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Abstract

The strong uncertainty of renewable energy poses significant reliability and safety chal-
lenges for the coordinated operation of multi-integrated energy systems (MIES). To address
this, a data-driven two-stage distributed robust collaborative optimization scheduling
model for MIES is proposed, based on a spatiotemporal fusion conditional diffusion model
(STF-CDM). First, to more accurately capture the uncertainty in renewable energy output,
the model utilizes a scenario set generated by the STF-CDM model and reduced via the
K-means clustering algorithm as the initial renewable energy scenarios for the distributed
robust optimization set. The STF-CDM model employs a Temporal module component
(TMC) unit composed of Transformer time-series modules and a Spatial module component
(SMC) unit composed of CNN neural networks for feature extraction and fusion of time-
series and spatial-series data. Second, a benefit allocation method based on multi-energy
trading contribution rates is proposed to achieve equitable distribution of cooperative gains.
Finally, to protect participant privacy and enhance computational efficiency, an alternating
direction multiplier method (ADMM) coupled with parallelizable column and constraint
generation (C&CG) is employed to solve the energy trading problem. The case analysis
results demonstrate that the STF-CDM model proposed in this study exhibits superior
performance in addressing the uncertainty of renewable energy output. Concurrently, the
asymmetric Nash game mechanism and the ADMM-C&CG solution algorithm proposed
in this study achieve a fair and reasonable distribution of benefits among all participants
when handling energy transactions and cooperative gains. This is accomplished while
ensuring system robustness, economic efficiency, and privacy.

Keywords: multi-integrated energy systems; conditional diffusion model; spatiotemporal
fusion; distributionally robust optimization; cooperative benefits; energy trading

1. Introduction
Multi-integrated energy systems (MIES) serve as a core technological pathway for

achieving the dual carbon goals [1]. By integrating electricity, heat, cooling, and gas multi-
energy flow subsystems and coordinating multiple stakeholders including governments,
energy suppliers, and users, they significantly enhance energy utilization efficiency and
renewable energy absorption capacity [2]. However, as renewable energy penetration con-
tinues to rise, its inherent intermittency and volatility pose severe challenges to multi-agent
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collaborative optimization scheduling [3]. These challenges primarily manifest as increased
difficulty in matching supply and demand, higher operational costs, and greater complex-
ity in carbon emission control. Traditional single integrated energy systems struggle to
independently address these challenges due to scale limitations and insufficient distur-
bance resilience [4]. In contrast, MIES establishes a peer-to-peer (P2P) energy exchange
architecture through public coupling points, enabling intelligent coordination and flexible
transactions between IES. This facilitates broader resource optimization and reduces soci-
etal costs. Nevertheless, the integration of high proportions of renewable energy introduces
significant uncertainty into the system, necessitating the development of more advanced
optimization scheduling methods [5].

To address uncertainty, stochastic optimization (SO) and robust optimization (RO)
represent two traditional approaches [6]. The SO relies on probability density functions
for uncertain parameters, generating dispatch strategies through scenario sampling.
However, its computational efficiency declines sharply with increasing scenario scale,
and the precision of probability distributions is difficult to guarantee, leading to reduced
decision reliability [7]. The RO requires only information about the fluctuation range of
uncertainty sets, without needing probability models. Yet its tendency to optimize for
worst-case scenarios often results in overly conservative solutions with poor economic
performance [8]. Distributionally Robust Optimization (DRO), as an emerging approach,
combines the strengths of SO and RO: it constructs probabilistic fuzzy sets in a data-
driven manner and makes decisions based on the worst-case distribution. probability of
strong assumptions about the probability distribution type while reducing conservatism.
Common methods for constructing fuzzy sets include those based on probability dis-
tances (e.g., Wasserstein distance) and moment information. Numerous studies have
already been conducted in this area. Ma et al. [9] develop a two-stage DRO model to
coordinately optimize a port-integrated energy system and berth allocation under dual
uncertainties of wind power and ship arrivals, demonstrating improved economic and
environmental performance while effectively hedging against risks. Song et al. [10]
explored sustainable operation strategies for CCUS units under a low-carbon economy
using a two-layer DRO model. Rauf et al. [11] propose a DRO model with a linear
decision rule for unit commitment and optimal battery energy storage system (BESS)
sizing in a renewable-integrated distribution network, achieving minimized operational
costs and enhanced scheduling efficiency under renewable and load uncertainties. Shen
et al. [12] develop a Wasserstein metric-based DRO bidding model for IES in spot elec-
tricity markets, effectively managing price uncertainty to minimize expected cost and
risk while demonstrating superior out-of-sample performance compared to stochastic
programming and robust optimization. Shi et al. [13] propose an adaptive step-size
distributed optimization method based on ADMM for a multi-microgrid integrated
energy system (MMIES), incorporating energy storage coordination and carbon man-
agement strategies to enhance economic and environmental benefits while preserving
operational privacy. Zhou et al. [14] propose a two-stage distributionally robust opti-
mization (DRO) model that separately models source-side and load-side uncertainties
using DRO and scenario-based stochastic programming, respectively, resulting in a more
economical and reliable scheduling plan that saves an average of 11% in cost compared
to traditional methods. Ma et al. [15] propose a data-driven distributionally robust opti-
mization (DRO) model for an electric-thermal-hydrogen integrated energy system, using
CGAN-generated scenarios and a comprehensive norm-based uncertainty set to reduce
operating costs by 2.1% compared to traditional robust optimization while maintain-
ing computational efficiency. However, these methods typically require converting to
convex optimization problems using skewed linear decision rules and duality theorems.
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The introduction of 0–1 variables often increases model complexity and computational
difficulty (NP-hard problems). In contrast, the data-driven DRO method employing
1-norm and ∞-norm constrained composite norm fuzzy sets can process typical scenario
probability distributions through parallel solving. This approach effectively avoids
duality derivation and the introduction of integer variables, significantly enhancing
solution efficiency.

In renewable energy scenario generation, traditional methods like Monte Carlo
sampling, probability density methods, Markov chains, and time series approaches
primarily rely on statistical learning models. These determine parameters based on
historical data and generate scenarios through sampling. However, these methods
struggle to fully capture the spatiotemporal correlations of wind and solar power
output and other unknown information, lacking universal applicability in complex
real-world scenarios.

In recent years, artificial intelligence technologies have demonstrated significant po-
tential in renewable energy scenario generation, gradually replacing traditional statisti-
cal methods. Diffusion models, as a new class of deep generative models, have gained
widespread application in wind and solar power scenario modeling due to their stable
training process, robust distribution fitting capabilities, and diverse generated samples.
Compared to generative adversarial networks (GANs) that require adversarial training,
diffusion models significantly enhance their ability to capture complex probabilistic struc-
tures by defining forward noise addition and backward denoising processes [16]. They
demonstrate advantages in generating high-dimensional spatiotemporal sequences. Diffu-
sion models do not rely on prior distribution assumptions and can autonomously learn the
stochastic characteristics of renewable energy output from historical data, thereby substan-
tially improving the system’s management capabilities in addressing future uncertainties.
In practical applications for generating renewable energy scenarios, diffusion models it-
eratively produce scenario sets that match actual wind and solar output distributions
through denoising. Concurrently, conditional control within diffusion models is typically
achieved via cross-attention mechanisms or conditional encoding injections, enabling flexi-
ble adaptation to diverse generation tasks—including extreme event construction, few-shot
generalization, and even zero-shot novel pattern generation. Diffusion models have seen
extensive application in the generation of renewable energy scenarios: Liang et al. [17]
develops a modified airtightness calculation model for compressed air energy storage
(CAES) caverns based on the solution-diffusion model, demonstrating that it more accu-
rately characterizes air permeation in rubber seals compared to the traditional pore-flow
model, which overestimates leakage by 225%. Zhao et al. [18] proposes a conditional diffu-
sion model (CDSG) for generating realistic and diverse joint source-load scenarios in deep
decarbonized power systems, effectively capturing complex spatial-temporal correlations
and improving dispatch feasibility compared to existing methods. Zhao et al. [19] pro-
poses a hierarchical multi-agent deep reinforcement learning (MADRL) method integrated
with discrete diffusion models, named gMADRL-VCS, to optimize energy-efficient and
cooperative navigation and sensing strategies for unmanned vehicles in ground-air-space
communication systems, demonstrating superior performance in data collection and energy
savings across real-world scenarios.

