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Abstract 

To analyze the impact of the expansion of grid connections for renewable energy sources, 

such as offshore wind power, and the application of energy storage technologies, such as 

hydrogen energy storage, on the energy system, this paper develops a dynamic penetra-

tion-rate-driven analytical framework (DPRAF). It analyzes the impact of relevant factors 

on the dynamic renewable energy penetration rate, changes in energy structure, electricity 

prices, and environmental governance costs. An improved two-stage optimization pro-

cess comprising planning and verification is used to obtain system schemes and hourly 

penetration rates across various scenarios. The study found that the scale of wind power 

grid connection has a significant impact, while the application of hydrogen energy storage 

technology has a cumulative effect. This article also clarifies the transmission mechanism 

of the impact of renewable energy grid connection on market electricity prices in an im-

perfectly competitive market environment. Every 8 GW increase in grid-connected off-

shore wind capacity results in a rise of approximately HKD 0.004 per kWh in the electricity 

price under peak-time mode. The 16–24 GW range is viewed as a pragmatic compromise 

zone where the benefits of emission reduction remain commensurate with the associated 

environmental costs; however, once installed capacity exceeds 24 GW, electricity prices 

and the burden of mitigation measures experience a sharp, non-linear surge. The increase 

in grid connection scale will widen the environmental governance cost gap between liq-

uefied hydrogen storage solutions and other solutions. The findings of this study further 

highlight the necessity of balancing benefits and overall costs in the development and ap-

plication of renewable energy, providing a reference for future related work. 

Keywords: offshore wind power; electricity tariff; penetration rate; environmental  

governance cost 

 

1. Introduction 

The intensifying greenhouse effect and a deteriorating global security landscape are 

compelling nations to expand the role of renewable energy sources (RE) to pursue 

environmental benefits and energy independence. Yet greater RE penetration introduces 

supply instability, price volatility, and heightened backup capacity requirements [1,2]. To 

capture the evolution of this transformation, this study focuses on dynamic renewable energy 

penetration based on the previous work, defined as the ratio of real-time renewable energy 

grid supply to grid demand [3,4]. Unlike the static proportion of RE installed capacity, this 

indicator more clearly reflects the impact of investment decisions and technological 
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constraints. Crucially, changes in this dynamic RE penetration rate directly affect core 

dimensions of energy security—including reliability, resilience, and sustainability—and 

reshape electricity pricing mechanisms amid market concentration and regulatory 

intervention [5–7]. Therefore, clarifying how specific variables, such as wind power capacity 

and hydrogen storage deployment, affect this dynamic penetration rate, as well as their 

downstream economic and environmental consequences, is of great significance for RE 

applications and energy development. 

Previous studies have provided extensive discussions on the mechanism underlying the 

dynamic RE penetration rate. One significant perspective is the analysis of the impact of 

technological factors, including the mechanism by which overall system efficiency and 

security factors shape the dynamic RE penetration rate. Many studies have shown that the 

development and deployment of energy storage systems, grid technologies, and control 

strategies positively impact system flexibility and the integration capacity of renewable energy 

[8–11]. Other noteworthy technological factors include system optimization, distributed 

systems, and the application of artificial intelligence and machine learning [12–15]. The key 

technical elements of previous research work have been compared in Table 1. However, most 

current studies generally treat the dynamic renewable energy penetration rate as a feedback 

loop, neglecting its further impact on the overall energy system as a driving variable, and 

lacking quantitative analysis of this mechanism. These research directions urgently require 

corresponding research. 

Beyond the physical and technical aspects, analogous gaps exist in economics and 

environmental policy, where related factors operate through a complex mechanism of mutual 

influence, as has been well demonstrated in previous studies. Existing analyses of economic 

and policy factors focus on the decision-making elements on the investment side, including 

investment strategies [16,17], development costs [18,19], and policy guidance [19–22], while 

also accounting for the impact of energy consumption. In addition, some comprehensive 

perspectives have revealed the complex mechanisms involved [23,24]. However, research on 

the driving effects of dynamic RE penetration rates remains insufficient. Existing studies have 

also failed to fully consider the unique characteristics of pricing mechanisms in energy 

markets with strong regulation and regional monopolies, requiring further analysis. 

To address the limitations of existing research, this study constructs an analytical 

framework based on dynamic penetration rates (DPRAF). A key feature of this framework is 

the treatment of the dynamic penetration rate of renewable energy as a core operational 

indicator, thereby directly reflecting real-time changes in the structure of energy production 

and consumption. Driven by this high-frequency structural feedback, the framework 

quantifies how renewable energy grid integration and energy storage deployment, within the 

context of a highly regulated monopoly regime, which influences electricity prices and 

environmental governance costs through a series of downstream transmission mechanisms. 

Existing research has explored renewable integration from various perspectives. Techno-

economic assessments typically focus on levelized costs and capacity optimization, while 

LCA-based studies evaluate environmental performance independently. More recently, 

integrated frameworks have begun to combine technical and economic dimensions, yet 

comprehensive assessments that simultaneously capture the causal propagation from 

capacity expansion to tariff outcomes and environmental burdens remain scarce [25–27]. In 

particular, the feedback effects of dynamic penetration characteristics: curtailment rates, 

utilization rates, and extreme event durations on end-user electricity prices and monetized 

environmental costs have rarely been considered within a unified analytical structure. DPRAF 

addresses this gap by adopting a structured perspective that explicitly models penetration as 
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a mediating variable, thereby linking upstream capacity decisions to downstream electricity 

prices and environmental governance costs within a coherent, full-chain analytical framework. 

The main contributions of this paper are as follows: 

The original Mixed-Integer Linear Programming (MILP) system capacity planning was 

optimized by introducing a one-dimensional search to improve it into a two-stage integrated 

system planning algorithm of capacity Linear Programming (LP) optimization and MILP 

verification. 

A multi-dimensional statistical analysis was conducted on the hourly dynamic changes 

in penetration rate, revealing the underlying factors, mechanisms, and energy system 

structure that influence these changes. 

This paper develops a parameterized electricity tariff simulation module applicable to 

rule-based regulated monopolies. The module explicitly embeds multiple institutional 

mechanisms (e.g., rolling-window Fuel Clause Adjustment, stabilization fund payout, and 

rebate clauses) and enables explicit attribution of exogenous renewable and levelized cost of 

hydrogen storage (LCHS) to end-user tariffs. All institutional parameters are adjustable, 

making the module transferable to other regulated power systems. 

By coupling ex ante life cycle analysis (LCA) (with IAM (Integrated Assessment Model)-

integrated predictive inventories) with the statistical diagnostics of penetration dynamics 

(curtailment rate, extreme-event duration), this paper quantifies a non-linear escalation 

mechanism between renewable capacity expansion and monetized environmental 

governance costs. This coupling enables a multi-objective trade-off assessment between 

economic affordability and environmental sustainability in energy transition planning. 

Table 1. Relevant literature on the influence of technical factors on penetration rate. 
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Shahzad et al. [10] ● ● ● ●      

Kaushik et al. [11] ● ● ●  ● ●    

Cavus et al. [9] ● ● ●    ● ●  

Quizhpe et al. [12] ●       ● ● 

Kiasari et al. [28] ● ●      ●  

Shafiul et al. [15] ●  ● ●   ● ●  

Liu et al. [13] ●  ● ●      

Yu et al. [14] ● ●    ● ● ● ● 

Sofian et al. [29] ● ●    ●  ●  

McPherson et al. [18] ●         

Dalala et al. [30] ●   ●      

Meltem et al. [8] ● ● ●       

Arabzadeh et al. [31]    ●  ●    

2. Dynamic Penetration-Rate-Driven Analytic Framework 

As shown in Figure 1, this study establishes a four-module, full-chain analysis 

framework driven by dynamic penetration rates (DPRAF). Within this framework, the 

hourly dynamic penetration rate serves as an intrinsic real-time feedback mechanism, 

reflecting the dynamic evolution of energy production and consumption structures. 

Through this key structural indicator, the impacts of technological factors, specifically 

grid-connected wind power capacity and hydrogen energy storage deployment, are 

dynamically transmitted to downstream electricity prices and environmental governance 
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costs. The operational sequence of these four modules is as follows: (1) optimal capacity 

configuration based on mixed-integer linear programming (MILP) [32] coupled with one-

dimensional search; (2) simulation-based extraction and statistical characterization of the 

dynamic renewable penetration rate; (3) rule-based modeling of electricity tariff formation 

under a strongly regulated, regionally monopolistic market; and (4) environmental 

governance cost assessment using ex ante life cycle assessment (LCA) [33]. 

