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Abstract: Due to the increasingly stringent environmental protection policies, the integrated energy 

system (IES) plays a vital role in improving energy efficiency and reducing carbon emissions (CE). To 

achieve optimal operation of IES, a method that considers source load uncertainty and equipment 

capacity optimization is proposed in this study. First, an IES model including electricity, heat, and gas 

energies is established, and a ladder-type carbon trading mechanism model is introduced to implement 

CE restrictions. Furthermore, by considering the horizontal transfer and vertical complementary 

substitution of electricity, heat, and gas loads, an integrated demand response (IDR) model is proposed. 

Second, in order to achieve the minimization of the IES comprehensive cost, the equipment capacity 

optimization is introduced into the developed operation model. Then, the optimal operation model is 

established and transformed into a constrained mixed integer linear problem, which can be directly 

solved by the commercial solver CPLEX. Finally, the information gap decision theory is used for 

solving the source load uncertainty problem, and a risk-averse robust model is proposed. Experimental 

results showed that when IDR is considered, the total operating (TO) cost is reduced from 29130.69 

to 27470.67 CNY (5.70% reduction), and CE is reduced from 28788.92 to 25391.62 kg (11.80% 

reduction). Moreover, by introducing the equipment capacity optimization, the TO cost is further 

reduced from 27470.67 to 27071.28 CNY (1.45% reduction), and CE is further reduced from 25391.62 

to 25114.43 kg (1.09% reduction). Simultaneously, when the source load uncertainty is considered, the 

TO cost is increased from 27071.28 to 28424.85 CNY (5.00% increase), and CE is increased     

from 25114.43 to 27560.31 kg (9.74% increase). However, the risk-bearing ability can be significantly 

improved, and the operational stability is also increased. 
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P2G: Power to gas; CHP: Combined heating and power; GB: Gas-fired boiler; EES: Electrical energy 

storage; HES: Heat energy storage; GES: Gas energy storage; GT: Gas turbine; WHB: Waste heat 

boiler; CT: Carbon trading; EP: Energy purchase; EM: Equipment maintenance; DEEI: Daily 

equivalent of equipment investment; EPP: Electricity power purchase; WTPPAP: Wind turbine and 

photovoltaic power abandonment penalty; GPP: Gas power purchase 

1. Introduction 

Energy consumption is a common concern in today’s society. With increasingly serious problems 

such as a shortage of fossil energy, environmental deterioration, and climate warming, promoting 

energy transformation and the use of renewable energy technology is important to cope with these 

problems [1,2]. The integrated energy system (IES), as a new energy supply method, achieves optimal 

allocation and efficient utilization of energy by tightly coupling the production, transmission, storage, 

and consumption of various energies. The IES integrates multiple energy forms, such as electricity, heat, 

and gas, which significantly enhances energy utilization efficiency, reduces carbon emissions (CE), and 

promotes green transformation of energy structure through intelligent management and coordinated 

optimization [3,4]. 

Numerous scholars have conducted extensive research on the optimal operation of IES.    

Zhang et al. proposed a low-carbon economic model of IES by optimally dispatching electricity and 

heat flows and adjusting the output of each unit. Experimental results showed that their method 

significantly enhanced the consumption of renewable energy and reduced the CE [5]. Dong et al. 

proposed an operation method of IES, which considered the hybrid structure of electrical and heat 

energy storage. With the application of their method, the coupling of various energies was effectively 

optimized, and the energy utilization efficiency was also improved [6]. Zhang et al. proposed a   

multi-objective optimization method of operation strategies in the IES, in which the integrated demand 

response (IDR) and dynamic pricing were considered. With their developed method, the economy and 

reliability of IES operation were improved, and the interaction among different stakeholders was also 

facilitated [7]. Ding et al. considered IDR and established a comprehensive energy efficiency model 

of IES. They also developed a multi-objective optimization method in order to maximize 

comprehensive energy efficiency and minimize the operating cost [8]. Wang et al. also considered the 

IDR as an important measure for the optimal operation of IES. In their study, a multi-objective 

optimization method was established, which significantly enhanced the economic and efficient 

operation of IES [9]. Xiang et al. primarily explored the economic and environmental benefits of IDR, 

which significantly improved energy utilization rates of the IES [10,11]. Zhou et al. proposed a hybrid 

hydrogen-battery compensation operation with a transient aging model, which provided frontier 

guidelines for the design, operation, and carbon-neutral transformation of multi-energy systems [12]. 

Zhang et al. proposed an integrated fuel cell electric vehicle-building cogeneration framework with 
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optimized configurations and synergistic control strategies, which enhanced energy flexibility and 

techno-economic and environmental performance and mitigated fuel cell degradation in subtropical 

buildings [13]. Yang et al. proposed a co-optimization model with ladder-type CT mechanism and 

multi-energy IDR, which reduced the TO cost and CE of IES [14]. Liu et al. proposed an IES optimal 

dispatch model considering IDR and evaluated the performance in terms of economy, reliability, and 

environment [15]. As discussed above, most existing studies often overlooked the source load 

uncertainty (SLU) problem. Moreover, the impact of equipment capacity (EC) optimization is also rarely 

considered in the operation of IES. Therefore, most of the existing methods cannot be directly used in 

real-world applications if the impact of the SLU problem and EC optimization cannot be ignored. 

In addition, there are three kinds of methods that can be used to solve the SLU problem: fuzzy 

optimization, stochastic optimization, and robust optimization. Li et al. defined the wind speed as a 

random fuzzy variable and established a stochastic fuzzy chance constrained optimization method. 

