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ABSTRACT: To address the uncertainty and volatility of renewable energy while meeting the requirements of
low-carbon economic operation, this paper proposes a two-stage robust optimal dispatch model for an integrated wind-
solar-hydro-thermal-storage energy system with coupled power-to-gas (P2G) and carbon capture system (CCS). First,
a mathematical model of the integrated wind-solar-hydro-thermal-storage energy system with P2G-CCS coupling is
developed to promote internal carbon cycling and enhance the capability to accommodate renewable energy. Second,
the scheduling problem is formulated as a two-stage robust optimization model. A cardinality-based uncertainty set is
adopted to model deviations in renewable energy output, and a column-and-constraint generation (C&CG) algorithm is
applied to efficiently solve the problem. Comparative case studies are conducted to quantify the performance differences
between the proposed method and deterministic optimization and stochastic optimization. The results show that
compared with conventional optimization methods, the proposed two-stage robust optimization model increases
the carbon utilization rate of the IES to 24.38% and raises the renewable energy accommodation rate to 100%; the
system’s intraday balancing cost and total operating cost are reduced by 94.54% and 4.49%, respectively, and the overall
indirect carbon emissions decrease by 57.96%, thus achieving coordinated optimization of economic performance,
robustness, and low-carbon characteristics. In addition, further analysis of the robustness parameter indicates that an
overly conservative robust strategy leads to worse economic performance and higher carbon emissions. This study
provides quantitative guidance for balancing robustness, economy, and environmental benefits in integrated energy
system operation.

KEYWORDS: Integrated wind-solar-hydro-thermal-storage system; two-stage robust optimization; uncertainty;
P2G-CCS; renewable energy; low-carbon economic dispatch

1 Introduction
As global warming and energy crises garner increasing attention, renewable energy development has

become a crucial pathway for securing clean energy supply and advancing the low-carbon transformation of
power systems [1]. However, renewable energy sources such as wind and solar power are inherently intermit-
tent and fluctuating, making it challenging for single-energy systems to accommodate high proportions of
renewables while ensuring reliable and economical power supply. As a multi-energy co-generation system,
the integrated “wind-solar-hydro-thermal-storage” system can enhance renewable energy consumption
while improving power system operational reliability and the low-carbon economic efficiency of energy
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utilization [2,3]. While existing research has made progress in optimizing the dispatch of integrated systems,
it remains inadequate in addressing the uncertainty of renewable energy output. Furthermore, under high
renewable penetration, the regulation capability of multi-energy coupled units such as electric-thermal units
is constrained, limiting their full potential for integration and synergistic advantages. Therefore, enhancing
system flexibility to further increase renewable energy integration levels and reduce carbon emissions
represents an urgent and critical challenge [4–7].

Combined heat and power (CHP) serves as a mature and efficient electricity-heat coupling technology
within IES, capable of simultaneously generating electricity and thermal energy based on load demands [8].
However, the uncertainty of renewable energy output and the operational constraints of conventional heat-
driven CHP units limit the integration level of renewable energy [9]. To alleviate this contradiction, several
emerging energy technologies have attracted extensive attention from academia and industry. These innova-
tions break the physical isolation between traditional energy systems, aligning more closely with renewable
energy development trends [10,11]. Among these, P2G technology utilizes surplus electricity to produce
hydrogen or synthetic natural gas (SNG), enabling the conversion of electrical energy into gaseous energy
while deepening the coupling between power grids and natural gas networks. This represents a potentially
effective pathway to enhance renewable energy integration within integrated energy systems [12,13]. Wang
et al. developed an economic, low-carbon, and clean dispatch model incorporating thermal power, natural
gas, wind power, and P2G facilities [14]. In P2G reactions, carbon dioxide serves as the primary carbon source
for methane production and plays a crucial role. However, most existing P2G studies have paid little attention
to the origin of CO2. Addressing this issue, Zhang and Zhang. developed a synergistic optimization model
for P2G-CCS power plants, demonstrating that CO2 captured by carbon CCS can serve as a high-quality
carbon source for the P2G process [15]. Consequently, Ma et al. proposed a modeling and optimization
scheduling method integrating P2G and CCS into CHP systems. Results indicated that after configuring
these systems, wind and solar power integration capacities increased by 25.46% and 30.28%, respectively.
while CO2 emissions decreased by 177.65 t due to the capture and utilization of CO2 from the CHP units
for the P2G process. However, this study employed a deterministic scheduling framework and did not
investigate the combined impact of wind and solar output uncertainty on system economics, robustness,
and environmental benefits [16]. The aforementioned study demonstrated the feasibility of integrating
P2G-CCS systems into integrated energy systems through aspects such as scheduling model construction,
carbon source supply pathways, and system structural evolution. However, constrained by the inherent
intermittency and volatility of renewable energy alongside the “heat-driven electricity generation” operation
mode of traditional CHP units, integrated energy systems face dual challenges in practical operation:
while simultaneously constrained by the rigid coupling characteristics of conventional CHP units, making
stable operation challenging. Furthermore, existing studies predominantly operate within deterministic
frameworks, neglecting the uncertainty of renewable energy output and the resulting risks of source-load
imbalance. Consequently, comprehensive assessments of the economic viability and safety of integrated
energy systems under uncertain conditions remain incomplete.

Research on uncertainty optimization primarily revolves around two typical approaches: stochastic
optimization and robust optimization [17]. Stochastic optimization requires sampling scenarios based on
the probability distribution of uncertain variables, transforming the uncertain problem into a deterministic
one through scenario methods, and then solving the deterministic problem [18]. However, obtaining precise
probability distributions for uncertain variables is often challenging, and computational time for stochastic
optimization increases rapidly with the number of scenarios [19]. Unlike stochastic optimization, static
robust optimization requires only describing the range of variation for uncertain variables through uncer-
tainty sets, resulting in a relatively simpler modeling process with good stability [20]. Despite its advantages
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in handling uncertainty, static robust optimization necessitates pre-determining a feasible decision set across
the entire uncertainty set during the planning phase. This approach uses worst-case scenarios as constraint
boundaries to ensure system safety, typically requiring safety margins in power generation or electricity
procurement decisions. Consequently, it often leads to reduced economic efficiency and conservative
operational strategies [21]. Compared to static robust optimization models, adaptive robust optimization
distinguishes between prior decisions and compensatory decisions. This allows compensatory decisions to
adjust based on the actual outcomes of uncertainty, thereby preserving necessary operational flexibility
while accounting for uncertainty [22]. Thus, adaptive robust optimization offers advantages over static
robust optimization by reducing redundant reserves and conservative margins while ensuring worst-case
feasibility, making it more suitable for power system optimization dispatch problems [23–25]. Furthermore,
two-stage robust optimization can be viewed as an implementation form of adaptive robust optimization.
By dividing decisions into a first-stage a priori decision and a second-stage compensatory decision solved
after uncertainty is revealed, it characterizes the response process of the dispatch scheme to the realized
outcomes of uncertainties. This ensures feasibility under the worst-case scenario within the uncertainty
set while preserving necessary adjustment space. Compared to static robust optimization, this approach
reduces decision conservatism and is suitable for modeling operational scheduling in systems incorporating
large-scale renewable energy [26,27].

