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Highlights

® This study introduces a multi-dimensional framework for hydrogen station optimization,
combining economic, social, and infrastructural factors, and a hybrid strategy of new and oil-
hydrogen stations to maximize coverage and minimize costs.

® The hydrogen demand in Guangdong will expand from the central region in 2023 to the
northern and eastern areas by 2030 and 2050.

® Key factors influencing hydrogen demand will shift over time, with passenger vehicles and GDP
emerging as primary drivers by 2050.

® \With economic considerations, a hybrid strategy (new and oil-hydrogen combined stations)
achieves the highest demand intensity coverage in 2023. Qil-hydrogen combined stations are
more efficient in 2030, and the hybrid strategy again provides the best coverage by 2050.

® The increase in refuelling station unit costs from 2023 to 2050 is largely driven by longer
transportation distances as stations expand, highlighting the need for decentralized hydrogen
production facilities to control logistics costs.

Abstract

Hydrogen is a promising alternative to fossil fuels in transportation; however, a significant gap
remains between the current number of hydrogen refuelling stations and development targets,
due to challenges in optimizing station locations, accurately forecasting demand patterns, and
minimizing transportation costs. This study develops an integrated economy-society-infrastructure
assessment framework, combining economic, social, and infrastructural factors, to enhance
hydrogen station siting. A simulated annealing-based Maximal Covering Location Problem (MCLP)
model is used to identify optimal strategies for new, oil-hydrogen combined, and hybrid stations.
Additionally, a machine learning approach combining random forest and SVM forecasts hydrogen
demand and station locations for 2030 and 2050. Findings indicate that, as of 2023, stations are
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concentrated in central Guangdong, but by 2030, demand extends to northern, western, and
eastern clusters due to shifts in passenger vehicle use. Oil-hydrogen combined stations are the
most cost-efficient, reducing costs by 17.2% to 18.5% compared to other strategies. However,
average transport costs per station increase from $0.33 million in 2023 to $0.80 million in 2050,
highlighting the need for early expansion of hydrogen production facilities to control future
transportation costs.

Keywords: Hydrogen refuelling station, location optimisation, MCLP, demand prediction, multi-
sources data

1. Introduction

In response to global climate change, major economies are accelerating their transition to a low-
carbon future, with over 130 countries aiming for carbon reductions by 2030 and carbon neutrality
by 2050 or 2060 [1-3]. Hydrogen, with its cleanliness, high calorific value, and broad application
range, is an ideal replacement for fossil fuels.

According to Research and Markets [4], the global hydrogen vehicle market is projected to grow
from 23,000 vehicles in 2024 to 353,000 by 2035 [4]. Strategic placement of refuelling stations is
essential for hydrogen adoption, as their location affects both accessibility and cost efficiency.
Therefore, the integration of optimal siting strategies with demand analysis is crucial for facilitating
the transition of hydrogen to a mainstream energy source.

As China's largest provincial economy, Guangdong has established ambitious goals for hydrogen
development, including plans to construct 300 hydrogen refuelling stations by 2030 and 1,000
stations by 2050, alongside the provision of over 10 million tonnes of hydrogen by 2025 [5, 6].
According to the European Environment Agency, the EU’s energy consumption in 2023 reached
approximately 940 million tonnes of oil equivalent, which is about 3.67 times that of Guangdong
[7, 8]. With its substantial energy demands and population, Guangdong provides an ideal case
study, offering insights that could contribute to global advancements in hydrogen refuelling station
siting models. However, as of now, Guangdong has only 40 operational hydrogen refuelling stations,
falling significantly short of the target of constructing 200 stations by 2023, highlighting the need
for efficient siting to meet demand and support low-carbon infrastructure.

Modelling approaches For hydrogen facility location selection can be broadly categorised into three
principal strands: social and behavioural data analysis, geographic information system (GIS) models,
and operations research (OR) models. Research in social and behavioural data plays a foundational
role in understanding the service objectives of hydrogen stations. This approach often integrates
customer interviews, census data, and secondary vehicle data into tabulated forms to analyse
potential demand patterns and explore drivers' preferences. For instance, Brey et al. conducted an
analysis of hydrogen infrastructure for driver preferences in southern Spain, revealing that distance
was a primary factor influencing drivers’ choice of refuelling station [9].