However, the fuzzy optimization is often highly subjective [16]. Mei et al. proposed a distributed IES 

stochastic optimization operation method based on multiple scenario simulations, in which the 

predictive uncertainties of renewable energy and loads were considered. According to the experimental 

results, the operational safety was ensured, and the consumption of renewable energy was also 

enhanced. However, stochastic optimization is overly reliant on the probabilistic models of 

uncertainties [17]. Sun et al. proposed a two-stage robust optimization method by considering the 

safety margin, and the power supply reliability of IES was improved. However, robust optimization 

tends to consider the worst scenarios, often leading to overly conservative results [18]. Compared with 

the aforementioned methods, the information gap decision theory (IGDT) is a non-probabilistic and 

non-fuzzy method, which could effectively quantify uncertainty when some of the information is 

unknown [19]. Sun et al. proposed a novel integrated stochastic optimization IGDT method to solve 

the multiple uncertainties of IES and optimize its operation plan [20]. Wang et al. proposed a    

multi-objective operational optimization method based on IGDT, in which the capacities of mixed 

energy storage were planned to cope with multiple uncertainties. In addition, the daily operational 

profits could be maximized [21]. Jordehi et al. established an IES operation method in which the loads 

and electricity price uncertainties were considered [22]. Peng et al. introduced an optimization method 

based on IGDT to solve the issues of strong subjectivity and insufficient robustness in previous energy 

storage configuration methods. With the developed method, the comprehensive benefit of the energy 

storage system was significantly enhanced [23]. 

In this study, a novel operation method for the IES under complex conditions is developed, in 

which the IDR, SLU problem, and EC optimization are considered. With this method, the economic 

and environmental performance of the system can be improved while the operational stability is also 

ensured. First, the IDR model is established by considering the horizontal transfer and vertical 

complementary substitution of loads. Second, in order to minimize the TO cost of IES, a collaborative 

optimization method of supply and demand side resources is developed. Third, based on the IGDT, a 

robust model under a risk-averse strategy is established to solve the SLU problem. Finally, the 

effectiveness of the proposed method is verified by a comparative set of scenario analyses. 

2. Structure and operation model of the integrated energy system 

The IES can facilitate the comprehensive utilization of multiple energies. The structure of IES 

proposed in this study is shown in Figure 1, in which the electricity, heat, and gas loads of users are 
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considered. As shown in Figure 1, the system is divided into the energy supply side, energy hub side, 

and energy demand side. The energy supply side includes the power grid (PG), gas grid (GG), wind 

turbine (WT), and photovoltaic (PV) system; the energy hub side includes the power to gas (P2G), 

combined heating and power (CHP), gas-fired boiler (GB), electrical energy storage (EES), heat 

energy storage (HES), and gas energy storage (GES). Among them, the CHP consists of the gas  

turbine (GT) and waste heat boiler (WHB). The energy demand side includes electricity, heat, and gas 

loads. The electricity load is satisfied by the PG, WT, PV, CHP, and EES; the heat load is satisfied by 

the CHP, GB, and HES; the gas load is satisfied by the GG, P2G, and GES. 

 

Figure 1. Structure of the IES. 

2.1. Equipment models 

2.1.1. Power-to-gas model 

The P2G is an energy conversion equipment that electrolyzes water to produce hydrogen and then 

reacts chemically with carbon dioxide from the air to produce natural gas. The operation model of the 

P2G can be formulated as [24]: 

 2 , 2 , 2 ,( ) ( )P G g P G g P G eP t P t=  (1) 

where PP2G,g(t) represents the natural gas power output during time period t; ηP2G,g represents the 

energy conversion efficiency; and PP2G,e(t) represents the electricity power input during time period t. 

2.1.2. Combined heating and power model 

The CHP consists of the GT and WHB. The GT generates electricity by combusting natural gas, 

and the discharged waste heat is captured by the WHB for heat supply. The operation model of CHP 

can be formulated as [25]: 
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 , , ,( ) ( )HCHP e GT e gNG C PP L Gt t=  (2) 

 ( ), , ,1( ) ( )GT GT e GT loss CHP g NGH t tG L = − −  (3) 

 , , ( )WH GBCHP h h TP H t=  (4) 

where PCHP,e(t) represents the electricity power output during time period t; ηGT,e represents the power 

generation efficiency; LNG represents the lower heating value of natural gas; GCHP,g(t) represents the 

volume of natural gas consumed during time period t, in cubic meters; HGT(t) represents the discharged  

waste heat power output during time period t; ηGT,loss represents the heat loss rate; PCHP,h(t) represents 

the heat power output during time period t; and ηWHB,h represents the energy conversion efficiency. 

2.1.3. Gas-fired boiler model 

The GB transforms chemical energy into heat energy by burning natural gas to satisfy the heat 

demands of users. The operation model of GB can be formulated as [26]: 

 ( ) ( ), ,g, GB h NG GGB Bh t L G tP =  (5) 

where PGB,h(t) represents the heat power output during time period t; ηGB,h represents the heating 

efficiency; and GGB,g(t) represents the volume of natural gas consumed during time period t in    

cubic meters. 

2.1.4. Energy storage model 

The energy storage operation characteristics can be described by capacity, charging/discharging 

power, and efficiency. The EES, HES, and GES can be expressed through a unified operation model [27]: 

 ( ) ,

, ,

,

( )
( 1) 1 ( ) ( ) Δ

i d

i i i i c i c

i d

P t
W t W t P t t 



 
+ = − + −  

 
 (6) 

where i represents the type of energy storage equipment (including EES, HES, and GES); σi represents 

the self-loss coefficient of energy storage equipment i; Wi(t) represents the capacity of energy storage 

equipment i during time period t; ηi,c and ηi,d represent the charging and discharging efficiencies of 

energy storage equipment i, respectively; Pi,c(t) and Pi,d(t) represent the charging and discharging 

power of energy storage equipment i during time period t, respectively; and Δt represents the      

time interval. 

2.2. Ladder-type carbon trading mechanism model 

The carbon trading market is currently gaining popularity; a well-established carbon trading 

market can promote CE reduction across various industries to a certain extent. Regulatory authorities 

issue the free CE quota to the IES. When the CE generated by the IES is below the allocated quota, 
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the surpluses can be sold in the carbon trading market. On the contrary, the excess portion must be 

purchased if the quota is exceeded. The aforementioned carbon trading mechanism mainly consists of 

three components: the initial CE quota, actual CE, and carbon trading (CT) cost [28]. 

