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SUMMARY

Reducing the cost of hydrogen fuel cell technology is crucial in propelling the hydrogen economy and
achieving decarbonized energy systems. This study identifies the hydrogen fuel cell cost trajectory through
a multi-stage learning curve model, highlighting technology learning mechanisms across different stages.
Findings show that innovation and production contribute to cost reduction, and the learning by researching
holds a more significant role presently, while the learning by doing takes precedence in the long term,
achieving a 14% learning rate. The cost predictions imply that the system cost of hydrogen fuel cell is ex-
pected to fall below 1,000 yuan/kW after 2031. Moreover, the scenario analyses highlight the conducive
role of various hydrogen production technologies and the evolution of cost influencing factors on cost reduc-
tion. Our research provides critical insights into the evolving dynamics of technological learning and cost tra-

jectory in the hydrogen fuel cell industry, with significant implications for policy-making.

INTRODUCTION

Achieving the goal of deep decarbonization in energy systems
necessitates the advancement of clean and affordable energy
technologies.'*® Hydrogen offers a potential solution to the in-
dustrial decarbonization dilemma.>* It is pivotal in attaining
zero emissions, holding promise as an economically viable clean
energy solution for the future.® Hydrogen fuel cell can connect
the hydrogen energy and electricity market by converting fuel
chemical energy into electricity in a clean and efficient manner.®
Recent years have seen the rapid diffusion of hydrogen fuel cell
in transportation, distributed power generation, and energy stor-
age.”® However, the high cost is still one main challenge in pro-
hibiting hydrogen applications. Reducing the cost of fuel cells is
crucial for enhancing the viability and sustainability of the
hydrogen economy, facilitating the wider adoption of hydrogen
within the energy system and accelerating the energy transi-
tion.>'° The reduction in hydrogen fuel cell technology cost
has attracted increasing attention.’""'2

Understanding the cost dynamics of promising clean energy
technologies is essential for accelerating the deep decarbon-
ization process.'® Different tools have been applied to study
hydrogen cost, including levelized cost calculation,'*® life cy-
cle cost model,'® and learning curve model.'”"'® Among these,
the learning curve method describes the technology learning
mechanisms and enables identifying the key learning source
for cost reduction, which helps predict future cost trends. Tech-
nology learning is crucial for both cost analysis and advancing
technological development.'® This approach illustrates that the

unit cost of the technology tends to decrease as the technology
develops and production experience accumulates, which has
been widely used in the cost mechanism analysis of energy
technology.?®?" The single-factor learning curve method pro-
posed by Wright®” is used to measure the cost changes caused
by the experience accumulation during the technology devel-
opment,”® such as the accumulation of production and technol-
ogy deployment.?*?®> Two-factor learning curve model further
considers the R&D factors, such as R&D investment,?® knowl-
edge stock,”” and technological innovation.?® It distinguishes
between learning by doing and learning by researching, which
offers a detailed depiction of the technological and cost evolu-
tion.>® The learning by researching (LBR) in learning curve
shows that technological innovation will affect the cost, and
technology patent is one of the important indicators.*®>' The
increase of technology patent means the accumulation of inno-
vation, which usually promotes the technology advancement
and reduces the cost. By quantifying the impact of innovation
on costs, it can reasonably predict how costs will fall as techno-
logical progress increases.>” The learning by doing (LBD) sug-
gests that as cumulative production increases, production be-
comes more efficient, further bringing economies of scale and
thus reducing cost. Zheng et al.*® and Kittner et al.?® showed
that the increase in technology patents and cumulative produc-
tion could account for the cost reduction of energy technology.
Based on these findings, we may conclude that the cost reduc-
tion of hydrogen fuel cell, as a rapidly developing energy tech-
nology, is influenced by factors such as technological innova-
tion and production scale. Hence, in light of these factors, the
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learning curve models serve as an effective tool for assessing
its cost trajectory.

However, applying these tools to the study of fuel cell cost
proves more challenging due to the relatively narrow application
areas and limited availability of data. Research has discussed
the technical challenges and opportunities of fuel cell in future en-
ergy tasks from a cost perspective.>* Studies have explored the
economics and cost trends of hydrogen fuel cell in the main appli-
cation field of transportation, specifically from the perspective of
hydrogen cost.*>*° Others have discussed total cost of ownership
for hydrogen fuel cell vehicles.®”*® The existing cost analysis of
hydrogen fuel cellis mainly from a single perspective of production
and focuses on a limited application coverage, and the cost trajec-
tory analysis under multiple dimensions of innovation, production,
and policy remains unclear. While these studies reveal the eco-
nomic potential of hydrogen fuel cell technology, they have not
yet fully considered the combined impact of technological devel-
opment stage and other influencing factors on the cost reduction.
Less research has systematically determined the cost path of
hydrogen fuel cell. The development of hydrogen fuel cell is a
nonlinear process involving multiple factors. It is of practical signif-
icance toidentify and test the influence mechanisms of the key fac-
tors and their effects on cost trend. Therefore, considering the cur-
rent state of technological development, it is necessary to take the
method that covers the technical stages and influencing factors to
analyze the cost evolution of hydrogen fuel cell itself.

Governments worldwide have implemented policies and
programs to support the development of hydrogen fuel cell tech-
nology. Policy supports from the promotion of technological
progress,®® technology application,*® and infrastructure deploy-
ment,”"**? have promoted technological advancement and cost
reduction. Meanwhile, with the growth of market demand, the
commercialization of hydrogen fuel cell technology has acceler-
ated significantly worldwide. However, the high cost remains one
of the major challenges in the transition to large-scale applications
inthe global market, making effective cost reduction a critical issue
that requires attention. Considering the regional variations in tech-
nology development, it is also crucial to understanding cost evolu-
tion pattern associated with regional technological factors. As one
of the world’s leading hydrogen energy producers and markets,
China is also currently at an accelerated stage of hydrogen fuel
cell technology innovation and application. For instance, accord-
ing to the International Energy Agency (IEA)’s Global EV Outlook
2023, China has more than 95% of the world’s hydrogen fuel cell
trucks and nearly 85% of the world’s fuel-cell buses. This fact high-
lights China’s pivotal role in driving the adoption of hydrogen fuel
cell. Reducing the cost of hydrogen fuel cellin Chinais not only crit-
ical for domestic deployment but also for promoting the global
development of the industry. Therefore, identifying the key factors
driving global hydrogen fuel cell cost reduction and proposing so-
lutions that integrate regional realities with technological develop-
ment dynamics, in order to effectively lower global hydrogen fuel
cell costs, is an urgent issue that must be addressed.

