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Abstract

High renewable energy penetration significantly increases source-side uncertainty and
makes power and energy balancing more difficult under carbon emission constraints. To
improve the multi-time-scale power and energy balance of highly uncertain power systems,
this paper proposes a low-carbon coordinated optimization method considering wind–
photovoltaic output uncertainty, hydrogen energy storage availability uncertainty, and
carbon quota constraints. Wind and photovoltaic uncertainty is described by joint scenarios,
while the available capacities of electrolyzers and hydrogen fuel cells are characterized
using Markov-chain-based capacity coefficients. On this basis, a multi-time-scale power and
energy balance optimization framework is established by combining medium- and long-
term stochastic energy task decomposition, day-ahead two-stage stochastic optimization,
and intra-day model predictive control rolling correction. The medium- and long-term
layer coordinates energy tasks and carbon budgets, the day-ahead layer forms a baseline
power and energy balance plan, and the intra-day layer corrects real-time power deviations.
In addition, a dynamic carbon quota mechanism related to load level, renewable energy
penetration, and hydrogen energy storage system availability is introduced to reflect the
impact of operating conditions on low-carbon scheduling. Case-study results show that the
proposed method can maintain power and energy balance under renewable fluctuations
and hydrogen energy storage availability variations. Compared with a static carbon quota
scheme, the dynamic carbon quota mechanism reduces total operating cost by 8.94%
and carbon emissions by 8.77%. The intra-day rolling correction reduces the RMSE of
residual power deviations to 9.39 kW, indicating that the proposed optimization method
can improve multi-time-scale balancing robustness and low-carbon operation capability of
highly uncertain power systems.

Keywords: power and energy balance; dynamic carbon quota; hydrogen energy storage
failures; multi-time-scale scheduling

1. Introduction
Against the background of the continuous advancement of China’s “dual-carbon”

strategic goals and the accelerated development of new-type power systems, the installed
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capacity and generation share of renewable energy sources, represented by wind power and
photovoltaic power, have continued to increase [1]. However, renewable energy output is
significantly affected by meteorological conditions and is characterized by strong random-
ness, volatility, and intermittency, which substantially increases source-side uncertainty
in power systems and further intensifies power and energy balance pressures [2,3]. With
the continuous increase in renewable energy penetration, power system balancing is no
longer limited to power matching within a single time period, but has gradually evolved
into a multi-time-scale coordination problem of power and energy covering medium- and
long-term planning, day-ahead scheduling, intra-day adjustment, and real-time operation.
Under increasingly stringent carbon emission constraints, how to coordinate multiple types
of flexibility resources, including generation, load, and energy storage, enhance the multi-
time-scale power and energy balancing capability of the system under highly uncertain
scenarios, and ensure the safe, economic, and low-carbon operation of power systems has
become a critical issue that urgently needs to be addressed in the operation optimization of
new-type power systems.

To address the multi-time-scale power and energy balancing problem under high
uncertainty, power systems require flexible resources that can provide both short-term
power regulation and cross-period energy transfer. Electrochemical energy storage can
rapidly smooth renewable output fluctuations and load variations, but its limited capacity
and discharge duration restrict its ability to independently support long-duration energy
balancing in high-renewable-penetration systems. Hydrogen energy storage can absorb
surplus renewable electricity through hydrogen production and reconvert stored hydrogen
into electricity when needed, thereby providing complementary flexibility for renewable
energy accommodation, long-duration storage, and multi-time-scale power and energy
balancing [4,5].

Existing studies have widely investigated the role of hydrogen energy storage in
enhancing system flexibility, renewable energy accommodation, and power and energy
balancing capability. These studies generally show that electrolyzers, hydrogen fuel cells,
hydrogen storage, energy storage, and demand response can be coordinated to improve the
adaptability of power systems, integrated energy systems, and microgrids under renewable
energy fluctuations [6–10]. Furthermore, Wang et al. [11] investigated a multi-time-scale
optimization framework for integrated energy systems with diversified hydrogen energy
utilization, where hydrogen storage, hydrogen conversion pathways, and coupled green
certificate–carbon trading mechanisms were jointly considered to improve renewable
energy accommodation and low-carbon operation. Song et al. [12] proposed a multi-time-
scale optimization model considering long-term and short-term hydrogen storage, demand
response, and multiple uncertainties, demonstrating the potential of hydrogen storage for
improving renewable energy accommodation. Li et al. [13] considered multi-time-scale
operations of electricity–hydrogen integrated energy systems and explored the interaction
between different storage technologies. However, most of them assume that hydrogen
energy devices are fully available during operation, while the impacts of equipment state
uncertainty, such as failures, derated operation, and unplanned outages, are not sufficiently
considered. In practical operation, changes in the available capacity of electrolyzers and
fuel cells may directly weaken the power regulation capability of hydrogen energy storage
and, by altering hydrogen production and storage levels, further affect subsequent power
support and cross-period energy transfer. Therefore, it is necessary to incorporate hydrogen
energy storage equipment state uncertainty into the analysis of multi-time-scale power and
energy balance, so as to evaluate its influence on the power and energy balance capability.

Under carbon emission constraints, power and energy balancing in power systems
is not only a physical supply–demand matching problem, but also a low-carbon alloca-
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tion problem affected by emission allowances and carbon trading mechanisms. Existing
studies have introduced carbon trading, ladder-type carbon pricing, demand response,
green certificate trading, and carbon capture into low-carbon scheduling models, showing
that these mechanisms can effectively reduce carbon emissions and improve operational
economy [14–17]. Shi et al. [18] further considered the allocation of carbon allowances
across multiple time-scales and proposed a low-carbon economic dispatch framework for
integrated energy systems under uncertainty, in which carbon emission constraints were
coordinated with system operation at different temporal levels. Wang et al. [19] further in-
corporated hydrogen utilization and carbon trading mechanisms into an integrated energy
system optimization model, where a two-stage robust optimization method was developed
to coordinate economic operation and emission reduction under uncertainty. Zhao et al. [20]
investigated multi-time-scale carbon trading mechanisms in hydrogen-integrated energy
systems and established a scheduling framework considering the interaction between
hydrogen utilization and carbon-market signals. However, most existing models describe
carbon constraints using fixed emission factors, static allowances, or predetermined base-
lines, which makes it difficult to reflect the influence of time-varying operating conditions
on carbon responsibility allocation. In highly uncertain power systems, load levels, re-
newable energy output, and the availability of flexibility resources may vary significantly
across different scheduling periods. If the carbon quotas allocated to individual scheduling
periods remain static, carbon constraints may be too strict in some periods and too loose in
others, thereby affecting the rationality of power and energy balancing results. Therefore, it
is necessary to develop a dynamic carbon quota allocation mechanism for multi-time-scale
power and energy balance analysis, so that the prescribed daily carbon budget can be
dynamically redistributed among scheduling periods according to load level, renewable
energy penetration, and hydrogen energy equipment availability, while keeping the total
daily carbon budget unchanged.

With the integration of a high proportion of renewable energy, power and energy
balancing is no longer confined to a single time-scale, but exhibits evident cross-time-scale
coupling characteristics. At the medium- and long-term level, periodic energy tasks and
carbon emission budgets need to be coordinated; at the day-ahead level, baseline operation
schedules need to be formulated based on forecast information; and at the intra-day and
real-time levels, schedule deviations need to be corrected in a rolling manner according to
changes in renewable energy output, load demand, and equipment operating states [21]. To
address the propagation effects of source–load forecasting errors during schedule execution,
existing studies have explored multi-time-scale coordinated scheduling and model predic-
tive control. Reference [22] established a day-ahead–intra-day multi-time-scale optimal
scheduling model considering source–load uncertainty, realizing coordinated control of
system resources across different time-scales. Furthermore, He et al. [23] integrated light
robust optimization with model predictive control into a day-ahead–intra-day scheduling
framework, where intra-day rolling optimization and feedback correction were employed
to enhance the adaptability of microgrid operation under source–load prediction errors.
Reference [24] proposed a real-time economic dispatch strategy for microgrids based on
model predictive control, in which rolling optimization and feedback correction were
employed to improve system adaptability to renewable energy and load forecasting errors.
Reference [25] proposed a model-predictive-control-based real-time scheduling method
for integrated energy systems with Power-to-X devices, aiming to balance the impacts
of multi-source uncertainty on system operation. Fang et al. [26] further developed a
multi-stage and multi-time-scale energy management framework for hydrogen-based inte-
grated energy systems, integrating day-ahead scheduling, MPC-based intra-day rolling
dispatch, and real-time adjustment to coordinate electricity–hydrogen–heat balance un-
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der demand uncertainties. Reference [27] developed a convex model predictive control
method for battery energy storage systems in distributed microgrids, enabling real-time
optimal allocation of energy storage power. Yang et al. [28] developed a distributionally
robust optimization-based scheduling framework for hydrogen-coupled integrated energy
systems considering carbon trading and demand response, where uncertainty in renewable
energy and load demand was addressed through robust optimization. The above studies
provide effective methods for multi-time-scale coordinated operation under highly uncer-
tain scenarios. However, existing studies mostly regard day-ahead schedules or upper-level
decomposed tasks as deterministic references, with emphasis placed on the rolling correc-
tion of intra-day renewable energy output and load forecasting errors, while insufficient
attention has been paid to the uncertainty of medium- and long-term power and energy
decomposition plans themselves and their propagation effects on the day-ahead and intra-
day execution levels. If such uncertainty is ignored, lower-level scheduling may struggle to
simultaneously satisfy energy task requirements, power and energy balance, and carbon
emission constraints during execution. Therefore, it is necessary to develop a closed-loop
multi-time-scale rolling optimization framework that accounts for uncertainty in medium-
and long-term task decomposition, thereby realizing coordinated linkage among medium-
and long-term planning, day-ahead baseline scheduling, and intra-day feedback correction.
The realized generation and carbon emissions can then be fed back to update subsequent
upper-level tasks, maintaining consistency between short-term operation and medium-
and long-term energy and emission objectives.

A comparison of the proposed method with representative existing studies is presented
in Table 1.

Table 1. Comparison of the proposed method with recent representative existing studies on low-
carbon power system scheduling.

Study
Multi-Time-

Scale
Scheduling

Uncertainty-
Aware

Optimization

Hydrogen
Energy
Storage

HES Failure/
Derating

Carbon
Constraint

Mechanism
MPC

Cross-Time-Scale
Energy–Carbon

Coordination

Turk et al.
(2021) [25] × ✓ × × × ✓ ×

Wu et al.
(2022) [21] ✓ ✓ × × × ✓ ×

Huang et al.
(2023) [22] ✓ ✓ × × × × ×

He et al.
(2023) [23] ✓ ✓ × × × ✓ ×

Shi et al.
(2023) [18] ✓ ✓ × × ✓ × ×

Fang et al.
(2024) [26] ✓ ✓ ✓ × × ✓ ×

Wang et al.
(2024) [11] ✓ ✓ ✓ × ✓ ✓ ×

Song et al.
(2024) [12] ✓ ✓ ✓ × ✓ × ×

Li et al.
(2024) [13] ✓ × ✓ × × × ×

Wang et al.
(2025) [19] × ✓ ✓ × ✓ × ×

Zhao et al.
(2025) [20] ✓ × ✓ × ✓ × ×

Yang et al.
(2025) [24] × ✓ ✓ × ✓ × ×

Proposed
method ✓ ✓ ✓ ✓ ✓ ✓ ✓

Based on the above analysis, this paper proposes a multi-time-scale power and energy
balance optimization method for highly uncertain power systems considering hydrogen
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energy storage system failures and state-coupled dynamic carbon quota allocation. The
main contributions are summarized as follows:

1. A source–load–storage coordinated optimization model considering hydrogen en-
ergy storage equipment failures is established. A Markov-chain-based multi-state
availability model is used to characterize the normal, derated, and outage states
of electrolyzers and hydrogen fuel cells, and the corresponding available capacity
coefficients are embedded into electricity–hydrogen operation constraints. The model
therefore captures not only the instantaneous reduction in power regulation capabil-
ity caused by equipment failures, but also their intertemporal impact on hydrogen
storage and cross-period energy transfer.

