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Hydrogen production from renewable energy is a promising solution for clean and efficient hydrogen
generation. The hybrid electrolyzers system (HES) consists of alkaline (ALK) and proton exchange mem-
brane (PEM) electrolyzers. It balances PEM’s economic benefits and ALK’s hydrogen production capabil-
ities. To enhance hydrogen production efficiency and ensure the operational stability of HES, this study
proposes a novel multi-timescale rolling optimization strategy considering flexible hydrogen demand.
A joint wind–photovoltaic power prediction model is used to provide accurate forecast data for schedul-
ing optimization. The operating characteristics of the electrolyzers, including various operating states,
start–stop behaviors, load variations, and hydrogen production features of ALK and PEM, are modeled
in detail. Multi-timescale modeling is employed for rolling optimization to obtain the optimal scheduling
solution. Finally, the validity of the proposed method is verified under varying weather types in Macheng,
Hubei, China. The results show that HES significantly improves hydrogen production capacity and eco-
nomics compared to ALK-only production, with a 25% increase in net revenue under extreme weather.
Flexible hydrogen load demand response synchronizes fluctuations on both the supply and demand sides,
multiplying grid trading benefits. The multi-timescale scheduling strategy enabled each electrolyzer to
achieve over 96% execution of the day-ahead schedule across various weather conditions. The system’s
economy achieves 98% of the ideal maximum benefit and 80% under extreme weather. This demonstrates
that the proposed scheme holds promise for providing effective solutions for the optimal design and
scheduling of renewable energy hydrogen production systems.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Energy scarcity, environmental pollution, and climate change
are significant global challenges today [1]. Efficient, low-carbon,
environmentally friendly, safe, and reliable energy is in increasing
demand. Thus, fundamental changes are needed for the current
fossil fuel-dependent energy mix [2]. Renewable energy sources
(RES) such as solar and wind power are expected to be the main-
stay of future energy supply [3]. Projections suggest that renew-
able energy will account for 40% of total electricity generation by
2040 [4]. However, both wind and solar energy are highly intermit-
tent and volatile, making large-scale grid integration a major chal-
lenge as renewable energy penetration increases [2,5].
Additionally, substantial amounts of wind and solar energy are
often wasted due to disparities in population distribution, geogra-
phy, inadequate grid connectivity, and unequal utilization of
renewable energy [6]. An effective energy carrier is urgently
needed to facilitate the sustainable transition to renewable energy.
Hydrogen energy, with its high energy density and ease of storage
idering
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and transport, plays a key role in promoting renewable energy uti-
lization [7,8]. Furthermore, hydrogen energy has significant poten-
tial across various energy development and utilization scenarios
due to its environmentally friendly nature [9,10].

Global hydrogen demand is projected to increase by 2.4 times
(211 Mt) in 2030 and 6.0 times (528 Mt) in 2050, as the use of
hydrogen energy expands worldwide [11]. To meet global decar-
bonization targets and address the rising demand for green
hydrogen, electrolyzer hydrogen production technology is widely
used in renewable hydrogen projects [12]. Electrolytic hydrogen
production devices can be classified into three categories based
on the electrolytes used: ALK electrolyzers [13], PEM electrolyz-
ers [14], and solid oxide electrolytic cells (SOECs) [15]. SOEC still
faces many limitations for large-scale applications, while ALK
and PEM electrolyzers are favored for their unique advantages.
The PEM, with its broader power range and faster response time,
is particularly suitable for flexible operation [16]. Additionally,
compact PEM typically exhibits higher current densities and
hydrogen production efficiencies, enabling efficient operation at
lower temperatures to produce high-purity hydrogen [17]. How-
ever, the high manufacturing costs have limited the large-scale
application of PEM [5]. In contrast, ALK dominates the market
due to its affordability, scalability, and established technology
[12].

Safety is a primary concern in practical ALK application projects.
Operating under low power conditions, gas interactions, and
delays in responding to power fluctuations can increase the risk
of explosion [18]. Consequently, ALKs are operated at more than
40% of their rated power in practical applications to minimize
the risk of explosion [19]. However, power from wind turbines
(WT) and photovoltaic (PV) systems can reach hundreds of mega-
watts (MW), and a single electrolyzer cannot efficiently dissipate
such large input power [12]. Thus, deploying ALK arrays under
real-world conditions with high power lower limits can lead to idle
electrolyzers and frequent start-ups and shutdowns. This signifi-
cantly reduces the hydrogen production efficiency and renewable
energy consumption rate of the renewable energy hydrogen pro-
duction system (REHPS). In summary, balancing safety protocols
with hydrogen production capacity remains the main challenge
for REHPS in practice.

1.1. Literature review

Numerous methods have been developed for co-optimization in
REHPS in previous studies [7–9,19–23]. These methods typically
set constraints for either ALK or PEM and optimize the solution
for the respective objective function [24]. For details, refer to the
selected literature review in Table 1 [5,7–9,12,18–23,25–29]. These
studies aim to couple additional modules such as battery energy
storage system (BESS), hydrogen energy storage system (HESS),
and main grid (MG) to maximize the hydrogen production capacity
of the system. Despite extensive research on optimizing ALK for
hydrogen production, challenges persist in scenarios involving
renewable energy integration due to the inherent characteristics
of ALK. In contrast, PEM demonstrates good compatibility with
RES. By fully leveraging the efficient and flexible characteristics
of PEM, the energy utilization and hydrogen production capacity
of the electrolysis system can be optimized [30]. This suggests that
ALK and PEM have the potential for economic and technological
complementarity [25]. If the two electrolyzers are applied together
in the same REHPS, the challenge of balancing hydrogen produc-
tion capacity and economic efficiency can be resolved. Therefore,
the hybrid electrolyzers system (HES), which integrates ALK and
PEM under a high proportion of RES, is highly significant for
research and application in large-scale hydrogen production and
low-carbon energy supply.
2

A review of the remaining literature in Table 1 reveals that pre-
liminary studies on HES have been conducted consecutively [5,7–
9,12,18–23,25–29]. Yang et al. [5] and Zhang et al. [12] optimized
the scheduling of a hydrogen production system integrating ALK
and PEM electrolyzers using different co-optimization algorithms,
aiming to efficiently manage the operation strategies of each elec-
trolyzer. The loads, switching actions, and operating times of the
electrolyzers were balanced, in contrast to simple sequential and
rotational strategies. Xu et al. [18] demonstrated that the hydrogen
production capacity of the system was optimized when PEM-
installed loads were within the range of 10–20% of the HES. Addi-
tionally, the impact of the proportion of wind power and pur-
chased power on the system’s economics was analyzed. Dong
et al. [25] proposed a PV–wind–hydropower–hydrogen cogenera-
tion system model, offering a solution for the simultaneous design
and optimization of HES scheduling. Zheng et al. [26] and Lin et al.
[27] combined the dynamic operational response characteristics of
ALK and PEM to explore the impact of integrating the advantages
of both electrolyzers into HES for REHPS. The results showed that
the system significantly improved renewable energy utilization
and economic benefits compared to using a single ALK or PEM.
Lu et al. [28] proposed a dynamic power allocation and control
strategy for HES, accurately allocating fluctuation components
between ALK and PEM by reconstructing the fluctuating power of
the RES. This strategy improved the source–load balance and
increased hydrogen production efficiency by 7% while reducing
the electrolyzer capacity requirement. Yu et al. [29] additionally
considered the island’s wave energy and the utilization of ALK
waste heat, optimizing HES scheduling using a two-layer fuzzy
control approach. The results showed that the system’s annual
return and equipment life were significantly improved.

In general, most studies on HES have focused on the macro-
level system, primarily addressing the configuration of individual
capacities and the variation of annual gains over long time scales.
There is a lack of detailed modeling of the dynamic processes and
variable load characteristics of hydrogen production for ALK and
PEM. Under long-term operation plans, the operation status and
economic benefits of electrolyzers in HES with small intraday time
scales are not effectively optimized and lack robustness. Moreover,
studies often neglect the accurate representation of individual
electrolyzer states. Although several studies have evaluated the
operating states of individual electrolyzers, they do not represent
true operating conditions at their respective time scales, and no lit-
erature comprehensively considers both ALK and PEM states. Addi-
tionally, these studies do not adequately account for intraday
forecast errors caused by renewable energy uncertainty, limiting
the resilience potential of HES to various disturbances. This also
contributes to the lack of attention paid to the ability of individual
electrolyzers in HES to operate stably. Additionally, most studies
focus on optimizing the total system yield for a given hydrogen
load (HL) demand, without considering the impact of flexible
hydrogen demand on system operation and economics. Finally,
the balance between the feasibility of the scheduling strategy
and solution efficiency under the system’s complex multi-
constraints has also been overlooked. Therefore, it is necessary to
design a scheduling optimization strategy that accurately sched-
ules and optimally adjusts the load and variable load characteris-
tics of each electrolyzer for stable operation in HES, ensuring
efficient and smooth hydrogen production. This will maximize
the economic efficiency and operational stability of the hydrogen
production system.