Thus, two-stage robust optimization has emerged as a key method for addressing uncertain scheduling
in energy systems, finding application across diverse operational scenarios [28]. Liu et al. proposed a two-
stage robust optimal dispatch model for microgrids considering a time-of-use pricing mechanism [29].
Li et al. proposed a multi-timescale coordinated control strategy based on two-stage robust optimization
to address source-load mismatch and multi-timescale fluctuations in high-penetration PV bases. This
approach reduces operational costs and curtailment rates through synergistic regulation of hydrogen storage,
electrochemical storage, and demand response. However, the model does not account for multi-energy
coupling factors, and its engineering applicability requires further validation [30]. Li et al. addressed the
economic operation of Combined Cooling, Heating, and Power microgrids with P2G units under uncertain
wind power output by constructing a two-stage robust optimization dispatch model based on data-driven
uncertainty sets. Demand response was incorporated to coordinate multi-energy flows, reduce operating
costs, and enhance wind power integration. However, the model treated wind power forecasting errors
as the primary uncertainty source and provided a simplified characterization of P2G [31]. Wang et al.
proposed a robust dispatch optimization method for wind–thermal–storage systems based on a hybrid
carbon trading mechanism, so as to improve the rationality of carbon emission allowance allocation
and reduce the instability of power systems with large-scale wind power integration [32]. Most of the
above studies focus on balancing robustness and economic efficiency, lacking systematic analysis of the
environmental impact of scheduling schemes, making it difficult to meet the operational requirements of
low-carbon development. However, under low-carbon economic operation, robustness, economic efficiency,
and environmental benefits should be regarded as key indicators for designing and evaluating integrated
energy system dispatch plans. Therefore, for the IES incorporating P2G and CCS constructed in this paper,
there is an urgent need to establish a global optimization framework that comprehensively considers safety
and stability, economic efficiency, and green low-carbon performance.

In response to the aforementioned shortcomings, this paper proposes a two-stage robust optimization
dispatch strategy that considers the uncertainty of renewable energy. By deploying electric boilers, gas boilers,
and thermal energy storage to share heating demands, the rigid constraint of “heat-driven power generation”
in CHP units is mitigated, achieving thermal-electric decoupling. Budget uncertainty sets are employed to
characterize forecasting errors in wind and solar power generation, thereby deriving optimal operational
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decisions for the integrated “wind-solar-hydro-thermal-storage” system under worst-case scenarios. Finally,
through two-stage robust optimization, the synergistic relationship among economic efficiency, robustness,
and environmental benefits in the integrated “wind-solar-hydro-thermal-storage” system is investigated.
Thus, the main contributions of this paper are as follows:

(1) Constructing an IES model incorporating P2G-CCS and CHP units, integrating the electricity-
gas-heat multi-energy network, energy conversion units, and energy storage units within a unified
framework. This model characterizes the role of P2G-CCS in carbon capture and SNG production,
as well as the synergistic operational characteristics of CHP units in thermal-electric decoupling
and carbon recycling, providing foundational support for subsequent robust optimization schedul-
ing modeling.

(2) Addressing the uncertainty in wind and solar power generation, we utilize budget uncertainty sets to
describe the randomness and volatility of wind and solar outputs. A two-stage robust optimization
dispatch model suitable for the wind-solar-hydro-thermal-storage integrated system is developed,
incorporating electricity, gas, and heat multi-energy flows, as well as electricity-heat storage behaviors
into a unified constraint system. This model enables the coordinated optimization operation of the
multi-energy coupled system under different risk preferences.

(3) The two-stage robust optimization dispatch problem with P2G-CCS is equivalently reformulated as a
mixed-integer linear master-subproblem structure. The Column and Constraint Generation (C&CG)
algorithm is introduced for solution, reducing model size and enhancing computational efficiency
while ensuring worst-case feasibility. Case study results demonstrate that this robust scheduling model
exhibits superior economic performance and robustness compared to stochastic and deterministic
optimization approaches.

(4) Building on the integration of P2G-CCS, this study quantitatively analyzes the interplay between
economic efficiency, robustness, and environmental benefits in integrated energy systems by adjusting
robust tuning parameters. It examines the impact of carbon footprint variations and renewable energy
penetration rates on system economics, providing dispatch decision support for low-carbon economic
operation of integrated “wind-solar-hydro-thermal-storage” systems incorporating P2G-CCS under
uncertain conditions.

The remainder of this paper is constructed as follows. Section 2 presents the general layout and energy
flow framework of the constructed integrated energy system. Section 3 provides a detailed modeling of the
system and converts the two-stage robust optimal dispatching problem to solve it. Section 4 conducts case
study. Section 5 summarizes the conclusions.

2 Component Description

2.1 Structure of Integrated Wind-Solar-Hydro-Thermal-Storage System with P2G-CCS
As shown in Fig. 1, the integrated energy system constructed in this paper consists of the power network,

natural gas network, and heating network, Within the power network, the IES utilizes hydropower stations
and wind and photovoltaic power generation units in renewable energy sources as the main power sources.
CHP serves as a crucial supplementary power source, generating electricity while providing heating to
enhance primary energy utilization efficiency. When renewable energy output is insufficient, electric energy
storage (EES) compensates for the power deficit by discharging. During periods of excess electricity, part
of the power drives P2G-CCS. Additionally, this excess electricity can be converted into thermal energy
via electric boiler (EB) or stored in EES to balance power demand across different time periods, thereby
strengthening the power network’s adaptability to renewable energy fluctuations.
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Figure 1: The configuration of the IES

Within the natural gas network, the IES procures natural gas from energy trading markets as the primary
gas source, providing stable fuel for both CHP and gas boiler (GB). The P2G-CCS unit synthesizes high-
quality methane using surplus electricity and carbon dioxide captured during the carbon capture process.
This synthetic natural gas is reinjected into the natural gas network, jointly meeting gas load supply with
externally purchased natural gas. This creates a diversified gas supply structure while achieving electrical
coupling and carbon recycling at the gas network level.

Within the thermal network, CHP units serve as the primary heat source, delivering stable thermal
energy to heat loads via the thermal pipeline network. Electric boilers and gas boilers, respectively convert
electricity to heat and gas to heat. These are complemented by thermal energy storage (TES) systems that store
and release surplus or off-peak heat at different times, smoothing thermal load fluctuations and reducing the
rigid constraints imposed by “heat-driven electricity generation” operations. Through diversified heat source
configuration and time-scale storage-release regulation, the thermal network ensures heating security while
providing additional regulatory capacity for the electricity and natural gas networks.

Comprehensively, this IES relies on the coordinated operation of electricity, gas, and heat networks
alongside energy conversion and storage components. Establishing a “capture-conversion-utilization” carbon
cycle mechanism through P2G-CCS. This enables coordinated supply of electricity, gas, and heat loads under
fluctuating renewable energy generation, enhancing system regulation capacity and energy supply reliability
while reducing carbon intensity and overall operational costs. It provides structural and mechanistic support
for achieving low-carbon economic operation in integrated energy systems.

