of [8] established an
integrated energy model for multi-energy complementary and coordinated development, proposed a
distribution network planning strategy based on integrated energy system optimization, and looked to
the future of integrated energy systems across regions.

The ETH Zurich Institute first proposed the concept of an energy hub (EH) in the “Future Energy
Network Vision” project in 2007 [9]. An energy hub is defined as an input-output port model that
describes the exchange and coupling relationships between energy, load, and networks in a multi-energy
system. The coupling matrix plays an important role in the planning and operation of multi-energy
systems as it can briefly represent the various coupling relationships, such as transformation, storage,
and transmission between electric, heat, and cooling [10,11]. As demand response technology plays an
important role in promoting operational efficiency of the power system, the optimization dispatch model
of integrated energy considering demand response technology is a continuous improvement [12,13].
Based the decentralized load-side demand response structure, some scholars proposed integrated
demand response technology, which can improve the utilization of various equipment in the energy
hub [14].

Though the above references have made some progress in the study of IESs, there are several
factors that have not been considered: (a) In fact, since the devices in the IES are not owned by the same
agent, each agent will not sacrifice their own benefits for the sake of the global optimum. It is important
to construct a multi-agent model of integrated energy and establish a trading mechanism between
the various agents for integrated energy development; (b) in an integrated energy system, there is
lots of waste energy, such as residual heating and cooling. If they were recycled, it would further
reduce the operation cost of the system. (c) Although the energy hub technology has been mentioned,
a few references took this technology into consideration in integrated energy system dispatch and
planning research.

In summary, according to the attributes and functions of the devices, this paper divides the IES
into three main agents: The integrated energy service provider (IESP), renewable energy owner
(REO), and users, respectively; secondly, the mathematical model of energy hub technologies,
like integrated demand response, electricity storage, and thermal storage, are established, and the
electric vehicle response model is introduced. From the perspective of balancing the multi-agent’s
interest, the multi-agent’s optimization dispatch model is proposed, and solved by the NSGA-III,
which can get the pareto optimal frontier. Furthermore, since the Pareto frontier is a series of values,
the optimal solution of each agent in the Pareto frontier is found by the TOPSIS. Through the simulation,
the load curve and the economic benefits of each agent are obtained under different scenarios, and the
equipment output considering various technologies of the energy hub is analyzed in detail to illustrate
the validity and practicability of the model.

The remaining sections of this paper are as follows: Section 2 describes the integrated energy hub
technology. The integrated energy multi-agent model of IES is constructed in Section 3. Section 4
introduces the model solution. A case study and results analysis are given in Section 5. Finally,
Section 6 draws the conclusion.

2. Integrated Energy Hub Technology

2.1. Integrated Energy System

The physical model of the integrated energy system is shown in Figure 1. The system includes
energy supply devices, such as cogeneration units, renewable energy, heat pumps, lithium bromide
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absorption unit, and so on, as well as other equipment that can exchange energy with the system,
like thermoelectric energy storage, electric vehicles, ice storage, etc.Energies 2019, 12, x FOR PEER REVIEW 3 of 16 
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Figure 1. Physical model of integrated energy system considering integrated demand response (IDR).

As shown in Figure 1, the IESP contains the transmission and conversion equipment of the
multi-energy system but is not flexible during the dispatch process [15,16]. With the popularization of
the integrated demand response (IDR), energy storage system, and thermal storage system, energy hub
technology will make IES’s dispatch more flexible while reducing the operation costs of the system [17].

2.2. Integrated Demand Response

In the power system, the definition of the demand response is that the users adjust their electricity
demand according to the time-sharing electricity price. The users can change the power consumption
behavior by responding to the incentive from the power grid to reduce the electricity consumption
cost and achieve the goal of load shifting [18,19].