 

Figure 1. Workflow chart of the dynamic penetration-rate-driven analysis framework (DPRAF). 

2.1. MOMILP System Optimization and Simulation 

This section introduces methods for system modeling and capacity optimization 

planning to maximize penetration rates across scenarios with varying grid connection 

scales and hydrogen-energy storage options. As shown in Figure 2, the offshore wind 

power-hydrogen energy storage modeling in this paper is based on previous research [34]. 

Offshore wind power serves as a power source, prioritizing the supply of electricity to 

meet grid demand. Any surplus is then electrolyzed to produce hydrogen for storage. 

When wind power is insufficient to meet grid demand, hydrogen is produced to generate 

electricity for the grid supply. This design aims to leverage hydrogen’s high energy 

density and environmental friendliness to realize the full benefits of renewable energy. 

Both the electronic cell and fuel cell in the system employ proton exchange membrane 

technology for rapid response, while pressurization and liquefaction technologies for 

hydrogen storage are analyzed. The system also has two working modes: (1) full-time 

work mode, on which the system will send power to the grid all the time and (2) peak-

time work mode, on which the system will only supply electricity during the peak-time 

period (11:00–14:00, 18:00–22:00), to analyze the performance of the system under 

different task requirements. 
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Figure 2. Topography of the offshore wind power-hydrogen energy storage system. 

Based on existing research [34], this paper proposes a two-stage system 

optimization–verification method that combines mixed-integer linear programming and 

one-dimensional search to improve solution efficiency in the overall model optimization 

process. As shown in Figure 3, the optimization process is divided into upper-level system 

capacity planning and lower-level operation planning. The upper-level planning 

combines linear programming and one-dimensional search and utilizes MATLAB’s built-

in golden section and parabolic interpolation algorithms [35] to obtain the optimal power-

supply task ratio and system plan under different operating modes, grid connection 

scales, and energy-storage technology selections. The objective function as shown in 

Equation (1) below is to maximize the total system output, which consists of direct power 

supply 𝑃𝑡
𝐷𝑇𝑂 and hydrogen generated power supply 𝑃𝑡

𝐹𝐶: 

𝑚𝑎𝑥∑ (𝑃𝑡
𝐷𝑇𝑂 + 𝑃𝑡

𝐹𝐶)8760
𝑛=1  (1 ≤ 𝑡 ≤ 8760, 𝑡 ∈ ℤ+), (1) 

The results are input into the next-level operation optimization process and verified 

using mixed-integer linear programming to confirm whether they meet the physical 

feasibility requirements of each facility [36,37], such as minimum complexity rate, ramp 

rate, and start/stop constraints. The object function in this is as Equation (2) shown below, 

which adds the impact of pre-heating cost: 

𝑚𝑎𝑥[∑ (𝑃𝑡
𝐷𝑇𝑂 + 𝑃𝑡

𝐹𝐶) − ∑ (𝑃𝑡
𝑠𝑡.𝑒𝑙 + 𝑃𝑡

𝑠𝑡.𝑓𝑐
)𝑡

8760
𝑛=1 ] (1 ≤ 𝑡 ≤ 8760, 𝑡 ∈ ℤ+), (2) 

The modeling details of this part are described in Appendix A.1, Appendix A and 

the constraints of optimization are listed in Appendix A.2. The optimization results 

generated hourly time-series data on system power generation and real-time penetration 

rate for each scenario. These time-series data will serve as input for the statistical analysis 

in Section 2.2 and subsequent economic and environmental assessments. 

The MILP model employs constant efficiency values (60% for electrolyzers and 55% 

for fuel cells) rather than variable efficiency curves. This simplification is justified because 

the study focuses on macro-level capacity planning and annual energy balance; 

furthermore, optimization results indicate that the electrolyzers and fuel cells primarily 

operate within the 60–80% rated load range, where the efficiency fluctuation for PEM 

technology is approximately 5–10%. Incorporating non-linear efficiency curves would 

transform the MILP into an MINLP, significantly increasing computational costs while 

yielding limited policy-relevant benefits; consequently, dynamic efficiency modeling is 

reserved for future work. 
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The one-dimensional search within the high-level planning framework employs the 

power allocation ratio—representing the split between direct wind power grid integration and 

the hydrogen production pathway—as the decision variable. For a given wind power capacity 

and energy storage technology, the system’s total output exhibits a unimodal distribution with 

respect to this ratio, ensuring convergence to a global optimum; the one-dimensional search 

results presented in followed results align with those of the full-transmission baseline case 

across all scenarios except S0L, further validating the effectiveness of this simplification. 

Key model assumptions—including constant efficiency values, the two operating modes 

(full-time vs. peak-time), and the scenario definitions (0, 8, 16, 24, 32 GW)—are summarized 

in Table A1 and discussed in Sections 2.1 and 3.2. 

 

Figure 3. Workflow chart of the bi-level optimization–verification method. 

2.2. Statistical Analysis of the Dynamic Renewable Energy Penetration and Energy Structure 

This section aims to analyze changes in dynamic penetration rates and other indicators 

across different scenarios, assess the impact of the scale of grid-connected wind power and the 

selection of hydrogen storage technology, and examine the dynamic changes in the energy 

system structure. This section will perform simulation calculations based on the optimal 

system planning results from the previous stage to generate hourly dynamic renewable 

energy penetration rate data for each hour throughout the year. The dynamic penetration rate 

data 𝑅𝑡
𝑅𝐸 at time point 𝑡 was calculated as Equation (3) follows: 

𝑅𝑡
𝑅𝐸 =

[𝑃𝑡
𝐷𝑇𝑂+𝑃𝑡

𝐹𝐶]

𝐷𝑔𝑟𝑖𝑑(𝑡)
 (1 ≤ 𝑡 ≤ 8760, 𝑡 ∈ ℤ+), (3) 

The obtained dynamic RE penetration rate will be statistically analyzed to interpret 

the real-time changes in the energy structure. This part will analyze four aspects: (1) 

penetration rate level and distribution characteristics, (2) volatility and time dynamics, (3) 

extreme events and system balance, and (4) source complementarity and efficiency 

coupling, to obtain comprehensive analysis results. The statistical results for each aspect 

are presented in Section 3.3, providing the diagnostic context for the economic and 

environmental analyses that follow. 
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2.3. Electricity Tariff Analysis Under Regulated Monopoly 

This section aims to analyze how dynamic changes in RE penetration rate, driven by the 

scale of grid-connected wind power and the choice of hydrogen energy storage technology, 

affect electricity prices in a market environment characterized by strong regulation and 

regional monopolies. So, the market mechanism references Stackelberg’s “leader-follower” 

structure [38], where government regulatory agencies, as leaders, pre-set price rules and 

regulatory agreements, while power companies, as followers, formulate strategies based on 

these rules to optimize their own operations. However, this type of market is not suitable for 

the traditional Stackelberg–Cournot model because it lacks the price-game equilibrium 

mechanism and instead relies on rules to allocate operating costs [39,40].  

Therefore, as shown in Figure 4, this paper constructs a three-layer transmission model 

to reflect the impact of renewable energy penetration in the market. The first layer is to 

calculate the conventional generation requirement 𝑃𝑡
𝑓𝑓

 at time point 𝑡  as Equation (4) 

shown: 

𝑃𝑡
𝑓𝑓
= 𝐷𝑔𝑟𝑖𝑑 − (𝑃𝑡

𝐷𝑇𝑂 + 𝑃𝑡
𝐹𝐶) + (𝑃𝑡

𝑠𝑡.𝑒𝑙 + 𝑃𝑡
𝑠𝑡,𝑓𝑐

) (1 ≤ 𝑡 ≤ 8760, 𝑡 ∈ ℤ+), (4) 

Here, 𝐷𝑔𝑟𝑖𝑑 represents grid demand, 𝑃𝑡
𝐷𝑇𝑂 is directly transmitted power at 𝑡 hour, 

𝑃𝑡
𝐹𝐶 is power generated from hydrogen, and 𝑃𝑡

𝑠𝑡.𝑒𝑙 and 𝑃𝑡
𝑠𝑡,𝑓𝑐

 are the power consumed 

by the operation of the electrolyzer and fuel cell, respectively. 