2.2 The Main Operation Process of P2G-CCS
In addition, this paper constructs the P2G-CCS joint operation equipment with reference to the model

proposed in the literature [33], which will convert excess renewable energy to natural gas. The P2G-CCS
equipment primarily consists of a CCS section and a P2G section. The CCS section includes an absorber, a
separator, and a carbon storage tank, responsible for separating and capturing CO2 from the flue gas emitted
by the integrated energy system. The P2G section comprises an electrolyzer and a Sabatier reactor, tasked
with converting electrical energy into hydrogen and synthesizing natural gas with the captured CO2. The
operational flow is illustrated in Fig. 2. CO2-containing flue gas first enters the absorber tower, where it
comes into full contact with an amine solution containing monoethanolamide. CO2 is absorbed to form a



6 Energy Eng. 2026;123(9):17

rich solution. After leaving the absorber tower, the rich solution undergoes exchange with the lean solution
before entering the separator and distillation tower. During the heated stripping process, high-purity CO2
is separated from the rich solution. The stripped solution returns to the absorber tower as lean solution
for reuse. The separated CO2 is compressed, with a portion transported to carbon storage tanks or secure
locations for sequestration, while the remainder is fed into the P2G unit for natural gas synthesis. The P2G
unit utilizes surplus electricity from wind and solar power to drive electrolysers that split water into hydrogen
and oxygen. The hydrogen is then fed into a Sabatier reactor, where it reacts with CO2 captured by the CCS
system to produce synthetic natural gas. This synthetic gas supplements conventional natural gas supplies or
meets gas load demands.

Figure 2: The main operation process of P2G-CCS equipment

Through this coupling approach, the P2G unit directly utilizes CO2 captured by CCS as a carbon
source, eliminating CO2 leakage risks associated with long-distance transportation. It also avoids the need
to purchase additional CO2 from carbon markets, thereby reducing material costs for the P2G methanation
reaction to some extent and mitigating economic and environmental challenges faced by traditional CCS
and P2G schemes.

3 Model Formulation
In this section, to accurately describe the operational characteristics of each unit within the IES

while ensuring efficient solution of the scheduling model, mature and conventional mathematical unit
models are selected to represent the P2G-CCS system and related energy conversion and storage units.
These models accurately capture the overall system behavior at low computational cost and align with
engineering requirements in practical applications. By adopting these models, this paper effectively addresses
key challenges in integrated energy system scheduling. It fully leverages the regulation capabilities and
energy conversion properties of each unit while effectively managing the impacts of renewable energy output
uncertainty and internal multi-energy coupling characteristics on system scheduling.

3.1 P2G-CCS Model
The rate of H2 produced by the electrolyzer is shown in Eq. (1). QEL

H2 ,t is the amount of H2 produced in
the t period; PEL

ele ,t is the power of the electrolyzer. ηEL represents the efficiency of the electrolyzer, and Hg is
the calorific value of H2. Eq. (2) describes the upper and lower power limits of the P2G.

QEL
H2 ,t =

ηELPEL
ele ,t

Hg
(1)
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PEL
ele ,min ≤ PEL

ele ,t ≤ PEL
ele ,max (2)

Eq. (3) represents the relationship between the pure CO2 captured by CCS and the exhausted gas emitted
from the CHP unit. ηCCS is the carbon capture efficiency of CCS. ρCO2 is the CO2 gas density. QCCS

C O2 ,t is the
pure CO2 captured by CCS, and QCHP

C O2 ,t is the exhausted gas emitted from the CHP unit in the t period.
Eq. (4) expresses the relationship between the CO2 uncaptured by CCS and the exhausted gas emitted

from the CHP unit.

QCCS
C O2 ,t = ηCCS QCHP

C O2
⋅ 1000

ρCO2

(3)

Q XCCS
C O2 ,t = (1 − ηCCS)QCHP

C O2 ,t (4)

The total power of CCS is the sum of the power consumed by CCS to capture CO2 and the power
consumed by CCS to fix CO2. As shown in Eq. (5), PCCS

ele ,t is the electric power consumed by CCS; PCCS
f ix ,t is the

power consumed by CCS to fix CO2; PCCS
ca p ,t is the electric power consumed by CCS to capture CO2.

PCCS
ele ,t = PCCS

f ix ,t + PCCS
ca p ,t (5)

Eq. (6) describes the relationship between the pure CO2 captured by the CCS and the electrical power
consumed for the capture in the t period. λCCS is the capture efficiency of the CCS.

PCCS
ca p ,t = λCCS QCCS

C O2 ,t (6)

The pure CO2 captured by the CCS is first synthesize into CH4 by methanation in the P2G equipment,
and the remainder is transferred and stored in a safe place as shown in Eq. (7).

QCCS
C O2 ,t = Q ME

C O2 ,t + QST O
C O2 ,t (7)

Eqs. (8) and (9) describe the molar relationship between CH4 synthesized in the sabatier reactor
corresponding to H2 and CO2, respectively.

Q ME
CH4 ,t = μQEL

H2 ,t (8)

Q ME
CH4 ,t = λQ ME

C O2 ,t
ρ

1000
(9)

3.2 Energy Conversion & Storage Model
(1) CHP operating constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

PCHP
ther ,min ≤ PCHP

ther ,t ≤ PCHP
ther ,max

PCHP
ele ,t ≥ PCHP

ele ,min − kCHP
1 PCHP

ther ,t

PCHP
ele ,t ≤ PCHP

ele ,max − kCHP
2 PCHP

ther ,t

PCHP
ele ,t ≥ kCHP

3 PCHP
ther ,t

(10)

Eq. (10) describes the upper and lower limits of the heat output of the CHP and the “heat-and-power”
operation constraints. PCHP

ther ,t is the thermal power output of CHP unit. PCHP
ele ,t is the electric power output of

CHP unit. PCHP
ele ,min is the minimum electric power. PCHP

ele ,max is the maximum electric power. kCHP
1 , kCHP

2 and
kCHP

3 are the conversion efficiency between thermal and electric energy.
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(2) Gas boiler operational constraints

PGB
ther ,min ≤ PGB

ther ,t ≤ PGB
ther ,max (11)

PGB
ther ,t = λNG QGB

gas ,t ηGB (12)

In Eqs. (11) and (12), PGB
ther ,t is the thermal power output of the gas boiler in the t period. QGB

gas ,t is the
amount of natural gas burned by the gas boiler in the t period. ηGB is the energy conversion efficiency of the
gas boiler. λNG is the heat value of natural gas.

(3) Electric boiler operational constraints

PEB
ele ,min ≤ PEB

ele ,t ≤ PEB
ele ,max (13)

PEB
ther ,t = PEB

ele ,t ηEB (14)

In Eqs. (13) and (14), PEB
ele ,t is the electric output of the electric boiler in the t period; PEB

ther ,t is the thermal
output of the electric boiler in the t period; ηEB is the energy conversion efficiency of the electric boiler.

(4) EES operating constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

PEES
ch ,minuees ,t ≤ PEES

ch ,t ≤ PEES
ch ,max uees ,t

PEES
d is ,min (1 − uees ,t) ≤ PEES

d is ,t ≤ PEES
d is ,max (1 − uees ,t)

SEES
min ≤ SEES

0 + 1
ηEES

ch

t
∑

t′=1
[PEES

ch ,t′Δt] − ηEES
d is

t
∑

t′=1
[PEES

d is ,t′Δt] ≤ SEES
max

T
∑
t=1
[PEES

ch ,t Δt] −
T
∑
t=1
[PEES

d is ,t Δt] = 0

(15)

In Eq. (15), PEES
ch ,t is the charging power of EES in the t period. PEES

d is ,t is the discharging power of EES
in the t period. ηEES

ch is the charging efficiency. ηEES
d is is the discharging efficiency; SEES

max and SEES
min are the

maximum capacity and minimums capacity of EES; PEES
ch ,max and PEES

ch ,min are maximum and minimum of
charging power of EES; PEES

d is ,max and PEES
d is ,min are maximum and minimum of discharging power of EES.