1.2. Research contributions

Based on the analysis in the previous section, it is evident that
the field of HES is still in its early stages and lacks accurate model-
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Table 1
Literature reviews on coordinated scheduling optimization of REHPS.

Ref. Component HLDR Time scale Objectives Operating characteristics of
electrolyzer

PV WT ALK PEM Others Single status Operational stability

[5] — × 15 min HPR, LPSP ×
[7] × HESS, FC, MG × hour LCOH × ×
[8] × × HESS × hour LOEE ×
[9] × HESS, FC × hour LOEE × ×
[12] BESS × hour HPR ×
[18] BESS, HESS, MG × hour NPV ×
[19] × BESS, HESS, FC, SC × min LOEE × ×
[20] × BESS × hour LCOH × ×
[21] × BESS, HESS, FC × hour LCOE × ×
[22] × HESS, MG, CP × hour DNPV × ×
[23] × BESS, HESS, MG, PS × hour NPV, LPSP, LOEE × ×
[25] HESS, MG, HPS × hour NPV × ×
[26] — × hour LCOH, LPSP × ×
[27] × HESS × hour AOP × ×
[28] BESS × 10 min LPSP, LOEE, HPR ×
[29] HESS, TESS, WPS × hour AOP × ×
This work BESS, HESS, MG Multi-timescale DNPV

HESS: hydrogen energy storage system; FC: fuel cell; MG: main grid; BESS: battery energy storage system; SC: supercapacitor; CP: compressor; PS: pumped storage; HPS:
hydropower station; TESS: thermal energy storage system; WPS: wave power system; HLDR: hydrogen load demand response; HPR: hydrogen production rate; LPSP: loss of
power supply probability; LCOH: levelized cost of hydrogen; LOEE: loss of energy expected; NPV: net present value; LCOE: levelized cost of energy; DNPV: daily net present
value; AOP: annualized operating profits.
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ing and representation of the system, failing to provide a dispatch
strategy for the intraday phase of actual operations. Existing stud-
ies also overlook the balance between system benefits and individ-
ual electrolyzer stability, and separate supply-side and demand-
side optimization. This study aims to address this gap by modeling
HES under various scenarios of large-scale renewable energy gen-
eration and incorporating the proposed joint WT–PV power fore-
casting model and HL demand response (HLDR). Specifically, this
study seeks to investigate how the optimization of scheduling
strategies across multiple time scales can improve the operational
characteristics and economics of HES under source–load uncer-
tainty. The main contributions of this study are summarized as
follows:

(1) A low-error joint WT–PV power prediction model is devel-
oped to accurately address the volatility of wind and PV
power generation, demonstrating the model’s validity and
superiority. Additionally, a coupled HLDR model is innova-
tively constructed to fill the gap of separated supply–de-
mand optimization. This approach comprehensively
accounts for the impact of flexible HL on system sustainabil-
ity, robustness, and economics.

(2) The HES modules are modeled in detail, with the operating
characteristics of different electrolyzers represented by dis-
tinct state variables. Multiple constraints reflecting the
actual operating conditions of the components are consid-
ered, and the Big-M method is applied to address nonlinear
problems. A balance is achieved between model accuracy,
engineering feasibility, and computational efficiency.

(3) A multi-timescale optimization scheduling strategy for HES
is proposed, breaking the limitation of simple electrolyzer
stacking in existing studies. It optimizes the system’s energy
flow scheduling to enhance the stable operation and effi-
cient hydrogen production capacity of each electrolyzer
while maximizing economic benefits.

This paper is structured as follows: Section 2 outlines the sys-
tem structure and the modeling process of each model in HES; Sec-
tion 3 details the optimization method, objective function, and
constraints; Section 4 discusses the case setup and results; and
Section 5 presents the conclusions.
3

2. Model description

2.1. System structure

In this study, the entire system consists of WT, PV, MG, ALK,
PEM, battery, hydrogen storage tank (HST), and a voltage con-
verter. The overall system structure is illustrated schematically in
Fig. 1. The WT and PV continuously generate power, which is fed
into the system as the power input. All the generated power is con-
nected to the direct current (DC) bus, and most of the power in the
DC bus is used for electrolysis consumption in the electrolyzer
bank. The electrolyzer bank consists of ALKs and PEMs, integrated
into multiple arrays to maximize hydrogen production under
stable operation. This is achieved by coordinating the output time
and variable load status of each electrolyzer. The generated hydro-
gen is distributed to the HL for on-demand sale via the HST. The HL
in this study specifically targets flexible industrial and commercial
users with adjustable hydrogen consumption behaviors. The HST
also buffers the hydrogen flow to ensure a relatively stable hydro-
gen outflow. Additionally, the system is equipped with a battery to
store and release power according to the system’s power load and
capacity, helping to alleviate load pressure. Simultaneously, the
system is connected to the MG, which operates based on time-
of-use pricing in the power market and the system’s supply–de-
mand balance. This facilitates the strategic purchase and sale of
electricity, enhancing the system’s economy and stability. Detailed
modeling information for each device provided in Section S1 of
Appendix A.

The entire REHPS is controlled and dispatched by the energy
management system (EMS), which considers factors such as wind
speed, solar irradiation intensity, and the operating status of each
component to develop an optimal energy flow distribution strat-
egy. The EMS then controls the DC bus by issuing scheduling
instructions, and allocating the required power to each component
based on the scheduling strategy. This ensures the stable operation
of both the system and its components while enhancing economic
efficiency and sustainability. Meanwhile, to ensure that the hydro-
gen produced meets the basic needs of the HL, the EMS provides
instructions to the demand response (DR) system based on the
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Fig. 1. System structure diagram of REHPS. AC: alternating current; EMS: energy management system; DR: demand response.
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day’s WT and PV power forecast. The DR system responds quickly,
adjusting hydrogen prices and formulating incentive policies to
influence user behavior. This, in turn, indirectly alters hydrogen
demand, leading to time-varying HL.

2.2. DR model

This study investigates the impact of flexible hydrogen demand
on the optimization of REHPS scheduling by constructing two
types of DR models: price-based and incentive-based [31]. By inno-
vatively extending the traditional electrical load demand response
to the HL domain, this study demonstrates that HLDR is highly
adaptable to hydrogen production systems.
Fig. 2. Schematic diagram of HLDR. PDR: price-based DR; IDR: incentive-based DR.

4

The principle of HLDR in this study is illustrated in Fig. 2. The
system scheduling center performs day-ahead load forecasting by
gathering customer-side HL information. Simultaneously, the
scheduling center receives the power forecast curves for wind
and PV farms. The scheduling center combines load demand with
wind and solar power output curves. It adjusts hydrogen prices
accordingly—lowering them during peak generation and raising
them during troughs. Additionally, targeted incentive policies are
implemented to encourage the load side to purchase hydrogen
when renewable energy is abundant and to decrease hydrogen
demand during the trough of the wind power curve. After simulat-
ing the load response for peak shaving and valley filling, an
updated load forecast is generated. The scheduling center sched-
ules the electrolyzers, HST, and other components for the following
day based on the updated load forecast curve. The load side also
changes its energy use behavior for the next day based on the load
instructions received.

2.2.1. Flexible HL
Loads are classified into four categories: fixed load (FL), shifta-

ble load (SL), interruptible load (IL), and replaceable load (RL). This
study focuses on evaluating the hydrogen production capacity of
the HES, excluding the RL generated by horizontal substitution
between hydrogen and other energy sources. The HL in this study
specifically includes: flexible industrial users with batch produc-
tion processes, which can shift hydrogen consumption time slots
or temporarily reduce load by adjusting production schedules;
hydrogen refueling stations with storage capacity, which can store
hydrogen during low-price periods and use stored hydrogen dur-
ing high-price periods. The actual HL (Ltact) at any given time t con-
sists of two components: the basic HL (Ltbase), which is required to
meet the users’ daily energy demand, and the extra HL (Ltextra),
which is influenced by various factors and generated based on
the users’ needs and system economic efficiency. Since Ltbase is
solely determined by user demand, HLDR directly influences Ltbase
in this study. Although the magnitude of Ltextra is influenced by both
supply and demand, its upper limit is typically determined by Ltbase
alone, following a linear relationship. In summary, the flexible HL
in this system can be expressed as follows:
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Ltbase L
t

base DLtSL DLtIL 1

Ltact Ltbase Ltextra
0 Ltextra dLL

t
base

2

where L
t

base represents the base load at time t when there is no load
variation; DLtSL and DLtIL denote the changes in the SL and IL, respec-
tively, at time t; and dL represents the linear relationship between
Ltextra and Ltbase, as determined by the user.