2.2.1. Initial carbon emission quota model 

The current quota method primarily adopts a gratuitous distribution [29]. The main CE sources 

within the IES include the coal-fired power units, CHP, GB, and gas load. The initial quota model can 

be formulated as: 

 

, ,

, ,

1

, , ,

1

,

1

, , ,

1

( )

( ( ) ( ))

( )

( )

IES E buy CHP GB G load

T

E buy E E buy

t

T

CHP H E h CHP e CHP h

t

T

GB H GB h

t

T

G load G load G load

t

E E E E E

E P t

E P t P t

E P t

E P t



 





=

=

=

=


 = + + +



=



= +



=



=










 (7) 

where EIES represents the CE quota of IES; EE,buy represents the CE quota of electricity power 

purchased from PG; ECHP, EGB, and EG,load represent the CE quota of CHP, GB, and gas load, 

respectively; αE, αH, and αG,load represent the CE quota of generating a unit of electricity power, a unit 

of heat power, and consuming a unit of gas load, respectively; αE,h represents the conversion coefficient 

of electricity and heat power; PE,buy(t) represents the electricity power purchased from PG during 

time period t; PG,load(t) represents the gas load demand during time period t; and T represents the 

operation cycle. 

2.2.2. Actual carbon emission model 

It is assumed that all electricity power purchased from the PG is derived from coal-fired power 

units. The gas load is primarily consumed through combustion, which also generates CE. In addition, 

the P2G can absorb a portion of CE during its operation. If the P2G operation process is considered, 

the initial CE model needs to be revised. Consequently, the actual CE model can be expressed as: 
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 (8) 

where EIES,a represents the actual CE of IES; EE,buy,a represents the actual CE of electricity power 

purchased from the PG; ECHPGB,a represents the total actual CE of CHP and GB; EG,load,a represents the 

actual CE of gas load; EP2G,a represents the actual CE absorption during the P2G operation process; 

PCHPGB(t) represents the equivalent output power of CHP and GB during time period t; x1, y1, and z1 

are the CE calculation coefficients of coal-fired power units; x2, y2, and z2 are the CE calculation 

coefficients of natural gas-fired units; β is the equivalent CE coefficient per unit of the gas load; and γ 

is the coefficient of CE absorption during the P2G operation process. 

2.2.3. Carbon trading model 

Once the CE quota and actual CE of IES are determined, the CE trading amount that participates 

in the carbon trading market can be calculated as: 

 , ,IES b IES a IESE E E= −  (9) 

where EIES,b represents the CE trading amount of IES. 

The ladder-type carbon trading mechanism divides multiple CE purchase intervals, and the 

purchase price increases with the quota that the IES needs to purchase. The ladder-type carbon trading 

model can be expressed as: 

 𝐶𝐶𝑂2 =

{
  
 

  
 

𝜆𝐸𝐼𝐸𝑆,𝑏, 𝐸𝐼𝐸𝑆,𝑏 ≤ 𝑑

𝜆(1 + 𝛿)(𝐸𝐼𝐸𝑆,𝑏 − 𝑑) + 𝜆𝑑, 𝑑 < 𝐸𝐼𝐸𝑆,𝑏 ≤ 2𝑑

𝜆(1 + 2𝛿)(𝐸𝐼𝐸𝑆,𝑏 − 2𝑑) + (2 + 𝛿)𝜆𝑑, 2d < 𝐸𝐼𝐸𝑆,𝑏 ≤ 3𝑑

𝜆(1 + 3𝛿)(𝐸𝐼𝐸𝑆,𝑏 − 3𝑑) + (3 + 3𝛿)𝜆𝑑, 3𝑑 < 𝐸𝐼𝐸𝑆,𝑏 ≤ 4𝑑

𝜆(1 + 4𝛿)(𝐸𝐼𝐸𝑆,𝑏 − 4𝑑) + (4 + 6𝛿)𝜆𝑑, 4𝑑 < 𝐸𝐼𝐸𝑆,𝑏 ≤ 5𝑑

𝜆(1 + 5𝛿)(𝐸𝐼𝐸𝑆,𝑏 − 5𝑑) + (5 + 10𝛿)𝜆𝑑, 5𝑑 < 𝐸𝐼𝐸𝑆,𝑏

 (10) 

where 𝐶𝐶𝑂2 represents the CT cost; λ represents the base price of carbon trading; d represents the 

length of the CE amount interval; and δ represents the increase rate of price. 
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2.3. Integrated demand response model 

Furthermore, the IDR model is proposed by considering horizontal transfer and vertical 

complementary substitution of electricity, heat, and gas loads. 

According to different price signals, the horizontal transfer of loads refers to loads transferring in 

the energy consumption time, while vertical complementary substitution means that users can choose 

different forms of energy supply to achieve the same goal. As the electricity, heat, and gas loads all 

have the capabilities of horizontal transfer and vertical complementary substitution, they can be 

divided into three parts: the fixed load, transferable load, and substitutable load, which can be 

expressed as [30]: 

 
,0 ,0 ,0

, , , ,( ) ( ) ( ) ( )f t s

K load K load K load K loadP t P t P t P t= + +  (11) 

where K ∈ {E, H, G} represents the load type, including electricity, heat, and gas loads, respectively; 

PK,load(t) represents the value of load K during time period t; P
f,0 

K,load(t) represents the initial fixed value 

of load K during time period t; P
t,0 

K,load(t) represents the initial transferable value of load K during time 

period t; and P
s,0 

K,load(t) represents the initial substitutable value of load K during time period t. 

The detailed models of fixed load, transferable load, and substitutable load are established     

as follows: 

1) The fixed loads of electricity, heat, and gas do not participate in IDR. 

2) The transferable loads can be transferred in the time dimension during the operation cycle, 

which can be expressed as: 
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 (12) 

where P
t 

K,load(t) represents the value of transferable load K during time period t after the horizontal 

transfer; ΔP
t 

K,load(t) represents the variation of P
t,0 

K,load(t) in the horizontal transfer; A
t,in 

K (t) and A
t,out 

K (t) are 

binary variables, which represent the transfer-in and transfer-out parameters of transferable load K 

during time period t, respectively; P
t,in 

K,load(t) and P
t,out 

K,load(t) represent the transfer-in and transfer-out power 

of transferable load K during time period t, respectively; and ε
t 

K,min and ε
t 

K,max represent the upper and 

lower limit proportions of transferable load K during each period, respectively, which are used to 

ensure the quality of energy demand for the users. Note that the fourth sub-equation of Eq (12) shows 

that the total amount of transferable load K should remain unchanged over an operation cycle. 

