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Abstract. Power-to-Gas technologies enable the integration of nondispatchable renewable energy sources into several sectors and help
decarbonize and transform them. This study investigates to which extent an
increase in Power-to-Gas technology applications affects their prospective
environmental and economic performance. A first combined prospective
LCA and LCC for different Power-to-Gas technologies based on the
learning curve concept is presented. For the considered case study of future
electrolysis and methanation, the applicability of the concept is
demonstrated and prospective LCA and LCC results are obtained. Under
assumed conditions, highest decreases in environmental impacts and costs
occur between the years 2025 and 2030. Polymer electrolyte membrane
electrolysis shows prospective advantages over alkaline water electrolysis.
All results indicate that an extension of Power-to-Gas deployment and
accompanying learning effects until the year 2050 can lead to significant
reductions of more than 70 % in terms of environmental impacts and life
cycle costs.

1 Introduction
Power-to-Gas (PtG) is seen as an important instrument for decarbonizing the industry, energy
and transport sectors [1]. However, technological development, supported by Life Cycle
Assessment (LCA) and Life Cycle Costing (LCC) studies, is still needed to unfold its
potential and to identify sustainable pathways.
An earlier review of LCAs on this topic revealed that methodological aspects in general
and of future-oriented LCA in particular are left out or addressed inconsistently for PtG
applications so far [2]. Especially descriptions of the way prospective efficiencies and
material consumptions are obtained were mostly missing.
This study aims to answer if and to which extent the expected increase in PtG affects its
prospective environmental impacts and life cycle related costs. Within a case study two
technologies for Power-to-H2 (PtH2) and one for Power-to-CH4 (PtCH4) pathways are
considered and their current and prospective environmental impacts are calculated and
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compared. For the presented assessments results of the centre of excellence “Virtual Institute
- Power to Gas and Heat” project framework are considered. To the authors' knowledge, no
combined prospective LCA and LCC based on learning curves of PtG technologies has yet
been conducted.

2 Methods and case study description
There is a broad range of quantitative and qualitative methods to analyse prospective
technological developments [3], of which the learning curve concept was selected for this
study. The learning curve concept is a suitable tool as it is based on learning effects. These
effects describe the experience gained within manufacturing processes over time, affecting
not only the technological performance but also the environmental impacts and costs.
A publication by Wright in 1936 [4] served as the basis for most of the further work on
this subject. Wright analyzed technology costs and their development, using the example of
aircraft construction. He discovered that the time required, or unit labor cost, for each aircraft
built decreases by a constant percentage as the cumulative number of aircraft produced
doubles. A better manufacturing efficiency by increasing production can be considered as the
reason [5]. Consequently, learning curves describe the relationship of the increase in
production or cumulative capacities of a good and cost reduction [6].
Over the past decades, different models of learning curves have been developed [7]. Eq.
1 has been considered as essential for this study.
𝑋𝑋𝑡𝑡 −𝛽𝛽
𝐶𝐶𝑡𝑡 = 𝐶𝐶0 � � (1)
𝑋𝑋0

