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Low-carbon Economic Dispatch in Integrated Energy
Systems: a Set-based Interval Optimization with
Decision Support Under Uncertainties
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Abstract—The incorporation of high percentages of
renewable resources into integrated energy systems (IES)
is accelerating, and it becomes challenging to identify
low-carbon economic dispatch options with significant
uncertainties. This paper proposes an enhanced structure
that combines hydrogen storage, power-to-gas, carbon
capture and storage, and hydrogen fuel cells to extend
CO: reduction pathways. The structure is embedded
within an IES that considers multi-energy network con-
straints. First, the low-carbon economic dispatch model is
formulated as a multi-objective interval optimization
problem minimizing the total fuel cost and carbon emis-
sions of the IES comprising electricity, heat, gas, and
hydrogen subsystems. Then, the multi-objective optimi-
zation problem is solved by set-based group search in-
terval optimizer (Set-GSIO) to construct an inter-
val-based Pareto frontier while preserving the uncer-
tainty information for decision-making. In addition, a
decision support method based on Shannon entropy and
the technique of ordering preferences for similarity of
ideal solutions (TOPSIS) evaluates the interval solutions
in terms of convergence, stability, and security. Finally,
case studies are conducted on a modified IEEE30-bus
system integrated with a 15-node gas network and a
32-node heat network to verify the effectiveness of the
proposed architecture and approach. Furthermore, the
proposed approach is demonstrated on a larger-scale test
case, and simulation results verify its scalability.

Index Terms—Integrated energy systems, low-carbon,
uncertainty, interval optimization, decision-making.

Received: March 1, 2025

Accepted: August 27, 2025

Published Online: January 1, 2026

Jiehui Zheng, Lexian Zhai, Mingming Tao, and Wenhu Tang
(corresponding author) are with the School of Electric Power
Engineering, South China University of Technology, Guangzhou
510640, China (e-mail: zhengjh@scut.edu.cn; 202321015282@
mail.scut.edu.cn; 202120115046@mail.scut.edu.cn; wenhutang
@scut.edu.cn).

Zhigang Li is with the School of Science and Engineering, The
Chinese University of Hong Kong (Shenzhen), Shenzhen 518172,
China (e-mail: lizg@cuhk.edu.cn).

DOI: 10.23919/PCMP.2025.000183

1. INTRODUCTION

n response to the escalating global climate crisis,

China has committed to peaking its carbon emissions
by 2030 and achieving carbon neutrality by 2060 [1].
The power generation sector, which is responsible for
over 45% of national emissions [2], is central to this
low-carbon transition. Consequently, large-scale inte-
gration of renewable energy sources (RES) has become
a pivotal strategy for mitigating climate change. How-
ever, the inherent volatility and intermittency of RES,
such as wind and solar power, pose significant chal-
lenges to grid stability and operational security, often
leading to issues like energy curtailment [3]. This un-
derscores the urgent need for advanced coordination of
multi-energy resources to enhance system flexibility
while reducing carbon emissions.

Integrated energy systems (IES), which couple elec-
tricity, heat, and natural gas networks, have emerged as
a key enabling framework for the energy transition [4].
By synergistically operating diverse energy vectors, an
IES can improve RES hosting capacity, boost overall
energy efficiency, and increase operational flexibility
[5]. However, while this deep integration of heteroge-
neous energy carriers offers clear advantageous, it also
introduces notable operational complexities. Therefore,
the principal challenge is shifted from managing a sin-
gle energy vector to developing sophisticated dispatch
strategies that can effectively coordinate diverse assets
across multiple energy networks. The objective is to
harness the full potential of multi-energy coupling to
advance RES integration while ensuring the system
operates economically and with low carbon emissions.

As a crucial interconnection between the electricity
and natural gas systems, power-to-gas (P2G) couples
electricity and gas networks by converting surplus re-
newable power into hydrogen via electrolysis (EL) and
subsequently into synthetic natural gas (SNG) through
methanation (MR) [6]—[8]. To further optimize the IES
emission performance, several studies have explored
the integration of P2G with other technologies. When
combined with carbon capture and storage (CCS), P2G
can reuse captured CO, to lower the carbon footprint
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[9], while hydrogen fuel cells (HFCs) further enhance
system synergy and reduce carbon emissions [10]. A
critical component for unlocking the full potential of
P2G is the integration of hydrogen storage.

Dedicated hydrogen storage decouples the intermit-
tent nature of RES from the operational demands of the
IES, thereby improving the capacity for RES penetra-
tion and enhancing energy utilization efficiency [11].
The refined integration and optimization of the IES with
hydrogen storage capabilities are critical for achieving
substantial cost savings and reducing carbon emissions
[12]. Reference [13] develops an electro-thermal cou-
pling model for hydrogen storage units. Moreover, in-
tegrating hydrogen storage into an IES has demon-
strated the potential to reduce carbon emissions by
43.8%, highlighting its effectiveness in advancing
low-carbon energy solutions. Compared to existing
systems, this approach not only enhances system flexi-
bility but also reduces power input and marginal emis-
sions by approximately 53% [14].

From a modeling perspective, the existing studies on
IES optimization can be categorized into two distinct
scales of analysis. The first approach operates at the
component level and often considers the system as an
energy hub or microgrid [10], [11], [15]. While these
studies excel at optimizing internal energy conversion
and management within localized boundaries, they
typically simplify or neglect external network con-
straints. The second, which is a more comprehensive
approach, operates at the network system level. This
approach embeds the energy conversion units within the
physical constraints of the wider electricity, gas, and
thermal networks, explicitly modeling network topolo-
gies and multi-energy flow dynamics [16], [17]. While
this network-aware modeling is more aligned with the
realities of large-scale system dispatch, it introduces a
significantly higher degree of modeling complexity and
computational burden. Some relevant studies and their
main contributions and associated technologies are
summarized in Table 1.

TABLEI
SUMMARY OF THE RELEVANT STUDIES ON THE OPTIMIZATION OF THE IES
Modeling perspective Uncertainty
Component type .
Reference P P level Objective handling Remarks
P2G CCS CHP ES HFC Component Network DO SO RO IO
Analyzes CHP, P2G, and CCS inte-
%1 v v v v Eco v gration to reduce operating costs
Introduces an integrated component
(10] v v v v v v Eco v model for improved system synergy
Eco & Develops electro-thermal coupling
(13] v v v v v Env v model for hydrogen storage
Eco & An adaptive spiking neural P system
[15] J v \/ v Env \ enhances wind power utilization and
reduces carbon emissions
Eco & Proposes a hybrid natural gas pricing
[5] J v \/ v Env v model with a tiered carbon trading
system for low-carbon dispatch
Proposes a three-layer framework for
[18] v Y V Eco v regional IES planning with
uncertainty management
Eco & Develops a bi-level robust optimiza-
[19] V \/ \ Env \/ tion framework for IES considering
renewable-load uncertainty
Combining robust optimization
enhances wind integration and
(20] v v v Eco v reduces costs under renewable
uncertainty
Proposes an interval multi-objective
[21] J \/ NN y Eco y fuzzy optimization model for IES
dual-phase scheduling
Proposes a set-based interval
The method Eco & low-carbon economic dispatch with
proposed in \/ v v \ \ \ Env RN decision support for
this paper network-constrained IES under

uncertainty

Note: CHP represents combined heat and power; ES represents energy storage (including hydrogen or battery); Eco & Env represent
economic and environmental objectives, respectively; DO represents deterministic optimization; SO represents stochastic optimization;
RO represents robust optimization; IO represents interval optimization.

Beyond the structural and modeling complexities, a
critical challenge in IES operational optimization is
managing the inherent uncertainties, primarily stem-
ming from the fluctuating nature of RES. A prevalent

approach is stochastic optimization (SO), which models
uncertainty through probability distributions, often
generated from historical data via methods like Monte
Carlo simulation [5], [18]. However, the efficacy of SO
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is contingent upon the availability of large-scale,
high-fidelity datasets to construct probability density
functions accurately, and the associated computational
burden can be substantial. Also, it is often challenging
for the decision-maker to obtain adequate data to ac-
curately forecast or estimate the distributions of un-
derlying uncertainty, limiting its practical applicability.
To circumvent these data-intensive requirements, robust
optimization (RO) has been widely adopted [19], [22].
RO ensures system reliability by optimizing against the
worst-case realization of uncertainty within a prede-
fined set. Nevertheless, the difficulty in adaptively
tuning the level of conservatism to balance robustness
and economic performance remains a significant
drawback in RO [23]. Furthermore, at the network level,
the high-dimensional and spatially distributed nature of
uncertainty complicates the construction of an appro-
priate uncertainty set [24], potentially leading to the
compounding of modeling errors. Additionally, the
aforementioned frameworks often struggle to simulta-
neously optimize multiple objectives without a priori
weight assignments or modified structure.

