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A B S T R A C T

Facing global energy shortages and carbon emission reduction requirements, the optimal configuration of in
tegrated energy systems (IESs) has become a critical research direction. This study proposes a two-stage dis
tributionally robust optimization (DRO) method for IES configuration that considers carbon capture, utilization, 
and storage as well as comprehensive hydrogen energy utilization. First, an IES architecture incorporating a 
hydrogen-carbon coordinated power system (HCPS) module is constructed. Specifically, this module achieves 
carbon-hydrogen coupling by directing captured CO2 and green hydrogen into a methane reactor for synthetic 
natural gas production, establishing a 'capture-conversion-reutilization' closed loop. Crucially, a two-stage DRO 
model based on the Wasserstein distance is developed to coordinate capacity configuration and operational 
scheduling under renewable scenarios generated via improved K-means clustering. The model is then trans
formed into a mixed-integer linear programming problem and solved using the Big-M method and strong duality 
theory. Finally, the proposed method is validated through a case study using data from an IES in the coastal 
region of Zhejiang, China. The results show that, driven by this coupling mechanism, the IES integrated with 
HCPS reduces wind and photovoltaic curtailment costs by 82.8%, carbon emission costs by 43%, and the total 
daily cost by 2.3%, achieving synergistic improvement in both economic efficiency and low-carbon performance. 
Compared to the classical robust optimization model, the data-driven DRO model based on the Wasserstein 
ambiguity set achieves a lower total cost. When the sample size increases to 2000, the computation time is only 
17.53s, significantly enhancing computational efficiency.

Nomenclature ch charge

Superscript dis discharge

e electrical energy buy system energy procurement
h thermal energy grid power grid
g natural gas ce curtailed energy
H2 hydrogen energy sys system
c cold energy load system load
CO2 carbon dioxide Symbols
Subscripts P power

(continued on next column)

(continued )

PV photovoltaic array C carbon dioxide flow
WT wind turbine Ĉ free carbon emission quota
GT gas turbine c cost
GB gas boiler η energy conversion 

coefficient
FC fuel cell Nday system operation days
EL electrolyzer r discount rate
CCUS carbon capture, utilization and 

storage
μ lifetime of the devices
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(continued )

MR methane reactor TC total cost
EC electric chiller EOC energy ordering cost
AC absorption chiller EMC system maintenance cost
TR thermal recovery auxiliary 

equipment
ECC wind and solar curtailment 

cost
HES hydrogen energy storage AIC average investment cost
BES battery energy storage CEC carbon emission cost

1. Introduction

Against the backdrop of rising global energy demand and acceler
ating structural transition, energy systems are confronted with the dual 
challenges of energy shortages and the large-scale integration of 
renewable energy. The heavy reliance on traditional fossil fuels exac
erbates the imbalance between supply and demand. Specifically, in 
2024, fossil fuels accounted for approximately 80.1% of global primary 
energy consumption, triggering environmental issues such as global 
warming [1]. While the installed capacity of renewable energy sources 
like wind and solar power has surged, their inherent intermittency pose 
significant challenges to grid stability [2–4]. The "dual carbon" goals 
(carbon peak and carbon neutrality) are driving an urgent and impera
tive transition of the energy system towards cleaner, low-carbon, and 
higher-efficiency paradigms. Integrated energy systems enhance energy 
efficiency and promote renewable energy integration through 
multi-energy complementarity and cascade utilization. Consequently, 
IESs have emerged as a core pathway to address energy security and 
environmental constraints and facilitate the low-carbon transition, and 
they hold a pivotal position in the modern energy landscape. Carbon 
capture, utilization, and storage technology(CCUS) enables deep emis
sion reductions and can generate revenue through carbon utilization. 
Meanwhile, hybrid energy storage systems, which incorporate compre
hensive hydrogen utilization, leverage hydrogen's high energy density 
and zero-carbon characteristics to effectively mitigate fluctuations from 
wind and solar power [5,6]. The integration of these technologies with 
IES not only strengthens the low-carbon attributes but also enhances 
economic efficiency and flexibility through multi-energy flow synergy, 
possessing significant research value for promoting the sustainability, 
reliability, and economic viability of IES.

Research on the optimal configuration of IES has become an active 
area of research, with many researchers worldwide focusing on opti
mization objectives, influencing factors, and system structures. In terms 
of optimization objectives, early studies primarily prioritized economic 
viability. For instance, Zheng et al. [7] established a foundational 
framework to minimize total system costs. As environmental regulations 
tightened, Wang et al. [8] extended these economic models by incor
porating carbon trading mechanisms to address emission constraints. 
However, considering that cost and emissions are not the only concerns, 
Han et al. [9] further emphasized system reliability, proposing redun
dancy strategies to enhance resilience against failures. Regarding 
influencing factors, existing studies have increasingly incorporated un
certainties, including fluctuations in renewable energy output [10], 
sudden load changes [11], and adjustments in electricity pricing policies 
[12]. To mitigate the impact of these uncertainties on configuration 
results, methods such as scenario clustering and dynamic programming 
have been widely employed. Concerning system structure, the design 
scale has expanded from single-region energy systems to multi-park 
interconnected systems, with frameworks encompassing the collabora
tive configuration of various equipment such as new energy generation, 
energy conversion, and storage devices [13,14]. Some studies have also 
explored optimization of novel structures like combined cooling, heat
ing, and power (CCHP) [15] and shared hybrid energy storage [16]. 
While recent studies have explored the combination of CCUS and P2G, 
most treat them as separate rigid modules or focus on unidirectional 
energy conversion. However, the deep coupling mechanism involving 
the internal carbon recycling loop—where captured CO2 is continuously 

converted back into fuel (methane) via green hydrogen—has not been 
adequately modeled under high uncertainty.

The application of CCUS technology in energy systems has evolved 
from standalone carbon capture plants toward the synergistic operation 
of multiple equipment. This process, which involves post-combustion 
capture, compression, and storage to reduce carbon emissions, fol
lowed by resource utilization that generates additional revenue, signif
icantly enhances the system's low-carbon benefits [17–19]. Liang et al. 
[20] and Shi et al. [21] successfully utilized deep reinforcement learning 
and multi-timescale strategies to optimize carbon capture within elec
trical systems. In parallel, comprehensive hydrogen utilization focuses 
on the 'production-storage-utilization' chain. Xu et al. [22] and Liu et al. 
[23] demonstrated that shared storage and seasonal shifting can effec
tively mitigate renewable fluctuations. However, existing studies often 
simplify the technological coupling between CCUS and hydrogen sys
tems, and the robustness of the synergistic operation of these two sys
tems under uncertainties such as renewable energy fluctuations remains 
unexplored.