𝐶𝐶0 indicates costs (unit costs, investment costs or labour costs) at time t=0. X0 and Xt
stand for capacities of technologies at time t=0 and a prospective time t. β is the applied
learning parameter, that can be calculated by a logarithmic equation based on a learning rate.
An economic learning rate of 10 % means that for each doubling of cumulative installed
capacity, the costs decrease by 10 %. In literature, the terms learning and experience curves
are rarely clearly distinguished from each other and are often used synonymously [5, 6].
Thus, in this work, only the term learning curve is used. Additionally, within this study the
expression environmental learning curve is used if the concept is applied on LCA.
In LCAs, environmental learning curves can be used in the phases Life Cycle Inventory
(LCI) and Life Cycle Impact Assessment (LCIA). Environmental learning curve concepts are
considered as an option to obtain LCI data for future-oriented LCAs [8]. They can be applied
on technology efficiencies or material consumption. Furthermore, an environmental learning
curve approach to estimate future inputs (materials or energy) was developed and
mathematically formulated by Bergesen et al. [9]. Within this approach the costs of eq. 1 are
replaced by the amount of direct inputs and a parameter β, describing learning specifically
for these inputs (materials or energy), is used. On the other hand, there are environmental
learning curve concepts that have a direct future-oriented effect on the LCIA phase by
indicating future trends in environmental impacts [9, 10]. Some authors assumed, that the
economic learning rates of an established technology can also be applied for environmental
learning curves as a rough approximation [11, 12]. Arnold [11] describes as reason for this
assumption, that further influencing factors on the learning diminish as the technology
becomes more established. Following this approach, same economic and environmental
learning rates are assumed to calculate the learning parameter β for costs and environmental
impact forward projection with eq. 1. For the environmental learning curve 𝐶𝐶0 indicates the
environmental impact (e.g. global warming potential) of a technology at time t=0.
Within the assessed case study, current and prospective conditions until the year 2050 are
compared. The spatial scope is Germany. As electricity input wind onshore is assumed. Base
are environmental values for the start year of the assessed period provided by the “Virtual
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Institute – Power to Gas and Heat” project. Two different electrolysis types for PtH2 are
considered: alkaline water electrolysis cells (AEC) and polymer electrolyte membrane
electrolysis cells (PEMEC). Additionally, an integrated PtCH4 system using hydrogen from
PEMEC for the catalytic methanation (CM) process is assessed. For each of these
technologies a “high” and a “low” capacity increase from the year 2020 until the year 2050
is assumed based on [6, 13]. With regard to the learning curve calculation, information on
worldwide capacities, as illustrated in Fig. 1, is required.

Fig. 1. Assumed cumulative installed global capacities of AEC, PEMEC (left diagram) and CM
(right diagram) till the year 2050 based on [6, 13].

While highest absolute increases occur in the distant future, highest relative increases
(multiplication rates of capacities) are expected between the years 2025 and 2030. With
regard to the different electrolysis technologies higher increases in cumulative installed
capacity are assumed for PEMEC compared to AEC. As typical system size 5 MW is
considered. For the LCC additionally an up-scaling to 50 MW in 2050 is analysed. The
assumed projections are in the range of other projections on a global scale and political
hydrogen strategies. Projections expect multi-gigawatt capacities of electrolysis in the year
2030 [14] and multi-terawatt capacities in the year 2050 [15]. Regarding hydrogen strategies
Germany and the European aim on multi-gigawatt capacities in the year 2030. Germany has
an electrolysis capacity target of 5 GW and the European Union of 40 GW.
For calculating prospective environmental impacts, learning rates for established PtG
technologies had to be obtained. In a literature research for electrolysis, different learning
rates between 8 % [16] and 18±13 % [17] were identified. For CM only one publication with
same learning rates (13 %) for methanation and electrolysis was found [18]. A trend was
observed that highest values are given in publications of the distant past of the last century,
when the technologies were less mature. To present more current conditions and a range of
developments, three different learning rates for PtG systems were taken into account, 8 %,
9.6 %, and 12 %.
The geographic and temporal scope of the case study and life cycle-based assessments
have been already mentioned. There are some more assumptions related to the goal and scope
of the LCA and LCC. For this study an attributive cradle-to-gate LCA approach is chosen.
The assessment is related to the functional unit “1 kg gas”. The LCA software used is
openLCA in version 1.10.3. Background data for the life cycle inventory preparation are
taken from the LCA database ecoinvent (version 3.7.1) in the system model "cut-off by
classification". The considered LCA methodology for the impact assessment is ReCiPe in
version 2016 v1.1 Midpoint (hierarchist). Due to its significance the LCA in this study
analyzes the global warming potential (GWP)/climate change in particular. With regard to
the global warming potential, the reference to a period of 100 years was chosen (GWP100).
The economic assessment is linked to assumptions within the project “STORE&GO” ([6,
13]). Besides values for whole systems, also learning rates for individual components are
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pointed out, which were taken into account for the current study. The learning rates of system
components reach from 7 – 13 %.

3 Results
First, results of the prospective environmental assessment for AEC, PEMEC, and CM
supplied with hydrogen from PEMEC are illustrated in Figure 2 exemplarily for the impact
category climate change.
A main outcome is that the highest environmental impact reduction between time steps is
given between 2025 and 2030. This is because highest relative multiplication rates of
installed capacity are assumed for this period. The impact reductions from the year 2025 to
the year 2030 depend on the learning rate and technology considered and reach up to more
than a third. From the year 2040 onwards calculation no longer show significant reductions
in environmental impacts as capacity multiplication rates decrease. Highest impact
reductions of the assessed PtG technologies until 2050 are projected for PEMEC, reaching
up to more than 80 %, due to the highest assumed capacity increase. Moreover, increasing
impact reductions can be observed for higher learning rates. In comparison to the variation
between high and low capacities, the learning rate variation between 8 % and 12 % affects
higher impact reductions.
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Fig. 2. Developments of climate change impacts for PtH2 (AEC & PEMEC) and PtCH4 (CM) until
the year 2050 (lr: learning rates).