2. A state-coupled dynamic carbon quota mechanism for low-carbon power and energy
balance optimization under carbon emission constraints is proposed. The prescribed
daily carbon budget is dynamically redistributed among scheduling periods according
to load level, renewable energy penetration, and hydrogen energy storage availability
while maintaining the total daily carbon budget unchanged. By coupling carbon allo-
cation with both operating conditions and available system flexibility, the proposed
mechanism improves the coordination between economic operation, power–energy
balance, and carbon emission reduction.

3. A closed-loop multi-time-scale power and energy balance optimization method con-
sidering uncertainty in upper-level task decomposition is developed. Medium- and
long-term stochastic task decomposition, day-ahead two-stage stochastic optimiza-
tion, and intra-day MPC are coordinated through explicit generation-task and carbon
budget tracking. The intra-day MPC not only corrects day-ahead power deviations
but also continuously coordinates the remaining generation task and carbon budget,
while realized generation and emissions are fed back to update subsequent upper-
level tasks.

2. Materials and Methods
2.1. System Configuration and Balance Analysis Framework

The proposed framework focuses on the multi-time-scale power and energy balance of
a grid-connected power system with high renewable energy penetration under carbon emis-
sion constraints. As shown in Figure 1, the system consists of wind turbines, photovoltaic
units, thermal power units, an electrical energy storage system (ESS), electrolyzers (ELs),
hydrogen fuel cells (HFCs), loads, and the external power grid. Wind and photovoltaic
generation are the main renewable energy sources, while thermal units and grid interaction
provide conventional power support. ESS is used for short-term power regulation, whereas
the EL and HFC realize electricity–hydrogen conversion, providing additional flexibility
for renewable energy accommodation and power balancing.

To clarify the carbon emission accounting scope, the system boundary is defined with
reference to the goal-and-scope principle of ISO 14040 and ISO 14044 [29,30]. Since this
study focuses on multi-time-scale operational scheduling rather than full life-cycle assess-
ment, only carbon emissions occurring within the operational boundary of the modeled
power system are considered. Specifically, the carbon emission accounting includes direct
CO2 emissions from thermal power generation within the system and operational emis-
sions associated with electricity imported from the external grid. Wind power, photovoltaic
generation, ESS, ELs, hydrogen storage, and HFCs are treated as zero direct-emission
resources during operation. Life-cycle emissions associated with raw-material extraction,
equipment manufacturing, transportation, construction, maintenance, replacement, and
end-of-life treatment are outside the scope of this study. The emissions associated with
electricity consumed by ESS and hydrogen conversion devices are attributed to the corre-
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sponding electricity supply sources rather than being separately counted, so as to avoid
double counting. Therefore, the carbon emission results reported in this study represent
operational carbon emissions within the defined system boundary rather than full life-cycle
greenhouse-gas emissions.

Electric grid

WT PV

Energy storage electrolyzer fuel cell

thermal unit

load

Electricity

hydrogen tank

hydrogen  

Figure 1. System configuration of the electricity–hydrogen coupled power system.

2.2. Uncertainty Modeling of Wind–Solar Power Output and Hydrogen Energy Equipment States

The power outputs of wind turbines and photovoltaic systems exhibit significant
randomness and intermittency, which introduce considerable uncertainty into renewable
energy generation. Since this study focuses on system-level power and energy balance
optimization rather than meteorological forecasting, renewable-generation uncertainty is
characterized directly at the power-output level. Specifically, annual synthetic hourly WT
and PV power profiles covering 365 consecutive days described in Section 3.1 are used
to construct empirical power-output distributions and generate joint renewable-power
scenarios for stochastic optimization. Therefore, wind speed and solar irradiance are not
explicitly modeled in the numerical case study.

2.2.1. Wind–Photovoltaic Joint Scenario Generation

Since wind power and photovoltaic output exhibit significant randomness and inter-
mittency, this paper adopts a scenario-based method to characterize their joint uncertainty.
The renewable-generation scenarios used in the stochastic optimization are constructed di-
rectly from empirical power-output distributions. Specifically, the 365-day synthetic hourly
WT and PV power series covering a complete annual cycle described in Section 3.1 are used
to construct empirical power-output distributions. The annual dataset incorporates sea-
sonal variations in renewable-generation characteristics, enabling the scenario-generation
process to capture both short-term stochastic fluctuations and seasonal differences in re-
newable energy availability.

Based on these distributions, 500 joint WT–PV power scenarios are generated through
Monte Carlo sampling. The K-means clustering algorithm is then used to reduce the
original scenario set to five representative scenarios for stochastic optimization, thereby
reducing computational complexity while retaining the main statistical characteristics of
renewable generation.

2.2.2. Markov-Chain-Based Multi-State Availability Model of Hydrogen Energy
Storage Equipment

For the PEM electrolyzer considered in this study, equipment unavailability may
arise from stack-level degradation and balance-of-plant abnormalities. Degradation of
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key electrochemical components may increase electrochemical and ohmic losses, while
hydrogen crossover and auxiliary-system abnormalities, such as water-supply, thermal-
management, and pressure-control problems, may restrict the admissible operating range
or lead to temporary shutdown [31,32]. In addition, variable-power operation and fre-
quent start–stop events may affect equipment degradation and availability [32]. Since
the objective of this study is system-level power and energy balance optimization rather
than component-level degradation diagnosis, these physical effects are aggregated into
three availability states—normal, derated, and outage—and represented by corresponding
available capacity coefficients.

The normal state represents unrestricted operation within the rated capacity; the
derated state represents partial loss of available production capacity caused by degradation
or auxiliary-system limitations; and the outage state represents a condition in which the EL
is unavailable because of severe faults or protective shutdown. Accordingly, the physical
consequences of EL faults are represented in the optimization model through a time-varying
available capacity coefficient rather than by explicitly modeling individual electrochemical
degradation processes.

M =

⎡⎢⎣−λ01 − λ02 λ01 λ02

µ10 −µ10 − λ12 λ12

µ20 µ21 −µ20 − µ21

⎤⎥⎦ (1)

Specifically, λij denotes the transition rate from state i to state j associated with equip-
ment degradation or failure evolution, while µij represents the recovery transition rate from
an unavailable or degraded state to a higher availability state.

By solving the steady-state algebraic equation set,⎧⎨⎩ πM = 0
∑

i∈S
πi = 1 (2)

where π = [π0,π1,π2] denotes the steady-state probability of the equipment being in each
state. Accordingly, the expected available capacity coefficient of the equipment in the
day-ahead scheduling stage can be obtained as follows:

αm = πm
0 αm

0 + πm
1 αm

1 + πm
2 αm

2 (3)

The obtained availability coefficient is further embedded into the operating constraints
of ELs and HFCs, where the maximum available charging and discharging capacities are
adjusted according to the stochastic equipment states. Therefore, the proposed model
captures the impact of hydrogen equipment failures on system power and energy bal-
ance optimization.

Based on the above physical interpretation, State 0 represents normal operation, in
which the EL can operate up to its nominal available capacity. State 1 represents derated
operation, in which degradation or auxiliary-system limitations reduce the maximum
admissible operating power while hydrogen production remains possible. State 2 represents
complete outage, corresponding to severe faults or protective shutdown, and the available
EL power is therefore set to zero. The transition from State 0 to State 1 describes progressive
performance deterioration or a recoverable operating limitation; the transition from State 0
or State 1 to State 2 represents a more severe failure leading to shutdown; and the reverse
transitions represent recovery following fault clearance or maintenance. The Markov
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transition rates are therefore interpreted as system-level availability transition parameters
rather than the degradation rates of individual electrochemical components.

αm
0 = 1, αm

1 = ρm, αm
2 = 0 (4)

αm = πm
0 + ρmπm

1 (5)

where m ∈ {EL,HFC} denotes the EL or HFC; ρm ∈ (0,1) is the available capacity coefficient
when the equipment is in the derated state. State 2 is outage; therefore, the corresponding
available capacity is 0.

The transition rates and available capacity coefficients are introduced to characterize
the availability uncertainty of hydrogen energy equipment. The transition rates describe
the relative tendencies among normal operation, degraded operation, and outage states,
while the available capacity coefficient reflects the remaining available capacity under
degraded operation. As shown in Table 2, the transition rates and available capacity
coefficients of the EL and HFC are specified to represent their respective availability
characteristics. Because component-level field failure and maintenance records are not
available for the representative test system considered in this study, the parameters in
Table 2 are not obtained through statistical fitting of a specific device dataset. Instead,
representative characteristic transition and recovery times are assumed to construct the
baseline availability scenario for the numerical case study. The corresponding transition
and recovery rates are then derived from these characteristic times according to λ = 1/T,
where T denotes the assumed characteristic transition or recovery time. The available
capacity coefficient is defined as the ratio of the available power under the derated state to
the rated power and is specified as a representative degraded-state capacity assumption
rather than a statistically calibrated value.

Table 2. Assumed parameters of the Markov-chain-based hydrogen equipment state model used in
the numerical case study.

Parameter Meaning EL Value HFC Value Unit

λ01

Normal to
degraded

transition rate
0.015 0.012 day−1

λ02

Normal to
outage

transition rate
0.003 0.004 day−1

λ12

Degraded to
outage

transition rate
0.012 0.01 day−1

µ10
Degraded

recovery rate 0.12 0.1 day−1

µ20
Outage

recovery rate 0.08 0.07 day−1

µ21

Outage to
degraded

recovery rate
0.1 0.09 day−1

ρ

Available
capacity

coefficient in
degraded state

0.6 0.7 –
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Specifically, for the HFC, representative characteristic transition times of approximately
83.3, 250, and 100 days are assumed for the normal-to-degraded, normal-to-outage, and
degraded-to-outage transitions, respectively. According to λ = 1/T, these assumptions yield
the corresponding transition rates of 0.012, 0.004, and 0.010 day−1. Similarly, representative
recovery times of approximately 10, 14.3, and 11.1 days are assumed, resulting in recovery
rates of 0.10, 0.07, and 0.09 day−1, respectively.

For the EL (EL), representative characteristic transition times of approximately 66.7,
333.3, and 83.3 days are assumed, corresponding to transition rates of 0.015, 0.003, and
0.012 day−1, respectively. Representative recovery times of approximately 8.3, 12.5, and
10 days are assumed, yielding recovery rates of 0.12, 0.08, and 0.10 day−1, respectively.

The degraded-state available capacity coefficients are assumed to be 0.6 for the EL
and 0.7 for the HFC, indicating that 60% and 70% of the rated capacity remain available
under the degraded state, respectively. These values are adopted as representative baseline
assumptions for the numerical case study rather than device-specific statistically calibrated
reliability parameters.

The following assumptions are adopted for the multi-state Markov model:

(1) Hydrogen energy equipment is represented by three availability states, including
normal operation, degraded operation, and outage.

(2) The state transition process satisfies the memoryless property of the Markov chain,
where future state evolution depends only on the current state.