Then the second layer will carry out the fossil fuel cost 𝐶𝑓𝑓 of the specific month 𝑚 

as Equation (5) shown: 

𝐶𝑓𝑓 = ∑ (𝐶𝑘𝑊ℎ
𝑓𝑢𝑒𝑙

× 𝜙𝑓 × 𝑃𝑡
𝑓𝑓
)𝑡  (1 ≤ 𝑡 ≤ 𝑚, 𝑡 ∈ ℤ+), (5) 

Here, 𝐶𝑘𝑊ℎ
𝑓𝑢𝑒𝑙

 is the price of fossil fuel per unit, and 𝜙𝑓 is a fuel price multiplier that 

reflects market fluctuations. 

The pricing mechanism investigated in this paper employs a rolling-window 

approach to determine the fuel clause adjustment (FCA); specifically, the adjustment 

charge for month 𝑚  depends on the average fuel cost calculated over a window 

comprising the preceding 𝑁 months. Based on this, the FCA for month 𝑚 is calculated 

as shown in Equation (6): 

𝐹𝐶𝐴𝑚 = {

𝐹𝐶𝐴𝑏𝑎𝑠𝑒 (𝑚 ≤ 𝑁)

𝐹𝐶𝐴𝑏𝑎𝑠𝑒 + (
∑ 𝐶𝑖

𝑓𝑓𝑚−1
𝑖=𝑚−𝑁

∑ 𝐷𝑖
𝑚−1
𝑖=𝑚−𝑁

− 𝐶𝑓𝑓,𝑝𝑟) (𝑚 > 𝑁)
, (6) 

Based on the result above, the third layer will determine the power price/tariff 𝑃𝑡 

with Equation (7) as follows: 

𝑃𝑡 = 𝑃𝑡
𝑏𝑎𝑠𝑒 + 𝐹𝐶𝐴𝑚 + 𝐶

𝑤𝑖𝑛𝑑 ×
𝑅𝑚

𝐷𝑚
+ 𝑐𝐻2 ×

𝑅𝑚

𝐷𝑚
− 𝐹𝑚

𝑝𝑎𝑦
− 𝑅𝑟𝑒𝑏, (7) 

𝐹𝑚
𝑝𝑎𝑦

= 𝑚𝑎𝑥(0, 𝐹𝐶𝐴𝑚 − 𝐹𝐶𝐴
𝑏𝑎𝑠𝑒) × 𝛾 (𝛾 ∈ [0,1]), (8) 

Here, 𝑃𝑡
𝑏𝑎𝑠𝑒  is the stipulated benchmark electricity price, 𝐶𝑤𝑖𝑛𝑑  is the exogenous 

levelized cost of wind power, 𝑐𝐻2 is the exogenous levelized cost of hydrogen energy storage, 

𝑅𝑚  is the renewable energy demand for the month, 𝐷𝑚  is the total grid demand for the 

month, 𝐹𝑚
𝑝𝑎𝑦 is the disbursement from the electricity price stabilization fund, and 𝑅𝑟𝑒𝑏 is the 

discount. 𝛾 is the payout ratio that absorbs a fraction of the FCA increase beyond the baseline. 

Therefore, we can use the three-layer model described above to analyze the 

mechanism of energy price changes under rate-of-return regulatory framework. 
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Figure 4. The workflow chart of the three layers of the electricity tariff determination. 

2.4. Environmental Governance Cost Analysis Based on Ex Ante LCA 

This section will analyze the environmental impact and its impact on environmental 

governance costs based on the previously obtained system configuration scheme and 

penetration rate results, using the ex ante LCA method [33]. The workflow of ex ante LCA 

is like that of the conventional LCA method, including (1) goal and scope definition, (2) 

life cycle inventory analysis (LCI), (3) life cycle impact assessment (LCIA), and (4) 

interpretation. However, the main difference between ex ante LCA and LCA is that ex 

ante LCA uses predictive data from experiments and theories to estimate impact factors, 

whereas LCA summarizes past statistics. Therefore, ex ante LCA is more suitable than 

LCA for analyzing the relevant effects under long-term scenarios, and is also more 

applicable to the study in this paper [41]. 

This paper will use the professional LCA software SimaPro (10.1 version) in con-

junction with the Ecovient database (3.10 version) for analysis, and manually configured 

the 2035 background electricity mix based on Hong Kong’s 2035 Future Energy Plan to 

enable scenario-specific ex ante LCA. 

The specific ex ante LCA settings are as follows. The system boundary is cradle-to-

gate, covering raw material extraction, manufacturing, transport, and installation of 

offshore wind turbines and hydrogen storage infrastructure, excluding grid connection, 

transmission losses, and end-of-life decommissioning. The functional unit is 1 MWh of 

electricity delivered to the grid. The impact categories comprise eight ReCiPe 2016 Mid-

point (H) indicators: global warming, fine particulate matter formation, marine 

eutrophication, marine ecotoxicity, terrestrial acidification, terrestrial ecotoxicity, human 

carcinogenic toxicity, and human non-carcinogenic toxicity. The scenario setting for the 
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2035 background electricity mix is manually constructed based on Hong Kong’s 2035 

Future Energy Plan, without relying on Integrated Assessment Model (IAM) projections. 

Monetization is performed using the Environmental Prices (2019) EU27 central method, 

which applies shadow prices to convert characterized results into USD. The data sources 

include the Ecoinvent v3.10 database for background processes, with the offshore wind 

process represented by ‘electricity production, wind, 1–3 MW turbine, offshore, CN-GD’ 

and the baseline grid represented by ‘electricity production, high voltage, HK’, reflecting 

Guangdong’s offshore wind resources and Hong Kong’s existing electricity structure. 

3. Discussion of Results 

3.1. Case Study: Hong Kong 

This paper studies a comprehensive scenario set in Hong Kong, China. Located on 

the southern edge of the East Asian continent, adjacent to Guangdong Province and facing 

the South China Sea, Hong Kong possesses natural advantages for developing and 

leveraging offshore wind energy resources. Simultaneously, Hong Kong has a dense 

population, developed industries, high energy consumption, and a high dependence on 

external fossil fuels. The development of renewable energy is crucial for Hong Kong’s 

energy stability and security, as well as environmental protection [42]. These factors 

constitute the prerequisites for Hong Kong to independently develop or collaborate on 

the offshore wind energy industry with Guangdong Province [43]. 

In previous work, the authors conducted a planning analysis of the available offshore 

wind power development areas in Hong Kong, derived the optimal wind farm scheme 

(Figure 5), and simulated the wind power output and grid demand by hour with the 

Markov method [34]. The prediction data of typical day with weak wind power output or 

abundant output are shown in Figure 6. The research described in this paper will be 

further developed based on the work mentioned above. 

 

Figure 5. The optimal planning of the offshore wind farm in Hong Kong [44]. (Place names in the 

image are labeled in both Chinese and English). 
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Figure 6. The prediction of the wind power and grid demand in Hong Kong on the typical day with 

weak wind power (a) and abundant wind power (b) in 2022. 

Considering the gap in scale between wind power output and grid demand in 

previous work, this study will consider incorporating a portion of the wind power 

capacity in the Guangdong coastal area into the Hong Kong power grid to analyze the 

combined impact of expanding grid-connected wind turbine capacity and the 

corresponding application of hydrogen energy storage technology on the penetration of 

renewable energy. This article will set up five scenarios to simulate the results of the 

gradual expansion of grid-connected capacity in the future (up to 2035), including only 

Hong Kong wind power (1.056 GW), and, on this basis, adding 8 Giga Watt (GW), 16 GW, 

24 GW, and 32 GW of offshore wind power capacity in Guangdong.  

The output of these wind power projects ultimately depends on Hong Kong’s energy 

system mechanisms to have any impact. The Hong Kong government has established a 

pricing mechanism with two local regional monopoly power companies through the 

Scheme of Control Agreement (SoC). This framework follows a rate-of-return (ROR) 

regulatory model, in which the utility’s allowed revenue is determined by its prudently 

incurred costs plus a regulated return on its asset base. This mechanism makes the 

electricity price consist of four parts: (1) a basic tariff negotiated every five years, (2) a fuel 

charge calculated from the energy costs of the previous two months and the estimated 

energy costs, (3) a surcharge generated from the acquisition of output from private 

renewable energy systems, and (4) special rebates. This rate-of-return-based structure and 

pricing mechanism, which is not based on market equilibrium but on specific rules under 

strong regulation, is the most concrete case studied in this article. The study will refer to 

the agreement between the Hong Kong Special Administrative Region government and 

the China Light and Power(CLP) Group, which the basis tariff is 0.937 Hong Kong Dollar 

(HKD)/kWh and special rebate is 0.034 HKD/kWh [45]. The relevant economic and policy 

parameters are shown in Table 2 below: 

Table 2. Relevant economic and policy parameters. 