GIS-based models have become an increasingly prominent tool for accurately assessing the optimal
location of hydrogen refuelling stations, owing to their visualisation capabilities and suitability
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analysis. Ali et al. utilised a GIS-based approach to determine potential hydrogen demand in
Thailand [6]. while Ni et al. employed GIS techniques to depict hydrogen demand distribution
across the United States under different impact scenarios [5]. Despite these models' advantages in
visualising spatial patterns of demand, their lack of robust built-in optimisation algorithms poses
challenges in evaluating the interrelations among impact factors, potentially preventing the
identification of optimal solutions. Consequently, operations research (OR) models for hydrogen
station optimisation can generally be classified into node-based and flow-based models, each
assuming distinct refuelling patterns.

In node-based models, optimal locations are conceptualised as points designed to satisfy demand
within surrounding areas. These nodes serve as reference points for measuring distances or travel
times to potential hydrogen stations. Representative algorithms within this strand include the
covering model, p-median model, p-centre model, flow-intercepting model, and flow-capturing
location model [7]. For instance, Baharom et al. employed the p-median model to evaluate the
relationship between existing refuelling station distances and population demand in Peninsular
Malaysia, using minimum distance as the objective function [8]. Similarly, Glindiiz et al. compared
the demand coverage capabilities of the covering and p-median models in Istanbul, with the goal
of minimising travel distances. Their findings suggested optimal hydrogen station locations by
balancing total travel distances and service coverage [10].

Node-based models adopt a static perspective by treating demand as the weight of specified nodes
[11]. While flow-based models dynamically associate demand with traffic flows, simulating
refuelling behaviours that occur between origins and destinations [7]. The concept behind these
models is to maximise captured flow based on known user flows and driving routes. Flow-based
models are further categorised into flow-capturing location models (FCLM) and flow-refuelling
location models (FRLM). Zhou et al. [12] applied FCLM to design a hydrogen network in the Yangtze
River Delta, optimizing unit costs and expressway coverage while considering transportation
modes and construction cost sensitivity, though demand along expressways was overlooked.
Unlike FCLM, FRLM focuses on maximizing driving range coverage or minimizing facility numbers.
For instance, Nugroho et al. utilized a node-capacitated FRLM to optimize Germany's hydrogen
network for heavy-duty vehicles, estimating 140 stations to meet demand by 2050 [13]. While flow-
based models offer dynamic simulations, node-based OR models deliver a broader perspective on
hydrogen station planning.

While OR models provide robust multi-objective optimization, their limited geographic
representation constrains their applicability in hydrogen station siting. To address this, GIS-OR
integrated models have become prominent, combining GIS's multi-source integration and
visualization capabilities with OR's optimization strengths. For instance, Guzzini et al. [14]
employed the CNR-ITAE model in Italy, merging GIS techniques with mathematical optimization to
refine station siting. The progression of hydrogen station optimization models reflects a shift from
social and behavioural data analysis to GIS-based and OR models, culminating in GIS-OR integration.
This synergy enhances planning efficiency and effectiveness by leveraging the strengths of both
frameworks.



Multi-source data-based hydrogen refuelling station location optimization - a case study of Guangdong, China

The selection of impact factors and their respective weights is critical to the reliability of hydrogen
station location optimization models. Factors are typically identified through literature reviews and
expert consultations [15]. Weighting approaches fall into three categories: subjective, objective,
and hybrid methods, represented by the Analytic Hierarchy Process (AHP), entropy weight method,
and grey correlation method, respectively [16-18]. Subjective weighting methods, such as Ali et
al.’s AHP-based framework, categorize factors into technical, economic, and environmental criteria
but risk bias due to reliance on expert judgment [6]. To counter this, Chisale et al. [19] integrated
the CRITIC method into HOMER for objective weight calculation, enhancing optimization but
potentially leading to rigid assessments [20]. To balance subjectivity and objectivity, Zhang et al.
[21] proposed a CRITIC-DEMATEL-based approach, combining objective quantification with
subjective insights to improve evaluation accuracy and reliability.