(3) Complete outage represents a zero available capacity state, while degraded operation
corresponds to partial capacity availability.

(4) The recovery process is considered possible during the scheduling horizon, allowing
the equipment to return from degraded or outage states to available states.

2.3. Source–Load–Storage Coordinated Operation Modeling Considering the Failure Probability of
Hydrogen Energy Equipment
2.3.1. Thermal Power Unit Model

The operation of thermal power units must satisfy the power constraints, ramping-rate
constraints, and other conditions:

uG
t PG

min ≤ PG
t ≤ uG

t PG
max (6)

∆RG
min ≤ PG

t − PG
t−1 ≤ ∆RG

max (7)

where PG
t is the output of the thermal power unit; PG

max and PG
min are the upper and lower

output limits of the thermal power unit, respectively; ∆RG
max and ∆RG

min are the upper and
lower ramping-rate limits of the thermal power unit, respectively; and uG

t is the start–stop
variable of the thermal power unit.

2.3.2. Multi-Scenario Mathematical Model of Hydrogen Energy Storage Considering
Failure Probability

The EL converts surplus wind power into hydrogen through water electrolysis and
is a key device for power-to-gas conversion. In this paper, a proton exchange membrane
EL is adopted. The electricity-to-hydrogen conversion relationship and operating power
constraints of the EL are expressed as follows:

PEL
H2,t = ηELPEL

e,t (8)

0 ≤ PEL
e,t ≤ αELµEL

t PEL
e,max (9)
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where PEL
H2,t is the chemical energy rate of the hydrogen produced by the EL, expressed on

the higher heating value (HHV) basis; PEL
e,t is the power consumption of the EL; ηEL is the

electricity-to-hydrogen conversion efficiency on the HHV basis; µEL
t is the start–stop state

variable of the EL; and PEL
e,max is the upper limit of the power consumption of the EL.

Under a fault condition, the nominal upper power limit of the EL is replaced by
its state-dependent available capacity. Therefore, a derated state restricts the maximum
electrical power that can be absorbed by the EL, whereas an outage state forces its operating
power and corresponding hydrogen-production power to zero. This state-dependent
capacity constraint establishes the link between the physical EL failure mechanism and the
system-level scheduling model.

The HFC converts the chemical energy of hydrogen into electrical energy through
the electrochemical reaction between hydrogen and oxygen and is a key device for real-
izing hydrogen-to-electricity conversion. The relationship between its output power and
hydrogen-to-electricity conversion power is given as follows:

PHFC
e,t = ηHFC

e PHFC
H2,t (10)

Meanwhile, the HFC is also subject to the joint constraints of the start–stop state and
rated operating capacity, namely

0 ≤ PHFC
H2,t ≤ αµHFC

t PHFC
H2,max (11)

where PHFC
e,t is the output power of the HFC; PHFC

H2,t is the hydrogen power of the HFC; ηHFC
e

is the power generation efficiency of the HFC; µHFC
t is the start–stop state variable of the

HFC; and PHFC
H2,max is the upper limit of the hydrogen consumption power of the HFC.

Furthermore, to describe the dynamic changes in the hydrogen storage system in dif-
ferent time periods, a hydrogen storage state equation is established. The hydrogen storage
capacity is generally constrained by the hydrogen production of the EL, the hydrogen
consumption of the HFC, and the hydrogen storage capacity, and its expression is

EH
t = (1 − τH)EH

t−1 + ηH,chPEL
H2,t∆t −

PHFC
H2,t ∆t

ηH,dis (12)

EH
min ≤ EH

t ≤ EH
max (13)

EH
0 = EH

24 (14)

where EH
t and EH

t−1 are the hydrogen storage amounts of the hydrogen energy storage
system in periods t and t−1, respectively; τH is the self-loss rate of the hydrogen energy
storage system; ηH,ch is the hydrogen charging efficiency of the hydrogen energy storage
system; ηH,dis is the hydrogen discharging efficiency of the hydrogen energy storage
system; EH

min and EH
max are the lower and upper limits of the hydrogen storage capacity of

the hydrogen energy storage system, respectively; EH
0 and EH

24 are the hydrogen storage
amounts at 0:00 and 24:00, respectively; and ∆t is the scheduling time interval.

2.3.3. Electrical Energy Storage System Model

The ESS can improve system flexibility by providing short-term power regulation
and energy shifting. Its operating state is characterized by the stored energy, charging and
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discharging power, self-discharge rate, and charging/discharging efficiencies. The ESS
model is expressed as follows:⎧⎪⎪⎨⎪⎪⎩

EES
t = EES

t−1(1 − τ) + ηES
c PES

c,t ∆t − PES
d,t ∆t

ηES
d

EES
min ≤ EES

t ≤ EES
max

EES
0 = EES

24

(15)

where EES
t is the energy storage capacity in period t; τ is the self-discharge rate of the energy

storage; ηES
c and ηES

d are the charging and discharging efficiencies of the energy storage,
respectively; PES

c,t and PES
d,t are the charging and discharging powers in period t, respectively;

EES
min and EES

max are the lower and upper limits of the energy storage capacity, respectively;
and EES

0 and EES
24 are the energy storage capacities at 0:00 and 24:00, respectively.

2.3.4. Load Model

Since user-side loads are not completely rigid, part of the electricity demand is ad-
justable and has a certain degree of regulability. Through price incentives or dispatching
compensation, demand response resources can actively participate in operation regula-
tion during periods of tight system supply, insufficient renewable energy output, or large
peak–valley differences, thereby alleviating power and energy balance pressure. This paper
focuses on the coordinated role of multiple source–load–storage resources in power and en-
ergy balance, rather than the detailed classification behavior of different response types on
the user side. Therefore, to aggregate demand response resources such as adjustable loads,

0 ≤ PDR
t ≤ αDR

maxPL
t (16)

∑
t∈T

PDR
t ∆t ≤ EDR

max (17)

where PDR
t is the load reduction power of demand response in period t; αDR

max is the maxi-
mum allowable reduction ratio of demand response; PL

t is the original load power in period
t; and EDR

max is the maximum load energy allowed to be reduced within one scheduling cycle.
When the generating units in the system cannot meet the load demand, electricity

needs to be purchased from the distribution network; otherwise, the system can sell surplus
electricity to the distribution network to obtain revenue. In addition, considering that
the system in this paper is equipped with multiple flexible resources such as ELs, energy
storage, and grid interaction, surplus renewable energy can be accommodated through
hydrogen production by electrolysis, energy storage charging, or electricity sales to the
external grid. Therefore, this paper no longer separately sets wind and photovoltaic
curtailment variables, and the wind and photovoltaic outputs both represent the renewable
energy power actually accommodated by the system.

The power and energy balance constraint of the system is as follows:

PG
t + PWT

t + PPV
t + PHFC

t + PES,dis
t + Pbuy

t = PL
t − PDR

t + PEL
t + PES,ch

t + Psell
t (18)

where Pbuy
t and Psell

t are the powers purchased from and sold to the distribution network
by the system in period t, respectively.

2.4. Hierarchical Multi-Time-Scale Low-Carbon Rolling Optimization Model Considering the
Uncertainty of Medium- and Long-Term Plan Decomposition

Multi-time-scale scheduling methods that combine day-ahead optimization with
intra-day MPC correction have been shown to improve operational adaptability under
renewable generation and load uncertainty [26]. Inspired by this idea, this paper constructs
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a hierarchical multi-time-scale optimization model combining stochastic decomposition of
medium- and long-term plans, day-ahead two-stage stochastic optimization, and intra-day
MPC rolling correction. The medium- and long-term layer takes the month as the basic
time unit and decomposes the power generation task and total carbon budget within the
cycle into each operating day; the day-ahead layer formulates a 24 h benchmark operation
plan according to the decomposition results of the upper layer and describes short-term
uncertainty through wind–solar–hydrogen joint scenarios; and the intra-day layer performs
rolling correction on the day-ahead plan according to real-time states and updated forecasts.

2.4.1. Dynamic Carbon Quota and Carbon Trading Model

Carbon allowance allocation has an important influence on low-carbon dispatch re-
sults. Existing studies have shown that, compared with fixed carbon allowance settings,
multi-time-scale allocation of carbon allowances can better coordinate long-term emission
budgets and short-term operational decisions in integrated energy systems [16]. Inspired
by this idea, this paper further constructs a dynamic carbon quota mechanism to reflect
the influence of load level, renewable energy output, and hydrogen energy equipment
operating state on the allocation of carbon emission responsibility under different dispatch-
ing periods.

In this study, the carbon budget refers to the daily emission target issued by the
medium- and long-term scheduling layer, the carbon quota refers to the time-varying
emission limit allocated to each dispatch period, and the carbon allowance refers to the
tradable emission right purchased from or sold to the carbon market.

The system dynamic carbon quota allocated to each dispatch period is expressed
as follows:

Qdyn
d,t = Qtarget

d

ωd,t P̂L
d,t∆t

∑
τ

ωd,τ P̂L
d,τ∆t

(19)

where Qtarget
d is the daily carbon emission budget obtained by decomposing the medium-

and long-term layer on day d; P̂L
d,t is the predicted load in period t under day-ahead scenario

s; and ωd,t is the dynamic quota weight, which is used to characterize the influence of the
system operating state on carbon quota allocation.

ωd,t = 1 + αL
∼
Ld,t − αR

∼
Rd,t + αH

∼
Fd,t (20)

where
∼
Ld,t is the normalized load level;

∼
Rd,t is the normalized renewable energy penetration

rate;
∼
Fd,t is the unavailability risk indicator of hydrogen energy equipment; and αL, αR,

and αH are the influence coefficients of load level, renewable energy penetration rate, and
equipment state on the dynamic carbon quota, respectively. This mechanism ensures that
the total daily carbon emission budget remains unchanged while realizing the dynamic
allocation of quotas among different operating periods. αL is empirically set to 0.25. αL, αR,
and αH are set to 0.25, 0.30, and 0.20, respectively.

According to the carbon emission accounting boundary defined in Section 2.1, opera-
tional CO2 emissions are attributed to thermal power generation and electricity imported
from the external grid. For the day-ahead scheduling model, one day is divided into
24 hourly periods, with ∆t = 1 h. The electricity consumption of ESS and hydrogen energy
conversion/storage processes is included in the system power and energy balance through
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the corresponding power and efficiency terms. Therefore, the operational carbon emissions
within one day can be expressed as follows:

Cemi =
24

∑
t=1

(δPG
t + δgridPbuy

t )∆t (21)

Cemi − Qdyn = BCO2,buy − BCO2,sell (22)

where Cemi denotes the total actual carbon emissions within the scheduling cycle, and δ

is the carbon emission coefficient of the thermal power unit; BCO2,buy denotes the amount
of carbon emission allowances to be purchased; BCO2,sell denotes the amount of carbon
emission allowances available for sale. In this study, δ is set to 0.8 kgCO2/kWh [33] and
δgrid is set to 0.5366 kgCO2/kWh [34]. The former represents the operational emission
intensity of thermal power generation, whereas the latter represents the emission intensity
associated with electricity imported from the external grid. These values are adopted as
representative baseline parameters for the synthetic test system under the operational
carbon-accounting boundary defined in Section 2.1, rather than as universally applicable
emission factors.