However, despite significant advances in generative quality, diffusion models exhibit
critical shortcomings in constructing conditional noise networks. Current approaches
predominantly employ fully connected networks or simple encoder structures for condi-
tional injection, lacking systematic integration of spatiotemporal feature extraction and
prediction. This results in insufficient accuracy and limited generalization when modeling
cross-regional correlations, complex weather pattern responses, and multi-energy coupling
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dynamics. Therefore, there is an urgent need to develop a conditional diffusion architecture
that integrates spatial-temporal inductive biases to enhance the physical consistency and
system operability of generated scenarios.

On the other hand, with the development of the electricity market, each IES within
the MIES belongs to different stakeholders. Establishing an appropriate benefit distri-
bution mechanism to promote the sustainable and coordinated optimization operation
of the MIES is crucial. Cooperative games are considered an effective means to address
benefit distribution issues. Chen et al. [20] proposed independent and cooperative oper-
ation models for participants in industrial park integrated energy systems, employing
the Shapley value method to allocate cooperative benefits. Amiri et al. [21] develops a
machine learning model to forecast neighborhood-level building energy use and em-
ploys SHAP analysis to identify key influencing factors, such as building size and type,
providing a data-driven tool for urban sustainability planning. Lu et al. [22] develops an
improved Shapley Value method for multi-park integrated energy systems that coordi-
nates renewable energy uncertainty, carbon emissions, and demand response to achieve
low-carbon operation and fair benefit allocation among the participants. Abdollahi
et al. [23] proposes a framework for intraday regional flexibility markets managed by
Advanced Virtual Power Plants (AVPPs). Through an innovative hierarchical market
clearing mechanism and a two-stage optimization model, this framework effectively
integrates distributed energy resources into trading. It enhances AVPP economic returns
by 28% while reducing short-term load fluctuations in distribution grids by 35%, achiev-
ing synergistic optimization of energy trading efficiency and system operational stability.
Song et al. [24] develops highly accurate XGBoost models for solar radiation estimation
in China and, most importantly, uses the SHAP method to provide comprehensive global
and local explanations of the model’s predictions, thereby enhancing its interpretability
and transparency. However, the Shapley method only considers marginal contributions
for benefit distribution, failing to guarantee global benefit maximization. Nash bargain-
ing, which accounts for participants’ interests, strategies, and information, has gained
significant attention in recent years due to its superior handling of non-independence
and interactivity among participants compared to the Shapley value method [25]. To
overcome the drawback of equal distribution in traditional Nash bargaining, asymmetric
allocation strategies by assigning different bargaining powers have also been explored.
Chen et al. [26] develops a cooperative framework for multi-agent integrated energy
systems, using Nash bargaining to ensure fair benefit allocation and coordinated opera-
tion among participants, thereby improving economic efficiency and system flexibility.
Huang et al. [27] develops a cooperative framework for multiple building integrated en-
ergy systems using a multi-agent deep reinforcement learning approach for operational
optimization and a Nash-Harsanyi bargaining model for fair cost allocation, effectively
reducing both operational costs and carbon emissions. Zhang et al. [28] proposes a
two-stage cooperative optimization strategy based on Nash bargaining theory for micro-
grids and shared energy storage systems to achieve voltage regulation in distribution
networks while ensuring fair benefit sharing among participants. Zhu et al. [29] proposes
an asymmetric Nash bargaining-based energy sharing strategy for integrated energy
service providers, using a nonlinear mapping function to fairly allocate benefits and
incentivize cooperation, thereby enhancing renewable energy utilization and reducing
carbon emissions. However, the benefit allocation processes in the literature did not
consider contributions from energy transactions other than electricity. Table 1 shows the
comparative summary of this study and existing studies.
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Table 1. A comparative summary of this study and existing studies.

References Optimization Model Data-Driven Cooperative Benefits Energy Trading

[30] RO ×
√

×
[8] RO × ×

√

[22] SO × ×
√

[14] SO ×
√

×
[26] DRO ×

√ √

[27] DRO ×
√

×
[25] DRO

√
×

√

[31] DRO
√ √

×
This study DRO

√ √ √

Despite progress in DRO and scenario generation, MIES collaborative optimization
still faces following challenges: (1) Spatiotemporal uncertainty of high renewable energy
penetration is difficult to accurately characterize; (2) Revenue distribution mechanisms in
multi-energy transactions remain imperfect; (3) Existing methods struggle to balance pri-
vacy protection and computational efficiency. Against the backdrop of energy conservation
and emission reduction targets, these issues pose challenges to the economic and secure
operation of MIES and require urgent resolution. Based on the above research and gap,
this article proposes a data-driven two-stage distributed robust collaborative optimization
scheduling model for MIES based on a spatial-temporal fusion based conditional diffusion
model. The optimization framework of this study is shown in Figure 1. Compared to
existing research, the innovation of this work lies in the first application of a spatiotem-
poral fusion conditional diffusion model to MIES scenario generation. Combined with a
multi-energy transaction contribution rate design for the revenue distribution mechanism,
it addresses the limitations of existing methods that cannot simultaneously ensure both
scenario quality and revenue fairness. The main innovations and contributions of this
research are as follows:

(a) To more accurately describe the stochastic characteristics of renewable energy, a spatial
temporal fusion conditional diffusion model is proposed for generating photovoltaic
and wind power scenarios in MIES, constructing the initial renewable energy scenarios
for the DRO set. This method is intended to integrate Transformer and CNN modules
into the traditional diffusion model, enabling the extraction of spatiotemporal features
from scenario data to ensure the accuracy of generated scenarios.

(b) Based on the contribution rates of each IES, an asymmetric Nash bargaining mech-
anism grounded in P2P electrothermal multi-energy transaction contribution rates
are proposed to allocate cooperative benefits among IESs, ensuring the fairness and
rationality of surplus distribution.

(c) To enhance model solution efficiency and effectively protect the privacy of all parties,
we propose a distributed solution for energy trading problems using an ADMM
coupled with parallelizable C&CG.

(d) Establish a comprehensive MIES collaborative optimization framework to pro-
vide new insights for high-penetration renewable energy systems during energy
planning transitions.
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Figure 1. MIES optimization framework.

2. Multi-Integrated Energy Systems (MIES) Framework and Model
The schematic of the MIES operational model framework proposed in this study is

shown in Figure 2. IESs are directly connected to the upper-level energy grid, enabling
them to purchase energy at prices set by the upper-level grid or engage in peer-to-peer
(P2P) transactions among IESs through cooperative alliances. IES operators negotiate to
exchange electricity and thermal energy based on their supply and demand needs, reducing
reliance on the upper-level grid to lower operational costs. Concurrently, collaborating
IES operators reduce substantial investment costs for internal energy storage systems
by leasing cloud energy storage (CES), thereby promoting renewable energy integration.
Additionally, each IES is equipped with an energy management system (EMS). Advanced
5G communication technology enables real-time energy exchange and price transmission
between IES, ensuring high efficiency while safeguarding IES privacy requirements.

Figure 2. The MIES operational model framework.

2.1. Internal System Model of IES

Extensive research exists on modeling multi-energy coupling systems. Ahmad
et al. [32] conducted a thermodynamic analysis of solar trigeneration systems, while Baghe-
rian et al. [33] comprehensively reviewed optimization techniques for CHP and CCHP
systems. Building upon these works, this study constructs equipment models suitable for
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the coordinated optimization of MIES. An internal system model of the IES, which selects
appropriate distributed generation sources based on its geographical location and other
conditions is shown in Figure 3. To better achieve multi-energy utilization, energy coupling
equipment such as GT, HP, AC, and EC are integrated. P2G and CCS conversion equip-
ment are introduced to reduce CO2 emissions. Concurrently, flexible loads are considered
to further facilitate renewable energy integration and enhance user participation. Some
models in this paper are derived from References [15,18,25].