3) The substitutable load: Users can choose a different energy supply to satisfy their demands 

within the same time period. This can be reflected in the following specific life examples: 

① For hot water demands, users can choose to use the heat power supplied by the IES or choose 

to use electricity or gas water heaters. 
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② For heating demands, users can also choose to use the heat power supplied by the IES or 

choose electric air conditioner. 

③ For cooking demands, users can choose to use electromagnetic cookstoves or gas cookstoves. 

The vertical complementary substitution of loads does not change the users’ energy demands, 

thus it does not impact them. This flexibility allows for a more efficient and potentially cost-effective 

use of energy resources while maintaining the quality of service for the users. 
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 (13) 

where P
s 

K,load(t) represents the value of substitutable load K during time period t after the vertical 

complementary substitution; ΔP
s 

K,load(t) represents the variation of P
s,0 

K,load(t) in the vertical complementary 

substitution; A
s,in 

K (t) and A
s,out 

K (t) are binary variables, which represent the substituting and replaced 

parameters of substitutable load K during time period t, respectively; P
s,in 

K,load(t) and P
s,out 

K,load(t) represent the 

substituting and replaced power of substitutable load K during time period t, respectively; and ε
s 

K,min 

and ε
s 

K,max represent the upper and lower limit proportions of substitutable load K during each period, 

respectively, which are also used to ensure the quality of energy demand for the users. Note that the 

fourth sub-equation of Eq (13) shows that the sum of all substitutable loads should equal 0 during the 

time period. 

3. Integrated energy system operation model and solution method 

3.1. Objective function 

The method proposed in this study takes 24 h as the operation cycle and comprehensively 

considers the energy purchase (EP) cost CBUY, equipment maintenance (EM) cost COPE, and CT cost 

𝐶𝐶𝑂2 , daily equivalent of equipment investment (DEEI) cost CINV, as well as wind turbine and 

photovoltaic power abandonment penalty (WTPPAP) cost CDG. The objective function of IES can be 

established as: 

 
2

min BUY OPE CO INV DGC C C C C C= + + + +  (14) 

1) EP cost 

The EP cost of IES includes the electricity power purchase (EPP) cost and gas power purchase (GPP) 

cost, which can be formulated as: 

 , ,

1 1

( ) ( ) ( ) ( )
T T

BUY E buy G buy

t t

C t P t t P t 
= =

= +   (15) 
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where PG,buy(t) represents the gas power purchased from GG during the time period t; and ψ(t) and φ(t) 

represent the electricity price and natural gas price during time period t, respectively. 

2) EM cost 

The calculation of EM cost is as follows: 

 ,

1 1

( )
MNT

OPE M j j

t j

C C P t
= =

=  (16) 

where NM represents the total number of equipment within the IES; CM,j represents the unit 

maintenance cost of equipment j; and Pj(t) represents the output power of equipment j during time 

period t. 

3) CT cost 

The calculation of CT cost is detailed in Eq (10). 

4) DEEI cost 

The calculation of DEEI cost is as follows: 

 
(1 )

365 (1 ) 1

j

j

N

j j

INV N
j

C W r r
C

r

+
=

+ −
  (17) 

where Cj represents the unit capacity investment cost of equipment j; Wj represents the capacity to be 

configured of equipment j; Nj represents the service life of equipment j; and r represents the discount 

rate. 

5) WTPPAP cost 

The calculation of WTPPAP cost is as follows: 

 , ,

1

( ( ) ( ))
T

DG DG WT cut PV cut

t

C P t P t
=

= +  (18) 

where χDG represents the penalty cost per unit of WT and PV power abandonment; and PWT,cut(t) and 

PPV,cut(t) represent WT and PV power abandonment during time period t, respectively. 

3.2. Constraints 

1) WT power output constraint 

 0 ( )WT WT WTP t W   (19) 

 ,00 WT WTW W   (20) 

where PWT(t) represents the WT power during time period t; ηWT represents the predicted output factor 

of WT, which is set within the interval [0, 1]; WWT represents the capacity of WT; and WWT,0 represents 

the initial capacity of WT. 
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2) PV power output constraint 

 0 ( )PV PV PVP t W   (21) 

 ,00 PV PVW W   (22) 

where PPV(t) represents the output power of the PV system during time period t; ηPV represents the 

predicted output factor of the PV system, which is set within the interval [0, 1]; WPV represents the 

capacity of the PV system; and WPV,0 represents the initial capacity of PV. 

3) CHP operation constraint 

 
,

, , , ,

0 ( )

( ) ( 1)

CHP e CHP

down up

CHP e CHP CHP e CHP e CHP e CHP

P t W

W P t P t W 

 


 − − 
 (23) 

 ,00 CHP CHPW W   (24) 

where WCHP represents the capacity of CHP; κ
down 

CHP,e and κ
up 

CHP,e represent the ramp-up and ramp-down 

limits of CHP, respectively; WCHP,0 represents the initial capacity of CHP. 

4) GB operation constraint 

 
,

, , , ,

0 ( )

( ) ( 1)

GB h GB

down up

GB h GB GB h GB h GB h GB

P t W

W P t P t W 

 


 − − 
 (25) 

 ,00 GB GBW W   (26) 

where WGB represents the capacity of GB; κ
down 

GB,h  and κ
up 

GB,h represent the ramp-up and ramp-down limits 

of GB, respectively; and WGB,0 represents the initial capacity of GB. 

5) P2G operation constraint 

 
2 , 2

2 , 2 2 , 2 , 2 , 2

0 ( )

( ) ( 1)

P G g P G

down up

P G g P G P G g P G g P G g P G

P t W

W P t P t W 

 


 − − 

 (27) 

 2 2 ,00 P G P GW W   (28) 

where WP2G represents the capacity of P2G; κ
down 

P2G,g and κ
up 

P2G,g represent the ramp-up and ramp-down 

limits of P2G, respectively; and WP2G,0 represents the initial capacity of P2G. 

6) Energy storage operation constraint 
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 ,00 i iW W   (30) 

where γi,c and γi,d represent the maximum charging and discharging rates of energy storage equipment 

i, respectively; Wi represents the total capacity of energy storage equipment i; Bi,c(t) and Bi,d(t) are 

binary variables, which represent the charging and discharging state parameters of energy storage 

equipment i during time period t, respectively; νi,min and νi,max represent the minimum and maximum 

state of charge value of energy storage equipment i, respectively; and Wi,0 represents the initial total 

capacity of energy storage equipment i. 