Compared to the aforementioned methods, interval
optimization (I0), which characterizes uncertain varia-
bles using interval numbers defined only by their upper
and lower bounds [25], offers a viable alternative. This
representation alleviates the need for precise probability
distributions, as boundary information is often more
readily available than extensive historical data. By
seeking to optimize the interval-valued objective func-
tion directly, IO can also yield less conservative out-
comes than the worst-case approach of RO. Conse-
quently, IO has been increasingly adopted for IES op-
timization under uncertainty [21], [26], [27]. However,
applying 10 to IES multi-objective dispatch introduces
a unique challenge. While multi-attribute deci-
sion-making (MADM) methods like technique of or-
dering preferences for similarity of ideal solutions
(TOPSIS) are commonly used to select a compromise
solution from a Pareto-optimal set [28], [29], a critical
issue arises when the objectives themselves become
interval-valued due to uncertainty propagation. This
propagation fundamentally complicates the solution
process, as standard definitions of Pareto dominance
and conventional MADM techniques are designed for
crisp numerical values. Directly comparing and ranking
interval outcomes to identify the optimal solution pre-
sents further difficulties in multi-objective optimization
and decision-making models.

To address the aforementioned research gap, this
paper develops a joint operational framework for P2G
with CCS and HFC (PCH) units [10] by strategically
integrating hydrogen storage. This integration refines
the hydrogen flow process, significantly increasing the
operational flexibility and energy utilization efficiency
of the PCH unit. Compared to the component-level

analyses [15], [19], [21], the enhanced PCH unit is
embedded within a multi-energy network-constrained
IES model. To address the dual challenges of RES un-
certainty and interval-based multi-objective deci-
sion-making [21], [26], a set-based interval optimiza-
tion framework combined with a decision support sys-
tem is employed to determine the final dispatch solution.
The main contributions of this paper are summarized as
follows.

1) A combined low-carbon economic interval dis-
patch model for coupling electricity, heating, and gas
networks considering uncertainties is established. A
set-interval credibility strategy is developed to deter-
mine the interval values and map the uncertainty impact
of decentralized buses directly onto the dispatch objec-
tives.

2) The set-based group search interval optimizer
(Set-GSIO) is developed to achieve the Pareto solutions
of the formulated interval multi-objective optimization
problem. The algorithm incorporates a set-driven evo-
lutionary strategy, whereby the interval problem trans-
formation and a dual-producer mechanism guide the
search process.

3) A decision-making support method based on the
Shannon entropy and TOPSIS method to handle the
interval-valued Pareto front pragmatically is proposed.
The effectiveness of the solution framework is validated
using the generated sampling scenarios and a sensitivity
analysis on the uncertainty forecast error.

The remaining sections of this paper are organized as
follows. Section II introduces the IES coupling hy-
drogen storage with the modified PCH structure. Sec-
tion III presents the mathematical modeling for the
low-carbon economic dispatch of the IES. The details
of the Set-GSIO interval optimization algorithm and
the decision-making approach are presented in Section
IV. Case studies are discussed to evaluate the effec-
tiveness of the proposed structure and approach in
Section V. Finally, the conclusion and future work are
presented in Section VI.

IT. TES MODELING

Figure 1 depicts a schematic overview of the
low-carbon dispatch model for the IES, which consists
of coupled electricity, heating, and gas networks. The
combined heat and power (CHP) units produce both
electricity and heat, while the CCS captures CO, from

exhaust gases for potential use in methanation. Fur-
thermore, the hydrogen subsystem is composed of
multiple components, including the EL, HFC, and hy-
drogen storage unit. The green color highlights the hy-
drogen flow, representing the dynamic integration of
hydrogen as an energy carrier into the gas and electricity
subsystems.
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Fig. 1. The IES structure block diagram.
A. PCH Structure Combined with Hydrogen Storage Fos, = 2Ccc, 3)

The structure integrating P2G with both CCS and
HFC is denoted as the PCH structure [10] which en-
hances hydrogen utilization. However, considering
hydrogen storage as a vital pathway for promoting RES
penetration, combining hydrogen storage equipment
with the PCH structure significantly enhances hydrogen
utilization and the flexibility of the PCH structure.

1) P2G Equipment Model

A proton exchange membrane water electrolyzer
(PEMWE) model is employed for EL due to its rapid
startup and high efficiency potential [21], which is
mathematically defined as:

EEL,Hz,r = nELPEL,t (D)
where Ey ., . is the hydrogen power produced by the
EL unit; B, , represents the electricity consumed; and

1., 1s the energy conversion efficiency coefficient of
EL.

H, and CO, are synthesized into synthetic natural
gas (SNG) in the MR, which can be formulated as [10]:

PMR,g,t = UMREMR,HZ,t
Ccoz,z =@ gy,

and P,

MR, gt

2
where EMR,HZJ
consumed and the SNG power produced by the MR,
respectively; C, , represents the carbon sequestration

are the hydrogen power

capacity of the MR; while 7,,, and @ represent the
energy and carbon gas conversion efficiency of the MR,
respectively.
2) CCS Equipment Model

The combined CCS and genset operation system can
be utilized as a stabilized carbon source for the P2G, as
demonstrated by the following formula [10]:

where .., represents the operation power of the CCS;

C¢c, 1s the CO, absorption rate of CCS; and y is the

corresponding absorption coefficient.
3) HFC Equipment Model

The solid oxide fuel cell (SOFC) mathematical model
is formulated as follows [10]:

PHFC,e,t = nHFC,ePHFC.t
QHFC,h,t = Tyrcn PHFC,t

where B, and Oy, represent the electrical and

4

thermal output power from the HFC, respectively;

Pipc, 1is the input power to HFC; while 7,... and

Murc, Tepresent the conversion efficiency of the HFC
to the electrical and thermal power, respectively.

B. Analysis Approach for PCH and Hydrogen Storage

It is crucial to emphasize that the PCH structure’s
operational status is influenced by both the EL and the
hydrogen storage unit. This determination is guided by
the hydrogen balance constraint, which is shown in (5).
The hydrogen storage unit can adjust the total hydrogen
inventory during the entire operational process.

E =F +E -E

EL.H, ¢ HFC,H, MR ,H, ¢ HS,H, ¢

®)
where Eypcy , and Eyg . represent the hydrogen

consumed by the HFC and MR; while Eyg,, , is the

hydrogen output of the hydrogen storage unit.

The hydrogen storage unit and the EL influence the
total hydrogen in this mode consumption by the MR and
HFC units at a given moment. The MR unit is respon-
sible for the reduction of CO, by converting hydrogen

into synthesis gas, which serves as fuel for the CHP unit.
The HFC combusts hydrogen, releasing both thermal
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and electrical energy. Once the operational states of the
EL or hydrogen storage unit are known, a strategic
interaction arises between the MR and HFC units. In
other words, the operational state of one unit will be a
determining factor in the state of the other. Conse-
quently, an analysis of the thermal, electrical, and gas
operational characteristics of PCH structure is con-
ducted using two distinct energy coupling methods. The
mathematical models are respectively represented by
(6)—(8) and (9)—(11) [10].

PPCH_SGWH =+ yongis )(PEL,t + EHS,Hz,t) -

(6)
(xony, + Murce )PHFC,t
el
PMR,g,t = %PPCH;SGWH -
L+ yong g
(N
Thr (1 - 77EL77HFc,e)
L+ yon gy e
QHFC,h,t = UHFC,hPHFc,z (8)

where Py sown represents the required electricity in

this mode; and A, ., is the generated natural gas. In

R,g.t
this mode, HFC serves as the determining factor, and
the operational state of HFC will determine the states of
MR and CCS.