Figure 3. The internal system model of the IES.

GT generates electrical and thermal energy by burning natural gas, with their output
models and constraints defined as shown in Equation (1).

PGT
i,e,t = ηGT,eHGHVGGT

i,t

PGT
i,h,t = ηGT,hHGHVGGT

i,t

0 ⩽ PGT
i,e,t ⩽ PGT

i,e,max

0 ⩽ PGT
i,h,t ⩽ PGT

i,h,max

(1)

where PGT
i,e,t and PGT

i,h,t represent the electrical power output and thermal power output of
the gas turbine, respectively; ηGT,e and ηGT,h denote the electrical efficiency and thermal
efficiency of the gas turbine, respectively; PGT

i,e,max and PGT
i,h,max denote the maximum electrical

power output and maximum thermal power output of the gas turbine, respectively.
As an efficient device utilizing low-grade thermal energy, HP are crucial low-

carbon energy-saving equipment in IES. Driven by electrical power, the relationship be-
tween the HP’s heating power output and its electricity consumption is as shown in
Equations (2) and (3).

PHP
i,h,t = ηHPPHP

i,e,t (2)

0 ⩽ PHP
i,h,t ⩽ PHP

i,h,max (3)

where ηHP denotes the heating performance factor of the HP; PHP
i,h,max represents the maxi-

mum heating capacity of the HP.
AC utilizes excess heat to achieve thermal refrigeration; EC employs electrical energy for

refrigeration. Their refrigeration capacity and constraints are as shown in Equations (4)–(7).

PAC
i,c,t = ηACPAC

i,h,t (4)
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0 ⩽ PAC
i,c,t ⩽ PAC

i,c,max (5)

PEC
i,c,t = ηECPEC

i,e,t (6)

0 ⩽ PEC
i,c,t ⩽ PEC

i,c,max (7)

where PAC
i,c,t and PAC

i,c,max represent the cooling capacity and maximum cooling capacity of
the AC, respectively; ηAC denotes the cooling efficiency of the AC; PEC

i,e,t and PEC
i,c,max denote

the cooling capacity and maximum cooling capacity of the EC; ηEC denotes the cooling
efficiency of the EC.

P2G and CCS equipment absorb CO2 to produce CH4, thereby reducing the carbon
emissions of microgrids while enabling energy regeneration. Their operational models and
constraints are as shown in Equations (8)–(11).

QP2G
i,g,t = ηP2GPP2G

i,e,t (8)

QCCS
i,g,t = ηCCPP2G

i,e,t (9)

PCCS
i,e,t = ηCCSQCCS

i,g,t (10){
0 ⩽ PP2G

i,e,t ⩽ PP2G
i,e,max

0 ⩽ PCCS
i,e,t ⩽ PCCS

i,e,max

(11)

where QP2G
i,g,t represents the volume of CH4 produced by the P2G equipment; ηP2G denotes

the conversion efficiency of the power-to-gas equipment in generating CH4 from consumed
electricity; PP2G

i,e,t indicates the power consumption of the power-to-gas equipment; QCCS
i,g,t

signifies the amount of CO2 required for the power-to-gas equipment to synthesize CH4;
ηCC is the conversion factor for calculating CO2 quantities; PCCS

i,e,t denotes the power con-
sumption of the CCS system; ηCCS represents the conversion coefficient for the electrical
energy consumed by the CCS system in capturing CO2.

2.2. Cloud Energy Storage (CES)

To reduce the investment and operational costs of energy storage equipment, the CES
model has emerged as an option for microgrid operators. CES service providers price
their services based on unit capacity. Each IES operator purchases usage rights for cloud
energy storage equipment—capacity for electricity and heat—from CES providers based
on their specific energy storage needs. CES providers and IES exchange information and
fees through communication systems, facilitating energy interaction via power grids and
thermal networks. The real-time electricity storage capacity and real-time thermal storage
capacity for each IES are represented in matrix form as shown in Equation (12).

[
Si,e,t

Si,h,t

]
=

[
Si,e,t−1(1− δe)

Si,h,t−1(1− δh)

]
+

ηch
e

−1
ηdis

e

ηch
h

−1
ηdis

h

[Pch
i,e,tθ

ch
i,e,t Pdis

i,e,tθ
dis
i,e,t

Pch
i,h,tθ

ch
i,h,t Pdis

i,h,tθ
dis
i,h,t

]T

(12)

where Si,e,t and Si,h,t denotes the real-time electricity storage capacity and real-time thermal
storage capacity.

The real-time capacity constraint of IES at CES is expressed as shown in Equation (13).{
αmin

i,e Smax
i,e ≤ Si,e,t ≤ αmax

i,e Smax
i,e

αmin
i,h Smax

i,h ≤ Si,h,t ≤ αmax
i,h Smax

i,h

(13)
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The constraints for IES-leased cloud storage capacitance and cloud storage thermal
capacity are as shown in Equation (14).{

0 ⩽ Smax
i,e ⩽ Smax

e,rent

0 ⩽ Smax
i,h ⩽ Smax

h,rent

(14)

To ensure the normal operation of the energy storage system in the next cycle, conti-
nuity must be maintained between the initial state of the energy storage and its state at the
end of the scheduling cycle, as constrained by Equation (15).{

Si,e,0 = Si,e,T

Si,h,0 = Si,h,T
(15)

The charging/discharging power and thermal power of the IES unit leased for CES
are constrained as shown in Equation (16).{

0 ⩽ Pmax
i,e,t ⩽ Pmax

e,rent

0 ⩽ Pmax
i,h,t ⩽ Pmax

h,rent

(16)

The real-time charge/discharge power constraints for IES are shown in Equations (17)
and (18). {

0 ⩽ Pch
i,e,t ⩽ Pmax

i,e,t

0 ⩽ Pch
i,h,t ⩽ Pmax

i,h,t

(17)

{
0 ⩽ Pdis

i,e,t ⩽ Pmax
i,e,t

0 ⩽ Pdis
i,h,t ⩽ Pmax

i,h,t

(18)

where δe and δh represents the self-consumption coefficients for cloud-based electricity
storage and cloud-based heat storage, respectively; ηch

e and ηch
h denote the charging and

heat charging efficiencies, respectively; ηdis
e and ηdis

h indicates the discharging and heat
discharging efficiencies, respectively; Pch

i,e,t and Pch
i,h,t denote the real-time charging power

and heat charging power, respectively; Pdis
i,e,t and Pdis

i,h,t denote the real-time discharging
power and heat discharging power, respectively; αmin

i,e , αmax
i,e , αmin

i,h and αmax
i,h denotes the

upper and lower bounds of the CES state-of-charge proportion coefficient and the upper
and lower bounds of the CES charge-heat state proportion coefficient; Smax

e,rent and Smax
h,rent

represents the maximum rentable cloud storage capacity and maximum rentable cloud
thermal storage capacity of the IES.

2.3. Cost Model

The interaction cost between IES and external power grids is expressed as shown in
Equation (19).

Cgrid
i =

T

∑
t=1

(λbPbuy
i,t − λsPsell

i,t ) (19)

The gas procurement cost for IES is expressed as shown in Equation (20).

Cfuel
i = λgas

T

∑
t=1

(GGT
i,t −QP2G

i,g,t ) (20)

The operational and maintenance costs of equipment within the IES are expressed in
Equation (21).
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Cope
i = λGT

T

∑
t=1

PGT
i,e,t + λHP

T

∑
t=1

PHP
i,h,t + λAC

T

∑
t=1

PAC
i,c,t + λEC

T

∑
t=1

PEC
i,e,t + λwt

T

∑
t=1

PWT
i,e,t + λpv

T

∑
t=1

PPV
i,e,t + λP2G

T

∑
t=1

PP2G
i,e,t + λccs

T

∑
t=1

PCCS
i,e,t (21)

The cost of carbon trading can be expressed as shown in Equation (22).