7) Electricity power purchase constraint 

 
max

, ,0 ( )E buy E buyP t P   (31) 

where P
max 

E,buy represents the maximum electricity power purchased from PG. 

8) Gas power purchase constraint 

 
max

, ,0 ( )G buy G buyP t P   (32) 

where P
max 

G,buy represents the maximum gas power purchased from GG. 

9) Electricity power balance constraint 

 2 ,, ,, , ,( ) ( ) ( )( ) ( ) ( ) ( ) ( )CHP e EESWT PV E d EES c E obuy P aG le dP t P t P t t P tP P t P t P t++ + + +=+  (33) 

where PEES,c(t) and PEES,d(t) represent the charging and discharging power of EES during time period t, 

respectively; and PE,load(t) represents the electricity load demand on the user side during time period t. 

10) Heat power balance constraint 

 ( ),, , , ,( ) ( ) ( )( ) EGCHP h HES d H S c H loh aB dP tt P t P tP P t=+ + +  (34) 

where PHES,c(t) and PHES,d(t) represent the charging and discharging power of HES during time period 

t, respectively; and PH,load(t) represents the heat load demand on the user side during time period t. 

11) Gas power balance constraint 

 ( ), 2 , ,, , , ,( )( ) ( ) () ( ) ()GES d CHP EG b g G S c G loaduy P G g GB gP P t P t P t Pt P t t P t+ + = + + +  (35) 

where PGES,c(t) and PGES,d(t) represent the charging and discharging power of GES during time period 

t, respectively; PCHP,g(t) represents the gas power consumption of CHP during time period t; PGB,g(t) 
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represents the gas consumption power of GB during time period t; and PG,load(t) represents the gas load 

demand on the user side during time period t. 

3.3. Solution method 

The IES optimal operation model developed in this study belongs to the mixed integer nonlinear 

programming problem. The standard form of the problem can be formulated as [31]: 

 

 
min max

min ( )

( ) 0 1,2, ,

( ) 0 1,2, ,
. .

0,1

l

l

C y

g y l m

h y l n
s t

u y y u y

u

= =


 =


   
 



  (36) 

where C(y) represents the objective function; gl(y) and hl(y) represent the equality and inequality 

constraints, corresponding to the power balance constraints and the equipment operation power 

constraints, respectively; m and n represent the number of equality and inequality constraints, 

respectively; ymin and ymax represent the upper and lower limits of the equipment operation power, 

respectively; and u represents the state variable. 

For the aforementioned problem, this study transforms it into a mixed integer linear programming 

problem, which can be directly solved by CPLEX. 

4. Source load uncertainty mechanism 

When the probability distributions of uncertain parameters are unknown, the IGDT can be used 

to provide a more robust solution by maximizing the fluctuation intervals of uncertain parameters from 

their predicted values and actual values [32]. 

4.1. Modeling of the source load uncertainty problem 

When the IGDT is used to solve uncertainty problems, it is necessary to model those uncertainties 

as functions of their predicted values, which can be expressed as: 

 {
𝑌 ∈ 𝑈(𝑅, 𝑌')

𝑈(𝑅, 𝑌') = {𝑌: |𝑌 − 𝑌'| ≤ 𝑅𝑌'}
 (37) 

where 𝑌'represents the predicted value of the uncertain parameter; R represents the fluctuation degree 

of the uncertain parameter; and U(R, 𝑌') represents the fluctuation interval of the uncertain parameter, 

which is set within [𝑌'(1 − R), 𝑌'(1 + R)]. 

According to Eq (31), the uncertainties of WT, PV, and load demands are modeled as the functions 

of their predicted values, which can be expressed as: 
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 (38) 

where RWT, RPV, RE, RH, and RG represent the fluctuation degrees of WT, PV, electricity load, heat load, 

and gas load, respectively; and P
＇ 

WT(t), P
＇ 

PV(t), P
＇ 

E,load(t), P
＇ 

H,load(t), and P
＇ 

G,load(t) represent the predicted 

values of WT, PV, electricity load, heat load, and gas load, respectively. 

4.2. Operation model based on information gap decision theory 

The IGDT solves the adverse effects of uncertainty problems by establishing a robust model with 

the risk-averse strategy. The risk-averse strategy aims to maximize the fluctuation degrees of uncertain 

parameters while ensuring that the TO cost does not exceed the expected operation target cost. The 

robustness of the system increases with the calculated value of R; however, the TO cost will increase 

at the same time. The risk-averse strategy can be expressed as: 

 

0

'

,

'

,

'

, , ,

'

, , ,

'

, , ,

max

max (1 )

( ) ( ( ))

( ) ( ( ))

. . ( ) ( ( ))

( ) ( ( ))

( ) ( ( ))

Eqs. 

c

WT WT WT

PV PV PV

E load E E load

H load H H load

G load G G load

R

C C

P t U R P t

P t U R P t

s t P t U R P t

P t U R P t

P t U R P t

 +

 
 


 

 
 

 (19)-(35)

 (39) 

where C0 is the optimal TO cost when the uncertain parameters are equal to their predicted values; μc 

represents the risk-averse coefficient, with a larger value indicating a stronger risk resistance capability 

of the system; and (1+μc)C0 represents the expected operation target cost under the risk-averse strategy. 