Traditional robust optimization (RO) typically assumes worst-case 
scenarios for decision-making [24,25]. While effective for parameter 
uncertainty, this approach often yields overly conservative solutions 
that compromise system flexibility and economic benefits. To mitigate 
this, distributionally robust optimization has gained prominence by 
introducing probabilistic distribution information into the model, 
thereby allowing for more informed decisions [26]. This field is rapidly 
evolving; notably, Zeng et al. [27] recently offered a primal perspective 
on two-stage DRO, significantly enhancing its algorithmic interpret
ability and computational tractability, which solidifies the theoretical 
foundation for applying such frameworks to complex energy systems. 
However, the efficacy of DRO is largely contingent upon the construc
tion of the ambiguity set. Recent literature broadly categorizes these into 
moment-based, discrepancy-based, and distance-based sets. 
Moment-based approaches, while computationally tractable, rely on 
low-order statistics and often fail to capture the asymmetric and 
multi-modal characteristics of renewable generation, resulting in am
biguity sets that still contain implausible extreme distributions [28,29]. 
Similarly, discrepancy-based methods like Kullback-Leibler divergence 
require continuity [30,31]. They struggle to assign probabilities to un
observed scenarios and often incur high computational complexity 
when handling continuous data. In contrast, the Wasserstein 
distance-based approach demonstrates superior adaptability for IES 
applications [32]. Its primary advantages include asymptotic con
sistency—guaranteeing convergence to the true distribution with suffi
cient data—and the ability to account for unobserved but physically 
possible scenarios by allowing probability shifts around empirical 
samples [33,34]. This capability is indispensable for systems charac
terized by strong renewable volatility. In terms of application, DRO has 
been widely employed in energy system optimization [35,36]. Recent 
high-impact studies, such as Fan et al. [37], have further demonstrated 
the model's effectiveness in coordinating flexible resources under 
spatiotemporal uncertainty. Despite these advances, existing frame
works have not comprehensively addressed the specific "captur
e-conversion-reutilization" material coupling between hydrogen energy 
storage and CCUS. This deep coupling is highly sensitive to fluctuations, 
necessitating a tailored Wasserstein-based DRO framework to optimally 
balance economic efficiency with the continuity of the internal carbon 
recycling loop.

To address these challenges, this paper proposes a novel optimal 
configuration method for IES that incorporates CCUS and comprehen
sive hydrogen energy utilization. A two-stage DRO model based on the 
Wasserstein metric is established to optimally balance overall system 
economy against uncertainties in renewable energy output. The model 
achieves synergistic optimization of system configuration and sched
uling, where the lower-level day-ahead operational dispatch problem 
supports the upper-level capacity configuration decisions, thereby 
enhancing overall system performance. The main contributions of this 
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work are summarized as follows. 

(1) A novel IES architecture incorporating an internal carbon recy
cling loop: We construct a hydrogen-carbon coordinated power 
system that establishes a "capture-conversion-reutilization" 
closed-loop. This mechanism physically couples carbon capture 
with green hydrogen production, transforming carbon emissions 
from a penalty factor into a schedulable resource.

(2) A tailored two-stage DRO framework for coordinating capacity 
configuration and operational optimization: To address the 
fragility of the hydrogen-carbon coupling, we propose a 
Wasserstein-metric-based DRO model. In this framework, the first 
stage determines optimal capacity investments, while the second 
stage optimizes operational scheduling. This structure inherently 
configures a "safety margin" to ensure material flow continuity 
under worst-case renewable uncertainties.

(3) An efficient solution strategy addressing the economic- 
environmental trade-off: We employ the Big-M method and 
strong duality theory to transform the nonlinear model into a 
tractable mixed-integer linear programming (MILP) problem. 
This efficient framework not only ensures computational 
convergence but also quantitatively balances decarbonization 
performance with operational costs, rendering the operational 
objectives feasible in terms of both economic and environmental 
benefits.

The remainder of this paper is structured as follows. Section 2
elaborates on the overall structure of the proposed IES considering CCUS 
and hydrogen utilization and presents the modeling of its core compo
nents. Section 3 introduces the optimization objective for system 
configuration and the operational constraints of the equipment. Section 
4 establishes the two-stage distributionally robust optimization model 
based on the Wasserstein distance and details its transformation and 
solution. Section 5 presents and analyzes the simulation and optimiza
tion results. Finally, Section 6 concludes the paper.

2. System description

2.1. System composition

The IES encompasses twelve distinct equipment types. Through 
electrical buses and natural gas pipelines, the system achieves multi- 
energy complementarity and a reliable energy supply. It is designed to 

meet diverse load demands, including electrical, heating, cooling, and 
hydrogen fuel loads, as depicted in Fig. 1. The electrical power subsys
tem integrates the wind turbine (WT), photovoltaic array (PV), fuel cell 
(FC), and battery energy storage (BES). This subsystem supplies elec
tricity to the electrolyzer (EL), CCUS, electric chiller (EC), and electrical 
load. The hydrogen energy subsystem integrates the EL and hydrogen 
energy storage (HES). The hydrogen produced supplies the FC and 
methane reactor (MR), and also meets external hydrogen loads (e.g., for 
fuel cell vehicles). It is noteworthy that a significant amount of waste 
heat is generated during the operation of both the FC and EL, accounting 
for 45% to 60% of their energy input. Consequently, a thermal recovery 
auxiliary equipment (TR) is incorporated into the thermal subsystem. 
Together with the gas turbine (GT) and a gas boiler (GB), the TR supplies 
energy to the absorption chiller (AC) and the thermal load. The natural 
gas network (NG) and the MR work in concert to supply natural gas to 
the GT and GB within the natural gas subsystem. Furthermore, the 
system incorporates CCUS to capture CO2, primarily from the natural 
gas subsystem, and direct it to the MR, thereby establishing an internal 
carbon cycle mechanism that effectively reduces the system's overall 
carbon emissions.

2.2. Model of the PV and WT

The WT and PV constitute the primary renewable energy sources in 
the proposed IES. The output power of the WT is determined by the wind 
speed, while that of the PV is a function of solar irradiance. The models 
for the WT and PV power generation are presented below. 

Pe
WT,t =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 vt ≤ vci or vco < vt

v3
t − v3

ci
v3

r − v3
ci

Pr vci < vt < vr

Pr vr ≤ vt ≤ vco

(1) 

Pe
PV,t = ηe

PVSIPV,t (2) 

where Pr is the rated power of WT. vr, vci and vco are the rated, cut-in and 
cut-out wind speed of WT, respectively. S and IPV,t are the total area of 
the PV array and solar irradiance, respectively.

2.3. Model of the HCPS module

To enhance hydrogen utilization efficiency, the system integrates the 
P2G, FC, and CCUS technologies, forming a synergistic module termed 

Fig. 1. Structure diagram of the IES.
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HCPS, as shown in Fig. 2. To substantively reflect the deep coupling 
between carbon capture and green hydrogen production, this study es
tablishes a physicochemical linkage model based on mass conservation 
and reaction stoichiometry, rather than simple energy conversion 
efficiencies.

The integration of the FC and CCUS fundamentally transforms the 
system's energy and material flows. Compared to the traditional P2G 
process, which merely converts electricity unidirectionally into natural 
gas, the FC enables a bidirectional energy flow by reconverting 
hydrogen back into electricity, thereby improving hydrogen utilization 
efficiency and avoiding the energy waste associated with unidirectional 
conversion. Furthermore, waste heat recovery devices are added to the 
auxiliary equipment supporting the operation of the FC and EL, 
reclaiming dissipated heat and further elevating the overall energy uti
lization efficiency. 

PH2
EL,t = ηH2

EL Pe
EL, t (3) 

Ph
EL,t = ηh

ELP
e
EL,t (4) 

Pe
FC,t = ηe

FCPH2
FC,t (5) 

Ph
FC,t = ηh

FCPH2
FC,t (6) 

0≤Pe
EL,t ≤ uELPe

EL,max (7) 

0≤PH2
FC,t ≤ uFCPH2

FC,max (8) 

0≤ uEL + uFC ≤ 1 (9) 

The CCUS captures CO2 generated within the system and supplies it 
to the MR or conducts carbon sequestration, establishing a carbon 
recycling mechanism. This process not only reduces carbon emissions 
but also provides feedstock for methane production, further diversifying 
the system's energy conversion pathways, which enhances its opera
tional flexibility, stability, and overall sustainability. Unlike traditional 
models that treat carbon emissions solely as a penalty factor, we intro
duce the mass flow variable CCO2

t to track the carbon lifecycle. The 

amount of CO2 captured by the CCUS unit is physically constrained by 
the operation of gas-fired units. The operation of the MR is governed by 
the Sabatier reaction (CO2 + 4H2→CH4 + 2H2O). This implies a strict 
stoichiometric ratio between hydrogen consumption and carbon utili
zation. These mathematically enforce the interdependence of the CCUS 
and P2G, ensuring that the system's ability to accommodate renewable 
energy via HCPS is physically coupled with its power generation 
dispatch. The operational constraints of the CCUS and MR are given as 
follows. 