The selection of algorithm models is critical in hydrogen station location optimization. Recently,
GIS-OR integrated models have become a popular approach, leveraging GIS's multi-source
integration and visualization capabilities with OR’s optimization strength to improve hydrogen
facility planning. However, existing studies often focus on variables like population, income, and
distance, neglecting broader social factors and customer preferences. Additionally, while hydrogen
station optimization is well-explored, studies on oil-hydrogen combined stations remain limited.
China's "Medium- and Long-Term Plan for Hydrogen Industry Development (2021-2035)" [22]
encourages the use of existing petrol and gas station infrastructure to expand hydrogen refuelling,
highlighting the potential of oil-hydrogen stations.

To address these research gaps, this study establishes a three-dimensional impact factor evaluation
system integrating the MCLP-based OR model with GIS, considering economic, social, and
infrastructural aspects, as well as road distance and urban functionality. A machine learning
algorithm is used to quantify impact factors for hydrogen stations from 2030 to 2050. The impact
of oil stations on siting will be evaluated with three construction strategies: new hydrogen stations,
oil-hydrogen combined stations, and a hybrid approach, assessing both demand coverage and cost
efficiency.

2. Methodology

This study proposes an integrated methodology combining GIS-based analysis with operations
research (OR) models, specifically the Maximal Covering Location Problem (MCLP), to optimize
hydrogen refuelling station locations. Additionally, a machine learning approach using a hybrid
random forest and support vector regression model is incorporated to predict demand and optimal
locations for 2030 and 2050. This predictive model is essential for adapting to future socio-
economic and infrastructure changes. Thereby, the hydrogen station location selection model
consists of four interconnected sub-processes: multi-source data integration, GIS-based analysis,
OR optimization, and future prediction (Fig. 1). A variety of data sources, including socio-economic
indicators, transportation networks, and infrastructural variables, are integrated in GIS for spatial
analysis to reveal the hydrogen demand in Guangdong. The OR optimization phase employs a
simulated annealing-based MCLP model, focusing on maximizing demand coverage and minimizing
transportation costs. Simulated annealing helps overcome local optima, enhancing solution quality
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and economic feasibility. The OR model's results are then visualised through GIS with enhanced
interpretability, allowing for a clearer understanding of potential station locations. For planning
future hydrogen refuelling infrastructure, impact factors are analysed and validated to simulate
projected changes from 2030 to 2050. These simulated future values are incorporated back into
the GIS integration process, promoting further analysis of optimal locations under evolving
conditions. This iterative process not only accounts for present demand but also adapts to
predicted shifts in impact factors, ensuring that the proposed siting model remains both relevant
and effective over time.
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Fig. 1 The overall workflow of hydrogen refuelling station location selection

2.1 Data and sources

This study identifies 17 distinct multi-source datasets and constraints related to hydrogen demand
intensity, which are categorised into three types: POI data, GIS data, and statistical data. These
provide 15 impact factors, classified into infrastructural, social, and economic categories.
Passenger vehicle numbers are added as a social factor. Economic and social factors, such as GDP,
disposable income, and population, are integral to the proliferation of passenger vehicles, as these
factors directly influence vehicle ownership rates. To thoroughly examine the relationship between
passenger vehicles and socio-economic factors, these variables are incorporated as impact factors
in this study. Transportation-related facilities, such as bus terminals, highway toll stations, and
existing hydrogen refuelling stations, are identified as high-consumption scenarios, as they reflect
significant hydrogen demand. Detailed information regarding the identified impact factors is
presented in Supplementary Material Table 1 , while specific parameter settings and their
associated values are shown in Supplementary Material Table 2.

2.2 GISintegration

This study determines hydrogen demand intensity through two sub-processes: constructing urban
hydrogen demand points and identifying impact factors, as shown in Supplementary Material Fig.
1. Urban areas are divided into 1 km x 1 km grid cells, with centroids serving as calculation points
for hydrogen demand intensity. Spatial analysis identifies areas free from legislative restrictions,
providing a detailed demand distribution. Kernel density analysis is used to visualize the spatial
distribution of hydrogen demand, effectively highlighting patterns.
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Impact factor weights are determined using the entropy weight method, which includes data
normalization, proportion calculation, entropy analysis, and redundancy assessment. This
systematic approach ensures objective factor weighting and accurately reflects the relative
influence of each factor on refuelling station siting, facilitating more precise optimization of station
locations.