It is evident that Eq (39) represents a two-layer model, which aims to maximize the fluctuation 

degrees of uncertain parameters. When the uncertain parameters PWT(t), PPV(t), PE,load(t), PH,load(t), and 

PG,load(t) fluctuate within their interval U(RWT, P
＇ 

WT(t)), U(RPV, P
＇ 

PV(t)), U(RE, P
＇ 

E,load(t)), U(RH, P
＇ 

H,load(t)), 

and U(RG, P
＇ 

G,load(t)), respectively, the TO cost cannot exceed the expected operation target cost (1 + 

μc)C0. Therefore, when PWT(t), PPV(t), PE,load(t), PH,load(t), and PG,load(t) are equal to (1 − RWT)P
＇ 

WT(t), (1 − 

RPV)P
＇ 

PV(t), (1 + RE)P
＇ 

E,load(t), (1 + RH)P
＇ 

H,load(t), and (1 + RG)P
＇ 

G,load(t), respectively, the corresponding TO cost 

is maximized. 
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The aforementioned two-layer model can be transformed into the following single-layer model: 
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 (40) 

5. Experiments and analysis 

5.1. Parameter setting 

In the following experiments, the unit operation time period is set to 1 h, and the typically 

predicted output factors of the WT and PV system are shown in Figure 2(a) [30,33]. The typically 

predicted curves of electricity, heat, and gas loads are shown in Figure 2(b) [30]. The time-of-use 

electricity price and gas price are shown in Table 1 [34]. The detailed parameters of the evaluated IES 

are shown in Appendix [26,28–30,35–39]. The low-carbon economic operation of IES is achieved by 

optimizing the output of each equipment, as well as the EPP and GPP. 

  

(a) Predicted output factors of WT and 

PV system 

(b) Predicted curves of each energy 

load 

Figure 2. Predicted output of renewable energy and multiple loads. 
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Table 1. Time-of-use electricity price and natural gas price. 

Time period Electricity price (CNY/(kW·h)) Gas price (CNY/(kW·h)) 

1–7, 23–24 0.48 0.35 

8–11, 15–18  0.88 0.35 

12–14, 19–22 1.10 0.35 

To compare and verify the superiority of the method proposed in this study, the following five 

scenarios are set up for comparative analysis. 

Scenario 1: Deterministic operation without considering IDR and EC optimization. 

Scenario 2: Deterministic operation considering IDR but without EC optimization. 

Scenario 3: Deterministic operation considering EC optimization but without IDR. 

Scenario 4: Deterministic operation considering both IDR and EC optimization. 

Scenario 5: IGDT robust operation considering the SLU problem, as well as IDR and EC optimization. 

The operation results of the aforementioned scenarios are shown in Table 2. The detailed analysis 

will be presented in Sections 5.2 and 5.3. 

Table 2. Operation results of the five scenarios. 

Scenario 
TO cost 

(CNY) 

EPP cost 

(CNY) 

GPP cost 

(CNY) 

EM cost 

(CNY) 

CT cost 

(CNY) 

DEEI 

cost 

(CNY) 

WPPAP 

cost 

(CNY) 

CE 

(kg) 

1 29130.69 2550.20 14525.07 5430.20 3442.43 3182.79 0 28788.92 

2 27470.67 2479.09 14023.13 4943.33 2842.32 3182.79 0 25391.62 

3 29042.47 2812.62 14420.63 5404.85 3373.74 3030.63 0 28656.26 

4 27071.28 2859.40 13844.48 4905.74 2741.25 2720.41 0 25114.43 

5 28424.85 3425.64 14477.08 4808.37 3109.75 2597.88 6.13 27560.31 

5.2. Integrated demand response benefits analysis 

5.2.1. Operational optimization analysis 

The operational optimization of IES is solved by using the commercial solver CPLEX, in which 

the branch and bound algorithm played a critical role. The algorithm decomposes the original problem 

into multiple subproblems and then gradually eliminates branches that cannot achieve the optimal 

solution. Therefore, the optimal solution is found. Scenarios 1 and 2 are used to compare the impact 

of IDR on IES operation. As shown in Table 2, when IDR is considered in Scenario 2, all cost items 

are lower than those of Scenario 1. Specifically, the TO cost and CE are reduced by 5.70% and 11.80% 

respectively; thereby, the economic and environmental performance of IES is enhanced. The operation 

results of electricity, heat, and gas loads in Scenarios 1 and 2 are shown in Figures 3, 4, and 5 respectively. 
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(a) Scenario 1 (b) Scenario 2 

 

Figure 3. Electricity power balance diagrams in Scenarios 1 and 2. 

Electricity power balance diagrams are plotted in Figure 3. It can be seen that in both    

Scenarios 1 and 2, the IES prioritizes the utilization of WT and PV power. In Scenario 2, when IDR is 

considered, the electricity load curve rises during the off-peak electricity price time periods 1–7    

and 23–24. Since the CHP operating cost is higher than the EPP cost during these time periods, the 

IES reduces the use of CHP and P2G and increases the EPP from PG. Compared with Scenario 1, the 

total output of CHP is reduced from 2045.65 to 1329.79 kW (34.99% reduction), the total output of 

P2G is reduced from 2739.91 to 1401.73 kW (48.84% reduction), and the total EPP is increased   

from 17.89 to 64.63 kW (261.26% increase). As a result, the power stored in the EES is larger. In 

addition, during the time periods 8–22, the electricity load curve in Scenario 2 is lower. Since the CHP 

operating cost is lower than the EPP cost during these time periods, the use of CHP is increased 

compared with the off-peak electricity price time periods 1–7 and 23–24, and the power discharged in 

the EES is larger. As discussed above, the introduction of IDR can effectively improve the energy 

supply strategy and reduce the EPP cost. 

Heat power balance diagrams are plotted in Figure 4. In both Scenarios 1 and 2, the IES prioritizes 

the utilization of GB for heat supply during the peak heating time periods 1–9 and 21–24, and the 

deficits are supplied by CHP and HES. In Scenario 2, when IDR is considered, the heat load curve is 

lower during the peak heating time periods, which leads to a significant decrease in CHP utilization. 

During the time periods 10–20, as shown in Figure 3, Scenario 2 reduces the electricity consumption, 

which results in a lower reliance on CHP. Compared to Scenario 1, the total output of CHP is reduced 

from 3265.23 to 2587.02 kW (20.77% reduction). During these time periods, the heat load demand is 

increased, and mainly supplied by GB; thereby, the economic performance is enhanced. The total 

output of GB is increased from 4638.46 to 5667.10 kW (22.18% increase). In conjunction with the 

actual CE model, the operating power of natural gas-fired equipment is reduced, which leads to a 

significant decrease in the total CE over the entire operation cycle, which is in line with the results 

listed in Table 2. 
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(a) Scenario 1 (b) Scenario 2 

 

Figure 4. Heat power balance diagrams in Scenarios 1 and 2. 