CCO2
CCUS,t = ηCO2

CCUSP
e
CCUS,t (10) 

Pg
MR, t= ηg

MRPH2
MR,t (11) 

CCO2
MR,t = ηCO2

MR PH2
MR,t (12) 

Pe
CCUS,min ≤Pe

CCUS,t ≤ Pe
CCUS,max (13) 

CCO2
CCUS,t ≤ ηcap⋅

(
ηCO2

GT Pg
GT,t + ηCO2

GB Pg
GB,t

)
(14) 

CCO2
CCUS,t =CCO2

MR,t + CCO2
storage,t (15) 

PH2
MR,min ≤PH2

MR,t ≤ PH2
MR,max (16) 

2.4. Model of the GB and GT

The GB and GT are key components for heat generation within the 
system. Both devices generate energy through the combustion of natural 
gas. The fundamental distinction lies in their primary operational out
puts: the GB is designed primarily for thermal energy production, 
whereas the GT is designed for electricity generation, with heat recov
ered as a useful by-product. The CO2 emissions from both devices are 
captured and recycled by the CCUS for further utilization. The operation 
of both equipment types is required to satisfy the following constraints: 

Ph
GB,t = ηh

GBPg
GB,t (17) 

Pe
GT,t = ηe

GTPg
GT,t (18) 

Ph
GT,t = ηh

GTPg
GT,t (19) 

Pg
GB,min ≤Pg

GB,t ≤ Pg
GB,max (20) 

Pg
GT,min ≤Pg

GT,t ≤ Pg
GT,max (21) 

2.5. Model of the AC and EC

The system's cooling equipment primarily comprises the EC and AC. 
The AC utilizes waste heat recovered from the GT, GB, EL, and FC to 
drive its cooling process, which enhances multi-energy complemen
tarity. The EC, in contrast, operates via electric refrigeration to supply 
cooling loads as required, thereby helping to maintain the overall energy 
balance of the system. The operation of both chillers is subject to the 
following constraints: 

Pc
EC,t = ηc

ECPe
EC,t (22) 

Pc
AC,t = ηc

ACPh
AC,t (23) 

0≤Pe
EC,t ≤ Pe

EC,max (24) 

0≤Ph
AC,t ≤ Ph

AC,max (25) 

Fig. 2. The synergistic HCPS module.
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2.6. Model of the HES and BES

The coordinated operation of the BES and HES allows different 
components within the IES to compensate for their individual limita
tions, thereby enhancing the utilization of renewable generation and 
improving overall system efficiency. Despite their different physical 
principles, both BES and HES can be described by generic energy storage 
models based on energy balance and operational state transitions, as 
formulated below: 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

SOCX,t = EX,t
/
EX,max

EX,t = EX,t− 1 + ηX,chPX,ch,t − PX,dis,t
/

ηX,dis
PX,ch,min ≤ PX,ch,t ≤ uX,chPX,ch,max
PX,dis,min ≤ PX,dis,t ≤ uX,disPX,dis,max
0 ≤ uX,ch + uX,dis ≤ 1
EX,min ≤ EX,t ≤ EX,max
EX,T = EX,0

(26) 

2.7. Carbon trading model

Carbon emissions within the IES primarily stem from two sources: 
indirect emissions from purchased electricity and direct emissions from 
the combustion of natural gas in the GT and GB. The total system carbon 
emissions CCO2

sys,t are calculated as follows: 

CCO2
sys,t =CCO2

GT,t + CCO2
GB,t + CCO2

grid,t − CCO2
CCUS,t (27) 

CCO2
GT,t = ηCO2

GT Pg
GT,t (28) 

CCO2
GB,t = ηCO2

GB Pg
GB,t (29) 

CCO2
grid,t = ηCO2

grid Pe
grid,t (30) 

Following the common practice in the Chinese carbon market, the 

initial emission allowance Ĉ
CO2

sys,t is allocated through a benchmark 
approach [38,39]. The allocated allowance is determined based on the 
system's energy output and a predefined carbon emission benchmark, as 
modeled by the following equation: 

Ĉ
CO2

sys,t = Ĉ
CO2

GT,t + Ĉ
CO2

GB,t + Ĉ
CO2

grid,t (31) 

Ĉ
CO2

GT,t = η̂CO2
GT Pg

GT,t (32) 

Ĉ
CO2

GB,t = η̂CO2
GB Pg

GB,t (33) 

Ĉ
CO2

grid,t = η̂CO2
grid Pe

grid,t (34) 

3. Capacity configuration model of the IES

3.1. Objective function

A low-carbon optimal configuration model for the IES to optimize 
both economic and environmental performance is established. The 
model formulates the optimization objective and operational constraints 
while accounting for uncertainties in wind and photovoltaic power 
output. The total cost (TC) comprises five components: energy ordering 
cost (EOC), equipment maintenance cost (EMC), energy curtailment cost 
(ECC), daily average investment cost (AIC), and carbon emission cost 
(CEC). The objective function minimizes the total cost, which includes 
the first-stage annualized investment cost and the expected second-stage 
operational cost under uncertainty. Let F(x, ẽ) represent the minimum 
operational cost of the second-stage problem, which depends on the 
first-stage investment decisions x and the realization of uncertainty ẽ. 
The distribution of ̃e belongs to a Wasserstein ambiguity set to model the 
worst-case scenario. Thus, the overall objective function is formulated as 
follows: 

min TC=min
{

EOC+ EMC+ ECC+AIC+CEC+ sup
P̃∈Φ

EP̃[F(x, ẽ)]
}

(35) 

EOC=
∑T

t=1

[
ce

gridP
e
grid + cg

buyP
g
buy

]
Δt (36) 

EMC=
∑Y

y=1

∑T

t=1
cEMC,yPyΔt (37) 

ECC=
∑T

t=1

[
ce

pv,ceP
e
pv,ce + ce

wt,ceP
e
wt,ce

]
Δt (38) 

AIC= 1/
Nday

∑Z

z=1

r(1 + r)μz

(1 + r)μz − 1
czWz (39) 

CEC=
∑T

t=1
cCO2

sys

[
CCO2

sys,t − Ĉ
CO2

sys,t

]
Δt (40) 

3.2. Constraints

Beyond the component-specific operational constraints presented in 
Section 2, the system must satisfy a set of energy balance constraints. 
These include the balance constraints for power, thermal energy, natural 
gas, hydrogen, and cooling energy. These constraints are formulated as 
follows:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pe
grid,t + Pe

PV,t + Pe
WT,t + Pe

FC,t + Pe
GT,t + Pe

BES,dis,t = Pe
EL,t + Pe

EC,t + Pe
CCUS,t + Pe

BES,ch,t + Pe
load,t

Ph
TR,t + Ph

GB,t + Ph
GT,t = Ph

AC,t + Ph
load,t

Pg
buy,t + Pg

MR,t = Pg
GT,t + Pg

GB,t

PH2
EL,t + PH2

HES,dis,t = PH2
FC,t + PH2

MR,t + PH2
HES,ch,t + PH2

load,t

Pc
AC,t + Pc

EC,t = Pc
load,t

(41) 
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4. Construction of wind-solar uncertainty set and DRO model 
solution

4.1. Modeling of wind and solar uncertainty

Wind and photovoltaic power generation are the primary energy 
sources for the IES. Wind power uncertainty originates from stochastic 
fluctuations in wind speed and direction, which directly cause vari
ability in the power output. Similarly, photovoltaic output uncertainty is 
primarily driven by solar irradiance, which is subject to variations due to 
factors including cloud cover, seasonal and diurnal cycles, and 
geographical location. The inherent unpredictability of the WT and PV 
power output poses a major challenge to the stable and reliable opera
tion of the IES. To address these challenges, this paper employs a two- 
stage DRO model, which utilizes an ambiguity set constructed via the 
Wasserstein distance to characterize the uncertainties associated with 
wind and photovoltaic power generation.