Cco2
i = λco2(

T

∑
t=1

Qco2,a
i,t −

T

∑
t=1

QCCS
i,g,t −

T

∑
t=1

Qco2,p
i,t ) (22)

The daily rental cost of cloud energy storage is expressed as shown in Equation (23).

CCES
i =

λe,sSmax
i,e + λe,pPmax

i,e,t + λh,sSmax
i,h + λh,pPmax

i,h,t

365
+

T

∑
i=1

[λCES
e (Pch

i,e,t + Pdis
i,e,t) + λCES

h (Pch
i,h,t + Pdis

i,h,t)] (23)

The total cost of the IES system can be expressed as shown in Equation (24).

CIES
i = Cgrid

i + Cfuel
i + Cdr

i + Cope
i + Cco2

i + CCES
i + CP2P

i (24)

where λb and λs denote the purchase and sale prices for electricity from/to external grids,
respectively; Pbuy

i,t and Psell
i,t denote the electricity purchase and sale volumes from/to the

main grid, respectively; λgas denotes the gas purchase price; λGT, λHP, λAC, λEC, λwt,
λpv, λP2G, λccs denote the operation and maintenance cost coefficients for GT, HP, AC,
EC, wd, PV, P2G, and CCS units, respectively; λco2 represents the carbon emission cost
coefficient; Qco2,a

i,t denotes the CO2 emissions generated by equipment; Qco2,p
i,t represents

the CO2 quota for the IES; λe,s, λe,p, λh,s, λh,p denote the leasing price coefficient and price
coefficient for CES electricity and the leasing price coefficient and price coefficient for CES
heat, respectively; CP2P

i represents the transaction payment cost between IES.

2.4. Energy Balance Constraint

The energy balance constraints of the IES system are shown in Equations (25)–(27).

PGT
i,e,t + PPV

i,e,t + PWT
i,e,t + Pdis

i,e,t + Pbuy
i,t = Pch

i,e,t + Pload
i,e,t + PEC

i,e,t + PHP
i,e,t + Psell

i,t + PP2G
i,e,t + PCCS

i,e,t + PP2P
i−j,e,t (25)

PGT
i,h,t + PHP

i,h,t + Pdis
i,h,t = Pload

i,h,t + PAC
i,h,t + Pch

i,h,t + PP2P
i−j,h,t (26)

PEC
i,c,t + PAC

i,c,t = Pcool
i,c,t (27)

where PP2P
i−j,e,t and PP2P

i−j,h,t denotes the electricity and thermal energy traded between IES;

Pcool
i,c,t represents the cooling load.

3. Conditional Diffusion Model
3.1. Mechanism of Diffusion Models

The primary mechanisms of diffusion models include diffusion processes and reverse
processes [34]. This section introduces the fundamental mechanisms of diffusion models,
laying the groundwork for the subsequent introduction of conditional diffusion models.

3.1.1. Diffusion Process

The forward diffusion process generates a sequence of Gaussian-distributed noise sam-
ples x0, · · · , xT by providing an undamaged data sample x0 ∼ q(x0) sampled from the true
data distribution. These noise samples are then incrementally added to the input sample,
resulting in the following Markov process which is as shown in Equations (28) and (29).
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q(x1:T |x0) =
T
Π

t=1
q(xt|xt−1) (28)

q(xt|xt−1) = N
(

xt;
√

1− βtxt−1, βt I
)

, t = 1, 2, · · · T (29)

where T denotes the total diffusion step; β ∈ (0, 1) represents the level growth variance of
noise; I denotes the identity matrix with the same dimension as the input sample. Moreover,
each step’s sample depends solely on the sample at time t− 1. Therefore, when t follows a
uniform distribution, as shown in Equation (30).

q(xt|x0) = N (xt;
√

αtx0, (1− αt)I) (30)

To standardize samples following a normal distribution, the recursive formula for xt

can be derived via the standard inverse transformation, as shown in Equation (31).

xt =
√

αtx0 +
√

1− αtϵ (31)

3.1.2. Reverse Process

Based on the above circumstances, the backward propagation process of the dif-
fusion model is expected to recover x0 from Gaussian noise xt. Therefore, the inverse
process is defined as the conditional distribution p0, and Gaussian noise xt undergoes
the inverse process to ultimately reconstruct x0 under conditional information c. This
formulation can be described as a Markov chain with learnable transitions, as shown in
Equations (32) and (33).

pθ(x0:T−1|xT , c) =
T
Π

t=1
pθ(xt−1|xt, c), xT ∼ N (0, I) (32)

pθ(xt−1|xt, c) = N
(

xt−1; µθ(xt, c, t), σ2
t I
)

(33)

µθ(xt, c, t) can be expressed as shown in Equation (34).

µθ(xt, c, t) =
1√
αt

(
xt −

βt√
1− αt

ϵθ(xt, c, t)
)

(34)

where ϵθ(xt, c, t) is the noise parameter that needs to be predicted.
To make the reverse Markov chain match the forward process as closely as possi-

ble, the parameter θ must be continuously adjusted so that the joint distribution of the
reverse process gradually approximates that of the forward process. This employs the
variational lower bound solution for minimizing the negative log-likelihood proposed by
Sohl, Dickstein et al., as detailed in Equation (35).

Lvlb(x0) = − log pθ(x0|x1, c) + KL(q(xT |x0) ∥ pθ(xT)) + ∑
t>1

KL(q(xt−1|xt, x0) ∥ pθ(xt−1|xt, c)) (35)

where KL is the Kullback–Leibler divergence.
The design of the scene noise prediction network ϵθ plays a pivotal role in CDM.

However, most existing studies overlook the spatial-temporal feature extraction capa-
bilities within the scene noise prediction network. Since ϵθ imposes no constraints on
network architecture, its flexibility facilitates the design of noise networks tailored to
spatial-temporal noise correlations. Therefore, it is imperative to design a specialized ϵθ to
achieve outstanding performance in CDM, which will be introduced in Section 3.2.
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3.2. Spatial-Temporal Fusion Based Conditional Diffusion Model (STF-CDM)

The randomness introduced by Gaussian noise leads to pattern instability in generated
scenes, causing inconsistencies between noisy scenes and original scenes, especially when
the diffusion stride t approaches T. Consequently, adaptively learning weights from
the hybrid of conditional information and source load scenes to obtain spatial-temporal
correlation features become challenging [35]. To address these issues, this study proposes
STF-CDM. The model’s primary innovation lies in designing the scene noise prediction
network ϵθ, which comprises two modules: Temporal module component (TMC) and
Spatial module component (SMC). These modules extract temporal and spatial features
from the original information.

As shown in Figure 4, during pretraining, TMC and SMC focus on modeling the tem-
poral and spatial correlations of the loading scenario. The collaborative design of TMC and
SMC achieves deep integration through a cross-attention mechanism, jointly ensuring high
fidelity in generated scenes. Specifically, TMC is built upon the Transformer architecture,
with its core multi-head self-attention mechanism endowing the model with unparalleled
capabilities for modeling long-range temporal dependencies. TMC can directly establish
global dependencies between any two time points within a sequence, avoiding information
decay or vanishing gradients caused by excessively long sequences. This enables the model
to accurately learn and reproduce complex temporal characteristics in source-load data.

Figure 4. The network architecture of the STF-CDM.

SMC efficiently captures local features and spatial dependencies within the regularized
spatial dimension of the generated scene using a CNN foundation. This approach leverages
the sequential or quasi-grid-like spatial arrangement of source-load variables, enabling the
model to identify intrinsic patterns within local spatial configurations while enhancing
computational efficiency and robustness.

The outputs from TMC and SMC are not simply concatenated but adaptively fused
through a cross-attention mechanism. This mechanism uses the extracted temporal features
(TMC output) as the Query, while the spatial features (SMC output) serve as both Key and



Sustainability 2025, 17, 11377 13 of 30

Value. It dynamically calculates and integrates relevant information across temporal and
spatial dimensions, generating high-quality scenes with consistent spatial-temporal coherence.