For the same technologies and period prospective economic results are calculated and
illustrated in Fig. 3, showing the capital expenditures (CapEx). In the LCC variations of
learning and additional up-scaling are combined. Additionally, contributions of different
system components with different learning rates are considered. Variations of learning rates
and capacity increases, as shown in Fig. 2, are not considered. With regard to the contribution
of individual components, stacks reveal highest CapEx contributions for AEC. In comparison
to AEC lower costs are calculated for PEMEC in 2050 due to a significantly higher capacity
multiplication rate between 2025 and 2030 and a constant learning rate.

Fig. 3. CapEx developments for PtH2 (AEC & PEMEC) and PtCH4 (CM) (lr: learning rates) until
the year 2050 based on [6, 13].

For the PtCH4 system costs decrease but to a lower extent compared to the electrolysis
technologies. For this technology balance of plant shows highest CapEx contributions.

4 Discussion and conclusions
This study demonstrates a decrease in life cycle environmental impacts and costs of PtG
technologies if their capacities are significantly expanded. Capacity increase and learning
rates affect the environmental impacts and life cycle costs of these technologies. The learning
could cause environmental impact decreases of more than 80 % and CapEx reductions of
more than 70 % until 2050 for highest assumed learning rates and capacity increase.
Compared to results of conventional technologies, the results for PtH2 and PtCH4
operation based on wind energy indicate clear environmental advantages. A former study
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[19, 20] calculated around 10.6 kg CO2eq/kg (88 g CO2eq/MJ) for hydrogen from steam
reforming of natural gas as well as 3.2 kg CO2eq/kg (63 g CO2eq/MJ) for natural gas including
upstream impacts. If the first value is compared with the PtH2 results, a significantly better
environmental performance is already evident in 2020. The environmental advantages also
apply to PtCH4 compared to conventional natural gas as a reference. For PtH2 impact
reductions of over 95 % compared to the reference are possible in the year 2050. In the best
case for PtCH4 impacts can be reduced by around 90 % in comparison to the reference.
It was shown that learning curves are a quantitative method applicable for a combined
prospective LCA and LCC. The combined LCA and LCC has a common basis, the assumed
cumulative installed capacities (Fig. 1). However, there are disparities that must be
highlighted. The system level has been considered for LCA and the component level for
LCC. Furthermore, the presented LCC takes up-scaling into account, while it is not yet
considered for LCA. Future work should constitute a uniform approach.
The LCA results were shown for the indicator “climate change”. Literature indicates that
the approach can also be applied on further impacts. Consideration of additional impact
categories would provide a more complete picture of the environmental impacts. LCC results
are limited to CapEx values. Thereupon the levelised costs of PtG technologies [21, 22] could
be assessed as a more common indicator of LCC.
The approach to use economic learning rates from established technologies [11, 12] for
environmental learning curves is a possible but facilitated approach. However, it needs
further analysis of its robustness and applicability. An analysis with own calculations of
learning rates and their application on environmental learning curves, especially to obtain
prospective LCI data for construction and operation of PtG, would deliver further insights
about environmental contributions of different life cycle stages. A comparison of the different
environmental learning curve approaches is intended to identify strengths and weaknesses of
different approaches.
For all kinds of prospective life cycle-oriented assessments, uncertainty is a challenge and
has to be addressed. In this study, the uncertainty of results was reduced by considering many
time steps (one-year steps rather than ten-year steps) for the capacity increase. Additionally,
different learning rates and prospective capacities were used within the environmental
assessment to show ranges of prospective results. However, different kinds of uncertainty
analysis, that could be applied in further work, would improve the accuracy of results.
Funding of the center of excellence “Virtual Institute - Power to Gas and Heat” (EFRE-0400151)
by the “Operational Program for the promotion of investments in growth and employment for North
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