Parameter Symbol Parameter Meaning Value Unit 
Source/ 

Explanation 

𝑃𝑡
𝑏𝑎𝑠𝑒 Basic tariff 0.937 HKD/kWh [45] 

𝐹𝐶𝐴𝑏𝑎𝑠𝑒 Basic FCA 0.386 HKD/kWh [46] 

𝐶𝑓𝑓,𝑝𝑟 Predicted fuel cost per unit 0.281 HKD/kWh 
No open data, apply 

basic FCA in 2021, [47] 

𝜙𝑛𝑜𝑟  Fuel price coefficient (normal situation) 1.0   

𝜙𝑐𝑟𝑖  Fuel price coefficient (crisis situation) 2.8  

Estimate based on the 

FCA increase in 2022, 

[48] 

𝛾 Fund allocation ratio 0.73  [45] 
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𝑅𝑟𝑒𝑏 Special rebate 0.034 HKD/kWh [45] 

𝑁 FCA rolling window length 3  [45] 

𝐶𝑤𝑖𝑛𝑑 Levelized cost of offshore wind power 0.63 HKD/kWh [44] 

𝐶𝐻2,𝑐𝑜𝑚 
Levelized cost of compressed hydrogen 

storage 
0.077 HKD/kWh [49] 

𝐶𝐻2,𝑙𝑖𝑞 Levelized cost of liquefied hydrogen storage 0.22 HKD/kWh [49] 

3.2. Wind–Hydrogen System Optimal Capacity Planning Results 

As shown in Table 3, based on the algorithm in Section 2.1, this study obtained 

optimized system configurations for various scenarios. 

Table 3. Optimal capacity planning results. 

Cases 

Wind 

Power 

Capacity 

(GW) 

Hydrogen 

Storage 

Mode 

System 

Work 

Mode 

Optimal 

Peak-

Shaving 

Ratio (%) 

System 

Energy 

Efficiency 

(%) 

Electronic 

Cell 

Capacity 

(MW) 

Fuel Cell 

Capacity 

(MW) 

Hydrogen 

Container 

Capacity 

(kg) 

System 

Total 

Power 

Output 

(MWh) 

Total 

Hydrogen 

Production 

(kg) 

S0L 1.056 Liquification 
Full-time 61.85 88.36 0.025 0.43 11.111 80,962 0 

Peak-time 99.99 41.53 38.463 369.6 29,545.735 24,753 745,858.05 

S8P 

9.056 

Compression 
Full-time 38.28 88.36 0.001 0.084 11.111 694,486 0 

Peak-time 61.85 44.83 374.314 1764.393 119,744.749 236,618 6,878,564.33 

S8L Liquification 
Full-time 20.74 88.36 0.011 0.441 11.111 694,475 0 

Peak-time 71.6 41.53 329.847 3169.6 253,377.062 212,283 6,396,297,85 

S16P 

17.056 

Compression 
Full-time 94.43 88.36 0.001 0.084 11.111 1,307,991 0 

Peak-time 94.36 44.83 704.98 3323.045 225,526.33 445,645 12,955,034.59 

S16L Liquification 
Full-time 62.9 88.36 0.006 0.429 11.111 1,307,985 0 

Peak-time 99.99 41.53 621.231 5969.6 477,208.39 399,812 12,046,737.6 

S24P 

25.056 

Compression 
Full-time 67.79 88.36 0.001 0.084 11.111 1,921,495 0 

Peak-time 99.99 44.83 1035.646 4862.357 331,307.91 661,400 19,030,764.1 

S24L Liquification 
Full-time 61.57 88.36 0.006 0.429 11.111 1,921,488 0 

Peak-time 99.99 41.53 912.615 6570.709 701,039.717 576,627 17,867,929.66 

S32P 

33.056 

Compression 
Full-time 74.21 88.36 0.003 0.084 11.111 2,534,997 0 

Peak-time 99.99 44.83 1366.311 5504.875 437,089.491 903,623 25,072,142.4 

S32L Liquification 
Full-time 75.35 88.36 0.009 0.427 11.111 2,534,990 0 

Peak-time 99.99 41.47 1203.999 6220.083 924,871.044 835,569 23,572,888.05 

The current optimization results combine two modes: a one-dimensional search to find 

the optimal peak-shaving transmission task ratio and a pre-set unlimited transmission mode, 

such as a task ratio of 100%, with the grid fully open to renewable energy. The aim is to 

compare the similarities and differences between the two schemes. However, in terms of 

results, aside from the absence of effective results when grid-connected wind power capacity 

is zero, and pressurized hydrogen storage is used, the results of the two optimization modes 

are identical in all other scenarios. This verifies that the power-supply capacity of the wind–

hydrogen system must be subject to a physical system limit. Beyond this limit, changes in the 

task ratio will not affect the optimal system capacity scheme and performance. 

Based on the characteristics of the data, these optimization results can be divided into 

three categories by grid-connected wind power scale. For a 0 GW integrated wind power 

capacity, only the liquefied hydrogen storage solution is feasible. This is due to the low wind 

power capacity and output level. The grid has sufficient capacity to accommodate the wind 

power in most cases, so there is no need for hydrogen production (such as in pressurized 

hydrogen storage scenarios), or the demand for hydrogen production is very small. That is, 

the optimal system capacity tends to be 0. The second scenario, as seen with S8L and S8P, 
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involves a conflict between the increased system output level and the grid’s capacity to absorb 

power, forcing optimization to weigh the two. Consequently, cases S8L and S8P exhibit 

relatively low optimal peak-shaving task ratios across all optimization schemes in both 

scenarios. The third scenario is when the scale of grid-connected wind power expands to a 

certain level, such as S16 and S32. The significant increase in wind power output makes the 

benefits of this expansion clearly outweigh the penalties associated with the increased scale; 

thus, the corresponding optimal peak-shaving task ratio also increases, approaching 1. These 

three scenarios constitute the three main states under which existing power grids should cope 

with the energy acceptance of newly integrated renewable energy sources. 

3.3. Statistical Analysis of Dynamic RE Penetration Rate and Energy System Structure 

Following the four-dimensional framework defined in Section 2.2, the statistical results 

are presented below. Based on the optimization results described above, this study conducted 

modeling and simulation in MATLAB R2026a to calculate real-time permeability changes. The 

comparison results include cases without hydrogen energy storage (cases with the “N” sign, 

such as S0N). The results are shown in Figure 7. 

The simulation results, showing the hourly variation in penetration rate, indicate that the 

main factor influencing the level of renewable energy penetration remains the grid-connected 

renewable energy installed capacity, with a positive correlation between the two. The impact 

of energy storage technology selection is relatively weak, as this portion of energy 

consumption (such as operating and pre-heating energy consumption) accounts for a 

relatively small share overall and becomes increasingly insignificant as grid-connected 

capacity increases. This difference in penetration rate or output loss caused by technology 

selection and application is spread over the entire year, so in terms of image presentation, the 

curves of schemes with the same RE integration scale almost completely overlap. This 

characteristic was also clearly demonstrated in subsequent statistical analyses. 

 
(a) (b) 

 
(c) (d) 

Figure 7. Heatmap of hourly penetration rate changes in full-time work mode (a,c) and peak-time 

work mode (b,d) scenarios of cases S24P (a,b) and S24L (c,d) in 2022. 
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As shown in Figure 7, the results show a very clear seasonal correlation and a positive 

correlation between penetration rate changes and grid-connected wind power capacity. The 

trough for offshore wind power production in Hong Kong occurs in summer, hence the lower 

real-time penetration rate during summer, while higher penetration rates are observed in 

autumn and winter when wind resources are more abundant. At the same time, the larger 

installed capacity of wind power also brings higher raw power input, thereby increasing the 

overall penetration rate. The impact of adopting and selecting hydrogen energy storage 

technology is not significant on the evolution of the hourly penetration rate. 

The monthly penetration rate results shown in Figure 8 are like those in Figure 7. 