2.3 Hydrogen demand intensity prediction

Accurate prediction of independent variables is crucial for reliably forecasting hydrogen demand
intensity. This study selects key variables—such as petrol stations, bus terminals, highway toll
stations, GDP, industrial output, population, disposable income, and vehicle ownership—based on
their relevance in existing literature. Historical data from 2001 to 2023 is used to forecast future
values for 2030 and 2050. Four predictive regression models—multiple linear regression, random
forest regression, support vector regression, and a combined random forest-support vector
regression model—are employed to predict impact factors for hydrogen station siting. Missing data
points are filled using linear interpolation, and a 90-10 split is used for training (2005-2021) and
testing (2022-2023).

Model performance is evaluated using three metrics: mean squared error (MSE), coefficient of
determination (R?), and mean absolute percentage error (MAPE). An effective model is indicated
by a lower MSE, lower MAPE, and higher R? (ranging from 0 to 1). Formulas for MSE and R? are
provided in Supplementary Material Eq. 1 to 3.

Hydrogen demand intensity is calculated as a weighted sum of kernel density estimates derived
from forecasted independent variables, such as population and petrol stations. The entropy weight
method assigns weights to each factor through normalization, entropy calculation, and
diversification degree determination. These weights reflect the relative importance of each factor
in influencing hydrogen demand intensity. Finally, demand intensity values are calculated by
multiplying kernel density values with their respective weights, providing a spatially explicit
forecast for infrastructure planning.

2.4 OR optimisation

This study develops a bi-objective MCLP model integrating simulated annealing and a greedy
algorithm to optimize hydrogen refuelling station locations under three construction strategies: (i)
new hydrogen stations only, (ii) oil-hydrogen combined stations only, and (iii) a mix of both. The
model aims to maximize demand coverage while minimizing transportation costs, balancing
accessibility and economic efficiency. According to Fuel Cells Works and Guangdong Development
and Reform Commission [23, 24], the planned hydrogen refuelling stations are 200, 300, and 1000
in 2023, 2030 and 2050, respectively. Considering that 40 hydrogen refuelling stations are already
operational as of 2023 (as shown in Supplementary Material Table 1), the model in this study
specifically addresses the incremental construction of stations—thus, 160 additional stations in
2023, 260 additional stations by 2030, and 960 additional stations by 2050—to achieve these

strategic targets.

The bi-objective optimization problem maximizes demand coverage while minimizing
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transportation costs from production plants to stations. The Pareto-optimal approach ensures
efficient station deployment, as expressed in Eq. 1:

max)iL;C;, min}XL; T (1)
Where, C; is the demand intensity coverage of single hydrogen refuelling station, which is the total
demand intensity under refuelling station service radius, which:

Ci = XjLa(ps x mr? X XL, wy X figj) (2)
Where, p; represents the kernel density estimate for each demand point, r is the hydrogen
refuelling station service radius, wy are the weights of the impact factors, fy ; is the value of each
impact factor at demand point j and m is the total number of impact factors considered in the
calculation.

T; is the hydrogen transportation cost, which:
T; = d; X H; x P(d;) (3)

Where, d; is the distance between hydrogen production plant and refuelling station. P(d;) refers
to the unit transport cost (S/kg per km), detailed in Supplementary Material Table 3. Tube trailers,
pipelines, and liquid trucks are common hydrogen transportation methods, with tube trailers
identified as the most cost-effective in this research. The transportation cost for tube trailers is
used in subsequent analyses. The total hydrogen amount assigned to a refuelling station, H; is
defined as:

Ci
total demand intensity

H; = total hydrogen X (4)

The greedy algorithm incrementally selects sites to maximize coverage and minimize costs.
However, its limitation of premature convergence to local optima is addressed by integrating
simulated annealing, which accepts suboptimal solutions to explore a broader solution space,
improving the chances of finding a global optimum. Parameter settings are provided in
Supplementary Material Table 4.