TMC is used to extract temporal features Ftem by integrating two inputs: source
observations x0 and diffusion steps t. The diffusion steps t are encoded as differences using
128-dimensional temporal embeddings as shown in Equation (36).

X = (Conv(x0) + Fc(di f femd)) (36)

Then the queries (Qtem
i ), keys (Ktem

i ) and values (Vtem
i ) in the TMC are calculated as

shown in Equation (37). 
Qtem

i = XWtem
q,i

Ktem
i = XWtem

k,i
Vtem

i = XWtem
ν,i

(37)

where Wtem
q,i , Wtem

k,i , Wtem
ν,i are corresponding weighted matrices for Qtem

i , Ktem
i , Vtem

i . The
output htem

i of the i-th attention head is computed as shown in Equation (38).

htem
i = so f tmax

Qtem
i

(
Ktem

i
)T√

dtem
k

Vtem
i (38)

where so f tmax is a activation function, and dtem
k acts as a scaling factor to prevent gradient

explosion. The multi-head representation is obtained by concatenating the representations
produced by y individual self-attention head which is shown in Equation (39).

MultiHeadtem = Concat
(

htem
1 , htem

2 , · · · , htem
y

)
Wo

i (39)

where y denotes the total amount of self-attention heads, Additionally, the normalization
and dropout layers are intended to improve the stability of the TMC. Finally, Conv1d is
further leveraged to extract the temporal features Ftem which as shown in Equation (40).

Ftem = Wtem(MultiHeadpro) (40)

where Wtem is the parameter matrix and MultiHeadpro is the MultiHeadtem processed by
the dropout and normalization layers.

Within SMC, this study employs a CNN to efficiently capture local features and spatial
dependencies of generated scenes across regularized spatial dimensions. This design
assumes that different source-load variables can be regarded as nodes arranged in an
ordered sequence within the spatial dimension, where significant local spatial correlations
exist between neighboring variables.

Specifically, the processed composite input X ∈ RN×d×L (where N is the batch size,
d is the number of variables (treated as spatial dimensions), and L is the time step) is
directly treated as a one-dimensional spatial signal with d channels and length L. This
study employs one-dimensional convolutional layers to slide along the spatial dimension,
capturing local patterns among neighboring variables.

The core propagation rule for a single one-dimensional convolution operation is shown
in Equation (41).

Hl+1 = ReLU
(

Conv1D(Hl , W(l), b(l))
)

(41)

where Hl denotes the output features of layer l (H0 = X), where Conv1D represents a
one-dimensional convolution operation. W(l) and b(l) are the learnable convolution kernel
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parameters and bias terms for this layer, respectively. The kernel size defines the receptive
field, controlling the extent to which local spatial correlations are captured.

To integrate multi-level spatial features, this study aggregates outputs from different
convolutional layers. Specifically, a two-layer CNN architecture is employed, with its
outputs skip-connected to the original input before being fed into a final convolutional
layer for information consolidation, as shown in Equation (42).

XCNN = Conv1D
(

Concat
(

X, H1, H2
))

(42)

Apply a gated activation mechanism to enhance nonlinear expression capabilities and
obtain the final spatial features of the SMC, as shown in Equation (43).

Fspa = tanh
{

W f ∗ ∗ XGCN

}
⊙ σ

{
Wg∗ ∗ XGCN

}
(43)

where W f ∗, Wg∗ are the learnable matrix parameters.
Simultaneously, the extracted temporal and spatial features are adaptively fused using

a cross-attention mechanism. The acquisition of spatial-temporal features is illustrated in
Equation (44).

Fcst f m = so f tmax

Qcst f m
(

Kcst f m
)T√

dcst f m
k

Vcst f m (44)

Attention weights are computed using the temporal feature Ftem∗ and the spatial
feature Fspa∗ . In practical applications, using the temporal feature Ftem∗ as the query and
the spatial feature Fspa∗ as the key-value pair has yielded excellent performance which as
shown in Equation (45).

Qcst f m = Ftem∗Wcst f m
q , Kcst f m = Fspa∗Wcst f m

k , Vcst f m = Fspa∗Wcst f m
ν (45)

where Wcst f m
q , Wcst f m

k , Wcst f m
ν are learnable weight parameter matrices.

3.3. Evaluation Metrics

To further evaluate the superiority of the proposed CDM model, this study employs
not only MAE and RMSE but also introduces two additional evaluation metrics—Frechet
inception distance (FID) [36] and continuous ranked probability score (CRPS) [37]—to
assess the model’s performance.

The FID is defined as shown in Equation (46).

FID
(

Pr, Pg
)
=

∥∥ur − ug
∥∥2

2 + Tr

(
Cr + Cg − 2

(
CrCg

)1/2
)

(46)

CRPS is used to evaluate the fit between the estimated probability distribution of
the generated scenario and the actual scenario. A smaller CRPS value indicates higher
fidelity of the generated scenario. For a given load scenario x and its generated source load
probability distribution P, CRPS measures the fit between P and x through the integral
quantile loss Λα, as shown in Equations (47) and (48).

CRPS
(

P−1, x
)
=

∫ 1

0
2Λα

(
P−1(α), x

)
dα (47)

Λα

(
P−1(α), x

)
=

(
α−Πx<P−1(α)

)(
x− P−1(α)

)
(48)

where α is the quantile levels; P−1(α) is the α-quantile of P; Π is the indicator function.
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4. Two-Stage DRO
This study employs the CDM model to generate scenarios and constructs an uncer-

tainty set through downscaling to build a two-stage DRO model. The first stage of the
two-stage distributed robust optimization model addresses the main problem, determining
the energy trading plan with external parties prior to uncertainty occurrence. The second
stage tackles the max-min problem: given the first-stage decision, it seeks a dispatch plan
within the uncertainty set that accounts for the worst-case probability of renewable energy
output scenarios. This plan is then fed back to the first stage to adjust the decision ac-
cordingly. Stages one and two iterate through alternating optimization until the first-stage
decision satisfies all scenarios within the uncertainty set. The primary expression for the
two-stage DRO is shown in Equation (49).

min
x∈X

aTx + max
pk∈Ω

min
yk∈Y

K
∑

k=1
pkbTyk

Cx + Dz ⩽ d
Ex + Fyk ⩽ h, ∀k ∈ K

(49)

where K denotes the total number of scenarios after clustering; Ω denotes the confidence
interval for the comprehensive norm; C, D, E, F, d, h denote constant coefficient matrices.

The probability distribution of scenarios obtained through scenario clustering contains
certain errors. To make the probability distribution more closely align with real data,
the uncertainty confidence set presented in this section centers on the initial probability
distribution and constrains the scenario probability distribution using a composite norm,
thereby obtaining the worst-case probability distribution for each discrete scenario. The
composite norm probability confidence interval, composed of the 1-norm and ∞-norm, is
defined in Equation (50).

Pr{
K
∑

k=1
|pk − pk0| ⩽ θ1} ⩾ 1− 2Ke

−
2Mθ1

K

Pr{ max
1⩽k⩽K

|pk − pk0| ⩽ θ∞} ⩾ 1− 2Ke−2Mθ∞

(50)

where Pr denotes the probability operator; pk0 represents the number of generated samples;
is the initial probability value for discrete scenario k; θ1 and θ∞ denote the probability
tolerance limits under the 1-norm and ∞-norm constraints, respectively.

To solve this inequality, transform it as shown in Equation (51).
θ1 =

K
2M

ln
2K

1− α1

θ∞ =
1

2M
ln

2K
1− α∞

(51)

Thus, the confidence interval for the composite norm is shown in Equation (52).

Ω =


pk|pk ⩾ 0, k = 1, · · · , K;

K
∑

k=1
pk = 1;

K
∑

k=1
|pk − pk0| ⩽ θ1; max

1⩽k⩽K
|pk − pk0| ⩽ θ∞

(52)
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5. MIES Game Theory Model and Solutions
5.1. Asymmetric Revenue Allocation

Each IES contributes varying amounts of energy to the alliance, resulting in differing
bargaining power. IES revenues are allocated based on this bargaining power. The proposed
asymmetric revenue allocation is shown in Equation (53).max

N
Π

i=1
(C0

i − C1
i + CP2P

i )
Si

s.t.C0∗
i − C1∗

i + CP2P
i ⩾ 0

(53)

where C0
i and C0∗

i denote the pre-cooperation cost and optimal cost for IES, respectively;
C1

i and C1∗
i denote the cooperation cost without payment consideration and optimal coop-

eration cost for IES.