In the IES, the diversification of supply methods on the energy supply side makes it possible to
convert between energies. On the energy consumption side, users can also choose different energy
sources to meet the same energy demand; the energy complementarity of both sides of supply and
demand increases the flexibility of the integrated energy system. The users can adjust the energy
consumption mode according to the real-time price, which reduces the energy consumption cost and
has better acceptability so as to ensure users’ comfort. The integrated demand response model is
shown in Equation (1): 
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where Hi represents the demand response of i-type energy, ∆Lj represents the supply of j-type energy,
and dji is the demand response coupling factor, indicating the impact of the i-type energy demand
response on the j-type energy supply.

2.3. Energy Storage Technology

The utilization of renewable energy is easily affected by external factors; the energy output
and load demand cannot be matched, which tends to cause energy shortage at peak and waste at
valley [20–22]. With the development of energy storage technology, energy can be transferred in a
time series through the charge and discharge strategy of energy storage. The dynamic model of the
electricity storage system is shown in Equation (2):{

Ees(t + 1) = Ees(t) · (1− δe) + Pes,in · ηin · ∆t
Ees(t + 1) = Ees(t) · (1− δe) − Pes,out · ∆t/ηout

, (2)

where Ees(t) is the capacity of the electricity storage device at time t; δe is the self-discharge rate; Pes,in

and Pes,out represents the charging power and discharging power, respectively; ηin is the charging
efficiency of the electricity storage device; ηout is the discharge efficiency of the electricity storage
device; and ∆t is the dispatch time period.

The dynamic model of the thermal storage system is shown in Equation (3):{
Hes(t + 1) = Hes(t) · (1− kloss) + Qes,in · kin · ∆t

Hes(t + 1) = Hes(t) · (1− kloss) −Qes,out · ∆t/kout
, (3)

where Hes(t) is the capacity of the thermal storage device at time t, kloss is the thermal loss rate; Qes,in

and Qes,out represents the absorption thermal and released thermal, respectively; kin is the thermal
absorption efficiency of the thermal storage device; and kout is the thermal release efficiency of the
thermal storage device.

3. Integrated Energy Multi-Agent Model

Based on the actual situation, this paper divides the integrated energy system into the following
three main agents: Users, IESP, and REO.

3.1. Users

Both the cooling/thermal load and electricity load of users can participate in the demand response.
Thus, according to the time-sharing price of the IESP and the grid, users can adjust their energy
consumption behavior to reduce energy costs as much as possible. Therefore, the user’s objective
function is:

fUsers = min
NT∑
t=1

[
CE(t) + CH(t) + CC(t) + CEV(t)] , (4)

where NT is the amount of daily dispatch periods; and CE(t), CH(t), and CC(t) represents the users’
electricity, thermal, and cooling cost, respectively. Under the background of demand response, based on
the elastic coefficient method [23], the calculation formula is:

Ci =

NT∑
m=1

(
∆Li

m + Li
m

)
(∆Qi

m + Qi
m) =

N∑
m=1

Qi
mLi

m(1 + ki) +
N∑

m=1

N∑
n=1

Qi
mε

i
mnkiδi(1 + ki)Li

m, (5)

where δi is the ratio of elastic load; ∆Li
m is the i-type energy change after the demand response at time

m, Li
m is the total load before the demand response; ∆Qi

m is the price change of i-type energy; Qi
m is

the initial price; the ratio of ∆Qi
m/ Qi

m is recorded as ki, which is the change rate of electricity price;
and εi

mn is the elasticity coefficient, which reflects the adjustment of the users’ load according to the
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price change. When m = n, εi
mn is called the self-elastic coefficient, otherwise it is called the mutual

elasticity coefficient, which is defined as:

εi
mn =

∆Li
m

δiLi
m

/
∆Vi

m

Vi
m

. (6)

In Equation (4), CEV(t) is the energy cost of the electric vehicle owners (EVOs). Since the electric
vehicles can not only need be charged from the IESP or the grid but also can be discharged to them,
the EVO can determine whether to participate in the dispatch according to the habits of car-using and
the charging or discharging prices in each period. According to [24], the response characteristic of
electric vehicles is shown as Equation (7):

α = −1699.6∆p5 + 1756.3∆p4
− 696.53∆p3 + 124.44∆p2

− 5.358∆p + 0.0624, (7)

where ∆p is the difference between the feed-in tariff of electric vehicles and the electricity price of IESP
and α is the probability of EVO’s response dispatch.