Based on the aforementioned, we focus on the hydrogen fuel
cell technology cost pathways in China. This study aims to pro-
pose an improved framework for analyzing hydrogen fuel cell
cost trajectory by integrating both regional technology attributes
and industrial policies. Specifically, this research focuses on sys-
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tematically analyzing the diverse cost impact mechanisms of
technological innovation and cumulative production across the
hydrogen fuel cell development stages. It further examines the
contributions of key factors to cost reduction through the appli-
cation of the learning curve model and explores the future evolu-
tionary path of hydrogen fuel cell cost.

This study generates three potential contributions. First, this
paper proposes a multi-stage technological learning framework
for analyzing the cost of emerging technologies with limited data.
Focusing on hydrogen fuel cell technology, we specifically track
the technology learning rates in the initial stage, the accelerated
demonstration stage, and the application scale expansion stage,
respectively. The staged dynamic cost analyses provide a more
accurate reflection of evolving market trends. Second, our work
examines the influence mechanisms and structural changes in
the cost-driving factors of hydrogen fuel cell technology across
different stages, with a focus on separately analyzing the various
impacts of innovation and cumulative production on cost reduc-
tion. Combining the learning by researching and learning by do-
ing processes, we further develop a multi-stage learning curve
model with a bottom-line cost to clarify the evolution of the
hydrogen fuel cell cost paths. Third, we integrate both regional
technology attributes and industrial policies into our discussion
of future cost projections. By considering variations in hydrogen
production technology adoption, innovation activities under the
demonstration policy effects, and fuel cell application scale,
we provide practical insights into regional solutions for acceler-
ating global hydrogen technology learning and cost reduction.

Our findings indicate that with the continuous increase of tech-
nological innovation and cumulative production, the system cost
of hydrogen fuel cell technology has decreased significantly. The
contribution of technological innovation to the cost reduction is
greater in accelerated demonstration stage, with an LBR rate
of 48%. After 2030, the cost reduction will primarily depend on
increased cumulative production, with the LBD rate of 14%.
The cost predictions indicate that hydrogen fuel cell system
cost in China will be less than 1,000 yuan/kW in 2032, with a
slower cost decline rate in subsequent years. In the application
scale expansion stage, the adoption of solid oxide electrolytic
cell technology will make the cost of hydrogen fuel cell more ad-
vantageous, and the increase of fuel cell production will be more
favorable to the improvement of cost competitiveness. These
findings offer valuable insights for energy decarbonization in
fuel cell technology advancements and clean energy industry
development forecast.

RESULTS AND DISCUSSION

Calculation of learning rate

In order to analyze the main learning mechanisms and learning
rates of hydrogen fuel cell technology in different stages in China
(shown in Figure 1), this study describes the development stages
and cost analysis strategy of fuel cell technology (see method
details). Based on the data of hydrogen fuel cell system cost
(from Intelligence Research Group and China Association of
Automotive Engineers), the number of patents in China (from
IncoPat database) and the cumulative installed capacity in China
(from the Ministry of Industry and Information Technology of
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China), we calculated the elasticity coefficients and learning
rates in different stages. Specifically, we first adopted one-factor
learning curve model for stage 1 and stage 3. According to the
estimation shown in Table 1, the learning rate in stage 1 is
39.4%, which means when the technological innovation is
doubled, the cost will be reduced by 39.4%. In stage 3, the
learning rate is 14.1%, that is, when the cumulative production
is doubled, the cost of hydrogen fuel cell system will be reduced
by 14.1%. In the two-factor learning curve model adopted for
stage 2, the LBR rate and LBD rate are 48% and 3%, respec-
tively. It implies that technological innovation has a greater
impact on cost than cumulative production in this stage, result-
ing in more significant cost reduction. The p value of the coeffi-
cients are statistically significant for both technology innovation
and cumulative production in different stages, with the value of
R? exceeding 0.56. It indicates that the two factors have signifi-
cant effects on the cost, and our model has a good fit.

Stage 1: The role of learning by researching (before
2015)

During stage 1, since there are no records of installed capacity
before 2015, we can track the cost changes of hydrogen fuel
cell technology using the patent applications. The technology
evolution of hydrogen fuel cell was primarily driven by technolog-
ical innovation before 2015. The patents have continued to grow
with the support of China’s R&D policies and promote technol-
ogy upgrading and cost reduction. Our calculation of the learning
by researching rate can accurately measure the contribution of
technological innovation to the reduction of the cost of hydrogen
fuel cell technology. The effect of LBR shows that when the num-
ber of patents doubles, the cost of hydrogen fuel cell systems will
be reduced by 39.4%.

Stage 2: The role of learning by researching and learning
by doing (2015-2030)

In the stage 2, we measure the effect of technological innovation
and cumulative production on cost changes through LBR rate

Main learning mechanism

Learning-by-doing

Learning-by-researching
Learning-by-doing

Learning-by-researching
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Figure 1. Multi-stage development process
of hydrogen fuel cell technology

The figure illustrates three distinct stages of
technology development, and each characterized
by diverse technology learning mechanisms.

and LBD rate, with learning rate of 48%
and 3% for the two factors, respectively.
The learning rates show that when the
number of patents is doubled, the cost
of hydrogen fuel cell system is reduced
by 48%, and when the cumulative
installed capacity is doubled, the cost is
reduced by 3%. During this period,
technological innovation will continue
playing a significant role in cost reduc-
tion, with cumulative production in-
creasement contributing relatively less
to cost in comparison. Notably, China’s
hydrogen fuel cell production started relatively late and the com-
mercial applications is still not yet mature, and there is consider-
able potential for production improvements that could lead to
cost reductions in the future.

Stage 3: The role of learning by doing (after 2030)

In the stage 3, the market scale of the technology continues to
expand. Our model mainly considers the role of learning by doing
after 2030 since the Chinese government has set a goal of arela-
tively complete hydrogen energy industrial system by 2030.
Hydrogen fuel cell technology has experienced significant
growth in terms of installed capacity since 2015. The installed
capacity has increased substantially, rising from 0.6 MW in
2015 to 507 MW in 2022. We analyze the contribution of cumu-
lative installed capacity to hydrogen fuel cell system cost reduc-
tion, which is measured by the LBD rate. The learning rate
showed that hydrogen fuel cell system cost will be reduced by
14.1% due to LBD effects when the cumulative production of
hydrogen fuel cells doubles.