R:ien =(1- Tharc.e ML )(})EL.t + EHS,HZ,t) +
9
(l + %] EMR,Hz,t )

DR
Mare e P
1- UHFC,CUEL N
Marcn (o T 2@ +1)
Mg A = g o)
P =F

MR, gt MR, H, .« /IMR

QHFc,h,z =
(10)

MR, g,

(In

where P, _ represents the required electricity in this

scenario. And CCS is the primary determinant of the
operational state of MR and HFC.

C. CHP Unit Model

The CHP unit model can be formulated as follows
[21]:

I/gt,tngt,cl’Ll—{V,ng (12)
At

Ocrpns = achpPCHP,e,f (13)

where P, and O, , are the output electrical and

P =

CHP,e,t

thermal power of the CHP unit; V,,, and 7, . are the

gas consumption and the efficiency of the CHP unit,
respectively; L, 18 the low calorific value of natural

gas; and «,, is the thermal-electricity ratio of the CHP

unit.

D. Compressor Model

The mathematical model for the compressor i be-
tween nodes m and n is expressed as follows [16]:

fCMP _ H CMP, k
mn ZA X(ﬁ)
g7 ) (14)
k .
PCMP,k =Temp i H, CMPk ( 15 )

where H ., signifies the horsepower consumption of
the kth compressor; Z, represents the gas compression
factor at the compressor inlet; 7, is the suction temper-
ature; o stands for the specific heat ratio and B, is a
parameter related to compressor suction temperature and
efficiency; while F.,, and 7., represent the power
and the coefficient of relationship between power and
horsepower for a specific compressor &, respectively.
E. Gas Boiler Model

The gas boiler (GB) unit is mathematically expressed
as [10]:

QGB,h,t =Tlgan PGB,g,z (16)

where Oy, and F,,, represent the thermal and gas

consumption power of GB device, respectively; and
Ngs. 18 the conversion efficiency of the GB.

III. Low-CARBON ECONOMIC DISPATCH MODEL OF IES

A. Objective Function and Decision-making Metrics

This paper considers the two objective functions of
the overall operation of the IES: total fuel cost (TFC)
and carbon emissions (CE). In addition, power loss (PL),
sum voltage deviations (SVD), and node sum pressure
deviations (SPD) are considered as decision-making
metrics to ensure safe operation.

1) Total Fuel Costs

TFC encompasses the fuel expenses of the thermal
power units and natural gas supply charges, which can
be expressed as follows [30]:

T
Fie = X Fo, (P)+C,0%,)

t=1

(17)

Ng )
Fy (Py)= Z(au (P, ) +b.R, + cu) (18)

u=1
where F... isthe total cost over the entire time horizon;

F; (F,) is the fuel costs of generator u; q,, b, and ¢,

are the corresponding coefficients of generator u; I, is
the active power output of generator u; C, is the unit
cost of natural gas; and Q;, represents the gas purchase

quantity.
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2) Carbon Emissions
The carbon emissions calculation considers the CO,

absorbed by the thermal, CHP, and CCS units, and is
given as:

T T 2
Fog = Z(Fcu (PG:, )) + Z(az (Pettpey + Fopgs)” +
t=1 1=l
(19)

T
182 (PCHP,c,t + PGB,g,t) + 7/2) - ZCCOZ,I
=1

Ng 9
FCU (PG{, ) = Z(al (PG; ) + ﬂlPG:l + 71) (20)
i=l1
where [, represents the total CE of the IES; F. (F,,)

is the CE of generator u ;C,_ , is the amount of CO,

absorbed by CCS during time ¢, while «,, «,, B, f,,

7,,and y, are the emission coefficients.
3) Decision-making Metrics

The PL, SVD, and SPD, used as the decision-making
metrics can be formulated as follows [30]:

N branch

Fu(t)= ) & [V -V =20V, cos(6,-6)) ] 1)

=1

Nrode
Fyn(0) =D |V, =V (22)
i=1

N,

gnode

Fepp (0= Z

g=1

px _prcf (23)

where g, is the conductance of a transmission line /
connected between the ith and jth bus; while
V., V., 6, 0, are the voltage magnitudes and phase

angles of the ith and jth buses; V. and p . are the
reference voltage and pressure, respectively.

B. Constraints

A set of constraints that ensures the physical feasi-
bility of the dispatch solution can be categorized into
component-level and network-level constraints of the
IES.

1) Component-level Constraints

The component-level constraints include the con-
ventional operation and capacity limits of CHP, HFC,
EL, MR, CCS, GB, battery, and hydrogen energy stor-
age, which are detailed in Appendix A.

2) Network-level Constraints

To accurately capture the intricate relationships
within the different subsystems of the IES, the physical
laws that govern the electricity, natural gas, and heating
networks are explicitly modeled.

a) Power Balance

The AC power flow equations are enforced to main-
tain the power balance at each bus in the electricity
network. In a compact matrix form, these constraints are
expressed as:

AP Real(V(YV)*) - P,
Fe(Xe){ S}: =0 (24)

AQs | | Imag(V(¥V) )-0Qy

where P, and @ are the vectors of active and reactive
power injections at each node; Y is the nodal admittance
matrix; V is the vector of bus voltages; Real(-) and
Imag(-) are operators that extract the real and imagi-

nary parts, respectively; and the state vector X, com-

prises the bus voltage angles and magnitudes. Addi-
tional constraints include limits on branch power flows
and bus voltage magnitudes.
b) Natural Gas Network Constraints

The steady-state operation of the gas network is de-
scribed by a set of nonlinear equations representing
nodal flow balance and the physics of pipelines and
compressors. These constraints can be expressed in a

unified matrix form F,(X,) =0 as follows [16]:

\f o A ™ +U VA
Fg (Xg) = g = gz 2 ¢ comp13 »
Ad | (Wl +W,mt + W, " —d

where A, and U, are the node-to-pipeline and node to

(25)

compressor incidence matrices, respectively; the vec-
tors £, £ and S Tepresent gas flows in pipe-
lines, compressors, and at nodal injection points; the
state vector X, includes nodal pressures and com-

pressor flow rates; W, W,, and W, are the coefficient
matrix, which are driven from the compressor energy
consumption equation; z, and z, are the gas pressures

at its start and end nodes; while Ad =0 models the
operational constraints of the compressors. The pipeline

flow f ;ipe is characterized by the Weymouth equation:

. . 2 2
f]flpe = Cp XSlgIl(”s _ﬂe)m

where C, is the Weymouth constant for pipeline p.

(26)

c¢) Heating Network Constraints

The thermal-hydraulic behavior of the district heating
network is governed by the principles of mass and en-
ergy conservation. The unified energy flow constraints,
denoted as F,(X,)=0, consist of the nodal energy

balance equations for both the supply and return net-
works [16]. For the supply network, the balance equa-
tion is formulated as:

(Ah,Zm ) @ ];n

- Ah,z |:(Bh,17;n) (O] Y’] =0 (27)

(]’:erxp _L
Hpm

where the state vector X, comprises nodal tempera-

(28)

tures and mass flow rates; while physical constants 4,
L, and H, represent the heat transfer coefficient, pipe
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length, and water’s specific heat capacity, respectively;
the vectors m is the mass flow rates of pipe; the auxil-
iary vector ¥ is introduced to represent the heat
preservation factor for each pipe during transportation.

For the return network, the energy balance accounts
for heat extraction at load nodes:

(4,m+m)OT, A, [(B,,T,)0% |-m OT, =0
(29)
where A4,,/A,, and A4 ,/B,, are the association
matrices for the return/supply networks; while 7, and
T represent the nodal temperatures in the supply and
return pipes, respectively; furthermore, m_ is the load

mass flow; and 7, is the temperature of water returning
from the loads.

IV. SOLUTION METHODS

The proposed solution methodology, illustrated in Fig. 2,
presents a hierarchical framework for solving the for-
mulated interval low-carbon economic dispatch prob-
lem. The framework utilizes the Set-GSIO algorithm to
explore the solution space and approximate the interval
Pareto front. A critical step within the fitness evaluation
of the Set-GSIO is the multi-energy flow calculation. To
efficiently solve the coupled network equations and
verify the physical constraints of each candidate dis-
patch solution, a gradient descent-based iterative
method is adopted [16]. Finally, once the set of
non-dominated solutions is obtained, an MADM mod-
ule employing the Shannon entropy-based TOPSIS
method is used to systematically rank the interval out-
comes and identify the optimal compromise solution.