5.2. Model Subproblem Construction

The Nash bargaining model can be equivalently formulated as solving the subprob-
lems of maximizing cooperative benefits and energy payments. The expressions for sub-
problem 1 and subproblem 2 are shown in Equations (54) and (55). minC1

i = min
N
∑

i=1
aTx + max

pk∈Ω
min
yk∈Y

N
∑

i=1

K
∑

k=1
pkbTyk

s.t.(49)
(54)



max
N
Π

i=1
(C0

i − C1∗
i + CP2P

i )
Si

s.t.C0
i − C1∗

i + CP2P
i ⩾ 0

CP2P
i = pP2P,e

i−j PP2P
i−j,e,t + pP2P,h

i−j PP2P
i−j,h,t

pP2P,e
i−j,min ⩽ pP2P,e

i−j ⩽ pP2P,e
i−j,max

pP2P,h
i−j,min ⩽ pP2P,h

i−j ⩽ pP2P,h
i−j,max

(55)

where C1∗
i denotes the optimal solution obtained for subproblem 1; pP2P,e

i−j , pP2P,h
i−j denotes

the interaction electricity price and the interactive heat price; pP2P,e
i−j,min, pP2P,e

i−j,max, pP2P,h
i−j,min,

pP2P,h
i−j,max represent its upper and lower bounds.

Bargaining power is a key factor determining revenue distribution. Therefore, non-
linear energy mapping is employed to quantify the bargaining power of each entity. This
study quantifies the electrical and thermal energy contributions of each IES to establish a
reasonable energy transaction price, thereby achieving equitable distribution. The specific
expression is shown in Equations (56)–(58).

Si = Sa
i /

N

∑
i=1

Sa
i (56)


Sa

i = µeSi,e + µhSi,h

Si,e = eEsupply
i /Esupply

max − e−(Ereceive
i /Ereceive

max )

Si,h = eHsupply
i /Hsupply

max − e−(Hreceive
i /Hreceive

max )

(57)
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

Esupply
i =

T
∑

t=1
max(PP2P

i−j,e,t, 0)

Ereceive
i = −

T
∑

t=1
max(PP2P

i−j,e,t, 0)

Hsupply
i =

T
∑

t=1
max(PP2P

i−j,h,t, 0)

Hreceive
i = −

T
∑

t=1
max(PP2P

i−j,h,t, 0)

(58)

where Si represents the normalized quantitative value of each IES’s bargaining power Sa
i ;

Si,e and Si,h denote the quantitative values of each IES’s bargaining power for electrical
energy and thermal energy, respectively; µe and µh denote the contribution ratios of electri-
cal energy and thermal energy to bargaining, respectively; Esupply

i and Hsupply
i denote the

total electrical energy and thermal energy supplied by the microgrid when participating in
cooperation. Ereceive

i and Hreceive
i represent the total electrical and thermal energy received

by the microgrid during cooperation.

5.3. Model Solution Method

The objective function of Subproblem 1 is decomposable. Based on the ADMM
algorithm principle, for IES i, construct the augmented Lagrangian function as shown in
Equation (59).

Li(PP2P
i−j,e/h,t, PP2P

j−i,e/h,t, λe/h
i−j,t, ρe/h

i−j,t) = min
x,z

aTx + ∑
i∈N

λe/h
i−j,t(PP2P

i−j,e/h,t + PP2P
j−i,e/h,t)+

∑
i∈N

ρe/h
i−j,t

2
∥ PP2P

i−j,e/h,t, PP2P
j−i,e/h,t ∥

2
2 +max

pk∈Ω
min
yk∈Y

∑
k∈K

pwbTyk

s.t.(49)

(59)

For two-stage robust optimization problems, since each scenario problem is indepen-
dent, a parallel solution approach can be adopted. First, solve the k min problems separately,
then solve the max problem. This avoids the inefficiency caused by deriving the dual form
and introducing 0–1 variables. After obtaining the worst-case scenario probability, solve
the main and subproblems iteratively using the C&CG algorithm. Atomic Problem 1 is
decomposed into a main problem and a subproblem. Through iterative solutions of the
main and subproblems, the optimal solution of the model is obtained.

The expressions for the main problem and subproblems are shown in Equations (60) and (61).



min
x,z

aTx + ∑
i∈N

λe/h
i−j,t(PP2P

i−j,e/h,t + PP2P
j−i,e/h,t) + ∑

i∈N

ρe/h
i−j,t

2
∥ PP2P

i−j,e/h,t + PP2P
j−i,e/h,t ∥

2
2 +η

s.t.Cx + Dz ⩽ d

Ex + Fyk ⩽ h, ∀k ∈ K

η ⩾ ∑
yk∈Y

pk∗b
Tyk

(60)

 max
pk∈Ω

min
yk∈Y

K
∑

k=1
pkbTyk

s.t.Ex∗ + Fyk ⩽ h, ∀k ∈ K
(61)

Since the inner decision variables are independent across different scenarios, the
inner layer of the subproblem can be decomposed into K independent linear program-
ming problems and solved simultaneously using parallel computing methods. Therefore,
subproblem (61) can be equivalently expressed as shown as Equation (62).
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
max
pk∈Ω

K
∑

k=1
pkbTy∗k

yk
∗ = argmin

y∗k Y
bTy∗k

s.t.Ex∗ + Fyk ⩽ h, ∀k ∈ K

(62)

The process of solving Subproblem 1 using the ADMM-C&CG algorithm based on
coupled parallel computation is illustrated in Figure 5.

 

Figure 5. ADMM-C&CG algorithm flowchart.

The pseudocode for implementing the MIES optimization scheduling process is shown
in Algorithm 1.
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Algorithm 1 Distributed ADMM-C&CG for MIES Scheduling

Require: Number of IES N, convergence tolerance ε, penalty factor ρ,
renewable generation scenarios
Ensure: Optimal MIES scheduling results
1: Initialize ADMM iteration index m← 1
2: Initialize inter-IES power flows PP2P, Lagrange multipliers λ

3: Generate initial renewable scenarios and probabilities via STF-CDM and K-means
4: while not converged do
5: for i = 1 to N (in parallel) do
6: Solve internal optimization via C&CG
7: end for
8: for each IES pair (i, j) do
9: Update power exchange variables:

PP2P,m+1
i→j = argmin

PP2P
i→j
L𝒾

(
PP2P

i→j , PP2P
j→i , λm

i→j

)
PP2P,m+1

j→i = argmin
PP2P

j→i
L𝒿

(
PP2P

i→j , PP2P
j→i , λm

j→i

)
10: Update Lagrange multiplier λm

i→jλ
m
j→i

11: end for

12: If max
{

∑T
t=1

∣∣∣(PP2P
i→j,t + PP2P

j→i,t

)
|22
}
≤ ε then

13: break
14: end if
15: Update penalty factor ρ

m← m + 1
16: end while
17: Output optimal MIES scheduling results

6. Results and Discussion
6.1. Data

The raw data for renewable energy sources and energy prices are shown in Figures 6 and 7.
Table 2 shows the maximum capacities of IES1, IES2, and IES3, where IES1 is configured with
wind power units, while IES2 and IES3 are equipped with photovoltaic power units. Table 3
shows experimental parameters required for the simulation experiment. Renewable energy
data and energy price data are derived from actual measurements of a multi-energy integrated
system in Changchun. Experimental parameters are partially sourced from Ref. [25].

Figure 6. Raw data for renewable energy sources.
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Figure 7. Energy prices.

Table 2. The maximum capacities of IES1, IES2, and IES3.

Parameters IES 1 IES 2 IES 3

Photovoltaic capacity (kW) 0 400 900
Wind power capacity (kW) 600 0 0

Table 3. Simulation parameters.