3. Results and discussions

3.1 Performance evaluation of the prediction models

Accurate forecasting of hydrogen infrastructure demand is crucial for optimal refuelling station
placement. Four prediction models were analysed for forecasting hydrogen demand intensity-
related POl data. The random forest-support vector regression (RF-SVR) model outperforms others
in most POI categories, achieving lower MSE, MAPE, and higher R? scores. For example, RF-SVR
achieves the lowest MSE (3.23) and MAPE (24.98%) in petrol station prediction, outperforming
individual SVR and Random Forest models. SVR performs well for petrol stations but shows higher
errors for bus terminals (MSE = 12.99). Random Forest provides reasonable predictions for petrol
stations but performs poorly for highway toll stations (R? = 0.01). RF-SVR enhances accuracy,
reliability, and explanatory power across POI categories, making it a robust model for predicting
hydrogen demand intensity based on socio-economic and infrastructural factors.
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Table 1. The MSE, R? and MAPE of POI data under different prediction model.

Petrol station Bus terminal station Highway toll station
Multiple linear regression  5.6/0.07/44.43%  8.96/0.20/43.07% 5.09/0.11/45.96%
Random forest regression 3.72/0.29/33.84% 5.63/0.49/32.88% 5.79/0.01/27.36%
Support vector regression  3.67/0.29/42.80% 12.99/0.15/33.06% 4.82/0.16/34.72%
Random forest-support 3.23/0.38/24.98% 7.12/0.37/19.91% 4.94/0.14/24.98%
vector regression

3.2 Prediction accuracy of socio-economic statistical data

The reliability of socio-economic data predictions is crucial for estimating hydrogen demand
intensity. The RF-SVR model is used to predict key factors like population, GDP, industrial output,
and vehicle ownership. Model performance, evaluated with MSE, R?, and MAPE metrics (Table 2),
shows high accuracy for population (MSE = 0.002, MAPE = 1.12%), GDP (MSE = 0.86, MAPE = 2.22%),
and disposable income (MSE = 2.11, MAPE = 2.44%). In contrast, predictions for freight and
passenger vehicles show higher errors, with MSE values of 4.06 and 6.51, and MAPE values of 7.37%
and 6.94%. Despite a lower R? for disposable income (0.92), the model remains robust, with strong

explanatory power for other variables, especially population, GDP, and industrial output.

Table 2. The MSE, R2and MAPE of statistical data under Random forest-support vector regression
based prediction model.

Population  Freight Passenger  GDP Gross Disposable
vehicles vehicles industrial income
output
MSE 0.002 6.51 4.06 0.86 6.11 2.11
R? 0.99 0.99 0.97 0.99 0.99 0.92
MAPE 1.12% 7.37% 6.94% 2.22% 5.96% 2.44%

3.3 The distribution of hydrogen related facilities and its demand intensity

Hydrogen-related factors and their weights are crucial for determining demand intensity. Fig. 2 (left)
shows the study area, covering 15,527 km? (8.73% of Guangdong’s total area). It is divided into 1
km x 1 km grid cells, resulting in 15,663 demand points. In 2023, the area has 40 hydrogen
refuelling stations, 5,727 petrol stations, 2,567 highway toll stations, 2,300 bus terminals, and 7
hydrogen production stations (Fig. 2 right). The data shows that both hydrogen refuelling and
production facilities are concentrated in central Guangdong, with limited coverage in peripheral

regions.
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The weights of impact factors for hydrogen refuelling station siting are derived using entropy
analysis, which quantifies each factor's importance based on its informational contribution and
variability. The entropy weighting method calculates the proportions of standardized indicators,
measures their variability (entropy values), and assigns higher weights to factors with lower
entropy. Notably, bus terminals are identified as the highest-priority factor, indicating that buses
are the most significant hydrogen-consuming vehicles influencing refuelling station locations,
followed by highway toll stations (11%). Freight and passenger vehicles together account for 10%,
with freight vehicles contributing 6% and passenger vehicles 4%.
Table 3. The weight of impact factors in 2023.