The direct use of raw historical data to construct the ambiguity set 
would incur a substantial computational burden, thereby reducing the 
model's solution efficiency. Consequently, an improved K-means clus
tering method is adopted to generate typical scenarios s for the WT and 
PV output ê, along with their corresponding probabilities ps. This set of 
scenarios and probabilities constitutes the empirical distribution P̂ 
within the ambiguity set, achieving significant data reduction while 
preserving representative scenarios. This method features two core im
provements: the selection of initial cluster centers and the convergence 
criterion. Unlike the traditional K-means algorithm that randomly se
lects initial centers, this method employs a progressive distance opti
mization strategy. After randomly selecting the first center K1, each 
subsequent center Kn is chosen as the data point that maximizes the sum 
of distances to all previously selected centers, resulting in a more 
dispersed and representative initial distribution. For the convergence 
criterion, the algorithm terminates when the change in the clustering 
error between consecutive iterations falls below a specified threshold H. 
The clustering error is defined as the sum of squared distances between 
each data point and its assigned cluster center. This method, which re
places traditional ones based on center stability or a fixed iteration 
count, collectively reduces the algorithm's sensitivity to initialization, 
mitigates the risk of local optima, and enhances the stability and con
sistency of the clustering results. Using the aforementioned clustering 
method, typical scenarios for the WT and PV historical data are gener
ated separately. Assuming k1 and k2 are the number of clusters for the 
wind speed and solar irradiance (which are subsequently transformed 
into power generation outputs via mathematical models of WT and PV), 
the total number of typical scenarios S is given by S = k1 × k2.

In terms of probabilistic metrics, Wasserstein balls provide mean
ingful, data-driven confidence guarantees: their radius can be calibrated 
based on sample size and confidence level to yield rigorous out-of- 
sample performance bounds, while accommodating both discrete and 
continuous distributions—making them suitable for real-world data- 
generating processes. In contrast, KL divergence cannot include 
continuous true distributions when centered at an empirical distribution 
and thus fails as a valid confidence set, while moment-based ambiguity 
sets, though computationally simpler, struggle to reliably estimate high- 
order moments from finite samples and lack comparable finite-sample 
performance guarantees [40].

The ambiguity set, constructed using the Wasserstein distance, is 
defined as the set of all probability distributions whose Wasserstein 
distance to the empirical distribution P̂ is within a constant threshold θ. 
This set is designed to contain a family of plausible true distributions, 
including the worst-case distribution that maximizes the expected cost. 
The integral form of the Wasserstein probability distance is defined as 
follow [41]. 

W(P̂, P̃)=

[

inf
Q∈Q (P̂,P̃)

∫

ρ(ê, ẽ)Q(dê,dẽ)

]

(42) 

Furthermore, the Wasserstein distance can be expressed in an 
expectation form as: 

W(P̂, P̃)=

{

inf
Q∈Q (P̂,P̃)

EQ[ρ(ê, ẽ)]
}

(43) 

where inf( ⋅) is the infimum function. Q (P̂, P̃) is the set of all joint dis
tributions with marginals P̂ and P̃. EQ( ⋅) is the expectation under the 
joint distribution Q. ρ( ⋅) is the ground distance of the Wasserstein metric 
and often chosen as a norm. ê = {ê1, ê2, ..., êt , ..., êT} is a vector of the 
empirical distribution over the scheduling horizon T. ̃e = {ẽ1, ẽ2, ..., ẽt , ..

., ẽT} is the corresponding random vector from the true distribution.
Then, the Wasserstein ambiguity set is then defined as a "ball" of 

distributions centered at the empirical distribution P̂ with radius θ. 

Ω : {P̃∈R(Ξ)|W(P̂, P̃)≤ θ(N)} (44) 

where R(Ξ) is the set of all probability distributions supported on Ξ. The 
radius θ(N) is typically a function of the sample size N and a confidence 
level, satisfying lim

N→+∞
θ(N) = 0. This ensures that the empirical distri

bution converges to the true distribution as more data becomes avail
able, guaranteeing the asymptotic consistency of this data-driven 
approach.

For computational tractability, the theoretically infinite-dimensional 
ambiguity set Ω is often approximated by a finite one based on the S 
generated typical scenarios. This reformulation leverages a scenario- 
wise conditional distribution and support set to capture the uncer
tainty structure. The detailed mathematical formulation of this data- 
driven ambiguity set F W(θ) is given by Eq. (45), where the key idea 
is to constrain the expected ground distance for each scenario. The 
probabilities ps define the center of the Wasserstein ball. They represent 
the weights of the typical scenarios derived from the improved K-means 
clustering. The radius θ appears on the right-hand side of the inequality 
constraint. This constraint explicitly enforces that the total Wasserstein 
distance between the true distribution and the empirical distribution 
must not exceed the radius θ. 

F W(θ) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

P̃ ∈ Φ
(
RT+1 × [S]

)

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

[(ẽWT , ṽWT), s̃] ∼ P̃
[(ẽPV , ṽPV), s̃] ∼ P̃
EP̃ [̃vWT |̃s ∈ [S]] ≤ θ
EP̃ [̃vPV |̃s ∈ [S]] ≤ θ
P̃[(ẽWT, ṽWT) ∈ Ξs |̃s = s] = 1,∀s ∈ [S]
P̃[(ẽPV , ṽPV) ∈ Ξs |̃s = s] = 1, ∀s ∈ [S]
P̃[̃s = s] = ps, ∀s ∈ [S]

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎭

(45) 

Where ̃eWT and ̃ePV are the true values of the WT and PV output. ̃vWT and 
ṽPV are auxiliary random variables. Φ represents the set of true distri
butions P̃. ̃s is the scenario index variable. Ξs is the support set for sce
nario s is defined as: 

Ξs =
{
(ẽ, ṽ) ∈RT+1|ê ≤ ẽ≤ ê, ρ(ês, ẽ)≤ ṽ

}
, s ∈ [S] (46) 

Where ê and ê are the vectors of minimum and maximum values of the 
empirical values, respectively. ês represents the s-th scenario of the 
empirical value.

The ambiguity set, governed by the radius θ, encapsulates a family of 
distributions that are plausible given the empirical data. The corre
sponding distributionally robust optimization model is formulated to be 
immunized against the worst-case distribution within this set, thereby 
ensuring system reliability under uncertainty. The radius θ directly 
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controls the conservativeness of the model. By tuning θ, the decision- 
maker can constrain the size of the ambiguity set, thereby balancing 
the robustness of the solution against its economic performance. 
Consequently, the Wasserstein ambiguity set provides a principled and 
data-driven framework to effectively capture uncertainty while main
taining computational tractability, even in systems with multiple 
interdependent uncertain sources, including the IES with wind and 
photovoltaic power generation.