The important contribution of technology deployment to cost
reduction has been acknowledged in previous studies.?**"*
The deployment of hydrogen refueling stations is deemed an
indispensable infrastructure for the hydrogen fuel cell technology
development in the long term.*® According to the China Energy
Bureau, the number of hydrogen refueling stations in China
was only four in 2015 and exceeded 100 in 2020, with a total
of 128 stations built, and the number of hydrogen refueling sta-
tions has reached as many as 310 in 2022, reflecting a remark-
able growth trend.

To avoid statistical bias from omitted variables, we also
constructed a three-factor learning curve model incorporating
technology innovation, cumulative production and technology
deployment in stage 2. We used the number of hydrogen refuel-
ing stations (from China Energy Bureau) as a proxy variable for
technology deployment.®* The results of the elasticity coeffi-
cients are shown in Table 1 column (5), where we find that the ef-
fect of technological innovation on fuel cell system cost is still
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Table 1. Results of one-, two-, and three-factor models
One-factor models Two-factor model Three-factor model
Stage 1 Stage 3 Stage 2 Stage 2
(1) @) 3) (4) (5) (6) (7) (8)
Innovation —0.723** 2.964** —1.076*** —0.717** —0.787** —0.777** —0.815"**
(0.096) (1.070) (0.030) (0.202) (0.219) 0.217) (0.057)
Installed capacity -0.219** —0.036** —0.003 —0.049** —0.049** —0.048*
(0.066) (0.011) (0.029) (0.016) (0.015) (0.015)
Deployment —0.143
(0.112)
Competition —1.037 —1.449 —0.596
(6.932) (7.179) (4.266)
Cons 7.759** 3.271* —17.631* 10.371* 8.191™ 8.564"* 8.489*** 8.762***
(0.583) (0.357) (8.140) (0.231) (1.240) (1.508) (1.495) (0.360)
F 29.470 10.900 7.680 633.970 476.330 323.610 325.090 323.380
Prob>F 0.000 0.016 0.032 0.000 0.000 0.000 0.000 0.000
R? 0.890 0.645 0.561 0.996 0.997 0.996 0.996 0.996
Adj.R? 0.875 0.586 0.488 0.994 0.995 0.993 0.993 0.993

The columns (3) and (4) show the regression results of Equation 5 and Equation 6, respectively. The explained variable is the cumulative installed ca-
pacity in column (3) and the fuel cell system cost in all other columns. Statistical significance was determined by ordinary least squares (OLS) regres-
sion: *p < 0.1, *p < 0.05, ***p < 0.01, and standard error of coefficients is displayed in parentheses.

significant, while the effects of cumulative production and tech-
nology deployment are insignificant. Meanwhile, we conducted
a collinearity test and the variance inflation factor (VIF) of the
three-factor learning curve model showed obvious multicolli-
nearity (VIF = 55).

In addition, the intensification of market competition may
affect the cost of a certain technology by promoting techno-
logical progress, expanding market scale, strengthening
learning effect and more.**™*® To characterize the market
competition for hydrogen fuel cell technology, first, we
considered the competition of hydrogen fuel cell vehicles
with electric vehicles in transportation sector,*” and we
used two metrics. One is the ratio of sales of hydrogen fuel
cell vehicles to sales of electric vehicles (battery electric
vehicle [BEV] and plug-in hybrid electric vehicle [PHEV]),
and the other is the proportion of sales of hydrogen fuel
cell vehicles in new energy vehicle sales (fuel cell electric
vehicle [FCEV], battery electric vehicle [BEV], and plug-in
hybrid electric vehicle [PHEV]). Second, we considered three
technologies within the technical route of hydrogen produc-
tion technology.*® Considering the current mainstream water
electrolysis for hydrogen production, we searched the pat-
ents of alkaline (ALK), proton exchange membrane (PEM),
and solid oxide electrolysis cell (SOEC) using the keyword
strategy (“water electrolysis, “hydrogen production”, “alka-
line electrolyzer” for ALK; “proton exchange membrane
electrolyzer” for PEM; and “solid oxide electrolytic electro-
lyzer” for SOEC) and calculated the market concentration
using the Herfindahl-Hirschman index based on the patent
share.*%-°°

Based on the aforementioned, we further constructed the
three-factor learning curve models covering innovation, cumula-
tive production, and competition, and the estimated results are
shown in column (6), (7), (8) of Table 1, respectively. We find
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that the influence of competition factor is insignificant, and the
models (6) and (7) have significant multicollinearity with VIF
values of 32 and 31. Therefore, the single-factor and two-factor
models constructed in this study are more effective in explaining
the change in hydrogen fuel cell technology cost compared to
the three-factor models.

Cost prediction of hydrogen fuel cell technology

In the context of China’s hydrogen fuel cell technology status,
the cost forecast carries a certain uncertainty due to insufficient
time series of current cost. Despite the limited historical data,
tracking the cost trajectory of hydrogen fuel cell technology sys-
tem using available data can provide valuable insights into the
technology evolution of hydrogen fuel cell. In order to predict
the future cost, it is necessary to determine the key parameters
such as learning rate, initial cost, bottom-line cost, number of
patent applications, and cumulative installed capacity. This
study referred to the U.S. Department of Energy (DOE) °' and
set the bottom-line cost of hydrogen fuel cell system in our
model at 220 yuan/kW for the cost prediction. Moreover, in order
to calculate the comprehensive growth rates of technological
innovation and cumulative production, we took an average of
the growth rate series.*® Based on historical data and calculated
growth rates, we simulated the values of patents and installed
capacity for further costs prediction. We specifically predicted
the cost of hydrogen fuel cell system during the period 2023-
2040 with both a one-factor model and a two-factor model.
The period from 2023 to 2030 corresponds to the stage where
both learning by researching and learning by doing play a role,
while the period from 2031 to 2040 represents the stage where
learning by doing has a predominant impact. Our model incorpo-
rates the main learning mechanisms of each stage, adjusting the
learning rate by equal steps to achieve a smooth transition be-
tween stages.”” Specifically, the LBD rate gradually increases
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Figure 2. Cost trends of hydrogen fuel cell
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in the last five years of stage 2 and the first five years of stage 3 in
equal steps (step = 0.02), with the LBR rate changing inversely
relative to LBD rate. Based on annual observations up to 2022,
our model analysis depicts the system cost trajectory of
hydrogen fuel cell technology across various stages from 2006
to 2040 in Figure 2.