(5) TES operational constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

PTES
ab ,minutes ,t ≤ PTES

ab ,t ≤ PTES
ab ,max utes ,t

PTES
re l ,min (1 − utes ,t) ≤ PTES

re l ,t ≤ PTES
re l ,max (1 − utes ,t)

STES
min ≤ STES

0 + 1
ηT ES

ab

t
∑

t′=1
[PTES

ab ,t′Δt] − ηTES
re l

t
∑

t′=1
[PTES

re l ,t′Δt] ≤ STES
max

T
∑
t=1
[PTES

ab ,t Δt] −
T
∑
t=1
[PTES

re l ,t Δt] = 0

(16)

In Eq. (16), PTES
ab ,t is the absorbing thermal of TES in the t period; PTES

re l ,t is the releasing thermal of TES in
the t period; ηTES

ab is the absorbing efficiency; ηTES
re l is the releasing efficiency; STES

min and STES
max are the minimum

capacity and maximum capacity of TES; PTES
ab ,max and PTES

ab ,min are maximum and minimum of absorbing
power of TES; PTES

re l ,max and PTES
re l ,min are maximum and minimum of releasing thermal of TES.
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(6) Energy market purchase and sale constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 ≤ PBU Y
ele ,t ≤ uele ,t PBU Y

ele ,max
0 ≤ PSELL

ele ,t ≤ (1 − uele ,t)PSELL
ele ,max

0 ≤ PBU Y
ther ,t ≤ uther ,t PBU Y

ther ,max
0 ≤ PSELL

ther ,t ≤ (1 − uther ,t)PSELL
ther ,max

0 ≤ QBU Y
gas ,t ≤ ugas ,t QBU Y

gas ,max
0 ≤ QSELL

gas ,t ≤ (1 − uther ,t)QSELL
gas ,max

(17)

(7) Energy balance constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

PCHP
ele ,t + PEES

d is ,t + PBU Y
ele ,t + PPV

ele ,t + PW T
ele ,t

= PL
ele ,t + PEB

ele ,t + PEL
ele ,t + PCCS

ele ,t + PEES
ch ,t + PSELL

ele ,t

PTES
re l ,t + PCHP

ther ,t + PEB
ther ,t + PGB

ther ,t + PBU Y
ther ,t = PL

ther ,t + PTES
ab ,t + PSELL

ther ,t

sQ ME
CH4 ,t + QBU Y

gas ,t = QL
gas ,t + QCHP

gas ,t + QGB
gas ,t + QSELL

gas ,t

(18)

In Eqs. (17) and (18), PBU Y
ele ,t , PBU Y

ther ,t and QBU Y
gas ,t are the electricity, thermal and gas energy purchased from

the energy market in the t period of the IES; PSELL
ele ,t , PSELL

ther ,t and QSELL
gas ,t are the electricity, thermal and gas

energy sold out of the IES in the t period; PL
ele ,t , PL

ther ,t and QL
gas ,t are the are the electricity, thermal and gas

loads of the IES in the t period.

3.3 Adjustable Robust Uncertainty Set
In robust optimization, uncertainty sets are used to describe wind and photovoltaic power genera-

tion uncertainty. A finely constructed set yields results closer to reality but increases model complexity
and computational burden. Conversely, an overly relaxed uncertainty set leads to overly conservative
optimization solutions.

In IES robust dispatch, we choose a cardinality-based uncertainty set mainly because it effectively
balances conservativeness and computation efficiency. This set focuses on the number and magnitude of
parameter deviations and avoids simultaneous worst-case deviations of all parameters, which significantly
reduces conservativeness and offers good flexibility and adaptability.

Robust optimization adopts the uncertainty set to describe the uncertainty. The impact of different
uncertainty sets on the optimization results is significant. If the uncertainty set is more refined, the model
is more complex and difficult to solve. Conversely, the optimization solution is more conservative when the
uncertainty set is broader. The standard uncertainty sets are box uncertainty set and ellipsoidal uncertainty
set [34]. Although the box uncertainty set is simple to model and convenient to solve, in the actual scenario,
the probability of renewable energy output from this uncertainty set is extremely low. Thus, the optimized
solution result using the box uncertainty set is excessively conservative. The ellipsoidal uncertainty set reflects
the temporal and spatial correlation of multiple renewable energy outputs, and the modeling is more accurate
and consistent with the actual scenario. However, the ellipsoidal uncertainty set increases the complexity
of the problem. In order to flexibly adjust the dispatch scheme under different risk preferences, this paper
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adopts the budget uncertainty set [20] to describe the renewable energy output, as shown in Eq. (19).

PRE =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

PW T
ele ,t = P̂W T

ele ,t + zw t ,u ,tdw t ,t − zw t ,d ,tdw t ,t

∑
t

zw t ,t ≤ Γw t

PPV
ele ,t = P̂PV

ele ,t + zpv ,d ,tdpv ,t − zpv ,d ,tdpv ,t

∑
t

zpv ,t ≤ Γpv

∀t ∈ T

(19)

where PW T
ele ,t and PPV

ele ,t denote possible values of actual wind and solar outputs within the uncertainty set
PRE for time period t; P̂W T

ele ,t and P̂PV
ele ,t represent predicted wind and photovoltaic power generation for time

period t; uw t ,t and dw t ,t denote maximum upward and downward deviations of wind output for time period
t; upv ,t and dpv ,t indicate maximum upward and downward deviations of solar output for time period t;
zw t ,u ,t and zw t ,d ,t denote 0–1 variables for wind output fluctuations during time period t; zpv ,u ,t and zpv ,d ,t
denote the 0–1 variables for wind power output fluctuations during time period t. Γw t and Γpv are robust
adjustable parameters representing the total number of cycles for wind and solar output fluctuations during
the scheduling period, ranging from 0 to 24. This value indicates the number of time periods when wind
or solar output reaches the boundary of the fluctuation range during the scheduling period, reflecting the
system’s preference for scheduling risk. A higher value indicates a more conservative scheduling plan, higher
system operating costs, and weaker risk tolerance.

The conservatism of the optimization scheme can be adjusted by modifying robust adjustable param-
eters according to risk preferences. The robustness of the scheduling scheme increases with the rise of the
robust adjustable parameters, leading to higher day-ahead operating costs. When Γw t and Γpv are set to 0,
it indicates deterministic optimization scheduling without considering the uncertainty of wind power and
photovoltaic generation. When Γw t and Γpv are non-zero, it signifies that the system accounts for the output
error between forecasted and actual wind and solar power during scheduling. This error is determined by
uw t ,t , dw t ,t , upv ,t and dpv ,t . Therefore, in the IES studied herein, when wind power generation and PV output
reach the minimum value within the range, the IES incurs higher operating costs, aligning more closely with
the definition of a “worst-case scenario” [29,32].

uw t ,t , dw t ,t , upv ,t , dpv ,t , Γw t and Γpv are key parameters describing the uncertainty of wind and PV
output. uw t ,t , dw t ,t , upv ,t and dpv ,t are used to explain the fluctuation patterns of wind and PV output. Γw t and
Γpv determine the duration of output impacts, representing the conservatism and economic efficiency of the
scheduling plan. Higher uncertainty values indicate more frequent periods of wind and solar fluctuations,
resulting in a more conservative scheduling scheme.