Gas power balance diagrams are plotted in Figure 5. During the off-peak electricity price time 

periods, the P2G is utilized by both Scenarios 1 and 2 to satisfy a portion of the gas load demand. At 

these time periods, the outputs of WT and PV are relatively high, and the presence of P2G enhances 

the consumption of renewable energy. During the peak and standard electricity price time periods, 

since the natural gas price remains constant and the operating cost of P2G is higher than the natural 

gas price, the required gas load is directly purchased from GG to improve economic performance. In 

Scenario 2, when IDR is considered, the gas load can be used to substitute for electricity and heat loads. 

Although the total amount of gas load is increased from 11122.77 to 11545.72 kW (3.80% increase) 

over the entire operation cycle, the natural gas price is lower, and the economic performance of 

Scenario 2 is still improved compared with Scenario 1. 

  

(a) Scenario 1 (b) Scenario 2 

 

Figure 5. Gas power balance diagrams in Scenarios 1 and 2. 
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5.2.2. Load curve fluctuation analysis 

In this section, Scenarios 1 and 2 are used to compare the impact of IDR on load fluctuation. The 

electricity, heat, and gas load curves in both Scenarios are plotted in Figure 6. It can be seen that the 

users consume less electricity and more heat during nighttime, and more electricity and less heat during 

the daytime. When IDR is considered, the load peak-to-valley differences are reduced according to the 

electricity price signal.  

 

 

Figure 6. Load curves without and with IDR. 

During time periods 1–9 and 21–24, in order to enhance the consumption of renewable energy, a 

lot of electricity load is transferred into these time periods, and some of the heat load is substituted by 

the electricity load. In addition, the heat load is high during the aforementioned time periods, which 

leads to a transfer of the heat load, and some of the heat load is substituted by the gas load. As a result, 

the electricity load curve and the heat load curve are relatively high and low during these time periods. 

During time periods 10–20, the users prefer to satisfy their energy demands with natural gas due to the 

higher electricity price, and some of the electricity load is substituted. Simultaneously, some of the 

electricity load is also substituted by the heat load, so the electricity load curve is decreased. According 

to the experimental results, the peak-to-valley differences of electricity, heat, and gas load curves are 

reduced by 32.02%, 34.48%, and 26.18% respectively. As discussed above, this optimization achieves 

the peak-cutting and valley-filling, significantly smooths the energy consumption curves, and reduces 

the power supply pressure of PG. 

5.2.3. Equipment capacity optimization analysis 

In Scenarios 3 and 4, the EC optimization is introduced into the IES operation control in order to 

further enhance the economic and environmental performance. As shown in Table 2, when Scenario 3 

is compared with Scenario 1, and Scenario 4 is compared with Scenario 2, a significant reduction of 

TO cost and CE can be achieved when the EC optimization is introduced. 

As shown in Table 2, when IDR is considered in Scenario 4, the DEEI cost is reduced by 10.24%. 
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Moreover, among all other cost items, only the electricity power purchase cost is slightly increased. In 

addition, the TO cost and CE in Scenario 4 are reduced by 6.79% and 12.36%, respectively. The results 

of EC optimization in Scenarios 3 and 4 are shown in detail in Figure 7. 

 

Figure 7. EC optimization results in Scenarios 3 and 4. 

As shown in Figure 7, it can be seen that when the EC optimization is introduced in Scenarios 3 

and 4, the capacities of GT, WHB, P2G, and GES are all reduced compared with the initial capacities, 

so the economic performance of IES operation is enhanced. This reduction stems from the fact that the 

previously oversized capacities are eliminated by exploiting temporal complementarity among WT, 

PV, and load profiles, which converts idle redundancy into tangible cost savings. In addition, when 

IDR is considered in Scenario 4, the capacities of GT, WHB, P2G, and GES are smaller, while the 

capacities of other equipment remain the same as in Scenario 3. Moreover, in Scenario 4, the GES 

capacity is 0, because the gas produced by P2G during the peak output periods of WT and PV can be 

consumed exactly, which makes the GES less useful for the operation of IES. Since the implementation 

of IDR can smooth the energy consumption curve and transfer the load from the peak time periods to 

the off-peak time periods, the power fluctuation of equipment output is decreased. Therefore, the 

capacities of partial equipment in Scenario 4 are smaller. 

5.3. Source load uncertainty impact analysis 

In Scenario 5, the IGDT based on the risk-averse robust model is introduced to solve the SLU 

problem, successfully obtaining the uncertain radii of WT, PV, electricity load, heat load, and gas load, 

which are RWT = 0.1023, RPV = 0.0832, RE = 0.0272, RH = 0.0163, and RG = 0.0109, respectively. As 

shown in Table 2, the critical TO cost in Scenario 5 is 28,424.85 CNY, which indicates that when the 

actual values of WT, PV, electricity load, heat load, and gas load fluctuate within 10.23%, 8.32%, 

2.72%, 1.63%, and 1.09% compared with the predicted values, the TO cost will not exceed 28,424.85 

CNY. Scenarios 4 and 5 are used to compare the impact of the SLU problem on the operation of IES. 

The obtained power changes of certain equipment and EC optimization results are shown in     

Figure 8(a) and (b), respectively. 
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(a) Power changes of certain equipment 

in Scenarios 4 and 5 

(b) EC optimization results in Scenarios 

4 and 5 

Figure 8. EC optimization and power changes results in Scenarios 4 and 5. 

As shown in Figure 8(a,b), it can be seen that when the SLU problem is considered in    

Scenario 5, the IES adopts a more conservative output strategy to avoid the uncertainties. This strategy 

is achieved by increasing electricity power purchased from the PG and gas power purchased from the 

GG, while relying more on the stable output of CHP. Therefore, the capacity of P2G is reduced, while 

that of CHP is increased. This is in line with the results listed in Table 2, which shows that Scenario 5 

experiences a 19.80% increase in EPP cost, a 4.57% increase in GPP cost, and a 9.74% increase in CE. 

As a result, although the TO cost is increased, the adjustability and risk-bearing ability of IES are 

significantly enhanced. 

5.4. Different risk-averse coefficients impact analysis 

Based on Scenario 5, the impact of different risk-averse coefficients on IES is deeply explored. 