Impact factors Weights

Bus terminal station 24%

Highway toll station 11%

Vehicles (freight and passenger vehicles) 10% (6% and 4%)
GDP 10%

Gross industrial output 10%

Distance to road 10%

Population 9%

Petrol station 9%

Disposable income 7%

3.3.1 The spatial-temporal evolution of hydrogen demand intensity

Hydrogen demand intensity across Guangdong is mapped in Fig. 3. From 2023 to 2050, demand
shows distinct spatial-temporal variations, driven by economic and transport infrastructure
changes. In 2023, demand is concentrated in the Pearl River Delta. By 2030, it expands to northern
and eastern regions, becoming more evenly distributed by 2050, with significant increases in
demand intensity. This evolving pattern underscores the need for adaptive refuelling station siting
strategies to meet growing demand across Guangdong.
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Fig. 3 The hydrogen demand intensity (top left: 2023, top right: 2030, bottom left: 2050)

3.3.2 Analysis of the Evolutionary Trends of Future Hydrogen Demand Drivers

Over the long-term forecast horizon (2023-2050), significant shifts occur in the primary drivers
influencing hydrogen demand intensity. Initially, in 2023, highway toll stations and bus terminals
are the most influential factors, with coefficients of 0.41 and 0.32, respectively, highlighting the
importance of transportation infrastructure in the early stages of hydrogen adoption (shown in
table 4). However, by 2050, the impact shifts towards GDP and passenger vehicles, with coefficients
of 0.15 and 0.08, respectively. This shift suggests that as hydrogen becomes more integrated into
the economy, overall economic activity and passenger vehicle adoption become more prominent
drivers of demand. This transition underscores a broader adoption of hydrogen in the
transportation sector, with a growing emphasis on passenger vehicle demand, as well as a move
from infrastructure-related factors to economic and consumer-driven factors, indicating a more
mature hydrogen market in 2050.
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Table 4. Impact factors coefficients in 2023, 2030 and 2050

2023 2030 2050
Passenger vehicles 0.05 0.06 0.08
Freight vehicles 0.05 0.05 0.02
GDP 0.05 0.04 0.15
Industry GDP 0.02 0.04 0.04
Population 0.02 0.01 0.04
Disposable income 0.00 0.01 0.00
Petrol stations 0.09 0.14 0.13
Highway toll stations  0.41 0.40 0.34
Bus terminals 0.32 0.26 0.21

3.4 The analysis of optimal hydrogen refuelling station

This section compares three hydrogen refuelling station construction scenarios: (i) new stations, (ii)
oil-hydrogen combined stations, and (iii) a hybrid approach, based on two objectives: (a)
maximizing demand coverage without economic considerations and (b) maximizing coverage while
minimizing transportation costs with economic considerations. The analysis begins with predicting
optimal hydrogen production station locations for 2030 and 2050 to assess economic feasibility,
followed by evaluating demand coverage in 2023, 2030, and 2050.
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The optimal location of hydrogen production stations is crucial for cost-efficient siting of refuelling
stations, as transportation costs between production and refuelling sites significantly impact
overall operational economics. According to Guangdong's hydrogen industry plan, at least 10

11



Multi-source data-based hydrogen refuelling station location optimization - a case study of Guangdong, China

production stations are expected by 2030, with 30 planned by 2050. As of 2023, seven stations are
operational, mainly in central Guangdong. Using a greedy algorithm-based MCLP model, optimal
locations were predicted, showing a shift from central to western and eastern regions by 2050 (Fig.
4). This highlights the importance of decentralised infrastructure to improve coverage and cost
efficiency, with production facilities expanding to meet future demand."

3.4.1 New build of hydrogen station analysis

Hydrogen demand intensity and associated optimal station locations exhibit distinct spatial
dynamics from 2023 through 2050. The spatial distribution of newly constructed hydrogen
refuelling stations from 2023 to 2050, with a comparative analysis based on whether economic
factors are taken into account (seen in Supplementary Material Fig. 2 ). According to the hydrogen
industry development plan, a total of 160 hydrogen refuelling stations are required by 2023. As
hydrogen demand and production are heavily concentrated in the central region of Guangdong,
there is minimal difference between the scenarios with and without economic considerations in
2023. However, to facilitate the expansion of hydrogen applications from 2030 onwards, the
optimal placement of hydrogen production stations shifts towards areas with higher demand. This
leads to a more significant concentration of hydrogen refuelling stations around these production
hubs when economic factors are considered. This trend is particularly evident in the western region
of Guangdong by 2030, and subsequently in the eastern region by 2050, reflecting the evolving
geographic focus of hydrogen infrastructure development over time.