RES interval forecasting Data input and modeling Objective function Constraints ¢ r
P
e . ®
Topology | | Fuel costs | ‘ Component-level constraints
IE \VL\ n ;v Technical and economic I | ‘ "

m \
[

= parameters

‘ Carbon emission

q
Network-level constraints |
— o

LR R ] o
Hour of the day

Set-GSIO

Initialize population S and

! Stochastic problem transformation

Interval decision-making support

sort set-based individuals [} Describe uncertainty variables by interval
midpoint and radius

Selecting the primary decision-
making criteria

n=1 :

based individual

Obtain the nitial Pareto solution of each set-

v

of each set-based individual

Obtain the Pareto solution e

Set-based evolutionary strategy :

Entropy method for the weight
determination of each criteria

¥ i P
] . N Choose local producer
| Producer selecting T l _bby interval credibility strategy Midpoints of Radius of each
v ! each objective objective
Scroungers perform ! \ /
scrounging and rangers i | Choose global
adopt ranging | s Interval midpoints and radius
Calculate the metrics of _;_“Combine the newly| | Compare /7 (X) and /.. (X)
the new sets ! gotandiparcat s6(3 it by (e ) Ranking each solution using the

individuals | Compare their spread

Select top m set-based |— |

TOPSIS method

v

metric by (33) Obtain the optimal solution
s /
ﬂ Interval-formed Pareto front
End and obtain finally o | Select the final
set-based individuals i | ) solution
| [ weights (w,) i:
o ;’: (7] ;

Fig. 2. Interval optimization and decision-making framework for low-carbon IES dispatch.

A. Uncertainty Description and Set-interval Domination

In this paper, the model describes objective functions
under uncertainty through intervals

[f(xd,ud), f(xd,ud)} which are determined by the

following formulas:

S(xg,uy)=min, f(x,,u,)

f(xd’ud):maxud S (xg,uy)

where x, is the set of decision variables, including the

(30)

active power output of each generator £, , the hydrogen
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power consumed by MR B, ,, the input power of HFC

Bigc,» the hydrogen output of the hydrogen storage unit
Fisn,,» the gas consumption power of GB F; ., and
the output power of the battery energy storage system
P, > u represents a collection of stochastic variables,

corresponding to the uncertain outputs from wind tur-
bines (WTs) and photovoltaic (PV). To characterize
these uncertainty variables, an interval method is em-
ployed, as:

T
u' :[pWGI,...,pWGWgVI,...,R)VM] 31
where variables P,;,, and F,, represent the lower

and upper bounds of the uncertain power outputs, re-
spectively; Ny, and N,, represent the number of the
WT and PV units.

The representation of objectives as intervals neces-
sitates a mechanism to select the producers with the
optimal values for each goal, especially when intervals
overlap. To address this, the set-interval credibility
strategy is developed that establishes a dominance re-
lationship between any two interval-valued solutions,

A —[amt,amtJ and B, —[bmt,bmtJ . This strategy

quantifies the degree to which one interval solution is
superior to another by calculating the set-interval

credibility P (4, <B,,), as:
4 < Dis(B,,,D)
cre nt 1nl D (Alnt , D) + DIS(B"“ , )
Dis(4,,,D) = max{ a, —D|, a - DR‘}
Dis(B,,., D) =max {[b,, =D, |\[p. = i} (32)

D, :min{%,lh}

D, = min{{ int > Din > B b, } \ {DL }}

Based on this credibility, if P,(4, <B,)>0.5,
then 4, is considered a better producer than B, . This

defines the positive degree of the interval objective
values using only the upper and lower boundary output
information of the renewables.

int *

B. Problem Transformation

The objective of this subsection is to reformulate the
problem containing uncertainty into a deterministic
bi-objective problem, which is achieved by leveraging
the interval hypervolume (HV) and average inaccuracy
metrics. The HV metric captures the distribution of
representative points along the Pareto front and assesses
the convergence efficiency of the true Pareto front under
the most adverse conditions. In contrast, the average

inaccuracy metric quantifies the variability of Pareto
optimal solutions attributable to stochastic variables.
The formal definitions of the interval HV metric and the
average inaccuracy are given as:

H(X,)=[ HX,) H(X,) | =

(33)
/\[ U {yeeref -<y—<xP}]

xpeXp

> S (7l

xpeXp m=1

f(xpa ))

Iave (X ) X

num

(34

where X, is an approximate Pareto-optimal solution

set; x, isasolutionin X,; y € Rserves as an auxiliary
vector in the objective space for volume integration;
H(X,) and H(X,) represent the best-case and the

worst-case HV, respectively; x . is the reference

ref
point; A is the Lebesgue measure; c, represents the
vector of uncertainty parameters associated with the mth

objective function; and X is the size of Pare-

to-optimal solution.

Therefore, during the evolutionary process, a superior
set is identified by comparing two set-based metrics. In
cases where one metric is superior and the other is in-
ferior, a spread metric is employed to determine the
preference:

Sspread (Xp) = \/i(max f(xp

m=1

¢,)-minf(x.c,)) (33)

The larger the Sg,.,,(X;), the broaden the distribu-
tion of its corresponding front.

C. Set-GSIO Algorithm

In this paper, the proposed Set-GSIO algorithm is
employed to solve the interval optimization model. The
algorithm leverages set-based bi-objective transfor-
mations as introduced in Section IV.B and evolutionary
roles with producers, scroungers, and rangers [31] to
refine the interval Pareto archives iteratively. In this
framework, evolutionary searches are driven by
scroungers that update their positions by simultaneously
learning from local and global producers, as well as
from archived Pareto-optimal solutions. Rangers are
responsible for random exploration. Figure 3 provides a
visual representation of the evolutionary strategy of
Set-GSIO. This process involves evaluating and se-
lecting entire parent and offspring subpopulations to
advance to the next generation via a set-driven process.
The pseudocode for the Set-GSIO algorithm is pre-
sented in Algorithm 1.



76 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 11, NO. 1, JANUARY 2026
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Fig. 3. The evolutionary strategy of Set-GSIO.

Algorithm 1 Set-GSIO Algorithm
Input: population size S, maximum iterations 7

max

current

iteration ¢, and problem dimension
Output: optimal set-based individuals/Pareto archive 4

1. Initialize: Population S (P individuals), set-based bi-objective
problem transformation: calculate initial set metrics (H(Xp),

1. (X)), initialize Archive 4=,¢=0.

while 1 <7, do

Obtain the Pareto solution of each set-based individual from §
Select Parent Set S, from S for generation

LoD

Select global producer and local producer based on set-interval

credibility

6. Generate Offspring S, /in,
and rangers)

7. Combine S

new

using Set-GSIO roles (scroungers

=SUs,

offspring

8. Evaluate H(Xp), 1,,.(X,) or S, metrics for all individuals
in S,
9.  Determine the S, sets dominance relation and select top m

set-based individuals
10.  Select next generation S and update Archive 4
11, =1

12.  end while

D. Decision-making Methods

In the decision-making phase, a combination of the
Shannon entropy and TOPSIS method is utilized to
identify the optimal solution from the Pareto solution
set. However, when attempting to identify the optimal
and ideal solutions, it is assumed that each attribute is
equally weighted. To address this limitation and calcu-
late attribute weights, the Shannon entropy method is
employed as described in (36)—(39), elucidating the
relative strength of importance by considering the dis-
tinctions between data. The complete process of the
TOPSIS is outlined in (40)—(42). Moreover, in light of
the fact that the interval-based Pareto front is consti-
tuted by a series of rectangles, the decision-making
process entails the consideration of trade-offs between

IV. Selected sets with set-based dominance
.‘ > . |
k\ ;" . .
\

=

[11. Offspring generation

Set-interval
credibility

Global producer

the midpoint and widths of the interval, with the objec-
tive of fully leveraging the potential information in-
herent in uncertainty. During the Shannon entropy
combined with TOPSIS decision-making methods, the

data r,, is normalized in advance to facilitate calcula-

tions first:

la,,
f"q 0 5 qzlnza"'vQ

)
> (a,)
q=1

where a,, represent the value of the gth objective for

(36)

the nth solution. The standard formula for calculating
the entropy value e, of midpoints and widths according

to information theory is:
0
e,=—(ng)"' Y r, Inr,, n=12--N (37)
gq=1

The objective weight w, of the nth criteria with the

midpoint W™ and radius W™ is computed as
follows:
I-e
w, n=1,2, ---, N (38)

_ n
Y
N-2e,

Jj=1
Data preprocessing involves constructing a decision

matrix g, with n evaluation criteria and ¢ alternative

solutions, followed by the normalization:

a,

zq,,=- 7 5 q=1,2,"’aQ
> (a,)
q=1

Then, a weighted matrix is construct based on the
weights obtained from the entropy method, and the
positive ideal solution and negative ideal solution are
determined.