Therefore, the carbon emission cost model can be obtained as follows:

Ccarbon
d = λCO2

(︂
BCO2,buy

d − BCO2,sell
d

)︂
(23)

where λCO2 is the carbon trading price. It should be noted that when the actual carbon
emissions are higher than the dynamic carbon quota, the system needs to purchase carbon
emission allowances in the carbon trading market; when the actual carbon emissions are
lower than the dynamic carbon quota, the system can sell the surplus carbon allowances to
obtain revenue.

2.4.2. Medium- and Long-Term Stochastic Decomposition Model

The role of the medium- and long-term layer is to reasonably decompose the periodic
power generation task and total carbon budget into each operating day under the uncer-
tainty of future load, wind–photovoltaic output, electricity price, and hydrogen energy
equipment availability.

The medium- and long-term stochastic decomposition model aims to minimize the
sum of the benchmark planning cost and the scenario-expected adjustment cost:

minFUL = ∑
d∈D

cGE0
d + ∑

ω∈ΩML

πω ∑
d∈D

Cadj
d,ω (24)

where D is the set of dates within the medium- and long-term planning period; cG is
the unit cost of the benchmark power generation on day d; E0

d is the benchmark power

generation on day d; πω is the probability of scenario ω; and Cadj
d,ω is the adjustment cost

under scenario ω on day d.
The scenario adjustment cost includes the power generation adjustment cost, carbon

budget adjustment cost, demand response compensation cost, and carbon trading cost:

Cadj
d,ω = CE

d,ω + CQ
d,ω + CDR,ML

d,ω + Ccarbon,ML
d,ω (25)
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Among them, the power generation adjustment cost is used to reflect the upward or
downward adjustment cost of the power generation task on day d under scenario ω relative
to the benchmark plan, which is expressed as follows:

CE
d,ω = cE,+∆E+

d,ω + cE,−∆E−
d,ω (26)

where cE,+ and cE,− are the unit adjustment costs for upward and downward power gener-
ation adjustment on day d, respectively; ∆E+

d,ω and ∆E−
d,ω are the upward and downward

power generation adjustment amounts on day d under scenario ω, respectively.
Similarly, the carbon budget adjustment cost is used to characterize the correction cost

of the dynamic carbon budget under uncertain scenarios, which is expressed as follows:

CQ
d,ω = cQ,+

d ∆Q+
d,ω + cQ,−

d ∆Q−
d,ω (27)

where cQ,+
d and cQ,−

d are the unit adjustment costs for upward and downward carbon budget
adjustment on day d, respectively; ∆Q+

d,ω and ∆Q−
d,ω are the upward and downward carbon

budget adjustment amounts on day d under scenario ω, respectively.
In addition, to compensate for the loss of electricity consumption comfort caused by

user-side load regulation, the demand response compensation cost is introduced:

CDR,ML
d,ω = cDREDR,ML

d,ω (28)

where cDR is the unit demand response compensation cost; EDR,ML
d,ω is the demand response

electricity on day d under scenario ω in the medium- and long-term layer.
Finally, the deviation between actual carbon emissions and the dynamic carbon quota

is characterized by the carbon trading cost, which is calculated according to the carbon
trading model shown in Equation (29).

To ensure that the total medium- and long-term power generation task is fully de-
composed within the planning period and to characterize the power generation task and
carbon budget under uncertain scenarios.

∑
d∈D

E0
d = EML (29)

∼
Ed,ω = E0

d + ∆E+
d,ω − ∆E−

d,ω (30)

∑
d

∼
Ed,ω = EML (31)

∑
d∈D

Q0
d = QML (32)

∼
Qd,ω = Q0

d + ∆Q+
d,ω − ∆Q−

d,ω (33)

∑
d

∼
Qd,ω = QML (34)

where EML is the total power generation task within the medium- and long-term planning

period;
∼
Ed,ω is the corrected power generation task on day d under scenario ω; Q0

d is the
benchmark carbon budget on day d; QML is the total carbon budget within the medium-

and long-term planning period; and
∼
Qd,ω is the corrected daily carbon budget on day d

under scenario ω.
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The daily-scale electricity balance under each scenario is

∼
E

G,ML

d,ω + EWT,ML
d,ω + EPV,ML

d,ω + Ebuy,ML
d,ω = EL,ML

d,ω − EDR,ML
d,ω + Esell,ML

d,ω (35)

where
∼
E

G,ML

d,ω is the corrected thermal power generation on day d under scenario ω; EWT,ML
d,ω

and EPV,ML
d,ω are the actual accommodated wind and photovoltaic energy on day d under

scenario ω, respectively; Ebuy,ML
d,ω and Esell,ML

d,ω are the electricity purchased from and sold to

the external grid on day d under scenario ω, respectively; EL,ML
d,ω is the load demand energy

on day d under scenario ω; and EDR,ML
d,ω is the demand response reduction energy on day d

under scenario ω. This equation is used to ensure the daily-scale electricity balance of the
medium- and long-term decomposition layer under different uncertain scenarios.

2.4.3. Day-Ahead Two-Stage Stochastic Low-Carbon Optimization Model

The day-ahead layer formulates a 24 h benchmark dispatch plan according to the daily
power generation task and daily carbon budget provided by the medium- and long-term
layer, and characterizes wind–photovoltaic forecast errors and the uncertainty of hydrogen
energy equipment operating states through short-term scenarios. The first-stage variables
of the day-ahead two-stage model include the unit start–stop state, day-ahead thermal
power output, reserve capacity, and day-ahead contracted wind–photovoltaic power:

xd =
{︂

ud,t, PG,DA
d,t , R+

d,t, R−
d,t

}︂
(36)

The second-stage scenario recourse variables include reserve deployment, energy
storage charging and discharging, electricity purchasing and selling, and demand response:

yd,s =
{︂

r+d,t,s, r−d,t,s, PES,ch
d,t,s , PES,dis

d,t,s PEL
e,d,t,s, PHFC

e,d,t,s, Pbuy
d,t,s , Psell

d,t,s, PDR
d,t,s

}︂
(37)

Under scenario s, the actual dispatch output of the thermal power unit satisfies the
reserve dispatch constraint:

0 ≤ r+d,t,s ≤ R+
d,t (38)

0 ≤ r−d,t,s ≤ R−
d,t (39)

PG
d,t = PG,DA

d,t + r+d,t,s − r−d,t,s (40)

PG,DA
d,t + R+

d,t ≤ uG
d,tP

G
max (41)

PG,DA
d,t − R−

d,t ≥ uG
d,tP

G
min (42)

where r+d,t,s and r−d,t,s are the upward and downward reserve actually deployed in period
t under scenario s, respectively; R+

d,t and R−
d,t are the upward and downward reserve

capacities reserved day-ahead, respectively; and PG,DA
d,t is the day-ahead scheduled output

of the thermal power unit in period t.
The objective of the day-ahead two-stage model is to minimize the sum of the first-

stage planning cost, the second-stage scenario-expected recourse cost, and the medium-
and long-term task tracking penalty cost:

minC(1)
d (xd) + ∑

s∈SDA
d

πd,sC(2)
d,s (xd, yd,s) + Ctrack

d (43)
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The first-stage cost includes the start-up and shutdown costs and reserve costs:

C(1)
d = ∑

t∈Td

(︂
cSUyon

d,t + cSDyoff
d,t + cR,+R+

d,t + cR,−R−
d,t

)︂
(44)

yon
d,t ≥ ud,t − ud,t−1 (45)

yoff
d,t ≥ ud,t−1 − ud,t (46)

where πd,s denotes the occurrence probability of scenario s; cSU and cSD are the start-up
and shutdown cost coefficients of the thermal power unit, respectively; and yon

d,t and yoff
d,t

are the start-up and shutdown state variables of the thermal power unit in period t on
day d, respectively.

The second-stage scenario-expected recourse cost consists of the thermal power unit
operating cost, demand response compensation cost, external grid interaction cost, and
carbon trading cost:

C(2)
d,s = ∑

t∈Td

[︃
a
(︂

PG
d,t,s

)︂2
+ bPG

d,t,s + cud,t

]︃
∆t + CDR

d,s + Cgrid
d,s + Ccarbon

d,s (47)

where
CDR

d,s = ∑
t∈Td

cDRPDR
d,t,s∆t (48)

Cgrid
d,s = ∑

t∈Td

λt

(︂
Pbuy

d,t,s − Psell
d,t,s

)︂
∆t (49)

Ccarbon
d,s = λCO2

(︂
Cemi

d,s − Qdyn
d,s

)︂
(50)

Cemi
d,s = ∑

t∈Td

δPG
d,t,s∆t (51)

Qdyn
d,s = ∑

t∈Td

Qdyn
d,t,s (52)

To further ensure that the day-ahead scheduling results can accommodate the daily
power generation task and daily carbon emission budget decomposed and issued by
the medium- and long-term layer, this paper introduces task tracking constraints and
corresponding deviation variables to quantify the deviation between the day-ahead plan
and the upper-layer decomposition targets.

∑
t∈Td

PG,DA
t ∆t + εE,−

d − εE,+
d = EDA

d (53)

∑
s∈SDA

d

πd,sCemi
d,s ≤ QDA

d + εQ,+
d (54)

The medium- and long-term task tracking penalty cost is expressed as:

Ctrack
d =

(︂
ρE,+εE,+

d + ρE,−εE,−
d

)︂
+ ρQεQ,+

d (55)

where PG,DA
t denotes the unit output at time period t in the day-ahead scheduling; EDA

d
denotes the power generation task decomposed by the medium- and long-term layer for
day d; εE,+

d and εE,−
d denote the positive and negative deviations of the day-ahead generation

plan from the daily generation task, respectively; QDA
d denotes the carbon emission budget

decomposed by the medium- and long-term layer for day d; εQ,+
d denotes the deviation
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amount by which carbon emissions exceed the budget; and ρE,+, ρE,− and ρQ denote the
penalty coefficients corresponding to the respective deviation variables.

It should be noted that the task tracking penalty is an auxiliary optimization term
used to enforce the generation-task and carbon budget tracking requirements. It does not
represent an actual monetary expenditure and is therefore excluded when calculating the
total system operating cost reported in Section 3.3.

2.4.4. Intra-Day MPC Rolling Correction Model

Model predictive control (MPC) has been widely applied in microgrid and integrated
energy system operation because its receding-horizon optimization and feedback-correction
mechanism can update control decisions according to refreshed forecasts and observed
system states. Therefore, in this paper, MPC is adopted in the intra-day layer to correct
deviations from the day-ahead schedule and to continuously track the remaining generation
task and carbon emission budget.

Specifically, the intra-day layer performs rolling optimization at rolling time k accord-
ing to the actual results already obtained and the latest forecast information. Before rolling
time k, the actual generated energy that has been completed on the current day is

Eact
d,k =

k−1

∑
τ=1

PG,act
d,τ ∆t (56)

The actual carbon emissions that have been generated before rolling time k are

Cemi,act
d,k =

k−1

∑
τ=1

δPG,act
d,τ ∆t (57)

where the remaining power generation task of the current day is

Ere
d,k = Etarget

d − Eact
d,k (58)

and the remaining carbon budget of the current day is

Qre
d,k = Qtarget

d − Cemi,act
d,k (59)

where Eact
d,k denotes the actual generated energy completed before rolling time k on day d;

PG,act
d,τ denotes the actual unit output at time period τ on day d; Cemi,act

d,k denotes the actual

carbon emissions generated before rolling time k on day d; Etarget
d and Qtarget

d denote the
daily power generation target and daily carbon emission budget, respectively; and Ere

d,k and
Qre

d,k denote the remaining power generation task and remaining carbon emission budget
after rolling time k, respectively.