The predictions in Figure 2B show that the cost of hydrogen
fuel cell system is expected to decrease to less than 1,000
yuan/kW by 2032. Furthermore, starting from 2038, the pre-
dicted cost of hydrogen fuel cell system is projected to drop to
less than 700 yuan/kW. We find more significant cost reductions
in the late stage 2 compared to stage 3, which attributes greater
cost reductions to technological innovation rather than cumula-
tive production. Cost reductions slowdown in the technology
stage where learning by doing plays a prominent role, and costs
have fallen to relatively low levels. For instance, this paper pre-
dicts a system cost of 648 yuan/kW by 2040. Consequently,
the cost of hydrogen fuel cell technology is anticipated to
become more competitive in the market, facilitating more
economical low-carbon development.

Verification of cost prediction

In terms of learning rate estimation, Schwoon’s research
focused on the LBD process of hydrogen fuel cell technology
and predicted the LBD rate of 10%-20%.°° Therefore, our LBD
rate is also within the range of his results, which verifies the reli-
ability of cost prediction to a certain extent. Based on the
learning curve model, we used equation 2 and equation 3 in
the METHOD DETAILS to predict the system cost of the
hydrogen fuel cell. To further verify our predictions, we employed
two strategies, including comparisons with actual 2023 cost in
China and with results from other hydrogen fuel cell cost analysis
studies. First, we compared our forecasted system cost for 2023
with the actual 2023 cost data. Specifically, we calculated the
cost based on the LBR rate and LBD rate for stage 2, as well
as the predicted values of innovation and production in 2023.
We then compared this forecast value with the actual cost in
2023. According to the data of the China Hydrogen Energy Con-
ference, the hydrogen fuel cell system cost in 2023 has been
reduced to 2,500 yuan/kW, which is almost consistent with our
forecast cost (2,604 yuan/kW) in 2023. Actual cost reduction
may be also affected by other unquantifiable factors such as
spillover effects from international markets, making our projec-

2031 2034

2037 2040  Asinstalled capacity for 2023 is not avail-
year able and the public patent is not yet
comprehensive, the data for 2023 are

not included in our historical cost.

Second, this study investigated existing research and reports
that predict the cost of hydrogen fuel cell, we compared the cost
estimates of hydrogen fuel cell from different researchers and
converted the cost units in this study to $/kW. A comparison
of projected cost trends for 2023-2040 is illustrated in Figure 3.
The differences in the initial values of hydrogen fuel cell cost
projections could arise from the varying scopes of research.
The studies of Zachmann et al."”” and Kleen et al.>* focused
on the cost of hydrogen fuel cell stacks in Europe and
America, respectively, while the study of UK’s Advanced
Propulsion Center (APC) focused on the cost of hydrogen
fuel cells in light-duty vehicles in UK.>® Our research focuses
on the cost of total hydrogen fuel cell system which covers mul-
tiple application scenarios including transportation and distrib-
uted power generation, thus leading to higher reported cost
values.

Overall, these results show a similar downward trend, and our
results are more in line with the Zachmann et al.’s study. The
commonality that exists is that we both used a learning curve
approach, but his study did not take into account the effect of
the LBR. The differences in these cost trends may be caused
by diverse research methods. Specifically, the study of Kleen
et al. focused on the cost in battery activity loss and performance
rather than the systematic cost.®* The study of APC adopted
market research and expert consultation methods, potentially
leading to more subjectively optimistic estimations.”® These
two studies did not quantify the impact of the key factors on
the cost. Our study aligns more closely with Zachmann et al.'’
which also employs the learning curve approach but only con-
siders the learning by doing mechanism. In our study, in the
stage 2 of the hydrogen fuel cell technology development, both
technological innovation and cumulative production jointly
contribute to cost reduction in our study. Technological innova-
tion has more obvious learning effect for cost reduction. In the
stage 3, the technology learning mechanism in our model is
consistent with Zachmann et al.,"” resulting in similar cost trends
after 2030.

Compared with other studies, our work has some advantages
in using this model to forecast the cost. We consider different
learning characteristics and mechanisms at each stage, inte-
grating both learning by researching and learning by doing into
cost projections. It reflects the stage progression of technology
and closely mirrors the actual development trajectory of
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Figure 3. Comparison of the HFC cost prediction from different
studies

References and reports cited in the Figure 3:"7°*°°,

The cost projections for hydrogen fuel cell (HFC) from 2023 to 2040 are
compared among different studies.

hydrogen fuel cell technology. In the process of cost analysis, we
also consider the bottom-line cost, which enhances the rational-
ity of the model. Therefore, the adoption of multi-stage learning
curve model is supposed to more realistically reveal fuel cell sys-
tem cost changes.

Scenario analysis of cost predictions

In order to further clarify the factors affecting the hydrogen fuel
cell system cost and their influencing effects, sensitivity analyses
of various scenarios, such as different hydrogen production
technologies, different technological innovation under policy
support, and different technology application scale will be con-
ducted for future cost projections.

(1) Differences in hydrogen production technologies

The hydrogen production technology constitutes the up-
stream segment of the hydrogen fuel cell technology chain.
The choice of hydrogen production technology not only impacts
carbon emissions but also determines the cost of hydrogen en-
ergy. Changes in the cost of hydrogen fuel cell technology will
also be partly influenced by the cost of hydrogen energy source.
Fossil fuel hydrogen production and industrial by-production of
hydrogen are relatively mature technologies with a lower price
at this stage, but it is not conducive for low-carbon and sustain-
able development. In the context of “dual-carbon” targets,
hydrogen production may need to shift from the current domi-
nance of hydrogen production from fossil energy sources to
renewable energy sources through electrolysis of water.

According to the difference in electrolyzer types, we focused
on the mainstream technologies for hydrogen production from
electrolytic water, including ALK, PEM, and SOEC. To be spe-
cific, the ALK technology has rich practical experience with rela-
tively lower electrolyzer cost at present, but it requires high po-
wer stability and not well applicable to photovoltaic and wind
power. PEM and SOEC technology are currently regarded as
high potential pathway to green hydrogen but with higher cost.
Specifically, PEM electrolyzer is efficient and pressure-resistant
with advanced electrode structures but face the challenges of
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material stability. The SOEC technology operates at high tem-
peratures with cheaper electrodes, but the durability problem
needs to be addressed.