2.2.2. Price-based DR
Hydrogen energy shares similar commodity properties with

electricity. According to microeconomic theory, variations in
energy prices influence changes in user energy consumption [32].
In this study, price-based DR (PDR) is implemented to establish
time-of-use hydrogen prices, influenced by the day-ahead wind
and PV power forecasts. The adjustment factor is the ratio of the
average total input power at each moment of the day-ahead to
the actual output power at that moment. Its calculation is given
by the following equation:

pt dH2p
t

3

dH2

1
T

T

i 1
PtWT PtPV

PtWT PtPV

dH2
min dH2 dH2

max

4

where pt and p
t
represent the hydrogen price at time t after and

before the price change, respectively; dH2 is the hydrogen price
adjustment factor; Pt

WT and Pt
PV represent the power of WT and PV

at time t, respectively; T is the day-ahead scheduling period,
assumed to be 24 h; and dH2

min and dH2
max represent the minimum

and maximum values of the adjustment factor, respectively.
By calculating the ratio of the hydrogen energy price to the cor-

responding change, a price elasticity matrix can be created, which
includes both own-price and cross-price elasticity coefficients [33].
Detailed data sources and parameter configuration methods for the
matrix are provided in Section S2 of Appendix A.

M0

m11 m12 m1v

m21 m22 m2v

mu1 mu2 muv

5

muu DLuPDR

L
u

PDR

pu p
u

pu

1

6

muv DLuPDR

L
u

PDR

pv p
v

pv

1

7

whereM0 is the hydrogen price elasticity matrix; u and v denote the
moment in time; muu is the own-price elasticity coefficient; muv

represents the cross-price elasticity coefficient; L
u

PDR is the load
demand without PDR at moment u; LuPDR is the load demand with
PDR at moment u, and DLuPDR is the load change with PDR at moment
u.

In this study, PDR mainly involves SL, and SL refers to the verti-
cal transfer and adjustment of load by users over a specific time
period in response to energy price changes [34]. By properly
scheduling SL, load fluctuations on the hydrogen side can be effec-
tively smoothed, thus improving system stability. In this study, the
5

operating time of SL is coordinated with renewable energy gener-
ation to maximize the use of renewable energy. The response
model for SL is shown as [34]:

LtPDR L
t

PDR DLtSL 8

DLtSL L
t

PDR

T

t 1

M0 t t pt pt pt 9

where DLtSL is the change in SL with PDR at time t.

2.2.3. Incentive-based DR
The method of altering load-side energy use behavior through

appropriate incentive policies is called incentive-based DR (IDR).
This study focuses on ILs in the context of IDR. IL allows users to
respond to the incentive policy by reducing part of the load within
a specified range based on their individual circumstances. The
response model for IL is formulated as:

LtIDR L
t

IDR DLtIL 10

where LtIDR and L
t

IDR represent the load demand at time t with
and without IDR, respectively; DLtIL is the change in IL at time twith
IDR.

2.3. Joint WT–PV forecasting model

2.3.1. Forecasting model description
This study proposes a joint WT–PV power prediction model

designed to accurately reflect the variation in renewable energy
output. The model combines convolutional neural network
(CNN), bidirectional long short-term memory neural network
(BiLSTM), and Attention mechanism. CNN extracts data features,
BiLSTM captures long-term relationships in the time series, and
Attention enhances the model’s ability to focus on key information
in the input data. The model strikes a balance between prediction
accuracy and computational efficiency, making it suitable for use
in renewable energy hybrid hydrogen production systems. The
framework of the model is shown in Fig. 3, and the main modeling
steps are outlined below:

Step 1. The local meteorological data and historical wind power
data are cleaned, with erroneous data removed and missing values
filled in. The data are then analyzed for correlation to visualize the
relationship between the two variables. The sample data are
selected based on the Pearson correlation coefficient (PCC) to
reduce redundancy and improve the quality of the input data.
The sample data are then normalized to ensure consistency in vari-
able dimensions and enhance the reliability of the predictive
model. The data are then partitioned into a training set, validation
set, and test set.

Step 2. Model training is conducted using the training set to
design the joint WT–PV prediction model (CNN–BiLSTM–Atten
tion). The input data (WT and PV) are passed through the CNN
layer for feature extraction. The data then passes through the
BiLSTM layer and into the dropout layer for regularization, which
prevents overfitting and improves the model’s generalization
ability. The data is then processed by the Attention layer to cap-
ture key information, followed by the fully connected layer.
Finally, the power data is output once the set number of itera-
tions is reached.

Step 3. Cross-validation is performed on the data based on the
training results to evaluate and improve the model’s generalization
ability. If the output requirements are not met, the model param-
eters are adjusted and retrained until the results satisfy the
requirements, after which the model is used for prediction.
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Fig. 3. Process framework for forecasting model. PCC: Pearson correlation coefficient.

Fig. 4. Structure diagram of CNN–BiLSTM–Attention.
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Step 4. Finally, the model prediction error is calculated using
multiple evaluation metrics to validate and assess the model’s
effectiveness for comprehensive analysis.
6

2.3.2. CNN–BiLSTM–Attention model
The specific structure of the CNN–BiLSTM–Attention model for

joint WT–PV prediction is shown in Fig. 4. The model connects
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the CNN, BiLSTM, Attention mechanism, and fully connected layers
in series, accurately capturing local features and long-term depen-
dencies while maintaining computational efficiency and model
accuracy. Detailed modeling, functional characterization, and sche-
matic information for each unit are provided in Section S3 of
Appendix A.

3. Methodology

Amulti-timescale optimization strategy is proposed to optimize
the entire system, based on the previous introduction of each
model component. The flow of the proposed method is illustrated
in Fig. 5. In this method, the HL elasticity matrix is established to
respond to WT and PV power variations, ensuring HL demand
and maximum production. PDR and IDR are adjusted based on
the time-scaled hydrogen price. To address the inaccuracy of point
prediction, which can lead to discrepancies between actual opera-
tion results and expected goals, a multi-timescale scheduling opti-
mization strategy is introduced [35]. It consists of two parts: day-
ahead scheduling and intraday scheduling. The day-ahead and
intraday scheduling use power data from the corresponding time
scales of wind and PV forecasts as inputs. By combining objective
functions and constraints at different time scales, the intraday roll-
ing optimization refines the day-ahead schedule and outputs the
optimal results.

3.1. Rolling optimization strategy

The core of the multi-timescale optimization strategy is rolling
optimization. Rolling optimization is an online process controlled
by a fixed time window, with updates and repetitions occurring
Fig. 5. Flowchart for multi-t

7

continuously. In this study, the day-ahead scheduling cycle is
divided into 24 equal time steps, each with a 1-h time scale. The
intraday scheduling cycle is divided into 96 equal time steps, each
with a 15-min time scale. The intraday control period is 4 h, with
operations rolling backward in 15-min intervals.

The principle of rolling optimization is to use the day-ahead
optimization results as the initial schedule, with the intraday
phase adjusting this plan. Each intraday optimization targets one
control time domain, and only the result of the first time step in
the domain is retained. The system then feeds back this optimiza-
tion result and updates the component outputs. The system then
moves one time step backward, using the optimization result as
the initial variable for the next control domain. The optimization
rolls forward and is fed back until all solutions for the day’s sched-
ule are completed. The specific optimization schematic is illus-
trated in Fig. 6.

3.2. Day-ahead objective function

This study aims to determine the optimal operating strategy for
HES’s stable operation and maximum economic benefits within a
day. The optimal scheduling scheme for each system component
is derived by balancing hydrogen sales gains with the economic
losses from system operation. To prevent performance degradation
due to frequent startups and shutdowns of the hybrid electrolyz-
ers, the total number of switches is penalized in the objective func-
tion. The day-ahead optimization objective is to maximize total
daily net revenue (CTR), with the specific objective function includ-
ing daily hydrogen sales revenue (CHR), daily electricity trading
revenue (CER), daily operation and maintenance costs (COM), daily
equivalent investment costs (CINV), electrolyzers’ switching penalty
imescale optimization.
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Fig. 6. Schematic diagram of rolling optimization.

