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Section S1. Equipment models
S1.1. Wind turbine system
The power generated by a wind turbine is primarily influenced by wind speed at different heights, with the wind speed at hub height having the greatest impact, as shown in Eq. (1). The magnitude of the shear coefficient (α) is influenced by factors such as time, hub height, ambient temperature and humidity, and terrain topography [1]. For simplicity, the value of α can be assumed to be 1/7 [2]:

[bookmark: MTBlankEqn]		
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The electrical power of the wind turbine () is calculated based on the wind speed at the hub height, which is shown as:

		
[bookmark: _Ref185238873](2)

wherecan be calculated using Justus' theory, could be calculated as [3]:
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S1.2. Photovoltaic system






The power generated by the PV system () mainly depends on the efficiency of the PV module (), the efficiency of the PV system (), the module area (), the number of modules (), and the total incident radiation on the tilted surface (), as calculated by [1]:
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where  includes losses of the PV system, which mainly include inverter losses, pollution, shading, etc. [4]; and  are provided by the manufacturer;  is obtained using the method of Duffie and Beckman [5]; and  is obtained by:
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where  could be formulated as:
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can be obtained by measuring the ambient temperature at different moments; NOCT is provided by the PV manufacturer. 
S1.3. Hybrid electrolyzers system

The hydrogen production module of the system includes two types of electrolyzers: ALK and PEM. The hydrogen production power of the ALK electrolyzer () could be described as [6]:
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where  is the electrolyzer current;  is the electrolytic cell’s ohmic resistance parameter;  is the effective area of the electrolyzer;  is the overvoltage coefficient;  is the electrolyzer temperature; and  is the reversible open-circuit voltage.

The hydrogen production power of the PEM electrolyzer () could be formulated as [7]:
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From the above equations, it can be seen that the power of PEM is influenced by open-circuit voltage (), activation overpotential (), diffusion overpotential (), and ohmic overpotential (). Where  and  represent activity and concentration, respectively;  and  represent thickness and resistance, respectively; and  represents current density.

This study mainly focuses on the hydrogen production rate over a time step. Therefore, based on power, electrolytic cell efficiency, and the higher heating value (HHV) of hydrogen, the mass of hydrogen produced over a time step () could be calculated as [8]:

		
[bookmark: _Ref185353766](9)



where  is the electrolyzer power;  is a time step; and  is the efficiency degradation due to electrolyzer deterioration.
S1.4. Battery and hydrogen storage model
In this study, the battery is modeled by the state of charge (SOC), where SOC represents the ratio of the current energy remaining in the battery to its maximum capacity. The exact calculation is given by the following equation [9]:
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where  is the self-discharge coefficient of the battery;  and  (unit: MW) denote the battery charging and discharging powers (at the DB level) at the previous time step, respectively; is the time step (unit: h);  (unit: MWh) is the rated capacity of the battery;  and  are the battery charging and discharging efficiencies, respectively; is the battery converter efficiency; and  is the battery's current residual capacity at time t.
Similar to the battery, this study models the hydrogen storage tank using the hydrogen level state (LOH), where LOH represents the ratio of the current remaining hydrogen mass in the tank to its maximum capacity. The mathematical equation is described as [9]:
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where  and  (unit: kg/h) denote the inlet and outlet hydrogen mass flow rates of the hydrogen storage tank, respectively;  (unit: kg) is the rated capacity of the hydrogen storage tank;  and  are the efficiencies of the hydrogen storage tank’s inlet hydrogen intake and outlet hydrogen discharge, respectively (including converter losses); and is the remaining capacity of the hydrogen storage tank at time t.
Section S2. Price elasticity matrix
In this study, the demand elasticity matrix for interruptible load (IL) type is diagonal, while others represent shiftable load (SL) types. Price elasticity matrix parameters are categorized into three time periods: valley, flat, and peak. Parameters draw upon established load elasticity simulation methods and relevant power industry data [10], with specialized adjustments made to the elasticity range to account for the higher conversion costs associated with hydrogen energy equipment. The mathematical equation is described as:

		
(12)
Section S3. Power prediction technologies

In this study, Pearson's correlation coefficient () was used for correlation analysis to describe the relationship between the variables. P is calculated as [11]:

		
(13)








where  and  represent the values of two different variables (a and b) at time t;  is the average value of ,  is the average value of ; N is the length of the time series. The larger the value of , the stronger the correlation between the two variables. .
Data normalization eliminates the influence of data dimensions on model training accuracy. The mathematical equations are shown as:

		
(14)




where  represents the normalized value;  is the original data;  and  represent the minimum and maximum values of the data, respectively.
Finally, the model evaluation metrics are important criteria for assessing the accuracy and robustness of model predictions. In this study, three evaluation metrics—root mean square error (RMSE), mean absolute error (MAE), and R-squared (R²)—are used, with the specific calculation process as [12]:

		
(15)


		
(16)