(39)
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(40)

Finally, the Euclidean distance of each solution from
the positive ideal solution and the negative ideal solu-
tion is calculated, which is determined by the weighting

factor p_ of the center p, and width p,. Once this has

*
zqn = zqn Wn

been done, calculate score C P and rank of each alter-

native to select the final solution.

N 2 N 2
D = \/Z_I:pzz_;(zqn —z,,’) (41
c - (42)
' D, +D,

V. CASE STUDY

A. System Description and Configurations

To demonstrate the effectiveness of the proposed
optimization framework, the tested IES consists of a
modified IEEE 30-bus system, integrated with an
IEEE15-node gas network and an IEEE32-node heating
network [32], [33]. The system includes various units
such as WT, PV, HFC, CHP, P2G, and energy storage
devices. The details of the coupling components and
their connected nodes within the tested IES network are
summarized in Table Al and AIl in Appendix A. The
details of the topology of the referenced IEEE15-node
gas network and IEEE32-node heating network are
listed in Tables AIIl and AIV in Appendix A, respec-
tively. The IES operates over a 24-hour period with
hourly time intervals to capture the dynamic character-
istics of energy supply and demand. Numerical simula-
tions are conducted using MATLAB R2021a on a PC

L]
=3
T

—Pareto solutions at 1 =1
Pareto solutions at 1 =2
Pareto solutions at r =3

equipped with an Intel(R) Core™ i7-12700H 2.30 GHz
CPU and 16 GB of RAM.

The uncertainty in RES output is modeled using a
deterministic interval centered around the point forecast.
In this study, the uncertainty range is defined by ap-
plying a fixed output deviation to the expected output.
The RES forecasting method uses a common approach
presented in [34] for representing forecasting error
bounds. The corresponding uncertainty intervals are
illustrated in Fig. A1l in Appendix A. The relevant op-
erating parameters of the energy components and sim-
ulation assumptions are listed in Table AV in Appendix
A [10], [35]. The parameter settings of the Set-GSIO are
determined by an ex-ante performance test using a
population size of 330 solutions within a set-based in-
dividual (110 individuals in each set), and 120 itera-
tions.

B. Interval Optimization Results and Analysis

1) Performance of the Set-GSIO and Comparison

To determine the final operational solution for the
tested IES, a comprehensive evaluation based on the
proposed interval multi-objective optimization and
decision-making framework is conducted. Acknowl-
edging the uncertainty of RES production, its generation
is represented in the form of intervals. As an illustrative
example, the multi-objective optimization process
generates the interval-based Pareto fronts at some spe-
cific moments, as shown in Fig. 4. The interval-based
Pareto front is composed of a series of rectangles, with
the horizontal and vertical axes representing the sys-
tem’s TFC and CE, respectively. For each rectangle, the
length indicates the fluctuation in TFC, while the width
represents the potential range of variation in CE.

Interval pareto fronts for the economic and environmental objectives

—Pareto solutions at / = 4
Pareto solutions at / = 5
Pareto solutions at £ = 6

Carbon emission (t)
|

200
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Fig. 4. Derived interval Pareto fronts at some specific moments.

As shown in Fig. 4, the economic and environmental
objectives exhibit a trade-off, and the objective func-

tions cannot reach their minimum values simultane-
ously. In practice, if more favorable environmental
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outcomes are desired, an increase in the purchase of
natural gas with a smaller carbon emission factor but a
higher cost per unit for the production of electricity is
required, rather than using conventional thermal units.
This would result in higher total fuel costs and vice
versa. Moreover, the convergence and imprecision of
the objectives are also in conflict. Therefore, in the
decision-making process, it is essential to consider not
only the relative importance of the various objectives
but also the relative importance of the convergence and
imprecision of the solutions. The color-filled rectangles
in Fig. 4 represent the final solution, derived from the
decision-making process at each time step, as detailed in
the following paragraphs.

To evaluate the performance of the proposed
Set-GSIO algorithm, a comparative analysis is con-
ducted against the interval multi-objective optimization
evolutionary algorithm based on decomposition
(IMOEA/D). In actual implementation, MOEA/D is one
of the most efficacious methods for solving mul-
ti-objective optimization problems. IMOEA/D is an
adaptation of the well-established MOEA/D framework
[36] for interval optimization problems and has been
validated in similar domains recently [26], [37]. The
Pareto front generated by interval multi-objective op-
timization provides decision makers with a set of solu-
tion options, which critically influences the quality of
the final solution. Therefore, convergence and diversity
of the generated interval Pareto fronts are used as crit-
ical indicators for comparing the performance and
quality of the solutions. Both algorithms are applied to
the aforementioned IES test system under the same
computational budget. Given the similarity of the in-
terval multi-objective optimization process at different
times, the presented metrics are calculated using the
Pareto front statistical data at a specific time. The sta-
tistical properties of the resulting Pareto fronts are
summarized in Table II.

TABLE I
PERFORMANCE COMPARISON BETWEEN SET-GSIO AND IMOEA/D
. Metric Algorithm
Objective (for interval midpoint) Set-GSIO  IMOEA/D
Minimum 944.2 1084.6
TFC ($) Maximum 2151.2 2253.5
Mean 1429.3 1618.3
Minimum 211.6 239.6
CE (t) Maximum 248.5 258.2
Mean 227.9 246.3
s (X) 1328.5 1157.7
Performance HXY) 558X10°  5.12X10°
Number of solutions 23 20

The results of the metric comparisons demonstrate
the superior performance of the proposed Set-GSIO
over IMOEA/D. Set-GSIO achieves lower minimum,
maximum, and mean values for both the TFC and CE
objectives, demonstrating superior convergence.

Specifically, the midpoint mean values of the Pareto
front obtained by Set-GSIO achieve reductions of
11.6% and 7.4% in the TFC and CE objectives, respec-
tively, compared to those obtained by IMOEA/D. Fur-
thermore, the superior diversity and spread of the ob-
tained Pareto front are evidenced by the Ilarger
Sgpeas (Xp) metric. The higher HV and greater number

of non-dominated solutions confirm Set-GSIO’s overall
superiority in identifying higher-quality trade-off solu-
tions for the final decision-making.

2) Scalability of the Set-GSIO Algorithm

To validate the scalability of the proposed algorithm
for larger systems, this study tests a larger-scale system
comprising a modified IEEE118-bus system, integrated
with a 20-node gas network and an IEEE32-node heating
network. This integration tests the complexity of the
simulation and the applicability of the proposed algo-
rithm to larger-scale problems. Due to the complexity of
this power system, the modified PCH structure is ex-
cluded from the analysis. The IEEE118-bus system
comprises 91 load buses and 21 generation buses.

The quality of the final solution is crucially deter-
mined by the convergence of the interval Pareto front
obtained during the optimization phase. Thus, to further
investigate the algorithm’s performance on the
large-scale case, a parametric study is conducted on the
extended large-scale IES case. Figure 5 shows the
heatmap of the best Pareto front convergence when
varying the population size and the number of iterations
for the Set-GSIO. The midpoint values of the interval
Pareto solution for the TFC and CE objectives are rec-
orded for each parameter combination. Darker squares
represent better convergence of the objective function
converges to a lower value. As shown in Fig. 5, both
objective functions exhibit roughly consistent trends.
By increasing the population size or the number of it-
erations, the Set-GSIO discovers solutions with better
performance. When the population size and the number
of iterations reach 400 and 250, respectively, the opti-
mal convergence values of both objectives remain un-
changed. This indicates that Set-GSIO can be applied to
larger-scale and more complex problems by adjusting
the key parameters, and can complete the solution while
ensuring a controllable growth of computational re-
sources.
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Fig. 5. Heatmap analysis of the optimal objective values with parameters.