Differences in wind power output and overall installed capacity across different months create 

a stratified pattern in the monthly variation curves. However, another noteworthy feature is 

that the impact of differences in the application and selection of hydrogen energy storage 

technology is particularly evident in the monthly average data, especially under peak-hour 

regulation operating modes. Moreover, as installed capacity increases, the effectiveness of the 

hydrogen energy storage system improves, amplifying the originally insignificant efficiency 

differences. Therefore, we can see the differentiation of the monthly average curves under a 

large installed capacity. The difference between these two charts also reveals that the impact 

of hydrogen energy storage systems on dynamic penetration rates is cumulative. It has a slight 

impact on the real-time renewable energy production and sales structure but has an objective 

effect on increasing the penetration rate over a long-term scale. 

 

Figure 8. Changes in average monthly penetration rate in full-time work mode (a) and peak-time 

work mode (b) scenarios in 2022. 

To address extreme situations during operation, this paper, based on IEA standards, 

defines events with penetration rates below 20% as low-penetration events and those 

above 80% as high-penetration events [50]. As shown in Figure 9, the extreme-event data 

indicate that, under full-time peak-shaving mode, the effect of hydrogen energy storage 

technology on improving overall penetration in small-scale wind power grid-connected 

scenarios remains limited. However, in peak-hour operating mode, as the scale of grid-

connected capacity and hydrogen energy storage increases, system flexibility improves, 

and the duration of low penetration is significantly reduced. Based on the results of the 

scale variation in system power shortages, this paper also found similar characteristics in 

hydrogen energy storage systems. Among them, the overall efficiency of pressurized hy-

drogen storage is higher than that of liquefied hydrogen storage. Therefore, pressurized 

hydrogen storage schemes operating under the same mode and with the same grid-con-

nected wind power capacity often have shorter durations of low-power events and a 

smaller scale of system power shortages than liquefied hydrogen storage. 
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Figure 9. Duration of extreme penetration rates and power shortages in full-time work mode (a,c) 

and peak-work mode (b,d) scenarios. 

Figure 10 illustrates three coupling indicators for the peak-period operation scenario. 

First, the reduction in the power deficit increases linearly with the installed wind power 

capacity. Second, under the peak-period operating mode utilizing hydrogen energy 

storage, the correlation between wind power and hydrogen energy varies by storage 

technology: compressed storage maintains a moderate positive correlation (0.554–0.614) 

that gradually strengthens as capacity increases, whereas liquefied storage starts with a 

lower correlation (0.229) but catches up to 0.542 at 32 GW, exhibiting a steeper growth 

trend. This indicates that both technologies can achieve comparable levels of wind–

hydrogen coupling at scale, albeit through different pathways: compressed storage relies 

on higher round-trip efficiency, while liquefied storage relies on greater absorption 

capacity. Third, the correlation between curtailed wind energy and electrolyzer input 

power remains high across all peak-period scenarios, with liquefied storage (0.928–0.933) 
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performing slightly better than compressed storage (0.903–0.904); this demonstrates that 

both technologies effectively utilize curtailed wind energy, with liquefied storage holding 

a slight advantage in terms of absorption capacity. 

 

Figure 10. Wind–hydrogen energy coupling in full-time work mode (a) and peak-time work mode 

(b) scenarios. 

3.4. Price-Determining Mechanism Analysis and Electricity Tariff Result 

Based on the aforementioned research, we analyzed electricity price fluctuations 

following the grid integration of renewable energy. As fuel adjustment charges remained 

relatively stable with minimal variation during January and February, this study focuses on 

price changes from March onwards. Figure 11 illustrates that monthly electricity price 

fluctuations are significantly influenced by variations in wind conditions and installed wind 

farm capacity. Under peak-period operating modes—which incorporate hydrogen 

production and energy storage during off-peak hours—the application and technical 

configuration of energy storage systems exert a more pronounced impact on electricity prices 

compared to continuous operation scenarios; however, the accumulation of associated costs 

drives prices up, resulting in a rate approximately 0.1 HKD higher than the standard level. 

Due to the implementation of an eight-month electricity price freeze and rebate measures 

in Hong Kong in 2022, the actual electricity prices (i.e., prices net of rebates) from March to 

August were lower than the price levels simulated in this study for a scenario incorporating 

renewable energy. However, driven by global energy market volatility in 2022 and the 

resumption of the price adjustment mechanism in September of that year, the electricity price 

under the renewable energy scenario did not fall below the actual price until November—

even during the autumn and winter months when wind resources are abundant. This result 

directly demonstrates that expanding the grid integration of renewable energy (specifically 

offshore wind power) does not have a positive effect on lowering electricity prices. 

 
(a) (b) 

Figure 11. Comparison of average monthly electricity price changes (Mar–Dec) and actual net 

electricity prices (ANP) under full-time work mode (a) and peak-time work mode (b) scenarios. 
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The average annual electricity price exhibits a similar trend. As shown in Figure 12, 

the expansion of grid-connected wind power capacity is the primary factor driving down 

electricity prices, whereas the application of energy storage technologies may actually 

lead to price increases. Specifically, under both operating modes, every 8 GW increase in 

grid-connected offshore wind capacity results in a rise of approximately HKD 0.004 per 

kWh in the electricity price. The impact of hydrogen storage technology is more 

pronounced under the peak-period operating mode. Notably, the price increase 

associated with liquid hydrogen storage is lower than that of high-pressure hydrogen 

storage, and this disparity becomes increasingly evident as the scale of grid-connected 

wind power expands. Despite the overall downward trend in electricity prices, the price 

gap per kWh between these two hydrogen storage solutions will widen from 

approximately HKD 0.0005 to HKD 0.0007. 

 
(a) (b) 

Figure 12. Annual average electricity price under full-time work mode (a) and peak-time work 

mode (b) scenarios. 

The core reason for this situation lies in the composition of electricity tariffs in Hong 

Kong. As shown in Figure 13, the basic tariff and the Fuel Clause Adjustment (FCA) 

account for a significant portion of the electricity price; these components experienced the 

most pronounced volatility and increases in 2022 and are difficult to mitigate through 

limited wind and hydrogen power integration. Furthermore, as illustrated in Figure 14, 

while the expansion of grid-connected wind farm capacity has led to a reduction in the 

FCA, the rate of reduction in fund allocations has slowed, and the allocated costs 

associated with wind energy and hydrogen storage have risen. Consequently, despite the 

adoption of wind power and hydrogen storage, electricity prices remain higher than usual 

given the limited penetration levels. At the same time, because the wind power 

penetration rate for the liquid hydrogen energy storage scheme is lower than that of the 

schemes without hydrogen storage or with pressurized hydrogen storage, the renewable 

energy-related costs passed on to electricity prices are lower; consequently, the liquid 

hydrogen storage scheme—despite being more energy-intensive—actually results in 

lower electricity prices. 
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Figure 13. Annual average electricity tariff composition under scenario S32L with peak-time work 

mode. 

 
(a) (b) 

 
(c) (d) 

Figure 14. Changes in the cost composition of electricity prices under different scenarios: (a) FCA, 

(b) wind power LCOE, (c) hydrogen energy storage LCHS and (d) fund payout. 

Regarding the comparison between monthly price changes and fuel cost adjustment 

fee changes, based on the results in Figures 11 and 15, this paper discovers a mechanism 

for electricity price capping caused by the upper limit of the fuel cost adjustment fee. This 

“flat-top” upper-limit mechanism is due to insufficient wind power output during specific 

periods, causing electricity and fuel cost adjustment fees to gradually converge and even 

overlap at the same level across different scenarios. As wind power output increases and 

fuel costs are reduced at different levels, the curve shape will change from flat-top to 
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arched, as shown by the difference between the grid-integrated wind power capacities of 

0 GW and 32 GW. 

 

Figure 15. Monthly fuel cost adjustment fee changes (Mar–Dec) in full-time work mode (a) and 

peak-time work mode (b) scenarios and the real fuel cost adjustment fee (ACT). 

The monotonic tariff increase observed here contrasts with findings from competitive 

wholesale markets in the work of Cacciarelli et al., where wind power has been shown to 

exhibit a U-shaped price effect—reducing prices at low penetration but converging to zero 

at moderate levels [51]. This divergence reflects the fundamental difference in price 

formation: competitive markets operate through supply-demand equilibrium, whereas 

regulated monopoly tariffs are governed by institutional cost-pass-through mechanisms 

(Equations (6)–(8)), where infrastructure costs are directly allocated to end-users. The 

common expectation that ‘renewables lower electricity prices’, valid in wholesale markets, 

thus does not automatically translate to regulated settings. 