		
(17)



where n is the number of data points; i denotes the i-th data point;  and  are the predicted and true values of the data, respectively; and  is the average value of the data.
S3.1 CNN model
CNN is a specialized deep neural network that can effectively capture the relationship between WT and PV data. It improves data feature quality by extracting meaningful features from the data [13]. The components of a CNN include the convolutional layer, pooling layer, and fully connected layer, as shown in Fig. 1. The convolutional layer is the core of CNN [14], using convolutional kernels to extract nonlinear local features of data, mapping from low-dimensional to high-dimensional spatial features, and enhancing their depth. The pooling layer is used to perform maximum and average pooling on the features obtained from convolutional computation. The model's generalization ability is improved by compressing the extracted features, generating more relevant feature information, and reducing the dimensionality of the features. Finally, the feature vector is extracted by transforming the features into a one-dimensional structure via a fully connected layer [15].
[image: ]
[bookmark: _Ref185511957]Fig. S1. Structure diagram of CNN.
S3.2 BiLSTM model
LSTM is a type of recurrent neural network (RNN) that addresses the issues of gradient vanishing and explosion through a gating mechanism. It excels at capturing long-term dependencies in time series and can maintain and update the state of units, providing a significant advantage in time series problems [16]. The LSTM consists of three gates: the forgetting gate, the input gate, and the output gate, as shown in Fig. 2. The computation for each gate can be formulated as [15]:

		
(18)

		
(19)

		
(20)













where , , and  denote the oblivion gate, input gate and output gate respectively;  is the nonlinear activation function, which is usually controlled by the sigmoid activation function to switch the corresponding gate on and off, used to capture the nonlinear features; , , and  correspond to the weights of each gate; , , and  correspond to the bias of each gate;  denotes the implied state; and  denotes the current input. The intermediate state variable  is obtained by:

		
(21)

		
(22)



Where  represents the nonlinear tanh activation function;  represents the weight; and  represents the bias. The hidden state of the LSTM is then updated as:

		
(23)
[image: ]
[bookmark: _Ref185515902]Fig. S2. Structure diagram of LSTM.
In this study, the WT and PV data are time-varying, and the data before and after are correlated. The LSTM state is passed unidirectionally from front to back, which does not capture the relationship between sequences in both directions. Therefore, BiLSTM is introduced, as shown in Fig. 3. It consists of two LSTM layers: one for forward sequences (front-to-back) and one for reverse sequences (back-to-front). This enables the capture of bidirectional information flow in the time series and the extraction of bidirectional dependency features. BiLSTM provides a more comprehensive understanding of the data's feature linkages over the time series, improving the model's utilization of the data and its prediction accuracy. Therefore, its output is determined using the states of both LSTMs [17].
Since the hidden layer updates the bi-directional LSTM states, the final output of BiLSTM can be expressed as [15]:

		
(24)

		
(25)

		
(26)










where , , and  refer to the activation functions of each layer, respectively;  denotes the input to  ;  and  refer to the hidden states of the forward and backward LSTM iterations, respectively;  denotes the output; and  denotes the weight of each layer.
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[bookmark: _Ref185519300]Fig. S3. Structure diagram of BiLSTM.
S3.3 Attention mechanism
Attention mechanisms are techniques that mimic the attentional processes in human visual and cognitive systems [18]. The mechanism dynamically adjusts the attention weights of different input features by capturing key features in the data, allowing the model to focus on the most important information and improving prediction accuracy and efficiency. The structure of the attention mechanism is shown in Fig. 4. First, the attention scores are calculated based on the data at different moments. Then, the attention weights for each moment are obtained by normalizing through the softmax function. Finally, the input data and attention weights are weighted and summed to generate the output of the attention mechanism. The output represents the degree of attention to the i-th information in the model. The specific calculation formula is as [19]:

		
(27)

		
(28)

		
(29)




where  denotes the input to the attention mechanism; C denotes the output; , , and  are the model's learning parameters, which are constantly updated.
[image: ]
[bookmark: _Ref185590439]Fig. S4. Structure diagram of the attention mechanism.
[bookmark: _Ref185245541]Table S1 
Technical specifications of the Goldwind GW 140/3000 wind turbine [20].
	Parameter
	
	Value
	Unit

	Rated power
	

	3
	MW

	Cut-in speed
	

	2.5
	m/s

	Cut-out speed
	

	20
	m/s

	Rated speed
	

	10.5
	m/s

	Hub height
	

	120
	m
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Table S2 
Technical specifications of the JNMP60-255 PV module [21].
	Parameter
	
	Value
	Unit

	Nominal output
	

	255
	


	Module conversion efficiency
	

	15.6
	%

	NOCT
	NOCT
	45
	℃

	Temperature coefficient for power
	

	-0.41
	%/℃

	Single module area
	

	1.56
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Table S3 
Technical and economic parameters of key equipment.
	Parameter
	Unit
	Value
	Parameter
	Unit
	Value

	b
	－
	7.5%
	

	d
	365

	

	MWh
	100
	

	MW
	50

	

	kg
	10000
	

	MW
	10

	

	CNY/MW
	1050×103
	

	MW
	50

	

	CNY/kg
	2000
	

	MW
	110

	