To calculate the LBR rates of three technologies, we used data
of annual patent number for different hydrogen production tech-
nologies based on keyword search strategy in IncoPat database.
The common keywords of the three technologies covers “water
electrolysis” and “hydrogen production”, other keywords include
“alkaline electrolyzer” for ALK, “proton exchange membrane
electrolyzer” for PEM, and “solid oxide electrolytic electrolyzer”
for SOEC. The estimated LBR rates are 44.2% for ALK, 39.0%
for PEM, and 35.3% for SOEC in stage 2. Due to the limited
data on the China’s installed capacity of electrolyzer system, we
referred to the studies of Schmidt et al.°® and Huang et al.>” and
set the learning rate for different technologies. The estimated
LBD rates are 18% for ALK, 19% for PEM, and 28% for SOEC
technologies, respectively. We also predicted the future cost of
the technologies in two stages and show the cost trend in Figure 4.

In stage 2, ALK has a cost advantage over the other two due to
its higher LBR rate, and SOEC’s higher LBD rate will make it a
greater market advantage in stage 3. In addition, PEM will also
have more promising cost reduction prospects than ALK in stage
3, and SOEC technology can achieve a lower cost of hydrogen
energy supply. Replacing ALK technology in the future with elec-
trolyzer technology that produces hydrogen more efficiently,
such as PEM and SOEC, could further promote hydrogen fuel
cell technology. The reason for this result is reflected in the
various functions of the learning mechanism in different stages.
Learning by researching is usually more important in the early
stages because new technological innovation can drive greater
cost reduction. ALK’s increasing innovation in stage 2 will result
in incremental cost reductions. In contrast, the large-scale pro-
duction of PEM and SOEC have not been fully unleashed in stage
2, resulting in higher cost. By stage 3, SOEC’s LBD rate has
increased significantly, reflecting the gradual release of its pro-
duction potential, and this accumulation of large-scale produc-
tion experience has brought significant cost advantages. Com-
bined with the reality of hydrogen production in China, there is
relatively more reliance on ALK technology in the early stages
of development, and more growth in the application of PEMs
and SOECs in the later stages. Due to the relative maturity of
the technology, ALK has a notable scale of commercial applica-
tions, giving it a cost advantage over the other two technologies
in the early stage. Limited by efficiency improvement and low
current density operating conditions, the space for cost reduc-
tion in the future is relatively limited.°® PEM excels in flexibility
with high current density and fast start-up. However, its reliance
on expensive materials such as platinum-based catalysts makes
it less advantageous than SOEC technology in the long run.*° In
contrast, SOEC will have a greater advantage in the long term
due to its higher energy efficiency potential and scale-up poten-
tial, accompanied by technological breakthroughs.®® Our find-
ings are consistent with Khatiwada et al.,°" which predicted
the convert efficiency from electrical energy to hydrogen energy
of different electrolyzer technologies in 2030. The results sug-
gest that SOEC has greater operational efficiency in future
hydrogen production development, aligning with the predicted
cost reduction trend in our analysis.
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other studies in the major trends, which
further confirm the rationality of the fore-
cast in the Chinese context.

(2) Differences in technological innova-

year

In order to verify the rationality of the cost prediction of ALK,
PEM, and SOEC technologies in our study, this paper made a
comparison and analysis of the prediction with the results of
existing literatures and related reports in 2030 and 2040, as
shown in Figure 5. The figure shows the cost trends of the three
technologies in China, and the solid line boxes represent the
predicted results of this study. For ALK technology, the results
from China Hydropower General Institute were derived from a
hydrogen full life cycle production cost model based on histor-
ical data. Considering the relative maturity of ALK technology in
China, we anticipate a limited growth potential for future ALK
production due to its lower efficiency, and therefore the LBD
rate is low, which leads to slightly higher cost predictions in
our results for 2030. For PEM technology, the results from Re-
ksten et al. were analyzed by a CAPEX model (capital expendi-
ture) that takes operational maintenance costs into account,®”
while we primarily focused on the system cost of the technol-
ogy, thus our predicted results are relatively low. As for the
SOEC technology, the results from Hydrogen and the Future
(2021) were presented using a bottom-up approach with cell
and stack production lines, and the predictions are highly
consistent with our results. On the one hand, these differences
in results are due to the varying focus of model assumptions,
some studies may emphasize the continuation of historical
trends, whereas our model focuses on future innovation and
production potential, taking into account the primary driving
forces behind these historical trends. On the other hand, differ-
ences in data sources, cost structures, and the maturity of
technologies at various stages of cost estimation also
contribute to the variability across studies. We find that there
is little difference in the cost forecast of the long-term develop-
ment of the technology. Although the methods used are
different, the final trend of the cost remains similar. China is
currently supporting more short-term scalable ALK and PEM
technologies, especially in the early stages of hydrogen energy
applications. The support for SOEC is mainly reflected in the
medium- and long-term funding, which is also in line with our
forecast that SOEC costs are expected to decrease to a lower
level in 2040. To sum up, through a comparative analysis of ex-
isting studies, the predictions in this paper are consistent with

T T T T T T T T T T T T T T T T
2023 2024 2025 2026 2027 2028 2029 2030 2031 2032 2033 2034 2035 2036 2037 2038 2039 2040

tion under policy support

Some studies suggest that increases in
factors such as technological innovation
and cumulative production may also be influenced by policy
support.®*%° To promote the application of hydrogen fuel cell
technology, China issued the “Notice on the demonstration
application of fuel cell vehicles” in September 2020, which
formed hydrogen fuel cell demonstration city clusters and had
a significant impact on the innovation and production of the tech-
nology. The policy approved five demonstration city clusters,
including 37 cities, and these cities have actively engaged in
the application and promotion of hydrogen fuel cell technology.
The policy’s promotive effect on technological innovation may
further impact the cost of hydrogen fuel cell. To explore the trend
of cost changes under the influence of the policy, we first applied
the difference-in-difference (DID) model to measure the policy’s
driving effect on patent growth, and subsequently analyzed cost
changes.

Using data from 231 cities in China, we focused on patent in-
formation from 2015 to 2022 for empirical analysis by month, and
September 2020 was the time for policy implementation. We
employed the natural logarithm of patent applications as the
dependent variable, with demonstration cities comprising
the treatment group and non-demonstration cities serving as
the control group. Results shown in Table S1 indicate that the
demonstration city cluster policy can significantly promote
the growth of hydrogen fuel cell innovation in demonstration cit-
ies. The DID estimates indicate that the policy implementation
generated about an approximately 16.4% increase in patent ap-
plications in demonstration cities relative to control cities.
Figures S1 and S2 demonstrate that both the parallel trend test
and the placebo test have been successfully passed, further
confirming the robustness of the results.