The purpose of electric vehicles participating in the dispatch is to minimize the cost and they
adjust their dispatch strategy according to the charging and discharging tariff of electric vehicles,
which is formulated by IESP. However, due to the randomness of EVOs in the dispatch process,
it does not always satisfy the response characteristics. In order to express the randomness of EVOs,
the introduction of the random variable, r, is proposed. For a given ∆p, the probability of an EVO’s
response dispatch is α. If r is greater than α, then the EVO participates in dispatch, otherwise it is not
involved in dispatch. Therefore, the objective function of the EVO can be expressed as:

CEV(t) =
{

cev,c(t) · Pev,c(t) · (dr− αe) when EV charging
−cev,d(t) · Pev,d(t) · (dr− αe) when EV discharging

, (8)

where cev,c(t) and cev,d(t) represent the charging and discharging electricity price of electric vehicles in
the IES at time t, respectively; Pev,c(t) and Pev,d(t) represent the charging and discharging power of
electric vehicles at time t, respectively. Meanwhile, Pev,c(t)·Pev,d(t) = 0 means that the electric vehicle
cannot be charged and discharged at the same time, and d. . .e is an upward rounding function.

3.2. Integrated Energy Service Providers

With cogeneration units, boilers, electric refrigerators, lithium bromide absorber, and other energy
supply equipment, IESP is responsible for providing users with heat, cooling, and electricity, and is
able to purchase electricity from REO and power grids. Meanwhile, electric vehicles can also interact
with its electricity. According to the situation of energy balance, the time-sharing price of REO selling
to IESP should be negotiated with the REO agent, and the IESP will also, in consultation with the users,
determine the time-sharing price of the energy consumption and the charge/discharge price of each
time of the electric vehicle. Therefore, the dispatch goal of the IESP is to maximize the total operating
income, and the objective function can be expressed as:

fIESP = max
NT∑
t=1

{RE(t) + RH(t) + RC(t) + REV(t)−[cb(t) · Ppe(t) + cR2I(t) · PpvM(t) + Cfuel(t)+

Cst(t) + CEP(t) + CIESP
OM (t) + CHS(t) + CIESP

es (t)]
} (9)

where RE(t), RH(t), and RC(t) represent the income of selling electricity, heat, and cooling, respectively;
that is, the users’ energy consumption cost, which can be obtained by Equation (5); REV(t) represents the
interaction income with EVO, which can be obtained by Equation (8); cb(t) represents the time-sharing
price of the grid; Ppe(t) is the power purchased by IESP from the grid at time t; cR2I(t) is the renewable
energy feed-in tariff setting by IESP at time t; PpvM(t) is the power purchased by IESP from REO at
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time t; Cfuel(t) is the gas cost of IESP at time t; Cst(t) is the device start-stop cost at time t; CEP(t) is the
environment pollution cost at time t; CIESP

OM (t) is the device’s operation and maintenance cost in IESP at
time t; CHS(t) is the thermal storage device loss cost at time t; and CIESP

es (t) is the power storage cost at
time t, including the battery life loss cost and transmission loss cost [25,26].

3.3. Renewable Energy Owners

REO has power generation equipment of renewable energy and its supporting energy storage
equipment. There are three ways to consume energy: Sell electricity to the power grid, sell electricity
to the IESP, and storage, respectively. With the goal of maximizing the benefits, the REO can determine
the energy output strategy based on the renewable energy feed-in tariff set by IESP and the electricity
price sold by the REO to the power grid. Therefore, the objective function is:

fREO = max
NT∑
t=1

[cR2I(t) · PpvM(t) + cout(t) · PpvI(t) −CREO
OM (t) −CREO

es (t)], (10)

where cout(t) is the electricity sale price of REO to the grid at time t; PpvI(t) is the transmission power of
REO to the grid at time t; CREO

OM (t) is the equipment’s operation and maintenance cost in REO at time t;
and CREO

es (t) is the power storage loss costs in REO at time t, including the battery life loss cost and
transmission loss cost.