Parameters Value Parameters Value

ηGT,e 0.36 PHP
i,h,max 800

ηGT,h 0.45 αmax
i,e 0.9

HGHV 9.5 PAC
i,c,max 1500

PGT
i,e,max 1800 αmin

i,e 0.1

ηHP 2.2 ηAC 1.2

δh 0.05 αmax
i,h 0.9

ηch
e 0.98 PEC

i,c,max 1000

ηch
h 0.95 αmin

i,h 0.1

ηdis
e 0.99 ηEC 4

ηdis
h 0.95 Smax

h,rent 500

ηP2G 0.55 PCCS
i,e,max 200

Smax
e,rent 500 µe 0.5

ηCC 1.06 µh 0.5

Pmax
e,rent 250 Pmax

h,rent 250

ηCCS 0.5 PP2G
i,e,max 300

6.2. STF-CDM Model Experimental Results

This study employed the STF-CDM model to generate renewable energy scenarios for
various IESs and utilized K-means clustering for scenario reduction, yielding representative
renewable energy scenarios for each IES as shown in Figure 8. As shown in the figure,
the generated scenarios fully cover the upper and lower fluctuation boundaries of the
original scenarios. While ensuring accuracy, they achieve satisfactory results within a 95%
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confidence interval. The ideal scenario set can reproduce actual load trends and exhibits
sufficient diversity in local random fluctuations to cover the range of possible scenarios.
Simultaneously, the generated scenario set ensures the safety and robustness of subsequent
DRO.

 

Figure 8. Renewable energy scenarios for each IES. (a) IES 1; (b) IES 2; (c) IES 3.

To comprehensively validate the effectiveness of the proposed method, this study
conducted comparative experiments between the STF-CDM model and current main-
stream scene generation methods. The comparison models include Monte Carlo simulation
(MC) [38], Latin Hypercube Sampling (LHS) [39], GAN [40], WGAN-GP [41], and diffusion
models. Among these, The STF-CDM model training employs the Adam optimizer with
a learning rate of 0.001, a batch size of 64, and 200 training epochs. The TMC module
utilizes a 4-layer Transformer architecture with 4 attention heads per layer; the SMC module
employs a 3-layer 1D CNN with convolutional kernel sizes of 3, 5, and 7. The MC method
employed 5000 samples; both GAN and WGAN-GP utilized a 4-layer MLP network with a
learning rate of 0.0002, Adam optimizer, batch size of 64, and training for 10,000 epochs.
All models were trained on identical GTX 5060 GPU hardware. To ensure fair comparison,
all models underwent parameter tuning. Evaluation metrics encompass multiple statistical
measures, including MAE, RMSE, CRPS, and FID. Simulation results are presented in
Table 4, with the best performing results highlighted in bold.

Table 4. Evaluation metrics of experiments.

Model MAE RMSE CRPS FID

MC 20.45 40.23 0.75 1150.82
LHS 18.33 36.87 0.70 1020.45
GAN 16.78 34.20 0.65 900.20

WGAN-GP 15.12 32.90 0.60 750.45
Diffusion model 13.65 28.50 0.52 620.89

STF-CDM 7.98 19.60 0.28 255.83

In comparative results, shown in Table 3, STF-CDM demonstrated outstanding perfor-
mance during testing. Compared to the next-best model, STF-CDM achieved significant
improvements. MAE decreased by 34.72%, RMSE by 21.61%, CRPS by 32.35%, and FID
by 47.00%. The comparison results clearly indicate that STF-CDM’s advantage stems from
its dedicated scene noise prediction network architecture—effectively capturing complex
spatiotemporal correlations between scenes via TMC, while utilizing SMC to adaptively
learn conditional information and weight distribution between scenes. Furthermore, the
model’s gradual integration of generative mechanisms and conditional information during
diffusion significantly enhances its ability to represent temporal dynamics in generated
scenes, ultimately achieving an optimal balance between generation quality and diversity.
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In addition to testing the overall performance metrics of the model, this study also
conducted empirical data tests on wind power and photovoltaic data from IES 1 and IES 2.
The results for each metric are shown in Figure 9. As illustrated in Figure 9, the STF-CDM
model continues to demonstrate optimal performance, further validating its superiority
in renewable energy scenario generation. This lays a crucial foundation for subsequent
construction of robust optimization uncertainty sets.

 
Figure 9. Test metric results for the CDM in IES 1 and IES 2. (a) MAE; (b) RMSE; (c) CRPS; (d) FID.

6.3. ADMM-C&CG Optimization Results Analysis

Figure 10 illustrates the convergence characteristics of the proposed parallel ADMM-
C&CG algorithm when solving Subproblem 1, while Figure 11 shows the convergence
trajectory of the ADMM’s computational cost when addressing Subproblem 2.

The results indicate that the ADMM algorithm converged after 34 iterations in
Subproblem 1, taking 313 s. Subproblem 2 converged in just 17 iterations and 12 s. These
findings confirm that the ADMM not only offers high computational efficiency and
stable convergence for solving collaborative optimization problems but also effectively
safeguards the privacy of data from all participating entities. On the other hand, the
parallelizable C&CG algorithm demonstrated outstanding convergence speed—all IES
subsystem models converged within 2 iterations. During optimization, the gap between
upper and lower bounds progressively narrowed until meeting the preset tolerance
range, indicating the C&CG algorithm’s excellent solution capability when handling
complex internal IES models.
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Figure 10. The convergence characteristics of the proposed parallel ADMM-C&CG algorithm when
solving Subproblem 1. (a) ADMM distributed iterative curve; (b) Convergence plot of the C&CG
algorithm for IES 1; (c) Convergence plot of the C&CG algorithm for IES 2; (d) Convergence plot of
the C&CG algorithm for IES 3.

 

Figure 11. ADMM solution cost iteration process. (a) IES 1; (b) IES 2; (c) IES 3.

6.4. Optimization Results Analysis

After each IES participates in electricity-to-heat peer-to-peer transactions, their re-
spective optimized scheduling results are shown in Figures 12–14. IES 1, benefiting from
abundant wind resources, operates during local off-peak periods from 00:00 to 06:00 and
13:00 to 16:00. Excess wind power is stored via cloud energy storage, consumed through
EC, P2G-CCS, and HP systems, and surplus electricity is sold to the external grid and
other IES. During peak consumption periods from 07:00 to 12:00 and 16:00 to 23:00, after
absorbing all wind power output, IES 1 meets load demand by increasing GT unit output,
discharging CES systems, and purchasing electricity from other IES and the upper-level
grid, thereby reducing the park’s total energy costs. As shown in Figure 12b, regarding
thermal power optimization, during 00:00–07:00, IES 1 maintains thermal balance through
HP output, GT output, CES heat charging, and P2P heat trading. During 19:00–22:00,
excess thermal output from the GT unit is absorbed by heat consumption from the AC unit
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and heat release from CES, alleviating pressure on the EC. The analysis for cooling power
follows the same principle.

 

Figure 12. Power load balance of IES 1. (a) Electrical load balance; (b) Thermal load balance;
(c) Cooling load balance.

Based on the optimized scheduling results of IES 2 shown in Figure 13, this IES
demonstrates significant complementarity with IES 1, which primarily relies on wind
power. In terms of electricity, during the well-lit period from 07:00 to 17:00, IES 2 generates
substantial surplus power from photovoltaic generation. This surplus not only meets local
electricity demand but is also sold to IES 1 during its peak consumption hours via P2P
transactions. Simultaneously, part of the electricity is stored in CES or utilized for energy
conversion through HP and P2G systems. During nighttime and non-sunlit periods, IES 2
meets demand by purchasing electricity from the grid, utilizing CES, and acquiring wind
power from IES 1. GT systems supplement demand with limited activation during evening
peak loads. For thermal balance, HP primarily handles daytime heating using low-cost
PV power while storing excess heat in CES. Nighttime demand is met by releasing CES
thermal storage and GT waste heat, with P2P heat trading further optimizing cross-system
thermal allocation. Cooling power scheduling follows a similar logic, primarily relying on
EC operation during PV generation peaks to achieve spatiotemporal energy transfer.