4.2. Transformation and solution of the two-stage DRO model

In the proposed capacity configuration model, the maximum 
allowable power in the energy storage operational constraints (Eq. (26)) 
depends on the capacity configuration. Therefore, it functions as a 
continuous decision variable rather than a fixed parameter. Conse
quently, the operational constraint involves a nonlinear term. Taking the 
discharging state as an instance, this nonlinearity arises from the 
product of the binary status variable uX,dis and the continuous capacity 
variable PX,dis,max. To linearize this bilinear term, we introduce an 
auxiliary continuous variable P̃X,dis and employ the Big-M method. The 
original nonlinear constraint is reformulated into the following set of 
mixed-integer linear inequalities: 
⎧
⎪⎪⎨

⎪⎪⎩

P̃X,dis = uX,disPX,dis,max

P̃X,dis ≤ PX,dis,max

P̃X,dis ≤ MuX,dis

P̃X,dis ≥ PX,dis,max − M
(
1 − uX,dis

)

(47) 

where M is a sufficiently large constant (set to 106 in this study). The 
charging process of the energy storage systems, as well as the opera
tional constraints of the FC and EL (Eqs. (7) and (8)), involve identical 
bilinear non-linear terms (products of binary operational status vari
ables and continuous capacity decision variables). These terms are 
linearized using the same Big-M formulation strategy as derived above 
and are therefore not repeated here for brevity.

The overall two-stage DRO model for IES configuration can be 
summarized in the following compact form: 
{

min
x

cTx + sup
P̃∈F W

EP̃[F(x, ẽ)]

s.t. Ax ≤ b
(48) 

While the Wasserstein ambiguity set effectively captures the 
spatiotemporal correlations of uncertainties, it renders the resulting 
DRO model computationally intractable for direct solution. To address 
this, we incorporate a linear affine policy. This policy explicitly pa
rameterizes the second-stage decisions y as affine functions of the un
certainties. This re-parameterization preserves the correlation structure 
and enables a tractable reformulation. 

y(x, ẽ)=x+α⊙ ẽWT + β ⊙ ẽPV (49) 

Where y is the second-stage decision variables. x is the first-stage deci
sion vector. α and β are the affine adjustable parameters, respectively.

Consequently, the second-stage objective function and its corre
sponding constraints can be expressed as: 
{

F(x, ẽ) = min
x

dTy(x, ẽ)
s.t. Ey ≤ q(ẽ)

(50) 

To solve this model, it is reformulated based on strong duality theory. 
According to this theory, the worst-case expectation sup

P̃∈Φ

EP̃[F(x, ẽ)] in the 

model's objective function can be expressed as [42]: 

sup
P̃∈Φ

EP̃[F(x, ẽ)] = inf
γ≥0

{

γθ+
∑S

s=1
sup
ẽ∈Ξ

ps[F(x, ẽ) − γ‖ẽ − ês‖]

}

(51) 

where, γ is the dual variable related to inf
Q∈Q (P̂,P̃)

{EQ[ρ(ê, ẽ)]} ≤ θ in Φ.

Substituting Eq. (51) into Eq. (48), the configuration optimization 
model can be equivalently written as: 
⎧
⎪⎪⎨

⎪⎪⎩

min
x

cTx + γθ +
∑S

s=1
sup
ẽ∈Ξ

ps[F(x, ẽ) − γ‖ẽ − ês‖]

s.t. Ax ≤ b
Ey(x, ẽ) ≤ q(ẽ), ∀ẽ ∈ Ξ

(52) 

The objective function still contains a min-max problem, making it 
difficult to solve directly. Therefore, an auxiliary variable ξs for each 
scenario s is introduced, transforming the above expression into the 
following form [43]: 

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

min
x

cTx + γθ +
∑S

s=1
psξs

s.t. sup
ẽ∈Ξ

[F(x, ẽ) − γ‖ẽ − ês‖] ≤ ξs,∀s ∈ [S]

Ax ≤ b
Ey(x, ẽ) ≤ q(ẽ), ∀ẽ ∈ Ξ

(53) 

Because F(x, ẽ) is a convex function with respect to ẽ, the optimal 
solution of sup

ẽ∈Ξ

[F(x, ẽ) − γ‖ẽ − ês‖] is necessarily attained at one of the 

boundary values (either the lower or upper limit) of the random vari
able's domain [44]. Furthermore, the model can be represented as: 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min
x

cTx + γθ +
∑S

s=1
psξs

s.t. γ ≥ 0
Ax ≤ b
dTy(x, ês) ≤ ξs,∀s ∈ [S]
dTy(x, ê) − γ1Tρ(ê, ês) ≤ ξs,∀s ∈ [S]
dTy(x, ê) + γ1Tρ(ê, ês) ≤ ξs,∀s ∈ [S]
Ey(x, ê) − q(ê) ≤ 0
Ey(x, ê) − q(ê) ≤ 0

(54) 

The formulation involves continuous and discrete decision variables, 
with both the objective function and constraints being linear functions 
of these variables. Thus, the original two-stage distributionally robust 
optimization model is transformed into a MILP model, which can be 
solved directly by commercial solvers.

In summary, the proposed system configuration optimization 
framework comprises three key steps. First, scenario reduction tech
niques are applied to historical WT and PV data to generate a finite set of 
typical scenarios forming the empirical distribution, which is used to 
construct a data-driven ambiguity set via the Wasserstein metric. Sec
ond, a two-stage DRO framework is constructed. The first stage then 
determines the optimal capacity investment and a nominal operational 
schedule, based on forecast data to maximize economic efficiency. In the 
second stage, the adjustment actions are optimized against the worst- 
case distribution within the ambiguity set, ensuring system feasibility 
and cost-effectiveness even under extreme renewable generation sce
narios. The linear affine policy is central to this, enabling flexible device 
operation that responds to uncertainty realizations, contingent on the 
first-stage capacity decisions. Finally, the entire model is rendered 
computationally tractable through a series of transformations: the Big-M 
method linearizes bilinear terms, strong duality theory reformulates the 
worst-case expectation, and the affine policy parameterizes the adjust
ment decisions, leading to a final MILP problem solvable by commercial 
optimizers. The entire modeling and solution process is summarized in 
Fig. 3.

5. Case study and result analysis

This section begins with the data description and comparative case 
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study to evaluate the technical and economic benefits of integrating 
CCUS and hydrogen utilization technologies within the IES optimal 
configuration framework. Subsequently, we analyze the multi-energy 
complementary scheduling strategies among different energy flows 
under fluctuating renewable generation, highlighting the system's 
operational flexibility. Furthermore, a sensitivity analysis is performed 
on key algorithmic parameters, particularly the radius θ of the Wasser
stein ball, to assess the trade-off between robustness and economics in 
the proposed DRO approach. Finally, the proposed Wasserstein-metric- 
based DRO model is benchmarked against traditional stochastic pro
gramming and robust optimization methods to demonstrate its superior 
balance of solution robustness and computational efficiency for IES 
applications.

All simulations and optimization models are implemented in 

MATLAB R2022b and solved using the Gurobi 10.0.1 solver via the 
RSOME modeling toolbox [45]. The computations were performed on a 
computer equipped with an Intel Core i5-12500H CPU (2.50 GHz) and 
16 GB of RAM.

5.1. Data description

A model-based case study is conducted to evaluate the performance 
of the proposed IES optimal configuration method integrating CCUS and 
hydrogen utilization. The model encompasses multiple energy flows 

Fig. 3. The framework of modeling and solving procedure.

Table 1 
Technical parameters of the equipment.

Parameters Value Parameters Value

ηH2
EL ,ηh

EL 0.7/0.27 ηc
EC 4

ηg
MR, ηCO2

MR 0.8/0.165 ηc
AC 1.3

ηe
FC,ηh

FC 0.7/0.27 ηBES,ch,ηBES,dis 0.95/0.95

ηCO2
CCUS

3.8 EBES,min,EBES,max 0.1/0.9

ηh
GB,η

CO2
GB

0.9/230 ηHES,ch,ηHES,dis 0.9/0.9

ηe
GT ,ηh

GT ,η
CO2
GT

0.35/0.5/230 EHES,min ,EHES,max 0.1/0.9

Table 2 
Economic parameters of the equipment.