3.4 Two-Stage Robust Optimization Dispatch Model
The two-stage robust optimization dispatch strategy proposed in this paper considers the worst-case

scenario of renewable energy output. By leveraging the coupling characteristics of various energy conversion
and storage devices within an integrated “wind-solar-hydro-thermal-storage” system, it facilitates energy
conversion between electricity, gas, and heat, along with cross-period charging and discharging regulation.
This approach mitigates the impact of renewable energy output fluctuations, ensures the supply-demand
balance of electricity, gas, and heat loads, enhances the operational stability of the integrated energy system,
and reduces overall system operating costs and carbon emissions.

The model employs a two-stage robust optimization approach to address uncertainties in wind and
solar power generation, constructing a min-max-min optimization structure to minimize dispatch costs
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under worst-case scenarios. The first stage of the model is an outer min problem, with optimization variables
including the start-up/shut-down status of energy storage devices and the energy purchase/sale status of the
system. The second stage is an inner max-min problem, which, after the first stage optimization variables
are determined, introduces a set of worst-case renewable energy output scenarios that maximize the system’s
scheduling cost. Once both the first-stage variables and the second-stage worst-case scenario are fixed, the
inner-layer problem transforms into a deterministic optimization aimed at optimizing the output of each
unit under the worst-case scenario, ensuring minimal day-ahead scheduling costs. The specific optimization
framework is illustrated in Fig. 3.

Figure 3: Two-stage robust optimization model

3.4.1 Objective Function
This paper aims to minimize the total operating cost of the IES within an integrated “wind-solar-hydro-

thermal-storage” system. The cost components include operating costs of each unit, energy procurement
costs from the market, and carbon costs. Based on this objective, a two-stage robust optimization model is
formulated to seek the economically optimal dispatch scheme under the worst-case scenario of renewable
energy output. The objective function is shown in Eq. (20).

min{maxmin∑
t∈T
[CO (t) + CD (t) + CC (t)]} (20)

where CO (t) is the operating cost of each unit in the system; CD (t) is the purchasing cost of electricity,
thermal, and natural gas from the energy market; CC (t) is the carbon cost in the system, including the cost
of CCS operation, carbon capture, carbon storage, and carbon tax.

CO (t) = ∑
i
(ai + bi Pi

w ,t) (21)

where i denotes each unit in the system; ai and bi denote the operation cost factors of each unit. Pi
w ,t is the

operating power of each unit in the t period.

CD (t) = re ,t (PBU Y
ele ,t − PSELL

ele ,t ) + rh ,t (PBU Y
ther ,t − PSELL

ther ,t)
+ rg ,t (QBU Y

gas ,t − QSELL
gas ,t )

(22)
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where re ,t , rh ,t and rg ,t denote the day-ahead electricity, thermal, and gas prices in the energy market,
respectively. PBU Y

ele ,t and PSELL
ele ,t denote the purchase and sale electricity in the t period. PBU Y

ther ,t and PSELL
ther ,t denote

the purchase and sale thermal in the t period. QBU Y
gas ,t and QSELL

gas ,t are the purchase and sale natural gas in the
t period.

CC (t) = kc PCCS
ele ,t + kstoQST O

C O2 ,t + kem(LCO2 PBU Y
ele ,t + Q XCCS

C O2 ,t − Qem) (23)

where, kc and ksto are the carbon capture cost factor, carbon storage cost factor. PCCS
ele ,t and QST O

C O2 ,t are the
operating power of CCS and the amount of CO2 sequestered by CCS in the t period. Besides, Q XCCS

C O2 ,t and
mCO2 PBU Y

ele ,t are the carbon emitted to the atmosphere and the carbon caused by IES purchasing electricity
from external market in the t period. kem and LCO2 are carbon emission tax and carbon emission factor for
electricity purchase, respectively.

3.4.2 Matrix form of the Dispatching Model
The two-stage robust optimization dispatching model is reformulated based on constraints (1)–(19) and

objective function (20). For computational convenience, the model is expressed in compact form. Thus, the
matrix form of the proposed two-stage robust optimization dispatching model for IES is shown in Eq. (24).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min (max
u∈PRE

min
y∈Ω(x ,u)

cT y)

s.t.
Dy ≥ d
Ey = 0
Fx +Gy ≥ h
Iu y = u

(24)

where the first stage is the minimization problem of the outer layer, and the optimization variable is x; the
second stage is the max-min problem of the inner layer, and the optimization variables are u and y. The
expressions of x, y and u are shown in (25). D, E, F, G and Iu are the coefficient matrices of the variables under
the corresponding constraints; d and h are constant column vectors. The two-stage robust optimization
dispatching model aims to find the values of uncertain variables u in the worst-case scenario.

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

x = [uees ,t , utes ,t , uele ,tuther ,t , ugas ,t]
y = [Pi

w ,t , PL
w ,t , Pm

d is(re l),t , Pm
ch(ab),t , PBU Y

w ,t , PSELL
w ,t , QBU Y

gas ,t , QSELL
gas ,t ]

u = [PPV
ele ,t , PW T

ele ,t ]
(25)

The proposed model above not only introduces 0–1 integer variables and continuous variables, but also
the presence of the min-max-min structure and uncertain parameters increase the difficulty of solve the
original problem. Hence, the original model needs to be transformed.

3.5 Model Conversion and Solution
This paper employs the C&CG algorithm [35] to decompose the original problem. The C&CG algorithm

continuously introduces variables and constraints related to the subproblem while solving the main problem,
thereby obtaining tighter lower bounds on the original objective function to enhance solution speed. Thus,
the original problem in Eq. (24) can be decomposed into the main problem (MP) shown in Eq. (26), the
outer-layer min problem, and the subproblem (SP) shown in Eq. (27), the inner-layer max-min problem,
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for alternating solution. The proposed model initially sets the values of the uncertainty variables u to worst-
case scenarios. These initial uncertainty values are then substituted into the subproblems. By solving the
subproblems, the values of the uncertainty variables under worst-case scenarios are obtained, which are
subsequently used to solve MP (26). The min-max SP is transformed into a single-layer maximum problem
based on strong duality, aiming to identify the worst-case scenario leading to maximum operational costs,
as shown in (27). Notably, the MP serves as a relaxation of the original problem, providing a lower bound;
simultaneously, the SP iteratively obtains the worst-case values for uncertainty variables, yielding an upper
bound on the optimal solution.