B. Wang, Z. Liang, K. Yang et al. Engineering xxx (xxxx) xxx
(CSW), incentive user costs (CIDR), and labor costs (CLabor). CTR is for-
mulated as:
maxCTR CHR CER COM CINV CSW CIDR CLabor 11

In the objective function, the revenue consists of hydrogen
sales revenue (CHR) and electricity trading revenue (CER). CHR rep-
resents the hydrogen generated from ALK and PEM electrolysis,
which is stored in the HST. The hydrogen is then withdrawn
from the HST and sold based on the actual HL (Ltact). The basic
HL (Ltbase) is sold at the time-of-day hydrogen price after applying
DR, while the extra load (Ltextra) is sold at the original market
hydrogen price. CER is the revenue from power trading, which
the system conducts to ensure the stability of the power supply.
The system also attempts to make a profit by selling electricity
at peak prices and purchasing at low prices. The revenue is
described as:

CHR

T

t 1

pt
H2
Ltbase po

H2
Ltextra 12

CER

T

t 1

pt
sP

t
s pt

bP
t
b 13

where pt
H2

is the hydrogen price after applying DR at time t; po
H2

is
the original market hydrogen price; pt

s and pt
b are the selling and

purchasing prices of electricity in the power market at time t,
respectively; and Pt

s and Pt
b represent the electricity sold and pur-

chased by the system in its transaction with the grid at time t,
respectively.

The operation and maintenance cost (COM), daily equivalent
investment cost (CINV), and penalty cost (CSW) for frequent star-
tup/shutdown of the electrolyzers are the primary considerations
for operation and economic loss. COM is determined by the unit
operation and maintenance cost of each component and its output
power; CINV is determined by the unit assembly cost, design life,
and configured capacity of each component; and CSW primarily
concerns the frequency of ALK startup and shutdown as a penalty
cost due to the fast response capability of PEM. The equipment
aging cost of the electrolyzer is included in both the operation
and maintenance cost and the start–stop penalty cost. Since this
study focuses on exploring the economic benefits within a single
day, it does not address replacement costs after the equipment
reaches its design life. Instead, the capital recovery rate over each
component’s design life is calculated to determine the correspond-
ing investment cost. From the above analysis, it is clear that the
economic loss cost of each component is closely related to the type
of equipment. The specific calculation of this economic loss is as
follows [22]:
8

COM i X
T
t 1COM iP

t
i CH2O

CH2O
T
t 1 pH2Om

t
H2O

X WT PV BAT ALKj PEMk HST

14

CINV
i X
lC iCINV iSi

lC i
b 1 b LPi

1 b LPi 1
na

X WT PV BAT ALKj PEMk HST

15

CSW CYALKNSW 16

where COM i denotes the unit operation and maintenance cost of
equipment i; Q denotes the operation power of equipment i at time
t; X is the set of equipment types; j and k denote different ALKs and
PEMs, respectively(j nALK, k nPEM); nALK and nPEM denote the
quantities of ALKs and PEMs, respectively; CH2O denotes the cost
of water used in hydrogen production; pH2O denotes the price of
water; mt

H2O
denotes the total water consumed by the electrolyzer

at time t; CINV i denotes the unit assembly cost of equipment i; Si
denotes the configured capacity of equipment i; lC i denotes the
capital payback rate of equipment i; b denotes the social discount
rate; LPi denotes the design service life of equipment i; na denotes
the operating cycle of the entire system; CYALK denotes the ALK cold
start-up penalty coefficient; and NSW denotes the total number of
switches of all electrolyzers.

3.3. Day-ahead constraints

In REHPS, fine-grained constraints must be imposed on key
equipment such as electrolyzers to ensure the stable and effective
operation of the system. The constraints on the operation of key
components are described in detail below.

3.3.1. Hybrid electrolyzers constraints
Most existing studies only model basic on/off states of a single-

category electrolyzer, leading to inaccurate modeling. To fill this
gap, this study considers the different operating states of each elec-
trolyzer to refine the operating states of ALK and PEM, leveraging
their respective state characteristics in HES. Transitions between
different operating states will also have varying operating modes.
Restarting a hydrogen plant after a complete shutdown is called
a cold start. In cold start mode, the electrolyzer starts at a lower
temperature and gradually warms up to its operating temperature
before entering the hydrogen production state. To prevent frequent
startups and shutdowns that could reduce system efficiency, the
electrolyzer can be run in standby mode for subsequent startups,
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if necessary. The standby power of the electrolyzer is typically 5%
of the rated power, maintaining the operating temperature with-
out producing hydrogen. Restarting hydrogen production from
standby is called a hot start. Hot start is typically used for shorter
shutdowns and is much faster than cold start. Additionally, PEM
can briefly exceed its rated power (≤ 120%) to operate in an over-
loaded condition for hydrogen production [5]. From the analysis, it
is clear that ALK operates in three modes: hydrogen production,
standby, and shutdown due to its slower responsiveness and need
to operate at rated power; PEM operates in three states: overload,
hydrogen production, and shutdown due to its faster start/stop
capability and broader load characteristics. The specific transition
process for each operation state is shown in Fig. 7, with each state
represented by a binary variable:

LtALK StALK ItALK 1 17

Rt
PEM LtPEM ItPEM 1 18

where LtALK, S
t
ALK, and ItALK as binary variables, denote the ALK states

of hydrogen production, standby, or shutdown at time t; Rt
PEM, L

t
PEM,

and ItPEM denote the PEM states of overload, hydrogen production, or
shutdown at time t, respectively.

(1) Cold/hot start-up constraints. This study focuses on cold/hot
start constraints for ALK, where binary variables Yt

ALK and
Wt

ALK are used to represent whether ALK is in cold start or
hot start mode at time t. These are solved by constructing
the following mixed integer linear programming (MILP)
equations [36]:

Yt
ALK ItALK

Yt
ALK St 1

ALK Lt 1
ALK

Yt
ALK St 1

ALK Lt 1
ALK ItALK 1

19

Wt
ALK StALK

Wt
ALK Lt 1

ALK

Wt
ALK StALK Lt 1

ALK 1

20

(2) Load variation constraints. To avoid frequent startup/shut-
down of the electrolyzer in a short period, it is necessary
to limit the minimum downtime and minimum operating
time. The maximum overload time constraint must also be
considered for the PEM, as prolonged overload can shorten
its lifespan. These three items are formulated as:

t TI x
min

1
s t Isx T I x

min Itx It 1
x

t TS x
min

1
s t Ssx TS x

min Stx St 1
x

t TR PEM
max 1

s t RsPEM TR PEM
max Rt

PEM Rt 1
PEM

21

where T I x
min and TS x

min denote the minimum downtime and minimum
operating time, respectively; x refers to either ALK or PEM; and
TR PEM
max denotes the maximum overload time for PEM.
Fig. 7. Operation states of (a) ALK and (b) PEM. It: shutdown; St: standby; Lt:
hydrogen production; Rt: overload; Yt: cold start; Wt: hot start.
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Prolonged operation of the electrolyzer at low power may cause
gas crossover in the tank, posing risks such as hydrogen explosion
[30]. As a result, the variable load range of ALK and PEM is limited to:

0 05StALKP
ALK
max LtALKP

ALK
min Pt

ALK 0 05StALKP
ALK
max LtALKP

ALK
max 22

LtPEMP
PEM
min Rt

PEMP
PEM
max Pt

PEM LtPEMP
PEM
max 1 2Rt

PEMP
PEM
max 23

where Pt
ALK and Pt

PEM denote the operating power of ALK and PEM at

time t, respectively; PALK
min and PALK

max represent the minimum limiting

power and rated power of ALK; and PPEM
min and PPEM

max denote the mini-
mum limiting power and rated power of PEM, respectively.

(3) Hydrogen production constraints. During the cold or hot
start-up of the ALK, power fluctuations can lead to gas cross-
over, causing the hydrogen purity to fall below the produc-
tion quality standard. To accurately characterize high-
quality hydrogen production over time, the hydrogen loss
during the ALK startup process must be considered. In this
study, assuming that the power during the startup process
is used solely to feed the system without producing hydro-
gen, the actual hydrogen production rate per ALK is calcu-
lated as [25]:

kY ALK 1 TY ALK 60 kW ALK 1 TW ALK 60 24

mt
H2 ALK gALK LtALK kY ALKY

t
ALK kW ALKW

t
ALK Pt

ALK nALK 25

where kY ALK and kW ALK represent the hydrogen production correc-
tion factors for cold and hot starts, respectively; TY ALK and TW ALK

denote the durations (unit: min) of the cold and hot starts of the
ALK, respectively; mt

H2 ALK represents the mass of hydrogen pro-
duced by the ALK at time t; gALK is the hydrogen production effi-
ciency of the ALK; and nALK denotes the electricity consumption
per unit of hydrogen produced.