3) Decision-making Process
Since the objective function values are represented as
interval values, they can be expressed using the interval

midpoint  f(x,,u,) and radius [ (x,,u;) , as

demonstrated in (42). To provide a specific illustration,
the moment at time ¢ = 2 is used as an example, given
the similarity of the decision-making process at differ-
ent times. In the initial stage, the entropy method is
employed to obtain objective weights for the interval
midpoint and width of each objective. Subsequently, a
weighted sum is performed on the midpoint and width
of each objective, as shown in (43). Therefore, the de-
cision problem transforms into one of considering of the
convergence and inaccuracy of solutions.

[/ (g, /(g5 m) | =
S (xgu)+ f(x,uy) f(xg,u)—f(xg,u) (42)

b

2 2

0 - Q ;
f’=/%(E:fy(xaﬂh)W?mmm]+ﬁb[}:ff(Xaﬂh)me“]
q=1 g=1

(43)

Table III indicates substantial variations in the mid-

point concerning the TFC objective, while the interval

width is more influenced by the SVD objective. To

comprehensively consider the stability and convergence

of solutions, the weights for the midpoint and interval
width are both set to 0.5.

TABLE III
THE WEIGHTING COEFFICIENTS AMONG THE OBJECTIVES
TFC CE PL SVD SPD
Midpoint 0.8032 0.0376 0.155 0.038 0.0005
Radius 0.0128 0.006 0.0857 0.8954 0.0002

Finally, the TOPSIS method is employed to assess all
solutions on the Pareto front. By comparing the rank-
ings derived from these evaluation values, the sixteenth

solution is selected as the optimal operating point at
time ¢ = 2. The aforementioned operating point can be
applied to determine the optimization results for elec-
trical, thermal and gas related energy equipment for
power generation.

4) Sensitivity to the Forecast Error

As interval optimization is employed to address un-
certainty, the accuracy of the renewable source genera-
tion forecast interval is of paramount importance re-
garding the quality of the solution. To investigate the
sensitivity of forecast error on the performance of the
proposed optimization model, Figs. 6(a) and (b) illus-
trate the variation of the interval ranges for total fuel
costs and carbon emissions, respectively, with respect to
different forecast errors and time periods.

As shown in Fig. 7, the interval ranges for both total
fuel costs and carbon emissions increase as the forecast
error magnitude increases from 0% to £50%. This
suggests that an elevated forecast error results in am-
plified uncertainty in the system's operational perfor-
mance. It is noteworthy that the fluctuations in total fuel
costs and carbon emissions are less significant during
the time periods from 0—8 hours and 18-24 hours, in
comparison to those from 8—18 hours. This is poten-
tially attributable to the fact that during the daytime
(8—18 hours), the output of the PV unit exhibits a greater
fluctuation range and a higher base output level due to
the higher level of solar irradiance. As a result, the un-
certainty intervals for RES outputs are higher during the
day, contributing to greater fluctuations in the predic-
tions of the two objective functions.

To provide a more intuitive illustration of this trend, a
cross-sectional view with the objectives and forecast
error at time ¢ =2 is presented in Fig. 7. It is evident that
both the mean values and the interval widths of the
objectives increase with larger forecast errors. These
results suggest that forecast accuracy has a significant
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influence on the reliability and efficiency of the pro-
posed multi-objective interval optimization. It is thus
imperative for operators to ascertain the upper and
lower limits of interval-valued uncertain variables with
precision through the deployment of meticulous interval
forecasting techniques.
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Fig. 6. Variation of the objective interval range with forecast
error and time. (a) Total fuel cost. (b) Carbon emission.
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Fig. 7. Sensitivity of renewable output forecast error at time ¢ =2.

C. Comparison with Existing Decision-making Methods

To illustrate the advantages of the proposed deci-
sion-making framework, the results are compared with a
deterministic transformation approach, which has been
adopted in previous work [38]. All other parameter
settings remain the same as in the above study.

Case 1: Only the midpoint of interval-value objective
functions is considered, as illustrated in (44). This case
is consistent with the methodology employed in the
study of [38].

min[flM (x,u), £ (x,u)], ue [uL,uRJ

where u" and u" are the lower and upper bounds of
RES outputs, respectively.

Case 2: The midpoint and radius deviations of the
interval-valued objective function are co-optimized by a
weighting-based approach, as illustrated in (43). This
case demonstrates the decision-making framework
proposed in this paper.

To compare the performance of the proposed method
with existing approaches, a sampling analysis is con-
ducted. Specifically, 500 random samples of power
outputs for WT and PV units are generated to represent
potential outcomes of the uncertain RES outputs. The
solutions obtained from different decision-making
methods (Case 1 and Case 2) are then fixed and applied
to the aforementioned generated operating scenarios.
The performance of these solutions is evaluated in the
context of uncertainty under each scenario, and the
corresponding results of TFC and CE values are shown
in Fig. 8 and Table IV.

As shown in Fig. 8, it is observed that although the
decision based solely on optimizing the interval mid-
point (Case 1) may yield lower TFC and CE under
certain conditions, such decisions may not be effective
or truly optimal in practice due to insufficient utilization
of the underlying uncertain information. Moreover, the
fluctuations in the objective functions for Case 1 are
more pronounced, indicating that decision schemes that
consider only the interval midpoint are less risk-averse
in uncertain environments. When uncertain parameters
deviate from their predicted values, the solutions ob-
tained may fail to maintain optimal performance.

In contrast, the co-optimization of the midpoint and
radius deviations of the interval-valued objective func-
tions (Case 2) demonstrates more stable performance
and robustness under uncertainty when facing with
randomly generated scenarios.

(44)
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Fig. 8. Comparison of system operation performances under
sampling scenarios at time ¢ = 2. (a) Total fuel cost. (b) Carbon
emission.

TABLEIV
COMPARISON OF PERFORMANCES WITH DIFFERENT SOLUTION
METHODS

Actual performances
Expected performances ua p

(500 samples)
Case Standard
Average value ..
TFC CE deviation
TFC CE TFC CE
1 1661.01 176.81 1779.09 20845 7695 18.7
2 1539.98 176.54 1616.23 185.51 31.39 7.84

A detailed examination of the data presented in
Table IV reveals that the TFC and CE, when applied to

the 500 randomly generated scenarios, represent in-
creases of approximately 7.1% and 17.9%, respectively,
in comparison to the expected values in Case 1. How-
ever, it is observed that Case 2 can obtain a considera-
bly closer alignment between the expected and actual
performances, corresponding to smaller increases of
approximately 5.0% in TFC and 5.1% in CE, respec-
tively. Furthermore, the standard deviations in Case 2
are markedly lower, at $31.39 for TFC and 7.84 t for
CE, indicating that the system’s performance is more
consistent and less affected by uncertainties when ap-
plying the proposed decision-making framework.

D. Effect of the Incorporation of Hydrogen Storage

To conduct a comparative analysis of the incorpora-
tion of hydrogen storage and the utility of the proposed
low-carbon economic optimization scheduling model
for the tested IES, two scenarios are designed for
comparison in this section as follows.

Scenario 1: No consideration of hydrogen storage,
refinement of the two-stage operation process in the
P2@G, and inclusion of the CCS technology.

Scenario 2: Consideration of hydrogen storage, fur-
ther refinement of the hydrogen flow process in the P2G,
and inclusion of the CCS technology.

The comprehensive optimization results for the total
of each metric over a 24-hour period are presented in
Table V.

TABLEV
OPTIMIZATION RESULTS FOR EACH METRIC FOR DIFFERENT SCENARIOS
Scenario 1 Scenario 2

Expected Maximum Minimum Range Expected Maximum Minimum Range

TFC 39 095 40 577 37614 2963 40 627 42 084 39170 2914

CE 5320 5707 4933 5227 5618 4850 768
PL 273 292.3 254.5 37.8 266 283.8 248.4 35.4
SVD 8.7315 8.7843 8.6787 0.106 8.724 8.7694 8.6787 0.091
SPD 5.3538 5.368 5.3397 0.028 5.3464 5.3606 5.3322 0.028
REC 0.167 0.193 0.138 0.055 0.072 0.092 0.051 0.041

As shown in Table V, the incorporation of hydrogen
energy storage facilitates the absorption of CO» for

synthesis gas synthesis by MR within the PCH structure.