The tariff module developed in this study is calibrated for Hong Kong’s rate-of-

return regulatory framework, where all prudently incurred costs are pass-through items 

ultimately recovered from end-users. This pass-through logic explains why renewable 

capacity expansion translates directly into tariff increases rather than triggering 

competitive price responses. For deregulated competitive markets, the tariff module 

would require replacing the cost-pass-through logic with a market-clearing equilibrium 

mechanism, like Stackelberg–Cournot or Nash-type models, as the current Stackelberg-

inspired ‘leader-follower’ structure is contingent upon the presence of a regulatory 

authority. This adaptation is identified as a future research direction rather than a 

capability of the current formulation. 

The distinction between these two market types delineates the module’s boundary. 

By contrast, for regulated jurisdictions that share the same cost-recovery logic, the module 

is directly transferable with parameter recalibration. This near-linear relationship is a 

direct consequence of the rate-of-return regulatory framework. Renewable investments 

thus translate predictably into tariff increases, making tariffs a function of cost structure 

rather than market dynamics. This pattern is consistent with international experience: 

Hong Kong’s Scheme of Control belongs to a broader family of cost-recovery-based 

frameworks [52], found in the U.S. (cost-of-service regulation) [53], Canada (ROR 

coexisting with price-cap alternatives) [54], and Europe [55] (WACC-based allowed-

return rules). Even jurisdictions that have adopted price-cap or performance-based 

reforms have built upon, rather than abandoned, this cost-based tradition. Hong Kong is 

therefore not an isolated case, but a clear example of a regulatory class that shares 

common trade-offs among efficiency, investment, and consumer protection—enhancing 

the framework’s transferability provided local parameters are recalibrated. 
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3.5. Environmental Governance Cost and Regulatory Implications 

Based on the work, this paper is able to fully estimate the marginal environmental 

impact of the system’s power generation in 2035 using the ex ante LCA method. This 

paper references Hong Kong’s 2035 Future Energy Plan and pioneers a simple model of 

the anticipated energy structure, thereby enabling a comparative and quantitative 

analysis of the environmental impact of wind power-hydrogen power. The 

methodological settings, including system boundary, functional unit, impact categories, 

and monetization framework, are detailed in Section 2.4. 

In the characterization stage, this study used the ReCiPe mid-point (2016) method for 

life cycle impact assessment, and the results are shown in Table 4. This study found that 

among the eight indicators selected based on four dimensions—atmosphere, ocean, land, 

and human habitation—marine environmental toxicity, soil environmental toxicity, and 

human carcinogenicity were the indicators that actually increased after renewable energy 

systems replaced the original share of electricity generation. Conversely, emissions of 

greenhouse gases and inhalable particulate matter, ocean eutrophication, and soil 

acidification, as well as non-carcinogenic toxicity to humans, have decreased. This part of 

the environmental impact mainly stems from pollution generated during the 

manufacturing and installation of offshore wind power and hydrogen power systems. 

This type of pollution is absent in Hong Kong’s energy system, which is dominated by 

thermal power generation. Furthermore, the replacement of traditional thermal power by 

renewable energy has reduced the impact of traditional thermal power on key areas, 

particularly greenhouse gas emissions, inhalable particulate matter, and soil acidification. 

This study also conducted a monetization study on related energy governance costs. 

Using the Environment Price mid-point (2019) method, this quantitative analysis 

revealed, as shown in Figure 16, that the expansion of grid-connected renewable energy 

capacity leads to a significant increase in overall environmental governance costs. For 

every additional 8 GW of grid-connected wind power capacity, the final annual overall 

environmental governance cost will increase by approximately 21 million USD. 

Furthermore, under peak-hour operating conditions, pressurized hydrogen storage 

technology incurs higher environmental governance costs than liquefied hydrogen 

storage technology. This difference widens with the expansion of grid-connected capacity; 

for example, 8 GW would increase environmental governance costs by 0.8 million USD 

annually, but in a 32 GW scenario, this difference would expand to an additional 2 million 

USD annually. When further disaggregating this trend by scenario, a critical distinction 

emerges: without hydrogen storage, both the electricity tariff and environmental cost rise 

near-linearly (approximately increasing by 0.0042 HKD/kWh and 5.54 million USD per 8 

GW, respectively). With hydrogen storage, however, the environmental cost increment 

accelerates from approximately 7.15 million USD (8 to 16 GW) to 8.29 million USD (24 to 

32 GW) for pressurized storage, and from 6.42 million to 8.86 million USD for liquefied 

storage over the same intervals. This divergence indicates that the environmental burden 

of hydrogen-equipped systems does not scale proportionally with capacity, with the 16–

24 GW interval marking the onset of accelerated growth and the 24–32 GW range 

exhibiting the most pronounced divergence. 

Regarding the monetization approach, the aggregation of eight impact categories 

into a single governance cost inevitably embeds value judgments, as it applies EU27-

centered shadow prices to local contexts. This choice follows the standard practice of the 

Environmental Prices (2019) method and is intended to provide a consolidated metric for 

policy comparison. To test the robustness of the results, a sensitivity analysis was 

conducted using ReCiPe 2016 Endpoint (H) with the World (2010) H/A weighting set, 
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which produces weighted scores in Pt rather than USD. Under this alternative framework, 

the 16 GW scenario consistently outperforms the 32 GW scenario, confirming that the 

identification of the 16–24 GW corridor as the preferred trade-off range is robust to the 

choice of monetization methodology. Nevertheless, the absolute values and the direction 

of individual impact categories vary across methods, underscoring the importance of 

focusing on relative scenario comparisons rather than absolute monetary values. Previous 

LCA studies on offshore wind–hydrogen systems, whether focused on supply chain 

comparisons [56] or on integrated system assessments [57], have reported similar patterns, 

including the lower efficiency of liquefied hydrogen and the significance of marine 

toxicity as a key impact category. However, these studies report static per-unit impacts 

without linking them to penetration-driven utilization factors. Our analysis extends 

beyond these works by revealing that monetized environmental costs escalate non-

linearly when capacity expansion outpaces grid absorption capacity—a mechanism that 

emerges only when infrastructure burdens are amortized over declining effective 

generation output. 

Therefore, based on current research findings, this paper argues that future policies 

for the grid connection, development, and utilization of renewable energy systems should 

fully consider the increased costs of residential electricity and environmental governance. 

Within the 16–24 GW range, the carbon-reduction benefits remain roughly commensurate 

with the incremental governance costs, making this a pragmatic reference corridor under 

Hong Kong’s current regulatory framework. Beyond the 24 GW threshold, the non-linear 

escalation of both tariffs and environmental costs suggests that regulators should exercise 

caution in approving further large-scale grid connections without complementary 

mitigation measures. It should be acknowledged, however, that the present LCA 

quantifies only the direct environmental burdens of manufacturing and installation; it 

does not incorporate the mitigating effects of life-cycle interventions such as component 

recycling, material substitution, or green manufacturing processes. These measures, 

which could substantially reduce the elevated marine and soil toxicity identified in the 

results, are recommended as a priority for future research. 

Table 4. Comparison of life cycle impact characterization results between Hong Kong grid baseline 

and offshore wind power (per MWh delivered to grid). 

Impact Category Unit 
Grid Baseline (per 

MWh) 

Wind Power (per 

MWh) 

Difference (Wind − 

Grid) 

Global warming kg CO2 eq 374 17.2 −356.8 

Fine particulate matter 

formation 
kg PM2.5 eq 0.0471 0.0352 −0.0119 

Marine eutrophication kg N eq 0.00171 0.00127 −0.00044 

Marine ecotoxicity kg 1,4-DCB 5.28 7.9 +2.62 

Terrestrial acidification kg SO2 eq 0.00232 0.0704 +0.06808 

Terrestrial ecotoxicity kg 1,4-DCB 1.16E3 1.38E3 +220 

Human carcinogenic 

toxicity 
kg 1,4-DCB 22.1 43.5 +21.4 

Human non-

carcinogenic toxicity 
kg 1,4-DCB 102 49.3 −52.7 
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Figure 16. Increase in environmental governance monetization costs in full-time (a) and peak-time 

(b) scenarios. 

4. Conclusions and Policy Suggestions 

This paper develops a comprehensive dynamic penetration-rate-driven analytical 

framework (DPRAF) to examine how offshore wind power grid connection scale and 

hydrogen energy storage technology selection influence renewable energy penetration 

rate and dynamic energy structure, as well as electricity prices and environmental 

governance costs. 