3.4. Constraints

3.4.1. Balance Constraints

(1) Power balance constraint:

Pchp(t) + Ppe(t) + PpvM(t) + Pes_IESP(t) − PEB(t) − PEC(t) = PL(t) + Pev(t), (11)

where Pchp(t) is the power supplied by cogeneration equipment at time t; Pes_IESP(t) is the charge
or discharge power of the energy storage at time t, which is positive for discharge and negative for
charging; PEB(t) is the power consumed by the electric boiler at time t; PEC(t) is the power consumed
by the electric refrigerator at time t; and PL(t) is the electrical load at time t.

(2) Thermal power balance constraint:

Qchp(t) + QEB(t) + Qes(t) −QHC(t) = QL(t), (12)

where Qchp(t) is the heating power of the cogeneration at time t; QEB(t) is the heating power of
the electric boiler at time t; QHC(t) is the heating power consumed by the waste heat refrigeration
equipment at time t; and QL(t) is the thermal load at time t.

(3) Refrigerating power balance constraint:

CEC(t) + Ces(t) + CHC(t) = CL(t), (13)

where CEC(t) is the refrigerating capacity of the electric refrigerators at time t; Ces(t) is the reserving
and releasing cooling power of the cooling energy storage system at time t; CHC(t) is the refrigerating
capacity provided by the waste heat refrigeration equipment at time t; and CL(t) is the cooling load of
the IES at time t.
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3.4.2. Energy Price Constraints

(1) Price constraint of REO sells electricity to IESP:

cR2I,min(t) ≤ cR2I(t) ≤ cR2I,max(t), (14)

where cR2I,min(t) and cR2I,max(t) represent the minimum and maximum of the renewable energy feed-in
tariff at time t, respectively.

(2) Price constraint of EV charging or discharging:

cev,min(t) ≤ cev(t) ≤ cev,max(t), (15)

where cev,min(t) and cev,max(t) represent the minimum and maximum of the charging and discharging
price of electric vehicle at time t, respectively.

(3) Price constraints of IESP sells electricity to users:

ce
min(t) ≤ ce(t) ≤ ce

max(t), (16)

1
NT

NT∑
t=1

ct(t) ≤
1

NT

NT∑
t=1

cpe(t), (17)

where ce(t) represents the price of electricity sold by the IESP to the users at time t; ce
min(t) and ce

max(t)
represent the minimum and maximum of the electricity price sold by the IESP to the users at time t,
respectively. Equation (17) indicates that the average energy price in the park is not higher than the
price from the power grid to ensure users’ interests.

(4) Thermal Price Constraint

Due to the substitutability between the energy sources in the integrated energy system, the IESP’s
thermal selling price needs to refer to the electricity price, which can be described as:

ch(t) = β · ce(t), (18)

where ch(t) is the thermal selling price at time t, β is the thermoelectric price ratio, and its constraint is:

βmin ≤ β ≤ βmax, (19)

where βmin and βmax represent the maximum and minimum of the thermoelectric price
ratio, respectively.

3.4.3. EV Charging and Discharging Constraints

0 ≤ Pev,c ≤ vev,cpev,c,rate, (20)

0 ≤ Pev,d ≤ vev,dpev,d,rate, (21)

Smin ≤ S(t) ≤ Smax, (22)

where vev,c, vev,d are the 0–1 variables of whether the EV participates in charging and discharging,
1 means participation, otherwise it does not participate; Pev,c,rate and Pev,d,rate represent the EV charging
and discharging rated power, respectively. Smin and Smax represent the upper and lower limits of the
electric vehicle’s state of charge, respectively.
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Other constraints, such as generator output constraints, generator climbing constraints, energy
storage capacity constraints, and transmission power constraints, have been mentioned in many
references and this paper will not introduce them again.