The policy sets a four-year demonstration period for cities
involved in the program, with five demonstration city clusters
approved by the end of 2021, extending the demonstration
period until the end of 2025. Based on the aforementioned, we
assume that the policy of this demonstration city cluster could
be extended to other cities in China in the future, and we will
further analyze the sensitivity of cost to the change of innovation
under the influence of policy factor from 2026 to 2040. Assuming
that this policy is extended to other cities, we further analyze how
the cost will change when technological innovation increases
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16.4% in other cities. The basic prediction of cost and the cost
trend under stronger demonstration policy support are shown
in Figure 6.

We find that with policy support, the cost of hydrogen fuel cell
technology declined more compared to the basic prediction.
Especially in the stage 2, the cost reduction is more obvious.
For example, with policy support, the predicted cost in 2030 is
2.0% lower compared to the basic prediction, and 0.6% lower
in 2040. This policy primarily influences stage 2 by significantly
driving innovation, which in turn enhances cost reduction. At
this stage, the LBR mechanism plays a dominant role, further
accelerating cost declines.

(3) The growth differences of technology application scale

The application fields of hydrogen fuel cell technology include
transportation, aviation, fixed power generation, and other sec-
tors. Presently, its production is mainly applicated in the transpor-
tation field, particularly the hydrogen fuel cell vehicles. As an elec-
tric vehicle with zero carbon emission, hydrogen fuel cell vehicle
shows promising prospects for development and potential of en-
ergy transition. According to the relevant research and forecast of
the International Energy Agency (2020), the global electric vehicle
ownership in 2019 is approximately 8 million. Under the sustain-
able development scenario, the global electric vehicle ownership
is predicted to reach 80 million in 2025, and it is expected to reach
245 million in 2030. Therefore, we divided the development of
hydrogen fuel cell vehicles into three scenarios based on the
size of their growth. The cost projections for the basic scenario
are based on the LBR rate and LBD rate in the previous section.
We assumed that the cumulative production of hydrogen fuel
cell technology will increase and decrease by 20% under the opti-
mistic and pessimistic scenarios,®® and we had re-estimated the
learning rate based on the two scenarios. In the stage 2, R&D ac-
tivities continue to play a more important role both in optimistic
scenario (LBR rate: 49.6%, LBD rate: 2.6%) and in pessimistic
scenario (LBR rate: 47.8%, LBD rate: 2%), In stage 3, the LBD
rate changes similar in the optimistic scenario (15.3%) and pessi-
mistic scenario (12.9%). The predicted future cost situations are
illustrated in Figure 7.

First of all, in the optimistic scenario, the increase in cumula-
tive production may lead to the increase of technical production
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experience and the scale of specialized personnel, which further
leads to the improvement of the technology learning rate,
thereby resulting in more significant cost reduction. In the two
stages, the cost in the optimistic scenario experiences a slower
decline. Compared with stage 3, we find that the difference be-
tween the optimistic scenario and the basic scenario is more
pronounced in the stage 2, which is mainly contributed by the
LBR effect in the stage 2. In stage 3, the costs of the three sce-
narios have a more obvious downward trend, which is due to the
accumulation of technological innovation and production in
stage 2. In the optimistic scenario, the increase in cumulative
production not only enhances the learning rate but also facili-
tates the formation of economies of scale. As cumulative pro-
duction continues to rise, the growing production experience
leads to improved efficiency, which in turn lowers unit cost.
This results in a significant reduction in cost during stage 2,
setting a lower cost baseline for stage 3. In stage 3, alongside
the expansion of production scale, market demand also stimu-
lates production, further enhancing production capacity and
creating a virtuous cycle. Therefore, in the optimistic scenario,
the cost reduction benefits persist through Stage 3.

Although changes in cumulative production will bring differ-
ences in the learning rates and cost trends in diverse scenarios,
it is still the LBR that contributes more in the stage 2. Therefore,
the differences in cost trends across the three scenarios high-
light the importance of prioritizing technological innovation in
the stage 2. For example, in the optimistic scenario, the key
role of technological innovation in cost reduction generates
cumulative effects, laying a solid foundation for further cost re-
ductions in stage 3. Early technological innovation has a cumu-
lative impact on the long-term cost trajectory. Notably, while
continued support in stage 3 remains important, it is even
more crucial to seize the policy opportunities in stage 2, as this
can lead to more significant results with less effort.

Conclusions

This paper develops a multi-stage learning framework to identify
the hydrogen fuel cell cost trajectory. By integrating the regional
hydrogen technology and policy attributes, this study reveals the
structural changes and different learning mechanisms of fuel cell
cost factors across various technological stages. We find that in
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the early stage of technological development, the cost of
hydrogen fuel cell technology system in China has been rapidly
reduced depending on learning by researching effects, with a
learning rate of 39%. In stage 2, innovation and cumulative pro-
duction work together to reduce costs, with the LBR and LBD
rates being 48% and 3%, respectively. In terms of the cost
reduction of hydrogen fuel cell technology system, the learning
by researching effect has more obvious advantages than
learning by doing, but the joint effect of the two produces a better
effect and can reduce costs more quickly in a shorter period. On
the basis of the cost reduction to a certain level in the previous
stages, the stage 3 aims to achieve a gradual decline in the
cost of hydrogen fuel cell through extensive mass production
and widespread commercial application, with the learning rate
of 14%. This study further clarifies the cost trends based on
diverse scenario analyses, and we highlighted the importance
of the PEM and SOEC technologies for hydrogen production,
as well as the necessity of investment in innovation with stronger
policy support and increasing hydrogen fuel cell application
scale.
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There are several policy implications
for development of hydrogen fuel cell
and other emerging energy technologies
based on our results. First, based on
different cost influencing factors and
learning mechanisms, the formulation of
targeted support policies in technological
innovation and production will help
achieve cost competitiveness as soon
as possible. Second, combined with the
staged development of hydrogen fuel
cell or other emerging energy technologies, policies should be
adapted to the characteristics of technological development at
each stage. For emerging energy technologies at an early stage,
policies could prioritize increasing R&D investments. For
example, policymakers could establish the special R&D subsidy
projects or fundings for joint innovation to encourage interre-
gional technology cooperation to facilitate knowledge share
and patent innovation activities. At accelerated technology
demonstration technological stage, policymakers need to high-
light the support both on innovation and market-size, and could
put more emphasis on innovation-oriented policies due to higher
learning by researching effects in this stage. For example, gov-
ernments could finance and encourage the large-scale demon-
stration projects which concurrently foster the emerging energy
technologies and accelerate the integration of technology into
the market. As the technology matures and economies of scale
become apparent, it is more appropriate for providing the scale
production incentive to expand the size of market application,
building on the foundation established by earlier R&D efforts.
At this stage, policymakers can focus on the consumption side
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by adopting consumer purchase subsidies or tax incentives to
stimulate market demand and thus expand production. Third,
enhancing the cost competitiveness of hydrogen fuel cells re-
quires more than just addressing cost-influencing factors; it
also demands a focus on policy support for technologies within
the hydrogen value chain. Specifically, during the process of
scaling up production, policies can encourage the investment
in more promising hydrogen production technologies, such as
PEM and SOEC technologies, which is more conducive to
reducing hydrogen fuel cell system cost.