Key contributions of the work include: 

(1) A two-stage optimization–verification framework is proposed, combining mixed-

integer linear programming (MILP) with a one-dimensional search. This design 

overcomes the computational intensity of conventional MILP formulations and improves 

the efficiency of capacity planning and operational analysis. 

(2) A multi-dimensional statistical diagnostic framework is established to 

characterize the hourly penetration dynamics from four complementary angles: level and 

distribution, volatility and temporal patterns, extreme events, and source–load coupling. 

These diagnostics serve as the interpretive basis for the subsequent economic and 

environmental assessments.  

(3) A parametric tariff pass-through module is developed for rate-of-return 

regulatory framework markets. The module embeds institutional mechanisms—

including a rolling-window Fuel Clause Adjustment (FCA), a stabilization fund payout, 

and exogenous LCOE stacking for wind and hydrogen storage—with all institutional 

parameters tunable for transferability to other regulated systems. Simulation results show 

that a larger wind grid connection scale raises the absolute tariff to 0.004 HKD per 8 GW 

under peak-time mode, with hydrogen storage further increasing the tariff; the magnitude 

of the increase is moderated by the fund payout mechanism.  

(4) Using ex ante LCA (with IAM-integrated predictive inventories), this study 

quantifies eight environmental impact indicators across four dimensions and monetizes 

the resulting governance costs. The results reveal a non-linear escalation of monetized 

environmental costs with wind capacity expansion, driven by rising curtailment rates and 

declining utilization efficiency, which together amplify the per-unit environmental 

burden of the deployed infrastructure. 

Based on current research findings, this paper argues that future renewable energy 

policies should fully consider the increased costs of residential electricity and environ-

mental governance. The 16–24 GW grid-connected wind capacity range is identified as a 

pragmatic reference corridor under Hong Kong’s current regulatory framework. While 

this framework shares the pass-through logic common to many major economies, the spe-

cific numerical threshold is contingent on local cost structures and institutional 
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parameters. In alternative regulatory regimes, such as price-cap or performance-based 

models, the tariff response to renewable expansion would follow different dynamics, sug-

gesting that the framework’s transferability lies in its parametric structure rather than in 

the numerical values themselves. Beyond the 24 GW threshold, the non-linear escalation 

of both tariffs and environmental costs suggests that regulators should exercise caution 

without complementary mitigation measures. Future work should also explore life-cycle 

intervention strategies—such as recycling of turbine and electrolyzer components and 

low-impact material selection—to mitigate the increased marine and soil toxicity associ-

ated with renewable infrastructure deployment. For regions with limited space, pressur-

ized hydrogen storage is preferable due to its higher round-trip efficiency; for ecologically 

sensitive areas, liquefied storage may be favored given its lower monetized environmen-

tal governance costs. This site-specific trade-off highlights the need for multi-criteria as-

sessments that incorporate local spatial and environmental constraints into the planning 

framework. 

It should be acknowledged that the 16–24 GW corridor is conditional on the current 

cost and regulatory parameters (e.g., fossil fuel prices, FCA mechanism, and no explicit 

carbon pricing). Future carbon taxes or sustained fossil fuel price volatility could shift this 

equilibrium—higher carbon prices would increase the economic advantage of renewable 

generation, potentially expanding the optimal capacity range. While such dynamic eco-

nomic feedbacks are not modeled in the current framework, they represent a critical di-

rection for future work to enhance the policy relevance of the analytical framework. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

DPRAF Dynamic penetration-rate-driven analytical framework 

FCA Fuel Clause Adjustment  

HKD Hong Kong Dollar 

LCA Life cycle analysis 

LCI Life cycle inventory analysis 

LCIA Life cycle impact assessment 
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LCOE Levelized cost of energy 

LCHS Levelized cost of hydrogen storage 

MILP Mixed integer linear programming 

RE Renewable energy 

Appendix A 

Appendix A.1. The Modeling of the System 

Appendix A.1.1. Wind Power System 

Offshore wind turbines are the only energy source for this system, and their power 

output is mainly determined by the rated power of the turbine itself and the ambient wind 

speed [58]. At the same time, the output of the wind farm is also subject to the layout of 

each unit in the wind farm, so the overall output at hour t is as shown in Equations (A1) 

and (A2) [59]: 

𝑃𝑊𝑖𝑛𝑑(𝑡) = ∑ 𝑃𝑊𝑇,𝑖(𝑡) (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ)𝑛
𝑖=1 , (A1) 

𝑃𝑊𝑇,𝑖(𝑡) = {

0

𝑃𝑇𝑆 ×
𝑉(𝑡) − 𝑉𝑖𝑛
𝑉𝑇𝑆 − 𝑉𝑖𝑛
𝑃𝑇𝑆

  

𝑉(𝑡) < 𝑉𝑖𝑛 𝑜𝑟 𝑉(𝑡) ≥ 𝑉𝑜𝑢𝑡
𝑉𝑖𝑛 ≤ 𝑉(𝑡) < 𝑉𝑇𝑆
𝑉𝑇𝑆 ≤ 𝑉(𝑡) < 𝑉𝑜𝑢𝑡

(1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ) (A2) 

For this, 𝑉(𝑡)  is the wind speed of the unit per hour, 𝑉𝑖𝑛 is the inflow wind speed, 

𝑉𝑇𝑆 is the rated wind speed corresponding to the rated power 𝑃𝑇𝑆, and 𝑉𝑜𝑢𝑡 is the cut-

out wind speed. The wind power output 𝑃𝑊𝑇,𝑖(𝑡) of a single wind turbine at t hour is 

obtained, and the hourly output 𝑃𝑊𝑖𝑛𝑑(𝑡)  of the wind farm is the sum of the outputs of 

all units. 

Appendix A.1.2. Direct Transmission System 

Wind power output is divided into two paths: directly transmitted to the urban 

power grid via high-voltage direct current or injected into the electrolytic cell to produce 

hydrogen for energy storage, then fed into the urban power grid through fuel cells for 

power generation when needed. This part of the power output to the grid can be calcu-

lated as Equations (A3) and (A4): 

𝑃𝑖𝑛.𝑡(𝑡) = 𝑃𝑖𝑛.𝑑(𝑡) × (1 − 𝜂𝑟𝑒𝑐.𝑑) (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ), (A3) 

𝑃𝐷𝑇𝑂(𝑡) = 𝑃𝑖𝑛.𝑡(𝑡) × (1 − 𝜂𝑖𝑛𝑣.𝑑) (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ) (A4) 

𝑃𝑖𝑛.𝑑(𝑡) is the part of wind power at t hour output that is directly injected into the 

grid via high-voltage direct current transmission. The power under high-voltage direct 

current transmission is 𝑃𝑖𝑛.𝑡(𝑡) , which has been processed by the rectifier. The actual 

power 𝑃𝐷𝑇𝑂(𝑡) injected into the grid needs to take into account the loss caused by the 

secondary conversion required for AC-DC-AC transmission [60]. The system efficiency 

loss of the rectifier and invertor are 𝜂𝑟𝑒𝑐.𝑑 and 𝜂𝑖𝑛𝑣.𝑑. 

Appendix A.1.3. Electricity-to-Hydrogen Conversion Model 

As a part of the hydrogen-electricity conversion path, the electricity-to-hydrogen 

conversion device includes electrolytic cells and rectifiers, which are also the core part of 

this capacity optimisation study.  