To ensure that the daily power generation task and daily carbon budget obtained from
the medium- and long-term decomposition can be continuously tracked in the intra-day
execution process, this paper introduces remaining task tracking constraints into the intra-
day MPC model. According to the actual generated energy and actual carbon emissions
completed before rolling time k, the model calculates the remaining power generation task
and remaining carbon budget of the current day and tracks them within the current rolling
optimization time domain.

T

∑
τ=k

PG,MPC
d,τ|k ∆t + εE,−

d,k − εE,+
d,k = Ere

d,k (60)
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T

∑
τ=k

δPG,MPC
d,τ|k ∆t ≤ Qre

d,k + εQ,+
d,k (61)

The MPC rolling optimization objective function is

minCMPC
d,k + ρp

k+N−1

∑
τ=k

(︂
PG,MPC

d,τ|k − PG,DA∗
d,τ

)︂2
+ ρE,+εE,+

d,k + ρE,−εE,−
d,k + ρQεQ,+

d,k (62)

where CMPC
d,k denotes the operating cost of the MPC rolling optimization; ρp is the penalty

coefficient for day-ahead plan tracking; PG,MPC
d,τ|k denotes the unit output at time period τ

optimized by the MPC model at rolling time k on day d; and PG,DA∗
d,τ denotes the optimal

unit output obtained from the day-ahead scheduling model.
On the basis of the above objective function and remaining task tracking constraints,

the intra-day MPC model also needs to satisfy real-time power and energy balance con-
straints, thermal power unit output and ramping constraints, energy storage operation
constraints, hydrogen energy equipment operation constraints, demand response con-
straints, and remaining carbon budget constraints. The basic forms of the above constraints
are consistent with those of the day-ahead two-stage model, but the day-ahead scenario
variables need to be replaced by variables updated based on the latest forecast information
within the rolling horizon, and the actual equipment state at rolling time k is used as
the initial condition. According to the MPC rolling optimization mechanism, only the
dispatching result of the current time period is implemented in each optimization, and
then the model enters the next rolling time according to the new actual operating state and
forecast information. Compared with the day-ahead model, the intra-day MPC model not
only corrects the deviation of the day-ahead power plan, but also explicitly tracks the daily
power generation task and daily carbon budget decomposed by the upper layer, thereby
realizing feedback correction of the medium- and long-term plan during the intra-day
execution stage.

To quantitatively evaluate the power deviation correction performance of the intra-
day MPC, the power imbalance before correction at rolling instant k is first defined based
on the realized load and renewable-power conditions, the available operating states of
the hydrogen energy equipment, and the day-ahead dispatch plan. A positive deviation
represents a power deficit, whereas a negative deviation represents a power surplus. The
pre-correction power deviation is expressed as

∆Ppre
k =

(︂
PL

k − PDR,pre
k + PEL,pre

k + PES,ch,pre
k + Psell,pre

k

)︂
−
(︂

PG,pre
k + PWT

k + PPV
k + PHFC,pre

k + PES,dis,pre
k + Pbuy,pre

k

)︂ (63)

In particular, PEL,pre
k and PHFC,pre

k represent the feasible EL consumption and fuel-cell
output under the actual equipment availability state at rolling instant k.

The total compensation provided by the flexible resources during the current MPC
correction is defined as the net change in controllable power relative to the pre-correction
operating point:

∆Pcomp
k =

(︂
PG,MPC

k − PG,pre
k

)︂
+

(︂
PHFC,MPC

k − PHFC,pre
k

)︂
+[︂(︂

PES,dis,MPC
k − PES,ch,MPC

k

)︂
−

(︂
PES,dis,pre

k − PES,ch,pre
k

)︂]︂
+[︂(︂

Pbuy,MPC
k − Psell,MPC

k

)︂
−

(︂
Pbuy,pre

k − Psell,pre
k

)︂]︂
+(︂

PDR,MPC
k − PDR,pre

k

)︂
−

(︂
PEL,MPC

k − PEL,pre
k

)︂ (64)
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A positive ∆Pcomp
k indicates that the coordinated resources compensate for a power

deficit or reduce excess demand, whereas a negative value represents compensation in the
opposite direction.

Accordingly, the residual power deviation after the current MPC correction is

ek = ∆Ppre
k − ∆Pcomp

k (65)

This definition ensures that the residual deviation directly reflects the portion of the
pre-correction imbalance that remains uncompensated after coordinated adjustment of
thermal generation, electrical storage, hydrogen energy equipment, demand response, and
grid interaction.

The overall power tracking performance over the complete intra-day scheduling
horizon is evaluated using the root mean square error (RMSE):

RMSE =

⌜⃓⃓⎷ 1
N

N

∑
k=1

e2
k (66)

where N is the total number of intra-day control intervals. In this study, the intra-day
scheduling interval is 15 min and the 24 h horizon therefore contains N = 96 implemented
MPC intervals.

After the daily dispatch is completed, the actual power generation and actual carbon
emissions of the day are calculated and fed back to the medium- and long-term layer to
update the remaining tasks of subsequent periods. After the end of day d, the calculated
actual power generation and actual carbon emissions are

Eact
d = ∑

t∈Td

PG,act
d,t ∆t (67)

Cemi,act
d = ∑

t∈Td

δPG,act
d,t ∆t (68)

The above statistics reflect the actual execution results of intra-day dispatch on day d
and serve as the basis for subsequent task correction in the medium- and long-term layer.
By subtracting the actual completed amounts of the current day and previous operating
days from the total medium- and long-term tasks, the remaining power generation task and
remaining carbon emission budget to be completed in subsequent periods can be obtained.

Ere
d = EML −

d

∑
τ=1

Eact
τ (69)

Qre
d = QML −

d

∑
τ=1

Cemi,act
τ (70)

3. Results
3.1. Basic Data and Typical Scenario Generation

This paper considers a representative source–load–storage coordinated operation
system as the case-study object and constructs a multi-time-scale optimal scheduling model
including an equivalent thermal generation unit, wind power, photovoltaic power, ESS,
hydrogen energy storage, and demand response resources, while considering power in-
teraction with the external distribution network. Since the case study is constructed as a
synthetic representative system rather than a specific real-world power system, the equip-
ment capacities are configured according to the overall source–load scale and the required
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coordination among multiple flexibility resources. The technical operating parameters
are selected as representative values with reference to Refs. [35–41]. The main operating
parameters of various devices are shown in Table 3.

Table 3. Main operating parameters of equipment.

Equipment Parameter Value Unit

Equivalent thermal
generation unit

Minimum output 50 kW
Maximum output 1500 kW

ESS
Maximum charging/
discharging power 400 kW

Charging/
discharging efficiency 0.98 —

EL
Rated power 1000 kW

EL energy conversion
efficiency, HHV basis 0.8 —

HFC
Hydrogen-to-electricity

conversion efficiency,
HHV basis

0.45 —

Hydrogen
storage tank

Hydrogen energy
storage capacity 2000 kWh (HHV basis)

A synthetic case-study dataset was constructed for a representative source–load–
storage system to evaluate the proposed optimization method under controlled and repro-
ducible operating conditions. Considering the seasonal variations in renewable generation,
the WT and PV datasets were extended to 365 consecutive days with hourly resolution, re-
sulting in 8760 data points for each renewable source. The annual renewable-power profiles
incorporate representative intra-annual variations in output levels and daily generation
characteristics. The data were constructed to reproduce the main operating character-
istics relevant to the present study rather than to represent a specific power system or
geographical location.

The load profile exhibits a typical daily peak–valley pattern, with relatively low de-
mand during nighttime and higher demand during daytime and evening peak periods. WT
power is characterized by continuous but stochastic fluctuations with seasonal variations
in its overall output level, whereas PV power presents pronounced diurnal and seasonal
variations, with zero output during nighttime and a daytime peak. The magnitudes of
the load, WT, and PV profiles were coordinated with the capacity configuration of the test
system to ensure physically feasible power-balance conditions.

Before being used in the optimization model, the load, WT, and PV time-series were
aligned on a common 1 h time grid and checked against their corresponding operating
ranges. No additional temporal interpolation was required because all input series were
generated at the hourly resolution used by the day-ahead scheduling model. For renewable
energy uncertainty modeling, the annual WT and PV power series were used as the basis
for Monte Carlo scenario generation. Monte Carlo sampling was then employed to generate
500 joint WT–PV power scenarios, followed by K-means clustering of the normalized joint
WT–PV scenario vectors to reduce the original scenario set to five representative scenarios
for stochastic optimization.

The resulting annual WT and PV power profiles are shown in Figure 2, exhibiting both
short-term stochastic fluctuations and seasonal variations over the annual cycle.
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Figure 2. Annual synthetic renewable-power profiles.

It should be noted that fuel-cell power is not included as an exogenous time-series
dataset. Instead, the fuel-cell output is an endogenous decision variable determined by
the optimization model according to the hydrogen storage state, hydrogen-to-electricity
conversion efficiency, system power-balance requirement, and the available capacity of the
fuel cell under normal, derated, and outage states.

The equipment capacities in Table 3 are configured to match the power scale of the
representative test system rather than the rated capacities of specific commercial units. In
particular, the thermal generation source is modeled as an equivalent aggregated conven-
tional generation unit. Its maximum output is set to 1500 kW, corresponding to approx-
imately 60% of the peak load of the representative case. This setting allows the thermal
source to provide sufficient dispatchable support while preventing it from independently
covering the system peak demand. The hydrogen storage capacity is set to 2000 kWh on
an HHV basis, corresponding to approximately 50.8 kg H2, which is consistent with the
approximately 50 kg H2 storage scale reported in [41].

Consequently, renewable generation, ESS, HES, demand response, and external
grid interaction are required to participate jointly in power balancing. The capacities
of the ESS, EL, and hydrogen storage tank are likewise selected in coordination with
the source–load scale to maintain feasible operation while preserving the need for multi-
resource coordination.

The five representative joint WT–PV scenarios obtained after scenario reduction are
shown in Figure 3. Each scenario consists of the corresponding WT and PV power profiles
and represents a distinct joint renewable-generation pattern.

The seasonal composition of the samples assigned to each representative scenario
is shown in Figure 4. The five scenarios are not predefined according to individual
seasons; instead, each scenario contains samples from different seasons with different
occurrence proportions.
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Figure 3. Five representative joint WT–PV scenarios.

Figure 4. Typical scenarios of photovoltaic power output. Seasonal composition of the five represen-
tative joint WT–PV scenarios.

The five clustered scenarios are retained in the day-ahead stochastic optimization
model, with each scenario representing a distinct joint WT–PV power pattern. Therefore,
the stochastic scheduling results are obtained by considering the complete reduced sce-
nario set rather than a single renewable-power scenario. To further illustrate the detailed
source–load–storage coordination mechanism under a specific realization of renewable
generation, Scenario 5 is selected for the subsequent 24 h power-balance analysis. Sce-
nario 5 exhibits representative intra-day renewable-power variations and contains both
periods of relatively high renewable generation and periods of tighter power supply, al-
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lowing the charging/discharging behavior of the ESS, EL operation, fuel-cell generation,
demand response, and grid interaction to be clearly demonstrated. The selection of Sce-
nario 5 is thus intended for detailed operational illustration and does not imply that it
corresponds to a specific season or that the other four scenarios are excluded from the
stochastic optimization.