The economic performance and uncertainty radii of loads are shown in Figure 9. 

As shown in Figure 9, it can be seen that with the risk-aversion coefficients are increased, 

although the TO cost is higher, the uncertainty radii of loads are larger. For example, when the     

risk-aversion coefficients are increased from 0.05 to 0.20, the uncertainty radii of WT, PV, electricity 

load, heat load, and gas load are increased by 0.0966, 0.1014, 0.0896, 0.0538, and 0.0358, 

respectively. Therefore, the risk-resistance capability of IES is improved, which in turn makes its 

operation more stable. 
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(a) Impact of risk-averse coefficients on 

TO cost 

(b) Impact of risk-averse coefficients on 

uncertainty radii 

Figure 9. Impact of risk-averse coefficients on TO cost and uncertainty radii. 

6. Conclusions 

In this study, an operation method that considers source load uncertainty and equipment capacity 

optimization is developed to achieve optimal operation of the integrated energy system. First, the 

system model, including electricity, heat, and gas loads, is established, in which the ladder-type carbon 

trading mechanism is introduced. Moreover, the integrated demand response (IDR) model is proposed 

by considering the horizontal transfer and vertical complementary substitution of loads. Second, the 

equipment capacity optimization of the system is introduced to minimize the comprehensive cost. Then, 

the optimal operation model is established, which is solved by the commercial solver CPLEX. Finally, 

the information gap decision theory is further introduced to solve the source load uncertainty problem, 

and a risk-averse robust model is also developed. 

Experimental results show that when IDR is considered, the total operating cost and carbon 

emissions are reduced by 5.70% and 11.80%, respectively. Simultaneously, the peak-to-valley 

differences of electricity, heat, and gas load curves are reduced by 32.02%, 34.48%, and 26.18%, 

respectively, which achieves peak cutting and valley filling. In addition, when the equipment capacity 

optimization is further considered, the capacities of combined heating and power (CHP) and    

power-to-gas are reduced by 40.28% and 49.33%, respectively, and the capacity of gas energy storage 

is 0, in which the total operating cost and carbon emission are further reduced by 1.45% and 1.09%, 

respectively. Moreover, when the source load uncertainty is further considered, the system needs to 

purchase more electricity and gas to cope, while also tending to use the more stable CHP equipment. 

Therefore, although the total operation cost, carbon emissions, and capacity of CHP are increased   

by 5.00%, 9.74%, and 8.55%, respectively, the risk-bearing ability of the system is significantly 

improved. As discussed above, when source load uncertainty and equipment capacity optimization are 

considered, the economic and environmental performance of the system can be improved, while the 

operational stability is also ensured. 

This study has many limitations. In the future, more efforts will be made to further improve the 

model accuracy of IES. The systematic multi-scenario sensitivity analysis should be conducted to 
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further examine the impacts of key parameters, such as the risk-averse coefficient of extreme weather 

events and the base price of carbon trading, on the optimal operation and carbon emission    

reduction effect. 
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Appendix  

Detailed parameter settings. 

Parameter Value Parameter Value Parameter Value 

η
P2G,g

 0.60 η
GT,e

 0.35 η
GT,loss

 0.15 

η
WHB,h

 0.75 LNG 9.7 kW·h /m³ η
GB,h

 0.82 

σ
EES

 0.01 σ
HES

 0.01 σ
GES

 0.01 

η
EES,c

 0.90 η
HES,c

 0.90 η
GES,c

 0.90 

η
EES,d

 0.90 η
HES,d

 0.90 η
GES,d

 0.90 

α
E
 0.798 kg/(kW·h) α

H
 0.385 kg/(kW·h) α

E,h
 6 MJ/(kW·h) 

α
G,load

 0.180 kg/(kW·h) T 24 h x1 35 

y1 −0.38 z1 0.0034 x2 3 

y2 −0.004 z2 0.001 β 0.20 kg/(kW·h) 

γ 0.69 kg/(kW·h) λ 0.252 CNY/kg d 2000kg 

δ 0.25 ε
t 

K,min −0.05 ε
t 

K,max 0.05 

ε
s 

K,min −0.05 ε
s 

K,max 0.05 CM,WT 0.08 CNY/kW 

CM,PV 0.11 CNY/kW CM,GT 0.15 CNY/kW CM,WHB 0.15 CNY/kW 

CM,GB 0.15 CNY/kW CM,P2G 0.20 CNY/kW CM,EES 0.10 CNY/kW 

CM,HES 0.10 CNY/kW CM,GES 0.10 CNY/kW CWT 4800 CNY/kW 

Continued on next page 
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Parameter Value Parameter Value Parameter Value 

CPV 4000 CNY/kW CGT 4000 CNY/kW CWHB 1000 CNY/kW 

CGB 500 CNY/kW CP2G 8000 CNY/kW CEES 600 CNY/kW 

CHES 50 CNY/kW CGES 130 CNY/kW NWT 20 Year 

NPV 25 Year NGT 20 Year NWHB 20 Year 

NGB 18 Year NP2G 20 Year NEES 10 Year 

NHES 10 Year NGES 20 Year r 0.06 

χ
DG

 0.1 CNY/(kW·h) κ
down 

CHP,e −0.20 κ
up 

CHP,e 0.20 

κ
down 

GB,h  −0.20 κ
up 

GB,h 0.20 κ
down 

P2G,  −0.20 

κ
up 

P2G,g 0.20 γ
EES,c

 0.50 γ
EES,d

 0.50 

γ
HES,c

 0.50 γ
HES,d

 0.50 γ
GES,c

 0.50 

γ
GES,d

 0.50 ν
EES,min

 0.1 ν
EES,max

 0.9 

ν
HES,min

 0.1 ν
HES,max

 0.9 ν
GES,min

 0.1 

ν
GES,max

 0.9 P
max 

E,buy 1850 kW P
max 

G,buy 1850 kW 

WWT,0 1000 kW WPV,0 1000 kW WGT,0 350 kW 

WWHB,0 375 kW WGB,0 650 kW WP2G,0 300 kW 

WEES,0 450 kW WHES,0 500 kW WGES,0 300 kW 

WEES(0) 135 kW WHES(0) 150 kW WGES(0) 90 kW 

μc 0.05 —— —— —— —— 
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