Limitations of the study

This study does have limitations and provides some avenues for
future research. Firstly, the relatively short history of hydrogen
fuel cell technology in China constrained the sample size used
for estimating the technology learning. Subsequent research
could refine the study by incorporating a more comprehensive
dataset. Second, this study identifies the stages of development
of the cost of hydrogen fuel cell technology in China, and
covering more countries in subsequent study may better ac-
count for technology evolution. Third, due to the limitation of
data, our cost analysis does not consider the spillover effect of
cost reduction in the international hydrogen fuel cell market,
and we focus on the case of China that provide some methodol-
ogy references for other countries or regions. In future research,
more factors and more qualitative and quantitative methods
could be adopted to explore the developmental patterns of a
wider range of hydrogen technologies.
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Deposited data

Hydrogen fuel cell system cost in China

Hydrogen fuel cell patent data
Hydrogen fuel cell installed capacity

The number of hydrogen refueling stations

The policy: Medium and Long Term
Plan for the Development of Hydrogen
Energy Industry (2021-2035)

Intelligence Research Group,
China Association of
Automotive Engineers

IncoPat database

Ministry of Industry and Information
Technology of China

China Energy Bureau

National Development and Reform
Commission, National Energy Administration
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https://www.ndrc.gov.cn/
https://www.nea.gov.cn/

Software and algorithms
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Stata

Microsoft
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Stata https://www.stata.com/

METHOD DETAILS

Stages of hydrogen fuel cell technology

Technology development typically undergoes a procession from simplicity to complexity and a nascent stage to maturity, exhibiting
various characteristics at different stages.®”:°® In the early 2000s, patents for hydrogen fuel cell technology began to increase, and there
are no records on installed capacity before 2015 in China. After 2015, the installed capacity of hydrogen fuel cell technology has wit-
nessed significant growth, marking the industry’s entry into a new stage of development. At the same time, the Chinese government
has introduced policies and strategic plans to support its further advancement. For example, the National Development and Reform
Commission of China put forward the following development goals in the Medium and Long-term Development Plan for the Hydrogen
energy Industry (2021-2035): By 2030, a relatively complete technological innovation system for the hydrogen energy industry, and an
orderly industrial layout will be formed. Therefore, after 2030, hydrogen fuel cell technology may enter a new stage in China. Based
on the above content, this study posits that the development of hydrogen fuel cell technology exhibits phased characteristics.

The static technology cost follows a learning curve trajectory,®® whereas the evolution of hydrogen fuel cell technology unfolds
across different technology stages driven by distinct factors and learning mechanisms. Consequently, its technology cost will
develop along a dynamic path. The technological innovation of clean energy technology promotes technological progress, leading
to the accumulation of learning effect, which is widely observed as “learning by researching”.”®’" The cumulative output and expe-
rience generated during the production process also brings learning effects and increases productivity, known as “learning by do-
ing”.?"°% For hydrogen fuel cell in our study, the increase of technological innovation and cumulative production will produce learning
effects, which contributes momentum to the reduction of hydrogen fuel cell costs.

The multi-stage learning curve model for hydrogen fuel cell technology
Based on the practical policy development and technology process of hydrogen fuel cell in China, our model will set three stages for
technology learning. In the initial stage (before 2015), the development of hydrogen fuel cell technology began with innovative activ-
ities, which aimed to demonstrate the performance and feasibility of the technology through research and development activities, as
well as knowledge exchange. The reduction of technology cost in this stage is attributed to the mechanism of learning by researching.
As technology advances, hydrogen fuel cells are gradually being deployed commercially on a small scale. In the second stage
(2015-2030), growing innovation activities are accompanied by a sustained industry expansion through technological promotion
and demonstration, and the learning effect of this stage encompasses both learning by researching and learning by doing. In the third
stage (after 2030), the technology is expected to reach a relatively mature stage and enters a new phase where the commercial
deployment scale in the market continues to increase, resulting in improving scale effects and certain cost competitiveness. Tech-
nology research and development decreases with the maturity of technology, and the learning process of cost reduction at this stage
is mainly learning by doing.

A learning curve model based on different stages of energy technology can overcome the limitations of the continuity requirements
of traditional models.®” In combination with China’s hydrogen fuel cell technology development and data characteristics, this study
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discusses the background of the hydrogen fuel cell technology development process, and emphasizes the role and changes of
different learning mechanisms at distinct stages. Although the learning by doing and researching effects may simultaneously exists
in the first and third stage, this study creates a stronger assumption to identify the main driving learning effects in each stage and
better understand the whole cost evolution process.

It is worth noting that according to the trend and law of cost development in the previous learning curve function, the technology
cost will eventually approach zero. However, the actual technology cost is not infinite. Constructing a learning curve model containing
bottom-line cost is more consistent with the real development of technology. Therefore, this study constructed a multi-stage learning
curve model of hydrogen fuel cell technology with bottom-line costs.

Therefore, the multi-stage dynamic learning curve is modeled as

Stage 1: C; = Co + (C1 — Co) X IN;® (Equation 1)
Stage 2: C; = Cy + (Cy — Cp) X IN; 2 x CP;? (Equation 2)
Stage 3: C; = Cy + (Cy — Co) X CP,? (Equation 3)

Inthe model, C; represents the system cost of hydrogen fuel cell technology, C; represents the initial cost, and C is the bottom-line
cost of hydrogen fuel cell technology. IN; refers to the function of technological innovation over time and CP; is the function of cu-
mulative production over time. a is the elasticity coefficient of technological innovation to system cost, b is the elasticity coefficient
of cumulative production to system cost, and t is the year.