3.2. Source–Load–Storage Coordinated Operation Analysis Under Hydrogen Energy Equipment
Failure Risk

As discussed in Section 3.1, all five reduced WT–PV scenarios are incorporated into
the stochastic optimization. Scenario 5 is further selected as an illustrative case to examine
the detailed 24 h source–load–storage coordination process. Figure 5 presents the resulting
electrical power and energy balance under Scenario 5. Overall, the system satisfies the load
demand through the coordinated operation of thermal power units, WT and PV generation,
HFCs, ESS discharge, and electricity purchasing, while surplus electricity is accommodated
through ELs, ESS charging, demand response, and electricity selling.

Figure 5. Day-ahead electrical power and energy balance under typical scenario 5.

During 0:00–6:00, the system is in a low-load period, and photovoltaic output is
zero. The system mainly relies on thermal power and wind power for supply, with
electricity purchased from the external grid to supplement the remaining demand in some
periods. During 7:00–16:00, renewable energy output is high, and photovoltaic output
increases rapidly and reaches its peak at noon. At this time, surplus renewable electricity is
mainly balanced through electricity selling to the external grid, while ESS charging and
EL operation are activated in some periods to store electrical energy or convert it into
hydrogen, thereby improving renewable energy accommodation. During this period, the
thermal power output is basically maintained at a relatively low level, indicating that
renewable energy forms an obvious substitution effect on conventional units. During
17:00–21:00, the system enters the evening peak-load period, with photovoltaic output
decreasing while the load remains at a high level. The system uses increased thermal
power output, ESS discharge, HFC output, electricity purchasing from the external grid,
and demand response for coordinated peak-load support. During 18:00–20:00, the system
mobilizes flexible resources, such as ESS discharge, fuel cells, grid interaction, and demand
response, to participate in power supply, thereby sharing the peak-regulation burden
among multiple flexibility resources and improving the power supply flexibility and peak-
load support capability of the system. During 22:00–24:00, the load gradually decreases,
the output of energy storage and fuel cells is reduced, and the system again mainly relies
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on thermal power, wind power, and external grid purchases for supply, while maintaining
overall power and energy balance.

This case indicates that, during the peak period of wind and photovoltaic output,
surplus renewable electricity is accommodated through grid export, ESS charging, and
EL operation. During the load peak period, peak shaving and valley filling are realized
through the coordinated operation of thermal generation, energy storage discharge, fuel
cells, grid interaction, and demand response, thereby improving the operational flexibility
of the system.

Figure 6 shows the operating results of the EL and HFC, respectively. It can be seen
from the figure that the fault state of hydrogen energy equipment constrains the original
dispatch plan by changing its available capacity upper limit. When the planned power
of the equipment is lower than the available capacity, the fault state does not directly
change the equipment output; when the planned power exceeds the available capacity, the
actual output of the equipment is limited, forming a corresponding power imbalance in
the system.

Figure 6. Output responses of the EL and HFC under non-simultaneous equipment failures.

Under the fault-free baseline, the EL is scheduled to operate mainly during 9:00–15:00
to absorb surplus renewable electricity. In practical operation, EL faults may originate from
abnormal stack operating conditions, insufficient water supply, gas-pressure deviations,
cooling-system faults, power-electronic failures, or other auxiliary-system abnormalities.
Mild faults may trigger protective power limitation and reduce the maximum admissible
operating current or power, corresponding to the derated state considered in this study,
whereas severe faults may activate protection or shutdown procedures, corresponding
to the outage state. Therefore, the influence of these physical faults is represented in
the scheduling model through a state-dependent available capacity coefficient. However,
under the fault scenario, the EL enters a derating state during 11:00–13:00, and its available
capacity decreases to approximately 300 kW. As a result, its actual operating power is
constrained by the reduced capacity limit and becomes lower than the planned power
in the fault-free case. During 13:00–16:00, the EL further enters the outage state, and
its available capacity decreases to 0 kW, making hydrogen production unavailable. The
resulting daily reduction in EL electricity consumption is approximately 772.93 kWh. The
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derating and outage reduce the EL’s ability to absorb surplus electricity, resulting in lower
hydrogen production and a decrease in the hydrogen storage level. The surplus electricity
that cannot be absorbed by the EL is then rebalanced through ESS charging, electricity
selling to the external grid, or adjustment of renewable energy accommodation.

During 0:00–3:00 and 15:00–19:00, the planned power of the HFC does not exceed its
available capacity; therefore, the dispatch results before and after the fault are basically
consistent. Around 19:00–21:00, the fuel cell is in the derating state, and its available capacity
decreases from approximately 160 kW under the normal condition to approximately 115 kW.
Its actual output is correspondingly limited. Around 21:00–23:00, the fuel cell enters the
outage state and cannot provide electricity according to the original plan. The resulting
daily generation loss is approximately 115.58 kWh. Among these periods, a relatively
obvious power supply shortage occurs during 19:00–20:00. This shortage needs to be
jointly compensated by flexible resources such as increased thermal power generation, ESS
discharge, external electricity purchasing, or demand response. After 23:00, the available
capacity of the equipment gradually recovers. Since the planned output at this time
is lower than the restored capacity upper limit, the fault state no longer constrains its
actual output.

Therefore, the system-level propagation mechanism of an EL fault can be summarized
as follows: component or auxiliary-system abnormalities reduce the available EL capacity,
which limits electrical power absorption and hydrogen production; the resulting reduction
in hydrogen storage modifies the subsequent hydrogen-to-electricity capability, while the
instantaneous surplus electrical power must be redistributed among the ESS, external grid,
demand response, and renewable-power adjustment.

Figure 7 shows the power deviation caused by hydrogen energy equipment failures,
the system compensation power, and the variation in hydrogen storage before and after the
failures. The bar chart represents the compensation power provided by renewable energy
output adjustment, distribution network power adjustment, and demand response. The
black dashed line denotes the power deficit caused by hydrogen energy equipment failures,
while the blue solid line and red dashed line represent the hydrogen storage under normal
and fault conditions, respectively.

During 0:00–8:00, no failure occurred in the hydrogen energy equipment that affected
its scheduled output. Therefore, the net power gap was approximately zero, and the
hydrogen storage profiles before and after the failure remained consistent. After 9:00, the
available capacity of the EL decreased, and its actual power consumption became lower
than the scheduled value under normal conditions, resulting in surplus electrical power in
the system. To maintain power and energy balance, the system correspondingly reduced
the actual renewable energy consumption. The largest adjustment occurred around 12:00,
which generally corresponded to the maximum reduction in EL power consumption in
this period. This indicates that the EL failure weakened the system’s capability to absorb
surplus renewable energy and convert it into hydrogen energy.

Affected by the reduction in EL hydrogen production power, the hydrogen storage
under the fault condition was significantly lower than that under the normal condition after
9:00. Under normal conditions, hydrogen storage continued to increase during periods with
high renewable energy output and reached its peak during 13:00–14:00. Under the fault
condition, due to the reduced hydrogen production, the hydrogen storage only increased to
a lower level and remained relatively stable for a period before decreasing as hydrogen was
subsequently consumed by the fuel cell. This indicates that the EL failure not only affects
the electrical power and energy balance in the current period but also has an intertemporal
impact on subsequent fuel-cell operation through the hydrogen storage state.
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Figure 7. System-level response under non-simultaneous failures of the EL and HFC.

During 17:00–20:00, the actual power generation of the HFC was lower than the
original scheduled value. As a result, the system changed from having surplus electrical
power to experiencing a power supply shortage. The positive net power gap was mainly
compensated for by increasing power exchange with the external grid, with the largest
compensation occurring around 18:00. The grid exchange adjustment was generally consis-
tent with the positive net power gap caused by the hydrogen energy equipment failure,
indicating that grid interaction can effectively compensate for the power supply shortage
caused by HFC failures.

Figure 7c further quantifies the deviation in hydrogen storage between the fault and
fault-free cases. The deviation increases after the EL failure and reaches approximately
−544.7 kWh at 14:00, indicating that the reduction in hydrogen production causes a pro-
nounced cumulative impact on the hydrogen storage state over subsequent periods.

The above analysis considers temporally differentiated availability disturbances of the
EL and fuel cell. To further examine the system response under a more severe equipment-
availability condition, an additional stress-test case is introduced in which the two hydrogen
energy devices experience simultaneous derating and outage periods.

As shown in Figure 8, simultaneous failures impose a more restrictive constraint on
the electricity–hydrogen subsystem than the base failure case. During the overlapping
derating and outage periods, the available operating capacities of both the EL and fuel cell
decrease simultaneously. Consequently, the EL loses part of its capability to absorb surplus
renewable electricity and convert it into hydrogen, while the fuel cell simultaneously loses
part of its capability to provide electrical power from stored hydrogen. The accumulated
unavailable energy reaches approximately 772.93 kWh for the EL and 399.95 kWh for the
fuel cell, respectively.
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Figure 8. Output responses of the EL and HFC under simultaneous equipment failures.

This simultaneous reduction in both electricity-to-hydrogen and hydrogen-to-electricity
conversion capability substantially weakens the bidirectional regulation flexibility of the
HES. Therefore, a larger balancing burden must be transferred to the ESS, thermal genera-
tion, demand response, and grid interaction. The results demonstrate that the proposed
framework can explicitly represent overlapping equipment-availability disturbances and
adapt the coordinated dispatch accordingly under more severe HES-failure conditions.

The preceding results illustrate the direct impact of simultaneous failures on the
available operating capacities of the EL and fuel cell. To further investigate how these
equipment-level disturbances propagate to the system level, Figure 9 presents the resulting
power imbalance, coordinated compensation by flexible resources, and the corresponding
evolution of the hydrogen storage state.

As shown in Figure 9a, during the early stage of the simultaneous-failure interval, the
reduction in EL power consumption is the dominant disturbance. Because the EL can no
longer absorb electricity according to the original schedule, an electrical surplus emerges,
as indicated by the negative net power gap. The system primarily compensates for this
surplus by reducing renewable energy utilization. The largest adjustment occurs around
12:00, coinciding with the period in which the EL experiences the greatest loss of scheduled
power consumption.

As the operating horizon progresses, the dominant effect shifts from reduced EL
consumption to insufficient fuel-cell generation. When the fuel cell is expected to provide
power but remains derated or unavailable, the net power gap changes from surplus to short-
age. During approximately 15:00–18:00, the positive power deficit is mainly compensated
through grid exchange adjustment. This transition demonstrates that simultaneous HES
failures can produce bidirectional disturbances: EL failure may create surplus electricity by
reducing controllable consumption, whereas fuel-cell failure may subsequently create a
supply deficit by reducing dispatchable generation.

Figure 9b further shows that the simultaneous failures have a pronounced intertem-
poral impact on the hydrogen storage state. Under the fault-free condition, the hydrogen
inventory increases rapidly during the high-renewable period because surplus electricity
is converted into hydrogen through the EL. Under simultaneous failures, however, the
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reduction and subsequent loss of EL availability significantly suppress hydrogen produc-
tion. Consequently, the hydrogen storage level remains substantially below the fault-free
trajectory during the midday period and exhibits an extended plateau during the complete-
outage interval.

Figure 9. System-level response under simultaneous EL and fuel-cell failures.

Figure 9c quantitatively shows the resulting deviation in hydrogen storage. The
deviation reaches approximately −544.7 kWh at 14:00 and subsequently becomes positive,
reaching about 198.9 kWh at 19:00, reflecting the combined effects of reduced hydrogen
production by the EL and restricted hydrogen consumption by the fuel cell.