4. Model Solution

The dispatch model of IES considering multi-agent’s benefit balance can be described as:
min − fIESP(x)
min − fREO(x)
min fUsers(x)
s.t. hi(x)= 0 gi(x) ≤ 0

, (23)

where hi(x) and gi(x) represent the equality and inequality constraints of the model, respectively; x is
the vector of decision variables of all time periods.

The goal of this model is to balance the interests of the three main agents: IESP, REO, and users.
It is known from Equation (23) that it is a common multi-objective optimization problem. The NSGA
algorithm is currently a common algorithm to solve multi-objective problems. Since the introduction of
the NSGA algorithm by Deb, it has undergone three generations of reforms. At present, the NSGA-II
algorithm [27,28] is widely used. The NSGA-II algorithm uses the crowding distance method and
the elite strategy to sort, which can effectively ensure the diversity of the population, reduce the
computational complexity, and accelerate the Pareto frontier convergence. However, when solving
multi-objective problems with more than two objective functions, its computation becomes inefficient
and prone to a local optimum. Compared with the previous two generations, the NSGA-III algorithm
has improved the selection mechanism. Through introducing the reference point selection and
normalization method [29,30], the multi-objective problem of more than two objective functions can be
effectively solved. The flowchart is shown in Figure 2.

The difference between NSGA-III and NSGA-II lies in the selection mechanism of the parent
population. The selection steps of NSGA-III are as follows:

Step 1: Find the minimum of all targets from the new group, R, and define it as Zmin
i , which is the

ideal point of the objective function, and transform the objective function by Equation (24):

f ′i (x) = fi(x) −Zmin
i . (24)

Step 2: Construct a hyper plane. The general intercept formula of the hyper plane is:

f ′1
a1

+
f ′2
a2

+ · · ·+
f ′M
aM

= 1, (25)

where ai is intercept between the hyper plane and axis of each dimension, which can be obtained by the
extreme point calculation method. The solution formula of extreme points is shown in Equation (26):

zextreme
i = argmin

{
M

max
i=1

f ′i (x)/wi

}
, (26)

where M is the number of objective functions, and wi is the weight coefficient. When a dimension
weight coefficient is set to 1, the other dimension weight coefficients are 10−6 (infinitesimal close to 0).

Step 3: Based on the hyper plane constructed in step 2, each individual in the population, R,
can be normalized to:

f ∗i (x) =
f ′i (x)

ai −Zmin
i

. (27)
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Step 4: The projection distance of each individual in the population, R, on the hyper plane after
normalization can be expressed as:

d1(u) =

 M∑
i=1

fi∗(x) − 1

/
√

M. (28)

In the formula, the smaller the value of d1(u), the better the convergence of the individual, u.
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Step 5: The crowded distances of each projection point are evaluated by the modified Harmonic
mean distance method [31], shown in Equation (29):

d2(u) =
K

1
du

1
+ 1

du
2
+ · · · 1

du
K

, (29)

where K is the square root of the population size, represents the distance between the individual,
u, and the Kth nearest individual. The larger the value of d2(u), the better the distribution of the
individual, u.

Step 6: Synthesize the convergence and distribution characteristics of the population in the hyper
plane, and select the new group R by the selection formula:

D(u) = d1(u) − λd2(u), (30)

where λ is the penalty factor used to balance the proportions of convergence and distribution, when
the value of D(u) is smaller, the individual, u, is more likely to be selected into the parent population.

The steps for solving the proposed model using the NSGA-III algorithm are as follows:
Step 1: Input the raw data, including the energy supply and storage equipment parameters,

in IESP, the typical daily load curve, integrated demand response parameters, and constraints. Initialize
the NSGA-III algorithm parameters: Set the population size to 100, the number of iterations to 50,
the crossover probability to 0.8, the probability of variation to 0.2, and Pareto optimal individual
coefficient to 0.5.