The electrolysis device consists of multiple electrolytic cells of uniform specifications 

connected in parallel to obtain a higher total working current and reaction rate. The 
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energy conversion and output of the electrolysis part are calculated as Equations (A5) and 

(A6) below: 

𝑃𝐸𝐿(𝑡) = 𝑃𝐼𝐸(𝑡) × 𝜂𝐸𝐿 (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ), (A5) 

𝑃𝐼𝐸(𝑡) = 𝑃𝑖𝑛.𝑒(𝑡) × (1 − 𝜂𝑟𝑒𝑐.𝑒) (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ) (A6) 

where 𝑃𝐸𝐿(𝑡) is the working power of the electrolytic cell at t hour and fuel cell. 𝑃𝐼𝐸(𝑡) 

is the input power from wind power at t hour. 𝜂𝐸𝐿 is the average power efficiency of the 

electrolytic cell, which is calculated with the reversible voltage, voltage loss of polariza-

tion, and Faraday efficiency [61]. Therefore, the electrolysis output 𝑃𝐻𝑂(𝑡) of the electrol-

ysis unit at t hour can be simply calculated with low-heat value (LHV) of hydrogen as 

Equation (A7) follows: 

𝑃𝐻𝑂(𝑡) =
𝑃𝐸𝐿(𝑡)

𝐿𝐻𝑉(𝐻2)
(1 ≤ 𝑡 ≤ 𝑇, 𝑡 ≥ ℕ, 𝐿𝐻𝑉(𝐻2) ≈ 33.3), (A7) 

Appendix A.1.4. Hydrogen Storage Model 

The hydrogen in this system does not consider the loss during storage and transmis-

sion, so it is directly measured by electricity with theoretical energy equivalent. The stor-

age of hydrogen 𝑃𝑆𝐻(𝑡) at t hour can be calculated as Equation (A8): 

𝑃𝑆𝐻(𝑡) = 𝑃𝑆𝐻(𝑡 − 1) + 𝑃𝐻𝑂(𝑡) − 𝑃𝐹𝑂(𝑡) 

(
0 ≤ 𝑃𝑆𝐻(𝑡) ≤ 𝑆𝑡𝑎𝑛𝑘, 0 ≤ 𝑃𝑆𝐻(𝑡 − 1) ≤ 𝑆𝑡𝑎𝑛𝑘,

1 ≤ 𝑡 ≤ T, 𝑡 ∈ ℕ
) 

(A8) 

where 𝑃𝑆𝐻(𝑡 − 1) is the stored hydrogen at the last hour and 𝑃𝐻𝑂(𝑡) is the produced hy-

drogen at the t hour and 𝑃𝐹𝑂(𝑡) is the consumed. Both 𝑃𝑆𝐻(𝑡 − 1)  and 𝑃𝑆𝐻(𝑡) cannot 

exceed the maximum capacity 𝑆𝑡𝑎𝑛𝑘 of the hydrogen container. 

Appendix A.1.5. Hydrogen-to-Electricity Conversion Model 

Hydrogen-to-electricity conversion system is another core part of the hydrogen-elec-

tricity conversion path. The calculation for this part is as shown in Equations (A9) and 

(A10) [62]: 

𝑃𝐹𝐶(𝑡) = 𝑃𝐼𝐹(𝑡) × 𝐿𝐻𝑉(𝐻2) × 𝜂𝐸𝐿 × 𝛿𝑡(𝑡)  

(0 ≤ 𝑃𝐼𝐹(𝑡) ≤ 𝑃𝑆𝐻(𝑡), 1 ≤ 𝑡 ≤ 𝑇, 𝑡 ≥ ℕ, 𝛿𝑡(𝑡) = {0,1}) 
(A9) 

𝑃𝐹𝑂(𝑡) = 𝑃𝐹𝐶(𝑡) × (1 − 𝜂𝑖𝑛𝑣.𝑓) (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ) (A10) 

This part of the output control is based on the peak load demand of the power grid 

and the hydrogen inventory at that time. Among them, 𝑃𝐹𝑂(𝑡)  is the actual output of the 

hydrogen power system to the power grid, that is, the result of the fuel cell output 𝑃𝐹𝐶(𝑡) 

being produced by the inverter. 𝜂𝑖𝑛𝑣.𝑓 is the system efficiency loss of the inverter. 𝛿𝑡 is 

the working status index of the fuel cell, which equals 0 or 1. 

Appendix A.1.6. The Relevant Technical Parameters 

The parameters in the optimization task are shown in the following table: 

Table A1. The technical parameters. 

Symbol Meaning Values and Unit 

𝑇 Total time Hour 

𝜂𝑖𝑛𝑣 The system efficiency loss rate of the inverter 2% 
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𝜂𝑟𝑒𝑐 The system efficiency loss rate of the rectifier 2% 

𝐿𝐻𝑉(𝐻2) The low-heat value of hydrogen About 33.3 kWh/kg [63] 

𝜂𝐸𝐿 The system efficiency of the electrolytic cell About 60% [64] 

𝜂𝐹𝐶 The system efficiency of the fuel cell About 55% [65] 

𝐶𝑚𝑎𝑥
𝑤𝑖𝑛𝑑 The maximum output capacity of the wind farm 1,056,000 kW 

𝑟 The share rate of the peak shaving task period to the total grid load 0~100% 

Appendix A.2. System Constraints and Boundary Conditions 

This study constructs a constraint system for optimization work based on three di-

mensions, as follows: 

Appendix A.2.1. Constrain1: Wind Power Balance 

Since the power generated by the wind farm is the only energy source in this system, 

the sum of the power allocated to the two paths in the system should equal the total power 

output of the wind farm, as in Equation (A11) below: 

𝑃𝑤𝑖𝑛𝑑(𝑡) = 𝑃𝑖𝑛.𝑑(𝑡) + 𝑃𝑖𝑛.𝑒(𝑡) (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ), (A11) 

Appendix A.2.2. Constrain2: Facilities’ Power and Capacity 

The system load factor of the electrolytic cell and fuel cell is an important variable for 

system capacity optimization and is calculated as Equation (A12) shown: 

{
𝑅𝐸𝐿 = 𝑃𝐸𝐿(𝑡) 𝑆𝑒𝑙𝑒𝑐⁄  

𝑅𝐹𝐶 = 𝑃𝐹𝐶(𝑡) 𝑆𝑓𝑐⁄
(1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ), (A12) 

During the optimization process, the solver will select the optimal component capac-

ity based on real-time working power changes and the reference theoretical optimal load 

rate. Due to the polarization effect, the optimal load ratio for the efficiency of the electro-

lytic cell and fuel cell is roughly in the range of 60–80% [66]. 

At the same time, as a device for the flow of current into and out of the system, the 

power of the converter also constitutes a limitation to the power, as shown in Equation 

(A13): 

{
 

 
𝑃𝑖𝑛.𝑑(𝑡) ≤ 𝑆𝑟𝑒𝑐𝑡.𝑑
𝑃𝑖𝑛.𝑡(𝑡) ≤ 𝑆𝑖𝑛𝑣.𝑑
𝑃𝑖𝑛.𝑒(𝑡) ≤ 𝑆𝑟𝑒𝑐𝑡.𝑒
𝑃𝐹𝐶(𝑡) ≤ 𝑆𝑖𝑛𝑣.𝑓

 (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ), (A13) 

Similarly, the operating power of the electrolytic cell and fuel cell is also limited by 

the total rated power of the overall capacity, as shown in Equation (A14): 

{
𝑃𝐼𝐸(𝑡) ≤ 𝑆𝑒𝑙𝑒𝑐

𝑃𝐼𝐹(𝑡) × 𝐿𝐻𝑉(𝐻2) ≤ 𝑆𝑓𝑐
 (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ), (A14) 

Considering the security, the hydrogen storage tank will have a 10% security margin, 

as shown in Equation (A15): 

0 ≤ 𝑃𝑆𝐻(𝑡) ≤ 0.9 × 𝑆𝑡𝑎𝑛𝑘, (A15) 

Appendix A.2.3. Constrain3: System Capacity 

In this study, the equivalent storage power of the system’s hydrogen storage tank 

capacity should not be less than half of the sum of the total power of the electrolytic cell 

and the fuel cell. Therefore, its total output power is subject to the following constraints, 

as shown in Formula (A16): 
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𝑆𝑡𝑎𝑛𝑘 ≥ 0.5 × (𝑆𝑒𝑙𝑒𝑐 + 𝑆𝑓𝑐), (A16) 

The total power capacity of the electrolytic cell and fuel cell should not be greater 

than the total power output of the wind farm, as shown in Equation (A17): 

{
𝑆𝑒𝑙𝑒𝑐 ≤ 𝐶𝑚𝑎𝑥

𝑤𝑖𝑛𝑑

𝑆𝑓𝑐 ≤ 𝐶𝑚𝑎𝑥
𝑤𝑖𝑛𝑑  , (A17) 

To prevent the hydrogen storage tank from expanding indiscriminately during the 

optimization calculation, its upper limit is limited to 30 × 24 times the maximum hourly 

hydrogen production to cope with specific high wind power output months, as shown in 

Equation (A18): 

𝑆𝑡𝑎𝑛𝑘 ≤ 30 × 24 × 𝑃𝐻𝑂(𝑡)  (1 ≤ 𝑡 ≤ 𝑇, 𝑡 ∈ ℕ) , (A18) 
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