The constraints above transform the problem into a mixed inte-
ger nonlinear programming (MINLP) problem, complicating the
solution process and reducing computational efficiency. On the
other hand, existing studies overlook hydrogen losses during the
electrolyzer startup phase, failing to comprehensively simulate
hydrogen production yields. To address these, the study employs
the Big-M linear programming method to linearize the nonlinear
problem [37]. This method replaces the original nonlinear terms
with linear constraints by introducing additional variables and a
large constant M. Simultaneously, it precisely simulates each state
transition process to ensure that the optimal solution remains
unchanged before and after the transformation [38]. The specific
modified equation is formulated as:

Pt
L ALK PAEL

t Pt
L ALK LtALKM Pt

L ALK Pt
ALK 1 LtALK M

Pt
Y ALK kY ALKP

t
ALK Pt

Y ALK Yt
ALKM Pt

Y ALK kY ALKP
t
ALK 1 Yt

ALK M

Pt
W ALK kW ALKP

t
ALK Pt

W ALK Wt
ALKM Pt

W ALK kW ALKP
t
ALK 1 Wt

ALK M

Pt
Y ALK 0 Pt

W ALK 0 Pt
L ALK 0

mt
H2 ALK gALK Pt

L ALK Pt
Y ALK Pt

W ALK nALK

26

where Pt
L ALK, Pt

Y ALK, and Pt
W ALK represent the actual effective

hydrogen production power of the ALK during hydrogen produc-
tion, cold start, and hot start, respectively. Since these are in differ-
ent states, only one can be non-zero at any given moment.Finally,
by combining the hydrogen production equations of ALK and PEM,
the total hydrogen production rate of the hybrid hydrogen system,
as well as the mass flow rate into the HST, denoted as mt

HST in, is
obtained as:
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mt
HST in

nALK
j 1 m

t
H2 ALKj

nPEM
k 1 m

t
H2 PEMk

mt
H2 PEM gPEMP

t
PEM nPEM
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This yields the water consumption rate of the HES, denoted as
mt

H2O
:

mt
H2O

mt
HST inMH2O MH2 28

where MH2O and MH2 denote the relative molecular masses of H2O
and H2, respectively.

3.3.2. Battery and hydrogen storage constraints

PBAT
min Pt

BAT ch PBAT
max

PBAT
min Pt

BAT dis PBAT
max

SOCmin SOCt SOCmax

SOC0 SOCend

29

where Pt
BAT ch and Pt

BAT dis denote the battery charging and discharg-

ing powers (at the DC bus level) at time t, respectively; PBAT
min and PBAT

max

denote the minimum and maximum charging and discharging
power of the battery, respectively; SOCmin and SOCmax represent
the minimum and maximum state of charge of the battery; while
SOC0 and SOCend denote the initial and end values of the state of
charge for the day, typically set to 0.5, used to maintain charge sta-
bility at the start and end of the day. The same applies to the HST:

0 mt
HST in mHST

max

0 mt
HST out mHST

max

LOHmin LOHt LOHmax

LOH0 LOHend

30

wheremt
HST in andmt

HST out denote the inlet and outlet hydrogen mass

flow rates of the HST at time t, respectively;mHST
max denotes the maxi-

mum mass flow rate at the hydrogen inlet and outlet of the HST;
LOHmin and LOHmax represent the minimum and maximum load fac-
tor of the HST; while LOH0 and LOHend denote the initial and end val-
ues of the load factor for the day, typically set to 0.5, used tomaintain
the stability of the HST’s operation at the start and end of the day.

3.3.3. Electricity trading constraints
The power traded to the larger grid must be controlled within

the upper power limit of the contact line (PMG
max):

0 Pt
b PMG

max

0 Pt
s PMG

max

31
3.3.4. Electricity and hydrogen balance constraints
At any moment, the input and output power of the DC bus must

be balanced to maintain system stability:

Pt
WT Pt

PV Pt
BAT dis Pt

b

nALK

j 1

Pt
ALKj

nPEM

k 1

Pt
PEMk

Pt
BAT ch Pt

s 32

Similarly, the balance of hydrogen inflow and outflow in the
HST is required to maintain the stability of hydrogen supply and
demand:

Et
HST Et 1

HST mt
HST in mt

HST out Dt 33

where Et
HST is the remaining capacity of the HST at time t.

3.3.5. DR constraints
Depending on actual demand, the shiftable and ILs must be con-

trolled within the maximum variations DLSLmax and DLILmax:
10
0 DLtSL DLSLmax

0 DLtIL DLILmax

34
3.4. Intraday objective function

The core of intraday optimization is rolling optimization, which
aims to minimize deviations in equipment power output from the
day-ahead scheduling plan. Existing intraday strategies focus solely
on economic efficiency while neglecting equipment stability. In the
hybrid hydrogen production system of this study, maintaining
stable power output for each ALK and PEM (both key energy-
consuming components for renewable energy) is especially critical.
Thus, we minimize deviations from the day-ahead plan to ensure
stable operation of each electrolyzer. Simultaneously, the battery
and power trading systemsmustminimize power output deviations
while performing peak shaving and valley filling for the system.
Consequently, the adjustment of each piece of equipment is formu-
lated as a penalty function, with the intraday optimization objective
being to minimize the sum of these adjustments compared to the
previous day’s plan. The total penalty (CTP) is calculated as:

minCTP i X li
T
t 1 Pt

i Pt
i 0 lSWCSW

X ALKj PEMk BATch BATdis MGbuy MGsell

35

where Pt
i and Pt

i 0 represent the day-ahead output plan and intraday
output of equipment i, respectively; li is the penalty adjustment
compensation factor for equipment i; and lSW is the electrolyzer
start–stop penalty compensation factor.

Quantifying the effectiveness of the intraday optimization strat-
egy in tracking the day-ahead plan is essential. The execution rate
is defined as the overall average of power deviations across all
components at each time step. This metric effectively reflects the
system’s adherence to the day-ahead plan. Mathematically, it is
calculated as follows:

Execution Rate
1

T X
i X

T

t 1

1
Pt
i Pt

i 0

Pt
i 0

100 36

where X represents the total number of components included in
the set X. Therefore, in this model, X is set to 6.

3.5. Intraday constraints

The intraday scheduling phase is optimized on a rolling 15-min
scale; therefore, the constraints must include Eqs. (17)–(34) as well
as the power regulation constraints discussed earlier. Additionally,
due to the reduced time scale of the intraday optimization, this
study must consider the constraints on the ALK ramp rate to reflect
the ALK start-up characteristics. The specific constraints are as
follows:

0 DPt
i DPi

max 37

Pt
ALK Pt 1

ALK dPALK
max 38

where DPi
max denotes the upper limit of power regulation for i, and

dPALK
max denotes the maximum ramp-up rate of the ALK.

4. Case study and results

4.1. Case description

This paper selects a 110 MW large-scale PV ground power plant
in Macheng, Hubei, China, and a 200 MW wind farm from
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Goldwind Technology to construct a REHPS. The specific parame-
ters for the WT and PV systems are provided in Tables S1 and S2
in Appendix A. Data for two years (2019–2020) with a 15-min time
scale were recorded, and sourced from the publicly available data-
set in Ref. [39], which was used in a renewable energy generation
prediction competition sponsored by the State Grid of China in
2021.

This paper focuses on the refined modeling and scheduling of
components in a one-day HES. Consequently, the configured capac-
ities of each unit, particularly ALK and PEM, must be specified in
advance. While a high-capacity electrolyzer can prioritize renew-
able energy consumption, it comes with high investment costs.
The ratio of the two electrolyzers is equally important. A small pro-
portion of PEM may create excessive consumption pressure on
ALK, leading to unnecessary wind and solar energy abandonment
due to slow response, whereas a larger proportion may result in
high costs. Therefore, appropriate capacity allocation increases
hydrogen production and wind energy consumption while ensur-
ing that the initial investment cost remains manageable. Ref. [29]
explores that a PEM share of 10–20% of the total electrolyzer
capacity ensures both a high renewable energy consumption rate
and economic efficiency.

To further verify this optimal proportion range, this study con-
ducted a sensitivity analysis on the total electrolyzer capacity
(180–240 MW) and PEM proportion (10–25%) in gale weather, as
shown in Table 2. The results show that the system achieves the
highest total daily net revenue of 94.3 when the total capacity is
220 MW and the PEM proportion is 15%. Within the range of total
capacity 200–220 MW and PEM proportion 10–15%, the system’s
total daily net revenue remains above 93. Therefore, this interval
represents the effective distribution range of the system’s optimal
operating points. Additionally, considering the operating charac-
teristics of ALK and PEM, this study adopts five high-power ALKs
(37 MW each, totaling 185 MW) and three low-power PEMs
(10 MW each, totaling 30 MW), ensuring that the PEM proportion
is optimal. The electrolyzer parameters used in this study are pro-
vided in Table 3, and the parameters for other system modules are
shown in Table S3 in Appendix A. This study also considers time-
of-use tariffs for grid integration, with specific price parameters
presented in Table S4 in Appendix A.