Step 2: Form the initial population and encode the output of each equipment as the set {X1, X2, . . . ,
Xn}. The transaction prices between the agents are represented by XI2U, XR2I, and XR2U, respectively;

Step 3: According to the proposed NSGA-III algorithm, select, cross, and mutate the populations
to form a new sub-group, and each dimension of each individual should meet the constraints in the
process of selecting, crossing, and mutation.

Step 4: If the number of iterations is reached, generate a Pareto frontier; otherwise, return to step 3.
Step 5: As the Pareto frontier is a series of values, the optimal solution from the frontier of Pareto

can be found using the TOPSIS method [32,33], obtaining the optimal dispatch scheme.

5. Results and Discussion

Taking an integrated energy demonstration park in China as an example, the typical daily
thermoelectric load and photovoltaic output curve in the park are shown in Figure 3. The cogeneration
in this park adopts the “heat-deciding power generation” mode for heating. The renewable energy is
mainly based on photovoltaic (PV) and is equipped with 2 × 20 kW distributed photovoltaic units.
The cooling load in the park is mainly the air-conditioning load, and this paper turns it into electrical
load considerations. The price of gas in the park is 2.93 ¥/m3. The simulation divides the day into 96
time periods with the interval of 15 minutes.
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The parameters of the power supply and heating equipment are shown in Table 1, where ki is the
constant of unit power operation and maintenance.

Table 1. Time-of-use price.

Type Installed Capacity Pmin/kW Pmax/kW ki/(¥/kW·h)

CHP 150 kW 75 150 0.024
PV 2 × 20 kW 0 40 0.0182
EB 10 kW 0 10 0.01495
ES 19.2 kW 4.8 16 0.00195
HS 4 × 5 kW·h 1.5 19.2 0.0013

Table 2 shows the electricity price purchased by the park from the grid (XG2I) and the price of
PV sold to the grid (XR2G) during the peak, flat, and valley period. The peak period is 8:00–11:00,
18:00–22:00; the flat period is 11:00–18:00 and 22:00–23:00; the valley period is 00:00–8:00 and 23:00–24:00.

Table 2. Time-of-use price (¥/kW·h).

Period XG2I XR2G

Peak period 1.1365 0.6123
Flat period 0.6598 0.3582

Valley period 0.1885 0.1222

5.1. Comparative Analysis of Different Scenarios

To illustrate the role of energy hub technology in integrated energy dispatch, the following five
scenarios are used to simulate the thermoelectrical power output of the IESP and the overall revenue
of each agent:

Scenario 1: The integrated demand response taking into account in the system, both the power
storage and thermal storage included in the IESP.

Scenario 2: The integrated demand response taking into account in the system, the power storage
included in the IESP, without the thermal storage;

Scenario 3: The integrated demand response taking into account in the system, the thermal storage
included in the IESP, without the power storage.

Scenario 4: The integrated demand response not taking into account in the system, both the power
storage and thermal storage included in the IESP.

Scenario 5: The integrated demand response not taking into account in the system; neither the
power storage nor thermal storage are included in the IESP.

Using the NSGA-III algorithm to solve the integrated energy of the park in different scenarios,
the load curve in different scenarios is shown in Figure 4, and the variance of the load curve in each
scenario is shown in Table 3. Combined with Figure 4 and Table 3, it can be seen that when the
integrated demand response is taken into account, there is an obvious peak-shaving effect. When the
IESP contains energy storage devices, the overall variance of the daily load curve is 37.84 (scenario 1).
In the same condition, the variance of the daily load curve is 118.78 without the integrated demand
response in the system (scenario 4), which is not conducive to the joint output distribution of each
generator unit due to the large volatility.

Table 3. Variance of the microgrid load curve in different scenarios.