Equipment Installation cost(CNY/kW) Maintenance cost(CNY/kWh)

PV 4200 0.024
WT 5200 0.017
EL 7000 0.012
MR 1000 0.02
FC 3500 0.012
CCUS 1200 0.01
GB 2300 0.016
GT 2300 0.029
EC 2370 0.018
AC 1600 0.016
BES 2000 0.01
HES 2500 0.01

Z. Wang et al.                                                                                                                                                                                                                                   Energy 347 (2026) 140331 

8 



(electricity, heat, natural gas, hydrogen, and cooling) with distinct units. 
To ensure consistency and accuracy in the optimization, all relevant 
parameters were converted to a unified energy basis. The technical pa
rameters of the energy conversion devices, compiled from publicly 
available project data and equipment specifications, are summarized in 
Table 1.

A time-of-use electricity price mechanism is implemented for the IES. 
The prices are 0.48 CNY/kWh (off-peak: 00:00–07:00, 23:00–24:00), 
0.88 CNY/kWh (mid-peak: 08:00–11:00, 15:00–18:00), and 1.1 CNY/ 
kWh (on-peak: 12:00–14:00, 19:00–22:00). The natural gas price is 3.89 
CNY/m3, with a calorific value equivalent to approximately 0.35 CNY/ 
kWh. The project economic assumptions include a system lifetime of 20 
years and a discount rate of 8%. Economic parameters for equipments 
are listed in Table 2. Note that the installation costs for renewable en
ergy generation (i.e., PV and WT) are parameterized based on compre
hensive EPC prices for coastal projects in Zhejiang (ca. 2023). These 
values incorporate necessary premiums for structural hardening (e.g., 
typhoon-resistant mounting) and anti-corrosion treatments required to 
ensure system reliability in harsh coastal environments [46,47]. For the 
CCUS system, the levelized cost of carbon capture is estimated to be 
approximately 400 CNY/ton, which covers investment, energy con
sumption, and solvent degradation [48].

5.2. Construction of historical uncertain scenarios

This study employs one year of hourly wind speed and solar irradi
ance data from a coastal demonstration project in Zhejiang, China, as 
shown in Fig. 4. This dataset is used to derive the empirical distribution 
for the Wasserstein ambiguity set.

First, we evaluated several commonly used clustering algorithms 
(using the same original dataset), introducing four performance metri
cs—relative error (RE), root mean square deviation (RMSD), silhouette 
coefficient (SC), and computation time—to assess the feasibility of our 
proposed method for large-scale engineering applications. The results 
are presented in Table 3.

The experimental results show that K-Shape achieves the best fitting 
accuracy (in terms of RE and RMSD), but its computational cost is nearly 
four times that of our proposed method. In contrast, standard K-means is 
the fastest (approximately 2 s) but yields the poorest accuracy and 
clustering quality (SC). The improved K-means algorithm proposed in 
this paper achieves the best overall trade-off: it attains the highest 
clustering quality (SC), delivers fitting accuracy nearly on par with K- 
Shape (e.g., the RE for WT differs by only about 0.8%), and maintains 

computational efficiency (approximately 2.5 s) comparable to that of 
standard K-means. Consequently, for IES scenario reduction tasks—
where a balance among accuracy, clustering reliability, and computa
tional efficiency is essential—the proposed improved K-means 
algorithm demonstrates superior engineering applicability.

Based on the improved K-means clustering method, the historical 
data of wind speed and solar irradiance variations are clustered and 
reduced, generating 4 scenarios each for WT and PV power generation. 
Consequently, the ambiguity set contains a total of 16 combined sce
narios. The historical maximum and minimum values are selected as 
boundaries to represent the uncertainty envelope of the historical 
renewable energy data. The generated wind and solar scenarios and 
their corresponding probabilities are shown in Figs. 5 and 6, respec
tively. The wind power scenarios exhibit significant variability and 
intermittency, which is characteristic of coastal regions. The four sce
narios capture distinct patterns, reflecting the unpredictable nature of 
the wind resource. In contrast, the solar irradiance intensity clearly 
follow the expected diurnal pattern. While all scenarios share a common 
shape—rising through the morning, peaking at midday, and declining in 
the afternoon—they differ in the ramp rates and peak magnitudes, 
effectively representing a range of typical solar generation days. 
Furthermore, the scenario probabilities generated by the clustering al
gorithm align with its effectiveness. Higher-probability scenarios lie 
closer to the cluster centers, representing the most prototypical patterns 
of renewable generation. Conversely, lower-probability scenarios are 
more dispersed, capturing rare but plausible outlier conditions, such as 
those during extreme weather events. These results collectively 
demonstrate that the improved K-means method effectively generates a 
representative set of scenarios for both wind and solar power. The 
resulting scenarios and their probabilities realistically capture the key 
characteristics and uncertainties of renewable generation, thereby 
providing a high-quality, data-driven foundation for the subsequent 
Wasserstein-based distributionally robust optimization.

5.3. Analysis of configuration optimization and economic performance

This subsection analyzes the configuration results and economic 
benefits of the proposed IES under different technology integration 
cases, based on the established WT and PV scenarios.

5.3.1. Case settings
To validate the benefits of the proposed framework, four cases are 

defined. 

Case 1. A basic IES without the P2G, CCUS, and FC.

Case 2. The IES with hydrogen utilization (including the EL and FC).

Case 3. The IES with the HCPS module, operating under a partial 
carbon recycling strategy.

Case 4. The IES with the HCPS module, operating under a full carbon 
recycling strategy.

Case 1 represents a typical Integrated Energy System structure and 
serves as the benchmark for the configuration optimization results. Case 
2 introduces a hydrogen energy loop by integrating an electrolyzer and a 
fuel cell. Cases 3 and 4 both incorporate the proposed HCPS module. The 
critical distinction is their carbon management strategy: Case 3 employs 
partial carbon capture and recycling, balancing economic and environ
mental objectives, whereas Case 4 enforces complete carbon recycling to 
achieve a zero-carbon operational target.

5.3.2. Capacity configuration analysis
The optimal equipment capacities for all cases are shown in Fig. 7. 

Case 1, lacking hydrogen utilization and carbon management, is not 
equipped with the FC, MR, and CCUS system. Due to constrained power 
and heat generation options and limited hydrogen absorption capacity, 

Fig. 4. Actual IES case from a demonstration project in the coastal area of 
Zhejiang, China.
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Table 3 
The performance of different clustering algorithms.

Method K-means K-medoids K-shape Proposed

WT PV WT PV WT PV WT PV

RE (%) 15.33 11.51 12.61 10.82 9.45 7.53 10.20 9.19
RMSD 0.121 0.045 0.087 0.033 0.069 0.032 0.083 0.035
SC 0.45 0.54 0.52 0.58 0.58 0.61 0.62 0.65
Computation time (s) 2.1 1.8 7.3 6.8 11.4 10.2 2.5 2.6

Fig. 5. Wind speed scenario construction and corresponding probabilities.