3.4.2 Oil-hydrogen station analysis

The optimal location of oil-hydrogen stations follows different development pathways under
economic and non-economic scenarios. The Supplementary Material Fig. 3 illustrates the spatial
distribution of these stations from 2023 to 2050. In 2023, stations are concentrated around central
Guangdong, driven by hydrogen production locations and centralized demand. Differences
between economic and non-economic scenarios are minimal at this stage, as the focus is on
consolidating the network in high-demand areas. By 2030, the divergence becomes clearer. Under
economic considerations, stations cluster around production centres and high-demand regions,
especially in central and western Guangdong, optimizing efficiency and return on investment. In
contrast, the non-economic scenario shows a broader spread, with stations reaching peripheral
areas. By 2050, the economic scenario further centralizes stations in high-demand regions,
particularly in eastern Guangdong, emphasizing efficiency. The non-economic scenario, however,
spreads stations more widely, ensuring broader accessibility across both high- and medium-
demand areas, including remote western regions.

3.4.3 New and oil-hydrogen station analysis

In the distribution of the new and oil-hydrogen refuelling stations construction strategy in
Guangdong under scenarios with and without economic considerations. The network expands
progressively from a concentrated distribution in 2023 to a more dispersed arrangement by 2050
(seen in Supplementary Material Fig. 4). In 2023, stations are clustered around central Guangdong,
where hydrogen demand is highest. The difference between the two scenarios is minimal,
reflecting the focus on building a core network. By 2030, economic considerations drive a more
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strategic placement of stations in high-demand regions with existing infrastructure, while the non-
economic scenario shows a broader spread into areas with lower demand intensity. By 2050, both
scenarios expand further, with the economic strategy focusing on high-demand areas like eastern
Guangdong, while the non-economic scenario prioritizes accessibility. Compared to Oil-hydrogen
station strategy, the hybrid strategy demonstrates how combining new and existing infrastructure
creates a more balanced refuelling network, optimizing both demand coverage and infrastructure
costs.

3.4.4 Demand coverage analysis of hydrogen refuelling station construction strategies

Demand intensity and point coverage are key indicators for assessing the effectiveness of hydrogen
refuelling station locations. The projected coverage under different construction strategies for 2030
and 2050 is provided in Supplementary Material Table 5. The results indicate that increasing the
number of stations improves both coverage indicators. For instance, under the hybrid strategy
(new and oil-hydrogen refuelling stations), demand point coverage rises from 20.87% in 2030 to
49.11% by 2050 with economic constraints, while demand intensity coverage increases to 63.65%
under economic considerations and 64.49% without.

The hybrid strategy consistently outperforms the other strategies, achieving the highest demand
point coverage (49.11% with economic constraints and 50.25% without) and demand intensity
coverage, exceeding 63% in both cases. This success is attributed to the combination of new

stations and existing infrastructure, which offers cost-effective deployment and extended coverage.

In contrast, new stations alone reach 49.07% demand point coverage by 2050, while the oil-
hydrogen hybrid strategy achieves 46.35%, showing lower coverage efficiency but still providing a
viable option where conversion of existing infrastructure is more cost-effective than new
construction.

Economic considerations play a significant role in shaping these outcomes. Initially, economic
constraints limit coverage, reflected in lower percentages across all strategies. However, by 2050,
the differences between economic and non-economic scenarios diminish, suggesting that long-
term infrastructure expansion reduces the impact of these limitations. This trend is especially
evident in demand intensity coverage, where the hybrid strategy shows minimal difference
between the economic (63.65%) and non-economic (64.49%) scenarios, indicating that as the
network matures, the influence of economic factors lessens.