Scenario Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Variance 37.84 46.37 53.99 118.78 142.75
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Table 4 shows the economic benefits of each agent in the integrated energy system in different
scenarios. From Table 4, it can be seen that the net income of the IESP under the integrated demand
response scenario (scenario 1, scenario 2, and scenario 3) is significantly more than the scenario that
does not take into account the integrated demand response (scenario 4, scenario 5). Comparing scenario
1 and scenario 4, the net income of scenario 1 is 312.48 yuan more than scenario 4, which does not take
the integrated demand response into consideration, while the user energy cost is also relatively low.
This shows that the integrated demand response can effectively improve the economics of integrated
energy dispatch.

Table 4. Revenues of various agents in different scenarios.

Scenario IESP Net Income/¥ REO Net Income/¥ Users’ Energy Consumption Cost/¥

Scenario 1 3148.47 469.31 5068.44
Scenario 2 3071.56 401.59 5246.31
Scenario 3 3011.42 466.02 5120.64
Scenario 4 2835.99 482.71 5248.18
Scenario 5 2822.78 406.31 5364.51

Comparing scenario 1 and scenario 2, in the absence of thermal storage, more thermal is needed
to be provided by the CHP to maintain the thermal load balance. Since the CHP operates in the
“heat-deciding power generation” mode, the IESP purchases less electricity from the grid and renewable
energy owners. Thus, the net income of REO is reduced without the thermal storage.

Since the power storage can adjust the charging and discharging strategy based on the load
curve, the power is stored during the valley load period and released during the peak load period,
which makes the combined output of each unit more reasonable as well as cuts peaks and fills valleys
effectively. Comparing the load curve and the income situation of scenario 1 and scenario 3, it can be
seen that in the absence of a power storage device, the load curve fluctuates severely, the net income of
the IESP decreases, and the users’ energy consumption cost also increases.

5.2. Analysis of Optimization Dispatch Results

Considering the integrated demand response and game mechanism of the multi-agent’s interest,
the pricing table of the trading mechanism between the IESP, REO, and the users in the park is shown
in Table 5.
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Table 5. Transaction pricing between agents (¥/kW·h).

Price Peak Period Flat Period Valley Period

cR2I 0.8688 0.5157 0.1574
ce 0.9845 0.5124 0.1523
ch 0.7563 0.4416 0.1015

Comparing Tables 2 and 5, it can be seen that the electricity price sold by REO to IESP is higher
than that sold by REO to the grid in each period, and lower than the electricity price purchased by
the IESP to the grid, which promotes the internal consumption of renewables in the park and the
economics of the IESP. In the bilateral transaction between IESP and users, IESP sells electricity to users
at a lower price than the grid, which reduces the energy cost of users. Users are also more inclined to
purchase energy from IESP to promote the balance of interests of all agents.

The output distribution of each unit of IESP is shown in Figure 5. During the peak period of
the electric load, there is a large disparity between the electric and thermal load. Since CHP operates
in the “heat-deciding power generation” mode, the thermal output of CHP is increased to meet the
electric load balance. If there is no thermal storage, it will lead to abandonment of thermal energy.
The thermal energy recovered by the thermal storage can be used for cooling, as well as for heating
for the rest of the time, reducing the gas cost and the output of the CHP during the valley period.
Boiler heating leads to an increase in the electrical load curve, but under the combined action of an
integrated demand response, energy storage, and electric vehicle, the peak and valley difference of
the new load curve is reduced, and the increase of the load curve at 11:00 to 13:00 is beneficial to the
output of photovoltaic units.
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The time for the electric vehicle to participate in the dispatch is between 19:00 and 6:00 the next
day. Through the optimal dispatch, the EVO chooses to discharge during the peak period of the
electricity price, and charge during the valley period of the electricity price to maximize the net income.
Meanwhile, the EVO electricity discharge price is 0.8981 ¥/kWh, less than the electricity price purchased
by the IESP to the grid, reducing the operating costs of the IESP.