MP

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

minθ
x

s.t.
θ ≥ cT yk
Dyk ≥ d
Fx +Gyk ≥ h
Iu yk = u∗k

(26)

SP

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

max
u∈PRE ,γ ,λ ,ν ,π

dT γ + (h − Fx)T ν + uT π

s.t.
DT γ + KT λ +GT ν + IT

u π ≤ c
γ ≥ 0, ν ≥ 0, π ≥ 0

(27)

Since the inner min problem within the subproblem is a convex optimization problem, it requires
dual transformation to a max problem. However, the resulting max problem contains a bilinear term uT π.
Therefore, the big M method is employed to linearize it. The final form of the linearized subproblem is shown
in (28).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

max
u∈PRE ,γ ,λ ,ν ,π

dT γ + (h − Fx)T ν + ûT π + ΔuT B′

s.t.
DT γ + KT λ +GT ν + IT

u π ≤ c
0 ≤ B′ ≤ M ⋅ B
π −M ⋅ (1 − B) ≤ B′ ≤ π
γ ≥ 0, ν ≥ 0, π ≥ 0

(28)

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

θ ≥ cT yk+1
Dyk+1 ≥ d
Fx +Gyk+1 ≥ h
Iu yk+1 = u∗k+1

(29)

In this context, Eq. (29) passes the worst-case values of uncertain variables to the main problem to
tighten it. θ is the newly introduced auxiliary variable; yk is the solution to the subproblem after the k-th
iteration; u∗k represents the values of wind and solar power generation obtained under the worst-case scenario
after the k-th iteration; B′ = [B′pv ,t , B′w t ,t] denotes the added auxiliary variable; γ, ν, λ, and π represent the
dual form of the constraints for the second-stage minimization problem. A sufficiently large positive real
number M is chosen as the upper bound for the dual variable π. Through the above derivation, the two-stage
robust optimization model is ultimately decomposed into a mixed-integer linear main problem (26) and a
linearized subproblem (28), which can then be solved using the C&CG algorithm, as shown in Fig. 4.
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Figure 4: C&CG algorithm running process

As shown in Fig. 4, the implementation process begins by setting a set of initial uncertainty parameters
to construct the initial main problem model. After solving the main problem, the current optimal decision
scheme is fed into the subproblem. Through a reverse inference mechanism, the subproblem seeks parameter
combinations that maximize the deterioration of the system performance metric (operating cost) within
the permissible fluctuation range of the uncertainty parameters. This process aims to explore the system’s
vulnerability boundaries. Its key lies in applying strong duality theory to transform the original two-
layer nested optimization problem into a single-layer extremum problem, thereby significantly reducing
computational complexity. Once the subproblem identifies the worst-case scenario parameters, the algorithm
converts these parameter characteristics into new decision variables and constraint relationships. These are
dynamically iterated back into the mathematical model of the main problem, gradually forming a complete
enhanced main problem.

4 Case Study
The case analyzes the robustness, economy and environmental benefits of the proposed system based

on the results of two-stage robust optimal dispatching of IES containing P2G-CCS equipment. YALMIP
invokes the CPLEX solver to solve the proposed two-stage robust optimization problem programmed in
MatlabR2018a.
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4.1 System Parameters
The day-ahead market price of electricity, thermal, and gas is shown in Table 1. The parameters of units

are shown in Tables 2 and 3.

Table 1: Day-ahead energy price in the market

Energy type Time period Price

Electrical (¥/MWh)
1:00–6:00 350

7:00–8:00, 12:00–14:00,
19:00–24:00 500

9:00–11:00, 15:00–18:00 650

Gas (¥/m3)
1:00–6:00, 20:00–24:00 4.875
7:00–8:00, 11:00–12:00,

17:00–19:00 8.125

9:00–10:00, 13:00–16:00 13

Thermal (¥/MWh) 1:00–24:00 400

Table 2: Parameters of energy conversion equipment

Devices Minimum power
(MW)

Maximum power
(MW)

Energy conversion
efficiency

P2G 0 30 0.85
CCS 0 15 0.8
CHP 10 40 0.9
GB 5 20 0.9
EB 0 10 1

Table 3: Parameters of energy storage equipment

Parameter Value
Minimum charging and

discharging power (MW) 0

Maximum charging and
discharging power (MW) 10

Capacity (MWh) 50
Initial Capacity (MWh) 30

Charging and discharging
efficiency 0.95

4.2 Data Preparation
The scale of the integrated energy system studied in this paper is park-level, and the case data settings

are as follows: Fig. 5 shows 1-year historical output data of a wind farm and a PV plant in a northern China
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demonstration park, with a sampling interval of one hour. The installed capacities of the wind farm and
photovoltaic power station are 80 and 110 MW, respectively. This dataset is used as the original data for
simulation. The forecast curves of three types of loads include electric load, thermal load and gas load, are
presented in Fig. 6. Based on one year of wind and solar historical data from a comprehensive demonstration
park, scenario clustering is used to obtain forecast values of wind and solar power. Considering that the actual
PV and wind outputs fluctuate around their forecast values by 15% and 20%, respectively, the forecast and
actual output curves of PV and wind are constructed and shown in Fig. 7a,b. The shaded regions represent
the uncertainty sets used in this paper. The robust optimization model takes the boundary values of these
ranges as the worst-case wind and solar scenarios, while the actual output may lie inside or outside the ranges.
Therefore, in the robust optimization process, there is a gap between the wind and solar outputs simulated
by the uncertainty set and the actual outputs.

Figure 5: 1-year data of wind farm and photovoltaic power station

Figure 6: Data of loads
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(a) (b)

Figure 7: Renewable energy output curve. (a) Photovoltaic generator power; (b) Wind turbine power

4.3 IES Operation Optimization
4.3.1 Units Operation Analysis

The volatility and intermittency of WT and PV power directly poses strong uncertainty in proposed
IES operation. The operation dispatching results of each energy system are shown in Fig. 6 to analyze the
integration between each energy system and the operation of each unit under this uncertainty.

Fig. 8a presents the dispatching results for electric system. The proposed IES can consume a large
amount of renewable energy, so the electric load is mainly satisfied by the output of the WT and PV. During
the hours when renewable energy power is high (1:00–5:00, 11:00–14:00, 22:00–24:00), the excess power is
supplied to P2G to produce SNG. At the same time, EES also absorbs excess electricity for charging and
storage. Since the electric load demand is low during high wind hours (1:00–5:00, 22:00–24:00) and the
thermal load is at peak demand, EB can convert surplus electric energy into thermal energy for satisfying
the thermal load. It largely alleviates the wind and photovoltaic curtailment caused by the peak mismatch
between the electric demand and thermal demand.

From Fig. 8b, it can be observed that the heat output is mainly supplied by the CHP unit. The proposed
IES purchases more thermal energy to satisfy the thermal demand replacing the heat output of the CHP
during the hours when renewable energy is sufficient (9:00–16:00). According to the ‘heat-setting’ feature of
CHP, the electric output reduces as the thermal output reduces in order to absorb more renewable energy. The
electricity price in the energy market is higher than the thermal price during 9:00–16:00, therefore, utilizing
renewable energy can decrease the purchase cost on system electricity energy. It is to be mentioned that GB
does not start because the required natural gas must be purchased from the external energy market and the
cost of driving GB is much higher than the cost of purchasing heat directly.

As can be seen in Fig. 8c, the surplus electric energy drives the P2G to produce SNG for gas load. The
operation of P2G can both reduce the high cost of purchasing gas and utilize the CO2 captured by the CCS.
It is proved that the proposed IES can schedule the P2G-CCS equipment operation flexibly. In addition, the
natural gas generated in proposed IES, after satisfying the gas load, the remaining part is supplied to the
operation of the CHP.

The proposed IES can realize multi-energy through energy conversion units to efficiently convert
electric energy, thermal energy and natural gas. Besides, the IES can also flexibly perform energy storage
devices and energy trading mechanisms to absorb more renewable energy, which has a significant renewable
energy consumption capability.
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(a) (b)

(c)

Figure 8: Integrated energy system day-ahead dispatching. (a) Electric energy system optimization results of IES; (b)
Thermal energy system optimization results of IES; (c) Natural gas system optimization results of IES

4.3.2 Scenarios Comparison
With the purpose of sufficiently illustrating the impact of the P2G-CCS equipment on the IES optimal

operation, and comparing deterministic optimization (DO) and two-stage robust optimization (TRO), the
following 4 scenarios are set up.