	CNY/MW
	2500×103
	

	MW
	200

	

	CNY/MW
	6000×103
	

	CNY/kg
	35

	

	CNY/MWh
	0.02×103
	

	CNY/kg
	0.1

	

	CNY/kgh
	0.87
	

	%
	85

	

	CNY/MWh
	0.039×103
	

	%
	20

	

	CNY/MWh
	0.07×103
	

	－
	2

	HHV
	MJ/kg
	141.8
	

	－
	1.4

	

	%
	90
	

	－
	0.6

	

	%
	5
	

	%
	95

	

	y
	10
	

	%
	95

	

	y
	15
	

	%
	95

	

	y
	25
	

	%
	95

	

	y
	20
	

	%
	95

	

	kg/h
	9000
	

	%
	0.3
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Table S4 
Electricity purchase and sale price of the power grid.
	Time
	Electricity purchase price
（CNY/MWh）
	Electricity sales price
（CNY/MWh）

	0:00–7:00, 22:00–24:00
	0.35×103
	0.22×103

	7:00–9:00, 12:00–17:00, 21:00–22:00
	0.68×103
	0.42×103

	9-:00–12:00, 17:00–21:00
	1.09×103
	0.65×103
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Table S5 
Factors influencing WT and PV [22].
	Equipment
	Parameter
	Description
	Unit

	WT
	WS_x
	Wind speed at height of x meters
	m/s

	
	WD_x
	Wind direction at height of x meters
	˚

	
	WS_cen
	Wind speed at the height of wheel hub
	m/s

	
	WS_cen
	Wind speed at the height of wheel hub
	˚

	
	Air_T
	Air temperature
	°C

	
	Air_P
	Atmosphere
	hpa

	PV
	TSI
	Total solar irradiance
	W/m2

	
	DNI
	Direct normal irradiance
	W/m2

	
	GHI
	Global horizontal irradiance
	W/m2

	
	Air_T
	Air temperature
	°C

	
	Air_P
	Atmosphere
	hpa

	
	Air_H
	Relative humidity
	%



Table S6 
Comparison of system economic indicators under different hydrogen load demand response scenarios.
	Weather
	Responsiveness adjustment
	Total net revenue (TR) (104 CNY)
	Hydrogen revenue (HR) (104 CNY)
	Electricity revenue (ER) (104 CNY)

	Gale
	-50%
	92.1
	186.5
	7.8

	
	-25%
	93.7
	185.1
	10.6

	
	100% (Benchmark)
	95.3
	184.1
	13.1

	
	+25%
	96.7
	183.3
	15.5

	
	+50%
	98.1
	182.9
	17.4

	Cloudy
	-50%
	32.8
	109.4
	7.8

	
	-25%
	33.2
	108.6
	9.2

	
	100% (Benchmark)
	33.8
	109.7
	9.3

	
	+25%
	34.1
	110.3
	9.5

	
	+50%
	34.3
	110.8
	9.5



Table S7 
Comparison of economic indicators under key parameter fluctuations for sensitivity analysis (Gale weather).
	Parameter
	Adjustment Ranges
	Total net revenue (TR) (104 CNY)
	Hydrogen revenue (HR) (104 CNY)
	Electricity revenue (ER) (104 CNY)
	Execution rate

	

/
	-20%
	97.7
	186.7
	13.2
	96.7%

	
	-10%
	96.4
	184.1
	13.2
	97.1%

	
	Benchmark
	95.3
	184.1
	13.1
	96.5%

	
	+10%
	94.2
	184.0
	13.1
	96.5%

	
	+20%
	93.0
	183.7
	13.0
	96.9%

	

	-20%
	89.6
	157.5
	29.4
	97.5%

	
	-10%
	93.8
	176.9
	17.3
	98.1%

	
	Benchmark
	95.3
	184.1
	13.1
	96.5%

	
	+10%
	95.9
	184.6
	13.2
	96.2%

	
	+20%
	96.6
	185.2
	13.2
	96.2%

	

	-20%
	59.5
	132.5
	25.6
	96.5%

	
	-10%
	76.9
	165.5
	13.2
	96.1%

	
	Benchmark
	95.3
	184.1
	13.1
	96.5%

	
	+10%
	113.7
	202.6
	12.9
	97.2%

	
	+20%
	132.4
	227.8
	9.5
	96.7%

	

/
	-20%
	92.9
	187.4
	7.6
	96.0%

	
	-10%
	94.0
	184.2
	11.7
	96.6%

	
	Benchmark
	95.3
	184.1
	13.1
	96.5%

	
	+10%
	96.6
	184.1
	14.4
	96.9%

	
	+20%
	97.9
	183.4
	16.0
	97.5%

	

	-20%
	92.7
	184.0
	10.5
	97.4%

	
	-10%
	94.0
	184.0
	11.8
	96.5%

	
	Benchmark
	95.3
	184.1
	13.1
	96.5%

	
	+10%
	96.5
	184.3
	14.4
	96.3%

	
	+20%
	97.7
	184.3
	15.5
	97.2%
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