Learning rate

The elasticity coefficients of technological innovation and cumulative production in the learning curve function respond to its rele-
vance through the learning rate (LR).%® We obtain the elasticity coefficients of technological innovation (a) and cumulative production
(b) by the ordinary least squares (OLS) model, and a and b represent the impact of technological innovation and cumulative produc-
tion on cost, respectively. The learning rate is the percentage of reduction in the system cost of the hydrogen fuel cell technology
when the technological innovation or cumulative production is doubled, which can be calculated by the Equation 4.

LRypy = 1 — 2730 (Equation 4)

A traditional one-factor learning curve can only explain one factor that contributes to cost reduction. Our research model considers
different main factors across different stages. We argue that part of the reduction in the cost of hydrogen fuel cell technology is attrib-
utable to innovation, which is an important part of its technological learning, and part of it is attributable to cumulative production,
through which the model identifies the share of innovation and production that is responsible for cost reduction. However, due to
the limited data sample and the similar growth trends of innovation and production, there is a multicollinear problem between tech-
nological innovation and cumulative production. To solve this problem, we employ a two-step regression method with the introduc-

tion of residual variables,?®*® and the construction of a two-factor learning curve model follows the rationale:

CP; = ag+aq1INg+m; (Equation 5)

We eliminate the correlation by introducing a residual variable, and the new coefficients are calculated in the following steps:
Ct = Bo+B1IN;+Bom; + & (Equation 6)
Ci = Bo+B1INe+BCPr — Brag — BoarINy + & (Equation 7)
Ci = (Bo — Boao) + (B1 — Boc1)INy + B.CP: + & (Equation 8)
Yo = Bo — Bao (Equation 9)
Y1 = B1 — Boay (Equation 10)
Y2 = B2 (Equation 11)

Thus, the final two-factor model is:

Ct = vo+71INe+7,CPt + & (Equation 12)

e2 iScience 28, 112359, May 16, 2025



iScience ¢? CellPress
OPEN ACCESS

Variables

To measure the cost (C), this study chose hydrogen fuel cell system cost as the object, which constitutes more than 60% of the total
hydrogen fuel cell vehicle cost. It includes the fuel cell stack, air compressor, hydrogen circulation pump, and other components. We
collected the system cost data of hydrogen fuel cells, laying the foundation for the subsequent analysis of results. Patents are one of
the most important tools and carriers for analyzing technological innovation.’?

To measure the technological innovation (IN), this study used the number of patent applications of hydrogen fuel cell. We used CPC
code to search hydrogen fuel cell patents, including invention patents and utility model patents. Relevant codes are YO2E60/50 (fuel
cells), HO1M8 (fuel cells; manufacture thereof), HO1M2250 (fuel cells for particular applications; Specific features of fuel cell system),
Y02T90/40 (application of fuel cell technology to transportation). We extracted hydrogen fuel cell patent in China from the IncoPat
database, highlighting the impact of China’s technological innovation activities on the cost reduction of the country. We also present
the distribution of hydrogen fuel cell patents across different regions in China in Figure S3, showing that the eastern region is more
active. We finally choose patent data as the innovation variable for the following reasons. On the one hand, patents can directly reflect
the commercialization and practicality of technological innovation, and it reflects the degree of technological transformation better
than academic papers. On the other hand, patent data has clear classification criteria, which makes it easy to apply and analyze. In
addition, some patents realize technological innovation based on the theoretical innovation of academic papers, so it is more com-
mon for researcher to choose patents to measure innovation.”>~"> However, academic papers also hold innovative value, so we used
keyword search strategy (the keyword "hydrogen fuel cell") to collect hydrogen fuel cell papers in China from China National Knowl-
edge Infrastructure (CNKI) database and Web of Science database, and the country searched in the database is China. We addition-
ally plotted trends in the number of patents and the number of papers versus cost, as shown in Figure S4, and we find that the two
show opposite trends. In addition, we included the numbers of papers and patents as innovation variable in the single-factor and two-
factor models for robustness analysis, and the results are shown in Table S2. We find that the results of robust analysis are similar to
those obtained in Table 1. Compared with the results in Table 1, the coefficient of innovation has increased, but the change is not
obvious. The results verify the robustness of the results of single-factor and two-factor models in this study.

As for cumulative production (CP), this study measured it using the installed capacity of hydrogen fuel cell technology. For a spe-
cific energy technology, cumulative installed capacity is the most commonly employed index which reflects the market size,”®"" thus
enabling us to determine the market development status.®"®

In summary, using a multi-stage learning curve model enables us to systematically capture the dynamic impact of innovation and
production on cost reduction, especially significant when considering different stages of technology and the shift in policy support.
We focus on two key factors: technological innovation (patents) and cumulative production (cumulative installed capacity). Techno-
logical innovation reflects the rate of progress through the growth in the number of patents, supporting the long-term decline in tech-
nology costs. Similar methods have been used in the study of new energy technologies to capture the long-term impact of techno-
logical advances on cost reductions.?® Cumulative production reflects the accumulation of production experience and the impact of
scale effects through cumulative installed capacity, which further promotes the reduction of unit costs. This experience effect has
been identified as a key factor in reducing production costs in many learning curve studies.’ In addition, data from these institutions
are widely recognized in the field of new energy technology research, such as the Ministry of Industry and Information Technology of
China, the China Energy Administration and more. These data have been used as an analytical basis in research,”®*° providing an
accurate foundation for predicting the future cost evolution of hydrogen fuel cell technology.

QUANTIFICATION AND STATISTICAL ANALYSIS

In STATA 15.0, the original least squares (OLS) regression method was used to analyze the impacts of innovation, installed capacity,
deployment, and competition on hydrogen fuel cell system cost, with the results presented in Table 1. The significance levels are
denoted as follows: *p<0.1, **p<0.05, ***p<0.01. Additionally, the number of patents and papers was used as a proxy for innovation,
and the least squares regression was applied again to analyze the effects of innovation and installed capacity on system cost, with the
results shown in Table S2. In the scenario analysis for cost predictions, cost predictions were made based on policy effectiveness.
The difference-in-differences (DID) model in STATA 15.0 was used to analyze the impact of demonstration policy on hydrogen fuel
cell innovation, with the results presented in Table S1, Figures S1 and S2. The significance levels are denoted as follows: *p<0.1,
**p<0.05, **p<0.01.
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