The distribution of new hydrogen-only and oil-hydrogen combined refuelling stations under
economic and non-economic scenarios (Supplementary Material Table 6) highlights significant
differences driven by economic considerations. Under economic constraints, more new hydrogen-
only stations are allocated to reduce transportation distances and costs, as these stations can be
located closer to demand points and production sites. In contrast, without economic factors, the
proportion of oil-hydrogen combined stations increases due to the lower initial costs and
construction ease of leveraging existing petrol station infrastructure. Over time, particularly by
2050, the increased allocation of oil-hydrogen combined stations reflects a strategic shift towards
retrofitting existing petrol stations as hydrogen technology matures. Thus, economic factors
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influence station-type decisions, balancing hydrogen coverage and cost-effectiveness over time.

3.4.5 Economic evaluation of hydrogen refuelling station construction strategies

Understanding transportation costs is critical for hydrogen infrastructure planning. This analysis
compares transportation costs for three strategies: new hydrogen stations, oil-hydrogen combined
stations, and a hybrid approach (see Supplementary Material Table 7). Detailed calculations are
provided in Section 2.4 and Supplementary Material Table 3.

In 2023, oil-hydrogen refuelling stations exhibit the lowest unit cost at $336,747.4 per year, while
the hybrid strategy incurs a slightly higher cost of $399,081.0 per year. By 2030, new hydrogen
stations become the most expensive at $748,343.3, reflecting the growing transportation demand.
In 2050, oil-hydrogen stations remain more cost-effective ($800,035.3) compared to the hybrid
strategy ($1,106,164.5), which incurs higher long-term costs due to the complexities of maintaining
both systems.

The increase in transportation costs is primarily attributed to the growing distance between
hydrogen production stations and refuelling sites. As the hydrogen network expands, especially by
2030 and 2050, the increased transportation distance results in higher costs. For new hydrogen
refuelling stations, this sharp rise in costs may stem from the insufficient proximity to meet
refuelling demand efficiently. The hybrid strategy, integrating both new and oil-hydrogen refuelling
stations, also experiences significant cost increases by 2050 due to longer transportation distances
and the need to reach more dispersed locations. This scenario places further pressure on existing
hydrogen production facilities. In contrast, oil-hydrogen refuelling stations, leveraging existing oil
infrastructure, experience a more moderate rise in transportation costs, suggesting they remain
more cost-effective in regions where hydrogen production capacity is still under development.

4, Conclusion and limitation

4.1 Conclusion

This study proposes an economy-society-infrastructure impact factor assessment system for a GIS-
OR-based model optimizing hydrogen refuelling station locations. A key innovation is the model
integrates economic, social, and infrastructural factors, improving demand intensity coverage and
minimizing transportation costs. A hybrid strategy combining new and oil-hydrogen refuelling
stations balances demand coverage and cost. A machine learning approach using random forest
and support vector regression forecasts optimal station locations for 2030 and 2050. Findings show
that demand, concentrated in central Guangdong in 2023, will spread across the region by 2050,
shifting from freight to passenger vehicles and from industrial GDP to overall GDP.

As the number of stations increases, coverage improves regardless of economic constraints. The
combined strategy of new and oil-hydrogen stations achieves the highest demand coverage,
reaching 63.65% with economic constraints and 64.49% without by 2050. Oil-hydrogen stations
have the lowest transportation costs, estimated at $0.33 million per station per year in 2023, rising
to $0.80 million by 2050. Given the rise in transportation costs alongside station expansion, it is
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recommended that additional hydrogen production facilities be developed to support the growing
refuelling network and avoid inefficiencies.

4.2 Contributions and limitations

This research develops an integrated optimization framework that considers economic, social, and
environmental factors. Unlike existing studies focused on limited factors, it incorporates
transportation infrastructure, economic dynamics, and user preferences. The study employs a
hybrid machine learning approach, combining random forest and support vector regression, to
forecast hydrogen demand and key impact factors for 2030 and 2050, ensuring future adaptability.
It also compares three hydrogen refuelling station strategies—new, oil-hydrogen combined, and
hybrid—evaluating economic efficiency and demand coverage for strategic decision-making.

However, the study has limitations. It does not account for external policy factors, such as subsidies,
land-use restrictions, or public acceptance, which could affect station siting. Future research should
consider these elements. Additionally, long-term forecast accuracy depends on historical data and
assumptions, highlighting the need for continuous verification and data updates to enhance
predictive reliability.
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