This process allows surplus RES to be converted into
hydrogen, which is subsequently transformed back into
electricity and thermal energy during periods of peak
demand. Moreover, it also reduces the power require-
ments of various devices, thereby minimizing the
overall carbon emissions of the system. Specifically, the
expected CE in Scenario 2 decreased by approximately
1.62% compared to Scenario 1, dropping from 5320 to
5234 t. However, despite the slight increase in TFC in
Scenario 2, the stability of the solutions in Scenario 2 is
superior, as evidenced by the smaller interval radius
between the maximum and minimum values of the
performance metrics. For instance, the interval range
for CE in Scenario 2 is 768 t (from 4850 t to 5618 t),

which is narrower than the 774 t range in Scenario 1.
This indicates enhanced predictability and reliability of
system performance. Thus, it can be seen that while
integrating hydrogen energy storage enhances envi-
ronmental performance and solution stability, it also
introduces a conflict with cost minimization. In addition,
there is an inherent conflict between TFC and CE ob-
jectives, as evidenced by the expected TFC in Scenario
2 being lower than that in Scenario 1 and the trend
shown in the interval Pareto front in Fig. 4. Furthermore,
the energy conversion cycle associated with hydrogen
storage is subject to round-trip efficiency losses. To
compensate for these energy losses while still meeting
system demand, a marginal increase in natural gas
consumption from other units may be required, thus
contributing to the higher TFC.
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1) Hydrogen Flow

Figure 9 depicts the operational dynamics of two
scenarios in terms of hydrogen energy flow, where Figs.
9(a), (b), and (c) respectively showcase the hydrogen
power profiles of the MR, HFC, and EL in two scenar-
ios, ensuring compliance with the hydrogen energy
balance constraints among the components.
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Fig. 9. Operation results of IES from the perspective of hydrogen
flow. (a) Hydrogen flow of EL. (b) Hydrogen flow of HFC. (c)
Hydrogen flow of MR.

The preceding results illustrate the overall opera-
tional trends of the hydrogen energy flow. It is note-
worthy that the hydrogen production of the EL exhibits
significant variations between Scenario 1 and Scenario
2 between 11:00 and 19:00. This discrepancy can be
attributed to the surplus RES, particularly the increased
PV generation during these periods. The surplus elec-
tricity is then converted into stored hydrogen or syn-
thesized into SNG. Moreover, during the periods of
high wind power output, the EL with hydrogen storage
employs a strategy of storing excess electricity as hy-
drogen. The approach results in a reduction in the power
consumption of the EL during other time frames in
comparison to the system without hydrogen storage. As
illustrated in Figs. 9(b) and (c), in the final moment, the
hydrogen consumption of both the HFC and MR is
almost at its highest level of the entire period, resulting
in a larger negative output for the hydrogen storage in
Scenario 2, as shown in Fig. 9(a). Finally, the MR ex-
hibits the highest hydrogen consumption, likely due to

its association with the CE target. The increased hy-
drogen power in MR results in more substantial carbon
capture by the CCS, consequently leading to a reduction
in carbon emissions.
2) Power Flow Analysis of the Modified PCH Structure
Figure 10 depicts the electrical power input, thermal
power output, and the production of SNG across the
entire PCH structure. Figure 10(a) shows that while
incorporating hydrogen storage raises the total electrical
power consumption of the PCH structure, this increase
is essential, as it necessitates a greater quantity of hy-
drogen, subsequently boosting the power requirements
of the EL. Nevertheless, the peak demand for hydrogen
typically coincides with periods of high PV output,
facilitating a more efficient utilization of RES. Figure
10(c) reveals that the integration of hydrogen storage
enhances the conversion of additional hydrogen and
CO; into SNG, which in turn leads to a decrease in the
system’s overall carbon emissions, compared to a sce-
nario without hydrogen storage.
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Fig. 10. Operation results of energy input and output of the
modified PCH structure. (a) Electrical power. (b) Thermal power.
(c) Gas power.

Table VI provides a detailed comparison of carbon
emission reductions in Scenario 2 relative to Scenario 1
at each hourly interval. As seen in Table VI, it is evident
that during the time frames from 01:00 to 10:00 and
14:00 to 22:00, the IES equipped with hydrogen storage
consistently exhibits lower CO; emissions compared to
the IES without hydrogen storage.

TABLE VI
THE DETAILED OF CARBON EMISSION REDUCTION IN SCENARIO 2 OF EACH MOMENT COMPARED TO SCENARIO 1
Time (hour) 1 2 3 4 5 6 7 8 9 10 11 12
Carbon Emission reduction (t) -3.75 103 12.28 3.52 9.42 12.43 1486 543 11.09 19.26 -5.15 3.69
Time (hour) 13 14 15 16 17 18 19 20 21 22 23 24
Carbon Emission reduction (t) -2226 799 2063 239 —6.61 14.43 4.97 6.21 8.09 0.25 -3.66 -28.07
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This reduction is primarily attributed to the system’s
ability to convert excess RES into stored hydrogen,
which allows the MR process to produce more natural
gas while simultaneously enhancing CO absorption
capabilities. Simultaneously, the generated natural gas
and the stored hydrogen contribute to the energy supply
of the IES through GB and HFC, decreasing the reli-
ance on external gas supplies and reducing the output
from generators, thereby indirectly lowering the overall
carbon emissions of the IES. A detailed examination of
Table VI reveals that in 13 out of the 24-hourly inter-
vals, Scenario 2 achieves varying degrees of CO;
emission reduction, ranging from 5.43 t to 20.63 t.
Notably, the maximum reduction occurs at 15:00 with a
decrease of 20.63 t, followed by 10:00 at 19.26 t. Such
significant reductions are predominantly observed
during periods of high RES output, where excess en-
ergy is efficiently converted into hydrogen for storage,
which subsequently displaces traditional fossil fuel
usage, thereby enhancing the system's overall carbon
efficiency. Overall, the aggregate data indicates that
Scenario 2 successfully reduces total daily CO; emis-
sions by 92.95 t, representing a 2.1% decrease com-
pared to Scenario 1.

VI. CONCLUSION AND FUTURE RESEARCH

This paper proposes an interval low-carbon dispatch
model that integrates hydrogen storage with P2G, CCS,
and HFC as a structure embedded within an IES with
electricity, heating, and gas subsystems. A mul-
ti-objective interval optimization method, namely
Set-GSIO, is developed to construct interval-based
Pareto fronts under uncertain renewable generation. The
final selection of dispatch solutions is guided by a
Shannon entropy-TOPSIS decision-making process,
incorporating security metrics to address both the
midpoint and radius of the interval objectives.

Case studies on a modified IEEE30-bus system in-
tegrated with a 15-node gas network and a 32-node heat
network verify the synergy between hydrogen storage
and the PCH structure. Compared to the original con-
figuration, the proposed structure enhances flexibility
and achieves a 9.5% reduction in renewable energy
curtailment and a 2.1% reduction in total daily carbon
emissions. Additionally, the proposed Set-GSIO algo-
rithm shows its superiority in convergence and perfor-
mance compared to IMOEA/D and verifies its scalabil-
ity on a larger-scale IES network. Results show that
interval-based optimization can better manage the var-
iability of RES than deterministic methods, and the
proposed decision-making framework maintains essen-
tial uncertain information while achieving robust dis-
patch strategies.

Future work will investigate decentralized optimiza-
tion frameworks that accommodate multiple inde-
pendent stakeholders, reflecting real-world IES con-

figurations. Additionally, Set-GSIO will be extended
for larger-scale systems with complex topologies by
reducing computational burden, potentially through
surrogate modeling to approximate costly power flow
analysis and further accelerate the optimization process.