Fig. 6. Solar irradiance scenario construction and corresponding probabilities.
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the solution necessitates larger capacities for the GT, GB, and AC, while 
the EL capacity remains relatively small. The introduction of hydrogen 
energy in Case 2 fundamental alters the capacity configuration logic 
through an energy substitution mechanism. The FC provides an alter
native pathway for power and heat supply, effectively substituting part 
of the traditional fossil-fuel-based generation. Consequently, compared 
to Case 1, the configured capacities of the GT and GB in Case 2 decrease 
by 13.6% and 12.9%, respectively. The integration of the HCPS module 
in Case 3 further highlights the trade-off between equipment investment 
and system flexibility. While the inclusion of the CCUS and MR enables 
carbon recycling, it introduces complex energy coupling that requires 
robust buffering. As a result, the capacity of the BES in Case 3 increases 
significantly by 76.7% compared to Case 2. This substantial increase 

indicates that the HCPS-integrated system prioritizes higher investment 
in flexibility resources (like BES) to accommodate the volatility of 
renewable energy and the operational constraints of carbon capture, 
thereby achieving the optimal balance between decarbonization and 
system stability. Case 4, which mandates full carbon recycling, requires 
an 87.5% larger CCUS system compared to Case 3. This comes at the 
expense of reduced capacities for the BES, EL, and FC, reflecting the 
stringent investment trade-offs under a zero-carbon constraint.

Fig. 8 and Table 4 present the optimized results for various cost 
components under the different cases. Although Case 1 incurs the lowest 
investment cost due to its minimal equipment portfolio, its limited 
flexibility leads to poor renewable energy integration, resulting in the 
highest wind and solar curtailment cost. The integration of the FC in 
Case 2 enhances the utilization efficiency of hydrogen and waste heat, 
thereby reducing the energy purchasing cost, curtailment cost, and daily 
operating cost. Nevertheless, the absence of carbon management in 
Cases 1 and 2 results in substantially higher carbon emission costs. In 
contrast, Cases 3 and 4 demonstrate remarkable improvements in energy 
efficiency and environmental performance. Compared to Case 1, their 
wind and solar curtailment costs decrease by 82.8% and 84.2%, 
respectively, while carbon emission costs drop by 43% and 76%. How
ever, these environmental gains come with higher total costs due to the 
significant investment and operation expenses of CCUS-related equip
ment. A comparison between Cases 3 and 4 reveals a critical trade-off. 
Case 4 prioritizes environmental performance, achieving zero direct 
carbon emissions but with a higher total cost. Case 3, by tolerating a 
small amount of emissions, strikes a superior balance, reducing the total 
daily cost by 2.3% compared to the Case 1 while still delivering signif
icant carbon reductions. This demonstrates the economic-environmental 
co-benefits of the proposed low-carbon IES configuration with HCPS 
module.

5.4. Scheduling results analysis

Fig. 9(a)–(e) depict the optimized dispatch schedules for multiple 
energy carriers in case 3. The electrical power balance shows that the 
WT and PV are the primary energy sources, supplemented by the FC and 
GT as auxiliary generation units, collectively supplying power to the EC, 
CCUS system, and electrical load. During the peak electricity con
sumption period from 18:00 to 21:00, electricity is purchased from the 
main grid to ensure supply reliability. Conversely, during periods of 
excess generation, power is primarily directed to the EL for hydrogen 
production, thereby enhancing the overall energy efficiency. Regarding 
the hydrogen balance, the hydrogen load primarily considers daytime 
demands such as fuel cell vehicles. The EL produces hydrogen to meet 
the hydrogen load from 06:00 to 20:00. Excess hydrogen produced 
during other periods is directed to the FC and MR. The HES ensures the 
hydrogen balance through flexible hydrogen charging and discharging 
operations. The demand for natural gas by the GB and GT is relatively 
high and is largely met through external purchases. However, the 

Fig. 7. The IES capacity configuration results.

Fig. 8. System configuration optimization results under different cases.

Table 4 
Cost components of system configuration optimization under different cases.

Case TC(CNY) AIC 
(CNY)

EOC 
(CNY)

EMC 
(CNY)

CEC 
(CNY)

ECC 
(CNY)

1 20895.67 6020.63 11227.37 1391.09 1811.14 445.45
2 20412.19 6088.75 10838.91 1377.46 1740.54 366.53
3 20410.95 6743.17 11081.92 1475.95 1033.08 76.83
4 20809.55 6710.18 12099.78 1493.85 435.34 70.41
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Fig. 9. Optimal dispatch results for (a) electrical power, (b) hydrogen, (c) natural gas, (d) thermal energy, (e) cooling energy.
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synergistic operation of the CCUS and MR enables internal production of 
a portion of the natural gas via carbon recycling. This establishes a 
closed-loop "capture–conversion–reutilization" cycle for the carbon 
emissions from the GT and GB, significantly advancing system decar
bonization. The thermal load is primarily met by the GT and GB, with 
waste heat recovery from the FC and EL serving as a supplementary 
source. For cooling, the EC is dispatched first due to its higher economic 
efficiency (fewer energy conversion steps), while the AC supplies the 
remainder. The dispatch strategies for the battery and hydrogen storage 
systems differ fundamentally. The BES, leveraging its rapid response 
capability, undergoes frequent charge/discharge cycles to maintain real- 
time power balance. In contrast, the HES capitalizes on its long-duration 
storage capability, operating with fewer start-stop cycles over longer 
periods, which is characteristic of the EL and FC.

The state of charge (SOC) profiles for both storage systems across the 
four cases are compared in Fig. 10 to further elucidate the role of hybrid 
hydrogen-electric energy storage. A horizontal comparison of the 
dispatch results from Case 1 to Case 4 reveals a consistent charging and 
discharging strategy for the BES across the cases. During the night 
(00:00–05:00), when renewable generation and system load are low, the 
BES charges and discharges to maintain system power balance. In the 
early morning (06:00–09:00), as load demand increases, the BES dis
charges rapidly to meet the demand. Increased renewable generation 
during the midday to afternoon period allows the BES to charge. Sub
sequently, during the evening peak (19:00–22:00), when various load 
demands surge sharply, the BES discharges again to supply power to the 
system. Notably, Cases 3 and 4, with their larger configured BES ca
pacities, demonstrate superior regulation capability due to the enhanced 
flexibility afforded by the HCPS module. The configured capacity of the 
HES is identical across all four cases, and each case can release hydrogen 
to supply the system during the evening peak period. During nighttime 
hours, Cases 2 to 4 can frequently charge and discharge hydrogen to 
support the system, whereas Case 1, lacking hydrogen conversion 
equipment, participates minimally in dispatch, demonstrating insuffi
cient flexibility. A critical difference emerges during daytime hours. The 
HES in Cases 1 and 2 remains nearly full, indicating no available margin 
for additional hydrogen storage. In contrast, Cases 3 and 4 maintain a 
substantial buffer, allowing for further charging. This indicates that the 
HCPS in Cases 3 and 4, by consuming hydrogen for carbon recycling, 

creates higher hydrogen energy throughput and thus achieves superior 
overall energy utilization efficiency. Therefore, the coordinated opera
tion of the hybrid hydrogen-electric energy storage successfully lever
ages the complementary characteristics of both technologies. Crucially, 
the scheduling results highlight the unique hydrogen-carbon coupling 
characteristics of the proposed HCPS module. Unlike decoupled systems 
where power shortages merely lead to load shedding or purchasing 
electricity, a shortage of green hydrogen in this system directly in
terrupts the methanation process (MR), breaking the internal carbon 
recycling loop. The substantial buffer observed in the HES of Case 3 and 
4 is not merely for energy arbitrage, but serves as a vital 'material buffer' 

Fig. 10. Hybrid hydrogen-electric energy storage dispatch optimization results, (a) SOC of BES, (b) SOC of HES.

Fig. 11. System configuration optimization costs for different algo
rithmic models.
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to ensure the continuity of the chemical carbon fixation process against 
renewable volatility.