The REO’s output distribution is shown in Figure 6. he internal photovoltaic consumption rate of
the integrated energy system is as high as 93.69%. As illustrated in Figure 5, in the photovoltaic sufficient
moment, IESP’s power supply mainly comes from CHP and is purchased from REO. The purchase
power from the grid is almost 0, which effectively reduces the operating costs of IESP. The energy
storage system is configured in the REO, which discharges during the peak load period and stores
excess power from the photovoltaic system during the valley load period, increasing REO’s solar
energy utilization rate. The time-shift characteristic of the energy storage system makes it possible
for REO to sell electricity to the IESP during peak hours (18:00–21:00) in the case of insufficient solar
energy, which increases the economic benefits of REO.
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5.3. Comparison with Other Dispatch Methods

The authors of [6] introduced a global unified scheduling strategy for IES, including thermoelectric
energy storage, renewable energy, and electric vehicles, which is similar to the system structure
of this paper but did not consider multi-agent interest balance and energy hub technology in its
process of dispatch. Table 6 compares the various costs, benefits, and PV consumption rates of the
multi-agent interest-balanced dispatch model in this paper and the global unified dispatch model
proposed in [6]. Compared with the strategy proposed in [6], the strategies proposed in this paper are
better than the strategies proposed in [6] in the aspects of the costs of electricity purchase, gas purchase,
and environmental pollution in the park. Since energy storage plays an important role in multi-agent
dispatch, the loss cost is higher, but the value is not large. Under the balancing dispatch, the user’s
energy cost is reduced, and the local consumption rate of PV is improved, which illustrates the
effectiveness and practicability of the dispatch method to balance the multi-agent’s interest in the park.

Table 6. Comparison of economics of and PV consumption under different dispatch methods.

Economics Multi-Agent Interest Balance Global Unified

Electricity purchase cost/¥ 163.41 198.23
Gas purchase cost/¥ 1821.24 1865.42

Environmental pollution cost/¥ 145.51 156.42
Operation and maintenance cost/¥ 69.65 65.23

Energy storage loss cost/¥ 23.15 9.51
User’s energy consumption cost/¥ 5068.54 5436.94

PV local consumption rate/% 93.69 84.62
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6. Conclusions

In this paper, an integrated energy multi-agent model was constructed. With the goal of balancing
the interests of all agents, integrated energy hub technology was introduced. Using the NSGA-III
algorithm to coordinate the output distribution of each generator unit, the following conclusions
were obtained:

(a) The system was divided into three main agents: IESP, REO, and EVO, which is more in line
with the actual situation. By optimizing the dispatch to balance the interests, all agents should become
the focus of integrated energy optimization dispatch.

(b) The introduction of energy hub technologies, such as integrated demand response, electricity
storage, and thermal storage, can effectively reduce the operation cost of the system through the timing
shift of energy. In the study of this paper, the operation cost of the system was reduced by 8.1%.

(c) The model was solved by NSGA-III algorithm to get the Pareto frontier, and the optimal
optimization dispatch in the Pareto frontier was found by the TOPSIS method. The results in this
paper show the effectiveness of the proposed algorithm.

This paper comprehensively considered the interests of each agent in a single park. The integrated
energy system dispatch method considering multi-agents’ interests and energy hub technology can
effectively improve the flexibility of the cogeneration system and make the power market more
transparent and orderly. It can be applied in real life by using the method to optimize the dispatch of
park-level integrated energy, through coordinating multiple stakeholders, and guiding the operation
of each unit to achieve the goal of balancing interests.

This paper divided the integrated energy system into three agents: IESP, REO, and users. However,
the division of multi-agents may not be the same in other parks, and how to divide each agent accurately
should be based on actual conditions. On the other hand, the integrated energy interconnection
between parks will become the development trend in future integrated energy systems. How to
coordinate the planning and dispatch of integrated energy systems between parks will become the
focus of future research.
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