To investigate the scheduling optimization of the system under
various weather types and enhance robustness, meteorological and
power data for three representative weather types (gale, breeze,
and cloudy) are selected. A 24-h period within a day is simulated,
with 1-h intervals before the day and 15-min intervals within the
day for power prediction. The system’s mathematical model is then
constructed. The MINLP problem is linearized using state transition
variables and the Big-M method, integrating the objective func-
tions and constraints of each time scale into a complete MILP par-
allel solution model. The proposed optimization model is solved
using the CPLEX optimizer in MATLAB with multi-threaded parallel
computation. The proposed model’s approach performs all calcula-
tions in tens of seconds. The computing platform used is an AMD
Ryzen 9 7900X 12-Core Processor @4.70 GHz with 32 GB RAM.
Table 2
Statistics of TR (104 CNY) for different capacity configurations (gale weather).

Total installed capacity of electrolyzers (MW) Highest total daily net revenue

PEM proportion = 10% PE

240 92.13 92
220 93.73 94
200 93.15 93
180 92.48 92
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4.2. Analysis of power forecasting results

4.2.1. Correlation analysis
To obtain more accurate prediction data, this study considers

various factors influencing WT and PV power, as shown in
Table S5 in Appendix A. These factors are separately correlated,
with the linear correlation calculated using PCC and displayed in
the correlation heat map in Fig. 8. By comparing the color and size
of the thermochromatic blocks in the plot, it is observed that WS_x
has the highest PCC for WT power, and TSI has the largest for PV
power. In other words, wind speed and solar irradiation intensity
determine the magnitude of WT and PV power generation, respec-
tively. In this study, data with an absolute PCC value greater than
0.4 are selected as inputs, and unnecessary influences are filtered
out for model prediction.

4.2.2. Comparison of the accuracy of different forecasting models
To demonstrate that the proposed CNN–BiLSTM–Attention

model performs well on the data, BiLSTM is replaced with LSTM
and gated recurrent unit (GRU) for prediction, and model predic-
tion errors are compared. Three methods are used to analyze the
predictions based on the proposed weather types. The prediction
results are compared with actual results, and the error magnitude
is quantified using three technical indices: R2, mean absolute error
(MAE), and root mean square error (RMSE). The results are shown
in Fig. 9. It is found that the MAE and RMSE values for the BiLSTM-
based prediction are smaller than those of the other methods, and
the R2 is larger, for both WT and PV power, regardless of the
weather types. To further verify the model’s advancement, addi-
tional comparative experiments with baseline models (BiLSTM–
Attention, CNN–BiLSTM, BiLSTM, and LSTM) are supplemented.
Their prediction performance for WT and PV under different
weather types is systematically evaluated (detailed results in
Fig. 10). As shown in the boxplots, the proposed model’s prediction
errors are more concentrated. It achieves the smallest median error
and interquartile range for both WT and PV, with fewer outliers.
This demonstrates the accuracy and superiority of the proposed
method in this study.

4.2.3. Analysis of forecasting results on multi-timescale
As shown in Fig. 11, the joint WT–PV prediction model pro-

posed in this study demonstrates good fitting performance. The
prediction accuracy is high for the first two cases: gale and breeze
weather, with the latter showing particularly high accuracy. In
contrast, the third case shows significant prediction bias at 2, 6,
12, and 24 h, with lower prediction accuracy. This is due to the
volatility and uncertainty caused by solar irradiation intensity
and gusts in cloudy weather, which increase prediction difficulty
and affect the stability of the system’s power supply. This explains
why PV has higher prediction accuracy than WT, as shown in the
figure. Moreover, the short time scale of ultra-short-term intraday
predictions reduces volatility and uncertainty, resulting in higher
prediction accuracy compared to day-ahead predictions. However,
in practical engineering, ultra-high accuracy in ultra-short-term
M proportion = 15% PEM proportion = 20% PEM proportion = 25%

.67 89.53 86.36

.30 91.38 88.45

.71 90.17 89.47

.88 91.58 90.04
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Table 3
Key parameters of ALK and PEM in the system.

Electrolyzer Configuration
number

Rated
power
(MW)

Percentage
of rated
power

Ramp
rate per
minute

Efficiency
(%)

Cold start-
up time
(min)

Warm
start-up
time (min)

Overload
time
(min)

Lifespan
(a)

Investment
cost
(CNY MW−1)

O&M cost
(CNY
(MW h)−1)

ALK 5 37 20–100% 20% 60–75 60 15 — 15 1.5 × 106 30
PEM 3 10 5–120% 100% 70–85 5 0.1 < 60 10 7.6 × 106 120

Fig. 8. (a) WT and (b) PV based quantitative analysis of heat maps for PCC. WS_10, 30, and 50: wind speed at height of 10, 30, and 50 m;WD_10, 30, and 50: wind direction at
height of 10, 30, and 50 m; WS_cen: wind speed at the height of wheel hub; WD_cen: wind direction at the height of wheel hub; Air_T: air temperature; Air_P: atmosphere;
TSI: total solar irradiance; DNI: direct normal irradiance; GHI: global horizontal irradiance; Air_H: relative humidity.
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predictions is achieved through intraday real-time prediction,
making it impossible to achieve such accuracy a day in advance.
Therefore, this study aims to address the challenge of obtaining a
stable and efficient HES with a small time-scale response, using
the day-ahead prediction with high error as the scheduling plan.
12
4.3. Analysis of DR results

HLDR is based on the variations in wind and PV power forecasts.
Under the influence of load DR, the hydrogen price changes from a
fixed value of 35 CNY kg−1 to a fluctuating price. Notably, this vari-



Fig. 9. Comparison of the prediction errors of different forecasting models: comparison of the three evaluation metrics (R2, MAE, and RMSE) under different weather types:
(a) prediction error of WT; (b) prediction error of PV.

Fig. 10. Absolute error distribution of the five methods: (a) WT; (b) PV. IQR:
interquartile range.
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ation exhibits an inverse relationship with renewable energy gen-
eration power. When wind and solar output is sufficient, hydrogen
prices decrease, while they increase during low output, as shown
in Fig. 12. However, hydrogen prices do not fluctuate indefinitely
with wind and solar power. During gale and cloudy weather,
hydrogen prices are constrained between 21–49 CNY kg−1, while
in breeze, they are limited to 31.5–38.5 CNY kg−1. This is because
greater fluctuations in renewable energy output require larger
hydrogen price differences to encourage users to purchase more
hydrogen when wind and solar output is high and reduce demand
when it is low. In contrast, breeze weather is more stable than the
other two, resulting in smaller hydrogen price fluctuations and less
willingness for users to change their hydrogen consumption habits.

The change in hydrogen prices leads to variations in HL on the
user side. This study focuses on analyzing the shiftable and inter-
ruptible HLs. The incentive-based policies encourage the reduction
of the HL, leading to a decrease in the total HL. As shown in Fig. 12,
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the HL fluctuates from the previous demand of 1.2 t per time per-
iod, exhibiting a negative correlation with hydrogen price changes
and a positive correlation with wind and solar power variations.
This effectively links the energy supply side with the energy
demand side, so that fluctuations and uncertainties on the supply
side correspond to changes in the demand side, thus achieving rel-
ative stability in the entire renewable energy-based hydrogen pro-
duction system. To ensure alignment with the actual operational
capabilities of the hydrogen energy industry, the minimum time
scale for the proposed HLDR solution is set to the day-ahead hourly
level. For the intraday phase, the hourly scheduling results are
scaled up to a 15-min time scale for application, without fluctuat-
ing based on intraday power input. Under the influence of the
HLDR proposed in this study, the system’s optimization scheduling
process is better aligned with hydrogen production efficiency, sig-
nificantly improving both the stability and efficiency of the hydro-
gen production system.

4.4. Comparison of optimal scheduling results for different scenarios

This study aims to investigate the performance of the HES and
evaluate the superiority of the proposed HLDR and multi-
timescale scheduling optimization strategies. In this section, five
different hybrid hydrogen production system strategies are evalu-
ated to analyze their optimal system benefits and operational char-
acteristics. The composition of these five case studies is provided in
Table 4. It should be noted that all studies are compared under
identical physical constraints to ensure a fair baseline comparison,
with the specific case studies defined as follows:

Scenario 1: day-ahead scheduling optimization for the ALK-
only.