5.5. Methods comparison

5.5.1. Algorithmic performance comparison
To demonstrate the superiority of the proposed Wasserstein-based 

DRO model over RO and stochastic optimization (SO) and to systemat
ically validate its effectiveness, a comprehensive comparative analysis is 
conducted from three perspectives—economic performance, opera
tional robustness, and computational efficiency—through the estab
lishment and evaluation of three distinct models for the IES. 

Model 1. The proposed method using the Wasserstein ambiguity set.

Model 2. A RO method employing a budget uncertainty set [49].

Model 3. A SO method that uses clustered historical scenarios as the 
true distribution [50].

Simulation results indicate significant differences in the total cost 
and cost structure among the different optimization methods, as shown 
in Fig. 11. Although Model 3 achieves the lowest total cost, this result is 
critically dependent on the assumption of accurate probability distri
butions, leading to insufficient reliability in practical uncertain envi
ronments. In contrast, the proposed Model 1 incurs a total cost only 
0.59% above Model 3, while outperforming Model 2 with a total cost 
0.57% lower. More importantly, Model 1 demonstrates superior per
formance in key operational and environmental metrics. Its wind and 
solar curtailment cost is 7.1% and 25.1% lower than that of Model 2 and 
Model 3, respectively, demonstrating its superior capability to handle 
renewable volatility and enhance utilization. Simultaneously, Model 1
attains the lowest carbon emission cost, 2.1% below that of Model 2, 
underscoring its better environmental performance.

This comparison reveals the specific application value of the DRO 
framework for the rigid hydrogen-carbon coupling constraint, where the 
stability of the downstream carbon cycle relies heavily on the upstream 
renewable supply. Model 3 (SO), by prioritizing average scenarios, fails 
to account for tail risks; under extreme low-wind conditions, it lacks 
sufficient hydrogen reserves to sustain the methanation reactor, leading 
to the interruption of the carbon recycling loop and a spike in emissions. 
Conversely, Model 2 (RO) adopts an overly conservative boundary 
approach, resulting in economically prohibitive capacity investments 
and excessive grid reliance. Model 1 (DRO) effectively resolves this 
dilemma by identifying the worst-case probability distribution that 
specifically threatens the material flow continuity. By incorporating this 
distributional information, it inherently configures a precise 'safety 
margin' for the electrolyzer and hydrogen storage—neither as danger
ously thin as Model 3 nor as wasteful as Model 2. Therefore, the DRO 
serves not merely as a cost-optimization tool, but as a necessary reli
ability guarantee for maintaining the continuous operation of the in
ternal carbon recycling loop under uncertainty.

5.5.2. Influence of Wasserstein radius
A sensitivity analysis is conducted to examine the impact of the 

Wasserstein ball radius θ on the total system cost in the proposed DRO 
model (Model 1). Based on our engineering experience, we selected a 
series of values of θ. The calculation results are shown in Fig. 12 and 
Table 5. When θ = 0, the ambiguity set contains only the empirical 
distribution causing the DRO model to degenerate into a SO model 
equivalent to Model 3. This represents an overly optimistic strategy that 
minimizes cost under the nominal distribution but offers no robustness 
guarantee. As the θ increases, the optimal cost of Model 1 increases 
monotonically and approaches that of the classical RO (Model 2), 
reflecting an increasingly conservative and risk-averse decision stance. 
Therefore, the radius θ provides a crucial tuning parameter for decision- 
makers to effectively navigate the trade-off between economic perfor
mance (low θ) and operational robustness (high θ).

Due to the model structure and optimization mechanism, increasing 
θ implies that the decision-maker considers a broader range of more 
adverse probability distributions; consequently, during the optimization 
process, the system tends to select technology portfolios and capacity 
configurations that remain feasible across a wider spectrum of uncer
tainty. Essentially, θ directly influences the planning and operation 
outcomes of the IES by adjusting the decision-maker's perceived 
boundary of distributional uncertainty, thereby providing a qualitative 
basis for tuning decisions—from risk tolerance to investment 
orientation.

5.5.3. Influence of sample sizes
Fig. 13 demonstrates the effect of historical data volume on the 

optimization results and computation time for Model 1 and Model 3. As 
the sample size increases, the total cost for both models gradually de
clines, indicating that a larger number of samples enhances decision- 
making precision. This trend highlights the data-driven nature of both 
DRO and SO methods, as a larger dataset better approximates the true 
uncertainty distribution. Across different sample sizes, the total cost of 
Model 1 is consistently slightly higher than that of Model 3, though the 
difference is marginal and stabilizes as the sample size increases. 
Furthermore, the declining trend of Model 1 aligns closely with Model 3, 
demonstrating its comparable data-driven effectiveness. Notably, Model 
1 exhibits a decisive advantage in computational efficiency. As the 
sample size grows from 100 to 2000, the computation time for Model 1
increases only modestly from 11.57 s to 17.53 s (a 1.5-fold increase). In 
contrast, the solving time for Model 3 surges from 14.73 s to 175.65 s (a 
12-fold increase). This efficiency is attributed to the model trans
formation techniques employed to reduce the solving complexity of the 
DRO model. It confirms that the proposed method retains the data- 
driven performance while offering greater robustness and far superior 
computational efficiency for large-scale problems.

6. Conclusion

This study proposes an IES model integrating a synergistic HCPS 
module, establishing a closed-loop "carbon capture-hydrogen energy 
conversion-multi-energy complementarity" system. This framework 
overcomes the limitations of traditional IES designs, which often focus 
solely on single energy equipment or independent low-carbon modules. 
Simulation results demonstrate that the proposed IES achieves an 82.7% 
reduction in renewable curtailment cost, a 43% reduction in carbon 
emission cost, and a 2% decrease in total daily cost compared to the 
baseline IES configuration. These results highlight the significant ad
vantages of the proposed modeling framework in simultaneously 
enhancing the low-carbon performance and renewable energy accom
modation capacity of the system. To address the challenges posed by the 
randomness and volatility of wind and photovoltaic power output on IES 
stability, an improved K-means clustering algorithm was developed for 
scenario reduction. Furthermore, a two-stage distributionally robust 
optimization framework based on the Wasserstein ambiguity set was Fig. 12. Influence of parameter θ on system optimization costs.
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proposed, effectively achieving the collaborative optimization of IES 
configuration and operational scheduling. Critically, the DRO frame
work ensures the robustness of the material flow within the hydrogen- 
carbon coupling process, preventing the interruption of the carbon 
recycling loop caused by renewable fluctuations. The results indicate 
that compared to the traditional robust optimization algorithm, the 
proposed method reduces the total cost by 0.57%. Moreover, when the 
sample size increases to 2000, the solution time is only 17.53 s, which 
demonstrates superior scalability and computational efficiency, making 
it particularly suitable for optimization problems under large-scale un
certainty conditions.

Concurrently, this study is subject to certain limitations regarding its 
scalability. While the proposed framework is validated using a single- 
region case, extending it to multi-region or transnational energy grids 
presents significant challenges. Specifically, the expansion to a multi- 
node network would precipitate an exponential growth in binary vari
ables and constraints within the two-stage DRO framework, potentially 
leading to a 'curse of dimensionality.' Moreover, such an extension re
quires rigorous modeling of physical network constraints, including tie- 
line transmission capacities and power flows, alongside the manage
ment of policy heterogeneity regarding carbon pricing and market 
mechanisms across different jurisdictions. To overcome these barriers, 
future research will investigate advanced distributed algorithms, such as 
the alternating direction method of multipliers (ADMM) or Benders 
decomposition, to decouple large-scale optimization problems and 
alleviate the 'curse of dimensionality.' This will be complemented by 
refined network modeling that explicitly accounts for inter-regional 
transmission limits, alongside the application of game-theoretic ap
proaches to simulate stakeholder interactions and benefit allocation 
under heterogeneous policy environments.
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