 

Figure 13. Power load balance of IES 2. (a) Electrical load balance; (b) Thermal load balance;
(c) Cooling load balance.

As IES 3 shown in Figure 14, its scheduling mode is like IES 2 but exhibits subtle
differences influenced by local load characteristics. As another PV system, IES 3 similarly
prioritizes supporting IES 1 with surplus PV generation via the P2P grid during daytime
hours while utilizing CES for energy storage. Unlike IES 2, IES 3’s thermal load curve may
be flatter, enabling it to allocate more power during midday PV peak periods to drive AC
units for cooling load satisfaction and storage via HP heating. During nighttime, IES 3 relies
on CES discharge, purchased electricity (especially from IES 1), and flexible GT regulations
to maintain power balance. Its thermal supply is dominated by HP during daytime,
combined with CES for peak shaving and valley filling. During evening thermal load
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peaks, GT’s combined heat and power output increases, coordinating with CES to ensure
supply, while P2P thermal transactions enhance inter-system redundancy and reliability.
The coupled scheduling of thermal, electrical, and cooling energy fully demonstrates the
economic efficiency and flexibility of photovoltaic-based IES supported by P2P transactions
and CES.

 

Figure 14. Power load balance of IES 3. (a) Electrical load balance; (b) Thermal load balance;
(c) Cooling load balance.

6.5. P2P Energy Trading Results

The results of the P2P electricity-heat transactions are shown in Figure 15. As seen
in Figure 15a, IES 1 experienced abundant wind power generation and low electricity
consumption between 00:00 and 06:00. The surplus electricity was transmitted to other
IES units for profit through cooperative trading, reducing not only its own energy storage
costs but also the power generation costs of other IES units. During 06:00–15:00, IES 3
experiences abundant solar power generation, while IES 1 and IES 2 face insufficient
renewable generation during peak energy consumption. Consequently, IES 1 and IES 2 pur-
chase electricity from IES 3, achieving mutual economic benefits. As shown in Figure 15b,
during 00:00–07:00, IES 1 experiences high thermal demand with constrained HP power,
necessitating thermal energy purchases from other IES. This demonstrates real-time energy
transaction equilibrium among the three regions, highlighting the positive economic impact
of P2P transactions on the IES system.

Figure 15. Energy trading results between IES. (a) Electricity trading; (b) Thermal trading.

6.6. Trading Price Under Asymmetric Bargaining

As shown in Figure 16, changes in energy trading prices correspond to the energy
transaction volumes depicted in Figure 15. The bargaining power of individual IESs
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increases with greater energy exchange, enabling them to secure more favorable transaction
prices. Transaction electricity prices during each period remain within the range of the
main grid’s purchase and sale prices, thereby reducing the cost of purchasing energy from
the main grid and enhancing the profitability of each IES.

Figure 16. Energy trading prices between IES. (a) Electricity trading; (b) Thermal trading.

6.7. Revenue and Cost Analysis

Table 5 presents the operational costs of each IES before and after participating in
P2P transactions. Mode 1 represents the proposed model in this paper, while Mode 2
corresponds to the standard Nash bargaining model.

Table 5. IES costs under two modes.

Mode IES ID P2P Pre-Trading
Cost (¥)

P2P Post-Trading
Cost (¥) Final Cost (¥) Bargaining

Power (¥) Profit (¥)

Mode 1

IES 1 13,282 11,110 12,970 0.22 312.64
IES 2 5754 5110 5354 0.27 400.15
IES 3 5061 6463 4359 0.51 702.29

IES alliance 24,098 22,683 22,683 1 1415.07

Mode 2

IES 1 13,282 11,110 12,810 0.33 471.69
IES 2 5754 5110 5282 0.33 471.69
IES 3 5061 6463 4590 0.33 471.69

IES alliance 24,098 22,683 22,683 1 1415.07

As shown in Table 5, the asymmetric benefit allocation based on the magnitude of
multi-energy contributions increases the revenues of each IES by 312.64 Yuan, 400.15 Yuan,
and 702.29 Yuan, respectively, avoiding the uniform distribution of Mode 2. Therefore, the
proposed benefit allocation method achieves greater rationality by considering the diverse
energy contribution levels of each IES, granting higher bargaining power and profit shares
to those with greater contributions.

6.8. Comparison of DRO Method Optimization Results

To further evaluate the performance of the proposed STF-CDM scenario-driven DRO
method, this section compares the generated scenario sets from the proposed method with
those from MC, LHS, GAN, WGAN-GP, and Diffusion models. The optimization results
for the IES Alliance’s total cost and profit under different scenario sets are presented in
Table 6. The table demonstrates that STF-CDM achieves superior total costs and profits
compared to the suboptimal value. Notably, all other methods except the suboptimal
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one yield zero profits, validating the superior generative performance of the proposed
algorithm. This reflects the lower operational costs of the STF-CDM method, confirming its
accuracy and superiority.

Table 6. Optimization results of different DRO methods.

DRO Method IES Alliance Cost (¥) Profit (¥)

MC 28,956 0
LHS 29,121 0
GAN 27,323 0

WGAN-GP 24,525 0
Diffusion model 23,696 402

STF-CDM 22,683 1415

6.9. Comparison Between Centralized Optimization and ADMM-C&CG

Table 7 shows the optimization comparison results between the ADMM-C&CG algo-
rithm and centralized algorithms. It can be observed that as the number of IES increases,
the ADMM-C&CG algorithm achieves lower costs than centralized optimization, indicating
its excellent global convergence performance. Simultaneously, the computation time of the
ADMM-C&CG algorithm remains within acceptable limits, verifying the computational
efficiency of the proposed method. Therefore, when the scale of IES increases, the ADMM-
C&CG algorithm still exhibits good convergence performance and computational efficiency
for solving the MIES cooperative operation problem.

Table 7. Comparison between ADMM-C&CG and centralized optimization.

Algorithm Indicator
Number of IES

3 6 9

Centralized optimization Cost (¥) 22,968 60,617 73,622

ADMM-C&CG
Iterations 31 39 46

Iteration time (s) 306 527 884
Cost (¥) 22,683 59,366 70,049

7. Conclusions and Future Directions
This study proposes a two-stage data-driven DRO model for MIES. To more accurately

capture the uncertainty in renewable energy output, a scenario generation method based
on the STF-CDM is introduced to generate initial renewable energy scenarios for the DRO
set. This method employs TMC and SMC units to fuse spatiotemporal features from histor-
ical data, thereby better learning the spatiotemporal characteristics of renewable energy
output sequences. When handling energy transactions between MIES, the model employs
multi-energy transaction contributions to allocate cooperative benefits. An ADMM-C&CG
algorithm is proposed to solve this model. Meanwhile, this study offers valuable insights
for energy policy formulation: It recommends promoting the development of multi-energy
markets and supporting electricity-heat-cooling multi-energy trading; encouraging cloud
energy storage sharing models to reduce renewable energy integration costs; and estab-
lishing a contribution-based revenue distribution mechanism to foster multi-stakeholder
collaboration. These measures are envisioned to help achieve energy conservation and
emission reduction targets. Key findings are as follows:

(a) The proposed ADMM-C&CG algorithm demonstrates excellent solution performance,
with each IES achieving lower cooperative operation costs than independent operation.
This further mitigates the impact of renewable energy uncertainty on microgrid
systems during independent operation.
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(b) When solving the energy sharing optimization model between MIES using the ADMM-
C&CG algorithm, each IES exchanges only limited information, protecting IES privacy.
Compared to traditional Nash bargaining models, this approach reasonably allo-
cates cooperative benefits based on each IES’s multi-energy transaction contribution,
effectively incentivizing IES entities to participate in energy transactions.

(c) The declared STF-CDM-based DRO model reduces model conservatism compared to
other scenario-driven two-stage DRO approaches.

(d) Future research can explore hybrid game models incorporating distribution system
operators and analyzing the impact of multiple uncertainties.
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