An additional feature can be observed during the evening period. Although the
hydrogen inventory is initially lower under the failure condition because of reduced
hydrogen production, it subsequently decreases more slowly than in the fault-free case.
This occurs because the simultaneous derating or outage of the fuel cell also restricts
hydrogen consumption. As a result, part of the stored hydrogen cannot be converted back
into electricity according to the original dispatch plan, causing the fault-case hydrogen
inventory to exceed the fault-free trajectory during the later operating periods.

Overall, Figures 8 and 9 demonstrate that simultaneous EL and fuel-cell failures
introduce both instantaneous and intertemporal disturbances into the electricity–hydrogen
coupled system. At the electrical level, the disturbance changes from surplus power
caused by reduced EL consumption to supply shortage caused by insufficient fuel-cell
generation, requiring different flexible resources to participate in coordinated compensation.
At the energy level, reduced hydrogen production and restricted subsequent hydrogen
consumption jointly reshape the hydrogen storage trajectory. These results confirm that
simultaneous HES failures cannot be represented solely as an instantaneous power-capacity
reduction; instead, their effects propagate across operating periods through the hydrogen
storage state.
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Despite these more severe overlapping disturbances, the coordinated scheduling
framework dynamically reallocates the balancing task among renewable energy adjustment,
grid interaction, and other flexible resources, demonstrating its ability to accommodate
simultaneous hydrogen energy equipment failures.

3.3. Analysis of the Low-Carbon Economic Performance of the Dynamic Carbon Quota Mechanism

To clearly distinguish the effects of different components, five schemes are designed
for comparative analysis. Scheme A represents the baseline case without hydrogen energy
equipment or fault modeling, while MPC and dynamic carbon quota allocation are adopted.
Scheme B introduces hydrogen energy equipment based on Scheme A, but equipment faults
are not considered. Scheme C considers hydrogen energy equipment and fault modeling,
but MPC is not adopted. Scheme D considers hydrogen energy equipment, fault modeling,
and MPC, but adopts a static carbon quota mechanism. Scheme E is the proposed scheme,
in which hydrogen energy equipment, fault modeling, MPC, and the dynamic carbon
quota mechanism are all considered. RMSE is used to evaluate the residual power tracking
deviation after intra-day correction.

The total system operating cost reported in Table 4 is calculated based on the actual
economic operating cost terms defined in Section 2.4.3. Specifically, it includes the start-up
and shutdown costs of the thermal generation unit, reserve costs, thermal generation op-
erating costs, demand response compensation costs, external grid interaction costs, and
carbon-trading costs. The scenario-dependent cost terms are weighted by their correspond-
ing scenario probabilities, and all operating cost components are aggregated over the 24 h
scheduling horizon using the same calculation method for all schemes. The task tracking
penalty term in Equation (61) is introduced only for optimization purposes and is not
included in the total system operating cost reported in Table 4.

Table 4. Economic and low-carbon performance comparison of different operation schemes.

Indicator Total System
Operating Cost/$

Actual Carbon
Emissions/t RMSE/kW

Scheme A 19,012 17.3 85
Scheme B 16,288 16 60
Scheme C 17,519 16.4 188
Scheme D 16,827 17.1 47
Scheme E 15,323 15.6 9.39

As shown in Table 4, the five schemes present different economic and low-carbon
performances under different system configurations. Scheme A, which does not consider
hydrogen energy equipment, has the highest total system operating cost of $19,012, indicating
that the absence of hydrogen energy storage and conversion limits the system’s ability to
absorb surplus renewable energy. After introducing hydrogen energy equipment in Scheme B,
the total system operating cost decreases to $16,288 and the actual carbon emissions decrease
from 17.3 t to 16 t. This demonstrates that hydrogen energy equipment can improve renewable
energy accommodation and reduce both operating cost and carbon emissions.

Compared with Scheme C, which does not adopt MPC, Scheme E significantly im-
proves system performance. The total system operating cost decreases from $17,519 to
$15,323, corresponding to a reduction of $2196 or 12.53%. And the actual carbon emissions
decrease from 16.4 t to 15.6 t. Meanwhile, the RMSE decreases from 188 kW to 9.39 kW,
indicating that MPC can effectively improve the tracking accuracy and operational stability
of the system under fault conditions.

Furthermore, by comparing Scheme D and Scheme E, the effect of the dynamic carbon
quota mechanism can be observed. Scheme D adopts a static carbon quota mechanism,
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while Scheme E adopts a dynamic carbon quota mechanism under the same conditions of
hydrogen energy equipment, fault modeling, and MPC. The total system operating cost
decreases from $16,827 to $15,323, with a reduction of $1504 or 8.94%. The actual carbon
emissions decrease from 17.1 t to 15.6 t, representing a reduction of 1.5 t or 8.77%. These
results show that the dynamic carbon quota mechanism can effectively reduce carbon
trading cost and carbon emissions while improving the overall economy of the system.

Overall, Scheme E achieves the lowest total system operating cost, the lowest actual
carbon emissions, and the smallest RMSE among all schemes. This verifies that the coordi-
nated strategy integrating hydrogen energy equipment, fault modeling, MPC, and dynamic
carbon quota allocation can achieve better economic performance, low-carbon operation,
and power tracking accuracy.

As shown in Figure 10, to evaluate the sensitivity of the dynamic carbon quota mecha-
nism, the load-level coefficient was varied from 0.10 to 0.40 around the base-case value of
0.25. Under low-load conditions, the total operating cost increases slightly while carbon
emissions decrease marginally. This is mainly because the system has relatively sufficient
supply flexibility, and the redistribution of the fixed carbon budget slightly tightens the
carbon constraint in some periods. In contrast, under high-load conditions, a larger coeffi-
cient allocates more carbon quota to load-intensive periods, thereby relaxing the carbon
constraint during periods with greater supply pressure. Consequently, the use of costly
regulation resources is reduced, leading to a lower operating cost but moderately higher
carbon emissions.

Figure 10. Sensitivity of total operating cost and carbon emissions to the load-level influence
coefficient: (a,b) low-load conditions; (c,d) high-load conditions.

As shown in Figure 11, the renewable energy penetration coefficient was varied from
0.10 to 0.50 around the base-case value of 0.30. As the coefficient increases, the total oper-
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ating cost increases while carbon emissions decrease, with both changes becoming more
pronounced beyond the base-case value. According to Equation (26), a larger coefficient
strengthens the reduction in the dynamic quota weight associated with high renewable
energy penetration, thereby assigning relatively tighter carbon quotas to periods with
greater renewable availability. This encourages greater utilization of renewable energy and
other flexible resources instead of thermal generation, resulting in lower carbon emissions
but higher operating costs. The stronger variation beyond 0.30 indicates that further tight-
ening of the carbon allocation increasingly relies on costly flexibility resources, leading to a
growing marginal cost of emission reduction.

Figure 11. Sensitivity of total operating cost (a) and carbon emissions (b) to the renewable energy
penetration coefficient.

As shown in Figure 12, the HES availability coefficient was varied from 0.10 to 0.50
around the base-case value of 0.20. As the coefficient increases, the total operating cost
decreases steadily, while carbon emissions increase moderately. This is because a larger
coefficient allocates relatively more carbon quota to periods with higher HES unavailability
risk, thereby relaxing the carbon constraint when low-carbon flexibility is reduced by
equipment derating or outages. Consequently, the system relies more on conventional
generation to maintain power and energy balance, reducing the need for costly regulation
measures but leading to higher carbon emissions. These results reveal a clear trade-off
between operating economy and emission reduction under HES availability uncertainty.

Figure 12. Sensitivity of total operating cost (a) and carbon emissions (b) to the HES availabil-
ity coefficient.
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3.4. Analysis of Intra-Day Rolling Optimization and Feedback Correction Considering Uncertainty
in the Decomposed Schedule

Figure 13 presents the intra-day incremental regulation of multiple flexible resources
relative to the day-ahead dispatch schedule shown in Figure 5. The power deviation
before correction exhibits pronounced fluctuations, particularly during the periods of
high renewable energy output and rapid load variation. During 0:00–6:00, relatively
small deviations are mainly compensated by thermal generation, ESS, and grid interaction
adjustments. During 7:00–16:00, when renewable generation is relatively high, ESS and
grid interaction provide the major balancing capability, while renewable-power adjustment
and EL regulation provide additional flexibility in periods with surplus power. The limited
thermal adjustment during this period is consistent with the relatively low thermal-unit
output in the day-ahead schedule.

Figure 13. Power deviation correction and multi-resource compensation under intra-day MPC
rolling optimization.

During the evening peak period of 17:00–21:00, positive regulation requirements
increase as the load remains high and photovoltaic generation decreases. Thermal units,
ESS, grid interaction, demand response, and fuel cells jointly provide upward regulation,
which is consistent with the coordinated peak-load support strategy shown in Figure 5.
After 21:00, as the load gradually declines, the required regulation decreases and is mainly
provided by thermal units, ESS, and grid interaction. After MPC-based rolling correction,
the residual power deviation remains close to zero, with an RMSE of 9.39 kW, demonstrating
the effectiveness of the proposed intra-day feedback-correction strategy.

3.5. Sensitivity Analysis of Hydrogen Equipment Failure Parameters

To evaluate the influence of hydrogen equipment reliability parameters on the schedul-
ing results, a sensitivity analysis is conducted by introducing a failure-rate multiplier κ.
Specifically, all transition rates of the Markov model are scaled as λ′

ij = κλij, where κ = 1
represents the baseline condition.

As shown in Figure 14, increasing κ gradually reduces the expected available capaci-
ties of ELs and HFCs, demonstrating the impact of intensified failure risks on hydrogen
equipment availability. The vertical dashed lines in Figure 14b–d indicate the values of κ

adopted in this study. Meanwhile, the relative operating cost increases with κ, indicating
that additional flexibility resources and grid power are required to compensate for the
reduced hydrogen storage capability.
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Figure 14. Sensitivity analysis of hydrogen equipment failure parameters: (a) expected available
capacity of hydrogen equipment; (b) relative operating cost; (c) grid electricity purchase; (d) car-
bon emissions.

The sensitivity results demonstrate that although hydrogen equipment failures nega-
tively affect system economy and flexibility, the proposed multi-time-scale optimization
framework maintains stable scheduling performance under different reliability conditions.

3.6. Robustness and General Applicability Under Alternative Operating Conditions

To examine the robustness of the proposed framework under higher renewable energy
penetration, the installed WT and PV capacities were uniformly scaled to 1.00, 1.25, and
1.50 times their base-case values, corresponding to renewable energy penetration levels of
65.79%, 82.24%, and 98.68%, respectively. The remaining model parameters and scheduling
settings were kept unchanged. The corresponding results are summarized in Table 5.

Table 5. Performance of the proposed method under different renewable energy penetration levels.

RE Penetration Total System
Operating Cost/$

Actual Carbon
Emissions/t

RE
Accommodation

65.79% 15,323 15.6 98.47%
82.24% 14,631 14.9 91.02%
98.68% 13,864 13.5 82.86%

As the renewable energy penetration increases from 65.79% to 98.68%, the total sys-
tem operating cost decreases from $15,323 to $13,864, corresponding to a reduction of
approximately 9.52%. Meanwhile, the actual carbon emissions decrease from 15.6 t to 13.5 t,
representing reductions of approximately 13.46%. These results indicate that the proposed
coordinated scheduling framework can effectively exploit the economic and low-carbon
benefits of increased renewable generation.
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However, the renewable energy accommodation rate decreases from 98.47% to 82.86%
as the penetration level increases. This result indicates that, although a higher renew-
able share reduces conventional generation and carbon emissions, the existing flexibility
resources gradually become insufficient to absorb all available renewable generation. There-
fore, the marginal accommodation capability of the system becomes more constrained at
extremely high renewable penetration levels.