Scenario 1: Basic scenario. IES traditional economic operation through DO model excluding P2G
and CCS.

Scenario 2: Considering the uncertainty of WT and PV output, TRO model is used to optimize the
energy system in Scenario 1.

Scenario 3: IES low-carbon economic operation with the introduction of the P2G-CCS equipment
through DO.

Scenario 4: Proposed model. Based on scenario 3, both P2G-CCS equipment and TRO are considered.
The results of the IES operating cost under four scenarios are reported in Table 4. Scenario 1 does not

have a CCS equipment to capture CO2, incurring a portion of the carbon tax cost. In addition, due to the
weakness of renewable energy consumption capacity in Scenario 1, a large amount of energy curtailment
penalty cost is generated. But also because of the overabundance of renewable energy in Scenario 1, a profit
of ¥91,080 is obtained through selling electricity to the external market, which is the highest among the four
scenarios. With the introduction of P2G-CCS equipment in Scenario 3, the renewable energy consumption
capacity and carbon emission reduction are remarkably improved. Compared with Scenario 1, the carbon tax
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in Scenario 3 is reduced by 57.49%, and the curtailment penalty cost is down to 0, which means that Scenario
3 can achieve fully renewable energy consumption.

Table 4: Day-ahead dispatching cost in different scenarios

Scenario operating cost (¥) Energy trading cost (¥) Carbon related cost (¥) Curtailment penalty (¥) Total cost (¥)

Electricity Thermal Gas Carbon
tax

Carbon
sequestration

Carbon
capture

1 28,980 −91,080 3680 639,670 25,740 0 0 102,314 709,304
2 28,730 −61,900 11,210 641,170 31,600 0 0 101,350 752,160
3 43,744 −45,230 −20,210 569,480 10,941 10,847 14,186 0 583,760
4 41,374 −18,970 −12,480 599,700 15,926 12,291 14,186 0 652,030

Table 4 reports the dispatch cost results of the IES under four scenarios. In Scenario 1, no CCS
equipment is installed, so the system must pay carbon trading costs according to the carbon market rules.
Due to relatively weak renewable accommodation capability, Scenario 1 incurs high curtailment penalty
costs. At the same time, because large amounts of renewable energy are curtailed, the system obtains the
highest profit from selling electricity to the external market ¥91,080 among all four scenarios. In Scenario 3,
the introduction of coupled P2G-CCS units significantly enhances renewable energy accommodation and
emission reduction. Compared with Scenario 1, the carbon trading cost in Scenario 3 is reduced by 57.49%,
and the curtailment penalty cost drops to zero, indicating that renewable energy is fully utilized.

Although operating P2G-CCS requires additional electricity and thus reduces electricity sale profits, the
synthetic natural gas produced by P2G supplies the gas network and effectively reduces the cost of natural gas
purchases. This greatly decreases the system’s dependence on external energy markets. As a result, Scenario
3 achieves the lowest day-ahead total cost among all scenarios. The coordinated operation of P2G-CCS
not only improves the environmental performance and supports low-carbon operation of the IES, but also
enhances its economic performance, which verifies that the proposed P2G–CCS coupling model is a feasible
and promising emerging energy technology.

Scenarios 2 and 4 adopt robust optimization and explicitly consider the intermittency and fluctuation
of wind and PV to simulate worst-case renewable outputs. The reduction in renewable generation leads
to additional electricity purchases to compensate for the power deficit. Compared with the deterministic
Scenarios 1 and 3, the total cost in Scenarios 2 and 4 increases by 5.69% and 11.69%, respectively. In these
scenarios, increased electricity purchases raise indirect carbon emissions, and the carbon trading cost rises
by 22.76% and 45.56%, respectively. Clearly, when wind and PV uncertainties are considered, the system
tends to select more conservative scheduling strategies to ensure operational security. Although the total cost
of Scenarios 2 and 4 is higher, this cost represents a deliberate economic compromise by the system to hedge
against renewable output uncertainty.

4.4 Model Adjustable Robustness Analysis
4.4.1 Impact of Robustness Adjustment on Economic

This subsection discusses the correlation between the robustness and economy of the proposed model.
By varying the robust adjustment parameters, robust optimal dispatching schemes with different degrees
of conservatism are developed for comparison. With different levels of conservative dispatch schemes, the
impact of robustness on system economy is reflected in the energy purchase cost and the day-ahead dispatch
total cost.
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From Fig. 9, as the increase of the robust adjustable parameters, it means more periods for PV and
WT output to reach the minimum of the fluctuation interval. The day-ahead dispatching cost will gradually
get higher under this trend, indicating that the more conservative the optimization scheme tends to be, the
worse the economy becomes. The increasing in the cost of energy purchase is the dominant reason for the
rise in total cost, electricity purchase cost markedly varies with the increase of robust adjustable parameters,
by 64.26% at Γpv = 13 Γw t = 24 vs. Γpv = 0 Γw t = 0, and natural gas purchase and thermal purchase cost only
by 11.42% and 18.13%. This is attributed to the fact that WT and PV uncertain fluctuations directly affect the
electric net and hence the necessity to purchase large amounts of electricity to protect against possible risks.

Figure 9: Model cost in different worst-case scenarios

Based on the above analysis, on the one hand, it is proved that the proposed model can effectively adjust
the conservativeness of the IES by varying the robust adjustable parameters to obtain optimal strategies under
different scenarios. The total cost values can be considered as the reference budget for the corresponding
worst-case scenario. On the other hand, energy purchase can improve the system’s ability to resist the risk of
renewable energy uncertainty, but the ‘most conservative solution’ is not necessarily the best. It will sacrifice
the economy of IES day-ahead dispatch when the optimal solution tends to be conservative.

Therefore, considering the actual fluctuation of WT and PV output, the conclusion is that Γpv = 6
Γw t = 10 and Γpv = 12 Γw t = 16 are the most optimal for the dispatching scheme relatively. Since these
two schemes not only conform to the actual situations, but also retain the robustness while not overly
compromising the system economy. It is suggested that schedulers adopt these two sets of robust adjustment
parameters to develop the corresponding scheduling strategies.

4.4.2 Comparison of Optimization Method Economic
After the analysis in the previous section, it is known that the total cost of day-ahead dispatching varies

depending on the conservatism of the scheduling strategy. However, as mentioned in Section 4.2, the gap
between the simulated and actual power of renewable energy causes a situation in which the energy system
needs to purchase and sell electricity for the balance between source-side and load-side. Thus, the intraday
balancing cost also impacts the overall energy system economy.

It is assumed that the electricity price of purchase/sale in the intraday market is 1.5/0.5 times that of
the corresponding period in the day-ahead market. Table 5 shows the day-ahead, intraday and total costs
for the different optimization dispatching methods. It can be observed that the total cost of deterministic
optimization is the highest, but the day-ahead scheduling cost is the lowest. The main reason is that
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deterministic optimization ignores the uncertainty of the renewable energy output, therefore, the energy
system needs to expend high cost in the intraday stage to balance the lack of source-side power caused by
renewable energy output fluctuations. Compared to deterministic optimization, stochastic optimization is
slightly more economical. The proposed two-stage robust optimization has better economic and robustness
to cope with the actual output of renewable energy in the intraday stage. For example, the system even profits
¥4300 in the intraday balancing stage and the total cost ¥647,730 is the minimum among three methods. It
is worth noting that although the conservative scheme reduces the impact of renewable energy fluctuations
in the intra-day stage, it also generates higher day-ahead dispatching cost.