Scenario 2: day-ahead scheduling optimization for the HES.
Scenario 3: day-ahead scheduling optimization for the HES,

considering HLDR.
Scenario 4 (proposed): multi-timescale scheduling optimiza-

tion for the HES, considering HLDR.
Scenario 5: intraday scheduling optimization for the HES, con-

sidering HLDR.

4.4.1. Comparative analysis of day-ahead scheduling scenarios
Day-ahead scheduling aims to maximize system economics by

providing a highly profitable, smoothed guidance schedule for
intraday operations. To better evaluate the scheduling characteris-
tics and economic advantages during the day-ahead phase, Fig. 13
presents the cost and benefits results for Scenarios 1–3 under var-
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Fig. 11. Multi-timescale forecast results of WT and PV under different weather types during 24 h in a day: (a) gale weather forecasting results; (b) breeze weather forecasting
results; (c) cloudy weather forecasting results.
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ious weather conditions. The total daily net revenue (TR) is positive
for all scenarios, exceeding 200 000 CNY even under severe cloudy
conditions, which is crucial for maintaining system sustainability.
This demonstrates that the proposed system possesses significant
economic value and practical applicability. As shown in Fig. 13,
hydrogen revenue (HR) directly reflects the system’s hydrogen pro-
duction capacity, thereby influencing its economic benefits. Nota-
bly, the daily TR comprises the economic flows of each
subsystem, and coordinating subsystem configurations along with
efficient power allocation is essential for scheduling optimization.
Based on the system results, it is tentatively concluded that during
REHPS operation, the focus should be on increasing hydrogen pro-
duction capacity in weather conditions with abundant wind and
solar resources. Conversely, ensuring system profitability should
be accompanied by efforts to maintain stable operations and
enhance reliability. This approach maximizes the economic perfor-
mance of system operations.
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To further illustrate the superiority of the HES day-ahead
scheduling scheme (Scenario 3) that considers HLDR, the economic
values of the different schemes are compared in Table 5. Scenario 1
involves ALK-only hydrogen production, which requires increasing
ALK capacity to maintain system stability due to constraints such
as slow response and limited operating range. Frequent starts
and stops during operation also incur a switching penalty (SW).
When comparing Scenario 2 (hybrid hydrogen production) with
Scenario 1, and disregarding the similar daily equivalent invest-
ment cost (INV), both the return on electricity sales revenue (ER)
and HR are improved to varying extents, although the operation
and maintenance cost (OM) for Scenario 2 is somewhat higher
under different weather conditions. Furthermore, the introduction
of PEM eliminates the economic losses caused by SW by assisting
in maintaining smooth hydrogen production at ALK. Ultimately,
the TR of Scenario 2 improves by nearly 5% under conditions with
abundant wind and solar resources, and can increase by up to 25%
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Fig. 12. Response of HL and hydrogen price after the adoption of HLDR under different weather types during 24 h in a day: (a) gale weather; (b) breeze weather; and (c)
cloudy weather.

Table 4
Composition of the case studies.

Scenario ALK PEM HLDR Hour-time scale 15 min-time scale Objectives

1 — — — maxCProfit

2 — — maxCProfit

3 — maxCProfit

4 minCPenalty

5 — maxCProfit

Fig. 13. Comparison of the economics of Scenarios 1–3 for 24 h in a day under different weather types: (a) gale weather; (b) breeze weather; and (c) cloudy weather.
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Table 5
Comparison of the economics for 24 h in a day under different Scenarios 1–3.

Parameter (×104 CNY) Gale Breeze Cloudy

S1 S2 S3 S1 S2 S3 S1 S2 S3

Hydrogen sales revenue (CHR) 183.9 186.4 184.1 167.0 167.2 169.3 105.0 105.1 109.7
Electricity trading revenue (CER) 6.7 6.8 13.1 6.6 6.6 13.1 3.5 5.6 9.3
Operation and maintenance costs (COM) 37.8 41.1 40.4 34.6 34.8 35.5 21.4 23.0 23.7
Equivalent investment costs (CINV) 62.2 61.5 61.5 62.2 61.5 61.5 62.2 61.5 61.5
switching penalty (CSW) 4.0 0 0 3.0 0 0 4.0 0 0
Total net revenue (CTR) 86.5 90.6 95.3 73.8 77.4 85.3 21.0 26.2 33.8
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under extreme weather. HES renders REHPS more flexible,
enabling full utilization of RES and enhancing resilience to uncer-
tainties and disturbances. This, in turn, demonstrates the superior
economic efficiency of HES, particularly under severe weather
conditions.

To demonstrate the economic improvements brought by HLDR,
Scenario 2 is compared with Scenario 3. Previous analysis shows
that introducing HLDR causes HLs to vary in line with renewable
generation trends, greatly enhancing the flexibility of system
power flow. As illustrated in Fig. 13, Scenario 3 can utilize MG
for power trading more flexibly while maintaining high HR, with
ER nearly doubling. This economic growth generally scales linearly
with HL responsiveness, becoming more pronounced during peri-
ods of abundant wind and solar resources. Relevant sensitivity
analyses are presented in Table S6 in Appendix A. The introduction
of HLDR enables the entire REHPS to flexibly deploy its subsystems
from multiple perspectives and optimize scheduling with a focus
on high economic efficiency. Ultimately, the proposed day-ahead
scheduling strategy (Scenario 3) is verified as the optimal plan.

4.4.2. Analysis of energy flow scheduling on multi-timescale
Taking Scenario 3 as the day-ahead scheduling plan, the pro-

posed intraday rolling optimization strategy at a 15-min scale is
designated as Scenario 4. Fig. 14 presents the multi-timescale
energy flow scheduling results for both day-ahead and intraday
phases. The overall energy flow scheduling mechanism is as fol-
lows: ALK, serving as the primary power consumer and hydrogen
production unit, operates stably throughout the entire period;
PEM, acting as the auxiliary hydrogen production unit, adjusts its
output to sustain stable hydrogen production in ALK during peaks
or drastic fluctuations in renewable power generation; MG adjusts
grid transactions based on daily electricity price fluctuations and
renewable energy generation availability—typically buying power
at night when prices are low and selling during the day when
prices are high—to maintain high system efficiency and ensure
stable, effective operation; and battery’s flexible regulation capa-
bility proves valuable in scenarios with smaller-scale power gener-
ation and larger fluctuations, where more frequent charging and
discharging are needed to meet energy conservation objectives.

To explore the key role of intraday rolling optimization, the syn-
chronous operation of day-ahead and intraday scheduling under
identical weather conditions is compared. First, day-ahead forecast
errors are inevitable, particularly under severe weather conditions
where drastic power fluctuations are challenging to predict accu-
rately. In intraday dispatch, a rolling optimization strategy is
employed to adjust energy flow allocation and enhance the sys-
tem’s resilience by incorporating ultra-short-term forecasts of
WT–PV generation. When power deviates from the day-ahead
forecast, each unit adjusts its output with minimal modification
to accommodate fluctuations. A comparison of power changes
across different time scales reveals that the overall trend adheres
to the day-ahead scheduling plan, although adjustments occur to
varying degrees at finer scales. The challenge of achieving smooth
scheduling at finer scales is overcome, thereby balancing the eco-
nomic performance and stability of REHPS.
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To analyze the independent operation and schedule execution
of each electrolyzer in the HES under Scenario 4, Fig. 15 illustrates
the operation of individual ALKs and PEMs under day-ahead
scheduling and intraday rolling optimization. The coordinated
power allocation among electrolyzers enables each unit to partici-
pate in system regulation without excessive pressure, promoting
system stability. The day-ahead schedules of individual electrolyz-
ers become smoother at finer time scales, enabling periodic execu-
tion under varying weather conditions. Regarding overall
consistency with the planning curve, the execution rate of the
day-ahead plan for each electrolyzer under different weather con-
ditions exceeds 96%, demonstrating the effectiveness and accuracy
of the proposed scheme. Large deviations at certain moments (e.g.,
18:30 in gale weather and 2:00, 11:00 in cloudy weather) result
from sudden intraday weather changes, preventing the day-
ahead plan from ensuring normal system operation. During this
process, the faster start–stop capability of PEMs allows them to
prioritize power regulation, preventing deviations from the day-
ahead plan caused by ALK downtime and accumulated errors.
The proposed strategy effectively maximizes hydrogen production
capacity and enhances the robustness of the HES.

4.4.3. Advantages of multi-timescale scheduling optimization
To quantify the advantages of the proposed multi-timescale

scheduling strategy (Scenario 4), a scheduling scheme with opti-
mal intraday economic performance (Scenario 5) is established
for comparison. Scenario 5 optimizes scheduling by using the fore-
casted power of ultrashort-term renewable generation as input
and directly maximizing intraday TR as the objective. This strategy
used in Scenario 5 is the economics optimization approach that is
currently dominant in the relevant literature. This strategy
neglects irreversible economic losses from frequent electrolyzers’
load changes and the time-dependent degradation of ultrashort-
term forecasts, aiming to achieve the maximum economic benefit
for Scenario 4 under identical mathematical constraints.