The sensitivity to load-profile variation was further investigated using three repre-
sentative load patterns while keeping the total daily electricity demand unchanged. The
baseline profile corresponds to the original case. For the enhanced evening peak profile,
the load during 11:00–15:00 was reduced by 10%, while the load during 18:00–22:00 was
increased by 15%, followed by normalization to preserve the total daily electricity con-
sumption. The flattened profile was constructed by combining 70% of the baseline profile
with 30% of its daily average value, also preserving the same total daily energy demand.

Table 6 shows that the proposed method maintains comparable economic and low-
carbon performance under all three load profiles. Relative to the baseline case, the total
operating cost changes from $15,323 to $15,030 under the enhanced evening peak profile and
to $14,922 under the flattened profile. The corresponding carbon emissions remain within a
narrow range of 15.4–15.6 t. The relatively limited variation in these performance indicators
indicate that the effectiveness of the proposed framework is not strongly dependent on a
specific temporal load pattern. Among the tested profiles, the flattened load case yields
the lowest operating cost and carbon emissions, because reduced peak–valley variation
alleviates the demand for high-cost peak-regulation resources. Nevertheless, all three cases
remain economically feasible and preserve the low-carbon scheduling characteristics of the
proposed strategy.

Table 6. Performance of the proposed method under different load profiles.

Load Profile Total System
Operating Cost/$ Actual Carbon Emissions/t

Baseline load profile 15,323 15.6
Enhanced evening peak profile 15,030 15.5

Flattened load profile 14,922 15.4

Figure 15 shows the effects of carbon trading price variations on the dispatching
economy and carbon emission level of the system. The red dashed line marks the carbon
trading price of 60 $/t adopted in this study. It can be observed that, as the carbon
trading price increases from 10 $/t to 150 $/t, the actual carbon emissions of the system
generally show a decreasing trend and tend to stabilize in the high carbon price range. This
indicates that the carbon trading mechanism can effectively guide the system to reduce
carbon emissions. However, when emission reduction reaches the boundary imposed by
equipment operating constraints or dispatching capability, further increases in the carbon
price have a limited effect on additional emission reduction.

In terms of the variation in the total system cost, the total cost first increases and then
decreases as the carbon price rises. When the carbon price is relatively low, the system lacks
sufficient incentives for emission reduction, and the actual carbon emissions exceed the
carbon quota, resulting in additional carbon trading costs. Therefore, the total system cost
gradually increases. When the carbon price rises to approximately 60 $/t, the total system
cost reaches a relatively high level, while the actual carbon emissions approach the carbon
quota level. Subsequently, as the carbon price continues to increase, the system reduces
carbon emissions through optimized dispatching, thereby decreasing the carbon trading
penalty cost and gradually reducing the total system cost.
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Figure 15. Sensitivity analysis of carbon trading price on total cost, carbon emissions, and car-
bon quota.

3.7. Computational Performance and Convergence Analysis

All optimization models were implemented in MATLAB R2023b using the YALMIP
toolbox. The resulting mixed-integer linear programming (MILP) problems were solved
using Gurobi 10.0.1 with its default parameter settings. All simulations were performed
on a computer equipped with an Intel Core i7-12700H CPU (2.30 GHz) and 16 GB RAM,
running Windows 11 64-bit.

To further evaluate the computational scalability with respect to the number of retained
stochastic scenarios, additional tests were conducted by varying the number of reduced
scenarios K from 3 to 20. Table 7 reports the corresponding scenario-reduction and day-
ahead optimization times. As K increases from 3 to 20, the scenario-reduction time increases
moderately from 1.54 s to 2.26 s, whereas the day-ahead optimization time increases from
2.24 s to 14.20 s. The results show that the computational burden of scenario reduction
remains relatively limited, while the solution time of the day-ahead stochastic optimization
increases with the number of retained scenarios because of the corresponding growth in
scenario-dependent decision variables and constraints. Nevertheless, all tested cases were
solved within 15 s, indicating acceptable computational scalability for the range of scenario
sizes considered in this study.

Table 7. Computational-time performance under different numbers of reserved scenarios.

Number of Retained
Scenarios K

Scenario-Reduction
Time (s)

Day-Ahead Optimization
Time (s)

3 1.54 2.24
5 1.56 3.60
7 1.68 4.86
10 1.89 6.84
20 2.26 14.20

The computational efficiency of the proposed rolling optimization framework was
also evaluated by recording the solution time of each optimization instance. The aver-
age solution time was 0.274 s, while the maximum solution time was 0.366 s. The total
computational time for the complete rolling optimization process was 26.314 s. These
results demonstrate that the proposed framework achieves sub-second solution times for
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individual rolling optimization problems under the system scale and scenario settings
considered in this study.

To further evaluate the closed-loop convergence characteristics of the proposed intra-
day MPC strategy, the realized power-balance error and the evolution of the cumulative
RMSE were analyzed, as shown in Figures 16 and 17. Figure 16 shows that the closed-loop
power-balance error fluctuates around zero throughout the 24 h operating horizon without
exhibiting persistent positive or negative drift. Although short-term deviations occur
because of renewable-generation uncertainty, load fluctuations, and changes in hydrogen
energy storage availability, the feedback-correction mechanism continuously compensates
for these disturbances and prevents the accumulation of systematic power imbalance.

Figure 16. Closed-loop power-balance error under intra-day MPC rolling optimization.

Figure 17. Evolution of cumulative RMSE during closed-loop MPC operation.

Figure 17 further presents the evolution of the cumulative RMSE during the rolling
optimization process. Relatively large variations can be observed during the initial oper-
ating periods because the cumulative metric is sensitive to individual errors when only a
limited number of observations are available. As additional MPC steps are implemented,
the influence of individual short-term deviations gradually decreases, and the cumulative
RMSE progressively stabilizes. At the end of the 24 h scheduling horizon, the closed-loop
RMSE converges to approximately 9.39 kW. The absence of sustained growth or oscillatory
divergence in the cumulative RMSE indicates that the proposed MPC-based feedback
correction maintains stable closed-loop power-balancing performance over successive
rolling periods.
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4. Discussion
The results demonstrate that the proposed framework provides a coordinated ap-

proach for addressing renewable energy uncertainty, hydrogen energy storage (HES) avail-
ability risk, and carbon constraints across multiple scheduling horizons. Compared with
studies that mainly investigate the flexibility benefits of hydrogen storage under normal
operating conditions [6–13], the present results further show that HES availability has an
important influence on system balancing. EL derating or outage reduces the absorption of
surplus renewable electricity and lowers the hydrogen inventory, which may subsequently
restrict fuel-cell power support. Therefore, HES failures can propagate from an instanta-
neous power imbalance to a cross-period energy imbalance. This finding indicates that
equipment availability should be explicitly considered when evaluating the operational
flexibility provided by hydrogen storage.

Previous low-carbon scheduling studies have shown that carbon trading and carbon-
related constraints can reduce emissions and improve system economy [14–20]. The pro-
posed method further couples carbon allowance allocation with load level, renewable
energy penetration, and HES availability. Consequently, the carbon budget can be redis-
tributed according to actual operating conditions without changing the total daily carbon
constraint. The comparison with the static carbon allowance scheme shows that this mecha-
nism can improve the coordination between economic operation and emission reduction. In
addition, the carbon price sensitivity analysis indicates that emission reduction is ultimately
limited by the available operational flexibility, because further increases in carbon price
provide only limited benefits once system regulation capability approaches its boundary.

The proposed multi-time-scale framework also extends existing day-ahead/intra-
day and MPC-based scheduling approaches [21–28]. In addition to correcting short-term
power deviations, the intra-day MPC continuously tracks the remaining generation task
and carbon budget issued by the upper scheduling layer. This helps prevent repeated
short-term corrections from causing cumulative deviations from medium- and long-term
energy and emission targets. From a practical perspective, the framework is compatible
with the operation of energy-management systems: periodic energy and carbon targets
can be decomposed into daily tasks, a 24 h baseline schedule can be generated using
day-ahead forecasts, and intra-day decisions can then be updated using renewable output,
load demand, storage states, and HES availability. Therefore, the method may be appli-
cable to renewable-rich microgrids, integrated energy systems, and electricity–hydrogen
coupled systems.

Several limitations should also be acknowledged. First, the results are based on a 30-day
case study with a specific system configuration, and further validation is required under differ-
ent renewable penetration levels, seasonal conditions, network structures, and carbon-market
rules. Second, the HES reliability model uses three Markov states and assumes a memoryless
transition process, while the transition parameters are based on representative operating
characteristics and engineering assumptions. Future studies should calibrate these parameters
using actual reliability and maintenance data. Third, more advanced probabilistic forecasting
methods may be introduced to better characterize renewable-generation uncertainty. Finally,
the computational scalability of the proposed stochastic-MPC framework should be further
evaluated in larger multi-node systems. Future work will therefore focus on longer-term
operational validation, data-driven HES reliability modeling, more realistic carbon-market
mechanisms, and real-time implementation.
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5. Conclusions
This study proposed a multi-time-scale power and energy balance optimization

method for highly uncertain power systems considering hydrogen energy storage fail-
ures and dynamic carbon quota constraints. The primary findings are summarized below:

The proposed model effectively captures hydrogen energy storage uncertainty by
introducing Markov-chain-based capacity coefficients for ELs and HFCs. Case studies
indicate that considering hydrogen energy storage failures and derated operation improves
the reliability of power and energy balance under high renewable penetration.

The proposed dynamic carbon quota mechanism constructs a state-coupled adaptive
carbon budget allocation strategy, enabling carbon constraints to be dynamically adjusted
according to load level, renewable energy output, and hydrogen energy storage availabil-
ity, thereby improving system power and energy balance performance while reducing
operating costs and carbon emissions.

The proposed multi-time-scale optimization strategy effectively improves power
and energy balance performance. By coordinating medium- and long-term energy tasks,
day-ahead scheduling, and intra-day rolling correction, the method significantly re-
duces power deviations and ensures stable multi-time-scale power–energy balance under
high uncertainty.
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Abbreviations
The following abbreviations are used in this manuscript:

HES Hydrogen energy storage
CTMC Continuous-time Markov chain
MPC Model predictive control
PV Photovoltaic
EL electrolyzer
HFC Hydrogen fuel cell
DR Demand response
ML Medium- and long-term scheduling
DA day-ahead scheduling
WT Wind turbine
ESS Electrical energy storage system
PEM Proton exchange membrane
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HHV Higher heating value
RMSE Root mean square error
t time-period index
d operating-day index
s day-ahead scenario index
m HES equipment index
λij degradation/failure transition rate from state i to state j
µij recovery transition rate from state i to state j
πm

i steady-state probability of HES equipment m in state i
αm expected available capacity coefficient of HES equipment m
ρm available-capacity ratio of HES equipment m under the derated state
PG

t output power of the thermal power unit in period t
PEL

e,t electrical power consumption of the EL
PHFC

e,t electrical output power of the hydrogen fuel cell
EH

t hydrogen storage amount in period t

Qdyn
d,t dynamically allocated carbon quota in period t on day d.

ωd,t dynamic carbon-allocation weight
EML total generation task over the medium- and long-term horizon
QML total carbon-emission budget over the medium- and long-term horizon
Ere

d,k remaining generation task at rolling instant k
Qre

d,k remaining carbon budget at rolling instant k
ρp day-ahead schedule-tracking penalty coefficient in the MPC model
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