Table 5: Total Cost in different methods

Method Day-ahead
dispatching cost (¥)

Intraday
balancing cost (¥) Overall cost (¥)

Deterministic
Optimization 583,760 74,478 658,238

Stochastic
Optimization 638,160 19,462 657,622

Two-stage Γpv = 6
Γw t = 10 652,030 −4300 647,730

Robust
Optimization

Γpv = 12
Γw t = 16 684,110 −26,639 657,411

The minimum cost dispatching method is two-stage robust optimization under robust adjustable
parameter Γpv = 6 Γw t = 10. The case results show that it is more reasonable and practical to simulate renewable
energy output fluctuations under this set of robust adjustment parameters, as the cost incurred by day-ahead
dispatching are not exceedingly high and partial profits are obtained in the intra-day balance.

4.5 Environmental Benefit Analysis
The robustness of system’s environmental benefits is worthy of attention and study in the context of

low carbon economy operation. This section explores the carbon traces and variation of renewable energy
penetration for two-stage robust optimization.

4.5.1 Carbon Traces
In order to investigate the effect of robustness optimization on carbon traces under different worst-

case scenarios, four sets of robust adjustment parameters were set and their carbon traces were obtained
separately, as shown in Table 6.

Table 6: Carbon traces under different worst-case scenarios

Carbon trace Γpv = 0
Γw t = 0

Γpv = 6
Γw t = 10

Γpv = 12
Γw t = 16

Γpv = 13
Γw t = 24

From system
Emission (t) 26.02 26.17 26.31 26.46

Utilization (t) 31.89 22.28 18.52 14.16
Sequestration (t) 72.21 81.82 86.72 91.65

(Continued)
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Table 6 (continued)

Carbon trace Γpv = 0
Γw t = 0

Γpv = 6
Γw t = 10

Γpv = 12
Γw t = 16

Γpv = 13
Γw t = 24

Total produce (t) 130.12 130.27 131.55 132.26
From market
Emission (t) 141.19 59.35 65.74 69.57

Carbon tax (¥) 31,254 15,926 17,827 18,968

The carbon emission of the system is slightly affected by the robustness, while the carbon emission
generated by electricity purchases from the market is significantly affected. Where, large amounts of
electricity need to be purchased intra-day under Γpv = 0 Γw t = 0, contributing to the highest carbon emission
from the energy market at 141.19 t. In contrast, when robust optimization is introduced to the system, the
carbon emission from the energy market is reduced by 57.96%. With the increase in robustness, carbon
emissions from the energy market also tend to increase, due to more electricity purchases to protect against
intraday fluctuations in renewable energy. Besides, the increase in the robust adjustable parameters means
that the renewable energy output of the day-ahead dispatching scheme is even insufficient to provide excess
power to the P2G. As a result, the carbon produced by the system cannot be utilized for SNG conversion and
is instead sequestered.

Considering the impact of carbon emission on the environment and the impact of carbon tax on the
overall system economy, the strategy with robust adjustment parameter set Γpv = 6 Γw t = 10 has relatively well
performance in terms of emission reduction. Under this set of robust regulation parameters, the proposed
energy system has the lowest carbon emission and carbon tax, which is consistent with the requirements of
low-carbon economic operation.

4.5.2 Penetration Analysis
This subsection validates whether the proposed IES with P2G-CCS can consume as much renewable

energy as possible and maintain low-carbon economic operation while considering renewable energy
fluctuations.

Taking the WT and PV power data from Section 4.2 as the baseline penetration rate scenario (equal to
1.0), Fig. 10 shows the effect of different renewable energy penetration rates on the total cost of IES. The cost of
Scenario 2 and Scenario 4 (in Section 4.3.2) are compared under the continuously increasing penetration of
renewable energy. When the renewable energy penetration rate is low (from 0.4 to 0.7), the cost of Scenario 4
is higher than that of scenario 2, indicating that the IES containing P2G-CCS does not operate economically
with insufficient renewable energy. When the penetration rate is higher than 0.8, the cost of Scenario 4 is
lower than that of Scenario 2 and has a continuous decreasing trend. The reason for concern is that when
renewable energy resources are abundant enough, Scenario 2 can not consume renewable energy, resulting in
a large amount of renewable energy curtailment penalty to raise the total cost. Scenario 4, on the other hand,
can still absorb all renewable energy without incurring renewable energy curtailment penalty. As penetration
continues to increase, the Scenario 4 cost curve reaches an inflection point where the rate of decline decreases
from 5.17% to 3.12%. Owing to the peak in renewable energy absorption capacity of the IES, the system
operation incurs a penalty cost for renewable energy curtailment.
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Figure 10: Penetration analysis under different scenarios

Conclusively, IES containing P2G-CCS has excellent renewable energy absorption capacity, and the
economic advantages of the proposed energy system are particularly significant at high penetration rates.
The increase in renewable energy significantly reduces the units’ operating costs, and the economic benefits
outweigh the economic damage caused by the abandonment penalty costs of renewable energy. The proposed
energy system is robust, economical and environmental efficient at the same time with high renewable energy
penetration, which is consistent with the requirements of low carbon economic operation.

5 Conclusion
This paper proposes a two-stage robust optimal dispatch model for a wind-solar-hydro-thermal-storage

IES with coupled P2G-CCS. By solving the two-stage robust model using the C&CG algorithm, the following
conclusions are drawn based on simulation results and theoretical analysis:

(1) For a park-level IES, constructing a low-carbon economic dispatch model for an electricity–heat–
gas system equipped with coupled P2G-CCS devices reduces carbon trading cost by 57.49%, eliminates
curtailment penalty cost, and yields a total operating cost of ¥583,760. The results indicate that P2G
can flexibly respond to renewable fluctuations by adjusting its input power, effectively enhancing system
flexibility. The coupling of P2G-CCS also facilitates renewable energy utilization and enables low-carbon
economic operation of the IES.

(2) The proposed two-stage robust optimization with a cardinality-based uncertainty set effectively
adjusts the outputs of IES devices to counteract the impact of wind and PV uncertainty while maintaining
both robustness and economic and environmental benefits. Compared with deterministic optimization, the
two-stage robust optimization reduces total cost by 4.49% and carbon emissions by 57.96%, thereby achieving
a balanced optimization among economy, robustness, and low-carbon performance.

(3) As the robustness adjustment parameters increase, the day-ahead dispatch cost of the IES rises
continuously. Under extreme uncertainty, the electricity purchase cost in the robust dispatch scheme
increases by 64.26% compared with the deterministic scheme with zero uncertainty, because the system
must purchase more energy to hedge against renewable risks. Carbon emissions also increase with higher
robustness levels. Under extreme uncertainty, the direct emissions are 132.26 t, and emissions associated with
day-ahead electricity purchases increase by 42.08%. This is because the robust model reduces P2G utilization
as uncertainty grows, ensuring sufficient conventional power to resist renewable fluctuations. Overall, when
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the robustness parameters are Γpv = 6 and Γw t = 10 set to appropriate moderate values, the dispatch scheme
achieves the lowest total carbon emissions and carbon trading cost.
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