Table 6 presents the economic results for Scenarios 4 and 5. The
proposed strategies demonstrate high economic efficiency under
various weather conditions, supported by a stable and efficient
multi-timescale hydrogen production strategy. As a result, the TR
of Scenario 4 arrives at 98% of the ideal Scenario 5 under gale
and breeze conditions and remains above 80% even in extreme
cloudy weather. This result strongly validates the economic advan-
tages of the multi-timescale scheduling strategy.

The power flow of Scenarios 4 and 5 is analyzed in Fig. 16. Sce-
nario 5 achieves high economic efficiency by operating ALK at high
loads. However, this approach causes long-term irreversible degra-
dation of ALK and fails to leverage the flexibility of REHPS’s multi-
ple subsystems. In contrast, Scenario 4 optimizes the energy flow
distribution by reducing unnecessary ALK output, enhancing sys-
tem flexibility. As shown in the figure, Scenario 4 significantly
increases the energy utilization of battery charging, PEM consump-
tion, and energy sold to MG, except under cloudy weather, where
the energy sold to MG is lower than in Scenario 5. This is because,
under extreme weather conditions with large power fluctuations,
energy is prioritized for maintaining system stability, naturally
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Fig. 14. Scheduling optimization results at multi-timescale for 24 h in a day under different weather types. Day-ahead scheduling results in (a) gale weather, (b) breeze
weather, and (c) cloudy weather; intraday scheduling results in (d) gale weather, (e) breeze weather, and (f) cloudy weather.
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reducing the amount sold to the external grid. This effect is
reflected in the ER shortfall under cloudy weather in Table 6, lead-
ing to a significant decrease in overall TR. The coordination of
REHPS’s multiple subsystems is crucial for system operation and
disturbance resistance, highlighting the flexibility advantages of
the multi-timescale scheduling strategy.

Fig. 17 illustrates the 24-h operating loads of each electrolyzer
in Scenario 5. Without a scheduling plan, the electrolyzer outputs
fluctuate significantly, frequently adjusting loads to maximize eco-
nomic efficiency at each time scale. Prolonged operation acceler-
ates electrolyzer degradation, lowers hydrogen production
efficiency, reduces adaptability to extreme weather, and results
in irreversible losses. In contrast, Scenario 4, under the same
weather conditions in Fig. 15, significantly reduces frequent load
variations while also minimizing some start-stop behavior. The
smooth operation of electrolyzers highlights the multi-timescale
scheduling strategy’s advantage in ensuring system stability.

To enable a more robust assessment of the proposed strategy’s
effectiveness, WT and PV power generation data from 8 to 14 April
17
2020 are used as system inputs. Model validation is performed
over this one week, capturing a wider range of weather conditions.
Fig. 18 presents the execution rates of the operational plans for
each electrolyzer. The results show that, while maintaining high
economic efficiency, the average execution rate of each elec-
trolyzer’s previous-day plan reached 97.9%. This further confirms
the effectiveness and operational stability of the proposed strategy.

To further reinforce the reliability of the conclusions, a sensitiv-
ity analysis is conducted on key economic parameters (operational
and maintenance costs for ALK and PEM, base HL, hydrogen price,
electricity price, and maximum grid power) with ±10% and ±20%
adjustments around baseline values under typical gale weather.
Detailed analysis results are presented in Table S7 in Appendix A.
Results indicate that the system’s TR remains positive across all
scenarios except the hydrogen price, with fluctuations within 6%.
Notably, HR accounts for the largest share of the system’s TR, mak-
ing TR highly sensitive to hydrogen price fluctuations [25]. The
multi-timescale scheduling strategy effectively mitigates the
impacts of parameter variations, ensuring the stable operation of
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Fig. 15. Execution status of the operational plan for each electrolyzer in the HES for 24 h in a day under different weather types: (a) gale weather, (b) breeze weather, and (c)
cloudy weather.

Table 6
Comparison of the economics of Scenarios 4 and 5 for 24 h in a day under different weather types.

Parameter (×104 CNY) Scenario 4 Scenario 5

Gale Breeze Cloudy Gale Breeze Cloudy

Hydrogen sales revenue (CHR) 180.12 168.29 102.45 179.35 170.22 102.74
Electricity trading revenue (CER) 10.68 12.45 7.10 10.97 11.00 10.15
Operation and maintenance costs (COM) 40.33 35.94 23.77 38.45 35.56 21.71
Equivalent investment costs (CINV) 61.53 61.53 61.53 61.53 61.53 61.53
Total net revenue (CTR) 88.94 83.27 24.25 90.33 84.12 29.65
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all system components (execution rate ≥ 96%) across all scenarios,
thus verifying the robustness of the proposed strategy.

5. Conclusions

This paper optimizes the multi-timescale scheduling of REHPS
by integrating WT and PV generation power forecasting, HLDR,
and incorporating ALK, PEM, MG, battery, and HST. We develop a
18
joint WT–PV forecasting model based on CNN–BiLSTM–Attention,
along with flexible HL price-based and incentive-based DR models.
Multi-state refined modeling is applied to the HES consisting of
ALKs and PEMs. The joint constraints are incorporated into a MILP
model using state-variable control and the Big-M method. In the
day-ahead phase, the objective of optimal scheduling is the
maximization of total system revenue, primarily driven by hydro-
gen production capacity. During the intraday phase, the day-ahead
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Fig. 17. Operational load of each electrolyzer in the HES in Scenario 5 for 24 h in one day under different weather types: (a) gale weather, (b) breeze weather, and (c) cloudy
weather.
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scheduling plan guides the optimization process, which is continu-
ously adjusted using real-time, small-scale forecasting informa-
tion. The optimal scheduling and economic benefits of the HES
are analyzed using a case study of a PV and a wind farm in
Macheng, Hubei, China. The study investigates the impacts of var-
ious weather types and scenarios on the system and the operating
status of individual electrolyzers. The main conclusions of this
study are summarized below:

(1) The CNN–BiLSTM–Attention model accurately predicts the
variations in generation power of WT and PV, demonstrating
strong fitting ability. This modeling approach outperforms
both advanced counterparts (CNN–LSTM–Attention, CNN–
GRU–Attention) and baseline models (BiLSTM–Attention,
CNN–BiLSTM, BiLSTM, LSTM) in stability and error control
across various weather types.

(2) The introduction of PEM ensures stable hydrogen produc-
tion from ALK while preventing frequent start–stop cycles.
The TR of hybrid hydrogen production increases by 5%
19
under sufficient wind and solar resources and up to 25%
in extreme weather conditions. HES maximizes renewable
energy utilization while improving system resilience to
disturbances.

(3) HLDRallows the energydemand side to adapt to supplyfluctu-
ations through time-of-use hydrogen pricing and incentives.
The systemflexibly deploys subsystems, increasingMG power
trading while maintaining high HR and nearly doubling ER.

(4) The intraday rolling optimization strategy enhances HES’s
hydrogen production capacity and robustness, achieving an
execution rate of over 96% for each electrolyzer under differ-
ent weather conditions.

(5) Compared to the ideal maximum economy, the multi-
timescale scheduling strategy achieves 98% economic effi-
ciency in calm weather and 80% in extreme weather. It also
offers distinct advantages in system flexibility and stability,
ensuring REHPS’s stable operation.



Fig. 18. Execution status of the operational plan for each electrolyzer in the HES for 168 h in a week under different weather types.
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These conclusions indicate that coupling HES with HLDR sig-
nificantly enhances hydrogen production capacity, economic
efficiency, and stable operation through the adoption of a
multi-timescale optimal scheduling strategy. This approach pro-
vides an effective solution for the optimal scheduling of REHPS.
The proposed strategy is both promising and scalable. The
method is not only applicable to hydrogen production systems
but can also be extended to integrated energy systems, hydro-
gen refueling stations, fuel cells, and other hydrogen utilization
scenarios. A stable hydrogen supply strategy supports the opti-
mization and upgrading of the energy structure. This connection
between hydrogen production optimization and end-use utiliza-
tion enhances the practical significance of the proposed strategy
in promoting the hydrogen energy industry chain. However,
optimizing the hydrogen supply chain at a larger system scale
remains challenging due to the inherent difficulties in hydrogen
storage and transportation. Future studies will focus on devel-
oping highly efficient strategies for the long-term operation of
the HES using ALK and PEM, as well as enhancing its robustness
against disturbances using stochastic robust optimization.
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