APPENDIX A

A. Component-level Constraints

1) Electrical Power Balance

])gcn,l + PWT,t + R)v,z + PCHP,c,t + PHFC,c,t + PES,c,t = (A1)
[)e,load + RjMP,t + RZ

where P, represents the input power at time ¢ for the
PCH and hydrogen storage equipment structure; while
P and P, represent the output power of the bat-

ES,e,t ¢e,loa
tery energy storage system and electrical load at time .
2) Thermal Power Balance

QHFC,h,t + QGB,h,t + QCHP,h,t = Qload,h,t (AZ)
where Q, .4, , represents the thermal load at time 7.
3) Gas Power Balance
Rg,gas,t + PMR,g,t = Pg,load,t + PCHP,g,t + PGB,g,t (A3)
where P, ., represents the gas load at time 7 and

P, .., 18 the natural gas emitted by the gas source.

4) The Constraints of CHP
0<Pyp., SPir..
{ CHP,e, CHP,e, ( 4)

< max
0= QCHP,h,r == XCHP,h,¢

max
Where PCHP,C,I

and Qi ,, are the upper limits of the
electrical and thermal power output of the CHP unit at
time ¢, respectively.
5) The Constraints of HFC
0=<Pyc., < Pirc.
{ HFC,e,t HFC,e,t (A5)

< < max
(UES QHFC,h,t = YHFC,h,¢

max max
where A HFC, e,/ and Ohren,

electrical and thermal power output of the HFC unit at
time ¢, respectively.
6) Storage Equipment Constraints

The energy storage devices considered in this paper
include electricity and hydrogen storage, which can be
expressed by a general formula [12]:

ngcha g Bcha P

es,n,t es,n,t” es,n,max

0<P® <BE P

es,n,t” es,n,max

__ pcha __cha dis dis
P - Pes,n,tnes,n - Pe

es,mt st les.n
S,(=8,(t-1)+P,, [P
S,(1)=S,(T)
B, + B,
S

<S(<S

n,max

are the upper limits of the

(A6)

=1 (Battery-operated only)

n,min
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where P and P

es,n,t es,n,t
and discharging of the nth energy storage device during
the time ¢, P is the maximum power for both

es,n,max

represent the power for charging

charging and discharging operations of the nth energy
storage device; while B and B®

es,n,t es,n,t

ables, B =1 and B®

es,n,t es,n,t

ing, while B™ =0 and B®

es,n,t €s,n,t

are binary vari-
=0 indicate that it is charg-
=1 suggest it is dis-
charging; P

on; Signifies the ultimate power output of
the nth energy storage device at time #; 75" and 75",
denote efficiency during the charging and discharging
processes of the nth energy storage device; S, (¢) rep-
resents the capacity of the nth energy storage device at

time ¢; P.® denotes the rated capacity of the nth energy

and S define the

minimum and maximum capacity limits of the nth en-
ergy storage device, respectively.

B. Tested IES Network Connection

storage device; while S

n,min

C. Details of the Tested Integrated Energy Systems

TABLE AIIl
DETAILS OF THE REFERENCED 15-NODE NATURAL GAS NETWORK
Min Max
Node Type Load Supply  Pressure pressure  pressure

(SCF/hr)  (SCF/hr)  (kPa) (kPa) (kPa)

1 1 0 7.288X10° 1000 600 1200

2 1 0 6.867X10° 978.63 600 1200

3 2 3.838X10° 0 729.716 500 1200

4 2 1218X10° 0 737.345 500 1200

5 3 0 0 575.481 400 1200

6 4 0 0 1035 400 1200

7 3 0 0 607.588 400 1200

8 4 0 0 11544 400 1200

9 3 0 0 918.628 400 1200
10 4 0 0 951 400 1200
11 3 0 0 932.81 400 1200
12 4 0 0 932.82 400 1200
13 2 4263X10° 0 601.554 600 1000
14 2 4274X10° 0 600.778 600 1000
15 2 0.501%X10° 0 600 600 1000

Note: node type 1—reference node; node type type 2—load node;
node type 3—compressor inlet node; node type 4—compressor
outlet node.

TABLE Al TABLE AIV
DETAILS OF THE REFERENCED 32-NODE HEAT NETWORK
MoDIFIED IEEE30-BUS SYSTEM, INTEGRATED WITH AN
IEEE15-NODE GAS NETWORK, AND AN IEEE32-NODE HEATING Load  I™ ™ " ™
Node Type W
NETWORK (k1) (°C) (°C) (W) (Y)
1 1 0 110 120 60 80
Network Component Node ) ) 0 110 120 60 20
CHP 8,13, 23,25,27 3 2 10.7 110 120 60 80
PCH (in connection with 9.22 g ; lt'S i ig 38 28 28
Electricity CCS and EL) >
(IEEE30-bus 6 2 10.7 110 120 60 80
(33) Battery energy storage 18,25 7 2 10.7 110 120 60 80
WT 5.8.25 8 2 107 110 120 60 80
9 2 10.7 110 120 60 80
13% 6,9,22 10 2 10.7 110 120 60 80
CHP 1,31,32 11 2 25 110 120 60 80
Heating 12 2 107 110 120 60 80
PCH 11.29 13 2 0 110 120 60 80
(IEE][E;OZ]')nOde (in connection with HFC) ’ 14 2 10.7 110 120 60 80
GB 41 15 2 0 110 120 60 80
16 2 8.5 110 120 60 80
CHP 3,4,13,14,15 17 2 8.5 110 120 60 80
Gas PCH 18 2 8.5 110 120 60 80
(IEEE15-node (in connection with MR) 1,2 19 2 0 110 120 60 80
[32D) 20 2 8.5 110 120 60 80
GB 3,13 21 2 8.5 110 120 60 80
22 2 0 110 120 60 80
TABLE All 23 2 10.7 110 120 60 80
MobIFIED IEEE118-BUS SYSTEM, INTEGRATED WITH A 20-NODE 24 2 10.7 110 120 60 80
GAS NETWORK, AND AN IEEE32-NODE HEATING NETWORK 25 2 0 110 120 60 80
26 2 10.7 110 120 60 80
Network Component Node 27 2 10.7 110 120 60 80
WT 59,61, 100, 111 28 2 0 110 120 60 80
29 2 20.7 110 120 60 80
Electricity PV 12, 46, 54, 103 30 2 10.7 110 120 60 80
(IEEE118-bus [33]) CHP 25, 36, 40, 49 31 3 -10 110 120 60 80
32 3 -100 110 120 60 80
P2G 7,23,113 - . — -
Note: 7™ and 7™ are minimum and maximum supply tem-
CHP 3,12,15,20 ’ ‘ )
Gas (20-node [30]) PG 55 14 peratures in degrees Celsius (°C); 7™ and 7™ are minimum
. — and maximum return temperatures in degrees Celsius (°C); node
Heating
CHP 1 type 1—reference node; node type 2—load node; node type

(IEEE32-node [32])

3—source node.
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D. Technical and Economic Parameters

TABLE AV
THE RELEVANT OPERATING PARAMETERS OF THE DEVICES
Technical parameter Variable Values Reference
Energy conversion efficiency min
of EL L 0.7 (10]
Energy conversion efficiency
YONR Tk 0.6 [10]
Thermal conversion efficienc
P HEC Y gea 035 [10]
Electrical conversion efficien-
oy OFHFC Thrce 05 [10]
Power conversion coefficient
of compressor Mewe 0.78 30]
Thermal conversion efficiency
o Mo 0.95 [10]
, 36 [35]
Carbon emission calculation
parameters of coal-fired units B —038 [33]
" 0.0034 [35]
a, 3 [35]
Carbon emission calculation
parameters of gas-consumed B, —0.004 [35]
energy supply device
7, 0.001 [35]
MR carbon-to-}gas conversion & 1 [10]
efficiency
Nature gas price ($/kWh) C, 0.05 [10]
Carbon emission quota factors
of electricity consumption Xe 0.728 [10]
(kg/kWh)
Carbon emission quota factors
of natural gas consumption Xe 0.234 [10]
(kg/kWh)
Low calorific value of natural
gas (kWh/m?) Lo 9.7 [10]

E. Wind and Solar Interval Output

200 R . .
L WT power output interval Jpr =
- 2, | PV power output interval o
£ 150 <o ] - T o
- LY -
E100f
5
£ s0f
=W
(] r777l7774 1 1 1 1 1 L 1 1 I‘J L 1 7717‘\ Til
13 5 7 9 11 13 15 17 19 21 23
Time (hour)
Fig. Al. Wind and solar output forecast data with uncertain
interval.
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